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Abstract Sugarcane breeders in Australia combine data

across four selection programs to obtain estimates of

breeding value for parents. When these data are combined

with full pedigree information back to founding parents,

computing limitations mean it is not possible to obtain

information on all parents. Family data from one sugarcane

selection program were analysed using two different genetic

models to investigate how different depths of pedigree and

amount of data affect the reliability of estimating breeding

value of sugarcane parents. These were the parental and

animal models. Additive variance components and breeding

values estimated from different amounts of information

were compared for both models. The accuracy of estimating

additive variance components and breeding values

improved as more pedigree information and historical data

were included in analyses. However, adding years of data

had a much larger effect on the estimation of variance

components of the population, and breeding values of the

parents. To accurately estimate breeding values of all sug-

arcane parents, a minimum of three generations of pedigree

and 5 years of historical data were required, while more

information (four generations of pedigree and 7 years of

historical data) was required when identifying top parents to

be selected for future cross pollination.

Introduction

Parental selection is one of the most crucial steps to

improve genetic gain in any breeding program. Breeding

value (BV) is commonly used to measure the potential of an

individual as a parent (White and Hodge 1989), and pre-

dicting it is one of the primary objectives of many breeding

programs. The prediction of BV is affected directly by

the estimation of variance components, especially the

estimate of additive variance (Falconer and Mackay 1996).

Thus, advances in genetic gain in a breeding program are

functions of the accuracy of both genetic parameters and

BVs.

Restricted Maximum Likelihood (REML) and Best

Linear Unbiased Prediction (BLUP) methodology are

regarded as one of the best tools to obtain reliable estimates

of variance components and estimated BVs in animal and

plant breeding where data are typically unbalanced (Meyer

1991). BLUP methodology is used routinely in animal

breeding for estimating BV of individuals and, in recent

years, has been more widely adopted in plant breeding

(Davik and Honne 2005; Durel et al. 1998; Furlani et al.

2005; Oakey et al. 2006, 2007; Purba et al. 2001; Wei and

Borralho 2000). Piepho et al. (2008) reviewed develop-

ments in the application of BLUP in plant breeding,

including the use of pedigree information to exploit genetic

correlations among relatives. They demonstrated that the

use of BLUP, including pedigree information to estimate

BV, has good predictive accuracy compared with other
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procedures such as BLUP without pedigree information

and the once-popular Additive Main Effect Multiplicative

Interaction (AMMI). This was also demonstrated by Wei

and Borralho (2000), Purba et al. (2001) and Furlani et al.

(2005), where BLUP was superior to older methods of

selection. This superiority is due to the ability of BLUP to

use information from individuals by exploiting genetic

correlations arising from the pedigree. The most common

approach of including pedigree information involves the

use of the numerator relationship matrix computed from

the coefficient of coancestry (Henderson 1984).

Calculation of the coefficient of coancestry is based on

several assumptions, including that: pedigree information

of parents is detailed and accurate; the base populations of

ancestors are unrelated; and effects of selection, mutation

and genetic drift are negligible (Piepho et al. 2008).

However, these assumptions do not hold for many animal

and plant breeding programs. Often parents are genetically

related, the knowledge of genetic relationships among

parents is inaccurate, or the relationship among parents and

families is unknown. Not including complete records back

to the base population (Mehrabani-Yeganeh et al. 1999),

errors in pedigree (Ericsson 1999; Long et al. 1990;

Visscher et al. 2002), or ignoring pedigree information

completely (Durel et al. 1998) can result in underestimated

and biased estimates of additive variance and BVs, and

hence, a reduction in potential genetic gain. However, the

effects of different levels of pedigree structure on the

estimation of BVs do not appear to have been investigated

in plants.

Knowledge of the impact of pedigree structure on

additive variance estimates and BV may be of interest to

many plant breeders, as complete records are often not

available, or inclusion of all records in models may become

computationally demanding. Therefore, determination of

the minimum level of pedigree information required for

reliable genetic evaluation is of interest to many animal

and plant breeders, and in particular to sugarcane breeders

in Australia.

The BSES-CSIRO Plant Improvement program operates

four regional selection programs to develop new sugarcane

varieties for the Australian sugar industry. To assess the

breeding potential of sugarcane parents, BSES intends to

combine information from family trials from all four

selection programs to more accurately predict BVs of

parents in the breeding population. However, combining all

available information from four selection programs,

including pedigree information for over 3,200 parents,

poses logistical issues due to computing limitations of

estimating BVs of all parents in the pedigree. It is, therefore,

important to consider what impact different amounts of data

and pedigree information have on estimating BVs of sug-

arcane parents so that optimal methods can be chosen.

To investigate this, family data from one sugarcane

selection program was used to examine how different

depths of pedigree affect estimates of additive variance

components and BVs for one trait using two different

genetic models. Knowledge of the magnitude of the effect

of different depths of pedigree on estimates of BV, and

how the selection of top parents differs, will be used to

optimise the methods used in the future evaluation of

sugarcane parents. This is particularly valuable if compu-

tational limitations mean that simpler models or reduced

data sets must be used to allow a combined analysis of all

programs. Here, we investigate the effect of using different

amounts of historical data and pedigree structure on esti-

mation of additive genetic variance and BV evaluation in a

sugarcane breeding program.

Materials and methods

Experimental details

We used sugarcane family trials (i.e. Progeny Assessment

Trials, PATs) from the Southern BSES selection program,

established as part of the BSES-CSIRO Plant Improvement

program in Queensland, Australia. Data were available

from 10 years of PATs, from 1996 to 2005 at BSES

Bundaberg, Australia (latitude 24�450S). A total of 241,520

seedlings from 2,318 families were grown in 20 trials over

this 10-year period (Table 1). The number of families

grown each year varied from 233 to 411 full-sib families

(Table 2) and was a mixture of proven (i.e. progeny had

performed well in the past) and experimental (or untested)

combinations. Two trials were planted each year containing

mostly the same families, and hence, female and male

parents. However, due to limitations in land availability,

and for ease of management, some trials were comprised

two or more sub-trials (Table 1). These sub-trials were

connected by proven families and/or common parents.

The number of families in common across years varied

greatly, 0–27% (Table 2), as a result of sparse and unre-

liable flowering and poor pollen fertility in sugarcane

breeding (Berding and Skinner 1987). Nevertheless, there

was considerably greater connectivity across years among

the parents (Table 2).

Trials were laid out as a rectangular array of rows and

columns using a randomised complete-block design with

two replicates of each family. For each trial, families were

planted as seedlings in a single-furrow plot 12.6 m long

with a furrow spacing of 1.5 m, except for trials planted in

2002 where plots were 11.44 m long. Each family plot

contained on average 20 individual seedlings with an intra-

row spacing of 0.6 m. There were no guard rows planted

between the family plots.
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After approximately 12 months of growth, each plot was

assessed for commercial cane sugar (CCS) expressed as a

percentage of recoverable sucrose on a fresh weight basis,

and cane yield (tonnes cane per hectare, TCH). TCH was

assessed on a plot-mean basis by weighing all 20 seedlings

per plot as a family unit. CCS was also assessed on a plot-

mean basis, but only eight randomly chosen seedlings were

measured per family plot. Here, we consider only data on

CCS, because interplot competition is known to substan-

tially affect the estimation of TCH in sugarcane (Stringer

and Cullis 2002), and a method to model competition when

combining data across trials has not been fully developed.

Trial data were combined to form ten different data sets,

each with different years of data represented. The first data

set contained only the 2005 trials (i.e. the most recent trial

data). The second data set contained 2 years of data, i.e.

2005 and 2004. Each subsequent data set included the next

year of trials, so that the last data set contained data from

all 10 years of trials planted from 1996 to 2005.

BSES also has access to reliable pedigree information

(Wei et al. 2006) for most modern sugarcane parents back

to their founding populations (Roach 1989) when original

crosses were made in the 1890s (Bremer 1961). This

information was used to collate pedigrees for all 2,318

Table 1 Number of trials (and

sub-trials) planted over 10 years

of Southern PATs; the harvest

month, the number of families,

and female and male parents of

the families, for each trial

Year Trial number

(no. sub-trials per trial)

Month of

harvest

Families Female

parents

Male

parents

2005 1 (3) June 336 176 162

2 October 240 122 123

2004 3 (3) July 284 147 145

4 (2) November 241 132 130

2003 5 (2) June 275 133 143

6 October 223 120 122

2002 7 (2) June 254 128 125

8 September 197 106 108

2001 9 (3) June 345 187 167

10 (2) August 281 158 148

2000 11 (3) June 411 162 174

12 (2) September 364 148 160

1999 13 (4) July 352 167 162

14 September 142 91 94

1998 15 (2) July 271 129 113

16 October 217 110 101

1997 17 (2) July 242 110 104

18 (2) October 244 111 104

1996 19 August 233 117 132

20 October 233 117 132

Total 20 (39) 2,318 708 644

Table 2 Concurrence matrices

of sugarcane families and

parents of families planted each

year from 1996 to 2005

Numbers in the lower off-

diagonal are the numbers of

families in common between

pairs of years; and numbers in

italic type face in the upper off-

diagonal are the numbers of

parents in common between

pairs of years. Numbers in bold

type face are the number of

families/parents in each year

2005 2004 2003 2002 2001 2000 1999 1998 1997 1996 Year 

281 108 86 69 83 70 65 50 45 45 2005 

2005 336 253 118 87 80 73 76 47 41 39 2004 

2004 23 284 248 95 81 80 76 57 47 39 2003 

2003 17 46 276 220 87 80 75 57 44 49 2002 

2002 9 29 33 259 309 158 145 109 106 91 2001 

2001 5 15 28 23 345 295 160 117 108 98 2000 

2000 4 4 25 22 93 411 299 113 106 98 1999 

1999 2 6 16 11 63 111 352 204 114 102 1998 

1998 0 2 6 5 32 45 50 271 183 108 1997 

1997 2 1 2 1 29 45 51 52 244 211 1996 

1996 1 0 2 2 14 14 20 23 28 233 

Year 2005 2004 2003 2002 2001 2000 1999 1998 1997 1996 
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families from the Southern BSES family trials. Six pedigree

files were generated for each of the ten data sets, each con-

taining a different depth of pedigree. The first pedigree

contained only the parents of each family grown; labelled two

(2) generations (i.e. of the seedlings and their parents). This

depth of pedigree treats the parents independently (i.e. their

ancestors are unknown). The second pedigree generated for

each data set included an additional generation of parents (i.e.

the grandparents of each family). This pedigree level was

labelled three (3) generations. For each depth of pedigree, an

additional generation of parents was added, until there were

seven generations included in the pedigree (i.e. ten data

sets 9 six depths of pedigree). However, with each addi-

tional generation added to the pedigree for each data set, the

number of new parents added progressively decreased

(Table 3). Inclusions of pedigree information beyond seven

generations back to the founding parents only resulted in the

addition of two new parents. Hence, a pedigree of seven

additional generations was considered a complete pedigree.

Statistical model

Consider a field experiment consisting of n plots arranged

in a rectangular array of r rows and c columns (n = r 9 c).

If the data are sorted as rows within columns, then the

mixed linear model for y is:

y ¼ Xbþ Zggþ Zuuþ e ð1Þ

where b b�1ð Þ is a vector of fixed effects and includes an

overall mean for each site, as well as site-specific model-

ling terms with associated design matrix X n�bð Þ. As

described by Gilmour et al. (1997), site-specific modelling

terms include large-scale variation that is usually aligned

with the rows and columns of a field trial (e.g. linear row

and/or column effects) and/or variation arising from

experimental procedures or management practices that

have a recurrent pattern (e.g. serpentine harvesting). The

vector g mp�1ð Þ contains the random genotypic effects of m

genetic entities in each of p trials with associated design

matrix Z n�mpð Þ
g . The vector u d�1ð Þ contains the random non-

genetic effects for modelling extraneous variation due to

experimental procedures and blocking design factors spe-

cific to each trial, or sub-trial (in cases where a trial

comprises of two or more sub-trials), with the associated

design matrix Z n�dð Þ
u . The vector of random residuals e n�1ð Þ

is modelled using an autoregressive process of order 1

(AR1) in the row and column direction as described in

Gilmour et al. (1997). In this paper, the vector g is parti-

tioned in two ways. The first is called the parental or sire

model (Henderson 1984, Mrode 2005), where g is the

random genotypic effects of unique parents, as a sugarcane

parent can be used as either a male or a female, or both. In

the second model, the animal model (Henderson 1984;

Mrode 2005), g is partitioned into random individual

family effects. The vector g for both models can be further

partitioned into additive and non-additive genetic effects as

per Costa e Silva et al. (2004) for the parental model and

Oakey et al. (2007) for the animal model. Full details of the

ASReml code for both models can be found in the Appendix.

Statistical analysis

Each sub-trial was standardised as follows:

yij adj:ð Þ ¼ yij � �yi

� ��
si ð2Þ

where yij adj:ð Þ was the jth CCS observation from sub-trial i,

yij the jth original CCS from sub-trial i, �yi the CCS mean at

sub-trial i and si was the estimated phenotypic standard

deviation at sub-trial i. Therefore, the variance components

from each analysis could be compared directly to assess the

impact of depth of pedigree on genetic evaluation and the

estimation of parental BVs using BLUP.

For each of the ten data sets, adjusted data for CCS were

analysed using the animal and parental models. The animal

model was similar to that used in Oakey et al. (2006, 2007).

Here, each family and its parents were included in the

Table 3 Number of (grand-) parents included in pedigrees of varying generations used to analyse ten different datasets from 10 years of family

trials from a sugarcane breeding program

Data sets (years of data)

1 2 3 4 5 6 7 8 9 10

Depth of pedigree (number of generations)

2 281 426 537 625 765 865 951 993 1,015 1,073

3 479 (198)a 686 (260) 833 (296) 943 (318) 1,100 (335) 1,220 (355) 1,320 (369) 1,369 (376) 1,394 (379) 1,454 (381)

4 608 (129) 845 (159) 1,005 (172) 1,118 (175) 1,262 (162) 1,383 (163) 1,485 (165) 1,531 (162) 1,556 (162) 1,619 (165)

5 671 (63) 908 (63) 1,067 (62) 1,180 (62) 1,321 (59) 1,442 (59) 1,545 (60) 1,591 (60) 1,617 (61) 1,679 (60)

6 695 (24) 933 (25) 1,090 (23) 1,204 (24) 1,341 (20) 1,460 (18) 1,562 (17) 1,608 (17) 1,632 (15) 1,693 (14)

7 702 (7) 936 (3) 1,094 (4) 1,207 (3) 1,344 (3) 1,463 (3) 1,565 (3) 1,611 (3) 1,634 (2) 1,696 (3)

a Italic type face in parentheses shows the number of additional parents added with each generation of pedigree for that given data set
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pedigree, and every family plot was considered as an indi-

vidual (even though each family replicate contained a different

set of 20 seedlings per family). However, under the parental

model only pedigree information from the parents of each

family was used as family was not included in the pedigree.

As some parents act as both male and female in sugarcane,

a unified estimate for each parent was obtained. Each of the

ten data sets was analysed using the six different depths of

pedigree (as shown in Table 3) for each of these two models,

with a total of 120 analyses performed. All analyses were

performed using ASReml (Gilmour et al. 2006).

Adjusted CCS data were then summarised by additive

and additive-by-environment variance components. Even

though we are interested in the effects of pedigree structure

on the estimation of additive variance and BV, ignoring

non-additive effects often results in bias of additive genetic

variance (Henderson 1985; Quinton and Smith 1997; Wei

and Van der Werf 1993). Hence, we partitioned both

additive and non-additive genetic effects.

For each data set, the goodness-of-fit test for each anal-

ysis, using different levels of pedigree information, was

assessed using the Akaike Information Criterion (AIC),

where models with smaller AIC values are superior in terms

of goodness of fit (Akaike 1974). Additive genetic variance

estimates, and additive-by-environment variance estimates

(or additive-by-year variance estimates as each year trials

are planted at the same location), from each analysis were

also compared to aid in determining the minimum depth of

pedigree needed to reliably assess parental BV.

BVs estimated from each analysis were collated only for

the 281 parents of the families grown in the 2005 series of

PATs. These parents were common to all pedigree files used.

They are also the most current parents in the Southern BSES

breeding population, and therefore, are of direct interest for

future breeding. The top 70 parents, i.e. the top 25% of 281

parents, from each data set were identified from the analyses

using seven generations of pedigree information as these are

the parents of most interest to the breeders for further cross-

pollination. Estimates of BVs of these 70 parents using six

different pedigree levels were compared using a Pearson

correlation within each data set.

Estimates of BV of the 281 common parents were also

compared using a Pearson correlation across all data sets

and pedigree levels. As the true BV of each parent is

unknown, our best estimates of the ‘true’ BVs were

obtained using 10 years of data and seven generations of

pedigree, that being the most comprehensive data and

pedigree information available. Correlations were calcu-

lated between the ‘true’ BVs of parents obtained from this

analysis and the estimated BVs of parents obtained from all

other analyses using varying degrees of data and pedigree

levels to investigate the interaction between years of data

and depth of pedigree. Again, parents in the top 25% for

‘true’ BV were identified. Estimates of BV of these top

parents using different amounts of data and pedigree levels

were also compared using a Pearson correlation. Spearman

rank correlations were also calculated between the rankings

of the top 70 parents for ‘true’ BV and rankings of parents

obtained from analysing varying amounts of data. Corre-

lations were used to ascertain how differently the top

parents were being ranked relative to the assumed true BV.

Results

Depth of pedigree marginally affected the modelled spatial

variation for each trial (or sub-trial). Some spatial effects

(e.g. linear row and linear column effects) applied were no

longer significant as additional generations were included

to pedigree structures in the analysis of each data set.

Even though non-additive effects were estimated in

analyses for CCS, they were not considered in the inter-

pretation of the results, as we are only interested in additive

genetic effects in estimating BVs. In addition, variance

components and BVs estimated for both the parental and

animal models using varying depths of pedigree and years

of data were very similar. This was reflected in a correla-

tion coefficient of 0.97 when the BV estimates from the

animal and parental models, using the most comprehensive

data set and pedigree information, were compared using a

Pearson correlation. Therefore, only the results from one

model, the parental model, are presented.

Some differences in additive and additive-by-environ-

ment genetic variance estimates were observed for each

data set when the six different pedigree structures were

applied (Figs. 1, 2). Initial estimates of additive variance

for CCS were low, but increased as additional years of data

were included in analyses (Fig. 1). Additive variance

estimates were very similar when 3 or more years of data

were included in analyses.

Additive-by-environment variance estimates showed a

reverse trend to the estimates of additive variance (Fig. 2), in

that variance estimates decreased as the years of data

increased. However, both additive and additive-by-environ-

ment estimates for each data set stabilised with the inclusion of

five or more generations of pedigree information.

Standard errors of additive and additive-by-environment

variance estimates are not presented in this paper for brevity.

Standard errors of additive variance estimates within each

data set remained steady or increased marginally as addi-

tional pedigree information was included. In contrast, the

standard errors decreased as additional years of data were

included. For example, standard errors of additive variances

ranged from 0.035 for the analysis of 1 year of data and

seven generations of pedigree, down to 0.015 for the anal-

ysis of 10 years of data and seven generations of pedigree.
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The same trend was observed for standard errors of additive-

by-environment variance estimates.

The AIC was used to help determine the optimum

number of generations needed in pedigrees. AIC values for

each data set decreased steadily as additional generations

were included in pedigree information, and then plateaued

when five or more generations of pedigree were included

with the analyses. For example, in the analysis of 4 years

of data the AIC value for two generations was 2,673, three

generation 2,613, four generations 2,567, five generations

2,560, six generations 2,559, and seven generations was

2,559. This trend in the decline of AIC values was typical

of that observed in all data sets analysed.

Initial correlation coefficients indicated that BVs of

parents in the top 25% using only two generations of

pedigree information for each data set were the most dif-

ferent compared to full pedigree information (seven

generations); however, rankings of parents did not change

considerably, if at all, when four or more generations of

pedigree were included (Table 4). Although, in most cases

all coefficients were quite high.

Then we assumed that ‘true’ BV estimates for all 281

parents in common were obtained from the analysis of seven

generations of pedigree and 10 years of data. There was a

greatest difference between initial BV estimates using limited

information (i.e. 1 year and two generations) compared with

the ‘true’ BV (Table 5), but as years of data and/or pedigree

information were added, BV estimates improved for both

models when compared with ‘true’ BVs. There were very few

differences in estimated BVs using at least 5 years of data and

three generations of pedigree information (Table 5).

Additionally, when parents in the top 25% for BV from

each analysis were identified and compared with the top

parents for ‘true’ BV, the differences were greatest when

Fig. 1 Additive genetic

variance estimates for each data

set using different depths of

pedigree for CCS for 10 years

of PATs using the parental

model

Fig. 2 Additive-by-

environment variance estimates

for each data set using different

depths of pedigree for CCS for

10 years of PATs using the

parental model

560 Theor Appl Genet (2009) 119:555–565

123



the least amount of information was included in analyses

(Table 6). As more data and pedigree information were

included in analyses, the correlation coefficients for BV and

number of parents in common in the top 25% increased. If

we only increased the number of years included, and not the

depth of pedigree, the precision of estimating the BV of

parents was 0.87 with a maximum of 59 of the parents in

common (84%) with the top 70 parents for ‘true’ BV

(Table 6). In addition, increasing only the depth of pedi-

gree, and not the years of data, resulted in a lower corre-

lation coefficient and fewer parents in common compared

with ‘true’ BV (Table 6). However, when the depth of

pedigree and years of data were both increased, the number

of parents in common also increased considerably. When 7

or more years of data and four generations were included, at

least 90% of the top parents were being identified with a

correlation coefficient of 0.96 for BVs (Table 6).

Correlation coefficients from comparing BVs and

rankings of parents in the top 25% were very similar and

showed the same trend; therefore, we have only presented

the results from the Pearson correlation when BVs of

parents were compared.

Discussion

Piepho et al. (2008) suggested that not including complete

pedigree records often resulted in biased estimates of

additive variance and BV. This has been demonstrated by

Mehrabani-Yeganeh et al. (1999) and Durel et al. (1998),

where improvements in estimates of BLUPs and herita-

bilities using a complete pedigree structure were shown to

give significantly greater gains than not using pedigree

information at all. However, we know of no published

research into the effects of different depths of pedigree on

estimates of BV. In our study, adding pedigree information

back to the base population improved the estimates of both

additive variance of the population and BVs for each par-

ent. We also showed that minimal pedigree information

yielded biased estimates of additive variance and BV, and

selection accuracy of parents is low compared with using

all pedigree information. Estimates of both additive vari-

ance and BV improved as pedigree information was added.

Even though not including complete pedigree informa-

tion in analyses can lead to biased estimates of additive

variance and BVs (Piepho et al. 2008), in our study addi-

tive genetic variances were estimated with the same pre-

cision when five or more generations were included. This

was also reflected in the AIC values plateauing after five or

more generations were included in analyses, and BVs were

estimated with the same accuracy within each data set even

when identifying the top-performing parents (Table 4).

However, this may reflect our data structure, where rela-

tively few parents were added to each pedigree after the

inclusion of five generations (Table 3). In addition,

approximately 10% of the parents in the pedigree were

produced from polycrosses (where more than one male is

used to fertilise a female), or produced prior to the 1950s

when the Australian sugarcane breeding program started

controlled pollination (Skinner 1959). This has resulted in

some missing data in the pedigree where some parents are

unknown. Therefore, as older generations are added, they

appear to contribute relatively little additional pedigree

information for BLUP methodology to exploit, and con-

sequently, the accuracy of estimates using five or more

generations should be similar. This was also demonstrated

when BVs of the top 70 parents were compared within each

data set using varying levels of pedigree information,

where BVs estimated from at least four generations of

pedigree were estimated with the same accuracy.

Unfortunately, there is no formal test, like the AIC, to aid

in determining how much data is needed to reliably estimate

BV. Therefore, we can only rely on comparing variance

estimates and their standard errors, and correlation coeffi-

cients obtained from analyses. Regardless of how much

pedigree information is included, additive genetic variance

is underestimated when only 1 year of data was analysed,

Table 4 Correlation coefficients of BVs of parents in common in the

top 25% (i.e. the top 70 parents) by comparing BV estimates using

seven generations with fewer generations within each data set for the

parental model

Data sets (years of data)

1 2 3 4 5 6 7 8 9 10

Depth of pedigree (number of generations)

2 0.87 0.80 0.81 0.84 0.82 0.83 0.81 0.84 0.84 0.87

3 0.95 0.94 0.65 0.97 0.98 0.98 0.98 0.98 0.98 0.99

4 1.00 1.00 0.99 1.00 1.00 1.00 1.00 1.00 1.00 1.00

5 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

6 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

7 – – – – – – – – – –

Table 5 Correlation coefficients of BVs for all 281 parents in com-

mon, comparing BV estimates using varying years of data and ped-

igree information with the ‘true’ estimate from seven generations in

the pedigree and 10 years of data for CCS for the parental model

Data sets (years of data)

1 2 3 4 5 6 7 8 9 10

Depth of pedigree (number of generations)

2 0.73 0.80 0.83 0.84 0.89 0.90 0.91 0.92 0.93 0.93

3 0.77 0.84 0.90 0.91 0.96 0.97 0.98 0.99 0.99 0.99

4 0.79 0.87 0.91 0.93 0.97 0.98 0.99 0.99 1.00 1.00

5 0.80 0.88 0.91 0.93 0.97 0.98 0.99 0.99 1.00 1.00

6 0.80 0.87 0.91 0.93 0.97 0.98 0.99 0.99 1.00 1.00

7 0.80 0.87 0.91 0.93 0.97 0.98 0.99 0.99 1.00 –
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while additive genetic variances estimated from 3 or more

years of data were very similar. Additionally, standard errors

of additive variance estimates decreased as additional years

of data were included in analyses, in contrast to pedigree

information, indicating that including additional years of

data improves the accuracy of estimates of additive genetic

variance more than pedigree information. However, just

comparing additive variance components does not consider

what impact varying amounts of data have on estimates of

parental BVs, or the interaction of varying amounts of data

and pedigree information have on BVs.

Our comparison of the accuracy to estimate BVs of sug-

arcane parents, and identify top-performing parents, from

different amounts of data and pedigree information, to the

‘true’ BV of each parent, shows that greater amounts of

information are required. If sugarcane breeders are only

interested in the BVs of all the current parents, and not

selecting the top parents for cross pollination, then a mini-

mum of 5 years of data and three generations of pedigree

appears to be adequate to ensure the precision of estimating

BVs is very high. If the same amount of data is used to select

the top parents for cross-pollination (i.e. the top 70 parents),

then the precision of identifying these top parents is reduced,

with only 58 of the 70 top parents in common. This means

that 17% of the top parents would be overlooked for cross-

pollination. To ensure that no more than 10% of the top

parents are identified incorrectly, a minimum of 7 years of

data and four generations of pedigree information is required.

As BSES intends to combine information from family

trials from all four selection programs to more accurately

predict BVs of parents in the breeding population, it is

important to consider the issue of possible computing limi-

tations in estimating BVs of over 3,200 sugarcane parents.

Even though analyses are much easier and faster to process

when minimal information is used, this leads to a reduction of

the accuracy of estimating both additive genetic variance and

BVs of parents. While including all available information

(10 years of data and seven generations of pedigree) to

estimate BVs for 1,600 parents in only one of the four BSES

selection programs is computationally achievable, less family

data and/or pedigree information will be necessary when the

four selection programs are combined. We show that adding

years of data clearly has a larger effect on the estimation of

both additive variance and BVs of parents, than adding

pedigree information. However, the number of years of data

included in analyses should be no less than 5 years when

assessing the BVs of all parents, or less than 7 years when

selecting the top parents for future breeding, while the pedi-

gree information can be reduced to three or four generations.

When estimating BV of sugarcane parents, either the ani-

mal or the parental model can be used, as there was very little

difference in variance components and BVs estimated. Both

models require the same minimum number of years and

pedigree information to estimate BV. However, in sugarcane,

families may be replicated within and across trials, but indi-

vidual seedlings are not, as each family plot is represented by

20 different full-sibs and each measurement is recorded on a

plot (family)-mean basis. It also appears that this data structure

is unique to the sugarcane family trials in the BSES-CSIRO

Plant Improvement program, and neither the animal nor the

parental model has been used on this type of data before where

only family means are available. It is unclear that what effects

analysing family-mean data have on estimating additive and

non-additive variance components. This may pose a problem

for sugarcane breeders, as within-family variance cannot be

properly estimated, and is only based on a family mean.

Even though non-additive genetic variances are not

considered when estimating BVs of parents, they play an

important role in selecting sugarcane families and individual

clones to advance through to the next stage of selection.

Estimated non-additive genetic variances were considerably

different between the animal and parental models. Non-

additive genetic variance was between one-third and one-

half the size of the additive genetic variance estimated using

the parental model, while no non-additive genetic variance

was detected using the animal model. Whether the animal or

Table 6 Correlation coefficients of BVs for parents in the top 25% (i.e. the top 70 parents), comparing BV estimates using varying years of data

and pedigree information with the ‘true’ estimate from seven generations in the pedigree and 10 years of data for CCS for the parental model

Data sets (years of data)

1 2 3 4 5 6 7 8 9 10

Depth of pedigree (number of generations)

2 0.58 (44)a 0.68 (49) 0.72 (51) 0.73 (52) 0.72 (54) 0.77 (55) 0.79 (58) 0.82 (59) 0.84 (58) 0.87 (59)

3 0.59 (46) 0.71 (53) 0.79 (53) 0.80 (55) 0.84 (58) 0.91 (61) 0.93 (62) 0.95 (62) 0.95 (64) 0.99 (64)

4 0.59 (48) 0.74 (55) 0.78 (55) 0.81 (56) 0.84 (61) 0.93 (62) 0.96 (65) 0.97 (65) 0.98 (67) 1.00 (68)

5 0.60 (49) 0.74 (55) 0.78 (56) 0.81 (57) 0.84 (60) 0.93 (62) 0.97 (65) 0.97 (65) 0.98 (68) 1.00 (70)

6 0.59 (48) 0.74 (56) 0.78 (56) 0.81 (57) 0.84 (60) 0.93 (63) 0.97 (65) 0.97 (66) 0.98 (68) 1.00 (70)

7 0.59 (48) 0.74 (56) 0.78 (56) 0.81 (57) 0.84 (60) 0.93 (63) 0.97 (65) 0.97 (66) 0.98 (68) –

a Italic type face in parentheses shows the number of parents in common in the top 25% compared with ‘true’ BV estimates using 10 years of

data and seven generations of pedigree
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parental model can be used for both crossing and selecting

purposes should be investigated further using simulated

data. Although both models provide similar results, the

parental model appears more suitable to the sugarcane

family data structure, as family plots are not really indi-

viduals (as the animal model assumes), but rather comprise

20 individual (unreplicated) seedlings. Therefore, we rec-

ommend that the parental model is used by BSES breeders to

estimate BV of sugarcane parents.
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Appendix: ASReml code

The code to fit the parental and animal mo dels presented in this paper is given  

below. 

ASReml code to run the parental model:  

1 Combined anlaysis of 1996 to 2005 PATs S P - ccs  
2  SubTrial 39 !A  
3  Trial 20 !A  
4  Family 2584 !A  
5  Female 1696 !P  
6  Male 1696 !P  
7  Nrow 44 !I  
8  Plot 22 !I  
9  ccs  
10  ccsa  
11 S_pat9605_pedigree.csv !skip 1 !ALPHA !MAKE  
12 S_pat9605.csv !skip 1 !nodisplay !maxit 50 !ddf-1  
13 ccsa ~ mu SubTrial,  
14       at(SubTrial,10,13,21,27,28,32,34,35,38,39).lin(Plot), 
15       at(SubTrial,14,27,32,34).lin(Nrow),  
16       !r at(SubTrial,37).Nrow,  
17       at(SubTrial,20,24,30,31,38).Plot,  
18       Female and(Male) Trial.Female -Trial.Male and(Trial.Male) 

Family Trial.Family,  
19       !f mv  
20 39 2 0  
21 12 Plot AR .05 #MQN05-11E(SubTrial,1) 
22 41 Nrow AR .2  
23 12 Plot AR .05 #MQN05-11L(SubTrial,2)  
24 41 Nrow AR .2  
25 .  
26 .  
27 .  
28 16 Plot AR .1 #MQN96-11L(SubTrial,39) 
29 31 Nrow AR .38  

ASReml code for the animal model: 

4  Family 2584 !P  
5  Female 1696 !A  
6  Male 1696 !A  
. 
. 
. 
18       Family Trial.Family ide(Family) Trial.ide(Family),  
. 
. 
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