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Abstract 

This thesis explores the use of multivariate models in a tree breeding program with 

emphasis in radiata pine. It considers the development of breeding objectives, the 

efficiency of various strategies for subsampling trees to assess wood properties, and the 

analysis and exploitation of longitudinal data. 

A model for a vertically integrated production system is developed - comprising forest 

production, pulp mill and sawmill - and evaluated for Chilean production and 

economic circumstances in each of three silvicultural regimes. The traits in the 

breeding objectives were volume at harvest age (m3/ha) and average basic wood density 

(kg/m3). Economic values for each trait were calculated as the difference in discounted 

profit for a unit marginal increase of volume or density. The obj ectives for different 

silvicultural regimes were similar, and a single objective - with relative weights 1 :  1 .47 

- appears to provide more economic gain than the use of special ist objectives. 

Various subsampling schemes for wood property traits in progeny tests were studied 

through simulation in terms of reliability of estimates of genetic parameters, prediction 

of breeding values and expected genetic gains. Subsampling is subject to the Law of 

Diminishing returns, and measuring more than 1 5  trees per family did not provide large 

gains in accuracy of genetic parameters or in prediction of expected gain. 

A unified view of multivariate analysis with longitudinal data from progeny trials is 

presented using a tree model. Several statistical models to deal with covariance 

structures are specified, the relationship between full multivariate analysis and random 

regression models is demonstrated, and model selection techniques are presented. 

Different models are compared for repeated assessments of basic wood density (kg/m3). 

These models are further developed including additional random effects (block and 

plot) with an application to height (m) data using a Chilean radiata pine progeny test. 

Covariance structures reduce the risk of non-positive definite additive genetic matrices, 

while reducing computational demands for the analyses and providing a description of 

the genetic control of a trait over time. 



Longitudinal data were used to predict breeding values close to rotation age, usmg 

either mass or combined selection. The method was tested under three covariance 

models and two breeding delays (time between selection and propagation of sufficient 

offspring for planting), to determine the best age - or combination of ages - for 

selection purposes. A combination of family information and repeated assessments 

provided the highest genetic gains. 
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CHAPTER ONE 

GENERAL INTRODUCTION 



Tree breeding techniques have been applied for centuries, but industrial tree breeding 

programs started quite recently, within the last 50 years, e.g. Scots pine (Pinus 

sylvestris) and lodgepole pine (Pinus contorta) in Sweden, loblolly pine (pinus taeda) 

and slash pine (Pinus elliottii) in United States, and radiata pine (Pinus radiata) in New 

Zealand (BANNISTER 1959, ZOBEL AND TALBERT 1 984, WHITE et al. 1 993, 

WILHELMSON and ANDERssoN 1 995). Breeding programs involve multiple traits -

normally a combination of form, growth rate and wood properties - that can be 

integrated in the selection process through independent culling and the use of selection 

indices. Even when interest is focussed on a single trait, forest operations cover 

multiple sites and/or multiple ages. Multiple traits or repeated expressions of a trait (in 

space or time) can be considered and fully exploited in a multivariate context. 

Breeders are gradually orienting tree improvement programs towards end-products, 

rather than only forest-growth traits, acknowledging that most profit in the forest 

industry comes from the sale of elaborate products (SHELBOURNE, 1 997). Breeding for 

end-products requires understanding of the relationships among tree-level traits and 

quantity/quality of end-products, as well as the economics of wood production and 

processing. Until five years ago, the definition of breeding objectives (in the sense of 

HAzEL 1 943) in forestry was more the exception than the rule, and the few published 

objectives had a clear orientation towards pulp and paper production. Considering the 

end-product orientation and the existence of vertical ly integrated firms in the forestry 

sector, it is natural to include forest growth and several processing tiers (e.g. pulp mill 

and sawmill) when defining the model to construct the breeding objective (GREAVES 

1 999). Breeding objectives aim to maximise profit (often defined as a discounted cash 

flow), and profit is a complex function involving multiple traits. 

Techniques applied to the evaluation of parents represented in progeny tests have 

experienced continuous technological advances, moving from estimating variance 

components using ANOV A methods and ranking trees using phenotypic  family 

averages to combinations of restricted maximum likelihood (REML) and best linear 

unbiased prediction (BLUP) using tree ('animal ') models (HENDERSON 1 984, WHITE 

and HODGE 1 989, BORRALHO 1 995, HOFER 1998). Further sophistication is on the 

horizon, based on the use of multivariate methods to provide a detailed insight into 

changes in genetic control of traits over time. Longitudinal data arise when individuals 
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are assessed for the same outcome at repeated occasions during the lifetime of the 

individual. Covariance matrices of longitudinal data typical ly contain structures that 

can be modelled with a reduced number of parameters, improving estimation of 

covariance components (DIGGLE et al . 1 994) . Detailed analysis of longitudinal data 

may help to identify measurement and selection strategies that provide increased 

accuracy of prediction of breeding values at early ages (BURDON 1 989). 

The aim of this thesis is to explore the use of multivariate models in a tree breeding 

program with emphasis in, but not limited to, radiata pine. The main issues considered 

are the development of breeding objectives, sampling trees to assess wood properties, 

and the analysis and exploitation of longitudinal data. 

Usually, breeding programmes assume that the selection objective is known, and 

concentrate on improving either the knowledge about the model equation (including the 

genetic parameters) or the selection strategy. Nevertheless, one of the weaknesses of 

tree improvement programs is the lack of formally defined breeding objectives. A 

breeding objective specifies an aggregate genotype where each trait is weighted by its 

own contribution to profit in the forest system. Chapter two asks the question 'what 

should we breed for?' and develops breeding objectives for three different silvicultural 

regimes of radiata pine in Chile. Although the number of assumptions is considerable, 

it is expected that simple objectives will provide an approximation close enough to the 

'true' selection objective. 

A typical breeding program considers both growth and form traits and properties of the 

resultant wood. The former are often cheap and easy to assess but with low 

heritabil ities, while the latter are highly heritable but difficult and expensive to assess. 

For these reasons estimates of genetic parameters for wood properties (heritabi l ities and, 

especially, genetic correlations) are scarce and of unknown reliability, despite the 

importance of wood properties on the quality of end-products being well recognised 

(SORENSSON et al. 1 997, SHELBOURNE 1 997, EVANS et al. 1999). There is a need to use 

sampling schemes that provide good estimates of genetic parameters and breeding 

values per unit of cost. Chapter three reports research investigating the subsampling of 

wood properties while growth traits are measured in all trees. The effects on the 
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estimation of genetic parameters, prediction of breeding values and expected genetic 

gain are analysed through a simulation study. 

Later chapters focus on changes in genetic parameters with time, viewed from a 

multivariate perspective. Chapter four provides a unified presentation of multivariate 

analyses focused on longitudinal data, with examples from a tree model perspective. 

Using the univariate tree model as foundation, repeated assessments are included and 

the concept of covariance structures is introduced. Covariance functions, an alternative 

approach used in evolutionary genetics (KIRKPATRICK and HECKMAN 1 989), are also 

described. The relationship between alternative parameterisations is demonstrated. 

Chapter five further develops the multivariate models presented in the previous chapter, 

including additional random effects (block and plot) as well as providing an appl ication 

to height data using a Chilean radiata pine progeny test. 

Early selection is a recurrent topic in tree breeding, motivated by the long generation 

intervals that reduce gain per unit of time (e.g. RANG 1 985, NEWMAN and WILLIAMS 

1 99 1 ,  GWAZE et al. 1 997). Chapter six presents the use of multiple assessments to 

predict breeding values close to rotation time, using either mass or combined selection. 

The method is tested under three covariance models and for two breeding delays (time 

between selection and propagation of sufficient offspring for planting), to determine the 

best age - or combination of ages - for selection purposes. 

Chapter seven presents a general discussion of the thesis divided in three sections: 

breeding objectives, sampling progeny tests, and the use of longitudinal data and early 

selection. The discussion includes results from this thesis, relates them to results from 

previous research, and points out future directions of research. Finally the main 

conclusions of the thesis are presented. 
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Abstract 

A generic vertically integrated firm, comprising a production forest, a sawmill and a pulp mill 

was modelled under three silvicultural regimes: direct to pulp, intermediate (includes 

production thinning), and intensive (includes production thinnings and pruning). The harvest 

age traits included in the breeding objective were total volume (m3/ha) and average wood 

density (kg/m\ Economic values for each trait were calculated as the difference in 

discounted profit for a unit marginal increase of volume (�vol) or density (�den), and 

expressed as relative weights to facilitate comparisons between the objectives. The 

methodology was applied to a Chilean case study using representative economic and 

production circumstances. The breeding objectives so derived were 1 �vol + 2.4 �den for 

pulp, 1 �vol + 1.1 �den for intermediate, and 1 �vol + 1.2 �den for the intensive regime. 

The firm was profitable under all regimes. Genetic correlations between the objectives for 

each regime were higher than 0.9, indicating that a single breeding strategy with objective 1 

i1vol + 1.5 i1den could be adopted, with almost no loss of genetic gain relative to selecting for 

a particular silvicultural regime. 

Introduction 

The forest industry is a complex system where plantations are grown, harvested and then 

processed to produce many different end-products. Assuming that forest companies work in 

a competitive market, where the participants are interested in profit, it is possible to assume 

the industry is driven by profit maximisation. Profit, defined as the difference between 

discounted incomes and costs, is a complex function depending on many production and 

economic variables. An increase in profit can be achieved through increasing incomes (either 

higher quantity or quality of products), reducing costs or various combinations including both 

components. A better quality product should attract a price premium, while an incremental 

increase in volume of production at the same costs reduces average costs per unit. 

Tree breeding' is one of the tools utilised by the industry to increase profit. HAzEL (1943) 

formalised the concept of breeding objective (H) or aggregate economic genotype as a linear 

combination of additive genetic values of two or more traits weighted by their relative 

economic values: 
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where v' = [VI V2 ... vn] is the vector of relative economic values and a' = [al a2 . . .  an] is the 

vector of additive genetic values. An economic weight represents the benefit of one unit 

improvement of the trait without altering the other traits present in the objective (HAzEL 

1943). Sometimes a distinction is made between absolute benefit (economic value) and 

relative benefit (economic weight) of improving a trait. The selection criteria in a breeding 

program are not necessarily the same as the traits in the objective, although their choice is 

dictated by the traits in the objective (BARLOW 1987, PONZONI and NEWMAN 1989). These 

criteria are normally combined in a selection index (I) with weights that maximise the 

correlation between H and 1: 

I = Cl Yl + C2 Y2 + . .. + Cm Ym = C' Y 
where c' = [Cl C2 . . .  Cm] is the vector of index weights calculated using genetic and economic 

information and y' = [Yl Y2 '" Ym] is the selection criteria or vector of assessments (adjusted 

for fixed effects). If G is the m x n additive genetic covariance matrix among the m criteria in 

the index and the n traits in the objective, and P is the m x m phenotypic covariance matrix 

among the criteria in the index, c = p-l G V. This index is optimal when genetic effects are 

completely additive and the economic weights are linear functions of their genetic value 

(GrnsoN and KENNEDY 1990). Thus, knowledge of the breeding objective - traits and their 

economic weights - is a necessary condition to optimise selection in a breeding program 

incorporating multiple traits. 

A good starting point to define a breeding objective is asking 'what do we want to improve?' 

(PONZONI and NEWMAN 1989). Usually it is possible to define the breeding objective as 

profit maxirnisation. The ideal breeding objective should comprise all traits which influence 

returns and costs, regardless of whether they can be measured or changed by selection 

(GJEDREM 1972, JAMES 1982, PONZONI 1982, BARLOW 1987, PONZONI and NEWMAN 1989). 

However, in practice the objective often only includes traits with reliable information and 

under genetic control (BORRALHO et al. 1993). Although in theory developing the breeding 

objective is the first step necessary to establish a breeding programme, this step has usually 

been postponed in tree breeding for several reasons: 

1. Complexity of the forest processing industry. 

2. Heterogeneity of wood properties, which make it difficult to ascertain relationships 

between wood properties and final quantity and quality of products. 

3. A perception of breeding objectives research being of low priority. 
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While there have been previous attempts to value the contribution of tree breeding to industry 

profit (e.g. LOFGREN 1988), BORRALHO et al. ( 1993) were the first to present a formal 

derivation of breeding objectives in forestry, using pulp production of Eucalyptus globulus in 

Portugal as an example. GREA YES and BORRALHO ( 1996) and GREA YES et al. (1997a) 

extended the model with a more complete description of the pulping system of eucalypts in 

Australia, while CHAMBERS et al. ( 1997) presented a breeding objective for thermo­

mechanical pulping and newsprint production of radiata pine (Pinus radiata). LOWE et al. 

( 1999) applied the general methodology of BORRALHO et al. ( 1993) to kraft and mechanical 

pulping of loblolly pine (Pinus taeda) in United States. All these models considered a cost 

minimisation perspective. SHELBOURNE (1997) emphasised the need to breed for added 

value to the end-product traits of radiata pine. SHELBOURNE et al. ( 1997) presented a 

comprehensive list of potentially important traits for different end-products of radiata pine. 

These traits might change both quantity and quality of end-products, or alter costs or incomes 

from industrial processes. GREA YES ( 1999) developed the first objective considering sawn­

timber and accounting for quality of the product, expressed by structural grade. 

The definition of a breeding objective requires study of the economic system that makes use 

of the trees available for breeding. The forest industry comprises several tiers (e.g. 

productIOn forests, sawmills, pulp mills), and different products may have different 

requirements. Thus, the economic values are specific to the industry structure, and the nature 

of costs and incomes (e.g. see GROEN 1989 in an animal breeding context). At this stage it is 

necessary to define who benefits from the breeding program, because depending on the 

answer the objectives may differ (see AMER and Fox 1992 for a discussion). It is also 

necessary to define what are the restrictions (e.g. capital), if any, faced by the investors to 

define the profit criterion used in the breeding objective. With no restrictions net present 

value per ha may be an appropriate criterion; however, in the presence of capital constraints 

maximising the ratio of profit per unit of cost invested per ha (profitability index) may be 

more appropriate (ALLEN 199 1). 

Radiata pine is the main plantation species in Chile, generating more than 90% of the income 

from the forestry sector. Breeding of radiata pine in Chile started in the early 1980s, with the 

establishment of a university-industry co-operative program to serve the needs of a diversity 

of industrial processes. The objective of the research reported in this paper is to develop 

simple breeding objectives to maximise profit of a generic vertically integrated industry, 
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comprising a production forest, a sawmill and a pulp mill. Hence, the objective explicitly 

considers the value of end-products rather than assessing production values from a fixed 

return for raw materials. Three silvicultural regimes appropriate to sites of varying quality 

- pulp, intermediate and intensive - are considered, to represent part of the diversity of 

cost-income structure of the Chilean situation. Finally, we determine the compatibility of the 

breeding objectives for simultaneous application in a breeding program. 

Methods 

Traits in the objective 

Two traits are considered in the breeding objective: harvestable volume (m3/ha) and average 

wood density (kg/m3), both expressed at rotation age (years). The choice of traits is based on 

their influence on profit, already demonstrated in previous studies (e.g. BORRALHO et al. 

1993, GREA YES 1999), the possibility of constructing sensible relationships between forest 

and end-products (using either the objective traits or variables derived from them) and on the 

intent of keeping the breeding objective as simple as possible. A given volume per ha was 

described as a fimction of basal area (m2/ha), top height (m) and stocking rate (trees/ha), 

accounting for individual variation of the trees that populate one hectare of forest. 

Production system 

A vertically-integrated production system was modelled, which included tree grOWIng, 

harvesting and processing in a sawmill and pulp mill (Figure 1), and considered three 

silvicultural regimes according to site quality expressed as site index (SI). Low quality sites 

(SI = 22) were managed with a pulp regime, medium quality sites (SI = 25) with an 

intermediate regime, and high quality sites (SI = 30) were under an intensive silvicultural 

regime. Table 1 provides a description of the characteristics of each regime. 

Figure 1: Schematic diagram of a generic vertically integrated industry. 
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/ 
Sawmill 

Forest Chips 

� Pulp mill 

Table 1: Description of the silvicultural regimes. 

Descriptor 

Pulp 

Site index (mt 22 

Rotation (years) 18 

Initial stocking (stemslha) 1600 

Thirming to waste at age 5 800 

(residual stemslha) 

Production thinning at age 12 

(residual stemslha) 

Prunings (ages) 

a Average height of tallest 100 trees per hectare at age 20 years. 

Growth model 

Structural 
Structural timber 

timber 
market 

Clear Clear 
wood wood 

market 

Pulp 
Bleached market 

pulp 

Silvicultural regime 

Intermediate Intensive 

25 30 

22 26 

1400 1100 

700 800 

400 400 

5,6, 7 

A stand model based on a system of differential equations as described by GARC� (1984, 

1994, 1999) was used to model the production forest tier, and provided expected values for 

basal area, top height and stocking rate. Average wood density was modelled using a 

quadratic model described by 1lAN et al. (1995). Random sampling procedures were used to 

simulate the individual stems that contribute to the population of sterns. Diameters of 
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individual trees were generated from stand parameters using a Weibull distribution, the 

parameters of which were obtained using a simplified method of moments (GARctA 1981). 

Total tree height was obtained using an exponential height-diameter function and wood 

density was derived using a normal distribution. Each silvicultural regime was simulated 100 

times to explore the variability of results produced when generating individual trees using 

stochastic distributions. 

Log generation 

Trees were "cut" using three common log specifications based on length and small end 

diameter - [2.44 m, 10 cm], [3 .60 m, 15 cm] and [4.00 m, 20 cm] respectively. Each stem 

was represented by 3 parameters: diameter at breast height, total height and wood density at 

breast height. The stem is compared with the largest log specification, if the remaining length 

and small end diameter - calculated through a taper function - exceeds the log 

specifications the tree is cut. Otherwise the model tries to fit the second largest log 

specification and so on, until the remainder of the tree is too small for any specification and is 

considered waste. This algorithm is a simplified version of that suggested by GoULDING and 

SHIRLEY ( 1979). An average wood density was assigned to each log using a parabolic 

function of height and wood density at breast height based on the model by 1IAN et al. (1995). 

Log processing 

Logs of 2.44 m are used only for pulping. The weight of pulp for each log (TONpulp) was 

calculated as: 

TONpulp = VOLlog '" DENlog '" PYlog 

where volume of log calculation (VOLlog in m3) is obtained from the large end diameter 

(LEDlog in cm), small end diameter (SEDlog in cm) and length (LENlog in m) of the log, 

and pulp yield (pYlog as proportion) using a function of basic wood density (DENlog) 

approximated from data in EVANS et al. (1999). 

VOLlog = 1t '" LENlog '" (LEDlog2 + LEDlog '" SEDlog + SEDlog2) /120000 

PYlog = 0.37462 + 0.00024 "'DENlog 

The same function of yield is used for chips produced by the sawmill. Logs larger than 2.44 

m are used in the sawmill, where the volume of timber is estimated as: 

VOLtimber = LENlog '" SEDlog2 / 20000 
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In light framing construction, one of the main uses of radiata pine, stiffness (expressed as 

modulus of elasticity) is the most important property of the timber. Stiffness is closely related 

to wood density (COWN 1992). Modulus of elasticity of timber (MOEtimber in GPa) was 

estimated as a function of basic density (BlER 1985) and subsequently the grade of structural 

timber was obtained as a function of modulus of elasticity: 

MOEtimber = -3.66 + 0.027 * DENlog 

For logs 3.6 m long the volume of structural timber was: 

VOLstruc = VOLtimber 

In the case of 4 m long logs the proportion of timber that is clear wood is calculated using a 

second degree polynomial function based on data from Table 15 of COWN (1992), assuming a 

20 cm diameter over stump (DOS): 

VOLclear = VOLtimber * PROPclear 

VOLstruc = VOLtimber * (1 - PROP clear) 

PROP clear = -0.63309 + 0.0425 * SEDlog - 0.00032 * SEDlog2 

Ninety percent of the difference between volume of the log and volume of timber IS 

considered chips while the residual is considered losses in the process (e.g. sawdust): 

VOLchips = (VOLlog - VOLtimber) * 0.9 

Cost-income structure 

Discounted income (l) of the production system was derived from selling timber (structural 

and/or clear) and chemical pulp: 

where: 

r 

I = L (INCOMEStruCk + INCOMEcleark + INCOMEpulPk) f... k 

k=-I 

r = rotation age 

A= 11(1 +a) 

a = discount rate (cost of capital) expressed as proportion 

INCOMEStruCk = VOLStruCk * PRICEstruc 

INCOMEcleark = VOLcleark * PRICEclear 

INCOMEpulPk = TONpulPk * PRICEpulp 
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Discounted cost (C) includes contributions from growing the forest, delivering the wood 

(roading, harvesting and transportation) and processing the logs. We assume there is no 

payment for raw materials between the processing and forest growing tiers (i.e. no transfer 

cost). Growth and delivery costs are summarised in Table 2 .  Hence: 

where 

r 
C= L (COSTgrowingk + COSTdeliveryk + COSTprocessingk) 'A.

k 

k=-I 

COSTgrowingk = COSTestabk + COSTadmink + COSTintervk 

Table 2: Cost structure for the silvicultural regimes. 

Item Silvicultural regimes 

Pulp Intermediate Intensive 

US$ Years US$ Years US$ Years 

Cost of the land (per ha) 640 -1 750 -1 900 -1 

Preparation (per ha) 70 -1 70 -1 70 -1 

Establishment (per ha) 180 0 170 0 160 0 

Weeding (per ha) 50 I 50 1 50 1 

Administration (per ha) 30 annual 30 annual 30 annual 

Waste thinning (per ha) 60 5 50 5 50 

Roading (per ha) 105 
a 

3 Harvest cost (per m ) 7 b 

Transportation cost (per m3) 6 be 

• Roads are established for the first production intervention, i.e. final harvest (pulp) or production thirming 
(intermediate and intensive). See Table 1 for years. 
b These costs are applied for thinnings and final harvest, and apply to all regimes. 
C These costs assume an average hauling distance of 120 km. 

COSTestabk considers cost of the land, preparation, planting and weeding, COSTa� are 

the annual administration costs, and COSTintervk includes the costs of thinning to waste and 
prurungs. 

COSTdeliveryk = COSTroadingk + (VOLpulplogsk + VOLsawlogsk) * 

(COSTharvest + COSTtransport) 

where COSTroadingk > 0 only for the first production intervention. 

COSTprocessingk = (VOLpulplogsk + VOLchipSk) * COSTpulping + 
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VOLsawlogsk * COSTsawing 

where p ulp logs include all 2 .44m logs and sawlogs all 3.6m and 4 m  logs. The costs of 

processing a cubic meter of green wood in the sawmill and pulp mill (COSTsawing and 

COSTpulping respectively) were considered constant. 

Discounted profit (P) or net present value is the difference between the discounted incomes 

and costs: 

Economic values 

Economics values were obtained from an incremental economic evaluat ion, where the value 

of a marginal increase of a trait was the difference between the actual cash flow and t he base 

cash flow, i .e. with no increase on the trait (ALLEN 199 1). 

EV ALUE = (P� - Pbase) I (TRAIT� - TRAITbase) 

To simulate the increase in stand volume and average wood density rotat ions were extended 

between 1 and 2 years (depending on the silvicultural regime) to obtain stand p arameters 

reflecting an increase of 10% on the traits. In this way changes to basal area, stocking and top 

height are accounted for. A 10% change in the t raits was used because smal ler changes are 

more difficult to reliably quant ify in the model. 

The prices of the end-products were: structural t imber US$175Im3, clear wood US$350/m3 

and bleached p ulp US$430/ton. The sum of financial and operational costs (excluding cost of 

logs) for processing one cubic meter of green wood were US$35 in the pulp mill and US$45 

in the sawmill. Discounted profit was calculat ed using a 10% (a = 0. 1) discount rate. 
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Response to selection 

The response per generation in the objective H (ilCitI) when selecting on index I is (VAN 

VLECK et al 1987): 

ilCitI = i rlH O'H 

where i is the selection intensity, rlH is the correlation between the index and the objective 

(accuracy of prediction) and O'H is the standard deviation of the objective. Correlated response 

in objective Hl (L1cG H ) to selection for objective H2 is calculated as: I 

where bH H is the regression of Hl on H2. If both objectives have equal variance, this I 2 

expression reduces to (see Appendix): 

L1cGH = rH H L1GH I I 1 2 

where rH H is the genetic correlation between objectives Hl and H2. If the variances of the I 1 

objectives are not equal the correlated response is only proportional to rH H . I 1 

It is assumed that heritability for volume is 0.2, heritability for wood density is 0.6, and the 

genetic and phenotypic correlations between the traits are -0.3 and -0.1 respectively. Thus, 

additive genetic (G) and phenotypic (P) covariance matrices are: [ 350 -141] [ 1750 -135.55] 
G = and P = 

-141 630 -135.55 1050 

It is necessary to point out that genetic parameters involving wood properties have often been 

estimated with small sample sizes and/or inappropriate sampling schemes (see APIOLAZA et 

al. 1999), and therefore they are not completely reliable. 

Results and discussion 

Woodflow and cost-income structure 

Table 3 presents the average wood and end-product flow for 100 simulations of the base 

scenario for the silvicultural regimes. Total volume of logs (including production thinnings 

and final harvest) were 332.0 m31ha, 451.5 m3Jha, and 794.0 m3Jha for pulp, intermediate and 

intensive regimes respectively. Wood densities at harvest age were 405 kg/m3, 404 kg/m3 

and 409 kg/m3 respectively, reflecting differences in site quality (measured as site index) and 

rotation age. 
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The recovery rate for the sawmill (expressed as the ratio [structural volume + clear volume] / 

sawlogs volume) is 0.55 for intermediate and 0 .56 for intensive regimes. Green wood 

requirements to produce a tonne of bleached pulp ([pulplogs + chips]/ bleached pulp) were, 

on average, 5 .2 m3, 5 .4 m3 and 4.9 m3 for pulp, intermediate and intensive regimes 

respectively, showing the effect of age and site quality on basic wood density and, 

consequently, on pulp yield. 

Table 3: Average wood and end-product flow per hectare for the production system under 

three silvicultural regimes (end-products in bold font). 

products Silvicultural regime 

Pulp Intermediate Intensive 

age = 18 age = 12 age = 22 age = 12 age = 26 

Pulp logs (m3) 332 .0 42.3 72.3 1 19.3 65.5 

Sawlogs (m3) 336 .9 609.2 

Structural (m3) 184.2 2 19.7 

Clear wood (m3) 123. 1 

Chips (m3) 137 .5 239.8 

Bleached pulp (ton) 63.3 7.4 39.3 20 .8 66.5 

For the base scenario, as a proportion of total discounted costs, growing costs range between 

24% (intensive) and 32% (pulp), delivery costs between 16% (intermediate) and 19% (Pulp), 

and processing costs (pulping + sawing) between 49% (Pulp) and 59% (intensive) (Table 4). 

In general, better sites and silviculture result in a shift in costs, as a percentage, towards the 

processing end. Concerning incomes, both intermediate and intensive were characterised by 

60% in the sawmill and the remainder in the pulp mill (Table 4). 

Increasing volume or density within a silvicultural regime did not noticeably change (more 

than 1%) the percentage cost structure reported in Table 4, but the percentages of income 

coming from pulp mill and sawmill were altered. In the intermediate regime sawing income 

starts at 56% for the base case and moves to 58% (6vol) and to 53% (6den). The 

percentages for the intensive regime move from 58% (base) to 6 1% (6vol) and to 55% 

(6den). 
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Table 4:  Discounted cost and income structure expressed as percentage of total discounted 

costs and incomes for the base scenarios. 

Item Silvicultural regime 

Pulp Intermediate Intensive 

Costs 

Growing 32 27 24 

Delivery 
a 1 9  1 6  1 7  

Pulping 49 25 30  

Sawing 32 29 

Incomes 

Pulping 
b 1 00 44 42 

Sawing 56 5 8  

a Includes production thinnings, fmal harvest, roading and transportation. 

b Includes processing pulplogs and chips from sawlogs. 

The base models for all regimes were profitable (Table 5), with discounted profitlha 

(including forest, pulp mill and sawmill) ranging from US$659.06 (Pulp) to US$4289.70 

(intensive). The increase of harvested volume (due to higher site index and longer rotation) 

as well as the introduction of high value products (clear wood) justifies the difference in profit 

between pulp and more intensive regimes. Table 5 shows the change of profit by increasing 

-10% final harvest volume (34 m31ha, 33  m3lha and 71  m3lha) and wood density (40. 5 kg/m3, 

40.4 kg/m3 and 40.9  kg/m3) of the pulp, intermediate and intensive regimes. Percentage 

profit increase due to volume ranges between 1 8% (intermediate) and 32% (Pulp), while the 

increase caused by density ranges between 14% (intensive) and 92% (Pulp). 

Economic values for each trait/regime combination (extra profit per unit increase) are 

presented in Table 5. The largest economic effect of increasing volume is in the intensive 

regime ( 1 l . 94), reflecting the associated log size increase, improving sawmill recovery and 

quantity of structural and clear wood. Increasing density is more valuable in the pulp regime 

( 14. 90), because it directly improves the efficiency of pulp production. Thus the breeding 

objectives were: 6.26 �vol + 1 4. 90 �den for pulp, 8 .28 L\vol + 9.42 �den for intermediate, 

and 1 l . 94 �vol + 14 .70 �den for the intensive regime. The similarities of economic values 

were more clearly interpreted when using relative weights. Relative economic weights for 
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volume and density were 1 :2.4, 1 :  l . 1 ,  and 1 :  l .2 for pulp, intermediate and intensive regimes 

respectively. 

Table 5: Discounted cash flow for the base, 1 0% volume increase (ilvol) and 1 0% density 

increase cases (ilden), where P is discounted profit and V is the economic value for a unit 

increase of volume ( 1 m3) and wood density (1 kg/m3). 

Model 

base 

ilvol 

ilden 

Pulp 

P 

659.06 

87l . 98 

1262. 34 

Multiple objectives 

V 

6.26 

1 4.90 

Silvicultural regime 

Intermediate Intensive 

P V P V 

1 549. 37 4289.70 

1 822. 57 8 .28 5 1 37 .58  1 l . 94 

1 929.94 9 .42 4890.9 1  14 .70 

The existence of several production conditions (e.g. silvicultural regimes) and economic 

circumstances (e.g. future end-product prices) creates sets of economic values for the traits 

under breeding. As a result breeders face the decision of keeping a single breeding 

population with a unique objective (either the objective for a specific condition or an average 

objective) or splitting the population and breeding for different objectives (DEL BOSQUE 

GoNlALEZ and KlNGHORN 1 990, HOWARTH et al. 1 997, HOWARTH and GoDDARD 1 998) . 

The convenience of each option depends, among other factors, upon the correlation between 

the breeding values. 

Table 6: Correlation between the breeding objectives, assuming heritability for volume is 0.2, 

heritability for density is 0.6 and additive genetic correlation between the traits is -0.3 .  

Silvicultural regime 

Intermediate 

Intensive 

Pulp 

0.94 

0.96 

Intermediate 

0 .99 

All correlations between breeding objectives reported in Table 6 are over 0 .9. The variances 

of the breeding objectives were 127278.9, 57904. 1 ,  and 1 3 6537.9  for pulp, intermediate and 

intensive regimes respectively. Because the variances are different it is considered that 

correlated response is only proportional to the correlation between objectives. The objectives 
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for intermediate and intensive regimes are almost identical in the sense of ranking, although 

the economic values are different such the investment decisions may vary with regimes. 

Although splitting the breeding population in specialist 'breeds' would maximise individual 

response for each objective, this would simultaneously increase the breeding work and costs 

and reduce overall selection intensity. As an illustration, considering 600 plus trees with 3 0  

progeny each, selection of top 200 for the next generation implies a selection intensity (i) of 

2.634 (200/1 8000) for a single population, while the intensity is 2.23 1 (200/6000) when the 

population is split in three specialist 'breeds' (FALCONER and MAcKAY 1 996). The economic 

values for an 'average' breeding objective (see Appendix) are 8 . 83 and 1 3 .0 1  ([VI + V2 + V3] / 

3 ), i .e. the economic weights are 1 : l . 5 .  Direct responses to selection using specialist 'breeds' 

are US$ 589, US$ 349 and US$ 544 for pulp, intermediate and intensive regimes 

respectively, while direct response to selection on the average objective is US$ 579. 

Correlated response (see Appendix) on breeding objective for pulp, intermediate and 

intensive regimes to selection based on an average index will result in l . 1 0, 0.75 and l . 1 5 

units of aggregate genotype per unit of response on the average objective. Considering these 

results and assuming other conditions identical - i.e. same selection criteria and generation 

interval - the firm is better off keeping a single breeding population. 

Final remarks 

The profit in the production system may be utilised to determine the most appropriate 

payment system for raw materials, as well as to calculate the profit of the different tiers of the 

firm. There is a large degree of uncertainty in the cost-income structure of the generic firm, 
especially concerning future end-product prices. One option to tackle this problem is to 

change the discount rate used in the economic evaluation. Alternative approaches are to 

include the error probability distribution of the parameters estimated with uncertainty in the 

estimation of selection indices (AMER and HOFER 1 994), or to run alternative realistic 

scenanos. Another problem is that part of the economic value of a trait can result from 

changes in the operation of the firm; thus operations of the firm must be optimised 

accordingly to reflect those changes (AMER et al. 1 994). Most expected change
.
s are in the 

silvicultural regimes (especially reduction of rotation age) rather than in the processing side of 

the firm. Because mill capacity often exceeds forest supply, increasing productivity per ha 

might encourage substitution of logs bought from third parties rather than changing mill size. 
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The breeding objectives modelled in this paper considered only two traits, currently included 

in the breeding strategy. There are several other traits with potential economic effect on the 

production system (e.g. SHELBOURNE et al. 1 997). For example in sawmills recovery rate is 

affected by log sweep and taper (BROWN and MILLER 1 975, KELLOGG and WARREN 1 984). 

Mechanical performance of lumber (measured as stiffuess and strength) is related to, apart 

from wood density, internode index and branch index (COWN 1 992). Dimensional stability of 

planks depends on spiral grain. Lignin and cellulose content affect the yield of kraft pulp 

production, while the quality of pulp and paper is related to tracheid dimensions 

(KIBBLEWffiTE et al. 1 996). Moreover, there are other end-products and industrial processes 

(e.g. paper, fiberboards, veneers, carbon sequestration) that should be implemented in the 

model. Biological traits for some of these products have been listed elsewhere (SHELBOURNE 

et al. 1 997). Once additional processing information is available to the breeder it is feasible to 

include additional traits in the objectives. 

The calculation of economic values presented in this paper relies on the linearity of profit 

increase with changes on volume and density. This is not necessarily the case, as shown by 

GREAVES et al. ( 1 997b) in eucalypts. Some traits are inherently non-linear, like those based 

on threshold values (e.g .. spiral grain or grades for structural wood) where improvement of the 

trait has value only when reaching a given threshold (e.g COLLEAU and LE BlliAN-DuvAL 

1 995). There is a considerable body of research concerning selection on non-linear breeding 

objectives (e.g. GoDDARD 1 983 ,  ITOH and YAMADA 1 988,  BURDON 1 990), with varying 

conclusions concerning the importance of non-linearity. The relevance of non-linearity to 

practical selection and breeding programs is an issue that will need to be explored in detail. 
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Appendix: Some results on breeding objectives 

Correlation between breeding objectives 

The correlation between two objectives HI and H2 ( rH H ) is calculated as: I .  2 

Variance and covanances of linear expressions are quadratic forms represented as a 

covariance matrix pre- and post-multiplied by a vector (SEARLE 1 982, P 73) . Hence: 

, G ( ' G )-0.5 ( , G )-0.5 rH,H2 = VI V2 VI VI V2 V2 

Correlated response 

Correlated response in breeding objective 1 (Hi) when selection is based on an index derived 

to maximise response on breeding objective 2 (H2) can be calculated using the regression of 

HI on H2 ( bH H ): 
, 2 

Assuming that Var(Hl) = Var(H2), correlated response can be calculated as : 

i\cG = Cov(H1 , H2 )  
i\G = Cov(Hp H 2 )  �Var(Hl ) 

i\G H
, Var(H2 )  

H
2 �Var(Hl )Var(H2 ) �Var(H2 )  

H2 
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which shows the relationship of response to the correlation between the objectives. 

A verage b reeding objective 

For each production condition or economic circumstance i there is a breeding objective Hi = 

Vi '  a and a selection index Ci == p-l G Vi, with predicted genetic gain �G.. However, it might 

be possible to have only one generic breeding program, producing material for all sets of 

production and economic circumstances. The generic breeding objective is Hg = Vg' a and a 

selection index cg == p-l G Vg, with predicted genetic gain �Gg. 

Considering t different breeding programs total gain using specialist breeding objectives is 

given by: 

T �G = Wl �Gl + W2 �G2 + . . .  + Wt �Gt 

where Wi is a weight which includes the relative economic importance of the process and/or 

the plausibility of the economic circumstance. On the other hand, the total gain for using a 

generic breeding program is given by: 

T �Gg = Wl �CGl + W2 �CG2 + . . . + Wt �cGt 

where �cG. is the correlated response of breeding objective i when selecting for a generic 

breeding objective. Correlated response is calculated as: 

A G. . 'G ( ' p ) -\I: . ' G  p-t G ( ' G  p-l G ) -\1: tiC I = 1 Cg Vi Cg cg = 1 Vg Vi Vg Vg 

and considering Q = G p-t G then 

�cG. = i Vg' Q Vi (Vg' Q vg) -\I: 

The vector Vg should be calculated to minimise the difference between the total genetic gain 

produced by a generic breeding program and that obtained using several breeding programs 

or, the same result, maximise the total gain of the common breeding objective (T �Gg): 

max T �Gg = Wl �CGl + W2 �CG2 + . . . + Wt �cGt 

or equivalent expressions: 

max T�Gg = L[Wi i Vg' Q Vi (Vg' Q Vg) -\1:] 

max T�Gg = i Vg' Q L[Wi vd (Vg' Q vg) -\I: 

Differentiating T �Gg and setting the system of equations equal to 0: 

o T�Gg /OVg = i Q L[Wi vd (Vg' Q vgr\l: + i Vg' Q L[Wi Vi] -Yl (Vg' Q vgr312 2 Q Vg == 0 

i [Q L [Wi Vi] (Vg' Q vgr\l: - Vg' Q L [Wi Vi] (Vg' Q vgr312 Q Vg] == 0 
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Q L[Wi Vi] (Vg' Q Vg) -Y. = Vg' Q L[Wi Vi] (Vg' Q Vg) -3/2 Q Vg 

Q L[Wi Vi] = Vg' Q L[Wi vd Q Vg (Vg' Q Vg) -1 

but Vg' Q L[  Wi Vi] and (Vg' Q Vg) -1 are scalars, thus the .solutions are proportional to their 

product (k), and Q is full rank so Q-1 exists. 

Vg = k L[Wi Vi] 

Therefore Vg is proportional to the weighted sum of vectors Vi (e.g. the weighted average). If 
all production conditions or economic circumstances are equally important, Vg is equal to the 

arithmetic mean of the Vi. 
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Abstract 

Bivariate half-sib family data comprising 200 unrelated families with 3 0  individuals each 

were simulated for 80 combinations of genetic parameters (heritability for trait 1 ,  

heritability for trait 2 and genetic correlation between the traits) and random subsampling 

for trait 2 (3 , 9, 1 5  and 30  trees). The model effects were all random, phenotypic 

variance of 1 for both traits and an environmental correlation of o.  The effect of 

subsampling was studied on: estimation of genetic parameters using restricted maximum 

likelihood (REML), best linear unbiased prediction (BLUP) of transmitting abilities, . and 

expected response to selection. The lowest subsampling intensity generated greater 

biases, poorer representation of the distribution and larger coefficients of variation for 

estimates of genetic correlation and heritability of trait 2 .  The correlation between ' true' 

and predicted transmitting abilities for trait 2 had a direct relationship with subsampling 

intensity, heritability of the trait, and genetic correlation between traits 1 and 2. Even 

when the multivariate analysis increased the accuracy of prediction the correlation for 

trait 1 was only slightly affected. Direct response to index selection was depressed by 

low subsampling intensities, in a degree dependent on the heritabilities of the traits. Low 

subsampling boosted correlated responses for trait 1 and depressed those for trait 2 .  

Truncation selection, subsampling trait 2 only in the top families for trait 1 ,  was used 

with a specific set of parameters. This option produced the worst estimates and 

predictions. In summary, increasing the subsampled intensity gave progressively 

diminishing benefit, with little effect over 1 5  trees. A potential for improved cost­

efficiency is thus confirmed. 

Introduction 

Tree performance is typically a multi-trait function. For efficient genetic improvement 

reliable estimates of genetic parameters for the traits concerned are usually needed, to 

identify feasible breeding goals and to develop efficient selection procedures. These 

genetic parameters are encapsulated in the phenotypic (P) and genetic (G) variance­

covariance matrices. Estimation of genetic parameters will always entail some form of 

population sampling. Often the sample will represent all trees in a progeny trial, but if a 

trait is very expensive to evaluate on individual trees subsampling is attractive, if not a 

necessity. 
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For selection, the cost efficiency of sampling of the available trees can be of twofold 

importance. In addition to affording the reliable genetic parameters estimates that are 

needed for constructing consistent selection indices, can allow reliable estimates of 

breeding values that may be needed for some traits .  

Research in the last few years have confirmed the need for simultaneously considering 

growth traits and wood properties (BORRALHO et al . 1 993 ,  GREA VES and BORRALHO 

1 996, GREA VES et al . 1 997, SHELBOURNE et al. 1 997), making the issue of sampling 

more important. While wood properties may be important there is often a limited' 

knowledge of their genetic parameters, especially the between-trait genetic correlations. 

Estimates of genetic parameters are usually obtained from analysis of progeny-test data 

using covariances among collateral relatives, e.g. half-sibs. While assessment of growth 

traits (usually of low heritability) in all the individuals of a progeny test is generally cheap 

and easy, satisfactory assessment of wood properties (usually highly heritable) is typically 

very costly per tree sampled. Accordingly it is usually appropriate to assess subsamples 

of relatively few individuals for wood properties, whereas many more individuals may be 

needed for providing good estimates of genetic parameters and breeding values for 

growth and form traits. 

Several studies have focused on behaviour, in relation to sample size, of estimates of 

variance and covariance components, and thence of genetic correlation estimates. For 

example, ROBERTSON ( 1959), VAN VLECK and HENDERSON ( 1 96 1 ), BROWN ( 1969), 

ROFF and PREZIOSI ( 1994) and Lru et al. ( 1 997) have either described the distributions 

or given confidence intervals for estimated genetic parameters. Not explored was the 

issue of assessing, in the interest of cost-saving, a subsample of the study population for 

one of the variables. BURDON and APIOLAZA ( 1 998) presented an ANOV A-based 

method to deal with two traits on partially overlapping subsamples, but it has some limits 

to the classification imbalance that can address. The objective of this study was to 

explore, through simulation, the effects of different subsampling intensities on the 

estimation of genetic parameters using restricted maximum likelihood (REML), on 

consistency of rankings based on Best Linear Unbiased Prediction (BLUP) , and on 

estimates of expected response to selection. 
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Materials and methods 

The simulation experiment addressed the full factorial combinations of: heritability of 

trait 1 (h12 = 0. 1 and 0 . 3), heritability of trait 2 (h2
2 = 0.4 and 0. 8), genetic correlation 

between the traits (rg = -0 .6, -0 . 3 ,  0, 0 .3 and 0 .6) and subsampling intensity of trait 2 (3 , 

9, 1 5  and 30  observations). Trait 1 was always considered with 30 trees ( 1 00% 

subsampling). One hundred progeny tests were simulated for each combination of levels 

of the factors. The tests were assumed for simplicity to have a completely random 

layout, 200 families and 30 individuals per family. Families were considered true half­

sibs, with non-inbred, unrelated parents, and always a high number of effective paternal 

parents. Assuming a fully additive genetic model the coefficient of relationship was 

therefore V4. Further assumptions were: 1 00% survival, phenotypic variance of 1 for 

both traits and an environmental correlation of O. Even though the combinations of 

genetic parameters were not exhaustive, and that we used a fixed family number and size, 

we covered a range of situations that are relevant to tree breeding (see, for example, 

BURDON 1 992, CORNELIUS 1 994, WHITE 1 987). 

This study considered the prediction of transmitting abilities -Y2 of the breeding 

values- for backwards (or parental) selection. Therefore, for each progeny test of 200 

models a family (, sire
,t) model was fitted: 

y = X m + Z f + e  

where y = (YI' Y2')' represents the vector of phenotypic observations for traits 1 and 2, X 

= Xl EB X2 and Z = Zl EB � are known incidence matrices for fixed and random effects 

respectively, m = (ml' m2')' and f = (fl' f2')' are vectors of unknown trait means and 

random family effects respectively, e is the vector of random residuals, ' is the transpose 

operation, and EB is the direct sum operation. The expected value (E) and covariance 

(V) of the model equation terms are: 

[Yl [xml [Yl [V4ZGZ' + R 

E e = 0 and V e = R 

f 0 f V4GZ' 

where: 

G = Go 0 IN is the additive genetic variance-co variance matrix, where 

t In tree breeding as opposed to animal breeding, the 'dam' and not the 'sire' is identified. 
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[ 2 a G - a l  o -
°al a2 

cr fl f� ] , 0 denotes the direct (Kronecker) product 
cr f2 

operation, and IN is an identity matrix of order N equal to the total number of families 

(200). Because we are dealing with standardised traits, the phenotypic variance is 1 and 

as a result the genetic variances are h12 and hl and the genetic covariances are rg hI h2 . 

R is the residual variance-co variance matrix, which includes environmental effects and % 

of the total genetic (co )variances. Because of the missing observations in trait 2, R 

cannot be expressed as a direct product. For individuals with records for both traits Ro = 

diag { cr el 2 , cr e2 2 } ;  while for individuals with records only for trait 1 ,  the matrix Ro 

collapses to the scalar cr e 2 . I 

Bivariate observations with the desired variance-co variance matrices were obtained using 

Cholesky decomposition (JOHNSON 1 987 , VAN VLECK 1 994). Subsampling was 

accomplished by randomly deleting observations of trait 2 from the complete simulated 

test, leaving the desired number of trees in each family. Additionally, truncation 

subsampling was simulated for a specific set of parameters. In this case, all families were 

fully assessed and ranked for trait 1 and then 1 5  individuals from the top 40% of the 

families for that trait were randomly sampled for trait 2 .  

Variance and covanance components were estimated for each simulated test using 

REML (PAITERSON and THOMPSON 197 1 ) . An iterative average information algorithm 

was applied to maximise the likelihood function using AIREML (JOHNSON and 

THOMPSON 1 995). Estimates of heritability (hj2) for traits 1 and 2, and genetic 

correlation between the traits (rg) were calculated as : 

� 2 � 2 4crf. 
h . = ' 

I ( � 2 � 2 )  
cr fi + cr ei 

with & f. 2 and & H. as the among-families estimated variance and covariance components , I )  

respectively, and &e 2 is the estimated variance of re si duals. I 
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For each simulated combination, the statistical significance of the skewness of 

distribution of estimates for a parameter i ( g  Pi ' either for Ft i 2 
or fg ) was tested following 

SNEDECOR and COCHRAN ( 1 980, p.78) :  

where (J Pi is the population standard deviation of the n values of p. for a given 

combination of parameters, and crita,n is the tabulated critical value for a nominal 

probability of a comparisonwise type-I error, a, with n degrees of freedom. 

Bias for each simulated combination of parameters and sampling was considered 

significant if (LIU et al . 1 997) : 

bias.Jn 
� > tn.n-1 (J bias 

where bias is the difference between the average of the n individual genetic parameter 

estimates and the 'true' (simulated) parameter, n is the number of simulations ( lOO), 

� bias is the standard deviation of the n individual genetic parameter estimates, and ta, 0 -1 

is Student's t value for a nominal probability of a comparisonwise type-I error a with n -

1 degrees of freedom. 

Predicted transmitting abilities ( f )  were obtained as solutions to Henderson's ( 1984) 

mixed model equations developed using the REML estimates of the variance 

components : 

The effects of sampling on the prediction of transmitting abilities was quantified using the 

correlation ( rU'i ) between transmitting abilities for trait i predicted with a sample of the 

data ( fJ and those actually simulated ( fsJ. 

(J .  fi .f.i r· = -r===== fi .f,; I 2 .  2 -V (J fi (J f'i 
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where cr fif'i ' cr 2 fi and cr 2 f'i are the observed covariance and vanance of predicted 

transmitting abilities using samples, and the variance of simulated transmitting abilities 

respectively. 

The breeding objective (H) comprised a linear function of the transmitting abilities for 

traits 1 and 2 (fI and f2) .  Selection was performed using an index (1), which included the 

bivariate-predicted transmitting abilities for traits 1 and 2 ( £1 and £2 ) . The relative 

economic values for traits 1 and 2 (Wi) were assumed in three separate situations as 1 :  1 ,  

2 :  1 and 1 :2 .  Thus, 

The expected correlated (6cGi, i .e .  in the single trait i) and direct (6 ern, i .e .  in the 

breeding objective) responses to backwards selection on the index, i .e . selection of the 

parents based on progeny records, are given by (see Appendix): 

6cGi = i w' Ti (w' S wyll2 

d� = WI dcGI + W2 dcG2 

where i is the selection intensity, w is the vector of relative economic weights, Ti is the 

vector of covariances between predicted transmitting abilities for both traits and true 

transmitting abilities for trait i, and S is the matrix of variances and covariances for 

predicted transmitting abilities. 

Results and discussion 

Random Subsampling 

The results are presented separately for estimation of genetic parameters, prediction of 

transmitting abilities, and response to selection. The general trends are frequently 

exemplified using the parameters hJ2 = 0. 1 ,  h/ = 0 . 8  and rg = -0 .3 ,  which can be 

applicable to Pinus radiata D. Don progeny tests assessing growth traits and wood 

properties. Most of the results presented for response to selection are based on relative 

economic weights of 2 :  1 .  
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Estimation of genetic parameters 

The different subsampling schemes were evaluated considering skewness, bias, and 

coefficient of variation of the estimates relative to the simulated 'true' parameters. The 

distributions of the REML estimates for heritabilities and genetic correlations were 

skewed, especially at low subsampling intensities and extreme heritabilities (h12 = 0. 1 or 

h/ = 0 . 8). There, the likelihood approach constrained maxima to the parameter space 

tending to concentrate estimates close to the lower or upper bounds. Changes of sign 

for skewness while increasing subsampling intensities were commonplace. For example, 

� 2 skewness went from -0.49 to 0.42 for h2 and from 0.6 to -0. 2 1  for fg , when 

subsampling 3 and 30 trees respectively (Table 1 ) . Twenty-five out of 80 combinations 

of genetic parameters and subsampling presented significant skewness for a = 0 .05 .  The 

lowest subsampling intensities did not give a reliable representation of the distribution of 

the estimates. 

The mean estimates of the genetic parameters varied slightly according to the different 

subsampling schemes. As a general trend, the magnitude of the bias of the estimates was 

higher for the lowest subsampling intensities (3 trees) . The largest deviations were for 

fg , followed by h 2 of traits 2 then 1 .  Twenty-four out of 80 combinations of genetic 

parameters and subsampling presented significant bias for a = 0.05 .  Intensifying the 

subsampling from 3 to 1 5  trees reduced the bias (Table 1 ), but further intensification had 

little effect on the magnitude of bias. 

The observed standard deviations of the estimates for each combination of parameters 

divided by the estimated means were considered as the ' empirical' coefficients of 

variation. As expected, an increased subsampling rate reduced the coefficient for all 

parameters estimates (Table 1) .  However, subsampling more than 9 trees gave only a 

marginal reduction in coefficient of variation. 
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Table 1 :  Bias, coefficient of variation (CV) and skewness (Skew) from 1 00 replicates 

using different subsampling intensities for trait 2, for hl2 = 0. 1 ,  h/ = 0. 8 and rg = -0. 3 .  

Subsampling � 2 � 2 h \  h 2 rg 

Intensity 

(number of Bias CV Skew Bias CV Skew Bias CV Skew 

trees) 

3 0 .001 0 .020 0 .246 -0. 0 1 6  0.020 -0 .497 0.0 1 4  0 .050 0 .60 1 

9 0. 000 0 .020 0 .249 0 .008 0 . 0 12  -0 .225 0 . 0 1 3  0 .043 0 .323 

1 5  0 .000 0 .020 0.253 0.006 0 .0 10  -0. 1 27 0 .005 0 .03 6  0 .055 

30 0.000 0 .020 0.253 -0.002 0.008 0 .42 1  0 .005 0.036 -0 . 2 16  
._------_._._-----_._-----------------

TrQ 0 .00 1 0 .020 0 .332 -0 .084 0 .0 19  -0. 526 0 .640 0. 1 17 -0. 398 

a Special case with truncation sub sampling, using non-random selection of the assessed families. 

Comparing the results of using coefficient of variation and percentile (data not shown), 

when the subsampling intensities were high, the trends for both standard error and 

percentile range using 1 5  trees were very close. However, the curves tended to differ 

when subsampling only 3 trees, showing the effects of the highly skewed distributions. 

Prediction oj transmitting abilities 

A central part of the breeding process is the selection of the parents for the next 

generation. The effect of subsampling on the prediction of transmitting abilities was 

assessed using the correlation between transmitting abilities predicted for trait 1 ( £'1 ) and 

2 ( £'2 ) using a subsample of the observations of trait 2 and those simulated (£:1 and £:2). 

The magnitude of the correlations involving trait 2 was strongly related to subsampling 

intensity (Figure 1 ,  Table 2) . 

The correlation r· f had a marked relationship with the heritability of the trait, where a f2,  .2  

higher h/ was associated with a higher correlation. Thus, considering hl2 = 0 . 1 and rg = 

-0 .3 ,  the correlations for h/ = 0 .8  exceeded those for h/ = 0.4 by 0. 1 5, 0. 1 2, 0 .09 and 

0.06 for 3 ,  9, 1 5  and 30 subsampled trees respectively (Figure 1) . Simultaneously, a 

higher simulated correlation rg between the traits (either positive or negative) gave higher 

correlations with predicted transmitting abilities (Table 2) . This difference was 
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noteworthy for the lowest subsampling intensity, with magnitude of up to 0. 1 5  (for h/ = 

0 .3 ,  h/ = 0.4, 3 subsampled trees, and rg=O and 0.6) .  The effect for the correlation was 

symmetric; that is, an increase of r g in either way produced essentially the same increase 

in r[ f . The decrease in heritability of trait 1 tended to accentuate the effect of different 2- 1 2  

Figure 1 :  Correlation between transmitting abilities predicted using 3, 9, 1 5  and 30  

observations and those simulated, considering rj for h12 = 0 . 1 ,  h/ = 0 .4 and rg = -0 .3  l .f'l 
(" '0" '), and rj f for h12 = 0. 1 ,  rg = -0. 3 and h/ = 0.4 ( . . . . . . .  ) or h/ = 0 .8  (-.-) . 1· .1 
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Even though trait 1 was not subject to sub sampling, the correlations ri; f still rose I ' ll  

slightly with increased subsampling for trait 2, because the multivariate analysis increased 

the accuracy of prediction when including information from trait 2 (THOMPSON and 

MEYER 1 986). However, the effect of subsampling on trait 2 was small compared with 

the results for r[2 '£. 2 
(Figure 1 ,  Table 2). The effect of including trait 2 depended on the 

value of rg; thus the highest r· f were for high rg (Table 2). In other words, a strong [I . 11 

association between the traits contributed to more reliable rankings of parents for trait 1 

when only subsampling trait 2 .  In general, across all subsampling intensities and 
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parameter combinations, r· ranged from 0.65 to 0.85,  indicating a considerable f, J., 

agreement between the selection of parents under the different subsampling intensities. 

Table 2: Correlation between transmitting abilities predicted using 3, 9, 1 5  and 30  

observations and those simulated, considering all the combinations of genetic parameters, 

for r. and r. . f,.f., f2 .f.2 

Genetic parameters Subsampling intensity (number of trees) 

3 

h12 h/ rg r. f, .f., r· f2J.2  

0. 1 0 .4 -0.6 0 .67 0 . 55  

-0.3 0 .66 0 .50 

0 0 .66 0.48 

0.3 0.65 0 .49 

0 .6  0.67 0 .57  

0 .8  -0.6 0 .65 0 .68 

-0 .3 0 .65 0 .66 

0 0.60 0.65 

0 .3  0 .65 0.65 

0 .6  0 .68 0.68 

0.3 0.4 -0.6 0 .84 0.6 1 

-0.3 0 .84 0 . 5 1  

0 0 .84 0.46 

0 .3  0 . 84 0 .52 

0 .6 0 .84 0.6 1  

0 .8  -0.6 0 .82 0 .70 

-0.3 0 .79 0 .66 

0 0 .76 0 .65 

0 .3 0 .79 0.66 

0 .6 0 .85 0.7 1 
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9 1 5  

r. f,J., r· f2 .f. 2  r. f, J. , r· fl .f. l  

0.69 0 .72 0.70 0 .80 

0 .66 0 .7 1  0 .66 0 .79 

0 .66 0.70 0.66 0.79 

0.66 0 .7 1  0 .66 0.79 

0 .69 0 .73 0.70 0 .79 

0.70 0.84 0.72 0 . 89 

0 .68 0. 83 0 .67 0 .89 

0 .65 0 .83 0 .65 0.89 

0 .67 0 .83 0.67 0 .89 

0 .7 1 0 .84 0.72 0 . 89 

0 .85  0 .75 0.85 0 .8 1  

0 .84 0 .71 0 .84 0.79 

0 .84 0 .70 0 .84 0.78 

0 .84 0 .72 0 .84 0 .80 

0 .85 0 .75 0 .85 0 .8 1 

0 .85 0 .84 0 .85 0 .89 

0 .83 0 .83 0 .84 0 .89 

0 .82 0 .83 0 .84 0.89 

0.82 0 .84 0 .84 0 .89 

0 .85  0 .85 0 .85  0 .89 

30 

r· f, .f., 

0.7 1 

0 .67 

0.66 

0 .67 

0 .72 

0.73 

0.67 

0.65 

0 .67 

0 .72 

0 .85  

0 .85 

0 .84 

0 .84 

0 .85 

0 .85 

0 .84 

0 .84 

0 .84 

0 .85 

r. f2 .f. l  

0 .88  

0 .88  

0 . 88  

0 .87 

0 .88 

0 .94 

0 .94 

0 .94 

0 .94 

0 .94 

0 .88  

0 .88  

0 .87 

0 .88  

0 . 88  

0 .94 

0 .94 

0 .94 

0 .94 

0 .94 



Response to selection 

To study the effect of subsampling, direct and correlated responses are presented for 

each combination of genetic parameters as the ratio of response of a given subsampling 

intensity (using 3 ,  9, 1 5  and 3 0 trees) over the response predicted using the real 

parameters. 

The effects of subsampling were evident in the estimation of direct (Ll�) and correlated 

(LlcG;) responses. Low subsampling intensities consistently depressed the predicted 

response compared to tht: case with true genetic parameters (Figure 2) . Direct response 

was very dependent on the heritabilities of the traits (Figure 2) and, for the lower 

subsampling intensities, on the genetic correlation between them (Table 3) .  The effect of 

genetic correlation was dependent on its magnitude and sign. Increasing subsampling 

reduces the range of relative direct gain between rg = -0.6 and rg = 0 .6 .  For example, for 

h12 = 0 . 1 and h/ = 0 .8  the range is 0.25, 0 .20, 0. 1 3  and 0 .01  for 3 ,  9, 1 5  and 30 

subsampled trees respectively (Table 3) .  

For all the genetic parameter combinations, the average direct response achieved 90% of 

the expected response subsampling just 1 5  trees (Figure 2). Nevertheless, there can be 

lower values for combinations of low heritabilities and negative genetic correlations (e.g. 

for h/ = 0 . 1 ,  h/ = 0 .8  and rg = -0.6, Table 3). The effect of increasing subsampling in 

trait 2 reduced the difference in average response to selection among combinations of 

heritability. As an example, the difference between h12 = 0. 1 ,  h2
2 = 0 .4 and h/ = 0.3 ,  h/ 

= 0.4 changes from 0 . 1 8  to 0.05 subsampling 3 and 1 5  trees respectively (Figure 2). 

With further subsampling the difference converges to 0, reflecting diminishing cost­

efficiency of additional sampling of trait 2 .  
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Figure 2:  Average relative gain for different subsampling intensities, expressed as the 

ratio of response to the predicted direct response using the true parameters. Results 

presented for relative economic weights 2 (trait 1 )  and 1 (trait 2), considering h/ = 0. 1 

and h/ = 0.4 (" ' 0 ' ' '), h/ = 0. 1 and h/ = 0.8 ( . . . • . . .  ), h/ = 0.3 and h/ = 0.4 (-0-), and 

h/ = 0 .3  and h/ = 0 .8  (-.-) .  
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Table 3: Effect of subsampling on the relative direct response to selection for economic 

weights 2: 1 ,  h12 = 0 . 1 ,  h/ = 0 .8  and a range of genetic correlations between the traits. 

Genetic Subsampling intensity (number of trees) 

correlation 3 9 1 5  30  

-0. 6  0.64 0.80 0 . 87 0 .99 

-0.3 0 .70 0 . 87 0 .92 l .00 

0 0 .75 0 .90 0.95 0 .99 

0 .3  0 .83 0 .97 l .00 l .00 

0 .6  0 . 89 l .00 l .00 1 .00 

Correlated responses showed more dramatic changes when trait 2 was subject to 

subsampling, especially at the lowest intensity (Figure 3). In general, the expected 

relative response was boosted for trait 1 ,  with some values well over 1 ,  while the 
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expected relative response for trait 2 was depressed to less than 0.7 .  Thus, even when 

sometimes one of the correlated responses was superior to the value expected using the 

true genetic parameters the total direct gain was inferior. In most of the cases correlated 

response �cGl was superior to �cG2. As with direct response, correlated response was 

dependent on heritability (especially of trait 2, Figure 3) and the effect of the genetic 

correlation was relevant only at low subsampling intensities. 

Figure 3: Correlated relative responses to selection, expressed as the ratio of response 

to the predicted correlated response, using the true parameters and relative economic 

weights 2 (trait 1 )  and 1 (trait 2) . Correlated responses for trait 1 (- . . • . . .  ) and 2 (" '0" ') 

for h? = 0. 1 ,  h2
2 = OA and rg = -0. 3 .  Correlated responses for trait 1 (-.-) and 2 (-0-) 

for h12 = 0 . 1 ,  h/ = 0 .8  and rg = -0. 3 .  

3.----.---.----.----.----.----.----.----.----.----.-. 

2 c: 
C\:J C) 
Q) > .. C\:J 
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o 3 6 9 1 2  1 5  1 8  21 24 27 30 

Sampling intensity (number of trees) 

The effect of different relative econorruc weights was more important for lower 

subsampling intensities. Thus, the relative gain subsampling 3 trees was superior for the 

index with weights 2 :  1 than those with 1 :  1 and 1 : 2, reflecting the influence of better 

genetic parameter estimates for trait 1 (Table 4). However, when increasing subsampling 

intensity the differences tend to fade and finally disappear when sampling 30  trees. This 

is especially marked for high values of h/ (0. 8), where using only 9 trees greatly reduces 

the difference (Table 4). 
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Table 4: Average relative gain for different combinations of heritabilities and economic 

weights, considering 3, 9, 1 5  and 30 trees sampled for trait 2. 

Heritabilities Economic Subsampling intensity (number of trees) 

weights 

h12 h/ Wj 3 9 1 5  3 0  

0 . 1 0 .4  2 : 1 0 .76 0 .87 0 .93 0 .99 

1 : 1  0 .68 0 . 84 0 .9 1  1 .00 

1 :2 0.66 0 .84 0 .92 0 .99 

0 .8  2 : 1 0 .76 0 .9 1  0 .95 1 .00 

1 : 1  0 .74 0 .9 1  0 .96 1 .00 

1 :2  0 .74 0.9 1  0 .96 1 .00 

0 .3 0 .4 2 : 1 0 .94 0.97 0.98 1 .00 

1 : 1  0.78 0 .88  0 .93 1 .00 

1 :2 0 .7 1 0 .86 0 .93 1 .00 

0 .8  2 : 1 0 .88 0.94 0.96 1 .00 

1 : 1  0 .78 0.9 1 ' 0 .95 1 .00 

1 :2 0 .77 0 .92 0 .96 1 .00 

Truncation Subs amp ling 

Because of cost-saving concerns, sequential culling for different traits within one 

generation is a common practice in tree breeding. Firstly, all families are assessed and 

ranked for one trait and then a given percentage of the top families for that trait are 

sampled for the second one. This implies the use of non-random selection of the families 

to be assessed for the second trait, truncating the distributions. This situation was 

simulated for h12 = 0 . 1 ,  h/ = 0 .8  and rg = -0 .3 ,  considering relative economic weights 

2 :  1 .  The tests were generated as for random sub sampling, the families ranked 

considering only trait 1 ,  and then 1 5  individuals from the top 40% of the families were 

assessed for trait 2. Finally, the same analyses used for random subsampling were 

applied to the data sets. 
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Truncation selection of families for trait 1 led to larger skewness and bias for h/ and fg 

(Table 1 ) .  An extreme case is that of fg , where the estimated parameter averaged 0 .34 

rather than -0. 3 .  When predicting transmitting abilities the correlation between predicted 

and 'true' values was depressed to 0 .62 (trait 1 )  and 0 .37  (trait 2). These correlations 

were even inferior to those subsampling only 3 trees (Table 2), even though the total 

number of assessed trees was higher ( 1200 versus 600) with the consequent extra cost. 

The effect on relative direct gain was an overestimate, by a factor of l .3 6, compared 

with the use of the 'true' parameters. This problem was caused mainly because of the 

large bias of the genetic correlation estimates. On the whole, even when the percentage 

of sampled families and individuals was generous for tree breeding standards, truncation 

subsampling was by far the worst scheme simulated for this study. 

Final Remarks 

In general, increasing the number of individuals included in the analysis resulted in better 

parameter estimates and larger amounts of genetic gain. The lowest subsampling 

intensity proved to be generally inadequate for producing reliable estimates of genetic 

parameters, prediction of transmitting abilities and predictions of response to selection, 

all of which are important decision making tools for a breeding program. Raising the 

number of trees subsampled was subject to the Law of Diminishing Returns, with little 

effect over 1 5  trees. A potential for improved cost-efficiency is thus confirmed. 

Concerning analytical tools, REML is becoming the preferred analysis method in forest 

genetics, mainly because of its statistical properties. HUBER et al. ( 1 994) already showed 

its superior performance for various forest genetic experiments. The use of this 

procedure in the estimation of genetic parameters avoided completely the existence of 

out-of-bounds estimates, coping successfully with highly unbalanced data. 

Even when the behaviour of random subsampling for trait 2 was fairly consistent 

compared with the use of 1 00% of the data (especially using 1 5  trees or more 

information), there is still room for improving the efficiency of the process. CAMERON 

and THOMPSON ( 1 986) proposed ' elliptical selection' as an alternative method for 

characterising genetic and environmental contributions to the parent-offspring 
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relationships. This method concentrates the subsampling on the extremes of the 

distribution. It is a proposal worth considering for collateral relatives, especially if the 

main interest is the estimation of genetic parameters, and not ranking the parents. 

Nevertheless, given the multipurpose function of the progeny tests (WHITE 1 987) a 

compromise may be needed between the optimal number of individuals for estimating 

genetic parameters and that for ranking the families. 

The chosen subsampling intensity will depend on the expected additional profit derived 

from increased genetic gain. Optimisation of subsampling will depend on cost of 

assessment per individual, economic importance of the traits under study, expected gain 

of the subsampling scheme, scale of deployment of the selected material, and time frame 

between selection and harvesting the benefits on the plantations. Additionally, there 

could be different optima for parameter estimation, prediction of transmitting abilities 

and response to selection. 
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Appendix 

The bivariate prediction of transmitting abilities of a parent for trait i (in this case i = 1 ,2) 

has the form: 

where P; is the average phenotypic information for trait i, expressed as deviation from 

the generalised least square estimation of the overall mean of that trait. The values of cj 

are: 

where 

moreover 

_ a. 8 - - app  (n 2 - l)V4a 
Cov(P2 , fj )  = _2_, ,and COv.(P1 , P2 ) = _1_2 + ____ 8...:....18-=-2 

2 n 1  n 1 

where nj is the number of observations per family for trait i, a p. 2 is the phenotypic I 

variance of trait i, a pp is the phenotypic covariance between traits i and j, and a a.8 . IS I J I J 

the additive genetic covariance between traits traits i and j .  
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The bivariate predicted transmitting abilities for traits 1 and 2 ( [) and [2 )  are combined 

into an index 1. This index is used as a prediction of the breeding objective H, which 

includes the transmitting abilities (fl and f2) of the same traits as those in the index. 

Thus: 

� � 
I = Wl f\ + W2 f2 

where Wi are the relative economic weights of the traits. 

Expected correlated response of trait i to selection on index I is (VAN VLECK 1 993) :  

�cGi = i Cov(I,fi) V(Irl12 

where Cov(I,fi) is the covariance between the index and the transmitting abilities for trait 

i, and V(I) is the variance of the selection index. 

Considering S the matrix of predicted transmitting abilities variances and covariances, Ti 

the vector of covariances between predicted transmitting abilities for both traits and the 

true genetic values for trait i, and a selection intensity i :  

correlated response oftrait i reduces to : 

�cGi = i w' Ti (w' S wrl12 

while direct response to selection is (VAN VLECK 1 993):  

�GH = Wl �cGl + W2 �cG2 
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Abstract 

Longitudinal data arise when trees are repeatedly assessed over time. The degree of 

genetic control of tree performance typically changes over time, creating relationships 

between breeding values at different ages. Longitudinal data allow modeling changes 

of heritability and genetic correlations with age. This paper presents a tree model, i .e .  a 

model that explicitly includes a term for additive genetic effects of individual trees, for 

the analysis of longitudinal data from a multivadate perspective. The additive genetic 

covariance matrix for several ages can be expressed in terms of a correlation matrix pre­

and post-multiplied by a diagonal matrix of genetic standard deviations. Several models 

to represent this correlation matrix (unstructured, banded correlations, autoregressive, 

full-fit and reduced-fit random regression, repeatability and uncorrelated) are presented 

and the relationship between them explained. Kirkpatrick's alternative approach for the 

analysis of longitudinal data using covariance functions is described, and its similarities 

with the other models discussed in this paper are detailed. The use of Akaike's 

information criterion for model selection considering likelihood and number of 

parameters is detailed. All models are illustrated through the analysis of weighted basic 

wood density (in kg/m3) at 4 ages (5, 1 0, 1 5  and 20 years) from Radiata Pine increment 

cores. 

Introduction 

Tree breeding has a multivariate nature. In most breeding programs the selection criteria 

involve two or more characteristics. Apart from the obvious use when dealing with 

different traits (e.g. growth and wood properties), a multivariate approach can be 

utilized with different expressions of the same trait. Hence, problems of a seemingly 

univariate structure can be fully exploited in a multivariate framework. For example, 

growth rate assessed in two different environments can be modeled as if controlled by 

different genes, and treated as a multivariate analysis (FALCONER 1 952). Here the 

genetic correlation between the traits is a measure of genotype by environment 

interaction. Another application, which we study in this paper, is in the analysis of 

longitudinal data that arise when trees are repeatedly assessed at several points in time 

(e.g. basic wood density at ages 5, 1 0  and 1 5). Thus expressions of the trait at different 

times are considered different variables. 
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We make a distinction between longitudinal data and repeated measures because the 

latter term not only includes different times (longitudinal data) but also multiple 

assessments of morphological traits (e.g. lengths of right and left wings of a bird) or 

measures under different conditions (CNAAN et al. 1 997). Longitudinal data can be 

considered a particular form of multivariate data, because the ' same trait' is measured at 

each time, there is an underlying continuum (time) and the sequential nature of 

measurement creates patterns of variation (HAND and CROWDER 1996). 

Longitudinal data allow modeling changes of heritability and genetic correlations with 

age. Data from multiple assessments may be integrated in the prediction of breeding 

values and this allows the evaluation time for early selection to be optimized (BURDON 

1 989) . Longitudinal data are a frequent feature of tree breeding programs; however, its 

analysis has often been reduced to a univariate approach. There are examples of 

multivariate modeling of longitudinal data in forest mensuration (e.g. GREGOIRE et al. 

1 995). Multivariate applications in tree breeding are scarce, and have typically 

considered only a full unstructured approach (e.g. WEI and BORRALHO 1998). The only 

exception we are aware of are MAGNUSSEN and KREMER ( 1 993) fitting growth models 

to individual trees and AProLAZA et al . (2000) comparing different parameterizations of 

the additive genetic covariance matrices. Although the use of best unbiased linear 

prediction and tree models (HENDERSON 1 984) is increasingly popular (e.g. BORRALHO 

1 995), there is no unified presentation of its theoretical background and the link 

between univariate and multivariate analyses in a tree breeding context. Furthermore, 

simple models like covariance functions, well known in evolutionary genetics and 

animal breeding, have received little attention in tree breeding and their relationship 

with multivariate analysis has not yet been discussed. 

This paper provides a unified presentation of multivariate analysis with longitudinal 

data from progeny trials (i.e. with a genetic structure) using a tree model. A univariate 

tree model is detailed, and then extended to multivariate form. We explain the concept 

of covariance structures and show the relationship between these structures and the 

corresponding predicted breeding values. Several statistical models to deal with 

covariance structures are specified, the relationship between full multivariate analysis 

and random regression models is demonstrated, and model selection techniques are 
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presented. An alternative approach, covanance functions, lS also discussed. An 
example is developed comparing the different models. 

Univariate analysis 

In a typical univariate analysis the scalar phenotypic observation Yi on individual i i s  

expressed in the so-called tree model (see BORRALHO 1 995) as a function of fixed 

effects, additive genetic value of the tree (ai) and a residual effect (ei): 

Yi = Xj ' b + ai + ej [ 1 ]  

where y is a vector of observations o n  one trait, b = [bl b2 ' "  br] ' i s  the vector of fixed 

effects (e.g. overall mean, site, etc) and Xi ' = [ 1  . . .  ] is a row vector containing I s  and Os 

linking observations to the fixed effects. This notation is for the observation of a single 

individual. Considering all N trees under analysis, and extending the matrix notation, 

equation 1 becomes: 

y = X b + Z a + e [2] 

where b is the vector of fixed effects (as defined before), a = [al a2 . . .  aN] ' is the vector 

of random additive genetic values, and e = [el e2 . . .  �] ' is the vector of random 

residuals. The incidence matrices X (obtained by stacking Xi' for all trees) and Z l inks 

observations to b and a, respectively. The vector of expected values and the dispersion 

matrices are defined by: 

E[y] = X b 

Var[a] = G = AN cr/, Var[e] = R = I cre2 
and Var[y] = Z G Z' + R [3 ] 

where AN is the numerator relationship matrix, which describes the additive genetic 

relationship among individuals with records (see MRODE 1 996 chapter 2 for a detailed 

explanation). In addition, I is an identity matrix, cra
2 

is the additive genetic variance and 

cr/ is the error variance. Random effects a and e are assumed to be uncorrelated. 

The analysis of progeny tests normally involves two steps: first the estimation of 

variance components and second the prediction of breeding values for the individuals, 

using the variance components estimated in the first step. Restricted maximum 

likelihood (REML, PATIERSON and THOMPSON 1971 )  is being increasingly used for 

variance components estimation in tree breeding (e.g. HUBER et al. 1 994, DIE1ERS et al. 

1 995), although there are now a few applications with a Bayesian approach using Monte 

Carlo Markov Chains (e.g. SORIA et al . 1 997). 
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Assuming that y, a and e follow a multivariate normal distribution, and provided G and 

R are positive definite, best linear unbiased predictions (BLUP, HENDERSON 1984) of 

the breeding values of the individuals can be calculated using Henderson's mixed model 

equations (HENDERSON 1 984) : [X'R-1X X'R-1Z ] [b] [X'R-1 y] 
[4] 

Z'R-1X Z'R-1Z + G-1 a - Z'R-1y 

where G and R are functions of Ga2 and Ge2 respectively (see equation 3) .  In practice, 

estimates G and R are used in place of unknown parameters, so the predicted breeding 

values are in fact approximations of BLUP. 

To obtain REML estimates of variance components the log-likelihood (Log L) function 

is maximized with respect to Ga2 and Ge2, subject to the constraints that these parameters 

are within the parameter space (i .e . ,  non negative and sum to the total phenotypic 

variance) : 

Log L = -1;2 [con + log IGI + log IRI + log Iq + y' P y] [5 ]  

where con is  a constant G and R are as from equation 3 ,  C is the coefficient matrix of 

equation 4, P is the projection matrix Vi - Vi X (X' Vi x)- X' V\ and (X' Vi X)­

represents a generalized inverse of (X' V-I X). The matrix P absorbs the fixed effects 

and accounts for information about V. 

Multivariate analysis 

The steps involved in a multivariate analysis are similar to the univariate case. Consider 

now a vector Yi = [Yil Yi2 . . . Yim] ' representing m observations (either different traits or 

repeated measurements) on individual i .  This vector of phenotypic observations can be 

expressed in terms of genetic and environmental components using: 

Yi = Xi b + Zi ai + ei [6] 

where b = [b' trait! b' trait2 . . .  b' traitrn] ' is the vector of fixed effects (which can be different 

for each trait), ai = [ail ai2 . . .  aim] ' is the vector of random additive genetic effects and ej 

= [eil ei2 . . .  eim] ' is the vector of random residuals. The incidence matrices have the 

same function as in the univariate case, and Xi and Zi have one row for each observation 

in Yi . Note the use of matrix notation for additive genetic effects and residuals already 

at the individual level, and the similarity to equation 2 (but for the subscript i). 
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The expected value and dispersion for a non-inbred individual are defined by: 

E[Yi] = Xi b 

Var[ai] = Go, Var[ei] = Ho and Var[Yi] = Zi Go Zi' + Ho [7] 

In the multivariate approach Go and Ho represent the m x m additive genetic and 

residuals covariance matrices between the observations respectively. Their typical 

elements for traits (or measurements) j and k are cr a and cr e . Random effects ai and jk jk 

ei are assumed uncorrelated. This model can be easily expanded to include additional 

random effects such as b lock and plot effects (see for example AProLAZA et al. 2000). 

This multiple-trait model for one individual is extended to the N individuals in the 

progeny test using equation 2, but now Y = [YI ' Y2 ' . . .  YN' ] ' ,  a = [a I '  a2 ' . . .  aN' ] '  and e = 

[el ' e2 ' . , .  eNT .  Additionally, X = [Xl '  X2 ' . . .  XN' ] '  and Z = L$Zi, where Le 
represents direct sum operation. Consequently, G = AN®GO and R = LeRi, where ® 

denotes direct product (see Appendix 1 and SEARLE 1 982 (chapter 1 0) for a detailed 

description of Le and ® operations) and Ri is the residual covariance matrix for 

individual i. Hence, the expected value and dispersion matrices are : 

E[y] = X b 

Var[a] = G = AN®GO, Var[e] = R = LeRi and Var[y] = Z G Z' + R [8] 

Once the model is defined, the analysis of the multivariate expression of equations 4 

and 5 is developed in ways simi lar to the univariate estimation of variance parameters 

and to predict breeding values. 

Analysis of longitudinal data: covariance structures 

The use of multivariate models with unstructured covariance matrices (i.e .  not assuming 

any patterns) for the analysis of m repeated measurements is an appropriate, but not 

necessarily the best, option. Each of these covariance matrices involves the estimation 

of m(m+ 1 )/2 covariance components. In comparison to a univariate analysis the 

amount of data on each subject increases by m, but the number of covariance 

parameters to estimate increases by m(m+ 1 )/2. Therefore the information available to 

estimate each parameter is in some sense reduced, as may the ' quality' of the estimates. 

Modeling the covariance structures reduces the number of parameters to estimate and 
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can provide explanation for patterns of observed correlation among the longitudinal 

data. 

Covariance matrices (M) can generally be expressed as a symmetric correlation matrix 

(C) with typical element rjk pre- and post-multiplied by a diagonal matrix (S) containing 

the square root of the variance components for each trait (measure) . Hence: 

M = S C S  [9] 

°1 0 0 1 r12 rIm 
0 ° 2 0 r21 1 r2m S =  and C = [ 1 0] 

0 0 om rml rm2 1 

This notation simplifies the explanation of the structures used for modeling the 

covariance matrices. We typically allow heterogeneous variances in time, so S is a 

diagonal matrix with all diagonal elements different . In case of stable processes, or 

stabilized through transformation to a homogeneous variance, S = I 0, a diagonal with 

identical elements. Below we provide a list of some common, but not exhaustive, 

structures for C, where scalars denoted with different letters represent different 

correlations. Each structure is followed by the relationship between successive 

predicted breeding values. While structures can be applied to G and R, in this article 

we emphasize modeling the additive genetic covariance matrix, while keeping the 

residuals matrix unstructured. The only exceptions are the repeatabil ity and uncorrelated 

models. All examples consider 4 measurements. 

Unstructured (US) 

The unstructured model can be expressed as M = S Cus S, where Cus have no 

restrictions except for being positive definite and with elements between - 1  and 1 .  This 

is the usual choice when working with different variables. Its main problem with 

longitudinal data is the risk of overparameterization, with poorly estimated parameters 

and maybe unnecessary computational requirements. 

1 a b c 

a 1 d e 
Cus = 

b d 1 f 
[ 1 1 ] 

c e f 1 
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The breeding value of individual i observed at time j (aij) is a function of genes involved 

in expression at time j-k (ai j-k) plus the effect of genes acting in the new measurement 

(Uj), which are considered independent of the past meas4rement: 

aij = Ak ai j-k + Uj [ 1 2] 

where Ak is the additive genetic correlation between measures j and k, and j - k � O. 

Banded co"eiations (BC) 

The banded correlations model accommodates the existence of identical correlations for 

measurements with the same time between expressions (lag) . Thus M = S CBC S, with 

{ a, d, f}�g, {b, e }�h, and { c }�i respectively from equation 1 1  (Cus) .  If the lag 

between all measures is the same, the correlation matrix presents bands with the same 

value (see equation 1 3 ). 

1 g h 

g 1 g h 
CBe = [ 1 3 ] 

h g 1 g 

h g 1 

The relationship between successive breeding values is similar to equation 1 2, but p is 

the same for all observations separated by a lag k: 

aij = A ai j-k + Uj [ 14] 

This assumption may not be applicable across different growth stages, where 

development in one year of, say, early growth can be very different from that of one 

year in mature growth (due to ontogenetic effects). 

Autoregressive (AR) 

Rather than using a different correlation for each lag, the autoregressive model 

postulates a mechanism where the correlation between measurements j and k is rU-kl . In 

this model M = S CAR S, further reducing to one the number of covariances to estimate. 

1 a lt2-tt ! a ltJ-tt l a lt.-tt l 

CAR = al t2-tt ! 1 a l tJ-t2 1  a lt.-t21 
[ 1 5] 

al tJ-tt !  a It3-t2 1  1 alt.-t31 

a lt.-tt ! a l t.-t21 a l t.-t3 1  1 
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Again, the breeding value of individual i observed on time j (aij) is a function of genes 

acting at time j - 1  (ai j-l) plus genes acting on the new measurement (aj) :  
aij = p ai j-l + aj [ 1 6] 

If the correlation (P) is a function of a umque value and the lag between the 

measurements, the relationship between successive breeding values for individual i is :  

ai j-l = p ai j-2 + aj-l 
aij-2 = p ai j-3 + aj-2 

ai j-k+l = p ai j-k + aj-k+l 
[ 1 7] 

and substituting every breeding value of equation 1 7  in the preceding one we obtain: 

aij = ,J-kl ai j-k + a'j [ 1 8] 

where aj represents genes acting on measurement j plus a series of lag effects from 

previous innovation terms. 

The autoregression coefficient can have a power formulation as p = e-k tag (DIGGLE 

1988) allowing for analysis with unequally spaced observations. This model is 

appropriate for smooth changes of genetic correlations with time, and the presence of 

smaller correlations at the initial stages of a trial can sometimes be modeled changing 

the units of the time scale (e.g. to natural logarithm or square root). A generalization of 

the autoregressive model is ante-dependence, where the breeding value is a function of 

n previous breeding values (GABRIEL 1 962). 

Repeatability (RE) 

This model considers longitudinal data as expressions of the same trait (under control of 

the same genes); that is a genetic correlation of 1 is assumed, with homogeneous 

heritability on time, and equal environmental correlation between all pairs of records. 

Thus, Go = cra2 J and Ro ;: cr/ (I + p J), where J is a square matrix with all elements 

equal to 1 and p/(I+p) is the correlation between residuals. Therefore M = S eRE s, 

with S = I cra and eRE = J. 
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1 1 1 1 

1 1 1 1 CRE = 
1 1 1 1 

[ 1 9] 

1 1 1 1 

As all rows are identical Go is singular limiting the use of mixed model equations 

(equation 4) in their normal form. A solution for this problem is the regularly used 

alternative 'univariate' representation of the model : 

y = X b + Z a + W h + e [20] 

that is an extension of equation 2 (univariate analysis) where h = [hI h2 . . .  hN] ' is a 

vector of 'permanent environmental effects' ,  which takes into account the residual 

covariance between measurements, and W an incidence matrix. Additive genetic 

variance (G = AN cr/) and residuals variance (R = I cr/) are similar to the univariate 

case, while phenotypic variance now includes permanent environment variance: 

E [y] = X b 

Var[h] = H = I crh2 and Var[y] = Z G Z' + W H W' + R [2 1 ]  

A common problem i s  scale difference between measures. However, this difference 

may be avoided using a transformation for stabilizing variance (e.g. logarithmic, Box­

Cox, etc) . Nevertheless, with tree breeding experiments spanning for several years (even 

decades) the equal correlation assumptions are sometimes naIve. In spite of this, the RE 

model could be useful for some short-term experiments. 

Un correlated (VC) 

The uncorrelated model assumes that there are no genetic or residual associations 

between successive observations. Thus M = S Cue S, where Cue = I, an identity 

matrix. This is equivalent to univariate analysis by age, allowing the calculation of 

heritabilities but not of correlations between measures. 

1 

0 Cue = 
0 

0 

0 

1 

0 

0 

o 0 

o 0 

I 0 

o 1 

[22] 

This model may be adequate when all trees are measured at all times, but it is not 

appropriate in the presence of selection (thinnings, mortality, etc) whereby remaining 

individuals are a selected sample based on performance at earlier ages. 

CHAPTER FoUR: MUL TIV ARIATE APPROACHES FOR LONGITUDIN AL DATA 65 



Random regressions (RRf and RRr) 

The phenotypic trajectory of a trait (dependent on time) can be expressed through a 

mathematical function tractable in a mixed linear model framework. For example, using 

polynomial regression, growth models or cubic splines. A general representation for the 

measurements of individual i might be: 

where fb (t) , fai (t) and fei (t) represent possibly different functions modeling fixed 

effects, additive genetic effects and residuals respectively; and Ei is an error term. 

Functions can be applied to all components of the phenotype (e.g. fixed effects, tree and 

residuals) or to specific elements (e.g. tree only). The emphasis in this paper is on 

modeling the additive genetic covariance matrix (G), with random regressions used for 

ai while other terms are considered unstructured and the subindex for J(t) is dropped. If 

ai = J(t) with t a vector of times, rather than estimating one breeding value for each 

assessment, the coefficients of a function that models the trajectory are estimated. 

Consider, for purposes of illustration, an orthogonal polynomial function to model the 

breeding value of individual i on time j (ajj) :  

aij = J(tj) = AOi Zoj + Al i Zlj + �i Z2j + . . .  + Am Znj [24] 

where Aki are the random regression coefficients, Zkj is the kth orthogonal polynomial 

evaluated at age j ,  and n ::; m - I . Thus, all breeding values of individual i can be 

represented as: 

where Ai = [Aoi Ali . . .  Am] ' and Qj is an incidence matrix of form: 

ZOI ZI I  
Z02 ZI2 

Q -i - [26] 

zOm zl m Znm 

Therefore equation 6 can be represented as: 

Yi = Xi b + Qi Ai + ei [27] 

with Var[Qi Ai] = Qi Ao Q/ [28] 

where Ao is the covariance matrix of the random coefficients (Aj). Because different 

regression coefficients are calculated for every individual (and these coefficients are 

considered as random effects), this model is called a random regression model. When 
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the polynomial is of maximum degree (m - 1 )  there is a full fit (RRf), that is the 

function J(t) goes through all the points/measurements. In this case the estimates using 

J(t) are equivalent to those using a full multivariate approach (see below). A 

polynomial of order lower than m - 1 generates a reduced fit (RRr) and, in fact, is 

smoothing the covariance matrix. 

Including polynomials evaluated at additional ages in Qi, within the age range used to 

generate the function, interpolates the appropriate covariances. Extrapolating 

covariances outside the range used for constructing the function is possible; however, 

there are no provisions in the method to ensure reliable prediction of the covariances. 

Further details of these models can be found in LAIRD and WARE ( 1 982, RR), QUAAS et 

al . ( 1 984 page 34, RE), JENNRlCH and SCHLUCHTER ( 1986, US, BC, AR, RR and UC), 

LOUIS ( 1 988, RR), DIGGLE et al. ( 1 994, RR), EVERlTI ( 1 995, RR), HAND and CROWDER 

( 1 996, US, AR and RR), CNAAN et al. ( 1 997, RR). DIGGLE et al. ( 1 994 chapter 5) and 

HAND and CROWDER ( 1 996 chapter 6) provide an extensive treatment of the topic. 

Relationship between unstructured and random regression m odels 

Two linear models ml and m2 are considered equivalent when their expected values ana 

variances are identical (HENDERSON 1 984 page 6) : 

E[ml] = E[m2] 

Var[md = Var[m2] [29] 

The equivalency between the US and full fit RR models and the relationship between 

US and reduced fit RR models will be i llustrated with an example. Suppose a progeny 

test was assessed four times (see Figure 1 ). We present a set of observations for a 

generic individual according to the model in 6 and 7. We have no particular interest in 

the fixed effects, which will be represented as Xi b.  
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Figure 1: Fitting 4 measurements using the Full-fit Rando m  Regression model (RRf) 

from Equation 32  (-) and the Reduced-fit Random Regression model (RRr) from 

Equation 34 (----) . The error in estimating the additive genetic value for measurement 

3 ,  due to fitting a reduced model, is represented by ei3 . 

41 
:::I 
(ij al3 
> 
u 

:;: 
41 
c: 
41 
Cl 
41 
> 
E 
"C al2 "C <C 

1 2 3 4 
Measurement 

Using a US multivariate approach, i .e. model equation 6 and 1 1  where ai is the vector of 

additive values at different measurements times, we get: 

Yi = Xi b + Zi ai + ei, or 

Y il  1 0 0 0 a il ei l 

Y i2 0 1 0 0 a i2 ei2 = Xjb +  + [30] 
Y i3 0 0 1 0 a i3 e i3 

Y i4 0 0 0 1 a i4 ei4 

Using a full fit polynomial regression (RRf), i .e .  model equation 27 where A.i represents 

the regression coefficients, to model the additive genetic part we have: 

Yi = Xi b + Qi Ai + ei, or 

Y i l zo, ZI I  Z21 Z31 AOi eil 
Y i2 = X,b +  

Z02 Z '2 Z22 Z32 A,li  + 
ei2 [3 1 ] 

Y i3 Z03 z J3 Z23 Z33 A,2 i ei3 

Y i4 Z04 Z '4 Z24 Z34 A,3i ei4 
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Because a polynomial of degree n- 1 wil l  pass through all n observations (NETER and 

WASSERMAN 1 974 page 276), the product Qi "-i on equation 3 1  is: 

[32] 

that is also the result of the product Zi ai in equation 30 .  If Zi ai and Qi Ai are identical 

so are their variances. The expected values for both equations 30  and 3 1  are Xi b. Thus, 

E[US] = E[RRf] = Xi b 

Var[US] = Var[RRf] = Zi Go Zi' + Ro = Qi � Qi' + Ro [33] 

and the models are equivalent. Moreover, random regression coefficients can be 

estimated from the US model as Ai = Qi-1 Zi ai = Qi- 1 ai . 

Using a reduced fit, for example a quadratic polynomial (Figure 1 ), we have: 

• Y i l ZOI ZI I Z21 
l
A
,. 1 

eil 
• Y i2 

= X1b + 
Z02 Z12 Z22 All + 

ei2 [34] • Y i3 Z03 ZI3 Z23 A21 ei3 • Y i4 Z04 ZI4 Z24 ei4 
Because the reduced fit polynomial will not in general fit the four observations perfectly 

we have that: 

[3 5]  

where Ei  = [Ei l Ei2 Ei3 Ei4] ' i s  the vector containing the errors due to fitting a reduced 

regression model for the additive genetic effects. Thus, ei* = ei + Ei. In other words, the 

error of the full fit model (ei) plus the error due to the regression model (Ei) compound a 

new error ei* . Figure 1 depicts the difference between fitting a full-fit and a reduced fit 

random regression model, and the graphical meaning of Ei. 
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The expected value of the model is still the same (Xi b), but the dispersion matrices are 

now: 

Longitudinal data and covariance functions (CF) 

Covariance functions are another approach for dealing with longitudinal data. MEYER 

( 1998) points out the similarity between covariance functions and the use of a RR 

model. A covariance function U(XI,X2) is a function that describes the covariance 

between the measures of a randomly chosen individual at Xl and the same individual at 

X2 (KlRKPATRICK and HECKMAN 1 989, KlRKPATRICK et al. 1 990, MEYER and HILL 

1 997). Covariance functions were designed to deal with characters where the genetic 

effects can be expressed as a function dependant on continuous scales (for example Xi is 

time or distance), like longitudinal data, morphological shape and norms of reaction 

(KIRKPATRICK and HECKMAN 1 989). Thus, they are the continuous (' infinite­

dimensional ')  equivalent to covariance matrices. 

KlRKPATRICK et al . ( 1 990) presented a methodology using orthogonal polynomials to 

estimate. covariance functions from a covariance matrix, later extended by KIRKPATRICK 

et al . ( 1 994). Essentially, the method has two steps. In the first step a US model is used 

to estimate a covariance matrix. In the second step the covariance function is truncated 

to the number of dimensions (or a reduced order) represented in the covariance matrix 

used to fit the function. If <I> is a matrix of orthogonal polynomials (Legendre 

polynomials in Kirkpatrick ' s  work) with columns <1>, Go i s  a covariance matrix (e.g. 

additive genetic), and Uo is the covariance matrix of the polynomial coefficients then: 

<1>01 <1> 1 1  <l>nl 

<1> = <1>02 <1>12 <l>n 2 [37] 

Q>Om Q>lm Q>run 

U(XI ,X2) = Li Lj iT Oij <l>i(XI) <l>lX2) [3 8] 

where fro = <1>-1 Go <1>,- 1 for full fit and it is estimated using generalized least squares 

when using reduced fit (see KlRKPATRICK et al . 1 990 for detail s) .  Ful l fit and reduced 

fit have the same meaning as in random regressions. Note that Qi (equation 26) and <I> 
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(equation 3 7) are equivalent if the same function IS used to model the change of 

breeding values with time. 

The estimation of covanance functions using Kirkpatrick's method relies on a 

previously estimated covariance matrix. Therefore it requires all individuals measured 

on a limited number of fixed ages, while a general specification of RR (as in equation 

23) allows data spread over the trajectory without assumptions or restrictions for ages 

(v AN DER WERF and SCHAEFFER 1 997). Covariance functions permit interpolation and 

extrapolation of covariances in the same way as the RR model. 

Considering the definition of covariance function (equation 38 using Uo = <1>-1 Go «1>,-1), 
the RR model generates one of form Qi Ao Q/ . Nevertheless the procedures are not 

identical . While in RR fitting of a random effect depends on the fit of the other random 

effects (equation 5 is solved for all variance components simultaneously), Kirkpatrick's 

method does not take into account other random effects (it considers only Go and 

residuals are not ' moved' into Ra to form Ra"). Other models partially provide the 

functionality of a covariance function. For example, the AR model (especially using a 

power formulation) can be used to span a correlation structure at any combination of 

times, but not to estimate the variances at each age, having then a ore limited 

application. 

Model selection 

A common approach to model selection is based on the likelihood ratio test (LRT), 

which asymptotically, i .e .  with an 'unspecified suitably large ' number of observations, 

follows a chi-square distribution (JONES 1 993) .  Two nested models (one model is a 

reduced version of the other), one with p independently adjusted parameters (rank(X) + 

number of covariance components) with log-likelihood Log Lp and the other with p+q 

parameters with log-likelihood Log Lp+q, are compared using: 

LRT = 2(Log Lp+q - Log Lp) - '1: q [39] 

The null hypothesis is that both models are the same (extra parameters do not improve 

the fit). Including more parameters in the model always increases or at least keeps the 

likelihood value; thus this test does not favor parsimonious models. There are several 

tests that take into account the number of parameters included in the model (see laNES 
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1 993 for examples). One such test is Akaike's Information Criterion (AlC, AKAIKE 
1 974, WADA and KASHIWAGI 1 990), which is: 

AlC = -2 LogL + 2 P [40] 

where LogL is the log-likelihood and p the number of independently fitted parameters 

included in the model. The best model has the lowest value of AlC. If all models under 

comparison include the same fixed effects there is no need to consider rank(X) in p, 

because it will not affect the differences in Ale. 

Often the log-likelihood reported by statistical packages does not include the constant 

term (con in equation 5) because LogL ex: LogL without con. Nevertheless, when 

comparing non-nested models (models with different distributional assumptions) the 

log-likelihood must use the complete density function, including al l constants not 

involving the covariance parameters (LINDSEY and JONES 1 998). 

Numerical example 

The use of different models is illustrated with basic wood density data (in kg/m3) from 

breast-height increment cores of Radiata Pine (Pinus radiata D. Don) sampled from 28  

year old open-pollinated families of the '268' series growing in  Kaingaroa Forest, New 

Zealand (SHELBOURNE and Low 1 980) .  The data set consists of 50 open-pollinated 

families with 5 blocks and 1 or 2 samples per block, i .e . ,  families with 9 or 1 0  

individuals totaling 424 trees. Each core contains between 2 0  and 28 measures of 

diameter at successive rings from the pith. Weighted basic density at age j (wbdj) is 

calculated as: 

j 
Lbdj L\j 

wbd . = j=l (4 1)  J j 
LL\j 
i=l 

where bdi is the average basic density of ring i and �i is the area of ring i .  Only 

weighted basic densities at ages 5,  1 0, 1 5  and 20 are considered in this example. 

The general model utilized in the analyses is from equations 6 to 8, where means per 

age are the only fixed effects. Whi le some of the structures might not be biologically 

plausible for a weighted density dataset (e.g. RE over a large number of years), we 

consider it appropriate to illustrate the effects of such models on the estimation of 
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genetic parameters, and we include them in the analyses. All models are fitted using 

ASReml (GILMOUR et al. 1 998). Preliminary analyses considered blocks as random 

effects but these were not significant and were excluded from subsequent models. 

The log-likelihood ranged from -67 1 5 . 02 for the UC model to -4886.90 for the US 

model, while  AlC ranged from 9808 .54 for the RR model to 1 3 446.64 for the VC model 

(see Table 1 ). The AR and BC models have almost identical fitting but, considering 

AlC, the use of less parameters than in the US model reduced log-likelihood (Table 1) .  

The RRr model was considered the most appropriate since it gave both the lowest AlC 

and estimates of genetic parameters closer to those of the US model (Table 2, Figure 2). 

The scale effect is small, with phenotypic standard deviation ranging between 26.9 

kg/m3 (age 1 0) to 29. 1 kg/m3 (age 20). The data did not require transformation, as most 

models (except for RE) directly account for any heterogeneity of variances. 

Table 1: Log-likelihood (LogL) and Akaike's information criterion (AlC) for the 

Unstructured (VS), Full-fit Random Regressions (RRf), Banded Correlations (BC), 

Autoregressive (AR), Repeatability (RE), Uncorrelated (VC), and Reduced-fit Random 

Regressions (RRr) models. 

Model Parameters (Go + Ra = p) Log-likelihood (LogL) AlC (-2 LogL + 2 p) 

US and RRf 1 0  + 1 0  -4886.90 98 13 .80 

BC 7 + 1 0  -489 1 .03 98 1 6.06 

AR 5 + 1 0  -4892 .7 1  98 1 5 .42 

RE 1 + 2 -6327.04 1 2660.08 

UC 4 +  4 -67 1 5 .32 1 3446.64 

RRr 6 + 1 0  -4888 .27 9808. 54 

Heritabilities for age j (h/) and genetic correlations between ages j and k (rjk) were 

estimated with the following formulas, using corresponding elements from Go and Ro : 
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Table 2: Genetic parameters estimated from Unstructured (US), Full-fit Random 

Regressions (RR±), Banded Correlations (BC), Autoregressive (AR), Repeatability 

(RE), Uncorrelated (UC), and Reduced-fit Random Regressions (RRr) models. 

Heritability (h2) and phenotypic variance (0'/) and residual correlations (re, below 

diagonal) .  

Age (years) h2 O'p 2 Age (years) 
5 1 0  1 5  

US and RRf 
5 0 .73 1 792.4 1 1  
1 0  0 . 8 1 8  724.23 8  0.764 
1 5  0 . 805 782. 797 0 .537 0 .837 
20 0. 840 847 .90 1 0.278 0 . 578 0 .879 

BC 
5 0 .747 799. 1 50 
1 0  0 . 823 725 . 560 0 .595 
1 5  0 .759 776.628 0.33 7  0. 860 
20 0 .77 1 837 .059 0. 1 1 8 0.677 0 .9 1 8  

AR 
5 0 .678 792.432 
1 0  0. 8 1 5  723 . 823 0.673 
1 5  0 .786 780 .333 0 .330 0 .82 1 
20 0. 800 843 .707 0.026 0 .539 0.884 

REa 
5 0 . 567 1 052.468 
1 0  0 . 567 1 052.468 0. 1 80 
1 5  0 . 567 1 052.468 0. 1 80 0 . 1 80 
20 0. 567 1 052.468 0. 1 80 0 . 1 80 0 . 1 80 

UC 
5 0.730 799 .873 
1 0  0. 8 1 8  726. 869 0 
1 5  0. 802 783 .924 0 0 
20 0. 8 1 5  847. 1 86 0 0 0 

RRr 
5 0 .743 795 . 1 81 
1 0  0 .802 72 l .986 0 .7 1 3  
1 5  0. 8 1 8  784.827 0.492 0 .848 
20 0. 842 848 . 1 3 0  0.2 1 0  0 .607 0. 869 a Heritability and phenotypic variance values apply across ages. 
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Figure 2:  Contour plots of the correlation structures from the numerical example: US: 

unstructured, RRf: random regressions full fit (third degree polynomial), BC:  banded 

correlations, AR: autoregressive, RRr: random regressions reduced fit (second degree 

polynomial), and CF: covariance function (second degree polynomial). Contour lines 

are labeled every 0 .02 for all models except for the AR model, which is labeled every 

0 .005 . 
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Table 2 presents genetic parameters estimates from the different models. As expected 

the US and RRf (fitting a third-order orthogonal polynomial for each tree) models 

produce identical estimates of genetic parameters. The RRr model, which fits a second­

order orthogonal polynomial for each tree, has a very similar fit with only 6 parameters 

in the Go matrix. 

In general heritabil ity estimates do not differ substantial ly between the models; 

however, the estimates for age 5 and 20 are depressed - in the AR and BC models 

respectively (Table 2). This seems to be caused by the large reduction of the number of 

correlations estimated (especial ly with the AR model). 

The results for the US and RRf additive genetic correlation structures are identical 

(Figure 2). The correlations between density at age 5 and later measurements are 

smaller than the correlations between successive measurements. 

1 0.94 1 0.88 1 0.846 

0.94 1 1 0.987 0.968 
C us = CRR[ = 

0.88 1 0.987 1 0.993 

0.846 0.968 0.993 1 

The BC model constrains correlations with the same lag to be identical, estimating three 

correlations instead of six. Thence {0 .94 1 ,  0.987, 0 .993 } �0.988, { 0 . 8 8 l ,  

0 .968 }�0.958 and {0 . 846 }�0. 9 17  from the Cus (Figure 2). The banded B C  model 

was not well suited to represent the correlations of age 5 with later measurements, 

overestimating the first column by values ranging from 0.047 to 0.077. 

C Be = 

1 0.988 0.958 0.9 1 7  

0.988 

0.958 

0.9 1 7  

1 0.988 0.958 

0.988 1 0.988 

0.958 0.988 1 

The AR model further reduces the number of parameters to be estimated. To achieve 

convergence it was necessary to use time in a natural logarithm scale, to accommodate 

ontogenetic effects. Thus the auto correlation coefficient is expressed as 

0.988 i 1og(agek)-\og (agej)i . Again the assumptions of the model are too restrictive, because a 

unique autoregression coefficient cannot represent the lower correlation of the first 

measure with later ones. As a result all correlations are overestimated. The spacing of 
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the contour lines in Figure 2 was accordingly decreased from 0.020 to 0.005 for this 

model to improve presentation of results. The poor performance of the AR correlation 

matrix contrast with the results for tree height (m) obtained by AProLAZA et al. (2000) 

where it was selected as the best model. 

CAR = 

1 0.992 0.987 0.983 

0.992 1 
0.987 0.995 

0.995 0.992 

1 0.997 

0.983 0.992 0.997 1 

By definition the additive correlations are restricted to CRE = J (equation 1 7) and Cuc = 

I (equation 20) for the RE and UC models respectively. The RRr model (reduction from 

full-fit order 3 to order 2) appears to be less restrictive than the BC, AR, RE and UC 

models  and closely follows the results from the US model (Figure 2). This result also 

departs from the poor representation of genetic parameters for tree height reported by 

AProLAZA et al. (2000) for RRr models. 

1 0 .955 0.890 0 .859 

0.955 1 0 .984 0.965 
CRRr = 0.890 0.984 1 0.994 

0 .859 0.965 0 .994 1 

Residual correlation matrices of the US and RRr models were similar, as were the 

residual matrices of BC and AR (Table 2). Constraints in the UC and RE models 

rendered their residual correlation matrices distinct. 

Results from covanance structures and covanance functions are not directly 

comparable, and we only present the additive genetic correlation matrix from the former 

approach. A covariance function, based on Legendre polynomials, is fitted to the Go 

matrix from the US structure using a Mathematica notebook (KlRKPA1R1CK et al. 1 990). 

1 0.957 0.893 0.862 

0.957 1 0.984 0.965 
CCF = 

0. 893 0.984 1 0.994 

0. 862 0 .965 0.994 1 
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The results from the CF model are very similar to those from the US and RRf models, 

but require an estimate of the US structure as starting values. Again, fitting a second 

degree polynomial (i . e . ,  6 parameters for Go) appears to be an appropriate 

approximation to the results from the US model. 

Final remarks 

The UC model has been applied in forestry, albeit implicitly, for studying changes of 

heritability with time. Covariances have typical ly been estimated by univariate analysis 

of the sums of pairs of measures, using the result Cov(x,y) = [Cov(x+y) - Var(x) -

Var(y)]12, but this does not allow unbiased use of data with missing observations such 

as occur from thinnings or mortal ity. The use of full multivariate evaluation takes into 

account the existence of selection or patterns of missing information, thus it provides 

unbiased minimum variance estimates of breeding values. 

Breeders must be aware of large differences in the degree of parsimony, i .e . ,  economy 

on the number of parameters to be estimated, and number and type of assumptions, 

involved in the different models presented. Hence, model selection should also consider 

biological plausibility of these assumptions. When there are only a few measurements 

the US model (with no restricting assumption about the biological model) provides a 

good fit, but when increasing the number of measurements the probability of obtaining 

non-positive definite results increases. Using bending to obtain a positive definite 

matrix from the US model decreases the log-likelihood value, which may be lower than 

the ones coming from structured models (e.g. APIOLAZA et al. 2000). The numerical 

example illustrates that it is necessary to find a compromise where the gains of using 

structures outweigh any bias due to model dependency. For example, the AR structure 

model involves the estimation of 5 parameters less than the US model, and reduces log­

likelihood by only 5 . 8  units (for an AlC difference of l . 6) while providing a poor fit. 

On the other hand, the RR model requires 4 parameters less than the US model, reduces 

log-likelihood l A  units (with an AlC smaller by 5 . 3  units) and provides an almost 
perfect fit. 

Different covariance structures have been compared in sheep breeding (COELLI et al . 

1 998 using US, BC, AR and RE for fleece weight and fib er diameter) and tree breeding 
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(AProLAZA et al . 2000 using US, BC, AR, RR and UC for total height). These papers 

show that different traits need different models. Applications of RR are now popular in 

animal breeding, either using orthogonal polynomials (MEYER 1 998, VAN DER WERF et 

al . 1 998), growth models (JAMROZIK et al . 1 997) or cubic splines (WHITE et al. 1 999). 

As pointed out by v AN DER WERF et al . ( 1 998) random regressions are an appealing 

approach, but in practice covariance matrices estimated using the method can deviate 

significantly from those estimated using univariate or bivariate analyses. This behavior 

seems associated with strong reductions on the number of components (i .e .  order of the 

polynomial compared to number of measures). 

The fact that two models have similar AlC does not mean that their covariance matrices 

have similar 'shape' (see Figure 2 and APIOLAZA et al . 2000 as examples). Thus, whil e  

the obj ective i s  to reduce the number of  parameters to be  estimated, simultaneously the 

shape of the covariance matrices must be kept. SHAW ( 1 99 1 )  suggests using maximum 

likel ihood approach for the comparison of genetic covariance matrices, while  

GoODNIGHT and SCHW ARTZ ( 1 997) propose a bootstrap method. 

Fitting multivariate models is certainly more complex and computationally demanding 

than using either a univariate approach (UC) or a series of bivariate analyses. On the 

other hand, it provides a description of the changes of genetic parameters with time. 

This paper and Apiolaza et al . (2000) present both theory and examples for further 

optimization of the breeding programs, considering number and timing of 

measurements of progeny tests, early selection and an overall better understanding of 

the genetic control of traits subject to selection. Finally, it is necessary to point out that 

models of longitudinal data should consider any other effects present in the experiment 

(e.g. block, plots, etc) in case they are relevant to the estimation of covariance 

components. 
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Appendix: direct sum and direct product 

The direct sum of n matrices Ai is defined as: 

o o 
o 

= diag{Ai }  [AI ] 

o o 

Therefore, a direct sum of matrices creates a block diagonal matrix with the matrices 

being added in the diagonal and all off-diagonal elements equal to O. Sub matrices may 

be of different orders. 

Example: 

1 2 0 0 

G �] ffi [� :] = � � � � 
o 0 7 8 

The direct product of two matrices Apxq and Brnxn creates a matrix where each submatrix 

is B multipl ied by an element of A :  

(A2) 

where aij is the element of A from row i and column j .  

Example: 
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Abstract 

Variance components were estimated using alternative structures for the additive genetic 

covariance matrix (Go), for height (m) of trees measured at 10  unequally spaced ages in 

an open-pollinated progeny test. These structures reflected unstructured, autoregressive, 

banded correlation and random regressions models. The residual matrix (Ro) was 

unstructured, and the block and plot strata matrices were autoregressive. The best 

model for Go considering the likelihood value and number of parameters was the 

autoregressive correlation form with age specific variances and time on a natural 

logarithm basis. The genetic correlations between successive measures ranged from 0.93 

at age 1 to 0 .99 at age 14  years. Heritability increased with age from 0.09 (age 1 )  to 

0.24 (age 7) and then declined to 0. 1 3  at age 1 5 .  Heritabilities from the unstructured 

model were similar, while heritabilities assuming banded correlations were lower after 

age 7. The covariance structure implicit in the random regressions model was 

considered unsatisfactory. Using structures in Go facilitated model fitting and 

convergence of the likelihood maximisation algorithm. Fitting a structured matrix that 

reflects the relationships present in repeated measures may overcome problems of non­

positive definiteness of unstructured matrices from longitudinal data, especially when 

heritability is small. 

Introduction 

The success of tree breeding programmes relies on their ability to identify and deploy 

superior trees, progressively increasing profit. Decisions on how, when and what to 

select are made (or should be made) taking into account genetic and economic 

information. Selection in tree breeding programmes is based upon genetic information 

generated from progeny tests. 

The net present value of genetic gain depends on the total genetic gain (L.\G) and the time 

when improved material is deployed and costs (L) are incurred (NEWMAN and WILLIAMS 

1 99 1 ). Both �G and L contain constraints and opportunities for breeding programmes 

to make rapid gains. Faster gains can be achieved by increasing the selection differentials 

and/or the accuracy of prediction. Furthermore, using overlapping generations and early 

selection can reduce long generation intervals .  Efficient selection at an early age requires 
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high correlation with rotation-age production traits and reasonably high heritabilities of 

both. Knowledge of the expected covariance structure across ages enables prediction of 

the response to early selection. 

'Longitudinal' data arise when individuals are assessed for the same outcome at several 

ages (DIGGLE et al. 1 994, see CNAAN et al. 1 997 for a review). Breeders use 

longitudinal data from progeny tests to compare development patterns of genotypes and 

look at changes in genetic parameters over time. Understanding the genetics of 

development allows determination of the optimum evaluation time(s) for fine-tuning 

breeding programmes and the use of multiple assessments for genetic evaluations. One 

of the features of longitudinal data is the covariance that exists between observations of 

the same individual (DIGGLE et al. 1 994, HAND and CROWDER 1 996). Covariance 

matrices typically contain pattern or structure, which can be modelled with a reduced 

number of parameters. DIGGLE et al. ( 1 994) identify three sources of variation in 

longitudinal data: serial correlations, random effects and measurement error. These act 

simultaneously. 

Previous researchers in tree breeding have used several variance models for longitudinal 

data. Early studies used univariate analysis at each age, sometimes fitting a curve 

through the estimates to smooth and interpolate the results (e.g. FOSTER 1 986). This 

procedure may produce unbiased estimates of heritability in absence of selection but 

ignores the dependence (covariance) between times. Other studies used bivariate 

analyses of each pair of times (e.g. BALOCCHI et al. 1 993), increasing the understanding 

of the association between measures. Another procedure uses the correlations between 

family means of the same genetic material grown at different sites, i. e. based on Type B 

correlation (BURDON 1977, see HODGE and WHITE 1 992 for an extensive application), 

with the intention of avoiding error correlation between the measures. 

Longitudinal analyses are more efficient using all available information, especially when 

missing observations are a problem. Progeny tests, as other long-term forestry 

experiments, do not maintain the original design. Even when a test starts as a balanced 

experiment, mortality generates temporal imbalance; hence early measures contain more 

records than later ones (GREGOIRE et al. 1995). Some authors choose to eliminate 
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temporal unbalance, keeping only individuals with a full history of measures (e.g. 

BALOCClll et al. 1 993), but this approach omits useful data and does not consider that 

biases may arise if mortality is not random. 

There are recent attempts with forest trees to use two contrasting models for genetic 

correlation: a repeatability (univariate) model (e.g. WEI and BORRALHO 1 996) and a full 

multivariate model (e.g. WEI and BORRALHO 1 998). The repeatability model assumes 

that all measures represent the same trait. This implies a genetic correlation of one 

between all pairs of records, equal variance for all records and equal environmental 

correlation between all pairs of records. The model can be represented by G = a� J and 

R = 0; (1 + rJ) where 1 is the identity matrix, J a square matrix with all elements equal to 

1, 0: is the additive genetic variance component, a; is the error variance component 

and r/( 1 +r) is the correlation between residuals. With height increasing with age over 

many years, the equal variance and genetic correlation assumptions are often unrealistic, 

although variance heterogeneity may be crudely removed through standardisation. In 

contrast, the full multivariate model considers each age as the realisation of a different 

trait. It was originally applied to balanced and complete data, but modem computing 

techniques allow its application to incomplete data sets. 

Unstructured covanance matrices in a full multivariate analysis are feasible and 

reasonable with a small number t of successive measures. However, since these matrices 

have t(t- 1 )12 covariance components, more measures implies a large number of poorly 

estimated parameters and may be considered an overparameterisation (HAND and 

CROWDER 1996). That is, there may not be enough information in the data to estimate 

each variance and covariance with sufficient accuracy for the resulting matrix to be 

coherent (positive definite), and the likelihood maximisation algorithm may even fail to 

converge. This is less a problem with some structured matrices, making appealing the 

assumption of more parsimonious covariance structures as t increases. 

Some researchers have recognised the need for structured covariance matrices, yet only 

in isolated cases. For example QUAAS ( 1 984, page 34) proposed the use of an 

auto regressive error structure in a repeatability model, relaxing the equal correlation 
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assumption. KREMER ( 1 992) explicitly recognised the role of error serial correlation for 

the analysis of height increments. COELLI et al. ( 1 998) compared several different 

structures for the multivariate analysis of additive genetic effects of repeated measures in 

a sheep breeding context. 

An alternative approach for modelling covariance structures, regression models with 

random coefficients, was introduced by RAo ( 1 965) in the context of growth models. 

LAIRD and WARE (1 982) generalised the theory to include mixed models, with fixed 

parameters at the population level and random parameters at the individual level. Under 

this framework, unbalanced and incomplete data sets are readily handled, and the 

correlation among successive measures is implicitly modelled by the random regressions 

(LOUIS 1988, VONESH and CHINCHILLI 1997). SCHAEFFER and DEKKERS ( 1 994), 

JAMROZIK. and SCHAEFFER ( 1 997) and JAMROZIK. et al. ( 1 997) applied random 

regression models to the analysis of lactation records; while GREGOIRE et
. 
al. ( 1 995) 

advocated the use of random regressions to model growth in permanent plots in forest 

mensuration. The use of random regressions in these studies allowed for individuals with 

heterogeneous ages to be included in the analyses, and a reduction of computational 

requirements compared to unstructured multivariate analyses. Random regression 

models directly define covariance functions that are the continuous (infinitesimal) 

equivalent of a covariance matrix for a given trait and fixed ages (KIRKPAlRICK et al. 

1 990, KlRKPAlRICK et al. 1 994). These functions permit us to calculate the covariance 

between any two ages, as can also be done with the distance based autocorrelation 

model . So, the association among measurements may be modelled either through 

random regressions or through specification of covariance structures. In some cases 

both methods are used together (e.g. CHI and REINSEL 1 989, JONES 1 990). 

In this paper we model longitudinal data from a progeny test. We compare estimated 

genetic parameters obtained from traditional approaches with those from various 

variance models under the general mixed model. First we introduce the general model in 

a tree breeding context. Then we present alternative structures for the additive genetic 

covariance matrix. Finally, we discuss opportunities and limitations for the use of these 

models. 
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Materials and methods 

Data set 

The forestry company Bosques Arauco S . A. established trial FA8 1 02 in the 'VIll Region' 

of Chile in 1 98 1  to progeny test 45 radiata open-pollinated first-generation selections 

with 9 controls. These were planted in 5 tree plots within 8 randomised complete blocks, 

a total of 2 1 60 trees. Control plots were planted with mixed seed of unknown pedigree 

and have been omitted from the analysis. Trees that where suppressed by early 

competition never reached 5 cm of DBH, and were also omitted. Consequently, a total 

of 1 526 trees in 353 plots were included in the analysis, each tree being from seed 

collected from one of 45 mother trees. 

Table 1 :  Summary statistics by age. The percentage of trees refers to the individuals 

included in the analyses relative to the number initially established ( 1 72 1 , without 

considering controls and fillers) discounting natural mortality, mechanical damage and 

inconsistent measures. 

Age Number of individuals 

1 1 522 

2 1 525  

4 1 525 

5 1 524 

6 1 5 1 1  

7 1 5 1 5  

8 1 5 1 0 

9 1 505 

1 2  1 3 5 1 

1 5  1284 

Percentage of trees 

(%) 

88.4 

88 .6 

88 .6 

88 .6  

87 .8  

88 .0 

87 .7 

87 .4 

78 .5  

74.6  

Height mean (m) 

(standard deviation) 

0.48 (0. 1 2) 

l . 00 (0.22) 

2 .98 (0.60) 

4 .60 (0. 85) 

6 .45 ( l .02) 

8 .43 ( 1 . 1 1 ) 

1 0 .43 ( l .22) 

12 . 1 1  ( l . 36) 

1 7.97 ( l .79) 

22.34 (2.46) 

The trees were assessed for height at 1 ,  2, 4, 5 ,  6, 7, 8, 9, 1 2  and 1 5  years of age. In the 

case of trees with mechanical damage (as those broken by wind at age 1 2), observations 

after the damage occurred were eliminated. Summary statistics by age are presented in 

Table 1 .  Small fluctuations of the number of trees between ages 1 -2 and 6-7 are caused 
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by the elimination of inconsistent assessments. It is only after 9 years that there is 

appreciable mortality among the trees. The regression of log(standard deviation) on 

log( mean height) has a slope of 0.7 4±0. 03 suggesting that a power transformation of the 

data to height
o.26 would stabilise the variance (Box and Cox, 1 964). We will however 

analyse the data on the measurement scale using models with heterogeneous variances, 

to account for the increase of variance with age. 

General linear mixed model 

An individual tree ('animal') linear mixed-effects model equation for longitudinal data of 

tree i can be expressed as: 

Yi = Xi rn + ZBi b + ZPi P + Zri aj + ei [ 1 ] 

where Yi is the vector of Si observations for the individual indexed by age, rn is the vector 

of fixed effects (which may include regression coefficients at population level), b is the 

vector of random block by age effects, p is the vector of random plot by age effects, aj is 

the vector of individual random additive genetic effects, and ei is the vector of random 

residuals. Xi, ZBi, ZPi, and Zri are incidence matrices relating rn, b, p and ai to Yi. Thus 

the expected value and dispersion matrices assuming a multivariate normal distribution 

(MVN) are: 

Y i Xi rn V. I ZBi Bo Zpi PO ZTi GO Ro 
b 0 BoZBi , Bo 0 0 0 

p - MVN 0 POZPi , 0 Po 0 0 , 
a I 0 GOZTi 

, 0 0 Go 0 

e i 0 Ro 0 0 0 Ro [2] 

where Bo, Po, Go and Ra are the block, plot, additive genetic and residual covariance 

matrices respectively and 0 is a null matrix (with all elements equal to 0). The 

corresponding characteristic elements (for measures j and k) are a bjk , apjk , aajk and 

a Cjk • The number of observations per individual may vary in which case the 

corresponding rows and columns of Ro are deleted. Finally, the phenotypic covariance 

matrix is: 

Extending the model equation to the n subjects of a progeny test we obtain: 
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Y = X m + ZB b + Zp P + Zr a +e [ 4] 

Co - ( " ') ' - ( " ') ' - ( " ') ' X - (X ' X '  lor Y - Yl , Y2 , . . .  , Yn , a - al , a2 ,  . . .  , an , e - el , e2 ,  . . .  , en , - 1 ,  2 ,  

Hence, in the dispersion matrix B = LEIlBo, P = LEIlPO, G = An®Go and R = LEIlRo, where 

An is the numerator relationship matrix, LEIl denotes direct sum and ® represents direct 

product operation (SEARLE 1 982). Since the genetic relationships in our study are limited 

to half-sib information, it is possible to fit the equivalent half-sib ('sire') model with family 

rather than tree as the random factor. We keep the tree model notation for the sake of 

generality. 

Parameterisations of the model 

The expected value of Yi is Xi ID (Equation 2). This is used to model the average 

performance of trees as fixed effects, and in this case is the mean at each age. From 

Equation 3, the dependence of the variance of Yi on the specification of Bo, Po, Go and 

Ro is clear. Since our main interest in the analysis is Go thus, following COELLI et al. 

( 1998), we will fit an unstructured error covariance matrix (Ro) while examining various 

forms for the additive genetic covariance matrix. For the block (Bo) covariance matrix 

we use an auto regressive correlation structure with separate variances at each time, 

because it matches our general expectation that the correlation would reduce as the time 

interval increases. Since there are only 8 blocks, an unstructured form for Bo would be 

singular and not estimable. For the plot (Po) matrix we will primarily use a similar 

autoregressive correlation structure with heterogeneous variance, but will also report 

some results from fitting an unstructured form. 

We examine the following forms for the additive genetic covariance Go (examples of the 

structures are displayed in Figure 1 ) :  

1 - Full multivariate model (US). Here Go i s  an unstructured matrix. 

2- Banded correlation model (BC) with heterogeneous variances. Here Go = S CBe S 

where S is diagonal matrix of the square roots of the genetic variance components at 

each age and CBe is a banded correlation matrix with a specific correlation for each 

particular age interval. 
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Figure 1 :  Covariance structures fitted in this study (example usmg only 4 

ages/measures). Different letters (a, b, etc) represent different values of correlation. US : 

unstructured, BC: banded correlations, AR: auto regressive (tj is age at measurement j), 

RR: random regressions expressed as the product Qi Ao Qi (zij is the ith orthogonal 

polynomial vector evaluated at age j), and UC: uncorrelated. See text for more detail in 

the explanation. 

1 a b c 1 a b c 1 alll-It ! alll-It ! a II.-Id 

a 1 d e a 1 a b alll-II I " 1 alll-111 a 11.-111 
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ZOl Z l l 
Z21 Z31 1 a b c ZOl Z02 Z03 Z04 1 0 0 0 

Z02 Z 12 Z22 Z32 a 1 d e Z l l Z 12 z\3 Z 14 0 1 0 0 

Z03 z13 Z23 Z33 b d 1 f Z21 Z 22 Z23 Z24 0 0 1 0 

Z04 Z 14 Z24 Z34 C e f 1 Z3 1 Z32 Z33 Z34 0 0 0 1 

RR UC 

3- Autoregressive model (AR) with heterogeneous variances. Here Go =8 CAR 8 where 

8 is as above and CAR has an autoregressive correlation structure. We use a power 

formulation (DIGGLE et al . 1 994) which allows for the unequal age intervals, and 

compare sub-models where the age is expressed on the natural ( p 1k-il , ARnat), square 

root( plK -,iJI , ARsqr) and logarithmic( p1log(k)-log(i)1 = p1log(kl j)1 , ARlog) scales, where p is a 

correlation coefficient and j and k are the two ages. Note that when lag (age interval) is  

expressed in a logarithmic scale the correlation depends upon an age ratio. 

4- Random regression model (RR) using orthogonal polynomials. Here Go = Qi Ao Qi', 

where Ao is the random regressors covariance matrix and Qi has q + 1 columns 

containing Zo, Zl, Z2, . . .  , Zq respectively, where q is the order of the polynomial and Zj is 

the ith orthogonal polynomial vector. Additionally, ai = Qi "-i where A.i are the random 

regression coefficients. 

5- Lastly, an uncorrelated model (UC) (for estimating heritabilities only) is fitted, which 

is equivalent to a traditional univariate analysis by age. Here all covariances in Go (as 

well as in Ra) are zero. 
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All models are fitted by restricted maXImum likelihood (REML, PATIERSON and 

THOMPSON 1 97 1 )  using the average information algorithm (GILMOUR et al. 1 995) 

implemented in ASRernl (GILMOUR et al . 1 998). 

Model selection 

Adding variance parameters to a model may result in a better fit and hence increase the 

likelihood value. Several criteria may be used to judge whether additional parameters are 

making an important contribution to the fit. The Likelihood ratio test formally tests · 

whether the increase is statistically significant. Akaike' s Information Criterion and 

Bayesian Information Criterion (AKAIKE 1974, JONES 1 993 , CARLIN and LOUIS 1 996) 

penalise the likelihood by the number of independently fitted parameters used in the 

model . Based on previous experiences in genetic analyses (W ADA and KASHIWAGI 

1990) we will use Akaike's  criterion (AlC), which penalises likelihood values in such a 

way that any extra parameter must increase the likelihood by at least one unit to be 

included in the model : 

AlC = -2 LogL + 2 P 

where -2 LogL is twice the negative log-likelihood value for the model and p is the 

number of estimated parameters. Smaller values of AlC reflect an overall better fit. 

Genetic parameters 

Estimates of heritability (h/) at age j and genetic correlation (rjk) between ages j and k 

are calculated as: 

usmg the appropriate vanance and covariance estimates from Go, Bo, Po and Ro. 
Standard errors of the estimates are calculated by ASRernl from the average information 

matrix, using a standard Taylor series approximation (GILMOUR et al . 1 998). 
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Results and discussion 

Exploratory analysis 

Figure 2 shows a box plot of height versus age. The midpoint. box and whiskers 

represent the mean, mean ± standard deviation and minimum/maximum respectively. 

This plot depicts an increase of variance with time, which is typical of longitudinal data 

for growth. It also reveals that the distribution of heights at particular ages is not 

symmetric after year 5 .  This asymmetry would be aggravated if a variance stabilising 

transformation was applied to the data. The figure suggests that a cubic polynomial 

(broken line) is a reasonable model to form the basis for modelling genetic effects as 

random regressions. 

Figure 2: Box plot of height versus age. The midpoint, the box and the whiskers 

represent the mean, mean ± standard deviation and minimum/maximum respectively. A 

cubic polynomial (- . . . . .  ) is fitted to the data. 
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Variance models 

The log-likelihood values for a range of models are in Table 2 .  They range from -34 1 8 .2  

for the UC model to  7098.9 (7 1 53 .2) for the US model with autoregressive 

(unstructured) plot error structure. Using AlC, the best model (i.e. the one with the 

lowest value) for both plot error structures is the base model, i .e. the one with no tree 

effects fitted. Of those with tree effects fitted, the best is the ARlog structure having age 
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on a natural logarithm basis with AlC = - 13 96 1 .2 .  It is followed by the ARsqr, the 

ARnat, the BC, and the US models (Table 2) . The RR model is considered later. The 

ARnat and ARsqr models have slightly lower heritabilities and slightly higher genetic 

correlations than the ARlog model, and so their parameters are not included in Figures 3 

and 4. In the following discussion we refer to models fitted with an AR plot variance, 

since not all models would converge to positive definite solution when fitted with a US 

plot variance model. The genetic parameters with AR plot variance were not much 

different from those with US plot variance. . 

Table 2 :  Comparison of multivariate models. 

Model 

Autoregressive Po. Base model 

Full multivariate (VS)b 

Banded correlations (BC) 

Autoregressive (ARnat - age) 

Autoregressive (ARsqr - .J  age ) 

Autoregressive (ARlog - log(age)) c 

Random regression (RR)d 

Unstructured Po. Base model 

Full multivariate (VSY 

Autoregressive (ARlog - log(age)l 
Uncorrelated (VC) 

Number of parameters 

(Bo + Po + Go + Ro) 

1 1  + 1 1  + 0 + 5 5  = 77 

1 1  + 1 1  + 55  + 55 = 1 32 

1 1  + 1 1  + 2 1  + 5 5  = 98 

1 1  + 1 1  + 1 1  + 55 = 88  

1 1  + 1 1  + 1 1  + 5 5  = 88 

1 1  + 1 1  + 1 1  + 5 5  = 8 8  

1 1  + 1 1  + 1 0  + 5 5  = 87 

1 1  + 55  + 0 + 5 5  = 1 2 1  

1 1  + 5 5  + 5 5  + 5 5  = 1 76 

1 1  + 5 5  + 1 1  + 5 5  = 132 

10 + 10 + 10 + 10 = 40 

a AlC = -2 Log likelihood + 2 number of parameters 

Log 

likelihood 

7062. 5 1  - 1 3971 . 02 

7098. 8 7  - 1 3 933 . 74 

7074.94 - 1 3953 . 88 

7067.04 - 13958.08 

7067 .85 - 1 3 959 .70 

7068 .60 - 13961 . 20 

7078.29 - 1 3 982.58  

7 1 24.78 - 1 4007.56 

7 1 53 . 1 7 - 13954.34 

7 127.84 - 13991 .68 

-34 1 8. 23 69 1 6.46 

b Go is non positive definite, log-likelihood reduces to 6854.05 after bending. 
C Best model including Go and considering autoregressive Po . 
d Reduced rank version: the model converged only by fixing the variance for the quadratic component. 
• Go is non positive definite. 
f Best model including Go and considering unstructured Po . 
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Table 3:  Variance parameters estimated from the autoregressive (ARlog) model with autoregressive plot error: block (b2), plot (p\ additive 

genetic (h2) and residuals (e2) variances expressed as proportion of phenotypic variance ( &� ); correlations among residuals (below diagonal) and 

genetic correlations (above diagonal). 

Age 

Age b2 p2 h2 e2 " 2  
<Jp 2 4 5 6 7 8 9 12  1 5  

1 0.049 0. 1 80 0 .09 1 0 .680 0.0 1 6  0.932 0 . 868 0 .849 0 .833 0. 820 0 . 809 0.799 0.776 0.759 

2 0 .068 0. 193 0 .082 0 .658 0 .05 1 0 .697 0.932 0 .9 1 1 0. 894 0.880 0 . 868 0 . 858  0 .833 0 .8 14  

4 0.057 0 . 1 78 0. 1 70 0 .596 0 .3 80 0 .607 0.758 0.978 0.960 0.945 0.932 0.92 1 0. 894 0.874 

5 0.050 0 . 1 62 0. 1 68 0.620 0 .754 0 . 560 0.683 0 .836 0 .982 0 .966 0.953 0.942 0.9 1 5  0. 894 

6 0.057 0 . 1 66 0.209 0.568 1 . 1 08 0 .501  0.627 0.786 0.887 0.984 0 .971  0 .960 0 .932 0 .91 1 

7 0.060 0 . 141  0.23 8 0 .56 1 1 .3 09 0.469 0 .58 1  0 .73 1 0.83 1 0 .9 1 6  0.987 0 .975 0 .947 0.925 

8 0.040 0 . 125 0.228 0.606 1 . 573 0.4 1 9  0.528 0.675 0.763 0 .855  0.901 0.988 0 .960 0.938 

9 0.055 0 .095 0. 1 97 0.653 2 .0 1 6  0 .399 0.492 0.63 3  0.7 1 4  0 .820 0.882 0. 890 0 .97 1 0:949 

1 2  0.026 0 .067 0. 1 7 1  0.737 3 .3 99 0.361  0 .4 12  0 . 533  0 .620 0.7 1 9  0.779 0. 8 1 2  0 . 832 0.978 

1 5  0 .006 0 .0 15  0. 1 29 0. 849 6.959 0 .362 0.4 14  0 .529 0.6 1 1 0 .708 0. 770 0 .8 1 1  0.820 0.898 



The proportions by age for all variance components in the ARlog model are in Table 3 .  

Plot variances are the largest component ( 1 8%) in the early years slowly declining in 

relative magnitude by about 1 % per year. The early plot variation might reflect carry­

over effects from the nursery. The block variance component is around 5% before 

declining after age 9. The residual variance is stable at around 60% of phenotypic 

variance until age 9 increasing to 85% at age 1 5  . 

. Figure 3: Heritability estimates based on fitting the unstructured (US :  -0-), banded 

correlation (BC:  . . . • . . .  ), autoregressive (ARlog: ---�---), random regressions (RR: .-.-) 

and uncorrelated (UC: . . . + . . . ) models considering auto regressive plot errors, and standard 

error of the heritability for the auto regressive ( . . . . . . ) model. 
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Heritability estimates under the ARlog model (Table 3) increase with age from 0 .09 1 at 

age 1 to 0 .238 at age 7 and then decline to 0 . 1 29 at age 1 5 .  The BC model gave higher 

heritability before age 8 and lower heritability for later measurements (Figure 3) .  

However, compared with the ARlog model, an increase in the likelihood of 6 .3  with 1 0  

extra parameters indicates that the model does not fit the data significantly (P>0.05) 

better. Heritabilities from the US and UC models are very similar to the values from the 

ARlog model, reaching a maximum of 0 .24 1 and 0.224 respectively (Figure 3) .  The 

figure also includes the asymptotic estimate of the standard error of the heritability from 
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the ARlog model. There is little difference in the standard error of the heritability 

estimates from the AR (with any time scale), BC, US and UC models. 

The heritability differences among these models are quite small until age 6, when the BC 

model starts underestimating later values. The benefits of a multivariate versus a 

univariate approach are clearer when covering traits with large differences between 

genetic and residual correlations, contrasting heritabilities (THOMPSON and MEYER 1 986) 

or there are many missing values for some traits, especially if not missing at random. 

Here however, the correlations are mostly high, all heritabilities are moderate and only 

1 6% of trees have missing values, particularly at ages 1 2  and 1 5 .  

Figure 4: Genetic correlations for different lags between measures for unstructured (US : 

--0-), banded correlations (BC: . . . • . . . ) and autoregressive (ARlog: ---6- - -) models 

considering autoregressive plot errors. 
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Figure 4 shows the values of genetic correlation plotted against lag for the ARlog, B C  

and U S  models. The simple regressions of the correlations o n  lag shown in Figure 4 had 

R2 coefficients of 0 . 58, 0 .97, 0 .53  for ARlog, BC and US respectively. The correlation 

between successive ages under the ARlog model increased from 0.932 at age 1 to 0.993 

at 1 4  years of age. The BC model has a single value for each lag whereas the ARlog and 
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US models have several values for each lag, although the ARnat model has a single value 

per lag. 

The US estimates of Go were both non positive definite and with some correlations 

above 1 (Figure 4). Such a solution is not easily used in practice but commonly occurs 

due to sampling variation when there are small numbers of families. However, its 

correlation values help us interpret the other models since they are the least constrained 

values. The US model gave very high correlations of age 1 with ages 2 to 8 as well as 

high correlations between successive years; higher than expected under an AR model if 

the AR parameter was estimated only from more distant ages. Except for the 

correlations of age 1 noted above, the correlations tended to be lower between younger 

ages than between higher ages. This is not unexpected when looking at correlations 

because new growth each year is a decreasing proportion of the height at the beginning 

of the year. 

Genetic correlations for the ARlog model are shown in Table 3 .  The ARlog model 

essentially estimates one auto correlation coefficient and projects the value to higher lags. 

The projected correlations are higher than the median of the US model val es. The high 

lag correlations from the BC model agree better with the US model values than do the 

projected ARlOg correlations. The US model regression is strongly influenced by the 

high correlations at all lags associated with age 1 .  Doing all combinations of bivariate 

analysis would produce very similar (non positive definite) results. While the US 

structure puts no constraints on the covariances, the AR and BC structures impose 

strong constraints, generating more parsimonious models. The variation observed in the 

US correlations at a given lag represents sampling effects and/or is the result of growth 

patterns. 

The preferred model (ARlog) has an intuitively appealing structure, where the breeding 

value of tree i observed at time j (aij) is a function of genes acting at time j - l  (3.i j-l) plus 

genes acting on the new measurement (aj), thus aij = p1log(j)-log(j-l)1 ai j-l + aj. However, it 

is necessary to confirm if it is an adequate description of the pattern present in the US 

correlation structure. The main question posed by the ARlOg model is whether the 
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genetic correlation between ages at rugher lag is really so high. As an example, estimates 

of genetic correlation with the AR model are similar to those obtained for volume by 

AProLAZA et al. ( 1 994) until age 9, but overestimate the values for older ages. However, 

the values are substantially different from the estimates based on clonal material by 

BURDON et al. ( 1 992). This issue can only be resolved from a much larger experiment. 

In spite of this, the ARlog model does provide the highest correlations between the 

ranking of breeding values at different ages and the phenotypic ranking at age 1 5 . 

The implications of the high correlation at low lag is that measurement of height in 

consecutive years contributes little. However, after say five years according to the US 

and BC models, the correlation has dropped sufficiently to justify remeasurement. The 

rugh correlation of age 1 with later ages in the US model (see Figure 4), if real, suggests 

that early growth is a good predictor of the genetic component of later height. However, 

the low heritability at age 1 would mitigate against depending on this trait, especially 

since these could be carry-over nursery effects rather than genetic effects. Further, the 

rugh correlations of age 1 with later ages under the US model suggest that whatever 

causes these early differences, they do persist and are scaled up as the tree grows. 

The heritability pattern under the RR model (see Figure 3) did not follow the pattern of 

the previous models. The correlation pattern is also quite different to the other models 

with lag 1 correlations ranging from 0 .7 1 at young ages to 0 .99 at older ages. One 

potential explanation was that changes of scale dominated the model, and while the other 

4 models had separate variance parameters for each age the RR model had only a 

function over time. However, a Box-Cox data transformation did not improve much the 

fitting. The changes in heritability are related to the function used to model Go. Random 

regressions model the trajectory of breeding values, which deviate from other fixed and 

random effects included in the model. Hence a simple polynomial (in this case a third 

order one) may not be enough to model those deviations. The use of more flexible 

functions, e.g. rugher order polynomials or cubic splines, suggested when there is no 

previous knowledge about the underlying biological model (e.g. VERBYLA et al . 1 997, 

WHITE et al. 1 999), might improve the estimation. Other examples of RR poorly 

reconstructing the Go matrix obtained from a US multivariate analysis are in VAN DER 
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WERF and SCHAEFFER ( 1 997) and VAN DER WERF et al . ( 1 998). One problem is that the 

polynomials are by nature highly correlated. 

Number and distribution of measures 

Often the frequency of measurement of a progeny test depends more on budget 

restrictions than on genetic considerations. Covariance structure modelling may not be 

possible when only a few measures are available. On the other hand, using 6 measures 

( 1 , 4, 6, 9, 1 2  and 1 5  years) produced similar results to those obtained using 1 0  measures 

(details not shown). 

For most longitudinal variance models, equidistant measures are easier to analyse. The 

presence of unequal intervals involves either the manual specification of the bands (BC) 

or the use of a distance-based power model (AR). The US model is less likely to 

converge to a positive definite solution as the number of measures increases or when 

they are highly correlated. Close measures (as in our data set) result in highly correlated 

traits increasing the risk that the result might be non positive definite and convergence 

more difficult (Gilmour 1999). 

The process of running the UC analysis (equivalent to univariate analyses by age) was 

very straightforward from both a modelling and computational perspective. Running the 

US analysis was less straightforward because of the high correlations between measures 

(traits). The estimated Go was close to singular and the algorithm failed to converge 

from the naIve starting values initially supplied. Using the results from the BC model as 

starting values, the algorithm converged to the negative definite solution reported for the 

US model. 

The RR model was quite difficult to fit, also requiring a multistage process to achieve 

convergence. We first fitted a RR model with intercept and slope, then added the 

quadratic term and finally the cubic term. The LogL values were 7063 . 7 1 , 7069. 1 2  and 

7078 .29 respectively. However, the variance matrix for the final model was negative 

definite and only converged after fixing the variance for the quadratic component. The 

correlations among the components were very high despite the definition of Qi using 

orthogonal polynomials. An earlier attempt using starting values derived from the matrix 
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Qi' Go Qi where Go is the additive genetic variance matrix from fitting the US model and 

Qi is the 1 0x4 matrix of orthogonal polynomial coefficients also failed to converge. It 

was based on the assumption that Go is an estimate of the matrix we want to 

approximate with a structure Qi Ao Qi' where Ao is the variance matrix for the random 

regression coefficients and noting that Q/ Qi is I. That is, if Go = Qi Ao Qi' then Q/ Go 

Qi = Qi' Qi Ao Qi' Qi = Ao. We did not try using other polynomials that might change 

the convergence behaviour. 

Further considerations 

The use of a multivariate approach takes into account non-random missing observations, 

caused by mortality, thinning or sampling of trees, which can bias parameter estimates 

(e.g. APIOLAZA et at . 1 998). Nonetheless non-positive definite matrices, frequently 

found in forest genetics literature, may still be an issue. 'Bending' (HA YES and HILL 

1 98 1 )  or other techniques for restricting genetic parameter matrices to the parameter 

space may still be necessary, especially if the US structure is used and the result is 

negative definite as here. Where there are large scale effects as in this data set, it may be 

preferable to bend the correlation matrix rather than the covariance matrix unless the 

data is cransformed to stabilise the variance. The Log likelihood for the bent US model 

(bent and fixed Go, other parameters iterated to convergence) reduces to 6854.05, which 

is lower than the results for the ARlog and BC models, confirming the adequacy of using 

simplified (co )variance models. The best way to reduce the chance of getting a non­

positive definite result is to increase the number of families sampled, reducing the 

sampling error of the variance components. 

An alternative approach to the analysis of highly correlated observations, although 

beyond the scope of this paper, is the use of canonical transformation. This technique 

creates independent traits that are analysed separately and the results are transformed 

back to obtain the full parameter matrix with the original traits (measures) (JENSEN and 

MAo 1 988). It has restrictions on the number of random effects used in the model and 

the pattern of missing observations (LJN and SMITH 1 990, DUCROCQ and BESBES 1 993) .  
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Conclusions 

The use of structured covanance matrices for longitudinal data constrains the 

correlations to a pattern dependent on the form of the model, potentially smoothing the 

estimates of heritability and genetic correlation. It also facilitates model fitting and 

convergence of the likelihood-maximisation algorithm. Models that take into account 

the ordering implicit in successive measures are preferred to the unstructured covariance 

model when assessing the changes of likelihood relative to the number of parameters. 

The results presented in this paper suggest that the ARlog model reproduced the results 

from the US model well enough, while simplifying the analysis; therefore the US 

covariance structure is probably not the 'best' model for longitudinal data. Equally 

important is that, assuming AlC is an appropriate model selection criterion, small 

datasets might not provide enough information to discriminate between some of the 

models (e.g. RR). On the other hand, if the dataset is appropriate AlC appears to be 

insensitive to substantial differences of genetic parameters. 

The results from this study are from a small sample (45 families with up to 40 trees and 

1 0  longitudinal measures of 1 trait, for a total of 1 5260 records), but they provide a good 

starting point for analyses involving larger data sets. Once Go and Ho are estimated, 

covariance functions can be easily developed (e.g following Kirkpatrick's methodology) 

allowing for a more detailed study of early selection procedures. Further research might 

contemplate the use of several measurements to improve early prediction of breeding 

values (currently under preparation by the authors of this study) and modelling the 

simultaneous change of other growth traits and wood properties, using multi-trait models 

(VAN DER WERF et al. 1 998). 

Although recent literature has emphasised the use of random regression for the analysis 

of longitudinal data (e.g. JAMROZIK and SCHAEFFER 1 997, JAMROZIK et al. 1 997, MEYER 

1 998, V AN DER WERF et al . 1 998, WHITE et al. 1 999), random regressions are not 

necessarily suitable for all data sets. Given the potential reduction of number of 

parameters, other functional relationships (e.g. growth models) that could be used with 

random regressions within a linear model framework to model Go should be studied. 
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Finally, the 'best' parameterisations can be trait-specific, i .e. different traits may require 

different structures (e.g. COELLI et al. 1 998). Thus it is necessary to identify the most 

appropriate model for each trait considered in a breeding programme. Nevertheless, 

simple models like AR seem to be flexible enough to hold in many common tree breeding 

situations. 
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Abstract 

This study analysed the use of longitudinal data, i .e .  repeated assessment of the same 

individuals at different ages, in the context of early selection. Autoregressive 

relationships, banded correlations and unstructured ('unsmoothed') matrices were used 

to model the additive genetic covariance matrix (Go) for 1 0  total height measurements 

of a Pinus radiata open-pollinated progeny test. We examined the effects on response to 

selection of inferred covariance structure, mass versus combined selection, one or 

multiple assessments, and two breeding-delay intervals. End results are expressed as 

predicted average gain per year. The patterns of predicted response to selection vary 

widely between inferred covariance structures. Considering the autoregressive model 

(based on logarithm of age ratios between assessments) as an example, the effect of 

combining information from relatives on response to selection is more important ( 1 6% 

to 4 1  % extra gain) than using extra measurements (2% to 25%) when predicting 

individual breeding values, although the economics of extra gain vs extra assessment 

costs must be carefully analysed. It is expected that using multiple assessments could 

be advisable for datasets with lower genetic autocorrelations. An approximate 

comparison across covariance models showed the autoregressive model to exhibit the 

best abil ity to produce 'correct' selections as well as the highest predicted response to 

selection. 

Introduction 

Trees included in breeding programs are often evaluated in progeny trials to predict 

their genetic value. Results from testing determine the participation of the trees in the 

breeding population, as well as their use as parents of future plantations (ZOBEL and 

TALBERT, 1 984; WHITE, 1 987). The breeding objective includes tree characteristics at 

harvest age (e.g. volume and wood density); however, progeny tests are assessed at one 

or more early ages, often less than half the rotation age. The problem of early selection 

arises with the existence of less than perfect genetic and phenotypic correlations 

between performance at early assessments and performance at harvest age. 

Extending the testing period increases accuracy of selection, i .e . the correlation between 

predicted and real breeding values, but also increases financial costs and time delays to 

achieve gain. Optimising response to selection for a given objective involves finding 
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the appropriate combination of accuracy and evaluation time. Traditionally, this has 

been achieved by calculating gain for different selection ages using the formula for 

correlated response to mass or index selection, which includes the heritability at early 

and mature ages and genetic correlation between the ages (SEARLE, 1 965; FALCONER 

and MACKA Y, 1 996) . The selection age that maximises either a biological criterion 

(response per year, e.g. LAMBETH, 1 980) or an economic criterion (net present value, 

e.g. NEWMAN and WILLIAMS, 1 99 1 )  may be chosen. 

Genetic and phenotypic covariance structures used for calculating correlated response 

are often estimated from studies based on a few measurements per tree. Heritabilities 

are interpolated and extrapolated, perhaps using regression or splines (GwAZE et aI. ,  

1 997), while genetic correlations are often modelled adapting Lambeth's empirical 

phenotypic relationship (LAMBETII, 1 980), based on either phenotypic or genetic 

correlations (LAMBETH, 1 980; BURDON et al. ,  1 992; GwAZE et aI . ,  1 997). WEI and 

BORRALHO ( 1 996) proposed an alternative model for heritability based on the concept of 

repeatability. Positive definite additive genetic and phenotypic covariance matrices are 

not automatically assured by using any of these methods. Concurrently, MAGNUSSEN 

( 1 988, 1993) put forward different approaches to early selection, based on the size class 

distribution of the phenotypes at different ages. However, these latter procedures do not 

take into account genetic information. 

Genetic evaluation tools in forest genetics have undergone a progressive refinement, 

from evaluation based on family-average (e.g. HATCHER et aL 1 98 1 )  to the use of B est 

Linear Prediction (BLP, e.g. WHITE et aI. ,  1 987, WHITE and HODGE, 1 988) and Best 

Linear Unbiased Prediction (BLUP, e.g. BORRALHO, 1 995, JARVIS et aI . ,  1 995). In spite 

of this, determination of optimum selection time is often based only on response to 

selection using the most recent measurement of individual performance, even when 

more assessments were available at the time of analysis. BURDON ( 1989) suggested the 

use of longitudinal data, i .e .  repeated assessment of the same individuals at different 

ages, to increase accuracy and therefore response to selection. These assessments can 

be integrated into a selection index. 

Thi s  research analyses the implications of using longitudinal data when selecting at an 

early age. In the course of that we consider the effects of assuming different models for 
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additive genetic vanance, the use of repeated assessments combined in a selection 

index, and the use of mass and combined selection on the prediction of genetic gain. 

End results are expressed in terms of average predicted response per year. 

Materials and Methods 

Dataset 

Genetic and phenotypic covariance matrices for constructing the indexes were estimated 

from a radiata pine (Pinus radiata D. Don) open-poll inated progeny test with 1 0  

assessments at ages 1 ,  2 ,  4 to 9, 1 2, and 1 5  years from planting. The test included 45 

open-pollinated families, planted in 5-tree row-plots within 8 randomised complete 

blocks. Trees suppressed by early competition were omitted from the analysis, leaving 

a total of 1 526 trees. Observations after mechanical damage to leaders (especially from 

age 12 onwards) were omitted. Further details are described elsewhere (APIOLAZA et 

aI. ,  2000). 

Statistical model 

Considering s assessments on individual i and defining Yi = [Yi l Yi2 ' "  Yis] ' as the vector 

of phenotypic observations, the model equation for individual i is: 

Yi = Xi m + ZBi b + ZPi P + Zri ai + ei 

where m = [mI m2 ' "  ms] '  is the vector of fixed effects (overall mean at each age), b = 

[bI b2 . . .  bbxs] ' is the vector of b x s random block effects, p = [PI P2 ' "  Ppxs] ' is the 

vector of p x s random plot effects, ai = [ail ai2 . .  , ais] ' is the vector of additive genetic 

values, ei = [ei I ej2 . . .  eis]' is the vector of random residuals, and Xi, ZBi, ZPi and Zri are 

the incidence matrices for fixed, block, plot and additive genetic effects respectively. If 

we think of a non-inbred individual with all measurements (i .e. no missing 

observations) the dispersion matrices are: 

Var[b] = Ba, Var[p] = Po, Var[ai] = Go and Var[ej] = Ra 
with typical elements cr bjk ' cr P jk ' cr. it- ' cr ejk respectively. For individuals with missing 

observations (and the vector Yi reduced accordingly) the corresponding rows and 

columns from Ra are omited. 

The multivariate model equation for the N individuals in the progeny test is :  

Y = X m + ZB b + Zp P + Zr a + e 
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where Y = [Y I ' ,  Y2' ,  . . . , YN ' ] ' ,  a = [a I ' ,  a2 ' , . . .  , aN' ] '  and e = [el ' ,  e2 ' ,  . . .  , fN' ] ' . In 

addition X = [Xl ' , X2' ,  . . .  , XN' ] ' , Zs = [ZSI ' ,  ZS2' , . . .  , ZSN'] ' ,  Zp = [ZPI ' ,  ZP2' ,  . . .  , 

ZPN ' ] '  and Zr = L�i, where LEB denotes direct sum (SEARLE, 1 982). 

The expected value and dispersion matrices considering a multivariate normal 

distribution and zero covariance between random factors (blocks, plots and trees) are: 

E[y] = X  m 

Var[b] = B = LEBBo, Var[p] = P = LEBPo, Var[a] = G = AN®GO and Var[e] = R = LEBRo 

thus Var[y] = ZB B Zs' + Zp P Zp' + Zr G Zr' + R 
where AN is the numerator relationship matrix (HENDERSON, 1 984) and ® denotes direct 

product (SEARLE, 1 982). 

Best Linear Unbiased Prediction of the breeding values (a) were calculated using 

Henderson' s mixed model equations (HENDERSON, 1 984) and assumed values of 

covariance components. Values for all covariance components were obtained by 

Restricted Maximum Likelihood (REML) using ASReml (GrLMoUR et al. 1 998). 

Figure 1: Example of the unstructured (US), banded correlations (BC) and 

autoregressive with time on a natural logarithm scale (ARlog) moders. Correlations 

with the same letter represent the same value. The BC model assumes similar 

correlations for measurements with equal time between expressions. 

1 a b c 1 g h 1 rllog(2/1)1 rllog( 3/1 )1 r Ilog(4/1)1 

a 1 d e g 1 g h rllog(211)1 1 rllog(3/2)1 r llog( 4/2)1 
Cus = CBe = CARIOg = b d 1 f h g 1 g rIIOg(311)1 rllog(3/2)1 1 rllog( 4/3)1 

c e f 1 h g rllog( 411)1 rllog( 4/2)1 rllog( 4/3)1 

AProLAZA et al . (2000) analysed the dataset comparing five models for describing the 

additive genetic covariance matrix Go: unstructured (US), auto regressive with time in a 

natural logarithm time scale (ARlog), banded correlations (BC), random regressions 

(RR), and uncorrelated (UC). The UC model is equivalent to independent univariate 

analyses and does not provide direct estimates for genetic correlations between ages (i.e .  

assuming zero between-trait genetic correlations). The RR model did not converge; 
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thus its estimates of genetic parameters are not reliable. Therefore we calculated 

response to selection from only three models: US, BC and ARlog. 

Table 1 :  Genetic parameters for unstructured (US), ' banded correlations (BC) and 

autoregressive with time on a natural logarithm scale (ARlog) models. Additive genetic 

(O'a2) and phenotypic vanances (0'/), additive genetic covanances ( O'ajlt ' above 

diagonal) and phenotypic covariances ( 0'  YjJt. , below diagonal) . 

Age 
us 
1 
2 
4 
5 
6 
7 
8 
9 
12 
15 
BC 
1 
2 
4 
5 
6 
7 
8 
9 
12 
1 5  
Arlog 
1 
2 
4 
5 
6 
7 
8 
9 
12 
1 5  

0.00 1 
0.004 
0.070 
0 . 1 32 
0 .227 
0 .3 15 
0 .349 
0.367 
0.580 
0.936 

0.00 1 
0.004 
0.080 
0. 142 
0.223 
0.268 
0.298 
0.278 
0 .337 
0.468 

0.002 
0.004 
0.064 
0. 126 
0.23 1 
0 .3 12  
0 .360 
0.402 
0.590 
0.9 1 3  

0.016 
0.05 1 
0.379 
0.752 
1 . 105 
1 . 306 
1 .570 
2.014 
3 .402 
6 .968 

0.016 
0.052 
0.382 
0.759 
1 . 1 12 
1 . 3 1 1  
1 . 572 
2.008 
3 . 368 
6.900 

0.016 
0.05 1 
0.380 
0.754 
1 . 108 
1 . 309 
1 . 573 
2 .016 
3 . 399 
6.959 

0.022 
0.054 
0.07 1 
0.080 
0 .083 
0.083 
0.089 
0. 102 
0. 130 

0.022 
0.054 
0.07 1 
0.080 
0.082 
0.083 
0.089 
0 . 101  
0. 129 

0.022 
0.055 
0.072 
0 .082 
0 .084 
0.084 
0.090 
0. lO5 
0. 134  

2 

0.002 

0. 1 1 3 
0. 147 
0. 167 
0. 170 
0. 173 
0. 183 
0. 199 
0.256 

0.002 

0. 1 14 
0 . 148 
0. 168 
0 . 1 7 1  
0. 174 
0. 1 85 
0.201 
0.256 

0.002 

0. 1 15 
0. 149 
0. 170 
0. 173 
0. 176 
0. 187 
0.208 
0.266 

4 

0.007 
0.0 16 

0.473 
0 .548 
0.563 
0.579 
0.616 
0.678 
0.878 

0.007 
0.0 1 8  

0.478 
0.553 
0.569 
0.585 
0.623 
0.685 
0.877 

0.008 
0 .015  

0.474 
0.549 
0.565 
0.583 
0.622 
0.702 
0.906 

5 

0 .0 1 1  
0.023 
0.093 

0 .837 
0.863 
0.887 
0.946 
1 .065 
1 .3 99 

0.008 
0.023 
0. 105 

0.844 
0.871 
0.894 
0. 954 
1 .073 
1 .393 

0.012 
0.02 1 
0.088 

0.839 
0 .865 
0 .891 
0 .953 
1 .097 
1 .435 

Age (years) 
6 7 

0.016 0.0 19  
0.029 0.032 
0. 120 0. 132  
0. 169 0. 194 

0.264 
1 . 1 27 
1 . 170 1 .3 3 1  
1 . 270 1 .464 
1 .439 1 .678 
1 . 893 2.224 

0.0 10  0 .010 
0.028 0.029 
0. 130  0 . 1 3 8  
0. 175 0. 1 90 

0 .24 1 
1 . 134  
1 . 176 1 . 3 3 5  
1 . 274 1 .464 
1 .443 1 .673 
1 .880 2. 1 97 

0.0 1 5  
0.028 
0 . 1 17 
0. 168 

1 . 129 
1 . 173 
1 .274 
1 .476 
1 .93 3  

0 .018 
0.032 
0. 1 3 3  
0. 1 92 
0.264 

1 . 3 3 3  
1 .465 
1 .709 
2.258 

8 

0.0 1 9  
0.03 3 
0. 1 36 
0. 1 93 
0.273 
0 .330 

1 .633 
1 . 924 
2.597 

0.0 10  
0.028 
0 . 1 3 8  
0. 1 93 
0.25 1 
0.279 

1 .632 
1 .9 16  
2 .564 

0.0 1 9  
0.034 
0. 1 4 1  
0.203 
0.280 
0.33 1 

1 .636 
1 .954 
2.630 

9 

0.0 1 8  
0.026 
0. 1 18 
0. 178 
0.266 
0 .333  
0.349 

2.24 1 
3 .014  

0.009 
0.025 
0. 127 
0. 178 
0.234 
0.266 
0.284 

2 .223 
2 .970 

0.0 1 9  
0.035 
0 . 148 
0.2 1 2  
0 .293 
0.345 
0. 376 

2.269 
3 .046 

12  

0.0 1 8  
0.020 
0. 105 
0. 166 
0.253 
0.358 
0 .394 
0.444 

4 .354 

0.008 
0.020 
0. 1 15 
0. 160 
0 .214 
0.256 
0.284 
0.288 

4.296 

0.023 
0.04 1 
0. 174 
0.250 
0.344 
0.406 
0.443 
0.473 

4.366 

1 5  

0.024 
0.027 
0. 1 3 9  
0.2 1 3  
0.33 9  
0.463 
0 .5 1 1  
0.581  
0.764 

0.005 
0.0 1 5  
0. lO3 
0 . 135  
0.207 
0.249 
0.273 
0.28 1 
0.373 

0.028 
0.050 
0.2 1 1  
0.304 
0.4 19  
0.494 
0.538 
0.575 
0.7 1 8  

Expressing Go = S C S,  where S i s  a diagonal matrix with elements equal to  the 

standard deviations for each assessment and C the correlation matrix between 

assessments, these covariance models can be seen as using C with different sets of 

restrictions (see Figure 1 ) .  In the US model Cus has no restrictions except for being 

positive definite. The BC model assumes similar correlations for measurements with 
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equal time between expressions, creating bands of identical correlations in CBC. The 

auto regressive model assumes that in CARIog the correlation between two assessments at 

ages j and k has form r11og(k)-log(j)1 = rllog(kJj)l . Additive genetic and phenotypic covariance 

parameters for these three models are presented in Table 1 (adapted from APIOLAZA et 

al. 2000). 

ARlog was selected as the best model from a penalised-likelihood standpoint (i . e. the 

log-likelihood value LogL penalised, in this case, according to the number p of 

independent parameters of the model), usmg Akaike' s  Information Criterion (AlC, 

WADA and KASHIWAGI 1 990) : 

AlC = -2 LogL + 2 P 

The best model using this criterion has the lowest value of Ale. A detailed description 

of the models and model selection criteria can be found in APIOLAZA and GARRICK 

(2000). 

Predicted response to selection 

Consider the breeding objective (H) or aggregate genotype as a linear combination of n 

additive genetic values a = [al a2 . .  , an] ' weighted by their relative economic 

importance v' = [VI V2 . . .  vn] where all elements ofv are different from zero : 

H = v' a 

The selection index used to predict the aggregate genotype is: 

1 =  c ' y' 

where c' = [Cl C2 . . .  Cm] is the vector of index weights, calculated using economic and 

genetic information to maximise the correlation between H and I, and y' 
= [Yl

' 
Y2

' . , . 

Ym 
*] '  is the vector of phenotypic assessments on the trees adjusted for fixed effects (i.e .  

y - X m for BLP or, in our case, Y - X m for BLUP). Index weights are calculated 

using (HAZEL, 1 943): 

c = p-l G v 

where P and G represent the phenotypic and additive genetic covariance matrices for 

the traits. These weights maximise the accuracy of selection, i .e .  the correlation 

between I and H (rlH) when the fixed effects, P and G are known. 
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Predicted response to selection (�G), considering one generation, is a function of 

accuracy of selection (rIH), the variance of the selection target (crH2) and the intensity of 

selection (i, related to the proportion of trees selected): 

�G = i rIH crH 

H can be partitioned in such a way that H= a1 11 + a2 h + . . .  + an In, where each index 

estimates the breeding value for a different trait. VILLANUEVA et al. ( 1 993) extended 

this concept partitioning matrices P and G to facilitate generalisation of the estimation 

process, where each submatrix corresponds to a trait. The more general case, for m 

selection criteria (characters and/or measurements with typical elements j and k) and n 

traits in the aggregate genotype (with typical element q) is: 

gu g12 gin  

G = g21 g22 g2n 

Pjk refers to the phenotypic covariance matrix between selection criteria j and k, and gjq 
represents the vector of covariances between the selection criteria j and breeding value 

for trait q. Breeding values on H can be estimated with different selection indices 

(selection criteria) representing different selection schemes: 

• Mass selection, considering only the own record of individual i for trait j (Yij*), 
representing the simplest index: 

• Combined selection includes individual and family-average information for trait j, 

whereby: 

I 
. _ . 

comb; = C1j Y ij + C2j Y.j 
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where y"j is the phenotypic average (adjusted for fixed effects) for the half-sib family, 

including the assessment on Yij* ,  on trait/measurement j, and Clj and C2j are index 
coefficients for individual and family information respectively. 

This notation is fairly general, allowing for any number of selection criteria and traits in 

the breeding objective, and can be readily extended to other types of relatives (see KERR 

1 998 for examples based on full-sib mating over a number of generations). Consider 
now an objective including a single breeding value of the individual (e.g. height at 1 5  

years) and m phenotypic assessments at earlier ages (e.g. height at age � 1 5  years). P 

and G for a given selection method contain m x m sub matrices and m subvectors 

respectively. The submatrices and subvectors are: 

• Mass selection (in this case Pjk and gjq have dimension lx I ,  i .e. they are scalars): 

P'k = Cov(y··· Yikj = cr J 1J , Yjk 

• Combined selection (individual - Yij· - and average of half-sib family - Y� - with t 

individuals) : 

where: 

p. = [COV(Y� ' y: ) Cov(y� , Y"k )] 
Jk C (_ .  . ) C (-* -* ) ov Y.j ' Yik ov Y.j , Y .k 

. = [COV(Y � , a iq )] 
g J

q 
C (- * ) ov Y .j , a iq 

Cov(y� , Y: ) = Cov(y�, fk ) = Cov(y� , fk ) = (crPjk + 0.25 (t - l)crajk )/ t 

cr 
C (- * ) ajq OV y .  a 'l = --.J ' 1 2 

and the phenotypic covariance is :  
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Further generalisation to an objective with n traits would involve m x n subvectors to 

define G. 

Number and timing of measurements 

We consider from one to three assessments only for progeny tests, owing to economic 

and practical considerations, to predict height performance at 1 5  years. Thus P contains 

between 1 x 1 and 3 x 3 submatrices, G contains between 1 and 3 subvectors, and the 

breeding objective considers only 1 trait. We generate all combinations for 1 ,  2 and 3 

measurements out of the 1 0  assessments used by APIOLAZA et al. ( 1 999) and calculate 

predicted response to selection for each combination. We do not interpolate 

intermediate ages of assessments, but use only years actually assessed. For all 

calculations we assume 200 famil ies and 40 trees per family using forwards selection, 

i. e. selection of the progeny rather than of the parents. The selection is 200 out of 8000, 

for an intensity i of 2 .338  (FALCONER and MAcKAY 1 996). 

The best option is chosen based on response per unit of time, i .e. response divided by 

generation interval, ignoring measurement costs. Generation interval is calculated as 

selection delay (age of the latest measurement) plus breeding delay (time between 

selection and propagation of sufficient offspring for planting) . Two levels for breeding 

delay are considered : 5 and 8 years. 

Results and discussion 

APIOLAZA et al. (2000) determined that, based upon AlC value, the ARlog model was 

the best for the data set analysed. Nevertheless, they also pointed out that small 

differences in statistical model selection criterion could conceal large differences in 

genetic parameters. Given that the dataset available comprises only one generation, it is 

not possible to compare the covariance structures in terms of empirical gain, but only in 

terms of predicted response to selection based upon estimates of genetic parameters. 

Consequently, at each time one of the models was assumed as the 'true' one and 

response to selection calculated accordingly . Because of this, results are not directly 

comparable across covariance models. 
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The pattern of predicted response to selection, considering any number of 

measurements, vary widely among covariance structures. Both US and ARlog models 

achieve similar maximum gain per year, but with three years of difference in timing (4 

vis 7 years, Figure 2). The ARlog model consistently achieves higher gains when 

selecting under age 9 years. Predicted response for the ARlog model tends to be 

dominated by the high level of autocorrelation, while in the US model seems to follow 

the trend for heritability of height. The predicted response to selection of the US model 

based on early measurements seems to fluctuate more erratically. APIOLAZA et al. 

(2000), suggest the use of a much larger experiment to obtain more reliable estimates of 

the genetic correlations. Predicted response from the BC model is far lower than with 

the other two models but follows a trend similar to the ARlog model. In the former 

model heritability and genetic correlation estimates are most of the time smaller than in 

the ARlog and US models. 

Figure 2: Predicted response per year to forwards mass selection for different 

covariance structures: unstructured (US, -0-), banded correlations (BC, . . . • . . .  ) and 

autoregressive with with time on a natural logarithm scale (ARlog, - - -�---) considering 5 

years breeding delay. 
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The trends of the effects of additional measurements and extra information from 

relatives were similar for all covariance models. We will use the ARlog model for 

il lustration purposes. The effect of integrating information from relatives in the genetic 
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evaluation is far greater than that of including extra measurements when predicting the 

breeding values (see Figure 3), with little or no extra cost (except those related to the 

use of more sophisticated analyses). Results for multiple assessments presented in 

Figure 3 correspond to the best combination of two ages lower or equal to the age 

reported (Table 2). From age 1 to 8 years using an extra measurement increases 

predicted response between 2 and 5%, and only from age 9 onwards predicted response 

increases from 7% at 9 years to 25% at 1 5  years (Figure 3) .  A similar trend is observed 

for combined selection with 2 measurements (results not presented) . In spite of this, the 

optimum selection time does not change from age 4 years, when the additional predicted 

response is 4%. The results from including a third measurement are not presented, 

because the gain is marginal . 

Figure 3: Predicted response per year to forward selection for the autoregressive model 

with time on a natural logarithm scale (ARlog) considering: single assessment-mass 

selection (-0--), two assessments-mass selection (-- .. . . . ) and single assessment­

combined selection (---�---) for 5 years of breeding delay. Response considering single 

assessment-combined selection for 8 years of breeding delay (--+ . . .  ) .  
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The use of family information increased predicted response to forwards selection by 

1 6% to 4 1%, especially at early ages. Additionally, the optimum selection times 

reduces from 4 years to 1 year. The reduction of selection age also applies to the US 
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model, where optimum selection is at one year. Selection time is  not affected in the BC 

model. 

The only case when combined selection is inferior to mass selection usmg two 

assessments (at ages 7 and 1 5) is for predicted response selecting at age 1 5 . This is  

caused by the low accuracy at age 15  (low heritability) compared to an index that 

integrates information from that year with information from age 7 (the age of the 

highest heritability). 

Table 2: Predicted response to selection and best combinations of assessments for the 

autoregressive model with time on a natural logarithm scale (ARlog), for mass selection 

with 1 and 2 measurements. 

Age of selection 

(years) 

1 

2 

4 

5 

6 

7 

8 

9 

1 2  

1 5  

Mass selection, 

1 measurement 

Response per 

year (m) 

0 .086 

0.074 

0 .089 

0.082 

0.085 

0.084 

0.077 

0 .068 

0.054 

0.040 

Mass selection, 

2 measurements 

Response per Combination of 

year (m) measurements (ages) 

0 .078 [1 2] 

0 .092 [2 4] 

0.083 [4 5]  

0.086 [2 6] 

0.086 [2 7] 

0.079 [7 8] 

0.072 [7 9] 

0.060 [7 1 2] 

0.05 1 [7 1 5] 

When considering selection at very early ages (e.g. 1 year) a breeding delay of 5 years 

could be far too optimistic, given current biological constraints. Breeding delay includes 

the time needed for flowering, the delay between flowering and seed production, and 

time for multiplication. While the last two are independent from selection age, the first 

one is probably interdependent with age during the first 5 years. Therefore, the use of a 
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uniform breeding delay for all selection ages should be considered as a simplifying 

assumption. If the first component of breeding delay is addressed with more detail 

selection ages would tend to be pushed forward. As expected, the effect of increasing 

breeding delay (from 5 to 8) is larger for early selection ages than for late selections 

(Figure 3) .  The reduction of predicted per-year response resulting from the increased 

breeding delay, using single-assessment combined selection, ranges from 33% at age 1 

to 13% at age 1 5  (Figure 3) .  This trend of reductions is close to linear (R2=O.95) and 

very similar for all covariance structures. 

Final considerations 

Although including more assessments Increases predicted response to selection, 

especial ly after age 8, the extra response does not match the gain attained using a single 

assessment with combined selection. Nevertheless, it is expected that using multiple 

assessments could be advisable for datasets with lower genetic autocorrelations or 

strong age-age environmental correlations. A decision on single versus multiple 

measurements for selection should take into account the gain in response (weighted by 

the number of hectares deployed with material from the breeding program) versus the 

costs of extra measurements. Three further considerations are: that several 

measurements might reduce optimal generation interval (increasing accuracy at a given 

age and ascertaining the stability of rankings, making earlier selection more appealing), 

that selection for seed orchards can be continually updated and could make use of 

additional measurements (e.g. last three combinations of Table 2), and that measuring 

costs often increase with age (e.g. NEWMAN and WILLIAMS 1 99 1) .  

We anticipate that reducing breeding delay (through overcoming biological constraints 

upon age of flowering) would drive optimum selection to earlier ages, because the 

denominator of response per unit of time would be dominated by selection age. 

Reducing the generation interval from 9 years (i.e. selection at 4 years) to 6 years (i.e. 

selecting at 1 year) most probably will affect profit when considering net discounted 

value. 

It seems that it is still possible in tree breeding to obtain additional gains through the use 

of more sophisticated methods of genetic evaluation, without resorting to extra 
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assessments. Dealing with more than one generation and/or more complex crossing 

designs (e.g. controlled pollination) will imply using selection criteria including the 

estimated breeding values of the parents. However if selection operates through several 

generations other factors must be considered: gametic linkage phase disequilibrium 

(Bulmer effect), genetic drift, mutational variance and effective population size (WEI et 

al. 1 996). An extra advantage of considering data over several generations is the 

opportunity to determine the best covariance model on terms of realised response to 

selection, rather than on predicted values. 

An important aspect, but beyond the scope of this paper, is the consideration of the risk 

involved in early selection. Deviations from predicted gain (either overestimation or 

underestimation) can potential ly alter both the selection age(s) and the economic results 

of a breeding program; and the variance of the response should be taken into account. 

Risk may arise, among other reasons, because of low accuracy of prediction, traits not 

being expressed at selection age (e.g. effect of Cyclaneusma needle cast, cf BUROON 

1 989), differences between performance at final assessment ( 1 5  years) and at rotation 

age (20 years), and the effect of faster reduction of effective population size due to more 

frequent generation turnover. Several approaches to deal with risk have been proposed 

in tree and animal breeding literature including simulation of predicted gain usmg 

stochastic sampling of genetic correlations (e.g. NEWMAN and WILLIAMS 1 99 1 ,  

MAGNUSSEN and YANCHUK 1 993), quadratic programming (SCHNEEBERGER et al. 1 982) 

and Bayesian decision theory (e.g. WOOLLIAMS and MEUWISSEN 1 993). A 

comprehensive risk analysis will probably. need to consider the effects of early selection 

on variance of predicted response across several generations. 

It is appropriate to emphasise that the results presented in this research relate to a small 

number of families growing in one site. Therefore they should not be considered as the 

' standard' results for radiata pine. It will be necessary to extend the analyses of 

longitudinal data to datasets including multiple sites and more families, to be sure of the 

reliability of estimates of genetic parameters. Accordingly, this study provides an 

illustration of methodology rather than definitive guidelines for early selection. 
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CHAPTER SEVEN 

GENERAL DISCUSSION 



This thesis concentrates on problems faced by tree breeding that can be approached, and 

benefit, from a multivariate perspective. The first problem is the definition of a 

breeding objective under three silvicultural regimes for a vertically integrated firm, 

achieved by developing a model comprising mathematical descriptions of a forest, a 

sawmill and a pulp mill. The second is the simultaneous estimation of genetic 

parameters for a variable that is measured in all trees of a progeny test (e.g. growth), 

while other variables (especially wood properties) are subsampled for cost/efficiency 

reasons. The third is the analysis of longitudinal data - repeated assessments of a trait 

at different times - using a variety of statistical models to consider the relationships 

that result from the sequential nature of the assessments. The final problem is the 

integration of longitudinal data and family information, assuming different 'true' 

covariance structures, to determine optimum evaluation time(s) to maximise expected 

genetic gain per year. 

In keeping with the association among chapters the discussion is divided in three 

sections: breeding objectives (Chapter two), sampling progeny tests (Chapter three), and 

the exploitation of longitudinal data for early selection (Chapters four, five and six). 

Breeding objectives 

The breeding objectives discussed in Chapter two, which include harvest age volume 

(dvol in m3/ha) and average wood density (dden in kg/m3), result from a simplified 

representation of a generic vertically integrated firm (including only forest, sawmill and 

pulp mill components). The implementation of a breeding objective for the Chilean 

breeding effort certainly is a more complex situation, which may require the inclusion 

of other subsystems into the firm (e.g. fibreboards, paper). Nevertheless, it is probable 

that adding further detail to the model may only increase precision of the estimates, 

without greatly changing the relative economic values. 

Under the silvicultural regimes modelled in this study, which represent different site 

qualities and cost/income structures, the breeding objectives were 1 dvol + 2 .38  dden 

for pulp, 1 dvol + 1 . 14 dden for intermediate, and 1 dvol + 1 .23 dden for the intensive 

silvicultural regime. However, the use of a single breeding population with an average 

objective ( 1  dvol + 1 .47 dden) may be the best option to maximise profit. The 
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l iterature for multiple breeding objectives is not abundant (e.g. DEL BOSQUE GoNZALEz 

and KINGHORN 1 990, HOWARTII et al. 1 997) and extensions to this study can prove 

useful to define the most appropriate combination of national breeding strategy (across 

firms) and the particular requirements for specific firms. MESZAROS et al. ( 1 997) 

propose the use of genetic algorithms to assist with the design of breeding objectives 

and strategies for a national industry context. 

MEUWISSEN ( 1 998) points out the possibility of including risk - including variance of 

response, inbreeding and changing market conditions - as a cost in the definition of 

breeding objectives. Part of the risk is often explored through sensitivity analysis, 

evaluating the effects of changes to prices using either a distribution of values or a set of 

scenarios (GRoEN 1 990, FOOARTY and GILMOUR 1 993, GREAVES 1 999) . Most difficult 

to predict is the economic effect of new products or technological changes. For 

example, the Framework Convention of Climate Change acknowledges forests as one of 

the main greenhouse gas sinks (FCCC 1 998). GREAVES ( 1999) suggests that the 

introduction of carbon emission taxes might affect the economics of forestry, and 

therefore the breeding objectives. Carbon sequestration might be considered in the 

future as a potential source of income when defining forest breeding objectives. 

Chapter two does not specifically cover the definition of selection criteria, and for the 

sake of simplicity assumes they are identical to the breeding objective traits (.L\vol and 

�den). Nevertheless, total tree height (m), diameter at breast height (cm) and wood 

density - estimated using increment cores or pilodyn, see GREA VES et aI. 1 996 for 

example - at early ages are likely selection criteria. Some issues that deserve future 

attention are: the lack of information on the behaviour of genetic correlations between 

selection criteria over time, the relationship between performance on progeny tests 

(several families growing in small plots) and stands (often blocks of individuals from 

one family or clone), and the effect of highly skewed distributions at rotation age -

diameter (or basal area) is often approximated with a Weibull distribution - when 

predicting future performance based on early assessments. 
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Sampling progeny tests 

The lack of reliable genetic parameters estimates for traits that describe wood properties 

is currently a big deficiency in tree breeding, for an example see Ny AKUENGAMA et al. 

( 1 999) where the heritabilities of four out of eight variables are outside the parameter 

space. Sampling schemes have a large influence on the quality of genetic parameter 

estimates. Chapter three shows that in random subsampling the largest biases in 

parameters are associated with estimates of the genetic correlation between the traits, 

followed by estimates of the heritability of the subsampled trait. Additionally accuracy 

of prediction is directly related to the sampling percentage and the heritability of the 

trait subject to subsampling. Chapter three also shows that performance of truncation 

subsampling - all families assessed and ranked by growth and a percentage of the top 

families assessed for wood properties, a common practice in tree breeding programmes 

- provides very poor results, even when utilising measurements on a greater number of 

trees than with random subsampling. The analyses reported in Chapter three cover only 

half-sib families, but it is expected that the results relating to the efficiency of low 

subsampling intensities will be even more pronounced for families with higher 

coefficient of relationship (e.g. full-sibs and clones). 

While random subsampling of progeny tests has been shown to be appropriate with as 

few as 9 to 1 5  trees per family (Chapter three), those numbers can still be too large 

given the economics of wood processing analysis. Possible options are to develop 

cheap assessment methods (a successful example is measurement of spiral grain with a 

custom made tool, SORENSSON et al. 1 997) or to use other approaches like parent­

progeny relationship, and the use of clonal material. Elliptical sampling (CAMERON and 

THOMPSON 1 986) - sampling the top and bottom extremes of the distribution -

combined with parent-progeny regression may provide a good compromise of accuracy 

versus costs of analysis. 

Longitudinal data and early selection 

The central issue for longitudinal data as developed in Chapters four and five is the 

expression of the additive genetic covariance matrix (Go) as a correlation matrix (C) 

pre- and post-multiplied by a diagonal matrix (S) of additive genetic standard 

deviations, and then modelling the correlation matrix. This representation allows for 
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heterogeneous variances for different ages, which are frequent during the long progeny 

testing periods used in tree breeding. These chapters present the widest selection of 

models reported for genetic data, including unstructured (US), banded correlations 

(BC), autoregressive (AR), repeatability (RE), random regressions (RR) and 

uncorrelated (UC) models. All the models are characterised by a reduction in the 

number of covariance parameters fitted to the data in comparison to US, in order to 

unveil the data structures created by the repeated assessments. This approach facilitates 

the analysis of longitudinal data while reducing the risk of non positive definite 

matrices. The preference is for models with clear biological meaning, e.g. second order 

polynomial for RR (Chapter four) and AR with age on a natural logarithm scale 

(Chapter five). The main question posed by the AR model in Chapter five is whether 

the auto correlation coefficient is really so high (0.94). This issue points to the need to 

perform similar analysis on larger data sets. 

A problem that became apparent in the analyses concerns model selection techniques 

and the availability of data sets appropriate for fitting the models. Several methods for 

model selection have been put forward, mostly variations of a penalised likelihood 

approach, i .e .  a weighted function of log-likelihood value and number of independent 

parameters fitted in the model, e.g. Akaike Information Criterion (AlC) and Bayesian 

Information Criterion (BIC) (JONES 1 993). However, as shown in Chapter five, a small 

difference in AlC can be associated with large differences to the covariance matrix. 

Graphical methods (e.g. plotting covariances estimated using the US method versus the 

ones estimated by alternative methods) should be explored. While highly subjective, 

these methods can provide an illustration of the effects of parsimonious models. Tree 

breeding data sets currently may be computationally too demanding for data 

augmentation techniques to compare covariance matrices (e.g. bootstrap, GooDNIGHT 

and SCHWARTZ 1 997). 

Although currently RR models are popular in animal breeding (e.g. JAMROZIK et al. 

1 997, VAN DER WERF et al. 1 998), the results obtained in this thesis are irregular. 

Working with a small number of assessments (four in Chapter four) RR provide a fitting 

very close to the US model while using four fewer covariance parameters, and these 

also provided a function to model the additive genetic covariance matrix. On the 

contrary, when using a RR model with 1 0  assessments (Chapter five) the result was a 
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very poor fitting, although the AlC value was close to that for the US model. 

Additional work is required to determine the conditions when RR models are a good 

option for longitudinal data, as well as testing their ability to model other random 

effects present in the model (e.g. block, plot and residuals). Equally important will be 

the extension of these models to include data from more than one site and/or more than 

one trait in the analysis (e.g. ROCHON 1 996), situations that are commonplace in 

operational breeding programs. 

Tree breeding strategies are conditioned by the long time interval between plantation 

establishment and harvesting. In principle, selection of trees for subsequent breeding 

generations and multiplication (either sexual or vegetative) is more accurate when 

performed close to rotation age. However, waiting until close to rotation age will 

dramatically extend generation intervals, and therefore reduce expected gain per year, 

which is one of the criteria to assess the efficiency of a breeding program. For this 

reason, tree breeding has favoured the use of early selection, often settling on a 

conservative one-third or larger fraction of rotation time (FRANKLIN 1 979, McKEAND 

1 988, MAGNUSSEN and Y ANCHUK 1 993). Further optimisations to selection age rely on 

better knowledge of the genetics of development, and the use of early indicators of 

future performance such as genetic markers (CARSON et al. 1 996, KERR and GoDDARD 

1 997, XIE and Xv 1 998). Chapters four to six focus on the former. 

BURDON ( 1989) suggested a likely role for longitudinal data in index selection in tree 

breeding. Chapter six establishes that using information from collateral relatives 

provides more gain than including additional assessments on individual trees. Using 

family information increases predicted gain by 1 6% to 4 1  %, while multiple assessments 

increase gain by no more than 7%. Considering longer breeding delays (from 5 to 8 

years) slightly reduces expected response to selection per year. These results will 

depend on the covariance structure, with higher predicted gains for the AR model with 

age in a natural logarithm scale. While the expected genetic gains from using 

alternative covariance structures are different, it is not possible to compare them without 

data from an additional generation of trees. There are two approaches for simulating 

expected gain for multiple genera60ns: through 'approximated BLUP' equations 

(VILLANUEVA et al. 1 993, KERR 1 998) or simulating individual trees (e. g. MULLIN and 

PARK 1 995). Simple equations may include the reduction of additive genetic variance 
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due to selection (Bulmer effect, BULMER 1 97 1) and have low computational 

requirements; however, including other genetic considerations (e.g. inbreeding 

depression) greatly complicates the equations (WEI et al. 1 996). Simulation of 

individual trees allows the straightforward implementation of the Bulmer effect, 

inbreeding depression, common environmental variation, and mutational variation, but 

greatly increases computational requirements. 

Early selection is part of a larger problem, which is selecting individuals considering 

risk (variance of response and inbreeding) in a multiple generation context. Concerning 

variance of response SCHNEEBERGER et al. ( 1982), SMITH and HAM?vfOND ( 1986), and 

NASH and ROGERS ( 1 996) propose the use of portfolio theory to select individuals with 

varying levels of accuracy through the use of quadratic programming. MEUWISSEN 

( 1 99 1 )  use utility theory to balance expected response and its variance, while 

WOOLLlAMS and MEUWISSEN ( 1993) develop Bayesian selection rules considering the 

estimated breeding values and the predicted error variance matrix. Simi larly, for the 

problem of constraining inbreeding WRAY and GoDDARD ( 1994) and BRISBANE and 

GIBSON ( 1 995) suggest selecting individuals considering their average parental breeding 

value, with a penalty (or cost) for their average genetic relationship, thus reducing the 

level of inbreeding due to selection. In an alternative method Vrr..LANUEV A and 

WOOLLlAMS ( 1 997) propose a method for maximising genetic gain with constraints on 

inbreeding using index selection, and GRUNDY et al. ( 1 998) develop an alternative 

algorithm for maximising genetic response while constraining the rate of inbreeding. 

All these approaches consider only one round of selection at the time. Selecting across 

multiple generations is a combinatorics problem, with no closed solution unless 

enumerating all possible combinations. MEUWISSEN and WOOLLIAMS ( 1 994) propose 

the use of simulated annealing, while HAYES ( 1 997), KINGHORN ( 1 999) and SHEPHERD 

and KINGHORN ( 1999) put forward the use of evolutionary algorithms (used in the 

context of mate allocation). None of the methods - but complete enumeration -

guarantees a general optimum, but many may identify solutions close to the optimum. 
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General Conclusions 

The main conclusions from this thesis are: 

.. The breeding objectives for three silvicultural regimes were similar, and a single 

breeding objective appears to provide more expected gain than the use of special ist 

objectives. 

• Subsampling progeny tests is subject to the Law of Diminishing returns, and more 

than 1 5  trees per family of size 30  do not provide large gains in accuracy of genetic 

parameters and prediction of expected gain. 

• The use of covariance structures reduces the risk of non-positive definite additive 

genetic matrices, while reducing computational demands for the analyses and 

providing a description of the genetic control of a trait over time. 

• Model selection techniques based on penalised log-likelihood are not completely 

appropriate to discriminate between competing models with different covariance 

structures. 

• Including family information in the prediction of breeding values provides higher 

expected response to selection than integrating repeated measurements in the 

prediction procedure. A combination of family information and repeated assessments 

is likely to provide the highest genetic gains. 
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