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ABSTRACT. Utilizing selection indices is an effective strategy for the simultaneous evaluation of multiple
traits in kale breeding programs. This approach allows for the selection of kale genotypes that exhibit
enhanced productivity and adaptability by combining desirable attributes for the crop. In this study, we
employed a mixed model approach in combination with various selection indices to estimate selection gains
and recommend the most suitable index for kale breeding. The experiment was conducted at the Center of
Development and Technology Transfer, Federal University of Lavras, [jaci, MG. Thirty-four experimental
genotypes were assessed in a randomized block design with three replicates, featuring four plants per plot.
We evaluated several traits, including total leaf yield, number of leaves, average leaf mass, number of
sprouts and chlorophyll content. Data analysis was performed at both the plot average level and the average
quantity of the five harvests. Statistical analysis of mixed models confirmed the presence of genetic
variability among kale genotypes. We examined the Smith and Hazel, Mulamba and Mock, Z-index, and
FAI-BLUP indices. Smith and Hazel, Mulamba and Mock, as well as Z-index, were found unsuitable for leafy
kale selection in breeding programs. The FAI-BLUP index demonstrated superior performance, aligning
with the specific objectives of the kale breeding program and offering desirable gains. Therefore, we
recommend the use of the FAI-BLUP index in kale breeding programs.
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Introduction

In the realm of plant breeding, the development of genotypes boasting high yields and desirable
commercial traits holds paramount importance. The ultimate cultivar is anticipated to exhibit superior
average performance across the desired traits (Baker, 2020). Consequently, to effectively select a specific
genotype or progeny, a comprehensive array of traits must undergo evaluation (Fadhli, Farid, Effendi, Azrai,
& Anshori, 2020). This dataset necessitates simultaneous analysis, enabling the identification of the genotype
with the most commendable overall average performance (Olivoto, Lucio, Silva, Sari, & Diel, 2019).
Nonetheless, concurrent selection mandates mathematical and statistical resources to predict selection gains
(Resende & Alves, 2021).

Among the array of statistical methods, linear mixed models in tandem with restricted maximum
likelihood (REML/BLUP) have demonstrated remarkable efficiency in predicting genotypic values for
individual traits (Henderson, 1986; Piepho, 2009). Conversely, the use of multivariate models facilitates the
analysis of data and the simultaneous selection of superior genotypes from a comprehensive dataset
encompassing multiple traits (Piepho & Moring, 2005; Dugard, Todman, & Staines, 2022). Consequently, the
amalgamation of these methodologies augments the precision of ideotype selection.

In the context of kale (Brassica oleracea sub acephala L.), numerous traits come into play when evaluating
and endorsing high-performance genotypes. Recent advancements in kale genetic enhancement have
revolved around the identification of genotypes characterized by prolific leaf productivity (Azevedo et al.,
2015; Brito et al., 2019), robust plant architecture (Brito et al., 2019), resistance to pests and diseases (Tiwari,
Saville, & Wratten, 2019; Hassan, Ahmad, & Hussain, 2022), and exceptional nutritional quality (Reda et al.,
2021). Thus, a comprehensive assessment of several traits through a selection index is imperative for
pinpointing top-performing genotypes.
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Selection indexes employ weighting coefficients, derived from linear combinations of phenotypic data, to
facilitate genotype selection and rank the most promising candidates (Olivoto & Nardino, 2021).
Consequently, the use of these indexes, tailored to a set of crop-favorable characteristics, enables the
identification of more productive and well-adapted genotypes (Cruz, Regazzi, & Carneiro, 2012).

Several selection indexes find application in plant breeding programs, including the classical index (Smith,
1936; Hazel, 1943), the rank sum-based index (Mulamba & Mock, 1978), the Z-index (Mendes, Ramalho, &
Abreu, 2009), and the FAI-BLUP index (Rocha, Machado, & Carneiro, 2018). However, these indexes are
diverse and not universally applicable to all crops. Moreover, the scientific literature lacks guidance regarding
the most suitable index for kale. Therefore, a comprehensive evaluation of the available indexes is essential,
intending to validate the one delivering optimal agronomic performance for this crop (Baker, 2020).

Consequently, the objective was to employ the linear mixed model approach in conjunction with selection
indexes to estimate selection gains using different indexes and recommend the most suitable one for kale breeding.

Material and methods

Experimental design

The experiment took place between February and April 2019 at the Center of Development and Technology
Transfer of the Federal University of Lavras (UFLA) in Ijaci, Minas Gerais State, Brazil (21°10' S, 44°55' W, at
an elevation of 832 m). We evaluated thirty-four kale clones sourced from the UFLA germplasm bank.
Seedlings were derived from sprouts collected from "mother plants" and placed in 72-cell polystyrene trays, where
they remained in the greenhouse for 40 days. The study employed a randomized block design with three
replications, featuring four plants per plot. Row spacing was set at 1.0 m, with a 0.5 m gap between plants. Planting,
top-dressing fertilizations, and other cultural treatments adhered to crop recommendations (Trani et al., 2015).

Thirty days after planting, agronomic evaluations commenced, spanning five harvests conducted at
biweekly intervals. This number of harvests sufficed to assess the average performance of the genotypes (Brito
et al., 2019). Each harvest quantified total leaf yield (commercial leaf productivity) (Mg ha™'), number of
leaves, average leaf mass (g), and number of sprouts (removed after tallying) at the plot level. Commercial
leaves were defined as those exceeding 15 cm in length and devoid of pest damage or signs of senescence
(Azevedo et al., 2012). Simultaneously, chlorophyll content was measured using the ChlorofiLOG CFL1030
device (Falker).

Statistical Analysis

The dataset underwent analysis at both the plot average level and the mean quantity of the five harvests.
We confirmed the presence of genetic variability among kale genotypes through statistical analysis of mixed
models, employing the Likelihood Ratio Test (LRT) for all studied traits, following Henderson (1984):

Yij=n +Bi+Tj+e

where: Y;; represents the observed data, p denotes the fixed mean effect (intercept), with E(u) = p. Bi signifies
the block effect (fixed), T; represents the genotype effect (random), and &; indicates the error deviation
associated with Yy, with E(g;) = 0 and E(g%;) = 6%c. We assessed the significance of the mixed model analysis
through the LRT for testing random effects, while the approximate F-test was employed for fixed effects.

Direct selection gains were estimated for all traits in the direction of improvement, except for the trait
"number of sprouts,"” where lower values were deemed superior. The gain by direct selection was calculated
using the formula:

h? = (Genetic variance) / (Genetic variance + Environmental variance)

DS = Xs (Mean of the selected) — Xo (General mean)

GS = (DS x h?)

GS (%) = GS / Xo (phenotypic mean)
where: GS represents the expected selection gain, DS signifies the selection differential, and h? denotes the
heritability coefficient.

Additionally, we performed selection via the classical index (Smith, 1936; Hazel, 1943), Z-index (Mendes
et al., 2009), the sum of ranks index (Mulamba & Mock, 1978), and FAI-BLUP index (Rocha et al., 2018) for
the six kale traits. In all cases, the top ten ranked genotypes were selected to compute selection gains.
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Statistical analyses were conducted using R (R Core Team, 2021), employing the Ime4 package (Bates, Machler,
Bolker, &Walker, 2015), and the GENES program (Cruz et al., 2016). Venn diagrams were constructed using
the VennDiagram package (Chen & Boutros, 2011), and network diagrams were generated using the
CYTOSCAPE program (Shannon et al., 2003).

Results and discussion

Assessment of variability

The Akaike Information Criterion (AIC) was employed as a valuable tool to evaluate the model's fitting
quality. In Table 1, the significance levels reported are derived from the chi-squared test, determined using
the Likelihood Ratio Test (LRT). Notably, significant differences (p-value < 0.05) were observed among
genotypes for all the traits (Table 1). According to Neath and Cavanaugh (2012), when comparing two models,
if the difference between their AIC values is less than 10, it can be considered that there is no significant
difference between the adjusted models. In such cases, the "reduced model" is assumed, which excludes the
treatment effect.

Hence, the full model effectively accounted for the observed variation at the genotype level across traits,
including total leaf yield (TLY), number of leaves (NL), average leaf mass (ALM), number of sprouts (NS), and
chlorophyll content (CLF).

Table 1. Maximum likelihood ratio test for genetic variability among kale genotypes. Complete model (including treatment factor) and
reduced model (no treatment factor).

TLY
npar logLik AIC LRT Df p-value
Complete Model 5 -247.8 505.6
Reduced Model 4 -270.41 548.81 45.211 1 0.000001
NL
Complete Model 5 -1225.4 2460.7
Reduced Model 4 -1265.1 2538.3 79.532 1 0.0001
NS
Complete Model 5 -305.23 620.45
Reduced Model 4 -311.46 630.92 12.473 1 0.000001
ALM
Complete Model 5 -310.48 630.96
Reduced Model 4 -319.92 647.84 18.882 1 0.00003
CLF
Complete Model 5 -258.9 527.8
Reduced Model 4 -281.71 571.42 45.62 1 0.00008

*npar = number of parameters in the model; logLik = log-likelihood; AIC = Akaike information criterion; LRT = likelihood ratio test; Df =degrees of
freedom; TLY = total leaf yield; NL = number of leaves; NS = number of sprouts; ALM = average leaf mass; CLF = chlorophyll content.

The presence of genetic variability among genotypes is a fundamental prerequisite for achieving genetic
progress in breeding programs (Begna, 2021). This genetic diversity is pivotal as it provides the raw material
for selection, allowing for the improvement of desirable traits as generations advance.

Selection indexes

Direct selection for TLY yielded a substantial selection gain of 34.40% for the subsequent cycle (Table
2). This result surpasses the findings of Brito et al. (2020), who reported a selection gain of 21% for the
same trait. Additionally, direct selection for TLY led to the highest observed indirect gain for ALM at
18.21%. However, it resulted in a reduction in indirect gains for traits related to coloration, such as CFL
with a decrease of -1.22%. When conducting direct selection for TLY, it is crucial to consider the indirect
effects on other traits. While positive indirect gains are generally desirable, in the case of kale, they are not
favorable for NS, where a 4.97% increase is observed. This is because kale breeding programs require a
reduction in NS (Azevedo et al., 2015; Brito et al., 2020), making exclusive reliance on TLY for selection
inefficient for all traits.

Direct selection based on the best genotypes for NL resulted in a gain of 24.01%, but it also led to an
undesired gain of 11.85% for NS. This approach is less advantageous than direct selection based on TLY since
the indirect gain for TLY is reduced by 30% (24.18%) compared to TLY-based direct selection (34.40%).
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Selecting plants with the lowest NS indicated a significant 19.81% reduction in sprout numbers in the next
generation (Table 2). However, this selection also incurred indirect losses for all other traits. Reducing the
number of sprouts is particularly beneficial for commercial cultivars as it prevents lateral sprouting, ensuring
that producers continue to purchase seeds from the companies developing these genotypes (Azevedo et al.,
2012). In a study with kale progenies, Brito et al. (2020) found that direct selection for this trait can reduce
the number of sprouts by up to 28%.

Table 2. Average gains from direct selection (in bold) and gain values from indirect selection for the traits in each of the corresponding

rows.
Trat TLY NL NS ALM CLF
TLY 34.40 12.66 4.97 18.21 -1.22
NL 24.18 24.01 11.85 1.85 1.03
NS -6.66 -7.15 -19.81 -0.97 -4.27
ALM 29.31 4.85 0.09 20.87 -6.40
CLF -6.63 2.36 8.27 -9.32 7.66

TLY = total leaf yield; NL = number of leaves; NS = number of sprouts; ALM = average leaf mass; CLF = chlorophyll content. Values on the diagonals
represent the gain with direct selection for the trait in the line.

Direct selection of plants with higher values for ALM per plant provided a significant 20.87% increase for
the next generation. It also led to an indirect gain for TLY of 29.31% but showed only a minimal increase in
NS (0.09%). However, it resulted in a negative gain for CLF at -6.40% due to its association with lighter green
leaf color, as chlorophyll content is linked to green color (Taiz et al., 2017). Thus, direct selection for ALM
implies an indirect selection of productive genotypes for TLY (29.31%), as genotypes with larger average leaf
mass are inherently more productive in terms of total leaf yield. Therefore, evaluating leaf size individually
can effectively predict or select the most productive genotypes.

Direct selection based on CLF yielded an average gain of 7.66%. However, this gain was relatively low due
to the limited genetic variance of this trait. The reduced variability among genotypes results in lower genetic
gains (Kardos et al., 2021). Given its lower agronomic significance, direct selection for CLF is not
recommended. Nevertheless, knowledge of CLF remains important, as it serves as a qualitative standard for
hue in kale and aids breeders in ideotype selection.

In summary, direct selection for a single trait can lead to substantial gains in a few generations. However,
such specific selection may result in "losses" or undesirable gains in other traits of interest (Table 2). As a
result, it is advisable to conduct simultaneous selection of traits to ensure that favorable traits are selected in
a balanced and homogeneous manner. Selection indexes, with their diverse estimation methodologies, are
employed to achieve this balanced selection approach.

Smith and Hazel's index

According to Smith and Hazel's index ranking, the top-performing genotypes were identified as UFLA 32,
UFLA 02, UFLA 04, UFLA 20, UFLA 30, UFLA 24, UFLA 13, UFLA 05, UFLA 11, and UFLA 09.

However, it is important to note that Smith and Hazel's index resulted in an undesired gain of 5.45% for
the number of sprouts, which was the highest among all the indexes. Evaluating unwanted gains is a critical
aspect when assessing the quality of an index (Cruz et al., 2012). Thus, this index was not efficient in selecting
genotypes with favorable performance because the selection based on its estimation did not lead to a
reduction in the number of sprouts. Additionally, the selected genotypes showed unwanted losses in ALM (-
1.87%) and CLF (-0.36%) traits (Table 3).

Smith and Hazel's index is considered one of the simplest and most widely used indexes in breeding
programs due to its superior performance (Vieira et al., 2017; Barth et al., 2022; Hidalgo-Contreras, Salinas-
Ruiz, Eskridge, & Baenziger, 2021). It is particularly useful for selecting traits with a normal distribution, as
it assumes that the traits are independent and follow a normal distribution. However, one of its main
disadvantages is that it does not take into account the correlation between traits (Hazel, 1943). This means
that an individual can be selected based on its performance in a single trait, even if that trait is unrelated to
other important traits for breeding. Moreover, the classic index may result in the selection of individuals with
average performance across all traits rather than individuals with high performance in one or more specific
traits (Smith, 1936; Hazel, 1943).
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Table 3. Selection gains by the Smith and Hazel’s index, Mulamba and Mock’s index, Z-index, and FAI-BLUP’s index.

Chr Smith and Hazel's index Mulamba and Mock’s index
Xo Xs h2 %) GS GS %) Xs GS GS )
TLY 11.03 12.93 87.31 1.66 15.04 14.59 3.11 28.18
NL 467.95 566.60 93.73 92.46 19.76 525.30 53.75 11.49
NS 22.23 24.06 66.17 1.21 5.45 22.66 0.28 1.28
ALM 23.33 22.74 73.81 -0.44 -1.87 27.84 3.33 14.27
CLF 42.81 42.63 86.64 -0.16 -0.36 42.32 -0.42 -0.99

Chr Z index FAI-BLUP’s index

Xo Xs h2 %) GS GS %) Xs GS GS )
TLY 11.03 13.36 87.32 2.03 18.45 13.04 2.01 18.25
NL 468.00 510.83 93.72 40.14 8.58 500.06 32.06 6.85
NS 22.23 23.77 66.17 1.02 4.58 21.19 -1.04 -4.69
ALM 23.33 26.28 73.81 2.18 9.33 25.82 2.49 10.67
CLF 42.81 43.04 86.64 0.20 0.47 39.52 -3.29 -7.69

Chr = characteristic; h?«,= heritability; Xo = average; Xs = average of selected; GS = gain of selection; GS &= percentage of gain; TLY = total leaf yield; NL
= number of leaves; NS = number of sprouts; ALM = average leaf mass; CLF = chlorophyll content.

Mulamba and Mock's index

The selected genotypes using Mulamba and Mock's index were: UFLA 02, UFLA 29, UFLA 04, UFLA 20,
UFLA 23, UFLA 06, UFLA 09, UFLA 03, UFLA 14, and UFLA 13. These genotypes resulted in a selection gain of
1.28% for the number of sprouts (NS), which was lower than the gain achieved with Smith and Hazel's index.
However, this index provided a substantial gain for TLY of approximately 28%. This gain was only 20% lower
than the value observed with direct selection and almost twice the gain obtained with Smith and Hazel's index,
indicating better performance in selecting for TLY. For CLF, there was a negative gain (-0.99%), and for ALM,
there was a positive gain of 4.48%.

Mulamba and Mock's index is considered a simplistic method because it involves minimal mathematical
and algebraic resources. It is also a non-parametric method that does not assume a normal distribution of the
data (Mulamba & Mock, 1978). This makes it suitable for selecting traits with non-normal distributions and
is particularly useful for small sample sizes. One of the main advantages of Mulamba and Mock's index is its
robustness to outliers because it relies on the ranks of the traits rather than their raw values, making it widely
used in various applications (Beloti, Maciel, Juliatti, Finzi, & Cardoso, 2020; Ramos et al., 2022; Jesus, Passos,
& Diniz, 2023).

However, a notable disadvantage of both Mulamba and Mock's index and Smith and Hazel's index is their
inability to take into account the correlation between traits (Dalbosco et al., 2018). Several studies have
identified significant correlations between commonly evaluated traits in kale breeding programs (Meena,
Kale, & Meena, 2014; Azevedo et al., 2015; Brito et al., 2020). This limitation can affect the efficiency of these
indexes when used in kale breeding programs, as they may not consider the interdependencies between traits
that are important for selection.

Z-index of Mendes et al. (2009)

According to the Z-index of Mendes et al. (2009), the best-performing genotypes were UFLA 02, UFLA 29,
UFLA 09, UFLA 13, UFLA 12, UFLA 30, UFLA 14, UFLA 32, UFLA 18, and UFLA 19. This index resulted in a
selection gain of 18.45% for TLY, which was 35% lower than the gain achieved with Mulamba and Mock’s
index. Additionally, it provided a gain of 4.58% for the number of sprouts. However, the gains obtained for
ALM and NL were lower, with values of 10.67 and 6.85%, respectively.

The Z-index is a useful method for selecting traits with normal or non-normal distributions and can be
used to select individuals with high performance in one or more characteristics (Mendes et al., 2009). This
index is based on the standardization of variables, aiming to make them directly comparable by solving the
scaling problem.

Despite its utility, the Z-index has some disadvantages. It is more complex to calculate compared to the
simpler Smith and Hazel's index. It requires the calculation of the covariance matrix between traits, which
can be challenging when dealing with large sample sizes (Mendes et al., 2009). Additionally, the Z-index may
not be suitable for the selection of traits with weak correlations because it may lead to the selection of
individuals with average performance across all traits. Therefore, the applicability of the Z-index should be
considered in the context of the specific breeding program and the traits of interest.
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FAI-BLUP’s index

The best-performing genotypes identified by the FAI-BLUP's index were UFLA 14, UFLA 28, UFLA 03, UFLA
06, UFLA 09, UFLA 15, UFLA 19, UFLA 13, UFLA 05, and UFLA 04. This index resulted in a selection gain of
18.25% for TLY. However, it also led to a reduction of 5.8% in the number of sprouts (NS). Additionally, the
gains obtained for ALM and NL were lower, with values of 10.67 and 6.85%, respectively.

The FAI-BLUP index is considered a more sophisticated and accurate index compared to the Smith and
Hazel index and the Z-index. It uses the methodology of Best Linear Unbiased Prediction (BLUP) to calculate
the genetic value of individuals (Rocha et al., 2018; Casagrande et al., 2022; Al-Ashkar et al., 2023). This index
is useful for selecting traits with normal and non-normal distributions and takes into account the correlation
between traits (Rocha et al., 2018). However, the method presents a more complex approach to be calculated
than the previous indexes.

This index was the only one to promote simultaneous reduction for NS, demonstrating its efficiency in
recommending genotypes. This index also demonstrated satisfactory performance for the recommendation
of sorghum (Silva et al., 2018), chickpea (Sellami, Lavini, & Pulvento, 2021), and wheat (Meier, Marchioro,
Meira, Olivoto, & Klein, 2021).

Among all the genotypes recommended by the different indexes, only one genotype (UFLA 13) was ranked
among the top ten by all indexes (Figure 1A). Generally, the indexes that best approximated direct selection
for TLY were the Mulamba and Mock Index (MM) and the FAI-BLUP index. These indexes showed 60%
similarity in the selection of genotypes when considered together. However, when examining each method
separately, the FAI-BLUP index showed 50% similarity with the genotypes recommended by direct selection
for TLY, while the MM index showed 80% similarity.

UFLA 24
A DS B UFLA 11 f
1 \
i 0 UFLA 28 /SH
0 : >
01 ) 1 ; FALBLUI 7 5

} — UFEA 32 UFLA 18
FDA30
SH 0 2 /
2
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0
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Figure 1. Comparison among selected genotypes: (A) Venn diagram showing similarity between genotypes selected by various indexes
and (B) Network diagram illustrating relationships among genotypes selected by four evaluated indexes and direct selection for TLY. DS
= Direct selection; FAL.BLUP= FAI-BLUP index; IZ= Z-index; MM= Mulamba and Mock index; SH= Smith and Hazel index.

Notably, the performance of the Smith and Hazel index showed limitations, particularly in terms of TLY
and the undesirable increase in NS. This suggests that the Smith and Hazel index may not be the most suitable
choice for kale breeding programs.

On the other hand, the Mulamba and Mock index exhibited superior performance for TLY, indicating its
potential as a selection tool. However, it was associated with a limited gain in reducing the number of sprouts,
which could be a drawback depending on the breeding goals.

The Z-index, although successful in improving other crops like beans and rice (Mendes et al., 2009; Lima,
Abreu, Ferreira, & Ramalho, 2015), did not perform satisfactorily for kale, as it resulted in gains for NS and
suboptimal performance in terms of TLY.

In contrast, the FAI-BLUP index demonstrated its effectiveness by achieving a reduction in NS (-4.69%) while
also providing gains in TLY (Table 3). According to Brito et al. (2020), this is particularly relevant as NS is a crucial
consideration in kale breeding programs. The FAI-BLUP index appears to fulfill this demand effectively.

The superiority of the FAI-BLUP index is attributed to its ability to align with specific breeding objectives,
which include reducing the number of sprouts. However, the choice of the most suitable index should always
be tailored to the requirements of the breeding program and the priorities set by breeders.
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It is important to underscore the significance of minimizing the number of sprouts (Azevedo et al., 2014;
Brito et al., 2020) in kale breeding programs. High sprout numbers necessitate additional labor for removal,
and secondary branches can potentially reduce the availability of metabolites to the canopy, negatively
impacting leaf production (Taiz et al., 2017). Consequently, NS is a critical trait to consider in kale breeding
programs compared to chlorophyll content.

Conclusion

The FAI-BLUP index demonstrates great promise as a methodology for application in kale breeding
programs. Notably, it exhibits the ability to effectively manage and, in some cases, reduce undesired traits,
such as the number of sprouts, while simultaneously generating positive improvements in traits of interest.
Consequently, the FAI-BLUP index emerges as a valuable and practical tool for enhancing the genetic
potential of kale genotypes.
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