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Summary

This  thesis  describes  a  two-year  case  study  monitoring  the  densities  of  four  species  of 

common farmland birds on sheep and beef farms on New Zealand's South Island. The main 

objectives  of  the  study  were  twofold:  i)  to  establish  baseline  population  estimates  and 

investigate  their  seasonal  dynamics  and  habitat  associations  in  order  to  add  to  the 

understanding of ecology and ecosystem roles of these species; ii) to estimate the performance 

of  line  transect  distance  sampling  for  bird  monitoring  on  farmlands,  and  evaluate  the 

suitability of this approach in a the establishment of a national New Zealand bird monitoring 

programme for common and widespread species. Lastly I present a simulation-based power 

analysis  of  an experiment  using  the  bird  estimation methods intended to  test  the  relative 

influences  of  habitat  quality  and  predation  by  introduced  mammals  on  farmland  bird 

populations. The study formed part of the ARGOS project (Agriculture Research Group on 

Sustainability) which examines the environmental, social and economic sustainability of New 

Zealand’s  farming  systems.  This  transdisciplinary  investigation  compares  environmental 

impacts of organic, Integrated Management, and conventional farming.

Population densities of Skylark  Alauda arvensis, Common Blackbird  Turdus merula, Song 

Thrush  Turdus philomelos,  and Australian Magpie  Gymnorhina tibicen  were monitored on 

twelve  pastoral  farms  located  between  the  Banks  Peninsula  (Canterbury)  and  Owaka 

(Southland). Each farm was visited nine to ten times  between November 2005 and August 

2007. Birds were counted on ten 500m unbounded line transects per visit and farm while 

recording detection distances and several field parameters, and densities per farm and species 

were  estimated  in  the  distance  sampling  modelling  program  Distance™ 6.0.  Multiple 

covariate modelling was used to incorporate the influence of the field parameters on detection 

probability (Chapter One), and the specific effect of individual covariates on the detection 

function  was  examined  (Chapter  Two).  Model  averaging  was  performed  with  the  aid  of 

Akaike scores. The effects of habitat parameters on species detectability and estimated density 

were modelled using Hierarchical General Linear Models.

The average estimated detection probability (0.53) and average precision of detectability and 

density estimates (coefficients of variation of 0.12 and 0.21 respectively) compared well with 

international  results.  Farm-level  woody  vegetation  cover  emerged  as  the  main  driver  of 
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detectability  for  all  four  species,  and  few  seasonal  or  geographical  effects  were  found. 

Covariates of detectability were found to play a major role in improving model fit (especially 

time since sunrise and wind speed), but there were few clear directional trends within species. 

The effects of observer's varying monitoring experience and broad habitat type were the most 

consistently observed covariates of detectability. This indicates a need to include additional 

factor interactions when estimating bird density. In general, the distance sampling approach 

was successful in producing unbiased density estimates. An assessment of linear correlations 

between raw index counts and distance sampling estimates demonstrated that raw count data 

would be insufficiently accurate for magpies. However the less involved indexing method 

could produce reliable relative estimates for skylarks and thrushes, and also for blackbirds 

provided  that  vegetation  cover  was  factored  into  the  estimates.  For  these  species,  such 

uncorrected count methods could be used for the comparison of populations between farms 

using  organic,  Integrated  Management  or  conventional  farming  systems,  as  I  found  no 

detectability differences between farm management types. Nor was there any indication of 

differences in bird densities between farms these management systems (Chapter Three). This 

outcome contrasts to findings of several international studies.

Percentage of woody vegetation was found to have the strongest effect on bird numbers, being 

positively correlated  with  thrush and blackbird and negatively with skylark densities;  the 

percentage  of  introduced  species  within  woody  vegetation  negatively  affected  blackbird 

numbers. Thrushes and blackbirds also showed strong seasonal population dynamics, part of 

which  could  be  traced  to  seasonal  changes  in  availability  for  detection.  In  contrast,  the 

abundance of magpies did not vary seasonally or with percentage of woody vegetation. 

Average densities for skylarks, blackbirds, thrushes and magpies were 0.53, 0.41, 0.23 and 

0.18 birds per hectare respectively. These numbers were generally lower than those derived 

from other  ARGOS  surveys  carried  out  on  the  same  farms  using  a  different  modelling 

approach (a global detection model with post-stratification instead of farm-specific models). 

The discrepancies can be traced to specific differences in methodology and farm coverage. 

My survey method achieved higher precision than the ARGOS approach, but is probably less 

suited to the monitoring of uncommon species and the efficient tracking of long-term trends. 

The abundances of skylarks,  blackbirds and thrushes in my study were much higher than 

recorded in the United Kingdom.
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While the effect of habitat composition as examined in my study is regarded as the main 

determinant  of  bird  biodiversity  on  farms,  predation  by  small  introduced  mammalian 

predators has also been shown to have a strong influence on bird populations. I tested the 

statistical power of a proposed experiment to disentangle the relative influences of habitat 

quality and predation on the density of breeding birds (Chapter Four). Bird densities on a 

group of matched farm pairs  with "simple"  versus "complex" habitat  structures  would be 

monitored while imposing a predator press (sustained predator control) on half the farms for a 

number of breeding seasons in a Before-After-Control-Impact (BACI) design. I developed a 

simplified  computer  model  of  bird  population  dynamics  that  simulated  differential 

recruitment on a pair of control and treatment farms, incorporating several types of stochastic 

variations to approximate the expected accuracy of estimating bird densities in the field. The 

simulation predicted that an effect of predator control would be detected at the 5% signficance 

level in 75% of the cases provided that four farm pairs were monitored and bird population 

estimate precision was below 40%. The simulation demonstrated that improved precision of 

bird  density estimation has  a  large effect  on experimental  power  to  learn  how farm bird 

communities could best be restored. This experiment could be carried out during the duration 

of a standard PhD thesis project or as an addendum to a larger ongoing monitoring effort.

Implementation  of  this  kind  of  experiment  and  longitudinal  monitoring  of  farmland  bird 

abundance  would  be  one  of  many benefits  for  New Zealand.  Comprehensive  nationwide 

monitoring schemes exist  in several  countries,  but no such programme yet  exists  in New 

Zealand. The results of my case study are combined with the findings of two workshops held 

in 2004 and 2005 that explored options for the establishment of a national monitoring scheme 

in Chapter Five. The programme would likely be volunteer-based and should cover as much 

of  New Zealand's  land area as  possible  and include all  terrestrial  habitats  and species.  A 

random stratified  sampling  strategy employing  line  or  point  transects  with  distance  band 

suitable  for  analysis  with  distance  sampling  methods  should  be  employed.  I  argue  the 

advisability  of  using  finer-grained  distance  bands  to  enable  reasonable  modelability  of 

detections,  and  recommend  the  use  of  a  double  sampling  approach  to  calibrate  density 

estimates and the implementation of a pilot study to establish needed sampling effort and test 

field method feasibility. A programme built along these lines could provide valuable long-

term population  trends,  early  warning  of  species  declines  or  pest  eruptions,  insights  into 

ecosystem health, and will benefit conservation interests. Judging from the results of my case 

study, distance sampling would be the recommended method to use in this context.
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Arrangement of this thesis

The chapters of this thesis were written as stand-alone chapters intended for publication in 
refereed  journals.  For  this  reason,  the  introduction  to  each  chapter  contains  a  general 
introduction to the thesis topic; some duplication of material in the methods sections of the 
first  three chapters  which discuss  different  aspects  of the same field  study has  also been 
unavoidable. 

The arrangement of chapters is as follows:

Chapter One discusses the specific procedure used to fit detection function models to distance 
data and select between candidate models, and focusses on the precision of estimates derived 
from the bird surveys.

Chapter Two evaluates the detectability bias of these estimates, assesses the contribution of 
different  field  parameters  to  reducing  the  bias,  and  compares  the  accuracy  of  the  tested 
sampling method and simpler index counts for specific field applications.

Chapter Three deals with the estimates of the density and population size for the monitored 
populations,  discusses their  dependence on different habitat  parameters and their  seasonal 
dynamics,  and draws comparisons to  the results  of  other  surveys  performed on the same 
farms.

Chapter  Four introduces  the  concept  of  a  field  experiment  to  investigate  the  effect  of 
predation by introduced mammals in limiting farmland bird breeding success. It presents the 
results  of a power analysis  of a computer simulation of the experiment,  and discusses its 
implementation.

Chapter  Five examines  the  case  for  the  establishment  of  a  national  landbird  monitoring 
program  in  New  Zealand  and  discusses  possible  options  for  monitoring  strategy  and 
methodologies for such a scheme, based on the results of my field study.

There is an appendix in two parts. Part One contains tables and figures with additional and 
more in-depth material, referenced in the chapters. Part Two contains the QickBasicTM source 
code of the simulation program described in Chapter Four. An electronic copy of the code is 
available from me (email: flo@glaswolke.de). 
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Abstract

In this  paper,  I  evaluate  the accuracy of line transect  distance sampling  in assessing bird 

populations on sheep & beef farms on New Zealand's South Island. Population densities of 

four species of common farmland birds (Skylark Alauda arvensis, Common Blackbird Turdus 

merula,  Song  Thrush  Turdus  philomelos,  Australian  Magpie  Gymnorhina  tibicen)  were 

monitored on twelve pastoral farms located between the Banks Peninsula (Canterbury) and 

Owaka (Southland). Each farm was visited nine to ten times between  November 2005 and 

August 2007. Birds were counted on ten 500m unbounded line transects per visit and farm 

while recording detection distances and several field parameters, and densities per farm and 

species were estimated in the distance sampling modelling program Distance™ (version 6.0, 

Thomas et al. 2006) using multiple covariate modelling and model averaging with Akaike 

scores. 

The average estimated detection probability  across species  was 0.53 (lowest for blackbirds 

and highest for skylarks), with an average cv of 0.12; the average cv of density estimates was 

0.21 (best precision for skylarks and lowest for thrushes); and the average fit of the highest-

ranked species-by-farm models  was 0.78 (chi-square).  This compares well  to results from 

similar studies and shows that reliable estimates can be expected using this method. There 

was rarely a clear best model among alternative species-by-farm models, showing that model 

averaging was indicated. In comparison to surveys carried out on the same properties by the 

Agriculture Research Group on Sustainability (ARGOS) using a global detection model with 

post-stratification instead of farm-specific models, the present survey method achieved higher 

precision, but remains to be evaluated in the case of scarce species. Some bias by rounding of 

angles was introduced during monitoring, and findings for thrushes may be less reliable due 

to field identification problems

Keywords: detectability, distance sampling, farmland birds, line transect
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Introduction

Recent  conversion  of  forest  and  native  grassland  to  agricultural  production  and  the 

introduction of a host of new species has brought many changes to New Zealand ecosystems. 

Much effort has been put into establishing the health of New Zealand bird communities, many 

of which consist of species unique to New Zealand. Consequently, most bird monitoring has 

been done in protected areas, on native species of conventional  conservation interest  (e.g. 

O'Donnell 1996, Hooson and Jamieson 2003, Powlesland et al. 2003).

In  recent  years,  researchers  have  increasingly  become aware  of  the  need  to  increase  our 

knowledge about the composition and health of species assemblages in the "forgotten 60%" 

(Macleod  et al.  2008) - the large part of NZ that is in agricultural or other use by humans. 

Some  ecologists  have  pointed  out  the  need  to  jettison  the  entrenched  dichotomy  of 

conservation land worthy of management  versus unprotected land fit for exploitation,  and 

have called for an ecosystems management focus on all of New Zealand's landscapes (Norton 

1998, Perley et al. 2001). Not only is this a sizeable part of the habitat available for and used 

by many native species (Moller 2005), but introduced species cannot be neglected either, as 

they now form an integral part of New Zealand ecosystems. Introduced species now dominate 

production landscapes that are at low altitude, naturally fertile and warm. 

Birds are good indicators of wider ecosystem health because they tend to be near the top in 

agroecosystem food chains. They are also relatively easy to monitor and are well recognized 

and familiar to consumers and farmers alike, which makes them potentially useful as flagship 

species  to  incentivise  environmental  care;  in  this  role  they  can  also  make  good  farm 

management practice indicators for securing market access and premium prices for produce, 

thereby providing a financial  return for investment  in  environmental  health (Moller  et  al. 

2005, Coleman et al. 2009). Reliable and efficient survey methods are needed to determine 

the state and dynamics of bird populations. The aim of the present study was to explore the 

viability  of  distance  sampling  as  a  methodology  for  assessing  populations  of  common 

breeding and wintering birds on farmland.

Several survey methods are available, and their appropriateness for different circumstances 

has been widely discussed (see e.g. Buckland et al. 2000, Borchers et al. 2002,  Thompson 
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2002,  Johnson 2008).  As a true census of all  individuals in the area of interest  is rarely 

feasible, incomplete count methodologies tend to be used in the vast majority of cases. These 

can be divided into methods that provide an index of abundance (e.g. birds detected per five 

minutes), and those that estimate absolute abundance (e.g. birds per hectare). Index methods 

do not establish a detection probability, whereas absolute abundance estimation corrects for 

undetected birds by calculating an estimate of detectability. These methods are not uniformly 

suited  to  the  same  tasks.  Index methods,  like  timed  spot  and  transect  counts,  tend  to  be 

simpler in methodology, easier to implement without extensive training of observers, and thus 

are often more cost-efficient for wide coverage (Johnson 1999, Svensson 2000). If there is no 

change in the detectability of a species over time on individual sites, they are suitable tools 

when the focus is  on the tracking of long-term trends in population sizes and less in the 

absolute magnitude of populations itself. Hence, national efforts at bird monitoring  like  the 

UK and USA Breeding Bird Surveys have in the past tended to be structured along these lines 

(Peterjohn and Pardieck 2002, Newson et al. 2005, 2008). 

However, these methods do not correct for estimation bias due to recording only an unknown 

fraction of animals that  are present,  and are therefore of limited use in assessing absolute 

abundance.  Approaches  that  address  this  problem  include  capture-recapture  strategies 

(Morrison et  al.  2001) and,  specifically  in  the case of birds,  territory mapping (Svensson 

1979). However, the generally higher accuracy of these methods comes at a cost of restrictive 

assumptions (like the presence of a closed population) and a high investment of time and 

effort, making them mostly suitable for small-scale, high-resolution projects. 

Methods  that  estimate  situational  detection  probabilities  from unique  detections  present  a 

useful middle ground of efficiency and accuracy (Buckland et al. 2001, 2004, Norvell et al. 

2003). These include distance sampling, multiple-observer, and double sampling approaches 

(Morrison et al. 2001, Thompson 2002). They require more post-processing of estimates than 

index methods,  but  can  under  the  right  circumstances  be  expected  to  produce  essentially 

unbiased absolute abundance estimates for an often slight increase in fieldwork effort.

I chose to use distance sampling in these surveys because the central assumption of declining 

detectability with increasing distance from an observer holds well  for  comparatively open 

farm  landscapes,  it  is  relatively  easy  to  implement  in  the  field, has  been  intensively 

documented and tested (Buckland et al. 2001, 2004, Norvell et al. 2003, Newson et al. 2005, 
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2008), and has performed well in the context of comparative multiple-method bird studies 

(Nelson  and  Fancy  1999,  Buckland  2006).  In  distance  sampling,  the  observer  notes  the 

perpendicular  distance  from a predetermined transect line or point  of each individual  bird 

detection. It is assumed that all the birds located  directly on the transect line or point are 

detected.  A ‘detectability function’ is calculated that describes the way in which detection 

probability  declines  at  increasing  distance  from the  observer,  allowing  calculation  of  the 

percentage of detections missed and from this  estimates of the  absolute density of animals. 

Use of this  method enabled the generation of data  suited to the investigation not only of 

population  trends,  but  also of  more  complex  questions,  e.g.  habitat  dependencies  and the 

effect of different farming systems on bird density.

To simplify an evaluation of the method,  the survey was limited to a few common focal 

species, in order to enhance precision of sightings by having observers concentrate on fewer 

species, and to achieve higher replication by speeding up transects. The species chosen for 

monitoring were Skylark  Alauda arvensis,  Blackbird  Turdus merula,  Song Thrush  Turdus 

philomelos,  and  Australian  Magpie  Gymnorhina  tibicen.  Of  these,  the  former  three  are 

European introductions; magpies are self-introduced from Australia. Heather and Robertson 

(2000)  provide  in-depth  descriptions  of  their  distribution  and behaviour  in  New Zealand. 

These species are among the most common birds on sheep and beef farms, preferring open 

paddocks interspersed with vegetation blocks. They were chosen to test the suitability of this 

survey's methods to the New Zealand farm habitat because of their ubiquity, the relative ease 

of identification in the field both visually and by call/song, and because previous surveys on 

the same farms have shown that density could be estimated with higher precision than was 

possible  for  other  common  species  (ARGOS  bird  survey,  sheep  &  beef  sector,  2004/5, 

unpublished data). The Pied Oystercatcher Haematopus ostralegus was initially monitored as 

a fifth focal species, but had to be removed from analyses due to insufficient sightings.

In this chapter, I evaluate the capacity of line transect distance sampling to accurately model 

bird detection data from New Zealand sheep & beef farms, and to produce precise estimates 

of bird density. 
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Methods

Study setup

The study formed part of the ARGOS project (Agriculture Research Group on Sustainability - 

http://www.argos.org.nz). ARGOS has started a programme to examine the environmental, 

social  and  economic  sustainability  of  New  Zealand’s  farming  systems,  with  the  goal  of 

facilitating innovation and performance in primary production systems, and maintenance or 

creation  of multifunctional  landscapes.  ARGOS investigates  the effects  of farming within 

various  farm sectors  that  differ  in  geographic  location  and farming system.  Of these,  the 

group of farms that specialize in sheep and beef farming and are located in the South Island 

was chosen for the purposes of this study.

The farms were clustered into matched groups of three, with one cluster each being located 

near  Outram (Otago),  near  Oamaru  (Otago),  near  Owaka  (Southland)  and  on  the  Banks 

Peninsula  (Canterbury)  (Figure  1).  These  clusters  were  chosen  because  they  were  close 

enough  together  to  allow  for  efficient  repeated  surveys  in  all  areas,  and  because  this 

distribution  provided for  a wide variety  of South Island  farm  landscape  types  among the 

monitored farms. The clustering of properties in the same region made it possible to treat each 

cluster of three farms as approximately matched in elevation, climate and soil type and thus 

allowed the use of cluster as a blocking factor (see Table 1 for an overview of the location of 

all surveyed farms). 

Average farm size was ~520ha, with Outram farms being the largest and Banks Peninsula 

farms the smallest. Landforms found on the farms differed by cluster to some degree. Banks 

Peninsula farms tended to have  steeper slopes than the other clusters, while Outram farms, 

located on the Central Otago plateau, tended to be  flatter and had the largest open spaces. 

Catlins farms featured the largest native bush blocks. However, farms were chosen such that 

there was a mixture with "high complexity habitats" (large amount of vegetation, complex 

terrain) and "low complexity habitats" (little vegetation, dominated by flat open paddocks) in 

each cluster. Livestock on all farms comprised of both sheep and beef cattle.
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Each  cluster  contained  one 

representative  of  each  of  three 

different  farm  management 

types  ("panels"):  Conventional 

(CON), Integrated Management 

(INT),  and  Certified  Organic 

(ORG).  Organic  farms  follow 

strict  protocols  laid  down  by 

Bio-Gro or CertNZ that use no 

artificial fertilisers or pesticides. 

Integrated Management follows 

a  somewhat  more  varied 

protocol where a wider range of 

chemicals  can  be  applied  but 

inputs  are  minimised  by  a 

variety  of  strategies  (Wharfe 

and  Manhire,  2004).  A  major 

part of the ARGOS programme 

centres on testing the null hypothesis that there are no differences in environmental, social and 

economic  outcomes  between organic,  integrated  and conventional  farming.  A goal  of  the 

present study was to add to that investigation by determining whether a management system-

driven difference in the populations of the selected four representative wild bird species could 

be found on the farms.

Table 1: Farm locations, physical characteristics, and  management systems (panel)  
(ORG = certified organic, INT = Integrated Management, CON = conventional) 

Farm code Cluster Panel Size (ha) Mean elevation (m)
1 Banks Int 246 162
2 Banks Org 459 154
3 Banks Con 337 242
4 Oamaru Org 656 65
5 Oamaru Con 253 52
6 Oamaru Int 215 146
7 Outram Con 690 288
8 Outram Org 638 485
9 Outram Int 1364 466
10 Catlins Org 489 94
11 Catlins Con 540 130
12 Catlins Int 375 170

Figure 1: Location of sheep and beef farm clusters and individual 
farms surveyed in this study.
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Distance sampling methodology

Distance sampling theory is presented in detail in Buckland et al. (2001) and Buckland et al. 

(2004).  In  distance  sampling  with  line  transects,  observers  record  the  distance  from  a 

randomly placed line to all birds detected within a truncation distance  w. Not all the birds 

within distance  w will be detected,  but a fundamental  assumption is that  all  birds at zero 

distance  are  detected,  or  failing  that,  that  the proportion  of  detections  at  zero distance  is 

known. Overall detection probability is expected to decrease with increasing distance from the 

line. The distribution of the observed distances is used to estimate a "detection function" g(y) 

that  describes  the  probability  of  detecting  a  bird  at  distance  y.  Given  that  various  basic 

assumptions hold (Table 2), this function allows the estimation of the average probability P of 

detecting a bird given that is within width w of the line. Bird density can then be estimated as 

D = n/(P*a), where n is the number of birds detected and a is the size of the region covered 

(the total length of the transect multiplied by 2w).

In program Distance, the detection function is modelled by combining a robust key function 

with an optional flexible series expansion that can help fit the function to the distance data 

(Buckland et al. 2001). Frequently, density estimates may also be improved by the inclusion 

of covariates that can influence the detection probability, such as habitat parameters, weather 

conditions, and observer identity (Marques et al. 2007), an approach that has been followed 

here. 

Table 2: Assumptions of line transect sampling. Adapted from Borchers et al. (2002)

Assumption Effect of violation

Animals do not move before detection

Measurements are exact

All animals on the line are detected (i.e. 
g(0)=1)

Density estimate is negatively biased in proportion to 
actual g(0); e.g. g(0)=0.8 results in an estimate that is 

80% of true density.
Bias negligible if movement is random. If movement is in 

response to observer, negative (when avoiding observer) or 
positive (when attracted to observer) bias can result.

Method is robust to random errors. Systematic errors like 
habitual rounding or over/under-estimation will bias the 

estimate.

Animals are randomly and independently 
distributed

Biases confidence intervals of estimates. For this reason, 
clustered populations are recorded as clusters and cluster 

size recorded separately.
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Data collection

Transect placement

The chosen transect length was 500m, according to previous ARGOS results that showed this 

was a length well fitted to average farm size and resulting in a usable number of detections in 

reasonable time (10-40 minutes) (Blackwell  et al.  2005). Transects were located in North-

South orientation to facilitate the use of a compass for orientation and angle determination. 

The default direction to walk a transect was due south, but some transect were instead walked 

due north to enable completion of more transects without backtracking (Figure 2). No effect 

of transect direction on estimated detection probability was found.

For  each  visit,  transects  were placed  at  random using  the following protocol:  25 starting 

points  were  randomized  within  farm boundaries  while  observing  a  minimum  distance  of 

200m between points, using the random point placement function of the ArcGIS 9 (ESRI Inc. 

2004) add-on  Hawth's Tools  (Beyer  2004). Before  actual  starting  points  were  chosen,  I 

removed those  where both possible  transects would cross farm boundaries  after  less than 

300m, as well as those where it was discernible from the map that both possible transects 

would cross landscape features that were either impossible or extremely time-consuming to 

navigate,  or  would  be  going  through  vegetation  so  dense  that  GPS  reception  would  be 

inhibited and coordinate recording impossible. Ten of the remaining starting points were then 

Figure 2: Map of farm 4 (Oamaru cluster), showing transect start points and transect lines pooled over all visits  
(this farm was visited 9 times). Shaded areas are woody vegetation blocks.
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randomly chosen as actual starting positions, although on some occasions less than ten would 

be  completed  due  to  time  constraints  or  weather  changes.  Individual  transects  were  not 

repeated on later occasions, barring cases when a new transect was randomly located at the 

same location. 

Field methods

Monitoring with two observers  on average  started at  10:12h, or 208 ± 27.5 minutes  after 

sunrise; the last transect was begun at 13:50h on average, or 385 ± 21 minutes after sunrise. 

Average transect duration was 25.4  ± 1.5 minutes. Each of two observers would generally 

perform 5 consecutive transects in a fieldwork day. 

In addition to the author, seven other observers were consecutively taking part in the survey. 

The author and one assistant observer each walked half the transects on any given farm each 

circuit.  Observers waited for 2-3 minutes after arriving at a transect start to allow birds to 

quieten down, then slowly walked along the transect while trying to keep an approximate 360 

degree watch and listening. Attention naturally was focused mostly in the ~200 degrees in 

front of the observer, but observers were asked to also count birds behind them (particularly 

by hearing).  Multiple detections of the same individual were avoided by keeping track of 

individual birds near the line. Stops for recording at any spot for longer than three to four 

minutes were avoided.

On detecting a bird, the distance to the detection point was established with a laser range 

finder (Bushnell Yardage Pro Sport 450). If the bird was perched, the object/ground being 

perched on was used as the target to estimate the distance; if flying, it was the spot on the 

object/ground immediately beneath it at the time of detection (this notably was the case for all 

detections of singing skylarks). The angle of the point of detection to the transect line was 

estimated by compass.  Groups of birds were treated as a single detection,  and group size 

recorded separately. Behaviour, habitat, and the last four digits of the GPS coordinates (using 

a  Garmin  eTrex)  of the observer  position  were also recorded.  On average,  recording  one 

detection took about about 25 seconds. At the beginning of each transect, start time and cloud 

cover were noted; at the end, the end time. Wind speed and temperature were measured at 

three points, about equally spaced, during the day.
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Time frame

Sightings were collected over the course of 

ten  repeat  visits  to  all  farms  (circuits)  that 

were  spaced  over  two  years  (Table  3). 

According to best compromise between the 

breeding cycles of the focal species, circuits 

were  categorised  into  three  seasons 

designated  "Breeding"  (September  - 

January),  "Post-breeding" (February -  May) 

and  "Winter"  (June  -  August).  Figure  3 

shows the placement of the seasons, and the 

focal species' main breeding times, over the 

course  of  one  year. The  span  from  the 

beginning  of  Breeding  to  end  of  Winter 

within one year was called a cohort. Cohort 1 

comprised of 2x Breed, 2x Post, 1x Winter; 

cohort 2 had 3x Breed, 1x Post, 1x Winter (Table 3).

The spacing of circuits turned out to be uneven due to logistic and weather reasons. Likewise, 

the  order  of  visiting  the  farms  within  a  circuit  was  not  fixed  and  varied  with  seasonal 

constraints (e.g. severe weather, lambing season). Within each circuit, the aim was to visit all 

twelve farms. This was not always possible, leading to some gaps in temporal coverage. The 

following farms were omitted: circuits 1 to 4 - none; circuit 5 - 1; circuit 6 - 3, 4, 12; circuit 7 

- 9, 10, 11; circuit 8 - 2 and 7; circuit 9 - 5 and 8; circuit 10 - none. No farm was missed more 

than once. All but one of the omitted visits occurred during the second cohort time span.

Table 3: Spacing of circuits over the survey period

Year 2005 2006 2007
Month 11 12 1 2 3 4 5 6 7 8 9 10 11 12 1 2 3 4 5 6 7 8

Circuit 1 2 3 4 5 6 7 8  9 10

Season BREED BREED POST  POST WINTER BREED BREED BREED POST WINTER

Figure 3: Partitioning of one year into the three 
"seasons" used in modelling, and position of the 
average breeding seasons of the focal species in  
the South Island of New Zealand. Data taken 
from Marples and Gurr (1943), Flux (1966),  
Heather and Robertson (2000).
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Density estimation using distance sampling

Distance model building

All calculations  for the estimation of detection functions were carried out in Distance 6.0 

Release Beta 1 (Thomas et al.  2006); additional computations  were performed in GenStat 

Version 9.1 (Lawes Agricultural Trust 2006).

Data sets were analysed per species and farm - 4 (species) x 12 (farms) sets of models (minus 

three sets of insufficient size). Although program Distance offers the option of using factors 

to post-stratify sets (i.e. allow the detection function to vary for a subset determined by the 

factor),  this  approach has been avoided to  retain  a large sample  size.  Factors  like habitat 

parameters, observer identity and time of year were instead introduced as covariates (Marques 

and Buckland 2003).

Data  sets  were  truncated  such  that  the  minimum  detection  probability  per  set  was 

approximately 0.15 (Buckland et al. 2001, p16). Data were analysed ungrouped if possible, 

but in the majority of cases grouping them into nine to thirteen intervals proved necessary to 

correct for rounding/heaping errors or to smooth small and irregular data sets. Of forty-five 

data sets, only five that had exceptionally high sample sizes were analysed ungrouped.

Covariates of detectability entered the model in the form of a scaling parameter (sigma) that 

controls the width of the detection function, thus influencing its scale (Marques and Buckland 

2003). The parameters selected were (Table 4): season, observer, seen/heard, habitat, minutes 

since sunrise, and wind speed. Factor covariates were constrained to a maximum of 3 levels to 

avoid unbalancing models based on small datasets.
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Model selection and averaging

For  each  species  and  farm,  all  possible  models  with  combinations  of  either  of  the  two 

recommended key functions (half-normal or hazard-rate; Buckland et al. 2001), up to any two 

of  the  six  covariates  and  up  to  any  one  of  the  three  available  series  expansions  were 

generated. Any covariates resulting in a conspicuously improved model fit were trialled in up 

to fourth-level combinations.

Model selection was performed using Akaike's Information Criterion (AIC) (Akaike 1973). 

AIC is used to rank models by providing a quantitative measure of model fit and can be used 

to identify models that achieve the best model fit with the least number of added parameters, 

i.e. are parsimonious. A second order derivation (AICc) that compensates for small sample 

sizes  (~<40)  has  been  used  consistently  in  ranking  the  Distance  models  (Burnham  and 

Anderson 1998). Construction of Akaike weights (weight of evidence in favour of any one 

model being the most parsimoniously fitting model in the set) and evidence ratios (ratio of 

evidence  of  one model  versus  the next  best)  were generated  following the  same authors. 

Using AICc scores as ranking criterion, confidence sets of models were created following 

Burnham  and Anderson (1998)'s  suggestion  that  models  with  a  delta  AIC below 4  have 

reasonable  support  for  being  considered  among  the  best  models  of  their  set.  Models  in 

confidence  sets  were  screened  according  to  several  additional  criteria  (Table  5),  and 

inferences about estimates and the role of covariates have been drawn only from these sets.

Table 4: Covariates used in constructing distance models

Covariate Type Levels Comments

Season Factor See Illustration 3 for placement of seasons

Observer Factor “Other” covers 7 observers

Seen/heard Factor Heard, seen

Habitat Factor Veg, open, other

Continuous - Recorded at start of transect

Wind speed Continuous - Recorded three times over the course of ten transects

Breed, post, 
winter

Main, other, 
main & other

Whether the bird was detected by ear only or seen as 
well

“Veg” covers all types of woody vegetation (native and 
introduced, incl shelterbelts); “open” covers paddocks/
pasture and crops; “other” covers bare ground, utility 

areas and wetlands
Minutes since 

sunrise
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If there is no clear AIC-best model in a confidence set,  inferences can more fruitfully be 

drawn from an AIC-weighted average of the set of plausible alternative models (Burnham and 

Anderson 1998). In my models the AIC differences between top models were generally slight, 

and a clear best model was rarely apparent. Hence, estimates were derived from averaging 

over this confidence set by default. Averaging of estimates and variances within a set using 

Akaike weights (Burnham and Anderson 1998) was performed manually in OpenOffice Calc 

2.2.1 (www.openoffice.org).

Table 5: Additional criteria for including a model in a confidence set

- Model variance is not conspicuously larger than in close models
- Model is not subject to “pretending variables” (Burnham and Anderson 1998, p65)

- Successful convergence of iterative fitting process, OR convergence failure after 500 
iterations (asymptotically close to converged model)
- g(0) (detection probability = 1) is not more than 5% higher than the first histogram 
bar
- Additional series expansions do not merely fit obvious artifacts of sampling (heaping 
etc) 
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Results

Available data set

The total number of detected groups of birds (including single birds) was 2071 for skylarks, 

1253 for  blackbirds,  968 for  magpies,  and 658 for  thrushes (Table  6).  Therefore,  overall 

estimates for thrush had the weakest data basis, those for skylark the strongest. 

Detections from all circuits were pooled within each farm to make up sufficient numbers for 

analysis. Detections on individual farms were not always sufficient for the fitting of a reliable 

detection function when using Buckland et al. (2001)'s guideline of a minimum 60 detections. 

No detection functions could be fitted for blackbirds on farm 9 and for thrushes on farms 6 & 

9. 

Dangerously low (below 40) detection numbers were found for thrushes on farms 1, 2, 3 and 

5. In these cases, models could successfully be fitted, but mostly defaulted to simple models 

(one  or  no  covariates).  For  farms  where  the  fitting  process  failed  due  to  insufficient 

detections,  no  data-derived  estimates  are  available;  model  estimates  in  these  cases  were 

substituted from the average of the other farms in that cluster. 

As an alternative to fitting farm-level models, for each species a global detection function 

across all  farms could have been fitted and farm-level  density estimates  could have been 

generated by post-stratification  (Buckland et al. 2001), allowing estimation for farm sets that 

could not support  individual  models.  However,  farm-level  models  were chosen because a 

Table 6: Group detections per species and farm over entire duration of survey. (*) denotes cases where there 
were less than 40 detections available for this species and farm combination, possibly resulting in poor model 
quality; (**) denotes cases where no model could be fitted due to low detection numbers. 

Species Detections total Farms
1 2 3 4 5 6 7 8 9 10 11 12

Skylark 2071 131 89 102 177 405 211 55 197 457 101 93 53
Blackbird 1253 74 67 60 95 88 65 201 127 29** 146 167 134

Thrush 658 21* 29* 31* 41 37* 16** 131 67 12** 86 83 104
Magpie 968 52 45 89 89 97 152 61 74 83 76 67 83
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comparison of the sums of farm-level AICc scores (9303.88, 5476.62, 2032.98, and 3310.2 

for skylark, blackbirds, thrush, and magpie respectively)  with the AICc score for a global 

model (16938.29, 8272.07, 5166.14, and 8873.3 for the same species)  indicated that very 

substantially better models fit could be achieved using this method (Buckland et al. 2001).  

While  distances  were measured with a laser 

range finder and hence can be considered  to 

be  without  systematic  bias,  angles  were 

recorded  using  a  compass  and  estimating  a 

line  of  sight  by  dead  reckoning.  It  is  well 

known that this frequently leads to rounding 

of  angles  by  the  observer  (Buckland  et  al. 

2001).  Rounding  to  zero  is  particularly 

prevalent  and  also  has  the  most  adverse 

effects  on estimation,  because  the estimated 

density depends crucially on the value of the 

detection  function  at  zero  distance.  This 

rounding  behaviour  was  visible  to  some 

degree in approximately half  the farm-level  datasets,  spread over  all  four species,  though 

particularly  in  magpies,  where  long  distances  made  accurate  angle  determination  more 

difficult (e.g. Figure 4 for blackbirds).

Following Buckland et al. (2001), this was addressed by

a) the use of models with a "shoulder" that avoided fitting the spike (half-normal and hazard-

rate functions) and  verifying by inspection that individual models did not overfit rounding 

spikes 

b) where necessary,  grouping the data into distance intervals such that transitions between 

intervals were kept away from the values that were rounded to.

Well-fitting detection functions per species & farm

Figures 5 and 6 show an overview of the fitted detection function curves of models selected 

for each species, and Table 7 an overview of confidence set characteristics (see Illustrations 

Figure 4: Blackbird detections on farm #8 over  
all circuits by perpendicular distance, showing 
rounding of angles to zero by the observers (note  
inflated first histogram bar).
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A1-A4 and Table A1 in appendix for full model set results). 

The type of key function present in the confidence sets was approximately two to one in 

favour of a half-normal base function as opposed to a hazard-rate one; this also held more or 

less for the individual species. Series expansions to the key function were almost always of 

the  cosine  type,  with  only  1-2% simple  polynomial  expansions.  78% of  models  had  no 

expansion at  all;  this  was particularly  true for  magpies  (96% without  expansion).  Akaike 

weight ratios between the best and the 2nd-best model of a set were never larger than 5, and 

1.95  on  average,  showing very  limited  evidence  for  the  highest-ranking  model  being  the 

Kullback-Leibler  "best"  model  in  the  set  and  lending  strength  to  the  model  averaging 

approach. The highest ratios were found among thrush models (2.64 on average).

To gain an impression of the absolute fit of models in the confidence set, chi-square tests 

were  performed  (Table  A2 in  appendix).  These  generally  indicated  good fits  for  the  top 

models (first models on average: 0.78, lowest model in the set per species on average: 0.55). 

In three cases, averaged 1st model fits were below 0.2 ; in these cases, the number of data 

Table 7: Overview of confidence set characteristics: number of models per set; percentage of half-normal (hn)  
and hazard-rate (haz) models; percentage of models with cosine, simple polynomial, or no series expansion; 
Akaike ratio between best and 2nd-best model; detection probability for best model, and weight-averaged for  
set; coefficient of variation of weight-averaged detection probability / effective strip width (same value), and of  
weight-averaged density estimate; effective strip width of best model, and weight-averaged for set; and number 
of detections. For each species, values were averaged across all farms.

Species Models in set %hn %haz

Skylark 8.8 0.67 0.33 0.73 0.25 0.02 1.87
Blackbird 9.5 0.71 0.29 0.62 0.38 0.00 1.58

Thrush 6.6 0.57 0.43 0.82 0.18 0.00 2.64
Magpie 9.1 0.60 0.40 0.96 0.02 0.02 1.84

Average 8.6 0.64 0.36 0.78 0.21 0.01 1.95

Species av p cv av D av ESW Detections

Skylark 0.55 0.55 0.09 0.18 48.36 48.36 151.42
Blackbird 0.44 0.43 0.12 0.19 38.37 37.99 95.33

Thrush 0.59 0.59 0.13 0.27 36.04 35.94 46.42
Magpie 0.57 0.56 0.14 0.21 91.58 90.70 70.67

Average 0.54 0.53 0.12 0.21 54.70 54.36 90.96

% Exp: 
none

% Exp: 
cos

% Exp: 
sim

1st model 
AWratio

1st model p cv av 
p/ESW

1st model 
ESW
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intervals  was  very  low  (6-7).  Considering  the  rough  histogram  structure,  the  curves  fit 

acceptably  well  even  in  those  circumstances.  However,  as  the  chi-square  test  is  strongly 

influenced by interval number and placement of interval cut-points (Buckland et al.  2001, 

2004),  quantile-quantile  plots  generated  by  Distance were  used  preferentially  to  assess 

absolute model fit during model generation.

The detection probability modelled by the function averaged 0.53 over all species, and was 

lowest for blackbird (0.43), followed by skylark (0.55), magpie (0.56) and thrush (0.59); the 

total range was from 0.33 to 0.78, and there was very little difference between the value for 

the best model of a set and the weight-averaged set as a whole. The coefficient of variation of 

detection probability varied slightly by species, but was generally in the region of 0.1 - 0.2 

and in no case larger than 0.24 (in magpies). Averaged values were lowest for skylark (0.09), 

followed by blackbird (0.12), thrush (0.13) and magpie (0.14).

Estimates of "effective strip width" (ESW) (Buckland et al. 2001) were generated for each 

model,  this  being  a  useful  concept  when using  line  transects  in  distance  sampling.  If  all 

objects were detected out to this distance to both sides of the transect and none beyond, the 

expected number of objects would be the same as for the actual total survey out to the chosen 

truncation distance. It follows that the area transect length * 2 * ESW can be considered the 

perfectly censused area. This makes effective strip widths a flexible spatial derivative of the 

transect's average detection probability that incorporates the truncation distance used.

As ESW and detection probability are derived from the same estimates (and share the same 

variance), they had similar characteristics in that ESWs for the first model and those weight-

averaged from the set  were generally almost  identical,  with an overall  average of 54.7m. 

Thrush models had the lowest width at 36m on average, followed by blackbirds at 38m and 

skylarks  at  48.4m.  Magpie  models  had  conspicuously  larger  ESWs (90.7m on  average), 

corresponding  to  their  larger  truncation  distances.  The  precision  of  the  density  estimates 

derived from the models  was in a similar  range for all  species,  ranging from an average 

coefficient  of  deviation  of  density  of  0.18 in  skylarks  to  0.27 in  thrushes,  for  an overall 

average cv of 0.21. 



Skylark models: highest goodness of fit (Farm 7, χ2=0.998), average (Farm 1, χ2=0.847), lowest (Farm 3, χ2=0.126)

Blackbird models: highest goodness of fit (Farm 10, χ2=0.949), average (Farm 7, χ2=0.700), lowest (Farm 8, χ2=0.086)

Figure 5 (Skylark and Blackbird): Examples of farm-level detection histograms and detection function curves per species. The X axis shows detection distance (m) out to truncation  

distance,  the  Y axis shows detection probability. The histogram shows number of detections (not  labelled) per distance interval; the detection function g(x) was fitted to the  

histogram and the Y axis then scaled to g(0)=1. For each species, farm-level models with the highest, average, and lowest χ 2 goodness of fit are shown. For the full set of best  

models for all farms, see Illustrations A1-A4 (appendix).
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Thrush models: highest goodness of fit (Farm 12, χ2=0.984), average (Farm 2, χ2=0.977), lowest (Farm 5, χ2=0.818)

Magpie models: highest goodness of fit (Farm 5, χ2=0.994), average (Farm 12, χ2=0.872), lowest (Farm 9, χ2=0.173)

Figure 6 (Thrush and Magpie): Examples of farm-level detection histograms and detection function curves per species. The X axis shows detection distance (m) out to truncation 

distance,  the  Y axis shows detection probability. The histogram shows number of detections (not  labelled) per distance interval; the detection function g(x) was fitted to the  

histogram and the Y axis then scaled to g(0)=1. For each species, farm-level models with the highest, average, and lowest χ 2 goodness of fit are shown. For the full set of best  

models for all farms, see Illustrations A1-A4 (appendix).
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Precision estimation

The  density  estimate  produced  by  program  Distance  can  be  broken  down  into  three 

components:

estimated density = 0.5 * detection component * encounter rate component * cluster size  

component

where the detection component is the probability density function evaluated at distance 0, or 

1/ESW; the encounter rate component  is (number of sightings)/(total  line length);  and the 

cluster size component is the estimated average size of detected clusters of animals. Similarly, 

var(D)^2 may be approximated using the delta method (Seber 1982) by summing the squared 

variances of the individual components. Distance provides a breakdown of the contribution 

each  component  makes  to  a  density  estimate's  variance  (Table  8).  On  average,  var(P) 

accounted for 1/4 - 1/3 of var(D) in the individual species-by-farm models, while variability 

in encounter rate made up most of the total variance and variability in cluster size played the 

smallest part. 

Comparison with ARGOS surveys

These precision estimates may be contrasted to those achieved by two other surveys using 

similar methodologies. These surveys were carried out within the framework of the ARGOS 

program between November 2004 and January 2005 (ARGOS 1), and December 2007 and 

January 2008 (ARGOS 2),  bracketing  the  time period  I  covered.  They covered  thirty-six 

South  Island sheep & beef  farms,  including  the  twelve  farms  covered  in  this  study.  Ten 

Table 8: Average percentage components computed by Distance of variation 
present in density estimates

Component Skylark Blackbird Thrush Magpie

33.0% 27.9% 23.0% 31.3%

59.5% 66.4% 71.4% 51.2%

Cluster size 7.5% 7.1% 5.6% 17.5%

Detection 
probability
Encounter 

rate
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transects of 500m per farm were performed over one or two days, employing the same field 

methods as this survey, although all encountered bird species were recorded rather than a few 

focus species.

As a difference in survey design, no repeat visits were made to farms: instead of pooling 

across replicate  visits,  data  were pooled across all  farms to reach a sample size that  was 

adequate for modelling. A detection function was estimated at this global level, but results for 

encounter rate, cluster size and density were post-stratified by farm and thus estimated at farm 

level using the global function (Buckland et al. 2001).

Figure 7 shows a comparison of several  estimates for the present survey (over all  twelve 

farms and ten circuits, subscript 10) and ARGOS 1 and 2 (averaged over the twelve farms, 

subscript A1 and A2), per species. Farm-level detection probability P10 for each species was 

equal to or better than the equivalent measure for PA1 and PA2. However, because of the way 

the detection function was estimated,  cv(PA1/A2)  were much lower than cv(P10);  the global 

detection  function  reduced  this  variance  noticeably  by  making  use  of  a  much  increased 

number of detections. This effect did not carry through to the variance of the density estimate. 

Cv(DA1)  and  cv(DA2)  were always  larger  than  cv(D10);  cv(DA1)  was  more  than  two times 

greater than cv(D10) for any one species. The same pattern was observed in the cv of the 

encounter rate. 

Figure 7: Detection probability, and coefficients of variation of  
detection probability, density, and encounter rate, in comparison 
between the present survey (pooled over all circuits) and ARGOS 
surveys 1 & 2, for the four focal species.
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Discussion

Meeting of basic assumptions

The reliability of the results of any study employing a complex sampling methodology 

depends on meeting the method's basic assumptions. In the following I briefly discuss the 

basic assumptions that the distance sampling method is based on (Buckland et al. 2001; Table 

2) and whether they were met in the present study. 

All animals on the transect line are detected (g(0)=1): 

Violation of this assumption would result in the density estimate being negatively biased in 

proportion to actual value of g(0). There is no methodological reason to assume that detection 

on the line would be particularly diminished in this survey, as is frequently the case e.g. in 

ship-board or aerial surveys where the vehicle or equipment blocks part of the view-field 

(Buckland et al. 2001, 2004). Detection on the line will have been incomplete in that a bird 

directly on the line has a chance of moving away before the observer passes that point, which 

would not be the case with a stationary object (the ideal case). This however does not mean 

the detection will not occur, it rather transforms the problem into one of animal movement in 

response to the observer, which can be dealt with in a satisfactory way (see below). It can be 

assumed that this assumption was well met.

Animals are randomly and independently distributed: 

Bias here can occur on two levels. First, if populations are clustered and detections are treated 

as independent regardless of whether they were isolated individuals or part of a cluster, the 

density estimate's confidence interval would be negatively biased. Following Buckland et al. 

(2001), in this survey detections of clustered individuals were recorded as a single detection 

with an associated cluster size and incorporated into an adjusted confidence interval by 

program DISTANCE. Second, a negative or positive bias can occur if transects are not placed 

independently of gradients of density, such as along roads. Transects should therefore either 

be placed across known density gradients or, as in the present study, randomly (Buckland et 

al. 2001, 2004). A related issue arises if detections on a transect are not independent of those 

on another, e.g. if transects are spaced insufficiently far apart. The truncation distances 

employed in my models (Figure 5 & 6, table 7) show that the spacing of 200m or more 
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employed in the present survey was sufficient to ensure independence. It can thus be assumed 

that results in this survey were not subject to this source of bias.

Animals do not move before detection: 

Bias resulting from a violation of this assumption is negligible if movement is random. If bird 

movement is in response to the observer, negative (when avoiding observer) or positive (when 

attracted to observer) bias can result. The detection data show that avoidance behaviour was 

present in some cases (see for example the 'average' farm-level detection histogram for 

skylarks, Figure 5), resulting in a shift of detections away from the line to a point at greater 

perpendicular distance. An efficient method of addressing such effects is the use of models 

with a shoulder and partitioning the raw data into intervals (Buckland et al. 2001, 2004); both 

these approaches were used in the present survey with good effect. It can be concluded that 

this basic assumption was sometimes violated, but the effects of the violation were adjusted in 

a satisfactory manner before the analysis stage.

Measurements are exact: 

The distance sampling method is robust to random errors in measurement, yet systematic 

errors can bias the estimates in either direction. The two occasions for bias to occur during 

fieldwork were when measuring the distance to the detected bird, and when measuring the 

angle of the detection to the transect line. A laser range finder was used for distance 

measurement, eliminating rounding errors by the observer. The random placement of 

transects also ensured that no systematic bias could arise from, e.g., the aural detection of 

birds in a vegetation plot and measuring of the distance to the plot on repeated occasions 

(Johnson 2008). However, as detailed in the Results section, angle estimation relied on dead 

reckoning on the part of the observer and thus suffered from frequent rounding biases, 

particularly rounding to zero (Figure 4). The same remedial approaches as for the results of 

evasive movement (models with a shoulder, and data intervals) were employed here 

(Buckland et al. 2001, 2004) and in this case also yielded good results (Figures 5,6, A1-A4). 

As in the above case, violation of the assumption of exact measurements was sometimes 

present, but could be successfully addressed.

It can thus be concluded that the basic assumptions of distance sampling (Buckland et al. 

2001; Table 2) were met satisfactorily well in the present survey, and that the results were not 

biased in a meaningful way by any violations.
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Limitations of the results

Conclusions  drawn from these models  need to  be considered in  the light  of the differing 

quality of data that went into them. Namely, thrush data were of the lowest quality among the 

four species in this study, and the quality of their analysis presumably suffered from this. The 

main  cause for this  was the low certainty in  discriminating  between thrushes and female 

blackbirds from a distance or in dense vegetation visually,  and singing thrushes and male 

blackbirds  by  ear,  with  the  "default"  result  being  blackbird  (the  species  generally  better 

known to observers). This was an issue with probably every new assistant observer brought 

into the field team; in the case of the constant main observer, the bias was probably non-

existent after the first few circuits. This might have been a factor contributing to low numbers 

of  thrush detections (average 46 per farm) as opposed to other species (70 - 151),  which may 

also  have  been  biased  towards  close  visual  detections.  This  contributed  to  the  missing 

distance sampling estimates for two farms (with marginal habitat for thrushes and blackbird) 

and  problems  with  fitting  models  with  covariates,  both  due  to  insufficient  sample  size. 

Another probable effect was the possible biasing of density estimates of thrush (negative) and 

blackbirds (positive) - while other surveys of these four species on the same farms also found 

that thrushes were present in the smallest numbers (ARGOS surveys, see Chapter Four), these 

surveys  were carried out under similar  circumstances  and were presumably subject to the 

same biases. Therefore, the thrush results should be treated with greater caution than those for 

other species.

Modelling technique and model fitting

Across all species and within individual species, the simpler half-normal detection function 

was selected almost twice as frequently as the hazard-rate function (which features an extra 

scale  parameter).  Although the hazard-rate  function is  generally better  suited to deal with 

rounding spikes  due its  shoulder  near  zero distance  (Buckland et  al.  2001),  its  additional 

parameter  lowered this  function's parsimony.  A similar result  could be seen regarding the 

selection of series expansion terms to the base function,  with more than three quarters of 

selected models having no expansion term at all (an effect particularly dominant in magpies, 

where observation histograms tended to be long and smooth with no need for additional fit 

adjustment).  From both  these  outcomes  it  seems  that  using  AIC as  a  selection  criterion 

worked  to  ensure  that  overparametrization  was  kept  in  check,  steering  analysis  towards 
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simpler models. 

When weighing the models according to their Akaike scores, there was rarely an indication 

that the highest-scored model was very much better than the following ones (the relatively 

high AW ratios in thrush models can be traced back to small sample sizes again, resulting in 

more  difficult  fits  and  therefore  fewer  candidate  models).  This  was  the  main  reason that 

weight-averaged estimates drawn from the entire confidence set were used throughout this 

analysis. The actual difference this created in terms of estimated detection probability was 

slight; for a given data set, detection probability/ESW tended to come out similar within a 

confidence set independent of base model, covariates, or series expansion used, justifying the 

view  of  confidence  sets  as  collections  of  models  each  of  which  describes  the  data 

satisfactorily.

There  were strong differences  between  the  average  effective  strip  widths  derived  for  the 

individual species, with magpie models having close to twice the strip width of skylarks, and 

thrushes  and  blackbirds  lower  than  this  again  by  a  quarter.  These  differences  were  not 

primarily due to the actual probabilities of detection, those being rather similar in the four 

species and not mirroring this progression of ESWs. Rather, in this survey they were strongly 

influenced by the truncation distances that were used to denote the farthest-away detection to 

include in a model, and that thus determined the strip width over which the detection function 

was  fit.  As  in  every  model  this  truncation  distance  was  determined  by the  shape  of  the 

detection function (chosen such that p ~ 0.15), ESW offers insights into how far away from 

the transect a usable level of detectability extended. This seemed to be largely dependent on 

conspicuousness and flushing distance. Both were very high for magpies, which frequently 

could be easily spotted when taking off calling across an empty paddock. Skylarks had a high 

percentage of detections while displaying,  which  is in the open with primary detection by 

sound - a confirmed (placeable) detection in these cases was limited by how far away an 

individual singing bird in the sky could be discerned. Blackbirds and thrushes, on the other 

hand, tended to be encountered either close to or in vegetation  (detections by eye or ear), 

which limited detection distance. Although their song can carry for a longer way than for 

either magpies or skylarks, a singing bird may often not be placeable in a patch of vegetation, 

or somewhere behind a rise or hill. It has been shown that in songbird surveys, the reliability 

of distance estimations from purely auditory cues is likely to be of poor reliability when both 

the observer and the bird are situated within vegetation (Alldredge et al. 2007a); however, in 



Using distance sampling to estimate densities 27

this survey less than 4% of all detections were made under such circumstances. 

The differences in ESW lead to accordingly different area coverage efficiencies for the focal 

species. For a given surveyed farm, magpie density estimates will be more secure than e.g. 

blackbird density estimates in that a greater proportion of the area for which the inference is 

being made was actually effectively censused by the observer. This needs to be taken into 

account when determining how much effort is needed to derive a usable estimate for any one 

species.

Reliability of model estimates

The precision of the density estimates is the main criterion to gauge the appropriateness of the 

described methods for this kind of survey. The coefficient of variation for density estimates in 

my  survey  had  an  average  of  0.21  over  all  species  (Table  7).  The  highest  species-level 

average cv was 0.27 belonging for thrushes. These cvs compare well with the range that has 

been  reported  for  studies  of  the  same  or  comparable  species  in  similar  habitats  (see  for 

example Norvell et al. 2003, Buckland 2006, Somershoe et al. 2006, Newson et al. 2008). In 

those studies, lower variability was usually connected with both higher spatial resolution of 

the  modelling  and  greater  sample  size.  This  positive  effect  of  sample  size  (number  of 

detections)  was  clearly  visible  in  this  survey  when  ranking  farms  by  cv(D)  within  each 

species (Table A1 in appendix).  For some species-by-farm combinations (e.g. thrushes on 

Banks Peninsula farms), this led to variances that ought to be considered unsuitably large. 

However, in general the precision was sufficiently high to allow for reliable density estimates. 

The  overall  average  detection  probability across  all  farms  and  species was  0.53  and  the 

overall average cv(P) was 0.12, again positioning these results well within the range reported 

for comparable surveys (Diefenbach et al.  2003, Norvell  et al.  2003, Somershoe et al.  2006, 

Gale et al. 2009). Detection probabilities were always larger than 0.33, and had a cv > 0.2 in 

only two of forty-five cases (both magpie) (Table A1 in appendix). Magnitude and precision 

of P can thus both be judged to be entirely satisfactory. The results show that for the survey 

effort  and replication  level  employed,  a  consistent  modelling  of  the bird's  detectability  is 

possible,  putting  this  type  of  survey  on  a  basis  that  allows  reliable  comparison  of  bird 

densities between farms and removes the main obstacle for the estimation of accurate absolute 
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density and abundance.

In  the  partitioning  of  the  variance  of  the  density  estimate,  the  models  also  performed 

satisfactorily. As is common in well-fitted line transect models, encounter rate makes up the 

major  part  of  total  variance  (S.  Buckland,  pers.  comm.).  It  is  dependent  on  the  actual 

presence/absence of animals on the transects, and therefore mostly based on parameters not 

under the control of the investigator. However, there is also a methodological component to it; 

for example, if very different habitats are pooled under one detection function, the variance 

that encounter rate contributes to var(D) is likely to increase, and the same is true if sampling 

effort (combined length of all transects) is low. It is interesting to compare the trade-off in 

precision that can be observed between the present survey and two ARGOS surveys that were 

carried out on the same farms.

The detection probabilities resulting from these two surveys consistently had a much lower 

variance  than those achieved in the present survey,  yet  at  the same time the cvs of their 

density estimates were much higher. The reason for this is that the cv of encounter rate (ER) 

in the ARGOS surveys was also much larger than in the present survey,  due to the much 

lower farm-level effort used for its estimation (an average ten transects of 500m, as opposed 

to an average seventy-four transects) that lead to a greatly increased influence of the random 

character  of  bird encounters.  Thus,  the  modelling  technique  used in  the ARGOS surveys 

resulted in a small P-variance component and a large ER-variance component of var(DA1/A2); 

however, since in absolute terms the loss in cv(ERA1/A2) far outstripped the gain in cv(PA1/A2), 

cv(DA1/A2)  ended up being  driven  by it,  leading  to  comparatively  large  uncertainty  in  the 

density estimate (cv(DA1/A2) of 0.50 and 0.39 for ARGOS 1 and 2, respectively).

Implications for monitoring

Assuming an approximate equivalence of bird distributions and densities (which seems to 

have been the case, see chapter 4) in each of the four years covered by these three surveys 

(two  years  in  the  middle  for  the  present  survey,  bracketed  by  ARGOS 1  and 2),  it  can 

therefore be concluded that the temporal replication design yields more reliable farm-level 

estimates than the one using spatial post-stratification. The reverse would likely be true if an 

estimate by time period (i.e. circuit) across all farms was sought. However, if interest lies in 

population comparisons at lower spatial scales, the present design seems to be the preferable 
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choice, producing precise and workable density estimates, provided sufficient sample sizes 

can be achieved. 

Sample size is an important issue when considering the use of distance methods (Buckland et 

al. 2001, Hutto and Young 2003). As employed, neither of the two above methods is ideally 

suited  for  estimation  at  a  species-by-farm level  due  to  the  low sample  sizes  that  can  be 

expected. The most direct way to address this would be increasing the effort per farm and 

circuit (i.e. performing more transects during each farm visit). Similarly, it should be kept in 

mind  that  this  comparison  concerns  four  species  that  were  particularly  selected  for  their 

ubiquity and easy identification, decreasing variability in both ER and D. For example, in the 

case of the Paradise Shelduck Tadorna variegata, having been only occasionally encountered 

during  the  two  ARGOS surveys,  the  average  cv(ERA1/A2)  and  cv(DA1/A2)  were  above  0.8. 

Judging from the above comparison, precision in this case would likely be better under the 

repeat  circuit  design,  but  it  still  remains  to  be  tested  how suitable  the  method is  for  the 

monitoring  of  less  abundant  populations.  Remedial  approaches  like  species  pooling 

(Buckland et al. 2001, Alldredge et al. 2007) could be employed in this case. 

Conclusion

It can be concluded that the employed distance sampling method, using line transects and 

modelling the detectability of individual bird species on a farm level, is a suitable approach to 

monitor  bird  populations  of  farmland  where  common  bird  species  are  concerned  and  a 

reasonable  level  of  temporal  replication  can  be  ensured.  Good estimate  precision  can  be 

achieved in this case, especially if candidate model quality is assessed using a parsimonious 

measure of fit like AIC. If low sample sizes due to lack of replication or low bird density can 

be expected, an approach of global model fitting and post-stratification might be preferable at 

the cost of decreased farm-level estimate precision.  
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Chapter 2

The role of detection probability in estimating bird density 
on New Zealand sheep & beef farms
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Abstract

This  paper examines the factors influencing detection probability in line transect distance 

sampling used in  bird population monitoring on sheep  and beef  farms on New Zealand's 

South Island,  and evaluates the necessity of employing distance methods in preference to 

index counts. Population densities of four species of common farmland birds (Skylark Alauda 

arvensis,  Common Blackbird  Turdus  merula,  Song  Thrush  Turdus  philomelos,  Australian 

Magpie  Gymnorhina tibicen) were monitored on twelve pastoral farms located between the 

Banks Peninsula (Canterbury) and Owaka (Southland).  Each farm was visited nine to ten 

times between November 2005 and August 2007. Birds were counted on ten 500m unbounded 

line  transects  per  visit  while  recording  detection  distances  and  several  field  parameters. 

Densities per farm and species were estimated using the distance sampling modelling program 

Distance™ (version  6.0,  Thomas et  al.  2006) to  convert  counts  to  densities,  employing 

multiple  covariate  modelling  and  model  averaging  with  Akaike  scores.  The  effects  of 

individual covariates of detectability on model fit were investigated through the associated 

detection function scale parameters; the influence of various field parameters on detectability 

as  expressed  by effective  strip  width  was  modelled  using  a  Hierarchical  General  Linear 

Model. Distance modelling covariates played a strong role in model fitting (especially time 

since  sunrise  and  wind  speed),  but  showed  few  clear  directional  trends  within  species 

(observer identity and broad habitat type being the most consistent). This indicates the need to 

include  additional  factor  interactions  when  estimating  bird  density.  Farm-level  woody 

vegetation  cover  emerged  as  the  main  driver  of  effective  strip  width  differences  in  all 

modelled species, while few seasonal or geographical effects were found. No detectability 

differences were found between farms using organic, Integrated Management or conventional 

farming  systems,  confirming  that  bird  population  dynamics  might  be  compared  between 

systems using simpler index counts.  Linear  correlations  between  raw count  estimates and 

distance  sampling  estimates  were  assessed  and  found  to  be  very  high  for  skylarks  and 

thrushes,  dependent  on  factoring  in  vegetation  cover  for  blackbirds,  and  insufficient  for 

magpies,  indicating that  raw count data may not yield reliable  relative estimates in some 

species.

Keywords: detectability, distance sampling, effective strip width, farm management systems, 

farmland birds, multiple covariate modelling
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Introduction

Recent conversion of much forest  and native grassland to  agricultural  production and the 

introduction of a host of new species has brought many changes to New Zealand ecosystems. 

Much effort has been put into establishing the health of New Zealand bird communities, many 

of which consist of species unique to New Zealand. Consequently, most bird monitoring has 

been done in protected areas, on native species of conventional conservation interest  (e.g. 

O'Donnell  1996,  Hooson and  Jamieson 2003,  Powlesland  et  al.  2003). In  recent  years, 

researchers have increasingly become aware of the need to increase our knowledge about the 

composition and health of species assemblages in the "forgotten 60%" (Macleod et al. 2008) - 

the large part of NZ that is in agricultural or other use by humans. Introduced species now 

dominate production landscapes  and form an integral part of  their ecological networks, and 

any  ecosystems  management  approach  aspiring  to  encompass  all  of  New  Zealands's 

landscapes will need to integrate them (Norton 1998, Perley et al. 2001, Moller 2005). Among 

the available indicators of ecosystem health, birds stand out as being generally near the top in 

agroecosystem food chains, relatively easy to monitor, and  well recognized and familiar to 

consumers  and farmers  alike,  which makes  them potentially useful  as flagship species to 

incentivise  environmental  care;  in  this  role  they  can  also  make  good  farm management 

practice  indicators  for  securing  market  access  and  premium  prices  for  produce,  thereby 

providing  a  financial  return  for  investment  in  environmental  health  (Moller  et  al.  2005, 

Coleman et al. 2009). Reliable and efficient survey methods are needed to determine the state 

and dynamics of bird populations. The overall aim of the present study was to explore the 

viability of distance sampling as a methodology for assessing populations of common birds 

on farmland.

The survey was limited to a few common focal species, in order to enhance precision of 

sightings by having observers concentrate on fewer species and to achieve higher efficiency 

and replication in the field. The species chosen for monitoring were Skylark Alauda arvensis, 

Blackbird  Turdus  merula,  Song  Thrush  Turdus  philomelos,  and  Australian  Magpie 

Gymnorhina tibicen. Of these, the former three are European introductions; magpies are self-

introduced from Australia.  Heather and Robertson (2000) provide in-depth descriptions of 

their distribution and behaviour in New Zealand. These species are among the most common 

birds on sheep and beef farms, preferring open paddocks interspersed with vegetation blocks. 
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They were chosen because of their ubiquity, the relative ease of identification in the field both 

visually and by call/song, and because previous surveys on the same farms have shown that 

density could be estimated with higher precision than was possible for other common species 

(ARGOS bird survey, sheep & beef sector, 2004/5, unpublished data). The Pied Oystercatcher 

Haematopus ostralegus was initially monitored as a fifth focal species, but had to be removed 

from analyses due to insufficient sightings.

Several survey methods suitable for the monitoring of bird populations are available, and their 

appropriateness for different circumstances has been widely discussed (see e.g. Buckland et 

al. 2000, Borchers et al. 2002, Thompson 2002, Johnson 2008). For the present survey, focus 

was placed on the type of methodology that aims to establish an estimate of detectability for 

use in the adjustment of raw counts into estimates of absolute abundance (Morrison et al. 

2001, Buckland et al. 2000). Line transect distance sampling was chosen because the central 

assumption of declining detectability with increasing distance from an observer holds well for 

relatively open farm landscapes, it is relatively easy to implement in the field, and it has been 

intensively documented and tested (Buckland et al. 2001, 2004, 2006, Norvell et al. 2003, 

Newson et al. 2005, 2008). The main point of distance sampling and comparable methods is 

to  remove  uncertainty  and  bias  in  detection  probability,  in  order  to  generate  abundance 

estimates that are as unconditional as possible. If there are no such variations in detectability, 

simpler  (uncorrected)  methods  would  serve  instead.  However,  even  when  variability  in 

detection probability is likely, detectability-corrected methods are not invariably preferable to 

simpler ones. Among several points that can be raised about the uncritical use of adjusted 

counts (Johnson 2008), a central one is that the estimation of detection probability will rest on 

specific  fundamental  assumptions  that  must  be  met  for  the  estimate  to  be  valid  (e.g.  in 

distance sampling, that all animals at zero distance from the point/transect are detected and 

that  detectability  decreases  linearly  with  distance  from the  observer).  These  are  probably 

violated more often than researchers realize, which may also result from complex methods 

being brought to bear on data sets that cannot support them, and that the flawed results are 

then treated with unwarranted confidence as being 'corrected' (Johnson 2008). Also, the added 

effort may be misspent - it may not always be a given that "20 adjusted estimates tell more 

about population trends than 50 index values" (Johnson 2008). Clearly, there are situations 

when uncorrected counts will not only do but, considering available time and resources, will 

do better.
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Chapter One of this thesis discusses the basic assumptions of the distance sampling approach 

used in the present survey, and concludes that they were met in a satisfactory manner. It was 

demonstrated that the density of common farmland birds could be modelled satisfactorily and 

estimated  with  good  precision  using  line  transect  distance  sampling  while  incorporating 

several covariates to help explain variation in detectability. However, the actual reduction in 

estimation bias gained from employing this complex method bears investigating, as does the 

specific contribution made by these covariates. 

In the present study, the focus was twofold. First, I attempted to determine both the causes of 

detectability variation for the surveyed species, and whether distance sampling provided an 

effective means of adjustment. To this end I examined the role of various possible detection- 

and area-level parameters that have repeatedly been found to be drivers of detectability (e.g. 

Sauer et al. 1994, Newson et al. 2005, 2008, Alldredge et al. 2007). These comprise measures 

of temporal variability (time of day or year), habitat differences (vegetation type, weather 

conditions)  and  variability  introduced  by  the  mechanisms  of  field  monitoring  (observer 

identity and detection by sight or sound). While in most surveys several of these potential 

sources  of  bias  can  already  be  reduced  at  the  design  stage  by  implementing  suitable 

stratification (Buckland et al. 2001, Johnson 2008), a highly useful feature of modern distance 

analysis  is  the  ability  to  introduce  likely  parameters  into  the  analysis  as  covariates  of 

detectability  (Marques  and  Buckland  2003,  Marques  et  al.  2007).  Knowledge  of  the 

effectiveness of different parameters in this role would be a valuable resource to researchers at 

both the planning and the analysis stage of comparable surveys. 

As a secondary focus, I investigated how well the collected data might serve when used for 

the generation of unadjusted index count estimates. This was of particular interest because 

previous 5-minute point count estimates for the same populations existed, and an indication of 

their possible use as absolute estimates would be crucial. Uncorrected density estimates (raw 

counts) will  differ  from  distance  sampling  density  estimates  except  under  unusual 

circumstances. It has been shown frequently that bird monitoring methods that do not take 

detectability changes into account will  tend to underestimate true densities (Norvell  et  al. 

2003; White 2005; Newson et al. 2005, 2008; Buckland 2006). However, in many situations 

such uncorrected estimates are of use as relative indices, e.g. to track population trends on the 

same farms across time. For this use of the raw count data to be regarded as reliable, it would 

have to be shown that a set of plot count estimates had the same internal relationships as 
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would the equivalent (but structurally more reliable) set of distance sampling estimates: i.e., 

that the set of  raw count estimates of a population could be linearly transformed with high 

precision into a less biased set of estimates of the same population. 

In addition, since with index counts there is no compensation for diminishing detectability 

with increasing distance of observation, changes in strip width equal changes in estimate (as 

areas  with  progressively  less  detections  are  being  added  on).  To  achieve  comparability 

between surveys, the same cut-off distance  for detections  would have to be used for all of 

them, and the equivalence of relationships within the plot count estimate set to those within 

the distance sampling estimate set would have to be maximised at that cut-off distance. To 

investigate this issue, I analyzed the relationship between adjusted distance sampling density 

estimates and unadjusted raw count estimates from the same data set.  Information in this 

regard would be of interest both in the development of a survey when questions of efficient 

use of time and resources are addressed, and in conducting analyses that incorporate estimates 

from different types of surveys.



Role of detection probability 41

Methods

Study setup

The study formed part of the ARGOS project (Agriculture Research Group on Sustainability - 

http://www.argos.org.nz),  a programme to examine the environmental, social and economic 

sustainability of New Zealand’s farming systems, with the goal of facilitating innovation and 

performance in primary production systems, and maintenance or creation of multifunctional 

landscapes. Of the participating farms, twelve sheep and beef farms were selected, organized 

into 4 clusters  of 3 farms each,  located  near Outram (Otago),  near Oamaru (Otago),  near 

Owaka (Southland)  and on the Banks Peninsula (Canterbury).  Each cluster  contained one 

representative of each of three different farm management types ("panels"):  Conventional 

(CON), Integrated Management (INT),  and Certified Organic (ORG). A major part  of the 

ARGOS programme centres on testing the null hypothesis that there are no differences in 

environmental, social and economic outcomes between organic, integrated and conventional 

farming. A goal of the present study was to add to that investigation by determining whether a 

management system-driven difference in bird population could be found on the farms.

The study setup is described in greater detail in Chapter One.

Data collection

For each farm visit, ten randomly placed line transects of 500m length were selected, at a 

minimum spacing of  200m.  Observers  walked these transects  in  a  North-South  direction. 

Each of two observers would generally perform 5 consecutive transects in a fieldwork day. 

Monitoring using a laser range finder and a GPS unit was carried out following standard line 

transect distance sampling procedures (Buckland et al. 2001).

Sightings were collected over the course of ten repeat visits to all farms (circuits) that were 

spaced over two years. According to best compromise between the breeding cycles of the 

focal species, circuits were categorised into three seasons designated "Breeding" (September - 

January), "Post-breeding" (February - May) and "Winter" (June - August). 

For a full description of field methods and time frame of the study, see Chapter One.  



Role of detection probability 42

Distance sampling methodology

Distance sampling theory is presented in detail in Buckland et al. (2001) and Buckland et al. 

(2004).  In  distance  sampling  with  line  transects,  observers  record  the  distance  from  a 

randomly placed line to all birds detected within a truncation distance  w. Not all the birds 

within distance w will be detected, but a fundamental  assumption is that all birds at  zero 

distance are  detected,  or  failing  that,  that  the proportion  of  detections  at  zero distance is 

known. Overall detection probability is expected to decrease with increasing distance from the 

line  or  point.  The  distribution  of  the  observed distances  is  used  to  estimate  a  "detection 

function"  g(y) that  describes  the  probability of  detecting  a  bird  at  distance  y.  Given that 

various basic assumptions hold (Table 1), this function allows the estimation of the average 

probability P of detecting a bird given that is within width w of the line. Bird density can then 

be estimated as D = n/(P*a), where n is the number of birds detected and a is the size of the 

region covered (the total length of the transect multiplied by 2w).

In program Distance, the detection function is modelled by combining a robust key function 

with an optional flexible series expansion that can help fit the function to the distance data 

(Buckland et al. 2001). Frequently, density estimates may also be improved by the inclusion 

of covariates that can influence the detection probability, such as habitat parameters, weather 

conditions, and observer identity (Marques et al. 2007), an approach that has been followed 

here.

Table 1: Assumptions of line transect sampling. Adapted from Borchers et al. (2002)

Assumption Effect of violation

Animals do not move before detection

Measurements are exact

All animals on the line are detected (i.e. 
g(0)=1)

Density estimate is negatively biased in proportion to 
actual g(0); e.g. g(0)=0.8 results in an estimate that is 

80% of true density.
Bias negligible if movement is random. If movement is in 

response to observer, negative (when avoiding observer) or 
positive (when attracted to observer) bias can result.

Method is robust to random errors. Systematic errors like 
habitual rounding or over/under-estimation will bias the 

estimate.

Animals are randomly and independently 
distributed

Biases confidence intervals of estimates. For this reason, 
clustered populations are recorded as clusters and cluster 

size recorded separately.
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Density estimation using distance sampling

Distance model building

All calculations for the estimation of detection functions were carried out in Distance 6.0 

Release Beta 1 (Thomas et al.  2006); additional computations were performed in GenStat 

Version 9.1 (Lawes Agricultural Trust 2006).

Data sets were analysed per species and farm - 4 (species) x 12 (farms) sets of models (minus 

three sets of insufficient size). Although program Distance offers the option of using factors to 

post-stratify sets  (i.e.  allow the detection function to vary for a subset determined by the 

factor),  this  approach has been avoided to  retain  a large sample size.  Factors like habitat 

parameters, observer identity and time of year were instead introduced as covariates (Marques 

and Buckland 2003).

Data  sets  were  truncated  such  that  the  minimum  detection  probability  per  set  was 

approximately 0.15 (Buckland et al. 2001, p16). Data were analysed ungrouped if possible, 

but in the majority of cases grouping them into nine to thirteen intervals proved necessary to 

correct for rounding/heaping errors or to smooth small and irregular data sets. Of forty-five 

data sets, only five that had exceptionally high sample sizes were analysed ungrouped.

Covariates of detectability entered the model in the form of a scaling parameter (sigma) that 

controls the width of the detection function, thus influencing its scale (Marques and Buckland 

2003). Figure 1 shows an example of the effect of a covariate on the detection curve. The 

parameters  selected  were  (Table  2):  season,  observer,  seen/heard,  habitat,  minutes  since 

sunrise, and wind speed.  Factor covariates were constrained to a maximum of 3 levels to 

avoid unbalancing models based on small datasets.
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Table 2: Covariates used in constructing detection function models and General Linear models

Detection function modelling
Covariate Type Levels Comments

Season Factor See Illustration 3 for placement of seasons

Observer Factor “Other” covers 7 observers

Seen/heard Factor Heard, seen Whether the bird was detected by ear only or seen as well

Habitat Factor Veg, open, other

Minutes since sunrise Continuous - Recorded at start of transect
Wind speed Continuous - Recorded three times over the course of ten transects

General linear modelling
Covariate Type Levels Comments

Panel Factor Con, int, org

Season Factor See Illustration 3 for placement of seasons

Cohort Factor 1, 2

Cluster Factor 1, 2, 3, 4

Continuous -

Continuous -

Continuous -

Breed, post, 
winter

Main, other, 
main & other

“Veg” covers all types of woody vegetation (native and 
introduced, incl shelterbelts); “open” covers 

paddocks/pasture and crops; “other” covers bare ground, 
utility areas and wetlands

Farm management type. CON = conventional, INT = 
Integrated Management, ORG = Certified Organic

Breed, post, 
winter

Time span from beginning of “breed” season to end of winter” 
season in each of the two years 

Farm cluster. 1 = Banks Peninsula, 2 = Oamaru, 3 = 
Outram, 4 = Catlins

Vegetation cover (in 
tables: %veg)

% Woody vegetation  incl. shelterbelts in total farm area (1-
%veg describes % of open area)

Introduced vegetation 
cover (in tables: %intveg)

% Introduced woody vegetation incl. shelterbelts in total 
farm area

Percent introduced (in 
tables: %intveg_in_veg)

% Introduced woody vegetation incl. shelterbelts in total 
woody vegetation (1-%intveg_in_veg describes % of native 

woody vegetation in total woody vegetation)

Figure 1: An example of a farm-level detection histogram and detection function curve for skylark (Farm 6 - Oamaru cluster). The  
X axis shows detection distance (m) out to truncation distance, the Y axis shows detection probability. The histogram shows number 
of detections (not labelled) per distance interval; the detection function g(x) was fit to the histogram and the Y axis then scaled to 
g(0)=1. g(x) is shown for three example levels (maximum, average, minimum) of the continuous covariate "wind speed". The 
uppermost curve, resulting in the highest overall detection probability, corresponds to the lowest wind speed, showing that skylark 
detectability decreased in high winds on this farm. 
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Model selection and averaging

For  each  species  and  farm,  all  possible  models  with  combinations  of  either  of  the  two 

recommended key functions (half-normal or hazard-rate; Buckland et al. 2001), up to any two 

of  the  six  covariates  and  up  to  any  one  of  the  three  available  series  expansions  were 

generated. Any covariates resulting in a conspicuously improved model fit were trialled in up 

to fourth-level combinations.

Model selection was performed using Akaike's Information Criterion (AIC) (Akaike 1973). 

AIC is used to rank models by providing a quantitative measure of model fit and can be used 

to identify models that achieve the best model fit with the least number of added parameters, 

i.e. are parsimonious. A second order derivation (AICc) that compensates for small sample 

sizes  (~<40)  has  been  used  consistently  in  ranking  the  Distance  models  (Burnham  and 

Anderson 1998). Construction of Akaike weights (weight of evidence in favour of any one 

model being the most parsimoniously fitting model in the set) and evidence ratios (ratio of 

evidence of  one model  versus  the next  best)  were generated following the same authors. 

Using AICc scores as ranking criterion, confidence sets of models were created following 

Burnham  and Anderson (1998)'s  suggestion  that  models  with  a  delta  AIC below 4  have 

reasonable  support  for  being  considered  among  the  best  models  of  their  set.  Models  in 

confidence  sets  were  screened  according  to  several  additional  criteria  (Table  3),  and 

inferences about estimates and the role of covariates have been drawn only from these sets.

If there is no clear AIC-best model in a confidence set, inferences can more fruitfully be 

drawn from an AIC-weighted average of the set of plausible alternative models (Burnham and 

Anderson 1998). In my models the AIC differences between top models were generally slight, 

and a clear best model was rarely apparent. Hence, estimates were derived from averaging 

over this confidence set by default. Averaging of estimates and variances within a set using 

Akaike weights (Burnham and Anderson 1998) was performed manually in OpenOffice Calc 

2.2.1 (www.openoffice.org).
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Covariate influence estimation

To compare the relative importance of individual covariates for model fit in a confidence set, 

the sum of the AIC weights of the models each covariate occurred in was computed (Burnham 

and Anderson 1998) for each species-by-farm confidence set (i.e. confidence sets containing 

models for a single species on a single farm). Covariates enter the model through the scale 

parameter sigma, which is a function of the covariates  zi (Marques  and Buckland 2003). To 

investigate the actual effect of a continuous covariate, or the effect of individual levels of a 

factor covariate,  the scale parameter generated by it  was computed:  σ(zi  )=exp(β0+β1  z1+β2  

z2+...), where β is a coefficient to be estimated (β0=intercept). In the case of a factor covariate, 

each level enters as an individual zi . The coefficients are estimated by program Distance. A 

sigma calculated using just this level's coefficient denotes the relative strength of influence 

(changing  the  shape  of  the  detection  function  curve)  of  that  covariate  level.  Sigma was 

calculated for each model in the confidence set and averaged using the AIC weights.

Within a species-by-farm confidence set,  the 'score'  of each covariate  was the sum of the 

Akaike weights of all models that contained this covariate. It can be treated as a measure of 

the covariate's contribution to the total fit of all relatively well-fitting detection functions in 

the set. The 'sigma ratios' are derived from the scale factor sigma that controls the width of the 

detection  function.  A larger  scale  factor  causes  the  function  to  decline  less  steeply  with 

increasing distance from the centerline, resulting in an increased average detection probability 

/ effective strip width. 

For factor covariates (season, observer, habitat, heard/seen) the calculated values describe the 

ratio between sigma at  a level of the covariate and at  the lowest of these levels (weight-

Table 3: Additional criteria for including a model in a confidence set

- Model variance is not conspicuously larger than in close models
- Model is not subject to “pretending variables” (Burnham and Anderson 1998, p65)

- Successful convergence of iterative fitting process, OR convergence failure after 500 
iterations (asymptotically close to converged model)
- g(0) (detection probability = 1) is not more than 5% higher than the first histogram 
bar
- Additional series expansions do not merely fit obvious artifacts of sampling (heaping 
etc) 
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averaged over  the confidence  set);  thus  a  covariate's  levels  can be ordered  by increasing 

positive  influence  on  detectability  using  these  ratios.  For  continuous  covariates  (wind, 

minutes since sunrise) the calculated values describe the ratio between sigma at the zero value 

of the covariate (no wind, or at sunrise) and sigma at the average value for that species-by-

farm combination; thus a value of 1 corresponds to no effect, <1 to a negative and >1 to a 

positive effect of the covariate on detectability. 

Additionally tabulated were two further derivatives of sigma ratios. To calculate the average 

deviation  from intercept for  continuous  covariates,  normalized  sigmas  were  recoded  into 

{x<1: -1; x=1: 0; x>1: 1} and averaged per species. The result gives an indication of the 

tendency of the sigma for average covariate value to deviate positively or negatively from the 

intercept sigma (value=0), with -1 indicating that increase in covariate led to a decrease in p 

in all models, and 1 indicating an increased p.

Similarly, to calculate average position among levels of factor covariates, normalized sigmas 

for the levels of each covariate were recoded into {1,2,3} according to their relative position 

among  the  other  levels  of  that  covariate,  and  averaged  per  species.  The  result  gives  an 

indication of the tendency of that level to produce a larger or smaller sigma than other levels, 

with 1 indicating that this level was associated with the smallest p in all models and 3 with the 

largest.
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Influence of farm-level drivers on detectability

Estimates of "effective strip width" (ESW) (Buckland et al. 2001) were generated for each 

model.  Effective  strip  width  is  a  useful  concept  when  using  line  transects  in  distance 

sampling. If all objects were detected out to this distance to both sides of the transect and 

none beyond, the expected number of objects would be the same as for the actual total survey 

out to the chosen truncation distance. It follows that the area transect length * 2 * ESW can be 

considered the perfectly censused area. This makes effective strip widths a flexible spatial 

derivative  of  the  transect's  average  detection  probability  that  incorporates  the  truncation 

distance used.

Since  detections  from all  10  circuits  where  pooled  in  the  interest  of  large  sample  sizes, 

species-by-farm ESWs spanned the  entire  survey duration.  For  the  three  cases  where  no 

model could be fit, the ESWs were averaged using the other farms in the cluster.

To  check  for  seasonal  differences  in  detectability,  farm-specific  seasonal  ESWs for  each 

species  (sews)  were  computed  from the  model  estimates  by evaluating  the  full  detection 

function for  the individual  three levels  of  the covariate  season,  and integrating under  the 

model curve (Thomas et  al.  2006).  This  was done only for those models  where "season" 

covariate weight in set >=0.1 (to filter out species-by-farm combinations where season had 

already  been  shown  to  have  little  influence).  Subsequently,  those  seasonal  ESWs  were 

removed that included less than 10 sightings in that season, or where the model curve did not 

pass general quality criteria (Table  3). In cases where no seasonal ESW was computed, the 

all-year ESW was used.

Several farm-level explanatory parameters were fit to the sESWs in a General Linear Model 

to  test  their  influence  on  estimated  detection  probability  (Table  2).  Hierarchical  General 

Linear  Modelling  (Bryk  and  Raudenbush  1992)  as  implemented  in  GenStat  9.1  was 

employed, as this allowed the inclusion of farm identity as a random factor to account for the 

fact that each farm had been sampled nine to ten times. Due to restrictions in the output of the 

HGLM routine, model selection was a two-step process: Models were selected by AICc from 

the  all-subsets  HGLM  regression,  then  parameters  in  selected  models  were  tested  for 

significant effects using a REML with the same data structure, using a chi-square test. Effects 

of individual levels of these parameters were tested in the HGLM again, using a t-test. Interest 
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here was in effects on farm-scale estimates of density, so parameters that applied to the entire 

farm and were invariant between circuits were chosen. 

Season was the same parameter used as a distance modelling covariate, while panel described 

the three recognized farm management regimes. The three vegetation measures used were 

area percentages derived from map data using ArcGIS, using land-use maps created by the 

ARGOS project. The measures described the percentage of all woody vegetation on total farm 

area (vegetation cover  or %veg), percentage of introduced woody vegetation on total farm 

area (introduced cover or  %intveg), and percentage of introduced woody vegetation in total 

woody  vegetation  (percent  introduced  or %intveg_in_veg)  (all  three  measures  include 

shelterbelts).  One  measure  that  is  not  directly  or  inversely defined  by these  three  is  the 

percentage of native vegetation in total farm area; this was found not to be contained in any 

confidence set in preliminary runs, and was therefore omitted from the analyses.

Parameters  were  tested  for  multiple  collinearity.  Strong  collinearity  was  found  between 

vegetation cover  (%veg) and percent introduced (%intveg_in_veg),  so the two parameters 

were not included in the same models together. For use in the HGLM, all parameters were 

centered (mean subtracted from each instance) to avoid collinearity of lower-order terms with 

interaction terms (Quinn and Keough 2002). All possible combinations of parameters that 

were not restricted by collinearity were modelled and the resulting models ranked by AICc. 

Confidence sets were constructed from the resulting models using the same criterion as with 

the Distance models (a threshold value of AICc difference <=4 from the best model). 



Role of detection probability 50

Results

The role of covariates in modelling bird density

The  covariates  selected  during  the  model-building  process  were  analysed  regarding  their 

contribution to model fit, and their specific effects on the detection function (and thus the 

detectability estimate). Table 4 shows the 'score' of each covariate, i.e. the sum of the Akaike 

weights of all models that contained this covariate, and Table 5 the sigma ratios, derived from 

the scale factor that  controls the width of the detection function. Average position among 

levels (for factor covariates) and average deviation from intercept (for continuous covariates) 

are shown in Table 6 (for more details on these measures, see Methods; see Table A3 in 

appendix for the complete list of covariate scores and sigma ratios)

 

Table 4: Cumulative covariate scores (sums of Akaike weights of models  
containing the covariate) per species, averaged over all farms, denoting the 
covariate's relative importance in defining well-fitting models for that species.  
"None" denotes models with no covariates. Type size is graded in five levels from 
lowest value present (0.08) to highest (0.44).
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Table 6: Average position by sigma ratio of factor covariate levels among level ranks (1-3), and average 
deviation (-1 to 1) from intercept 0 by sigma ratio of continuous covariates, per species. Both are indicative of  
the overall association of the factor covariate level, or continuous covariate, with an increased (higher rank, or  
positive deviation) or decreased (lower rank, or negative deviation) detection probability. For details see text. 

Average position among levels
Season Observer

Species Breed Post Winter Main Other Main+other
Skylark 2.429 1.857 1.714 2.000 1.126 1.750

Blackbird 1.833 1.833 2.000 1.667 1.833 1.500
Thrush 2.500 1.000 2.500 1.800 1.600 1.000
Magpie 2.000 2.500 2.000 2.000 1.571 1.286

Habitat Heard / seen
Species Veg Open Other Seen Heard
Skylark 1.000 1.167 2.167 1.500 1.500

Blackbird 1.000 2.333 2.333 1.167 1.833
Thrush 2.000 1.000 3.000 1.600 1.400
Magpie 2.167 1.333 2.167 1.200 1.800

Average deviation from intercept
Species Wind Minutes
Skylark 0.083 0.750

Blackbird 0.364 0.091
Thrush -0.200 0.100
Magpie -0.417 -0.167

Table 5: Sigma ratios(relative magnitude of scale factor driven by the covariate, normalized to lowest value among 
levels [factor covariates] or 0 [continuous covariates]) for covariates used in detection function modelling. For 
details, see text, page 50

Season Observer
Species Breed Post Winter Main Other Main+other
Skylark 1.489 1.253 1.812 1.190 1.017 1.655

Blackbird 1.438 1.418 2.497 1.184 1.308 1.874
Thrush 1.180 1.000 1.264 1.578 1.162 1.000
Magpie 1.058 1.688 1.231 1.479 1.333 1.021

Habitat Heard / seen Continuous covariates
Species Veg Open Other Seen Heard Wind Minutes
Skylark 1.000 1.248 3.022 1.524 1.770 1.024 1.623

Blackbird 1.000 1.656 2.156 1.061 1.264 1.206 1.636
Thrush 1.141 1.000 1.247 1.057 1.270 1.056 1.121
Magpie 1.955 1.134 4.000 1.109 2.778 0.869 1.046
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The  overall  highest  scored  covariate  was  "minutes  since  sunrise"  (Table  4). It  featured 

strongest  in blackbird models,  high in skylark and magpie,  and still  moderately (23%) in 

thrush models. There was no real tendency towards either detectability increase or decrease 

with time in three of the four species; a clear positive correlation was visible in skylarks only 

(Table  6).  The  other  species  had  farm-level  models  with  both  positive  and  negative 

detectability effects of this covariate.

"Wind speed"  was a  moderate  to  high  factor  in  all  species.  It  was  found in  high-ranked 

models in both blackbirds and magpies (Table 4), but tended to increase p in the former and 

decrease it in the latter (Table 5). The effect of wind speed was inconclusive (no distinct 

direction)  in  thrushes  and  skylarks.  "Heard/seen"  had  low  to  moderate  overall  influence 

(Table 4). There was no clear effect of the two levels on detectability in skylarks and thrushes, 

but a distinct positive effect of "heard only" over "seen"for blackbirds & magpies (Table 5). 

"Observer  identity"  featured  largely for  thrushes,  less  in  the  other  species  (Table 4). The 

relative order of effect strength of the three covariate levels (main observer, other observer, 

and main+other observer) differed between species, but except for blackbirds, where no clear 

direction  was  visible,  the  presence  of  the  main  observer  always  was  associated  with  the 

highest p (Table 5, 6). "Habitat" was a lot more important for blackbirds then for any of the 

others (Table  4).  In  skylarks  and blackbirds,  levels  "open" and "other"  were  consistently 

associated with higher detection probability than level "veg" (denoting woody vegetation) 

(Table 5, 6). "Season" was most important for skylarks (Table 4), but although there was some 

tendency for higher detectability in breeding season, no clear correlation was visible. Thrush 

models showed lower p in "post-breeding' than in the other seasons, though importance of the 

covariate here was low. The other species showed no trends (Table 5, 6).

Models without any added covariates were not very common in any species, and particularly 

rare in blackbirds (Table 4). Thrushes had the highest incidence of these models, probably due 

to the often poor detection numbers which did not allow the fitting of complex models.

Table  7  shows  those  correlations  between  sigma  ratios  and  effect  directions  that  appear 

relatively consistent over all farms within each species, and over all farms and species. Sigma 

ratios and derivatives together were used to evaluate each covariate's effects for this summary, 

taking both relative (ratios) and normalized (derivatives) position into account. Globally, only 

the effects of habitat type ("other" corresponds to a higher or equal  p than "open" and to a 
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higher p than "veg") and of observer identity (main observer corresponds to a higher p than 

the other observers) seem to be applicable.

Table 7: Consistent trends over all farms in covariate sigmas per species, denoting levels (factor covariates) or 
deviations from 0 (continuous covariates) that were associated with increased detection probability.

 

Covariate

Skylark Blackbird Thrush Magpie

Season - Breed > post - -

Habitat - Other > open

Observer -

Heard / seen - - Heard > seen - Heard > seen
Wind - - Positive - Negative

Minutes - Positive - - -

Sigma ratios over 
all farms & species Sigma ratios over all farms within species

Breed, winter > 
post

Other >= open, 
%veg

Open, other >
%veg

Open, other > 
%veg

Main >= other, 
main+other

Main, main+other 
> other

Main, other > 
main+other

Main > other, 
main+other
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Influence of farm-level drivers on detectability

Patterns in seasonal effective strip widths

Following the selection criteria set out above, seasonal effective strip widths were constructed 

for about one third of all cases (18/36 for skylarks, 11/36 for blackbirds, 6/36 for thrushes, 

and 12/36 for magpies), and annual ESWs used as seasonal values in the remainder. Except 

where no estimates were available at all because sample size was too low for modelling (three 

species-by-farm cases), all instances where no sESW was constructed were due to the season 

covariate registering a cumulative Akaike weight <= 0.1 in the confidence set. 

For each species, there were notable differences between individual farms, but these did not 

follow any readily discernible pattern of location (Figure 2 - for the complete list of values, 

see  Table  A4  in  the  appendix).  Overall  differences  between  species  followed  the  pattern 

already discernible from annual ESWs, with magpies having by far the largest and thrushes 

Figure 2: Seasonal effective strip widths per species and farm. The averages over all farms per season and 
species are indicated by dotted lines.
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the smallest  widths (Table A1 in  appendix).  Seasonal  dynamics within each species  were 

slight, nor was there any apparent pattern across all species (Figure 3).

This  lack  of  systematic  differences  in  detectability  between  farm  locations  or  sampling 

seasons was confirmed by an analysis of variance. A linear mixed model was fit to the log10-

transformed density estimates using the method of residual maximum likelihood (REML). 

Panel, season, and panel within season were used as fixed (treatment) factors; season was also 

used as a  random (blocking)  factor.  No significant  sESW differences  between seasons or 

management  systems  were  found  for  any  species,  indicating  that  detectability  was  not 

significantly biased within each species by time of year or farm management system (Table 

8). 

Table 8: Results of REML analysis of differences in seasonal effective strip width 
between seasons and panels, per species.

Species Term Total df Residual df Wald score Wald p
Skylark Season 24 2 0.840 0.657

Panel 24 2 0.960 0.619
Season.panel 24 4 1.070 0.899

Blackbird Season 25 2 1.830 0.401
Panel 25 2 0.500 0.777

Season.panel 25 4 1.080 0.898
Thrush Season 26 2 0.970 0.617

Panel 26 2 3.970 0.137
Season.panel 25 4 1.940 0.747

Magpie Season 26 2 0.480 0.786
Panel 26 2 4.550 0.103

Season.panel 26 4 0.990 0.911

Figure 3: Seasonal effective strip widths per species,  
averaged over all farms.
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Dependence of effective strip width on farm-level habitat parameters

To investigate the effects of farm-level habitat parameters on effective strip width, a General 

Linear Model was fit to the sESWs of each species (Table 9 - for full model characteristics, 

see Table A6 in appendix).

The  ESW vs  habitat  parameter  regression  worked  very  well  for  magpies  (av  R2 70.8), 

acceptably well for blackbirds (28.93), and less well for skylarks (12.95), where the F-test on 

GLM model fit was however still in an acceptable range (p = 0.063). No workable models 

could be found for thrushes (Table 10).

Dependence of detectability on vegetation cover percentages was always negative, as would 

be expected. A significant decline in detectability for skylarks and blackbirds was connected 

with increase in vegetation cover (%veg); for magpies it was for both vegetation cover and 

introduced vegetation cover.  Magpie models also displayed a  positive interaction between 

these two vegetation types, indicating a mutual reinforcement of these indices' negative effect 

on detection probability (Table 10).

Table 9: Model confidence sets for Hierarchical General Linear models of seasonal effective strip width in 
relation to farm-level habitat parameters, with farm identity as blocking factor. Models were selected by AICc 
from an all-subsets HGLM regression. AIC weight per model and AIC weight ratio relative to first model of set  
are also shown. An approximate measure of absolute fit is given as the R2 and F-test probability of a GML 
with the same data structure, but no blocking factors.

Species Rank Parameters AIC ΔAIC AW AW ratio GLM F p
Skylark 1 %intveg + %veg 261.30 - 0.61 1.57 8.6 0.086

2 %intveg + cluster 262.20 0.91 0.39 - 19.8 0.028

12.95
Weight-averaged F p: 0.063

Species Rank Parameters AIC ΔAIC AW AW ratio GLM F p
Blackbird 1 %veg 248.27 - 0.50 1.62 26.2 <0.001

2 %veg X season 249.23 0.96 0.31 1.57 34.6 0.003
3 %veg + season 250.13 1.86 0.20 - 27.0 0.004

28.94
Weight-averaged F p: 0.002

Thrush No model available

Species Rank Parameters AIC ΔAIC AW AW ratio GLM F p
Magpie 1 %intveg X %veg 321.24 - 1 - 70.8 <0.001

GLM R2

Weight-averaged R2:

GLM R2

Weight-averaged R2:

GLM R2
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There were no significant seasonal differences in detectability except in blackbirds. Although 

inclusion of "season" yielded a borderline significant increase in model fit (p=0.061) here, 

levels breed/post/winter were not sufficiently different from each other to clearly indicate the 

effect of each level. Tendentially, detectability seemed to be higher in winter than in the other 

two seasons. The composition of a highly significant interaction between the influence of 

vegetation cover and season in blackbirds points in the same direction: there was an indication 

that detectability on farms with little vegetation was higher in winter than in breeding season 

(p=0.116) and post breeding (p=0.083). No difference in detectability was found between the 

two yearly cohorts in any species. The only significant effect of the farm's cluster location 

was found in skylark models,  where detection probability was higher in cluster 2 (Oamaru) 

than in cluster 1 (Banks Peninsula) (Table 10).

No effects were traceable to the farm's panel, thus showing the same lack of detectability 

differences between different farm management system that was concluded from the panel x 

season REML. 

Table 10: Parameters with significant effects in the HGLM regressing seasonal ESW on farm-level habitat  
parameters. For vegetation percentage measures,  \\ signifies a negative effect on ESW with increasing 
parameter magnitude. (*) signifies cases where a factor parameter contributed significantly to model fit, but  
no difference between parameter level effects was present. Akaike weight-averaged R2 and F-test probability 
are derived from GLMs with the same data structure as the HGLMs, but no blocking factors.

Species Parameters with significant effects in confidence set

Panel Season Cohort Cluster Interactions

Skylark 12.95 0.063 %veg \\ - - - 2 > 1 -

Blackbird 28.93 0.002 %veg \\ - (*) - -

Thrush - - - - - - - -

Magpie 70.80 <0.001 - - - -

Weight-
avrgd R2

Weight-
avrgd F p

Continuous 
(vegetation)

%veg X season: 
negative interaction 

%veg \\,   
%intveg \\

%veg X %intveg: 
positive interaction 
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How well do plot count estimates approximate distance sampling estimates?

To test the suitability of uncorrected raw count (plot count) estimates for use as consistent 

index estimates, plot count densities were constructed at farm level from the present studies' 

database of observations at different cut-off distances by selecting all detections out to the 

chosen distance and dividing this number by the plot count area (total transect length * 2 * 

cut-off distance). Cut-off distances were spaced in 25m increments from 25m to 250m (Figure 

4). A General Linear Model was then fit at each cut-off distance with the weight-averaged 

farm-level  distance  sampling  density  estimate  as  dependent  variable,  and  the  plot  count 

estimate  as  predictor.  A second  model  was  fit  with  an  additional  predictor  "veg  cover" 

(average farm-level woody vegetation cover in the plot count area) to examine the effect on 

model fit of this time-invariant influence on detectability. 

Figure 4: Plot count estimates per hectare by cut-off distance, by species, showing the dependence of estimated 
density on chosen truncation distance. Detections were selected from the database out to the chosen distance 
and divided by surveyed area. Circle symbols denote results averaged over all farms, other data series are  
cluster-level. For comparison, the species' average distance sampling density derived from an all farms model  
(horizontal line) and the average distance modelling truncation distance (vertical line) are indicated.
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In all species, plot count density estimates were consistently lower than distance sampling 

density estimates (on average, lower by 62%). For skylarks, blackbirds and thrushes, the plot 

of  raw  count  estimates  versus  cut-off  distance  overall  showed  a  steady  drop-off  with 

increasing distance. Estimates for cluster 2 in all three species, and estimates for skylark in 

general,  displayed a  lower than average start,  then an increase in  numbers until  the 75m 

interval and a following decrease. In magpies neither trend was visible; estimates remained at 

their starting level or showed a very light increase with increasing distance (Figure 4).

This distribution of plot count densities along the distance gradient essentially followed the 

distribution  of  direct  (not  perpendicular  to  transect)  detection  distances  for  each  species 

(Figure  6).  Indications  of  avoidance  behaviour  by  the  birds  (a  few  low  histogram  bars 

followed by a peak and then a steady slope) are visible in each species' detection distance 

graphs. Note how the transformation of detection distances to distances perpendicular to the 

transect for distance analysis removed this effect to a large degree (Figure 6).

Figure 5:Variance explained (R2) by regressing the constructed plot count estimates (PlotD) at different cut-off  
distances on the distance sampling density estimates (DistD; derived from AIC weight-averaged confidence sets) 
in a linear regression, by species. Triangles denote data series where average woody vegetation cover  
(VegCover) in surveyed (plot count) area was added as a covariate, circles those without a covariate. For 
comparison, the species' average distance modelling truncation distance (vertical line) is indicated.
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Plotting the explained variance (R2) of the linear regression of plot count density on distance 

sampling density versus cut-off  distance yielded similar results  for skylarks and thrushes. 

Model fit was at its lowest (around 0.8) at 25m, rose to a maximum >0.95 at 50m (skylark) or 

100m (thrush) and kept to a similar or slightly lower level after that. In blackbirds the same 

start of the series was present, but model fit declined sharply after, to a minimum of 0.62. 

Values were a lot lower (between 0.45 and 0.65) and more erratically distributed for magpies 

(Figure 5).

Adding average vegetation cover as a parameter produced virtually no difference in skylarks 

and  thrushes. In magpies the values were still  erratic and lower than in other species, but 

generally increased by 0.05 - 0.075 compared to the base model.  In blackbirds,  model fit 

improved visibly with the introduction of the covariate, elevating R2to an average of 0.86 and 

a  distribution  shape  similar  to  that  of  skylark  and  thrush.  A test  for  differences  in  R2 

(ANOVA) at 25m, 50m, and 200m showed no significant differences at any of these levels in 

skylarks, thrushes and magpies, and significant differences in blackbirds at 50m (p=0.051) 

and 200m (p=0.002). The best model fit was found at 50m in skylarks (either model, R2 0.96) 

and blackbirds (with covariate vegetation cover, R2 0.93), at 100m in thrushes (either model, 

R2 0.98), and at 175m in magpies (model with vegetation cover, R2 0.66) (Figure 6).



Figure 6: Bird detections by radial and perpendicular detection distance over all farms and circuits, by species. Direct (radial) distance was used for 
calculation of plot count estimates, triangulated (transformed into perpendicular to transect) distance was used in fitting detection functions with 
program Distance.
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Discussion

Limitations of the results

Conclusions  drawn from these models need to  be considered in  the light of the differing 

quality of data that went into them. One caveat is that inferences drawn from thrush detections 

were presumably less reliable in this survey than for the other species, due to some insecurity 

on the part of most observers in distinguishing between thrushes of either sex and female 

blackbirds, and between singing male thrushes and blackbirds. This might have contributed to 

low numbers  of thrush detections (average 55 per farm) as opposed to other species (81 - 

173), which may also have been biased towards close visual detections, and contributed to the 

missing distance sampling estimates for two farms. Inferences from thrush data were likely to 

be weaker for this reason (see Chapter One), and a weaker association between detectability 

estimates and habitat parameters for this species should be kept in mind as a conceivable 

result.

As  another  caveat,  coverage  of  farm  areas  was  not  as  uniform  as  would  be  ideal. 

Comparatively few transects were placed through areas where woody vegetation was very 

heavy. For areas that were extraordinarily difficult to traverse, it was found that close to zero 

observations resulted from that leg of the transect (although the average time spent there was 

well above average for the distance walked) because the observer was preoccupied, leading to 

unrealistically  low density  estimates.  This  applied  to  pine-filled  gullies  on  some Outram 

farms, and patches of bush on very steep terrain mostly on the Banks Peninsula. Furthermore, 

an important aspect of these surveys was the recording of GPS coordinates for each detection 

in  addition to the relative measures of detection distance and angle  to transect,  to  enable 

future correlations of individual observations to landforms, habitat features, and lines of sight. 

If the vegetation canopy was dense enough over an extended area to prevent satellites from 

connecting to the GPS unit, the area was avoided for transect placement. This affected several 

extensive native bush patches, mostly on the Catlins Farms.

As a result, farm coverage was not as consistent as would have been preferable, presumably 

leading to higher effective strip widths (transects being biased towards open areas). A further 

consequence can be assumed to be, again, a weakening of the explanatory power of the farm-
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level  vegetation  cover  measures,  since  these  included  areas  of  vegetation  that  were  not 

sampled for birds. However, this effect was probably less severe with the chosen focal species 

than it would have been with native species, these having a much higher habitat reliance on 

the large native bush patches that made up most of the areas in question. 

The role of covariates in modelling bird detectability

Of the parameters available as covariates for distance model building, the effects of observer 

identity and broad habitat type showed the greatest consistency across all species. The main 

observer was consistently associated with high or the highest detectability. It might have been 

expected  that  the  double  observer  transects  (main+other),  with  approximately  double  the 

detection capability, would result in higher detectability overall, but this was not the case. It 

might have been prevented by the low number of these transects  performed (3-4% of all 

transects), and their utilization for instructing new observers, which would reduce the efficacy 

of both observers. Observer identity was notably important in thrush models, where the long-

term observer had the confidence to identify thrushes where other observers might have mis-

identified this species. In addition to the author, seven other observers were consecutively 

taking part in the survey for periods of no more than three circuits each. Several studies have 

shown that  novice observers will  generally  tend to miss more detections than experienced 

observers and have lower accuracy in identification,  negatively biasing the survey outcome, 

but usually quickly gain the same level of competence (McLaren 1999, Sauer et al. 1994, 

Jiguet 2009; but see Kendall et al.  1996); it can thus be expected that farms later in each 

circuit were surveyed at a higher level of competence, which would water down the observer 

effect  across  all  farms. However,  this  effect  underlines  the  importance  of  providing  new 

observers with sufficient training to minimize this source of bias.

"Open"  and  "other"  habitats  tended  to  be  associated  with  higher  detectability  than  areas 

covered by woody vegetation, the values for "other" tending to be higher again than for open. 

Lowest  p in  vegetated  areas  was  an  expected  outcome  due  to  shortened  lines  of  sight, 

concealment of birds, and dampening of calls. As the "other" category comprises largely of 

sown or  plowed paddocks,  this  shows the effect  of birds  congregating in  these places  to 

forage, enabling frequent detection over long distances. The covariate was least selected and 

showed no directional bias for thrushes, which might reflect a behavioural difference between 
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this species and blackbirds, affecting the otherwise similar association to vegetation: during 

the autumn moult, blackbirds tend to congregate around food sources (often plowed fields) for 

feeding,  while  thrushes  become secretive and keep  to  vegetation  (Heather  and Robertson 

2000).

The other  covariates displayed less consistency across species.  Often,  they were about  as 

likely to be of negative as of positive influence on detection probability on individual farms; 

but regardless of direction, each covariate was frequently selected for improved model fit. See 

the second part of this section for discussion of this phenomenon.

Minutes since sunrise was the overall highest scored covariate, featuring largely in all species, 

(but  without  clear  directionality of  the  parameter's  influence across  all  species).  A strong 

positive direction was found in skylarks only - detectability was higher later in the day. This 

can  not be  directly  traced  to  song  activity,  which  has  been  shown to  be  about  constant 

throughout the day starting from sunrise (Kayser 1999), but might be related to feeding and 

resting patterns during the day.

Wind  speed  was  the  next  most  selected  covariate,  frequently  appearing  in  high-scoring 

models with  positive  effect  on  detectability  in  blackbirds,  and  equally  frequently with 

negative effect in magpies. The negative relationship would be the expected one regarding 

detection by ear over wind noises, plus possibly less sustained visible flights in high winds. 

The trend towards increased detectability in blackbirds was unexpected and, while not very 

strong (~36% deviation from neutral), does not seem to allow a ready procedural explanation. 

The distinction between "heard only" and "seen" was of moderate importance as a covariate 

for all species, being of indecisive effect direction for skylark and thrush, and associating 

increased p with detections that were by hearing only for blackbird and magpie. In the latter 

case,  distant  detections  in  vegetation  across  open  terrain  would  suit  as  an  explanation, 

calls/singing being potentially easier to notice over large distances than visuals. While this 

would also be true for displaying skylarks, these birds were never perching in concealing 

vegetation - a confirmed skylark detection invariably meant visual detection also, leading to 

lowest importance of this covariate among species.

Season as a covariate featured in skylarks and to a lesser degree in blackbirds, although no 
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consistent effect direction was apparent in the latter. Skylark displaying behaviour led to a 

clear increase in detectability during the breeding season, when males mainly sing (Heather 

and Robertson 2000). Apparently displaying was more important for detectability than was 

the flocking behaviour in winter (Cramp (ed.) 1977); most skylark detections were aural from 

song first. Inconspicuous thrush behaviour during moult (Heather and Robertson 2000) was 

presumably the  reason for  lower  detectability  post  breeding,  in  the  few cases  where  this 

covariate was selected for the species. For blackbirds and magpies,  the order of the three 

seasons tended to even out over all farms.

The highest selection percentage for any single covariate within a species was 44% (minutes 

from sunrise in blackbirds); the average selection percentage was 23% across all covariates 

and species. Thus there was little dominance of individual covariates even within species. In 

several confidence sets, a variety of covariates could be included to achieve similar model 

fits. Also noticeable was the fact that the majority of covariates showed both negative and 

positive  influence  on  detectability  with  increasing  magnitude  (continuous  parameters)  or 

permutations  in  the  order  of  level  influence  (factor  parameters)  between  farms  within  a 

species. The most frequently selected covariates were not those that showed a clear trend, as 

with minutes from sunrise and wind speed, leading to an average "no clear effect direction" 

across farms. Yet on average just 17% of total Akaike weight over all farms was made up of 

models without any covariates, so they almost invariably added to model fit, even under the 

parsimony constraints imposed by AIC selection.

Reliability and strength of inference from covariates     

These  observations  raise  the  question  of  why  there  were  relatively  few  constant  causal 

relationships between detectability and these parameters that, regardless, were being selected 

as explanatory for the structure of detectability. How well-founded are inferences based on the 

frequency and effects of these covariates?

When modelling complex ecological relationships, there is a danger of finding effects that are 

merely  artefacts  of  the  particular  data  set.  Anderson  et  al.  (2001)  discuss  various 

circumstances that might lead to the generation of such spurious results. Among the scenarios 

outlined, two in particular concern an analysis like the present one. First, small sample sizes 
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relative to the number of parameters being estimated might result in over-fitting of incidental 

characteristics, and (particularly with iterative fitting processes like the one used by program 

Distance)  instability  of  models,  both  promoting  the  overestimation  of  set  artefacts  into 

significant  characteristics.  The use of  parsimonious  model  selection criteria  like AIC is  a 

method to prevent inflation with parameters. In addition, I employed further screening (Table 

5)  to  remove  models  with  obvious  over-fitting  of  incidental  features  or  empty  over-

parametrization ("pretending variables",  Burnham and Anderson 1998). The recommended 

minimum sample size for distance analysis (~60 detections; Buckland et al. 2001) was not 

met in nine out of forty-eight species-by-farm cases, five of them in thrushes. While this lack, 

as indicated, will have weakened the inferences made for that species in particular, similar 

effects would not be expected across all other species.

Second, Anderson et  al.  (2001) point out that  the "all  possible subsets" method of model 

selection  constitutes  an  (albeit  relatively  mild)  form of  data  dredging,  and  is  potentially 

dangerous  in  that  it  may  seek out  complex  parameter  combinations  that  happen  to 

coincidentally fit a particular data set very well. This criticism might be leveled against the 

present analysis with some justification. It is probable that an unknown number of species-by-

farm models  were  "special  fitted"  in  this  way.  While  this  would  have  contributed  to  the 

observed heterogeneity, it has to be taken into consideration that the employed method was 

the  best  one  available,  particularly  when  combined  with  a  consistent  model  averaging 

approach like the one set out in Chapter One. The alternative of fitting only models designed 

from previous knowledge of plausible parameter-to-detectability relationships runs the risk of 

totally  missing  explanatory  structures  because  they  weren't  considered;  that  of  stepwise 

selection runs the same risk of special fitting, and will bypass alternative, even slightly less 

well-fitting branches of models that may have explanatory power of their own (Burnham and 

Anderson 1998). 

It should be kept in mind that the heterogeneity in parameter selection and estimates may not 

only have resulted from fitting particular estimates to instances of included parameters that 

were prevalent by chance. They may also have depended on unevaluated interactions between 

parameters - e.g., a transect across open paddocks at low winds, followed by one where wind 

speed had increased, but leading through sheltering vegetation. Interactions of this type are to 

be expected, but were not investigated due to time and complexity constraints. It must also be 

assumed that  some of  those interactions were with  parameters  that  were  not  recorded or 
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included - e.g. steepness of terrain, or landform-restricted lines of sight. Such interactions 

would create variation in detectability that could not be explained by one of the interacting 

covariates alone, and result in seemingly conflicting estimates. 

It  can  be  concluded  that  the  lack  of  constancy  in  species-level  covariate  selection  and 

covariate  effect  direction  was  likely  partly  due  to  the  analysis  method  used  (all-subsets 

modelling with subsequent model selection) and partly due to unmodelled but real effects 

(parameters and interactions that were not included). The best approach to disentangling them 

would  seem  to  be  to  investigate  probable  interactions  and  add  likely  additional  field 

parameters  to  the models,  and observe whether  greater  coherence results.  Additional  data 

derived from topographical models of the study areas, such as terrain inclination,  lines of 

sight, and insolation, seem promising. For the present, the discussed findings should be taken 

as indicators that show which effects would be worthy of further investigation.

Recommendations for the choice of covariates

Based on these results I recommend the recording of the investigated covariates in the field. 

Although the interpretation of their particular effect in regard to individual species was often 

equivocal, all of them played noticeable roles in several confidence sets. Across all species, 

the least selected covariate was heard/seen, but this still achieved a weight sum of 0.20 in 

three of four species.  It can be assumed that this  parameter would prove more useful for 

model fitting if it was used to denote "heard first" and "seen first" instead of "heard only" and 

"seen at any point", as in this study, since this would encode a wider variety of detectability-

influencing circumstances (i.e., the "heard" fraction would not encode merely observations 

that were hidden from view but could be physically pin-pointed regardless, which limits these 

instances to mostly birds hidden in/behind vegetation).

If line transects are used and their direction is chosen at random, or if a sizeable fraction of 

transects  has  a  different  orientation  to  topography (e.g.  parallel  to  a  slope  versus  up-  or 

downslope),  transect  orientation  might  prove  a  useful  covariate.  Preliminary  modelling 

showed this not to be the case in the present study, where with very few exceptions transects 

were  constrained  to  a  North-South  orientation. If  there  is  prior  knowledge of  population 

density gradients  in  the  study area,  transects  should  preferentially  be  placed  across  them 
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(Buckland et al. 2001).

Another field parameter recorded but not used was the sex of the observed bird. With two of 

the surveyed species (magpies and thrushes), sexing in the field was judged be too unreliable 

to be of use for modelling. If the sexing of the investigated species in the field is easy, this 

would make a useful covariate of detectability, particularly since it has been shown that in 

species with pronounced detectability differences between genders, densities will tend to be 

underestimated in distance sampling if sex is not taken into account in modelling (Newson et 

al. 2008). 

It is generally detrimental to introduce factor covariates with many levels, particularly when 

sample sizes are small. The application of a rescaled version of a curve that may fit the total 

observation set well, to the smaller subset of the observation set that corresponds to its levels 

and where it is evaluated, will create unrealistic results. This makes it difficult to use factor 

covariates that are hard to condense down to a few levels. For example, in the case of the 

present study that featured instances of small sample sizes due to farm-level data sets, the 

recorded parameter  "bird behaviour"  was not  used as a covariate  because it  could not  be 

satisfactorily reduced to three or four levels. Higher resolution would have been preferable in 

covariates "habitat" and "observer", both condensed to three levels here. It seems desirable in 

general to use higher resolution factor covariates if sample sizes support them, but care must 

be taken not to destabilize models with them. A low resolution factor covariate will be more 

useful than a high resolution covariate that cannot be fitted satisfactorily in the majority of its 

levels. The inclusion of interaction terms will be subject to the same restrictions, thus only 

those interactions should be considered that seem ecological interesting a priori (here I would 

recommend a departure  from the all-subsets  approaches).  In  the present  study,  this  might 

primarily include the interactions of habitat type with wind speed, season, and minutes from 

sunrise.

The influence of farm-level drivers of detectability

The effective strip widths estimated by program Distance were modelled in their relationship 

to the field parameters of the associated data sets. The caveats concerning the data-dredging 

attributes of all-subsets modelling also apply here, but were addressed in the same ways in 
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these models sets as discussed above.

The separate species ESW datasets performed with notable differences when regressed onto 

the  field  parameters  in  a  General  Linear  Model.  Failure  to  find  a  single  model  with  a 

significant fit for any of the three main predictors (vegetation measures) for thrushes can be 

assumed to be due to the low reliability of thrush data (see above). Conversely, the relatively 

weak fit obtainable for skylark models may be traced to the low dependence of detectability 

on farm-level vegetation patterns for this species. The large majority of skylark detections was 

at medium range for birds in flight or displaying above open areas, limiting the obscuring 

effect of any vegetation present on the farm, overall vegetation amount still emerged as the 

driving  predictor  though.  Dependence  of  ESW  on  vegetation  cover  was  pronounced  in 

blackbirds, who might be found in vegetation as well as in open areas. It has been shown that 

in songbird surveys, the reliability of distance estimations from purely auditory cues is likely 

to be of poor reliability when both the observer and the bird are situated within vegetation 

(Alldredge  et  al.  2007).  While  detection  distance  would  have  been  curtailed  when  the 

observer  himself  was situated within bush or  tree patches,  this  negative effect  was  likely 

offset to some extent by aural detections of singing or calling blackbirds in vegetation when 

the observer was in the open. Both kinds of observations would be associated with vegetation, 

but only the former would result in reduced detection distances and accounted for less than 

4% of total sightings, lessening the overall effect.

The indication of a seasonal reduction of this  negative effect  in  winter  again presumably 

relates to the winter congregation behaviour around food sources in open areas, leading to 

easy spotting of enlarged groups away from cover. However, in the accompanying analysis of 

variance  by  REML,  no  differences  were  found  between  seasons  for  any  species.  This 

indicates that neither this predictor behaviour in blackbirds nor the directional effect of the 

detection function covariate "season" found in skylarks and thrushes translated into significant 

strip width / detectability differences.

 

Magpie models showed a very high degree of fit depending solely on the percentage amount 

of total vegetation and of introduced vegetation, both effects being negative and reinforcing 

each other. A likely explanation is that the large detection (and at the same time flushing) 

distances for magpies (~155m, more than twice as large as the average detection distances for 

the other species) were very susceptible to line of sight blockage particularly by shelterbelts, 
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while at the same time there was no positive detectability association of birds calling from 

vegetation cover, as in blackbirds. 

Conclusions drawn from these models cannot automatically be extended to other bird species, 

particularly since no native species were surveyed. The latter may have different predilections 

particularly for native vegetation. Still, the three species that could be fully modelled cover a 

range  from  birds  that  are  at  home  on  open  pastures  and  do  not  associate  with  woody 

vegetation at all (skylarks), over those who forage mostly in the open but roost and nest in 

vegetation (magpies) to those that spend a substantial amount of time in or near bush and tree 

patches (blackbirds), so the findings can be generalized to some extent.  Overall the gross 

percentage  of  general  woody  vegetation  on  farms  emerged  as  the  dominant  driver  of 

detectability. It was found to be generally unaffected by geographical differences in the form 

of the cluster parameter except in skylarks. Higher skylark detectability in cluster 2 than in 

cluster 1 was probably due to the strong differences in landforms, with the Oamaru (cluster 2) 

farms being among the most open areas, while farms on the Banks Peninsula had very rugged 

terrain with steep inclines and slopes. p in the other species was likely influenced in the same 

direction by these differences,  but the effect  only came to  the fore  in skylarks with their 

weaker detectability dependence on vegetation cover. 

None  of  the  species  showed  any  differences  in  detection  probability  between  Organic, 

Integrated  Management,  and  conventionally  managed  farms.  The  same was  found in  the 

analysis of the ESW sets per REML. It can be concluded that detection probability and area 

coverage were not dependent on farm management system. This agrees with an assessment of 

the distribution of the primary detectability driver, woody vegetation cover, in the panels - a 

test by analysis of variance showed no significant differences between panels for any of the 

three vegetation  measures (see Chapter Three, p96). The lack of ESW differences between 

panels  means  that,  judging  from this  sample  of  farms,  bird  populations  from farms  with 

different  management  systems  can  be  compared  without  correcting  for  this  factor.  If 

comparison between these systems were the main point of inquiry, and the other parameters 

covered here could be considered randomly or equally associated with management system, 

that would make a simpler survey protocol using index counts seem more desirable. This 

possibility is discussed in the next section.
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How well do plot counts approximate distance counts?

When modelling the relationship of relative to corrected count estimates, the large difference 

between  plot  (raw)  count  estimates  and  distance  sampling  estimates  was  an  expected 

consequence  of  not  incorporating  diminishing  detectability  into  the  plot  counts.  The 

distribution of plot count densities along the distance gradient showed the expected drop-off 

with increasing cut-off distance.

Visible evidence of avoidance behaviour was particular strong in skylarks- individuals close 

to the observer evidently had a tendency to move away unseen before being detected, maybe 

when being flushed a second time. The effect was pronounced in all clusters with skylarks 

since  they were  almost  invariably observed in  open areas  where  the  bird  may detect  the 

observer before the observer detects the bird, whereas the same was observed with blackbirds 

and thrushes mainly in cluster 2, where the farms had the highest amount of open paddocks 

without much vegetation cover. Detections of magpies with their high overall flight distance 

were affected to a lesser degree. While this kind of movement relative to the observer is 

strictly speaking a violation of an assumption of distance sampling  (Table 2) and will have 

weakened the accuracy of those density estimates to some degree, the effect was basically 

removed by the transformation of direct detection distances to distances perpendicular to the 

transect for detection function fitting (Figure 5). In uncorrected counts, on the other hand, it 

can be expected that evasive movement will shift some detections beyond the survey's cut-off 

range, making this yet another indication that such count's absolute estimates are liable to be 

biased. 

Use of the raw count estimates as relative density measures, however, seems largely justified. 

For three of the four species, a very good linear relationship could be established between the 

plot count estimates at all cut-off distances and the farm-level distance sampling estimates. In 

skylarks and thrushes, and in blackbirds when including the additional parameter of woody 

vegetation cover percentage, the variance explained by the predictor(s) never sank below 80% 

and  was  mostly  substantially  higher  than  that.  It  can  be  concluded  from  this  that  the 

relationship between the two types of estimates can be satisfactorily modelled for all farms 

using a single linear equation, and that beyond a certain cut-off distance the achievable fit (i.e. 

the  suitability  of  a  single  equation  for  all  farms)  remains  roughly  constant  regardless  of 

distance chosen (a consistency that  can be traced to the steady decline of estimated density 
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with distance for all farms, keeping the ratios between farms constant).

The  results  for  blackbirds  demonstrated  the  importance  of  investigating  the  influence  of 

additional predictors on density. The estimated coefficient of the parameter "vegetation cover" 

was positive, showing a positive effect of woody vegetation in the transect area on blackbird 

numbers. As expected, this was not the case for skylarks, but might have been expected for 

thrushes (see Chapter Four). As with the detection function covariate "habitat type" (above), 

the  lack of  effect  might  have  been  due to  insufficient  identification of  thrushes  in  dense 

vegetation. 

In magpies, models with the added predictor showed more consistency of fit than the base 

model, but the effect was irregular and values were still lower than in the other species (R2 

<0.7). A possible explanation for this is that at the larger spatial scales that came into play 

with  magpies  due  to  their  long  flight  distance  and  conspicuousness  at  long  distances, 

topographic  visual  disturbances  such  as  hills  or  depressions  that  were  not  recorded  or 

modelled gained an impact.

The  main  criterion  for  choosing  a  cut-off  distance  for  plot  counts  to  be used  as  relative 

estimates was that the  R2 of the linear model fitting one estimate type to the other was at 

maximum. As long as field methods and the chosen distance remain constant and estimates 

are  treated  strictly  as  being  comparable  only to  other  estimates  obtained  under  the  same 

circumstances,  there  would  be  no  downside  to,  e.g.,  having  the  entirety  of  observations 

originate from an  area that is subject to evasive movement by birds (see Figure 5 - mostly 

<35m); however, the desirable cut points lay outside this zone. For skylarks, blackbirds and 

thrushes, a maximum fit would suggest a common cut-off distance of 50m. If magpies were 

included, cut-off distance would have to be somewhat wider (175m), with negative results for 

blackbird model fit and presumably for overall detection reliability by forcing observers to 

divide their attention over a wider area - as in distance sampling, one method is unlikely to be 

equally suitable for all species here.

Employing plot count methods to gain an absolute estimate of density would clearly have 

resulted in a sizeable underestimation of bird numbers in this survey. However, these findings 

allow  the  conclusion  that  for  skylarks,  thrushes  and  conceivably  blackbirds,  plot  count 

estimates could be well employed to monitor population dynamics over time or population 
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differences between areas at the same point in time. As shown in Chapter One, small sample 

sizes as caused by low replication or low bird density can seriously impact the suitability of 

distance sampling for population monitoring, in which case a higher number of low-effort 

index  counts  may  yield  more  effective  results. In  the  case  of  magpies,  the  consistency 

between estimates as described by the regression R2 must probably be considered too low to 

allow this. For the generation of relative index estimates in the case of the four surveyed 

species, I would thus recommend the use of unadjusted plot counts for skylarks, blackbirds, 

and thrushes, and the more work-intensive,  but also more consistent distance methods for 

magpies. For the estimation of absolute abundance measures, distance sampling or a similarly 

detectability-corrected method should be used for all species. 

Conclusion

In modelling the variations in detection probability for the four focus species, overall woody 

vegetation cover emerged as the main driver of farm-level detectability for all species, with 

few seasonal and geographical influences. Farm management type was not found to influence 

detection probability,  making unadjusted count comparisons of bird population differences 

between management types feasible. There was much variability in the covariate effects in 

detection function modelling between species and farms, the greater part of which is likely 

due  to  unmodelled  interactions  and  parameters.  I  recommend  the  recording  and  use  in 

modeling of the parameters used in this study (season, habitat type, wind speed, heard/seen, 

time  since  sunrise,  and  observer  identity),  and  if  possible  the  recording  or  generation  of 

additional  parameters  (particularly  from topographic  data)  and  the  modelling  of  selected 

interactions. 

For three of the four species, plot count estimates showed sufficient consistency to be useful 

as  relative  index estimates,  while  this  cannot  be  recommended  for  magpies.  Absolute 

estimates for all four species need to be generated using detectability-adjusted methods like 

distance sampling to  avoid underestimation and dependence of estimated densities  on the 

chosen truncation distance.
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Abstract

This paper examines influences of farm-level habitat parameters on the population density of 

four species of common farmland birds (Skylark Alauda arvensis, Common Blackbird Turdus 

merula, Song Thrush Turdus philomelos, Australian Magpie Gymnorhina tibicen) on sheep & 

beef  farms  on  New Zealand's  South  Island.  Bird  populations  were  monitored  on  twelve 

pastoral farms located between the Banks Peninsula (Canterbury) and Owaka (Southland), 

using  line  transect  distance  sampling.  Each  farm was  visited  nine  to  ten  times  between 

November 2005 and August 2007. Birds were counted on ten 500m unbounded line transects 

per visit while recording detection distances and several field parameters, and densities per 

farm and  species  were  estimated  in  Distance™ (version  6.0,  Thomas et  al.  2006)  using 

multiple covariate modelling and model averaging with Akaike scores. The effect of field 

parameters on estimated density at a seasonal level was modelled with a Hierarchical General 

Linear model, and population dynamics at the visit level and influence of farm management 

type on density was investigated using a residual maximum likelihood (REML) linear model. 

Average densities for skylarks, blackbirds, thrushes and magpies were  0.53, 0.41, 0.23 and 

0.18 birds per hectare respectively. Percentage of woody vegetation on farms had the largest 

effect  on  population  density,  being  positively  correlated  with  thrush  and  blackbird  and 

negatively  with  skylark  densities;  thrushes  and  blackbirds  also  showed  strong  seasonal 

population dynamics, part of which could be traced to seasonal changes in  availability for 

detection. In contrast, the abundance of magpies did not vary seasonally or with percentage of 

woody vegetation.  There was  limited indication that bird densities differed between farms 

under Organic, Integrated Management, or Conventional management regimes in the case of 

magpies. Density estimates were compared to the results of surveys carried out on the same 

properties  by the  Agriculture  Research  Group  on  Sustainability  (ARGOS),  which  used  a 

different modelling approach to arrive at generally higher density estimates. Likely reasons 

for this and the suitability of both approaches for monitoring birds on New Zealand farms are 

discussed.  

Keywords: distance sampling, farm management systems, farmland birds, multiple covariate 

modelling, population density 
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Introduction

Rising international concerns for biodiversity and sustainability over the last three decades 

have led to an increasing focus on how to maintain efficient food and fibre production from 

intensive industrialised agriculture while simultaneously supporting biodiversity. Agricultural 

biodiversity  encompasses of microbes, plants, and animals that provide ecosystem  services 

such as nitrogen fixation, decomposition, facilitation of nutrient uptake by plants, pollination, 

and pest control (Matson et al. 1997). Biodiversity may enhance an agri-ecosystem's capacity 

for recovering from perturbation, i.e.  enhance its  resilience (Fischer et  al.  2006), and can 

reduce reliance  on  external  inputs  to  maintain production  (Milestad  & Darnhofer  2003). 

Alarm about  increasing  widespread  endangerment  of  this  involved network  has  in  recent 

years prominently and internationally been sparked by the tell-tale decline of bird populations 

on farmland (Campbell et al. 1997,  Krebs et al. 1999,  Murphy 2003,  Gregory et al. 2004, 

Hole et al. 2005). Initial conservation efforts focused mainly on protecting natural areas and 

threatened species recovery.  A “land sparing” strategy posited that increased efficiency of 

agricultural systems to feed a  growing world population would obviate the need to convert 

remaining natural areas to agricultural uses; i.e.,  ‘intensification” by massive habitat change 

and applications of ecological subsidies to force high productivity might ultimately protect 

biodiversity by reducing “agricultural extensification” (Perley et al. 2001,  Trewavas 2001, 

Moller et al. 2008a, b; Rowarth 2008). An alternative “land integration” strategy emphasises 

the  need  to  protect  biodiversity  within  the  production  landscapes  themselves,  partly  to 

maintain ecosystem functioning and partly to service the production itself. Agenda 21 (http://

www.un.org/esa/dsd/agenda21/),  the  Convention  on  Biological  Diversity 

(http://www.cbd.int/)  and  the  Millenium  Ecosystem  Assessment 

(http://www.millenniumassessment.org/en/index.aspx)  all  recognised  this  global  need  to 

protect and enhance biodiversity in production landscapes. The New Zealand Biodiversity 

Strategy (Ministry of Environment and Department of Conservation 2000) also emphasised a 

need to protect agricultural biodiversity and ecosystem functioning.

Despite these calls for maintaining agricultural biodiversity, there has been very little research 

on biodiversity in New Zealand’s farmland, or on the introduced animals that predominate in 

them (Macleod  et al.  2008). Much effort has been put into establishing and monitoring the 

health  of  individual  New Zealand native and endemic bird  species (e.g. O'Donnell  1996, 
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Hooson and Jamieson 2003, Powlesland et al. 2003). Bird monitoring has mainly been done 

on conservation land and for native species of conventional  conservation interest  (Norton 

1998,  Perley  et  al.  2001), so  even  basic  descriptions  of  species  abundance,  population 

regulation, diets and ecosystem roles have not been reported. Recent calls to re-evaluate the 

sustainability of intensive agriculture in New Zealand have again focussed debate on optimum 

strategies for sustainable and resilient farming systems (MacLeod and Moller 2006, Meadows 

et al. 2008; Moller et al. 2008a, b; Lee et al. 2008; Weller et al. 2008). 

 

Birds are particularly good indicators of wider ecosystem health because they tend to be near 

the top in agroecosystem food chains, ubiquitous and conspicuous. They are also relatively 

easy to monitor. Distance sampling methods have proved to be practical and are unlikely to be 

biased (Chapter One), especially if several ‘covariates’ are included in estimation modelling 

to account for temporal and habitat influences on detectability (Chapter  Two).  Importantly, 

birds are well recognized and familiar to consumers and farmers alike, which makes them 

potentially useful as “flagship species” to guide biodiversity care in production landscapes. 

“Bird friendly” food production could incentivise biologically sensitive farming by securing 

market  access  and  provide  premium  prices  for  New  Zealand  farm  produce  in  overseas 

markets (Moller et al. 2005, Coleman et al. 2009). Market “eco-verification” of these putative 

biodiversity benefits is likely to be delivered via market accreditation schemes, like certified 

organic growing or Integrated Management protocols (Wharfe and Manhire 2004, Campbell 

2006). The long-term decline in farmland birds in Europe (Fuller et al. 1995, Gregory et al. 

2004,  Hole  et  al.  2005)  has  caused  rising  concern  amongst  supermarket  regulators  and 

consumers alike (J. Manhire, pers. comm.). 

The primary aim of this chapter is to report the actual population abundance of common birds 

on  New  Zealand  pastoral  farmland  using  the  most  appropriate  methods  as  discussed in 

Chapters One and Two. Bird density and abundance measures are presented here from three 

contrasting farming systems:  certified “organic”,  accredited “Integrated Management” and 

“conventional” farming. There has been considerable international interest in whether organic 

farming delivers better biodiversity care (Hole et  al.  2005,  Moller et  al.  2007, Rate et  al. 

2007).  Although interest  in  conversion to organic agriculture  is  widespread amongst  New 

Zealand  farmers,  the  number  of  farmers  certifying  as  organic  growers  remains  low 

(Fairweather  and Campbell 2002). In  contrast, there has been rapid escalation in accredited 

Integrated  Management  (IM)  farming  systems  (Wharfe  and  Manhire  2004)  within  which 
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farmers minimize fertilizer and pesticide inputs and that may also deliver biodiversity gains. 

Preliminary comparisons of bird diversity and abundance in New Zealand’s organic, IM and 

conventional agriculture so far  have been limited to summer periods, cover just a few years 

and have relied on relative indices of abundance (Blackwell et al. 2005, 2006 a,b; Rate et al. 

2007).  While  these  studies  include  findings  that  provide  evidence  for  increased  species 

richness  attributable  to  differences  in  farming practices  on kiwifruit  orchards  (Rate  et  al. 

2007),  no  such  indication  exists  so  far  for  pastoral  farms  in  New  Zealand.  As  striking 

differences in bird abundance and diversity have been found among management systems in 

other parts of the world (OECD 2003, Hole et al.  2005), this emphasizes the necessity to 

create a similar knowledge base in New Zealand, especially since due to the recent nature of 

many large-scale land changes, species assemblages might be operating under quite different 

conditions here (MacLeod et al. 2009). 

Data  of  the type generated in  this  study are the first  step in  a  long term quest  to  better 

understand the ecology and ecosystems roles of the most common farmland birds in New 

Zealand’s pastoral landscapes. I searched for correlations in bird abundance and main habitat 

features on sheep & beef farms of New Zealand’s South Island.  Since habitat complexity is 

posited as a main determinant of biodiversity on these farms (Maegli et al. 2007, Blackwell et 

al.  2008),  I  attempted to  quantify  the  strength  of  any relationship  between common bird 

abundance and farm habitats. I also sought to describe seasonal fluctuations in abundance of 

these species as the first step in understanding population regulation and movements of the 

birds within the production landscape matrix (Craig et al. (eds.) 2000). If we are to secure the 

presence of the birds  inhabiting New Zealand’s farmland, we first need to understand what 

regulates their abundance and distribution and how these link to specific farming practices. 

Utility of focal bird species as flagships and indicator species to guide eco-friendly production 

depends  on  bird  population  dynamics  being  affected  by  land  care  practices  that  can  be 

changed or instigated by the farming families (Rosin et al. 2008). My basic descriptions of 

bird abundance and their fluctuations will also eventually support calculations of ecosystem 

service roles of the birds, and the ecological performance of the introduced birds can help 

inform more theoretical models of invasion ecology and niche theory (MacLeod et al. 2009)

The species chosen for monitoring were Skylark Alauda arvensis, Blackbird Turdus merula, 

Song Thrush  Turdus philomelos, and Australian Magpie  Gymnorhina tibicen. Of these, the 

former three are European introductions; magpies are self-introduced from Australia. Heather 
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and Robertson (2000) provide in-depth descriptions  of  their  distribution and behaviour  in 

New Zealand. These species are among the most common birds on sheep and beef farms, 

preferring open paddocks interspersed with vegetation blocks. They were chosen to test the 

suitability of this survey's methods to the New Zealand farm habitat because of their ubiquity, 

the relative ease of identification in the field both visually and by call/song, and because 

previous surveys on the same farms have shown that density could be estimated with higher 

precision than was possible for other common species (ARGOS bird survey, sheep & beef 

sector,  2004/5,  unpublished  data).  The  Pied  Oystercatcher  Haematopus  ostralegus was 

initially monitored  as  a  fifth  focal  species,  but  had  to  be  removed from analyses  due to 

insufficient sightings.



Variation in bird density 84

Methods

Study setup

The study formed part of the ARGOS project (Agriculture Research Group on Sustainability - 

http://www.argos.org.nz),  a programme to examine the environmental, social and economic 

sustainability of New Zealand’s farming systems, with the goal of facilitating innovation and 

performance in primary production systems, and maintenance or creation of multifunctional 

landscapes. Of the participating farms, twelve sheep and beef farms were selected, organized 

into 4 clusters  of 3 farms each,  located  near Outram (Otago),  near Oamaru (Otago),  near 

Owaka (Southland)  and on the Banks Peninsula (Canterbury).  Each cluster  contained one 

representative of each of three different farm management types ("panels"):  Conventional 

(CON), Integrated Management (INT),  and Certified Organic (ORG). A major part  of the 

ARGOS programme centres on testing the null hypothesis that there are no differences in 

environmental, social and economic outcomes between organic, integrated and conventional 

farming. A goal of the present study was to add to that investigation by determining whether a 

management system-driven difference in bird population could be found on the farms.

The study setup is described in greater detail in Chapter One.

Data collection

For each farm visit, ten randomly placed line transects of 500m length were selected, at a 

minimum spacing of  200m.  Observers  walked these transects  in  a  North-South  direction. 

Each of two observers would generally perform 5 consecutive transects in a fieldwork day. 

Monitoring using a laser range finder and a GPS unit was carried out following standard line 

transect distance sampling procedures (Buckland et al. 2001).

Sightings were collected over the course of ten repeat visits to all farms (circuits) that were 

spaced over two years. According to best compromise between the breeding cycles of the 

focal species, circuits were categorised into three seasons designated "Breeding" (September - 

January), "Post-breeding" (February - May) and "Winter" (June - August). 

For a full description of field methods and time frame of the study, see Chapter One.  
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Distance sampling methodology

Density estimations were carried out in Distance 6.0 Release Beta 1 (Thomas et al. 2006); 

additional computations were performed in GenStat  Version 9.1 (Lawes Agricultural  Trust 

2006). In distance sampling with line transects, observers record the distance from a randomly 

placed  line  to  all  birds  detected  within  a  truncation  distance  w.  Not  all  the  birds  within 

distance w will be detected, but a fundamental assumption is that all birds at zero distance are 

detected, or failing that, that the proportion of detections at zero distance is known. Overall 

detection probability is expected to decrease with increasing distance from the line or point. 

The distribution of the observed distances is used to estimate a "detection function" g(y) that 

describes  the  probability  of  detecting  a  bird  at  distance  y.  Given  that  various  basic 

assumptions hold (Table 1), this function allows the estimation of the average probability P of 

detecting a bird given that is within width w of the line. Bird density can then be estimated as 

D = n/(P*a), where n is the number of birds detected and a is the size of the region covered 

(the  total  length  of  the  transect  multiplied  by 2w). Frequently,  density  estimates  may be 

improved by the inclusion of covariates that can influence the detection probability, such as 

habitat  parameters,  weather  conditions,  and  observer  identity  (Marques  et  al.  2007),  an 

approach that has been followed here.

Because of the difficulty of accurately judging the position of birds relative to the transect line 

in the field, observers frequently included observations of birds that were beyond the ends of 

the transect line. This added a circular area with a radius equal to the effective strip width to a 

transect area that was treated by Distance as having straight (perpendicular) borders at the end 

Table 1: Assumptions of line transect sampling. Adapted from Borchers et al. (2002)

Assumption Effect of violation

Animals do not move before detection

Measurements are exact

All animals on the line are detected (i.e. 
g(0)=1)

Density estimate is negatively biased in proportion to 
actual g(0); e.g. g(0)=0.8 results in an estimate that is 

80% of true density.
Bias negligible if movement is random. If movement is in 

response to observer, negative (when avoiding observer) or 
positive (when attracted to observer) bias can result.

Method is robust to random errors. Systematic errors like 
habitual rounding or over/under-estimation will bias the 

estimate.

Animals are randomly and independently 
distributed

Biases confidence intervals of estimates. For this reason, 
clustered populations are recorded as clusters and cluster 

size recorded separately.
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points, leading to an overestimation of density. As it was not possible to retroactively identify 

and remove these observations, a species- and farm-specific correction factor was computed 

to account for the inclusion of observations beyond the effective strip width at the end of the 

transect line, using the following equation:

(Σ n (ln × ESWs × 2) + Σ n (pi × ESWs
2)) / Σ n (ln × ESWs × 2)

where n is number of transects on the property, ln is the length of transect n and ESWs is the 

effective strip width for species s. Density estimates were corrected by dividing them by the 

correction factor (Table A5 in appendix).

From the sets  of models including different  covariates  of detectability,  confidence sets  of 

well-fitting  models  were  assembled  for  each  species-by-farm combination  using  Akaike's 

Information Criterion (AIC) (Akaike 1973). Density estimates presented here were averaged 

from AIC-weighted contributions of these confidence models. To generate sufficiently large 

sample  sizes,  detections  from all  ten  circuits  were  pooled,  and  detection  functions  were 

generated  for  the  pooled  detections.  The  primary  density  estimates  were  thus  average 

estimates over the entire two year survey duration.  Detection function modelling for these 

data is discussed in detail in Chapters One and Two of this thesis.

ARGOS surveys

Summer bird density and distribution have already been estimated from two separate surveys 

for the species and locales monitored in my study (Table A10). These two surveys covered 36 

South Island sheep & beef farms, including the 12 farms covered here, and were carried out 

by the ARGOS program between November 2004 and January 2005 (survey ARGOS 1), and 

December 2007 and January 2008 (survey ARGOS 2). Ten transects of 500m per farm were 

performed over  one or  two days, using the same field methods as this survey, although all 

encountered bird species were recorded rather than just a few focus species.

No repeat visits were made to farms during the ARGOS 1 and ARGOS 2 surveys. Instead, 

modelling to estimate density pooled data across all farms to assemble a sufficient sample size 

to estimate detection probabilities and effective strip width for each species across all the 

farms. To obtain farm-level density estimates (Table A10 in appendix), results were then post-



Variation in bird density 87

stratified by farm (following Buckland et al. 2001). This trades off some farm-level precision 

in the estimates in order to achieve sample sizes sufficient for estimating density of more 

uncommon species  (for  detailed  comparison  of  methodologies, see  Chapter  Two). I  used 

various methods of comparison to investigate the relationship between the results of these two 

kinds of surveys of the same bird populations.

Influence of farm-level drivers on de  ns  ity  

Several explanatory farm-level habitat parameters were fit to the farm-level density estimates 

in a Hierarchical General Linear Model (Bryk and Raudenbush 1992). Interest here was in 

effects on farm scale, so parameters that applied to the entire farm and were invariant between 

circuits were chosen (Table 2). 

Seasons were categorized as in Figure 3, Chapter One. Panel described the three recognized 

farm  management  regimes.  The  three  vegetation  measures  used  (Figure  1)  were  area 

percentages  derived  from  map  data  using  ArcGIS,  using  land-use  maps  created  by  the 

ARGOS project. The measures described the percentage of all woody vegetation on total farm 

area (vegetation cover  or %veg), percentage of introduced woody vegetation on total farm 

area (introduced cover or  %intveg), and percentage of introduced woody vegetation in total 

woody  vegetation  (percent  introduced or  %intveg_in_veg)  (all  three  measures  include 

shelterbelts). 

Table 2: Parameters used in the General Linear Model describing the relationship between all-year farm-level  
bird densities and habitat parameters.

Covariate Type Levels Comments

Panel Factor Con, int, org

Season Factor See Illustration 3 for placement of seasons

Cohort Factor 1, 2

Cluster Factor 1, 2, 3, 4

Continuous -

Continuous -

Farm management type. CON = conventional, INT = Integrated 
Management, ORG = Certified Organic

Breed, post, 
winter

Time span from beginning of “breed” season to end of winter” 
season in each of the two years 

Farm cluster. 1 = Banks Peninsula, 2 = Oamaru, 3 = Outram, 4 
= Catlins

Vegetation 
cover (in tables: 

%veg)

% Woody vegetation  incl. shelterbelts in total farm area (1-
%veg describes % of open area)

Introduced 
vegetation cover 

(in tables: 
%intveg)

% Introduced woody vegetation incl. shelterbelts in total farm 
area
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One measure that is not directly or inversely defined by these three is the percentage of native 

vegetation in total farm area; this was found not to be contained in any confidence set in 

preliminary runs, and was therefore omitted from the analyses.

To investigate the effects of  the  farm-level parameters on all-year density, a General Linear 

Model was fit to the density estimates of each species. Hierarchical General Linear Modelling 

(Bryk and Raudenbush 1992) as implemented in GenStatTM was employed, as this allowed the 

inclusion of farm identity as a random factor to  exclude pseudo-replication from repeated 

measures (each farm had been sampled nine to ten times). Due to restrictions in the output of 

the HGLM routine, model selection was a two-step process: Models were selected by AICc 

from the all-subsets HGLM regression, then parameters in selected models were tested for 

significant  effects  using  a  REML with  the  same data  structure  (using  a  Chi-square  test). 

Effects of individual levels of these parameters were tested in the HGLM again (using a T-

test).

Figure 1: Farm-level vegetation percentage measures used in the HGLM analysis  
(vegetation cover / %veg, introduced vegetation cover / %intveg, and percent introduced /  
%intveg_in_veg) by farm and management panel. Data points consist of cluster name and 
farm number and are colour-coded by cluster.
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Parameters were first tested for multiple collinearity (Figure 2). Strong collinearity was found 

between  %veg  and  %intveg_in_veg,  so  the  two  were  not  included  in  the  same  models 

together.  A test  by analysis  of  variance  for  correlations  between management  panels  and 

vegetation measures (Figure 1) showed that no correlations existed (F p = 0.632 / 0.861 / 

0.715  for  %veg  /  %intveg  /  %intveg_in_veg  respectively).  For  use  in  the  HGLM,  all 

parameters were centered (mean subtracted from each instance) to avoid collinearity of lower-

order terms with interaction terms (Quinn & Keough 2002).  All  possible combinations of 

parameters that were not restricted by collinearity were modelled and the resulting models 

ranked  by  AICc.  Confidence  sets  were  constructed  from  the  resulting  models  using  a 

threshold value of AICc difference <=4 from the best model.

Due  to  sample  size  considerations,  density  estimates  generated  with  Distance  detection 

functions  constituted  averaged  values  for  the  entire  two  year  survey  duration.  Yet  to 

investigate seasonal population dynamics, a finer resolution was required. For this reason, 

separate  density  estimates  at  circuit  level  were  generated  post  hoc,  making  use  of  the 

detectability estimates computed for the all-year pool. This was done by selecting cases from 

the database of detections out to a farm- and species- specific effective strip width (ESW - the 

distance from the transect center-line out to which a complete census could be expected given 

a specific average detection probability (Buckland et al. 2001)). Since the magnitude of ESW 

already takes detection probability into account, these detections could be tallied as if for a 
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Figure 2: Correlations amongst vegetation 
measures: farm-area percentage of total woody 
vegetation (%veg) vs farm-area percentage of  
total introduced woody vegetation (%intveg) 
(linear regression F probability: 0.362),  
percentage of introduced vegetation in total  
woody vegetation (%intveg_in_veg) vs %veg (F  
p: 0.003), and %intveg_in_veg vs %intveg (F  
p: 0.534). Due to strong correlation in the  
second case, %intveg_in_veg and %veg were 
not used as parameters in the same models.
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census with complete detection. To increase accuracy, three different seasonal ESWs derived 

from detection function models incorporating "season" as a covariate were used in estimates 

for circuits within the respective seasons. For species-by-farm combinations where no ESW 

existed because no all-year detection function could be fit to the data (due to insufficient 

sample sizes), the cluster ESW average was used. These circuit-level density estimates were 

used to investigate seasonal dynamics for all four species.

Density changes between circuits and panels were tested for statistical significance using an 

analysis of variance. A linear mixed model was fit to the log10-transformed density estimates 

using  the  method  of  residual  maximum  likelihood  (REML).  For  all  species,  the  model 

structure was the same, using panel, circuit, and panel.circuit as treatment (fixed) factors, and 

farm and farm within circuit as blocking (random) factors. The random model incorporated a 

cubic  smoothing  spline  (Wegman  and  Wright  1983)  of  the  form 'circuit+panel.circuit'  to 

model possible temporal correlations between  circuit-level densities. The models were then 

used to predict averaged circuit-level density values including these correlations.
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Results

Density and abundance estimates

Of the four species, on average skylarks were the most commonly encountered birds across 

all farms  (average  density (birds per hectare) 0.53 ±  0.18), followed by blackbirds (0.41 ± 

0.15),  thrushes  (0.23 ±  0.121),  and  magpies  (0.18 ±  0.077) (Table  3;  Table  A7  in  the 

appendix). The average number of detections followed the same pattern, except that thrushes 

had the lowest detections per farm, about one third (46.4 ± 17.46) that of skylarks (151.4 ± 

61.93). Also, skylark estimates had the lowest variance between farms (cv = 0.177), followed 

by blackbirds, magpies, and thrushes (0.271). 

Average  density  differences  between  farm clusters  were  apparent  in  skylarks,  where  the 

Oamaru and Outram clusters had notably higher numbers than the Banks and Catlins clusters 

(Table 3, Figure 3). Highest densities of blackbirds and thrushes were found in the Catlins and 

lower densities occurred  in the Oamaru and Banks clusters. Magpie densities showed little 

differences between clusters, although numbers were lowest on Catlins farms (Table 3, Figure 

3).



Table 3: Average density (birds per hectare), population size (birds per farm), and related measures for each species, over all farms,  
clusters and farming systems.

Species Density (D) Detections

Skylark 0.53 307.07 0.177 151.4 0.549 0.096
Blackbird 0.41 204.85 0.193 95.3 0.435 0.120

Thrush 0.23 97.37 0.271 46.4 0.591 0.129
Magpie 0.18 85.65 0.213 70.7 0.561 0.136

Banks (1) Oamaru (2) Outram (3) Catlins (4)
Species Density Detections Density Detections Density Detections Density Detections
Skylark

Blackbird
Thrush
Magpie

Conventional Integrated Management Organic

Species Density Detections Density Detections Density Detections
Skylark

Blackbird
Thrush
Magpie

Averages across all farms
Population 

size (N)
model cv D | 

N
Detection 

probability (p) model cv  p

Average density and detections per cluster

0.33 ± 0.02 96.0 ± 10.69 0.84 ± 0.41 234.0 ± 60.26 0.67 ± 0.3 205.7 ± 101.83 0.26 ± 0.02 70.0 ± 10.69
0.35 ± 0.01 58.0 ± 6.03 0.23 ± 0.02 77.7 ± 7.84 0.44 ± 0.21 106.3 ± 45.82 0.60 ± 0.12 139.3 ± 9.84
0.09 ± 0.02 23.0 ± 2.65 0.10 ± 0.03 26.7 ± 5.46 0.31 ± 0.17 62.7 ± 29.45 0.41 ± 0.01 73.3 ± 6.17
0.22 ± 0.10 52.3 ± 9.39 0.21 ± 0.07 97.7 ± 16.17 0.16 ± 0.04 63.3 ± 8.45 0.14 ± 0.02 69.3 ± 4.48

Average density and detections per panel

0.57 ± 0.37 147.7 ± 69.86 0.57 ± 0.22 182.5 ± 76.8 0.44 ± 0.08 124.0 ± 25.13
0.51 ± 0.08 121.5 ± 10.48 0.27 ± 0.07 63.5 ± 21.39 0.44 ± 0.12 101.0 ± 16.04
0.30 ± 0.13 56.8 ± 21.35 0.16 ± 0.09 33.8 ± 17.21 0.22 ± 0.08 48.8 ± 10.48
0.13 ± 0.01 61.0 ± 7.69 0.25 ± 0.08 89.3 ± 13.73 0.17 ± 0.03 61.8 ± 8.96
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Figure 3: Density (birds per hectare) and population size (birds per farm) of the four bird species over all circuits (+ 1 SE).
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Influence of   habitat and farming   on bird density  

To investigate the effects of farm-level habitat parameters on all-year density, a Hierarchical 

General Linear Model was fit to the density estimates of each species. An overview is given in 

Table 4; for the full set of model characteristics, see Table A8/1 and A8/2 in the appendix.

The modelling of the dependence of bird density on farm-level habitat parameters worked 

well for all species, with weight-averaged approximate GLM R2 values for the model sets 

ranging from 54 for skylark to 31 for blackbird (Table 4). The F-test probabilities were <0.001 

in every case. 

Table 4: Confidence sets for Hierarchical General Linear models of all-year density in relation to farm-level habitat  
parameters, with farm identity as blocking factor. Models were selected by AICc from an all-subsets HGLM regression.  
AIC weight per model and AIC weight ratio relative to first model of set are also shown. An approximate measure of  
absolute fit is given as the R2 and F-test probability of a GML with the same data structure, but no blocking factors.

Species Rank Parameters AICc ΔAICc AW AW ratio GLM F p
Skylark 1 %veg X cluster + season 31.61 - 0.90 9.09 55.4 <0.001

2 %intveg_in_veg + season 36.02 4.42 0.10 - 41.6 <0.001

54.03
Weight-averaged F p: < 0.001

Species Rank Parameters AIC ΔAIC AW AW ratio GLM F p

Blackbird 1 132.07 - 0.42 1.16 34.1 <0.001

2 132.36 0.30 0.37 4.90 36.0 <0.001

3 %intveg_in_veg + season 135.70 3.63 0.07 1.06 22.9 <0.001
4 %veg + season 135.81 3.74 0.07 - 23.0 <0.001

30.75
Weight-averaged F p: < 0.001

Species Rank Parameters AIC ΔAIC AW AW ratio GLM F p

Thrush 1 148.36 - 0.59 3.46 50.3 <0.001

2 %intveg_in_veg + season 150.84 2.48 0.17 1.42 31.7 <0.001

3 151.54 3.18 0.12 1.05 42.7 <0.001

4 151.63 3.27 0.12 - 49.7 <0.001

46.12
Weight-averaged F p: < 0.001

Species Rank Parameters AIC ΔAIC AW AW ratio GLM F p
Magpie 1 %intveg X panel 34.60 - - - 35.5 <0.001

GLM R2

Weight-averaged R2:

GLM R2

%intveg X %intveg_in_veg 
+ season

%intveg X %intveg_in_veg 
+ season + cohort

Weight-averaged R2:

GLM R2

%veg X panel + season + 
cluster

%intveg_in_veg + season 
+ cluster

%veg X panel + %intveg 
+ season + cluster

Weight-averaged R2:

GLM R2
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The effects of amount of different vegetation types on farms on density varied among species. 

There were more blackbirds and thrushes on farms with a higher cover of woody vegetation 

(%veg) (more so in thrushes than in blackbirds), and fewer where more of that vegetation was 

introduced species (%intveg_in_veg).  For blackbirds,  the latter  effect  was reinforced with 

increasing total area percentage of introduced woody vegetation (%intveg). Skylark models 

showed  the  opposite  relationship  –  there  were  more  skylarks  on  farms  with  less  woody 

vegetation,  and  relatively  more  of  them  when  most  of  that  woody  vegetation  was  of 

introduced tree species. 

Thrush  and  skylark  density  varied  greatly  between  clusters  (Table  5).  Cluster  1  (Banks 

Peninsula) had significantly lower thrush densities than the other three clusters. The most 

populous cluster  for skylarks was cluster  2,  with numbers in clusters 1 & 4 being lower. 

Additionally, skylark models showed interactions between cluster identity and the vegetation 

effects,  with  the  negative  influence  of  woody vegetation  cover  on  density  progressively 

lessening from cluster  2 to 1 to  3. In all  cases except  magpies the relationships between 

Table 5: Parameters with significant effects in the HGLM regressing all-year density on farm-level habitat  
parameters. For vegetation percentage measures, // signifies a strong positive effect and \\ a strong negative effect  
on D with increasing parameter magnitude; / and \ signify weaker effects. (*) signifies cases where a factor  
parameter contributed significantly to model fit, but no significant difference between parameter level effects was 
present. Akaike weight-averaged R2 and F-test probability are derived from GLMs with the same data structure as 
the HGLMs, but no blocking factors.

Species Parameters with significant effects in confidence set

Panel Season Cohort Cluster Interactions

Skylark 54.03 < 0.001 - (*) -

Blackbird 30.75 < 0.001 - Breed > post (*) -

Thrush 46.12 < 0.001 (*) -

Magpie 36.9 < 0.001 %intveg // Int > con - - -

Weight-
avrgd R2

Weight-
avrgd F p

Continuous 
(vegetation)

%veg \\, 
%intveg_in_veg /

2 > 1 > 
4

%veg X cluster: 
slope in 2 more 

negative, in 3 more 
positive than in 1

%veg /, 
%intveg_in_veg \\

%intveg X 
intveg_in_veg: 

positive interaction

%veg //, 
%intveg_in_veg \\

Winter > 
breed > post

2, 3, 4 
> 1

%veg X panel: slope 
in int more positive 
than in org & con
%intveg X panel: 
slope in int more 

positive than in org & 
con
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vegetation  and  bird  abundance 

appeared  to  be  linear.  However, 

judging from a plot of magpie density 

versus  introduced  vegetation  cover 

(Figure  4),  density  of  this  species 

increased  with  increasing  %intveg, 

then  dropped off  again  at  still  higher 

vegetation  percentages.  This  suggests 

that  intermediate  amounts  of 

introduced  vegetation  on  farms  are 

favoured over low and high extremes.

There were apparent  differences  in  bird densities  between management  panels,  with  both 

blackbirds and thrushes having their lowest numbers on Integrated Management farms, while 

magpies numbers were highest there (Table 3). HGLM modeling confirmed these differences 

in  the case of magpies and thrushes (Table 5).  More magpies  were present on Integrated 

Management farms than on Conventional farms. The effect of individual farming systems on 

thrush density could not be adequately resolved, but panel was nevertheless important for 

model fit. Both species also showed interactions of panel type with the positively correlated 

vegetation  measures:  in  both  species,  Integrated  Management  farms  displayed  a  stronger 

positive correlation of bird density with the vegetation measure (%intveg or %veg) than the 

other two farm types.

Seasonal and cohort dynamics

Seasonal influences on bird numbers were apparent in all species except magpies. Blackbirds 

and thrushes had their lowest densities in the post-breeding period, with highest blackbird 

numbers being found during the breeding period and highest thrush numbers in winter (Figure 

3). Cohort appeared as a significant factor in blackbird models, although the two levels were 

not sufficiently differentiated to clearly indicate the effect of each level.

Circuit-level  density  estimates  were  constructed  post  hoc,  using  the  all-year  models,  to 

investigate  seasonal  dynamics  and provide  higher-resolution  information  about  farm-level 

Figure 4: Magpie density (birds per hectare) versus  
introduced woody vegetation cover on farm area.
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distribution trends (Figure 5, Table A9). The graphs give little suggestion of overall seasonal 

dynamics in the case of magpies. There was hardly any variation over the course of survey 

duration on most farms and/or between farms, except for first 2 circuits (breeding season) and 

last 2 circuits (post breeding & winter) on farms 3 (Banks) & 6 (Oamaru). Both these farms 

are part of the Integrated Management panel.

Blackbird  densities  varied  much  more  between  circuits  and  between  farms  (Figure  5); 

however,  density  differences  between  circuits  did  not  present  a  consistent  pattern  when 

compared between farms.

A clearer  pattern  in  variation  of  skylark  abundance  was  evident.  Three  farms  displayed 

consistently high numbers and relatively even density over the year (Figures 5 & 6). These 

farms were situated in the Oamaru and Outram clusters and represented all three panel types. 

The other farms with lower numbers showed marked peaks during the two winter circuits.

Numbers of thrush were even and low for all farms up to the first winter circuit. Then they 

increased on all farms, but especially on the Catlins farms (farms 10-12). Numbers dropped 

off  again  over the course of  the  following circuits  though not  reaching  as  low as  in  the 

previous year, before rising again for the second winter circuit (Figures 5 & 6). For all four 

species,  bird  numbers  showed  few  consistent  differences  between  panels  and  seasonal 

fluctuations were spread similarly among the three panel types (Figure 6).



Figure 5: Density (birds per hectare) (Z axis) per circuit (X axis) for each farm (Y axis), per species. For visibility, farms were sorted 
back to front by increasing average density. Circuit-level density estimates were calculated from sightings database using seasonal  
effective strip widths. For circuit dates, see Table 3.

Skylark Blackbird

Thrush Magpie

Seasons of circuits:

1,2,6,7,8 - Breeding
3,4,9  - Post-Breeding
5,10         - Winter
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Figure 6: Density (birds per hectare) per circuit for each farm, per species. Panel averages are displayed as thick lines using panel colour and symbol.  
Circuit-level density estimates were calculated from sightings database using seasonal effective strip widths.
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Density changes  between circuits  and panels  were tested  for  statistical  significance using 

REML model incorporating a cubic smoothing spline (Tables  6 & 7), and the models were 

used to predict averaged circuit-level density values (Figure 7). While the models and spline 

smoothing functions revealed much the same conclusions as visual inspections of patterns 

(Figures 5 &  6),  blackbird  was  the  only  species  where  significant  variation  in  numbers 

between circuits could be found. The smoothing function clearly showed a peak in numbers 

during breeding season and a low in post-breeding season (p<0.001; Figure 7). This seasonal 

fluctuation had a magnitude of approximately three times the lowest value. Skylark and thrush 

density tended to vary between circuits (p=0.17 and 0.12 respectively), indicating population 

peaks in winter and troughs during the post-breeding period (Figure 7).

Table 6: Results of REML analysis of differences in seasonal density between circuits  
and panels, per species.

Species Term Total df Residual df Wald score Wald p
Skylark Circuit 96 1 1.90 0.168

Panel 96 2 0.90 0.405
Circuit.panel 96 2 0.51 0.599

Blackbird Circuit 96 1 8.72 < 0.001
Panel 96 2 1.11 0.331

Circuit.panel 96 2 0.65 0.521
Thrush Circuit 94 1 2.43 0.119

Panel 94 2 0.37 0.690
Circuit.panel 94 2 0.78 0.457

Magpie Circuit 96 1 0.49 0.483
Panel 96 2 2.71 0.066

Circuit.panel 96 2 4.44 0.012

Table 7: REML analysis of differences in density between circuits and panels for each species.
Species Panel Circuit Interaction

Skylark - -

Blackbird - -

Thrush - -

Magpie -

(Tendency – 0.17) peak in winter, 
lowest breed going into post

(<0.001) Peak in breed, lowest in 
post

(Tendency – 0.12) peak in winter, 
lowest post

(0.07) Int > con 
& org

(0.012) D higher on int farms at 
beginning and end of survey
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No circuit differences were apparent in magpie densities, but a borderline significant panel 

effect (p=0.07) showed numbers to be higher on Integrated Management than organic and 

conventional farms A significant interaction between circuit and panel (p=0.012) confirmed 

higher densities on IM farms during two consecutive circuits at the beginning and two at the 

end  of  the  survey  period. The  HGLM  model  above,  developed  for  investigating  the 

relationship between all-year density estimates and habitat parameters, could not be extended 

for analysis of circuit-level densities on individual farms, since sample sizes were generally 

too low and inter-circuit variability too large at that scale.
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Figure 7: Density (birds per hectare, log10-transformed) +/- 1SE, per circuit over all  
farms per species, as predicted from the REML analysis of variance of density differences 
in circuits and panels.
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Comparison with ARGOS survey estimates

The density estimates generated form the ARGOS 1 & 2 surveys were compared with those of 

the present survey to investigate possible contrasts arising from their different methodological 

approaches to modeling 

Figure 8 shows species-specific scatterplots of farm-level densities for ARGOS 1 & 2 and the 

present survey's all-year and breeding season estimates (farms were ordered by increasing all-

year density). The density estimates for magpies in my study and the ARGOS surveys were 

very close,  indicating more or less equal estimates  per farm. Skylark estimates were also 

mostly similar, but showed a greater spread, with ARGOS 2 values frequently larger than the 

other estimates. Thrush numbers tended to be close between the surveys for farms with lower 

thrush densities, but diverged considerably for some farms with higher densities. In the latter 

Figure 8: Bird densities for each species for the present survey (all-year estimate and breeding season estimate) and 
for the two ARGOS surveys, for all farms. Farms were sorted by increasing all-year density estimate per species.
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cases ARGOS 1 & 2 density estimates were much higher than those of my study. Poorest 

correspondence between the surveys occurred for blackbirds. A wide dispersion of values was 

found,  with  ARGOS estimates  generally  larger  than  my estimates,  sometimes  by several 

hundred percent (Figure 8).

Similar  conclusions  were 

reached  from  linear 

regressions  of  breeding 

season density on ARGOS 

1 & 2 densities to predict 

my  estimates  (Figure 9). 

For  all  species,  the 

modelling  resulted  in 

linear  constants  <1, 

indicating  a  consistent 

trend for higher ARGOS 1 

& 2 values  than breeding 

season  values  for  any 

given  species-by-farm 

combination. The effect was more pronounced for blackbirds and thrushes than for magpies 

and skylarks.

The series, together with the other two seasonal estimate fractions, are summarized in Figure 

10, with box limits representing 1st and 3rd quartiles and whiskers showing data minima and 

maxima. ARGOS densities were tested for statistically significant differences to all-year and 

breeding  season densities  using  a  two-sided  t-test.  Differences  were  found for  blackbird, 

where ARGOS 1 estimates were larger than both all-year (p=0.017) and breeding (p=0.034) 

values,  and  for  thrushes,  where  ARGOS  2  densities  were  larger  than  breeding  densities 

(p=0.045).

Figure 9: Linear regression of breeding season density on ARGOS 1 
& ARGOS 2 density for all farms and species. The constant (intercept)  
of each linear equation was omitted in the graph. Strong dashed line:  
unity (x=y); thin dashed lines: 95% confidence intervals.
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Additionally, the results derived from the HGLM and REML modelling of farm-level habitat 

parameter influences using the all-year density estimates were tested by adding the estimates 

of both ARGOS surveys to the data. ARGOS 1 was treated as an extra circuit preceding the 

ten circuits, and ARGOS 2 as an extra circuit performed after these. Both were designated as 

'breeding season' and not assigned a cohort value (to avoid unbalancing the design with two 

additional cohorts  of only one  circuit each).  This did not lead to effective changes in the 

results of any of the analyses. 

Figure 10: Bird densities for each species for the present survey and for the two ARGOS surveys, over all farms.  
'All circuits pooled' is the all-year estimate; 'Breed', 'Post' and 'Winter' are seasonal estimates constructed using 
seasonal effective strip widths. Box limits show 25th and 75th data percentiles, whiskers show minimum and 
maximum data range. A plain cross designates a significant t-test difference between an ARGOS density and the 
all-year density (blackbird, ARGOS 1, p=0.017), a serif cross a significant t-test difference between an ARGOS 
density and the breeding season density (blackbird, ARGOS 1, p=0.034 ; thrush, ARGOS 2, p=0.045).
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Discussion

Limitations of the results

The most  important  caveat  is  that  thrush  detections  were  less  reliable  than  for  the  other 

species due to some observers not adequately distinguishing between thrushes and female 

blackbirds (when they saw the bird), or between singing male thrushes and blackbirds (when 

they only heard the bird). This likely led to lower numbers of thrush detections (average 55 

per farm) as opposed to other species (81 - 173), missing distance sampling estimates for two 

farms, and  potential  bias  towards  close  visual  detections  and  consequent  overall 

underestimation of thrush abundance (Chapter One and Two). For some ecological questions, 

it may be possible to add the thrush and blackbird detections together and treat them as a 

composite guide or pair of sibling species. 

Another potential problem arose from uneven coverage of some farm areas. Comparatively 

few transects were placed through areas where woody vegetation was very thick and tangled. 

Such areas were extraordinarily difficult to traverse, so that very few observations resulted 

from that leg of the transect even though the average time spent there was well above average 

for the distance walked. The observers became preoccupied, leading to unrealistically low 

density estimates. This applied to pine-filled gullies on some Outram farms, and patches of 

bush on very steep terrain found mostly on the Banks Peninsula. Where the vegetation canopy 

was so dense as to prevent satellites from connecting to the GPS unit, the area was avoided 

for transect placement. This affected several extensive native bush patches, mostly on the 

Catlins Farms. Any bias from this source would result from higher effective strip widths and 

sampling being overrepresented in open farm areas. This may have weakened the explanatory 

power of the models linking bird density to farm-level vegetation cover. However, such biases 

were probably less severe for my chosen focal species than it would have been with native 

species,  because these  have a  much higher  habitat  reliance large native bush patches that 

made up most of the occluded areas in question. 
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Influence of farm-level vegetation cover   and location   on bird density  

Vegetation  measures  emerged  as  the  main  determinants  of  bird  density.  Blackbirds  and 

thrushes have very similar foraging and nesting preferences (Heather and Robertson 2000). 

They share a need for woody vegetation to nest in and both species feed on open ground close 

to cover. The inverse is true for skylarks. They depend on open areas for both feeding and 

nesting and thus were less common on farms with more woody vegetation. The amount of 

introduced  woody  vegetation  on  the  farm  (mostly  consisting  of  conifer  plantations  and 

shelterbelts,  with  smaller  proportions  of  deciduous  trees)  also  had  a  clearly  delineated 

predictive power. This correspondence arose mostly out of its inverse correlation with overall 

woody vegetation cover (Figures 1 and 2). Woody vegetation on farms with small amounts of 

it tended to be of introduced types and large vegetation patches tended to consist of native 

bush, leading to models containing either parameter  inversely describing the same type of 

farm.  However,  since  percentage  of  introduced  vegetation  (%intveg_in_veg) was  also 

strongly correlated with the total area of just  shelterbelts on a farm (linear regression R2 = 

32.8, p = 0.03), this might also indicate an aversion by these bird species to farms where 

much of the available vegetation is arranged in the linear strips in the form of shelterbelts. 

These  linear  features  may lack  soft,  shaded  soil  for  foraging  nearby,  and  could  lead  to 

possibly higher competition by other passerines. 

Both interpretations also seem fitting for skylark's  positive correlation with  percentage of 

introduced vegetation, open farms with predominantly shelterbelts as their vegetation features 

emerging as the favoured skylark habitat in this survey. The reinforcing interaction between 

introduced vegetation cover and the percentage of introduced vegetation in blackbirds might 

be  interpreted  as  a  dislike for  farms  that  offer  predominantly large introduced vegetation 

blocks, i.e. conifer plantations, as habitat.

There  were  more  magpies  where  a  higher  proportion  of  the  vegetation  was  made  up  of 

introduced vegetation,  but the relationship appeared to be markedly non-linear (Figure 4). 

However, inferences about ties of magpie density to habitat parameters should be considered 

to be relatively weak because of their very even densities across farms. Additionally, %intveg 

had the smallest magnitude and proportional range of the three measures (0.6-7.2%, compared 

to 1.6 - 30% for %veg and 3.3 - 100% for %intveg_in_veg), and the "preferred range" would 

be contained within a 4% vegetation area difference, which seems improbable. A more likely 
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conclusion is that %intveg is not a reliable indicator of magpie numbers. Its apparent effect 

was probably the result of chance because two farms with open terrain and medium to high 

proportions of introduced woody vegetation had most magpies because of some other feature 

(e.g. rocky, hilly pastures).

Significant effects  of cluster  on bird density probably arise partly from both geographical 

differences in vegetation and climatic or ecological landscape effects surrounding the study 

farms. There were particularly open habitats on farms from Central Otago Plateau around the 

Outram cluster, and extensive native bush patches on all the Catlins farms.

The vegetation percentages employed in my study as predictor variables were crude measures 

because  vegetation  composition  could  be  not  unambiguously  identified  for  all  woody 

vegetation areas on a farm (it was partly identified and measured using aerial photos). Despite 

this  rough  measure,  strong  and  consistent  effects  of  total  woody  vegetation  cover  were 

discovered. Furthermore, rough measures of the proportion of the woody vegetation that was 

made up of introduced species was also able to help predict bird abundance. It is likely that 

some  common  types  of  pure  introduced  vegetation  patches  (e.g.  conifer  plantations  and 

shelterbelts) were not attractive to thrushes and blackbirds. No conclusive habitat predictors 

were found for magpies.

Seasonal dynamics in bird density

Strong differences in seasonal dynamics were found between species. Generally season was a 

strong predictor of abundance except for magpies (Tables 7 & 9, Figure 7). Seasonal density 

differences may reflect a mixture of processes:  a) recruitment/dispersal/deaths,  b) seasonal 

movement  out  of  or  into  farm  area,  or  c)  seasonal  movement  between  farm areas  with 

different  likelihood  of  detection.  A  further  possible  cause,  seasonal  fluctuations  in 

conspicuousness, has already been addressed in modeling by including season as a covariate 

of detectability. 

Season was an important but unresolvable factor in the HGLM predicting skylark density. It 

featured in the panel*circuit interaction within the REML analysis as a tendency for winter 

numbers to be higher than post-breeding, and breeding densities to be lower than both (Table 

7, Figure 7). This effect may have resulted from the formation of flocks of skylarks on fields 
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suitable  for  winter  browsing  on  seeds  (Cramp  (ed.)  1977).  Within-farm redistribution  of 

individuals  resulted in  a  large  number of  birds  being  detected at  once  at  some sites  (the 

average group size in winter was significantly larger than in other seasons (two-sided t-test, 

p<0.001). This might have included individuals from outside the farm area.

Blackbird densities were higher during breeding than during post-breeding periods according 

to the HGLM and REML analyses and especially visible in the REML prediction, but this was 

not apparent in the density plot. The most likely reason for this seasonal pulse is increased 

conspicuousness of singing males during the breeding season. Dispersal of new recruits is 

prompt after fledging (Heather and Robertson 2000), so that no noticeably increased numbers 

post-breeding would result.

HGLM modeling for thrushes showed higher winter densities than during breeding, where 

numbers were higher again than post-breeding; and in the REML analysis, a tendency for 

higher winter numbers than in post-breeding period. Both dynamics are clearly visible in the 

data series. The apparent population low post-breeding was likely due to typically reclusive 

behaviour during the autumn moult (Heather and Robertson 2000), yet for relative densities in 

the other two seasons, similarities to blackbirds would have been expected. It is possible that 

blackbirds  and  thrushes  share  the  same  underlying  seasonal  dynamics,  but  that  the 

conspicuousness  bonus from singing  during  breeding  season was shifted  to  blackbirds  to 

some  degree  through  misidentification.  In  addition,  circuits  4  and  5  featured  different 

assisting  observers  with  strong  differences  in  experience,  likely  leading  to  a  degree  of 

underestimation post-breeding and increased detection in winter, leaving winter numbers as 

the highest. 

The very homogeneous density plots and predictions for magpies were born out by a lack of 

seasonal  fluctuation  effects  found  through  modelling.  An  exception  was  present  with 

increased numbers on two farms during the first two circuits (farm #3) and last two circuits 

(farm #6, then farm #3) of the survey; these four circuits comprised all three seasons, and no 

comparable dynamics are visible during the same months in other years. A likely explanation 

is  that  these  high  numbers  resulted  from encounters  with  non-territorial  flocks  (possibly 

recorded several times by different observers) of yearlings and sub-adults drifting between 

territories (Heather and Robertson 2000, Kaplan 2004), and that these individuals were not 

normally present on these farms.
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Implications of vegetation and seasonal effects for survey methods

Bringing these relationships together with those found regarding the effects of the vegetation 

measures on detectability (Chapter Two) allows prediction of the likely outcome should these 

species be surveyed using index counts (non-corrected for variable detectability). The degree 

of  vegetation  cover  was  negatively  related  to  detectability  in  blackbirds,  but  also  had  a 

positive relation to density. This means that rather than over-estimating or under-estimating 

numbers  by  a  constant  amount,  different  ends  of  the  density  spectrum would  be  biased 

differently.  The  likely  outcome  is  overestimation  of  minimum  relative  abundance,  and 

underestimation of maximum relative abundance. The same effect of reduced variance would 

occur for magpies in relation to disruptive effects of the proportion of woody vegetation that 

is made up of introduced trees. In skylarks, total vegetation cover had a negative effect on 

both detectability and density, which would result in the underestimation of minimum and the 

overestimation  of  maximum  numbers.  This  again  underlines  the  desirability  of  using 

detectability-correcting  survey methods like  distance sampling  (Chapter  Two).  Comparing 

point  counts,  or  5  minute bird  counts  between farms or  strata  (e.g.  farming panels)  with 

different  vegetation  characteristics  is  likely  to  underestimate  variability  in  actual  bird 

abundance and make statistical hypothesis testing more likely to detect differences between 

strata.  The ultimate inadequacy of relative indices of abundance for ecological hypothesis 

testing emerges when habitat or strata characteristics affect both density and detectability, or 

worse, density itself affects detectability. 

My interpretation that  blackbird and thrush circuit-level  fluctuations  are  partly  caused by 

variation  in  singing  illustrates  some  potential  limitations  of  the  detectability-correcting 

capability of methods like distance sampling. As outlined by Marsh and Sinclair (1989) and 

Johnson (2008), the bias introduced into estimates by non-detection of individuals can be 

partitioned  into  two  components:  availability  and  perceptibility.  Availability  describes 

whether  it  is  even  possible  to  detect  an  an  individual;  i.e.,  whether  there  exist  visual  or 

auditory cues that can be picked up. Perceptibility then refers to the probability that this cue is 

actually picked up by the observer. While distance sampling is capable of addressing biases in 

perceptibility, changes in availability (as whether a bird hidden in foliage utters a song cue or 

remains  silent)  mostly  lie  outside  the  bounds  of  modelling,  and  will  influence  density 

estimates. As a further example, it is worth noting that in skylarks, blackbirds and thrushes, a 

gradual decline of estimated numbers over the course of the breeding period was visible in the 
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REML-predicted estimates (Figure 7). This also can most likely be attributed to decreasing 

song activity, resulting decline in conspicuousness and thus lowered availability for detection 

as the season wore on. Unless such influences can be reliably quantified for inclusion in the 

model (as might well be possible if the same effect is found every year), density estimates and 

particularly series like  seasonal dynamics need to be interpreted with these mechanisms in 

mind.  One implication of the seasonal density fluctuations detailed above is that optimum 

survey designs involving repeat spot visits in different years demands that the same times 

within the year must be maintained to ensure comparability between years.

Effect of farming system on bird density

I found little evidence of farm management system influences on the density of these common 

bird species. Significant effects appeared only in thrushes and magpies, where they related to 

Integrated Management farms. The effects for thrush were  subtle interactions that were not 

readily resolvable.

The REML analysis found generally higher numbers of magpies on Integrated Management 

farms and specifically increased numbers at the beginning and end of the survey. The HGLM 

models  also  showed  higher  densities  in  the  Integrated  panel  where  there  was  a  higher 

proportion of introduced vegetation.

For thrushes, part of the putative panel effects can be traced to two specific Integrated farms. 

Both  have extremely sparse  vegetation (Figure  1), and probably as a direct result had the 

lowest thrush and blackbird populations among all farms (too low for fitting separate thrush 

detection models - see table A7). The apparent interaction between panel type and vegetation 

cover  probably  resulted from  the fact  that  these two farms with the least  suitable  woody 

vegetation conditions for thrushes both happened to be part of the Integrated  panel. Thrush 

density dependence of farm management type thus remained confounded and did not allow 

for any clear conclusions.

In  magpies,  the  effect  was  somewhat  more  definite  in  that  higher  densities  were  traced 

directly to farms of the Integrated panel. However, it is likely that this result was caused to 

some degree by a coincidental association of a favorite magpie habitat (wide rocky hill-top 
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pastures) with two of the four Integrated farms. This factor would not have been corrected for 

in the analysis because it represents a habitat characteristic that is not adequately described by 

the  employed  vegetation  measures  and  was  not  coded  separately.  Furthermore,  a  strong 

influence may have resulted from the isolated sightings of the probable roving non-territorial 

flocks that elevated count densities in circuits 1, 2, 9 and 10 on these particular farms (Figure 

5),  which were the only departures from the otherwise remarkably even seasonal  density 

numbers on all farms.

The  conclusion  is  that  the  observed  effects  of  panel  identity  on  thrush  is  likely 

uninterpretable, while the association of magpie density increase and the Integrated panel has 

to  be  viewed  cautiously.  Thus  in  the  present  survey,  bird  populations  as  environmental 

indicators  can  be  seen  as  having  provided  limited  evidence  to  reject  the  ARGOS  null 

hypothesis,  "that  there  are  no  environmental  differences  between conventional,  integrated 

management, and organic farms" (Moller et al. 2005, Maegli et al. 2007). Confirmation from 

similar studies on an unrelated set of farms would be of great value to refine this conclusion.

In surveys  to  further  pursue this  question in New Zealand,  however,  a  higher  number of 

sampled farms would be highly advisable. The confounding effect of coincidental association 

of unmodeled yet influential habitat features with panel identity compromised a large part of 

the  explanatory power  of  the  model  in  the  case  of  magpies.  This  should  be  taken as  an 

indication that the used sample size (four farms of each of three panels) was rather low for 

statistical robustness. 

The results contrast with the findings of a large body of studies conducted on European farms 

that generally found bird diversity and densities to be higher on Organic than on Conventional 

farms (OECD 2003, Hole et al. 2005). It bears mention that the Organic panel did not stand 

out as an influential factor in any of the analysis carried out on my data. However, the species 

monitored in the present survey were chosen for ubiquity, and thus there might have been a 

possibility of them being too generalist  to respond strongly to differences in management 

practices. The European studies found pronounced farm management effects on the numbers 

of skylarks, blackbirds, and thrushes, among others. However, the majority of these studies 

concerned  arable  or  mixed  farming  systems  rather  than  purely  pastoral  ones  that 

predominated in my study. Possible benefits of management under an organic paradigm are 

also  much  more  poorly  understood  for  less  intensive  grazing  styled  farming  than  mixed 
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cropping farms (Hole et al. 2005). For example, changes in skylark numbers on UK arable 

farms have been convincingly linked to differences in sowing time and resulting crop height 

during breeding season (e.g. Chamberlain et al. 1999), a relationship that is more difficult to 

apply  to  intermittently  grazed  feed  pastures.  The  ARGOS  programme  is  testing  a  meta-

hypothesis that differences between farming systems (organic, INT and conventional) will be 

larger in agricultural sectors that are more intensive (Maegli et al. 2007). There was a small 

increase in bird species richness in ARGOS’s organic kiwifruit orchards (Rate et al. 2007) and 

stronger differences in soil indicators and earthworm abundance on organic orchards (Benge 

et al. 2007, Richards et al. 2007). Kiwifruit growing is much more intensive than the pastoral 

farming studied here. Additional studies focusing on pastoral farms are needed to increase 

knowledge in this area and test the meta-hypothesis that organic growing will be especially 

supportive  of  biodiversity  when  agricultural  systems  have  a  higher  rate  of  agricultural 

disturbance and are forced by greater input of ecological subsidies.

Estimates in comparison to other studies

At present, there seem to exist very few published studies that investigated the population 

densities of common introduced birds in New Zealand agricultural areas as opposed to native 

bush or alpine landscapes. 

However, international data that are very comparable in terms of habitat come from a subset 

of sampling sites surveyed in the course of the ongoing Breeding Bird Survey in the UK. For 

a comparative and predictive modeling study of population densities of passerine species that 

were introduced to New Zealand, MacLeod et al. (2009) matched an equal number (54) of 

sampled UK  farm sites with the farms surveyed by the ARGOS project, according to habitat 

composition and climatic parameters. The chosen UK farms can thus be expected to present 

very similar habitat  conditions as the wider set  of ARGOS farms from which I  studied a 

subset of twelve farms. MacLeod et al. (2009) found that bird numbers on the New Zealand 

farms were on average twenty-two times higher than those in the UK. For my chosen species 

(excluding  Australasian magpies which are not found in the UK), the difference was about 

seven-fold for both skylarks and thrushes (Table 8). Blackbird numbers, on the other hand, 

were closely matched between my study and UK estimates. The authors suggest that with the 

exception of blackbirds,  introduced passerines in New Zealand still  enjoy enhanced niche 
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opportunities resulting from richer resources, more clement weather and reduced predation 

risks, leading to higher population densities.

The  best  available  estimates  for  New  Zealand  farms  stem  from  the  ARGOS  surveys 

themselves.  ARGOS averages over all  surveyed South Island pastoral  farms were slightly 

higher,  but similar  to mine,  with exception of skylark numbers,  where the difference was 

about  2-fold.  This  full  dataset  of  ARGOS  estimates  is  still  under  analysis  at  this  point; 

however, a comparison of the estimates for the subset of twelve farms surveyed in both the 

present survey and both ARGOS surveys showed the same tendencies, discussed below.

The present survey and the two ARGOS surveys, covering the same farms using largely the 

same methodology in sequential years, would be expected to yield similar farm-level density 

estimates. Yet in all species except for magpies, density estimates from the ARGOS surveys 

were markedly higher than those from the present survey's breeding season (the best seasonal 

equivalent,  since  this  season  covered  the  timeframe  that  both  ARGOS  surveys  were 

performed in), as demonstrated by the linear regression (Figure 9). This bias was statistically 

significant for blackbirds and thrushes (Figure 10), but also evident for skylarks; particularly 

large discrepancies were observed for blackbirds, where estimates were 500%-800% higher 

for some farms. 

The increases did not have a strong proportional correlation to the magnitude of my estimates 

(i.e. the difference was not proportionally larger for higher estimates - see Figure 9), making a 

simple relationship by some multiplier unlikely.

Table 8: Average density (birds per hectare) for the four species as estimated in the present survey,  
in the ARGOS surveys for the same 12 farms, in the ARGOS surveys for all 54 farms, and in the UK 
Breeding Birds Survey on farm sites matched to all 54 ARGOS farms (MacLeod et al. 2009).

Average density
Survey Skylark Blackbird Thrush Magpie

Present survey (all-year estimate) 0.53 0.41 0.23 0.18
ARGOS 1 & 2, same farms 0.79 0.93 0.41 0.21

ARGOS 1 & 2, all farms 1.18 0.53 0.27 0.23
Matched BBS sites 0.08 0.41 0.03 -
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Several factors can be considered to account for the differences:

a) Density differences were representative of actual inter-annual differences in population. It 

is unlikely that such fluctuations could produce both the strong population spikes observed in 

thrushes  and blackbirds  and the general  tendency for  increased numbers  in  both ARGOS 

surveys, taking into account that they bracketed the present survey (which in itself covered 

two years). This explanation may however be feasible in the case of skylarks, where ARGOS 

2 (but not ARGOS 1) estimates were elevated by a somewhat consistent margin.

b) ARGOS estimates, built on observations from a single visit per year, had a higher chance  

of  being  non-representative  of  annual  averages,  while  (breeding  season)  estimates  in  the 

present survey were based on five visits over two years. This likely factor might account for 

the presence of positive as well as negative 'spikes', although it could not explain the general 

trend towards elevated values.

c)  The ARGOS modelling approach tended to overestimate bird densities at farm level. The 

fitting of detection function models to observation data was performed differently for these 

surveys:  instead of  fitting farm-level  models to  data  pooled across  circuits  from replicate 

visits, global models were fitted to data pooled across all farms, then farm-level estimates 

were created by applying the global function to farm-level observation subsets (see Chapter 

Two for details). This had the benefit of enabling density estimation for farms with too few 

detections  to  fit  individual  models,  but  could  also  lead  to  model/dataset  mismatches.  In 

particular, if a global dataset was dominated by short-distance rounding spikes (see Chapter 

Three) and the global model was fitted to accommodate this, this model would produce an 

overestimate if applied to a farm subset without such a spike. It is probable that this was the 

case in blackbirds, where the global dataset had a pronounced spike, likely caused by close 

range encounters with birds in vegetation where detection distance could not be accurately 

measured and was approximated by the observer. Applied to data sets from vegetation-poor 

farms like #4 and #5, which did not show this spike, a marked overestimation would ensue 

(Figure 9). A general trend of density increase might also well result from this.

d)  The ARGOS surveys achieved more complete farm coverage and included habitats with 

higher bird densities. One limitation of the present survey was the tendency by observers, 

discussed above, to avoid patches of very dense woody vegetation, primarily because this 
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interfered with the recording of GPS coordinates. No such data were recorded during the 

ARGOS surveys, leading to a more equal distribution of transects on the farm area, thus a 

higher percentage of transects crossing these patches and likely an increased encounter rate 

with some species that favoured them, in particular blackbirds and thrushes. Farms with dense 

conifer or bush blocks of this kind included #8, #11 and #12, all of which showed notably 

higher bird densities for both species in one or both ARGOS surveys.

It  seems  plausible  that  a  combination  of  these  factors  accounted  for  the  observed 

discrepancies between the surveys. Their interactions make it difficult to correlate the findings 

for at least some of the four species. In the case of skylarks and magpies, the two surveying 

approaches delivered approximately equivalent results, if it can be assumed that the increased 

skylark numbers in ARGOS 2 were due to an actual population spike that year. This is not the 

case with thrushes and particularly blackbirds due to the interplay of different modelling and 

fieldwork issues. 

It can be concluded that neither the present survey nor the ARGOS setup can at the moment 

deliver unbiased results, and that both would benefit from addressing their respective sources 

of bias. This would be easier to do with the present survey - if the more rigorous fieldwork 

technique of the ARGOS surveys would be applied, greatly improved farm-level estimates 

could probably be produced. The ARGOS global modelling issue and lack of replication are 

less  readily  addressed,  as  these  constitute  a  deliberate  trade-off  between  accuracy  and 

efficiency. A doubled number of transects per farm, if possible performed in two different 

seasons, would likely result in more consistent estimates. 

In their present form, both designs are best suited to different purposes. It is probable that the 

larger  sample  size  of  farms  monitored  in  the  ARGOS surveys  allows  better  tracking  of 

population trends across all farms, and the high efficiency of the design allows surveys to be 

repeated more easily in successive years to track long-term trends, which would be extremely 

time-consuming and expensive with the other setup. However, I regard the farm-level results 

of the present survey as the more accurate ones due to the higher replication rate and farm-

tailored modeling procedure, making this method suitable for the more precise investigation 

of individual farm populations. Re-analysis of the ARGOS surveys has begun in view of the 

discrepancy found between the datasets and reasons for the departures will be addressed in the 

formally reported scientific reports coming from both studies.
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Conclusion

For farm-level bird densities, the amount of woody vegetation on farms was found to be the 

main  driver  among  habitat  parameters  (positively  correlated  with  blackbird  and  thrush 

numbers and negatively with skylarks numbers), and indications that a high percentage of 

introduced vegetation within this lowers density in the first two species. Seasonal variations in 

farm-level  densities  of  blackbirds  and  thrushes  were  pronounced.  Like  the  less  distinct 

dynamics in skylark populations, these could be explained partially by seasonal population 

movements within the farm area and partially by behaviour-related changes in availability for 

detection.

 

Magpies did not show any systematic seasonal fluctuations in density, nor could a clear driver 

of overall density be found among the tested habitat parameters.

 

The estimates in this study showed some discrepancies with those of the ARGOS surveys 

performed on the same farms, most of which are explainable by methodological differences. 

Both survey designs need to address various sources of bias to achieve increased accuracy.

 

The results of this study provided limited indication that there were effects of different farm 

management systems (Conventional, Integrated Management, or Organic) on the population 

density of common omnivorous bird species. There is therefore incentive to look for further 

evidence  that  conversion  to  organic  or  Integrated  Management  pastoral  farming  in  New 

Zealand might deliver improved resilience of common bird populations.
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Abstract

This paper describes the results of a computer simulation to test the statistical power of a 

planned field experiment to investigate the relative importance of habitat composition and 

predation by introduced mammalian predators on farmland bird populations in New Zealand 

farmland. Predation by introduced mustelids (Mustela furo, M. erminea, M. nivalis), rodents 

(Rattus rattus, R. norvegicus, Mus musculus), possums (Tricosurus vulpecula) and feral cats 

(Felis cattus) may severely limit the abundance of breeding birds, and/or numbers may be 

constrained by lack of habitat structure and diversity in agricultural landscapes. The proposed 

experiment  will  test  the  relative  contribution  of  predation  and  habitat  complexity  by 

monitoring bird densities on a group of matched farm pairs with "simple" versus "complex" 

habitat  structures, and with or without sustained predator control.  A Before-After-Control-

Impact (BACI) design would allow investigation of the interaction effect of predator presence 

and habitat quality on bird abundance. To test the statistical power of such an experiment, a 

simplified computer model of bird population dynamics on farm pairs was developed that 

simulated  recruitment  on  treatment  and  control  farms,  incorporating  several  types  of 

stochastic variations to approximate the expected accuracy of estimating bird densities in the 

field  over  three  successive  years.  Sets  of  100  simulation  runs  were  performed  for 

combinations of increasing expected bird sampling error and number of farm pair replicates. 

The  statistical  power to  detect  the  BACI interaction  effect  at  the  5% level  for  treatment 

combinations  was  predicted  using  a  repeated  measures  ANOVA.  It  was  found  that  a 

significant difference between treatments was detected 75% of the time when four farm pairs 

were monitored, provided that bird sampling error was not larger than ~40%. Using a suitable 

monitoring method, this  level  of precision of bird monitoring is  achievable for all  of  the 

twenty-three species regularly detected on ARGOS sheep & beef farms. In general the level of 

precision in bird abundance estimation had a greater effect on experimental power than did 

the number of replicates, thereby underscoring the importance of improving bird estimation 

techniques if wildlife scientists are to learn how to better manage farming to promote avian 

diversity  and  abundance.  This  simulation  suggests  that  a  proposed  predator  control 

experiment would be practicable, interpretable and valuable at relatively modest investment 

levels.

Keywords:  breeding  success,  distance  sampling,  farmland  birds,  introduced  predators, 

population dynamics simulation, predator control
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Introduction

Enhancement of biodiversity on farmed landscapes in New Zealand undoubtedly depends on 

building more habitat variety and structural complexity into existing agro-ecosystems (Price 

1993, Meurk and Swaffield 2000, Perley et al 2001, Blackwell et al. 2008, Moller et al. 2008 

a  & b,  Weller  et  al.  2008).  However,  this  strategy will  not  be  sufficient  in  itself  if  the 

introduced  mammalian  predators  that  now  inhabit  New  Zealand’s  farming  landscapes 

suppress  populations  below  the  levels  where  habitat  would  limit  their  populations.  It  is 

possible that farmers will invest in planting woody vegetation to create ecological refuges 

from agricultural disturbance and so reduce the area of their farms that produces food, fibre 

and profits, yet little increase in biodiversity might result if the predators prevent restoration. 

Increasing woody habitat on farms may also trigger increased abundance of the introduced 

mammals  themselves,  some  of  which  carry  bovine  tuberculosis  and  other  diseases  that 

threaten farm stock (Cowan and Tyndalebiscoe 1997). Protecting or enhancing biodiversity 

and farming sustainability may require control of several introduced animal and plant pests. If 

left unchecked, these pests will continue to drive persisting native species locally extinct or 

prevent re-establishment of species that have already gone. Feral cats (Felis cattus), possums 

(Tricosurus vulpecula), feral ferrets (Mustela furo), stoats (M. erminea), weasels (M. nivalis), 

Norway  rats  (Rattus  norvegicus),  Ship  rats  (Rattus  rattus),  mice  (Mus  musculus)  and 

hedgehogs  (Erinaceus  europaeus)  are  all  potentially  threatening  valued  indigenous  and 

introduced species on farms (Towns and Ballantine 1993, Cowan  and Tyndalebiscoe 1997, 

Perley et al 2001, King 2005, Moller et al. 2008b). The greatest danger for birds is predation 

of eggs and nestlings, or even the incubating parent, during the breeding season (Martin 1993, 

1995). 

Large scale  field  experiments are  very expensive and logistically challenging to complete 

with  adequate  replication  and  duration.  Most  management  of  pest  control  operations  in 

Australia  and  New  Zealand  do  not  have  enough  replication  or  monitoring  of  response 

variables in non-treatment plots to be scientifically interpretable (Reddiex et al. 2006, Clayton 

& Cowan 2009). A survey of field experiments published in top international ecology journals 

found that most had too few replicates of treatment plots, many did not even have a non-

treatment  comparison,  and  very  few  lasted  for  the  generation  time  of  the  species  being 

monitored for response to the experimental perturbation (Moller and Raffaelli 1998, Raffaelli 

and Moller 2000). Very few researchers did formal power analyses before mounting these 
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experiments,  and  some  that  did  a  power  analysis  ignored  the  result  and  performed the 

experiment  even  though  the  analysis  predicted  that  the  result  would  be  virtually 

uninterpretable. 

The lack of prior planning and formal power analysis of a proposed experimental design may 

also partly reflect a lack of measures for input parameters and measures of their variance 

before the experiment is performed. Also, the complexity of the proposed experiment makes 

rigorous calculation of the power extremely difficult. One potential way to circumvent these 

problems is to set up “virtual experiments” in computer simulations and systematically vary 

assumptions  and  design  parameters  (e.g.  the  number  or  replicates  and  duration  of  the 

experimental perturbation). This chapter describes my simulation of a predator control virtual 

experiment that would test whether predator control will significantly increase the abundance 

of birds in New Zealand farmland. The simulations focussed strongly on uncertainty in bird 

abundance estimates and how it interacts with the number of replicates of the experiment to 

affect my ability to detect the experimental effect. 

The experiment described below was originally planned to become part of my PhD study, but 

funding constraints precluded my beginning such an experiment in the field. Therefore the 

simulations and experimental design proposed below is reported to aid the subsequent team of 

researchers contributing to the environmental objective of the Agricultural Research Group 

On  Sustainability  (ARGOS; www.argos.org.nz). In  the  meantime  the  simulation  predicts 

outcomes for just predator control for a given complexity of habitat – eventually it will be 

repeated on high and low complexity areas to compare possible benefits of predator control in 

complex habitats compared to simplified ecological landscapes. 

Simulated study system

Proposed experimental structure

The experiment would be set up such that over a period of several years, the nesting success 

of selected bird species would be monitored on replicated sets of farms with (i) low habitat 

diversity  and  a  simple  habitat  structure,  and  (ii)  varied  and  complex  habitats.  After 

establishing a “baseline” value during the first breeding season (spring & summer of the first 

http://www.argos.org.nz/
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year), as many predators as is feasible would be removed by trapping from one half of the 

selected farms whilst  constantly monitoring predator numbers on all  farms. This 'predator 

press' treatment (sustained control of predators; Bender et al. 1984) would be kept up for 2-3 

years.  A multi-replicated  Before-After-Control-Impact design (Stewart-Oaten and Murdoch 

1986, Underwood 1994) would be used to monitor changes in biodiversity on both sets of 

farms, permitting a comparison of conditions before and after the experimental manipulation 

in one set while also providing constant comparison with a non-manipulated control set. 

Target ecological study system

The farms envisaged for the experiment are a group of 36 sheep and beef farms on the South 

island of New Zealand, including a subset of 12 used for intensive year-round bird abundance 

monitoring (Chapters One - Three). They are a subset of the farms that are being studied by 

the ARGOS project (Agriculture Research Group on Sustainability), an unincorporated joint 

venture between the AgriBusiness Group, Lincoln University and the University of Otago, 

and funded by the Foundation for Research and Technology (FRST). This research group has 

started a programme to examine the environmental,  social  and economic sustainability of 

New Zealand’s farming systems, with the goal of facilitating innovation and performance in 

primary  production  systems,  and  maintenance  or  creation  of  multifunctional  landscapes 

(Moller et al. 2005).

The twelve focal farms considered for the experiment were clustered into matched groups of 

three, with one cluster each being located near Outram (Otago), near Oamaru (Otago), near 

Owaka (Southland) and on the Banks Peninsula (Canterbury). Farms were chosen because 

they were  close  enough together  to  allow for  efficient  repeated  surveys  in  all  areas,  and 

because this distribution provided for a wide variety of South Island landscape types among 

the  monitored  farms.  The  twelve  farms  could  be  broadly  categorised  as  having  “high 

complexity”  or  “low complexity”  habitat  types.  “Low complexity”  farms were  composed 

mostly of open paddocks, with little or no native vegetation, introduced woody vegetation 

mostly in the form of shelterbelts, and of limited topographical variety. “High complexity” 

farms had areas of native bush, pine plantations or mixed type patches, and included gullies or 

otherwise  hard-to-access terrain that  provide refuges  for  birds  and predators  alike.  It  was 

important to have an equal number of high and low complexity farms in both the predator 
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control and the treatment group, which agreed with a preliminary sorting of the farms into 

each category.

Livestock on all farms comprised both sheep and beef cattle; the farms were generally entirely 

pastoral,  with arable areas restricted to winter feed that would be grazed on site (swedes, 

brassicae etc.). These farms have been the subject of several bird and habitat surveys within 

the ARGOS project already (see Chapters One - Three), which would make possible valuable 

correlations  between  the  seasonal  dynamics  and  habitat  associations  of  the  resident  bird 

populations, and any effects found during a predator control experiment.

Predator  control would focus on introduced mammals  as opposed to native or introduced 

avian species. Although it has been shown that swamp harriers (Circus approximans) also are 

responsible for a considerable part of nest predation events in South Island farmlands, the 

majority of these are attributable to mammalian predators (Morgan et al. 2006), which also 

carry added importance as the main predators in  native bush habitats.  This study did not 

strongly  concern  itself  with  the  particulars  of  predator  monitoring  and  controlling 

methodology, and it is assumed that a suitable regime for both assessing predator numbers and 

carrying out the predator press can be implemented.

Simulation   procedure  

A computer simulation was created to model the expected dynamics of the monitored bird 

populations. The object of this simulation was to test whether a change in bird density caused 

by the predator control on the "treatment" farms would be detectable by standard statistical 

methods; i.e., to test the statistical power of the proposed experimental set-up.

The simulation program was written in Microsoft QuickBasic 7.1 (Microsoft) and provided a 

very simplified numerical model of a bird population over the proposed duration of the study. 

The full program code is available in Appendix Two.

The  simulation  described  the  change  in  a  population  density  over  a  number  of  one-year 

cycles. At the beginning of each cycle, the population went through a brief period of increase 

that corresponded to recruitment following a “birth pulse” during breeding season (following 
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Caughley 1967). The pulse encompasses the laying of eggs, incubation, and hatching, and was 

set at 10% of total cycle duration. During the rest of the cycle, population size declined back 

down to approximately the starting value, representing the population's attrition by dispersal 

and death of individuals  until  the next  breeding season. To ensure easy modifiability and 

simulation speed, only the maximum (just after the birth pulse) and minimum (just before the 

birth pulse) values of each cycle were calculated by using the population model, and the data 

points between were interpolated using a standardized exponential curve. 

The magnitude of the standard birth pulse was simulated by predicting nesting success under 

different predation pressures. As nest predation generally forms the most important predation 

impact on bird populations (Martin 1993, 1995, Mathews et al. 1999) and few data concerning 

the mortality of breeding adults taken on the nest were available, the experimentally variable 

part of predation pressure in this scenario was supposed to consist of predation of eggs and 

nestlings only. Therefore all simulated predation took place during the pulse and determined 

its peak height, and population size at any point in the model hence represented the number of 

adult individuals.

The simulations were run in two parallel streams, representing a treatment and non-treatment 

(no predator control) farm as a matched pair of farms for each replication. In all scenarios I 

simulated a year of population fluctuation (the ‘Before” phase of the BACI) and then imposed 

predator  control  on  the  treatment  farm(s)  for  two  successive  years.  From  the  time  that 

predator control went into effect, the estimated losses of eggs and chicks due to predation was 

removed on  treatment  farms  (i.e.  the  birth  pulse  increased).  This  results  in  a  cumulative 

increase of population size in that parallel over the following cycles, for as long as predator 

control was kept up (Figure 1). 
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Simulation parameters

Two types  of  parameters  were  entered  into  the  model  (Table  1):  a  model  parameter  set 

describing the modeled population (birth pulse strength under predation pressure and without 

it, maximum variability of pulse strength, and maximum variability in starting population size 

within  a  farm  pair),  and  the  experimental  parameters  (number  of  replicate  farm  pairs, 

simulation cycles, samples taken per cycle, and introduced sampling error) describing the set-

up of the experiment and the monitoring process. Various configurations were trialled and the 

one that best matched available data and probable experimental constraints used for the final 

power analysis.

Figure 1: Simulation of bird population size over the course of three years,  
on the control (top) and treatment (below) farm. Equilibrium populations 
increase in a short "birth pulse" during nesting season and then decline 
back to the starting value over the rest of the year. The vertical line marks  
the onset of predator control on the treatment farm, resulting in a reduction 
of nest predation and an increase in birth pulse strength.
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Estimating breeding pulses and starting population sizes

Population  model  parameters  concerned  estimated  characteristics  of  bird  populations  that 

could be sourced from published literature. Using data in Heather and Robertson (2001), the 

average  maximum  reproduction  rate  over  all  species  likely  to  be  encountered  on  the 

monitored farms in sufficient numbers so that their density could be modeled was calculated. 

The list of species was based on the results of previous ARGOS bird surveys on the intended 

properties (ARGOS, unpublished data) (see Table A11 in appendix).

Clutch  sizes  and number  of  breeding  attempts  for  all  these  species  predicted  an  average 

breeding pulse of +374% of the basal adult population just before breeding began. A standard 

birth  pulse strength  (i.e.  under  nest  predation)  was  then calculated as  +110% of  the pre-

breeding adult population size, this being the proportion of individuals successfully hatched 

after factoring in an average 71% of nest losses reported in the literature (various sources, see 

Table 1). Similarly, the birth pulse when predators were controlled was calculated as +231% 

after removing the estimated 75% of nest losses attributable to nest predation (Martin 1993). 

A maximum random variation of 50% of starting population sizes between the matched farms 

within a pair was inferred from the ARGOS results.

Table 1: Population model parameters and experimental parameters trialled in the simulation, with sources as 
applicable. Values used in the final power analysis are emboldened. For tabulated source data from Heather and 
Robertson (2000) used to calculate birth pulse-related parameters, see Table A11 in appendix.

Population Model Parameters Experimental Parameters
Parameter Value Sources Parameter Value

+ 110% Replicate farm pairs 2, 3, 4

+ 231% Same as above

Heather and Robertson (2001)

ARGOS (unpublished data)

Standard birth pulse 
strength

Heather and Robertson (2001), 
Flack (1979), Martin (1993, 

1995), Elliott (1996), Matthews 
et al (1999), Whyte et al (2005), 

Boulton et al (2007)

Treatment birth 
pulse strength

Cycles monitored 
before and after start 

of treatment
1B/2A, 2B/2A

Maximum variation 
in birth pulse 

strength each cycle
0%, 25%, 50% Samples taken per 

cycle 1, 2, 3

Maximum variation 
in starting 

population size 
between paired 

farms

0%, 25%, 50% Introduced sampling 
error

0, 5, 10, 15, 20, 
25, 50, 65, 75, 
85, 100, 150, 

200%
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Levels of replication

Experimental parameters were those that were determined by the set-up and methodology of 

the  experiments  using  two,  three  and  four  pairs  of  control/treatment  farms.  Therefore  I 

simulated  outcomes  for  n  =  2  replicates  (i.e.  four  farms,  two  treatments  and  two  non-

treatments), three replicates (i.e. six farms) and four replicates (i.e eight farms). Having more 

than four replicates was judged to be practically impossible because of the cost and logistics 

of an ongoing predator control program. A maximum of four pairs would also allow better 

matching of pairs within the available pool of farms.

Incorporating uncertainty from monitoring bird abundance

To simulate uncertainty from field monitoring of bird abundance, sampling of an estimated 

population size was simulated rather than assuming perfect knowledge of the number of birds 

present. In sampling, a variable bias was applied to the current state value of the model to 

simulate sampling errors incurred in the field, and this adjusted value was recorded (Figure 2). 

Runs used random bias values from a range of simulated error maxima between 0% and +/- 

200%. Simulated bird monitoring samples were taken twice a cycle, evenly spaced within the 

post-breeding pulse period.

The program features an interface that allows customization of these parameters and several 

others (detailed in the appendix) at runtime without altering the code.
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Testing power to detect virtual experimental effects

The samples taken from a simulation run of a pair of farms were analysed with SPSS 10.0 

(SPSS Inc. 1999) using a repeated measures General Linear model of the form 'treatmentType 

X cycle', where treatmentType was either 'treatment' or 'control'. For analysis, 'Before' values 

were  subtracted  from the  'After'  values  of  the  corresponding  part  of  the  cycle,  and  the 

differences used in modelling. Since interest lay in the ability to distinguish population size 

changes on treatment farms after implementation of predator control from those on control 

farms over the same period, significant (at  the 0.05 level) effects of the interaction factor 

treatmentType.cycle were noted.  The simulation run for a pair  of farms was repeated 100 

times,  and  the  percentage  of  replicates  that  showed  a  significant  interaction  effect  was 

recorded. This process was carried out for each of thirteen different introduced sampling error 

sizes, and the resulting series was repeated for two, three and four pairs of farm replicates.

Figure 2: Taking virtual samples from a treatment run to represent sampling 
errors in the field. Samples (dashed circles) are generated by adding a random 
bias (between -5% and 5% in this example) to the calculated population size.
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Simulation results

As expected, statistical power to detect the effect of the predator  control treatment declined 

with increasing sampling error (Figure 3).  A higher number of farm pair replicates strongly 

increased the power to detect the effect, especially if the error in bird abundance estimation is 

also low. Over the parameter space explored by my simulation the uncertainty in the bird 

estimation had a much greater effect on experimental power than did the level of replication 

(Figure  3). However,  even if  estimation techniques  are  very certain (e.g.  uncertainty is  < 

10%), having just two replicates will only detect the experimental effect in around 40% of 

cases. Adequate return on investment in this expensive experiment, and the importance of the 

outcome for New Zealand biodiversity, suggests that we should target at least a 75% power 

threshold, i.e.,  to  be  75% certain  that  we  would  measure  an  experimental  effect  should 

predator control elevate bird abundance by the predicted amount. 

Setting a target minimum percentage of detections at 75%, my simulation shows that at least 

four farm pairs must be monitored provided that the maximum sampling error of the density 

estimates does not exceed ~40% (Figure 3).

Figure 3: Power to detect the effects of a predator press under an increasing size of sampling error for bird 
density estimates. X-axis displays simulated sampling error, Y-axis displays percentage of 100 simulation runs 
using that error where a significant (0.05) effect of the predator press was detected. Run series with 2, 3, and 4 
replicate farm pairs are represented by individual data series (smoothed splines). Maximum sampling error to 
achieve a power of 75% using four farm pair replicates is marked by a dashed line.
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Discussion

The very simplified nature of my simulation needs to be taken into account when considering 

its reliability. Using two deterministic population targets per cycle, the program makes no 

allowance  for  more  complex  aspects  of  dynamics  that  are  frequently  present  in  bird 

populations, such as density dependence (Begon et al. 1996) or the possibility of renesting if 

one  clutch  or  nest  is  lost  (Thompson  2001),  nor  for  any  kind  of  seasonal  population 

fluctuations  other  than  a  generalized  diminishing  of  numbers  from  the  breeding  season 

onwards. Indeed, results from my surveys on these farms showed that annual population size 

changes might have a very different shape for some species on these farms; e.g. for skylarks, 

where highest numbers were observed in winter and breeding season had amongst the lowest 

density (see Chapter Three). 

Nevertheless, the actual impact of inaccuracies in density distribution across a cycle should be 

small,  as  neither  the  sampling  nor  the  analysis  process  make  any assumptions  about  the 

temporal  correlation  between  samples  within  a  cycle.  As  long  as  annual  dynamics  are 

approximately the same on two farms of a pair,  the analysis  of comparisons between the 

experimental and treatment farm within each pair should not be compromised. Farm level 

vegetation types and amount,  the main criteria for grouping farms into pairs according to 

habitat complexity, emerged as main drivers of bird density in my models (Chapter Three); 

this makes it likely that paired farms would show similar bird population trajectories had no 

experimental manipulation of density been imposed.

A potentially more serious bias could result from miscalculation of the magnitude of the effect 

of predation (or its lack).  Because very little data on these aspects have been published for 

New Zealand species,  I used very heavily averaged values from the literature. Running this 

analysis for a specific species, with more accurate population parameters should they become 

available, should give better information for individual cases and might result in modified 

conclusions for measuring the response of a particular species to predator control. 

For a general multi-species experiment aiming to restore all the species potentially present in 

New Zealand farmland, the present analysis indicates that a satisfactory degree of statistical 

power could be achieved if density estimates are sufficiently accurate.
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The best estimates of the actual sampling errors when estimating bird numbers on these farms 

will be my calculated coefficients of variation of density estimates derived from the distance 

sampling  surveys  (Chapters  One  -  Three).  Two  different  estimation  approaches  yielding 

different degrees of accuracy were employed: the surveys carried out by me used farm-level 

modelling with bird detections pooled over repeat visits and recorded four target species only 

(skylark, blackbird, thrush, magpie); while the ARGOS surveys  used one global estimation 

function modelled on detections from a single visit pooled across farms that was then applied 

to farm-level data sets.

 

The coefficient of variation of bird density estimates in my survey averaged across the twelve 

intended farms and the four target species was 0.21. In the ARGOS surveys, the coefficient of 

variation for the same subset of farms and species was 0.45, and for the same subset of farms 

but averaged across all modeled species it was 0.46. As the latter two estimates were almost 

identical, it can be safely assumed that an average coefficient of variation for all species but 

determined using my survey methodology would be in the region of 0.20 - 0.23.

Species whose densities were modeled in the ARGOS surveys with coefficients of variance 

below  the  average  value  of  0.46  comprised  about  half  of  the  twenty-three  regularly 

encountered species, included native species (e.g. bellbird, fantail, and pied oystercatcher) and 

introduced species alike (e.g. skylark, goldfinch and yellowhammer). The amount of estimate 

variability probably depended on combinations of species characteristics (e.g., conspicuous 

calls, flocking behaviour) and abundance on the farms.

The average expected accuracy resulting from employing the global model methodology of 

the ARGOS surveys (~ 0.45) is just outside the range of acceptable sampling error needed for 

a  detection  power  of  75% even  if  4  pairs  of  farms  could  be  monitored.  The  farm-level 

modeling approach used by me would therefore seem better suited for the task. However, my 

approach was reliant on the generous farm level detection numbers afforded by pooling over 

repeat  visits  (Chapter  One).  If  bird  abundance  were  measured  on  only  two  visits  per 

cycle/year, the number of detections for each species might not be large enough for modeling 

On the other hand, as the focus in this experiment would be on distinguishing between two 

individual farms, the exact estimates at farm level would be crucial. The ARGOS approach of 

pooling across farms for greater overall model accuracy while sacrificing farm-level accuracy, 
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would therefore most likely impose more severe penalties.

A useful compromise might be to use the farm-level modeling approach and address its need 

for larger sample sizes by taking more samples per cycle, e.g. by doubling the number of bird 

monitoring sessions to four. This approach would sacrifice some detection power by forcing 

researchers to fit detection models to what will still be relatively few bird detections; but the 

researchers will gain power from having more data points per cycle in the GLM analysis. In 

an  additional  simulated  trial  of  this  concept,  using  25%  sampling  error  level  and  two 

additional samples per cycle, resulted in a 5% increase in power. In contrast, simulation of 

50% sampling error level achieved an 18% increase in power when the number of samples per 

cycle was doubled. These comparisons indicate that the proposed trade-off might work very 

well. 

An experimental requirement  that has not been considered here is the ability to accurately 

assess the effectiveness of the predator control - i.e, whether treatment farms really remain 

predator-free for the duration of the experiment, and what is happening to predator numbers 

on control farms during the same time period. One possible method for monitoring predator 

numbers would be the use of ink-tracking tunnels (King and Edgar 1977), deployed at the 

same time that bird density is estimated. A field trial of the feasibility of this approach was 

carried out  during four consecutive circuits  of visits  on the intended farms,  in parallel  to 

carrying out the bird surveys. Twenty tunnels per farm were baited with frozen possum or 

rabbit  meat  and  deployed  for  two  nights.  This  duration  generally  sufficed  to  show  the 

presence of a variety of mammalian predators in the area but not necessarily abundance of the 

predators. The two tasks could be combined with only small adjustments to the ideal field 

schedule, although it would have to be assessed whether the results such a simple method of 

predator monitoring would be sufficiently accurate to interpret the effectiveness of predation 

control or whether more complex monitoring methods would need to be employed.

Conclusion

According to power analysis based on a simulation of bird population dynamics, the proposed 

experiment to investigate the effect of sustained predator removal on the breeding success of 

farmland birds could be carried out with confidence provided four replicates of pair of farms 
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could be monitored. Detection of the experimental effect is likely to occur >75% of the time 

using the bird surveying techniques already tested on the intended experimental farms. The 

experiment could be profitably combined with an ongoing program of bird surveys without 

necessitating significant adjustments in either. Despite several uncertainties in my simulation, 

it identified useful trade-offs between estimation methods and frequency of bird monitoring 

so that overall efficiency and certainty of interpretation of the experiment can be maximized. 

Simulations  to  estimate  experimental  power  of  large-scale  field  manipulations  have 

considerable scope for improving wildlife science and gaining more reliable knowledge.
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Abstract

In  this  paper  I  discuss  options  for  the  establishment  of  a  national  landbird  monitoring 

programme in New Zealand. Comprehensive nationwide monitoring schemes exist in several 

countries and are helping to provide important insights into the distribution and health of bird 

populations, but no such programme yet exists in New Zealand. The programme would likely 

be volunteer-based, should cover as much of New Zealand's land area as possible, and include 

all terrestrial habitats and species. A random stratified sampling strategy employing line or 

point  transects  with  distance  band  suitable  for  analysis  with  distance  sampling  methods 

should be deployed. I argue the advisability of using more than two distance bands to enable 

reasonable and more flexible model constructions. It would also be advisable to use a double 

sampling  approach  for  calibrating  density  estimates.  A pilot  study is  needed  to  establish 

minimum sampling effort for statistical reliability and to test the feasibility of field methods.

Keywords: distance sampling, double sampling, national bird monitoring programme 

Introduction

Bird populations have increasingly been subjects of monitoring programmes throughout the 

world. Findings from these studies have highlighted conservation concerns as bird numbers 

seem to be declining in many countries, and there is an urgent need to find out why (e.g. 

Fuller et al. 1995, Krebs et al. 1999, Gregory et al. 2004, 2007, Berthold and Fledler 2005, 

Sanderson et al. 2006). Birds are situated near the top of food chains so their distribution and 

abundance  is  often  sensitive  to  environmental  changes  such  as  climate  change,  habitat 

degradation,  pollution,  and the general  impacts  of  agriculture.  This  makes  them sensitive 

indicators  of  ecosystem  health.  We  also  need  to  monitor  trends  in  bird  abundance  and 

distribution  because  they  have  key  roles  in  several  ecosystem  processes  and  services, 

including  pollination,  seed  dispersal,  biological  control  and  top-down  control  of  the 

abundance  of  mesopredators  and  species  at  the  bottom of  food  chains.  Monitoring  bird 

abundance in New Zealand is particularly important because the relatively recent introduction 

of many bird species and the rapid expansion of farmed areas have had profound effects on 

agricultural and other ecosystems (Perley et al. 2001, Macleod et al. 2008, 2009). Ongoing 
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farming intensification (MacLeod and Moller 2006) may be impacting on biodiversity, though 

unequivocal evidence for these effects is so far limited to stream invertebrate communities 

and stream health (Moller et al. 2008, though see alternative view expressed by Lee et al. 

2008). Widespread declines of European farmland and woodland birds have been detected by 

bird monitoring schemes and broadly attributed to agricultural intensification (Fuller et al. 

1995, Krebs et al. 1999, Chamberlain et al. 1999, 2000, Gregory et al. 2004). 

Temporal and spatial dynamics of bird populations are most often monitored by programmes 

that attempt to cover all species and most of a country's area. No programme of this type yet 

exists in New Zealand.

Large  bird-population  monitoring  schemes  are  generally  run  by  non-government 

organisations. Among the largest and longest-running are the Breeding Bird Survey (USA) 

(www.mbr-pwrc.usgs.gov/bbs/). which was started in 1966 and uses roadside counts to cover 

large areas, and the Breeding Bird Survey (UK) (www.bto.org/birdtrends/), which has been 

running since 1962. With recent revisions, the latter is now probably the most thorough and 

effective  of  the  large  national  monitoring  programmes.  It  informed  the  design  of  similar 

schemes in  many other  European countries.  The UK scheme uses  line transects,  whereas 

several of its European variates use point samples. Usually the schemes have a fixed distance 

band to assess changes in breeding populations of land birds. Complementary schemes are 

Garden BirdWatch in the UK (www.bto.org/gbw/) and Great Backyard Bird Count in the USA 

(www.birdsource.org/gbbc/). These focus on urban areas and record only the highest number 

of  any  one  species  seen  during  a  set  period.  All  these  schemes  are  predominantly  or 

exclusively run with the  aid of volunteers. Many of them have by now been running for 

sufficient periods to track long-term changes in bird populations at a national level.

The need to plan a New Zealand bird monitoring scheme

In New Zealand, a number of bird monitoring schemes are currently active, carried out by 

individual  organizations  such as  the  Ornithological  Society of  New Zealand (OSNZ),  the 

Department of Conservation (DOC), Landcare Research, Fish & Game, and Forest & Bird. 

They have mostly been designed to answer specific management questions or cover areas of 

particular interest  (e.g.,  the OSNZ-run Nest Record and Beach Patrol schemes). A few of 

http://www.mbr-pwrc.usgs.gov/bbs/
http://www.birdsource.org/gbbc/
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these have been designed for national coverage, such as the Kiwi Call Scheme (DOC), the 

recent Garden Bird Survey (Landcare Research) which was modeled on the UK and USA 

Garden  Bird  schemes,  and  monitoring  programmes  currently  under  development  for  the 

Natural  Heritage Management  System by DOC. However,  these programmes either cover 

only particular  species  or  particular  habitat  types  (mostly on conservation land).  A wide-

ranging distribution mapping study was carried out between 1969 and 1979, resulting in the 

standard work on bird distributions in New Zealand (Bull et al 1985), and has recently been 

updated by Robertson et  al.  (2007). This ‘bird atlas’ is very valuable because of its  wide 

(albeit very uneven) national coverage, but it does not assess densities or relative abundance. 

Changing species distribution is only one signal of species' resilience and conservation status. 

Declines in distribution only offer a belated warning of localized local extinction, whereas 

some  method  of  monitoring  abundance  within  the  species  range  can  facilitate  earlier 

intervention and provide a more sensitive indicator of ecosystem health. 

Environmental  processes  will  often  play  out  on  spatial  scales  that  cannot  be  adequately 

addressed in  localized studies  (e.g.  economically motivated shifts  in  land use).  The same 

applies for temporal replication, which will be a necessity in engaging questions of large-scale 

population biology. 

Continuity  of  observations  collected  in  a  consistent  manner  may  turn  out  to  be  crucial, 

especially  when  a  species,  ecological  process  or  disturbance,  or  locality  becomes  more 

important than in the past. Rather than having to start monitoring from scratch, generalized 

data could already be available, and the longer the duration the better for identifying new 

events and potential reasons for them. A bird species that was considered unthreatened might 

show a sudden decline, or conversely the numbers of other species may irrupt unexpectedly 

and assume pest status. In fact, having comprehensive monitoring in place will probably be 

the very circumstance that can alert researchers to such changes in the first place. Systems-

level  understanding  of  ecological  resilience  emphasizes  the  importance  of  slow cycles  of 

change,  punctuated  by  sudden  tipping  points,  surprise  and  uncertainty  (Gunderson  and 

Holling 2002). There have been repeated calls for long-term ecological studies to understand 

ecological complexity, yet this type of research is increasingly difficult to maintain in current 

science  funding  environments  (Knight  et  al.  2008).  A bird  monitoring  scheme  that  is 

inexpensive and widespread by being powered by the ‘Citizen Science’ brigade of volunteers 

(Poloczanska  et  al.  2009)  can  be  maintained  for  decades  and  will  simultaneously  build 
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commitment  to  sound  conservation  and  natural  resource  management.  Involvement  in 

monitoring is recognized as a key component of building ‘environmentality’ (Agrawal 2005) 

for improved environmental care. Providing an opportunity for New Zealanders to participate 

in a bird monitoring scheme will raise the profile for biodiversity monitoring in New Zealand 

because the birds are "flagship" species for the concept of ecosystem health.

Two workshops were held at Landcare Research (Lincoln) and as part of the Australasian 

Ornithological  conference  (Blenheim)  in  2004  and  2005  to  plan  a  New  Zealand  bird 

monitoring scheme. The workshops brought together a variety of parties to consider options 

for its design and implementation. Attendees included representatives from the Department of 

Conservation, several regional councils, several Crown Research Institutes, the Ornithological 

Society,  Forest  &  Bird,  and  national  and  international  universities.  The  results  form  an 

excellent basis for setting out to design such a scheme. The topic was discussed from many 

angles, and some preliminary recommendations were made in both workshops.

 

I concur with the major part of the recommendations (Spurr 2005, Spurr and Ralph 2006) and 

have  collated  many  of  them  in  what  follows  to  provide  context,  but  I  also  offer  some 

additional suggestions on the issue of surveying methodology.

Designing a national bird monitoring programme for New Zealand

Scope, o  rganization and funding  

To ensure an efficient return of data for resources expended, the overall design of any large 

survey programme ought to be dictated by the declared aim of the project.  This might be 

broadly categorized as interest in presence/absence information, indices of population change, 

or evaluating the effects of management actions, in ascending order of resolution and cost of 

result (Johnson 1999, Svensson 2000). Generation of presence/absence data requires the least 

effort and ties in well with atlas projects, an area where New Zealand is well served by a high-

resolution project (Bull et al. 1985, Robertson et al. 2007). Generating information on long-

term population trends, which can parsimoniously be done using index counts, has frequently 

been the foremost aim of large monitoring schemes (e.g. both BBS programmes), while the 



Developing a national bird monitoring programme 148

tracking  of  specific  conservation  and  management  actions  is  often  relegated  to  more 

specialized projects that can expend the effort to produce estimates of absolute abundance 

(Johnson 1999). However, as demonstrated in the most recent years of the UK BBS (Newson 

et al. 2005, 2008), it is entirely feasible to structure a national programme in such a way that it 

yields  accurate  estimates  of  absolute  abundance  while  still  covering  large  areas.  The 

participants of the workshops agreed on the following overall aim of a New Zealand bird 

monitoring programme: "To provide reliable, robust, and spatially explicit information on the 

long-term  population  trends  of  bird  species  inhabiting  representative  terrestrial  habitats 

throughout New Zealand" (Spurr and Ralph 2006). 

Some proposals were made regarding the organizational structure of a monitoring scheme. It 

was  considered  that  a  programme  of  the  envisioned  size  would  need  to  rely  mostly  on 

volunteer contributions, after the pattern of the American and UK Breeding Bird Surveys (see 

below). These programs incorporate a strong network of volunteer participants that functions 

to ensure the availability of training and support (Gregory 2000). As observer experience has 

frequently  been  demonstrated  to  have  sizable  effects  on  the  accuracy  of  count  estimates 

(McLaren 1999, Sauer et al. 1994, Kendall et al. 1996, Jiguet 2009), a well-designed system 

of training opportunities would have to be put in place to ensure high quality of survey data. 

The  Ornithological  Society  of  New  Zealand,  having  the  largest  volunteer  base,  was  put 

forward as a candidate to head a multi-partner steering group composed of many interested 

parties.  The  annual  cost  of  a  volunteer-based  programme with  1-2  professional  staff  and 

contracted data management services was estimated to cost approximately NZ$120 000-$200 

000 based on comparisons with the UK BBS (Spurr 2005). 

Coverage

It was agreed that the attempted coverage of a national scheme should be as broad as possible 

in geographic and species coverage. Thus the entire country including Stewart  Island  and 

smaller offshore islands should be covered. Similarly the full range of terrestrial habitat types 

should  be  targeted,  and  all  species  (both  indigenous  and  introduced)  should  be  recorded 

regardless of whether or not they are “priority” species. It was reasoned that it would be hard 

to predict which bird species would prove to be in need of monitoring, be it because they were 

declining  or  becoming  pests;  while  the  identification  of  "key"  species  was  unsure  and 
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somewhat arbitrary. The approach could also indicate which species need specific monitoring 

effort  dedicated  to  them  because  they  could  not  be  adequately  monitored  using  this 

programme. 

The same reasoning would apply to the inclusion of specific habitats.  I  would add that a 

particular niche for such a programme to fill would also be the consistent coverage of bird 

populations outside of protected or native vegetation areas, which have received very little 

attention to date. 

For purposes of a unified methodological scheme, the participants decided that wetlands and 

marine areas should not be included in the programme's remit, at least in the beginning, and 

would have to be covered separately by later extensions or additional programmes because 

these habitats are likely to require specialized methodologies and coverage strategies.

Sampling strategy

Regarding the establishment of a formal sampling strategy, the consensus was that sampling 

should be performed at fixed permanent sites that were randomly selected within a few broad 

strata. Permanent sites provide continuity for analysis, are more reliable and easier to handle 

when habitat information is sought, and allow the progressive adaptation of survey methods if 

several such methods are used. Selecting them randomly would ensure representativeness. 

The unit of random selection would still have to be discussed, but use of the 1-km national 

grid would recommend itself (this allows for ample further subdivision within each square 

and is in successful use in several European countries).

Partitioning  into  both  habitat  and  geopolitical  strata  was  considered  useful.  Aside  from 

accessibility  and  habitat  differences,  stratification  could  be  used  to  reflect  availability  of 

observers,  as  in  the  UK  BBS  (Gregory  2000,  Newson  et  al.  2008)  -  in  New  Zealand 

specifically, observers can also be expected to prefer working in Protected Natural Area and 

with  native  species,  necessitating  effort  adjustment  by  stratification.  Habitat  information 

should be collected at sampling locations and can be integrated into the analysis (which I also 

highly recommend based on the performance of habitat parameters in modeling my survey 

data - see Chapter Three).  Crick (1992) presents a staggered system of habitat codes that 
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provides sufficient depth to finely categorize different habitat types, yet is simple enough to 

use that it has found application in large volunteer-based monitoring programmes (Gregory 

2000,  Newson  et  al.  2005).  Such  a  categorization  will  allow  identification  of  species 

assemblages. However, habitat strata should be broad to allow for sufficient sample sizes - a 

suggested partitioning was native forest, introduced forest, open country, and urban. I believe 

that  at  least  one  further  category  of  mixed  vegetation  farmland  is  required  because  this 

corresponds to the vegetation make-up of a large percentage of agricultural areas, and shares 

methodological requirements with both forested and open areas.

Several stratification schemes were discussed and would need to be assessed. In addition to 

sampling  according  to  the  formal  strategy,  it  was  suggested  that  convenience/informal 

sampling should be allowed, since this has proven a valuable addition to data derived from a 

formal set-up (Gregory 2000, Newson et al. 2008) and functions to attract volunteers to the 

project. The point was made again that a nationwide programme needs to be volunteer-based 

to  be  feasible.  Probably fewer  sites  would  be  sampled  in  New Zealand  than  in  the  UK 

(samples are gathered in more than 2200+ sites in the latest UK BBS; Newson et al. 2008) , 

but even so it would be far too expensive to cover them using professional services. 

No conclusion was reached about which time of day would be preferable for monitoring. I 

would recommend avoiding the hours around dawn due to the dawn chorus which can 

influence detectability strongly for some species - for this reason, the early morning is 

avoided by most monitoring programmes (Gutzwiller 1991, Kayser 1999, Newson et al. 2005, 

Buckland et al 2008). Studies have frequently found that both availability and detectability of 

birds change strongly with time of day, often reporting a continuous decrease in sightings 

from dawn to noon (Gutzwiller 1991, Lynch 1995). In my study, the importance of the 

parameter 'minutes from sunrise' as a modelling covariate (Chapter Three) also illustrates this 

heterogeneity. To reduce resulting bias, counts should either be carried out at broadly similar 

times during the day, or care should be taken to cover different times equally, either by 

repeating all counts at different times (Moffat and Minot 1994) or by splitting the total 

amount of counts into two or more time groups and  randomly assigning them to locations. It 

is unlikely that the latter approach will be practical in a large monitoring scheme, however.

As for position of surveys within the year, it was suggested to have two counts in late and 

early spring to encompass the peak times for breeding in NZ birds, possibly with another one 
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in winter to allow inferences on seasonality. Placing two main sampling occasions towards the 

beginning and end of the breeding season has proved useful in the UK BBS (Newson et. al 

2008) and is  most  likely to cover  the resident species of greatest  interest  to conservation 

concerns (Newson et al. 2008, Svensson 2000). An additional winter count is likely to provide 

similar  quality  of  data  in  regard  to  most  resident  species  and,  if  the  programme  were 

expanded to include marine and wetland habitats, may prove particular useful for birds that 

breed in arctic or antarctic regions and winter in New Zealand. The US Christmas Count and 

the European waterfowl winter count organized by Wetlands International have shown their 

worth in that respect (Svensson 2000). 

A general consideration in the establishment of spatial and temporal strata is their role in the 

reduction  of  detectability  bias  in  the  monitoring  results.  The  point  has  been  made  that 

detectability bias in large scale, multi-species surveys is unlikely to be countered uniformly 

well by a single monitoring methodology and that it is thus crucial to reduce as many sources 

of bias as possible at the design stage (Buckland et al. 2001, Johnson 2008). Analyzing survey 

results within spatial or temporal strata (e.g., grouped by time of day, season, or habitat) will 

avoid  the  biasing  of  results  by  detectability  differences  that  might  exist  between  these 

categories. However, only some sources of bias can be mitigated in this way, and the choice 

of sampling technique plays another large part in addressing this issue.   

Sampling methodology

Suitable survey methods

Neither workshop arrived at any firm recommendation about the sampling methodology to be 

used, but several options were discussed. A volunteer-based programme brings with it the 

need  for  relatively  simple  field  methods  that  do  not  require  expensive  equipment  or 

complicated logistics, so that participants can become involved with minimal difficulty. This 

would rule out comparatively involved methodologies like mark-recapture sampling or double 

observer  approaches  (Morrison  et  al.  2001),  and  distance  sampling  methods  using  exact 

distances (Buckland et al. 2001), for use as standard methods. 

The simplest option would be to employ uncorrected counts such as fixed width transects or 
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5-minute  point  counts,  without  detection  distance  recording  or  subsequent  detectability 

modeling. Based on the demonstrable effects on density estimates of detectability differences 

in this study, and in any number of other studies (Gutzwiller and Marcum 1997, Nichols et al. 

2000, Buckland et al. 2001, Norvell et al. 2003, White 2005, Johnson 2008), I highly advise 

against  this.  For  a  programme of such comprehensiveness  and potential  duration,  ease of 

implementation would be offset too strongly by the biasing and resulting limitation of the 

estimates due to differential detectability. 

It was considered important to keep compatibility with data from a large number of earlier 5-

minute  counts  (http://www.doc.govt.nz/conservation/native-animals/birds/five-minute-bird-

counts/list-of-5mbc-studies/),  which are index counts. However,  comparisons could still  be 

made  between the results  of  such  uncorrected counts  and  5-minute counts using distance 

methods.

Thus as a second option, point and/or transect counts using fixed distance bands that allow 

analysis  with distance methods were considered.  Field methods that place birds in two or 

more bands are easy to implement and will correct for detection distance-related detectability 

differences  provided  that  birds  are  reliably placed  into  the  correct  band (Buckland et  al. 

2001). This approach was favoured by the participants and has been shown to perform well in 

large surveys (Moffat and Minot 1994, Newson et al. 2008).

The suitability of timed 5-minute point transect counts versus slow-walked line transects, both 

using  distance  bands,  was  discussed.  Line  transects  tend  to  be  more  efficient  (Buckland 

2006), are less susceptible to errors in estimation or the effect of violated assumptions, and are 

better  suited  to  birds  that  flush  and  open  areas  (Gregory  2000,  Buckland  et  al.  2001). 

However,  comparability  of  future  point  counts  with  large  amount  of  previous  count  data 

would be very desirable;  also,  point  transects  are  much better  suited  to  dense vegetation 

(Buckland et al. 2001). One solution would be to suit the method to specific habitat strata a 

priori or, as suggested by the workshop participants, letting the observer choose techniques; if 

well executed, the results should be equivalent. Permanent sites would make it easier to give 

guidelines to observers beforehand.

While duration of five minutes has been the most widely used time frame for point counts 

(Moffat  and  Minot  1994,  Lynch  1995,  Buckland  2006),  longer  durations  have  also  been 
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employed (Verner and Ritter 1985, Gutzwiller 1991). However, several studies have found 

that both the accuracy (Gutzwiller 1991) and the effectiveness (Lynch 1995) of point count 

results diminished quickly beyond a duration of five minutes, since fewer new individuals 

will be detected with increasing duration, while at the same time the possibility of erroneous 

multiple counts increases. Buckland et al. (2001) propose an alternative "snapshot" method 

that avoids this source of error by only recording birds as detected during a conceptual single 

moment at the beginning of the count, the rest of the time at location being spent to accurately 

establish detection distances of these individuals. The method has been shown to yield more 

accurate  results  than  the  conventional  timed  counts  (Buckland  2006)  and  thus  would  be 

beneficial to implement in a large monitoring programme. As compatibility of new results 

with the existing database of 5-minute counts is an important consideration, a comparison of 

snapshot  estimates  with  a  timed  estimate  from the  same  sampling  instance  might  be  of 

interest, however.

Placement and spacing of transects should follow considerations of independence of 

detections between transects. Counting the same individuals multiple times on different 

occasions is a source of positive bias in density estimates (Buckland et al. 2001, 2006). In my 

study, line transects were situated a minimum of 200m apart, which proved sufficient in 

almost all situations, since the perpendicular truncation distance for including sightings in a 

model very rarely exceeded 100m. The only instances where this was the case were several 

models for magpies on farmland with very little vegetation, where truncation distances could 

approach 160m (see Chapter One). This is unlikely to be a problem in a national monitoring 

program, however, because the monitoring methods most likely to be implemented would 

truncate their effectively modeled data well below this distance (see below). The same 

reasoning applies to point counts, where a spacing of 200m has already been successfully 

employed in a New Zealand environment (Moffat and Minot 1994). Based on this, I suggest a 

minimum spacing distance of 200m would serve as a reasonable standard.

The number of point or line transects to carry out in one day was left undecided. Judging from 

my survey, ten transects of 500m (five of 1km) could be easily accomplished on farmland in 

4-5 hours; twelve 5-minute counts was suggested by the workshop participants as an amount 

suited to the same time period. A pilot project (see below) is likely necessary to establish this.
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Accuracy of distance band methods

The use of transects with a limited number of distance bands seems a favourable combination 

of  the  simplicity  of  instrument-less  field  techniques  with  the  benefits  of  detectability 

modelling.  Participants  in  the  workshops  favoured  using  two  distance  bands,  either  0-

25m/25m+,  or  the  UK BBS model  of  0-25m/25-100m/100m+,  which  was  analysed  after 

removing the 100m+ category from modelling, making it functionally two-banded (Newson et 

al. 2008).

However,  limiting  distance  resolution  to  two  bands  poses  some  problems.  When  using 

program Distance (Thomas et al 2006) to fit a detection function to data organized into two 

intervals, only the fitting of half-normal models without series expansions is possible - the 

frequently used hazard rate model and various types of series expansions cannot be fitted due 

to a lack of degrees of freedom. Furthermore, no goodness-of-fit test can be applied, so that it 

is difficult to assess the fit of the model. Thus the modeler is severely limited in ways to find a 

good detection model. This may matter less in common species and in cases of pooled strata 

that  yield many detections,  as  the  distribution  of  detections  vs  detection  distance  will  be 

smoother and more easily approximated by basic models (Buckland et al. 2001). However, 

less numerous species or stratified designs will yield less smooth histograms that would be 

better fitted using more complex models.

In my modelling, ~40% of confidence set models used the hazard rate base function, and 

~20% had a series expansion (see table A1 in the appendix). Using a simplified half-normal 

model  without  expansion  in  these  farm-by-species cases  resulted  in  increases  in  the 

coefficient of variation of the density estimate of 0 - 155%, with an average increase of 44%. 

A dataset of this size might be considered a case of "uncommon species" or "single stratum" 

in  a  large  survey.  For  species-level  models  across  all  circuits  and  farms  (using  a  set  of 

detections an order of magnitude greater, as for a "common species" or pooled strata), the 

average change was only +6%. Notably, when changing from a confidence set model to the 

best model that could be fitted to data arranged in three intervals, the average loss of precision 

was only about 50% of these differences, with a maximum increase in coefficient of variation 

in density of 60%, due to much better model fitting possibilities.
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It  therefore  seems that  restricting  distance  measurements  to  two bands  would result  in  a 

sizeable loss of precision in the estimates compared to even a slightly finer grained structure. 

Judging from effective strip widths found in my survey (Chapters One and Two), the most 

sensible way to add another band would be an additional one under 100m (e.g. 0-25m/25-

50m/50-100m)  rather  than  another  defined  band  beyond  100m  (e.g.  100-200m),  as  few 

detections  will  be  made  this  far  away.  Modeling  an  unbounded  outer  band  is  of  course 

possible by determining species-specific cut-off distances (Chapter One). These are likely to 

differ  between sites/visibilities,  and a 100m+ band is  likely to be empty or very sparsely 

populated in any case for many species, restricting modeling to two bands again. Buckland et 

al (2001) recommend increasing the size of bands with increasing distance from the center, 

since  placement  in  the  farther  intervals  will  be  less  accurate,  and  the  modeling  process 

benefits from finer resolution close to the shoulder region of the detection function. Models 

with three or more bands within 100m have been successfully used in the field without the aid 

of rangefinders (e.g. Somershoe et al 2006), although the finer division might prove difficult 

to apply correctly by observers, which would lead to biased placement of birds. However, 

inclusion of an unbounded outermost distance band might be indicated even if detections in 

this band will most likely not be used in analyses, because observer's interest in recording 

birds may lead them to add observations to the last available band even if the detections is 

actually beyond that distance, inflating counts in that category (S. Newson, pers. com.). 

A double sampling approach

Double sampling offers another possible approach to increasing the accuracy of a standard 

sampling method using few distance bands. In double sampling, two different types of counts 

are employed (Morrison et al. 2001, Bart and Earnst 2002, Pollock et al. 2002, Thompson 

2002):  ‘rapid  counts’ are  performed  on  all  sites  of  interest,  producing  estimates  of  low 

accuracy in an efficient manner;  additionally,  ‘intensive counts’ are performed on a small 

random subsample of these sites, using a method that yields estimates of low or no bias. The 

ratio between the averages of the two surveys can then be used to transform rapid count 

density  estimates  into  (ideally)  unbiased  estimates.  Essentially,  the  approach  performs  a 

calibration of the rapid or standard method.  The main requirement is for a high correlation 

between rapid and intensive count results. Clearly, this would make it necessary to stratify 

both count methods in the same way (e.g. with respect to habitat and time of day or year) to 

enable the computation of ratios specific to the likely varying detectability levels in those 
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strata (Johnson 2008), further underscoring the general importance of a robust stratification 

scheme for the entire survey.

In its purest form, the method uses uncorrected raw count data as rapid count estimates and 

some kind of time-intensive complete census as an intensive count (Bart and Earnst 2002), 

gaining the greatest advantage from the trade-off between speed and accuracy. If used in the 

proposed bird monitoring programme, the gain would be less dramatic. The rapid method, 

consisting of distance counts of limited resolution, would already have better accuracy than an 

index  count,  and  the  intensive  method  could  probably  not  be  expected  to  yield  perfect 

accuracy. 

A candidate  for  the  intensive  count  is  territory  mapping  (Williamson  and  Holmes  1964, 

Svensson 1979).  High,  although not perfect,  accuracy for bird density estimates  could be 

achieved using this method. Toms et al. (2006) tested point counts versus territory mapping 

for consistent linear relationship with good results. However, issues with territory mapping 

include a dependence on species-specific percentages of breeding individuals (Newson et al. 

2008), susceptibility to a certain amount of other detectability biases (e.g. Tomiałojć 2004) 

and a high investment of time in the field and during analysis. Gregory (2000) estimated that 

territory mapping required seven times longer than point transects.

An  alternative  to  territory  mapping  would  be  distance  sampling  transects  with  exact 

measurements  as  intensive  count  method.  I  have  shown  that  high  correlation  is  only 

conditionally  the  case  when comparing  uncorrected  and distance-modeled  transect  counts 

(Chapter Two) and seems to depend on the characteristics of the modeled species. However 

there is a direct and linear increase in precision and accuracy between estimates of models of 

increasing fit - e.g., frequently between the best model fit to data in two intervals versus data 

split into more intervals or in an unbounded set. The increase in accuracy (from better model 

fit, and possibly from the inclusion of covariates that are not recorded during rapid surveys) 

would be smaller than with territory mapping, but the time investment would be comparable 

to a standard count - a rangefinder for precise distance measurement would be the only added 

necessary  instrumentation  and  these  could  be  made  available  on  a  loan  basis  for  keen 

observers. As shown in the discussion of distance band numbers above, the benefit would be 

greater in the case of uncommon species or smaller strata.
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When considering the added effort that would be necessary to implement the intensive counts, 

it should be realized that the number of sampled plots would not necessarily have to be large. 

As long as the intensive plots are randomly chosen among all plots, intensive counts need not 

sample all the strata of standard counts that the ratio is applied to. Bart and Earnst (2002) 

provide methods of calculations for the apportionment  of available  effort  to  standard and 

intensive counts. In the case study of shorebird monitoring they present, intensive surveys of 

twelve of a total 201 plots were used to arrive at was regarded as an essentially unbiased 

overall population estimate (however, using nest counts of very high accuracy). 

Methodology recommendations

Based on these considerations, I make the following recommendations with regard to survey 

methods.

1. Point and/or strip transects using fixed distance bands to enable distance modelling 

without  the  need  for  instrumentation  (rangefinders)  should  be  used  as  a  standard 

survey method in the field. If birds can be reliably placed into three or more bands by 

observers, this could be expected to yield data that can be modelled satisfactorily and 

generate results of sufficient accuracy and precision.  An additional outer unbounded 

band should be included as a location for observers to note detections out of range.

2. If only two distance bands are possible, standard counts should be augmented by more 

intensive counts on a fraction of plots to calibrate the estimates. Employing exact-

measurement distance sampling for this purpose would be easy and fast, but yield only 

moderate benefits,  while performing territory mapping would have greater pay-offs 

but also require substantially higher labour investment. 

3. A pilot study should be implemented, as also suggested in Spurr and Ralph (2006). 

Trialling  the  double  sampling  approach  in  this  study  would  allow  testing  of  the 

proposed  survey  design  and  give  indications  about  the  suitable  effort  for  one 

day/morning of sampling (total transect length or number of points), and establish the 

feasibility and precision of the chosen standard method and whether there is need for 

calibration methods

4. It  would  also  give  an  idea  of  attainable  precision  of  estimates  given  the  effort. 

Buckland et al. (2001) give computations to derive the effort necessary for a target 

precision from the effort and precision of a representative pilot study. For example, in 

my survey, for blackbird/skylark/thrush models, an average coefficient of variance of 
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density of 0.21 was achieved with an average 36km of line transect. 158km would be 

necessary for a cv(D) of 0.1 using the same survey technique, 3960km for 0.02. For 

the same species, the UK BBS of 2006 achieved a cv(D) of 0.027 with an average 

11352km (S. Newson, pers comm.) using different surveying and modelling methods, 

illustrating the need for method-specific pilot studies to arrive at correct estimates. An 

informed decision about the preferability of double sampling methods or adjustment 

of effort could then follow.

5. If  feasible,  a  formal  power  analysis  should  also  be  performed  at  that  time.  As  a 

guideline,  the proposal of Bart et al. (2004) might be useful, who applied suitable 

power analysis techniques to the results of the American BBS and suggested a goal of 

80%  power  to  detect  a  50%  change  in  bird  numbers  over  20  years  at  a  10% 

significance level.

6. To reduce detectability bias and allow the use of monitoring set-ups suited to specific 

circumstances,  survey  instances  should  be  categorized  into different  spatial  and 

temporal  strata  such as  time of year  and broad habitat  types.  I  recommend fitting 

strata-specific models to such strata as will provide a sufficient sample size, rather 

than  fitting  global  models  and  post-stratifying  by  stratum,  as  noticeably  better 

precision  can  be  attained  this  way (see  Chapter  Three for  a  comparison  of  these 

approaches).

7. At the proposed stratum levels (e.g. the level of regional authorities or the suggested 4 

or  5  habitat  types,)  it  ought  be  possible  to  generate  per-survey  estimates,  and 

geopolitical-habitat  combinations (e.g. native forest  in Otago) should work as well 

depending on effort spent. For individual plots this would probably only be possible as 

a  cumulative  estimate  over  repeated  visits  even  for  common  species,  probably 

spanning several years, which may or may not be useful. Generally, considering the 

need to track trends in density, I recommend distributing effort to monitor more plots 

rather than more counts per year. 

8. I recommend the recording of several field parameters for use in distance modelling 

and ecological interpretation. Habitat characteristics have already been identified as 

useful parameters and should be employed to enhance the effect of stratum divisions. 

For example, under the proposed regime, "minutes since sunrise" (Chapter Three) and 

recording whether any one detection was visual or aural (S. Newson, pers. com.), and 

if  possible  the  sex  of  individuals  in  the  field  all  help  address  potentially  strong 

detectability differences  between species and genders (Newson et  al. 2008).  These 
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covariates  will  allow  more  power  in  trend  detection  and  testing  of  adaptive 

management outcomes and causes of observed pattern and change in pattern. 

9. Finally  I  recommend  the  design  of  a  systematic  method  of  gathering  additional 

ecological information about the place or time that a bird survey was completed. It is 

important to realise that estimating a datum (bird abundance) without also recording 

related ecological contexts has relatively little value; but once information has become 

interlinked and has been gathered for long enough, it becomes the kind of knowledge 

that empowers society to care for its environment. 

Conclusion

I  believe  that  the  recommendations  for  the  design  of  a  national  bird  monitoring  scheme 

presented in Spurr (2005) and Spurr and Ralph (2006) constitute a suitable framework for 

establishing a programme of surveys that would likely be of great benefit to conservation 

concerns and research into ecosystem processes and management.  The programme should 

cover the widest feasible spread of habitats, localities, and species, and employ a stratified 

random sampling design. The survey method should be based on line and/or point transects 

using distance bands to enable the modeling of detectability issues, and sufficiently high band 

resolution and/or  double sampling methods should be employed to  maximize accuracy of 

estimates.  I  highly  recommend  the  implementation  of  a  pilot  survey  to  field-test  these 

methods  on  site  and  to  address  questions  of  necessary sampling  effort  and  logistics.  As 

demonstrated  by  my simple  simulation  of  the  power  to  detect  bird  population  increases 

following predator control (Chapter Four), investment in improving the precision of the bird 

monitoring method will be repaid several times over by more efficient, sensitive and robust 

ecological inferences in the longer run. Rapid and immediate interaction with data from the 

initial monitoring trials could lead to early improvements before suboptimal methods become 

embedded.  A robust,  widespread and co-ordinated  bird abundance monitoring  scheme for 

New Zealand is long overdue and eagerly awaited by researchers, environmental management 

agencies, bird lovers and farmers alike.
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Table A1:  Overview of Distance model confidence set characteristics: number of models per set; number of half-normal (hn) and hazard-rate (haz) models; number 
of models with cosine, simple polynomial, or no series expansion; Akaike ratio between best and 2nd-best model; detection probability for best model, and weight-
averaged for set; coefficient of variation of weight-averaged detection probability / effective strip width (same value), and of weight-averaged density estimate; 
effective strip width of best model, and weight-averaged for set; and number of detections. ESW and detection probability have the same cv. (*) = averaged from 
cluster ESWs.

Species Farm Key function Expansion Detections

Half -normal Hazard rate None Cos Sim
Sky lark 1 15 14 1 all - - 1.21 0.53 0.53 0.072 0.159 53.3 52.8 115

2 1 - all - - all - 0.44 0.44 0.140 0.223 42.1 42.1 78
3 8 all - - all - 1.54 0.41 0.41 0.080 0.193 47.0 47.3 95
4 12 8 4 all - - 1.46 0.59 0.58 0.067 0.152 61.5 61.1 158
5 11 6 5 10 - 1 1.30 0.53 0.57 0.094 0.121 42.0 45.9 353
6 26 16 10 10 16 - 1.04 0.53 0.50 0.070 0.127 57.8 55.4 191
7 8 - all all - - 2.33 0.72 0.71 0.121 0.244 49.3 48.1 46
8 2 all - - all - 3.22 0.47 0.47 0.060 0.134 51.7 51.5 176
9 2 - all all - - 2.15 0.43 0.43 0.092 0.120 43.0 43.4 395
10 7 all - all - - 1.00 0.66 0.66 0.080 0.170 41.7 41.5 84
11 10 - all all - - 1.72 0.65 0.66 0.100 0.215 42.5 42.9 77
12 3 all - all - - 3.63 0.62 0.62 0.172 0.259 48.4 48.3 49

Blackbird 1 10 8 2 3 7 - 1.28 0.37 0.38 0.125 0.225 24.3 25.0 63
2 22 11 11 11 11 - 1.26 0.38 0.37 0.124 0.201 30.5 30.0 65
3 20 17 3 all - - 1.00 0.55 0.52 0.146 0.245 21.9 20.8 46
4 5 all - all - - 1.00 0.52 0.52 0.109 0.195 52.6 52.7 86
5 6 - all all - - 1.21 0.41 0.40 0.159 0.239 53.1 51.9 85
6 2 1 1 all - - 3.76 0.37 0.41 0.198 0.271 40.3 44.6 62
7 2 all - all - - 1.51 0.51 0.51 0.066 0.135 38.4 38.3 181
8 5 all - - all - 2.22 0.40 0.40 0.080 0.210 43.6 40.4 115
9 - - - - - - - - - - - 39.3 * 39.3 * 23
10 16 9 7 7 9 - 1.26 0.31 0.33 0.108 0.157 24.7 26.4 138
11 8 all - 4 4 - 1.10 0.46 0.45 0.082 0.043 37.0 35.9 157
12 9 all - 5 4 - 1.74 0.53 0.49 0.124 0.201 55.6 51.9 123

Thrush 1 4 - all all - - 3.68 0.71 0.71 0.181 0.377 35.6 35.5 19
2 3 all - all - - 3.38 0.50 0.50 0.168 0.335 49.7 49.8 28
3 5 - all all - - 3.84 0.67 0.67 0.175 0.373 22.2 22.0 22
4 4 all - all - - 2.64 0.63 0.62 0.148 0.255 34.7 33.9 34
5 1 all - all - - - 0.57 0.57 0.150 0.304 39.6 39.6 30
6 - - - - - - - - - - - 36.7 * 36.7 * 16
7 4 - all 2 2 - 1.92 0.47 0.48 0.084 0.182 35.8 36.3 114
8 10 all - - all - 1.04 0.40 0.41 0.117 0.262 41.9 42.7 62
9 - - - - - - - - - - - 39.5 * 39.5 * 12
10 21 17 5 all - - 1.46 0.59 0.58 0.109 0.204 30.2 29.7 71
11 10 - all all - - 1.17 0.87 0.85 0.066 0.205 30.3 29.8 64
12 4 3 1 all - - 4.58 0.54 0.53 0.090 0.216 40.3 40.1 85

Magpie 1 11 all - all - - 1.23 0.50 0.49 0.123 0.217 74.6 73.0 49
2 8 - all all - - 2.32 0.52 0.53 0.244 0.334 65.5 66.7 38
3 4 3 1 3 1 - 3.11 0.43 0.41 0.112 0.209 51.2 49.7 70
4 4 all - all - - 1.10 0.60 0.59 0.085 0.180 119.2 117.9 81
5 24 14 10 23 1 - 1.30 0.74 0.67 0.155 0.181 110.7 104.7 82
6 8 5 3 all - - 1.49 0.56 0.57 0.074 0.139 89.7 91.7 130
7 11 6 5 all - - 1.33 0.69 0.63 0.159 0.223 79.5 72.5 50
8 6 - all all - - 1.33 0.37 0.37 0.210 0.269 54.8 56.2 61
9 12 7 5 all - - 1.78 0.57 0.58 0.086 0.213 129.2 130.2 79
10 4 - all 2 - 2 2.54 0.45 0.46 0.176 0.240 77.1 77.9 67
11 7 all - all - - 2.44 0.77 0.79 0.101 0.177 119.8 122.1 63
12 10 8 2 all - - 2.073 0.638 0.629 0.102 0.169 127.5 125.8 78

Confidence 
set size

AW ratio between 
first two models

First model 
detection 

probability

Averaged 
detection 

probability

Cv of averaged 
detection 
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Table A3: Covariate scores (sum of Akaike weights of models containing the covariate) and sigma ratios 
(relative magnitude of scale factor driven by the covariate, normalized to lowest value among levels [factor 
covariates] or 0 [continuous covariates]) for covariates used in detection function modelling. For details, see 
text. Note that some values have been capped. 98% of tabulated normalized sigmas for factor covariates were 
below 8; the remaining 2% had values between 20 and 10000. Sigma will asymptotically approach infinity the 
"flatter" the curve is, hence the estimate of sigma can become extremely large with little increase in the actual 
effect. Since interest lay primarily in the direction of influence of a covariate level rather than in the magnitude,  
to enable the computation of averages, values > 8 have been capped at 10 (13/675). Similarly, normalized 
sigmas for continuous covariate "wind" have been capped at 2 (2/48), and those for continuous covariate 
"minutes" at 3 (5/48). Capped values are denoted with an asterisk *.

Table A2: Goodness of fit (χ2) of models in confidence sets, showing the fit for the AIC highest-ranked model of the 
set, and for the model with the worst fit in the set. (*) marks cases were goodness of fit was < 0.2.

Farm Skylark Blackbird Thrush Magpie

1 0.847 0.676 0.841 0.369 0.826 0.438 0.925 0.738
2 0.732 0.732 0.940 0.749 0.977 0.970 0.733 0.164
3 0.126* 0.056* 0.945 0.703 0.986 0.842 0.875 0.517
4 0.750 0.136 0.903 0.869 0.978 0.804 0.638 0.306
5 0.968 0.139 0.497 0.435 0.818 0.818 0.994 0.849
6 0.771 0.577 0.647 0.445 - - 0.555 0.169
7 0.998 0.779 0.700 0.591 0.971 0.335 0.899 0.451
8 0.526 0.526 0.086* 0.073* 0.985 0.765 0.613 0.613
9 0.741 0.624 - - - - 0.173* 0.138*
10 0.986 0.817 0.949 0.489 0.909 0.613 0.578 0.399
11 0.982 0.623 0.872 0.772 0.981 0.493 0.931 0.848
12 0.918 0.734 0.333 0.231 0.984 0.885 0.872 0.652

Averages
0.779 0.535 0.701 0.521 0.942 0.696 0.732 0.487

1st model χ2 lowest χ2 1st model χ2 lowest χ2 1st model χ2 lowest χ2 1st model χ2 lowest χ2



Cum ulative covariate scores Weight-averaged sigm a ratios

Season Observer Habitat Heard / seen

Species Farm Season Observer Habitat Wind M inutes None Breed Post Winter M ain Other Veg Open Other Seen Heard Wind M inutes
Sky lark 1 0.394 0.176 0.000 0.133 0.305 0.246 0.218 1.800 1.795 1.000 1.102 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.979 1.375
Sky lark 2 0.119 0.382 0.000 0.111 0.048 0.172 0.288 1.060 1.408 1.000 1.194 1.000 1.000 1.000 1.000 1.000 1.000 1.240 1.000 1.164
Sky lark 3 0.435 0.177 0.097 0.000 0.166 0.463 0.048 1.928 1.050 1.000 1.617 1.000 1.382 1.000 1.000 1.000 1.000 1.000 1.189 2.821
Sky lark 4 0.759 0.491 0.333 0.000 0.000 0.087 0.044 1.172 1.000 1.291 1.000 1.196 6.553 1.000 3.980 10.000 * 1.000 1.000 1.000 1.187
Sky lark 5 0.945 0.158 0.297 0.038 0.123 0.110 0.000 1.000 1.093 10.000 * 1.372 1.000 2.230 1.000 1.000 10.000 * 1.000 1.000 0.808 1.000
Sky lark 6 0.016 0.149 0.205 0.590 0.565 0.391 0.043 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.143 5.534 1.000 1.017 1.530
Sky lark 7 0.000 0.000 0.202 0.165 0.287 0.263 0.348 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 2.626 1.000 10.000 * 1.307 1.000
Sky lark 8 1.000 0.763 0.000 0.000 0.000 1.000 0.000 3.755 2.691 1.000 1.932 1.000 1.696 1.000 1.000 1.000 1.000 1.000 1.000 2.658
Sky lark 9 0.000 0.000 0.000 0.318 0.000 0.000 0.682 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Sky lark 10 0.038 0.096 0.111 0.000 0.472 0.189 0.283 1.000 1.000 1.000 1.058 1.000 1.000 1.000 1.000 1.530 1.000 1.000 0.631 1.078
Sky lark 11 0.000 0.220 0.000 0.281 0.276 0.202 0.268 1.000 1.000 1.000 1.000 1.006 1.000 1.000 1.000 1.000 2.752 1.000 1.358 1.664
Sky lark 12 0.169 0.000 0.179 0.000 0.000 1.000 0.000 2.152 1.000 1.452 1.000 1.000 1.000 1.000 1.000 4.968 1.000 1.000 1.000 3.000 *

Av erages 0.32 0.22 0.12 0.14 0.19 0.34 0.19 1.489 1.253 1.812 1.190 1.017 1.655 1.000 1.248 3.022 1.524 1.770 1.024 1.623
Blackbird 1 0.113 0.063 0.092 0.501 0.064 0.062 0.415 1.221 1.000 1.000 1.083 1.000 1.000 1.000 1.000 1.000 1.000 1.459 1.061 1.000
Blackbird 2 0.262 0.141 0.042 0.231 0.303 0.376 0.134 1.000 1.779 2.155 1.000 1.000 1.000 1.000 1.000 1.000 1.000 2.004 0.686 3.000 *
Blackbird 3 0.232 0.178 0.227 0.130 0.266 0.633 0.075 3.225 4.430 1.000 1.615 1.000 10.000 * 1.000 1.839 1.000 1.669 1.000 1.660 3.000 *
Blackbird 4 0.047 0.340 0.000 0.084 0.341 1.000 0.000 1.000 1.000 1.000 1.801 3.408 1.000 1.000 1.000 1.000 1.000 1.000 1.193 0.369
Blackbird 5 0.000 0.065 0.441 0.067 0.107 0.054 0.320 1.000 1.000 1.000 1.000 1.000 1.000 1.000 4.540 2.582 1.000 1.000 0.758 1.000
Blackbird 6 1.000 0.000 0.000 0.000 0.000 1.000 0.000 1.885 1.000 10.000 * 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 3.000 *
Blackbird 7 1.000 0.399 1.000 0.000 0.601 0.000 0.000 2.393 1.000 7.312 1.000 1.755 1.616 1.000 1.098 10.000 * 1.000 1.000 2.000 * 1.000
Blackbird 8 0.000 0.000 1.000 0.602 0.838 0.156 0.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 2.291 2.653 1.000 1.743 1.598 1.000
Blackbird 9 - - - - - - - - - - - - - - - - - - - -
Blackbird 10 0.117 0.290 0.000 0.108 0.113 0.406 0.266 1.089 1.393 1.000 1.522 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.101 3.000 *
Blackbird 11 0.000 0.139 0.626 0.327 0.139 1.000 0.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.426 1.461 1.000 1.425 0.964 0.777
Blackbird 12 0.000 0.277 1.000 0.262 0.590 0.145 0.000 1.000 1.000 1.000 1.000 1.231 1.000 1.000 2.023 1.016 1.000 1.268 1.247 0.851

Av erages 0.25 0.17 0.4 0.21 0.31 0.44 0.11 1.438 1.418 2.497 1.184 1.308 1.874 1.000 1.656 2.156 1.061 1.264 1.206 1.636
Thrush 1 0.137 0.155 0.000 0.000 0.138 0.000 0.570 1.000 1.000 1.000 1.120 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.984 1.000
Thrush 2 0.000 1.000 0.182 0.000 0.187 0.000 0.000 1.000 1.000 1.000 3.770 1.000 1.000 1.000 1.000 1.000 1.000 1.000 2.000 * 1.000
Thrush 3 0.000 0.000 0.127 0.127 0.128 0.127 0.491 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.986 1.000
Thrush 4 0.000 0.187 0.076 0.076 0.202 0.202 0.535 1.000 1.000 1.000 2.106 2.341 1.000 1.000 1.000 1.000 1.000 1.000 0.702 1.493
Thrush 5 0.000 1.000 0.000 0.000 0.000 0.000 0.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Thrush 6 - - - - - - - - - - - - - - - - - - - -
Thrush 7 1.000 0.000 0.000 0.415 0.207 0.396 0.000 1.218 1.000 3.196 1.000 1.000 1.000 1.000 1.000 1.000 1.359 1.000 0.746 0.000
Thrush 8 0.060 0.074 0.330 0.080 0.154 0.424 0.234 1.000 1.000 1.000 1.000 1.000 1.000 2.408 1.000 3.467 1.118 1.000 1.073 0.436
Thrush 9 - - - - - - - - - - - - - - - - - - - -
Thrush 10 0.175 0.419 0.000 0.258 0.289 0.256 0.131 2.583 1.000 1.441 1.849 1.000 1.000 1.000 1.000 1.000 1.000 1.899 0.741 2.364
Thrush 11 0.032 0.281 0.093 0.263 0.453 0.035 0.198 1.000 1.000 1.000 1.000 1.279 1.000 1.000 1.000 1.000 1.092 1.000 1.327 1.000
Thrush 12 0.000 0.257 0.000 0.743 0.122 0.878 0.000 1.000 1.000 1.000 1.932 1.000 1.000 1.000 1.000 1.000 1.000 2.798 1.000 1.918

Av erages 0.14 0.34 0.08 0.2 0.19 0.23 0.22 1.180 1.000 1.264 1.578 1.162 1.000 1.141 1.000 1.247 1.057 1.270 1.056 1.121
Magpie 1 0.031 1.000 0.306 0.307 0.185 0.234 0.000 1.000 1.000 1.000 2.266 1.000 1.000 1.446 1.000 1.000 1.000 1.950 1.214 1.293
Magpie 2 0.000 0.240 0.000 0.191 0.270 0.286 0.329 1.000 1.000 1.000 1.000 1.256 1.000 1.000 1.000 1.000 1.000 10.000 * 0.936 0.351
Magpie 3 0.000 0.000 0.000 0.844 0.152 0.168 0.156 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 10.000 * 0.971 0.809
Magpie 4 0.119 0.925 0.383 0.075 0.000 0.075 0.000 1.000 1.000 1.000 1.000 3.291 1.058 1.000 1.229 10.000 * 1.000 1.000 1.000 1.000
Magpie 5 0.270 0.182 0.196 0.104 0.183 0.273 0.185 1.489 7.190 1.000 3.497 2.447 1.000 3.967 2.383 1.000 1.000 1.000 0.395 2.238
Magpie 6 0.790 0.000 0.000 0.147 1.000 0.297 0.000 1.210 2.235 1.000 1.000 1.000 1.000 1.000 1.000 1.000 2.309 1.000 0.695 0.615
Magpie 7 0.090 0.107 0.256 0.052 0.301 0.230 0.332 1.000 1.000 1.000 2.748 1.000 1.190 7.886 1.000 10.000 * 1.000 1.000 0.677 2.243
Magpie 8 0.000 0.000 0.000 0.450 0.109 0.584 0.261 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 3.391 1.000 0.256
Magpie 9 0.313 0.000 1.000 0.072 0.392 0.473 0.000 1.000 1.028 3.611 1.000 1.000 1.000 2.094 1.000 10.000 * 1.000 1.000 0.813 0.524
Magpie 10 0.000 0.000 0.000 0.245 0.686 0.000 0.213 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Magpie 11 0.055 0.196 0.000 0.000 0.244 0.753 0.105 1.000 1.000 1.000 1.063 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.701 0.367
Magpie 12 0.089 0.162 0.097 0.000 0.183 0.640 0.208 1.000 1.805 1.165 1.168 1.000 1.000 1.067 1.000 10.000 * 1.000 1.000 1.030 1.858

Averages 0.15 0.23 0.19 0.21 0.31 0.33 0.15 1.058 1.688 1.231 1.479 1.333 1.021 1.955 1.134 4.000 1.109 2.778 0.869 1.046

Continuous 
covariates

Heard
/seen

M ain+
other
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Table A4: Seasonal effective strip widths per species and farm. Values in italics were calculated using detection 
function curves for season-specific levels of the covariate "season" were that covariate was sufficiently  
influential; the remaining entries use the annual average ESW value. For entries marked with an asterisk *, no 
detection function models were available, and ESWs have been averaged from the other farms in that cluster.

Farm Skylark Blackbird Thrush Magpie
Breed Post Winter Breed Post Winter Breed Post Winter Breed Post Winter

1 56.1 53.5 32.5 25.0 25.0 25.0 35.5 35.5 35.5 73.0 73.0 73.0
2 42.1 42.1 42.1 27.7 29.4 54.8 49.8 49.8 49.8 66.7 66.7 66.7
3 55.5 36.9 32.6 26.2 20.8 20.8 22.0 22.0 22.0 49.7 49.7 49.7
4 67.6 47.2 76.0 52.7 52.7 52.7 33.9 33.9 33.9 109.3 139.5 134.6
5 38.0 41.6 65.3 51.9 51.9 51.9 39.6 39.6 39.6 110.2 148.9 87.2
6 55.4 55.4 55.4 44.6 44.6 44.6 36.74* 36.74* 36.74* 84.1 118.7 91.9
7 48.1 48.1 48.1 30.2 21.5 68.5 26.9 26.0 61.0 72.5 72.5 72.5
8 55.5 49.6 39.2 40.4 40.4 40.4 42.7 42.7 42.7 56.2 56.2 56.2
9 43.4 43.4 43.4 39.4* 39.4* 39.4* 39.5* 39.5* 39.5* 122.2 131.8 225.0

10 41.5 41.5 41.5 29.6 25.8 28.2 36.1 22.8 29.1 77.9 77.9 77.9
11 42.9 42.9 42.9 35.9 35.9 35.9 29.8 29.8 29.8 122.1 122.1 122.1
12 49.7 46.6 50.9 51.9 51.9 51.9 40.1 40.1 40.1 125.8 125.8 125.8

italics: constructed seasonal ESW * : missing annual ESW, averaged from cluster

Table A5: Correction factors for Distance sampling density estimates,  
representing the ratio between the transect area assumed by program Distance  
and the area actually surveyed by observers by recording detections from 
beyond the perpendicular start and end borders of the transect. Calculation of  
transect areas was based on farm*species-specific effective strip widths (see 
chapter 4, section "Field methods", for details).

Correction factors
Farm Skylark Blackbird Thrush Magpie

1 1.174 1.082 1.117 1.240
2 1.136 1.097 1.161 1.216
3 1.154 1.068 1.072 1.162
4 1.197 1.170 1.109 1.381
5 1.149 1.168 1.128 1.339
6 1.176 1.142 - 1.292
7 1.161 1.128 1.121 1.242
8 1.167 1.131 1.139 1.183
9 1.139 - - 1.416
10 1.134 1.085 1.096 1.251
11 1.137 1.115 1.095 1.389
12 1.159 1.171 1.132 1.415
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Table A6: Confidence sets for Hierarchical General Linear models of seasonal effective strip width in relation to 
farm-level habitat parameters, with farm identity as blocking factor. Models were selected by AICc from an all-
subsets HGLM  regression, then parameters in selected models were tested for significant effects using a REML with 
the same data structure (chi_suq test), then effects of individual parameter levels were tested in the HGLM (t-test).  
Test probabilities are given for the appropriate parameter types. HGLM effect estimates and standard errors are 
given for continuous parameters and factor parameter levels. An approximate measure of absolute fit is given as the 
R2 and F-test probability of a GML with the same data structure, but no blocking factors.

Species Model Rank Parameter Estimate se df chi p t p Akaike weight 0.61

Skylark 1 %intveg 84.3 88.9 1 0.684 AW ratio 1.57

%veg -33.1 17.1 1 0.053 8.6
GLM model F p 19.8

Model Rank Parameter Estimate se df chi p t p Akaike weight 0.39

Skylark 2 %intveg 75.1 91.8 1 0.684 - AW ratio -

Cluster - - 1 0.053 - 19.8
Cluster 2 13.1 4.22 - - 0.05 GLM model F p 0.03
Cluster 3 2.8 4.02 - - 0.53
Cluster 4 3.2 4.96 - - 0.57

Species Model Rank Parameter Estimate se df chi p t p Akaike weight 0.5
Blackbird %veg 1 %veg -40.7 22.3 1 0.007 - AW ratio 1.62

26.2
GLM model F p <0.001

Model Rank Parameter Estimate se df chi p t p Akaike weight 0.31

Blackbird 2 %veg -8.7 27 1 0.007 - AW ratio 1.57

Season - - 2 0.061 - 34.6

- - 2 0.002 - GLM model F p 0.003

Season breed -4.9 2.78 - - 0.220
Season post -6.2 2.78 - - 0.153

-70.3 26.3 - - 0.116

-85.4 26.3 - - 0.083

Model Rank Parameter Estimate se df chi p t p

3 see above model

Thrush no models available

Species Model Rank Parameter Estimate se df chi p t p Akaike weight 1

Magpie 1 %intveg -1201.0 197 1 <0.001 - AW ratio -

%veg -182.6 34.3 1 <0.001 - 70.8

10314.0 1889 1 <0.001 - GLM model F p <0.001

%intveg + 
%veg

GLM model R2

%intveg + 
cluster

GLM model R2

GLM model R2

%veg X 
season

GLM model R2

%veg X 
season

%veg X 
season breed

%veg X 
season post

%veg + 
season

%intveg X 
%veg

GLM model R2

%intveg X
%vveg
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Table A7: Density, population size, and related measures for each species-by-farm combination. Cluster: group of  
three geographically matched farms. Panel: farm management type (Conventional, Integrated Management, or 
Certified Organic). Density: estimated individuals per hectare. Populatio size: estimated birds per total farm 
area. Detection probability: estimated average probability of detecting any one bird in the field. All estimates 
represent multi-model averages derived from AIC-averaged confidence sets of models. (*) = averaged from 
cluster densities. 

Species Farm Cluster Panel Detections

Skylark 1 Banks CON 0.31 76.09 0.159 115 0.527 0.072
2 Banks ORG 0.32 148.38 0.223 78 0.440 0.140
3 Banks INT 0.36 122.63 0.193 95 0.410 0.080
4 Oamaru ORG 0.47 310.04 0.152 158 0.582 0.067
5 Oamaru CON 1.55 391.53 0.121 353 0.574 0.094
6 Oamaru INT 0.5 107.52 0.127 191 0.504 0.070
7 Outram CON 0.16 113.49 0.244 46 0.708 0.121
8 Outram ORG 0.68 430.66 0.134 176 0.468 0.060
9 Outram INT 1.18 1608.44 0.120 395 0.434 0.092
10 Catlins ORG 0.3 148.35 0.170 84 0.659 0.080
11 Catlins CON 0.27 146.29 0.215 77 0.659 0.100
12 Catlins INT 0.22 81.46 0.259 49 0.618 0.172

Blackbird 1 Banks CON 0.35 87.06 0.225 63 0.379 0.125
2 Banks ORG 0.33 152.4 0.201 65 0.373 0.124
3 Banks INT 0.38 127.17 0.245 46 0.520 0.146
4 Oamaru ORG 0.26 173.75 0.195 86 0.519 0.109
5 Oamaru CON 0.23 58.45 0.239 85 0.399 0.159
6 Oamaru INT 0.19 40.62 0.271 62 0.408 0.198
7 Outram CON 0.8 551.5 0.135 181 0.510 0.066
8 Outram ORG 0.43 275.24 0.210 115 0.400 0.080
9 Outram INT 0,091 * 124,09 * - 23 - -
10 Catlins ORG 0.74 363.57 0.157 138 0.330 0.108
11 Catlins CON 0.65 349.75 0.043 157 0.449 0.082
12 Catlins INT 0.41 154.56 0.201 123 0.493 0.124

Thrush 1 Banks CON 0.07 16.74 0.377 19 0.709 0.181
2 Banks ORG 0.08 35.6 0.335 28 0.498 0.168
3 Banks INT 0.14 46.54 0.373 22 0.667 0.175
4 Oamaru ORG 0.14 89.28 0.255 34 0.616 0.148
5 Oamaru CON 0.12 31.59 0.304 30 0.570 0.150
6 Oamaru INT 0,045 * 10,7 * - 16 - -
7 Outram CON 0.63 154.47 0.182 114 0.478 0.084
8 Outram ORG 0.25 157.46 0.262 62 0.406 0.117
9 Outram INT 0,043 * 54,5 * - 12 - -
10 Catlins ORG 0.42 207.47 0.204 71 0.583 0.109
11 Catlins CON 0.39 209.54 0.205 64 0.851 0.066
12 Catlins INT 0.41 154.56 0.216 85 0.535 0.090

Magpie 1 Banks CON 0.13 32.53 0.217 49 0.487 0.123
2 Banks ORG 0.11 51.76 0.334 38 0.534 0.244
3 Banks INT 0.42 141.79 0.209 70 0.414 0.112
4 Oamaru ORG 0.15 96.44 0.180 81 0.589 0.085
5 Oamaru CON 0.16 39.65 0.181 82 0.673 0.155
6 Oamaru INT 0.34 73.14 0.139 130 0.573 0.074
7 Outram CON 0.14 98.86 0.223 50 0.630 0.159
8 Outram ORG 0.23 146.73 0.269 61 0.375 0.210
9 Outram INT 0.11 150.26 0.213 79 0.579 0.086
10 Catlins ORG 0.18 89.9 0.240 67 0.458 0.176
11 Catlins CON 0.11 57.51 0.177 63 0.788 0.101
12 Catlins INT 0.13 49.26 0.169 78 0.629 0.102

Density (D) Population 
size (N) cv D | N Detection 

prob. (p) cv  p
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Table A8 / 1 (Skylark & Blackbird): Confidence sets for Hierarchical General Linear models of all-year density in  
relation to farm-level habitat parameters, with farm identity as blocking factor. Models were selected by AICc from 
an all-subsets HGLM  regression, then parameters in selected models were tested for significant effects using a 
REML with the same data structure (chi_squ test), then effects of individual parameter levels were tested in the  
HGLM (t-test). Test probabilities are given for the appropriate parameter types. HGLM effect estimates and 
standard errors are given for continuous parameters and factor parameter levels. An approximate measure of  
absolute fit is given as the R2 and F-test probability of a GML with the same data structure, but no blocking factors.

Species Model Rank Parameter Estimate se df chi p t p Akaike weight 0.9

Skylark 1 %veg -4.140 2.120 1 <0.001 - AW ratio 9.09

Cluster - - 3 <0.001 - 55.4
%veg X cluster - - 3 <0.001 - GLM model F p <0.001

Season - - 2 0.007 -
Cluster 2 -0.094 0.553 - - 0.023
Cluster 3 -0.353 0.234 - - 0.228
Cluster 4 -0.580 0.236 - - 0.091

%veg X cluster 2 -17.010 5.210 - - 0.047
%veg X cluster 3 1.040 2.160 - - 0.089
%veg X cluster 4 4.970 2.290 - - 0.117

Season post -0.032 0.058 - - 0.643
Season winter 0.179 0.065 - - 0.111

Model Rank Parameter Estimate se df chi p t p Akaike weight 0.1

Skylark 2 %intveg_in_veg 0.597 0.124 1 <0.001 - AW ratio -

Season - - 2 0.006 - 41.6
Season post -0.036 0.059 - - 0.598 GLM model F p <0.001

Season winter 0.178 0.066 - - 0.114

Species Model Rank Parameter Estimate se df chi p t p Akaike weight 0.43

Blackbird 1 %intveg 8.440 3.440 1 0.271 - AW ratio 1.16

%intveg_in_veg -0.549 0.160 1 <0.001 - 34.1

25.1 10.500 1 0.014 - GLM model F p <0.001

Season - - 2 <0.001 -
Season post -0.383 0.091 - - 0.052

Season winter -0.131 0.103 - - 0.335

Model Rank Parameter Estimate se df chi p t p Akaike weight 0.37

Blackbird 2 %intveg 8.550 3.410 1 0.268 - AW ratio 4.9

%intveg_in_veg -0.554 0.159 1 <0.001 - 36.0

25.2 10.400 1 0.013 - GLM model F p <0.001

Season - - 2 <0.001 -
cohort - - 1 0.039 -

Season post -0.425 0.092 - - 0.044
Season winter -0.135 0.102 - - 0.315

Cohort 2 -0.17 0.080 - - 0.288

Model Rank Parameter Estimate se df chi p t p Akaike weight 0.07

Blackbird 3 %intveg_in_veg -0.534 0.202 1 0.013 - AW ratio 1.06

Season - - 2 <0.001 - 22.9
Season post -0.387 0.091 - - 0.053 GLM model F p <0.001

Season winter -0.137 0.103 - - 0.338

Model Rank Parameter Estimate se df chi p t p Akaike weight 0.07
Blackbird %veg + season 4 %veg 2.304 0.776 1 0.011 - AW ratio -

Season - - 2 <0.001 - 23.0
Sseason post -0.382 0.091 - - 0.053 GLM model F p <0.001
Season winter -0.130 0.103 - - 0.338

%veg X cluster + 
season

GLM model R2

%intveg_in_veg + 
season

GLM model R2

%intveg X 
%intveg_in_veg + 

season
GLM model R2

%intveg X 
%intveg_in_veg

%intveg X 
%intveg_in_veg + 
season + cohort

GLM model R2

%intveg X 
%intveg_in_veg

%intveg_in_veg + 
season

GLM model R2

GLM model R2
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Table A8 / 2 (Thrush and Magpie): Confidence sets for Hierarchical General Linear models of all-year density 
in relation to farm-level habitat parameters, with farm identity as blocking factor. Models were selected by AICc 
from an all-subsets HGLM  regression, then parameters in selected models were tested for significant effects  
using a REML with the same data structure (chi_squ test), then effects of individual parameter levels were 
tested in the HGLM (t-test). Test probabilities are given for the appropriate parameter types. HGLM effect  
estimates and standard errors are given for continuous parameters and factor parameter levels. An approximate  
measure of absolute fit is given as the R2 and F-test probability of a GML with the same data structure, but no 
blocking factors.

Species Model Rank Parameter Estimate se df chi p t p Akaike weight 0.59

Thrush 1 %v eg 5.510 1.26 1 0.002 - AW ratio 3.46

Panel - - 2 0.016 - 50.3
%v eg X panel - - 2 <0.001 - GLM model F p <0.001

Season - - 2 <0.001 -
Cluster - - 3 <0.001 -

Panel org -0.068 0.12 - - 0.632
Panel con -0.018 0.13 - - 0.901

%veg X panel org -5.220 1.17 - - 0.047
%v eg X panel con -3.920 1.41 - - 0.108

Cluster 2 0.483 0.19 - - 0.085
Cluster 3 0.615 0.18 - - 0.042
Cluster 4 0.858 0.14 - - 0.008

Season post -0.440 0.097 - - 0.045
Season winter 0.396 0.109 - - 0.069

Model Rank Parameter Estimate se df chi p t p Akaike weight 0.17

Thrush 2 %intv eg_in_v eg -0.455 0.23 1 0.062 - AW ratio 1.42

Season - - 2 <0.001 - 31.7
Season post -0.439 0.097 - - 0.046 GLM model F p <0.001

Season winter 0.401 0.110 - - 0.068

Model Rank Parameter Estimate se df chi p t p Akaike weight 0.12

Thrush 4 v egV 5.500 1.3 1 0.011 - AW ratio -

%intv eg 0.52 3.99 1 <0.001 - 42.7
Panel - - 2 0.065 - GLM model F p <0.001

%v eg X panel - - 2 0.010 -
Season - - 2 <0.001 -
Cluster - - 3 <0.001 -

Panel org -0.068 0.13 - - 0.643
Panel con -0.023 0.13 - - 0.881

%veg X panel org -5.180 1.25 - - 0.054
%v eg X panel con -3.990 1.53 - - 0.122

Cluster 2 0.486 0.2 - - 0.090
Cluster 3 0.618 0.19 - - 0.045
Cluster 4 -0.001 0.04 - - 0.971

Season post -0.439 0.097 - - 0.046
Season winter 0.396 0.110 - - 0.069

Species Model Rank Parameter Estimate se df chi p t p Akaike weight 1
Magpie %intv eg X panel 1 %intv eg 23.960 4.1 1 0.029 - AW ratio -

Panel - - 2 0.002 - 35.5
%intv eg X panel - - 2 <0.001 - GLM model F p <0.001

Panel org -0.150 0.08 - - 0.206
Panel con -0.307 0.08 - - 0.064

%intv eg X panel org -16.690 5.45 - - 0.092
%intv eg X panel con -24.040 4.6 - - 0.035

%veg X panel + 
season + cluster

GLM model R2

%intv eg_in_v eg 
+ season

GLM model R2

%veg X panel + 
%intv eg + 

season + cluster
GLM model R2

GLM model R2
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Table A9: Circuitlevel density estimates per farm, for all species. Estimates were calculated from sightings  
database using seasonal effective strip widths. ' * ' denotes cases were no all-year or seasonal effective strip  
width could be modelled due to insufficient detections, and circuit-level density estimates were instead based on 
the cluster average of ESWs.  ' - ' denotes cases were a farm was not visited during that circuit.

Species Farm Panel / cluster Circuit / m onth
1 2 3 4 5 6 7 8 9 10

 11/05 01/06 02/06 04/06 07/06 09/06 11/06 12/06 02/07  08/07
Skylark 1 Con / Banks 0.43 0.39 0.25 0.52  - 0.26 0.44 0.19 0.19 0.65

2 Org / Banks 0.24 0.11 0.15 0.39 0.81 0.38 0.33  - 0.16 0.05
3 Int / Banks 0.56 0.29 0.14 0.49 1.45  - 0.31 0.45 0.25 0.31
4 Org / Oamaru 0.24 0.37 0.44 0.44 0.88  - 0.46 0.32 0.43 0.25
5 Con / Oamaru 0.86 0.85 1.39 1.91 1.85 1.49 1.34 1.53  - 1.18
6 Int / Oamaru 0.51 0.31 0.52 0.85 0.66 0.46 0.44 0.43 0.26 0.63
7 Con / Outram 0.04 0.14 0.02 0.10 0.76 0.19 0.28  - 0.14 0.03
8 Org / Outram 0.51 0.28 0.63 0.33 3.52 0.60 0.53 0.29  - 1.27
9 Int / Outram 1.21 1.24 1.17 1.08 0.65 1.64  - 1.19 1.32 1.29
10 Org / Catlins 0.20 0.29 0.24 0.41 0.21 0.65  - 0.27 0.15 0.23
11 Con / Catlins 0.32  - 0.14 0.28 0.48 0.63  - 0.05 0.08 0.44
12 Int / Catlins 0.19 0.17 0.06 0.41 0.33  - 0.09 0.00 0.00 0.64

Blackbird 1 Con / Banks 0.81 0.68 0.10 0.10  - 0.46 0.46 0.48 0.07 0.06
2 Org / Banks 0.22 0.28 0.00 0.24 0.23 0.41 0.54  - 0.09 0.23
3 Int / Banks 0.88 0.08 0.60 0.76 0.09  - 0.70 0.39 0.06 0.27
4 Org / Oamaru 0.27 0.17 0.10 0.02 1.13  - 0.22 0.07 0.03 0.28
5 Con / Oamaru 0.32 0.26 0.40 0.04 0.24 0.15 0.08 0.02  - 0.08
6 Int / Oamaru 0.54 0.13 0.20 0.02 0.11 0.22 0.30 0.29 0.11 0.00
7 Con / Outram 0.63 0.58 0.42 0.53 0.63 0.57 1.22  - 0.52 0.59
8 Org / Outram 1.61 0.21 0.25 0.32 0.46 0.53 0.14 0.15  - 0.62
9 Int / Outram 0.45 * 0 * 0 * 0.04 * 0.07 * 0.14 *  - 0 * 0.07 * 0 *
10 Org / Catlins 1.50 0.46 0.72 0.32 0.78 0.78  - 0.21 0.36 0.47
11 Con / Catlins 0.65  - 0.46 0.44 0.92 0.71  - 0.53 0.54 1.21
12 Int / Catlins 0.66 0.21 0.09 0.06 0.50  - 0.92 0.93 0.00 0.25

Thrush 1 Con / Banks 0.06 0.08 0.00 0.00  - 0.08 0.11 0.08 0.00 0.31
2 Org / Banks 0.02 0.00 0.00 0.00 0.22 0.15 0.15  - 0.00 0.08
3 Int / Banks 0.00 0.14 0.18 0.05 1.11  - 0.18 0.11 0.06 0.32
4 Org / Oamaru 0.13 0.13 0.03 0.03 0.62  - 0.27 0.09 0.00 0.16
5 Con / Oamaru 0.03 0.26 0.11 0.03 0.28 0.16 0.11 0.02  - 0.07
6 Int / Oamaru 0 * 0.15 * 0.02 * 0 * 0.12 * 0.03 * 0.03 * 0.02 * 0.06 * 0 *
7 Con / Outram 0.13 0.14 0.16 0.05 1.23 1.67 0.39  - 0.47 0.63
8 Org / Outram 0.56 0.07 0.19 0.02 0.63 0.23 0.04 0.07  - 0.57
9 Int / Outram 0.09 * 0.02 * 0 * 0 * 0.14 * 0.05 *  - 0 * 0.07 * 0 *
10 Org / Catlins 0.33 0.38 0.39 0.00 1.78 0.38  - 0.32 0.08 0.18
11 Con / Catlins 0.21  - 0.27 0.00 1.52 0.28  - 0.19 0.27 1.40
12 Int / Catlins 0.26 0.13 0.09 0.03 2.01  - 0.80 0.15 0.18 0.25

Magpie 1 Con / Banks 0.10 0.09 0.10 0.03  - 0.02 0.15 0.21 0.07 0.09
2 Org / Banks 0.15 0.06 0.03 0.00 0.05 0.09 0.09  - 0.19 0.10
3 Int / Banks 0.79 0.60 0.32 0.19 0.30  - 0.09 0.26 0.37 1.09
4 Org / Oamaru 0.04 0.08 0.02 0.13 0.10  - 0.27 0.09 0.10 0.11
5 Con / Oamaru 0.07 0.11 0.07 0.05 0.28 0.08 0.09 0.01  - 0.18
6 Int / Oamaru 0.36 0.23 0.16 0.14 0.30 0.16 0.17 0.28 0.77 0.13
7 Con / Outram 0.16 0.08 0.07 0.19 0.12 0.02 0.18  - 0.06 0.04
8 Org / Outram 0.25 0.17 0.30 0.30 0.13 0.35 0.04 0.12  - 0.20
9 Int / Outram 0.02 0.20 0.14 0.02 0.04 0.04  - 0.07 0.13 0.01
10 Org / Catlins 0.12 0.17 0.16 0.09 0.05 0.05  - 0.30 0.08 0.09
11 Con / Catlins 0.12  - 0.07 0.11 0.09 0.07  - 0.11 0.07 0.04
12 Int / Catlins 0.07 0.15 0.11 0.04 0.07  - 0.03 0.06 0.05 0.04
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Table A10: Bird densities (birds per hectare) and number of detections in the two ARGOS surveys, per  
species and farm.  

Survey 1 (11/2004 – 01/2005) Survey 2 (12/2007 – 01/2008)

Species Farm Panel Density cv Detections Density cv Detections

Skylark 1 con 0.28 0.35 16 0.69 0.17 66
2 org 0.30 0.44 22 0.44 0.34 38
3 int 0.09 0.54 6 0.65 0.27 54
4 org 0.33 0.54 24 0.74 0.21 87
5 con 1.15 0.25 72 1.17 0.21 132
6 int 0.72 0.26 62 0.55 0.23 45
7 con 0.71 0.41 36 0.39 0.32 27
8 org 0.87 0.35 47 1.09 0.22 81
9 int 1.36 0.28 61 2.70 0.12 225

10 org 0.14 0.37 8 0.65 0.22 41
11 con 0.16 0.48 11 0.44 0.28 23
12 int 0.22 0.57 13 0.38 0.32 23

Blackbird 1 con 0.28 0.56 5 0.08 0.72 3
2 org 0.07 0.95 3 0.47 0.37 20
3 int 1.04 0.44 20 0.61 0.26 58
4 org 1.79 0.53 37 0.28 0.53 22
5 con 1.90 0.62 27 0.91 0.47 21
6 int 0.45 0.58 9 0.63 1.10 6
7 con 2.24 0.33 27 0.90 0.22 39
8 org 1.43 0.22 23 0.59 0.48 32
9 int 0.15 0.66 2 0.00 0.00 0

10 org 1.04 0.53 22 0.85 0.19 32
11 con 0.76 0.47 12 2.68 0.29 78
12 int 0.80 0.36 90 1.15 0.31 55

Thrush 1 con 0.06 0.99 3 0.19 0.79 10
2 org 0.02 0.95 1 0.18 0.42 8
3 int 0.07 0.74 4 0.23 0.49 15
4 org 0.17 0.61 9 0.15 0.47 13
5 con 0.39 0.62 24 0.33 0.57 17
6 int 0.09 0.67 5 0.07 0.76 4
7 con 0.36 0.29 17 0.57 0.44 24
8 org 0.33 0.41 22 0.82 0.70 29
9 int 0.06 1.00 3 0.00 0.00 0

10 org 0.38 0.58 36 0.37 0.59 16
11 con 0.51 0.29 37 1.53 0.54 73
12 int 0.89 0.45 75 1.14 0.42 55

Magpie 1 con 0.04 0.68 8 0.09 0.50 16
2 org 0.04 1.03 7 0.16 0.48 34
3 int 0.25 0.42 33 0.38 0.25 63
4 org 0.19 0.26 31 0.18 0.27 49
5 con 0.17 0.33 23 0.31 0.34 57
6 int 0.61 0.25 126 0.17 0.31 49
7 con 0.13 0.44 12 0.18 0.22 31
8 org 0.09 0.59 7 0.10 0.31 22
9 int 0.04 0.79 6 0.12 0.39 24

10 org 0.15 0.44 22 0.07 0.36 17
11 con 0.13 0.35 18 0.14 0.41 18
12 int 0.11 0.44 13 0.27 0.27 26



Table A11: Population model parameters used to calculate magnitude and variability of reproduction rates, for all species where density estimates could be produced in the 
ARGOS surveys. Data are sourced from Heather and Robertson (2000). Reproduction values (minimum, maximum, and average) are the annual percentual population 
increase per parent bird based on number of broods and eggs; based on these, reproduction variation is the maximum variation around the reproduction average.  

Common name Scientific  name

Bellbird Anthornis melanura 2 2 2 3 4 3.5 7 300 400 350 14
Blackbird Turdus merula 2 3 2.5 2 6 3.5 8.75 200 900 438 80
Chaffinch Fringilla coelebs 2 2 2 3 6 4 8 300 600 400 38
Dunnock Prunella modularis 2 3 2.5 2 5 4.5 11.25 200 750 563 49
Fantail Rhipidura fuliginosa 2 3 2.5 3 4 3.5 8.75 300 600 438 34

Feral Pigeon Columba livia 2 3 2.5 1 4 2 5 100 600 250 100
Goldfinch Carduelis carduelis 1 2 1.5 2 6 4.5 6.75 100 600 338 74

Greenfinch Carduelis chloris 2 2 2 3 6 5 10 300 600 500 30
Grey Warbler Gerygone igata 2 2 2 3 6 4 8 300 600 400 38

Harrier Circus approximans 1 1 1 2 7 3 3 100 350 150 83
House Sparrow Passer domesticus 3 4 3.5 1 6 4 14 150 1200 700 75

Australasian Magpie Gymnorhina tibicen 1 1 1 2 5 3.5 3.5 100 250 175 43
Mallard Duck Anas platyrhynchos 1 2 1.5 10 16 13 19.5 500 1600 975 56

Paradise Shelduck Tadorna variegata 1 1 1 5 15 9 9 250 750 450 56
Pied Oystercatcher Haematopus finschi 1 1 1 1 3 2 2 50 150 100 50

Pied Stilt 1 1 1 2 5 4 4 100 250 200 38

Redpoll Carduelis flammea 2 2 2 3 6 4 8 300 600 400 38
Silvereye Zosterops lateralis 2 2 2 3 4 3.5 7 300 400 350 14
Skylark Alauda arvensis 2 3 2.5 2 5 3.5 8.75 200 750 438 63

Song Thrush Turdus philomelos 2 3 2.5 2 6 3.5 8.75 200 900 438 80
Spurwinged Plover Vanellus miles 2 3 2.5 1 4 4 10 100 600 500 50

Starling Sturnus vulgaris 1 2 1.5 1 6 4.5 6.75 50 600 338 81
Welcome swallow Hirundo tahitica 2 3 2.5 3 5 4 10 300 750 500 45

Whitefaced Heron 1 1 1 3 5 4 4 150 250 200 25

Yellowhammer Emberiza citrinella 2 2 2 3 5 4 8 300 500 400 25

Min. 
broods

Max. 
broods

Avg.  
broods

Min. 
eggs

Max. 
eggs

Avg.  
eggs

Avg. eggs/
season

Min. 
reproduction 

%

Max. 
reproduction 

%

Avg. 
reproduction 

%

Max. 
reproduction 
variation %

Himantopis 
himantopis

Ardea 
noveaehollandiae
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llustration A1: Skylark farmlevel detection histograms and detection function curves for all 12 farms (ordered by 
rows). X axis shows detection distance (m) out to truncation distance, Y axis shows detection probability. The 
histogram shows number of detections (not labeled) per distance interval; the detection function g(x) was fit to 
the histogram and the Y axis then scaled to g(0)=1. For χ2 goodness of fit, see table A2.
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Illustration A2: Blackbird farmlevel detection histograms and detection function curves for all 11 farms (ordered 
by rows; no models could be fit for Farm 9). X axis shows detection distance (m) out to truncation distance, Y 
axis shows detection probability. The histogram shows number of detections (not labeled) per distance interval;  
the detection function g(x) was fit to the histogram and the Y axis then scaled to g(0)=1. For χ2 goodness of fit,  
see table A2.

no models 
available
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Illustration A3: Thrush farmlevel detection histograms and detection function curves for all 10 farms (ordered 
by rows; no models could be fit for farms 6 and 9). X axis shows detection distance (m) out to truncation 
distance, Y axis shows detection probability. The histogram shows number of detections (not labeled) per 
distance interval; the detection function g(x) was fit to the histogram and the Y axis then scaled to g(0)=1. For 
χ2 goodness of fit, see table A2.

no models 
available

no models 
available
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Illustration A4: Magpie farmlevel detection histograms and detection function curves for all 12 farms (ordered 
by rows). X axis shows detection distance (m) out to truncation distance, Y axis shows detection probability. The 
histogram shows number of detections (not labeled) per distance interval; the detection function g(x) was fit to 
the histogram and the Y axis then scaled to g(0)=1. For χ2 goodness of fit, see table A2.



Appendix 2:   Population dynamics simulation program  

The source code for the simulation program described in chapter 5 
follows. The code is written to be interpreted by Quickbasic 7.1 
(Microsoft). An electronic copy is available on request.
Part 1: Program code. To execute with Quickbasic, copy into an 
unformatted text file and save under any file name not longer than 8 
characters, with the suffix ".bas"
Part 2: Contents of mask file used to generate the start-up menu and 
interface. This should be saved as an unformatted text file "menu.txt"  
and placed in the same directory as the program file.

The output files contain comma-delineated columns of virtual  
"samples" taken from the simulated densities; they can be imported 
into a statistics program for further amalysis. Printing of a summary 
of parameters used at the start of the file can be turned on in the code.

------------------------
Program Code:
------------------------

DECLARE SUB menu (defaults AS INTEGER)
COMMON SHARED cyclesbefore AS INTEGER, cyclesafter AS INTEGER, replicates AS 
INTEGER, controls AS INTEGER, sampletime AS INTEGER, sampleamount AS INTEGER, 
samperror AS INTEGER
COMMON SHARED envflux AS INTEGER, demflux AS INTEGER, effecttype AS STRING, 
effectsize  AS INTEGER, birth AS INTEGER, relapse AS INTEGER, popbase AS INTEGER, 
popbaseflux AS INTEGER, totalreps AS INTEGER, twostep AS INTEGER, splitfile AS INTEGER
COMMON SHARED realfile AS STRING, sampfile AS STRING

TYPE datumblock
        value(0 TO 2000) AS SINGLE
END TYPE

TYPE measureblock
        value(0 TO 2000) AS SINGLE
        position(0 TO 2000) AS INTEGER
END TYPE

DIM datablock AS datumblock
DIM sampleblock AS measureblock

DIM size(0 TO 2000), target(0 TO 2000), environflux(20)

'### NOTE! About the use of lambdas & target values:
'### The birthpulse is NOT a function of a population reproducing according to a "r"-value, but a 
set amount of new individuals "coming online" over a period of
'### 10 units. Thus no reproductive lambda is used, but a "fake" lambda is computed to spread a 
set birthpulse of x % out over 10 units.
'### Population decline follows the same principle. The percentage of decline is derived from the 
first decline, which presupposes birth/death equilibrium in the population at this
'### point. This percentage is then used for all cycles, with a  fake lambda used to shape it.
'### These lambdas are kept while the actual value of the "birth high" changes, because:
'###  - birthpulse lambda is "coming online", which is unrelated to predator presence
'###  - regression lambda denotes the NON-PREDATOR-RELATED mortality, which is assumed 
to stay constant. PREDATOR-related mortality is assumed to be nest
'### predation only in this model, and is expressed by the varying magnitude attained by the 
birthpulse.
'### (Thus the population size at any point in the model must be considered to be the number of 
adult individuals not subject to nest predation.)
'### Both lambdas are calculated by taking the 10th (for birth - 10 steps) or 90th (for regression - 
90 steps) root of the distance covered.
'### i.e. START * lambda^10 = target; therefore lambda = 10th root of (target/start)
'### Demographic and environmental fluctuations are applied to the target values before the 
lambdas are calculated.

CLS : SCREEN 12: WINDOW (0, 0)-(800, 600): RANDOMIZE TIMER

ON ERROR RESUME NEXT
KILL "*.rnd"
ON ERROR GOTO 0

CALL menu(1)

start:
        CLS
        nowrep = 1
        length = cyclesbefore + cyclesafter: entire = length * 100
        
popgeneration:
        
        FOR i = 1 TO length
                environflux(i) = 1 + (envflux - (INT(RND * ((envflux * 2) + 1)))) / 100
        NEXT i
        
        IF nowrep = 1 THEN
                '### open and prime sequential output files
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                        '### if splitfile is off, open and prime combined output files
                        IF splitfile = 2 THEN
                                OPEN "o", #3, realfile$
                                fileheader$ = "# PowerTest REAL DATA file": y = 3
                                GOSUB variablePrint
                                OPEN "o", #4, sampfile$
                                fileheader$ = "# PowerTest SAMPLES file": y = 4
                                GOSUB variablePrint

                        '### if splitfile is on, open and prime separate output files for BEFORE/AFTER
                        ELSE
                                a$ = realfile$: MID$(a$, LEN(a$) - 2, 1) = "B"
                                OPEN "o", #21, a$
                            fileheader$ = "# PowerTest REAL DATA file ### SPLIT: BEFORE ###": y = 3
                                GOSUB variablePrint
                                a$ = realfile$: MID$(a$, LEN(a$) - 2, 1) = "A"
                                OPEN "o", #22, a$
                               fileheader$ = "# PowerTest REAL DATA file ### SPLIT: AFTER ###": y = 3
                                GOSUB variablePrint
                                a$ = sampfile$: MID$(a$, LEN(a$) - 2, 1) = "B"
                                OPEN "o", #23, a$
                      fileheader$ = "# PowerTest SAMPLE DATA file ### SPLIT: BEFORE ###": y = 3
                                GOSUB variablePrint
                                a$ = sampfile$: MID$(a$, LEN(a$) - 2, 1) = "A"
                                OPEN "o", #24, a$
                         fileheader$ = "# PowerTest SAMPLE DATA file ### SPLIT: AFTER ###": y = 3
                                GOSUB variablePrint
                        END IF
        END IF
        
        '### generate Control populations
   
        '### open random access output files
                OPEN "control.rnd" FOR RANDOM AS #5 LEN = LEN(datablock)
                OPEN "consam.rnd" FOR RANDOM AS #6 LEN = LEN(sampleblock)
        FOR cntrlnr = 1 TO controls
     target(0) = popbase + (popbase * (popbaseflux - (INT((RND * popbaseflux * 2) + 1))) / 100)
                effectmod = 0
                FOR i = 1 TO length
                        '### birthpulse: each cycle a new birthpulse target and the necessary lambda are 
calculated, then the curve is generated using the lambda
                        now = (i - 1) * 100: GOSUB birthpulseTarget
                        GOSUB birthpulseLambda
     '### regress: same as with birthpulse - target is modified, lambda calculated, curve filled in
                        GOSUB regressTarget
                        regress = reglambda: GOSUB regressLambda
                NEXT i

                '### write real data

                FOR i = 1 TO entire
                        size(i) = target(i)
                        datablock.value(i) = size(i)
                NEXT i
                PUT #5, cntrlnr, datablock

                '### take & write sample data
                sourcefilename$ = contfile$: samplefilename$ = sampcontfile$: a = cntrlnr: y = 4: y1 = 
1: GOSUB measurements
                PUT #6, cntrlnr, sampleblock
        NEXT cntrlnr
        CLOSE #5, #6
        ERASE datablock.value: ERASE sampleblock.value: ERASE sampleblock.position

        '### generate Treatment populations

        '### open random access output files
                OPEN "treat.rnd" FOR RANDOM AS #5 LEN = LEN(datablock)
                OPEN "treatsam.rnd" FOR RANDOM AS #6 LEN = LEN(sampleblock)
         FOR treatnr = 1 TO replicates
                target(0) = popbase + (popbase * (popbaseflux - (INT((RND * popbaseflux * 2) + 1))) / 
100)
                FOR i = 1 TO length
                        '### birthpulse: each cycle a new birthpulse target and the necessary lambda are 
calculated, then the curve is generated using the lambda
                        effectmod = 0
                        IF i > cyclesbefore THEN
                                IF MID$(effecttype$, i - cyclesbefore, 1) = "1" THEN
                                        effectmod = effectsize
                                END IF
                        END IF
                        now = (i - 1) * 100: GOSUB birthpulseTarget
                        GOSUB birthpulseLambda
                        
     '### regress: same as with birthpulse - target is modified, lambda calculated, curve filled in
                        GOSUB regressTarget
                        regress = reglambda
                        '### calculate different lambda if relapse is wanted
                        IF i > cyclesbefore THEN
                                IF relapse = 1 AND MID$(effecttype$, i - cyclesbefore + 1, 1) = "0" THEN
                                        GOSUB relapse
                                END IF
                        END IF
                        GOSUB regressLambda
                NEXT i

                '### write real data
                FOR i = 1 TO entire
                        size(i) = target(i)
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                        datablock.value(i) = size(i)
                NEXT i
                PUT #5, treatnr, datablock

                '### take & write sample data
                sourcefilename$ = treatfile$: samplefilename$ = samptreatfile$: a = treatnr: y = 8: y1 = 
2: GOSUB measurements
                PUT #6, treatnr, sampleblock
        NEXT treatnr
        CLOSE #5, #6
        ERASE datablock.value: ERASE sampleblock.value: ERASE sampleblock.position

        '### write sequential output files

        OPEN "control.rnd" FOR RANDOM AS #5 LEN = LEN(datablock)
        OPEN "consam.rnd" FOR RANDOM AS #6 LEN = LEN(sampleblock)
        OPEN "treat.rnd" FOR RANDOM AS #7 LEN = LEN(datablock)
        OPEN "treatsam.rnd" FOR RANDOM AS #8 LEN = LEN(sampleblock)
        
        IF controls > replicates THEN morereps = controls ELSE morereps = replicates
                '### write real data
                FOR i = 1 TO morereps
                        FOR i3 = 1 TO 2
                                '### i3 values:: 1=control, 2=treatment
                                IF (i3 = 1 AND controls >= i) THEN GET #5, i, datablock ELSE IF (i3 = 2 
AND replicates >= i) THEN GET #7, i, datablock
                                FOR i2 = 1 TO entire
                                        IF (i3 = 1 AND controls < i) OR (i3 = 2 AND replicates < i) THEN
                                                x$ = ""
                                        ELSE
                                                x = FIX(datablock.value(i2) * 100) / 100
                                                x$ = STR$(x)
                                                FOR v = 1 TO LEN(x$) - 1: IF MID$(x$, LEN(x$) - v, 1) = "." THEN 
MID$(x$, LEN(x$) - v, 1) = ","
                                                NEXT v
                                        END IF
                       IF INT((i2 - 1) / 100) < cyclesbefore THEN beforeafter = 1 ELSE beforeafter = 2
                            IF splitfile = 2 THEN wheretowrite = 3 ELSE wheretowrite = 20 + beforeafter
                                        PRINT #wheretowrite, nowrep; CHR$(9); i; CHR$(9); i3; CHR$(9); 
beforeafter; CHR$(9); i2; CHR$(9); i2 - (INT((i2 - 1) / 100) * 100); CHR$(9); x$
                                NEXT i2
                        NEXT i3
                NEXT i
                
                '### write sample data
                y$ = "": z$ = ""
                FOR i = 1 TO morereps
                        FOR i3 = 1 TO 2
                                '### i3 1=control, 2=treatment

                                IF (i3 = 1 AND controls >= i) THEN GET #6, i, sampleblock ELSE IF (i3 = 2 
AND replicates >= i) THEN GET #8, i, sampleblock
                                IF (i3 = 1 AND controls < i) OR (i3 = 2 AND replicates < i) THEN
                                        y$ = CHR$(9): z$ = CHR$(9)
                                ELSE
                                        FOR i2 = 1 TO sampleamount * length
                                                x = FIX(sampleblock.value(i2) * 100) / 100
                                                y = sampleblock.position(i2)
                                                x$ = STR$(x)

                                                '### activate the following 2 lines if you want to replace decimal 
points with decimal commas (for old Excel versions)
                                                'FOR v = 1 TO LEN(x$) - 1: IF MID$(x$, LEN(x$) - v, 1) = "." THEN 
MID$(x$, LEN(x$) - v, 1) = ","
                                                'NEXT v

                                                IF sampletime = 3 AND twostep = 1 THEN
                     IF INT((y + 10) / 100) < cyclesbefore THEN beforeafter = 1 ELSE beforeafter = 2
                                                ELSE
                        IF INT((y - 1) / 100) < cyclesbefore THEN beforeafter = 1 ELSE beforeafter = 2
                                                END IF
                      IF beforeafter = 1 THEN y$ = y$ + CHR$(9) + x$ ELSE z$ = z$ + CHR$(9) + x$
                                        NEXT i2
                                END IF
                                IF splitfile = 2 THEN
                                        PRINT #4, nowrep; CHR$(9); i; CHR$(9); i3; CHR$(9); 1; y$
                                        PRINT #4, nowrep; CHR$(9); i; CHR$(9); i3; CHR$(9); 2; z$
                                ELSE
                                        PRINT #23, nowrep; CHR$(9); i; CHR$(9); i3; CHR$(9); 1; y$
                                        PRINT #24, nowrep; CHR$(9); i; CHR$(9); i3; CHR$(9); 2; z$
                                END IF
                                y$ = "": z$ = ""
                        NEXT i3
                NEXT i
        CLOSE #5, #6, #7, #8

        '### if total simulation replicates are requested, redo simulation
        IF totalreps = 1 OR nowrep >= totalreps THEN
                CLOSE #3, #4
                IF splitfile = 1 THEN CLOSE #21, #22, #23, #24
        ELSE
                nowrep = nowrep + 1
                GOTO popgeneration
        END IF
        GOTO displayResults

measurements:
        '### take measurements from generated data
                GET #5, a, datablock
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                FOR i = 1 TO entire
                        size(i) = datablock.value(i)
                NEXT i
                FOR i = 1 TO length
                        samplespacing = 10 / (sampleamount + 1)
                        IF sampletime = 3 THEN
                                divider = INT(sampleamount / 2)
                        ELSE
                                divider = 0
                        END IF
                        FOR i2 = 1 TO sampleamount
                                '### extra code to accommodate 2-Step-Option
                                IF i = 1 AND sampletime = 3 AND divider > 0 AND twostep = 1 THEN
                         sample = size(1) * (1 + (samperror - (INT(RND * ((samperror * 2) + 1)))) / 100)
                                        sampleblock.position(i2 + (sampleamount * (i - 1))) = 1
                                        IF sample < 0 THEN sample = 0
                                        '### fill data blocks for random access files
                                        sampleblock.value(i2 + (sampleamount * (i - 1))) = sample
                                        divider = divider - 1
                                ELSEIF sampletime = 1 OR (sampletime = 3 AND ((divider < 1 AND twostep 
= 2) OR (divider > 0 AND twostep = 1))) THEN
                                        IF (sampletime = 3 AND twostep = 1) THEN i4 = 1 ELSE i4 = 0
                                        IF (sampletime = 3 AND twostep = 2) THEN spacer = 
INT(samplespacing * (i2 - INT(sampleamount / 2))) ELSE spacer = INT(samplespacing * i2)
                                        sample = size((i - 1 - i4) * 100 + 100 - spacer) * (1 + (samperror - 
(INT(RND * ((samperror * 2) + 1)))) / 100)
                                        IF sample < 0 THEN sample = 0
                                        '### fill data blocks for random access files
              sampleblock.position(i2 + (sampleamount * (i - 1))) = ((i - 1 - i4) * 100 + 100 - spacer)
                                        sampleblock.value(i2 + (sampleamount * (i - 1))) = sample
                                        divider = divider - 1
                                ELSEIF sampletime = 2 OR (sampletime = 3 AND ((divider > 0 AND twostep 
= 2) OR (divider < 1 AND twostep = 1))) THEN
                                        IF (sampletime = 3 AND twostep = 1) THEN spacer = 
INT(samplespacing * (i2 - INT(sampleamount / 2))) ELSE spacer = INT(samplespacing * i2)
                                        sample = size((i - 1) * 100 + 10 + spacer) * (1 + (samperror - (INT(RND 
* ((samperror * 2) + 1)))) / 100)
                                        IF sample < 0 THEN sample = 0
                                        '### fill data blocks for random access files
                     sampleblock.position(i2 + (sampleamount * (i - 1))) = ((i - 1) * 100 + 10 + spacer)
                                        sampleblock.value(i2 + (sampleamount * (i - 1))) = sample
                                        divider = divider - 1
                                END IF
                        NEXT i2
                NEXT i
        RETURN

birthpulseTarget:
        '### set target for birthpulse peak 10 steps away

        permissibleflux = environflux(i) * (1 + ((demflux - (INT(RND * ((demflux * 2) + 1)))) / 100))
        target(now + 10) = target(now) * (1 + ((birth * (1 + (effectmod / 100))) / 100)) * 
permissibleflux

        '### calculate lambda
        '### Explanation: (Basic can't do 10th roots...)
        '### target(now) * lambda^10 = target(now+10)
        '### lambda^10 = target(now+10)/target(now)
        '### log(lambda^10) = log(lambda)*10
        '### log(lambda) = log(target(now+10)/target(now)) / 10
        '### lambda = e^(that)
        birthlambda = EXP((LOG(target(now + 10) / target(now)) / 10))

        now = now + 10
        RETURN

regressTarget:
        '### set target for low point 90 steps away
        '### note: for decline ratio, percentage of equilibrium state (i.e. equals UNMODIFIED 
birthrate) is used
        permissibleflux = environflux(i) * (1 + ((demflux - (INT(RND * ((demflux * 2) + 1)))) / 100))
        target(now + 90) = target(now) / (1 + (birth / 100)) * permissibleflux

        '### calculate lambda
        '### (Basic can't do 90th roots either... see above)
        reglambda = EXP((LOG(target(now + 90) / target(now)) / 90))
        
        now = now + 90
        RETURN

birthpulseLambda:
        '### recreate birthpulse using lambda derived from target peak value
        FOR j = 1 TO 10
                target((i - 1) * 100 + j) = target((i - 1) * 100 + (j - 1)) * birthlambda
        NEXT j
        RETURN

regressLambda:
        '### recreate regress using lambda derived from target low value
        FOR j = 11 TO 100
                target((i - 1) * 100 + j) = target((i - 1) * 100 + (j - 1)) * regress
        NEXT j
        RETURN

relapse:
        '### generate one-off regress lambda if pulse relapse option is selected
        now = (i - 1) * 100 + 10
        GOSUB regressTarget
        regress = reglambda: now = now - 90
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        RETURN
        
displayResults:
         CLS
         OPEN "control.rnd" FOR RANDOM AS #1 LEN = LEN(datablock)
         OPEN "treat.rnd" FOR RANDOM AS #2 LEN = LEN(datablock)
         OPEN "consam.rnd" FOR RANDOM AS #3 LEN = LEN(sampleblock)
         OPEN "treatsam.rnd" FOR RANDOM AS #4 LEN = LEN(sampleblock)

         '### runnr INDICES: runnr(1)=control, 2=treatment; values: 1 to replicates
         '### activeview: 0=top, 1=bottom
        activeview = 0
        displayhalf = 1: GOSUB displaySetup: runnr(1) = 1: GOSUB screenControl
        displayhalf = 0: GOSUB displaySetup: runnr(2) = 1: GOSUB screenTreat
        measuretoggle(0) = 0: measuretoggle(1) = 0

viewingHub:
        DO
                DO
                        a$ = INKEY$: IF LEN(a$) <> 0 THEN EXIT DO
                LOOP
                SELECT CASE a$
                CASE CHR$(27)
                        CLOSE #1: CLOSE #2: CLOSE #3: CLOSE #4
                        ERASE datablock.value: ERASE sampleblock.value: ERASE 
sampleblock.position
                        KILL "*.rnd"

                        '### auto-update suffix if it is a running 3-digit number
                        fileformat$(1) = realfile$: fileformat$(2) = sampfile$
                        FOR i = 1 TO 2
                                x = LEN(fileformat$(i)): y = 0
                                FOR i2 = 0 TO 2
                                        IF ASC(MID$(fileformat$(i), x - i2, 1)) > 47 AND ASC(MID$(fileformat$
(i), x - i2, 1)) < 58 THEN y = y + 1
                                NEXT i2
                                IF y = 3 THEN
                                        y = VAL(RIGHT$(fileformat$(i), 3)): y = y + 1
                                        IF y > 999 THEN y = 999
                                        y$ = MID$("000", 1, 4 - LEN(STR$(y))) + MID$(STR$(y), 2, 3)
                                        MID$(fileformat$(i), x - 2, 3) = y$
                                END IF
                        NEXT i
                        realfile$ = fileformat$(1): sampfile$ = fileformat$(2)
                        CALL menu(0): GOTO start
                CASE CHR$(13)
                        activeview = ABS(activeview - 1)
                        displayhalf = ABS(activeview - 1): GOSUB displaySetup: displayhalf = activeview: 
GOSUB displaySetup

                CASE CHR$(32)
                        IF activeview = 1 THEN
                                IF runnr(1) = controls THEN runnr(1) = 1 ELSE runnr(1) = runnr(1) + 1
                        ELSE
                                IF runnr(2) = replicates THEN runnr(2) = 1 ELSE runnr(2) = runnr(2) + 1
                        END IF
                        CLS 1: displayhalf = activeview: GOSUB displaySetup
                        IF activeview = 1 THEN GOSUB screenControl ELSE GOSUB screenTreat
                        IF measuretoggle(activeview) = 1 THEN GOSUB screenMeasure
                CASE "m", "M"
                        IF measuretoggle(activeview) = 1 THEN
            measuretoggle(activeview) = 0: CLS 1: displayhalf = activeview: GOSUB displaySetup
                          IF activeview = 1 THEN GOSUB screenControl ELSE GOSUB screenTreat
                        ELSE
                                measuretoggle(activeview) = 1: GOSUB screenMeasure
                        END IF
                CASE ELSE
                END SELECT
        LOOP

        END

screenControl:
        '### plot data
        GET #1, runnr(1), datablock
        FOR i = 1 TO entire
                size(i) = datablock.value(i)
        NEXT i
        size(0) = size(1)
        FOR i = 1 TO entire
                IF size(i) > 1000 THEN size(i) = 1000
                LINE (100 + i - 1, 30 + size(i - 1) * 20)-(100 + i, 30 + size(i) * 20), 15
        NEXT i
        LOCATE 29, 3: PRINT SPACE$(76);
        COLOR 15: LOCATE 29, 3: PRINT "Control"; runnr(1);
        COLOR 7: LOCATE 29, 18: PRINT "<SPACE> cycles  <M> toggle Measurements 
<ENTER> other window";
         RETURN

screenTreat:
        '### plot data
        GET #2, runnr(2), datablock
        FOR i = 1 TO entire
                size(i) = datablock.value(i)
        NEXT i
        size(0) = size(1)
        FOR i = 1 TO entire
                IF size(i) > 1000 THEN size(i) = 1000
                LINE (100 + i - 1, 30 + size(i - 1) * 20)-(100 + i, 30 + size(i) * 20), 15
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        NEXT i
        
        LOCATE 14, 3: PRINT SPACE$(76);
        COLOR 15: LOCATE 14, 3: PRINT "Treatment"; runnr(2);
        COLOR 7: LOCATE 14, 18: PRINT "<SPACE> cycles  <M> toggle Measurements 
<ENTER> other window";
         RETURN

screenMeasure:
        '### plot data
        IF activeview = 1 THEN
                GET #3, runnr(1), sampleblock
        ELSE
                GET #4, runnr(2), sampleblock
        END IF
        presample = sampleblock.value(1)
        prex = sampleblock.position(1)
        IF presample > 1000 THEN presample = 1000
        FOR i = 1 TO length
                averagesample = 0: averagex = 0
                FOR i2 = 1 TO sampleamount
                        sample = sampleblock.value(i2 + (sampleamount * (i - 1))): x = 
sampleblock.position(i2 + (sampleamount * (i - 1)))
                        IF sample > 1000 THEN sample = 1000
                        IF sampleamount > 1 THEN
                                CIRCLE (100 + x, 30 + sample * 20), ((length * 100 + 200) * 3) / 800, 7
                                averagesample = averagesample + sample
                                averagex = averagex + x
                IF i2 = sampleamount OR (sampletime = 3 AND i2 = INT(sampleamount / 2)) THEN
                                        IF sampletime = 3 THEN
                                                IF i2 = INT(sampleamount / 2) THEN
                                                        averagesample = averagesample / INT(sampleamount / 2)
                                                        averagex = averagex / INT(sampleamount / 2)
                                                ELSE
                           averagesample = averagesample / (sampleamount - INT(sampleamount / 2))
                                       averagex = averagex / (sampleamount - INT(sampleamount / 2))
                                                END IF
                                        ELSE
                                                averagesample = averagesample / sampleamount
                                                averagex = averagex / sampleamount
                                        END IF
         LINE (100 + prex, 30 + presample * 20)-(100 + averagex, 30 + averagesample * 20), 10
                                        presample = averagesample: prex = averagex
                                        averagesample = 0: averagex = 0
                                END IF
                        ELSE
                                CIRCLE (100 + x, 30 + sample * 20), ((length * 100 + 200) * 3) / 800, 7
                                LINE (100 + prex, 30 + presample * 20)-(100 + x, 30 + sample * 20), 10
                                presample = sample: prex = x

                        END IF
                NEXT i2
        NEXT i
        RETURN

displaySetup:
        '### set up display area
        IF activeview = displayhalf THEN x = 15 ELSE x = 0
        VIEW (1, 236 + (displayhalf * 237))-(638, 1 + (displayhalf * 237)), , x
        WINDOW (0, 0)-(length * 100 + 200, 200)
        LINE (100, 30)-(100, 190), 14: LINE (100, 30)-(100 + length * 100, 30), 14
        FOR i = 1 TO 8: LINE (97, 30 + i * 20)-(103, 30 + i * 20), 7: LINE (104, 30 + i * 20)-(100 + 
length * 100, 30 + i * 20), 7, , 21845: NEXT i
        FOR i = 1 TO length: LINE (100 + i * 100, 33)-(100 + i * 100, 27), 7
     FOR i2 = 1 TO 9: LINE (100 + (i - 1) * 100 + i2 * 10, 31)-(100 + (i - 1) * 100 + i2 * 10, 29), 7
                NEXT i2
        NEXT i
        LINE (100 + cyclesbefore * 100, 27)-(100 + cyclesbefore * 100, 190), 12
        RETURN

variablePrint:

        '### comment out the following RETURN if you want a summary in the outout file 
describing the parameters used in this run
        RETURN

        PRINT #y, fileheader$: PRINT #y, "#"
        PRINT #y, "# generated " + DATE$: PRINT #y, "#"
        PRINT #y, "#"; totalreps; "total simulation replicate(s)"
        PRINT #y, "# Within each of those -"
        PRINT #y, "# Control replicates:"; controls
        PRINT #y, "# Treatment replicates:"; replicates
        PRINT #y, "#"; entire; "data units per replicate (100 per cycle)"
        PRINT #y, "# Cycles before manipulation:"; cyclesbefore
        PRINT #y, "# Cycles after manipulation:"; cyclesafter
        PRINT #y, "# Treatment mask for cycles after manipulation (1=applied 0=not applied): "; 
effecttype$
        PRINT #y, "# Treatment effect strength:"; effectsize; "%"
        PRINT #y, "# Birthpulse strength:"; birth; "%"
        PRINT #y, "# Starting population average size:"; popbase
        PRINT #y, "# Starting population maximum fluctuation:"; popbaseflux; "%"
    PRINT #y, "# Maximum environmental (across replicates) lambda fluctuation:"; envflux; "%"
      PRINT #y, "# Maximum demographic (within replicates) lambda fluctuation:"; demflux; "%"
        PRINT #y, "# Relapse to starting population size during non-treatment: " + MID$("No Yes", 
relapse * 3 + 1, 3)
        PRINT #y, "#": PRINT #y, "# Samples taken per cycle:"; sampleamount
        PRINT #y, "# Segment of cycle samples were taken from: " + MID$("before birthpulse after 
birthpulse  50/50 before/after", (sampletime - 1) * 18 + 1, 18)
        PRINT #y, "# Maximum sampling error:"; samperror; "%"
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        PRINT #y, "#": PRINT #y, "# Columns: 1. total simulation replicate number (# of simulations, 
usually 1)"
        PRINT #y, "# 2. replicate number within simulation"
        PRINT #y, "# 3. CONTROL (1) or Impact/TREATMENT (2)"
        PRINT #y, "# 4. Before treatment (1) or after/during treatment (2)"
        IF y = 3 THEN
                PRINT #y, "# 5. index within replicate  6. index within cycle"
                PRINT #y, "# 7. population value"
        ELSE
                PRINT #y, "# 5. - x. Value samples taken during each BEFORE or AFTER period"
                PRINT #y, "# (amount depending on Samples Taken Per Cycle and Cycles 
Before/After)"
        END IF
        PRINT #y, "#"
        RETURN

'### The remaining code controls the interface and menu. Additional parameters can be added 
here or existing ones changed, if desired. Warning: not entirely straightforward.

SUB menu (defaults AS INTEGER)
VIEW: CLS
DIM itemtext$(20), itemquest$(20), item$(20), default$(20), itemalias$(20, 5)

GOSUB dataread
IF defaults = 1 THEN GOSUB defaultset ELSE GOSUB valueset

startup:
        nownum = 1
        COLOR 15
        LOCATE 1, 1: PRINT "PowerTest"
        LOCATE 3, 1: COLOR 7: PRINT "Use UP, DOWN and ENTER to select a value to 
change.": PRINT "Hit D for defaults and SPACE to start."
        FOR i = 1 TO itemnum: LOCATE 5 + i, 2: PRINT "[ ] " + itemtext$(i) + " "; :
        IF itemalias$(i, 1) = "" THEN PRINT item$(i) ELSE PRINT itemalias$(i, VAL(item$(i)))
        NEXT i
        COLOR 15: LOCATE 6, 3: PRINT CHR$(219)

idle:
        DO: a = INP(&H60): LOOP WHILE a = 0
        SELECT CASE a
        CASE 72
                GOSUB upwards: DO: a = INP(&H60): a$ = INKEY$: LOOP UNTIL a = 200
        CASE 80
                GOSUB downwards: DO: a = INP(&H60): a$ = INKEY$: LOOP UNTIL a = 208
        CASE 32
                GOSUB defaultset: DO: a$ = INKEY$: a = INP(&H60): LOOP UNTIL a = 160
                GOTO startup
        CASE 28
                GOSUB activate: DO: a = INP(&H60): a$ = INKEY$: LOOP UNTIL a = 156

        CASE 57
                GOTO leavesub
        CASE ELSE
                a$ = INKEY$
        END SELECT
        GOTO idle

upwards:
        COLOR 15: LOCATE 5 + nownum, 3: PRINT " "
        IF nownum = 1 THEN nownum = itemnum ELSE nownum = nownum - 1
        LOCATE 5 + nownum, 3: PRINT CHR$(219)
        RETURN

downwards:
        COLOR 15: LOCATE 5 + nownum, 3: PRINT " "
        IF nownum = itemnum THEN nownum = 1 ELSE nownum = nownum + 1
        LOCATE 5 + nownum, 3: PRINT CHR$(219)
        RETURN

activate:
        COLOR 15: LOCATE 27, 2: PRINT itemquest$(nownum);
        DO: a$ = INKEY$: a = INP(&H60): LOOP UNTIL a = 156
        INPUT ; " ", item$(nownum)
        IF LEN(itemalias$(nownum, 1)) <> 0 THEN
                IF VAL(item$(nownum)) = 0 OR VAL(item$(nownum)) > 5 THEN
                        a$ = ""
                ELSE
                        a$ = itemalias$(nownum, VAL(item$(nownum)))
                END IF
        ELSE
                a$ = item$(nownum)
        END IF
        COLOR 7: LOCATE 5 + nownum, 5: PRINT SPACE$(74): LOCATE 5 + nownum, 6: PRINT 
itemtext$(nownum) + " " + a$
        FOR i = 1 TO 3: LOCATE 26 + i, 1: PRINT SPACE$(80); : NEXT i: RETURN

dataread:
        OPEN "i", #1, "menu.txt"
        DO
                INPUT #1, a$
                IF LEFT$(a$, 1) <> "#" THEN
                        itemnum = VAL(a$): EXIT DO
                END IF
        LOOP
        readnum = 1: INPUT #1, a$
        DO
                IF a$ = "ENDOFFILE" THEN
                        CLOSE #1: EXIT DO
                END IF
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                itemtext$(readnum) = a$
                INPUT #1, itemquest$(readnum)
                INPUT #1, default$(readnum)
                INPUT #1, a$
                IF LEFT$(a$, 1) = "*" THEN
                        aliasreadnum = 1
                        DO
                                itemalias$(readnum, aliasreadnum) = RIGHT$(a$, LEN(a$) - 1)
                                INPUT #1, a$
                                IF LEFT$(a$, 1) <> "*" THEN EXIT DO
                                aliasreadnum = aliasreadnum + 1
                        LOOP
                END IF
                readnum = readnum + 1
        LOOP
        RETURN

defaultset:
        FOR i = 1 TO itemnum: item$(i) = default$(i): NEXT i
        RETURN

'### Parameters must be converted to and from strings/numbers for handling by the routine. This 
is done in the next two subs.
'### If menu parameters are changed via the menu.txt file, they have to be adjusted here as 
well, and vice versa
leavesub:
        REM ##### SET MODULE VARIABLES TO SUB VARIABLES (ITEMS)
        REM ##### ENTER VARIABLES AND CORRESPONDING ITEM$ HERE ###

        cyclesbefore = VAL(item$(1))
        cyclesafter = VAL(item$(2))
        sampleamount = VAL(item$(3))
        sampletime = VAL(item$(4))
        twostep = VAL(item$(5))
        replicates = VAL(item$(6))
        controls = VAL(item$(7))
        popbase = VAL(item$(8))
        popbaseflux = VAL(item$(9))
        birth = VAL(item$(10))
        effectsize = VAL(item$(11))
        effecttype$ = item$(12)
        envflux = VAL(item$(13))
        demflux = VAL(item$(14))
        samperror = VAL(item$(15))
        realfile$ = item$(16)
        sampfile$ = item$(17)
        relapse = VAL(item$(18))
        totalreps = VAL(item$(19))
        splitfile = VAL(item$(20))

        DO: a$ = INKEY$: a = INP(&H60): LOOP UNTIL a = 185
        EXIT SUB

valueset:

        REM ##### SET VARIABLES IN SUB (ITEMS) TO MODULE VARIABLES
        REM ##### REVERSE OF THE ABOVE - ENTER ITEM$ AND CORESPONDING 
VARIABLES HERE ###

        item$(1) = STR$(cyclesbefore)
        item$(2) = STR$(cyclesafter)
        item$(3) = STR$(sampleamount)
        item$(4) = STR$(sampletime)
        item$(5) = STR$(twostep)
        item$(6) = STR$(replicates)
        item$(7) = STR$(controls)
        item$(8) = STR$(popbase)
        item$(9) = STR$(popbaseflux)
        item$(10) = STR$(birth)
        item$(11) = STR$(effectsize)
        item$(12) = effecttype$
        item$(13) = STR$(envflux)
        item$(14) = STR$(demflux)
        item$(15) = STR$(samperror)
        item$(16) = realfile$
        item$(17) = sampfile$
        item$(18) = STR$(relapse)
        item$(19) = STR$(totalreps)
        item$(20) = STR$(splitfile)
        RETURN

END SUB

-------------------------------
Contents of "menu.txt":
-------------------------------

# File Format: 
#
# [Number of Variables (20 max)]
# repeat: [Variable n menu descriptor]
#         [Variable n new entry request sentence for menu]
#         [Default value]
#         (repeat: *[Label for Value 1 of Variable n]
#                  *[Label for Value 2 of Variable n...])
# ENDOFFILE                
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#
# Commata and semicolons must not be used as the reading procedure chokes on them
20
Cycles BEFORE manipulation:
Number of reproductive cycles BEFORE manipulation [max 10]:
2
 Cycles AFTER manipulation:
Number of reproductive cycles AFTER manipulation [max 10]:
2
Samples taken per cycle (spaced evenly in selected segment):
Number of samples taken per reproductive cycle [max 100]:
1
Segment of cycle that samples are taken from:
When are samples taken (1=before repr. 2=after repr. 3=50/50 before/after):
1
*before birthpulse
*after birthpulse
*50/50 before/after
Replicates of treatment area:
Number of replicates of treatment area [100 max]:
1
Replicates of control area:
Number of replicates of non-treatment (control) area [100 max]:
1
Starting population average size:
Average size of starting population [1.0 to 5.0]:
1
Starting population variability (%):
Variability of starting pop. size around average (% [99 max]):
0
Annual birthpulse strength (%):
Annual birthpulse strength (population is increased BY ...%):
100
Treatment effect strength (increase in birth pulse strength in %):
Treatment effect strength (increase in birth pulse strength in %):
50
Treatment mask for AFTER cycles (1=applied 0=not applied):
Treatment mask ([1=on 0=off] eg. 0110 is middle 2 of 4):
111
Maximum ENVIRONMENTAL lambda fluctuation (%):
Max fluctuation in lambdas ACROSS replicates (% [100 max]):
0
Maximum DEMOGRAPHIC lambda fluctuation (%):
Max fluctuation in lambdas WITHIN replicates (% [100 max]):
0
Maximum sampling error (%):
Maximum sampling error (%):
0
Name of TREATMENT output file:

Name of treatment output file ([max 8 chars].[3 chars] Note: a suffix of 3      DIGITS will auto-
update to next number on return to menu):
treat.txt
Name of CONTROL output file:
Name of control output file ([max 8 chars].[3 chars] Note: a suffix of 3 DIGITS   will auto-update 
to next number on return to menu):
cont.txt
Name of TREATMENT SAMPLING output file:
Name of treatment sampling output file ([max 8 chars].[3 chars] Note: a suffix  of 3 DIGITS will 
auto-update to next number on return to menu):
sampt.txt
Name of CONTROL SAMPLING output file:
Name of control sampling output file ([max 8 chars].[3 chars] Note: a suffix    of 3 DIGITS will 
auto-update to next number on return to menu):
sampc.txt
After-pulse relapse:
Relapse to starting pop during non-treatment cycles (1=on 2=off):
2
*On
*Off
Number of total simulation replicates to produce:
Number of replicates of the entire simulation (treat & cont) to produce and     place into output 
files (only last run will be browsable):
1
ENDOFFILE
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