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CHAPTER 1 

1.1 INTRODUCTION 

 

Shining gum, Eucalyptus nitens, and Tasmanian blue gum, Eucalyptus globulus, are 

the two most commercially important hardwood plantation species in Tasmania and 

planting rates are expected to increase substantially under the ‘The Forestry Growth 

Plan’ (Forestry Tasmania, 1998). This plan involving the Tasmanian State 

Government, private growers, Forestry Tasmania and industry partners is aimed at 

producing world scale, internationally competitive plantation production in 15 to 20 

years. 

 

The Regional Forest Agreement (RFA) between the Commonwealth and Tasmanian 

Governments (Commonwealth of Australia and State of Tasmania, 1997) has set a 

high priority on research in a number of areas including the development of : 

• cost effective detection systems for control of pests and diseases in native forests 

and plantations, and  

• integrated management systems for weeds, browsing mammals, and insect pests 

in order to reduce or eliminate chemical use. 

 

Given this background, forest managers are faced with the challenge of developing a 

commercially viable plantation estate, in the presence of potentially damaging 

populations of leaf beetles, while at the same time satisfying the requirements of the 

RFA that chemical use be minimised. 

 

The potential for significant damage from feeding by leaf beetles on Tasmanian 

eucalypts has long been recognised (Greaves, 1966; Kile, 1974; West, 1979; Podger 

et al., 1980; de Little, 1989) but not rigorously quantified. However, given the ability 

of eucalypts to rapidly re-foliate from accessory buds after insect defoliation (Jacobs, 

1955, p.12) and the typically small number of trees killed, even after severe 

defoliation in consecutive seasons (Candy et al., 1992), the apparent (i.e. visual) 

impact of defoliation can rapidly become indiscernible. For this reason, trials that 

protect an area of plantation by prophylactic application of insecticide and compare 

tree growth to that of an adjacent unprotected control have been used to demonstrate 
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the substantial growth losses that can result from uncontrolled year-after-year 

defoliation by leaf beetles (Elliott et al., 1993). 

 

The most economically significant leaf beetle is the Tasmanian Eucalyptus leaf 

beetle, Chrysophtharta bimaculata (Olivier) (Coleoptera : Chrysomelidae) and since 

no single, environmentally acceptable control method is available to maintain 

C. bimaculata populations at sufficiently low levels, an Integrated Pest Management 

(IPM) program (or strategy, system) (termed the Leaf Beetle IPM) was implemented 

by Forestry Tasmania in the 1980s (Elliott et al., 1992). The main tactic of the Leaf 

Beetle IPM is to allow natural controls (mainly predatory insects) to act on the eggs 

and early instar larvae of C. bimaculata and then only apply insecticide if population 

monitoring indicates that these natural controls have been insufficient to reduce the 

larval population levels to an ‘acceptably-low’ level.  

 

Guidance on setting a value on this threshold level of population density has been 

provided by economic analyses described in Candy et al. (1992). The application of 

insecticide, if required, is scheduled before significant damage is caused by the last 

two larval instars (Elliott et al., 1992) since these last two stages account for 90% of 

foliage consumed by all four larval instars for an individual leaf beetle (Greaves, 

1966).  The economic analyses of Candy et al. (1992) used predictions from the 

models of (i) the population density-defoliation relationship (Elliott et al., 1992), (ii) 

the defoliation-growth loss relationship (Candy et al., 1992), and (iii) single-tree 

models of diameter and height growth (Goodwin and Candy, 1986) for E. globulus. 

It was necessary to use an E. globulus tree growth model since it was the only 

available plantation growth model for Tasmania at the time. 

 

The above models of Elliott et al. (1992) and Candy et al. (1992) were based on 

trials established in the 1980s in E. regnans plantations in southern Tasmania. With 

the shift away from E. regnans to E. nitens and E. globulus as the preferred 

plantation species over the last 10 or so years, forest managers were forced to rely on 

the results of these studies on E. regnans to apply the Leaf Beetle IPM to E. nitens 

plantations. However, there are important differences between E. regnans and 

E. nitens in the expected density-defoliation and defoliation-growth loss relationships 

and, more generally, in the application of the Leaf Beetle IPM.  These differences are 
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largely a result of the effect on the feeding behaviour of C. bimaculata of the 

different growth habits of these two eucalypt species. Eucalyptus nitens, unlike 

E. regnans, has distinct juvenile and adult leaf types and C. bimaculata feeds 

exclusively on the latter (Bashford, 1993). In addition, the inability to examine 

susceptible foliage by simply reaching by hand from the ground makes pest 

population monitoring on E. nitens considerably more time consuming.  More 

generally, models to predict population development and therefore help to schedule 

insecticide application and population monitoring have not been available to the Leaf 

Beetle IPM. 

 

As a result the utility of the IPM system for E. nitens has been limited by the lack of : 

(a) an efficient sampling scheme for population monitoring, (b) the ability to predict 

an ‘action threshold’ (i.e. the population density for which it is profitable to apply 

insecticide at a standard rate), and (c) the ability to predict C. bimaculata population 

phenology. Therefore, this study was initiated to develop predictive models 

calibrated using data for (a) and (b) specific to E. nitens. The phenology models were 

based on stage-frequency sampling in E. regnans plantations with adjustment for 

development rates for C. bimaculata feeding on E. nitens foliage obtained from 

laboratory studies (Baker et al., 1999). These models are required for the Decision 

Support System (DSS) for the E. nitens/Leaf Beetle IPM described in this study. The 

Leaf Beetle IPM has also been limited by the lack of empirical tree and stand growth 

models required as a standard against which the impact of defoliation on tree growth 

can be assessed. This gap has now been filled with the development of a suite of 

models for tree and stand-level growth of E. nitens described in Candy (1997b). 

 

1.2 THE HOST SPECIES  

The main commercial host species of C. bimaculata is Eucalyptus nitens (Deane and 

Maiden) which belongs to the Symphyomyrtus, or ‘gum’ group of eucalypts 

(Costermans, 1981). It is a tall tree reaching 60 m height in mature, native stands 

(Boland et al., 1994) (Fig 1.1). The natural distribution of the species covers the 

Great Dividing Range and coastal ranges from northern New South Wales to the 

Victorian Alps in the south at altitudes ranging from 600 to 1600 m with mean 

annual rainfall of between 750 – 1750 mm. It is tolerant to frosts and also grows in 

environments with warm summer temperatures (Boland et al., 1994).
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Figure 1.1 Eucalyptus nitens from Boland et al. (1994) (p.451)  
(8) juvenile (10) intermediate (11) adult foliage types, (9) tree (in native 
stand) south of Bendoc, Victoria (reproduced with permission).  
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In Tasmania it is grown in plantations from sea-level to 800 m altitude and is 

preferred over E. globulus for altitudes above 300 m due to its greater frost tolerance 

(Hallam et al., 1989; Turnbull et al., 1993). 

 

Eucalyptus nitens foliage has a distinct juvenile phase in which the leaves are ovate 

in shape, are glaucous-bluish in colour, and have an opposite and sessile growth habit 

(Fig. 1.1) (Boland et al., 1994). Adult leaves, which begin to appear when trees are 

two to three years old, are lanceolate to narrow-lanceolate in shape and have an 

alternate and petiolate growth habit (Fig. 1.1) (Boland et al., 1994). They are green 

and shiny in colour, from which the common name ‘shining gum’ has been derived. 

Pederick (1979) found that the height at which the change to adult foliage occurs 

varies markedly between both provenances and families. For the Toorongo 

provenance, the main provenance planted in Tasmania, this height ranged from 2.2 to 

5.1 m and this large variation in the degree of persistence of juvenile foliage is a 

notable feature of the species in general. 

 

As a eucalypt E. nitens has an indeterminate growth habit which means that new leaf 

pairs and new shoots can be formed continuously from the naked buds or accessory 

buds (if the naked bud is removed) given suitable growing conditions (Jacobs, 

1955, p. 12; Cremer, 1975). Therefore, new leaves can potentially be produced 

throughout the year but generally low winter temperatures limit growth while 

increasing temperatures in spring and early summer produce a ‘flush’ of new foliage. 

The variation in leaf toughness can be extreme ranging from 13 to 81 mg cm-2 of 

penetrometer force corresponding to newly flushed leaves and mature leaves 

respectively (Howlett, unpublished data). Leaf toughness is an important determinant 

of feeding success of leaf beetles on eucalypt foliage (Larsson and Ohmart, 1988; 

Ohmart, 1991; Ohmart and Edwards, 1991). 

 

Eucalyptus nitens is grown as a commercial plantation species in a number of cool 

temperate regions around the world, including New Zealand, South Africa, and Chile 

as well as in its natural range in south-eastern, mainland Australia and as an 

introduced species in Tasmania. It is fast growing with good pulp properties 

(Cotterill and Macrae, 1997) making it, along with the related Symphyomyrtus 

species, Tasmanian blue gum, Eucalyptus globulus (Labill.) subsp. globulus, a 
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preferred short-rotation pulpwood species. However, there is also considerable 

interest in growing E. nitens for solid wood products when managed under a 

silvicultural regime involving green pruning and thinning (Beadle et al. 1994; Candy 

and Gerrand, 1997; Pinkard, 1997; Forestry Tasmania, 1999) (Fig. 1.2). Yang and 

Waugh (1996) have shown that useful sawn structural products can be obtained from 

unpruned plantation-grown E. nitens. The area of E. nitens planted up until 1997 in 

Tasmania was reported by Candy (1997b) at almost 54,000 ha with most of this area 

planted in the last 10 years. The target planting rate of Forestry Tasmania is 5,600 ha 

per annum of E. globulus and E. nitens in total for the years 1998 to 2007 with sites 

below 300 m altitude restricted to the former species (Forestry Tasmania, 1999). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1.3 THE PEST SPECIES 

Adult C. bimaculata are dome-shaped beetles that are approximately 10 mm in 

length and vary in colour from reddish brown when they first emerge from 

overwintering to pale green during the summer months (Fig. 1.3a). Females oviposit 

in rows containing typically around 25 eggs on the upper surface of the leaf (Elliott 

et al., 1998) (Fig. 1.3b). In laboratory trials, de Little (1983) recorded a range in 

fecundity of 224-1706 eggs per female for a range in survival time of 28 to 139 d and 

a sex ratio of close to 1:1. The eggs hatch in around 10 days and the neonate larvae 

first eat the chorion before feeding on soft, freshly flushed foliage. Females prefer to 

Figure 1.2 A Eucalyptus nitens plantation, just after thinning 
and pruning at age 4, intended for sawlog production. 
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oviposit on E. regnans rather than E. nitens if both these species are planted in 

adjacent blocks (Elek, 1997). However, in laboratory studies Steinbauer et al. (1998) 

found that oviposition preference was determined by the availability of freshly 

flushed foliage rather than a particular host species. This is supported by studies 

which have shown that neonate larvae can only successfully feed on leaves with a 

toughness below 35 mg cm-2 (B. Howlett, unpublished data). The larvae then 

develop through four instars (L1 to L4) over a period of approximately 21 days, by 

which time the final instar larvae reach a length of 12-14 mm (Greaves, 1966) and 

weight of 44-62 mg (Baker et al., 1999) (Fig. 1.3 c,d). This development period and 

final larval weight were found by Baker et al. (1999) to be significantly shorter and 

greater, respectively, on E. nitens than the native host, E. regnans. Examples of the 

typical ‘broom-top’ damage caused to E. nitens by larval feeding are shown in 

Fig. 1.3(e,f). After feeding is completed the larvae drop to the ground and pupate in 

the soil in small prepupal cells. New adults emerge after 12 to 15 days and feed 

before overwintering nearby in small aggregations of less than 20, in a range of 

shelter types, including clumps of Gahnia grandis and under the bark of dead 

eucalypts (Clarke et al., 1998). Generally only one generation is produced per year 

since teneral adults do not become sexually mature until the following spring (de 

Little, 1983). However, there may be two to three peaks of egg-laying over the 

summer and autumn (Elliott et al., 1998). 

 

The main native hosts of C. bimaculata are the Monocalyptus species E. regnans, 

E. delegatensis, E. obliqua and the introduced Symphyomyrtus species E. nitens. The 

related leaf beetle species Chrysophtharta agricola (Chapuis) (Coleoptera: 

Chrysomelidae) is also an important defoliator of E. nitens but it feeds almost 

exclusively on the juvenile leaves (Elliott et al., 1998; Ramsden and Elek, 1998). 

 

A variety of predators and parasitoids often exercise almost complete control of 

populations of C. bimaculata eggs and and young larvae (de Little et al., 1990). 

Mortality from predation occurs mostly at the egg stage with common predators 

being the southern ladybird Cleobora mellyi (Mulsant), the common spotted 

ladybird, Harmonia conformis, (Boisduval) (Coleoptera: Coccinellidae) and the 
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(b) 

Figure 1.3 Chrysophtharta bimaculata : (a) adults in mid-summer 
(b) egg raft (c) first instar larvae and egg chorions (d) third and  
fourth instar larvae, (e,f) typical ‘ broom tops’ of E. nitens caused by 
larval feeding (photos: Forestry Tasmania collection). 

(d) 
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plague soldier beetle, Chauliognathus lugubris (F.) (Coleoptera: Cantharidae) (Elliott 

and de Little, 1980; Mensah and Madden, 1994; Elliott et al., 1998). The tachinid 

flies Anagonia rufifacies (Macq.) and Paropsivora sp. are important larval 

parasitoids (de Little, 1982). The pathogenic fungi genera Beauveria and 

Metarhizium can also cause high mortality in pupae and overwintering adults (Elliott 

et al., 1998). 

 

1.4 INTEGRATED PEST MANAGEMENT 

A number of definitions have been put forward for the term ‘integrated pest 

management’ (IPM) over the 25 years since its adoption as the goal of many pest 

managers. Most recently Kogan (1998) attempted to synthesise the latest thinking 

into the following definition: 

 

“IPM is a decision support system for the selection and use of pest control tactics, 

singly or harmoniously coordinated into a management strategy, based on 

cost/benefit analyses that take into account the interests of and impacts on producers, 

society, and the environment”. 

 

Apart from the very general definition given above, it is very difficult to set out the 

detailed requirements that are common to all IPM programs since each crop/pest(s) 

system has its own unique features. For example there is great deal of experience 

with forest pest IPMs developed in response to defoliation of north American 

hardwood forests by the gypsy moth (Lymantria dispar (L.)) and conifer forests by 

spruce budworm (Choristoneura occidentalis Freeman) and Douglas-fir tussock 

moth (Orgyia pseudotsugata McD.) (Brookes et al., 1978; Ravlin, 1991). For these 

pest populations, which are subject to huge outbreaks and subsequent tree mortality 

over large areas, the emphasis of the pest management DSS is to predict, based on 

pheromone trap catches over two or three years, the probability of an outbreak in the 

following year (Ravlin, 1991). Therefore, since sampling of immature stages of these 

forest defoliators is difficult, time consuming, and usually can be completed only 

after the damage has taken place (Ravlin, 1991) the emphasis of pest managers is on 

control tactics which operate over a number of years. Stands or larger forest areas 

can be classified into hazard or risk classes and control tactics implemented in areas 

of high risk (Gottschalk et al., 1996; MacLean and Porter, 1996). Given this feature 
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of the pest population and corresponding IPM objectives it is not surprising Waters 

and Cowling (1976) (see also Hudak, 1991) specify that an essential component of 

forest pest management systems is predictive models of the population dynamics and 

epidemiology of the pest.  

 

In contrast, models to predict pest population dynamics and epidemiology over a 

number of years and over large areas are not essential for the Leaf Beetle IPM since 

every summer each forest compartment is managed in isolation much like individual 

farms in agricultural pest management. The pest management units are the 

‘compartments’, which range in size from approximately 10 to 70 ha but are more 

commonly of around 20 ha in size. In addition, the need for predictions of population 

dynamics for a given compartment is avoided by regularly monitoring pest 

populations over the summer commencing in mid-November. Once monitoring 

detects an egg population above the action threshold, the population is reassessed 

after time is allowed for natural control by predation but before the population 

progresses beyond the second instar larval stage (Elliott et al., 1992) (i.e. the pre-

control assessment). The pre-control population density is then compared to the 

action threshold and pesticidal control carried out if the threshold is exceeded. 

 

The broad-spectrum insecticide, cypermethrin (Dominex® 100, Agchem, South 

Australia) is registered for control of C. bimaculata (Elliott et al., 1992; Greener and 

Candy, 1994). The biotic insecticide Novodor FC® (Abbott, North Ryde, NSW, 

Australia) with active ingredient the toxin of Bacillus thuringiensis subspecies 

tenebrionis has been used in laboratory and field trials against C. bimaculata (Elliott 

et al., 1992; Greener and Candy, 1994; Elek and Beveridge, 1999). Novodor FC is 

much less harmful to beneficial insects and other non-target invertebrates (Greener 

and Candy, 1994; Beveridge and Elek, 1999) but is considerably more expensive and 

less effective than cypermethrin (Elliott et al., 1992; Elek and Beveridge, 1999). 

Recently, alternative control tactics of inundative release of coccinellid beetles and 

spraying leaf beetle eggs and early instar larvae with spores of the entomopathogenic 

fungal genera Beauveria and Metarhizium have been trialed but found to be 

impractical alternatives to the above insecticides (Baker, 1998; Madden et al., 1999). 
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Kogan (1998) outlines a classification of IPMs based on the degree of integration of 

control tactics and, starting with conventional pest control at the lowest level through 

Level I to Level III, describes the features and degree of adoption of each level of 

IPM for agricultural crops in the USA (Kogan, 1998, Figure 2). According to this 

classification a level-I IPM requires population monitoring of both the pest and its 

natural enemies, (in)action thresholds, and the use of selective insecticides. The leaf 

beetle IPM described by Elliott et al. (1992) can be considered a level-I IPM if use of 

Bacillus thuringiensis is included as a control tactic and pre-control population 

monitoring is considered as a surrogate for population monitoring of natural enemies. 

This IPM, as outlined in Fig. 1.4, was the first IPM system developed for an insect 

defoliator of eucalypts. 

 

1.5 SCOPE OF THE STUDY 

The scope of this study was to provide predictive models required in a Decision 

Support System that captures as much of the ideal IPM system (Kogan, 1998) as can 

be applied in the field. The framework for this DSS was the current leaf beetle IPM 

described by Elliott et al. (1992). The required components of this IPM are : (1) a 

low-cost and effective operational (or routine) population monitoring program for the 

pest (2) models to predict shoot, tree and stand-level growth in the absence of the 

pest (3) models to predict the impact on tree growth of the pest population density in 

the absence of human intervention relative to that predicted from (2), (4) a control 

strategy, (5) a decision rule for carrying out control based on a cost-benefit analysis 

or generic action thresholds, and (6) models to assist in the optimal scheduling of 

pre-control population monitoring and insecticidal control operations. 

 

Given the nature of this study, these predictive models are predominantly empirical 

rather than mechanistic (or process-based). Therefore, considerable effort has been 

made not only to obtain adequate calibration data but also to use rigorous statistical 

methods of model fitting and testing. As a result, during the process of achieving the 

key outcomes of interest to forest pest managers, a number of new statistical models 

and fitting methods have been developed. These are proposed as improvements to 

methods that have been used in similar studies and thus should have wider 

application to other IPM systems. Therefore, considerable effort has been made to  
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Figure 1.4 Integrated pest management of leaf beetles in Tasmanian eucalypt plantations based on Elliott et al. (1992). 
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adequately describe these new methods as a secondary, but more generally 

applicable, objective of this study. 

 

1.6 SUMMARY AND MAJOR OBJECTIVES 

The research undertaken in this study is described in Chapters 2 to 7, with supporting 

Appendices A1 to A10. 

 

Chapter 2 

Chapter 2 describes three potential sampling schemes for monitoring egg 

populations. These are ; (i) ‘occupied leaf count’ (OLC) sampling which counts the 

number of leaves that are occupied by one or more egg batches for a sample of 

shoots and trees where the total number of leaves on each sample shoot is unknown; 

(ii) binomial sampling which counts the number of occupied trees for a known total 

sample size, and (iii) double sampling which combines counts from both (i) and (ii). 

 

Objectives 

1. Develop predictive models of the relationship between the variance and the mean 

for counts from OLC sampling in order to determine (a) the optimum relative 

sample sizes for plots, trees within plots, and shoots within trees, and (b) the 

reliability of a decision rule for insecticidal control given a pre-specified value of 

the action threshold. 

2. Develop a predictive model for the number of occupied trees, given the mean 

count from OLC sampling, and determine the reliability of the corresponding 

decision rule. 

3. Compare sampling schemes (i), (ii), and (iii) in terms of cost and reliability. 

 

Chapter 3 

Chapter 3 describes predictive models for (a) the growth of E. nitens in the absence 

of leaf beetle defoliation at leaf, tree, and stand levels, and (b) tree volume and taper. 

The tree and stand-level models are required to carry out cost-benefit analysis for 

insecticidal control as part of the Decision Support System (DSS) described in 

Chapter 7. The leaf-level model is used as a component of the modelling system used 

to quantify feeding impact on shoot growth described in Chapter 4. 
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Objectives 

1. Develop a predictive model of leaf expansion. 

2. Outline models of tree volume and taper that were calibrated in a separate study. 

3. Outline the application of predictive models of tree and stand growth described in 

Candy (1997b). 

 

Chapter 4 

Chapter 4 describes a caged-shoot feeding trial and the use of the data to calibrate 

components of a process model of feeding impact on shoot growth. This model is 

required to predict the degree of defoliation given larval population density. It serves 

the same purpose as the density-defoliation model of Elliott et al. (1992) but is more 

general than their model. 

 

Objective 

Develop a model to predict the percentage loss in total shoot leaf area for a given 

population density. 

 

Chapter 5 

Chapter 5 describes two artificial defoliation trials and the use of the data to calibrate 

a model of the impact of defoliation on tree diameter and height growth. The model 

is similar to that described in Candy et al. (1992) for height growth of E. regnans and 

is required, along with the models described in earlier chapters, to carry out a cost-

benefit analysis for insecticidal control as part of the DSS described in Chapter 7. 

 

Objective 

Develop a model to predict the impact of a given percentage loss in total shoot leaf 

area on individual tree diameter and height growth relative to growth obtained in the 

absence of defoliation. 

 

Chapter 6 

Chapter 6 describes models of the development of immature C. bimaculata as a 

function of temperature for (i) individual cohorts, calibrated using development times 

observed under regimes of constant temperature in the laboratory and fluctuating 

temperatures in the field, and (ii) multiple cohorts calibrated using stage-frequency 
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data obtained in the field. These models can be used to assist in scheduling pre-

control population monitoring and insecticidal control operations. 

 

Objective 

Develop models to predict the time of the peak in numbers of each of the first three 

larval instars given an estimate of the date the population was initiated and estimates 

of previous, and expected future, daily minimum and maximum temperatures. 

 

Chapter 7 

Chapter 7 describes the application of the predictive models described in previous 

chapters into a DSS for the E. nitens/Leaf Beetle IPM incorporating methods to (a) 

carry out a cost/benefit analysis for pesticidal control and (b) assist in scheduling pre-

control population monitoring and control operations. Generic action thresholds are 

calculated given typical values of inputs to the cost/benefit analysis to allow the 

expected economic value of population monitoring and the associated control-

decision rule to be calculated. The use of The Farm Forestry Toolbox software 

program (TOOLBOX) to carry out cost-benefit analyses is described. 

 

Objectives 

1. Describe the DSS for the E. nitens/Leaf Beetle IPM. 

2. Calculate generic action thresholds. 

3. Calculate the expected economic value of population monitoring and the 

associated control-decision rule given the long-term probability distribution of 

pest population density. 

4. Make available the results of this study to forest growers by providing a link with 

‘growth effect events’ within the ‘stand management tool’ of TOOLBOX. 
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CHAPTER 2 

SAMPLING DESIGNS AND MODELS 
 
2.1 INTRODUCTION 

A population monitoring or sampling scheme is a fundamental component of any 

IPM system (Ruesink and Kogan, 1994). Such a sampling scheme provides an 

estimate of the mean population density, µ , for an appropriately chosen measure of 

density and its corresponding sampling unit (e.g. number of individuals per leaf, 

number of occupied leaves per shoot) for each management unit (MU) (e.g. orchard, 

forest compartment). The decision to control the population in a given MU can then 

be based on a comparison of the estimate of µ  to a pre-determined action threshold 

(AT) (or economic threshold, Section 7.2) population density 0µ . Since population 

monitoring is generally very labour-intensive, particularly in forest pest management 

where sampling often involves traversing large areas on foot, there has been 

considerable effort made in recent years in devising cost-efficient and reliable 

sampling schemes. Kuno (1991) and Binns and Nyrop (1992) have reviewed 

sampling schemes for IPM systems. 

 

The sampling methods of interest here for monitoring egg populations of 

C. bimaculata in E. nitens plantations are briefly described below. Three of the 

methods are then studied in detail namely; multi-level count sampling (the current 

operational method), binomial sampling, and double sampling. The other two 

methods, sequential sampling and variable-intensity sampling, though potentially 

useful were not investigated in detail for the reasons given below and in the 

discussion. 

 

Multi-level count sampling 

Multi-level (i.e. nested or multi-stage) sampling (Schreuder et al. 1993, p.159) is 

often obligatory given the nature of the application. For example, since 

C. bimaculata egg batches occur on leaves of E. nitens trees an obvious set of nested 

sampling units is : (a) leaves-within-shoots, (b) shoots-within-trees, and (c) trees-

within-compartments. Further, a more arbitrary sampling unit can be constructed by 

grouping trees on a plot of given area (or number of trees). Sub-sampling is required 

if complete enumeration of sample units at each level is impractical or at least 
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inefficient so that a decision is required on the number of sampling units to be 

selected at each level. Determining the optimum relative sample sizes across levels 

requires estimates of the cost of sampling and variance of the variable of interest for 

each level. 

 

Count sampling as the name suggests involves tallying the number of ‘pest units’ 

(e.g. individuals, egg batches, occupied leaves) on the lowest-level (i.e. level-1) 

sampling unit (e.g. egg batches per leaf). Counting individual insects is often 

impractical and here the basic sampling unit is the ‘shoot’ and the count is the 

number of leaves on the shoot occupied by one or more egg batches. This method is 

termed ‘occupied leaf count’ (OLC) sampling and the density measure is the mean of 

the counts of occupied leaves per shoot (or OLPS) (i.e. averaged across the fixed 

number of sample shoots per tree). The ‘operational value’ of the AT (Section 7.7) is 

used here and is defined in terms of the OLPS, with a value of 5.00 =µ . 

 

Binomial (presence/absence) sampling 

Count sampling can be very time consuming especially when the population is large 

so presence/absence sampling is often used to speed up population monitoring or, in 

some cases, make it feasible (Binns and Nyrop, 1992). Although the OLC sample is 

presence/absence data at the leaf level it cannot be treated as a binomial sample since 

the total number of leaves examined is not known. In binomial sampling a count of 

the number of pest units on each sample unit is made up to a preset ‘tally threshold’, 

T, above which counting is discontinued and the unit is declared to have the pest 

‘present’. Usually T=0 so that one or more pest units on the sample unit is considered 

a ‘presence’ but other values of T have been recommended (Binns and Bostanian, 

1988). Since the total number of presences and absences is known, the foundation of 

binomial sampling rests on the relationship between the proportion, Tq , of sample 

units for which the pest is ‘present’ (i.e. or conversely the relationship of proportion 

of absences, 1-Tq ) and the mean population density, µ . 

 

This relationship can be based on a theoretical distribution for the density, such as 

the negative binomial (e.g. Binns and Bostanian, 1988). Alternatively, the empirical 

(linear) relationship between ( )[ ]Tq−− 1lnln  and ( )µln  is commonly employed 
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(Gerrard and Chiang, 1970; Binns and Bostanian, 1990; Schaalje et al., 1991; Carter 

and Ravlin, 1995) avoiding the necessity of assuming or estimating an underlying 

distribution for the density counts (i.e. which can be complex due to the mixing of 

distributions across multi-level sample units). Despite the lower cost compared to 

count sampling, the limitation of binomial sampling is that variability in the above 

relationship introduces extra uncertainty in decisions therefore making them less 

reliable. 

 

The above description of multi-level count sampling and binomial sampling schemes 

assumed that sample sizes are fixed before sampling begins and remain unchanged 

throughout the sampling process. The schemes described next allow sample sizes to 

be varied while sampling progresses and these schemes can be combined with multi-

level count sampling or binomial sampling. 

 

Sequential sampling 

In sequential sampling the sample size is not fixed and sample units are accumulated 

until either (a) the population can be classified as either one requiring or not 

requiring control given target probabilities of misclassification (i.e. ‘decision plans’) 

or (b) a required precision of the estimate of the population mean is attained (i.e. 

‘counting plans’). The classification of sampling plans into these two classes was 

given by Allen et al. (1972). Stopping rules (i.e. to decide when to terminate 

sampling) can be based on Wald’s sequential probability ratio test (Wald, 1947, p.37) 

and a maximum sample size at which sampling is terminated if (a) or (b) have not 

been achieved.  Sequential sampling can be applied to count data using single level 

or multi-level sampling units and to presence/absence data. Sequential sampling has 

a long history in forestry (Loetsch and Haller, 1964, p.278) mostly in application to 

monitoring either insect pest populations [Fowler et al., 1987 (review); Regniere et 

al., 1988; Sweeney et al., 1989; Lynch et al., 1990; Shepherd and Gray, 1990; 

Fleischer et al., 1991; Carter et al., 1994] or regeneration stocking levels 

(Fairweather, 1985; Newton and LeMay, 1992; Newton, 1994). Sequential sampling 

can result in large gains in efficiency requiring an average of 40-60% of the sampling 

effort required by equally reliable fixed-sample-size methods (Binns and Nyrop, 

1992). 
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However, an important limitation of sequential sampling is that it requires that either 

the sample units be drawn randomly from the population or, less strictly, that the 

population attribute measured varies randomly with respect to the order in which 

units are selected (Wald, 1947, p.5). Random sampling of plots or individual sample 

trees in forest management units is usually impractical (Loetsch and Haller, 1964, 

p.278) or at least inefficient (Newton, 1994).  Systematic selection of trees, while 

efficient in minimising total travelling time, when combined with sequential 

sampling in the presence of significant spatial heterogeneity in population density 

results in a violation of the assumption of random sample selection. This situation is 

not unique to forest inventory and Binns and Nyrop (1992) recommend that the use 

of non-random sampling should be justified for the particular application.  Newton 

and LeMay (1992) found increasing bias in achieved relative to nominal precision 

levels for sequential sampling of stocking with increasing spatial heterogeneity and 

decreasing stocking level in natural regeneration. In contrast, Fairweather (1985) 

found the spatial heterogeneity in stocking of little consequence using systematic 

sampling with a random start point. Brack and Marshall (1998) also reach this 

conclusion for sequential sampling of mean dominant height of Pinus radiata 

plantations using systematic sampling with a random start and sampling lines 

running across the variation in the population. 

Variable intensity sampling 

Variable intensity sampling is well suited to multi-level sampling (Binns and Nyrop, 

1992). For example Nyrop et al. (1990), in developing control procedures for the 

spotted tentiform leafminer in apple orchards, used a fixed sample size of trees but 

allowed the number of leaf clusters sampled per tree to be varied as sampling 

progressed. This was done by starting with a maximum leaf cluster sample size and 

subsequently reducing it if the confidence bound for the current sample mean did not 

include the action threshold value. The leaf cluster sample size could also increase 

again up to the maximum size depending on the current sample mean and its 

confidence bounds. This has the advantage that tree-level sampling is more 

representative than sequential sampling in the presence of spatial heterogeneity while 

some savings in total sampling time can be achieved. It has the drawback that 

sampling rules are complex which may negate the benefit of the reduction in the time 

required to draw the (on-average) smaller sample of leaf clusters per tree. 
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Double sampling  
Double sampling (Wetherill and Glazebrook, 1986, Ch.11; Newton, 1994) involves 

two phases. In the first phase an initial sample is taken and based on the results from 

this sample and the required precision of the mean, the size of the second phase or 

follow-up sample is determined. The advantages of this method over sequential 

sampling are : (a) the number of remaining samples need only be determined once 

rather than after each sample unit is drawn, (b) both phases of sampling can be made 

representative by selecting units across the entire MU, and (c) the minimum sample 

required to achieve the required precision is always drawn if the initial sample size is 

set appropriately. The disadvantages are : (a) a field computer is required to calculate 

the follow-up sample size, (b) the final estimate requires a complex adjustment for 

bias which assumes the initial sample size is ‘appropriate’, that is, what Cox (1952) 

describes as ‘well behaved’, (c) knowledge in advance of the ‘appropriate’ sample 

size can be vague, and (d) extra travelling time is required since the MU must be 

traversed twice. In (b) and (c), by ‘appropriate’ it is meant that the sample size 

should be as large as possible without being larger than that required to achieve the 

required precision (Cox, 1952). In addition, the theory given by Cox (1952) 

specifically excludes the case where the follow-up sample size is determined to be 

zero since this represents an ‘inappropriate’ choice of initial sample size. 

 

The work described here and in Candy (2000) concentrated largely on fixed-sample-

size schemes. This was due to the requirement of managers of the Leaf Beetle IPM 

program that the adopted sampling scheme, as well as being reliable for decision 

making, should be representative over the entirety of each monitored compartment 

and also be extremely simple to apply. However, a novel adaptation of double 

sampling is investigated as a method of maintaining representativeness while 

allowing a reduction in sampling effort where this can be achieved without a 

reduction in the reliability of control decisions. This involved an initial binomial 

sample combined with a follow-up OLC sample. 

 

Candy (2000) (Appendix A1) used OLC data for the 1990/91 to1996/97 summers in 

which samples consisted of four, widely dispersed 10-tree plots in each of 26 

plantation compartments to determine an optimum sample size of level-1 units of one 

(i.e. single-tree plots).  Using this result and a preliminary estimate of the optimum 
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number of shoots per tree of six, in 1997/98 operational sampling used 20, single-tree 

plots (i.e. sample trees) with six shoots selected per tree for each compartment. Using 

this data the optimum number of shoots to sample and the statistical properties of the 

decision rule were determined using the methods described in Candy (2000). 

 

In addition, a binomial sampling scheme was tested by visually assessing two 

adjacent trees to each OLC tree for the presence/absence of egg batches for each of 

the above compartments. Using this data the relationship between proportion 

occupancy and mean ‘occupied leaves per shoot’ (OLPS) and its calibration as a 

generalised linear model (GLM) (McCullagh and Nelder, 1989) using Williams 

method III for handling overdispersion (Williams, 1982) are described. The 

statistical properties of the decision rule using OLC sampling compared to binomial 

sampling were compared using the operating characteristic (OC) function. 

 

In terms of the statistical methods used, those described in Candy (2000) for 

modelling multi-level count data using multi-level versions of Taylor’s power law 

(TPL) and Iwao’s regression for the variance/mean relationship are further 

developed. An improved approximation to the marginal variance of the mean 

compared to that given by Nyrop et al. (1990) was given by Candy (2000). This 

improvement and the usefulness of incorporating sample covariances in estimation is 

examined using the 1997/98 data. Candy (2000) used the pre-97/98 data to compare 

the existing two-stage procedure for multi-level variance/mean modelling (Kuno 

1976; Nyrop et al. 1990) to a single-stage procedure using generalised linear mixed 

models (GLMM) with Poisson or negative binomial level-1 variance function. 

Comparison of these two approaches is also carried out here. Some of the relevant 

statistical results not included in Candy (2000) are also given in the Appendices. For 

the binomial sampling scheme, modelling the calibration dataset using Williams 

method III is shown to have significant advantages over the linear regression 

approach of Binns and Bostanian (1990) and Schaalje et al. (1991). 

 

Finally, using the results for OLC sampling and binomial sampling, the usefulness of 

a double sampling scheme incorporating both of these methods was investigated. 
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2.2 MULTI-LEVEL SAMPLING USING OCCUPIED LEAF COUNTS  

2.2.1 Two-stage Iwao and TPL regression models 

Empirical models of the variance of population counts given by Taylor’s Power Law 

(TPL) (Taylor, 1961; Southwood, 1978,p.10) and Iwao’s regression (Iwao, 1968; 

Southwood, 1978, p.44) have been widely used as the basis of many sampling 

schemes for population monitoring of insect pests (Binns and Nyrop, 1992). TPL 

models the variance as a power function of the mean while Iwao’s regression is a 

quadratic function of the mean with logically a zero intercept. Of the many examples 

of this approach Kuno (1976), Nyrop et al. (1990) and Chandler and Allsopp (1995) 

consider the extra complication of nested sampling units. 

 

Kuno (1976) used a two-stage estimation procedure to estimate separate Iwao (or 

quadratic) regressions for each sampling level. Nyrop et al. (1990) used a similar 

approach to fit separate TPL regressions for the apple orchard data. For two-level 

sampling s i1
2  is the variance of the 1n  level-1 sample units (e.g. leaf clusters, eucalypt 

shoots) while s i2
2  is the variance for the 2n  level-2 (primary) sample units (e.g. apple 

trees, eucalypt trees) for MU(i) (e.g. orchard, forest compartment). 

 

In the first stage, estimates of these variances are obtained from separate ANOVAs 

for each MU using the standard method of equating mean squares to their 

expectation and solving for the variance components. Here, if the count of occupied 

leaves per shoot is denoted by ijhy  for compartment i, tree j, shoot h an example of 

these MU-specific ANOVAs is given in Table 2.1. The sample estimate of s i1
2 , 2

1
~

is , is 

given by the mean square 1S  while that for s i2
2  by ( ) 112

2
2 /~ nSSs i −= . 

 

If there are p compartments then there are p of these ANOVAs and the total sample 

of shoots is 12npn . 

 

In the second stage the following relationships are fitted by regression. These are for 

the quadratic (Iwao) :  
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Table 2.1 Typical ANOVA for two-level Occupied Leaf  Count (OLC) 
sampling 
 

Source df SS Mean 
square 

Expected 
Mean square 

     
Trees ( j=1…t ) 12 −n  ( )∑ −

jh .j yy 2
 S2   

2
21

2
1 sns +  

Trees/Shoots 
( h=1…s ) 

( )112 −nn
 

( )∑ −
jh .jjh yy 2

 S1   
2
1s  

     
Total 112 −nn  ( )∑ −

jh ..jh yy 2
 S0  

 

 

2
11

2
1 iii bas µ+µ=  (2.1) 

2
22

2
2 iii bas µ+µ=  (2.2) 

 

and for TPL 

 

s ai i
b

1
2

1
1= µ  (2.3) 

s ai i
b

2
2

2
2= µ  (2.4) 

 

where iµ  is the population mean OLPS, and a1, b1, a2, and b2 are regression 

coefficients which naturally take different values for each model. The regressions are 

then carried out by fitting the above models to the sample estimates of the variances 

and means obtained from the i=1,…, p ANOVAs, with typically a log transformation 

of the sample means and variances used to fit TPL as a simple linear regression 

(Kuno, 1976; Nyrop et al., 1990). 

 

The form of the nested Iwao regressions fitted by Kuno (1976) are parameterised 

differently to (2.1) and (2.2). Kuno defines the variance models as (dropping the i 

subscript) 

 

σ α β2
1

21 1= + + −( ) ( )m m  

σ α βj j jm m2
2

21 1= + + −( ) ( )  
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which has the following relationship with the notation here: 

 

σ σ µ2
2
2

1
2 2

1
2= + = = =s s s m m ui i j ij i j ij, , ,  

 

where s ij1
2  is the between-shoot variance on the j th tree (i.e. s i1

2  is the average across 

trees of the s ij1
2 ) and iju  is the (conditional) mean for the j th tree. The regression 

coefficients of Kuno’s (1976) models are related to the notation here as follows : 

110 2112 −β=+α== b,a,a , and .)(b 1
2212
−ββ−β=  

 

Kuno (1976) and Nyrop et al. (1990) assume that the marginal (i.e. averaged across 

trees) variance of the mean at the MU level is the weighted sum of the separate 

regression estimates so that the variance of the mean of MU i is given by 

 

( )
21

2
1

2

2
2

nn

s

n

s~Var ii
i +=µ  (2.5) 

 

where i
~µ  is the sample mean for the i th compartment.  

 

Candy (2000) showed that the true marginal variance includes an extra term to (2.5). 

This extra term does not affect the two-stage procedure for the case of Iwao 

regressions since the marginal variance has the same form as the sum of regressions 

(2.1) and (2.2). However, in the case for TPL Candy (2000) showed that model (2.5) 

is a first-order approximation to the true marginal variance and gave a more accurate 

second-order approximation. This approximation is given by replacing 1
1

2
1

b
ii as µ=  in 

(2.5) by  

 

( ) 21112
1

2
1

121

2
1 −+µ−+µ≅

** bb
i

***
b
i

*
i

bbaa
as  (2.6) 

 

Equation (2.6) is based on a second-order Taylor series approximation to s i1
2  as a 

function of the (marginal) mean. It can be seen that the level-2 parameters 2a  and 2b  

enter into the level-1 TPL relationship (2.6). 
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The corresponding level-1 Iwao regression model is given exactly (Candy, 1999) by 

 

( )2
221

2
11

2
1 iiiii babbas µ+µ+µ+µ=  

 

which can be expressed in the form of (2.2) as follows 

 

2
11

2
1 i

*
i

*
i bas µ+µ=  (2.7). 

 

The equation for calculating the variance of the mean given by (2.5) assumes the 

covariance between level-1 units (i.e. shoots here) is given by 2
2is  (Candy, 2000). 

The covariance for the i th MU is given by 

 

( ) { } 2

1 2

1

1
112

1
2

2
2

2 1

1

11 µ−
−

== ∑ ∑ ∑= =

−

=′ ′
n

j

n

h

h

h hijijhii yyE
nnn

sr  

 

with sample estimate given by 

 

( )
2

1 2

1

1
112

1
2

2 1

1
11 µ−

−
= ∑ ∑ ∑= =

−

=′ ′
~yy

nnn
r~

n

j

n

h

h

h hijijhi . 

 

However, the estimate ir
~  is biased since  

 

( )
21

2
12

2
2

2 1~
nn

s
s

n

n
rE i

ii −
−

= . 

 

Therefore an unbiased estimate is 







+

−
=

21

2
1

2

2
)(

~
~

1
~

nn

s
r

n

n
r i

iBAi . 

It turns out that 2
2)(

~~
iBAi sr ≡  since 1S  and 2S  are sufficient statistics (Graybill, 1961, 

p. 342) which means that these statistics contain all the information from the sample 

on the parameters 21is  and 2
2is . 
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2.2.1.2 Estimation 

 

Perry (1981) investigated various error structures for single-level sampling and the 

TPL regressions (2.3) and (2.4) which account for using a sample estimate of the 

variance as the response variable. However, Perry (1981) gave no adjustment for 

attenuation (Fuller, 1987; Carroll et al., 1995) of the estimated slope coefficient due 

to the use of the sample estimate of the mean in the regression but only described a 

method of determining the maximum bias using inverse regression. Estimation which 

accounts for sampling error in compartment means used in the Iwao or TPL 

regressions is difficult to achieve since the variance of the ‘error in x’ 

[= ( ) ( )ii ln~ln µ−µ ] is not constant (Perry, 1981).  This can be seen from (2.5) and the 

dependency of 21is  and 2
2is  on iµ . Raab (1981) ignored this complication and 

adjusted for the attenuation of the estimated slope coefficient of TPL (=exponential 

variance function) using the reliability ratio (Carroll et al., 1995) calculated using a 

pooled within-level-2 sample variance. 

 

For the remainder of this section the problems associated with using sample 

estimates in these regressions is ignored since an appropriate algorithm does not 

appear to be readily available apart from carrying out simulation experiments for 

each application of Iwao or TPL regressions (e.g. Clarke and Perry, 1994). In 

contrast the approach of fitting generalised linear mixed models (GLMMs) to the 

count data directly (Candy, 2000), described below, avoids this problem entirely. 

 

For the following, the predictions from the fitted regressions for the sample 

variances, obtained from the ANOVAs, are denoted by 2
2iŝ~  and 2

1iŝ~ . To fit models 

(2.1), (2.2), (2.3), (2.4), (2.6) and (2.7) a gamma error distribution was assumed for 

each of 2
2is~  and 2

1is~  and the fit carried out using nonlinear maximum likelihood 

estimation using GENSTAT’s (Genstat 5 Committee, 1997) FITNONLINEAR 

directive. In the case of models (2.1) and (2.2) a gamma error/identity link GLM 

(McCullagh and Nelder, 1989) can be fitted. This approach avoids the difficulty of 

back-transformation bias incurred if these models are fitted to the log transformed 

sample variances but both methods assume the variances ( )ii
~s~Var µ2

2  and 
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( )ii
~s~Var µ2

1  are each proportional to the square of i
~µ . This is because the log-normal 

and gamma distributions have the same variance to mean relationship (Johnson and 

Kotz, 1970, p.115; McCullagh and Nelder, 1989, Table 2.1). However, in both 

approaches negative values of 2
2is~  must be excluded from the fit. 

 

To determine the best variance model, the accuracy of the predicted variance of the 

compartment means, iµ~ , is an obvious criteria for comparison. Therefore the models 

were compared by calculating the gamma deviance for observed and predicted 

sample values of 2
2 n/s~i  where 2

is~  was calculated as the sample variance of the 20, 

mean tree counts. This gives an estimate of ( )µ~var  for all compartments (i.e. 

irrespective of the whether 22is~  is negative or positive). The gamma deviance is given 

by  

 

( ) ( )[ ]∑ =
−−= p

i iiiii vvvvvD
1

/ˆlnˆ/ˆ2  

 

where iv  is 2
2 n/s~i  and iv̂  is the predicted value of ( )iµ~var  obtained from (2.5). 

 

2.2.3 Modelling counts of occupied leaves (OLPS) directly using Poisson and 

negative binomial mixed models 

First, assume that the count ijhy  is distributed as a Poisson or over-dispersed Poisson 

variable at the shoot-level so that conditional on MUs and trees 

 

( ) ( )ijiijijiijh uyE β+α==βα exp,  (2.8) 

 

( ) ijijiijh uyVar 1, φ=βα  

 

where uij  is the conditional mean including both the fixed effects, α i , specifying the 

p compartment means, and the random tree effects, β ij , and φ1  is a level-1 dispersion 
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parameter. In this case ijhy  has an exponential family distribution (McCullagh and 

Nelder, 1989) with log-likelihood 

 

( ) ( ){ } ( )11 ,ln| φ+−φ= ijhijijijhijijh ycuuyuyL . 

 

If φ1 1=  then the counts are Poisson. The term ( )1φ,yc ijh  is a function of the data and 

dispersion parameter which can be ignored (Stirling, 1984). The kernel of the log-

likelihood is that component of the log-likelihood remaining after removing 

( )1φ,yc ijh . 

 

For the negative binomial (NB) 

 

( )
k

u
uyVar ij

ijijh

2

+=  

 

where k is an unknown variance (or aggregation) parameter. The log-likelihood is 

given by 

 

( ) ( ) ( ) ( ){ } ( )kyckukyuyuyL ijhijijhijijhijijh ,lnln| +++−= . 

 

The NB is not a member of the class of exponential distributions and therefore the 

standard GLM fitting algorithm cannot be used to estimate regression parameters. 

This is because the unknown k does not enter as a scalar multiplier of the kernel log-

likelihood and therefore maximum likelihood estimation cannot ignore the term 

( )k,yc ijh  (Stirling, 1984). 

 

Ignoring the problem of unknown k for the NB for the moment, these models can be 

expressed in the general multi-level case as what is described as a subject-specific 

(Zeger et al. 1988), hierarchical (Breslow and Clayton, 1993), or multi-level 

(Goldstein, 1995, ch.7) GLM. The term generalised linear mixed model (GLMM) is 

generally adopted for this class of model and is given in matrix notation by 
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( ) ey += −
ββββηηηη1h  (2.9) 

 

where the conditional linear predictor is 

 

ββββααααηηηηββββ ZX += , (2.10) 

 

the link function is h(.), X is a fixed-effect design matrix, ( )Z Z Z Z= 2 3 ,..., s  is a 

random effects design matrix partitioned according to sampling level from level two 

to level s with column dimension, q, the sum of the dimensions of the partitioning so 

that q q q qs= + + +2 3 ... , ββββ  is the vector of random effects partitioned in the same way 

as Z, and e is the random error at the lowest sampling level (i.e. level-1). The 

conditional mean and variance function are u = −h 1( )ηηηηββββ  and g( )u  respectively. The 

elements of ββββ  have zero expectation and are assumed independent so that ( )E ββββ =0 

and ( )var ββββ = D ( )= diag q q s qs
σ σ σ2

2
3
2 2

2 3
I I I,...,  where I qt

 is the size qt  identity matrix. For 

balanced data qs  will be the multiple p ns, where the number of MUs is p and ns is 

the number of level-s units per MU, qs−1 will be the multiple p ns ns−1 , and so on. For 

two-level sampling, as here, q q= 2 . In the application here the Z’s are incidence 

matrices consisting of zero’s and one’s and the link function is ( ) ( ).ln.h =  with 

inverse link function ( ) ( ).exp.h =−1 . 

 

Due to the difficulty in estimating the parameters of direct interest, αααα  and D, by 

integrating the random effects ββββ  out of the log-likelihood, Goldstein (1991) (see also 

Breslow and Clayton, 1993) suggested approximating (2.9) by a first-order Taylor 

series giving 

 

( ) eZy ++≅ − ββββηηηη *h 1  (2.11) 

 

where  ηηηη αααα=X  and Z Z* ( )
=

−dh

d

1 ηηηη
ηηηη

 where the marginal mean is µµµµ ηηηη= −h 1( ) . 

Breslow and Clayton (1993) called this marginal quasi-likelihood (MQL) estimation. 
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Alternatively, the additive GLMM (or AGLMM) (Candy, 1997a) is superficially 

similar to (2.11) and is given by  

 

( ) eZy ++= − ββββηηηη1h . 

 

To allow the NB model to be fitted as a GLMM or AGLMM, Candy (2000) adapted 

the procedure of Breslow (1984) for single-level sampling GLMs to the multi-level 

case. The procedure involves setting 11 =φ  and estimating k by equating the Pearson 

chi square statistic to its degrees of freedom. The details are given in Appendix A1 

(see sub-appendix A1.AA1). The generalisation of the two-level AGLMM to three or 

more levels was outlined in Candy (1997a) and is given in detail in Appendix A2. 

 

The GLMM and AGLMM variance models for 21is  and s i2
2  the covariance model for 

ir  are given in Table 2.2. In contrast to the two-stage approach, the dispersion 

parameters and variance parameter k are estimated simultaneously with the 

regression parameters αααα  and random effects ββββ  using the counts, y, as the response 

variable. Therefore the fit of the GLMM (or AGLMM) is a single-stage procedure 

which does not suffer from problems of (a) negative values of 2
2is~ , or (b) errors-in-

variables, encountered in the two-stage regression approach. 

 

The disadvantage of the GLMM is that only one parameter (i.e. either a dispersion or 

variance parameter) can be estimated at each sampling level whereas the Iwao and 

TPL regressions each estimate two parameters at each level resulting in more flexible 

models. This can be seen in comparing the variance models in Table 2.2 to models 

(2.1) to (2.4). The Poisson GLMM corresponds to TPL with constraints 

12 12 == b,b  and the NB GLMM to Iwao’s model (2.7) at level-1 with 11 =*a  and 

TPL (2.4) at level-2 with 22 =b . The Poisson AGLMM corresponds to TPL with 

constraints 11 12 == b,b  and the NB AGLMM to Iwao’s regression with 

11
2112 +φ== −ka,bb . 
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The estimation procedures for Poisson and NB GLMMs and AGLMMs are described 

in Candy (2000) (Appendix A1). These have been programmed into a GENSTAT 

procedure, GLMMPNB, which is available for general use and includes the facility 

to fit a fully general linear regression model imbedded within a logarithmic link 

function combined with two or more sampling levels. A description of the 

parameters and options in GLMMPNB is given in Appendix A3. 

 

Table 2.2 Variances and covariance for two-level Po isson and NB GLMM 

and AGLMMs. 
 

   
Variance 1 Model 

2

2is  2

1is  

Covariance 1 

ir  

    
  Poisson GLMM 2 
 

22

2 iµσ  iµφ1  22

2 iµσ  

  NB GLMM 2,3  
 

22

2 iµσ  12 −µ+µ kii  22

2 iµσ  

  Poisson AGLMM 2 
iµφ2  iµφ1  iµφ2  

  NB AGLMM 2,3  ( )12

2

−µ+µφ kii  ( )( )121

2 1 −− µ+µ+φ kk ii  ( )12

2

−µ+µφ kii  

    
 

1 Dispersion parameters are denoted as φ  when the dispersion 

component is measured on the same scale as the resp onse and 2σ  

when measured on the linear predictor scale. 
2 Approximate marginal variance and covariance based  on a first-

order Taylor series expansion of the link function.  
3 The k -parameter is called a variance parameter since it does not 

act as a simple scaling constant as do the dispersi on parameters 

(McCullagh and Nelder,1989). 

 

 

2.2.4 Optimal Relative Sample Sizes and the Operating Characteristic Function 

 

The cost function for a set of sample sizes 1n  and n2  is given by 

 

C c n c n n= +2 2 1 2 1  (2.12) 
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where c1  and c2  are sampling cost per unit for shoots and trees respectively. Nyrop 

et al. (1990) used a more complex cost function with c1  a function of µ . Here, 

because leaves are only examined for presence or absence of egg batches c1  can be 

considered constant.  

 

To determine the optimal relative sample sizes (ORSS), the total sample size per 

MU, N n n= 2 1, and is fixed initially as an unknown constant so that the optimum 

value for number of shoots per tree, n1 , can be determined. Then, for any value of 

the mean the variance can be standardised to give a constant coefficient of variation 

and the total cost, C, as a function of n1 , minimised (Morris, 1955; Snedecor and 

Cochran, 1980; see Appendix A1). The same result is obtained if the total cost is 

fixed and the coefficient of variation is minimised with respect to n1 . 

 

The AGLMMs have the convenient property that the optimum relative sample sizes 

are independent of the population mean (Candy, 2000). From (2.5) and Table 2.2 for 

the Poisson AGLMM 
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and after solving for n2  and substituting the result in (2.12) 
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where ′ =κ µ µ κ µ( ) ( )i i i . By differentiating C with respect to n1 and setting the result 

to zero the function ′κ µ( )i  disappears and the optimum value of n1 is  
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The value of n1 from (2.13) is rounded to the nearest integer greater than or equal to 

one. The optimum number of trees, n2 , for fixed N is then determined simply from N 

where the value of N can be increased or decreased to achieve a set total cost, C, or 

required precision using (2.5). 

 

For the TPL and Iwao two-stage regression models and for the GLMMs the optimal 

sample sizes are a function of the mean, µ , so to make progress a fixed value of the 

mean was chosen. The obvious candidate is to choose µ µ= 0  where µ0  is the action 

threshold value since it is at this value that it is most difficult to make the correct 

control decision (Swindel, 1983; Nyrop et al., 1990). Here 0µ  is set to 0.5 based on 

the results described in Section 7.7 while in Candy (2000) (see Appendix A1), 

without the benefit of this later research, a threshold of 1.0 OLPS was used. The 

general formulae for optimum n1 is  
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where for TPL ( )0
2
1 µs  and ( )0

2
2 µs  are the predicted variances from (2.3) and (2.4) 

respectively with 0µ=µ  and similarly for Iwao’s models (2.1) and (2.2), and the 

variance models for the Poisson and NB GLMMs (Table 2.2). 

 

The operating characteristic function 

The Operating Characteristic (OC) function or curve expresses the probability that 

the sample for a particular compartment will give an estimate of the mean number of 

occupied leaves per shoot, µ~ , which is greater than the action threshold, µ0  as a 

function of the true population mean (i.e. also in terms of OLPS). With the true 

population mean given by µ  (i.e. dropping the i subscript which is assumed) the 

probability of a decision to intervene, or control, is then 
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where the estimate ( )
^~seµ  in (2.14) is obtained as ( )[ ]2

1

µ~Var  from (2.5) after 

substituting parameter estimates in the variance models for ( )µ2
1s  and ( )µ2

2s . Here, 

the OC function is defined as the probability of intervention or control given µ  (as in 

Binns and Bostanian, 1988) though it is more often defined as the probability of no 

intervention, that is, one minus the probability (2.14). However, either definition is 

valid if applied consistently. 

 

It is assumed here (Candy, 2000) that ( ) ( )
^~se/~ µµ−µ  has a t-distribution with degrees 

of freedom, f, where f is given by Satterthwaite’s approximation (Snedecor and 

Cochran, 1980, p. 97, 325) where for n1  greater than one 
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while for n1 1= , f n= −2 1.  

 

Nyrop et al. (1990) use critical values from the standard normal distribution to 

calculate confidence intervals for µ~  which corresponds to assuming ( ) ( )
^~se/~ µµ−µ  

has a standard normal distribution. This method fails to account for the fact that 

( )
^~seµ  is an estimate with its own distribution where here its square is assumed to be 

approximately chi square distributed with f degrees of freedom (Snedecor and 

Cochran, 1980, p.325). 

 

2.2.5 DATA 

For the 1997/98 and 1998/99 summer monitoring programs in Forestry Tasmania’s 

Murchison Forest District, 30 compartments were sampled using 20, single-tree plots 

located in a semi-systematic manner across each compartment. On each tree, one or 

two branches containing adult foliage were sampled from the mid-crown using a 

pole-pruner. A random sample of six shoots each of approximately 30 cm length 

were sampled from the cut branches. For each shoot, all leaves were examined and a 
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tally of the number occupied with one or more egg batches was made. The mean of 

the 120 counts is the mean ‘occupied leaves per shoot’ (OLPS). This is the OLC 

sampling method outlined in the introduction. 

 

This sampling method of selecting widely separated single-tree plots was found to be 

the optimum ratio of trees to plots based on the work described in Candy (2000) 

(Appendix A1). The use of six-shoot samples per tree was derived from a small sub-

sample of 4 compartments from those used by Candy (2000) for which individual 

shoot data was available. Due to the small size of this sample of compartments the 

use of six-shoot samples was considered provisional until the data described here 

became available. Table 2.3 gives the cost per sampling unit for each sampling level. 

Table 2.4 summarises the OLC data for the 30 compartments. 

 

Table 2.3 Time (seconds) to sample trees and shoots  
within trees 
 
   
Sample Unit Time Description 

   
Tree  60 walk to next tree 1 

  90 clip branch(es) with pole pruner 

   
Shoot  20 select shoot and examine leaves 

    

1 Average time to walk between each tree for 20 tree s 
systematically sampled (i.e. walking along and acro ss 
planting rows) on a 22 ha compartment. 

 

Table 2.4 Median, maximum, minimum, and number of z eros 
for number of occupied leaves per shoot. At tree an d 
compartment levels the sample values were means. 

 
    
Statistic Compartments Trees Shoots 

    
Sample size 30 600 3600 

Mean 0.46 0.46 0.46 

Median 0.18 0.18 0.0 

Minimum 0.02 0.0 0 

Maximum 1.72 5.33 11 

number of zeros 0 249 2567 
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2.2.6 RESULTS 

Of the 30 compartments summarised in Table 2.4, 8 gave negative values of 22is~ . 

These 8 compartments were excluded from the fit of the TPL and Iwao models for 

both sampling levels. Table 2.5 gives the estimated parameters and gamma deviances 

for each of the fitted second-stage regressions. Fig. 2.1 shows ( )2
1is~ln  and ( )2

2is~ln  

versus ( )i
~ln µ  along with the corresponding log transformed fitted values ( )2

1iŝ~ln  and 

( )2
2iŝ~ln  with fitted values obtained from the gamma regressions for TLP models (2.3) 

and (2.4). A theoretical Poisson variance relationship is shown in each case for 

comparison. Figure 2.2 demonstrates that 2
2

~
is  and )(

~
BAir  are indeed equivalent. 

 

Table 2.6 gives the results of the fit of the Poisson GLMM and AGLMM to both the 

counts from all 30 compartments and, to allow comparison with the two-stage 

models, to the counts restricted to the 22 compartments used in the fit summarised in 

Table 2.5. Since Table 2.5 and Fig. 2.1 indicate that the level-1 variance/mean 

relationship is closely approximated by that of a Poisson it is not surprising that the 

NB k-parameter could not be successfully estimated for the GLMM. However, k was 

successfully estimated for the AGLMM at 10.8. However, since this model was not 

competitive in terms of predictive ability for this data it is not discussed further. 

 

Table 2.7 gives a comparison of predicted versus observed values of 

( )µ== ~varn/s~w ii 2
2  in terms of the gamma deviance. 

 

The optimum sample size of shoots per tree, 1n , was estimated as 5.14 for TPL using 

regression parameter estimates from models (2.4) and (2.7) (Table 2.5). The 

corresponding values were 5.9 for the Poisson GLMM and 6.2 for the Poisson 

AGLMM (using the estimates obtained from the counts from all 30 compartments in 

Table 2.6).  These values should be rounded to the nearest integer and the number of 

sample trees required to achieve a given total fixed cost per compartment or a given 

precision then calculated. Here, a value of 20,6 21 == nn  was assumed with a total 

cost of 5400 sec (=90 min) per compartment.
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Table 2.5. Iwao and TPL variance regressions. 

 
      Regression coefficients 

(s.e.) 
Model Eqn Level Response 

Variable 

a (or *a ) b (or *b ) 

Residual 
Mean 

Gamma 
Deviance 

       Iwao  2.2 Tree   2
2is~  0.055 (0.038) 0.458 (0.181)  22.46 

            S1  2.7 Shoot   2
1is~  0.907 (0.098) 0.241 (0.153)  2.224 

       

TPL   2.4 Tree   2
2is~  0.471 (0.153) 1.618 (0.186)  22.73 

            S1  2.3 Shoot   2
1is~  1.159 (0.118) 1.095 (0.058)  2.235 

            S2  2.6 Shoot   2
1is~  1.127 (0.100) 1.114 (0.070)  2.231 
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Figure 2.1 TPL regressions shown on the ln-ln scale for (a) shoot-level
(      ), (b) tree-level (      ) , sample variances estimated from the 
compartment-specific ANOVA’s. The TPL regressions were fitted as  
gamma GLMs and are shown by the solid lines. The dashed 1:1 lines 
represent a Poisson variance to mean relationship.
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Figure 2.1 TPL regressions shown on the ln-ln scale for (a) shoot-level
(      ), (b) tree-level (      ) , sample variances estimated from the 
compartment-specific ANOVA’s. The TPL regressions were fitted as  
gamma GLMs and are shown by the solid lines. The dashed 1:1 lines 
represent a Poisson variance to mean relationship.
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Figure 2.3 gives the OC function for TPL and Poisson GLMM variance models using 

an action threshold of 5.00 =µ , degrees of freedom of 45.1 and 53.7 respectively for 

the t-distribution, and sample sizes of 20,6 21 == nn . The range of the mean 

corresponding to 10% upper and lower error rates is shown in Fig. 2.3 as 

approximately 0.36 to 0.68. 
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Figure 2.2 Sample covariance,         , versus tree-level sample 
variance,     ,  each on the ln scale. The 1:1 line is shown to 
demonstrate the equivalence of the two estimates.
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Table 2.6. Dispersion and variance parameter estima tes (standard 
errors) for Poisson GLMM and AGLMM. 
 
    
Model Number of 

Compartments 
dispersion parameter 

estimate (s.e.) 
Conditional 

 ( p) 
2φ̂  or 2

2σ̂  1φ̂  or 2

1σ̂  Deviance 1 
 

     
Poisson GLMM      30 0.459 1.066    2452 

  (0.058) (0.027)  

     
Poisson AGLMM      30 0.206 1.061    2519 

  (0.023) (0.027)  

     

Poisson GLMM      22 0.553 1.047    1819 

  (0.071) (0.031)  

     
Poisson AGLMM      22 0.287 1.037    1955 

  (0.033) (0.031)  

      

1 Poisson deviance = ( )[ ]∑ −− )ˆ(ˆ/ln2 uyuyy  

 
Table 2.7. Goodness-of-fit of predicted variances o f 
Compartment means. 
 
  

Deviance 1 Model 

Restricted data 2 
 

All data 3 

   
Poisson GLMM 5.557      10.03 

Iwao  5.381      10.35 

TPL  (S1) 5.195       9.87 

TPL  (S2) 5.189       9.88 

   
 
1 Gamma deviance for observed and predicted variance of the mean. 

2 Compartments for which 0~2

2 >is  (i.e. 22 compartments). 

3 All 30 compartments.  
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2.3 BINOMIAL SAMPLING 

 

In binomial sampling the number of sample units (e.g. trees here) on the i th MU that 

are occupied by T or less “pest units“ is denoted as Tim′ . Here “pest units” are 

defined as occupied leaves but they could be counts of individual insects.  If 

ii mnm 00 −=′  is defined as the number of trees out of a sample of n  which are 

deemed unoccupied after a maximum scanning time of 20 seconds and im0  is 

defined as the number for which scanning was discontinued after the first occupied 

leaf was observed then a binomial sampling plan can be based on the regression 

equation 

 

( ){ } ( ) iii enm ′+µα+α=−− ln/1lnln 100  (2.15) 

Figure 2.3 Operating characteristic functions for OLC sampling
where the decision rule is control if              where     is the
sample value. The OC functions, based on the Poisson GLMM 
and TPL variance models, and the range of the mean for 10% 
error rates are shown. 
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Figure 2.3 Operating characteristic functions for OLC sampling
where the decision rule is control if              where     is the
sample value. The OC functions, based on the Poisson GLMM 
and TPL variance models, and the range of the mean for 10% 
error rates are shown. 
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where 0α  and 1α  are regression parameters and ie′  is random error assumed to be 

normally, independently, and identically distributed with mean zero and variance 2σ′  

[i.e. NIID ( )2,0 σ′ ]. For the remainder only the case of T=0 (i.e. presence/absence 

sampling) will be considered so the subscript T will be dropped. 

 

To fit this model a calibration data set is required in which iµ  is estimated as 

precisely as possible and im  is obtained at the same time for the i th compartment, 

i=1,…,p. Here the estimate of iµ  is the mean OLPS, i
~µ , described in the previous 

section. 

 

Most workers (e.g. Binns and Bostanian, 1990; Schaalje et al., 1991; Carter and 

Ravlin, 1995) either fit (2.15) as a simple linear regression, after substituting i
~µ  for 

iµ , with response variable the empirical transform ( ){ }nmi /1lnln −− or alternatively 

fit the inverse relationship 

 

( ) ( ){ } iii enm ′′+−−α ′′+α ′′=µ /1lnln~ln 10  (2.16) 

 

also as a simple linear regression with ( )i
~ln µ  as the response variable. 

 

The objective of sampling is to decide if control is required given an action threshold 

of 0µ  as in Section 2.2 where the statistic µ~ was directly compared to 0µ  and the OC 

function determined using the assumed sampling distribution of ( ) ( )
^~se/~ µµ−µ . Given 

a binomial sample of m occupied trees out of a total sample of n there are two 

modelling approaches that can be adopted. First, µ~  can be estimated directly from 

(2.16) [or by inverting (2.15)], the variance of the resulting estimate of µ̂~  calculated, 

the decision rule applied, and the corresponding OC function calculated as in Section 

2.2 (Binns and Bostanian, 1990; Schaalje et al., 1991; Carter and Ravlin, 1995). 

Alternatively, Binns and Bostanian (1990) suggested defining the action threshold in 

terms of the binomial proportion Q (with sample estimate nmq /= ) as 0q  based on  

(2.15), so that  
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( ){ }[ ]0100 lnexpexp1 µα+α−−=q  (2.17). 

 

The decision rule is then based on the comparison of the sample value, q, to 0q  and 

the binomial distribution used to construct the OC function. The decision rule is 

based on the proportion, q, rather than the number, m, of occupied trees since m 

depends on n (i.e. nqm= ) and n may be changed for operational monitoring from 

the value used in the calibration data set. 

 

The approach of Binns and Bostanian (1990), based on model (2.15), is studied first 

while that based on the inverse relationship (2.16) is investigated later as part of a 

double sampling scheme that combines OLC sampling with binomial sampling. The 

main difference between the statistical methods proposed here and those used 

previously is that model (2.15) is fitted as a generalised linear model (GLM) 

(McCullagh and Nelder, 1989) rather than a simple linear regression. All results were 

then obtained from the fit of the GLM including inverse estimation of mean density. 

 

Given the above, the first step was to fit (2.15) to the calibration data set. This was 

done by fitting the regression as a GLM with binomial response variable im  

conditional on n and complementary log-log (CLOG) link function (McCullagh and 

Nelder, 1989, p.107). That is, model (2.15) can be expressed as a GLM  

 

( ) iii hnm ε+η= −1  (2.18) 

 

where im  is assumed distributed as ( )iQ,nB  where ( )ii hQ η= −1 , 

( )ii µα+α=η ~ln10  is the linear predictor, ( ) ( ){ }ii QlnlnQh −−= 1  is the CLOG link 

function, and iε  is an independently-distributed, random binomial error term. 

 

A number of statistical packages can fit this model and GENSTAT was used here. 

The advantage of this approach compared to fitting (2.15) as a simple linear 

regression using the empirical CLOG transformation of the nmq ii /=  as the 

response variable iy , (i.e. ( ) ( )[ ]iii qlnlnqCLOGy −−== 1 ), is that this 
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transformation cannot be carried out if 0=im  or nmi =  whereas these extreme 

values present no problem to the GLM fitting algorithm. This is because the GLM 

fit, in effect, transforms the predicted values, iq̂ , as part of an iteratively reweighted 

least squares (IRLS) algorithm (McCullagh and Nelder, 1989, p.40) and ( )ii hq η= − ˆˆ 1  

is always less than one and greater than zero. 

 

To overcome the problem of 0=im  or nmi =  when using the empirical transform 

and simple linear regression, one is forced to either discard these observations, and 

accept a degree of bias in predictions, or adjust the observations so that the 

transformation can be carried out. Adjustment of the observations to deal with 0=im  

involves adding a small, arbitrary, constant (say 0.001) to all the im . Similarly to 

deal with nmi =  a small constant, slightly larger than that added to im , is added to 

n.  This approach has the undesirable property that the empirical transform of the 

adjusted values for values of 0=im  and nmi =  are highly influential data points 

because they represent the extremes in the data (Nelder and McCullagh, 1989, 

p.404), but at the same time are highly dependent on these arbitrary constants. 

 

In addition, the use of the empirical transform assumes that linearisation of the 

relationship between iq  and ( )iµ~ln  and stabilisation of the variance can be achieved 

by a single transformation (Nelder and McCullagh, 1989, p.378). If the variance of 

iy  is assumed constant at 2σ′  then the variance of iq  conditional on n can be 

approximated using a first-order Taylor series expansion of ( )ii yhq 1−=  about 

iiy η=  (Bickel and Docksum, 1977, p.31) to give 

 

( ) ( ) ( ) ( )[ ]222

21
2 1ln1 ii

i

i
i QQ

d

dh
nqVar −−σ′=









η
η

σ′≅
−

. 

 

The above variance has a different functional form to that of the binomial which is 

given by ( ) ( ) ( ) nQQnVarnqVar iiii /1/ 2 −φ=ε=  where φ  is a dispersion parameter 

that takes the value one for a true binomial but can be estimated as the ‘heterogeneity 
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factor’ if iq  is overdispersed (i.e. 1>φ ) (Finney, 1971, p.33; Williams, 1982; 

McCullagh and Nelder, 1989, p.126). For the case 1>φ , model fitting and testing 

can be based on quasi-likelihood (McCullagh and Nelder, 1989, ch. 9) in the absence 

of an ability to specify the usual likelihood. The issue of overdispersion is dealt with 

in more detail later. Also, unlike the binomial variance function, the above variance 

function is asymmetric about 5.0=iQ . 

 

It can be argued that a similar problem arises when calculating ( )i
~ln µ  if 0~ =µ i  

where this transformation is required for the GLM fit as well as the simple linear 

regression fit. However, since iµ~  is by definition the more precise population 

estimate compared to than that based on im , if iµ~  is small then there is a high 

probability that a zero value for im  will be observed. In contrast, data from MUs 

with zero values for iµ~  can be discarded as non-informative. 

 

‘Errors-in-variables’ : dealing with the error in iµ~  

 

A difficulty with all three fitting methods represented by response and predictor 

variable in (2.15), (2.16), and (2.18) is the problem of ‘errors-in-variables’ due to 

substitution of the estimate iµ~  for iµ  in models (2.15) and (2.18) and the use of iy  

as the predictor variable in (2.16). The naïve estimators of regression parameters (i.e. 

those that ignore estimation error) may be attenuated (i.e. shrunk towards zero) 

compared to the true values (Fuller, 1987; Carroll et al., 1995). Most attempts to deal 

with ‘errors-in-variables’ in regression modelling assume that the variance of this 

error is constant due for example to the measurement error of an instrument. 

Armstrong (1985) and Nakamura (1990) deal with this case in the context of 

generalised linear models. The situation here where the error is not strictly a 

measurement error but a sampling error with its variance a function of the true value, 

iµ , does not appear to have been addressed in the literature on GLMs. To determine 

the degree of attenuation of parameter estimates in the application here, estimation 

using the GLM fitting algorithm (described below) in the presence of error in iµ~  was 
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investigated using simulation. This was possible because an estimate of the variance 

of this error was available from the results given in Section 2.2.  

 

Overdispersion in the binomial GLM 

 

When fitting GLMs incorporating Poisson or binomial error distributions to 

biological data it is often found that the residual deviance greatly exceeds its 

expected value (i.e. the residual deviance is approximately chi square distributed) 

which is described as overdispersion. For the binomial/logistic model Williams 

(1982) reviewed three methods of handling overdispersion, all of which can be 

applied to probit and complementary log-log link functions as well as the logit. 

Incorporating overdispersion in the fitting algorithm allows unbiased estimates of the 

standard error of regression parameters to be obtained. In addition, the ability to 

incorporate a ‘biological error’ term capable of generating overdispersion is shown 

later to be important in calculating an OC function that captures the main sources of 

uncertainty in the binomial-sampling decision rule. Williams’ method III (Williams, 

1982) is particularly useful for this purpose and is described below. 

 

Williams method III for handling overdispersion 

 
This approach preceded the developed of the GLMM (Schall, 1991) for 

incorporating random effects in GLMs arising, for example, from multi-level 

sampling as discussed in Section 2.2. The GLMM is the natural extension of 

William’s method III from single-level to multi-level sampling. Like the GLMM a 

random model error, ie , is assumed to perturbate the linear predictor so that model 

(2.18) becomes 

 

( ) iiii ehnm ε++η= −1  (2.19) 

 

where the ie  are assumed NIID(0,2σ ). It can be seen that even if n approaches the 

total number of trees for a sampled compartment, so that ( )iVar ε  and thus iε  

approach zero, the error ie  would remain. Therefore models (2.15) and (2.18) are not 
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functional relationships (Sprent, 1969, p.29) (i.e. law-like relationships perturbated 

only by sampling error).  

 

To fit model (2.19) using Williams’ method III (GLMW) the GENSTAT procedure 

EXTRABINOMIAL (Payne et al. 1997, p.156) was used. The procedure works by 

multiplying the iterative weights of the GLM fitting algorithm (McCullagh and 

Nelder, 1989, p.40) by an estimated dispersion factor iϕ̂  where 

 

( ) ( ) ( )[ ] 1

21
2 ˆ1ˆ

ˆ

ˆ
ˆ11ˆ −

−

−








η
ησ−+=ϕ ii
i

i
i qq

d

dh
n , 

 

( )ii hq η= − ˆˆ 1 , ( )µα+α=η ~lnˆˆˆ
10 , and ( ) ( )[ ]η−−=η− expexph 11  is the inverse link 

function. The estimate of 2σ  is obtained by equating the Pearson 2X  to its degrees 

of freedom (i.e. a similar approach to that used to estimate the negative binomial k-

parameter in the GLMM in Section 2.2). This weighting scheme follows from the 

unconditional (or marginal) variance of im  which is given approximately [using a 

first-order Taylor series expansion of ( )ii eh +η−1  about ( )ih η−1 ] by 

( ) ( ) ( ){ }iiiii hhnnmVar η−ηϕ≅η −− 11 1, . 

 

Subject-specific versus population average regression estimates 

 
The main difference between the GLMM and GLMW, that is important in the 

application here, is that unlike the GLMM (Section 2.2;Appendix A1) ie  cannot be 

estimated. Only its effect on the marginal variance ( )ii nmVar η,  is estimable via iϕ̂  

as described above. 

 

The expected value of im  can be obtained by integrating ie  out of (2.19) to obtain 

what Zeger et al. (1988) call the population-averaged (PA) model (i.e. incorporating 

PA regression parameter estimates). The same situation arises when comparing 

marginal (or population-averaged) to subject-specific (SS) GLMMs. Breslow and 

Clayton (1993) note that SS parameter estimates, ( )10 ˆ,ˆ α′α′ , are obtained if estimates 



 48 

of the ie  are included in the linear predictor, ( ) iiie êˆ,ˆˆˆ 10 +α′α′η=η′ , during fitting and 

PA estimates, ( )10 ˆ,ˆ αα , are obtained if they are excluded. The population-averaged 

value of a function, say ( )eH η′ˆ  (e.g. the OC function), of the SS regression 

parameter estimates is estimated (Lee and Nelder, 1996) by  

 

( )[ ] ( ) ( ) deefHHE
e ee ∫ η′=η′ ˆˆ  (2.20) 

 

where for the GLMW, ( )ef  is assumed to be the normal probability density function 

with mean zero and variance 2σ . 

 

However, from the above it is clear that only PA estimates can be obtained for 

single-level sampling by fitting (2.19) using Williams’ method III. Strictly, the SS 

estimates are required to calculate (2.20) since the PA estimates are attenuated or 

shrunk towards zero compared to the SS estimates (Zeger et al., 1988). This is a 

similar problem to that of estimation in the presence of ‘errors-in-variables’ 

mentioned earlier.  If 2σ  is relatively small then the SS and PA estimates will not 

differ greatly (Williams, 1982; Fig. 2 of Zeger et al., 1988). The effect of using PA 

estimates as approximations to the SS estimates for use in (2.20) is also addressed 

later using simulation. 

 

2.3.3 The action threshold in terms of q and the OC function 

 

An estimate of the action threshold in terms of q is given from (2.17) by 

 

( ){ }[ ]0100 lnˆˆexpexp1ˆ µα+α−−=q . 

 

Note that the prediction error in 0q̂  is due only to estimation error in the regression 

parameters since an average value across the population of compartments is required 

[i.e. ( ) 0=ieE ]. The implications of estimation error in 0q̂  are discussed later. 
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The decision rule for a given compartment with m occupied trees out of a sample of 

*n  is to control if 0q̂nm *>  where *n  does not need to take the same value as that 

used for calibration data set (i.e. n). Following Binns and Bostanian (1990, Appendix 

1) the OC function for this rule is given by 

 

( ) ( ) ( )( )µ=µ>=µ
Te

** Q,q̂,nHq̂nmPrcontrolPr 00  (2.21) 

 

where ( )( )µ
Te

* Q,q̂,nH 0  is the cumulative binomial probability given by  

 

( )( ) ( ) ( )[ ] rn
e

r
e

q̂n

r

*

e
*

*

TT

*

T
QQ

r

n
Q,q̂,nH −

=
µ−µ










=µ ∑ 10

00  (2.22) 

 

where ( ) ( )( )Te elnhQ
T

+µα+α=µ −
10

1  and Te  corresponds to what Schaalje et al. 

(1991) called ‘biological error’ in model (2.16). From the definition of ( )µ
TeQ  and 

from (2.19) the error relation bee T +=  is obtained where ( ) ( )[ ]µ−µα= ln~ln1b  is 

‘measurement error’. Therefore the estimate of the variance, 2σ , of the model error, 

e, from the fit of model (2.19) includes a variance component due to the presence of 

estimation error in µ~ . Using a similar method to Schaalje et al. (1991) the variance 

of Te  was calculated as ( ) ( )µσ= 2
TTeVar  where  

 

( ) ( ) ( )
2

2
1

222
~

µ
µα−σ≅−σ=µσ Var

bVarT  (2.23) 

 

where ( )µ~Var  is given by (2.5). Note also that since the model error, e, in (2.19) is 

assumed to have constant variance then given the above relationship the variance of 

Te  is a function of µ . Whether this variance model for Te  is realistic is difficult to 

assess since, as mentioned earlier, estimates of e and b, and therefore Te , are 

unavailable. However, for a sufficiently large level-2 sample size ( )µ~Var , and thus 

( )bVar , will be relatively small compared to 2σ  so that ( )TeVar  will be almost 

constant. Conditional on Te , (2.22) can be described as the compartment-specific (= 
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subject-specific) (SS) OC function since if Te  or an estimate of Te  were available for 

a given monitored compartment then this value could be used directly in (2.22). 

 

In addition, since only estimates of the parameters ( )10 ,αα  are available an 

additional error, ( )µξ , is introduced into the SS/OC function whereby 

( ) ( ) ( )µ
− +η′=µ=µ

µ
eˆhQQ eeT

1 , ( )µξ+=µ Tee , ( )µα′+α′=η′ lnˆˆˆ 10 . Therefore 

 

( ) ( ) ( ) ( )µα′−α+α′−α=η′−η=µξ lnˆˆˆ 1100  

 

is the error in the linear predictor due to regression parameter estimation error. Since 

the SS parameter estimates, ( )10 ˆ,ˆ α′α′ , and an estimate of their variance-covariance 

matrix are unavailable the variance of ( )µξ was calculated using the estimated 

variance-covariance matrix of the PA estimates, ( )10 ˆ,ˆ αα , obtained from the fit of 

(2.19). The variance of ( )µξ  is therefore given approximately by 

 

( )( ) { } 0

1

0 xWXXx
−≅µξ TTVar  

 

where ( )[ ]µ= ln,10
Tx , X is the p x 2 design matrix for the calibration data set (i.e. 

column 1 is a vector of one’s corresponding to the regression intercept 0α  and 

column 2 is the vector with elements ( )µ~ln  corresponding to the regression slope 

1α ), W is the diagonal iterative weight matrix of Williams’ (1982) modification of 

the GLM fitting algorithm (McCullagh and Nelder, 1989, p.40) with the inverse of 

the typical diagonal element given by 

 

( ) ( )iii

qq

ii qqn
dq

qdh
w

i

ˆ1ˆ
2

ˆ

1 −ϕ






=

=

− , 

 

iϕ  specifies the dispersion factor described earlier, and n is the binomial sample size 

for the calibration data. 
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The large sample distribution (i.e. both p and n large) of ( )µξ  can be assumed 

normal with zero mean and variance given above. Further, the ( )µξ  derived from the 

calibration data can be considered independent of the Te ’s which relate to future 

operationally sampled compartments. Therefore, the combined error ( )µξ+=µ Tee  

can be assumed NIID(0,2µσ ) where 2
µσ  is given by the sum of ( )µσ2

T  and ( ){ }µξVar . 

 

Applying (2.20), with µe  replacing e, the population-averaged (PA) OC function was 

calculated using the following integration 

 

( )( ){ } ( )( ) ( )( )[ ] ( )duufQQ
r

n
Q,q̂,nHE

eu

rn
u

r
u

q̂n

r

*

e
*

**

∫ ∑
µ

µ =

−
=

µ−µ









=µ 10

00  (2.24) 

 

where ( ).f  is the normal probability density function for µe . The integral (2.24) was 

obtained numerically using 32-point quadrature and Simpson’s rule (Thomas and 

Finney, 1979). As Binns and Bostanian (1990) note, the PA OC function obtained 

from (2.24) is attenuated (i.e. flatter) compared to the SS function (2.22) due to the 

extra uncertainty introduced by the biological error, Te  and regression parameter 

estimation error. 

 

An advantage of fitting model (2.19) as an overdispersed GLM, using Williams 

method III, over the linear regression approach of Binns and Bostanian (1990) is that 

in the former case the binomial sampling error, ε , is identified and estimated 

separately to the model error e.  In contrast, the method of Binns and Bostanian 

(1990) gives an estimate of these two errors combined and assumes this pooled error, 

e′  in (2.15), has a constant variance. If binomial sampling and model (2.19) are 

assumed the variance of e′  is not constant but, following Williams (1982), is 

approximated for large n by  

 

( ) ( ) ( )[ ]2
2

1ln1 QQn

Q
eVar

−−−
+σ≅′ . 
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Apart from the inconsistency of assuming a constant variance for e′  given binomial 

sampling, the calculation of (2.24) with e′  replacing Te  incorrectly exaggerates the 

degree of attenuation in the PA OC function. This can be seen by assuming Te  and 

( )µξ  are both zero [i.e. have zero variance giving perfect prediction of ( )µQ ] so that 

the only uncertainty in the decision (2.21) is that due to binomial sampling as given 

by (2.22). It therefore follows that since iε  in (2.18) has non-zero variance the same 

holds for ie′  in (2.15) so that, in effect, the binomial sampling error is included in ie′ . 

Binns and Bostanian (1990) did not account for this when calculating the PA OC 

function. 

 

This attenuation is further exaggerated if the effect of the measurement errors, b, is 

not removed by using e instead of µe  in (2.24). This was noted by Schaalje et al. 

(1991) for the inverse estimation approach of model (2.16).  However, the magnitude 

of these spurious effects will depend on the relative magnitude of the variances of ie′ , 

Te  and b.  For a large level-2 sample size, 2n , the amount of attenuation due to 

measurement error should be relatively small. 

 

Inverse estimation 

 

An alternative approach to calculating the decision rule and its OC function using the 

binomial distribution and (2.24) is that based on inverse estimation (e.g. Schaalje et 

al., 1991; Carter and Ravlin, 1995). This approach typically involves fitting the 

regression (2.16) but here, to avoid adjustments to the data for extreme counts and to 

allow more direct comparisons of OC functions, it is based on inverting the fitted 

(GLMW) model (2.19). 

 

The procedure involves estimating the mean, µ , from the binomial sample as 

 

( )[ ]( ){ }0
1

1 ˆ1lnlnˆexpˆ α−−−α=µ − q  (2.25). 

 

(assuming 10 << q ) and calculating the OC function as the probability 
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( ) ( ) 













µ

µ−µ
>

µ

µ−µ
^

0
^

ˆˆ

ˆ
Pr

sese
 

 

where ( ) ( )
^

ˆ/ˆ µµ−µ se  is assumed to have a standard (i.e. zero mean, unit variance) 

normal distribution. Thus, to calculate the OC function the variance of µ̂  is required. 

 

The variance of µ̂  can be approximated by a first-order Taylor series expansion of 

(2.25) about ( )η== −1hQq  so that,  

 

( ) ( )
( ) ( )[ ]22

1

2

1ln1ˆ
ˆˆ

QQ
qVarVar

−−α
µ≅µ  

 

where 

 

( ) ( ) ( ){ } ( ) ( ){ } *11

21

/1ˆ nhhVar
d

dh
qVar η−ηϕ+µξ









η
η≅ −−

−

, 

 

( ){ }µξVar  was given earlier, and  

 

( ) ( ) ( ) ( )[ ] 1

21
2* 111 −

−

−








η
ηµσ−+=ϕ QQ

d

dh
n T . 

 

Combining these results 

 

( ) ( ) ( ) ( ){ }
( ) ( )[ ] 











−−
+µξ+

µσ−
α
µ≅µ

2**

2*

2
1

2

1ln1

1
ˆ

ˆ
QQn

Q
Var

n

n
Var T  (2.26). 

 

The formula (2.26) is very similar to that given by Schaalje et al. (1991) based on the 

linear regression (2.16). The first two terms in the brackets in (2.26) correspond to 

the terms (c4-c3) and c2 respectively in Schaalje et al. (1991) if the scaling by 2
1ˆ/1 α  

is ignored. The last term, given 11 ˆ/1ˆ α ′′≅α  where 1α̂ ′′  is the estimate of the regression 
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slope in (2.16), corresponds to their c1 term. However, here it was found necessary 

to improve the approximation given by (2.26) by using a second-order Taylor 

expansion. This involving calculating the third-order central moment of the binomial 

(Kendall and Stuart, 1963, p.121) scaled up by ϕ  (i.e. the 4th order central moment 

made a negligible contribution so it was excluded). The second-order approximation 

is given by adding the following term to (2.26) 

 

( ) ( ){ } ( )
( )Qn

Qn T

−α

−µσ−+µ

1ˆ

2111
2*3

1

2*2

 (2.27). 

 

It is also worth noting that the estimate µ̂  given by (2.25) is a biased estimate of µ  

due to curvature bias (Binns and Bostanian, 1990) since it is the result of the 

exponentiation of ( ) ( )0
1

1 α−ηα=µ − ˆˆˆln
^

. For this reason, a bias-adjusted estimate of µ  

was obtained by Schaalje et al. (1991) for the inverse regression (2.16) which 

corresponds here to 

 

( ) ( ){ }2
2
1

^

ˆ/ˆ1lnexpˆ µµ−




 µ=µ VarBA  (2.28) 

 

where ( )µ̂Var  is given by (2.26) plus (2.27). However, this bias adjustment ignores 

the fact that ( )
^

ln µ  is itself a biased estimate of ( )µln  if ( )10 αα ˆ,ˆ  are used to predict 

( )
^

ln µ  since these parameter estimates are attenuated due to the presence of biological 

and/or measurement errors. For the inverse regression, (2.16), since it is linear, only 

attenuation due to sampling error in ( )[ ]q−− 1lnln  needs to be taken into account. 

However, as Schaalje et al. (1991) note, this is made difficult by the correlation 

between the sample errors in ( )[ ]q−− 1lnln and those in ( )µ~ln . In addition, the 

attenuation due to measurement errors will be more extreme for (2.16) than (2.19) 

since ( )[ ]q−− 1lnln  is by definition more variable than ( )µ~ln . For model (2.19) 

attenuation due to both sources of error needs to be taken into account since 

additional attenuation results from the presence of biological errors in the linear 
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predictor when combined with link functions other than the identity link (i.e. linear) 

(Zeger et al., 1988). 

 

The approach adopted here in obtaining an unbiased estimate of µ  was to use the 

same approach as that used to calculate the PA OC functions. This was done using 

the general formula (2.20) so that the combined error µe  was integrated out of the 

function 

 

( ) ( )









α′
α′+−η′

=η′ µµ

µ
1

0

ˆ

ˆˆ
expˆ

e
H

e

e  

 

where ( ){ }µ=η′
µµ ee Qhˆ , ( ) ( )µµ=µ

µ
enqEQe ,,* , and ( ){ }

µ
η′=µ eHE ˆ . Again 32-point 

quadrature over the (assumed) normal distribution for µe  was carried out for 

40* =n  and unit integer values of q between 1 and 39 (inclusive). Since SS 

parameter estimates are not directly available from the fit of (2.19) they were 

approximated by scaling up the PA estimates using results from a simulation study of 

(2.19) described later. The bias-adjusted estimate of µ  calculated in this way will be 

denoted by BAµ′ˆ . 

 

2.3.4 DATA 

 

For each of the OLC sample trees described earlier in Section 2.2.5, two visually 

assessed sample trees were selected, one either side.  Visual assessment of these trees 

involved using binoculars to scan the tree for a maximum of 10 sec on each side of 

the tree and record if the tree is occupied. A complication of this data set is that a tree 

was recorded as occupied if either egg batches or larvae were present. The results for 

the OLC sample in Section 2.2 used only counts of leaves occupied by egg batches 

although counts of leaves that were occupied by either eggs or larvae were available. 

The reason for preferring OLC sampling based only on egg batches is discussed 

later. However, for the binomial sampling the mean count, µ~ , was based on the 

mean OLPS for leaves containing either egg batches or larvae to maintain the 

relationship between proportion of trees occupied and mean density. The 
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implications of the ‘contamination’ of the data by including larvae in the binomial 

sample are discussed later. 

 

From the above, 40 presence/absence sample values were obtained for each of the 30 

compartments with total of presences given by im  for the i th compartment. The total 

proportion of the 40 visual sample trees that were occupied was then calculated for 

each compartment as 40/ii mq = . Of the compartments sampled, seven had an im  of 

40 while for all 30 compartments im  was greater than zero. 

 

2.3.5 RESULTS 

 

Model (2.15) was fitted using GENSTAT as a binomial/CLOG GLM to the im  

conditional on a ‘binomial total’ of n=40 and compartment sample means, i
~µ . The 

mean of the i
~µ ’s was 0.78 which is inflated by the presence of larvae compared to 

the value for egg batches alone given in Table 2.4 as 0.46. Table 2.8 gives the results 

of the fit of the standard GLM (i.e. with the usual iterative weights as in McCullagh 

and Nelder, 1989, p.40) as well as the fit of the simple linear regression (LIN) fitted 

to the empirical CLOGs, that is the ( ){ }ii qlnlny ′−−= 1  where n/mq ii ′=′  and 

010.nn +=′ . The divisor 40.01 was required because of the seven compartments for 

which nmi = . 

 

The standard errors in Table 2.8 have been scaled by the heterogeneity factor 

(Finney, 1970, p.33, Williams (1982) method I) to account for over-dispersion since 

the residual mean deviance is substantially greater than unity. William’s (1982) 

models II and III for overdispersion were also fitted using EXTRABINOMIAL but 

method II gives the same parameter estimates and standard errors as those for 

method I since the binomial totals, n, do not vary. The results of the fit of Williams 

method III (GLMW) are given in Table 2.8. 

 

Figure 2.4(a) shows the predictions on the linear predictor scale from all three 

models in Table 2.8 along with the empirical CLOGs. Figure 2.4(b) shows the 

predictions of the linear predictor for the GLMW and 95% confidence bands for (a) 
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the regression [i.e. based on the errors ( )µξ ] and (b) a new prediction (i.e. based on 

the errors e). These confidence bands were calculated using critical values for the t-

distribution with 26 degrees of freedom (i.e. an extra degree of freedom was lost in 

estimating 2σ  and one data point was removed as an outlier, see below). 

 

 

Table 2.8 Fit of the binomial/CLOG GLM and linear r egression 
versions of model (2.15). 
 
    
Model Response 

variable 
Regression parameter 

estimate (s.e.) 
Residual 

Mean 
 y 

0α̂  
1α̂  Deviance 1 

 
     
Binomial/CLOG GLM 

im    0.960   1.228 4.910  φ= ˆ  
(Williams method I)   (0.159)  (0.149)  

     
Binomial/CLOG GLM W im    0.847   1.141    1.003 

(Williams method III)   (0.138)  (0.099) ( =σ 2ˆ 0.248) 

     
Normal/linear (LIN) CLOG( )iq 2   1.105   1.307    0.5273 

GLM3   (0.168)  (0.104)  

     
 

 
1 Residual mean deviance (RMD) is the residual devian ce after fitting 

the regression divided by the degrees of freedom. F or the binomial 

RMD ( ) ( ) ( ) ( ){ }[ ] ( )22 −−−−−= ∑ pynynynyyy /ˆ/lnˆ/ln  (i.e. 

contributions of ln ( y ) for values of y=40 or 0 are set to zero) and 

for the normal RMD ( ) ( )2
2

−−= ∑ pyy /ˆ . 

2 Complementary log-log empirical transform. 
3 The usual linear regression is a special case of a GLM with normal 

error and identity link function. 

 

 

Figure 2.5 shows regression diagnostics produced by GENSTAT’s RCHECK 

procedure using standardised Pearson residuals from the fit of the GLMW with 

iterative weights obtained from EXTRABINOMIAL. The standardised Pearson 

residual for each (observation, prediction) pair is given by 
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Figure 2.4 Regression of CLOG transformed proportion of trees 
occupied versus the log transformed mean OLPS showing (a) linear
regression (L) fitted to the transformed response (dashed line) and 
fitted binomial/CLOG GLM regressions using Williams method I 
(hashed line) and method III (solid line) (b) 95% confidence bands 
for the linear predictor for Williams method III.
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Figure 2.5 Regression diagnostics for the fit of the GLMW with CLOG
link to the number of occupied trees, m. Residuals are the standardised
Pearson residuals and the fitted values are given on the variance-stabilised
scale for the binomial.

F
re
qu

en
cy

( )Onm /ˆsin2 1−

Figure 2.5 Regression diagnostics for the fit of the GLMW with CLOG
link to the number of occupied trees, m. Residuals are the standardised
Pearson residuals and the fitted values are given on the variance-stabilised
scale for the binomial.
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where ( ) ( ) ( ){ }iiiii hhnnmV η−ηϕ=η −− ˆ1ˆˆˆ,ˆ 11  and il  is the leverage (McCullagh and 

Nelder, 1989, p.397) given by the i th diagonal element of ( ) 2
1

2
1 1

WXWXXXW TT −
 and 

ii qnm ˆˆ = . 

 

One data point was found to be an outlier with an extreme value of id  less than –4. 

All results are based on the data set with the data values corresponding to this point 

excluded. 

 

Simulation study 

 
The regression parameter estimates in Table 2.8 for the GLMW are PA estimates that 

are attenuated by the presence of biological errors compared to SS parameter 

estimates and are further attenuated compared to the PA estimates that would have 

been obtained if the true means rather than the sample values iµ~ were used in the fit. 

Therefore to determine (a) how well PA estimates from the fit of the GLMW 

approximate the SS estimates, and (b) the effect of the error in iµ~  on PA parameter 

estimates, the GLMW was fitted to each of 1000 simulations of model (2.19). Two 

simulation studies were carried out; the first to investigate (a) and the second the 

combined effect of (a) and (b).  

 

For study (a) 30 random values of m from ( )
TeqnB ,  for 40=n  were generated using 

GENSTAT where 
Te

q  are random probabilities generated as ( )
TT ee hq η= −1 , the 

Teη  

are random NIID ( )( )µση 2, T  values corresponding to biological errors, Te , added to 

η , and ( )
Teh η=µ −1 . The values of η  were obtained using the 30 observed values of 

iµ~  and the regression parameter estimates from the GLMW fit given in Table 2.8. 

The variance ( )µσ2
T  was calculated from (2.23) using the estimate of 2σ  given in 

Table 2.8 and the Poisson GLMM dispersion parameter estimates in Table 2.6. For 
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the purposes of the simulation, the regression parameter estimates from Table 2.8 

were assumed to be the true SS values, (10 ,αα ), and iµ~  was assumed to be the true 

value of iµ . The GLMW was fitted to this simulated data and the process was 

repeated 1000 times. Table 2.9 gives some statistics for the 1000 estimated pairs 

( 10 ˆ,ˆ αα ). 

 

For study (b), in addition to the random biological errors, random normal values of 

the ‘measurement’ error term ib  were added to 
Teη  where ( ) ( )[ ]iiib µ−µα= ln~ln1  

and ib  was assigned a variance of ( ) 22
1 ii

~/~Varˆ µµα  where ( )iVar µ~  was calculated 

using (2.5) and the variance model for the fitted Poisson GLMM (Tables 2.2, 2.6). 

Again 1000 simulations were carried out and the GLMW fitted to each. Table 2.9 

gives some statistics for the 1000 estimated pairs ( 10 ˆ,ˆ αα ). 

 

Table 2.9 PA regression parameter estimates fitted to 1000 
simulations of the SS model (2.19) with and without  inclusion of 
‘measurement error’. 

 

   
Statistics for PA estimates 

( 10
ˆ,ˆ αα ) 

    

Nominal 
SS 

Parameter 
Value 

Error on 
Linear 

Predictor 
Scale Mean Median Upper 

quartile 
Lower 

quartile 
      

0α′ = 0.847 eT  0.759  0.756  0.859  0.662 

 eT+b  0.741  0.744  0.833  0.647 

1α′ = 1.141 eT  1.074  1.068  1.145  1.001 

 eT+b  1.048  1.042  1.109  0.981 

      
 

From Table 2.9 it can be seen that there is, as predicted, attenuation of the PA 

estimates compared to the nominal SS values due to the presence of the errors, Te . 

When, the ‘measurement’ error was included in the simulation by adding random 

values of b, in addition to random Te ’s, to the linear predictor the attenuation 

increased as expected but only very slightly. Figure 2.6(a) shows the effect the 

‘shrinkage-towards-the-mean’ (i.e. attenuation) of the predictions of the linear 

predictor. The attenuation of the linear predictor is small near the threshold 

population mean, 0µ , and increases as the mean density diverges from 0µ . The extra  
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Figure 2.6 Simulated effect of attenuation for fit of the GLMW due
to ‘biological’ (eT) and measurement (b) errors on (a) fitted linear
predictor, and (b) operating characteristic functions where the
decision rule is control if                 where q is the sample proportion 
occupied for a sample size of n*=40. 
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attenuation cause by measurement error is small and only indiscernible at low mean 

population densities (Fig. 2.6a). The implications of attenuation in calculating the 

OC function are dealt with next. 

 

Figure 2.6(b) shows the SS OC functions, calculated for a particular value of Te  (i.e. 

0=Te ), using both the nominal SS and mean PA parameter values from Table 2.9. 

For comparison the PA OC functions calculated using the mean PA parameter 

estimates for simulation study (a) and nominal SS estimates are also shown in 

Fig. 2.6(b).  The SS and PA OC functions for the beT +  error model are not shown 

but they were indistinguishable from those for the Te  model. In calculating the OC 

functions the threshold was calculated as ( ){ }00 40 µ= q̂intm̂  where ( )0µq̂  was 

calculated using the nominal SS parameter estimates as 0.653. When ( )0µq̂  was 

calculated using the respective parameter estimates from Table 2.9, all the SS OC 

functions were indistinguishable. The PA OC function is much flatter than the SS 

functions as expected and this flattening is the most practically important feature of 

the above comparisons. Also of interest is the effect of attenuation on the estimate of 

( )0µq̂  and this is discussed later. 

 

Comparison of OC functions for the LIN and GLMw fits 

 

Figure 2.7(a) gives the OC functions for linear regression approach of Binns and 

Bostanian (1990) (LIN) and Williams method III (GLMw). For the SS OC functions 

the corresponding PA parameter estimates in Table 2.8 were used for each model 

giving slightly different values of 0m̂ . To demonstrate the additional flattening of the 

LIN PA function compared to that of the GLMw , the latter’s PA parameter estimates 

and threshold were used with the only difference being the use of the variance of µe  

in (2.24) for the GLMw compared to the variance of e′  estimated by the residual 

mean deviance for the LIN model (2.15) given in Table 2.8. The PA OC function for 

the GLMw when calculated without removing the variance of ‘measurement error’ 

from the variance of e via (2.23) was virtually indistinguishable from that in 

Fig. 2.7(a). A similar result was obtained for the LIN model when the variance of e′  

was adjusted for measurement error variance. The LIN PA OC function was slightly 
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more attenuated when the variance of the regression parameter estimates was 

included. This source of error variance was included in calculating the GLMw PA OC 

function. The extra attenuation of the PA OC function for the LIN model compared 

to that for the GLMw can be clearly seen in Fig. 2.7(a). 

 

Comparison with OLC sampling 

 

Figure 2.7(b) compares the OC function for OLC sampling and the fitted Poisson 

GLMM variance model to the PA OC functions for binomial sampling obtained from 

the fitted GLMw and (2.24) for samples sizes of *n = 20, 40, and 80. There was 

negligible improvement in the OC function when the sample size was increased 

above 80. Figure 2.8(a) compares the PA OC functions for binomial sampling to that 

of OLC sampling using the fitted Poisson GLMM variance model with level-2 

sample size, 2n , of 4 which gives the ‘same cost’ as binomial sampling for *n = 40. 

However, in calculating this ‘same cost’ OLC sample size the cost used for the 

binomial sample assumed a maximum scanning time of 20 sec for each tree. This 

over-estimates the cost of the binomial sample since trees which are recorded as 

occupied would have a distribution of sampling times taking values between 0 and 

20 sec. Therefore, the above comparison over-estimates the reliability of the ‘same 

cost’ OLC sample. 

 

To gauge how much improvement in the reliability of binomial sampling can be 

obtained by increasing the size of the calibration data set, the limiting case of 

excluding regression parameter estimation error entirely from (2.24) by setting 

( ) 0=µξ  is shown in Fig. 2.8(b). It can be seen that possible gains are only slight. 

More significant improvement would be obtained if the biological errors, Te , could 

be reduced. Figure 2.8(b) also gives the range of the mean corresponding to 10% 

lower and upper error rates of approximately 0.26 to 0.9. 

 

Comparison with inverse estimation 

 
When ( )µ̂Var  was calculated using only (2.26) it increased at too fast a rate with 

increasing µ  relative to the increase in 0µ−µ  for the OC function based on (2.25) to  
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be realistic. The OC function reached a maximum value of only 0.922 at BAµ′ˆ =1.401 

(i.e. q =39/40). When the extra term (2.27) was added to (2.26) a more realistic OC 

function was obtained since at q = 39/40 the function reached a value of 0.995. This 

OC function is shown for comparison with that obtained from (2.24) in Fig. 2.8(b). 

Since the values of µ  used to calculate the OC function are limited to predictions 

based on q, where */ nmq =  is itself limited to values of m ranging between 1 and 39 

(inclusive), the function is not smoothly asymptotic with 1.0. 

 

To introduce the next section describing a combined binomial/OLC sampling scheme 

it is worth noting some relevant points from the above results. Firstly, it can be seen 

that no matter how large *n  is made, binomial sampling can never be as reliable as 

the OLC sample of 20 trees for µ  in the range 0.20 to 1.25 (Fig. 2.7b). However, for 

a mean above approximately 1.25, binomial sampling is considerably more reliable 

than the same-cost OLC sampling (Fig. 2.8a) while for means below this value the 

OLC sample is slightly more reliable. 

 

In the next section a sampling scheme that uses an initial binomial (BIN) sample 

which is then combined with OLC sampling if the estimated mean density falls 

within a specified range is investigated as a type of double sampling. The objective 

of this sampling scheme is to achieve a reliability for the decision rule equivalent to 

that of the OLC sample of 20 trees but to do this more quickly (=cheaply) overall. 

 

2.4 DOUBLE SAMPLING  

 

Figure 2.7 demonstrates that although binomial sampling is considerably cheaper 

(average cost of 2000 secs for 40 and 2800 secs for 80 trees) than OLC sampling 

(5400 secs for 20 trees x 6 shoots) it results in a much higher proportion of incorrect 

control decisions which is most apparent when µ  is in the range 0.20 to 1.25. 

 

A possible compromise approach, that attempts to obtain to the greatest degree both 

the reliability of OLC sampling and the speed of binomial sampling, is to combine 

both sampling methods. That is, the scout first does a pass of the compartment using 

binomial sampling with, say, *n =40 and if m falls within a pre-specified range the 
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compartment is re-sampled using OLC sampling. The rationale of this procedure is 

based on the assumption that : (i) the saving in monitoring cost of compartments 

which are not required to be re-sampled compensates for the additional cost due to 

(a) re-sampling involving traversing the compartment twice, and (b) any loss in 

reliability when the follow-up sample is not taken. 

 

2.4.1 A formal double sampling scheme 

 

The decision rule for the above sampling scheme is based on q  for the binomial-only 

sample and on µ~  if the follow-up OLC sample is taken. However, when the follow-

up OLC sample is taken, the extra information from the initial binomial sample can 

be exploited, in addition to µ~ , in estimating the population mean µ  by calculating 

the weighted-averaged estimate µ⌣   

 

21

21 ˆ~

ww

ww

+
µ+µ=µ⌣  (2.29) 

 

where µ̂  was given earlier as eqn (2.25), ( )µ=− ~1
1 Varw , and ( )µ=− ˆ1

2 Varw  with 

( )µ~Var  given by (2.5) and the estimates for either the Poisson GLMM (Table 2.6) or 

TPL (Table 2.5). Alternatively, the bias-adjusted estimate BAµ′ˆ  can be used in place 

of µ̂  in (2.29). 

 

The estimate µ⌣  can be justified from a Bayesian perspective (Wetherill and 

Glazebrook, 1986, p.106) as the mean of the posterior distribution for µ  where the 

posterior distribution (i.e. after the follow-up OLC is taken) is proportional to the 

product of the likelihood for the size-2n  OLC sample of tree means, which are 

assumed NIID( 2, uu σ ) where ( ) ( ) 1
2
1

2
2

2 / nususu +=σ  [from (2.5)], and the prior 

distribution of u  which is assumed normal with mean µ̂  and variance the sum of the 

terms in (2.26) and (2.27).  Given the normality of the posterior distribution, its mean 

is the same as its mode so that both are given by (2.29). The mode is obtained by 

differentiating the posterior distribution function with respect to u, setting this 

differential to zero, and solving for u. 
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Since the binomial and OLC samples are independent for fixed sample sizes, ,, 2
* nn  

and 1n  then ( ) µ=µ⌣E  and ( ) ( )21/1 wwVar +≅µ⌣ . Substituting estimates in these last 

two formulae the OC function for the combined fixed-size sample scheme can be 

calculated using the corresponding probability to that given by (2.14) substituting µ⌣  

and ( )µ⌣se  for µ~  and ( )µ~se  respectively. However, because of the complexity of the 

distribution of µ⌣  it was approximated here by a normal distribution so that 

cumulative probability of the t-distribution used to calculate (2.14) was replaced with 

cumulative normal probabilities. 

 

Since the extra information from the initial binomial sample is incorporated in the 

estimate µ⌣ , the OC function for the decision rule will be more reliable than that for 

µ~  given the same fixed OLC sample sizes are used to obtain each estimate. 

Therefore the follow-up OLC level-2 sample size can be reduced to *
2n  where 

2
*
2 nn <  and *

2n  is chosen so that an equivalent OC function to that for µ~  with 

202 =n  is obtained for the decision based on µ⌣  (i.e. 1n  is fixed at six shoots per tree 

in both cases). The scheme is ‘formal’ in the sense that *
2n  is chosen, in the above 

way, to be optimal. When the same sampling method is used in the initial and follow-

up sample (e.g. either binomial or OLC sampling) then this scheme is what is usually 

described as double sampling (Cox, 1952). However, double sampling where the 

sampling method is changed for the follow-up sample does not appear to have been 

investigated previously. The results described above suggest that it is worthwhile 

retaining the binomial sampling scheme while augmenting it with OLC sampling if 

necessary (i.e. to achieve the required probability of a correct control decision given 

µ ). 

The required value of *2n  using (2.14) is given as the solution to the equality 
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and given that a standard normal distribution is used to calculate both the above 

probabilities, the solution is obtained by solving ( ) ( )µ=µ ⌣
sese~  for *

2n . This gives 

 

( )
( )µ
σ−µ

=
−

µ

ˆ

ˆ 1
2

2

2
*
2 Var

nVar
nn  (2.30) 

 

where ( ) ( ) 1
2
1

2
2

2 / nssu µ+µ=σ . Values of *
2n  were obtained from (2.30) by 

substituting estimates for the dispersion parameters in model (2.5) for the Poisson 

GLMM (Table 2.6) and model (2.19) regression and variance parameters (Table 2.8) 

in the (2.26) and (2.27). 

 

For double sampling where *2n  is not fixed but takes a random value based on 

( )µ̂Var  and (2.30), the expectation of µ⌣  in (2.29) is no longer µ  and the assumed 

variance of ( ) ( )21/1 wwVar +=µ⌣  incorrectly assumes independence of binomial and 

OLC samples. This will affect the calculation of the sample size *
2n  so that the target 

OC function may not be achieved. Cox (1952) gives second-order approximations to 

the expected value and variance of the combined sample estimate from double 

sampling when the same sampling method is used throughout. However, Wetherill 

and Glazebrook (1986, p.206) point out that these corrections to the corresponding 

naïve estimates are often negligible. Similar second-order approximations to the 

expected value and variance of µ⌣  for variable *
2n  are considerably more complicated 

to calculate than those given by Cox (1952). Initially, the naïve estimates were used 

to determine if this formal double sampling scheme was worth pursuing. 

 

2.4.2 RESULTS 

 

Unless stated otherwise the binomial sample size was set at .40* =n  Table 2.10 

gives the solution to (2.30) for all values of m between 1 and 39.  Table 2.10 also 

shows the OC function evaluations for binomial sampling, based on an assumed 

normal distribution for µ̂  with variance given by the sum of (2.26) and (2.27), and 

for OLC sampling using the Poisson GLMM and 202 =n . The OC function for the 
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Table 2.10 Double BIN/OLC sampling with OLC sample size, *

2n , required to achieve 
the same reliability (i.e. OC function), 500 .=µ , as OLC-only sampling with 202 =n  
 

  
Binomial sampling ( *n =40) OLC sampling 

      Predicted 
Mean 

 

Number 
Trees 

Occupie
d 

Proporti
on 

Occupied  
( q)  µ̂  BAµ̂  BAµ′ˆ 2 

OC 
function 

( )0ˆPr µ>µ  

Require
d 

Sample 
( *

2n )  

OC 
function 

( )0
~Pr µ>µ  

202 =n  

Cost of 
Double 
Sample 3  

(sec)  
                   1 0.025 0.0190  0.0134  0.0237   0.0000  3 0.0000 3830 

 2 0.050 0.0352  0.0288  0.0424   0.0000  5 0.0000 4250 

 3 0.075 0.0508  0.0433  0.0606   0.0000  7 0.0000 4670 

 4 0.100 0.0662  0.0575  0.0780   0.0000  8 0.0000 4880 

 5 0.125 0.0815  0.0716  0.0950   0.0000  9 0.0000 5090 

 6 0.150 0.0968  0.0856  0.1117   0.0000 10 0.0000 5300 

 7 0.175 0.1122  0.0998  0.1284   0.0000 11 0.0000 5510 

 8 0.200 0.1285  0.1140  0.1450   0.0000 11 0.0000 5510 

 9 0.225 0.1436  0.1285  0.1617   0.0000 12 0.0000 5720 

10 0.250 0.1597  0.1432  0.1785   0.0000 12 0.0000 5720 
 
1 Highlighted values corresponding to 50% (threshold)  and 10% lower and upper error levels for BIN sampl ing. 
2 Bias adjusted using estimates of SS parameter obtai ned by increasing absolute size of PA 

estimates using the simulation results in Table 2.9 . 

3 )( ***

22 12090202 nnnCTR +++  assuming a fixed cost of TRC =1200 sec to traverse a compartment of 22 ha 

in size. 
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Table 2.10 (continued)  
  

Binomial sampling ( *n =40) OLC sampling 

      Predicted 
Mean 

 

Number 
Trees 

Occupie
d 

Proporti
on 

Occupied  
( q)  µ̂  BAµ̂  BAµ′ˆ 2 

OC 
function 

( )0ˆPr µ>µ  

Require
d 

Sample 
( *

2n )  

OC 
function 

( )0
~Pr µ>µ  

202 =n  

Cost of 
Double 
Sample 3 

(sec)  
                  11 0.275 0.1760  0.1581  0.1955   0.0000 13 0.0000 5930 

12 0.300 0.1928  0.1734  0.2127  0.0002 13 0.0000 5930 

13 0.325 0.2099  0.1891  0.2302  0.0010 13 0.0000 5930 

14 0.350 0.2275  0.2051  0.2481  0.0034 14 0.0000 6140 

15 0.375 0.2455  0.2216  0.2663  0.0095 14 0.0000 6140 

16 0.400 0.2641  0.2385  0.2850  0.0212 14 0.0001 6140 

17 0.425 0.2833  0.2561  0.3041  0.0406 14 0.0005 6140 

18 0.450 0.3032  0.2742  0.3238  0.0688 15 0.0023 6350 

19 0.475 0.3237  0.2930  0.3442  0.1059 15 0.0076 6350 

20 0.500 0.3451  0.3125  0.3652  0.1511 15 0.0210 6350 

21 0.525 0.3674  0.3328  0.3870  0.2028 15 0.0482 6350 

22 0.550 0.3907  0.3541  0.4097  0.2591 15 0.0953 6350 

23 0.575 0.4151  0.3764  0.4333  0.3180 15 0.1658 6350 

24 0.600 0.4408  0.3998  0.4581  0.3777 15 0.2589 6350 

25 0.625 0.4679  0.4246  0.4842  0.4366 15 0.3688 6350 

26 0.650 0.4966  0.4509  0.5116  0.4937 16 0.4866 6560 
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Table 2.10 (continued)  
  

Binomial sampling ( *n =40) OLC sampling 

      Predicted 
Mean 

 

Number 
Trees 

Occupie
d 

Proporti
on 

Occupied  
( q)  µ̂  BAµ̂  BAµ′ˆ 2 

OC 
function 

( )0ˆPr µ>µ  

Require
d 

Sample 
( *

2n )  

OC 
function 

( )0
~Pr µ>µ  

202 =n  

Cost of 
Double 
Sample 3 
(sec)  

                  27 0.675 0.5272  0.4789  0.5408  0.5480 16 0.6022 6560 

28 0.700 0.5600  0.5089  0.5719  0.5991 16 0.7068 6560 

29 0.725 0.5953  0.5414  0.6052  0.6466 16 0.7947 6560 

30 0.750 0.6337  0.5766  0.6413  0.6904 16 0.8638 6560 

31 0.775 0.6757  0.6153  0.6806  0.7307 16 0.9145 6560 

32 0.800 0.7223  0.6583  0.7239  0.7676 16 0.9494 6560 

33 0.825 0.7746  0.7067  0.7724  0.8015 16 0.9720 6560 

34 0.850 0.8343  0.7624  0.8274  0.8328 16 0.9856 6560 

35 0.875 0.9042  0.8280  0.8915  0.8619 16 0.9932 6560 

36 0.900 0.9887  0.9083  0.9686  0.8898 16 0.9972 6560 

37 0.925 1.0962  1.0125  1.0659  0.9181 16 0.9989 6560 

38 0.950 1.2452  1.1631  1.1998  0.9503 15 0.9997 6350 

39 0.975 1.4945  1.4448  1.4214  0.9951 11 0.9997 5510 
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 double sample estimate µ⌣ , given (2.30) is satisfied, corresponds to the OLC 

function values. Table 2.10 shows that there is likely to be a reduction in cost over 

the OLC ( 202 =n ) sampling scheme only for m<9 or m>38 taking into account the 

maximum reduction in scanning time for occupied trees of 20 sec per tree (i.e. if 

occupancy was detected immediately). Table 2.10 also compares µ̂  to the bias-

adjusted estimate BAµ̂ , calculated from (2.28), where both used the PA regression 

parameter estimates in Table 2.8. The bias-adjusted estimate BAµ′ˆ  was calculated 

using (2.20) but with the PA regression parameter estimates 0α̂  and 1α̂  in Table 2.8 

multiplied by the ratios 00 ˆ/ˆ αα′  and 00 ˆ/ˆ αα′  obtained from the ( beT + ) simulation 

results given in Table 2.9. This gave approximate SS parameter estimates of 

(0.968,1.242) for ( )10 ˆ,ˆ α′α′ . From Table 2.10 it can be seen that BAµ̂  is, as expected 

given (2.28), noticeably smaller than µ̂  for the full range in m.  In contrast, the 

estimate BAµ′ˆ  is greater than µ̂  for m less than the threshold of =0m 26 with this 

difference decaying to zero by m=30 and then reversing sign and increasing in size 

up to m=39. The bias adjustment exhibited by BAµ′ˆ  is consistent with the simulated 

attenuation in the linear predictor shown in Fig. 2.24(a). 

 

2.4.2 A ‘heuristic’ double sampling scheme 

 
Taking the above results together there is little advantage in this formal double 

sampling scheme with its strict requirement that its OC function represent the same 

reliability as that for the OLC sampling with 202 =n . To achieve cost savings in 

OLC sampling by exploiting the initial binomial sample a practical solution is to 

enforce the above requirement on reliability of the double sampling scheme for a 

restricted range of µ  either side of the AT. For example, a simple combined 

binomial/OLC scheme could be employed whereby, given a binomial sample size of 

40* =n , the follow-up OLC sample size, *2n , is set to 16 if m is in the range 

3719 ≤≤ m  (i.e. 06.1ˆ34.0 ≤µ′≤ BA ) and 0*
2 =n  if m is outside this range. The 

decision not to take a follow-up OLC sample corresponds to a decision (given 

=µ0 0.5) to control (m>37) or not control (m<19), with 10% error rates in each case, 

while within this limit the decision is delayed until after the follow-up OLC sample 
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is taken. Figure 2.8(b) suggests that an upper action threshold of m>34 could be used 

instead of m>37 while still maintaining a 10% error rate. (i.e. based on the OC 

function (2.24) and 9.0ˆ ≅µ′BA  for m=35 in Table 2.10). Given that the follow-up 

OLC sample is taken, from the results of Table 2.10, the weighted estimate µ⌣ , 

calculated using the bias-adjusted estimate BAµ′ˆ  instead of µ̂  (2.25) for a sample size 

of 16*
2 =n  trees, would provide a decision rule of the required reliability for the 

range 06.1ˆ34.0 ≤µ′≤ BA . However, for the estimate µ⌣  to be calculated a field 

computer is required whereas the simple estimate from the follow-up OLC sample, 

µ~ , (i.e. ignoring the estimate from the initial binomial sample) only requires the use 

of a pocket calculator. In this last case if the same reliability as the OLC-only 

sampling scheme is required then *
2n  should be set to 20.  

 

For fixed sample sizes for the follow-up OLC sample of either zero or *
2n =20 a 

simple unbiased estimator is given by 

 

( )
otherwise

mmmmifIII ULBA

0

,1;~1ˆ*

=
><=µ−+µ′=µ⌣

 (2.31) 

 

where ( UL m,m ) are given preset values. The values ( 3719 == UL m,m ) were 

suggested above but other values could be used depending on the desired upper and 

lower error rates. It is shown in Appendix A4 that *µ⌣  is an unbiased estimate of µ  

given that BAµ′ˆ  is also an unbiased estimate of µ . 

 

This scheme requires only two sample sizes for OLC sampling, and, importantly, 

gives the required reliability of decisions for a range of approximately 

06.1ˆ34.0 ≤µ′≤ BA .  The corresponding OC function is simply the combination of the 

OC functions for OLC and binomial sampling ( 40* =n ) for their respective ranges 

(see Fig. 2.7). Note that this combined OC function is not completely smooth with a 

sudden drop in reliability at join points m=19 and m=37. 
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To compare the cost of this recommended scheme (with 20*
2 =n ) to the single-pass 

OLC sample of 20 trees and six shoots per tree, the ‘break-even‘ percentage, B, of 

compartments with µ  in the range 0.34 to 1.06 is given as a function of sampling 

costs by ( ){ } 0100/ =+− BINOLCOLC CCBC . For an average 22 ha compartment with 

fixed cost of traversing the compartment on foot of 1200 sec then given costs of 

5400)20(120)90(201200 =++=OLCC  sec and )20(401200+=BINC  sec, a value of B 

of 63% is obtained. Using the 30, compartments sampled in 1997/98 with mean iµ~  

of 0.46 (Table 2.4), 30% of the iµ~ ’s were in this range giving a conservative 

estimate of the average cost saving per compartment (i.e. given that the maximum 

scan time is assumed for occupied trees) of the scheme of 30 mins. For the pre-

1997/98 summers the mean of the iµ~  was 0.51 and there were 46% of values in this 

range with an average cost saving of 15 mins. If the follow-up OLC sample size is 

set at 16*
2 =n  a further 14 mins is saved on each follow-up sample compared to the 

above scheme. The above mean, iµ~ , refers to leaves occupied with egg batches. 

 

2.5 DISCUSSION 

Occupied leaf count (OLC) sampling 

The Iwao regressions gave a slightly better fit to the sample variances, 2
1is~  and 2

2is~ , 

than the TPL regressions as judged by the slightly larger gamma deviances for the 

TPL models (Table 2.5). However, the parameter estimates for the Iwao regressions 

have larger standard errors relative to the parameter estimates than those of the TPL 

models. This probably reflects the collinearity between the regressor variables iµ~  

and 2~
iµ  which is a common problem with polynomial regression. 

 

Excluding the negative tree-level sample variances is likely to have resulted in 

positively biased predictions from the Iwao and TPL regressions since the level-2 

variance predictions for the GLMM and AGLMM were substantially larger when 

fitted to the reduced compared to the full dataset (Table 2.6). 

 

The improvement in the shoot-level TPL regression obtained by using model (2.6) 

rather than (2.4) was only slight (Table 2.5). However, this is to be expected when 
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1b  is equal, or close, to 1.0 as is the case here. Also if 2b  is equal, or close, to 2.0 

the extra term in (2.6) disappears (Candy, 1999). 

 

Without independent validation data and known rather than estimated population 

mean counts for each compartment it is difficult to select the best variance model. 

The results in Table 2.7 are helpful but not ideal in determining the best variance 

model since the same data were used to fit the models. Given the above discussion of 

multi-collinearity for Iwao regressions, the best model is either the Poisson GLMM 

or the TPL model. The TPL is a more flexibly model since the fit of the tree-level 

TPL suggests an estimate of 2b  of approximately 1.6 which is halfway between that 

for the Poisson GLMM and AGLMM. However, the GLMM approach does not 

suffer from the statistical problems of fitting the TPL models to sample values of 

variances and means. 

 

The mixed model approach has the important advantage over the two-stage 

regression approach that the fixed-effect design matrix X in (2.10) can be completely 

general. Here X was simply an incidence matrix specifying compartments but other 

variables that influence the counts could be employed. For example in population 

monitoring of the highly mobile adult (flighted) C. bimaculata stage using baited 

sampling stations, sample counts can be influenced by temporal variables such as 

temperature and wind speed. These variables can easily be incorporated in the fixed-

effect model (Morton, 1987). Currently adult population monitoring is not carried out 

as part of the leaf beetle IPM but initial research indicates that browsing damage by 

adults could be as significant in its growth impact as larval browsing (J.Elek FT, 

pers. comm.). Therefore population monitoring of adult populations is likely to be 

required in the future to assist in control decisions. 

 
Binomial sampling 

 

Modelling presence/absence data using the binomial/CLOG GLM combined with 

Williams method III (GLMW ) for modelling overdispersion has theoretical and 

practical advantages over previously used methods involving the empirically-

transformed proportion of occupied sample units (i.e. trees here). Importantly, no 

arbitrary adjustment to the observations is required to allow the GLM to be fitted. 
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Figure 2.4(a) shows that the transform/linear model is noticeable different to the 

GLM and GLMW and this difference is partly due to the arbitrary values assigned to 

the seven largest ordinate values in Fig. 2.4(a). For example these seven values of the 

empirical transform for which m=40 were calculated using n=40.01 giving a value of 

( )[ ]q−− 1lnln =2.116 but if the values 40.5 or 41 are assigned to n then the 

corresponding values of the empirical transform are quite different at 1.480 and 

1.312 respectively. 

 

Figure 2.4(b) shows that the confidence bands for a new prediction are quite wide 

reflecting the variability about the regression seen in Fig. 2.4(a). Also, obvious in 

Fig. 2.4(b) is the fact that the prediction of the threshold in terms of q from a nominal 

threshold of 5.00 =µ  is subject to prediction error due to estimation error in the 

regression parameters. The approximate 95% confidence interval about 653.0ˆ0 =q  

from the fit of the GLMW is (0.571,0.734) which in terms of number of occupied 

trees for *n =40 is 1.26ˆ 0 =m  (22.8,29.3). Using the PA parameter estimates in 

Table 2.9 the effects of attenuation are small in comparison with  0.638ˆ0 =q and 

5.25ˆ 0 =m  for both (a) and (b) simulation studies. 

 

In practice an integer value of the threshold 0m , given a specified value of *n , is 

required to apply the decision rule. Despite the ‘coarseness’ in the specification of 

0m  introduced by this integerization when *n  is not very large (e.g. *n  <100), and 

the fact that the threshold 0µ  is itself not a precise value (Section 7.7), the above 

uncertainty in 0q  needs to be addressed. Fortunately, this uncertainty can be reduced 

by obtaining additional data for model calibration and therefore reducing regression 

parameter estimation error. In addition, as discussed in more detail below, restricting 

the presence/absence and mean density data used in Section 2.3.4 to egg batches 

alone may reduce the biological error, Te , substantially. Reducing the measurement 

error variance, )(bVar , by increasing the OLC sample sizes to reduce ( )µ~Var  in 

future calibration data sets may also be worthwhile. 
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The model diagnostic plots given in Fig. 2.5 using the standardised Pearson residuals 

derived from model (2.19) fitted using Williams method III show that this is a 

reasonable and convenient approach to modelling im . 

 

Figure 2.6(a) shows that using the PA parameter estimates as substitutes for the SS 

values has made little difference to the SS OC functions calculated for a specific (i.e. 

zero) value of the biological error, Te . This was also the case for the PA OC 

functions. In application the Te  are not known or estimable so the PA OC functions 

quantify the achievable reliability of the corresponding decision rule in practice. This 

reliability is substantially reduced (i.e. attenuated) compared to the SS functions 

(Figs. 2.6, 2.7). It can therefore be concluded that the PA OC function is substantially 

more attenuated than PA predictions of q itself. Figure 2.7(b) shows that the 

unnecessary exaggeration of this attenuation resulting from the use of the empirical 

transform/linear model mentioned earlier is of practical significance. With the 

availability of implementations of GLMs and Williams method III in particular, such 

as EXTRABINOMIAL, then the practical and theoretical advantages of this model 

and estimation technique strongly recommend it over the empirical transform/linear 

regression approach used by Binns and Bostanian (1990). To reiterate, these 

advantages are : (a) no arbitrary adjustments to the observations are required, (b) the 

variance model is consistent with binomial sampling, (c) overdispersion is handled 

conveniently, and (d) model errors that can explain overdispersion are identified 

separately from binomial sampling error allowing the calculation of the PA OC 

function to correctly incorporate each of these errors. 

 

The main advantage of the inverse estimation approach for the control decision (i.e. 

0ˆ µ>µ′BA ) compared to that using the natural scale of binomial sampling (i.e. 

0
* q̂nm> ) is that the sample statistic is calculated on the same scale as the action 

threshold. The disadvantages are : (a) the use of the less precise population estimate, 

( )[ ]q−1lnln , as the regressor (i.e. predictor) variable in (2.16) will result in a greater 

degree of attenuation in parameter estimates due to the effect of ‘errors-in-variables’ 

on estimation, (b) an arbitrary adjustment to observations is required if extreme 

observations are to be retained, and (c) the distribution of the estimate of the mean is 

complex requiring an assumption of a normal distribution to allow the OC function 



 80 

to be calculated. Given (c), this approach therefore assumes that the skeweness of the 

distribution of the sample values of m (i.e. a binomial) is somehow eliminated in the 

transformation to the population density scale. 

 

The adaptation here of the concept of subject-specific (SS) versus population-

averaged (PA) values of functions of the model parameters, developed for multi-

level GLMs (Zeger et al., 1988; Lee and Nelder, 1997), to single-level/overdispersed 

GLMs has allowed the attenuation effects of the relevant sources of error to be 

understood and therefore correctly modelled. This involved the use of simulation 

studies to adjust PA regression parameter estimates to SS values since SS estimates 

could not be estimated directly due to the non-identifiability of the ‘biological’ 

errors. These errors perturb the linear predictor and therefore explain (or generate) 

overdispersed binomial counts. 

 

The simulation studies showed that given the relatively high precision of the estimate 

of mean population density using the 20-tree OLC sample in the calibration data set, 

the effect on parameter estimation and calculation of OC functions of ‘errors-in-

variables’ was of little practical significance. 

 

Variable intensity, double, and sequential sampling plans 

 
A variable intensity sampling scheme such as that given by Nyrop et al. (1990) 

mentioned in the introduction, is not potentially useful here for OLC sampling in 

reducing costs by varying the number of shoots per tree from a maximum of six. This 

is because of the high fixed cost of obtaining the branch or branches from which the 

shoot sample is taken using a pole pruner. In Table 2.3 the time taken to obtain the 

branch was given as 90 sec while examination of a shoot takes only 20 sec. 

Therefore, there is a much larger potential for cost saving by reducing the fixed 

component of costs by reducing the sample size of trees rather than reducing the 

sample size of shoots per tree. This is the approach adopted in the recommended 

double sampling scheme. 

 
The main disadvantage of the recommended double sampling scheme is that when 

the follow-up sample is required the compartment is traversed twice which is 
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inefficient in terms of walking time. However, this inefficiency is unavoidable if the 

gain in efficiency, due to a decision of the required reliability being made with only 

the initial binomial sample, is to be achieved. On the positive side, traversing the 

compartment whether once or twice ensures that samples are representative and 

provides protection from incorrect decisions due systematic sampling in the presence 

of spatial heterogeneity or patchiness in population density. 

 

The patchiness in C. bimaculata egg populations is known to be at times very 

pronounced (D. Bashford, pers. comm.) but no detailed study has been carried out to 

quantify it. The work of Clarke et al. (1997) using sticky trap catches of adults 

suggested a patch diameter of approximately 110 m but their data was too limited to 

suggest a corresponding patch size for egg populations. 

 

Sequential sampling allows a more efficient use of walking time and results in 

smaller sample sizes than fixed-sample-size schemes while still achieving the 

required reliability. However, before such a scheme can be designed, detailed data on 

the spatial distribution of occupied trees across a sample of compartments for a range 

of population densities is required. Estimates of average patch size and its variability 

would allow simulation experiments to test prospective sequential sampling plans 

(Newton, 1994). 

 

Should sample counts of occupancy use only egg batches or both egg batches and 

larvae? 

The results in Section 2.2 on OLC sampling are for counts of leaves occupied with 

one or more egg batches. Counts of leaves that were occupied only by larvae were 

excluded. However, the results in Section 2.3 were for a binomial sample of 

presence/absence data where a ‘ presence’ was recorded if the tree was determined, 

visually, to be occupied by egg batches or larvae and a value of zero otherwise. 

Therefore, to be consistent, the mean of the OLC counts used in Section 2.3 was that 

calculated using the total of leaves occupied by egg batches or larvae. 

 

When the results of Section 2.2 and 2.3 were combined in the double sampling 

scheme described in Section 2.4 it was assumed that the mean density predicted from 

the binomial model, given by (2.25), and that obtained directly from the follow-up 
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OLC sample were both for egg batches only. This requires the assumption that the 

relationship between proportion occupancy and mean density, given by (2.19) or 

(2.25), is unchanged when both these quantities are calculated using observations on 

egg batches only. 

 

The issue of whether larvae should be included in counts is complex. Calculation of 

action thresholds described later (Section 7.7) was based on a relationship between 

counts of the actual number of egg batches on each shoot for a sample of shoots and 

the OLC sample values for the same sample of shoots. This relationship was much 

poorer when counts of egg batches were combined with counts of individual larvae 

and the corresponding OLC sample included leaves occupied by either eggs or larvae 

(N.Beveridge FT, pers. comm.). Also the variance models given in Section 2.2 each 

gave a much poorer fit when the OLC sample included both eggs and larvae. For 

example the mean deviance of 0.236 calculated from the total deviance in Table 2.7 

for TPL (T1,S1) (i.e. 5.195/22) was more than doubled to 0.565 (=14.13/25) when 

larvae were included. 

 

Egg batches and neonate larvae are obviously aggregated on individual leaves, but 

later instar larvae tend to disperse through the tree’s canopy with this tendency 

increasing with increasing larval maturity. This process of dispersal will dilute the 

relationship between occupancy count (both at the leaf and tree level) and actual 

population density. Therefore, sampling should be carried out before the larval 

dispersal stage predominates so that the OLC and binomial sampling give population 

density estimates of the required precision. Fortunately, this recommendation for 

sampling corresponds to the requirement that control decisions are required before 

older (e.g. third and fourth instar) larvae predominate. However, this ideal time of 

sampling is not always achieved and the control decision should take into account 

larval population density. Further research is required to help resolve this issue 

where, initially, a high priority should be given to obtaining calibration data for the 

binomial sampling model which is restricted to counts of egg batches. A substantial 

reduction in the biological error variance may be achieved if the counts are restricted 

in this way and this would result in an improvement in the efficiency of binomial 

sampling. 
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Selecting the best sampling scheme/decision rule based on its economic value 

When comparing two competing sampling schemes, if both schemes give the same 

reliability of decisions for the range of interest of µ  (i.e. equivalent OC functions) 

then the scheme that costs less (i.e. is quicker) is obviously the ‘best’ scheme to use. 

However, other considerations may make this ‘best scheme’ less desirable than the 

more expensive scheme. Such considerations include comparisons of the complexity 

of the schemes, for example double sampling schemes often require the use of a field 

computer (Binns and Nyrop, 1992). 

 

When the OC functions for two competing schemes cannot be made equivalent by 

manipulating sample sizes, for example as seen in Fig. 2.8(a), then comparisons need 

to be made on the basis of the economic value of the sampling scheme/decision rule 

(Nyrop et al., 1986; Binns and Nyrop, 1992). To calculate this economic value a 

‘cost of damage’ function (which expresses the economic cost of an uncontrolled 

population as a function of mean density) and the long-term probability density 

function of µ  are required. This ‘cost of damage’ function is obtained from the 

results obtained in Chapters 3, 4, and 5 and these results combined with the OC 

functions described here are then applied in Chapter 7. Therefore calculation of the 

economic value of each of the OLC, binomial, and double sampling schemes is 

deferred until Section 7.3. 

 

2.6 SUMMARY 

Sampling schemes for monitoring C. bimaculata egg populations using (a) OLC 

sampling which counts the number of occupied leaves on shoots (OLPS) for a 

sample of trees with unknown total sample size of leaves, and (b) binomial sampling 

which counts the number of sample trees that are occupied were studied. 

 

The optimum sample size of shoots for OLC sampling was six, which combined with 

20 sample trees gives reliable control decisions for an action threshold of mean 

OLPS of 0.5 for an average sampling time of 90 min per compartment. The range in 

mean OLPS with lower and upper error rates of 10% was 0.36 to 0.68. 
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Binomial sampling with a 40-tree sample was cheaper (i.e. taking at most 33.3 min) 

but less reliable with a range of the mean for 10% lower and upper error rates of 0.26 

to 0.9 OLPS. A double sampling scheme is recommended whereby an initial 

binomial sample of 40 trees is taken and a follow-up OLC sample of 20 trees is 

carried out if there are between 19 and 37 (inclusive) occupied trees from the 

binomial sample. This scheme would have been expected to reduce sampling time 

for the 1997/98 season by at least one third with only a slight loss of reliability 

compared to the 20-tree OLC sample. 

 

Some novel statistical methods were employed in developing these sampling 

schemes. For OLC sampling, multi-stage modelling of the variance of the counts 

using Taylor’s power law and Iwao’s regression were compared to a single-stage 

modelling approach using generalised linear mixed models (GLMMs). To do this 

GLMMs were extended to incorporate a negative binomial variance function. 

Efficiency of estimation was improved by using a more accurate approximation to 

the variance of the mean using TPL. The improvement here was only slight but may 

be more substantial for other values of the variance parameters. For binomial 

sampling William’s method III of handling overdispersion in a binomial generalised 

linear model is shown to have theoretical and practical advantages over current 

methods that use simple linear regression. 
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CHAPTER 3 
 

LEAF, TREE, AND STAND MODELS FOR E. NITENS 

 

3.1 INTRODUCTION  

In order to quantify the impact of C. bimaculata larval browsing on the growth of 

E. nitens and thereby provide a key input into the economic model for the IPM 

program (Chapter 7), models of the growth of E. nitens both with and without 

browsing were required. To do this it was necessary to measure growth at a number 

of scales or levels. These were : (i) at the individual leaf level at which larval feeding 

takes place (Section 4.4), (ii) at the shoot level which allowed the growth in (i) to be 

aggregated and used as input to the model describing the impact of defoliation on 

tree diameter and height growth (Section 5.4), (iii) at the individual tree level to 

predict the expected or ‘normal’ growth and yield at harvest in the absence of 

defoliation in the current growing season, and (iv) at the stand level to allow 

projection of the aggregate growth of all trees in the stand to harvest age.  

 

The models described in this chapter are those required at levels (i), (iii), and (iv) 

above. No model was developed for level (ii) because growth at the shoot level, for a 

given period, is simply the aggregate of the growth of existing individual leaves on 

the shoot and the growth of newly recruited leaves. Therefore the only shoot-level 

model of interest would be a model of leaf recruitment. Such a model was not 

developed here since in the application of the leaf-level models developed in Section 

4.4 a simple, constant leaf recruitment rate is assumed.  

 

These models were combined with the models described in Chapters 4 and 5 so that 

the economic benefit of artificially controlling larval populations could be estimated 

as a function of population density (Section 7.7).  

 

In what follows : 

1. A model of leaf expansion for adult E. nitens leaves is described. This model 

consists of the following sub-models ; (a) a model to predict fully expanded leaf 

area (FELA) and (b) a model to predict leaf expansion given FELA. 
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2. Individual tree models of total tree volume, taper, and bark thickness for 

E. nitens are outlined. 

3. A brief outline of stand and tree-level growth and yield models for E. nitens 

plantations described by Candy (1997b) is given. 

 

All these models describe ‘normal’ growth and stand dynamics where “normal” 

means that no significant defoliation by leaf beetles has occurred. In particular, this 

is known or assumed to apply to the sample of leaves, trees, and stands and 

measurement periods used for model calibration. 

 

3.2 LEAF EXPANSION 

3.2.1 Data1 

Leaf measurements were taken on eight trees each of E. nitens and E. delegatensis 

established in a species trial replicated at four sites near Esperance in southern 

Tasmania (Appendix 5). The sites were planted in August 1983 and formed an 

altitudinal sequence at 60, 240, 400, and 600 m asl (Beadle and Turnbull, 1986; 

Turnbull et al., 1988, 1993; Beadle et al., 1993). The eight sample trees from each 

species consisted of two trees sampled at each of the four sites. Leaf measurements 

along with detailed descriptions of branch development were made between August 

1985 and May 1986 at each site (Beadle and Turnbull, 1986). Only the leaf 

measurements for adult leaves of E. nitens were used here since, as mentioned in 

Section 1.3, only the adult leaf form is browsed by C. bimaculata. In addition, the 

plant material in the feeding and artificial defoliation trials described in Chapters 4 

and 5, and the laboratory feeding trial described in Baker et al. (1999) were all 

restricted to adult E. nitens leaves. Since the trees were young at the time of 

measurement (age=2-3 years) only a small fraction of the thousands of leaves 

measured were of adult form. However, since the development of second and third 

order branches (i.e. first order branches are those attached to the tree bole) was 

observed from their initiation, the development of most of the adult leaves was 

observed from soon after leaf initiation to full expansion. 

                                                 
1This data was kindly made available by Dr. Chris Beadle and Mr. Charles Turnbull (retired) of the 
CSIRO Division of Forestry and Forest Products. 
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Leaves were measured at approximately 14-day intervals over the main summer 

period and then every four weeks in the autumn. The length and width of the leaves 

were recorded as well as their type as either juvenile or adult, and if they had been 

browsed. Leaves were first measured when they were of sufficient size (i.e. the 

smallest recorded length and width were 1 and 0.2 cm respectively). Since the onset 

of leaf expansion from the naked bud (called ‘leaf set’ for the remainder) was not 

observed, the exact age of the leaves was not known. It was only known that the leaf 

had grown to measurement size since the previous measurement. 

 

For this study the measurements for a total of 374 leaves were obtained. This 

represented all adult leaves for which (i) there were at least two measurements, (ii) 

observable expansion had occurred given the limits on the accuracy of measurement, 

and (iii) no damage from insect browsing was evident. There were some adult leaves 

set either late in the previous summer or autumn that were small but fully expanded 

by August 1985. These were excluded. The sample of 374 leaves came from a total 

of 35 shoots and the number of leaves per shoot ranged from 6 to 150. Leaf area was 

estimated using the allometric regression equation (4.9) described in Section 4.3.2. 

Figure 3.1 shows individual leaf area trajectories for the sample of leaves at each 

site. 

 

Daily minimum and maximum screen temperatures were obtained from thermo-

hydrograph sheets recorded in a Stevenson screen at each site for the 366 days 

between 1/8/85 and 1/8/86. Figure 3.2 shows the daily maximum and minimum 

temperatures (smoothed using an 11-point moving average) for the period for each 

site. Also from these sheets, at each site, a random sample of five days was taken 

from each calender month in the above period and the time of day of each of the 

maximum (TODMAX) and minimum temperature (TODMIN) recorded. The 

monthly averages of TODMAX and TODMIN at each site were then obtained. These 

values along with daily minimum and maximum temperatures were used to 

interpolate temperatures at 15 min intervals between 0 and 24 h on each day. This 

interpolation was carried out for each day by first taking a subject day and the day 

either side and concatenating the pairs of minimum and maximum temperature in a 

vector giving six values, y, and likewise for TODMIN and TODMAX (within a 

month the three pairs of values would be identical) giving x. A cubic spline was then  
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Figure 3.1 Leaf area expansion for E.nitensleaves at four sites at  
Esperance, southern Tasmania. The individual leaf area trajectories 
are shown for sites 1 to 4.
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Figure 3.1 Leaf area expansion for E.nitensleaves at four sites at  
Esperance, southern Tasmania. The individual leaf area trajectories 
are shown for sites 1 to 4.
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Figure 3.1 (continued) Leaf area expansion for E.nitensleaves at four 
sites at Esperance, southern Tasmania. The individual leaf area 
trajectories are shown for sites 1 to 4.
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Figure 3.2 Smoothed daily (a) maximum, and (b) minimum temperatures 
at 4 sites near Esperance in Southern Tasmania. Smoothing involved 
taking a moving average using 5 days either side of the target day.
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Figure 3.2 Smoothed daily (a) maximum, and (b) minimum temperatures 
at 4 sites near Esperance in Southern Tasmania. Smoothing involved 
taking a moving average using 5 days either side of the target day.
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fitted through (y,x) values and temperatures were obtained from the fitted spline 

curve at 15 min intervals (Candy, 1990; Candy and McQuillan,1998). Figure 3.3 

shows an example of a fitted spline curve. 

 

From these predicted temperature traces at each site the day-degrees for each integer-

valued temperature threshold between 0 and 15 Co  were obtained for each day. 

These were then accumulated to give the day-degrees from 0 h on 1/8/85 to any 

future day up until 31/7/86 for each of the 16 values of lower temperature threshold. 

The notation for degree-days with threshold temperature, τ , of DD[ τ ] will be used 

for the remainder. If the temperature at time, t, is T(t) the day-degrees for threshold 

temperature, τ , for the period of 0 to l Julian days is given by (Jones and Hesketh, 

1980)  
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Figure 3.3 Example of the method of predicting temperature
at 15 min intervals showing measured minimum and maximum daily
temperatures (circles) for 3 consecutive days in January at site 1.
Time of day of maximum and minimum temperature are based on
smoothed monthly means. Predictions for the middle day are based
on a cubic spline curve fitted to the 6 data points. Predictions for the
next day are obtained by  shifting the time scale by 24 hours.

Prediction period
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otherwise
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where

dtttTDD
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=
τ>=δ

δτ−=τ ∫
 

 

In practice this integral is obtained numerically. The trapezoidal rule was used here. 

Figure 3.4 shows cumulative day-degrees for each site for threshold temperatures of 

3 and 6 Co . 

 

Table 3.1 summarises the leaf measurement data. 

 

3.2.2 PREDICTING FULLY-EXPANDED LEAF AREA 

 

Typically, leaf expansion is modelled empirically using a sigmoidal, asymptotic 

growth curve such as the Richards function (Williams, 1975; Jones and Hesketh, 

1980; Hunt, 1982; Cromer et al., 1993). From Fig. 3.1 and Table 3.1 it is clear that 

there is considerable variation in the leaf area at full expansion where full expansion 

(FE) is taken to be the leaf area when there is no further growth. Therefore, 

predictions of leaf expansion of a newly initiated leaf or a leaf measured at some 

later stage in its development (but before full expansion) using an average fully-

expanded leaf area (FELA) as an estimate of the asymptote of the growth curve 

would be very imprecise for an individual leaf.  Similarly, fitting the Richard’s 

function as a nonlinear regression through the swarm of points represented by the 

measured leaf areas would also produce very imprecise estimates for individual 

leaves. Jones and Hesketh (1980) note that predicting leaf expansion under varying 

environmental parameters is difficult because of the large variability in individual 

leaf FELAs.  For this reason it was necessary to try and predict fully expanded leaf 

area more precisely than a simple mean of the observed FELAs in this dataset. 
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Table 3.1 Summary of leaf measurements by site 
 

         Site  Altitude 

(m) 

Number 

shoots  

Number 

leaves 

( FE1) 

Measurements  

Per leaf 

( FE) 

Mean 

Minimum 

Maximum 

FE 

length 

(cm) 

Mean 

Minimum  

Maximum 

FE width  

(cm) 

Mean 

Minimum 

Maximum 

FE area 

(cm 2) 

Mean 

Minimum 

Maximum 

MER2 

(cm 2day -1 ) 

Mean3 

Minimum 3 

Maximum3 

          1    60   8  39 (1)  2.9   (4) 

 1     (4) 

 5     (4) 

  10.6 

  10.6 

  10.6 

   2.0 

   2.0 

   2.0 

  14.2 

  14.2 

  14.2 

  0.92 

  0.05 

  3.70 

 2   240  10 113(38)  4.7 (6.8) 

 1     (5) 

 9     (9) 

  17.7 

  10.1 

  25.6 

   4.3 

   1.7 

   8.3 

  58.7 

  14.6 

 136.5 

  1.10 

  0.16 

  3.55 

 3   400  11  88(20)  4.8 (8.0) 

 2     (3) 

14    (14) 

  12.2 

   5.0 

  18.7 

   4.1 

   0.8 

   6.6 

  41.3 

   3.4 

  72.2 

  0.73 

  0.04 

  2.34 

 4   600  14 134(43)  4.2 (6.8) 

 1     (3) 

10    (10) 

  14.7 

   2.0 

  19.6 

   4.4 

   0.3 

   7.2 

  51.1 

   0.5 

  95.5 

  0.79 

  0.02 

  3.81 

All   43 374 (10

2) 

 4.4 (7.0) 

 1     (3) 

14    (14) 

  15.3 

   2.0 

  25.6 

   4.3 

   0.3 

   8.3 

  51.6 

   0.5 

 136.5 

  0.88 

  0.02 

  3.81 
1FE=leaves that were measured to full expansion (see S ection 3.2.2). 
2Maximum expansion rate over the measurement interva ls for an individual leaf. 
3For all 374 sample leaves.
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Day-degree model to predict FELA 

Figure 3.5 shows a selection of leaves measured to full expansion where the first 

measurement of the leaves ranged from 40 to over 150 days from the start of 

measurements. These particular leaves have been selected to demonstrate the 

rationale behind the approach to predicting fully expanded leaf area adopted here. 

This rationale is based on the observation that leaves initiated later in the growing 

season cannot reach the maximum possible leaf area achieved by leaves initiated in 

the main part of the growing season which can generally be considered as the period 

December to March. The same observation can be made for leaves initiated in late 

winter/early spring which also have small fully expanded leaf areas (Fig. 3.5). This 

can be explained in terms of temperature or an accumulated thermal sum required for 

leaf expansion. This thermal sum can be expressed as day-degrees with lower 

temperature threshold of τ , DD[ τ ]. 

 

 

To exploit this relationship a total of 102 of the 374 leaves were selected where these 

leaves had been measured to full expansion or later. These 102 leaves were selected 
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Figure 3.5 Examples of leaf area expansion demonstrating the
relationship between fully expanded leaf area and time of leaf
initiation.
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Figure 3.5 Examples of leaf area expansion demonstrating the
relationship between fully expanded leaf area and time of leaf
initiation.
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on the basis that their growth in the last measurement period was less than 5% of the 

leaf area at the start of that measurement period. The data for modelling was 

restricted to these 102 leaves which had a total of 716 measurements. Table 3.1 gives 

a summary of the data for these leaves. For each leaf, the time of leaf initiation or set, 

in terms of days and day-degrees accumulated from 0 h on the 1/8/85, was estimated 

by linearily extrapolating the first two leaf measurements back to a leaf area of zero. 

Day-degrees to leaf initiation were calculated for each threshold temperature, τ , 

from 0 to 15oC in 1oC steps. The leaf’s FELA as proportion, P, of the maximum 

FELA for the shoot from which the leaf was taken is shown in Fig. 3.6 where the 

leaves which had the maximum FELA for the shoot have been excluded (i.e. these all 

take the value one). In the application of this model, described later in Section 4.4, 

the maximum FELA for each shoot was observed since all shoots in that experiment 

had some large (> 20 cm in length) fully expanded leaves. Therefore, the maximum 

FELA for the shoot is assumed known for the following.  

 

To model this proportion P the Weibull probability density function (PDF) was used 

as a flexible bell-shaped curve (irrespective of its usual definition as a probability 

density function). Since the maximum value for the Weibull density is less than one, 

to allow this model to predict P , the Weibull PDF was scaled so that it reached a 

peak value of one. The model is given for the 77 leaves used in the fit (i.e. excluding 

the 25 leaves that had the maximum FELA for their shoot) as 

 

{ } { }[ ] ( ) ε+αθ−−θ−α= α−α SXxXxLL /)(exp/)( 0
1

0max  (3.1) 

 

where L is the FELA for a given leaf, Lmax is the maximum FELA for the shoot, x is 

time of leaf set measured as either Julian days or day-degrees, DD[ τ ], from X0  the 

location parameter, θ  is a scale parameter, α  is the shape parameter, ( )αS  is a 

scaling function, and ε  is a random error assumed to be NIID(0,σ2 ). 

The form of ( )αS  used was  
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Figure 3.6 Fully expanded leaf area as a proportion of maximum 
individual leaf area for the shoot versus day-degrees to leaf set  for a 
6oC threshold.
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Figure 3.6 Fully expanded leaf area as a proportion of maximum 
individual leaf area for the shoot versus day-degrees to leaf set  for a 
6oC threshold.
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which ensures that L L= max  when L reaches its maximum value at time 

( ){ }x X= + −0

1
1θ α α α

/
/
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Parameter estimation 

The parameter X0  was estimated simply as 0.95 times the minimum value of x in the 

sample. For a given definition of x the parameters θ  and α  where estimated using 

equation (3.1) and ordinary least squares. For x defined as day-degrees with 

threshold τ , the estimate of τ  was obtained using a profile log-likelihood 

(McCullagh and Nelder, 1989, p.254). This was done by varying τ  from 0 to 15 Co  

in 1 Co  steps and at each value calculating the ordinary least squares (OLS) 

estimates, or equivalently the maximum likelihood (ML) estimates since L is 

normally distributed, of θ  and α . The maximum profile log-likelihood estimate of 

τ , ɵτ , is the value that minimises the residual sum of squares, RSS( τ ). Figure 3.7 

gives –2 x (profile log-likelihood) for τ  expressed as RSS( ) / ɵτ σ2  where 

ɵ (ɵ) /σ τ2 75= RSS  is the estimate of the residual variance for L. The estimate obtained 

was ɵτ = 6  and Table 3.2 gives the estimates of θ  and α  at this value of ɵτ . An 

approximate 95% confidence interval for ɵτ  is given by those values of τ  above and 

below ɵτ  for which { }RSS RSS( ) (ɵ) / ɵτ τ σ− 2  is closest to the 95% point of the 2
1χ  

distribution (McCullagh and Nelder, 1989, p.254). Figure 3.7 shows this approximate 

95% confidence interval. Figure 3.6 shows the fitted model expressed as L L/ max for 

ɵτ = 6 . Apart from a few outlying observations with L L/ max less than 0.4 for time of 

set in the range where predictions are close to one, the values of L L/ max generally 

show a bell-shaped relationship with DD[6]. However, the predictions are imprecise 

with coefficient of determination (i.e. R2) of only 0.345. For the remainder, the time 

scale for model (3.1) will be taken as DD[6] from 1/8/85 to the estimated time of leaf 

set and denoted by 6x . 
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Table 3.2 Parameter estimates and their standard er rors for 

model (3.1) with time measured as DD[6] 

     
Parameter  θ  α  X0  ɵσ2

 

     
Estimate 6.2806 2.3292 -0.7140 380.0 

s.e. 0.1772 0.1383 -  

 

 

3.2.3 PREDICTING LEAF EXPANSION GIVEN FELA 

3.2.3.1 Description of two candidate models 

For the 102 leaves for which FELA was known, the leaf areas, l, at time T were 

modelled with the definition of T as either days or day-degrees from 1/8/85 with 

threshold temperatureτ l . Two asymptotic, sigmoidal growth curves were tried. First, 

the well-known von Bertalanffy model using the parameterisation given by Richards 

(1959) (Williams, 1975; Jones and Hesketh, 1980; Hunt, 1982; Ratkowsky, 1990, 

p.109; Jones et al., 1991; Cromer et al., 1993) was used. The model is given by 

 

{ }[ ]l T a b T x c( ) exp ( )= − − − +1
1

δ ε  T>x ; 01 <−=δ cif  (3.2) 

  01 >=δ cif  

 

where T is time measured in days or day-degrees DD[ τ l ] from time of leaf set, x 

[measured on the same scale as T], b and c are scale and shape parameters, 

respectively, to be estimated, a is the asymptote parameter, and ε  is a residual error. 

The time of leaf set, x, was estimated by linear extrapolation as described in Section 

3.2.2. The asymptote parameter can be simultaneously estimated with b and c or 

taken as the observed value. In the application of the leaf expansion model, described 

later in Section 4.4, the estimated value of a obtained from (3.1) was used since 

FELA was not always known. As a result the emphasis in this section is to determine 

the best growth model for leaf area assuming a is known and estimated b and c 

parameters. For this reason, a will be taken as the final leaf area for each of the 102 

sample leaves measured to full expansion. Cromer et al. (1993) used model (3.2), in 

a different parameterisation, to predict leaf expansion of seedling trees of Gmelina  
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arborea, an important pulpwood plantation species in tropical climates, under a 

range of controlled nutrient treatments. 

 

An alternative approach to estimating x and fitting the ‘yield’ form of the Richards 

model given by equation (3.2) is to use the state-space form of this model. Garcia 

(1994) used this state-space model for growth of dominant height in Pinus radiata 

(D.Don) plantations while Candy and McQuillan (1998) used it to model growth in 

mean larval weight of the pasture scarab Adoryphorus couloni. The state-space 

model is obtained by solving for x in terms of an observed value of )(Tl , say 

l T l t( ) ( )= 1  at time T t= 1 , using (3.2) and substituting this value back into (3.2). 

The result is 

 

{ }l t a
l t

a
b t t

c

c

c

( )
( )

exp ( )= − −








 − −









 + ′1 1 1

1

1

ε  (3.3) 

 

where l t( )1  is an observed value or ‘state’ of leaf area and l(t) is leaf area at some 

later time T t=  (i.e. for t t> >1 0 ) and ′ε  is a residual error. This residual error 

could be thought of as the accumulation between t and t1  of unit-time random 

disturbances such as those due to a Wiener process (Garcia, 1983, 1994; Cullis and 

McGilchrist, 1990). It can be seen that model (3.3) does not depend on the age of the 

leaf at these two times but on the difference ( )t t− 1 . Therefore, a known or estimated 

time of leaf set is not required.  In fitting this model as a nonlinear regression the 

data are arranged in consecutive measurement pairs for leaf area {l t l t( ), ( )2 1 } and 

times {t t2 1, } and model (3.3) fitted with response variable l t( )2  conditional on 

l t( )1 , t t= 2 , and t1 . Time can be measured in Julian days, day-degrees, or an 

integral of a general temperature response function over ambient field temperatures 

(Candy and McQuillan, 1998). Without experimental data on the form of the 

underlying temperature response of leaf expansion only the linear model with lower 

threshold temperature incorporated as an unknown parameter, corresponding to the 

day-degree model, was investigated using a profile likelihood as was done in the 

previous section. The Richards model is well known to have poor convergence 

properties in estimation (Ratkowsky, 1983, p.73). In some cases fitting the simpler 
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logistic form of the model given by c=1 is necessary but with c, a, and x fixed then 

both (3.2) and (3.3) involve only one unknown parameter. This greatly limits the 

flexibility of the Richards model so this simpler model form was not used. 

 

An alternative asymptotic, sigmoidal growth curve is that based on a scaled Weibull 

cumulative density function (CDF). The Weibull model has an asymptote of one in 

its usual role as a CDF but it can be scaled to have an asymptote of a (Yang et al., 

1978; Hunt, 1982, p. 145; Ratkowsky 1983, p.63, 1990, p.142; Perala, 1985).  This 

produces a flexible, 2-parameter (again assuming fixed, known a and x parameters) 

growth model. Further, this model can be transformed to give a model linear in its 

unknown parameters. This model is given by 

 

{ }[ ] 0;/)(exp1)( >ε+′−−−= cbxTaTl cc  (3.4) 

 

or in linear form by calculating the complementary log-log (CLOG) transform to 

give the response variable, w, where 

 

{ }[ ] ε ′′+−+=−−= )ln(/)(1lnln xTcbaTlw  (3.5) 

 

and where b c b= − ′ln( )  and ε  and ′′ε  are residual error terms. Model (3.5) will be 

denoted as the CLOG model. 

 

The state-space version of model (3.4) is given by the rather clumsy expression 

 

l t a b c t t
b

c

l t

a

c

( ) exp exp ln exp ln
( )

= − − + − + −





 − −














































































+ ′1 11
1

1

ε  (3.6) 

 

with an interpretation corresponding to that of model (3.3). 

 

 Once parameter estimates have been obtained from the fit of either the yield or state-

space form of the model, then given a set of parameter estimates, either form of the 
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model can be used for prediction. However, the state-space model requires a 

measurement of leaf area to set the ‘state’ while the yield form can predict expansion 

from time of leaf set. In Section 4.3.2 both forms of the model were required: (i) to 

‘grow on’ existing, still expanding measured leaves using the state-space form (3.3), 

or (3.6), and (ii) to predict expansion of newly recruited leaves using the yield form 

(3.2), or (3.5). 

 

3.2.3.2 Modelling the error structure 

 
To allow efficient estimation of b and c parameters and a valid specification of the 

profile likelihood function for estimation of lτ , it was important to adequately model 

the error structure for each of the above models. Since the data are both cross-

sectional (across leaves) and longitudinal (across measurement times) in nature the 

error structure can be complex (Dielman, 1983; Diggle et al., 1994). The form of 

model used can also affect assumptions about the errors. For example, if residuals 

from the Richards yield model (3.3), ε , are assumed independent across 

measurements within a leaf then the residuals from the corresponding state-space 

model (3.4), ′ε , must be correlated between measurements with a tria-diagonal 

variance-covariance matrix for each leaf (Cullis and McGilchrist, 1990). The same 

applies to the CLOG model. Also for the nonlinear form of the CLOG yield model 

(3.4), if the residuals are assumed to have constant variance then the residuals for the 

linear form, model (3.5), must have non-constant variance. 

 

Therefore, to make the modelling effort more manageable, the first step taken was to 

determine which model form was best to proceed with using a naïve OLS fit. As 

described in the results section, the best model in terms of residual mean square for 

leaf area for both yield and state-space form was the CLOG model. Also, of the two 

model forms, the yield form was found better behaved for estimation. For this 

reason, estimation of the linear yield model (3.5) was carried out with concurrent 

modelling of the error structure that accounted for random leaf effects and possible 

serial correlation over time. Model (3.5) was fitted as a linear regression with the 

estimated residuals, ɵ ′′ε , examined to determine if the assumptions of homogeneous 

residual variance and normality were appropriate. 
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The random coefficients (RC) model 

Model (3.5) was extended to included between-leaf random effects. This was done 

by fitting a linear mixed model (LMM) of the following form 

 

{ }[ ] ε ′′′+−β++β+=−−= )ln()(/)(1lnln xTcbaTlw cb  (3.7) 

 

where bβ  and cβ  are random leaf effects associated with the regression constant and 

slope respectively with one value of each for each leaf. The elements of the random 

effect vectors bββββ  and cββββ  are assumed independently, identically, and normally 

distributed across leaves with expected values of 0 and variances σb
2  and σc

2  

respectively and covariance across the vectors of bccbCov σ=ββ ),(  (Goldstein, 1995, 

p. 88). The overall random model component of (3.7) and a subset of this model (i.e. 

assuming any of σb
2 ,σc

2  or σbc  are zero with the constraint that if either σb
2  or σc

2  

are set to zero then σbc  must be set to zero) can be fitted. From model (3.5) and (3.7) 

we have 

 

( )Var t tt b j bc j cj
′′ = + + +ε σ σ σ σ2 2 2 22  

( )Cov t t t tt t b j k bc j k cj k
′′ ′′ = + + +ε ε σ σ σ, ( )2 2  

 

where ′′ε t j
 is the error for a given leaf (the subscript i representing the leaf has been 

suppressed to simplify the notation) at time t j  and similarly for ′′ε tk
. The residual 

error term ′′′ε  is the within-leaf residual error which is assumed NIID(0, σ2 ). This 

model can also be described as a random coefficients regression model (Goldstein, 

1995 p.20) or ‘the growth curve model’ (Diggle et al., 1994, p.89). 

 

Random intercepts plus a continuous-time AR(1) model 

Alternatively, the residuals ′′′ε from (3.7) may be modelled to have a covariance 

between measurements which is positive but decreases as the separation in time 

increases using a continuous analogue of a first-order autoregressive, AR(1), time 
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series model, the exponential correlation model (Diggle et al., 1994, p.57). To 

incorporate the continuous-time AR(1) error model, the random slope term was 

dropped from (3.7) to avoid overlaying two error processes which each generate 

correlations which change with time. This model is given by 

 

{ }[ ] ε ′′+−+β+=−−= )xTln(cba/)T(llnlnw b1  (3.8) 

 

where 

 

( ) ( ) 2101
2

1
or,;ttexpCov jjtt jj

=ω>φ−φ−σ=ε ′′ε ′′
ω

−−
, (3.9) 

 

( ) ( ) 2

1
σ=ε ′′=ε ′′

−jj tt VarVar , φ  is a parameter that determines the rate of decay in 

correlation with increasing time difference, and 1=ω  gives the Euclidean metric for 

measuring the ‘distance’ between measurement times while 2=ω  gives the squared 

Euclidean metric (Genstat 5 Committee, 1997b). Note that (3.9) assumes that the 

error variance of 
jtε ′′ , conditional on the random intercepts, is constant over time. 

Since there is no random slope effect the marginal variance of w given the fixed 

effects, b + cln(T-x), is also constant and is given by 22 σ+σb . 

 

3.2.3.3 Estimation for the CLOG LMM  

Estimation of the b and c parameters and random error model parameters in each of 

models (3.7) and (3.8) was carried out using GENSTAT’s REML procedure (Genstat 

5 Committee, 1997). This corresponds to fitting the LMM given by  

 

εεεεββββαααα ′′′++= ZXw  (3.10) 

 

where w is the vector of CLOG transformed leaf areas, X  is the n x 2 matrix with 

first column simply 1’s which gives the intercept term in model (3.5) and second 

column the values { }
l

xDD l τ−τ )(ln  where τ l  is assumed known (the dependence of  

on τ l  has been suppressed for the moment), αααα =(b, c)T is the vector of regression  
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parameters, ββββ  is an 2q x 1 vector specifying the random effects where q is the  

number of leaves, Z is the n x 2q matrix linking the random effects to w, ∑ =
= q

i inn
1

 

where the number of measurements for the i th leaf is in , and εεεε ′′′  is a vector of 

random errors which are assumed NIID(0,σ2 ). 

 

For model (3.7) ( )qi XXXXZ ⊕⊕⊕⊕⊕= ......21  which is the direct sum (Searle 1965) 

of individual-leaf X-matrices and ββββ 




 ββββββββ= cqbqcibicbcb ,...,...,, 2211  with 

partitioning also corresponding to leaves. The marginal variance of w is given by 

 

IZZDQw 2)var( σ+== T
q  (3.11) 

 

and qD  is the 2q x 2q block-diagonal matrix formed by q direct sums of D  where 

 










σσ
σσ

=
2

2

cbc

bcbD  and I  is the n x n identity matrix. Model (3.7) expressed in this way 

will be denoted as the ‘random coefficients linear mixed model’ or RC/LMM 

 

For model (3.8) expressing the random effects which generate the covariances given 

by (3.9) as a continuous-time AR(1) model gives 

 

ijjjj njz ...2;1 =ε ′′′+ε ′′=ε ′′ −  

 

where, across leaves, the 1ε ′′  are NIID(0, 2σ ) and the residual error, jε ′′′ , is 

NIID(0, )1( 22
jz−σ ) where 

 

( ) 0;...2;exp 11 ==−φ−=
ω

− znjttz ijjj . 
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The parameter φ  is assumed to have a common value across-leaves. This error 

process combined with the random intercept term, bβ , can be expressed as a LMM 

of the form of (3.10) with ( )qi ZZZZZ ⊕⊕⊕⊕⊕= ......21  where the typical iZ  sub-

matrix is size in x 1+in  with the first column simply the in -length vector of 1’s 

corresponding to the random intercept while the remaining in  columns define a 

diagonal matrix given by ( )
inj zzzdiag ......1 . The random effects vector in (3.10) is 

then given by 

 

ββββ ( )
qi qnqbqinibinb ε ′′ε ′′βε ′′ε ′′βε ′′ε ′′β= ,...,...,...,...,..., 111111 1

. 

 

GENSTAT’s REML algorithm also adds a random measurement error, e, which is 

assumed NIID(0, 2
eσ ), to model (3.10). This corresponds to the ‘random intercept 

plus serial correlation plus measurement error’ model of Diggle et al. (1994, p.87) 

and will be called the ‘continuous-time AR(1) linear mixed model’ abbreviated to the 

CAR/LMM. 

The marginal variance of w is then given by 

 

IRZDZQw 22)var( e
T σ+σ+==  (3.12) 

 

where R is a diagonal matrix with diagonal elements given by )1( 2
ijz−  for i=1…q 

and j=1… in  and D is the direct sum ( )qi DDDDD ⊕⊕⊕⊕⊕= ......21  where the 

typical iD  sub-matrix is diagonal of size (in +1)x( 1+in ) where the first element is 

2
bσ  and the remaining elements all take the value 2σ . 

 

These results for the continuous-time AR(1) model follow from Diggle et al. (1994 

p.86) where their notation uses jα  in place of jz  and jε ′′′  is not given explicitly. 

However, the above definition of jε ′′′  is implied from the distribution they give for jε ′′  

conditional on 1−ε ′′j . 
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Estimation in GENSTAT iterates between solving the mixed model equations to give 

the best linear unbiased predictors (BLUPs) of ββββαααα,  (see Appendix A1) and 

estimating θθθθ  [= ( )Tbcbb σσσ ,, 22  for model (3.7) and ( )Tb
22 ,, σφσ for model (3.8)] using 

REML (GENSTAT 5 Committee, 1997). The estimator of 2σ  in (3.11) and 2
eσ  in 

(3.12) is given by a residual mean square where residuals are calculated conditional 

on the BLUPs of ββββαααα,  (see Appendix A1). The BLUP of αααα  corresponds to a 

generalised least squares (GLS) estimator. This method of joint estimation of ββββαααα,  

and θθθθ  is well known (Patterson and Thompson, 1971; Harville, 1974,1977; Laird 

and Ware, 1982; Diggle et al., 1994, p.64) and will not be described here. However, 

these methods were described in Appendix A1 for the application in Chapter 2 of 

multi-level, cross-sectional sampling (i.e. without longitudinal measurements). 

Although the nature of the data is different here the principles of estimation are the 

same as those employed in Chapter 2. 

 

Although the BLUP/REML estimation method is not described here, the detailed 

description of the models given above is required in the next section which gives a 

novel application of profile likelihood estimation to the modelling of temperature-

dependent leaf growth under ambient conditions in the field. 
 

3.2.3.4 Estimation of the threshold temperature τ l  parameter 

To estimate τ l , the temperature threshold parameter used in the day-degree 

calculation for T, the profile log-likelihood can again be used, However, due to the 

covariance structure for the repeated measurements of leaf area, l(t), the simple 

scaled residual sum of squares in Section 3.2.2 cannot be used. Instead if the profile 

log-likelihood is l ( )τ l  where 

 

2−  l ( )τ l ( ) +π= 2lnn ( ) ( )αααααααα ττττττττττττττττ ˆˆˆˆln 1

llll

T XwQXwQ −−+ −  (3.13) 
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and  represents the determinant of the matrix, then the value of τ l  for which the 

scaled profile log-likelihood, 2−  l ( )τ l , is minimised is the maximum profile 

likelihood estimate (MPLE) of τ l , ɵτ l . Note that the lower threshold for the day-

degree scale measuring time from 1/8/85 to leaf set given by x, must logically be the 

same as that for T. The scaled profile log-likelihood, 2−  lR )( lτ , based on the 

residual log-likelihood includes two extra terms to (3.13). These terms are 

ll

T
ττττττττ XXln−  and 

lll

T
ττττττττττττ XQX 1ˆln − . In addition the constant ( )π− 2ln)( pn  replaces 

( )π2lnn . However, these constants are dropped from the profile log-likelihood for 

the remainder since they involve no parameters of interest. It is preferable to use 2−  

l ( )τ l  to estimate lτ  rather than 2−  l R )( lτ  to avoid the scale of 
lττττX  influencing 

estimation. However, it was found that both produced similar results since these 

extra terms vary much more slowly with lτ  than those in (3.13). 

 

An approximate )%1(100 α−  confidence interval was obtained for ɵτ l  by calculating 

the deviance, D =2 l ( ɵ )τ l -2 l ( )τ l , for a grid of values of τ l  about ɵτ l . The upper and 

lower values of the confidence interval were then obtained as the values of  D closest 

to the )%1(100 α−  point of the chi square distribution with single degree of freedom 

(McCullagh and Nelder, 1989, p.254) 

 

3.2.3.5 Diagnostic graphs 

The adequacy of the assumed error model can be assessed using conditional and 

marginal residual scatterplots, scatterplots of random effects, and the sample 

variogram. These diagnostic graphs can be compared to the theoretical properties of 

the two competing error models used here. Very importantly, the residual scatterplots 

also help assess the adequacy of the growth model itself. 

 

The conditional and marginal residual plots can be used to assess the nature of the 

variance and distribution of the residuals by visual inspection. Similarly, the 
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variance, distribution and relationship between random effect vectors can be 

examined using scatterplots. 

 

Conditional and marginal variances 

For the RC/LMM, model (3.7), the conditional variance, ( ) 2σ=ε ′′′Var , is constant 

but the marginal variance, ( )ε ′′Var , is a quadratic function of time. Since bcσ  is 

always negative, the variance is a minimum at 2/ cbcmt σσ−=  and increases as the 

absolute value of mtt − increases. This is in contrast to the model where bcσ  is 

assumed zero (Diggle et al., 1994, p.89). In that case the variance increases 

monotonically with t. 

 

For the CAR/LMM, models (3.8) and (3.9), the conditional and marginal variances 

are both constant. The assumptions about the random effects for both models were 

given earlier. 

 

Variograms 

The variogram of a stochastic process, such as that defined by ε ′′ , is given by the 

function 

 

( ) ( ) ( ){ }[ ]2
2
1 uttEu −ε ′′−ε ′′=γ  

 

where u is the lag which is the time between pairs of measurements on the same leaf 

(Diggle et al., 1994, p.79).  

 

The variogram function for the RC/LMM is 222
2
1)( σ+σ=γ uu cRC and for the 

CAR/LMM is ( ){ }uzuAR −σ=γ 1)( 2  where ( ) ( )ωφ−= uuz exp . 

 

The corresponding sample variogram is more complex to construct than scatterplots 

particularly for unbalanced data of the type used here where each leaf in the dataset 

of 102 FE leaves was measured for a subset of the full set of 36 measurement dates. 

In that case the set of lags, )( 1−−= jjj ttU , varies across leaves. 
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Constructing the sample variogram 

For time periods between measurements, which vary within and between leaves, all 

pairwise values of the differences, rit tj k
= ′′′ − ′′′ε εit itj k

, were calculated where the 

subscript i represents the ith leaf and the (j,k) subscript notation is introduced to 

represent all pairwise differences within the ith leaf’s set of measurements. The 

corresponding ‘distances’ or ‘lags’ between measurement pairs is given similarly by 

ikijtit ttU
kj

−= . The empirical or sample variogram is then constructed by 

accumulating the square of the rit tj k
 in lag classes using a set ‘step length’ and the 

values of 
kj titU . The accumulated sum is then divided by the number of pairwise 

values in the class. Note that since the residuals are assumed independent across 

leaves then pairwise differences in residuals were not included in the sum if the 

residuals in a pair came from different leaves. The sample semio-variance was then 

calculated as 

 

ɵ ( )γ us =
1

2ms
sitsi jkj tit uUur

jkj
<≤−≠∑ ∑ 1)(,

2 ;  

 

where ms  is the number of pairs in the lag class defined by lower and upper limits of 

1−su  and su  respectively (u0 0= ), and the maximum of us is the step size multiplied 

by the specified number of distance classes used. The FVARIOGRAM procedure in 

GENSTAT calculates the ɵ ( )γ us  for a single time series so it was necessary to 

repeatedly apply the FVARIOGRAM directive to accumulate the square of the rit tj k
 

over the sample set of leaves. The variances ɵ ( )γ us can then be graphed against lag 

class mid-points to allow trends to be identified. 

 

3.2.3 RESULTS 

Selecting the best growth model 

Both Richards and CLOG models when fitted in state-space form using OLS gave a 

minimum RSS l( )τ  for τ l = 0  while for the yield forms in both cases the minimum 

RSS l( )τ  was τ l = 6. Table 3.3 gives the parameter estimates, their standard errors, 

the residual mean square given by RSS l( )τ /(n-2), and the residual degrees of 
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freedom, n-2, for the fit of these models at their respective optimum threshold 

temperature, that is T DD= [ ]0  or T DD= [ ]6 and for T=days. A number of 

conditions were placed on the data used to fit the models. Firstly, for both yield and 

state-space models only leaf area measurements that were greater than the previous 

measurement were used. Secondly, for the yield models the measurement of leaf area 

when it first attained maximum expansion was excluded for each leaf (i.e. later 

measurements in this case were excluded in the above condition). In addition for the 

nonlinear fit to successfully converge for the CLOG yield model using the Day time 

scale it was found necessary to exclude measurements for which the estimated days 

from leaf initiation to measurement was 3 days or less. A number of other results 

shown in Table 3.3 are worth commenting on here. Firstly, for the state-space models 

the Day time scale gave a superior fit to the day-degree scale. Secondly, for the 

Richards model the signs of the parameters in the yield model are reversed in the 

state-space models. The Richards and CLOG models gave similar goodness of fit 

with state-space forms giving a much lower RMS than the corresponding yield form 

which is expected due to the extra information incorporated by the state-space model 

by conditioning on the previous measurement in each pair. The CLOG model was 

selected as the best model to develop further since it gave a slightly better fit in both 

yield and state-space model forms than the Richards model, did not display the 

inconsistency in parameter estimates between model forms, and can be more simply 

fitted in yield form as a LMM. 

 

Figure 3.8 shows examples of the fit of the CLOG in both yield and state-space 

forms for the Day scale where the fitted models were calibrated using only the 

measurements for each example leaf. The linear extrapolation used to estimate the 

time of leaf initiation, x, is also shown in Figure 3.8. The parameters in the state-

space model are estimated using OLS and all measurement pairs for the leaf but the 

predicted leaf area trajectory was conditioned on the first measurement. In contrast, 

the trajectory for the yield curve is conditioned on x. 

Modelling with the CLOG (yield) model as a LMM 

To obtain a successful REML fit in GENSTAT for both the RC/LMM and 

CAR/LMM it was found necessary to excluded measurements for which the days 
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Table 3.3 Comparison of OLS fit across models for e ach of yield and state-space 

(SSp) forms giving parameter estimates and standard  errors (in brackets). 

 

        Model Form Time  τ l  b c  df RMS(τ l )  

        Richards  yield  DD[ τ l ]   6   0.9015 

(0.0447) 

  0.2131 

(0.0231) 

557  91.8 

 yield  Day  -   0.0492 

(0.0030) 

  0.2756 

(0.0328) 

557 128.9 

Richards  SSp DD[ τ l ]   0   0.9131 

(0.0356) 

 -1.0007 

(0.0727) 

455  19.6 

 SSp Day  -   0.1082 

(0.0040) 

 -0.9602 

(0.0672) 

455  18.1 

CLOG yield  DD[ τ l ]   6  -2.0860 

(0.0906) 

  2.1034 

(0.0890) 

557  89.6 

 yield  Day  -  -7.1601 

(0.3578) 

  1.8903 

(0.0948) 

545 131.0 

CLOG SSp DD[ τ l ]   0 -11.7318 

(1.253) 

  5.3187 

(0.4192) 

455  18.8 

 SSp Day  - -22.4819 

(1.9395) 

  5.2204 

(0.3815) 

455  17.5 
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Figure 3.8 Examples of observed and fitted leaf area trajectories 
for the Day time scale and the CLOG model. The dashed line is 
the extrapolation used to estimate time of leaf initiation. The fit 
of the yield curve is shown by the dotted line. The solid line 
shows predictions from the state-space model from state t1 .
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Figure 3.8 Examples of observed and fitted leaf area trajectories 
for the Day time scale and the CLOG model. The dashed line is 
the extrapolation used to estimate time of leaf initiation. The fit 
of the yield curve is shown by the dotted line. The solid line 
shows predictions from the state-space model from state t1 .
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Figure 3.8 (cont.) Examples of observed and fitted leaf area trajectories 
for the day time scale and the CLOG model. The dashed line is the 
extrapolation used to estimate time of leaf initiation. The fit of the 
yield curve is shown by the dotted line. The solid line shows 
predictions from the state-space model from state t1 .
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Figure 3.8 (cont.) Examples of observed and fitted leaf area trajectories 
for the day time scale and the CLOG model. The dashed line is the 
extrapolation used to estimate time of leaf initiation. The fit of the 
yield curve is shown by the dotted line. The solid line shows 
predictions from the state-space model from state t1 .
.
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 from estimated x to measurement time on the Day scale were less than 7 days. This 

was in addition to the conditions applied for the earlier OLS fit. This meant that 

some of the first measurements were dropped. This was necessary since on the 

complementary log-log scale the residuals can be extreme for these very early 

measurements. This is indicated by Fig. 3.8 by the three examples where the first 

measurement of leaf area is very small and the predicted leaf area is even smaller, 

approaching zero. The residual on the transformed scale can be extreme in these 

cases making the estimation of random effects numerically unstable. Examination of 

model residuals for the fit of the Richards model revealed that these small leaf areas 

were also the cause of the inconsistent parameter estimates between state-space and 

yield forms seen in Table 3.2. 

 

When the CLOG model was fitted as the RC/LMM described by model (3.7) the 

value of 2− l ( )τ l  was minimised at τ l = 3. Figure 3.9 shows the scaled profile log-

likelihood over a range of threshold temperatures about the MPLE of ɵτ l = 3 along 

with approximate 95% confidence intervals. Table 3.4 gives the parameter estimates 

and their standard errors at this value of the threshold parameter along with estimates 

of the random effects variances and covariance, and the residual variance for model 

(3.7). There was a substantial reduction in 2− l ( )τ l  due to adding the random slope 

term indicating the importance of this term since when it was excluded the value of 

2− l ( )τ l  obtained was 251. Figure 3.10 also demonstrates the high degree of 

correlation between the estimated random effects bβ̂  and cβ̂  justifying the 

estimation of σbc . 

 

Obtaining a successful fit for the CAR/LMM was more difficult since the numerical 

stability of the model was very sensitive to the time scale used in covariance model 

(3.9). This problem was exacerbated by setting 2=ω  so the setting 1=ω  was 

retained. After considerable effort, the only time scale in (3.8) that gave sensible 

parameter estimates for φ  and 2σ  was the logarithm of Julian days from 1/10/85. 

This version of model (3.9) was then combined with each of the day-degree time 
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Figure 3.10 Random leaf effect estimates for the RC/LMM fit of 
the CLOG model for DD[3] showing random intercepts versus 
random slope estimates.
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Figure 3.9 Profile log-likelihood for threshold temperature parameter 
and approximate 95% confidence interval for from the RC/LMM fit 
of the CLOG model.
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Figure 3.10 Random leaf effect estimates for the RC/LMM fit of 
the CLOG model for DD[3] showing random intercepts versus 
random slope estimates.
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Figure 3.9 Profile log-likelihood for threshold temperature parameter 
and approximate 95% confidence interval for from the RC/LMM fit 
of the CLOG model.
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scales for model (3.8). The smallest value of -2 l ( )τ l (=150) was obtained for lτ =0 

and the values of -2 l ( )τ l  then increased monotonically with increasing lτ . 

 

Table 3.4 Parameter estimates and scaled profile lo g-likelihood for 

the RC and CAR fit of the CLOG model. 

  
Random coefficients (RC) model 

model (3.7)  

Random intercept/CT-AR(1) (CAR) 

model  
      

Parameter Estimate Standard 

error  

Parameter Estimate Standard 

error  

τ l      3   (0, 5) a τ l      3 - 

b   -3.0003  0.1450 b   -2.6771  0.1195 

c    2.3045  0.0628 c    2.1096  0.0598 

σb
2

   1.7583  0.3432 σb
2

   0.3785  0.2435 

σc
2

   0.1996  0.0631 φ    1.5010  0.6447 

σbc   -0.5565  0.1345 σ2
   0.9067  0.8621 

σ2
   0.2825  0.0250 2

eσ    0.0335  0.0325 

Scaled profile log-likelihoods and degrees of freed om 

2− l (ɵ )τ l  
 161.43  2− l )( lτ  

 162.69  

2− l (ɵ )τ l  
 172.19  2− lR )( lτ  

 164.61  

df b   439  df b   439  

a.  Approximate 95% confidence interval from Figure 3.9 .  

b.  Degrees of freedom for likelihood estimation of err or model 

parameters (adjusted for fixed model parameter esti mation)  

 

In Table 3.4 the parameter estimates for the CAR/LMM using lτ =3 are given to 

allow comparison with the fitted RC/LMM. It can be seen in Table 3.4 that the 

parameter estimates for the error model are subject to much greater uncertainty in the 

CAR/LMM model with standard errors almost as large, in some cases, as the 

estimates themselves. The same problem occurred for the fit using lτ =0 (results not 

shown). In contrast, the CR/LMM parameters are relatively well estimated. So 
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although the minimum of -2 l ( )τ l  was smaller than that for the CR/LMM, 

estimation of lτ  was not considered reliable using the CAR/LMM. Even so, the 

estimates of the b and c parameters are not very different under either of the two 

error models given the same value of lτ . 

 

Residual and fitted value scatterplots 

Figure 3.11 shows the residuals from the fit of the RC/LMM, model (3.7), versus 

day-degrees where these residuals have been calculated using conditional fitted 

values (i.e. fitted values that include the estimated random effects). Figure 3.12 

shows the transformed response variable versus the conditional fitted values and 

supports the assumption of model (3.7) that the conditional error variance is constant. 

Figure 3.13 shows the residuals versus day-degrees where these residuals have been 

calculated using marginal fitted values (i.e. fitted values that exclude the estimated 

random effects). Figure 3.14 shows the transformed response variable versus the 

marginal fitted values. Given that the marginal fitted values are a linear function of 

( )xDDt −= ]3[ln  and the mean and maximum values of t were 1.255 and 2.633 

respectively, then the feature of increasing variance in the residuals as t decreases, 

seen clearly in Fig. 3.14, is a predicted property of the RC/LMM. This follows since 

797.2ˆ/ˆˆ 2 =σσ−= cbcmt , all the sample values of t lie below this value, and the 

contribution to the variance due to the random intercept term is constant. This results 

in the variance increasing monotonically as t decreases. In contrast, this trend in the 

variance does not support the CAR/LMM for which the variance is assumed 

constant. 

 
Figure 3.15 shows the actual leaf areas (i.e. predicted from measurements of leaf 

length and width) versus their conditional fitted values obtained by back-

transformation of the conditional fitted values obtained from model (3.7) while 

Fig. 3.16 shows the corresponding relationship with marginal fitted values. The 

scatter of residuals on the natural scale becomes increasingly restricted as the fitted 

values increase towards the overall limiting leaf area of approximately 140 cm2. This 

reflects the constraint in fitting the model that the asymptote is set to the observed 

FELA for each leaf. 
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Figure 3.12 Transformed response variable and conditional fitted values 
from the RC/LMM fit of the CLOG model. Line of perfect fit also 
shown.
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Conditional fitted values

Figure 3.11 Conditional residuals from the RC/LMM fit of the CLOG 
model on the transformed scale versus time to measurement in day-
degrees with 3oC threshold temperature.
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Figure 3.12 Transformed response variable and conditional fitted values 
from the RC/LMM fit of the CLOG model. Line of perfect fit also 
shown.
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Figure 3.11 Conditional residuals from the RC/LMM fit of the CLOG 
model on the transformed scale versus time to measurement in day-
degrees with 3oC threshold temperature.
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Day-degrees from 1/8/85 (DD[3] x 100)
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Figure 3.14 Transformed response variable and marginal fitted values 
from the RC/LMM fit of the CLOG model. Line of perfect fit also 
shown.
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Figure 3.13 Marginal residuals from the RC/LMM fit of the CLOG 
model on the transformed scale versus time to measurement in day-
degrees with 3oC threshold temperature.
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Figure 3.14 Transformed response variable and marginal fitted values 
from the RC/LMM fit of the CLOG model. Line of perfect fit also 
shown.
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Figure 3.13 Marginal residuals from the RC/LMM fit of the CLOG 
model on the transformed scale versus time to measurement in day-
degrees with 3oC threshold temperature.



 121 

 

Le
af
 a
re
a 
(c
m

2
)

Conditional fitted values

Figure 3.16 Actual leaf area and marginal fitted values back-
transformed from the RC/LMM fit of the CLOG model. Line of 
perfect fit also shown.
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Figure 3.15 Actual leaf area and conditional fitted values back-
transformed from the RC/LMM fit of the CLOG model. Line of 
perfect fit also shown.
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Figure 3.16 Actual leaf area and marginal fitted values back-
transformed from the RC/LMM fit of the CLOG model. Line of 
perfect fit also shown.
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Figure 3.15 Actual leaf area and conditional fitted values back-
transformed from the RC/LMM fit of the CLOG model. Line of 
perfect fit also shown.
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The Sample variogram 

The sample variogram for the residuals for the CAR/LMM, calculated conditional on 

the estimates of the random-intercepts, is shown in Figure 3.17. In Fig. 3.17(a) the 

time scale is that used in the model fit of model (3.9) while the time scale in (3.8) is 

that used in Fig. 3.17(b). The estimated variogram function, ( )uARγ̂ , was fitted 

directly to the sample variogram using nonlinear OLS and GENSTAT’s 

MVARIOGRAM procedure (Payne et al., 1997). The estimates obtained for φ  and 

2σ  of 1.236 and 0.8826, respectively, are very similar to corresponding estimates 

given in Table 3.4. Note that in the OLS fit the y-axis intercept was set to zero (i.e. 

02 =σe ). In Fig. 3.17(b), as well as fit of ( )uARγ  from MVARIOGRAM, the 

estimated variogram function ( )uRCγ̂  is also shown using the estimates of 2
cσ  and 2σ  

given in Table 3.4. It is clear from Fig. 3.17(b) that ( )uRCγ̂  does not model the 

sample variogram as well as ( )uARγ  especially at small lags. 

 

Validation of predictions of leaf expansion using estimated FELA 

A validation of the combined models for FELA, given by model (3.1), and leaf 

expansion, given by (3.7), was carried out using the data from : (a) the set of 102 

leaves used in the fit of models (3.1) and (3.7), and (b) the set of 272 leaves which 

were excluded from the fit of these models because they had not been measured to 

full expansion. Dataset (a) consisted of 716 measurements while dataset (b) 889 

measurements. Firstly, for (a) the FELA was predicted from (3.1) and combined with 

model (3.4) by replacing the asymptote a by the estimated of FELA. All other 

quantities in (3.4) are those used in the fit and parameter estimates as given in 

Tables 3.2 and 3.4 with the exception that 0X  was set to zero. Using the estimate of 

0X  in Table 3.2 made little difference to predictions compared to setting this 

parameter to zero and there was an important reason for this last action as explained 

below. 

 

A problem with model (3.1) that can be seen in Fig. 3.6, is that for the extremes of 

DD[6] to leaf set, representing either early spring or autumn leaf set times, the 
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Lag u [ ln(days) x 50]

Figure 3.17 Sample variogram and fitted models for conditional 
residuals from the fitted random-intercept, CLOG model  with lag u
calculated for (a) ln(days) and (b) ln(DD[3]-x) scales. Numbers next 
to data points are the number of measurement pairs used in 
calculating        .
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residuals from the fitted random-intercept, CLOG model  with lag u
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predictions of FELA become unrealistically small. For the main application of these 

models in predicting leaf expansion described in Chapter 4 it was important to 

improve model (3.1). Instead of formulating a new model to overcome this problem, 

 and in order to retain the desirable properties of the scaled Weibull model, a scaling 

of the DD[6] time scale was employed. This scaling was used to ‘shrink’ the values 

of DD[6] towards a central value of the Weibull distribution. This new scale was 

obtained as *
6x  where x x x x6 6 6 6

* ( )= + −λ , ( )1
06 1 −α+Γθ+= Xx , ]6[6 DDx = , 

00 =X , ( ).Γ  is the gamma function, and λ  is a shrinkage parameter. Estimates of θ  

and α  are given in Table 3.2. The central value here, 6x , is the mean of the Weibull 

distribution (allowing for a slight adjustment due to setting 00 =X ). An alternative 

central value, also calculated in DD[6] units, is time to peak proportion of maximum 

FELA (see Fig. 3.6) which corresponds to the mode of the Weibull distribution. This 

approach gave considerably poorer predictions than using the mean. This was also 

found to be the case for the leaf expansion data in Chapter 4. Note that if λ =1, there 

is no change so that 6
*
6 xx = . 

 

Figure 3.18(a) shows actual versus predicted leaf area using this approach for the 102 

leaves in the calibration data ; dataset(a). 

 

For dataset (b) an estimate of time of leaf set was obtained in the same way as 

described earlier for dataset (a) using both 6 and 3 oC temperature thresholds as 

required by models (3.1) and (3.4) respectively. The largest area for an individual 

leaf for the tree from which the leaf came was used as an estimate of Lmax required 

by model (3.1), rather than the Lmax for the shoot. This was because, unlike dataset 

(a), there was no guarantee that the shoot contained any fully expanded leaves from 

the previous or current growing season. Using model (3.1), combined with the 

shrinkage of the DD[6] scale described above, the fully expanded leaf area was 

predicted and used in model (3.4) to predict the expansion of these leaves. 
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Figure 3.18 Actual and predicted leaf area with predictions obtained 
using model (3.4) with time of set estimated by linear interpolation and 
asymptotic leaf area predicted from model (3.1) (a)    =1 (b)   =0.2. Line 
of perfect fit shown.
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Figure 3.18 Actual and predicted leaf area with predictions obtained 
using model (3.4) with time of set estimated by linear interpolation and 
asymptotic leaf area predicted from model (3.1) (a)    =1 (b)   =0.2. Line 
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To estimate the shrinkage parameter λ , a simple profile likelihood was calculated 

from the sum of squares, RSS( λ ), of the difference between logarithms of actual and 

predicted leaf areas 

( ) ( ) ( ){ }[ ]∑ λ−=λ
2ˆlnln llRSS  

 

where the sum was over both datasets. The MPLE of λ̂ =0.2 was obtained as the 

value that minimised RSS( λ ). Similar MPLE of λ  were obtained in a separate 

validation described in Section 4.2.1. Fig 3.18(b) shows actual and predicted leaf 

areas obtained using λ̂ =0.2 for dataset (a). Fig. 3.19(a) shows the corresponding 

actual versus predicted leaf areas for dataset (b). Fig. 3.19(b) shows the same data 

grouped into 20 cm2 classes of actual leaf area. The predictions for leaf areas above 

60 cm2 appear to be under-estimates as seen in Fig. 3.18(b) and Fig. 3.19. However, 

RSS( λ ) was considerably smaller for λ̂ =0.2 [RSS( λ )=2504] compared to that for 

λ̂ =1 [RSS( λ )=4792]. 

 

3.3 TREE VOLUME MODELS  

 

Models which predict total tree and sectional wood volumes of stem of standing trees 

from simple inputs of tree DBH (diameter at breast height over bark) and total tree 

height are a standard component of decision support software for forest management. 

Fig. 3.20 graphically presents the output of the ‘log assortment’ algorithm used in 

Forestry Tasmania’s PIMS (Plantation Integrated Management System) which 

combines models of bark thickness, tree taper, and total tree volume to predict the 

log products produced by simulated cross-cutting of each individual tree measured 

on inventory plots. Taper is defined as the rate of narrowing of stem diameter with 

increasing height (Philip, 1994, pg.47) while total tree volume is defined as the wood 

volume of the main stem from ground to the tip of the tree. Typically, the individual 

tree DBHs and heights may be the measured values at inventory or may be the 

projections of these measurements to a later age obtained using the growth models 

available in PIMS (Candy, 1989a, 1997b). The ‘log assortment’ algorithm takes into 

account merchantable size specifications for each log product such as minimum 
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Figure 3.19 Actual and predicted leaf area for 272 leaves excluded from 
model fitting  with predictions obtained using model (3.4) with time of set 
estimated by linear interpolation and asymptotic leaf area predicted from 
model (3.1) with    = 0.2 (a) individual leaf areas (b) means and standard 
error bars for leaves classified in 20 cm2 classes for actual leaf area. Line 
of perfect fit shown.
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Figure 3.19 Actual and predicted leaf area for 272 leaves excluded from 
model fitting  with predictions obtained using model (3.4) with time of set 
estimated by linear interpolation and asymptotic leaf area predicted from 
model (3.1) with    = 0.2 (a) individual leaf areas (b) means and standard 
error bars for leaves classified in 20 cm2 classes for actual leaf area. Line 
of perfect fit shown.
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CAT=WAS, LEN= 2.7, SED= 0.0, LED=  8.0, VOL= 0.00651

Figure 3.20  Example log assortment for a single tree with DBH 55 cm and height 40 m and with entire length of  
sawlog quality class A.  CAT=product category, SLA=sawlog, PUA=pulp, WAS=waste, LEN=length (m), SED=small 
end diameter (cm), LED=large end diameter (cm), VOL=volume (m3 ) (diameters and volume are under bark values).
The diameter scale has been greatly exaggerated relative to the height scale.
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small end diameter, minimum length, and preferred length. The preferred sawlog 

length in Fig. 3.20 was 5.5 m [see Candy and Gerrand (1997) for more detail]. 

 

Measurement of felled sample trees 

The following models were fitted to measurements from a sample of 148 felled trees 

which came from the range of stand ages and site qualities in Boral Pty Ltd’s 

E. nitens plantation estate in northern Tasmania. Typically, seven trees were felled 

across the DBH range in each of the 22 compartments sampled with compartment 

ages ranging from 5 to 17 years. Sampling was constrained so that at least five trees 

were selected from the total sample in each 5 cm DBH class between 10 and 50 cm. 

The range of the sample values was 12.0 to 49.2 cm for DBH, 9.4 to 32.3 m for tree 

height (H), and 0.04 to 2.14 m3 for total tree volume. The trees were measured 

according to Forestry Tasmania’s ‘Field instructions for the Measurement of Felled 

Sample Trees’. This involved measurement of DBH and H for the tree and diameter 

under bark (DUB) and DOB (diameter over bark at the same height as DUB) at each 

height measurement, h, up the tree. Compulsory height measurements were taken at 

0.6 and 1.3 m above ground and then at generally 4 m intervals up to the tip of the 

tree. At least three measurements were required between 1.3 m and the tip requiring 

a shortening of the inter-measurement distance for small trees. For the 1.3 m height 

measurement DOB=DBH. 

 

Single tree models 

The following models were fitted2. 

 

Bark thickness 

If BT is double bark thickness (cm) at breast height (i.e. 1.3 m above ground) then 
 

1
10

1
−β+β

=
D

BT  

 

                                                 
2 Due to a contractual arrangement between Forestry Tasmania and Boral Pty Ltd the details of these 

models cannot be published until after 2001. However, the application of all the models described in 

this section can be provided to third parties without restriction as implemented in the Farm Forestry 

Toolbox software program (Section 7.8, Appendices A9,A10) 
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where D is DBH, and 0β  and 1β  are regression parameters. The ‘doubling’ of bark 

thickness is required since DBHub (diameter at breast height under bark), given by 

DBH minus BT, is an input to the total tree volume model described next. 

 

Total tree volume 

If uV  is total tree volume (m3) under bark (ub) then 

 
( ) ( ){ }HDV uu lnlnexp 210 θ+θ+θ=  

 

where uD  is DBHub, H is tree height, and 0θ , 1θ , and 2θ  are regression parameters. 

This model is expressed in log-linear form to facilitate fitting as a GLM with gamma 

distributed response variable (Candy, 1989b). 

 

Stem taper 

The stem taper model predicts DUB as a function of both height up the tree, h (as a 

proportion of total tree height H) and DBHub noting that DUB(h=1.3)=DBHub. 

Since the taper model can be expressed as a solid of revolution it can be analytically 

integrated to predict volume (ub) from the ground, to any height, h, in the tree and 

thus predict volume between any two heights (Philip, 1994, p.82). The prediction of 

log product volumes can then be obtained as demonstrated by Fig. 3.20.  

 

The above total tree volume and taper models, their estimation, and application were 

described in Candy (1989b) for Pinus radiata in Tasmania. The taper model is an 

improved version of the model given by Cao et al. (1980) (see also McClure and 

Czaplewski, 1986). The above form of the tree volume model is called the 

Schumacher model and is commonly used for both individual tree and stand-level 

volume prediction (Clutter et al., 1983 p.95; Candy, 1997b). The same estimation 

methods for these two models as those described in Candy (1989b) were used here. 

 

3.4 STAND- AND TREE-LEVEL GROWTH MODELS  

 

A suite of empirical growth and yield models was constructed using data from 

permanent plots from a number of sources in Tasmania and New Zealand (Candy, 

1997b). Plots included those that formed part of experiments to evaluate 
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thinning/pruning regimes or altitude effects on growth as well as sample growth 

plots. The models are best suited to projecting yields from inventory or experimental 

plots (Candy and Gerrand, 1997) in existing stands from approximately age 3 

onwards. Initial values of stand and tree-level variables, obtained from sampling 

existing stands with plots, are used to project these variables to a later age. The 

models can also be used to ‘project‘ initial values backwards to an earlier age as long 

as the stand has not been thinned within the projection period.  

 

Stand-level projection models 

Mean dominant height (MDH) was modelled as a function of initial MDH and age, 

and projection age. Site index, defined as the MDH at age 15, can simply be 

obtained by projecting the measured MDH backwards or forwards to this ‘index 

age’. Thinning does not affect projections of MDH. 

Basal area was modelled as a function of initial age and stand basal area, site index, 

projection age and thinning variables. The thinning variables used were the age 

at thinning and the intensity of thinning measured as the proportion of standing 

basal area removed. Projected stand basal areas are net values (i.e. excluding the 

total basal area of dead or felled trees). Therefore, the initial value of stand basal 

area and age must be reset immediately after thinning to the live, standing basal 

area and thinning variables incorporated in the model for projections to later 

ages. 

Density-dependent mortality was modelled as a function of initial age and stocking 

and site index. Stocking is the number of live stems per hectare. Density-

dependent mortality, also called regular mortality in the forestry literature 

(Vanclay, 1994, p.173), is mortality due to normal competition processes 

between trees. Catastrophic deaths due to wildfire, windthrow, and serious 

outbreaks of disease or insect attack are not included. 

 

Individual tree models 

1. Tree basal area increment was modelled as a function of initial MDH, stocking, 

and quadratic mean DBH. The model, in effect, ‘grows on’ the initial, measured 

values of DBH to the projection age with the constraint that the sum of the 

corresponding tree basal areas at the projection age is equal to the projected 

stand basal area. Mortality for these trees between initial and projection ages is 
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handled implicitly since only trees with an initial DBH above an estimated 

value, 0D̂ , contribute to stand basal area increment (see Fig. 12 of Candy, 

1997b). Density-dependent mortality generally occurs amongst this ‘zero-

growth’ component of the stand. Also, for stands that have been thinned density-

dependent mortality is usually negligible up to usual harvest ages (i.e. <50 

years). 

2. Individual tree height at the projection age was modelled as a function of 

projected values of DBH, MDH, age, quadratic mean DBH, and stocking.  

 

Stand basal area at age 10 

A model which predicts stand basal area at age 10 from site index for unthinned 

stands with stocking between 900 and 1100 sph was also given to give a predicted, 

initial value of stand basal area when it is not available from direct measurements of 

DBH. 

 

These models, the data used for calibration, and estimation methods are described in 

Candy (1997b). 

 

3.5 DISCUSSION 

 

Predicting leaf expansion for known FELA 

The Richards and scaled Weibull models with asymptote taken as the leaf’s actual 

FELA each gave a similar fit but the latter model was preferred because it could be 

fitted in CLOG yield model form as a linear mixed model. This made detailed 

modelling of the error structure relatively straightforward compared to that for the 

nonlinear Richards model. Ratkowsky (1990, p.46) suggests that the Richards model 

should be avoided due to its poor estimation properties resulting from a high degree 

of intrinsic nonlinearity. 

 

In searching for the profile likelihood estimate of the threshold parameter, lτ , it was 

found that the state-space form of both Richards and CLOG models was not useful in 

estimating lτ  since there was little improvement in fit using the estimate of 0ˆ =τl  

compared to that using Julian days. In contrast, for the yield forms there was a great 
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improvement in the fit for the day-degree time scale compared to Julian days 

(Table 3.3). The failure of the state-space model forms could be due to their property 

that predictions of leaf area are conditional on the previous measurement and the 

length of period between the two measurements [i.e. 1−− jj tt ]. The short length of 

these time periods meant that the corresponding temperature profile was not subject 

to the same level of variability that is inherent in the increasing time periods of time 

from leaf set, x, to measurement date [i.e. xt j − ] used in the fit of the yield model. 

Therefore, if the temperature sequence does not cover the true, underlying growth 

threshold temperature for a reasonable number of these short growth intervals it is 

not surprising thatlτ  could not be estimated successfully using the state-space forms. 

A similar problem arises in modelling the development time of C. bimaculata life 

stages studied in Chapter 6. However, in that case the modelling of field 

development under ambient temperatures had the advantage of employing a 

temperature response model derived from constant temperature experiments. No 

such constant temperature studies were available for E. nitens adult leaf expansion 

largely because adult leaves cannot be grown in growth chambers. Therefore, the 

result of modelling can be considered reasonably successful given these difficulties 

since a sensible estimate for lτ  of 3 Co  was obtained from profile likelihood 

estimation using the CLOG-RC/LMM and field-measured leaf expansion. 

 

It is more difficult to explain why the CAR/LMM failed to give a sensible, and 

similar estimate of lτ  to that obtained by the RC/LMM. The RC/LMM was superior 

in modelling the variance of the CLOG transformed leaf areas compared to the 

CAR/LMM but the reverse was true for the sample variogram. The failure of the 

CAR/LMM to estimate lτ  successfully could be due to the fact that the only time 

scale for model (3.9) which gave reasonable variance parameter estimates was that 

based on Julian days. 

 

Incorporating an estimate of the covariance, bcσ , between the random intercept and 

random slope parameters was found to be a necessary component of the RC/LMM 

since it allowed the trend in the variance of the residuals, calculated conditional on 

the random intercepts, to be adequately modelled. This would not have been the case 
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if the bcσ  was assumed zero as in Diggle et al. (1994, p.89) for which the variance of 

the conditional residuals would be predicted to increase but in the opposite direction 

to that observed in Fig. 3.14. 

 

The detailed modelling of the error structure for the longitudinal measurements of 

leaf area was justified given that the naive profile likelihood, based on a single 

NIID(0, σ2 ) random error, gave a substantially different lower threshold temperature 

of 6oC compared to the estimate of 3oC obtained using the profile likelihood based 

on the random coefficients model. Although the 3oC threshold gives a different time 

scale to that used for predicting FELA, since the objective of this study is 

‘prediction’ rather than ‘explanation’, the most efficient estimation technique and 

corresponding point estimates for model parameters should be used. Given that the 

CLOG model fitted as a RC/LMM gave, overall, the best statistical description of the 

variation in actual leaf areas, it gives the most efficient estimates of the CLOG fixed 

parameters : b, c, and lτ . For predictive purposes (Section 4.4), even though their 

95% confidence bounds overlap (Figs. 3.7 and 3.9), there is no need to reconcile the 

different threshold estimates for the two models by using a common value for both. 

 

Incorporating estimates of FELA 

From the validation analysis of the CLOG model using predicted rather than actual 

FELA for the asymptote, it is clear that the predictions from model (3.1) were largely 

responsible for the large prediction errors for leaf area seen in Figs. 3.18 and 3.19. 

This is due to the inability of model (3.1) to give accurate predictions of FELA 

which resulted in much larger residuals compared to those calculated using actual 

FELA (i.e. compare Fig. 3.16 to Figs. 3.18 and 3.19). The predicted leaf areas also 

appear biased for large leaf areas as demonstrated in Fig. 3.19(b). Despite this 

imprecision and the bias of predictions, when these models were applied to predict 

growth of whole shoots by aggregating the predicted growth of individual leaves, as 

described in Chapter 4, it was found that unbiased and reasonably precise predictions 

were obtained at the shoot level. Jones and Hesketh (1980) point out the difficulty in 

predicting leaf expansion with unknown FELA and suggest the use of nodal position 

for empirical simulation of leaf surface area expansion. Here, and in Chapter 4 these 

nodal positions (i.e. leaf pair positions along each branch) were not recorded in 
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enough detail to be useful for modelling. However, it is questionable that such an 

approach would be superior to that used here of predicting FELA from day-degrees 

to leaf set given the indeterminate growth habit of eucalypts. 

 

In terms of predicting leaf area expansion it is important to reiterate the fact that for 

the calibration dataset used here, leaf area was not directly measured but predicted 

from measured leaf length and width using the allometric regression equation (4.1). 

The corresponding prediction error does not correspond to the random measurement 

error, e [with variance 2
eσ  given in (3.12)], and could not be estimated here. The 

error in predicting leaf area as a function of length and width is a component of 

prediction error at the shoot-level described in Chapter 4 where final leaf areas were 

directly measured (Section 4.4). 

 

Estimating lτ  and τ  : comparison with other studies 

Due to the difficulty of studying E. nitens adult leaf growth in conditions other than 

in situ, controlled temperature experiments were not available for calibrating a 

temperature response model for leaf expansion. In the absence of controlled 

temperature experiments Jones and Hesketh (1980) suggest a development time 

approach, similar to that used for insect development (Chapter 6), where time from 

leaf initiation to full expansion in the field is calculated in elapsed day-degrees and 

these values averaged across leaves. However, they did not suggest how the lower 

development threshold could be estimated. Cameron et al. (1968) used a 42Fo  

(=5.56oC) threshold for balsam fir shoot development because they believed that the 

37 Fo  threshold for development of post-diapause second instar spruce budworm 

larvae, estimated by Bean (1961), was too low for shoot growth. Valentine (1983) 

modelled growth in leaf dry weight for eight important host tree species (three 

species of oak, two species of maple, two species of birch, and a beech) of the gypsy 

moth (Lymantria dispar (L.)). Valentine used a generalised logistic with a maximum 

dry weight which was common across leaves within a species but naturally varied 

across species. The time scale used was day-degrees with an a priori 40 Fo  (=4.4oC) 

lower threshold. Beckwith and Kemp (1984) predicted shoot growth for Douglas fir 

and grand fir also using a generalised logistic model with day-degree time scale and 

they also simply apply an a priori value of 5.5oC for the lower threshold. The same 
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5.5oC threshold is commonly used both for spruce budworm development (Dennis 

et. al., 1986). As described in Chapter 6, the threshold for C. bimaculata 

development was estimated from constant temperature studies to be 5.1oC (s.e. 1.1) 

which is 2.1oC higher than lτ̂  but 95% confidence bounds for each estimate of 

approximately C2o±  can account for this difference (Fig. 3.9). Ong and Baker 

(1985) in reviewing work on the leaf growth/temperature relationship note that this 

relationship has been shown from constant temperature studies to be linear for a 

number of agricultural crops and suggest that a range of 0-3 Co  for the lower 

threshold for temperate crops. Landsberg (1986, p.12) suggests that as a general 

guide the threshold for temperate-climate deciduous trees is about 0 Co . 

 

Apart from the references mentioned in Ong and Baker (1985) none of the above 

studies either estimate or gives a clear justification for the thresholds used for shoot 

or leaf growth. Perala (1985) was apparently the first to estimate a host-tree specific 

lower temperature threshold for vegetative growth. Perala (1985) used a day-degree 

accumulation from a set date (January 1st) as a time scale in a scaled (or modified) 

Weibull growth function to predict red pine shoot elongation conditional on the total 

shoot extension for the season, fS , for a number of sites and seasons. The lower 

threshold was estimated as 41.4Fo  (=5.2 Co ) using an iterative procedure which was 

combined with nonlinear least squares estimation for the other model parameters. 

Perala described this procedure as ‘best-fit’ for temperature threshold where the 

parameter estimated was k and lτ =(40+k) Fo . However, the iterative search for an 

optimal estimate of k was not given in terms of a goodness-of-fit statistic such as a 

profile likelihood. Therefore, the statistical properties of Perala’s k̂  are unknown and 

statistical confidence bounds for k̂  are not given. The other limitation of Perala’s 

estimation method is that no account was taken of the longitudinal nature of the 

measurements of shoot elongation in that the random errors were implicitly assumed 

to be NIID(0,σ2 ). 

 

As in Perala (1985) day-degrees were employed as the time scale for the scaled 

Weibull growth model, given by model (3.4) or (3.5), but here a profile likelihood 

was used to estimate the lower threshold. Unlike Perala’s k̂ , the maximum profile 



 137 

likelihood estimate (MPLE) of lτ  has known statistical properties. The MPLE is 

guaranteed to converge to the estimate obtained if all three parameters, b, c, and lτ , 

were simultaneously estimated by maximum likelihood and an approximate 95% 

confidence (or support) interval for lτ  can be calculated (Fig. 3.9) (McCullagh and 

Nelder, 1989, p.254). 

 

Nizinski and Saugier (1988) estimate a lower threshold of 0oC for calculating the 

day-degrees to predict the time of budburst in a mature oak (Quercus petraea) stand. 

This is analagous to the estimating the lower threshold, τ , required to calculate the 

day-degrees, DD[ τ ], for prediction of FELA given by model (3.1). They also 

determine τ  as the value that minimises the residual sum of squares but they do not 

express this sum of squares as a profile log-likelihood. As a result they do not give a 

confidence interval for τ . 

 

Ambient air temperature as a surrogate for leaf temperature 

The approach adopted here of measuring time using a day-degree scale allowed 

calibration of a leaf expansion model in a way that incorporated a simple linear 

response relationship between leaf expansion and temperature. As discussed in more 

detail for insect development in the field (Chapter 6), leaf expansion observed in the 

field, although subject to uncontrolled variation, is a more faithful representation of 

the growing conditions of interest than laboratory studies. In some situations, as here, 

laboratory studies are too difficult to carry out. However, even for field studies, 

screened air temperature is only an approximation to actual leaf temperature. Leaves 

absorb radiant energy which is largely dissipated by heat exchange through an 

increase in the humidity (latent heat) and temperature (sensible heat) of the air 

surrounding the leaf (Landsberg, 1986, p.50). Landsberg (1986, p.50), in describing 

the processes involved in the energy balance of a leaf, notes that the key factors 

involved are stomatal resistance, boundary layer resistances for humidity and heat, 

and wind speed. Stomata are under physiological control while the boundary layer 

resistances are related to leaf size (Fig. 3.7 of Landsberg, 1986). Leaves with low 

boundary resistances are closely coupled to ambient conditions. Mature leaves of 

E.nitens, with a characteristic linear dimension of between 0.2 and 0.3 m, fall into the 
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intermediate class out of the high, intermediate, and low boundary resistance classes 

given in Fig. 3.7 of Landsberg (1986). 

 

Incorporating this complexity in the relationship between leaf temperatures and 

screen temperatures is not possible in practice. Here and in the studies described 

above, it is assumed that : (a) leaf temperatures are closely related to screen 

temperatures, at least for time scales at which thermal sums are accumulated (i.e. 15 

min here), (b) conditions under which growth data for model calibration were 

collected that affect this relationship (e.g. average wind speed within the canopy) are 

typical. Therefore if screen temperatures, as a surrogate for leaf temperature, give 

predictions of leaf expansion that are on average adequate for the required purpose 

then a more sophisticated model is unnecessary. This was found to be the case in 

Section 4.4. In addition, the problem of indirect measurement of leaf temperature 

may be minor as indicated by the fact that residuals about the model that are time-

related, and therefore a function of changes in ambient conditions, are relatively 

small (Fig. 3.15) compared to the variation in random leaf effects and individual leaf 

FELAs. 

 

Water stress effects on leaf expansion 

 
Water stress can dramatically reduce leaf expansion in eucalypts (Myers and 

Landsberg, 1989; Osorio, et al., 1998) and shoot elongation in pines (Perala, 1985; 

Jones et al., 1991). However, the water deficits experienced by trees measured in this 

study were not generally sufficient to significantly limit growth (Beadle and 

Turnbull, 1986; Battaglia and Sands, 1997). 

 

Leaf browsing effects on calibration data sets 

 
In the introduction it was stated that the models in this Chapter describe ‘normal’ 

growth (i.e. growth in the absence of significant leaf beetle defoliation). This 

condition is required to be, at least approximately, satisfied since models of leaf 

beetle browsing impacts are imposed ‘on top’ of the models of ‘normal’ growth to 

estimate economic impacts in Chapter 7. It is therefore desirable that predictions 

from the growth models are not confounded with unquantified browsing impacts. 
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For the leaf-level models it was simple to eliminate unwanted browsing impacts from 

the calibration dataset by excluding leaves which had any evidence of browsing. 

 

For the single-tree bark, volume and taper models the amount of, if any, leaf beetle 

defoliation experienced during the life of the sample trees could not be determined. 

However, if there had been defoliation episodes during the life of the sample trees it 

is assumed here that, for a given total tree height and DBH, tree form has not been 

significantly affected. This is ensured to a degree by the selection of single-stem 

trees of ‘good’ form as felled sample trees (i.e. browsing has not been sufficient to 

affect apical dominance and produce multi-leadered trees). Given apical dominance 

is maintained, the work of Pinkard and Beadle (1998) suggests form may not be 

significantly affected by defoliation. They found that green pruning treatments of 

50% and 70% (i.e. from the ground up) applied to 4-year-old E. nitens had not 

significantly affected tree taper 20 months after the pruning treatments were applied 

(see Section 5.5). 

 

Similarly, it is not possible to determine if leaf beetle browsing has had a significant 

impact on the growth of the trees measured on the growth plots described in Candy 

(1997b). As well as the possible impact of leaf browsing by C. bimaculata on the 

stands measured in Tasmania, the New Zealand stands may have been subject to leaf 

browsing by the Eucalyptus tortoise beetle, Paropsis charybdis Stål (Coleoptera : 

Chrysomelidae), which has been responsible for severe defoliation of some E. nitens 

stands in that country (Bain and Kay, 1989; Nicholas and Hay, 1990). However, for 

the New Zealand growth data most of the stands measured were planted from the 

early 1980’s on. The most severe defoliations occurred prior to this period before the 

release of the egg parasite Enoggera nassaui in the late 1970’s largely bought the 

P. charybdis population under control (Bain and Kay, 1989). 

 

Even so, some defoliation would almost certainly have occurred in some of the 

Tasmanian and New Zealand stands that provided the growth data. However, since 

the models described by Candy (1997b) are predominantly projection models, then 

chronic (i.e. year after year) uncontrolled defoliations that affect the stand by 

depressing stand basal area and MDH do not invalidate the approach of applying 
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these models for ‘normal’ growth. That is, the effect of depressing stand basal area 

and MDH below the site’s potential in this way can be considered equivalent to 

reducing the site quality (or potential). The projection models take this into account 

using site index and initial stand basal area at the start of the projection period.  For 

this reason the problem of unknown defoliation history is not considered of sufficient 

importance to invalidate the use of the growth models described in Candy (1997b) to 

predict ‘normal growth’ as a standard against which the growth impact of browsing 

can be quantified (Chapter 7). 

 

3.6 CONCLUSION AND SUMMARY 

In conclusion, this Chapter has described models to predict fully expanded leaf area 

and leaf expansion and outlines models at the other end of the spectrum of resolution, 

that is, stand and tree-level models to predict wood volume. While empirical models 

in the latter class abound there is a dearth of empirical models for leaf expansion in 

broadleaf tree species. Even in agricultural crops there appears to have been few 

recent studies that empirically model leaf expansion. 

 

The key results were: 

 

1. A new method was developed for estimating the lower threshold temperature for 

modelling leaf expansion using data collected from leaves growing under 

ambient conditions in the field. The estimator is obtained from a profile 

likelihood and has known and optimal statistical properties. The threshold for 

predicting leaf expansion conditional on FELA (fully expanded leaf area) was 

estimated to be 3oC. 

2. Incorporation of predictions of FELA into the leaf expansion model greatly 

increased prediction error for individual leaf area but indications are that when 

aggregated to the shoot level predicted growth is accurate enough for the 

application described in Chapter 4. 

 

Model application 

The leaf expansion models are used in Chapter 4 as part of a simulation model that 

estimates the amount of leaf area loss for a given egg population size. 
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The stand and tree-level models are employed as a component of a suite of models to 

predict the economic threshold population size for a given forest compartment as 

described in Chapter 7. 

 


