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RESUMO 

 

SANTOS, Iara Gonçalves dos, D.Sc., Universidade Federal de Viçosa, julho de 2021. 
Melhoramento de alfafa para cultivo nos trópicos: insights sobre a diversidade genética e 
persistência da produção. Orientador: Cosme Damião Cruz. 
 

Alfafa (Medicago sativa L.) é considerada a “rainha das forrageiras” e é essencial em rebanhos 

leiteiros altamente especializados. Alfafa tem potencial de ser cultivada em diferentes regiões 

edafoclimáticas mas seu cultivo ainda é limitado em regiões de clima tropical. Persistência de 

produção é um dos gargalos do melhoramento da cultura em regiões tropicais e por isso, todos 

os esforços para melhorar essa característica ajudarão a expandir o seu cultivo. Esse estudo 

objetivou investigar se o germoplasma de alfafa mantido pela Embrapa Pecuária Sudeste 

carrega diversidade genética para caracteres bromatológicos e agronômicos. O estudo também 

investigou a persistência de produção, qual a melhor forma de acessá-la e como selecionar 

acessos persistentes baseado em modelos de regressão aleatória e redes neurais artificiais 

(RNA). Para o estudo da diversidade genética, valores genéticos de 77 acessos de alfafa de 

background genético temperado avaliados em relação a nove características e em oito cortes 

foram obtidos para caracterizar a diversidade fenotípica. Marcadores microssatélites foram 

utilizados para acessar a diversidade molecular. As análises dos dados fenotípicos revelaram a 

presença de diversidade genética. A variabilidade detectada pelos dados fenotípicos e 

moleculares indicaram o potencial do germoplasma para geração de populações-base adaptadas 

a condições de clima tropical. Informações de produção de matéria seca tomadas em 24 cortes 

foram usadas para acessar a persistência dos acessos que compõe o germoplasma em estudo. 

Um modelo de regressão aleatória foi ajustado para construir curvas da trajetória dos acessos. 

As curvas ajustadas mostraram alta amplitude da produção de matéria seca ao longo do tempo, 

o que sugere alta variabilidade para persistência. O método de três etapas para acessar 

persistência apresentado nesse estudo envolveu (1) modelo de regressão aleatória para obtenção 

das trajetórias genéticas, (2) a utilização do método de agrupamento k-médias para definição 

de grupos de persistência e (3) a utilização de RNA para realizar a mesma classificação definida 

pelo método k-médias de forma automatizada. A vantagem desse método é que novos acessos 

de alfafa podem ser submetidos à mesma RNA. Basicamente, quando novos acessos forem 

avaliados, estes poderão ser classificados de acordo com seus valores genéticos utilizando a 

mesma RNA treinada anteriormente sem precisar submeter os escores a um novo agrupamento. 



 

 

O método de persistência salta de três para dois passos e pode ajudar melhoristas de alfafa no 

processo de tomada de decisão. 

 

Palavras-chave: Medicago sativa. Mapas auto-organizáveis. Modelos de regressão aleatória. 

Redes neurais artificiais. 

  



 

 

ABSTRACT 

 

SANTOS, Iara Gonçalves dos, D.Sc., Universidade Federal de Viçosa, July, 2021. Alfalfa 
breeding for cultivation in the tropics: insights on genetic diversity and yield persistence. 
Adviser: Cosme Damião Cruz. 
 

Alfalfa (Medicago sativa L.) is considered “the queen of forages” and plays a key role in highly 

specialized dairy herds. Alfalfa has the potential to be grown in different edaphoclimatic 

regions, though its cultivation in tropical regions is still limited. Because yield persistence is 

one of the bottlenecks of alfalfa breeding in tropical regions, efforts should be done to overcome 

this problem. This study aimed to investigate whether the alfalfa germplasm held by Embrapa 

Southeast Livestock has satisfactory genetic diversity regarding bromatological and agronomic 

traits. The investigation also looked into yield persistence, how to access it, and how to select 

persistent accessions based on random regression models and artificial neural networks (ANN). 

Best linear unbiased predictors (BLUPs) of nine traits of seventy-seven alfalfa accessions from 

a temperate genetic background evaluated in eight harvests were used to estimate the 

phenotypic diversity. Microsatellite markers assessed the molecular diversity. Phenotypic data 

analyses revealed the presence of genetic diversity. The genetic variability obtained by both 

phenotypic and molecular information indicated the potential of the germplasm for developing 

base populations adapted to tropical conditions. Dry matter yield taken from 24 cuttings was 

used to assess the persistence. A random regression model was used to build trajectory curves 

of the accessions. The fitted curves showed a great amplitude regarding dry matter yield over 

time, which suggested a high variability regarding persistence. The three-step method for 

accessing persistence presented in this study included (1) a random regression model to obtain 

persistence trends, (2) a k-means method to define different persistence clusters, as well as (3) 

an ANN to perform classification of persistent accessions in an automated way. The upside of 

this method is to evaluate different alfalfa accessions using the same ANN. Basically, when 

new accessions are evaluated, they will be classified according to their genetic value scores 

using the same ANN previously fitted, with no need for a new clustering step. The persistence 

method jumps down from three to two steps and can help alfalfa breeders in the decision-

making process. 

 

Keywords:  Medicago sativa. Self-organizing maps. Random regression models. Artificial 

neural network.   
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GENERAL INTRODUCTION 

 

Alfalfa (Medicago sativa L.), also known as the "queen of forages", is the most 

important and grown forage legume in the world (Bouton, 2012). It is an autotetraploid with 2n 

= 4x = 32, perennial, and is propagated by seeds. It presents self-incompatibility and self-

sterility, in addition to severe inbreeding depression (Kopp, 2011). Due to the high genetic 

complexity of the crop (Flajoulot et al., 2005), most of the developed varieties are synthetic 

populations with different levels of genetic diversity. 

The factors that guarantee its wide use are its high nutritional quality (~22 – 26% 

protein content, good palatability and digestibility, high levels of vitamins A, E, K, and minerals 

such as calcium, potassium, magnesium and phosphorus), high biomass production (the record 

yield of one alfalfa hectare is 22.4 tons), nitrogen fixation, and low seasonality (Bouton, 2012; 

Comeron et al., 2015). Compared to species such as corn, sugarcane, and elephantgrass, alfalfa 

forage has a much higher nutritional quality, which increases its importance for high-yield 

production systems. 

Alfalfa cultivars have been developed, during the crop’s long domestication, adapted 

to a wide range of climatic situations, from oases on the Sahara fringe to temperate zones. 

However, alfalfa cultivation has been more frequent in temperate climate regions, in part due 

to breeding efforts. The United States of America cultivated about 7.05 million alfalfa hectares 

in 2018, with a production of 57.8 million tons of dry matter (USDA, 2019). Other important 

producers are Canada and Argentina. In Brazil, alfalfa was first introduced in Rio Grande do 

Sul and currently occupies an area of about 40,000 hectares (Ferreira and Vilela, 2015). 

Although the crop has great potential for cultivation in regions with different soil and climate 

conditions, a large part of its production is concentrated in the southern region, especially in the 

States of Paraná and Rio Grande do Sul (Santos et al., 2018). 
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The factors that limit the use of alfalfa in Brazilian production systems include the lack 

of knowledge about management practices, low soil fertility, and the low availability of 

cultivars adapted to tropical conditions (Ferreira and Vilela, 2015). There are currently 10 

alfalfa cultivars registered in Brazil. They are: KF 911 and CUF 101, which are maintained by 

Fazendas Reunidas do Rio de Contas; Super Leitera, from Central Riograndense de 

Agroinsumos; Alfafa, from Agristar do Brasil; Monarca SP INTA, from Otimiza Consultoria e 

Gestão Rural Ltda; WL-325 HQ, WL-525 HQ, Trifecta, and Crioula, from Itapuã Indústria e 

Comércio de Produtos de Alfafa Ltda., and BRS Tropluz, from Embrapa (MAPA, 2019). 

Embrapa Livestock Southeast is currently focused on incorporating alfalfa into high-

yield milk production systems in Brazil. Embrapa's crop improvement has been possible thanks 

to a partnership with Argentina's National Institute of Agricultural Technology (INTA). Since 

1987, INTA has been conducting an alfalfa breeding program in partnership with private 

companies. The partnership agreement determines that INTA is responsible for selecting 

parents to compose synthetic populations whereas the partner company multiplies the seeds to 

sell them (Basigalup, 2016). The germplasm of Embrapa Livestock Southeast, provided by 

INTA, has been studied, aiming at the formation of new promising synthetic populations. This 

germplasm is composed of 77 accessions of alfalfa from a temperate genetic background that, 

once characterized and explored, can generate synthetic populations adapted to the tropical 

climate. 

The very first step to carrying out such a characterization is to study the genetic 

diversity based on traits related to the main objectives of the alfalfa breeding program. Once 

groups of similar accessions are identified, it is possible to choose different parents and outline 

the planning of crosses to compose promising synthetic populations. Cruz et al. (2011) stated 

that the importance of studies on genetic diversity for breeding, comes down to the fact that 
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crosses involving genetically different parents are more suitable to maintain genetic variability 

in advanced generations, which is especially important for alfalfa cultivation. 

Phenotypic (e.g., nutritional, physiological, morphological, and agronomic) and 

molecular data can be used to estimate a species’ genetic diversity. Despite the fact that 

phenotypic data is valuable for quantifying accession diversity, it contains measurement 

inaccuracies that affect the final information (Silva et al. 2018). Molecular markers such as 

microsatellites have been successfully used to characterize the genetic diversity of alfalfa 

(Annicchiarico et al. 2016; Herrmann et al., 2018; Julier et al. 2018). Molecular data combined 

with conventional phenotypic analysis delivers better diversity comprehension and also the 

prospect of getting promising populations. (Julier et al. 2018). 

When compared to biased phenotypic diversity estimates, DNA markers are a tool for 

characterizing and estimating genetic diversity neutrally. Microsatellites (SSRs) are widely 

adopted among the different types of markers because they have the advantage of being 

codominant, highly polymorphic, and easily replicated (Azevedo et al., 2012). Because of the 

alfalfa polyploidy, SSR markers are considered dominant in the pattern of presence or absence 

of the band when used in the crop. Although the presence and absence of assessment limits 

marker information, it can yield valuable information on allelic richness. 

After the assessment of phenotypic or molecular dissimilarities, the first step in 

guiding crosses in alfalfa would be to perform predictive analysis to evaluate genetic diversity, 

as the establishment of a synthetic population demands a considerable number of parents. 

Predictive techniques rely on all types of data (morphological, physiological, and molecular) 

that is usually subjected to a dissimilarity measure. Methods such as principal component 

analysis, canonical variables, hierarchical clustering, and optimization have been employed as 

an alternative for simultaneous accessions comparison, improving the accuracy of genetic 

diversity estimates. (Preisigke et al., 2015). Another very interesting approach is self-organizing 
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maps (SOM), a computational intelligence technique that allows people to visualize patterns 

and classify data based on distances established between them (Kohonen, 2014). 

Self-organizing maps are an unsupervised learning neural network that uses a 

competitive mechanism to recognize similarities between input patterns. The technique uses a 

specific activation function, such as the Euclidean distance, to preserve notions of distance 

(Nascimento et al., 2018). The learning process starts by assigning synaptic weights to different 

neurons, then a competitive process begins to determine which neuron is the winner. After this 

step, a cooperative process takes place in which the winning neuron sets the approach of other 

neurons. After the neighborhood has been created, the adaptation period starts, in which the 

synaptic weights are adjusted. After all iterations, the map is organized into a topological 

structure that reflects the closeness of the accessions under examination (Santos et al., 2019). 

It is feasible to integrate information from molecular and phenotypic groups to guide 

crossings between alfalfa accessions to compose new synthetic populations and enhance the 

odds of success in forage breeding programs. Among the objectives of alfalfa breeding, the 

nutritive value of the forage stands out. This parameter is determined by different attributes 

such as in vitro dry matter digestibility, considered the best individual criterion of forage 

nutritive value for ruminants (Wilkins, 2003). Tolerance to biotic and abiotic stresses it is also 

important, as well as dry matter yield, which will always be a key trait as production costs 

dissipate as yield increases. However, all the other traits have to be present in a persistent 

material. Persistence is one of the main factors affecting perennial crops over time. Persistence 

can be defined as the forage’s capacity to re-establish itself satisfactorily after one or more 

harvests (Jones and Tracy, 2017). 

The regrowth ability of forage species is reduced over time. Weeds typically invade 

crop areas shortly after harvest, reducing forage yield and nutritive value (Wilkins, 2003). This 

process is slower in areas with persistent plants, allowing for better use and a longer useful life 
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of the cultivated areas. Combining high persistence and high yield in alfalfa is not 

straightforward, especially if the forage is breed to produce silage or hay. According to Takasaki 

et al. (1989) forage species that develop a high proportion of tillers tend to have less persistence 

and retain fewer non-structural carbohydrates compared to species that have a low proportion. 

For all of the mentioned reasons, it is critical that alfalfa cultivars remain persistent to maintain 

yield across future harvests. 

In order to measure persistence in alfalfa, several harvests must be evaluated at 

different seasons of the year. From an appropriate statistical model, it is possible to model 

trajectory curves that characterize each accession. This type of multidimensional data (created 

by the continual evaluation of a trait throughout time) is called longitudinal (Fitzmaurice et al., 

2011; Resende et al., 2014). 

Some characteristics of longitudinal data or repeated measures over time are: the 

presence of positive correlation between different measurements taken in the same individual, 

which invalidates the important prerequisite of independence required by various statistical 

techniques, and heterogeneity of variances (Sun et al., 2017). According to Resende et al. 

(2014), there are three major approaches for repeated measures over time: (i) Analysis of 

Variance (ANOVA) of repeated measures (if the sphericity condition is met), (ii) covariance 

patterns in the multivariate matrix, and (iii) fitting curves or polynomial equations in 

quantitative variables. Among these options, (iii) have been extensively used to model growth 

patterns in plants and animals (Su et al., 2017; Rocha et al., 2018). 

Random regression models are used to predict the trajectories of observations taken 

over time. In other words, the trajectory or growth pattern is adjusted through covariance 

functions while also accessing the variation among trajectories. Some trajectories have a 

continuous pattern, whilst others seem to increase or decrease over time (Schaeffer, 2016). 
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Fitting random regression models in the context of yield persistence involves both 

fixed (years, harvests, etc) and random effects (genetic and permanent environment). The 

covariance function used to fit the trajectory of a genotype can adjust fixed (one function for 

each level of effect) and random effects (model order determined from testing different models). 

Then, the genetic trajectory and permanent environmental curves are adjusted for each 

genotype. The residual matrix is also incorporated in the mixed model equations, which 

indicates that the observations are weighted by the magnitude of the residual variance. The 

greater the residual variance, the lesser weight the equation estimates. As longitudinal data has 

particular characteristics regarding residuals, it is important to test different structures in order 

to improve the fit of random regression models. If residuals from harvests obtained in the same 

season of the year, or from harvests within the same year do not differ, then it is possible to 

adjust to a less parameterized model. The first step in adjusting a good random regression model 

to obtain persistence curves is to plot the data and understand its general trend, and test different 

models and structures before using it (Schaeffer, 2016). 
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RESUMO 
 
SANTOS, Iara Gonçalves dos, D.Sc., Universidade Federal de Viçosa, julho de 2021. 
Exploração da diversidade genética de alfafa no Brasil para produção tropical. Orientador: 
Cosme Damião Cruz.  
 
Alfafa (Medicago sativa L.) é uma leguminosa forrageira de grande interesse devido às suas 

características nutricionais que garantem alto retorno para os sistemas especializados de 

produção de leite. Apesar da alfafa apresentar potencial para cultivo em diferentes regiões 

edafoclimáticas, a produção da forrageira em regiões tropicais é limitada. Os objetivos desse 

estudo foram realizar a caracterização fenotípica e molecular do germoplasma de alfafa da 

Embrapa Pecuária Sudeste e identificar o potencial do germoplasma para gerar populações-

base adaptadas a regiões tropicais. Os valores genéticos de nove características de acessos de 

alfafa avaliadas em 77 acessos de background genético temperado foram obtidos para 

caracterizar a diversidade fenotípica. Marcadores microssatélite foram utilizados para acessar 

a diversidade molecular. Foi detectada variância nas informações fenotípicas pela análise de 

deviance para as características avaliadas. A correlação entre matrizes de dissimilaridade 

baseadas em valores genéticos e informações moleculares foi baixa. Baseado nas informações 

moleculares e fenotípicas, uma população-base promissora seria composta por Pro INTA 

Patricia, Pro INTA Super Monarca, Mecha, Magna 601, WL 525, ACA 900, Bacana, CUF 101, 

Crioula e Ruano. Esses acessos possuem pelo menos 50 parentais, apresentam alta produção de 

matéria seca além de alelos favoráveis para habilidade de rebrota, produtividade e persistência. 

A variabilidade genética observada para a maioria das características indica o alto potencial do 

germoplasma para o desenvolvimento de populações-base adaptadas ao clima tropical. Uma 

vez que populações sintéticas forem selecionadas, elas poderão integrar programas de 

melhoramento de alfafa em outras regiões tropicais no mundo. 

 

Palavras-chave: Mapas auto-organizáveis. SSR. BLUP. 
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ABSTRACT 
 
SANTOS, Iara Gonçalves dos, D.Sc., Universidade Federal de Viçosa, July, 2021. Exploring 
the Diversity of Alfalfa within Brazil for Tropical Production. Adviser: Cosme Damião 
Cruz. 
 

Alfalfa (Medicago sativa L.) is a forage legume of great interest because of its role in milk 

production schemes. Although it has the potential to be cultivated in different edaphoclimatic 

regions, the fodder production in tropical regions is limited. The objectives of this study were 

to perform phenotypic and molecular characterization of alfalfa germplasm and to identify the 

potential of the germplasm to generate base populations adapted to tropical conditions. The 

genetic values of nine traits from seventy-seven alfalfa accessions of a genetic background 

amenable to a temperate climate were obtained to characterize phenotypic diversity, and 

microsatellite markers were used to assess molecular diversity. Phenotypic information based 

on joint deviance analysis revealed the presence of genetic diversity. The correlation between 

the dissimilarity matrices of genetic values and molecular data was low. Based on phenotypic 

and molecular data, a great base population would be composed of Pro INTA Patricia, Pro 

INTA Super Monarca, Mecha, Magna 601, WL 525, ACA 900, Bacana, CUF 101, Crioula, and 

Ruano. These populations have at least 50 distinct parents, presented high dry matter yield, 

besides favorable alleles for regrowth ability, biomass yield, and persistence. The genetic 

variability observed for most traits indicates a high potential for the development of alfalfa base 

populations adapted to the tropical condition. Once adapted synthetic alfalfa populations are 

selected, they may be integrated into breeding programs in other tropical regions of the world. 

 

Keywords: Self-organizing maps. SSR. BLUP. 
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INTRODUCTION 
 

Alfalfa is a forage legume that produces a high yield and protein content. It is palatable 

and digestible and has a high capacity of nitrogen fixation in soil. In addition, it has low yield 

seasonality and high vitamin and mineral levels (Annicchiarico et al. 2015). These attributes 

guarantee the possibility of using this crop in specialized dairy herds, with excellent results for 

milk production (Comeron et al. 2015). 

In intensive milk production systems, using alfalfa as part of animal feed reduces 

production costs (Ferreira et al. 2008). In Brazil, most of the alfalfa production is concentrated 

in the South Region, especially in the states of Paraná and Rio Grande do Sul (Santos et al. 

2018). However, there is great potential for cultivation in regions with different soil and climatic 

conditions. Alfalfa production in Brazil is limited by the low availability of cultivars adapted 

to tropical conditions (Ferreira and Vilela 2015). 

Cultivated alfalfa is autotetraploid with 2n = 4x = 32, it is perennial, propagated by 

seeds, and exhibits autoincompatibility and autosterility, along with a severe inbreeding 

depression (Kopp 2011). Due to the large genetic complexity of the crop (Flajoulot et al. 2005), 

most cultivated varieties are synthetic populations with different levels of genetic diversity. 

Currently, Embrapa Southeast Livestock maintains research related to the incorporation 

of alfalfa in dairy production systems. Seventy-seven accessions have been characterized, 

aiming for the formation of promising synthetic populations. It can be considered that the only 

cultivar well adapted to Brazilian climatic conditions is the Crioula (Ferreira and Vilela 2015). 

It is worth mentioning that there is low genetic progress reported for the crop, especially for 

fodder quality (Annicchiarico et al. 2015; Biazzi et al. 2017). Therefore, quantifying the genetic 

diversity of this germplasm is fundamental to guiding and accelerating the actions of the alfalfa 

breeding program. 
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The genetic diversity of the species can be based on phenotypic data (e.g., nutritive value 

in addition to physiological, morphological, and agronomic traits) and molecular data (e.g., 

single nucleotide polymorphisms and single sequence repeats), among other characteristics. 

Although the phenotypic data offer valuable contributions for quantifying the diversity between 

accessions, they carry measurement errors that influence the final information (Silva et al. 

2017). This fact does not reduce the importance of having phenotypic information. Some small 

institutions have only phenotypic information due to the costs of obtaining molecular data. 

Molecular markers, such as microsatellites, have been successfully used to characterize the 

genetic diversity of alfalfa (Annicchiarico et al. 2016; Herrmann et al. 2018; Julier et al. 2018).  

Molecular information combined with conventional phenotypic analysis increases the 

understanding of alfalfa diversity and the chances of obtaining promising populations (Julier et 

al. 2018). Flajoulot et al. (2005) identified high diversity in an alfalfa breeding pool using 

phenotypic and molecular information. However, considering the traits of interest, this pool 

would not be able to generate a large variety differentiation. Annicchiarico et al. (2017) 

highlighted the importance of combining phenotypic and molecular information. In their study, 

among-population variance was over eightfold smaller than the within-population variance 

indicating of modest genetic differentiation between populations even for geographically 

distant alfalfa germplasm. Even though investigating genetic diversity of alfalfa germplasm is 

common in temperate regions, there is a lack of information on the performance and genetic 

diversity of alfalfa germplasm in Brazilian climatic conditions. 

Self-organizing maps (SOM) have shown to be efficient in capturing genetic diversity 

in populations under genetic drift, inbreeding, selection, and migration (Oliveira et al. 2020) 

and can be useful to map genetic diversity of alfalfa accessions. Regardless of the kind of data 

(phenotypic or molecular) they are useful for visualizing patterns. SOMs are a class of two-

dimensional artificial neural networks that organize data, preserving neighborhood notions 
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through the adoption of a specific activation function, such as Euclidian distance (Kohonen 

2014). Briefly, SOM learning is achieved in three states. Firstly, synaptic weights are attributed 

to different neurons, and then a competition process begins. The set of genetic values of each 

accession is allocated to the neuron that best represents it (this neuron is called "winner"). 

Secondly, the cooperation stage begins. The winning neuron determines the approximation of 

the other neurons in the order of proximity. Finally, the neurons that establish their 

neighborhood proceed to the adaptation phase, where there is a weight adjustment. After all 

iterations, the map is organized in a topological structure that reflects the proximity among 

populations under study (Santos et al. 2019). 

The objectives of this study were (i) to perform phenotypic and molecular 

characterization of an alfalfa germplasm, (ii) to examine the relationship between dissimilarity-

based phenotypic and molecular information and (iii) identify the potential of the germplasm 

to generate base populations adapted to the tropical condition. 

 

MATERIALS AND METHODS 

Experimental information. Seventy-seven alfalfa accessions of a temperate genetic 

background were evaluated in eight different cuttings, and each was analyzed in different 

months from 2015 to 2017 [11/12/2015, 02/03/2016, 05/09/2016, 08/12/2016, 11/28/2016, 

02/14/2017, 05/26/2017, 08/28/2017]. The accessions constitute synthetic populations 

developed by the National Agricultural Technology Institute (INTA) and evaluated by Embrapa 

Southeast Livestock (Table S1). Since 1987, INTA has been conducting an alfalfa breeding 

program in partnership with private companies. During the process INTA is responsible for 

selection of parents for the formation of synthetic populations while partner company multiplies 

the seeds and markets them (Basigalup 2016). The parents of the populations that compose this 

germplasm were selected duo to their persistence besides resistance to the main alfalfa pests 
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and diseases. The experiment was performed at the experimental field of Embrapa Southeast 

Livestock, located in the municipality of São Carlos, São Paulo, Brazil [21° 57'42 "S, 47° 50'28" 

W, 860 m].  

The experiment was carried out in randomized complete blocks with three replicates. 

The plots consisted of four rows of four meters in length spaced 0.20 m apart, and the useful 

area corresponded to the two central rows, eliminating 0.50 m at the ends of the lines. Sowing 

was performed on October 2015 using a seeding rate of 20 kg ha-1. Seeds of the accessions were 

inoculated with strains of Rhizobium melilotti - SEMIA 116. After each cutting, the plants 

received cover fertilization according to the soil analysis. The irrigation management was 

performed by a central pivot system, according to Rassini (2002). Cultural management 

procedures for pests and diseases were carried out according to Ferreira et al. (2008). 

Phenotypic data. Nine traits related to nutritive value and forage yield were phenotypically 

characterized. The traits were selected based on the list of alfalfa descriptors for cultivar 

registration in Brazil (MAPA 2019). Agronomic traits included the following: plant height (Ht, 

in cm), measured from the ground to the top of the inflorescence in the day of harvest; dry 

matter yield (DMY, in kg ha-1), obtained by manually cutting the plants at eight to 10 cm above 

ground when each cultivar reached the flowering stage; and disease score (DS), determined by 

values from 0 to 3 (0 - high incidence; 1 - medium incidence; 2 - low incidence; 3 - no disease), 

according to the percentage of leaf area attacked by Leptosphaerulina briosiana; Cercospora 

medicaginis; Phoma medicaginis; Leptotrochila medicaginis, and Uromyces striatus in each 

plot, according to Vasconcelos et al. (2010).   

The samples that were used to determine the nutritive value traits were collected before 

each cut, air-dried at 65°C, and then they were ground through a 1 mm sieve. The micro-Kjedahl 

method was used to determine the nitrogen content. Crude protein content (CP, in %) was 

calculated by multiplying the nitrogen content by 6.25 (CP = N x 2.25). Neutral detergent fiber 



27 

 

 

(NDF, in %), acid detergent fiber (ADF, in %), lignin (L, in %), and in vitro dry matter 

digestibility (IVDMD, in %) were quantified according to the methods of Van Soest et al. 

(1963) and Goering and Van Soest (1970). Stem/leaf ratio (SLR, in %) was calculated by 

determining the ratio between the number of stems and leaves collected in each accession. 

Molecular data. New and healthy leaves were collected in each genotype block to compose a 

sample of each accession. Each sample was collected in the field and immediately immersed in 

liquid nitrogen. DNA extraction was performed according to the CTAB 

(cetyltrimethylammonium bromide) protocol modified by Doyle & Doyle (1987). 

Quantification of the extracted DNA was checked in a NanoDrop® ND-1000 

Spectrophotometer, and the concentration of each DNA sample was obtained in μg/μL. The 

samples were diluted to 10 μg/μL concentration in Milli-Q water and stored in a freezer at -

20°C for use in subsequent polymerase chain reaction (PCR) experiments. DNA quality was 

checked in agarose gel (1%) stained with ethidium bromide.  

Twenty-nine microsatellite (SSR) markers previously described in the literature were 

selected (Table 1) and the PCR protocol consisted of 30 ng of DNA, 10 μL of “5X PCR reaction 

buffer” and 1.25 U of Taq DNA Polymerase enzyme (both supplied by Promega), 10 mM 

dNTP, and 20 pmol of each primer, with a final reaction volume of 20 μL. Polymerase chain 

reactions were performed on a thermocycler with initial denaturation step at 94°C (5 min), 35 

cycles of 94°C (1 min), primer pair specific annealing temperatures of 60 or 55°C (1 min), and 

72°C (1 min), and a final extension cycle at 72°C (7 min). Amplification products stained with 

ethidium bromide were separated on a 3% agarose gel with electrophoresis using a current of 

100 V for one hour to separate fragments. Gels were analyzed in a Gel Doc ™ XR + (Bio-Rad) 

photodocumentation system. Successfully amplified PCR products were run on 6% denaturing 

polyacrylamide gel and stained with silver nitrate solution, according to Creste et al. (2001). 
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The alleles were visualized on a white light table, and their size was estimated in comparison 

to the 10 bp ladder (Invitrogen) (Figure 1). 

 
Table 1. SSR markers selected in the literature. 

SSR References GLa References QTLb,c References 

aa660573 Eujayl et al., 2003; Sledge et al., 2005 4 Robins et al., 2007a Y, H, R Robins et al., 2007b 
al372288 Eujayl et al., 2003; Sledge et al., 2005 7 Robins et al., 2007a Y, H, P Robins et al., 2007b; 

Robins et al., 2008 
al373004 Eujayl et al., 2003; Sledge et al., 2005 7 Robins et al., 2007a B, P Robins et al., 2007a; 

Robins et al., 2008 
aw686836 Eujayl et al. 2003; Sledge et al., 2005 5 Robins et al., 2007a B Robins et al., 2007a 
aw695900 Eujayl et al. 2003; Sledge et al., 2005 5 Robins et al., 2007a B Robins et al., 2007a 
aw775062 Eujayl et al. 2003; Sledge et al., 2005 5 Robins et al., 2007a B Robins et al., 2007a 
bf648174 Eujayl et al. 2003; Sledge et al., 2005 7 Robins et al., 2007a Y, H Robins et al., 2007b 

bg449206 Eujayl et al. 2003; Sledge et al., 2005 5 Robins et al., 2007a B Robins et al., 2007a 
bg645450 Eujayl et al., 2003; Sledge et al., 2005 7 Robins et al., 2007a P Robins et al., 2008 
MTR58 Julier et al., 2003; Odorizzi et al., 2015 1 Julier et al., 2003 - - 
B21E13 Julier et al., 2003; Odorizzi et al., 2015 2 Julier et al., 2003 - - 
MTIC103 Julier et al., 2003; Odorizzi et al., 2015 8 Julier et al., 2003 - - 
MTIC210 Julier et al., 2003; Odorizzi et al., 2015 2 Julier et al., 2003 - - 
MTIC247 Julier et al., 2003; Odorizzi et al., 2015 1 Julier et al., 2003 - - 

MTIC451 Julier et al., 2003; Flajoulot et al., 2005; 
Grandon et al., 2013 

2 Julier et al., 2003 - - 

B14B03 Julier et al., 2003; Flajoulot et al., 2005; 
Grandon et al., 2013 

5 Julier et al., 2003 - - 

MTIC432 Julier et al., 2003; Flajoulot et al., 2005; 
Grandon et al., 2013 

7 Julier et al., 2003 - - 

MTLEC2A Diwan et al., 1997; Grandon et al., 2013 3 Diwan et al., 1997 - - 
AFct32 Diwan et al., 1997; Grandon et al., 2013 3 Diwan et al., 1997 - - 

AFca11 Diwan et al., 1997; Grandon et al., 2013 6 Diwan et al., 1997 - - 

be126 Qiang et al., 2015 4 Li et al. 2011; Narasimhamoorthy 
et al. 2007; Sledge et al. 2005 

- - 

aw267840 Qiang et al., 2015 4 Li et al. 2011; Narasimhamoorthy 
et al. 2007; Sledge et al. 2005 

- - 

aa05 Qiang et al., 2015 5 Li et al. 2011; Narasimhamoorthy 
et al. 2007; Sledge et al. 2005 

- - 

aw01 Qiang et al., 2015 6 Li et al. 2011; Narasimhamoorthy 
et al. 2007; Sledge et al. 2005 

- - 

bg288 Qiang et al., 2015 7 Li et al. 2011; Narasimhamoorthy 
et al. 2007; Sledge et al. 2005 

- - 

mtic188 Qiang et al., 2015 8 Li et al. 2011; Narasimhamoorthy 
et al. 2007; Sledge et al. 2005 

- - 

MTIC299 Julier et al., 2003; Flajoulot et al., 2005 8 Julier et al., 2003 - - 
MTIC189 Julier et al., 2003; Flajoulot et al., 2005 3 Julier et al., 2003 - - 
MTIC93 Julier et al., 2003; Flajoulot et al., 2005 6 Julier et al., 2003 - - 

a Linkage group; b Quantitative Trait Loci; c Y is yield, H is height, R is regrowth ability, B is 
biomass yield, and P is persistence. 
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Figure 1. Microsatellite amplification profile of markers bg645450, MTR58, B21E13, 
MTIC247, MTIC451, MTLEC2A, AFct32, AFca11 in 6% polyacrylamide gels. Individuals 1 
to 4 are indicated. M = 10 pb ladder (Invitrogen). 

 

Statistical Model. Phenotypic data were analyzed using the mixed model as follows: y = Xm + Zg + Wp + Ti + ε 

where y is the vector of phenotypic data, m is the vector of fixed effects of the cutting-

replication combination added to the overall mean, g is the random vector of genetic effects 

with g~N(0, σg2), p is the random vector of permanent environment (plots), i is the vector of 

the genotype x measurement effects with i~N(0, σi2), and ε is the vector of random residuals 

with ε~N(0, 𝜎2). X, Z, W and T are the incidence matrices for the described effects.  
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The random effects were tested by a Likelihood Ratio Test (LRT) at 5% probability. 

The adjusted means for each trait considering each accession were obtained via Best Linear 

Unbiased Predictor (BLUP), and the variance components were estimated via Residual 

Maximum Likelihood (REML). The analyses of mixed models were performed using the 

software Selegen REML/BLUP (Resende 2016). Genotypic correlation between pairs of traits 

was estimated based on the Pearson’s correlation coefficient for the genetic values, which 

correspond to the BLUPs, using the R package PerformanceAnalitics (R Core Team 2017). 

Genetic and Molecular Diversity Measurements. To quantify genetic diversity, the 

dissimilarity matrix was calculated by the BLUPs Average Euclidean distance, using the 

software Selegen-REML/BLUP (Resende 2016). Molecular diversity analysis began with 

filtering of the SSRs by considering a minimum band presence of 5% and a call rate less than 

95%. The dissimilarity matrix was obtained by the software Genes (Cruz 2013), using the 

arithmetic complement of the Jaccard index, applied to binary patterns of multicategorical 

variables with variable class numbers, as follows: 

dii′ = 1v ∑ (b + c)(a + b + c) 

where dii’ is the dissimilarity value obtained for the marker pair i and i’, a is the number of 

coincidences of type 1-1 for each marker pair, b is the number of disagreements of type 1-0 for 

each marker pair, and c is the number of disagreements of type 0-1 for each marker pair. 

To visualize the diversity of accessions, SOMs were constructed, using the genetic 

values of the accessions as the inputs in this analysis. No outputs were stipulated a priori 

because creating a SOM is an unsupervised technique. The maps were designed in a 10 by 10 

arrangement, which represents a map of 10 lines of 10 neurons each, with hexagonal topology 

and 5000 iterations. To ensure clustering consistency and repeatability, 10 independent 

replicates of the maps were constructed using the software MATLAB (MATLAB 2010) 

integrated with the software Genes (Cruz 2016). 
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RESULTS 

Phenotypic Data. The LRT detected significant differences (p <0.01) among genotypic effects 

for the accessions in all traits, except for in vitro dry matter digestibility and acid detergent fiber 

(table 2). The accessions x-cuttings interaction demonstrated significant effects (p <0.01) for 

plant height, dry matter yield, stem/leaf ratio, crude protein, and neutral detergent fiber.  

 

Table 2. Combined deviance analysis for eight alfalfa cuttings regarding plant height - Ht (cm), 

dry matter yield - DMY (kg.ha-1), disease score - DS (%), stem / leaf ratio - SLR (%), lignin - 

L (%), crude protein - CP (%), in vitro dry matter digestibility - IVDMD (%), neutral detergent 

fiber - NDF (%) and, acid detergent fiber - ADF (%). 

Traits 
Effects 

Accessionsa Accessions x-Cuttingsb  
Ht 111.2** 155.09**  
DMY 42.58** 33.18**  
DS 36.15** 0.28ns  
SLR 11.77** 14.58**  
L 26.63** 0.15ns  
CP 47.02** 26.65**  
IVDMD 2.41ns 0.39ns  
NDF 18.23** 8.45**  
ADF 3.76ns 3ns  

aLikelihood ratio test using the chi-squared test with one degree of freedom, reduced model 
without accession effect. bLikelihood ratio test using the chi-squared test with one degree of 
freedom, reduced model without accessions x-cuttings effect. **, *Significant according to a chi-
squared test at the 0.01 and 0.05 probability level, respectively. nsNot significant at the 0.05 
probability level by the chi-squared test. 
 

The correlations among nutritive value traits were significant according to a t-test 

(p<0.05), with the exception of some correlations involving lignin, such as the correlation 

between lignin and crude protein (0.060), lignin and in vitro dry matter digestibility (0.016), 

and lignin and stem/leaf ratio (0.022) (Figure 2). All correlations involving the agronomic traits 

were significant. In addition, the correlations involving crude protein or in vitro dry matter 

digestibility and any agronomic traits had high and negative values. 
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Figure 2. Genotypic correlations between alfalfa traits. Above the main diagonal are the 

correlation values between pairs of traits; the size of the numbers in the figure is proportional 

to the value of the correlation. Below the main diagonal is the correlation direction (positive or 

negative) between the corresponding pairs of traits. Plant height - Ht, dry matter yield - DMY, 

disease score - DS, stem / leaf ratio - SLR, lignin - L, crude protein - CP, in vitro dry matter 

digestibility - IVDMD, neutral detergent fiber - NDF and, acid detergent fiber - ADF. *, ** and 

***, significant according to a t-test at the 0.001, 0.01 and 0.05 probability level, respectively. 

 

Molecular Data. After conducting quality control, 10 of the 15 markers that successfully 

amplified their targets were selected (Table 3). Due to alfalfa polyploidy, SSR were evaluated 

as dominant markers in a pattern of presence and absence; thus, a total of 54 alleles were 

evaluated. Of the selected markers, two were monomorphic, and the others were polymorphic. 
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The mtic 189 and mtic 451 markers exhibited the highest allele numbers, with a total of 10 for 

each. 

 

Table 3. SSRs used to determine the genetic diversity of alfalfa accessions 

SSR name Primers sequences (5' - 3') 
Linkage 

group 

Annealing 
temperature 

(°C) 

Number 
of alleles 
per locus 

al373004 
forward CAACCAACTCAATGCCACTC 

7 60 1 
reverse ACTTTGGAGCCATCATCACA 

aw686836 
forward TTTTATTTGTGGTCATTAGCCTCT 

5 60 2 
reverse GAAACCAAGATCCCCACACA 

aw695900 
forward GCAACCATCTAAACCCAACAA 

5 60 1 
reverse AGGCTAATCGACGGGAAAAT 

MTR58 
forward GAAGTGGAAATGGGAAACC 

1 55 9 
reverse GAGTGAGTGAGTGTAAGAGTGC 

B21E13 
forward GCCGATGGTACTAATGTAGG 

2 55 7 
reverse AAATCTTGCTTGCTTCTCAG 

MTIC451 
forward GGACAAAATTGGAAGAAAAA 

2 55 10 
reverse AATTACGTTTGTTTGGATGC 

MTLEC2A 
forward CGGAAAGATTCTTGAATAGATG 

3 55 3 
reverse TGGTTCGCTGTTCTCATG 

AFca11 
forward CTTGAGGGAACTATTGTTGAGT 

6 55 5 
reverse AACGTTTCCCAAAACATACTT 

aw01 
forward ACCTGTTCTAAGGGAGATTTCG 

6 55 6 
reverse CAGGGGAAGCATACAAAACC 

MTIC189 
forward CAAACCCTTTTCAATTTCAACC 

3 55 10 
reverse ATGTTGGTGGATCCTTCTGC 

 

The markers al373004, aw686836 and aw695900, known to be in regions of 

Quantitative Trait Loci (QTL) for dry matter yield and persistence (Robins et al. 2007a; Robins 

et al. 2008), were identified in all accessions. One allele was identified for the marker al373004, 

two for the marker aw686836, and one for the marker aw695900. The accessions with the 

highest number of different alleles were Activa, CUF 101, Don Enrique, LPS 8500, Prointa 

Patrícia 1, Verdor and Crioula, with three alleles each. 
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Genetic Diversity. The 10 SOMs, which were generated by genetic values, were used to 

organize the accessions into 11 clusters. As the organization of accessions was the same in all 

10 maps, only one is shown here (Figure 3). Clusters G1 and G2 exhibited the highest averages 

for dry matter yield, while clusters G5, G6, and G7 were characterized by the smallest means 

for this trait (Table 4). Although the nutritive value traits had few variations, there was an 

observed tendency of maps to group the accessions according to correlations. Considering the 

crude protein trait, the clusters of higher means for this trait were those with the lowest dry 

matter yield. Considering the traits stem/leaf ratio, neutral detergent fiber, and acid detergent 

fiber, those groups of higher averages for dry matter yield concentrated the highest means for 

these traits.  

 

Figure 3. Self-organizing map for the phenotypic data. Accessions belonging to the same 

group were identified using equal colors on the map. Numbers on x- and y-axis represent the 

neurons of the 10 × 10 topology. G1, G2, G3, G4, G5, G6, G7, G8, G9, G10, and G11, 

corresponding to group 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, and 11, respectively. 
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Table 4. Means of the genotypic values for the plant height - Ht (cm), dry matter yield - DMY (kg ha-1), disease score - DS (%), stem / leaf ratio - 

SLR (%), lignin - L (%), crude protein - CP (%), in vitro dry matter digestibility - IVDMD (%), neutral detergent fiber - NDF (%), and acid 

detergent fiber - ADF (%), of alfalfa accessions in different clusters. 

Traits 
Cluster 

1 2 3 4 5 6 7 8 9 10 11 

Ht 50.05 50.30 47.50 43.96 39.27 39.38 35.09 47.90 46.72 45.97 43.00 
DMY 2030.54 1988.59 1844.82 1784.58 1649.15 1576.19 1485.44 1864.72 1825.89 1753.39 1711.93 
DS 2.35 2.33 2.29 2.29 2.29 2.34 2.26 2.30 2.32 2.32 2.31 
SLR 0.65 0.68 0.64 0.62 0.58 0.58 0.54 0.64 0.63 0.62 0.64 
L 7.27 7.27 7.27 7.27 7.27 7.27 7.27 7.27 7.27 7.27 7.28 
CP 26.85 26.60 27.31 27.83 29.07 28.91 29.23 27.26 27.68 27.46 27.96 
IVDMD 69.61 69.54 69.87 70.09 70.05 70.61 70.72 69.82 69.89 69.87 69.98 
NDF 42.95 42.93 42.92 42.91 42.85 42.78 42.76 42.93 42.94 42.89 42.93 
ADF 30.86 30.88 30.68 30.57 30.63 30.29 29.73 30.66 30.56 30.55 30.46 



36 

 

 

Similar to the genotypic maps, the organization obtained for all 10 maps was the same 

in the molecular maps. The accessions were organized in four clusters, according to the 54 SSRs 

(Figure 4). Sixty-eight of the 77 accessions were in group G3 of the molecular diversity map. 

Some cultivars such as Monarca SP INTA, Mecca, Sequel, and Condor are parents of several 

accessions clustered in this group. 

 

 

Figure 4. Self-organizing map for the SSR data. Accessions belonging to the same group were 

identified using equal colors on the map. Numbers on x- and y-axis represent the neurons of the 

10 × 10 topology. G1, G2, G3, and G4 corresponding to group 1, 2, 3, and 4, respectively. 

 

DISCUSSION 

The results obtained by the LRT indicate the presence of genetic variability among the 

alfalfa accessions. The genotypes ×-cuttings interactions considering disease score, lignin, in 

vitro dry matter digestibility, and acid detergent fiber, were not significative (Figures S1). This 

result indicates that selection for these traits can be made at any time along alfalfa cuttings. The 
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significance of the genotype ×-cuttings interaction to traits such as dry matter yield is commonly 

observed in forage species (Rocha et al. 2016; Fernandes et al. 2017) and suggests that the 

selection needs to be performed more carefully, since that the interaction may influence the 

genotypic response.  

The ability of alfalfa to better adapt to tropical conditions can be first evaluated by a 

higher productivity reached by the crop along the different cuts. The cultivar Crioula, which is 

currently the most cultivated in Brazil, has an annual production of approximately 14 to 22 t 

ha-1 (Ferreira and Vilela 2015). Considering the importance of productivity and the significance 

of the accessions by cuttings interaction, it can be affirmed that the most efficient method of 

alfalfa selection is through the joint evaluation of cuts made over time and not through isolated 

information alone.  

However, in addition to knowledge regarding yield, characterizing the alfalfa 

germplasm requires the study of the accessions’ nutritive values, which is one of the main 

objectives of forage breeding programs (Jones and Tracy 2017; Wilkins 2003). Rassini et al. 

(2007) suggest optimal nutritive values in alfalfa that agree with the values found in the 

evaluated germplasm (Table 4). Limited alfalfa yield in tropical regions is directly related to 

the lack of well-adapted cultivars. Problems related to salt and heat tolerance, persistence, 

insect, and nematode resistance are major challenges to be overcome in tropical climate regions. 

The first step to achieve this adaptation is to use the right breeding strategies. Therefore, the 

choice of promising germplasm to compose base populations is critical. 

In molecular analyses for tetraploid alfalfa with codominant markers, genotypic 

information is commonly transformed into allele information of absence or presence (Flajoulot 

et al. 2005). Although SSR information is reduced, information on the species' allelic richness 

can be revealed (Azevedo et al. 2012). Even though there are few SSR markers, compared to 

SNPs, they can highly discriminate among alfalfa accessions. This fact was verified by 



38 

 

 

Annicchiarico et al. (2016), who compared the genetic diversity of alfalfa cultivars by means 

of SNPs, SSR, and morphophysiological data. The authors concluded that molecular 

characterization is less challenging than morphophysiological characterization and that this 

could complement the differentiation of alfalfa cultivars. 

The organization of genetic diversity in the map of the BLUPs supported the results 

describing the correlations between traits. For example, accessions of higher dry matter yields 

(Figure S2) were found in higher concentration in groups whose crude protein averages were 

the lowest (Table 4). In addition, the map was able to separate the accessions with the highest 

yield in its lower portion, the least-yielded ones in the median portion, and those of mean yield 

in the upper portion. Although poorly explored in plant breeding, SOMs have proven to be quite 

effective in organizing genetic diversity. Santos et al. (2019) had a great result using SOMs to 

organize the genetic diversity of rice genotypes. 

Due to the presence of a complex genomic structure, severe inbreeding depression, and 

cross-pollination (Nagl et al. 2011), the correct choice of parents for alfalfa poly-crossing is 

fundamental for the genetic progress of the crop. The organization of the genetic diversity of 

the accessions revealed important information in defining breeding strategies for alfalfa tropical 

production. To compose crosses that will form synthetic populations of high dry matter yield, 

for example, the choice of accessions of high yield belonging to different groups in the lower 

portion of the map of BLUPs could be prioritized. 

The SOM based on SSR markers was also faithful to the information of the molecular 

analysis. The accessions that presented the highest concentrations of favorable alleles for 

persistence and dry matter yield were organized in the same group. The accession Prointa 

Patrícia, which was in G4 in the molecular map, was originated from CW4496 population in 

addition to individuals from unknown populations that present high persistence (Table S1). The 

parent’s selection to develop this accession resulted from recurrent selection for resistance to 
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Phytophothora megasperma (INTA 2019). The Trinidad 87 accession, located in the same 

molecular group of Prointa Patricia, also belonged to the same group in the map of the BLUPs. 

This accession is probably also the result of a selection for persistence, a fact that demonstrates 

the important linkage between phenotypic and molecular information to decision making in 

plant breeding programs. 

The map based on molecular information reduced the number of groups compared to 

the genetic map, but this does not invalidate the results. Once the genetic constitution of the 

accessions is known, it is easy to understand the causes that led to this reduced quantity. Many 

accessions have a close genetic background, as they can share the same parents. The accession 

Mecca, for example, participated in the crosses that gave rise to ACA 900, Activa, DK 194, 

Gapp 969, Prointa Carmina, and Prointa Super Monarca. ACA 900 was a part of the crosses 

that originated DK 194. Condor is a parent of Activa, DK 166, and Prointa Mora, and so on 

(Table S1). 

Clusters obtained using SOM do not have the same interpretation as clusters from 

conventional techniques, such as Tocher clustering, for example. Certainly, using the data in a 

Tocher clustering would lead to more groups. However, the relationships among accessions 

would be underestimated since only linear relationships would be observed. Using SOM 

enables more than a simple subdivision into groups but allows understanding of the proximity 

and organization of a set of genetic materials. In the SOM of molecular information, cluster 

reduction does not mean low genetic diversity, but that many accessions share the same 

information. It is perfectly acceptable, for example, that accessions located at the borders in a 

large cluster to be used for the formation of one same alfalfa base population. 

In addition, discrepancies between molecular and genetic diversity have been reported 

by other authors for sorghum (Silva et al. 2017), wheat (Soriano et al. 2016), or white clover 

(Annicchiarico and Carelli 2014). Although Herrmann et al. (2018) found similarities between 
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the molecular and morphological diversity of alfalfa cultivars, large discrepancies were also 

observed. While the morphological traits were able to clearly separate cultivar groups belonging 

to different geographical regions, the molecular markers did not return a clear division structure. 

Herrmann et al. (2018) suggests that low correlation values can be explained by the fact that 

the markers extract a neutral or non-adaptive diversity and that the phenotypic diversity 

represents a selected natural or artificial diversity. 

Studying genetic diversity is critical in breeding programs. By identifying more similar 

clusters of accessions, it is possible to guide the use of different parents and to plan crossings 

to generate promising synthetic populations. According to Cruz et al. (2011), the importance of 

genetic diversity studies for plant breeding comes down to the fact that crosses involving 

genetically different parents are better able to maintain genetic variability in advanced 

generations. This variability is especially important for alfalfa that has a high sensitivity to 

inbreeding (Kopp 2011). 

Based on the analysis of phenotypic and molecular data, and the accession’s 

performance over the years (Table S2), a great base population would be composed of ProINTA 

Patricia, Pro INTA SuperMonarca, Mecha, Magna 601, WL 525, ACA 900, Bacana, CUF 101, 

Crioula, and Ruano. These populations have at least 50 distinct parents, presented high DMY, 

besides favorable alleles for regrowth ability, biomass yield, and persistence. 

Alfalfa has great potential to occupy new Brazilian areas. However, since the available 

accessions have origins in a temperate climate, adaptation and cultivar development in a tropical 

climate requires controlled breeding actions. Annicchiarico et al. (2016) argue that independent 

information generated from molecular and phenotypic data may enhance the distinguishability 

of alfalfa cultivars. For this distinction to be truly effective, the pooling of molecular and 

phenotypic information is of fundamental relevance at the beginning of the breeding program. 

The genetic variability observed in this study for the great majority of the traits indicates the 
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high potential for development of alfalfa cultivars of high yield and high nutritive value. Using 

the approaches introduced here, breeders will be able to select accessions based on molecular 

and genotypic maps for the formation of promising base populations adapted to tropical 

conditions. Once adapted alfalfa synthetic populations are selected, these may be integrated into 

breeding programs in other tropical regions of the world. 
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SUPPLEMENTARY INFORMATION 

 

Table S1. Description of the genetic materials that originated some evaluated accessions. As 

more materials participate in the crosses as broader is the accession genetic base. Accessions 

that have more than 10 parents are considered of broad genetic base. The parents that compose 

the crosses were chosen based on yield and resistance to pests and diseases. The parents had 

evaluated in alfalfa breeding programs in Argentina and in the United States for more than 20 

years. 

Accession Genetic Origin Adaptation 

1 5681 
Ancher (34%) Meteor (16%) Cuf01 (6%) 555 (6%) Mercury 
(3%), 524. 526. 5331. 5432. Apollo, NCMP10 

Central Argentina 

2 ACA 900 
CW2820 (16%) DK189 (14%) CW2818, CW2817, Mecca, 
Express UC332, UC176, UC196, UC226, UC276, UC296, 
UC222, UC263, UC189, UC231, UC195 

Northern Argentina, 
Santa Fé, and Córdoba 

3 ACA 901 UC332, SW9212, SW8210 Argentina 

4 Activa 

VS448 (17%), CW2820 (14%), Mecca (12%), DK189 (10%), 
Condor (8%), UC332 (6%), CW2815 (5%), CW2817 (5%), 
VS446 (3%), Armona (3%), Sundor (3%), Express (2%), 
DK187 (2%), UC176 (2%), UC196 (2%), UC222 (2%), 
UC236 (2%), UC276 (2%) 

Argentina 

5 Bacana Beacon (305), DK189 (30%), Coronado (20%), Zaino (20%) Argentina 
6 Bacana 1  Argentina 
7 Bar  Pal 5  Argentina 
8 Bar Pal 10  Argentina 
9 Baralfa 85 CA G, WI457, WI514, Cuf101 Argentina 

10 
Barbara SP 
INTA 

Monarca SP INTA (25%), WL516 (25%), Armona (25%), 
C/W331 (25%) 

Pampas Argentinos 

11 California 50  Southern Califórnia, 
Southest Arizona 

12 CUF 101 
UC Cargo (55%), UC Salton (1%), UC76 (22%), 1972 
Breeding Mixture (20%), Niagara N71 (2%) 

Southern Califórnia, 
Southest Arizona 

13 CW 1010  Argentina 
14 CW 194  Argentina 

15 CW 620 
SPS6550 (11%), DK166 (8%), Express (7%), N650 (6%), 
Archer (2%), AlfaStar (2%), Bighorn (1%), Cal/West Seeds 
(63%) 

Argentina 

16 CW 830 
Alfa200 (9%), Monarca SPI (9%), DK189, Weston (3%), 
WL525HQ (1%), Cal/West Seeds (69%) 

Argentina 

17 Diamond  Argentina 

18 DK 166 
Express, Condor, Valley+, VS626, Shenandoah, VS481, 
Mede 

Sacramento, California, 
Idaho, Novo México, 
and Buenos Aires 

19 DK 181  Argentina 
20 DK 187 R  Argentina 
21 DK 192  Argentina 

22 DK 194 
Topacio, DK192. Grasis, ACA900, Super Supreme, Mecca, 
F969, DK191, CalWest Seeds 

Argentina, Southest 
USA 

23 Don Enrique 
Aurora (20%), 5683 (18%), Vitoria SP INTA (30%), 
Primavera (20%) 

Argentina 

24 F 708  Argentina 

25 Florida 77  Argentina, Southest 
USA 
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26 G 909 82-296 F (35%), C346 (32%), C442 (2%), Alazan (14%) Argentina 

27 GAPP 969 
Mecca (10%), DK189 (10%), UC332 (10%), Cal/West Seeds 
(70%) 

Argentina, Southest 
USA 

28 Gateado 
GH97-53/55/56/58/60/65 (52%), FG1150/1151/1159/1188 
(24%), 5683 (10%), Yolo (7%), ARG96-1 (4%), Tahoe (3%) 

Argentina 

29 Kern  Argentina 
30 LE N 1  Argentina 
31 LE N 2  Argentina 
32 LE N 3  Argentina 
33 LE N 4  Argentina 
34 LPS 8500  Argentina 
35 Magna 601 Sutter varieties Argentina 
36 Magna 804  Argentina 
37 Magna 860  Argentina 
38 Magna 868  Argentina 
39 Maitena  Argentina 

40 Mecha 
FG94-55 (18%), FG94-48 (17%), FG94-49 (15%), FG94-46 
(13%), FG94-13 (2%), FG94-12 (1%), FG94-15 (1%), 
DK193 (20%), DK180ML (13%) 

Argentina 

41 Medina  Argentina 

42 Milonga II 
FG 988 (30%), FG1164 (6%), Coronado (31%), DK193 
(33%) 

Argentina 

43 Monarca  Argentina 

44 
Monarca SP 
INTA 

 Argentina 

45 P 30  Argentina 
46 P 5715  Argentina 
47 Patriarca  Argentina 
48 Patricia  Argentina 
49 Pintado  Argentina 
50 Pinto  Argentina 
51 Primavera  Argentina 

52 
ProINTA 
Carmina 

Monarca SP INTA, 5929, Mecca, Sequel Argentina 

53 
ProINTA 
Luján 

 Argentina 

54 ProINTA Mora 
Monarca (30%), Rocío ISP (17%), DK189 (13%), AL102 
(9%), Sima15 (7%), 5929 (5%), Condor (4%), P30, Sundor, 
581, DK181, WL605, AL, Sima1/3/6/16/29 

Argentina 

55 ProINTA 
Patricia 

CW4496 e materiais de alta persistência Argentina 

56 
ProINTA 
Patricia 1 

 Argentina 

57 
ProINTA 
Super Monarca 

Yolo (20%), Maxidor (18%), Monarca SP INTA (46%), 
Mecca (16%) 

Pampas Argentinos 

58 Queen 910 
Araucana (10%), Super Lenchera (10%), Máxima (10%), 
Falcon (15%), DK192 (15%), Trinidad87 (20%), Monarca SP 
INTA (20%) 

Argentina 

59 Rio Grande  Argentina 
60 Ruano  Argentina 
61 Ruano 1  Argentina 
62 Sequel  Argentina 
63 Sequel 2  Argentina 
64 Siriver 2  Argentina 
65 SPS 6550  Argentina 
66 Trinidad 87  Argentina 
67 Verdor  Argentina 
68 Verzi  Argentina 
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69 
Victoria SP 
INTA 

WL 313 (20%), 77-T-25 (40%), 77-78 CaB (40%) Argentina 

70 Villa 
Máxima (25%), Monarca SP INTA (25%), Super Lechera 
(25%), Armona (25%) 

Argentina 

71 Winter  Argentina 

72 WL 1058 
Rosillo (53%), FG10A215 (23%), FG8M809 (16%), 
FGA016TF (4%), FG99x49/50 (3%), DK193 (1%) 

Pampas Argentinos 

73 WL 516  Santa Fé, Córdoba, 
Buenos Aires 

74 WL 525 WL516, 86-222-CA, 898, Maxidor 
Santa Fé, Córdoba, 
Buenos Aires 

75 WL 818 Pintado (54%) WL 611 (46%) Argentina 
76 WL 903  Argentina 
77 Crioula  Argentina, Brazil 

 
 
 
 
 
Table S2. Top 10 alfalfa accessions per year. The ranking considered one cut in 2015, four in 

2016, and three in 2017. 

Years 
2015 2016 2017 

CUF101 Ruano Siriver 2 
Verdor Siriver 2 F 708 
Ruano DK 192 Monarca 

Siriver 2 Magna 860 Ruano 
Bal Par 10 ProINTA Super Monarca Florida 77 

DK 192 Mecha Verdor 
LEN N 3 CW 830 LE N 4 

ProINTA Patricia CW 194 Mecha 
F 708 ProINTA Patricia DK 194 

Mecha Maitena Villa 
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Figure S1. Genotypic values of 77 alfalfa accession through eight different cuttings. 
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Figure S2. Clustering of 77 alfalfa accessions for dry matter yield - DMY (kg ha-1) according 

to the groups obtained in the self-organizing map. Numbers on x- and y-axis represent the 

genotypes described in Table S1 and DMY, respectively. G1, G2, …, G11 represent different 

clusters. 
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RESUMO 
 
SANTOS, Iara Gonçalves dos, D.Sc., Universidade Federal de Viçosa, julho de 2021. 
Acessando a persistência da produção de matéria seca de alfafa cultivada no Brasil por 
meio de modelos de regressão aleatória. Orientador: Cosme Damião Cruz. 
 
Persistência é fundamental para o cultivo de alfafa em regiões de clima tropical, entretanto o 

melhoramento para essa característica constitui um desafio para os programas de 

melhoramento. Os objetivos desse estudo foram acessar a persistência da produção de matéria 

seca de alfafa avaliada em condições tropicais, e propor um método baseado em regressão 

aleatória utilizando redes neurais artificiais (RNA) para seleção de acessos de alfafa 

persistentes. A produção de matéria seca (PMS) de 77 acessos de alfafa avaliados em 24 cortes 

foi mensurada para avaliar a persistência utilizando diferentes modelos de regressão aleatória. 

Foi proposto um método para selecionar materiais genéticos persistentes baseado na trajetória 

genética dos acessos ao longo dos cortes (curvas de persistência). As curvas ajustadas 

revelaram grande amplitude em relação à PMS ao longo do tempo, o que sugere alta 

variabilidade para persistência. O método proposto para acessar persistência é baseado em três 

etapas, incluindo a (i) obtenção da trajetória genética dos acessos, (ii) o agrupamento dos 

acessos para definição de grupos de persistência utilizando o método k-médias e (iii) o ajuste 

de RNA para mimetizar a classificação obtida pelo método k-médias de forma automatizada. 

Uma vez que novos acessos forem avaliados em programas de melhoramento de alfafa, eles 

poderão ser classificados de acordo com seus valores genéticos utilizando a mesma rede 

ajustada nesse trabalho. A RNA será a responsável pela tomada de decisão quanto à 

persistência da produção de matéria seca de alfafa. 

Palavras-chave: Medicago sativa subs. Sativa. Trajetória genética. Rede neural artificial.
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ABSTRACT 
 
SANTOS, Iara Gonçalves dos, D.Sc., Universidade Federal de Viçosa, July, 2021. Accessing 
the dry matter yield persistence in alfalfa germplasm within Brazil through random 
regression models. Adviser: Cosme Damião Cruz. 
 
Persistence plays a key role in alfalfa cultivation in tropical areas, but it is still a bottleneck for 

breeding programs. The objectives of the study were (i) to access the dry matter yield 

persistence of alfalfa accessions evaluated under tropical conditions, and (ii) to propose a 

method for selecting persistent accessions based on Random Regression (RR) models using an 

artificial neural network (ANN). The dry matter yield of 77 alfalfa accessions from 24 cuttings 

was measured to evaluate persistence using different RR models. A persistency method was 

proposed based on the trajectory curves of the accessions. The fitted curves showed a great 

amplitude regarding DMY overtime, which suggests high variability in persistence. The three-

step method for accessing persistence presented in this study included a RR model to obtain 

trends of persistence, a k-means method to define different persistency clusters, and then an 

ANN to perform persistence classification in an automated way. When new accessions are 

evaluated by the alfalfa breeding program, they will be classified according to their genetic 

value scores using the same ANN previously fitted. The ANN will be responsible for the 

decision-making process. 

Keywords:  Medicago sativa. Genetic trajectory. Artificial neural network. 
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INTRODUCTION 

Cultivated alfalfa (Medicago sativa ssp. sativa) is the most important perennial legume 

forage in the world, with about 32 million hectares cultivated mainly in temperate regions. The 

forage is well-known for its yield potential and ability to produce more protein per hectare than 

grains or oilseed crops (Bouton, 2012). The multi-purpose of alfalfa extends to hay production, 

grazing, silage, green manure, culinary, and medicinal industry. Using alfalfa in specialized 

dairy herds reduces production costs (Comeron et al., 2015), not to mention the recently 

developed concept of pasture-based livestock industries, which is changing the way livestock 

is produced all over the world. The Chinese government, for example, has applied subsidy 

policies for grassland ecological protection and so the revitalization of alfalfa for dairying has 

become more profitable (Shi & Smith, 2017).   

Most of the alfalfa production in Brazil is located in the South Region, especially in the 

states of Paraná and Rio Grande do Sul (Santos et al., 2018). Though alfalfa cultivars are still 

limited in Brazil, Brazilian farmers have a great interest in inserting the crop into their dairy 

systems in regions with different soil and climatic conditions. There is an urgent need for 

cultivars well-adapted to tropical environments and for consistent information on how to grow 

the crop under those conditions. In order to develop cultivars with an expressive yield in 

tropical environments, it is important to understand the major factors affecting alfalfa 

performance in tropical areas.    

The dynamics related to regrowth seems to play a role in alfalfa yield improvement 

(Lamb et al., 2008), especially in the tropics where environmental conditions are highly 

unstable. More than high yield, elite cultivars need to maintain their yield over different 

hervests. Persistence is a complex and critical component in perennial forage crops and is 

defined as the survival of a stand over time. Under a genetic stand point, persistence is the 

maintenance of the genetic values obtained by each accession over time, which means that the 
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genetic trajectory of an accession determines its persistence. Rather than observing individual 

yield increments (in each harvest), the trajectory determines the persistence and gives the 

breeder the right insights about the trait. Factors affecting persistence include biotic and abiotic 

resistance and the way the forage is managed. Animal grazing, for instance, imparts a unique 

form of shredding-type defoliation that has a lot more impact on alfalfa’s persistence than 

harvesting. Perennial crops usually have their yields decreased over time, leading to a loss of 

their nutritive value. In persistent materials, this process is slower, which holds the forage 

quality for longer. Accessing the long-term persistence of alfalfa requires selection for 

persistence per se with an emphasis on long-term nurseries and family selection approaches 

(Robins et al., 2008).  

Statistically, persistence data is classified as longitudinal. Longitudinal data analysis 

has to consider the continuous scale of the data over time because repeated measures of the 

same individual are inherently dependent. The adoption of a function to describe the structure 

of variances and covariances between cuts has become a popular approach for the genetic study 

of longitudinal data (Azevedo, 2012; Fitzmaurice, 2011). Random regression (RR) models, 

which can capture changes in traits over time without making assumptions about variances and 

errors, have been widely used in daily milk and egg production (Kranis et al., 2006). RR models 

can fit genetic values based on the decomposition of the variance into a genetic and a permanent 

environmental effect that is not assumed to be constant during the whole harvesting period 

(Sun et al., 2017). 

Artificial neural networks (ANN) can be used as an auxiliary tool to automate the 

process of identifying persistent accession in the alfalfa breeding program. ANN are learning 

techniques based on the biological model of the brain. Since ANN can capture patterns other 

than linear, they can achieve high efficiency dealing with complex traits (Santos et al. 2018). 

ANNs capture relationships not perceived by stochastic models and have the advantage of 
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generalize information. Once a persistence criterion is set, ANNs can learn with the criterion 

and to perform the classification of new accessions based on their genotypic values (that come 

from an adequate statistic model). 

In this study, we evaluated 77 alfalfa accessions with a temperate genetic background 

from which 24 harvests were collected to evaluate persistence. The parents of the populations 

that compose this germplasm were selected due to their persistence in temperate environments 

as well as their resistance to the main alfalfa pests and diseases. The objectives of the present 

study were (i) to access the dry matter yield persistence of alfalfa accessions evaluated under 

tropical conditions, and (ii) to propose a method for selecting persistent accessions based on 

RR models using artificial intelligence. 

 

MATERIALS AND METHODS 

Plant material. Seventy-seven alfalfa accessions that have a temperate background were 

evaluated at 24 different harvesting times from 2015 to 2017 [11/12/2015, 12/08/2015, 

01/04/2016, 02/03/2016, 03/08/2016, 04/04/2016, 05/09/2016, 06/07/2016, 07/12/2016, 

08/12/2016, 09/13/2016, 10/31/2016, 11/28/2016, 12/21/2016, 01/17/2017, 02/14/2017, 

03/13/2017, 04/18/2017, 05/26/2017, 06/21/2017, 08/28/2017, 09/26/2017, 10/26/2017, 

11/28/2017]. The experiment was carried out at Embrapa Southeast Livestock’s experimental 

field in the municipality of São Carlos, São Paulo, Brazil [21° 57'42 "S, 47° 50'28" W, 860 m]. 

The experiment was performed in randomized complete blocks with three replicates. The plots 

consisted of four rows of four meters in length spaced 0.20 m apart, and the useful area 

corresponded to the two central rows, eliminating 0.50 m at the ends of the lines. Additional 

details about the germplasm origin, experimental design, and management practices can be 

found at (https://doi.org/10.1007/s10681-020-02606-w). Meteorological information for the 

period of evaluation is shown in Figure S1. In order to access persistence, dry matter yield 
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(DMY, in kg ha-1) was periodically determined when each accession reached 10% of flowering 

in the 24 harvests. The alfalfa samples were dried at 65°C for 72 h until reaching a constant 

weight. 

Statistical analysis. For fitting RR models using Legendre polynomials, the harvests were 

scaled to range -1 to +1 according to Schaeffer (2016), as follows 

𝑡𝑥 = −1 + 2 [ (ℎ𝑥−ℎ𝑚𝑖𝑛)(ℎ𝑚𝑎𝑥−ℎ𝑚𝑖𝑛)], 
where ℎ𝑥 refers to the harvest x; ℎ𝑚𝑖𝑛 is the time of the first harvest; and, ℎ𝑚𝑎𝑥 is the time of 

the last harvest. DMY data across the 24 alfalfa harvests was used to fit different RR models 

through Legendre polynomials, according to the following model: 

yijk = Fk + βmϕm(aij∗ ) + ∑ gimϕm(aij∗ )kg−1
m=2 + ∑ pikmϕm(aij∗ )kp−1

m=2 + eijk 

where yijk is the measure on the ith accession (i = 1, 2, …, 77), on the jth harvest (j = 1, 2, …, 

24) on the kth replication. Fk is the fixed effect of replication (k = 1, 2, 3). m is the fixed 

regression coefficient to model the overall trajectory of DMY overtime. gim and pikm are the 

random regression coefficients for the genetic and permanent environmental effect on the ikth 

plot (ik = 1, 2, …, 231). kβ (kβ = 4), kg(kg = 3 or 4) and kp(kp = 3 or 4) represent the order 

of the covariance functions to describe the fixed, genetic, and permanent environment effects, 

respectively. aij∗  is the jth harvest on the ith accession [standardized from -1 to 1]. ϕm(aij∗ ) are 

the Legendre polynomials for aij∗  regarding the fixed regression and the random effects of 

genetic and permanent environment, considering kβ, kg, and kp. eijk is the residual random 

effect. The matricial model is shown as follows y = Xb + Zg + Wp + e 

where y is the vector of phenotypic data, b is the vector of the fixed effects (replication) added 

to the overall mean, g is the random vector of genetic effects, p is the random vector of the 
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permanent environment, and e is the random vector of residuals. X, Z, and W are incidence 

matrices for fixed, genetic, and permanent environment effects, respectively, considering each 

harvest in a Legendre scale. It was assumed g ~ N(0, Kg ⊗ I), p ~ N(0, Kp ⊗ I), and e ~ N(0, 

R ⊗ I) for genetic values, permanent environment, and residuals, respectively. I represents the 

identity matrix. ⊗ denotes the direct product, Kg and Kp are matrices of covariance between 

RR coefficients for genetic and permanent environment effects, respectively. R denotes a 

matrix of residual variances.  

Twelve RR models were tested considering different orders of the Legendre polynomial 

for the random effects (genetic and permanent environment) and four different residual 

variance structures (homogeneous, homogeneous within the year, homogeneous within the 

season of the year, or diagonal) (Table S1). The models were compared on goodness-of-fit by 

the Schwarz's Bayesian information criterion (BIC) scores as follows BIC = −2 log L + k log(n − r) 

where logL denotes the logarithm of the likelihood function, k is the number of parameters 

estimated in the model, n is the total number of observations, and r is the rank of the incidence 

matrix of fixed effect (Wolfinger, 1993). 

Estimated genetic values (EGVi) for each accession in each harvest were determined 

on the original scale based on the estimates of the chosen model according to the following 

expression 

EGVi = ∑ gimϕm(aij∗ )M
m=0  

where ĝim is the matrix of RR coefficient of order m for the genetic effects of the accessions. 

Variance components for genetic and permanent environment effects were obtained on the 

original scale, according to Kirkpatrick et al. (1990): σ̂x = ϕm(aij∗ )K̂xϕm(aij∗ )′ 
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where the index x denotes both the genetic or permanent environment effects. Broad sense 

heritability (hj2) on cutting j was obtained as follows 

hj2 = σ̂gj2σ̂gj2 + σ̂pj2 + σ̂ej2  

where σ̂gj2  is the genetic variance on harvest j, σ̂pj2  is the permanent environment variance on 

harvest j, and σ̂ej2  is the residual variance on harvest j. Accuracy (r̂ij) estimates for each harvest 

was obtained as follows 

r̂ij = √1 − PEVijσ̂g2  

where PEVij is the prediction error variance of the accession i in harvest j extracted from the 

diagonal of the inverse of the coefficient matrix of mixed model equations. 

In order to capture the genetic trend of each accession, we built trajectory curves using 

the EGVs. The scores of the curves were clustered using the k-mean algorithm. K-means is a 

clustering technique that uses a function to classify individuals into the centroid of their 

respective group (Nascimento et al., 2018) based on previous information about the number of 

clusters. For this alfalfa germplasm, we define four persistence groups to avoid the straight 

division between persistent versus non persistent. So, for the k-means method we settled the 

following groups: C1: High persistence, C2: Persistent, C3: Modest persistence, C4: Non-

persistent. In order to confirm the number of clusters, the Tocher clustering approach was used. 

Once the persistence clusters were defined, an Artificial Neural Network (ANN) 

approach was used to capture the previous classification but in an automated way. Besides the 

ANN for the EGV data, an ANN for phenotypic information was also tested to check how the 

noise present in the phenotypic data could affect the ANN’s efficiency. Since the aim was to 

compare the different dataset, the ANN topology was the same for both phenotypic and EGV 

data. Before using the ANNs, the matrix of 77 (accessions) by 25 (the first column 
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corresponding to the respective k-means cluster + EGVs or phenotypic value of each harvest) 

was partitioned so 75% of the information within each cluster was used in the training and the 

remaining 25% in the validation step. Multilayer Perceptron (MLP) networks were used for 

both data with a logistic activation function (logsig). The ANN topology included three neurons 

in one hidden layer and the backpropagation training (trainbr) algorithm with 5,000 epochs. 

The input layer corresponded to the 24 information of each accession belonging to each k-mean 

group, whereas the output layer was made up of a single neuron represented by a vector of 

known elements (labeled C1, C2, C3, and C4). The apparent error rate (APER) was used as a 

criterion of efficiency of the ANNs. The statistical analyses were performed on ASReml 4.1 

(Gilmour et al., 2015), software R (R Development Core Team, 2020), and software Genes 

(Cruz, 2016). 

 

RESULTS 

Random Regression model selection. The best RR model according to the BIC criteria and 

ASReml warning code for parameters included a random third-order Legendre polynomial for 

both genetic and permanent environment effects, and a diagonal residual variance structure 

(Table 1). 

 

Table 1. Random regression models fitted through Legendre polynomials to describe the dry 

matter yield trajectory over 24 alfalfa cuttings. The general description for the models is 

GxPyRz, where Gx, Py stands for the degrees of Legendre polynomials for genetic and 

permanent environment effects, respectively. Rz denotes the residual variance structure that 

may assume homogeneous, homogeneous within year, homogeneous within season of year, or 

diagonal structures. The goodness-of-fit for each model was accessed by the Schwarz Bayesian 

information criteria (BIC). 

Model 
Effect's degree 

Pa LogL Constraintsb BIC 
Genetic Perm Env. 

G3P3R1 3 3 21 converged P 11702.85 
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G3P3R2 3 3 22 converged P 11691.88 

G3P3R8 3 3 28 converged P 11657.15 

G3P3R24 3 3 44 converged P 11368.24 

G3P2R1 3 2 17 converged P 11610.97 

G3P2R2 3 2 18 converged P 11601.56 

G3P2R8 3 2 24 converged P 11567.80 

G3P2R24 3 2 40 converged P 11290.15 

G2P3R1 2 3 17 converged P 11553.35 

G2P3R2 2 3 18 converged P 11542.54 

G2P3R8 2 3 24 converged P 11511.76 

G2P3R24 2 3 40 converged P 11209.57 

G2P2R1 2 2 13 converged P 11489.03 

G2P2R2 2 2 114 converged P 11479.95 

G2P2R8 2 2 20 converged P 11451.09 

G2P2R24 2 2 36 converged P 11153.17 
aNumber of parameters 
bASReml warning code for the fitted parameters. P indicates a positive definite matrix. 

 

According to the BIC criteria, the more parametrized the residual structure was, the 

better was the model. Regardless of the order of genetic or permanent environment effects, 

models with diagonal residual variance (one variance per harvest) fitted better than any other 

model. Models with one variance adjusted in each season of the year performed better than all 

models but the ones with a diagonal residual variance structure, and so on. 

Genetic parameters of DMY overtime. The genetic variance trajectory fitted by G2P2R24 had 

an uptrend pattern over the whole period (Figure 1). The comparison between the genetic 

variance of the first (24,560) and last (149,568) cuttings showed a six-fold higher variance in 

the last compared to the first. The higher increase was observed from the 21th harvest on. The 

permanent environment variance had a downtrend pattern until the 13th harvest and then got an 

uptrend pattern until the last cutting. As observed in the genetic trajectory, the higher increase 

in the permanent environment trajectory was observed from the 21th harvest on. The permanent 
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environment variance was higher than the genetic variance only in the first harvest (27,381.18 

versus 24,560.1).  

 

 

Figure 1. Trends for genetic, permanent environment, and residual variances and heritability 

(h²) obtained by a Random Regression model through Legendre polynomials. 

 

Broad-sense heritability had the lower estimate in the first harvest (0.09). The 

heritability increased slightly from the first to the fifth harvest until the first peak. From harvest 

six on, small peaks were established before a sharp decrease on harvest 22. The higher 

estimates were observed in the last two harvests (0.54 and 0.56). Genetic values from the sixth 

harvest to the 23rd were predicted with more than 90% average accuracy (Figure S2). 

Alfalfa’s persistence curves and persistence method. The k-means method accomplished 32 

accessions in the ‘High persistency’ cluster (Figure 2, Table S1). The ‘Non-persistent’ cluster 

included the four accessions with the lowest EGV scores overtime: Don Enrique, CW 620, 

Magna 601, and ProINTA Patricia. The ‘Persistent’ cluster included 29 out of 77 accessions, 

while the ‘Modest persistency’ cluster grouped together 12 accessions. The accession 



64 

 

 

trajectories for all genetic materials were not linear. They had clear cycles of either high or low 

genetic values overtime. 

 

 

Figure 2. Clustering of alfalfa accessions based on estimated genetic values over 24 cuttings 

(left). Each cluster (High persistence, Persistent, Modest persistence, and Non persistent) 

indicates similar dry matter yield trajectories overtime. The different colors of the accessions 

represent different groups according to the Tocher algorithm. Dry matter yield trajectories for 

each accession (upper right) show cycles of high or low yield through the cuttings. The 

Apparent Error Rates (APERs) for validation of the phenotypic and EGV artificial neural 

networks are shown in the lower right table. Table S2 contains a detailed description of the 

accessions. 

 

The high persistence accessions had genetic values ranging from -143.6 to 485.8 in the 

first cutting and from -343.6 to 592.4 in the last one (Figure 3). All of these accessions yielded 

more than 47 t in 24 cuttings, with an average of 48 t for the whole period, or 24 t/year. The 

non-persistent accessions had genetic values ranging from -654.82 to -346.5 in the first harvest 

and from -898.81 to -586.3 in the last one. The average yield was ~30 t in 24 cuttings, or 15 t 

per year. 
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Figure 3. Accumulated alfalfa’s dry matter yield (left) and estimated genetic values (EGVs) 

(right) over 24 cuttings. The top-32 yielding accessions (left) and top-32 EGV trajectories 

(right) are shown in black lines, while the four less yielding and the four accessions with the 

lower EGV trajectories are shown in grey lines.  

 

Fifty-three accessions were used to train both the phenotypic and EGV ANNs, while 

24 composed the validation step. The apparent error rate (APER) of the persistence ANNs 

ranged from 33.3% using the phenotypic data to zero using the EBVs (Figure 2) in the 

validation step. All the accessions were correctly classified in the training for both phenotypic 

and EGV data. 

 

DISCUSSION 

Random Regression model selection. RR models have been extensively used to handle 

longitudinal data (Campbell et al., 2019) due to their ability to provide a strong framework for 

modelling trajectories for genetic and non-genetic effects overtime (Sun et al., 2017). 

Covariances between measures are fitted into the RR model using splines or polynomial 

functions (Meyer, 2000), utilizing fewer parameters. The 16 different RR models fitted in this 

study considered Legendre polynomials of third or quartic order (second or third degree) for 
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both genetic and permanent environment effects. We based the model’s choice on BIC as well 

as on the ASReml warning code to find out the best fit of the Legendre polynomial for both 

genetic and permanent environment effects (third order). High-order Legendre polynomials 

rapidly change at the extremes, causing poor estimates of genetic parameters and variance 

components (Boligon et al., 2012). 

Some studies have indicated that better goodness of fit can be accomplished if different 

residual variances are considered according to periods or time intervals (Oliveira et al., 2019). 

Alves et al. (2020) modeled reaction norms through RR models using a diagonal residual 

structure for analysis of multi-environment trials in tree breeding. Rocha (2019) used a 

diagonal structure after testing three different structures for elephantgrass persistence analysis. 

In this study, we investigated whether residual variances would be modeled assuming 

homogeneity for specific pieces of time within the evaluated period. Among the four different 

variance structures for the residuals, the models with a diagonal structure had a better fit than 

assuming homogeneity in the whole period, homogeneity within the year, and homogeneity 

within the season of the year. Our findings confirm that the conditions at each measurement 

time determine the need to assume a different residual variance per harvest. Genetic parameters 

of alfalfa accessions cannot consider the same residual variances in the same season of the year, 

even though they do not affect nutritive value or forage yield traits (Santos et al., 2018). The 

same can be extended to homogeneous residual variance within the year. 

Genetic parameters of DMY overtime. In terms of importance in understanding the genetics 

of persistence, genetic and permanent environment trends have the upper hand. Permanent 

environment effect is present in longitudinal data and is estimated by the variance among 

measures made on a given individual in its plot. Genetic factors such as dominance, epistatic, 

or maternal effects influence the permanent environment and have a direct impact on plant 

development, especially in early harvests (Rocha, 2019). The variance of permanent 
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environment effect value was 27381.18 in the first harvest, while the genetic variance was 

24560.1. From the second harvest on, the permanent environment variance held smaller 

estimates than the genetic variance. Since the word permanent suggests stability (Schaeffer, 

2011), it is worth to guaranteeing equal environmental conditions, mainly before the first 

harvest, to minimize the lack of casualization in the different growing seasons. Meteorological 

conditions for our experiment on the first cuttings were favorable for good alfalfa establishment 

(Figure S1).  

The genetic trends revealed an overall increasing pattern that did not change 

significantly during the first year. This is consistent with Wilkins and Humphreys’ (2003) 

assertion that persistence has a major influence on DMY, particularly from the second year of 

cultivation on. Because persistence refers to the ability of an accession to keep its genetic 

trajectory of EGV over time, our findings suggest that persistence and DMY genes were more 

expressed in the second year, resulting in an extreme phenotypic expression and, as a result, 

higher genetic variance. 

Alfalfa’s persistence criteria and performance overtime. The fitted curves showed a great 

amplitude regarding DMY overtime (Figure 2), which suggests a high variability of 

persistence. In fact, the accessions have significant genetic variance for DMY as stated by 

Santos et al. (2020). The authors analyzed phenotypic and molecular data and indicated a set 

of accessions that would compose a good base population exploring traits of nutritive value 

and forage yield. Different from our approach, residuals were not modeled and accessions 

previously indicated as good were found to be in the non-persistent group in this study (e.g. 

ProINTA Patricia and Magna 601). 

Overall, the non-persistent accessions decreased their trajectories for the whole period. 

For the high persistence cluster, some accessions held negative EGVs in the first harvest but 

compensated their performance in later harvests (Figure 2). One example was the Sequel 
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accession that had negative EGVs until the sixth harvest and then held an increase until the last 

harvest. Accumulated yield and persistence are highly correlated, but they have to be carefully 

examined because an accession with almost no yield in a short period within the 24 cuttings 

will not have a great influence on the correlation, but it is still not interesting for alfalfa 

producers. Persistence is a critical trait in forage breeding and depends on survival ability as 

well as the possession of stolons that allow revegetation (Bouton, 2012). While in some crops, 

modeling differences between cultivars is sufficient, for alfalfa and other perennial pastures, it 

is important to model the response over time (Faveri et al., 2015). Predictions of persistence 

may be required for times other than individual measurements. 

Based on APER, ANN can be a useful approach for classifying accessions regarding 

persistence if the inputs are less biased than the phenotypic data. Our results showed a 33.3% 

APER for the ANN using phenotypic data compared to 0% when using EBV in the validation 

step. Even though ANNs work well with noise in the data, they can improve their generalization 

capacity when more accurate data is available. Because ANNs do not require a linear or any 

other data structure, they achieve high efficiency by working with complex traits. They can 

capture relationships that are not captured by stochastic models as well as generalize 

information to new cases (Santos et al., 2019).  

The summary of the persistence method for the first-time-users is: First, it is necessary 

to fit a RR to capture the genetic trajectories of accessions (ASREML code available as 

supplementary material). Second, clustering accessions of similar persistence using k-means 

analysis (available in the software GENES). Third, to establish an ANN to capture the same 

persistence pattern shown by the k-means clustering (available if requested).  

The method for accessing persistence presented in this study involved an RR model to 

obtain trends of persistence, a k-means method to define different persistence clusters, and then 

an ANN to perform persistence classification in an automated way. Once the ANN is 
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established, new EGVs obtained from a RR model can be used directly in the ANN, with no 

need to use any clustering technique. Researchers will be able to simplify the persistence 

method by eliminating the clustering step because the ANN can learn how the clustering 

technique classifies the accessions. When new accessions are evaluated by the alfalfa breeding 

program, they will be classified according to their EGV scores using the same ANN previously 

fitted, using two steps rather than three. The ANN will be responsible for the decision-making 

process. 

Three problems can affect alfalfa persistence in tropical areas, according to Bouton 

(2012): grazing, (Al)-toxic soils, and drought. The challenge for alfalfa cultivation in Brazil is 

due to the lack of knowledge of how to grow the crop and the lack of registered cultivars. 

Breeding potential of the available germplasm has shown satisfactory though its temperate 

background (Santos et al., 2020). Selection of materials showing persistence in tropical areas 

is not straightforward. The first step is to identify such materials and then to build up crossing 

strategies to ensure the transfer of the trait from the base to breeding populations and keep it in 

the cultivars. ANN can make the classification easier as long as the correct information is 

included in the model. Longitudinal alfalfa data can be simply classified based on its genetic 

values rather than using individual phenotypic data or using visual criteria from graphical 

dispersions. Taken together, our findings can help with the understanding of alfalfa persistence 

behavior in tropical areas. The persistence method can support the selection of genotypes to 

compose base populations that will generate populations showing consistent DMY overtime. 
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SUPPLEMENTARY INFORMATION 

 

Table S1. Description of the 12 random regression models with different degrees of random 

effects and different residual structures 

Model 
Polynomial degree for each effect 

Fixed Genetic 
Permanent 

environment 
Residuals 

G3P3R1 23 3 3 Homogeneous 
G3P3R2 23 3 3 Homogeneous within year 
G3P3R8 23 3 3 Homogeneous within season of the year 
G3P3R24 23 3 3 Diagonal 
G3P2R1 23 3 2 Homogeneous 
G3P2R2 23 3 2 Homogeneous within year 
G3P2R8 23 3 2 Homogeneous within season of the year 
G3P2R24 23 3 2 Diagonal 
G2P3R1 23 2 3 Homogeneous 
G2P3R2 23 2 3 Homogeneous within year 
G2P3R8 23 2 3 Homogeneous within season of the year 
G2P3R24 23 2 3 Diagonal 
G2P2R1 23 2 2 Homogeneous 
G2P2R2 23 2 2 Homogeneous within year 
G2P2R8 23 2 2 Homogeneous within season of the year 
G2P2R24 23 2 2 Diagonal 
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Table S2. Description of the genetic materials that originated some of the evaluated accessions 

and persistence classification according to the k-means method. As more materials participate 

in the crosses as broader the accession’s genetic base. Accessions that have more than 10 

parents are considered to have a broad genetic base. The parents that compose the crosses were 

chosen based on yield and resistance to pests and diseases. 

Accession Cluster Genetic origin Adaptation 

5681 3 
Ancher (34%) Meteor (16%) Cuf01 (6%) 555 (6%) 
Mercury (3%), 524. 526. 5331. 5432. Apollo, NCMP10 

Central Argentina 

ACA 900 1 

CW2820 (16%) DK189 (14%) CW2818, CW2817, 
Mecca, Express UC332, UC176, UC196, UC226, 
UC276, UC296, UC222, UC263, UC189, UC231, 
UC195 

Northern 
Argentina, Santa 
Fé, and Córdoba 

ACA 901 2 UC332, SW9212, SW8210 Argentina 

Activa 2 

VS448 (17%), CW2820 (14%), Mecca (12%), DK189 
(10%), Condor (8%), UC332 (6%), CW2815 (5%), 
CW2817 (5%), VS446 (3%), Armona (3%), Sundor 
(3%), Express (2%), DK187 (2%), UC176 (2%), UC196 
(2%), UC222 (2%), UC236 (2%), UC276 (2%) 

Argentina 

Bacana 2 
Beacon (305), DK189 (30%), Coronado (20%), Zaino 
(20%) 

Argentina 

Bacana 1 1  Argentina 
Bar Pal 5 3  Argentina 

Bar Pal 10 1  Argentina 

Baralfa 85 2 CA G, WI457, WI514, Cuf101 Argentina 

Barbara SP INTA 1 
Monarca SP INTA (25%), WL516 (25%), Armona 
(25%), C/W331 (25%) 

Pampas Argentinos 

California 50 2  
Southern 
Califórnia, Southest 
Arizona 

CUF 101 2 
UC Cargo (55%), UC Salton (1%), UC76 (22%), 1972 
Breeding Mixture (20%), Niagara N71 (2%) 

Southern 
Califórnia, Southest 
Arizona 

CW 1010 1  Argentina 
CW 194 1  Argentina 

CW 620 4 
SPS6550 (11%), DK166 (8%), Express (7%), N650 
(6%), Archer (2%), AlfaStar (2%), Bighorn (1%), 
Cal/West Seeds (63%) 

Argentina 

CW 830 1 
Alfa200 (9%), Monarca SPI (9%), DK189, Weston (3%), 
WL525HQ (1%), Cal/West Seeds (69%) 

Argentina 

Diamond 2  Argentina 

DK 166 3 
Express, Condor, Valley+, VS626, Shenandoah, VS481, 
Mede 

Sacramento, 
California, Idaho, 
New Mexico, and 
Buenos Aires 

DK 181 2  Argentina 
DK 187 R 1  Argentina 
DK 192 1  Argentina 

DK 194 1 
Topacio, DK192. Grasis, ACA900, Super Supreme, 
Mecca, F969, DK191, CalWest Seeds 

Argentina, Southest 
USA 
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Don Enrique 4 
Aurora (20%), 5683 (18%), Vitoria SP INTA (30%), 
Primavera (20%) 

Argentina 

F 708 2  Argentina 

Florida 77 1  Argentina, Southest 
USA 

G 909 1 82-296 F (35%), C346 (32%), C442 (2%), Alazan (14%) Argentina 

GAPP 969 2 
Mecca (10%), DK189 (10%), UC332 (10%), Cal/West 
Seeds (70%) 

Argentina, Southest 
USA 

Gateado 2 
GH97-53/55/56/58/60/65 (52%), 
FG1150/1151/1159/1188 (24%), 5683 (10%), Yolo 
(7%), ARG96-1 (4%), Tahoe (3%) 

Argentina 

Kern 1  Argentina 
LE N 1 2  Argentina 

LE N 2 2  Argentina 

LE N 3 3  Argentina 
LE N 4 2  Argentina 
LPS 8500 1  Argentina 

Magna 601 4 Sutter varieties Argentina 

Magna 804 2  Argentina 
Magna 860 1  Argentina 
Magna 868 1  Argentina 
Maitena 1  Argentina 

Mecha 1 
FG94-55 (18%), FG94-48 (17%), FG94-49 (15%), 
FG94-46 (13%), FG94-13 (2%), FG94-12 (1%), FG94-
15 (1%), DK193 (20%), DK180ML (13%) 

Argentina 

Medina 2  Argentina 

Milonga II 1 
FG 988 (30%), FG1164 (6%), Coronado (31%), DK193 
(33%) 

Argentina 

Monarca 2  Argentina 
Monarca SP INTA 2  Argentina 
P 30 1  Argentina 
P 5715 2  Argentina 
Patriarca 3  Argentina 
Patricia 2  Argentina 
Pintado 3  Argentina 
Pinto 3  Argentina 
Primavera 2  Argentina 
ProINTA Carmina 2 Monarca SP INTA, 5929, Mecca, Sequel Argentina 
ProINTA Luján 3  Argentina 

ProINTA Mora 2 
Monarca (30%), Rocío ISP (17%), DK189 (13%), 
AL102 (9%), Sima15 (7%), 5929 (5%), Condor (4%), 
P30, Sundor, 581, DK181, WL605, AL, Sima1/3/6/16/29 

Argentina 

ProINTA Patricia 4 CW4496, and high persistency materials Argentina 
ProINTA Patricia 1 1  Argentina 
ProINTA Super 
Monarca 

2 
Yolo (20%), Maxidor (18%), Monarca SP INTA (46%), 
Mecca (16%) 

Pampas Argentinos 

Queen 910 3 
Araucana (10%), Super Lenchera (10%), Máxima (10%), 
Falcon (15%), DK192 (15%), Trinidad87 (20%), 
Monarca SP INTA (20%) 

Argentina 

Rio Grande 2  Argentina 
Ruano 1  Argentina 
Ruano 1 1  Argentina 
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Sequel 1  Argentina 
Sequel 2 2  Argentina 
Siriver 2 1  Argentina 
SPS 6550 2  Argentina 
Trinidad 87 1  Argentina 
Verdor 1  Argentina 
Verzi 2  Argentina 

Victoria SP INTA 3 WL 313 (20%), 77-T-25 (40%), 77-78 CaB (40%) Argentina 

Villa 3 
Máxima (25%), Monarca SP INTA (25%), Super 
Lechera (25%), Armona (25%) 

Argentina 

Winter 2  Argentina 

WL 1058 1 
Rosillo (53%), FG10A215 (23%), FG8M809 (16%), 
FGA016TF (4%), FG99x49/50 (3%), DK193 (1%) 

Pampas Argentinos 

WL 516 3  Santa Fé, Córdoba, 
Buenos Aires 

WL 525 1 WL516, 86-222-CA, 898, Maxidor 
Santa Fé, Córdoba, 
Buenos Aires 

WL 818 1 Pintado (54%) WL 611 (46%) Argentina 
WL 903 1  Argentina 
Crioula 1  Argentina, Brazil 

 

 

Figure S1. Meteorological data for São Carlos, São Paulo, Brazil. Mean temperature (dark blue 

bars) and accumulated precipitation (purple line) for the period from November 2015 to 

November 2017. Monthly averages from 1992 to 2010 were represented by light blue bars 

(mean temperature) and a black line (accumulated precipitation average). 
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Figure S2. Accuracy estimates of 24 alfalfa cuttings obtained by a Random Regression model 

through Legendre polynomials. 



78 

 

 

GENERAL CONCLUSIONS 

Based on the investigation with regard to the genetic diversity of the alfalfa germplasm 

hold by Embrapa Southeast Livestock, we can affirm that the accessions have the potential to 

generated synthetic populations adapted to tropical conditions. However, the information 

generated by the genetic diversity analyses should not be evaluated by itself, since the 

persistence criteria was not used as input for the SOM analysis. Our findings on persistence 

revealed a large variation of this trait in the germplasm, which means that it is possible to 

achieve real genetic gains if we cross the right accessions. The information generated by the 

genetic diversity analyses with the persistence classification are complementary approaches to 

guide crosses and consequently, to obtain superior alfalfa cultivars. Considering all the 

information generated by this study we can infer that polycrosses including Pro INTA 

SuperMonarca, Mecha, WL 525, ACA 900, Bacana, CUF 101, Crioula, and Ruano are 

promissing. These accessions have at least 50 distinct parents, present favorable alleles for 

regrowth ability, biomass yield, and were classified as persistent.
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APPENDIX A 

This document describes how to perform the analyses regarding persistence presented 

in this study. First, the ASREML code for adjusting random regression models; second, how to 

get the genetic parameters (estimated genetic values, variance components, heritabilities, and 

accuracy) and rescale them from the Legendre to the real scale. Third, the k-means method for 

classifying accessions. Finally, the Multilayer Perceptron network that aids in the automation 

of alfalfa persistence classification. 

 

ASREML code for fitting the Random Regression model considering a diagonal variance 

structure for the residuals and a second-degree Legendre polynomial for both genetic and 

permanent environment effects. 

 !NOGRAPHS !WORKSPACE !RENAME !ARGS 1 // !DOPART $1 

Title: RRM 
 Med 24 !I 
 Gen 77 !SORT 
 MedRep * 
 Perm * 
 Grad * 
 MS 
  
data.txt !skip 1 !AISINGULARITIES !MAXIT 8000 
 
MS ~ mu MedRep leg(Grad,23) !r leg(Grad,2).Gen leg(Grad,2).Perm !f mv 
 
24 1 2 
231 0 ID 
231 0 ID 
231 0 ID 
231 0 ID 
231 0 ID 
231 0 ID 
231 0 ID 
231 0 ID 
231 0 ID 
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231 0 ID 
231 0 ID 
231 0 ID 
231 0 ID 
231 0 ID 
231 0 ID 
231 0 ID 
231 0 ID 
231 0 ID 
231 0 ID 
231 0 ID 
231 0 ID 
231 0 ID 
231 0 ID 
231 0 ID 
 
leg(Grad,2).Gen 2 
leg(Grad,2) 0 US !GP 
((2^2+3*2+2)*0.5)*0 
Gen 
 
leg(Grad,2).Perm 2 
leg(Grad,2) 0 US !GP 
((2^2+3*2+2)*0.5)*0 
Perm 

 

ASREML releases its outputs on a Legendre scale. Set the matrices up on Excel or any 

other software prior to the transformation into a real scale. Use the file .asr to check the 

LogL value (if you need to compare models), variance and covariance between Legendre 

coefficients for the genetic and permanent environment as well as the residuals. 
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Prepare a diagonal matrix with the residual variances (M1). In our example:  
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Prepare Kg (M2) and Kp (M3) block diagonal matrices that contain variances and 

covariances between Legendre coefficients. In our example, the Kg matrix would be: 
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The .res file contains the 𝛟𝐦(𝐚𝐢𝐣∗ ) scores for one individual in the 24 cuttings (shown in 

days).  

 

 

Prepare a diagonal block matrix with this information for all accessions (M5). In our 

example, the new matrix would have 1,848 lines (77 accessions x 24 harvests) and 231 

columns (3 levels x 77 accessions). 
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The genetic values in the Legendre scale are in the file .sln 

 

 

Prepare a block diagonal matrix for all accessions (M6). In our example, the new matrix 

would have 231 (3 levels x 77 accessions) and 77 columns. 
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Now we are finally ready to transform the scores into real scale. Use the R codes bellow 

to complete this step 

 

################################################################### 

setwd("C:\\Users\\Iara\\OneDrive\\Doutorado") 

# Estimated genetic values for each genotype in each harvest 

phi = read.table("Phi_g.txt", h=F) #M5 

gen = read.table("g.txt", h=F) #M6 

phi_g = as.matrix(phi) 

g_i = as.matrix(gen) 

dim(phi) 

dim(gen) 

class(g_i) 

class(phi_g) 

VG = phi_g %*% g_i 

head(VG) 

tail(VG) 

VG_vector = VG[VG!=0] #creates a vector putting aside null elements 

#cutting = c(1:24) 

#final_data = cbind(cutting,VG_vector) 

matrix_data = matrix(VG_vector, nrow=24,ncol=77) 

matrix_data 

ts.plot(dados_matriz, ylab="Persistence scores", xlab="Harvests",col=rainbow(4)) 

################################################################### 

# Genetic Variances for each harvest 

phi = read.table("Phi_g.txt", h=F) #M5 

kgen = read.table("Kgen.txt", h=F) #M2 

phi_g = as.matrix(phi) 

k_gen = as.matrix(kgen) 

sigma2= phi_g %*% k_gen%*%t(phi_g) 

sigma2_resumida = sigma2[1:24,1:24] 

sigma2_vector = diag(sigma2_resumida) ##creates a vector putting aside null elements 

sigma2_vector 
ts.plot(sigma2_vector, ylab="Variance scores", xlab="Harvests",col=rainbow(4)) 
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################################################################### 

# Permanent Variances for each harvest 

phi = read.table("Phi_p.txt", h=F) #M5 

kperm = read.table("Kperm.txt", h=F) #M3 

phi_p = as.matrix(phi) 

k_perm = as.matrix(kperm) 

sigma2= phi_p %*% k_perm%*%t(phi_p) 

sigma2_resumida = sigma2[1:24,1:24] 

sigma2_vector = diag(sigma2_resumida) ##creates a vector putting aside null elements 

sigma2_vector 
ts.plot(sigma2_vector, ylab="Variance scores", xlab="Harvests",col=rainbow(4)) 

################################################################### 

#Accuracy 

rm(list=ls()) 

r <- read.table("C:\\Users\Iara\OneDrive\Doutorado\Asreml\\dados.txt", header = TRUE) 

head(r) 

 

names(r) 

r <- na.omit(r)  

##> Convert numeric vectors into factor 

r$med <- factor(r$Med) 

r$gen <- factor(r$Gen) 

r$medrep <- factor(r$MedRep) # Number of environments 

r$grad <- factor(r$Grad) 

r$perm <- factor(r$Perm) 

 

install.packages("orthopolynom") 

require(orthopolynom) 

require(Matrix) 

 

NB <- 24  # Number of harvests 

# Polynomial order 

OPgen <- 2 

OPperm <- 2 

# Polynomial degree 
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GPgen <- 3 

GPperm <- 3 

EF <- 72 # Harvests x rep (fixed effects) 

# Random effects (accessions * 2) 

EAgen <- nlevels(r$gen)*GPgen 

EAperm <- nlevels(r$perm)*GPperm 

# Number of accessions, permanent environment 

NG <- nlevels(r$gen) 

NPerm <- nlevels(r$perm) 

 

# Kg and Kperm matrices 

Kg=matrix(c(88850,20930,3589,20930,14480,3559,3589,3559,5311),GPgen,GPgen) 

Kg 

 

Kperm=matrix(c(26160,8252,4243,8252,19700,7439,4243,7439,7347),GPperm,GPperm) 

Kperm 

 

#Environment gradient (days of each harvest, considering harvest 1 in the day 0) 

timei=c(0,26,53,83,117,144,179,208,243,274,306,354,382,405,432,460,487,523,561,587,655,
684,714,747) 

 

#Residual variance components (the ones on M1) 

ve = matrix(diag(c(rep(216805,table(r$grad)[1]),rep(133170,table(r$grad)[2]), 

rep(116210,table(r$grad)[3]),rep(97730.2,table(r$grad)[4]),rep(66504.7,table(r$grad)[5]),rep(
126198,table(r$grad)[6]),rep(114606,table(r$grad)[7]),rep(82730.1,table(r$grad)[8]),r
ep(95213.4,table(r$grad)[9]),rep(130180,table(r$grad)[10]),rep(14756,table(r$grad)[1
1]),rep(133905,table(r$grad)[12]),rep(178845,table(r$grad)[13]),rep(103017,table(r$g
rad)[14]),rep(128503,table(r$grad)[15]),rep(162143,table(r$grad)[16]),rep(142804,tab
le(r$grad)[17]),rep(301520,table(r$grad)[18]),rep(143146,table(r$grad)[19]),rep(1246
18,table(r$grad)[20]),rep(91256.8,table(r$grad)[21]),rep(354333,table(r$grad)[22]),re
p(8256.07,table(r$grad)[23]),rep(1.78E-
03,table(r$grad)[24]))),sum(table(r$grad)),sum(table(r$grad))) 

ve 

 

#Analyses 

##> Make Phi matrix (Orthogonal Polynomials) 

time <- r[,"Grad"] 
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min.time <- min(time, na.rm = TRUE)                               

max.time <- max(time, na.rm = TRUE)                                                          

qi <- (2*(time - min.time)/(max.time - min.time))-1 

 

#Polinomyals 

leg1 <- legendre.polynomials(OPgen, norm = TRUE) 

phi1 <- sapply(leg1, predict, qi) 

 

leg2 <- legendre.polynomials(OPperm, norm = TRUE) 

phi2 <- sapply(leg2, predict, qi) 

 

# Make the incidence matrix 

y=cbind(r,local_rep=paste(r$local,r$medrep, sep = " . ")) 

X <- sparse.model.matrix(~ -1+as.factor(local_rep),y) 

Z1 <- sparse.model.matrix(as.formula(paste("~ 0 + phi1:","gen",sep="")),r) 

Z2 <- sparse.model.matrix(as.formula(paste("~ 0 + phi2:","perm",sep="")),r) 

y <- as.matrix(r$DMY) ##### Mudar o nome da varável aqui ######### 

 

W <- cbind(X,Z1,Z2) 

W <- as(W,"dgCMatrix") 

 

Ig <- diag(nlevels(r$gen)) 

Iperm <- diag(nlevels(r$perm)) 

 

# Values 

v=diag(ve) 

R=1/v 

 

K1 <- Ig%x%solve(Kg) 

K1 <- as(K1,"dgCMatrix") 

 

K2 <- Iperm%x%solve(Kperm) 

K2 <- as(K2,"dgCMatrix") 

 

VcovX <- diag(ncol(X))*0 
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K <- bdiag(VcovX,K1,K2) 

 

Rinv=matrix(diag(R),sum(table(r$grad)),sum(table(r$grad))) 

Rinv <- as(Rinv,"dgCMatrix") 

 

##> Solution Mixed Model Equations 

LHS <- t(W)%*%Rinv%*%W + K 

RHS <- t(W)%*%Rinv%*%y 

Cinv <- solve(LHS) 

sol <- Cinv%*%RHS  

sol 

 

#matrix(sol[beggining of the random effects:final of the vaues,], number of accessions, 
polynomial degree) 

 

coef=matrix(sol[(EF+1):(EF+EAgen),], NG, GPgen, byrow=T) 

coef 

 

# Polynomials 

min.timei <- min(timei, na.rm = TRUE)                               

max.timei <- max(timei, na.rm = TRUE)   

                                                       

qii <- (2*(timei - min.timei)/(max.timei - min.timei))-1 

 

#legendre.polynomials(pol degree) 

leg <- legendre.polynomials(GPgen-1, norm = TRUE) 

phi <- sapply(leg, predict, qii) 

 

PHg=phi 

 

# Li e Ls 

Cii = list() 

PEV = list() 

 

#seq(number of fixed effects + 1, number of accessions x polynomial degree + number of 
fixed effects, pol degree) 
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li = seq(EF+1, (NG*GPgen)+EF, GPgen) 

 

#seq(number of fixed effects + ordem do polinomio, number of accessions x polynomial 
degree + number of fixed effects, pol degree) 

ls = seq(EF+GPgen, (NG*GPgen)+EF, GPgen) 

 

for(i in 1:NG){ 

   Cii[[i]] = PHg%*%Cinv[li[i]:ls[i],li[i]:ls[i]]%*%t(PHg) 

   PEV[[i]] = diag(Cii[[i]]) 

} 

 

#matrix(0, number of accessions x number of cuttings, replications) 

C22 = matrix(0,NG*NB,NG*NB) 

diag(C22) = unlist(PEV) 

 

#C22 

Comp.var.gen=PHg%*%Kg%*%t(PHg) 

Comp.var.gen 

 

acc=sqrt(1-diag(C22)/rep(diag(as.matrix(Comp.var.gen)),NG)) 

dados_acc=matrix(acc,NG,NB,byrow=T) 

dados_acc 
write.table(accuracy "CC:\\Users\Iara\OneDrive\Doutorado\Asreml\\dados_acc.txt", sep="\t") 
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A file containing the genetic values for all accessions in all harvests should be settled up 

for the K-means clustering technique in the software GENES. In our example, the .txt file 

has 77 lines x 24 columns.  

 
 

Choose the appropriate number of clusters (the number you consider reasonable for each 

situation). Standardize the data and click in `Processar`. 

 
 

 

The software Genes will be used to establish the Artificial Neural Network, as follows. 
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The output of the K-means method contains the accessions’ classification in their 
respective persistence clusters. Prepare a file with that classification along with the genetic 

values obtained for each accession in each cutting. Go to the software Genes. 

 
 

Beware to choose the correct parameters and proceed with the analysis. 

 
 

Click on ‘Retorna’ and then in ‘Gerar rede’. The next time you use new data on this same 
network, you will click on ‘Usar rede para teste’. The network will classify your new data 

with the same efficiency shown when you generate it. 

 


