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ABSTRACT

In wild bird populations, the structure of vegetation around nest-sites can influence the risk of predation
of dependent offspring, generating selection for nest-sites with vegetation characteristics associated
with lower predation rates. However, vegetation structure can be difficult to quantify objectively in the
field, which might explain why there remains a general lack of understanding of which characteristics
are most important in determining predation rates. Airborne Laser Scanning (ALS) offers a powerful
means of measuring vegetation structure at unprecedented resolution. Here, we combined ALS with 11
years of breeding data from a wild population of superb fairy-wrens Malurus cyaneus in southeastern
Australia, a species which nests relatively close to the ground and has high rates of nest and fledgling
predation. We derived structural measurements of understorey (0-8 m) vegetation from a contiguous
grid of 30 x 30 m resolution cells across our c. 65 hectare study area. We found that cells with nests
(nest-cells) differed in their understorey vegetation structure characteristics compared to unused cells,
primarily in having denser vegetation in the lowest layer of the understorey (0-2 m; the ‘groundstorey’
layer). The average height of understorey vegetation was also lower in cells with nests than in those
without nests. However, relationships between understorey vegetation structure characteristics and
breeding performance were mixed. Nest success rates decreased with higher volumes of groundstorey
vegetation, as did fledgling survival rates, though only in nest-cells with lower height vegetation. Our
results indicate that ALS can identify vegetation characteristics relevant for superb fairy-wren nest-site
selection, but that nesting preferences are not beneficial under current predation pressures. The study
illustrates the potential for using ALS to investigate how ecological conditions affect behaviour and life-

histories in wild animal populations.

Keywords: “Airborne Laser Scanning”, “LiDAR”, “Vegetation Structure”, “Avian Breeding

Performance”, “Nest Predation”, “Nest-Site Selection”

INTRODUCTION

Dependent offspring of many wild animal populations are frequently vulnerable to predation. The
importance of dependent offspring predation for the evolution and plasticity of adult breeding
behaviours is increasingly recognised in evolutionary and behavioural ecology (Ibafiez-Alamo et al.,
2015; Lima, 2009; Lima & Dill, 1990). Studies of birds provide an excellent system to explore the

determinants and consequences of dependent offspring predation. The loss to predation of eggs and
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nestlings in nests (nest predation) is often the primary determinant of avian breeding failure (Martin,
1993; Ricklefs, 1969), and globally, rates of nest predation may have increased in recent decades
(Kubelka et al., 2018; Matysiokova & Remes, 2022; Remes et al., 2012a, 2012b). Even after leaving the
nest, fledglings can suffer high mortality, mostly due to predation (Naef-Daenzer & Griiebler, 2016;
Naef-Daenzer et al., 2001). Understanding nest and fledgling predation is therefore central to
understanding the ecological pressures that shape bird breeding behaviours and life-histories, and for

informing conservation and management strategies for imperilled species.

The density and complexity of vegetation surrounding a nest can determine the predation of both the
nest and fledglings. Denser and more complex vegetation is thought to reduce visual and auditory cues
to predators, and to create a physical barrier that impedes predators or reduces their searching
efficiency (Bowman & Harris, 1980; Filliater et al., 1994; Magrath et al., 2010; Martin, 1993; Martin &
Roper, 1988; Mouton & Martin, 2019). However, although natural selection should therefore favour
sites with denser and more complex vegetation, especially when primary predators are visually or
auditorily-oriented, there is limited evidence to date that nest-sites with such structural vegetation
characteristics have reduced predation rates (Borgmann & Conway, 2015; Lahti, 2009). This may be
because predators are not hindered in the way we expect. However, another possibility is that previous
studies have not been able to measure vegetation structure characteristics with sufficient resolution. In
part due to the high cost and labour intensive nature of manually collecting accurate and precise data,
previous studies have often relied on structural vegetation data that were visually-estimated and taken
from a subset of available locations, but evidence suggests that such data may be researcher-biased and

not representative of the broader landscape (Block et al., 1987; Gotfryd & Hansell, 1985).

Active remote sensing such as Light Detection and Ranging (LiDAR) can provide an effective method
for accurately and reliably assessing vegetation structure due to its ability to provide high-resolution
and spatially contiguous data in a standardised and comparable way (Lefsky et al., 2002; Moudry et al.,
2023; Vierling et al., 2008). Airborne Laser Scanning (ALS) (i.e., a LiDAR sensor mounted on an
aircraft) is the most common method for collecting LiDAR data and uses laser pulses to measure the
coordinates (x, y, z) of reflective surface objects (Wehr & Lohr, 1999). As the timing and position of the
sensor on the aircraft are known, the distance to each object can be calculated precisely and a three-

dimensional “point cloud” can be derived (Lefsky et al., 2002; Vierling et al., 2008). Additional
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attributes can be specified for each point during processing that can be used to calculate structural
vegetation characteristics (Bakx et al., 2019; Davies & Asner, 2014). While some studies have used ALS
data to investigate questions in evolutionary and behavioural ecology, they have generally focused on
species abundance, richness, and distribution modelling in relation to vegetation structure (Ciuti et al.,
2017; Davies & Asner, 2014; de Vries et al., 2021; Moudry et al., 2023; Shokirov et al., 2023). However,
with the increasing availability of ALS data (Moudry et al., 2023), recent research has shown the
potential of combining such data with detailed behavioural and life-history data of single animal
populations (Davies et al., 2016, 2019; Hill & Hinsley, 2015; Hill et al., 2004; Klein et al., 2020). For
example, Klein et al. (2020) used ALS data spanning 8300 hectares in an analysis of the breeding
success of Siberian jays Perisoreus infaustus and found a positive association between increased
understorey vegetation density and breeding success for birds in territories close to human settlements,
which are an indicator of the occurrence of their main nest predator, the Eurasian jay Garrulus
glandarius. The broad spatial coverage of the ALS data used in their study enabled the identification of

relationships that would have been difficult to discover using traditional methods.

In this study, we used 11 years of detailed, individual-based breeding data to investigate the associations
between vegetation structure and nest and fledgling predation in a population of superb fairy-wrens
Malurus cyaneus in southeastern Australia. Although superb fairy-wrens mostly forage in open grassy
areas (Schlotfeldt & Kleindorfer, 2006), they build their nests close to the ground in dense vegetation,
such as grass tussocks or small shrubs, which are subject to high levels of nest and fledgling predation
(Cockburn et al., 2016; Colombelli-Négrel & Kleindorfer, 2009; Rowley & Russell, 1997). Superb fairy-
wrens have many nest and fledgling predators (Rowley & Russell, 1997), with their dominant predator
being the pied currawong Strepera graculina in areas where the two species’ ranges overlap
(Prawiradilaga, 1996; Yasukawa & Cockburn, 2009). Indeed, pied currawongs have been implicated as
an important predator of most small passerines throughout eastern and southeastern Australia (Bayly

& Blumstein, 2001; Fulton & Ford, 2001; Fulton, 2019).

Pied currawongs are large, corvid-like, passerine birds that use visual and auditory cues to detect prey
(Wood, 2000; Yasukawa & Cockburn, 2009). Given this searching method, we hypothesise, firstly, that
superb fairy-wrens should favour nest-sites with denser and more complex vegetation, and secondly,

that such nest-sites would experience lower rates of nest and fledgling predation. The first hypothesis
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has not previously been tested for superb fairy-wrens. Contrary to the expectations of the second
hypothesis, two previous studies of superb fairy-wrens have shown that increased vegetation density is
associated with higher rates of nest predation and lower numbers of fledglings, when vegetation was
measured in the immediate vicinity of the nest (Colombelli-Négrel & Kleindorfer, 2009) and at the
broader territory-level (Backhouse et al., 2023), with the latter study conducted on the same population
as this study. It is worth noting, however, that both these studies used visually-estimated measures of
vegetation collected from a subset of locations, which were then summarised into relatively course
metrics. Moreover, neither study examined whether the same characteristics were important for nest-

site selection by comparing nest-sites with non-nesting sites.

The aim of this study was to test these two hypotheses regarding superb fairy-wrens and their breeding
behaviour, using structural vegetation data derived from ALS. Because superb fairy-wrens nest close to
the ground, we expected that the structure of the understorey vegetation, which we define here as 0 — 8
m above ground, would be most important in determining nest-site selection and breeding performance
in this species (Cockburn et al., 2016; Rowley & Russell, 1997). We therefore focused on three
characteristics related to understorey vegetation height, complexity, and density, using a contiguous
grid of 30 x 30 m resolution cells spanning our study area. We tested: (i) whether these understorey
vegetation characteristics influenced nest-site selection; and (ii) whether nest-site selection was
adaptive to in relation to predation pressures, by assessing associations of understorey vegetation

characteristics with rates of nest success and fledgling survival.

MATERIALS AND METHODS

Study area

Our study area is located in Canberra, Australian Capital Territory, Australia (Figure 1) and
encompasses an area of c. 65 hectares that includes a managed area in the Australian National Botanic
Gardens (ANBG; c. 43 hectares) and an unmanaged area in the adjacent Black Mountain Nature
Reserve (c. 22 hectares). The study area consists of broadly of mature open sclerophyll forest, with
evergreen Eucalyptus macrorhyncha and Eucalyptus rossii as the primary tree species, and Acacia
spp., Callistemon spp., Notodanthonia spp., Rytidosperma palladium, Triodia scariosa, and
Lomandra longifolia as the dominant understorey shrubs and grasses. The managed area also includes

a diverse collection of native vegetation established in dense plantings, and three semi-artificial habitats
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(specifically, a ‘rainforest’ area, a ‘desert’ area, and a grass lawn). Along the eastern perimeter of the
unmanaged area, there is a small patch of gullies that flood with rainwater that is dominated by

Bursaria spinosa, and non-native species including Rubus fruticosus (Fraser & Purdie, 2020).

Superb fairy-wren study population and data collection

Superb fairy-wrens are facultative cooperative-breeders that live on year-round territories in groups
composed of a dominant breeding pair and up to five male helpers (Cockburn et al., 2016; Rowley &
Russell, 1997). Females are solely responsible for nest-building and incubation, but all group members
defend and provision the brood. They have a long breeding season that runs between September and
March (Lv et al., 2019). Hereafter, we refer to a given breeding season by the calendar year in which it
commenced. The species is multi-brooded: high rates of nest predation mean a female superb fairy-
wren may initiate as many as nine or ten clutches per breeding season, but often only one brood (if any)
successfully reaches independence. Clutch sizes can range from one to five eggs but clutches with three
eggs are most common (Cockburn et al., 2016; Rowley & Russell, 1997). Further details regarding the

breeding behaviour of superb fairy-wrens in our study area are provided as Figure S1 — S4.

Two hailstorms damaged the study area on 27 February 2007 and 19 January 2020 respectively. In this
study, we therefore constrained our analyses to data from 11 breeding seasons (from 2009 —2019; up
until the hailstorm on 19 January 2020); this interval is centred around 2015 when the ALS data were
collected (details below). The weather conditions were consistent during this time (Figure S5) and the
structure of the vegetation remained unchanged. Thus, we did not expect any time difference between
the superb fairy-wren breeding data in a given year and the ALS data to affect our ability to detect any
relationships (Hill & Hinsley, 2015; Vierling et al., 2014). For completeness, we also repeated all
analyses using data from 1994 — 2019 (the full duration during which breeding data have been collected

across the full extent of our study area). We present these results separately as Table S1.

Between 2009 — 2019, the study area supported 34 — 79 superb fairy-wren territories each year, with
an average territory size of 1.09 + 0.71 hectares (mean + SD, n = 686 territory-years). Unique colour-
banding of individuals in the study population allowed for individual recognition. To locate nests, we
observed the dominant female on each territory during nest-building or incubation. The location of each

nest was initially recorded using a Garmin eTrex Global Positioning System (GPS) (Garmin Co., Olathe,
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Kansas, USA) or a GPS application on a mobile phone (Handy GPS, BinaryEarth, Australia), within a
reported accuracy of + 5 m for all devices. We then used a 30 m grid map of the study area to confirm
nest locations to one decimal point fraction (i.e., within a 9 m2 grid cell) based on recognisable physical
landmarks in the study area (e.g., paths, buildings, and specific landscaping features). Thus, final nest
locations were accurate to + 3 m. Coordinates were collected in spatial reference Geocentric Datum of
Australia 1994, Map Grid of Australia Zone 55 (Collier & Steed, 2001). All analyses presented here were
subsequently conducted using this projection. We monitored the progress of each nest every second day
for the duration of the nesting period (c. 24 days from the onset of incubation) to determine nest fate.
Nests that fledged at least one offspring were considered successful. Nest predation was assumed when
all eggs or nestlings disappeared prior to their expected fledging date. Because our interest was in
whether nest-site selection influenced breeding performance via predation risk, we excluded 172 nests
(9.35% of the total) that failed due to reasons other than predation (Figure S3). When nests were
successful, we closely monitored individual fledglings to determine their survival to independence,
defined as four weeks (28 days) post-fledging. Although most offspring were still being provisioned at
this age, five-weeks post-fledging is the earliest known age of dispersal in our study area; this cut-off
point therefore avoids any chance of dispersal being confused with mortality (Hajduk et al., 2018,
2020). Causes of fledgling mortality were generally unknown, but the recovery of colour-bands of
fledglings from pellets of pied currawongs suggests that predation is an important source of mortality

(Prawiradilaga, 1996). In this study, we used all fledgling mortality as a measure of fledgling predation.

Using the grid map of our study area as reference, we derived measurements of understorey vegetation
structure at a 30 x 30 m resolution spanning the extent of our study area (n = 768 cells; further details
are provided below; see also Backhouse et al., 2023). Because superb fairy-wren territories were on
average 1.09 hectares in size, each 30 x 30 m resolution cell therefore encompassed c. 10% of the average
territory. Each nest was then assigned to a cell based on its location. We excluded breeding data from
25 cells (3.3% of the total) that encompassed the three semi-artificial habitats in the study area
(described above), as superb fairy-wrens do not inhabit these regions of our study area because they
contain vegetation that is very different from their native range. Breeding data from a further two cells

were later excluded as they contained no understorey vegetation structure data (details below).
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The superb fairy-wren breeding dataset used in this study therefore comprised of observations from a
total of 1431 nests (from 318 females), encompassing 741 cells over 11 years (n = 8151 cell-years). For
analysis of nest-site selection, cell-years were subsequently designated as nest-cell-years (cell-years
with a nest, n = 1094 cell-years) or unused-cell-years (cell-years without a nest, 7057 cell-years). For
each nest-cell-year we estimated two measures of breeding performance: (i) nest success rate and (ii)
fledgling survival rate, both of which are defined in Table 1. In rare cases, more than one female
occupied a given nest-cell-year — for example, in cases where cells overlapped territory boundaries, or
the death of a female resulted in her being replaced by a different female. In these cases, observations

were treated as independent for each female (female-nest-cell-year).

The number of nest-cells declined significantly over the course of the study (Figure S6a), a finding that
is consistent with the observation of a 72.16% population decline of females during the period
considered here (Figure S6b), and with a general decline across the entire study period (Backhouse et
al., 2023; Lv et al., 2023). This decline in population size may be linked to increased rates of adult winter
mortality associated with climate change (Lv et al., 2023). For the purpose of this study, and because

we are focusing on a shorter time-scale, we do not consider this decline in detail.

Airborne Laser Scanning data

ALS data were collected between 21 May 2015 and 5 April 2016 by the Australian Capital Territory
Government’s  Environment,  Planning and  Sustainable  Development  Directorate
(www.planning.act.gov.au), using an AX60 scanner mounted to an aircraft (with a Riegl LMS-Q780
sensor and Trimble AP50 GPS). Details of the ALS survey were as follows: flight elevation above ground
level: 450 m; point density: 8 pulses/m?2; footprint size: 0.12 m; swath width: 539 m; overlap: 25%;
vertical precision: + 0.30 m; horizontal precision: + 0.80 m. Further details including the flight speed,
laser wavelength, scan frequency, and pulse frequency were not provided with the dataset
(www.planning.act.gov.au). The data were pre-processed by the vendor and came with a classification
of ground, building, water, vegetation, and noise points, and were distributed in LAS v.1.4 format
projected in spatial reference Geocentric Datum of Australia 1994, Map Grid of Australia Zone 55

(Collier & Steed, 2001).
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We separated the ALS data into each of our 30 x 30 m resolution cells using LAStools (rapidlasso GmbH;
van Rees, 2013). Using the package ‘1lidR’ (v.3.1.3; Roussel et al., 2020) in R (v.4.0.5; R Core Team,
2021), we further processed the data to derive vegetation structure characteristics for each cell as
follows: First, point cloud data were normalised by subtracting the height of ground points from the
height of non-ground points (following e.g., Ciuti et al., 2017; Koma et al., 2021; Shokirov, 2021;
Shokirov et al., 2023). Second, points classified as ground, building, water, and noise were removed,
resulting in only points classified as vegetation being retained. A total of two cells were found to contain
no vegetation points, and so were excluded from further processing. Third, vegetation points were
categorised into two layers: understorey layer (0 — 8 m), and canopy layer (> 8 m). We used 8 m as
the threshold distinguishing these two vegetation layers based on the distribution of the normalised z
coordinates (height values) of the point cloud (Figure S7) and knowledge of the primary Eucalyptus
spp. in the study area (Fraser & Purdie, 2020). We then removed canopy vegetation points from the
point cloud data as we expected the structure of the understorey vegetation to be most relevant for
superb fairy-wrens based on their nesting behaviour (Figure S1 — S2). Fourth, from the understorey
vegetation points, we calculated the following three vegetation structure characteristics: (i) mean
height of the understorey vegetation, (ii) variation in height of the understorey vegetation (as measured
by the standard deviation, SD) and (iii) volume of the understorey vegetation. We initially calculated
volume within four specific height thresholds (0 — 2 m, 2 — 4 m, 4 — 6 m, 6 — 8 m) but because the nests
of superb fairy-wrens are generally <2 m above the ground, in our analyses we considered volume at
the lowest height threshold only (hereafter referred to as ‘groundstorey volume’). Definitions of each of
the three understorey vegetation structure characteristics are provided in Table 2. The final ALS point
cloud dataset used in this study comprised a total of 1,686,744 understorey vegetation points, with a

mean + SD of 2270.18 + 1994.04 points/cell.

Statistical analysis

Analyses were conducted using a Bayesian framework implemented in the package ‘brms’ (v.2.15.0;
Biirkner, 2017) in R (v.4.0.5; R Core Team, 2021). Prior to analysis, explanatory parameters were mean
standardised to allow for effect size comparisons (Harrison et al., 2018; Schielzeth, 2010), and potential
multicollinearity (Dormann et al., 2013, Zuur et al., 2009) and spatial autocorrelation (Ciuti et al., 2017;

Dormann et al., 2007) were assessed. Potential spatial autocorrelation was accounted for by including
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a spatial conditional autoregressive (CAR) structure in our models (Biirkner, 2017; Dormann et al.,

2007). Further details are provided as Appendix S1, Figure S8 — S9, and Table S2 — S3.

We constructed Bayesian spatial hierarchical generalised linear regression models for each of our three
response variables of nest presence, nest success rate, and fledgling survival rate (Table 2). Each model
included fixed effects of year (as a continuous covariate) plus the three understorey vegetation structure
parameters. To account for repeated measurements of non-independent data, we included cell ID and
year (as multi-level factors) as random effects. Female ID was additionally included as a random effect

in the two models of breeding performance to account for multiple observations of the same female.

We initially also considered: non-linear effects of all understorey vegetation structure parameters; the
two regions of the study area (as a two-level factor: managed, unmanaged); and two-way interactions
between all explanatory parameters. Where these effects were non-significant, we discarded them from
our final models (and do not present them here). Previous studies of superb fairy-wrens have shown
positive associations between a female’s age, the number of helpers, and different breeding performance
metrics (e.g., Cockburn et al., 2008; Hajduk et al., 2020, 2021). We therefore included as fixed effects
female age (as a two-level factor: 1 year old, 2+ year old, following e.g., Kruuk et al., 2015; Hajduk et al.,
2018) and number of helpers (as a two-level factor: 0 helpers, 1+ helpers, following e.g., Cooper et al.,
2020; Taylor & Langmore, 2020) in our two models of breeding performance to control for their effects,

but we do not focus on these effects in detail.

We ran all models on 4 independent MCMC chains for 8000 iterations, with a thinning interval of 10
and a warm-up period of 3000 iterations (resulting in 2000 posterior samples), specifying weakly
informative priors with a normal error distribution (u: 0; 02: 1; Gelman et al., 2015). Effective sample
sizes for specific parameters varied owing to autocorrelation, but they were always above 400 (a
minimum effective sample size of 100 per chain; Vehtari et al., 2021). Model convergence was confirmed
by ensuring that potential scale reduction factors were < 1.01 (Gelman et al., 2013; Vehtari et al., 2021).
For each model, we assessed the goodness-of-fit using the posterior predictive check, pp_check,
function in the package ‘bayesplot’ (v.1.8.1; Gabry & Mahr, 2021). Unless stated otherwise, summary

statistics are presented as means (+ SE). Model parameter estimates are presented as posterior means
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(+ SD) and 95% credible intervals. We considered there to be statistical support for specific parameters

when the 95% credible intervals do not span zero.

RESULTS

Understorey vegetation structure parameters

The mean (+ SD) of the three understorey vegetation structure parameters were as follows: mean
height: 3.3 + 1.0 m (Figure 2c); SD height: 2.2 +0.4 m (Figure 2d); groundstorey volume: 378.4 + 267.8
m3 (Figure 2e). There was a positive correlation between mean height and SD height (Pearson
correlation coefficient = 0.30), and negative correlations between mean height and groundstorey
volume (Pearson correlation coefficient = -0.42) and between SD height and groundstorey volume

(Pearson correlation coefficient = -0.25; Table S3).

Nest-site selection
Of the 741 cells, 39.41% (n = 292 cells) never had a nest during the 11 years of our study, while 23.35%
(n = 173 cells) had a nest in only one year (Figure 1, Figure S10). The maximum number of years a cell

had a nest was nine (two cells; Figure 1).

Nest presence in a cell decreased with increasing mean height (nest-cell-years: 3.01 + 0.03 m; unused-
cell-years: 3.33 + 0.01 m; Table 3, Figure 3a — b), and increased with increasing groundstorey volume
(nest-cell-years: 477.20 + 8.53 m3; unused-cell-years: 363.09 + 3.12 m3; Table 3, Figure 3c — d). Note,
because a cell encompassed c. 10% of the average superb fairy-wren territory, random nest-site selection
within a territory would mean an average probability of 0.10 of nest presence. Therefore, rates of nest
presence >0.10 indicate non-random site selection for particular cells (Figure 3b, d). We found no
significant effect of SD height on nest presence (Table 3). However, this was possibly due to a lack of
power in the 11 year subset of data (2009 — 2019) used in this analysis. Our analysis of the full dataset
(1994 — 2019) did find statistical support for the positive association between SD height and nest

presence, due to relatively smaller error around the parameter estimate (Table S1).

Nest success rate
Nest success rate was on average 0.44 + 0.01 (n = 1138 female-nest-cell-years) and varied between

years. Nest success rate was highest in 2012 (0.51 + 0.04; n = 123 female-nest-cell-years) and lowest in
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2019 (0.36 * 0.07; n = 50 female-nest-cell-years). We found no significant change in nest success rate
over time (Table 3). However, our analysis of the full dataset (1994 — 2019) did find evidence of a longer-
term increase in nest success rate. Most often cells contained only one nest from one female in a given
year (80.84% female-nest-cell-years; range 1 — 4). As such, nest success rates were generally either 0.00

(51.41%; n = 585 female-nest-cell-years) or 1.00 (39.81%; n = 453 female-nest-cell-years).

We found no effect of mean height on nest success rate (female-nest-cell-years in which nest success
rate > 0.00: 3.00 + 0.04 m; female-nest-cell-years in which nest success rate was 0.00: 3.02 + 0.03 m;
Table 3, Figure 4a—b). Similarly, we found no effect of SD height on nest success rate (Table 3).
However, there was a significant decline in nest success rate with increasing groundstorey volume
(female-nest-cell-years in which nest success rate > 0.00: 463.96 + 11.39 m3; female-nest-cell-years in

which nest success rate was equal to 0.00: 490.16 + 12.07; Table 3, Figure 4c—d).

Fledgling survival rate

Fledgling survival rate was on average 0.61 + 0.02 (n = 556 female-nest-cell-years). Fledgling survival
rate was highest in 2016 (0.76 + 0.04; n = 53 female-nest-cell-years) and lowest in 2013 (0.50 + 0.05;
n = 57 female-nest-cell-years). The average number of fledglings produced across all female-nest-cell-

years was 2.96 + 0.05 (range: 1 - 9).

None of the understorey vegetation structure parameters were significant as main effects for fledgling
survival rate (Table 3). However, we did find a significant interaction between mean height and
groundstorey volume: fledgling survival rates decreased with groundstorey volume when female-nest-
cell-years contained smaller understorey vegetation (when mean height was lower than the population-

level average, n = 268 female-nest-cell-years; Table 3, Figure 5).

DISCUSSION

Our study combined ALS-derived measures of understorey vegetation structure with breeding data
from a long-term study of a population of superb fairy-wrens. We found differences in the
characteristics of understorey vegetation structure in sites chosen for nesting, but no evidence that this

selection reduced rates of nest or fledgling predation. We discuss the outcomes of these results below,
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and the implications for the use of ALS in studies of the evolutionary and behavioural ecology of wild

animal populations.

Understorey vegetation structure characteristics and nest-site selection

Our results show that female superb fairy-wrens select nest-sites based on aspects of the understorey
vegetation. Nest presence increased with decreasing mean height of the understorey vegetation and
with groundstorey volume, which is indicative of an area containing more grass tussocks and small
shrubs, substrates preferentially used in our study area by superb fairy-wrens for nesting (Figure S2).
We found no statistical significance of SD height affecting the probability of nest presence in our main
analysis, using data from 2009 — 2019. However, there was statistical support for the positive
association between SD height and nest presence in our analysis of the full dataset (1994 — 2019),
suggesting that there is a potential role for vegetation complexity in nest-site selection in superb fairy-
wrens. Denser and more complex vegetation is expected to be favoured in response to visually and
auditorily-oriented predators (Bowman & Harris, 1980; Martin, 1993; Martin & Roper, 1988; Filliater
et al., 1994). Our results are therefore consistent with the expectation that superb fairy-wrens’ choice of

nest-site is shaped by predation pressures.

Understorey vegetation structure characteristics and breeding performance

Despite the observation of preference for nest-sites with denser vegetation, our study using ALS data
confirmed previous, somewhat counterintuitive, findings that nest success and fledgling survival rates
of superb fairy-wrens decrease with increasing vegetation density (Backhouse et al., 2023; Colombelli-
Négrel & Kleindorfer, 2009) at a height relevant to this species. These findings contradict the
expectation that dense vegetation should be adaptive against visually and auditorily-oriented predators,

such as pied currawongs. We suggest several possible explanations for this paradox.

Although pied currawongs were previously identified as the dominant predator of superb fairy-wren
nests and fledglings in our study population (Prawiradilaga, 1996), they were not present in our study
area until the 1970s (Taylor, 1992). Thus, superb fairy-wren nest-site selection likely evolved in response
to historical selection pressures from different predatory species (Chalfoun & Schmidt, 2012). It is
therefore possible that current nest-site preferences are insufficient at impeding the pied currawong’s

ability to detect and access the nests and fledglings of superb fairy-wrens. Alternatively, superb fairy-
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wren nest-site selection might be adaptive against pied currawongs, but the current importance of pied
currawongs as a predator may have been overestimated or have changed in recent years, since
Prawiradilaga (1996). There is some support for this notion in the fact that despite an increase in the
number of pied currawongs in our study area (A. Cockburn, unpublished data), long-term rates of

superb fairy-wren nest predation have decreased (Table S1; Backhouse et al., 2023).

It is also possible that nesting in areas with increased groundstorey volume may make superb fairy-
wren nests and fledglings more vulnerable to other predators (Filliater et al., 1994), such as red foxes
Vulpes vulpes, which are common predators of superb fairy-wren nests and fledglings in our study area
(R.S. Turner, unpublished data). Red foxes have been linked to the extinction of native species and
population declines elsewhere throughout Australia because of their generalist diet and ability to thrive
in various habitats (Woinarski et al. 2019, 2022). Moreover, they often locate their prey using olfactory
cues, which may not be reduced by structural vegetation characteristics (Colombelli-Négrel &
Kleindorfer, 2009). We do not have sufficient observations of predation events to determine if the
importance of understorey vegetation structure impacts superb fairy-wren breeding performance
differently depending on the predator, but our results illustrate the need to understand the potential

importance of other predators.

Potential use and limitations of ALS in evolutionary and behavioural ecology

Studies have demonstrated the effectiveness of using ALS-derived measurements to assess
relationships between vegetation structure and the abundance, richness, and distribution of different
species (Ciuti et al., 2017; Davies & Asner, 2014; de Vries et al., 2021; Moudry et al., 2023; Shokirov et
al., 2023). More recently, some studies have also shown that ALS can be used to assess how structural
vegetation characteristics affect breeding behaviours and life-histories of single populations or species
(Davies et al., 2016, 2019; Hill et al., 2004; Hill & Hinsley, 2015; Klein et al., 2020). However, to date
these studies have been largely limited to specific regions — in particular, North America and Europe —
and taxonomic groups (Davies & Asner, 2014). With the increasing accessibility of national and regional
ALS datasets (Kissling et al., 2022; Lefsky et al. 2002; Moudry et al., 2023; Vierling et al. 2008) global
studies for entire taxonomic groups and ecosystems are now possible, and with them the potential to

significantly improve our understanding of animal-habitat relationships.
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Compared to traditional manual methods of measuring vegetation structure (Block et al., 1987; Gotfryd
& Hansell, 1985; MacArthur & MacArthur, 1961) ALS is overall less costly, less labour intensive, and
less subjective. ALS also allows for data collection in remote or inaccessible areas, and over larger spatial
extents, and can produce high-resolution measures of vegetation structure that are more representative
of the broader landscape (though previous studies have found positive associations between structural
vegetation characteristics derived from ALS and those measured in the field; Hyde et al., 2005, 2006).
Additionally, ALS allows for more complex measures of vegetation structure to be calculated (Bakx et

al., 2019), which can be updated as our understanding improves.

Despite its potential, ALS has some limitations. First, data can be computationally demanding and
require a significant amount of memory (Kissling et al., 2022; Vo et al., 2016). The unprocessed ALS
data for our comparatively small study area was c. 10 GB in size and initially consisted of c. 250 million
data points. Additionally, processing, and analysing ALS data requires a certain level of specialisation.
However, there has been considerable development in the field of available software that has made
processing and analysing ALS data more accessible (Kissling et al., 2022; Roussel et al., 2020; van Rees,
2013). Second, ALS surveys are often conducted in winter, during leaf-off conditions for deciduous
species, as their primary function is generally to provide accurate mapping of the ground terrain
(Reutebuch et al., 2005). Future studies are needed to understand the effect of seasonality on the ability
of ALS to capture structural data, particularly in landscapes with abundant deciduous species. In our
study area, the vegetation is predominantly evergreen (Fraser & Purdie, 2020). Third, ALS may be less
effective at capturing structural characteristics of understory vegetation in landscapes with dense
canopy coverage (Bakx et al., 2019), particularly when point clouds are of a low density. However, a
recent study by Shokirov et al. (2023) showed that ALS can effectively capture understorey vegetation
in similar landscapes to our study area, which has an open canopy, when compared to higher-resolution
Terrestrial Laser Scanning (TLS) data. Moreover, several other studies have shown that estimating
vegetation structure at coarser resolution of 20 — 25 m can be sufficient at reducing potential errors in

sampling due to low point cloud density (Ruiz et al., 2014; Treitz et al., 2012; Wilkes et al., 2015).

CONCLUSION
Our study used ALS to investigate breeding behaviour in a wild superb fairy-wren population and found

that aspects of understorey vegetation structure played a role in nest-site selection. However,
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relationships between understorey vegetation structure and breeding performance were complex and
our findings highlighted the need for future research to consider the importance of specific predators.
The increasing availability of ALS data offers potential for obtaining more complex, and less subjective,
measures of vegetation structure for use in furthering our understanding the ecological pressures that

shape breeding behaviours and life-histories of wild animals.
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Video S1. Animation of height-normalized LiDAR point cloud data used in this study. Appendix Si.
Supplementary methods. Assessing spatial autocorrelation of different understorey vegetation

structure parameters.

Figure S1. The height (cm) at which superb fairy-wrens build their nests in the study area.

Figure S2. The percentage of superb fairy-wren nests built in different vegetation substrates in the

study area (A) between 2009—2019; (B) between 1994—2019.

Figure S3. The fate of superb fairy-wren nests in the study area (A) between 2009—2019; (B) between

19942019.

Figure S4. Mean ( SE) daily mortality rate of superb fairy-wren fledglings until independence (A)

between 2009—2019; (B) between 1994—2019.

Figure S5. Mean ( SE) daily maximum) and minimum temperature, and total rainfall for each year

of the study between 2009—2019.

Figure S6. The change in (A) nest presence; (B) the number of breeding females in the study area over

time.

Figure S7. Mean ( SE) number of LiDAR vegetation points in each cell at 2 m height increments.

Figure S8. Density plots of Monte-Carlo simulated Moran’s I statistics (n = 2000 simulations) for (A)

mean height; (B) SD height; and (C) groundstorey volume in each dataset.
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Figure S9. Visualisation of the spatial weights matrix used in each of our three Bayesian spatial

hierarchical generalised linear models.

Figure S10. Spatiotemporal distribution of superb fairywren nest-sites in the study area between

2009—2019.

Table S1. Summaries of Bayesian spatial hierarchical generalised linear regression models using the

full breeding dataset from 1994—2019.

Table S2. Checking for multicollinearity among model parameters.

Table S3. Pearson coefficients indicating the level of relationship between main effect parameters in
each of the three Bayesian spatial hierarchical regression models: (A) nest presence; (B) nest success

rate; (C) fledgling survival rate.

Table S4. Checking for spatial autocorrelation among understorey vegetation structure parameters.
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Figure 1: Location of the study area in Canberra, Australian Capital Territory, Australia. The study area encompasses an
area of c. 65 hectares that includes a managed area (c. 43 hectares) in the Australian National Botanic Gardens (ANBG; the
perimeter of which is shown in black) and an unmanaged area (c. 22 hectares), which is part of the adjacent Black Mountain
Nature Reserve. We established a 30 x 30 m resolution grid (n = 768 cells) over the extent of the study area, for which superb
fairy-wren breeding data and ALS-derived vegetation structure parameters were extracted. Data for 27 of the 768 cells were
excluded from analyses (shown in white), leaving a total of 741 cells (see main text for further details). The left-hand panel
shows the spatial distribution of the 741 cells across the study area, with cells shaded based on the number of years they
contained a nest-site; the middle panel shows the location of the study area within the Australian Capital Territory; and the

right-hand panel shows the latter’s location in Australia.
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(a)
Figure 2: (a) Height-normalised LiDAR point cloud data for the study area acquired using ALS.
Height (m . . . N .
ght (m) Note, ground points are not presented. A three-dimensional animation of these data is
420 provided as Video Si. (b) An example 120 x 30 m cross-section of the point cloud data.
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Dashed line indicates the cut-off point (8 m) between the understorey and canopy
21.0
layer. Solid line indicates the cut-off point (2 m) below which the groundstorey volume was
10.5
estimated. (c - e) Spatial distribution of the three understorey vegetation structure parameters
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used in the analysis (ANBG perimeter shown in black).
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Figure 3: Nest presence in relation to (a — b) mean height and (¢ — d) groundstorey volume. Panels (a) and (c) show the
distribution of the raw data. The box and whiskers show the mean, plus upper and lower quartiles, and the interquartile range
of the raw data for each group. Panels (b) and (d) show the model estimated marginal means (+ 95% confidence intervals),
after correcting for main effect parameters, as described in Methods. For visualisation purposes, the raw data were grouped
into bins (each bin represents an interval of 1 m in (b) and an interval of 200 m3 in (d)) with points showing the group mean +

SE. In all panels, the number of observations (cell-years) in each group is given. Model estimates are provided in Table 3.
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Figure 4: Nest success rate in relation to (a — b) mean height and (c — d) groundstorey volume. Panels (a) and (c) show the

distribution of the raw data. For visualisation purposes, the raw data were grouped into two bins: 0.00 and > 0.00. The box

and whiskers show the mean, plus upper and lower quartiles, and the interquartile range of the raw data for each group. Panels

(b) and (d) show the model estimated marginal means (+ 95% confidence intervals), after correcting for main effect

parameters, as described in Methods. For visualisation purposes, the raw data were grouped into bins (each bin represents an

interval of 1 m in (b) and an interval of 200 m3 in (d)) with points showing the group mean + SE. In all panels, the number of

observations (female-nest-cell-years) in each group is given. Model estimates are provided in Table 3.
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Figure 5: Fledgling survival rate in relation to groundstorey volume when vegetation is low (green; mean height is less than
the population-level average) or high (purple; mean height is greater than the population-level average). Regression lines show
the model estimated marginal means (+ 95% confidence intervals), after correcting for main effect parameters, as described in
Methods. For visualisation purposes, the raw data were grouped into bins (each bin represents an interval of 200 m3) with

points showing the group mean = SE. The number of observations (female-nest-cell-years) in each group is given. Model

estimates are provided in Table 3.
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Table 1: Definition of terms and overview of the superb fairy-wren breeding parameters used in this study.

Breeding Parameter

Observation Level

Number of Observations

Description

Model Structure

Nest Presence

Nest Success Rate

Fledgling Survival Rate

A 30 x 30 m resolution cell

in a given year (cell-year)

A nest-cell for a given female
in a given year (female-nest-

cell-year)

A nest-cell for a given female
in a given year (female-nest-

cell-year)

8151 cell-years

(741 cells; 11 years)

1138 female-nest-cell-years

556 female-nest-cell-years. Only
female-nest-cell-years that
contained one or more fledgling

were included in this model

Cells that contained a nest in a given year were assigned a
binary score of 1 (nest-cell-year) otherwise o (unused cell-
year)

The number of successful nests relative to the total number of

nest attempts for each female in a nest-cell in a given year

The number of fledglings to survive to independence relative
to the total number of nestlings that successfully fledged for

each female in a nest-cell in a given year

Bernoulli error distribution (and logit-link function)

Binomial error distribution (and logit-link function).
The denominator (the total number of nest attempts for
each female-nest-cell-year) was equal to 1 in 80.8% of
observations

Binomial error distribution (and logit-link function). In
total, 22.1% of observations were zeros. Therefore, to
account for excess zeros in the Binomial error
distribution, we included a zero-inflated parameter in

this model (Biirkner, 2017)
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Table 2: Overview of the understorey vegetation structure parameters derived from ALS for each 30 x 30 m resolution cell. z = normalised height value of LiDAR point; Voxel = A value of volume

represented in three-dimensional (x, y, z) space.

Parameter Parameter Abbreviation Height Threshold Description Ecological Interpretation

Mean height of the understorey vegetation | Mean Height 0-8m Mean value of z within each 30 x 30 m resolution cell | A high mean height value indicates that a cell contains more
(measured in metres) tall shrubs and small trees, and fewer grass tussocks. A low
mean height value indicates that a cell contains more grass
tussocks and small shrubs. The spatial distribution of mean
height across the study area is shown in Figure 2c.

Standard deviation of the height of the | SD Height 0-8m SD of z values within each 30 x 30 m resolution cell SD height describes the variation in the vegetation height. A

understorey - vegetation  (measured in high SD height value indicates that a cell contains a more

metres)
heterogenous, or complex, vegetation height distribution.
The spatial distribution of SD height across the study area is
shown in Figure 2d.

Volume of the vegetation in the lowest | Groundstorey Volume 0o-2m The number of 1 x 1 x 1 m voxelsT between 0—2 m | The density of vegetation in the lowest understorey layer. The

layer of the understorey (measured in containing one or more vegetation point within each | spatial distribution of groundstorey volume across the study

cubic metres).
30 x 30 m resolution cell. Maximum potential | areais shown in Figure 2e.

groundstorey volume is 1800 m3 (30 x 30 x 2 m).

* Note: ALS point cloud data were converted to 1 x 1 x 1 m voxels using the voxelize_points function in the package 1idR’ (v.3.1.3; Rousel et al., 2020) in in R (v.4.0.5; R Core Team, 2021). The method of using voxels to

estimate vegetation density followed e.g., Béland et al. (2014); Sasaki et al. (2016); Shokirov (2021), Shokirov et al. (2023); Stoker (2009).
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Table 3: Summaries of Bayesian spatial hierarchical generalised linear regression models. The parameter estimates are presented as posterior means + standard deviation (SD) and 95% credible

intervals (CI). All explanatory parameters were mean standardised for analysis. Main effect parameters for which the 95% CI do not overlap zero are highlighted in bold.

Parameters

Nest Presence
Estimate + SD [95% CI]

Nest Success Rate
Estimate + SD [95% CI]

Fledgling Survival Rate
Estimate + SD [95% CI]

Intercept

Year

Mean Height

SD Height

Groundstorey Volume

Groundstorey Volume: Mean Height

Female Age (Relative to 1 Year Old)
2+ Years Old

Number of Helpers (Relative to 0)

1+ Helpers

-2.37 + 0.09 [-2.54 — -2.19]
-0.28 + 0.07[-0.43 — -0.13]
-0.24 + 0.09 [-0.41 — -0.08]
0.10 + 0.07 [-0.04 — 0.25]
0.42 + 0.08 [0.26 — 0.57]
0.07 £ 0.07 [-0.06 — 0.20]

-0.38 + 0.13 [-0.63 — -0.12]
0.04 + 0.09 [-0.13 — 0.20]
-0.04 + 0.09 [-0.21 — 0.13]
-0.04 + 0.07 [-0.18 — 0.10]

-0.20 £ 0.07[-0.33 — -0.06]
0.02 + 0.07 [-0.11 — 0.16]

-0.02 + 0.14 [-0.28 — 0.24]

0.26 + 0.13 [-0.01 — 0.51]

1.17 + 0.24 [0.70 — 1.64]
0.05 + 0.16 [-0.27 — 0.37]
0.24 + 0.15 [-0.06 — 0.54]
-0.19 + 0.13 [-0.44 — 0.05]
0.07 £ 0.12 [-0.17 — 0.31]

0.34 + 0.13 [0.10 — 0.59]

-0.08 + 0.21 [-0.50 — 0.33]

-0.07 £ 0.20 [-0.46 — 0.32]

Random Effects

v Variance + SD [95% CI]

v Variance + SD [95% CI]

v Variance + SD [95% CI]

Cell ID

Female ID

Year

Spatial Correlation

Zero Inflation Parameter

0.35 + 0.19 [0.03 — 0.71]
(n = 741)

0.19 + 0.08 [0.06 — 0.37]
(n=11)

2.21 + 0.23 [1.71 — 2.62]

n = 8151 cell-years

0.19 + 0.13 [0.01 — 0.49]
(n=448)

0.52 + 0.11 [0.28 — 0.74]
(n=317)

0.13 + 0.10 [0.01 — 0.36]
(n=11)

0.17 + 0.09 [0.01 — 0.39]

n = 1138 female-nest-cell-years

0.90 + 0.18 [0.54 — 1.27]
(n=301)

0.81 £ 0.22[0.33 — 1.24]
(n = 250)

0.37 + 0.17[0.08 — 0.75]

(n=11)
0.14 £ 0.11[0.00 — 0.41]
0.13 + 0.02 [0.09 — 0.17]

n = 556 female-nest-cell-years
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