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The objective was to estimate (co)variance functions using random regression models (RRM) with Legendre polynomials, B-spline
function and multi-trait models aimed at evaluating genetic parameters of growth traits in meat-type quail. A database containing
the complete pedigree information of 7000 meat-type quail was utilized. The models included the fixed effects of contemporary
group and generation. Direct additive genetic and permanent environmental effects, considered as random, were modeled using
B-spline functions considering quadratic and cubic polynomials for each individual segment, and Legendre polynomials for age.
Residual variances were grouped in four age classes. Direct additive genetic and permanent environmental effects were modeled using
2 to 4 segments and were modeled by Legendre polynomial with orders of fit ranging from 2 to 4. The model with quadratic B-spline
adjustment, using four segments for direct additive genetic and permanent environmental effects, was the most appropriate and
parsimonious to describe the covariance structure of the data. The RRM using Legendre polynomials presented an underestimation of
the residual variance. Lesser heritability estimates were observed for multi-trait models in comparison with RRM for the evaluated ages.
In general, the genetic correlations between measures of BW from hatching to 35 days of age decreased as the range between the
evaluated ages increased. Genetic trend for BW was positive and significant along the selection generations. The genetic response to
selection for BW in the evaluated ages presented greater values for RRM compared with multi-trait models. In summary, RRM using
B-spline functions with four residual variance classes and segments were the best fit for genetic evaluation of growth traits in meat-
type quail. In conclusion, RRM should be considered in genetic evaluation of breeding programs.
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Implications

The use of random regression models (RRM) utilizing B-spline
functions can be an option to estimate genetic parameters
for BW at distinct ages in meat-type quail, since these models
present less issues when compared with Legendre poly-
nomials. However, few studies applied RRM using B-spline
functions to estimate genetic parameters for growth traits.
The results obtained herein demonstrate that RRM using
B-spline functions estimated variances and heritability
estimates more appropriately. Therefore, these models
provide a lower time for convergence, as well as less com-
putational use in comparison with Legendre polynomials
or multi-trait analysis.

Introduction

For several years, quail selection in Brazil aimed only at egg
production and no commercial breeding program for meat-type
quail was available. In this way, inadequate selection provides
problems related to inbreeding resulting in reductions in pro-
ductive traits (Caron et al., 1990; Toelle et al., 1991; Marks,
1996; Minvielle, 1998). In this scenario, the genetic material of
less productive potential becomes a problem when selection is
focused on productive traits. Thus, when selection of economic-
interest traits is based on a directed breeding program, changes
on growth caused by the selection itself are more accurate and
precise (Khaldari et al., 2010; Karaman et al., 2014).
The selection of meat-type quail has been directed for BW

since growth traits are of great importance, and it is easy to
be measured (Barbieri et al., 2015; Buzała et al., 2015).† E-mail: paulo.martins@ifnmg.edu.br
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In addition, the selection for BW responds quickly and has a
correlated response specially with carcass traits (Khaldari
et al., 2010; Karaman et al., 2013; Mota et al., 2015b; Firat
et al., 2016; Narinç et al., 2016). It is noteworthy to mention
that the response to selection may be different when
evaluating male or female quail (Alkan et al., 2009).
Several models have been used for genetic evaluation in

breeding programs to evaluate repeated measurements on
animals. Random regression models have been proposed as
an alternative to genetic evaluate animals to assess long-
itudinal data more accurately (Schaeffer, 2004; Albuquerque
and El Faro, 2008; Boligon et al., 2011 and 2012). In addi-
tion, these models are a way of modeling the variances and
covariances along a time period (Meyer, 2000, 2004 and
2005a). The RRM consider that the genetic and environ-
mental effects associated with an animal are estimated as
growth trajectory deviations of each animal relative to the
average growth trajectory (Schaeffer, 2004). In contrast to
the multi-trait models that provide predictions for specific
points or ages, the RRM allow the prediction of breeding
values for the growth curve as a whole, for each desirable
age and for growth curve functions (Albuquerque and
El Faro, 2008).
The RRM are usually modeled using orthogonal Legendre

polynomials, but other functions can be used as the spline
functions, which use various segmented polynomials of
low degree joined together in certain positions to model
the curve (Huisman et al., 2002), reducing the number of
estimated parameters in RRM analyses. Considering the
aforementioned, the objective was to estimate covariance
functions for direct genetic and permanent environmental
effects, and subsequently obtaining genetic parameters for
growth traits in meat-type quail, using RRM with Legendre
polynomials and B-spline functions, in addition to obtain
trends and genetic gains.

Material and methods

Data
A database containing the complete pedigree information of
7000 meat-type quail with a total of 40 987 BW records
measured at hatching (day 0), 7, 14, 21, 28 and 35 days of
age was utilized. The data utilized in this study are from a
meat-type quail (Coturnix coturnix) strain (LF1) that pertain
to the Quail Breeding Program of the Federal University of
Jequitinhonha and Mucuri Valleys (‘Universidade Federal dos
Vales do Jequitinhonha e Mucuri’). In brief, the LF1 strain
was derived from a commercial flock of which 200 sires and
400 dams (the heaviest quail) were selected and randomly
mated for three generations. The LF1 strain was then
established. After establishment, mating continued and the
LF1 strain utilized in the present study was in the 8th gen-
eration focusing on BW selection.
Contemporary groups were established including animals

of the same generation, hatching and sex. All quail utilized in
the present study were derived from hens of the same age.
Analyses of data consistency and environmental effects for

each trait were performed using the R software (R Develop-
ment Core Team, 2015). When editing the data, animal
records which were 3 SD above or below the average were
excluded. Only animals with at least four records for BW and
that pertained to a contemporary group with at least five
individuals were kept for analysis. A summary of the data file
composition after analysis consistency is depicted in Table 1.

Analyses
Models used to estimate genetic parameters included the
direct genetic and permanent environmental effects as the
random effect, and residual effects. Contemporary group
were included as fixed effects. Hen was not considered as
fixed effect because all quail utilized in the present study
were derived from hens of the same age. Data were analyzed
through animal model using random regression. Fixed and
random regressions were represented by continuous func-
tions in which animal age was fitted by orthogonal Legendre
polynomials and by B-spline functions:

y =Xb +Z1a +W1pe + ϵ

in which y is the vector of observations, b the vector of fixed
effects, a the vector of random coefficients for additive direct
effects, pe the vector of random coefficients for permanent
environmental effects, ɛ the vector of residual effects and
X, Z1, and W1 are the corresponding incidence matrices to
the fixed and random effects. The model was based on the
following assumptions:

E=

y

a

pe

2
64

3
75=

Xb

0

0

2
64

3
75;

V=
a

pe
ϵ

2
4

3
5=

Ka � A 0 0

0 Kpe � INA 0

0 0 R

2
64

3
75

in which Ka and Kpe are (co)variance matrices between
random regression coefficients for additive direct and
permanent environmental effects, respectively. A is the
relationship matrix, I is an identity matrix, NA the number of

Table 1 Structure of the dataset utilized in the genetic evaluation of
meat-type quail

Trait
Number of
animals

Number
of sires

Number
of dams

Number of
contemporary

groups

BW
Day 0 (at
hatching)

7500 454 900 21

Day 7 6579 420 759 19
Day 14 6800 453 798 20
Day 21 6555 418 761 19
Day 28 6780 451 839 20
Day 35 6773 453 880 20

Mota, Martins, Littiere, Abreu, Silva and Bonafé

668



animals which records are available, � the Kronecker pro-
duct between matrices and R is a block diagonal matrix
containing residual variances. Correlations between random
regression coefficients for the different effects were set to 0.
The B-Spline function can be defined according to Meyer

(2005a) as base functions of degree P = 0 assuming values
of unit to all points in a given interval; otherwise, the value
is 0. Quadratic (Q) and cubic (C) polynomials were considered
for each individual segment of the base functions of degree
P = 2 and 3, respectively. Polynomials of the same degree
were included in the model for all random effects. The
m knots were chosen to divide the age in which animals were
evaluated considering m− 1 intervals equally spaced and
the external knots were located on days 0 and 35. Direct
additive genetic and permanent environmental effects were
modeled using 2 to 4 segments.
A multi-trait analysis was also performed using a finite

dimension model for BW at hatching, 7, 14, 21, 28 and 35 days
of age. The model for all traits included the direct additive and
residual effects as random effect. In addition, contemporary
group and generation were included as fixed effects.

Covariance components
The covariance components and genetic parameters of the
models were estimated by the restriction maximum like-
lihood method using the AIREML algorithm of the Wombat
statistical package (Meyer, 2006). Direct additive genetic
variances for BW at different ages σ̂2ai

� �
were obtained

considering

σ̂2ai = f ′iΛAfi

in which f ′i is the vector of covariates corresponding to the
B-spline functions of age in days, and ΛA is the matrix of
direct additive genetic covariance between random regres-
sion coefficients. The genetic variances for the permanent
environmental effects were obtained in a similar manner
replacing ΛA by ΛPE which is the matrix for the permanent
environmental effects between the random regression
coefficients.
The residual variances σ̂2ei

� �
were considered to change

according to age (described by four age classes). Thus, direct
heritability of BW at different ages h2

ai

� �
was calculated

using the equation:

h2
ai =

σ̂2ai
�
σ̂2f
; in which σ̂2f = σ̂2ai + σ̂

2
pei + σ̂

2
ei

The same aforementioned equation was used to estimate
the permanent environmental effect (pei 2) as a proportion of
total phenotypic variances, replacing the numerator of this
equation by σ̂2pei (Meyer, 2001; Mrode, 2005).

Comparison of models
Models with different polynomial order were compared using
the Akaike information criterion (AIC; Akaike, 1974) and the
Schwarz-Bayesian information criterion (BIC; Schwarz,
1978). The AIC and BIC consider the lack of fit and the
number of parameters estimated in the model. The AIC can

be used to compare models including the same fixed effects
but with different variance structures whereas the BIC
provides a similar assessment except that it attributes a
higher penalty to models containing a greater number of
parameters than the AIC. Statistical criteria were calculated
as follows:

AIC=�2 log L + 2p

BIC=�2 log L +p log N�rð Þ
in which p is the number of parameters in the model, N the
total number of observations, r the rank of the incidence
matrix for the fixed effects in the model and log L is the
logarithm of the likelihood function.
The results from the B-spline functions were compared

with the best model obtained by random regression by using
the orthogonal Legendre polynomials for the direct additive
genetic and permanent environmental effects. The same
fixed effects were considered for all RRM. In addition to the
comparison of genetic parameters obtained through analysis
of random regression and multi-trait models, direct respon-
ses to selection were predicted. In order to estimate the
direct response to selection, it was used a selection intensity
of 4% for males and 8% for females, and the following
equation was used to estimate the direct responses to
selection:

GSx =h2
x ´ ix ´ σp

in which GSx is the gain with the selection for the trait x, h2
x

the heritability of the trait x, ix the selection intensity for the
trait x and σp the phenotypic SD of the trait x.
The models’ names utilized in this study were LEG, BSC

and BSQ referring to models that utilized the Legendre
polynomial, cubic B-spline and quadratic B-spline functions,
respectively. Following the model name, there are two
numbers: the first one corresponds to the residual variance,
and the second one, to the degree of the polynomial (for the
LEG models) and to the function (for the BSC and BSQ
models).

Results and discussion

Descriptive statistics
The greatest number of measurements in the evaluated
strain was for BW at hatching (Table 2). We observed little
reduction in the other BW measurements, with values ran-
ging from 93.9% to 96.86% of records remaining for the BW
measured at day 35. These losses were because of mortality
and tag losses from quail throughout their growth period.
The BW increased over the age, with a decrease in the

growth rate after 28 days of age (Table 2). A similar pattern
was reported by Rezvannejad et al. (2013). The average
value for BW measured at 35 days of age was lesser than
what reported by Silva et al. (2013) who evaluated meat-type
quail. These differences in BW occur because of the
differences of selection criteria between breeding programs.
Thus, differences in performance of meat-type quail
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genotypes reflect genetic differences which may be a result
of the number of selection generations, the selection inten-
sity and nutritional level employed by the different breeding
programs (Mota et al., 2015a and 2015b). The SD presented
higher values as the age advances. The CV were close
throughout the evaluation period, demonstrating an asso-
ciation between the BW average and the SD. The CV values
reported by Barbieri et al. (2015) were similar those found in
the current study.

Comparison of models
Both information criteria used to compare models (AIC and
BIC) indicated that model BSQ44 best fitted the data struc-
ture. The Table 3 summarizes the results of the models’
comparison using the logarithm of the likelihood function
(log L), BIC and AIC obtained for the models used to define
the best variance structure of residual variances, and the
orders of fit for additive genetic and permanent environ-
mental effects. The number of parameters ranged from 7 to
25 in the evaluated models. Models’ evaluation criteria
improved with the increase of the number of parameters for
each evaluated model and residual variance class. However,
the Legendre polynomials that considered variance homo-
geneity did not show this comportment. These results
indicate a different behavior of the variance parameters for
BW over the evaluated period, which requires a structure of
heterogeneous variance to model such time dependency.
Bonafé et al. (2011) and Gonçalves et al. (2012) reported
best data adjustment quality when utilizing the Legendre
polynomial of sixth-order to evaluate BW of meat-type quail.
We observed that the best adjustment to the structure of the
components and (co)variances was obtained when poly-
nomials of fourth-order and with four classes of residual
variance were employed, showing lesser log L, BIC and AIC
values, compared with models that considered homogeneity
and smaller variances.
Among the evaluated models used to estimate the genetic

parameters for quail BW, the model which considered
quadratic B-spline functions with four classes of residual
variance was the one that best fitted the average trajectory
of growth (Table 3). According to Meyer (2005a), when using
the B-spline functions, it is possible to adjust low-degree
polynomials in short segments of the trajectory of growth

Table 2 Descriptive statistics for the data utilized in analyses of meat-type quail

Trait Number of observations Average SD CV (%) Minimum Maximum P-value1

BW (g)
Day 0 (at hatching) 7000 9.3 0.95 10.24 6.3 11.5 0.0102
Day 7 6579 31.3 6.14 19.64 20.0 49.9 <0.00001
Day 14 6800 76.4 14.77 19.33 50.1 122.6 <0.00001
Day 21 6555 131.5 23.45 17.84 90.1 208.7 0.00001
Day 28 6780 185.6 29.93 16.13 120.1 281.6 0.00016
Day 35 6773 231.6 28.58 12.34 169.3 321.7 <0.00001

1P-value referring to fixed effect (contemporary groups).

Table 3 Comparison of models by likelihood logarithm (log L),
Bayesian Information Criterion (BIC) and Akaike Information Criterion
(AIC) for meat-type quail

Model Ka Kpe r NP log L BIC AIC

LEG12 2 2 1 7 −945.58 1922.65 1905.17
LEG13 3 3 1 13 −873.56 1805.58 1773.11
LEG14 4 4 1 21 −898.99 1892.43 1839.98
LEG22 2 2 2 8 −921.48 1878.94 1858.96
LEG23 3 3 2 14 −841.62 1746.21 1711.25
LEG24 4 4 2 22 −811.57 1722.08 1667.13
LEG32 2 2 3 9 −896.58 1833.64 1811.17
LEG33 3 3 3 15 −776.24 1619.94 1582.48
LEG34 4 4 3 23 −768.96 1641.37 1583.93
LEG42 2 2 4 10 −871.74 1788.45 1763.47
LEG43 3 3 4 16 −774.18 1620.32 1580.37
LEG44 4 4 4 24 −741.85 1591.64 1531.71
BSQ12 2 2 1 7 −1052.30 2136.08 2118.60
BSQ13 3 3 1 13 −863.25 1784.97 1752.50
BSQ14 4 4 1 21 −834.49 1763.42 1710.98
BSQ22 2 2 2 8 −1022.63 2081.24 2061.26
BSQ23 3 3 2 14 −844.81 1752.58 1717.62
BSQ24 4 4 2 22 −807.90 1714.75 1659.81
BSQ32 2 2 3 9 −999.13 2038.74 2016.26
BSQ33 3 3 3 15 −858.78 1785.01 1747.56
BSQ34 4 4 3 23 −738.81 1581.06 1523.62
BSQ42 2 2 4 16 −939.52 1950.99 1911.04
BSQ43 3 3 4 23 −772.52 1648.48 1591.04
BSQ44 4 4 4 25 −732.66 1577.76 1515.33
BSC12 2 2 1 7 −1544.30 3120.08 3102.60
BSC13 3 3 1 13 −1037.90 2134.27 2101.80
BSC14 4 4 1 21 −834.77 1763.98 1711.54
BSC22 2 2 2 8 −5016.10 10 068.10 10 048.10
BSC23 3 3 2 14 −1004.50 2072.01 2037.05
BSC24 4 4 2 22 −8452.70 17 004.40 16 949.40
BSC32 2 2 3 9 −1507.20 3054.89 3032.41
BSC33 3 3 3 15 −980.44 2028.33 1990.87
BSC34 4 4 3 23 −798.14 1699.72 1642.28
BSC42 2 2 4 16 −941.42 1954.79 1914.84
BSC43 3 3 4 23 −750.03 1603.50 1546.06
BSC44 4 4 4 25 −742.03 1596.50 1534.06
Multi-trait – – – 42 −2732.773 5654.43 5549.55

ka = order of the covariance function to the direct additive effect;
kpe = order of the covariance function to permanent environmental effects;
r = number of classes for residual variances; NP = number of parameters;
LEG = Legendre polynomial; BSQ = quadratic B-spline functions; BSC = cubic
B-spline.
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and, thus, to be more flexible when adjusting for seasonal
fluctuations of animals’ growth.

Estimates of variance components
Phenotypic, direct additive genetic, and permanent environ-
mental variances estimated by the models BSQ44 and LEG44
showed similar behavior until day 28, even increasing
segments or the polynomial order (Figure 1). It should be
highlighted that, in the case of B-spline functions, the best
data adjustment depends on the order of segments to model
the data structure, with issues especially when the data is
irregularly distributed. The RRM, by considering the changes
in the average and in the variance of the trait at different ages,
as well as estimating the covariance between the points of the
trajectory using covariance functions, allow to accurately
model the covariance structure of the trait in comparison with
multi-trait models (Meyer, 2004 and 2005b).
The RRM using B-spline functions seem to be a valuable

tool for estimating genetic parameters for growth traits in
meat-type quail, being directly comparable with those
obtained in multi-trait analysis when knots are specified in
standard age.
We observed that the genetic variances increased until day

28 and decreased at day 35 (Figure 1). Similar results were
reported by Akbaş et al. (2004), Dionello et al. (2008) and
Bonafé et al. (2011). These authors observed that the
variances also presented a trend to increase with age. The
LEG44 model, on the other hand, presented a reduction of
the residual variance at day 35 trending near 0 (Figure 1).
According to Meyer (2005b), high-order Legendre poly-
nomials attribute too much emphasis on the range extremes’
information, resulting in unrealistic estimates of the (co)
variances components of these extremes and difficulties in
adjusting the uniformity along the curve. These results indi-
cated that the inclusion of random regression coefficients for
these effects allowed differentiating the estimated variances

along the growth trajectory, evidencing those continuous
functions must be employed to model them. When using
RRM with different types of polynomials, an increase in
variance estimates occurs for the permanent environmental
effect according to age, being more pronounced at the end of
the curve (Akbaş et al., 2004; Dionello et al., 2008; Bonafé
et al., 2011; Gonçalves et al., 2012). The variance of the
permanent environmental effect presented an increasing
behavior along the curve from hatching to day 35. Similar
values were reported by Bonafé et al. (2011) and Gonçalves
et al. (2012) whose estimates, considering the heterogeneity
of variance, were increasing until day 35 with further
reduction at day 42.

Heritability
Heritability estimates throughout the growth of quail differed
in regards to the RRM using B-spline functions and Legendre
polynomials in comparison with multi-trait models (Figure 2).
At the beginning of the curve, the estimated heritability for
the direct additive genetic effects obtained with residual
variance as heterogeneous using RRM with Legendre
showed the same trend that those estimated using B-spline
functions, but the results obtained from the multi-traits
models were lower. Except for the beginning of the evalua-
tion period, the heritability estimates obtained for the direct
additive genetic effects showed similarity between the dif-
ferent evaluated models. As a comparison, Resende et al.
(2005) reported lesser values of heritability estimates com-
pared with what obtained in the present study (considering
multi-trait or RRM); these authors considered multi-trait
models with values ranging from 0.33 to 0.48 for BW from
hatching until 28 days of age. Gonçalves et al. (2012) poin-
ted out that heritability decreased along the growth curve,
ranging from 0.51 (day 1) to 0.16 (day 42). As the age
increased, heritability estimates decrease as reported by Silva
et al. (2013) who evaluated meat-type quail using multi-trait

Figure 1 Estimates of the direct additive genetic σ2a
� �

, permanent environmental σ2pe

� �
, residual σ2e

� �
and phenotypic σ2p

� �
variances components

obtained from LEG44 (□) and BSQ44 (◊) models, and by multi-trait analysis (Δ). LEG = Legendre polynomial; BSQ = quadratic B-spline functions.
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model; these authors obtained values varying from 0.53 at
hatching to 0.25 at day 42. Narinç et al. (2010) reported
similar heritability values in Japanese quail for BW at
hatching and from 1 to 5 weeks of age. The same group of
researchers estimated in another study a heritability value of
0.36 for BW at 35 days in Japanese quail (Narinc et al.,
2014). Karaman et al. (2014) reported a lesser heritability
estimate for BW at 42 days of age (0.48) than what was
found in the present study for BW at 35 days of age. These
values were lesser when compared with those estimated by
RRM in the present study and greater than the estimated by
the multi-trait model.
Estimates of permanent environmental variance as a pro-

portion of phenotypic variance showed different behavior for
RRM using B-spline functions compared with Legendre
polynomials (Figure 2). The permanent environmental var-
iance using Legendre polynomials increased from hatching
(0.02) to day 7 (0.34), with a reduction at day 14 and then
tended to increase until day 35, exhibiting fluctuations when
compared with B-spline functions. The permanent environ-
mental effect in this study increased from hatching (0.01)
until day 35 (0.35) indicating that these effects were

important at older ages (Figure 2). However, the inclusion of
permanent environmental effect contributes for a better
distribution of the variance which resulted in more accurate
estimates of breeding values. Moreover, the non-inclusion of
these effects could overestimate the direct additive variance
and consequently the breeding values, resulting in less
genetic gain than the expected because of the inaccuracy of
the model to estimate the breeding value of quail.

Genetic correlations
The genetic and permanent environmental correlations
estimated between BW at hatching until day 35 days using
B-spline functions were of medium to high magnitude
(Table 4). Genetic correlations decreased with the increase of
the distance between BW measurements, and the greatest
correlations were obtained at adjacent ages. Genetic corre-
lations above 0.60 suggest that selection for BW can change
the adult BW in the same direction. Therefore, adult BW
would be subjected to large increases as a result of selection
for heavier BW earlier, such as at days 21 and 28. In this
manner, these traits could receive greater emphasis on
selection index to select quail with heavier BW at a younger
age. Our results are consistent with those reported by Bonafé
et al. (2011), Dionello et al. (2008) and Gonçalves et al.
(2012) who reported high genetic correlation from day 7.
On the same way, Sezer (2007) also reported high genetic
correlation between not only successive but also early and
late weightings and suggested that selection for final BW
could be based on early BW measures. The permanent
environment correlations were in general similar to genetic
correlations. This suggests a strong importance of the per-
manent effect between the BW from hatching until day 35
and also indicates that permanent environmental factors that
affect at younger ages also affect BW at adjacent age.

Genetic trend
Genetic trend of BW at hatching had low variation among
generations, which indicates that quail selection for heavier
BW did not affect BW at hatching (Figure 3). Genetic trend of
BW measured at days 7, 14, 21, 28 and 35 had a significant
linear increase (P<0.001) between the 1 and 8 generations
with expected increases of 0.59, 3.71, 5.92, 9.61 and
10.71 g/generation, respectively. In general, genetic trends
of quail BW increased over the generations with little fluc-
tuations in some years. The low values for genetic trends

Figure 2 Direct heritability h2
a

� �
and permanent environmental pe2

� �
variance estimates as a proportion of total phenotypic variance obtained
with models LEG44 (□), BSQ44 (◊) and by multi-trait analysis (Δ).
LEG = Legendre polynomial; BSQ = quadratic B-spline functions.

Table 4 Estimates of direct additive genetic (below the diagonal) and permanent environment (above the diagonal) correlations between BW from
hatching to day 35 obtained from the BSQ44 model. Values within parenthesis are the SD

BW at day 0 (hatching) BW at day 7 BW at day 14 BW at day 21 BW at day 28 BW at day 35

BW at day 0 (hatching) – 0.47 (±0.017) 0.44 (±0.027) 0.42 (±0.015) 0.35 (±0.011) 0.30 (±0.015)
BW at day 7 0.70 (±0.091) – 0.72 (±0.004) 0.60 (±0.008) 0.58 (±0.068) 0.55 (±0.011)
BW at day 14 0.65 (±0.046) 0.98 (±0.005) – 0.78 (±0.005) 0.65 (±0.006) 0.60 (±0.008)
BW at day 21 0.62 (±0.038) 0.94 (±0.003) 0.99 (±0.037) – 0.85 (±0.003) 0.75 (±0.008)
BW at day 28 0.55 (±0.039) 0.87 (±0.006) 0.98 (±0.008) 0.98 (±0.001) – 0.85 (±0.019)
BW at day 35 0.59 (±0.042) 0.84 (±0.016) 0.83 (±0.017) 0.86 (±0.013) 0.92 (±0.007) –
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between the first and third generations can be explained by
the beginning of directional selection for BW. The increase
of the breeding value per generation expected from the
fourth generation occurred because of the higher selection
intensity for BW.

Selection response
The genetic response to selection for BW in the evaluated
ages had greater values for the RRM compared with multi-
trait models (Figure 4). These results reflect higher responses
to BW selection using RRM. In the same way, the use of
B-spline functions and Legendre polynomials showed similar
responses until day 28. However, we observed a reduction of

genetic response at day 35 when using RRM with Legendre
polynomials. This behavior may have been affected by the
genetic variance behavior estimated by this model.
The effect of the genetic gain based on age increased

until day 28 proving that there is an effectiveness of selection
aimed at BW in the breeding program. There was a tendency
of increasing the breeding value of quail for BW at day 28
and this tendency can be attributed to the genetic gain
obtained through selection (focused for heavier BW),
which is performed at day 28. Thus, the selection response
is more pronounced (with great gains intensity) on this
trait compared with BW at hatching, although there
is a considerable increase in the breeding values of the
correlated trait.
In conclusion, RRM using B-spline quadratic function with

four residual variance classes and four segments was the one
that best adjusted the growth trajectory in meat-type quail.
Genetic trends predicted for BW indicated that positive
changes are occurring throughout the generations. In addi-
tion, the use of B-spline functions provided greatest genetic
response for BW selection.
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