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Abstract 15 

Climate warming has been shown to affect the timing of the onset of breeding of 16 

many bird species across the world. However, for multi-brooded species, climate may 17 

also affect the timing of the end of the breeding season, and hence also its duration, 18 

and these effects may have consequences for fitness. We used 28 years of field data to 19 

investigate the links between climate, timing of breeding, and breeding success in a 20 

cooperatively-breeding passerine, the superb fairy-wren (Malurus cyaneus). This 21 

multi-brooded species from south-eastern Australia has a long breeding season and 22 

high variation in phenology between individuals. By applying a ‘sliding window’ 23 

approach, we found that higher minimum temperatures in early spring resulted in an 24 

earlier start and a longer duration of breeding, whereas less rainfall and more 25 

heatwaves (days > 29℃) in late summer resulted in an earlier end and a shorter 26 

duration of breeding. Using a hurdle model analysis, we found that earlier start dates 27 

did not predict whether or not females produced any young in a season. However, for 28 

successful females who produced at least one young, earlier start dates were 29 

associated with higher numbers of young produced in a season. Earlier end dates were 30 

associated with a higher probability of producing at least one young, presumably 31 

because unsuccessful females kept trying when others had ceased. Despite 32 

larger-scale trends in climate, climate variables in the windows relevant to this species’ 33 

phenology did not change across years, and there were no temporal trends in 34 

phenology during our study period. Our results illustrate a scenario in which higher 35 

temperatures advanced both start and end dates of individuals’ breeding seasons, but 36 

did not generate an overall temporal shift in breeding times. They also suggest that the 37 

complexity of selection pressures on breeding phenology in multi-brooded species 38 

may have been underestimated. 39 
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1 | INTRODUCTION 43 

The earth’s climate has changed dramatically due to human influence over the last 44 

century, for example via increased temperature and more frequent extreme events 45 

(Easterling, 1997; Tebaldi et al., 2007; Stocker et al., 2014). Understanding and 46 

predicting the response of wild animal and plant populations to this change has 47 

become an extremely active field of research (Parmesan et al., 2003; Visser & Both, 48 

2005), with changes in the breeding phenology of birds being among the most 49 

frequently reported responses to climate change (Charmantier & Gienapp, 2014). 50 

Most studies report evidence that birds have advanced the timing of breeding in the 51 

last few decades, towards earlier dates (reviewed in Dunn, 2004; Dunn & Winkler, 52 

2010). This advancement is especially apparent in single-brooded species, where 53 

breeding success is typically higher for birds that start earlier than for later birds 54 

(Perrins, 1970; Verboven et al., 2001; Gotmark, 2002; Verhulst & Nilsson, 2008). It is 55 

as yet unclear whether this observed response to climatic change represents an 56 

evolutionary (genetic) response to selection for earlier breeding or is largely an 57 

expression of phenotypic plasticity, although most evidence to date supports the latter 58 

possibility (Charmantier & Gienapp, 2014). 59 

To date, detailed studies of the effects of climate change on avian breeding 60 

phenology have been dominated by, firstly, tests of the influence of spring 61 

temperature on the start of the breeding season (Dunn & Winkler, 2010), and, 62 

secondly, single-brooded species of which have relatively short breeding seasons and 63 

will be aiming to synchronize breeding in a period of abundant food resources for 64 

hatchlings (Visser et al., 2006). Multiple brooding, in which females produce two or 65 

more broods per breeding season, is also common across bird species (Verhulst et al., 66 

1997 and references therein). As multi-brooded species have longer breeding seasons, 67 



they have the potential for climate across a much longer period of the year to affect 68 

breeding. However, to date the effects of climate change on the potentially complex 69 

breeding phenology of multi-brooded species are less well understood (Jenni & Kéry, 70 

2003; Dunn & Winkler, 2010; Møller et al., 2010a; Halupka & Halupka, 2017). 71 

The effects of climate on breeding phenology and the resulting implications for 72 

reproductive success may be substantially more complex in multi-brooded species 73 

than in single-brooded species, for several reasons. First, there are three aspects of 74 

breeding phenology that may be affected by climate in multi-brooded species: (i) the 75 

timing of the first clutch (throughout, we refer to this as ‘start date’), (ii) the timing of 76 

the last clutch (the ‘end date’) and hence, determined by both, (iii) the overall 77 

duration of the breeding season (Møller, 2007; Tarwater & Arcese, 2018). Many 78 

studies have found evidence that increasing temperatures are associated with earlier 79 

start dates (e.g. Dunn & Winkler, 2010 and references therein). However, end date 80 

might be independent of start date and might be affected by temperature at different 81 

times of the year, as well as by other climate variables (e.g. rainfall) (Weatherhead, 82 

2005; Møller et al., 2010a). For example, when individuals start breeding will 83 

generally be affected by weather in early spring (Møller et al., 2010b), but when they 84 

stop is likely to be dependent on weather conditions much later in the season 85 

(Weatherhead, 2005; Tarwater & Arcese, 2018). As a result, any focus on start date 86 

alone may miss important effects of climate on end date, and hence on the overall 87 

duration of the breeding season (Mares et al., 2017; Tarwater & Arcese, 2018). 88 

Determining exactly which climate variables at exactly which periods in the year are 89 

the best predictors of breeding phenology traits can therefore be a substantial 90 

challenge. 91 

Determining the selection acting on phenology may also be substantially more 92 



complicated in multi-brooded species, in which annual breeding success may be 93 

affected by each or all of the breeding phenology traits (start, end and duration of the 94 

breeding season) and their potential interactions (e.g. Møller, 2007; Townsend et al., 95 

2013; Tarwater & Arcese, 2018). Just as in single-brooded species, an earlier start date 96 

may be associated with higher annual breeding success in multi-brooded species: for 97 

example, high quality individuals may occupy superior territories and hence breed 98 

earlier than low quality breeders (Parsons 1975; Hatchwell 1991; Brinkhof et al. 1993; 99 

Christians et al. 2001), which could lead to early breeding being associated with 100 

higher annual breeding success (McLean et al., 2016). Early breeding can also result 101 

in a longer duration of the breeding season and individuals who breed for a longer 102 

duration could have more breeding attempts per season and therefore higher annual 103 

breeding success (Weggler, 2006). In line with this prediction, several studies have 104 

suggested that, in multi-brooded species, annual breeding success may ultimately be 105 

more dependent on the duration of the breeding season, than on its start date (Møller, 106 

2007; Dunn & Winkler, 2010; Tarwater & Arcese, 2018). Additionally, variation in 107 

end date may also be relevant for an individual’s breeding success in a given year by 108 

influencing duration of breeding. 109 

Although the vast majority of analyses of avian breeding phenology to date have 110 

been on northern hemisphere populations, recent multi-species analyses have revealed 111 

substantial effects of weather on breeding phenology across a range of Australian bird 112 

species (Chambers et al., 2013; Duursma et al., 2018, 2019). A detailed 113 

individual-level study of purple-crowned fairy-wrens (Malurus coronatus coronatus) 114 

in the Australian tropics shows the dependence of breeding phenology and 115 

reproductive success on rainfall (Aranzamendi et al., 2019), but in general the effect 116 

of climate on breeding phenology and individual fitness is less well understood in 117 



southern hemisphere bird species. In this study, we investigated the effects of climate 118 

variables on the breeding phenology of another multi-brooded passerine, the superb 119 

fairy-wren (Malurus cyaneus), using a long-term study with 28 years of 120 

individual-based field data. This species has an exceptionally long breeding season 121 

and very high levels of variance between individuals in breeding phenology. Over the 122 

study period (spring 1988 – autumn 2016), climate at our study site in south-eastern 123 

Australia changed substantially: annual average temperature increased, there were 124 

more frequent days of extreme heat, and annual rainfall decreased (Kruuk et al., 2015). 125 

We therefore expected that the breeding phenology of the population would be 126 

affected by this change in climate. To test for the effects of climate variables during 127 

different windows of time on breeding phenology, we used a ‘sliding window’ 128 

approach (Bailey & van de Pol, 2016; van de Pol et al., 2016) to identify the periods 129 

of the year during which climate variables were most strongly associated with the start 130 

and end of individuals’ breeding season each year. We then tested how the weather in 131 

the relevant windows also influenced the overall duration of individuals’ breeding 132 

seasons. We also examined how the climate variables within the relevant windows 133 

changed over our study period, and whether breeding phenology also changed 134 

accordingly. Finally, we considered selection on phenology by quantifying the 135 

associations between the different breeding phenology traits and annual breeding 136 

success. Our results indicate a range of effects of climate on breeding phenology, and 137 

also complex patterns of selection on phenology in this population.  138 



2 | METHODS 139 

2.1 | Study population 140 

Our analyses were based on data from a long-term study of superb fairy-wrens in the 141 

Australian National Botanic Gardens, Canberra, south-east Australia (35°16′S, 142 

149°6′E). The study of breeding in this population commenced in 1988, at which 143 

point the study area covered about 30 fairy-wren territories. From 1992, the study area 144 

was expanded to encompass a total of ~40 hectares, which contained between 55 and 145 

90 territories. Fairy-wrens are cooperative breeders: the dominant pair breeding on a 146 

territory may be assisted by as many as four (or, extremely rarely, five) male helpers, 147 

although many pairs breed without assistance (Cockburn et al., 2016). Females are 148 

multi-brooded and initiate their first clutch of eggs at some point between August to 149 

November, in the austral spring, and their last clutch (usually) in December or January 150 

of the subsequent calendar year. Clutch size ranges from two to five eggs (very rarely 151 

one), with a dominant mode of three (Cockburn et al., 2016). Females lay one egg per 152 

day and begin incubation when the clutch is complete. Incubation is carried out 153 

exclusively by the female and typically lasts 13 days. The nestlings hatch 154 

synchronously, and are provisioned by the female and all adult males living on the 155 

territory. They fledge at 11 or 12 days of age, and then are fed for at least four weeks 156 

after fledging. Predation of nests and young fledglings is high (Cockburn et al., 2016), 157 

and only 29.71% of nests succeed to produce independent young (overall n = 4844 158 

nests). In the event of complete predation of the brood, females can build a 159 

replacement nest immediately, and will typically initiate laying of the new clutch 160 

seven or eight days after the predation event. If the fledglings have survived to 161 

independence, females generally wait 14 or more days after fledging before starting to 162 

build the next nest, and then typically initiate laying of the new clutch at about 20 163 



days after the previous brood fledged. In the absence of predation, the average 164 

inter-clutch interval is 49.1 ± 10.6 days (mean ± SD, range = 29-92 days, n = 376 165 

female-seasons; i.e. this is the duration from the laying date of a successful clutch that 166 

produced independent young to the laying date of the next clutch). Females can 167 

successfully fledge up to three broods in a breeding season, but given the high rates of 168 

nest predation as many as nine clutches may be laid in a season (Cockburn et al., 169 

2016). 170 

We used the total number of young surviving to four weeks after fledging (at 171 

which age they typically become independent) in each breeding season as a measure 172 

of a female’s annual breeding success (ABS; Cockburn et al., 2008). We considered 173 

only female fecundity because extra-pair paternity is exceptionally high in the 174 

population (61% of nestlings are extra-pair offspring, overall n = 4431 chicks of 1745 175 

broods; Hajduk et al., 2018), making it more difficult to relate a male’s breeding 176 

phenology to his annual breeding success, whereas there is no intraspecific brood 177 

parasitism (Double & Cockburn, 2003). We also considered only females that were at 178 

least two years of age, as one-year-old females can only initiate breeding when they 179 

acquire their first breeding vacancy, which may not occur until late November in their 180 

first breeding season (Cockburn et al., 2003). Phenology in one-year-olds is therefore 181 

likely to be determined by an entirely different set of demographic factors and 182 

consequently may be associated with climate and annual breeding success in very 183 

different ways. Here we describe results from 28 breeding seasons (from 1988 to 2015 184 

inclusive; see sample sizes for each season in Figure S1); note that a given breeding 185 

season will run across two calendar years, so for example 2000 denotes August 2000 186 

to March 2001. 187 

 



2.2 | Measures of breeding phenology 188 

We recorded the timing of all clutches of each female aged two or more in each 189 

breeding season. The start date for each female was defined as the Julian date (in days 190 

after 1 January that year) when she laid the first egg in her first clutch of a given 191 

breeding season (n = 1113 female-seasons for a total of 504 females; Figure 1a). The 192 

end date for each female was defined as the date on which she laid the first egg in her 193 

last clutch of a given breeding season (n = 922 female-seasons for a total of 430 194 

females; Figure 1b); end dates are also in days after 1 January for that season, so will 195 

be > 365 for nests in January or later. The sample sizes for start and end dates differ 196 

because for end date we included females whose first clutches were not found and so 197 

for whom we did not have a start date, but excluded any females that died during the 198 

breeding season. There was no indication of any correlation between start and end 199 

date (Figure 1d). The duration of breeding season for each female each year was 200 

calculated as the number of days between the start date and the end date (n = 829 201 

female-seasons for a total of 407 females; Figure 1c). The number of clutches laid by 202 

females in each breeding season ranged from a minimum of two to a maximum of 203 

nine, with an average of 3.2 ± 1.0 (mean ± SD, n = 829 female-seasons). 204 

 

2.3 | Climate data 205 

We used daily climate data for Canberra Airport (which is ~8 km east of the study 206 

area) obtained from the Australian Bureau of Meteorology 207 

(http://www.bom.gov.au/climate/data). We modeled temperature (daily minimum 208 

temperature and daily maximum temperature) and rainfall, both of which have been 209 

commonly used in predicting avian breeding phenology (van de Pol et al., 2016). 210 

 



2.4 | Statistical analyses 211 

We performed all statistical analyses using mixed models fitted in the package ‘lme4’ 212 

(Bates et al., 2014) in R.3.6.0 (R Core Team, 2018). P-values were calculated with the 213 

package ‘lmerTest’ (Kuznetsova et al., 2014). To account for repeated measurements, 214 

all models specified three random effects: breeding season (28 levels), the ID of the 215 

breeding female and the ID of the dominant male on her territory. The exceptions to 216 

models with these three random effects were: (i) generalized additive models of 217 

temporal trends in climate, breeding phenology and mean annual breeding success 218 

(see below), for which there were no random effects as there were no repeated 219 

measures (response variables were mean values for each of the 28 breeding seasons, 220 

note that not mean values for climate), and (ii) generalized linear mixed models 221 

(GLMMs) and hurdle mixed models of annual breeding success, for which we used 222 

just the ID of the breeding pair for better model convergence (changing dominant 223 

male during the breeding season is very rare in this population).  224 

We initially included as fixed effects in each mixed model the number of helpers 225 

on a female’s territory at the relevant time (e.g. the number of helpers in the group at 226 

her start date, or the number of helpers in the group at her end date), and both the 227 

female’s and the dominant male’s age. All these three fixed effects were fitted as 228 

three-level factors. For the number of helpers, we used 0, 1 and 2+ helpers (following 229 

Kruuk et al., 2015; Hajduk et al., 2018). As the average breeding age of females 230 

(excluding one-year-olds) was 3.3 ± 1.5 years (mean ± SD, range = 2-10 years) and 231 

the average breeding age of dominant males was 3.8 ± 1.9 years (mean ± SD, range = 232 

1-12 years), we grouped breeding individuals as being ‘young’ (one or two years of 233 

age; one year of age only for males), ‘mid-life’ (three or four years of age) or ‘old’ 234 

(five or more years of age). For the analyses of end date and duration, we also 235 



included the number of successful broods (i.e. those that had produced at least some 236 

independent young) produced by a female in that same breeding season prior to the 237 

last clutch; we considered successful broods because the duration of these will 238 

typically be much longer than a failed brood. The number of helpers, the age of the 239 

breeding adults and the number of successful broods prior to the last clutch were 240 

included as fixed effects to control for their effects, but we do not focus on these 241 

aspects of the models in detail in our results because the priority for this study was to 242 

examine the effects of climate variables on breeding phenology, and the association 243 

between phenology and annual breeding success. We analyzed start date, end date and 244 

duration with linear mixed models with Normal error structures, whereas annual 245 

breeding success was analyzed using GLMMs and hurdle mixed models with Poisson 246 

distributions (see further details below). 247 

 

2.4.1 | Sliding window analyses 248 

Determining baseline models for start and end date 249 

Before exploring the effects of climate on breeding phenology, we determined the 250 

‘baseline’ model of non-climate variables that explained variation in start date or end 251 

date. To determine baseline models, we used a model selection approach of 252 

comparing all possible combinations of fixed effects and a null model with an 253 

intercept but no fixed effects. The models were compared using Akaike's information 254 

criterion corrected for small sample size (AICc), which penalizes more complex 255 

models (Akaike, 1973; Burnham & Anderson, 2002), by using the ‘dredge’ function 256 

in the R package MuMIn (Bartoń, 2018). The final model chosen was that with the 257 

lowest AICc values (we also found the same results if we imposed an additional 258 

criterion of requiring ∆AICc > 2). For each final model of determinants of breeding 259 



phenology, we report ‘marginal R
2
’ values to represent the percentage of variance 260 

explained by all fixed effects (Nakagawa & Schielzeth, 2013). For each fixed effect, 261 

we also report a ‘∆R
2
’ as a measure of the percentage of the variance accounted for by 262 

that variable, defined as the percentage change in the marginal R
2
 when the respective 263 

fixed effect was dropped from the model (following Froy et al., 2016). Collinearity 264 

among the predictor variables was assessed using the variance inflation factor (VIF) 265 

analysis. All VIF values were well below a threshold of three, suggesting low 266 

collinearity (Zuur et al., 2009). 267 

For start date, we fitted an initial model (linear mixed model in ‘lmer’) with fixed 268 

effects of the number of helpers present on the territory at the time of the first clutch, 269 

female age, and dominant male age. No fixed effects were dropped in the model 270 

selection (Table S1a), therefore we used this full initial model as the baseline model in 271 

the subsequent sliding window analyses – described below – to identify the best 272 

windows of temperature and rainfall, respectively. 273 

For end date, we fitted an initial model with fixed effects of the number of helpers 274 

at the time of the last clutch, female age, dominant male age and the number of 275 

successful broods prior to the last clutch. The number of helpers and dominant male 276 

age were dropped in the model selection, so the baseline model for the sliding window 277 

analyses of end date contained only female age and the number of successful broods 278 

prior to the last clutch (Table S1b). 279 

 

Identifying climate windows 280 

To find the time period of a given climate variable (temperature or rainfall) that 281 

explained the most variation in start date or end date, we used a ‘sliding window’ 282 

approach implemented in the R package climwin (van de Pol et al., 2016). This 283 



approach compares models fitting the sum of either temperature or rainfall within 284 

different windows, and identifies the best window as that which gives the best model 285 

for either variable (so, for example, fitting the sum of the daily minimum temperature 286 

within a given window; using the mean rather than the sum gave very similar results 287 

in all analyses).  288 

For start date, we tested the effects of daily maximum and daily minimum 289 

temperature, and of rainfall. For end date, we considered the effects of daily 290 

maximum temperature (as end dates occur in summer, minimum temperatures are 291 

unlikely to be limiting at this time) and of rainfall. For end date, we also tested the 292 

effects of temperatures in extreme high values – heatwaves – using ‘degree-day’ 293 

models (van de Pol et al., 2016). Heatwaves were defined as occurring when daily 294 

maximum temperatures were above a certain temperature threshold. We determined 295 

the relevant temperature threshold for end date by considering each integer 296 

temperature from 25℃ to 39℃ (n = 15 temperatures; we stopped at 39℃ because days 297 

over 40℃ were extremely rare during our study period). For each potential threshold, 298 

the ‘degree-day’ model sums all temperatures above the temperature threshold within 299 

a particular period (window): this effectively calculates the temperature-sum of 300 

heatwaves within the respective window. Finally, as different daily maximum 301 

temperatures may have the same effect on the breeding activity of individuals once 302 

the daily maximum temperature is over a particular temperature threshold, we 303 

repeated the analyses of temperature-sum of heatwaves using a ‘binary’ function in 304 

climwin, to examine the effect of the absolute number of days over the relevant 305 

temperature threshold (again, 15 integer temperature values from 25℃ to 39℃): this 306 

function effectively counts the number of heatwaves within the respective window. 307 

We tested first for linear effect and then for quadratic effect of each climate variable 308 



on start date or end date. 309 

For start date, we considered every possible window within a period running from 310 

100 days before the earliest start date of any female across all breeding seasons, up 311 

until the latest start date of any female: this gave an overall period of Julian date 312 

143-323 (i.e. 23 May - 19 November). For end date, we considered every possible 313 

window within a period running from 40 days before the earliest end date of any 314 

female across all breeding seasons, up until 40 days after the latest end date (Julian 315 

date: 263-465; i.e. 20 September - 9 April the next calendar year). A period of 40 days 316 

before and after was chosen because fairy-wrens need up to around 40 days to finish 317 

one clutch (~13 days of incubation, ~11 days of chick-feeding in the nest and ~20 318 

days of chick-feeding after fledging), and both climate before and after the observed 319 

end dates may prevent females from nesting again. 320 

For each of start date or end date, we used the respective baseline models as 321 

outlined above, and then identified one ‘temperature overall best’ window for 322 

temperature (including heatwaves) and one ‘rainfall overall best’ window for rainfall. 323 

The ‘overall best’ window was selected as the one with the lowest AICc value (and 324 

hence also the lowest ∆AICc value, where ∆AICc is defined as the difference between 325 

a model’s AICc value and the AICc value of the baseline model), for either 326 

temperature or rainfall. Full details of this process are presented in the Supplementary 327 

Information. 328 

For each ‘overall best’ window index, we checked for false positive results by 329 

running a hundred randomizations of the given climate variable for the respective 330 

dataset: full details are provided in the Supplementary Information. If a false positive 331 

occurred, we report the window for completeness, but do not consider it further. 332 

Finally, we tested for the effect of any interaction between the ‘temperature overall 333 



best’ window and the ‘rainfall overall best’ window by adding both terms plus their 334 

interaction to the baseline models of start date or end date (van de Pol et al., 2016). 335 

One year, 2010, had exceptionally high rainfall, a long breeding season duration 336 

and late end date (2010 is marked by a square in each panel of Figure 2). However, 337 

excluding 2010 from the sliding-window analyses made no difference to the overall 338 

best windows identified; the results reported are from models run including 2010. 339 

For duration of individual breeding season (which is entirely determined by start 340 

date and end date), we did not run a separate sliding window analysis, but fitted the 341 

temperature and rainfall overall best windows that had been identified for both start 342 

and end date (if one had been identified) in a linear mixed model. This allowed us to 343 

test the relative impact of the climate variables that shaped start or end date 344 

respectively on duration. The initial model for duration also included fixed effects of 345 

the mean number of helpers for that female across the breeding season (note that the 346 

number of helpers can vary through the season, which is why we took the mean). This 347 

was fitted as a 3-level effect, grouped as: level 0 = 0 helpers; level 1 = 0.2-1.0 mean 348 

number of helpers; and level 2 = >1 mean number of helpers (n = 364, 288 and 177 349 

female-seasons for level 0, 1 and 2 respectively). Female age, dominant male age and 350 

the number of successful broods prior to the last clutch were fitted as above. We also 351 

checked for the effects of interactions between the relevant weather indices (i.e. 352 

climate in the temperature or rainfall overall best window) of start and end date on 353 

duration. 354 

 

2.4.2 | Selection on breeding phenology 355 

We explored selection on breeding phenology by quantifying the relationship between 356 

a female’s phenology in a given breeding season and her annual breeding success (i.e. 357 



a component of her total lifetime fitness) in that season. As a first step, we fitted 358 

GLMMs with annual breeding success as the response variable following a Poisson 359 

distribution; this is probably the most commonly used method for analyzing such data. 360 

To model selection on start date and on end date, we fitted a model with fixed effects 361 

of both linear and quadratic effects of start date and end date. We also fitted fixed 362 

effects of female age, dominant male age and mean number of helpers in a female’s 363 

territory across the breeding season, as a three-level factor (defined in the same way 364 

as above for the analysis in duration). In addition, we included a two-way interaction 365 

between the linear terms for start and end date. To model selection on duration, we 366 

fitted a model with fixed effects of both linear and quadratic effects of duration, 367 

female age, dominant male age and mean number of helpers in three levels (as for the 368 

analysis in duration). 369 

The distribution of annual breeding success was zero-inflated (Figure 1e). As a 370 

second step, we therefore fitted more appropriate hurdle mixed models that added a 371 

zero-inflation component of annual breeding success to the GLMM, using the R 372 

package glmmTMB (Brooks et al., 2017). This is a two-part model that comprises a 373 

logistic regression for the zeroes in the distribution (a binomial part, with logit link 374 

function) and a Poisson regression for the zero-truncated counts (a truncated Poisson 375 

part, with log link function). The hurdle mixed model enabled us to ask two distinct 376 

questions within a single statistical structure: first, what variables affected the 377 

probability that a female produced at least one (versus zero) young in a given 378 

breeding season (i.e. the probability that ABS>0), and, second, if she produced at least 379 

one young, what variables affected the number of young? For the hurdle mixed model, 380 

we used the same set of predictor variables for both binomial and Poisson parts, and 381 

the same procedures as for the first GLMM. 382 



As a final component of the selection analyses, to test whether selection patterns of 383 

breeding phenology varied between breeding seasons, we added an interaction 384 

between each individual’s breeding phenology trait values and breeding season as a 385 

random effect (i.e. random slope terms) in the final versions of the hurdle mixed 386 

models. 387 

Models were compared using AIC values, with the final model chosen being that 388 

with lowest AIC value (‘start date’ and ‘end date’ were always kept). All continuous 389 

fixed effects, i.e. the phenology traits, were standardized (to zero mean, unit standard 390 

deviation) in order to make all coefficients comparable and to improve convergence. 391 

 

2.4.3 | Tests for temporal trends in weather indices, breeding phenology and 392 

mean annual breeding success 393 

Finally, to test whether any of the relevant weather indices, breeding phenology or 394 

mean annual breeding success had changed across the study period, we fitted 395 

generalized additive models, which allowed for both linearity and nonlinearity, with 396 

Normal error structures by using the R package gam (Hastie, 2018). Breeding season 397 

was fitted as a continuous fixed effect and the response variable was the relevant 398 

weather index of temperature or rainfall (for start date or end date respectively if an 399 

‘overall best’ window had been identified), annual mean start date, annual mean end 400 

date, annual mean duration or annual mean individual ABS in each breeding season, 401 

respectively (i.e. 28 breeding seasons for each model, one value per breeding season).  402 



3 | RESULTS 403 

3.1 | Variation in breeding phenology 404 

The mean start date for female superb fairy-wrens’ breeding was 18 October (Julian 405 

date 285.9, SD = 13.3; Figure 1a), and the mean end date was 21 December (Julian 406 

date 355.4, SD = 22.6; Figure 1b). Both start and end date varied greatly between 407 

individuals, with start dates ranging from 31 August to 18 November (Julian date 408 

range = 243-323) and end dates ranging from 30 November to 1 March the next 409 

calendar year (Julian date range = 303-425). Furthermore, start date was not 410 

correlated with end date (Pearson’s correlation coefficient r = -0.03, p = 0.426, n = 411 

829 female-seasons; Figure 1d). The mean duration of individuals’ breeding seasons 412 

was 71.0 days (SD = 26.1, range = 13-150 days; Figure 1c). 413 

 

3.2 | Determinants of start date 414 

We found strong effects of climate on all three aspects of breeding phenology. The 415 

sum of daily minimum temperatures from 19
 
August to 4 September (17 days, Julian 416 

date: 231-247; i.e. early-season minimum temperature) was the best temperature 417 

predictor for start date (∆AICc = -12.42; Table S2a). This window was prior to when 418 

most females initiating breeding (Figure 1a). In contrast, start date was much less 419 

affected by daily maximum temperature, with the ‘best’ windows identified for linear 420 

and quadratic effects of daily maximum temperature having much higher ∆AICc 421 

values (Table S2a). 422 

We could not identify a ‘rainfall overall best’ window for start date, as the 423 

randomizations showed that both the linear and quadratic effects of the best indices of 424 

rainfall appeared to be false positive signals (Table S2a; we return to this point in the 425 

Discussion). 426 



Our final model of start date therefore indicated that females started breeding 427 

earlier when early-season minimum temperatures were higher (Figure 2a; Table 1). 428 

Furthermore, older females, older dominant males and more helpers in the territory all 429 

also corresponded to an earlier start of breeding (Table 1), though each term explained 430 

much less variation than did early-season minimum temperature (see ∆R
2
 values in 431 

Table 1). 432 

 

3.3 | Determinants of end date 433 

End dates were associated with rainfall, temperature, female age and number of 434 

successful broods prior to the last clutch (Table 2). Females stopped breeding earlier 435 

when there was less rainfall in the late season (Figure 2b, Table 2): the ‘rainfall 436 

overall best’ window for end date was a long period, spanning 97 days from 13 437 

October to 17 January the next calendar year (Julian date: 286-382; ∆AICc = -32.98; 438 

Table S2b). This window overlapped with the period in which the majority of females 439 

stopped breeding (Figure 1b).  440 

The ‘temperature overall best’ window for end date indicated that the number of 441 

days over 29℃ (i.e. ‘heatwaves’) from 24 November to 23 December (30 days, Julian 442 

date: 328-357) influenced the end date (∆AICc = -22.86; Table S2b). This window 443 

was prior to the peak period when females stopped breeding (Figure 1b), and 444 

indicated that females stopped breeding earlier when more heatwaves occurred 445 

(Figure 2c, Table 2). Older females stopped breeding later, as did females who had 446 

produced more successful broods prior to the last clutch (Table 2). 447 

Late-season rainfall and the number of late-season heatwaves in the respective 448 

‘overall best’ windows were negatively correlated (Pearson’s correlation coefficient r 449 

= -0.70, p < 0.001, n = 28 breeding seasons; Figure S2). As a result, each of them did 450 



not contribute a substantial value to the marginal R
2
 when the other was in the model 451 

(Table 2); however, dropping both from the model in Table 2 resulted in a reduction in 452 

marginal R
2
 of 15.20%. Additionally, there was no interaction between late-season 453 

rainfall and number of late-season heatwaves (linear mixed model: t = -0.58, p = 454 

0.570). 455 

 

3.4 | Determinants of duration 456 

Having determined the best predictors for start and end date, we tested to see whether 457 

these were associated with the duration of each female’s breeding seasons. Duration 458 

was influenced by the relevant weather index of early-season minimum temperature 459 

for start date, and by the relevant weather indices of late-season rainfall and the 460 

number of late-season heatwaves for end date (Table S3). Higher minimum 461 

temperatures early in the breeding season and more rainfall later in the breeding 462 

season both led to a longer duration (Figure 2d,e; Table S3). As late-season rainfall 463 

and number of late-season heatwaves were negatively correlated (Figure S2), we 464 

tested the effect of number of late-season heatwaves without late-season rainfall in the 465 

model of Table S3 and found that more heatwaves later in the breeding season led to a 466 

shorter duration (linear mixed model: t = -4.46, p < 0.001; Figure 2f). There were no 467 

interactions between early-season minimum temperature, late-season rainfall and the 468 

number of late-season heatwaves in their effects on duration (linear mixed model: all 469 

p > 0.105). Additionally, older females had a longer duration of breeding season, as 470 

did those with more successful broods prior to the last clutch (Table S3). 471 

 

3.5 | Selection on breeding phenology 472 

When we analyzed selection on breeding phenology with the (less appropriate) 473 



Poisson model of annual breeding success, we found evidence that the females who 474 

produced more independent young were those who started breeding earlier. However, 475 

unexpectedly, they were also those stopped breeding earlier (Table S4). 476 

However, when we used the (more appropriate) hurdle mixed model to account for 477 

the zero-inflated distribution of annual breeding success, a more complex picture 478 

emerged: in summary, breeding phenology had a different relationship with the 479 

probability of producing at least one young (i.e. the probability that ABS>0) 480 

compared to its effect on ABS in females who had produced at least one young. Start 481 

date did not affect the probability that ABS>0, but earlier end dates were associated 482 

with higher probability that ABS>0 (Figure 3a; Table 3). In contrast, for a successful 483 

female who produced at least one young, an earlier start date increased her expected 484 

ABS (Figure 3b), but end date did not influence it (Table 3). The results therefore 485 

suggested that earlier starting females had higher ABS if they produced at least one 486 

young, whereas unsuccessful females kept breeding later in an attempt to achieve 487 

some success: we return to this point in the Discussion. 488 

The simpler Poisson model of ABS indicated no overall relationship with breeding 489 

season duration (Table S5), but the (more appropriate) hurdle mixed model again 490 

indicated a more complex underlying pattern. Females with longer duration were 491 

associated with lower probability of producing at least one young (i.e. lower 492 

probability that ABS>0; Figure S3a; Table S6). However, if a female managed to 493 

produce at least one young, a longer duration of breeding season increased her 494 

expected ABS (Figure S3b; Table S6). 495 

A higher number of helpers on a female’s territory was also associated with a 496 

higher ABS (Table 3). However, we found no evidence that selection patterns for any 497 

of the phenology traits varied between breeding seasons: the addition of an interaction 498 



between breeding phenology trait and breeding season as a random effect in the 499 

hurdle mixed model was never significant (for start date, end date and duration, all 500 

likelihood ratio tests: p > 0.654). 501 

 

3.6 | Tests for temporal trends in weather indices, breeding phenology and mean 502 

annual breeding success 503 

We found no evidence that any of the relevant weather indices, breeding phenology or 504 

mean annual breeding success changed over the study period. For the relevant weather 505 

index of early-season minimum temperature for start date and the relevant weather 506 

indices of late-season rainfall and the number of late-season heatwaves for end date, 507 

there was no evidence of linear or non-linear changes over the study period (all 508 

generalized additive models: p > 0.405; Figure S4). As would thus be predicted by the 509 

lack of change in the relevant weather indices, there was also no evidence of any 510 

linear or non-linear changes over the study period in annual mean start date, annual 511 

mean end date, annual mean duration and annual mean individual ABS in each 512 

breeding season (all generalized additive models: p > 0.209; Figure 4).  513 



4 | DISCUSSION 514 

Our analyses of nearly three decades of individual breeding records revealed strong 515 

effects of climate on breeding phenology in the multi-brooded superb fairy-wren. 516 

Females initiated their first clutch earlier when the minimum (i.e. nightly) 517 

temperatures in early spring, preceding breeding, were higher. In contrast, they 518 

finished initiating clutches earlier when there was little rainfall and exceptionally high 519 

temperatures (‘heatwaves’) later in the breeding season. Thus temperature at different 520 

times of year effectively exerted opposite effects on the duration of individuals’ 521 

breeding seasons: higher early-season temperatures extended it, whereas higher 522 

late-season temperatures shortened it. Interestingly, although the climate in our study 523 

area has been subject to overall increased annual average temperatures, more frequent 524 

heatwaves, and decreased annual rainfall (Kruuk et al., 2015), the climate variables in 525 

the relevant windows in this study showed no directional change, and, 526 

correspondingly, we found no evidence that breeding phenology has changed. Our 527 

analyses of selection on breeding phenology revealed complex relationships of start 528 

date, end date and duration with different components of annual breeding success. We 529 

discuss these points in turn below. 530 

 

4.1 | Determinants of breeding phenology 531 

Females started breeding earlier and hence bred for a longer time when early-season 532 

minimum temperatures were higher (Figure 2a,d). However, the start of breeding was 533 

much less affected by daily maximum temperature (Table S2a). Additionally, daily 534 

minimum temperature was not correlated with daily maximum temperature within the 535 

‘best’ window of daily minimum temperature (Pearson’s correlation coefficient 536 

r = 0.20, p = 0.305, n = 28 breeding seasons). To our knowledge, this is the first report 537 



that the start of breeding in birds is influenced by daily minimum temperature but 538 

much less affected by daily maximum temperature. Although most studies in avian 539 

breeding phenology find a strong correlation between daily mean temperature and 540 

start of breeding (Dunn & Winkler, 2010; Charmantier & Gienapp, 2014; Samplonius 541 

et al., 2018), we suggest that in some cases this may be due to a correlation between 542 

daily mean temperature and daily minimum temperature (for example in our study: 543 

Pearson’s correlation coefficient between daily mean and daily minimum temperature 544 

r = 0.69, p < 0.001, n = 28 breeding seasons). Low minimum temperatures may 545 

constrain the start of breeding for two potential reasons: (1) they may indicate low 546 

availability of food resources early in the breeding season, as supported by studies 547 

indicating that experimental food provision leads to earlier start of breeding (Martin, 548 

1987; Nilsson & Svensson, 1993); (2) low temperatures at night may not allow 549 

females to allocate the energy necessary for egg production due to increasing resource 550 

allocation for thermoregulation (O’Connor, 1978; Lilliendahl et al., 1996). Superb 551 

fairy-wrens are an insectivorous songbird, and insect abundance may be low under 552 

cold conditions in early spring. Thus, with cold temperatures, they may have to 553 

postpone the start of breeding in order to use limited resources for thermoregulation at 554 

night. Furthermore, our study area has a continental climate with strong seasonal 555 

fluctuations in temperature, including winter frosts. It is therefore reasonable that an 556 

earlier increase in minimum temperature facilitates breeding.  557 

We did not identify any ‘best’ window for rainfall to explain the start of breeding 558 

(Table S2a), because the randomizations indicated that the best window returned by 559 

the models of both linear and quadratic effects of rainfall were false positive signals. 560 

This lack of support for an association between rainfall and start date in our system 561 

may be due to the general difficulty of capturing the biological effect of rainfall 562 



statistically (e.g. Mares et al., 2017). For example, in our study area, more rainfall 563 

during a relevant window may be caused by a heavy storm, but this may largely 564 

generate run-off and therefore may not have much effect on plant growth in early 565 

spring - whereas the same amount of rainfall spread over the window could advance 566 

plant growth and hence insect abundance and higher resource availability for superb 567 

fairy-wrens. However, we note that, in contrast to the inconclusive effects of rainfall 568 

here, rainfall was clearly associated with the cessation of breeding (see below). 569 

Additionally, previous studies of the same population have found positive effects of 570 

rainfall both on phenology of male transition to breeding plumage (van de Pol & 571 

Cockburn, 2011) and on nestling mass (Kruuk et al., 2015), illustrating that it is 572 

possible to identify effects of rainfall in this system. 573 

When to stop breeding was associated with late-season rainfall and number of 574 

late-season heatwaves. Of the different associations between climate variables and 575 

breeding phenology traits identified in our analyses, that of late-season rainfall on the 576 

cessation of breeding had the strongest statistical support (∆AICc = -32.98; Figure 2b; 577 

Table S2b). This effect might be because more rainfall may lead to higher arthropod 578 

abundance (Valtonen et al., 2013), and females may breed for longer and stop 579 

breeding later when there are more food resources (e.g. the Seychelles warbler 580 

Acrocephalus sechellensis; Komdeur, 1996). A recent study on purple-crowned 581 

fairy-wrens reported that arthropod abundance increased after rainfall and female 582 

fairy-wrens were more likely to breed in response to more rainfall (Aranzamendi et al., 583 

2019). Furthermore, multi-species analyses have also shown that Australian bird 584 

species bred for longer when there is more rainfall (Duursma et al., 2018). In addition, 585 

in this system, more rainfall was typically associated with fewer heatwaves, so the 586 

effect of higher rainfall (in a model without the number of heatwaves) will also 587 



incorporate effects associated with heatwaves, discussed below. 588 

Females also stopped breeding earlier - and hence had shorter duration of breeding 589 

seasons - when there were more late-season heatwaves (Figure 2c,f). Heatwaves could 590 

adversely affect the physiological condition of both adults and offspring in birds. 591 

Studies report that heat exposure reduces sperm quality (Hurley et al., 2018), body 592 

condition (du Plessis et al., 2012; Gardner et al., 2016, 2018) and hatching success 593 

(Webb, 1987; Stoleson & Beissinger, 1999) in a range of bird species. All these effects 594 

may constrain breeding activity of birds and hence may truncate breeding. This may 595 

be especially the case for superb fairy-wrens who build domed nests with relatively 596 

good heat insulation (compared to open nests), which may result in over-heating both 597 

for incubating females and for eggs or chicks in the nest (Grant, 1982). Our former 598 

work on this study population also found heatwaves lead to decreases in the body 599 

mass of nestlings (Kruuk et al., 2015). Additionally, multi-species analyses of 600 

Australian bird species suggested that heatwaves are the primary constraint for 601 

breeding in hot and arid regions (Duursma et al., 2019). Further analyses are still 602 

needed to investigate the potential cost of breeding under very high temperatures in 603 

superb fairy-wrens, for example whether there are reductions in individual survival 604 

rate for either juveniles or adults. 605 

 

4.2 | Change in climate variables across years 606 

Although climate in the study system shows clear trends at the annual level towards 607 

warmer and drier conditions (Kruuk et al., 2015), the climate variables during the 608 

sensitive periods for breeding phenology traits identified here did not change across 609 

years. As we would therefore expect, we found no temporal trends in either breeding 610 

phenology traits or mean annual breeding success in our study period. This 611 



phenomenon is also found in former work in this population on the effects of climate 612 

variables on the timing of prenuptial molt (van de Pol & Cockburn, 2011; van de Pol 613 

et al., 2012) and on juvenile body size (Kruuk et al., 2015) in this population. These 614 

examples therefore all indicate scenarios whereby traits may have strong climate 615 

dependence, but this will not generate temporal trends if the relevant weather indices 616 

at particular times of year have not changed over time. They also underline the 617 

importance of fine-scale, individual-level analyses in testing the effects of climate 618 

change on breeding phenology. 619 

 

4.3 | Selection on breeding phenology 620 

Early breeding was associated with higher individual fitness in superb fairy-wrens, in 621 

line with that found in many single-brooded species (Perrins, 1970; Gotmark, 2002; 622 

Verhulst & Nilsson, 2008). A female who produced at least one young had, on average, 623 

higher annual breeding success if she started breeding earlier (Figure 3b; Table 3). 624 

Start date was repeatable in superb fairy-wrens (proportion of total variance due to 625 

female ID = 30.39% from Table 1). This suggests that some females may be in better 626 

condition and/or occupy superior territories and consistently breed earlier than other 627 

females. Furthermore, although females who produced at least one young had higher 628 

annual breeding success if they had a longer duration of breeding season (Figure S3b; 629 

Table S6), this was due to the positive association between earlier start date and 630 

higher annual breeding success: if we included start date and duration in the same 631 

hurdle mixed model, with annual breeding success as response variable, start date had 632 

a significant effect (same results as in Table 3), but duration was not significant. Thus, 633 

start date appeared to be more important than duration per se in influencing annual 634 

breeding success in superb fairy-wrens. 635 



When a female stopped breeding was also associated with her annual fitness, but 636 

in a slightly unexpected way. Females who stopped breeding earlier had a higher 637 

probability of producing at least one young (i.e. higher probability that ABS>0; Figure 638 

3a; Table 3). This was presumably because females who did not produce any young 639 

throughout the season kept breeding for longer, beyond when many successful 640 

females had stopped. It is worth mentioning that a substantial proportion of females 641 

only produced young in their last clutch of the season (44.75%, overall n = 829 642 

female-seasons). These females stopped breeding earlier than those who did not 643 

produce any young throughout the season (Figure S5). This may explain the 644 

superficially conflicting results that females who produced more successful broods 645 

prior to the last clutch have later end dates (Table 2), whereas later end dates were 646 

associated with lower probability of producing at least one young (i.e. lower 647 

probability that ABS>0; Table 3). We discuss this point in further detail in the 648 

Supplementary Information (Figure S5). Additionally, females who stopped breeding 649 

later also had longer durations of breeding season (Pearson’s correlation coefficient 650 

r = 0.88, p < 0.001, n = 829 female-seasons). Although longer breeding duration were 651 

associated with lower probability of producing at least one young (Figure S3; Table 652 

S6), this was due to the association between later end date and lower probability of 653 

producing at least one young: if we included end date and duration in the same hurdle 654 

mixed model, with annual breeding success as response variable, end date had a 655 

significant effect (same results as in Table 3), but duration was not significant. Thus, 656 

as with start date, end date also appeared to be more important than duration per se in 657 

influencing annual breeding success in superb fairy-wrens. 658 

Our results illustrate the value of using hurdle models to analyze the zero-inflated 659 

distributions of annual breeding success when considering the fitness consequence of 660 



life-history traits in birds. For example, had we not taken the hurdle mixed model 661 

approach, we would have arrived at the conclusion that duration was not relevant to 662 

annual breeding success (Table S5), without appreciating the contrasting effects of 663 

duration on the probability of producing at least one young (i.e. the probability that 664 

ABS>0) versus on the number of young produced if a female produced at least one 665 

young (Table S6). Zero-inflated distributions may be common for the breeding 666 

success of birds because birds usually have a modal clutch size and nest predation 667 

usually leads to the loss of whole clutches (Lack, 1947), such that distributions are 668 

likely to have a spike at zero and then a unimodal non-zero component (as in Figure 669 

1e). Models that explicitly allow for such zero-inflation may therefore be more 670 

appropriate for such analyses. 671 

Our selection analyses showed that the fitness consequence of breeding phenology 672 

in multi-brooded species was complex, and that annual breeding success was more 673 

associated with start and end date than with duration. However, studies of other 674 

multi-brooded bird species have reached the opposite conclusion, that duration is 675 

more important than start and end date in determining annual breeding success 676 

(Møller, 2007; Dunn & Winkler, 2010; Tarwater & Arcese, 2018). The inconsistency 677 

between our results and those of other multi-brooded species may potentially be 678 

explained by differences in nest predation rates between species. If nest predation is 679 

low (as it may be in many well-studied passerine nest-box populations in the northern 680 

hemisphere), longer breeding duration (associated with more breeding attempts) 681 

should correlate with higher annual breeding success. However, if nest predation is 682 

high, as it may be in species with natural nests (as in our study system), a longer 683 

duration of a female’s breeding season may be more indicative of repeated experience 684 

of predation and hence longer persistence with many breeding attempts. These aspects 685 



highlight how a species’ ecology may play a major role in shaping the phenology of 686 

its breeding season.  687 

In summary, our results illustrate the complexity of the effects of climate on 688 

breeding phenology in a multi-brooded species, and also of the selection pressures 689 

acting on this phenology. They also provide an example of a system in which the 690 

effects of warmer temperatures have not resulted in earlier breeding over the years. 691 
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TABLE 1 Summary of the linear mixed model of determinants of start date (Julian 894 

date, i.e. days after 1 January) in female superb fairy-wrens at least two years old (n = 895 

1113 female-seasons, 504 females across 28 breeding seasons). ‘Early-season 896 

minimum temperature’ is the weather index of temperature identified as the best 897 

predictor for start date. The marginal R
2
 for the whole model is 14.24% (percentage of 898 

variance explained by all the fixed effects). Note that negative parameter estimates are 899 

associated with earlier start dates. 900 

Fixed effects Parameter estimate SE t-statistic p-value ∆R
2 
(%) 

Intercept 295.89 1.83 

 

Early-season minimum temperature -0.18 0.04 -4.34  < 0.001  -11.36  

Female age (relative to 2): 3-4 -3.25 0.67 -4.85  < 0.001  -1.27  

                      5+ -2.64 0.91 -2.89  0.004  

 

Dominant male age (relative to 1-2): 3-4 -1.01 0.81 -1.25  0.210  -0.47  

                              5+ -2.19 0.90 -2.42  0.016  

 

# helpers (relative to 0): 1 -2.03 0.77 -2.65  0.008  -0.46  

                     2+ -1.89 0.89 -2.12  0.035  

 

Random effects Variance components       

Female ID 46.07  

    

Dominant male ID 4.47  

    

Breeding season 23.55  

    

Residual 77.53          

‘Early-season minimum temperature’: sum of daily minimum temperatures from 19 August to 4 901 

September (17 days, Julian date: 231-247). Significant effects (p ≤ 0.05) are indicated in bold. ‘∆R
2
’ 902 

values represent the percentage of the variance explained by each fixed effect, i.e. the change in 903 

marginal R
2
 when that variable is dropped from the model.  904 



TABLE 2 Summary of the linear mixed model of determinants of end date (Julian 905 

date, i.e. days after 1 January) in female superb fairy-wrens (n = 922 female-seasons, 906 

430 females across 28 breeding seasons). ‘Late-season rainfall’ and ‘# late-season 907 

heatwaves’ are weather indices of rainfall and temperature identified as the best 908 

predictors for end date. The marginal R
2
 for the whole model is 19.34%. 909 

Fixed effects Parameter estimate SE t-statistic p-value ∆R
2 
(%) 

Intercept 343.01 3.89 

 

Late-season rainfall 0.07 0.01 5.18  < 0.001  -3.68  

# late-season heatwaves -0.63 0.21 -3.02  0.006  -1.11  

Female age (relative to 2): 3-4 3.20 1.46 2.20  0.028  -0.74  

                      5+ 4.80 1.89 2.54  0.011  

 

# successful broods prior to  

the last clutch (relative to 0): 1 

8.43 1.47 5.74  < 0.001  -3.18  

                        2 11.49 5.14 2.24  0.026  

 

Random effects Variance component         

Female ID 12.58  

    

Dominant male ID 25.21  

    

Breeding season 5.83  

    

Residual 366.30          

‘Late-season rainfall’: total rainfall from 13 October to 17 January the next calendar year (97 days, 910 

Julian date: 286-382); ‘# late-season heatwaves’: number of days over 29℃ from 24 November to 23 911 

December (30 days, Julian date: 328-357). Significant effects (p ≤ 0.05) are indicated in bold. ‘∆R
2
’ 912 

values represent the percentage of the variance explained by each fixed effect.  913 



TABLE 3 Summary of the hurdle mixed model of associations of start and end date 914 

with annual breeding success (ABS, measured by number of independent young) in 915 

female superb fairy-wrens (n = 829 pair-seasons, 425 pairs across 28 breeding 916 

seasons). β is the parameter estimate for each effect. 917 

The hurdle mixed model simultaneously estimates the determinants of the probability of producing at 918 

least one independent young in a given breeding season (‘Prob. ABS > 0’, binomial part, with logit link 919 

function) and the number of independent young if a female produced at least one independent young 920 

(‘ABS when > 0’, truncated Poisson part, with log link function). Julian start and end dates (days after 921 

1 January) were standardized (to zero mean, unit standard deviation) for better model convergence. The 922 

negative estimate for end date indicate that earlier end dates were associated with higher probability 923 

that ABS>0, and the negative parameter estimates for start date indicate that earlier start dates were 924 

associated with higher annual breeding success. Significant effects (p ≤ 0.05) are indicated in bold. 925 

Note that the parameter estimates for the two parts of hurdle mixed model are not comparable due to 926 

different link functions. The effects of start and end date on annual breeding success are shown in 927 

Figure 3.  928 

    Prob. ABS > 0   ABS when > 0 

Fixed effects 

 

β SE z-value p-value 

 

β SE z-value p-value 

Intercept 

 

1.24  0.19  

   

0.91 0.05  

  

Start date 

 

-0.13  0.10  -1.28  0.202  

 

-0.11  0.03  -3.78   < 0.001  

End date 

 

-0.43  0.11  -4.04   < 0.001  

 

0.004 0.03  0.14  0.889  

# helpers (relative to 0): 1 

 

0.18  0.21  0.88  0.382  

 

0.07  0.06  1.07  0.286  

2+ 

 

0.83  0.27  3.04  0.002  

 

0.17  0.07  2.51  0.012  

Random effects   Variance component     Variance component   

Pair ID 

 

0.28  

    

0.005  

   

Breeding season   0.26          0.03        



 929 

FIGURE 1 Distributions of (a) start date (laying date of the first clutch, n = 1113 930 

female-seasons), (b) end date (laying date of the last clutch, n = 922 female-seasons) 931 

and (c) duration (number of days between the start date and the end date, n = 829 932 

female-seasons) for female superb fairy-wrens at least two years old, across the study 933 

period from 1988 to 2015. The dotted vertical lines represent the mean of each 934 



distribution. Panel (d) shows the relationship (or lack of) between start and end date (n 935 

= 829 female-seasons; each point represents one breeding season of a female), and (e) 936 

shows the distribution of the number of independent young (fledglings after four 937 

weeks) produced by each female in a season (n = 829 female-seasons).  938 



 

FIGURE 2 The associations between relevant weather indices and breeding 939 

phenology in female superb fairy-wrens. Effects of mean daily minimum temperature 940 

in the early season (19 August - 4 September) on (a) start date and (d) duration; 941 

effects of late season total rainfall (13 October - 17 January the next calendar year) on 942 

(b) end date and (e) duration; and effects of number of heatwaves (days > 29℃) in the 943 

late season (24 November - 23 December) on (c) end date and (f) duration. Data were 944 

grouped by each breeding season (n = 28 breeding seasons) with points showing 945 

group means of raw data and error bars representing standard errors. The regression 946 

lines are fitted through the points shown and grey shaded areas represent 95% 947 

confidence intervals of the lines, and the r
2
 values reported on each panel refer to the 948 

(squared) correlation between weather index and mean value of phenology trait for 949 



each season. The breeding season of 2010 (a very wet season) is outlined with a 950 

square in each panel of the Figure. For panels (a)-(c), note that lower values on the y 951 

axis represent earlier dates. Panels (a) and (d) show mean temperature values for 952 

clarity, although the models analyzed temperature sums. All figures show means of 953 

raw data and associations between single climate variables and the respective 954 

phenology variables, without accounting for any other variables.  955 



 956 

FIGURE 3 The associations between breeding phenology and annual breeding 957 

success (ABS) in superb fairy-wrens (n = 829 pair-seasons, 425 pairs across 28 958 

breeding seasons). The effect of (a) end date on the probability that a female produced 959 

at least one young in a given breeding season (i.e. the probability that ABS>0) and (b), 960 

if she produced at least one young, the effect of start date on the number of young. 961 

Data were grouped into eight bins (each bin represents an interval of 15 days in a and 962 

an interval of 9 days in b) with points showing group means of raw data, error bars 963 

representing standard errors and group sample sizes are indicated above each point. 964 

The lines represent model predictions from the hurdle mixed model (with number of 965 

helpers set to 1 and other numeric predictors set to their mean), with grey shaded 966 

areas showing 95% confidence intervals of the lines.  967 



 968 

FIGURE 4 Variation in the (a) mean start date, mean end date and (b) mean annual 969 

breeding success (ABS) for female superb fairy-wrens. Data were grouped by each 970 

breeding season (n = 28 breeding seasons) with points or triangles showing group 971 

means of raw data and error bars representing standard errors. The mean sample size 972 

of each breeding season is 39.8 ± 9.7 for start date, 32.9 ± 7.5 for end date and 973 

29.6 ± 7.3 for mean ABS (mean ± SD). The very wet breeding season of 2010 is 974 

outlined by a diamond in each panel of the Figure; despite its exceptionally long 975 

duration, it did not result in a higher mean ABS. 976 
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Supplementary Methods: Identifying the best windows for different climate 29 

variables, and randomization tests for false positives 30 

 

We present here the details of the analysis used to identify the best windows for 31 

temperature and rainfall for each of start and end date. 32 

For analyses of both start and end date, we first identified the ‘best’ window for a 33 

given function of each climate variable. The different functions considered either a 34 

linear or a quadratic effect of the climate variable. For the effect of temperature on 35 

end date, we also considered the temperature-sum of heatwaves and the number of 36 

heatwaves for different temperature thresholds (see main text). Thus, for example, one 37 

set of comparisons would involve the linear effect on end date of the total number of 38 

days over 30℃ across different windows. For each set of comparisons, we considered 39 

every possible window within the periods defined in the main text (23 May - 19 40 

November for start date, and 20 September - 9 April the next calendar year for end 41 

date). The ‘best’ window for a given function of a given variable was selected as that 42 

for which the model had the lowest AICc value (AIC corrected for small sample size, 43 

Akaike, 1973; Burnham & Anderson, 2002), and hence the greatest difference in AIC 44 

values (∆AICc) between it and the baseline model with no climate variable. We also 45 

required any ‘best’ window to span more than 10 days. We had decided on this 46 

10-days criterion before running the analyses; however, when it came to running the 47 

models, almost all best windows met the criterion and its implementation made no 48 

difference to the overall best windows identified (see below). 49 

For start date, we therefore expected to identify four ‘best’ windows for 50 

temperature (linear and quadratic functions for the sum of daily maximum and daily 51 

minimum temperature, respectively) and two ‘best’ windows for the sum of rainfall 52 



(linear and quadratic functions). These results for start date are presented in Table S2a. 53 

For end date, we expected to identify 62 ‘best’ windows for temperature (two for 54 

linear and quadratic functions for the sum of daily maximum temperature, and 15 for 55 

each of the linear and quadratic functions of both the temperature-sum of heatwaves 56 

and the number of heatwaves at each of the 15 threshold temperatures, respectively) 57 

and two ‘best’ windows for the sum of rainfall (linear and quadratic functions). These 58 

results for end date are presented in Table S2b. 59 

For each of start date or end date, we then identified a ‘temperature overall best’ 60 

window (including, for end date, heatwaves), as the best of the different temperature 61 

windows, and a ‘rainfall overall best’ window as the best of the different rainfall 62 

windows. In each case, the ‘overall best’ window was selected as the one with the 63 

lowest ∆AICc value across the different ‘best’ windows. So, for example, for end date, 64 

Table S2b shows how for rainfall, the best window for a linear function was days 65 

286-382, and the best window for a quadratic function was days 286-384; of them, the 66 

former had the lower ∆AICc value, and so was identified as the ‘rainfall overall best’ 67 

window for end date (Table S2b). Similarly, for temperature, the ‘temperature overall 68 

best’ window was the linear function of the number of heatwaves over 29℃ (Table 69 

S2b). 70 

Finally, given the large number of tests being run, we used a randomisation 71 

approach to check whether a particular window could be a false positive result. So, to 72 

check whether any given ‘overall best’ window index was a false positive, we ran 100 73 

randomizations of the given climate variable for the respective dataset by randomly 74 

re-ordering the data-frame to randomize dates. By doing this, a given breeding event 75 

was associated with weather at a randomly-assigned time, whilst maintaining any 76 

auto-correlation within the climate data (van de Pol et al., 2016). We considered a 77 



given ‘overall best’ window to be a false positive if its observed ∆AICc value lay 78 

within the distribution of all ∆AICc values from the 100 models of randomized data. 79 

For illustration of this process, we show below a case of a false positive result (left 80 

figure; the linear function of rainfall for start date) and a case of a non-false-positive 81 

(right figure; the linear function of number of late-season heatwaves over 29℃ for end 82 

date). Each figure show a histogram of all ∆AICc values from all models run on the 83 

randomized data (in pink) and the ∆AICc of the best model fitted on the observed data 84 

(dashed line). Figures were plotted with R package climwin. 85 
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TABLE S1a Model selection for baseline model of start date (the laying date of the 87 

first clutch; Julian date, i.e. days after 1 January). Models (with weight > 0.05) 88 

explaining variation for start date in female superb fairy-wrens at least two years old 89 

(n = 1113 female-seasons, 504 females across 28 breeding seasons). Models are 90 

ranked following increasing AICc values. +: included fixed effect which was set as a 91 

factor. K: number of parameters in the model. In this table, ∆AICc is the difference in 92 

AICc values between a given model and the top model. The weight indicates the 93 

probability that the model is the best among set of candidate models. 94 

Rank Female age Dominant male age # helpers K AICc ∆AICc Weight 

1 + + + 3 8529.4 0.0 0.696 

2 + 

 

+ 2 8531.6 2.2 0.230 

3 +     1 8534.0 4.6 0.070 

  95 



TABLE S1b Model selection for baseline model of end date (the laying date of the 96 

last clutch; Julian date, i.e. days after 1 January). Models (with weight > 0.05) 97 

explaining variation for end date in female superb fairy-wrens (n = 922 98 

female-seasons, 430 females across 28 breeding seasons). Models are ranked 99 

following increasing AICc values. +: included fixed effect which was set as a factor. 100 

K: number of parameters in the model. In this table, ∆AICc is the difference in AICc 101 

values between a given model and the top model. The weight indicates the probability 102 

that the model is the best among set of candidate models. 103 

Rank 

Female 

age 

Dominant 

male age # helpers 

# successful broods 

prior to the last clutch K AICc ∆AICc Weight 

1 + 

  

+ 2 8216.8 0.0 0.645 

2 + + 

 

+ 3 8220.3 3.5 0.112 

3 

   

+ 1 8220.7 3.9 0.093 

4 +   + + 3 8220.8 3.9 0.090 

  104 



TABLE S2a Summary of results of the sliding window analyses (see Methods) 105 

identifying, for start date, the ‘best’ windows for each function of rainfall, daily 106 

minimum and daily maximum temperature in female superb fairy-wrens (n = 1113 107 

female-seasons, 504 females across 28 breeding seasons). AICc shows the AICc value 108 

for each model, and (in this table) ∆AICc the difference from that of the baseline 109 

model. ‘Window open’ gives the Julian date (days after 1 January) on which the 110 

window starts, and ‘window close’ when it closes. ‘False positive?’ indicates whether 111 

the ‘overall best’ window in that particular function of the climate variable was a false 112 

positive (see the first section of Supplementary Information). Bold indicates the 113 

‘rainfall overall best’ window and ‘temperature overall best’ window, respectively. 114 

Climate variables Function AICc ∆AICc 

Window 

open 

Window 

close 

Window 

duration 

(days) 

False 

positive? 

Baseline model (Table S1a) - 8529.40 0 - - -  

Rainfall linear 8522.30 -7.10 277 322 46 Y 

Rainfall quadratic 8520.97 -8.43 238 255 18 Y 

Daily minimum temperature linear 8516.98 -12.42 231 247 17 N 

Daily minimum temperature quadratic 8517.79 -11.61 174 206 33 

 

Daily maximum temperature linear 8527.16 -2.24 160 204 45 

 

Daily maximum temperature quadratic 8524.70 -4.70 261 270 10 

 

Each row show the ‘best’ window of a given climate variable (rainfall or temperature) in that particular 115 

function (e.g. linear or quadratic effect of a climate variable), with the ‘best’ window being identified as 116 

that with the lowest ∆AICc value (and which also spans more than 10 days). One ‘temperature overall 117 

best’ window was identified as the best of the different temperature windows, and one ‘rainfall overall 118 

best’ window was also identified as the best of the different rainfall windows. In each case, the ‘overall 119 

best’ window was selected as the one with the lowest ∆AICc value across all the ‘best’ windows. The 120 

‘rainfall overall best’ window (a quadratic function of rainfall) was determined to be a false positive, so 121 

we therefore checked whether the ‘best’ window for a linear function of rainfall was also false positive, 122 

and found that it was.  123 



TABLE S2b Summary of results of the sliding window analyses identifying, for end 124 

date, the ‘best’ windows for each function of rainfall, daily maximum temperature, 125 

temperature-sum of heatwaves and number of heatwaves in female superb fairy-wrens 126 

(n = 922 female-seasons, 430 females across 28 breeding seasons). ‘Heatwave 127 

threshold ℃’ indicates each integer temperature (from 25℃ to 39℃, n = 15 128 

temperatures) threshold for calculation of the temperature-sum of heatwaves or the 129 

number of heatwaves within a relevant period. AICc shows the AICc value for each 130 

model, and (in this table) ∆AICc the difference from that of the baseline model. 131 

‘Window open’ gives the Julian date (days after 1 January) on which the window 132 

starts, and ‘window close’ when it closes. ‘False positive?’ indicates whether the 133 

‘overall best’ window in that particular function of the climate variable was a false 134 

positive. Bold indicates the ‘rainfall overall best’ window and ‘temperature overall 135 

best’ window, respectively. Note that we did not test the effect of daily minimum 136 

temperature on the end date.  137 

Climate variables Function 

Heatwave 

threshold 

℃ AICc ∆AICc 

Window 

open 

Window 

close 

Window 

duration 

(days) 

False 

positive? 

Baseline model (Table S1b) - - 8216.83  0 - - -  

Rainfall linear - 8183.85 -32.98 286 382 97 N 

Rainfall quadratic - 8185.08 -31.75 286 384 99  

Daily maximum temperature linear - 8199.03 -17.80 331 358 28 

 

Daily maximum temperature quadratic - 8201.06 -15.77 331 358 28  

Temperature-sum of heatwaves linear 25 8203.00 -13.83 331 358 28 

 

Temperature-sum of heatwaves linear 26 8204.29 -12.54 352 362 11 

 

Temperature-sum of heatwaves linear 27 8201.65 -15.18 327 358 32 

 

Temperature-sum of heatwaves linear 28 8196.29 -20.54 328 359 32 

 

Temperature-sum of heatwaves linear 29 8194.59 -22.24 328 357 30 

 



Temperature-sum of heatwaves linear 30 8198.10 -18.73 326 363 38 

 

Temperature-sum of heatwaves linear 31 8200.06 -16.77 326 359 34 

 

Temperature-sum of heatwaves linear 32 8201.88 -14.95 326 390 65 

 

Temperature-sum of heatwaves linear 33 8204.27 -12.56 332 360 29 

 

Temperature-sum of heatwaves linear 34 8207.29 -9.54 376 386 11 

 

Temperature-sum of heatwaves linear 35 8205.40 -11.43 325 385 61 

 

Temperature-sum of heatwaves linear 36 8208.76 -8.07 325 386 62 

 

Temperature-sum of heatwaves linear 37 8211.20 -5.63 368 383 16 

 

Temperature-sum of heatwaves linear 38 8213.16 -3.67 368 383 16 

 

Temperature-sum of heatwaves linear 39 8210.53 -6.30 355 395 41 

 

Temperature-sum of heatwaves quadratic 25 8204.93 -11.90 327 420 94 

 

Temperature-sum of heatwaves quadratic 26 8203.83 -13.00 327 386 60 

 

Temperature-sum of heatwaves quadratic 27 8203.23 -13.60 327 386 60 

 

Temperature-sum of heatwaves quadratic 28 8198.34 -18.49 328 359 32 

 

Temperature-sum of heatwaves quadratic 29 8196.41 -20.42 328 358 31 

 

Temperature-sum of heatwaves quadratic 30 8200.05 -16.78 326 363 38 

 

Temperature-sum of heatwaves quadratic 31 8201.78 -15.05 328 359 32 

 

Temperature-sum of heatwaves quadratic 32 8202.94 -13.89 326 386 61 

 

Temperature-sum of heatwaves quadratic 33 8204.79 -12.04 306 360 55 

 

Temperature-sum of heatwaves quadratic 34 8206.08 -10.75 320 358 39 

 

Temperature-sum of heatwaves quadratic 35 8207.17 -9.66 325 386 62 

 

Temperature-sum of heatwaves quadratic 36 8208.31 -8.52 350 376 27 

 

Temperature-sum of heatwaves quadratic 37 8211.32 -5.51 376 385 10 

 

Temperature-sum of heatwaves quadratic 38 8209.41 -7.42 368 391 24 

 

Temperature-sum of heatwaves quadratic 39 8209.46 -7.37 368 395 28 

 

# heatwaves linear 25 8204.58 -12.25 331 358 28 

 

# heatwaves linear 26 8204.79 -12.04 327 421 95 

 

# heatwaves linear 27 8202.54 -14.29 327 358 32 

 

# heatwaves linear 28 8196.45 -20.38 328 356 29 

 

# heatwaves linear 29 8193.97 -22.86 328 357 30 N 



# heatwaves linear 30 8197.62 -19.21 326 363 38 

 

# heatwaves linear 31 8199.73 -17.10 328 359 32 

 

# heatwaves linear 32 8201.75 -15.08 326 390 65 

 

# heatwaves linear 33 8203.90 -12.93 332 360 29 

 

# heatwaves linear 34 8207.41 -9.42 376 386 11 

 

# heatwaves linear 35 8205.33 -11.50 325 385 61 

 

# heatwaves linear 36 8208.88 -7.95 325 386 62 

 

# heatwaves linear 37 8211.32 -5.51 368 383 16 

 

# heatwaves linear 38 8213.37 -3.46 368 383 16 

 

# heatwaves linear 39 8210.65 -6.18 355 395 41 

 

# heatwaves quadratic 25 8205.70 -11.13 327 420 94 

 

# heatwaves quadratic 26 8204.64 -12.19 327 415 89 

 

# heatwaves quadratic 27 8203.94 -12.89 327 386 60 

 

# heatwaves quadratic 28 8198.32 -18.51 328 356 29 

 

# heatwaves quadratic 29 8195.89 -20.94 328 357 30 

 

# heatwaves quadratic 30 8199.61 -17.22 326 363 38 

 

# heatwaves quadratic 31 8201.54 -15.29 328 359 32 

 

# heatwaves quadratic 32 8203.15 -13.68 326 386 61 

 

# heatwaves quadratic 33 8204.90 -11.93 306 360 55 

 

# heatwaves quadratic 34 8206.02 -10.81 320 358 39 

 

# heatwaves quadratic 35 8207.02 -9.81 325 386 62 

 

# heatwaves quadratic 36 8207.85 -8.98 350 376 27 

 

# heatwaves quadratic 37 8211.52 -5.31 376 385 10 

 

# heatwaves quadratic 38 8209.16 -7.67 368 391 24 

 

# heatwaves quadratic 39 8209.60 -7.23 368 395 28   
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TABLE S3 Summary of the linear mixed model of determinants of duration (number 139 

of days between the start date and the end date) in female superb fairy-wrens (n = 829 140 

female-seasons, 407 females across 28 breeding seasons). ‘Early-season minimum 141 

temperature’, ‘late-season rainfall’ and ‘# late-season heatwaves’ are the weather 142 

indices of temperature and rainfall identified as the best predictors for start date and 143 

end date. The marginal R
2
 for the whole model is 22.88% (percentage of variance 144 

explained by all the fixed effects). 145 

Fixed effects Parameter estimate SE t-statistic p-value ∆R
2 
(%) 

Intercept 51.35 6.00 

 

Early-season minimum temperature 0.23 0.05 4.24  < 0.001  -3.48  

Late-season rainfall 0.05 0.02 2.48  0.020  -1.50  

# late-season heatwaves -0.67 0.32 -2.09  0.046  -0.95  

Female age (relative to 2): 3-4 6.97 1.70 4.10  < 0.001  -1.53  

                      5+ 5.64 2.25 2.51  0.012  

 

# successful broods prior to  

the last clutch (relative to 0): 1 

10.40 1.71 6.06  < 0.001  -0.42  

                        2 19.45 5.73 3.39  0.001  

 

Random effects Variance components       

Female ID 43.69  

    

Dominant male ID 17.43  

    

Breeding season 24.43  

    

Residual 438.99          

‘Early-season minimum temperature’: sum of daily minimum temperatures from 19 August to 4 146 

September (17 days, Julian date: 231-247); ‘late-season rainfall’: total rainfall from 13 October to 17 147 

January the next calendar year (97 days, Julian date: 286-382); ‘# late-season heatwaves’: number of 148 

days over 29℃ from 24 November to 23 December (30 days, Julian date: 328-357). Significant effects 149 

(p ≤ 0.05) are indicated in bold. ‘∆R
2
’ values represent the percentage of the variance explained by 150 

each fixed effect, i.e. the change in marginal R
2
 when that variable is dropped from the model. 151 

‘Late-season rainfall’ and ‘# late-season heatwaves’ were negatively correlated (see main text); the ∆R
2
 152 

value when both variables were dropped from the model is -8.05%.  153 



TABLE S4 Summary of the generalized linear mixed model (with Poisson 154 

distribution and log link function) of associations of start and end date with annual 155 

breeding success (measured by number of independent young) in female superb 156 

fairy-wrens (n = 829 pair-seasons, 425 pairs across 28 breeding seasons). The 157 

marginal R
2
 for the whole model is 5.21%. 158 

Fixed effects Parameter estimate SE z-statistic p-value ∆R
2 
(%) 

Intercept 0.66 0.06 

 

Start date -0.11 0.03 -3.85   < 0.001  -2.07  

End date -0.11 0.03 -3.84   < 0.001  -1.63  

# helpers (relative to 0): 1 0.07 0.06 1.10  0.270  -1.19  

                     2+ 0.20 0.07 3.04  0.002  

 

Random effects Variance component       

Pair ID 0.10  

    

Breeding season 0.06          

Start and end date are given in Julian date (days after 1 January) and standardized (to zero mean, unit 159 

standard deviation) for better model convergence. The negative parameter estimate for start date 160 

indicates that earlier start dates were associated with higher annual breeding success; similarly, earlier 161 

end dates were also associated with higher annual breeding success. Significant effects (p ≤ 0.05) are 162 

indicated in bold. ‘∆R
2
’ values represent the percentage of the variance explained by each fixed effect.  163 



TABLE S5 Summary of the generalized linear mixed model (with Poisson 164 

distribution and log link function) of association between duration and annual 165 

breeding success in female superb fairy-wrens (n = 829 pair-seasons, 425 pairs across 166 

28 breeding seasons). The marginal R
2
 for the whole model is 1.99%. 167 

Fixed effects Parameter estimate SE z-statistic p-value ∆R
2 
(%) 

Intercept 0.69 0.06 

 

Duration -0.04 0.03 -1.22  0.222  -0.52  

Duration
2
 -0.03 0.02 -1.62  0.106  

 

# helpers (relative to 0): 1 0.08 0.06 1.41  0.158  -1.40  

                     2+ 0.22 0.07 3.21  0.001  

 

Random effects Variance component         

Pair ID 0.11  

    

Breeding season 0.05          

The duration was standardized (to zero mean, unit standard deviation) for better model convergence. 168 

Significant effect (p ≤ 0.05) is indicated in bold. ‘∆R
2
’ values represent the percentage of the variance 169 

explained by each fixed effect.  170 



TABLE S6 Summary of the hurdle mixed model of association between duration and 171 

annual breeding success (ABS) in female superb fairy-wrens (n = 829 pair-seasons, 172 

425 pairs across 28 breeding seasons). β is the parameter estimate for each effect. 173 

    Prob. ABS > 0   ABS when > 0 

Fixed effects 

 

β SE z-value p-value 

 

β SE z-value p-value 

Intercept 

 

1.20  0.18  

   

0.95  0.06  

  

Duration 

 

-0.31  0.10  -3.02  0.003  

 

0.07  0.03  2.32  0.021  

Duration
2
 

 

- - - - 

 

-0.04  0.02  -1.66  0.097  

# helpers (relative to 0): 1 

 

0.22  0.20  1.06  0.291  

 

0.07  0.06  1.22  0.221  

                     2+ 

 

0.83  0.27  3.09  0.002  

 

0.17  0.07  2.57  0.010  

Random effects   Variance component     Variance component   

Pair ID 

 

0.31  

    

0.01  

   

Breeding season   0.18          0.02        

The hurdle mixed model simultaneously estimates the determinants of the probability of producing at 174 

least one independent young in a given breeding season (‘Prob. ABS > 0’, binomial part, with logit link 175 

function) and the number of independent young if a female produced at least one independent young 176 

(‘ABS when > 0’, truncated Poisson part, with log link function). The duration was standardized (to 177 

zero mean, unit standard deviation) for better model convergence. Note that the models reported were 178 

those with the lowest AIC values: for the Prob ABS>0, this was a model with a linear effect of duration; 179 

for the ABS when >0, the lowest AIC model included a quadratic term for duration, even though there 180 

is not strong support for that quadratic term. Significant effects (p ≤ 0.05) are indicated in bold. Please 181 

also note that the parameter estimates for the two parts of hurdle mixed model are not comparable due 182 

to different link functions. The effect of duration on annual breeding success is shown in Figure S3.   183 
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 184 

FIGURE S1 Number of female superb fairy-wrens (aged two or more as used in the 185 

analysis) that were monitored in each season of the study period (1988-2015, n = 28 186 

breeding seasons). Each point represents one breeding season. Note that the large 187 

increase in sample size in 1992 represents the expansion of the study area. The 188 

reasons for the subsequent decline in population size are not yet clear.  189 
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 190 

FIGURE S2 Negative association between late-season rainfall and the number of 191 

late-season heatwaves (days > 29℃ ) in the relevant climate windows that 192 

determined end date of superb fairy-wrens (13 October - 17 January the next 193 

calendar year for rainfall; 24 November - 23 December for heatwaves). Each point 194 

represents one breeding season. The regression line is fitted through the points 195 

shown and grey shaded areas represent 95% confidence intervals of the line, and the 196 

r
2
 value is the (squared) correlation between late-season rainfall and number of 197 

late-season heatwaves.  198 
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 199 

FIGURE S3 The associations between the duration of the breeding season and 200 

annual breeding success (ABS) in superb fairy-wrens (n = 829 pair-seasons, 425 201 

pairs across 28 breeding seasons). Effects of duration on (a) the probability that a 202 

female produced at least one young in a given breeding season (i.e. the probability 203 

that ABS>0) and (b), if she produced at least one young, on the number of young. 204 

Data were grouped into eight bins (each bin represents an interval of 18 days in a 205 

and an interval of 17 days in b) with points showing group means of raw data, error 206 

bars representing standard errors and group sample sizes are indicated above each 207 

point. The lines represent model predictions from hurdle mixed models (with 208 

number of helpers set to 1 and other numeric predictors set to their mean), with grey 209 

shaded areas showing 95% confidence intervals of the line.  210 
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FIGURE S4 (a) Mean daily minimum temperature in the early season (19 August - 211 

4 September), (b) late season total rainfall (13 October - 17 January the next calendar 212 

year) and (c) number of heatwaves (days > 29℃) in the late season (24 November - 213 

23 December) in the relevant climate windows for start and end date in superb 214 

fairy-wrens did not change across years. Each point represents one breeding season.  215 
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 216 

FIGURE S5 The association between number of successful broods and end date in 217 

superb fairy-wrens (overall n = 829 pair-seasons, 425 pairs across 28 breeding 218 

seasons). Females who had produced more successful broods prior to the last clutch 219 

have later end dates (Table 2; solid black error bars). However, later end dates were 220 

associated with lower probability of producing at least one young (Table 3). This 221 

apparent contradiction is caused by the laying date of the last clutch in the breeding 222 

season and its fate: (1) 66.3% of females did not produce any young before the last 223 

clutch (550 out of 829 female-seasons); (2) of those females, 67.5% of them who 224 

succeeded to produce young in the last clutch (371 out of 550 female-seasons; green 225 

dashed error bar) on average had earlier end dates (mean ± SE: 347.70 ± 1.11, n = 371 226 

female-seasons) than those who failed to produce young in the last clutch (i.e. no 227 

young produced in the whole breeding season; mean ± SE: 360.79 ± 1.73, n = 179 228 

female-seasons; red dashed error bar; linear mixed model: t = -7.90, p < 0.001); (3) 229 

overall, females who failed to produce any young in the whole breeding season (red 230 

dashed error bar) on average stopped breeding later than those females who produced 231 
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at least one young in the whole breeding season (i.e. averaged across all three 232 

categories who had at least one successful brood in the dashed blue square; mean ± 233 

SE: 354.29 ± 0.87, n = 650 female-seasons; linear mixed model: t = -5.10, p < 0.001). 234 

Points showing group means of raw data, error bars representing standard errors with 235 

95% confidence intervals and group sample sizes are indicated above each point. 236 


