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Temporal distribution of observations 

 

 

Figure S1. Temporal distribution of Body Area Index (BAI) estimates over the eight years of 

the study period. 
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Figure S2. Temporal distribution of faecal glucocorticoids (fGC) measurements over the eight 

years of the study period. 
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Figure S3. Temporal distribution of calf observations over the eight years of the study period. 

Note that observations of calves by other research groups outside our study area are plotted 

separately on the left of each panel. 
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Directed acyclic graph representation of the model 

 

 

Figure S4. Gray whale model represented as a directed acyclic graph. For simplicity, only three 

time steps (t – 1, t, and t + 1) in the time series for individual i are reported. The shapes and 

colours used to represent the variables mimic the model diagram provided in the main text 

(Fig. 1), but note that, for clarity, we do not report the observation models that generate the 

data. Hypothesised causal relationships between variables are represented as solid lines, while 

dashed lines indicate causal relationships for which we found no support in preliminary 

analyses (e.g., the effect of prior stress state on current stress state) or that are described in 

previous studies from which we derived the input data (e.g., the relationship between age and 

body length). Model variables include: nutritional state (hi,t), population mean nutritional state 

(Ht), stress state (si,t), population mean stress state (St), age (ai,t), length (Li,t), calving status 

(ci,t), and pregnancy status (Pi,t) (for simplicity, we do not report sex and its effect on the stress 

state). Note that we represent the effect of stress state on calving via the hypothesised causal 

pathway (i.e., through the effect of stress on pregnancy in the next year, which in turn 

determines whether the female gives birth to a calf two years later); in practice, given the 

available data, we modelled the effect of stress state on calving probability with a two-year lag. 

Moreover, here we represent the mechanistic relationship between pregnancy status and 

calving status (i.e., a female is pregnant and then gives birth to a calf), even though in the 

model we inform pregnancy status from calving status in the following year (as represented in 

the model diagram in Fig. 1).    
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Prior distributions and posterior estimates of all model parameters 

 

 

 

Table S1. Prior distribution and posterior mean, standard deviation (SD), and 2.5th, 50th 

(median) and 97.5th quantiles of model parameters. Note that we use non-informative priors 

for all parameters, except for the standard deviation of the nutritional state process (which was 

constrained as discussed in the note below) and for the effects of covariates on calving 

probability (which were centred on a positive or negative value according to prior 

expectations; see main text and section ‘Investigating the sensitivity of the results to the priors 

for the calving probability model’ for discussion). 

 

Parameter Symbol Prior 

Posterior 

Mean SD 2.50% 50% 97.50% 

Effect of nutritional state 

in the previous time step 
𝛽ℎ Normal(0, 1) 0.39 0.12 0.14 0.40 0.61 

Mean of population-level 

random effect of year on 

nutritional state 

λh Normal(28, 5) 27.85 0.53 26.79 27.84 28.96 

Standard deviation of 

population-level random 

effect of year on 

nutritional state 

χh Uniform(0, 5) 1.36 0.54 0.67 1.23 2.73 

Standard deviation of 

nutritional state process  
σh Uniform(νh, 5)* 1.65 0.06 1.54 1.65 1.78 

Effect of the number of 

days between 

measurement date and the 

end of the field season on 

BAI 

𝛿1 Normal(0, 1) -0.02 0.00 -0.02 -0.02 -0.01 

Effect of pregnancy state 

on BAI 
𝛿2 Normal(0, 1) 0.68 0.58 -0.35 0.63 1.95 

Standard deviation of BAI 

observation model 
νh Uniform(0, 5) 1.61 0.05 1.51 1.61 1.71 

Effect of nutritional state 

at the end of the previous 

feeding season on stress 

state 

𝛽𝑠,1 Normal(0, 1) -0.09 0.07 -0.22 -0.09 0.06 

Effect of age on stress 

state 
𝛽𝑠,2 Normal(0, 1) -0.02 0.05 -0.12 -0.02 0.08 
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Effect of sex on stress 

state 
𝛽𝑠,3 Normal(0, 1) 0.26 0.12 0.03 0.26 0.49 

Mean of population-level 

random effect of year on 

stress state 

λs Normal(2, 1) 0.49 0.39 -0.27 0.49 1.25 

Standard deviation of 

population-level random 

effect of year on stress 

state 

χs Uniform(0, 5) 0.77 0.29 0.42 0.71 1.54 

Standard deviation of 

stress state process 
σs Uniform(0, 5) 0.40 0.06 0.29 0.40 0.51 

Effect of concentration of 

progestin metabolites on 

faecal glucocorticoid 

concentration 

𝜁1 Normal(0, 1) 0.30 0.05 0.21 0.30 0.40 

Effect of concentration of 

androgen metabolites on 

faecal glucocorticoid 

concentration 

𝜁2 Normal(0, 1) 0.18 0.04 0.09 0.18 0.26 

Effect of concentration of 

thyroid hormone 

metabolites on faecal 

glucocorticoid 

concentration 

𝜁3 Normal(0, 1) 0.23 0.03 0.18 0.23 0.30 

Effect of day of the year 

on faecal glucocorticoid 

concentration 

𝜁4 Normal(0, 1) -0.003 0.001 -0.005 -0.003 -0.001 

Standard deviation of 

faecal glucocorticoid 

concentration observation 

model 

νs Uniform(0, 10) 6.45 0.32 5.85 6.44 7.12 

Intercept of calving 

probability model 
𝛾1 Normal(0, 1.5) -2.25 0.90 -3.90 -2.28 -0.40 

Effect of the standardised 

nutritional state in the 

previous time step on 

calving probability 

𝛾2 Normal(1, 1) 0.90 0.64 -0.11 0.80 2.38 

Effect of the standardised 

cube of length in the 

previous time step on 

calving probability 

𝛾3 Normal(1, 1) 1.38 0.61 0.29 1.36 2.64 

Effect of the residual of 

stress state two years prior 

on calving probability 

𝛾4 Normal(-1, 1) -1.00 0.73 -2.48 -0.97 0.39 

Intercept of the 

observation model for 

calving probability 

𝜂1 Normal(1, 1) 0.55 0.75 -0.75 0.48 2.13 
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Effect of day of first 

sighting of a female on 

the probability of 

observing a calf 

𝜂2 Normal(-1, 1.5) -1.82 1.03 -3.86 -1.80 0.16 

* Note that we constrain the standard deviation of the nutritional state process (i.e., the variation around 

the expected nutritional state in a given feeding season) to be larger than the observation error around 

BAI. This is because the deviation from the expected value (which emerges from the population-level 

mean and the effect of the individual’s state in the previous year) is likely to be driven by other 

covariates that are currently not included in the process model, rather than by uncertainty in the 

observations.  
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Model fitting and diagnostics 

 

The model was fitted in a Bayesian framework using Markov Chain Monte Carlo algorithms 

in package NIMBLE (de Valpine et al., 2017) for R (R Core Team, 2023). Three chains were 

run for 350,000 iterations, after discarding 50,000 iterations as burn-in. One in 350 iterations 

were retained for posterior inference, to reduce object sizes. Chain convergence and mixing 

were assessed visually using trace plots, as well as via the Brooks-Gelman-Rubin diagnostic 

(< 1.1), Monte Carlo error (< 5% of the sample standard deviation), and effective sample size 

(≥ 400) (Lunn et al., 2013). We assessed the goodness-of-fit of the calving model by comparing 

the combined probability of observing calves in a given year (𝑐𝑖,𝑡 𝑝𝑖,𝑡 𝑒𝑖,𝑡) with calf 

observations in our study area (ki,t). Specifically, a receiver operating characteristic (ROC) 

curve was used to select a cut-off for classifying combined probabilities as either 1s or 0s, and 

a confusion matrix was used to compare binary predictions with observed values. The area 

under the ROC curve (AUC) was used as a metric of overall fit. 
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Extension of the growth model by Pirotta et al. (2024) to estimate body area index (BAI) 

 

Pirotta et al. (2024) proposed an approach to model the growth of individual whales, while 

accounting for the uncertainty associated with photogrammetric estimates derived from drone 

imagery. The approach was developed using a subset of the morphometric data that is presented 

in this work (2016-2022). Their model can be readily extended to estimate other metrics 

derived from aerial images, such as body area index (BAI), and propagate the various 

uncertainty components appropriately.  

BAI is defined as: 

BAI =
𝑆𝐴

(𝑟 ∙ 𝐿)2
 ∙ 100 

Where SA is surface area, calculated as 𝑆𝐴 =  ∑
0.05 𝐿

2

𝑆
𝑠=1 (𝑊𝑠 + 𝑊𝑠+1), r is the proportion of 

the body covered by the surface area (e.g., 0.5 if calculating BAI between 20% and 70% body 

length), and L is total length (Bierlich et al., 2021; Burnett et al., 2019). SA is the sum of the 

areas between consecutive body widths (W), measured at 5% increments of L. The estimation 

of BAI therefore requires the estimation of width at different positions along the body, from 

the corresponding pixel measurements. 

Building on the approach by Pirotta et al. (2024), we model each width pixel measurement at 

a given 5% increment s as: 𝑋𝑠
𝑤~ 𝑁𝑜𝑟𝑚𝑎𝑙(𝑃𝑠

𝑤, 𝜎𝑃), where 𝜎𝑃 is pixel measurement error, and 

𝑃𝑠
𝑤 is the true width in pixels. The latter is modelled as a proportion of the pixel measurement 

of total length (𝑃𝑙), i.e., 𝑃𝑠
𝑤 = 𝑃𝑙  𝑝𝑠, where 𝑝𝑠 is a proportion with prior Uniform(0.001, 0.5). 

Consequently, the true width in meters at each increment can be calculated as 𝑊𝑠 = 𝐿 𝑝𝑠, and 

then used in the calculation of BAI. 
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Temporal lag between the residual of the stress state and calving probability 

 

Chronic stress is known to have a suppressive effect on reproduction (e.g., Rivier & Rivest, 

1991). This effect could manifest at different stages of the reproductive process, e.g., it could 

prevent the initiation of pregnancy or it could interfere with the healthy development of the 

foetus during gestation. For example, among marine mammals, cortisol was documented to 

modulate the molecular pathway leading to implantation in northern elephant seals (Mirounga 

angustirostris) (Sperou, 2020). Therefore, multiple time lags are possible between the residual 

of the stress state in our model (which we take to represent an individual’s average chronic 

stress level in a feeding season) and the probability of a female to produce a calf in a given 

year.  

Here, we investigated a one-year time lag between the stress state residual and a female’s 

calving probability, in addition to the two-year lag we present in the main text. The median 

estimated effect of the residual stress state in the previous time step was smaller, and its 95% 

credible intervals showed a larger overlap with 0 (γ4 = -0.53 [-2.06 – 0.71]; Fig. S5). These 

results suggest that a two-year time lag provides a better representation of the relationship 

between the residual stress state and calving probability, reinforcing the potential role of stress 

on the initiation of pregnancy. 

 

      

Figure S5. Residual stress state in the year prior to a reproductive opportunity, plotted against 

the estimated calving probability (the dots indicate the posterior medians, while the dashed 

segments are the 95% credible intervals), and coloured by whether the model estimated an 

individual to have calved (blue) or not (red). The black dashed lines and grey ribbons represent 

the estimated relationship (median and 95% credible intervals) between this covariate and 

calving probability, with standardised nutritional state and cubed body length set to their mean.  
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Alternative model formulation excluding the stress state process 

 

The results presented in the main text suggest that the stress state process is associated with the 

greatest level of uncertainty in the model, due in part to limitations imposed by sample size. In 

particular, we show how the relatively small number of repeated faecal samples for individual 

whales resulted in a smaller deviation of individual stress state from the population’s mean in 

a given year, as compared to individual variation around the nutritional state process. Here, we 

investigate the results of an alternative model formulation where the stress state process is not 

modelled, i.e., a model that only focused on nutritional state, body length, and their effect on 

calving probability.    

The estimated median effects of nutritional state and the cube of length in the previous time 

step on calving probability were comparable to the effects estimated in the model presented in 

the main text, albeit with a slightly narrower 95% credible intervals (γ2 = 0.76 [-0.07 – 2.25], 

γ3 = 1.28 [0.32 – 2.53]). However, we note that the number of additional calving events that 

were estimated to have been missed over the study period is much smaller (n = 3, as compared 

to n = 19 in the model presented in the main text), which is the result of a smaller estimated 

calving probability on average (Fig. S6). 

 

   

Figure S6. Distribution of estimated calving probabilities across females in the model without 

the stress state process (i.e., only including the effects of nutritional state and body length on 

calving probability). At the top of the plot, the number of females available to reproduce in 

each year (i.e., 8 y or older, and non-pregnant) is reported.  
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Investigating the sensitivity of the results to the priors for the calving probability model    

 

As discussed in the main text, several mechanistic assumptions were required in order to 

successfully fit the model to the available data. For example, the prior distributions for the 

effects of nutritional state, the cube of length and the residual of stress state on calving 

probability (i.e., the γ2, γ3, and γ4 parameters) were normal distributions centred on a mean 

value that reflected our expectation for the direction of those relationships (Table S1). Even 

though the standard deviations of those priors were large (see Table S1), model results could 

still be sensitive to this model specification.  

Here, we investigate this prior sensitivity by refitting the model using priors for the γ 

parameters centred on 0, i.e., Normal(0, 1). The results suggest that the posterior estimates are 

partly sensitive to the specification of these priors: while the posterior means were still centred 

on values that were mechanistically reasonable and in line with our interpretation in the main 

text (that is, a positive effect of the cube of length and nutritional state in the previous year, and 

a negative effect of the residual stress state two years prior), the median effects were smaller 

and the 95% credible intervals showed a greater overlap with 0 (γ2 = 0.51 [-0.28 – 1.70], γ3 = 

0.96 [-0.01 – 2.09], γ4 = -0.44 [-1.76 – 0.78]). As a result, the number of calving events that 

were estimated to have been missed was also smaller (n = 4). These results reinforce the 

conclusion that, due to the short time series of data, the mechanistic assumptions that underpin 

the modelling have a considerable influence on model results. As the dataset expands, these 

assumptions should be regularly re-evaluated to ensure that they are supported by the growing 

number of observations.        
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Using a restricted estimate of body area index (BAI) 

 

Pre-pregnant female baleen whales have been shown to accumulate lipid reserves in 

preparation for supporting the energetic costs of gestation and lactation (Miller et al., 2011). 

However, during pregnancy, the shape of a female’s body may also change due to the growing 

foetus, with consequences for the interpretation of drone-derived measures of body condition 

(Miller et al., 2012). In the model presented in the main text, we included the effect of 

pregnancy status on the measurement of nutritional state via BAI. This effect was estimated to 

be centred on a positive value, but it is possible that the effect of nutritional state (measured 

through BAI) on calving probability was still partially confounded with the effect of pregnancy 

on body shape.  

Here, we investigate an alternative way to compute relative body condition, which would allow 

us to remove the effect of pregnancy on the observation process. Specifically, we restricted the 

calculation of BAI to the frontal section of the body, where changes in body width are unlikely 

to be affected by the presence of the foetus (i.e., along the rib cage). The calculation of surface 

area was limited between 20% and 40% of a whale’s total length (as opposed to the head-tail 

range, covering 20-70% of a whale’s length, used in the standard calculation of BAI; Fig. S7) 

(Torres et al., 2022), and the effect of pregnancy was then dropped from the observation model. 

The results of this model indicated that nutritional state in the previous time step was still 

associated with the probability of calving; in fact, the posterior median effect was greater than 

in the model presented in the main text, and the posterior 95% credible intervals did not overlap 

with 0 (γ2 = 1.52 [0.25 – 2.93]).  

While body width in the frontal part of the body is less variable following changes in body 

condition (Bierlich et al., 2021; Fernandez Ajó et al., 2023), restricting the calculation of body 

condition metrics to this area could obviate the need to correct for the effect of pregnancy on 

body shape. Future work should further investigate this option, e.g., via an in-depth exploration 

of the temporal variation in frontal BAI, and of the correlation among alternative BAI 

calculations for animals in different reproductive states.  

 

  

Figure S7. A drone image of a gray whale, highlighting the region of the body used to calculate 

the standard BAI (i.e., the head-tail range, including perpendicular widths in 5% increments 

of total length between 20% and 70%) and the restricted 20-40% range that was investigated 

here.   
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Investigating the effect of age on calving probability 

 

Body length shows high collinearity with age, because animals increase in body length as they 

age. As a result of this dependency, the relationship we estimated between length and calving 

probability could act as a proxy of a female having to reach a certain age before she can attempt 

to reproduce (but note that sexual maturity could itself be determined by having achieved a 

sufficient body size to support a reproductive attempt, i.e., it could be dependent on growth). 

However, our model formulation does not allow the investigation of any residual effect of age 

beyond the time when a female has reached her asymptotic size, e.g., the occurrence of 

senescence.  

Here, we explore the evidence for these residual effects. To avoid any issue associated with the 

collinearity between length and age, we allowed the effect of age to start contributing to calving 

probability after female length has stabilised, i.e., after females have approximately reached 

their asymptotic size. Given the estimated growth curve in Pirotta et al. (2024), growth in length 

appears to be limited after the age of 20 y across individuals. Therefore, we formulated a new 

version of the model where age can potentially affect calving probability after age 20 y (note 

that data availability did not support the direct estimation of this threshold). Specifically, we 

included an additional covariate (with coefficient γ5), which was multiplied by a binary variable 

that took value of 0 before age 20 y, and value of 1 from age 20 y onwards. 

The posterior distribution of γ5 overlapped with 0 (median: 0.49; 95% credible interval: -0.74 

– 1.69), although there was a 0.8 probability that the effect was positive. Therefore, we did not 

find any evidence of senescence based on the available data. In contrast, this result could 

suggest that calving probability continues increasing after the age of maturity, potentially 

associated with a female’s increasing experience. However, it should be noted that older 

females also tend to be asymptotically longer (Pirotta et al., 2024), so this result could emerge 

from a confounded effect with length; more data are needed to tease these two possible 

explanations apart. The inclusion of the effect of age as described above did not alter the 

estimates of the other parameters in the model for calving probability, suggesting that the 

threshold formulation was successfully avoiding any issues with collinearity. 
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