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A B S T R A C T   

Overfishing, habitat loss, and climate change are driving population declines in many species. Understanding a 
species' capacity to recover from these and other threats is necessary for prioritising management. The maximum 
intrinsic rate of population increase (rmax) can be used to compare which species or groups are particularly 
sensitive to ongoing threats. To investigate global patterns of intrinsic sensitivity of rays and skates (superorder 
Batoidea), we calculated rmax of 85 species using a modified Euler-Lotka model that accounts for survival to 
maturity. We examined how rmax varies with body mass, temperature, and depth using an information-theoretic 
approach through model selection, accounting for phylogenetic non-independence. Although we observed an 
overall positive relationship between rmax and temperature, we found that warm, shallow-water rays were more 
intrinsically sensitive to exploitation (lower rmax) than cold, deep-water skates (higher rmax). We hypothesise that 
this pattern is likely driven by their different reproductive strategies as live-bearing rays have fewer offspring 
compared to egg-laying skates, and caution that future research should focus on understanding differences in the 
mortality schedule of juveniles and sub-adults to understand if survival to maturity is comparable. Our findings 
highlight the high vulnerability of warm, shallow-water ray species to overexploitation and other threats due to 
their intrinsically low maximum population growth rates. These differences in rmax have conservation implica
tions for our understanding of the geographic patterns in extinction risk, suggesting that tropical rays are more 
intrinsically sensitive.   

1. Introduction 

Understanding population growth rate is central to understanding 
species' responses to overfishing, habitat loss and degradation, and 
climate change (Webb et al., 2011; Yan et al., 2021). Species' vulnera
bility is a combination of intrinsic sensitivity and extrinsic exposure to 
fishing and other threats (Dulvy and Kindsvater, 2017; Juan-Jordá et al., 
2015). Intrinsic sensitivity can be indexed by the maximum intrinsic rate 
of population increase (rmax), which in its simplest form, can be calcu
lated from age at maturity, maximum age, and annual reproductive 
output. rmax represents the theoretical maximum intrinsic population 
growth rate at low population sizes, i.e., in the absence of density- 
dependent processes (Cortés et al., 2015; Myers et al., 1999, 1997; 
Pardo et al., 2018) and is equal to the fishing mortality that will cause a 

species or population to become extinct (Fextinct) (Dulvy et al., 2004; 
Gedamke et al., 2007). Understanding how rmax varies among species 
can therefore inform our understanding of sensitivity to exploitation, 
recovery potential, and can also be used as a Bayesian prior to help es
timate catch limits in fisheries stock assessments (Martell and Froese, 
2013; Patrick et al., 2010). 

Chondrichthyans (shark, rays, and chimaeras; hereafter, referred to 
as 'sharks and rays ') are a highly threatened taxon, with over one-third 
of species threatened with extinction (The International Union for the 
Conservation of Nature's (IUCN) Red List of Threatened Species cate
gories of Vulnerable, Endangered, or Critically Endangered) due to 
overfishing (Dulvy et al., 2021). Sharks and rays are important sources 
of income and protein in the fisheries that are causing their decline, 
particularly small-scale fisheries in developing countries that comprise 
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over 95 % of the world's fishers (Béné, 2006; Pauly, 2006; Temple et al., 
2019). Ensuring sustainability is crucial for both food security and 
healthy marine ecosystems (Barrowclift et al., 2017; Simpfendorfer and 
Dulvy, 2017). Sharks and rays typically have slow life histories including 
low somatic growth rates, late maturity, and low fecundity that result in 
relatively low rmax estimates (Cortés, 2000; García et al., 2008). Com
bined with limited density-dependent compensation in juvenile survival 
due to their narrow range of annual reproductive output, sharks and rays 
are extremely sensitive to elevated mortality from fisheries (Cortés, 
2002; Dulvy and Forrest, 2010; Quetglas et al., 2016). There is, however, 
wide variation in life histories among sharks and rays, and even within 
rays there may be a range of rmax estimates that indicate their differing 
resilience to exploitation (Hutchings et al., 2012; Quetglas et al., 2016; 
Ward-Paige, 2017). Rays of the superorder Batoidea are comprised of 
both live-bearing rays (Torpedo rays, Torpediniformes; Rhino rays, 
Rhinopristiformes; and stingrays, Myliobatiformes) and egg-laying 
skates (Rajiformes). Hereafter, we refer to these two lineages as ‘'rays' 
and ‘'skates', respectively. Live-bearing rays have much lower fecun
dities than egg-laying skates (Goodwin et al., 2002), probably limited by 
maternal body size (Musick and Ellis, 2005; Wourms, 1977; Wourms and 
Lombardi, 1992), whilst egg-laying skates face increased mortality from 
predation on eggs (Lucifora and García, 2004; Powter and Gladstone, 
2008). Low fecundity likely limits rmax estimates (Pardo et al., 2018) and 
represents differences in reproductive allocation that influences popu
lation growth rates and generation lengths (Cortés, 2002; Juan-Jordá 
et al., 2013). 

Maximum body size is a widely available predictor of extinction risk, 
with larger-bodied species typically at greater risk of decline and 
extinction due to slow life histories and low rmax estimates (Hutchings 
et al., 2012; Jennings et al., 1998; Reynolds et al., 2005). However, 
where sufficient data allow, broader time-related life history traits 
including age at maturity, somatic growth rates, longevity and mortality 
rates have been found to better explain life history variation and better 
correlate with extinction risk across different taxonomic groups 
(Anderson et al., 2011; Chichorro et al., 2019; Juan-Jordá et al., 2015). 
Theoretically and empirically, rmax has been shown to scale with body 
mass and temperature across taxa. This is likely due to rmax being closely 
tied to metabolic rate and trade-offs in energy allocated to survival, 
growth, and reproduction (Savage et al., 2004; White et al., 2022; Wong 
et al., 2021), such that rmax has been found to decrease with increasing 
body size in sharks and rays (Dulvy et al., 2014; Hutchings et al., 2012; 
Pardo and Dulvy, 2022). The expectation is that organisms with a higher 
metabolic rate in warmer waters (tropical, low latitudes) will tend to
wards 'faster' life histories, growing quickly to a smaller maximum body 
size (Healy et al., 2019; Reynolds, 2003), and consequently, have a 
higher rmax than those with slower metabolic rates and 'slower' life 
histories in cooler waters (temperate and polar, high latitudes) (Brown 
et al., 2004; Clarke and Johnston, 1999; Juan-Jordá et al., 2013). These 
temperature-related, latitudinal patterns may also be evident along 
depth gradients as temperatures generally decrease with increasing 
depth. Indeed, deep-water shark and ray species tend to have slower life 
histories and lower rmax estimates compared to continental shelf and 
pelagic species (García et al., 2008; Pardo and Dulvy, 2022; Simpfen
dorfer and Kyne, 2009). 

Contrary to metabolic scaling expectations, there are some warm, 
shallow-water tropical rays, notably the filter-feeding devil rays (Mobula 
spp.), that have extremely low rmax (Dulvy et al., 2014; Pardo et al., 
2016a). Pardo and Dulvy (2022) found that as body size increases, de
creases in rmax were much steeper for warmer-water species, suggesting 
that a greater intrinsic sensitivity may also be playing a role in the higher 
extinction risk of tropical rays (Dulvy et al., 2021). Thus far, rmax esti
mates have been made for only a few ray and skate species (Barbini 
et al., 2021; Barnett et al., 2013; D'Alberto et al., 2019; Dulvy et al., 
2014; Lucifora et al., 2022; Pardo et al., 2016b; Temple et al., 2020). 

Here, we calculate rmax for 85 ray and skate species using available 
life history data. We then use an information-theoretic approach, 

accounting for phylogenetic non-independence of species, to investigate 
how body mass, temperature, and depth may explain variation in rmax 
estimates for rays and skates. 

2. Methods 

First, we summarise data sources, including our literature search for 
life history data and methods used to estimate rmax. Second, we outline 
methods for obtaining body mass, depth, and temperature data. Third, 
we describe our analytical approach, including the metabolic scaling 
expectations and the statistical models associated with each hypothesis. 

2.1. Collation of life history trait data and estimation of rmax 

A database of published life history data for rays and skates was 
collated up to the date of submission of this manuscript. The database 
was developed from the generation lengths used in the recent IUCN Red 
List reassessments (Dulvy et al., 2021). To collate life history traits, 
searches were conducted in Web of Science and Google Scholar using the 
following search terms: age/growth/maturity/fecundity/litter size/life 
history/maximum intrinsic rate of population increase/productivity/ 
reproductive biology AND ray* (wild character to return ray and rays) 
‘AND chondrichthy*’ (wild character to return Chondrichthyes and 
chondrichthyan). The term ‘ray*’ has additional non-relevant usages so 
‘AND chondrichthy*’ was added to the search term. The IUCN Red List 
(www.iucnredlist.org/) was also used to check species-specific life his
tory parameters using information available in the ‘Habitat and Ecology’ 
tab, with references checked from the ‘Bibliography’ tab. Data were also 
taken from the life history database Sharkipedia (https://www.sharkip 
edia.org/) (Mull et al., 2022). Taxonomy was checked against 
Eschmeyer's Catalog of Fishes (https://researcharchive.calacademy.or 
g/research/ichthyology/catalog/fishcatmain.asp). We assigned life 
history data sourced from the literature to the most updated taxonomic 
nomenclature based on geographic distribution. 

To estimate rmax, we used a modified Euler-Lotka model that ac
counts for survival to maturity with the following equation (Cortés, 
2016; Pardo et al., 2018, 2016b): 

lαmat b = ermaxαmat − e−M(ermax )
αmat

−1
, (1)  

where lαmat is the proportion of individuals surviving to maturity, which 
is calculated with lαmat = (e−M)αmat, b is annual fecundity, M is the species- 
specific instantaneous natural mortality rate and αmat is the age at 
maturity. We used a simple estimate of natural mortality (M) that is 
equivalent to the reciprocal of average lifespan, estimated with M = 1/ω 
(Dulvy et al., 2004; Pardo et al., 2016a, 2016b), where ω is an estimate 
of average lifespan in years. Average lifespan was assumed to be the 
midpoint between age at maturity (αmat) and maximum age (αmax) 
(Pardo et al., 2016b), estimated with: 

ω =
(αmax + αmat)

2
(2) 

For this, we searched for age at maturity (female age at 50 % 
maturity, years; αmat), maximum age (recorded for females where 
known, years; αmax), and annual reproductive output (number of female 
offspring assuming 1:1 sex ratio; b). Because these life history traits can 
vary within species and thus result in uncertainty in rmax, we calculated 
10,000 random deviates from a uniform distribution between minimum 
and maximum values of each life history parameter. We then estimated 
rmax with each of the life history values and took the median to generate 
a species-specific rmax value. Uncertainty in this rmax value was esti
mated as the 2.5 % and 97.5 % quantiles. If only point estimates were 
available, such as for αmax, then 10 % was subtracted and added to get a 
minimum and maximum value, respectively. Where regional differences 
in life history trait data were described in the IUCN Red List assessments 
(n = 7 species), rmax was calculated for each location and then a mean 
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rmax for that species was used in further analyses. 

2.2. Body mass, depth, and temperature-at-depth data 

The maximum reported body mass (in grams) for each species was 
extracted from FishBase (Froese and Pauly, 2022) using the rfishbase 
package (Boettiger et al., 2012). Where maximum body mass data were 
unavailable, length-weight conversions available on FishBase were used 
to convert maximum length (cm) to weight (g). Data sourced from 
FishBase were manually checked from the original references and 
updated where necessary. Length-weight regression coefficient esti
mates were selected for females where possible and for the most 
appropriate length-measurement type (disc width or total length) 
depending on the species' body shape. If a length-weight conversion was 
unavailable for a species, then a length-weight conversion for a closely 
related species with a similar maximum size and body shape was used. 
Finally, there were two species where length-weight conversions were 
calculated from the Bayesian models available on FishBase (Froese et al., 
2014). 

Median depth estimates for each species were taken as the midpoint 
of the minimum and maximum depth ranges reported in the IUCN Red 
List Assessment of Threatened Species as reported in Dulvy et al. (2021). 
Temperature-at-depth was then determined using species geographic 
range shape files available as part of a global reassessment of shark and 

ray species (see Dulvy et al. (2021) page e6 for details of distribution 
mapping and Data S3 for data sources available on the IUCN Red List of 
Threatened Species). Species distribution was overlaid with the Inter
national Pacific Research Center's interpolated dataset of gridded mean 
annual ocean temperatures across 27 depth levels (0–2000 m below sea 
level), which is based on measurements from the Argo Project (data 
available at http://apdrc.soest.hawaii.edu/projects/Argo/data 
/statistics/On_standard_levels/Ensemble_mean/1x1/m00/index.html). 
The depth level that was closest to the species' median depth was 
selected from the grid and the temperature grid points were extracted 
across the species' distribution. Median temperature for each species was 
calculated from the distribution of temperature values. 

2.3. How does rmax vary with body mass, temperature, and depth? 

Across taxa, rmax has been shown to be related to body mass and 
temperature (Savage et al., 2004). These metabolic scaling expectations 
can be estimated with a linear model in natural logarithm (ln): 

ln(rmax) = β0 + β1*ln(M) + β2*
1

kBT
, (3)  

where rmax is the maximum intrinsic rate of population increase 
(year−1), β0 is the intercept, β1 is the mass-scaling coefficient, β2 is the 

Table 1 
The 24 models examined with associated hypotheses for how maximum intrinsic rate of population 
increase (rmax) varies with body mass, temperature, depth and a composite temperature and depth 
index. The expected model from metabolic scaling theory is highlighted in grey. Note, Order was 
categorical for rays (Orders Myliobatiformes, Rhinopristiformes, and Torpediniformes) and skates 
(Order Rajiformes). 

Model Hypothesis
ln(rmax) ~ 1 rmax only

ln(rmax) ~ ln (M) rmax varies with body mass only

ln (rmax) ~ depth rmax varies with depth only

ln(rmax) ~ 1/ rmax varies with temperature only

ln(rmax) ~ temperature-depth index rmax varies with temperature-depth index only

ln(rmax) ~ ln(M) + depth rmax varies with body mass and depth

ln(rmax) ~ ln(M) + 1/ rmax varies with body mass and temperature

ln(rmax) ~ ln(M) + temperature-depth 

index rmax varies with body mass and temperature-depth index

ln(rmax) ~ ln(M) * depth
rmax varies with body mass and depth, and the effect of mass 

scaling coefficient varies with depth

ln(rmax) ~ ln(M) * 1/
rmax varies with body mass and temperature, and the effect 

of mass scaling coefficient varies with temperature

ln(rmax) ~ ln(M) * temperature-depth 

index

rmax varies with body mass and temperature-depth index, 

and the effect of mass scaling coefficient varies with the 

temperature-depth index

ln(rmax) ~ 1 + Order rmax varies with Order

ln(rmax) ~ ln(M) + Order rmax varies with body mass and Order

ln(rmax) ~ depth + Order rmax varies with depth and Order

ln(rmax) ~ 1/ + Order rmax varies with temperature and Order

ln(rmax) ~ temperature-depth index + 

Order rmax varies with temperature-depth index and Order

ln(rmax) ~ ln(M) + depth + Order rmax varies with body mass, depth, and Order

ln(rmax) ~ ln(M) + 1/ + Order rmax varies with body mass, temperature, and Order

ln(rmax) ~ ln(M) + temperature-depth 

index + Order

rmax varies with body mass, temperature-depth index, and 

Order

ln(rmax) ~ ln(M) * depth + Order
rmax varies with body mass, depth, and Order, and the effect 

of mass scaling coefficient varies with depth

ln(rmax) ~ ln(M) * 1/ + Order
rmax varies with body mass, temperature, and Order, and the 

effect of mass scaling coefficient varies with temperature

ln(rmax) ~ ln(M) * temperature-depth 

index + Order

rmax varies with body mass, temperature-depth index, and 

Order, and the effect of mass scaling coefficient varies with 

the temperature-depth index

ln(rmax) ~ ln(M) + 1/ + depth rmax varies with body mass, temperature, and depth

ln(rmax) ~ ln(M) + 1/ * depth
rmax varies with body mass and the effect of temperature 

varies with depth
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activation energy E, T is the temperature (in Kelvin) and kB is the 
Boltzmann constant (8.617 × 10−5 eV). 

Here, 24 models representing alternative hypotheses of how rmax 
may vary with body mass, temperature, and depth were compared using 
an information-theoretic approach (Burnham and Anderson, 2002) 
(Table 1). The above equation is the expectation from metabolic scaling 
theory and is one of the 24 hypotheses compared. rmax and adult body 
mass data were ln-transformed. Temperature and depth data were 
standardised (scaled and centred) prior to analyses. 

Twenty, random phylogenetic trees from the possible distribution of 
trees from Stein et al. (2018), and available at Vertlife.org, were used in 
analyses to include a random effect of phylogeny in all models. Note, the 
phylogeny was updated to reflect current taxonomic nomenclature, for 
example Dasyatis americana and D. dipterura in the phylogeny from Stein 
et al. (2018) were updated to Hypanus americanus and H. diptererus, 
respectively. There were two instances where the phylogenetic position 
of a species (Aetobatus narutobiei and Maculabatis ambigua) were not 
known, so the position (i.e., branch length or divergence time) of a 
closely related species (A. flagellum and Maculabatis gerrardi, respec
tively) was used instead. Taxonomic placement was also included as a 
categorical fixed term in the model to investigate how rmax scales with 
body mass, temperature, and depth in skates (Order Rajiformes) and 
rays (Orders Myliobatiformes, Rhinopristiformes, and Torpediniformes) 
given their different life history strategies (particularly high and low 
annual reproductive output, respectively) and distributions (encom
passing different environmental temperatures and depths). 

Phylogenetic generalised linear models were fitted to account for 
non-independence for closely related species using the pgls function in 
the caper package (Orme et al., 2018). In a pgls framework, the phy
logeny is converted to a covariance matrix, which is included as a 
random effect and thus accounts for autocorrelation of the residuals due 
to species sharing various parts of evolutionary trajectories. The 
strength of the phylogenetic signal (i.e., how strong the residuals were 
correlated with the covariance matrix) is indicated by Pagel's λ, with a 
value of 1 meaning the residuals are perfectly correlated with the 
covariance matrix and a value of 0 meaning no correlation (Revell, 
2010). 

We assessed how sensitive our results were to the small variation in 
the random phylogenies used by re-fitting the models with a subset of 20 
(randomly chosen) phylogenies available from Stein et al. (2018). The 
top model was always the same (Table S1 in the Supplementary Mate
rials) and we therefore only report results from using a single tree. We 
also assessed how sensitive our results were to the larger-bodied rays 
present in the dataset (body mass ≥ 290 kg, n = 8) by re-fitting models 
without these eight data points. The top model was the same (Table S2 in 
the Supplementary Materials) and we therefore only report results using 
the full dataset. 

Depth and temperature were positively correlated (Pearson's r =

0.75), with a value higher than a threshold of 0.70 in which collinearity 
severely distorts model estimation (Dormann et al., 2013). We therefore 
used Principal Components Analysis (PCA) to collapse the temperature 
and depth variables into one Principal Component (PC), a composite 
temperature and depth index (PC1 axis; hereafter, temperature-depth 
index), that explained 87 % of the variance. The temperature-depth 
index was included in place of temperature and depth in some models 
to examine whether a combined metric better explained rmax compared 
to these environmental variables alone (Table 1). We also estimated 
variance-inflation factors (VIF) to assess collinearity for all coefficients 
in the models using the car package (Fox and Weisberg, 2019). No VIF 
value was greater than two, except as expected when interactions were 
included, indicating that our models were robust to collinearity despite 
the strong correlation between temperature and depth. Models were 
compared using the corrected Akaike Information Criterion (AICc). If 
including a parameter improved the model's AICc by less than two units 
(ΔAICc ≤ 2), it was considered relatively uninformative (Arnold, 2010; 
Burnham and Anderson, 2002). All analyses were run in R version 4.1.2 

(R Core Team, 2021) in RStudio (RStudio Team, 2021). 

3. Results 

Maximum population growth rate, rmax, was estimated using collated 
life history data (αmax, αmat, and b) for 85 ray and skate species and rmax 
estimates varied between 0.0213 yr−1 (in Mobula alfredi) and 1.28 yr−1 

(in Raja miraletus) (Fig. 1). It was evident that there were two groupings 
of data: warm, shallow-water rays (n = 53) with relatively low annual 
reproductive output and cold, deep-water skates (n = 32) with higher 
annual reproductive output (Figs. 1 and 2). Generally, compared to rays, 
the skates had a later age at maturity (αmat: skates median = 9.20 ± 1.09 
SE; rays = 6.0 ± 0.42 SE) and higher annual reproductive output (b: 
skates median = 29.10 ± 2.17 SE; rays = 3.0 ± 0.28 SE) but there was 
little difference in longevity (αmax: skates median = 15.50 ± 2.02 SE; 
rays = 16.0 ± 1.28 SE). Consequently, skates had a higher median rmax 
(0.37 yr−1 ± 0.05 SE) compared to rays (0.25 yr−1 ± 0.03 SE). 

Six of the 24 models examined had ΔAICc < 2, providing substantial 
support for describing variation in rmax across species (Burnham and 
Anderson, 2002) (Table 2). The top model with the greatest support 
(ΔAICc = 0) was for rmax varying with body mass and the temperature- 
depth index (adjusted R2 = 0.14). Including taxonomic Order in the 
relationship between rmax and body mass and the temperature-depth 
index, received approximately 55 % of the support of the top-ranked 
model and resulted in no increase in adjusted R2 (adjusted R2 = 0.14). 
The 95 % confidence intervals for the coefficient estimate for Order in 
this model also overlapped zero suggesting that the effect size was not 
significant (Fig. 3). Including an interaction between body mass and the 
temperature-depth index received 38 % of the support of the top-ranked 
model and explained less variation (adjusted R2 = 0.13). Model results 
suggest that the temperature-depth index, temperature, or depth can be 
used interchangeably. Models for rmax varying with body mass and 
temperature and body mass and depth received approximately 50 % of 
the support of the top-ranked model and accounted for less variation 
(adjusted R2 = 0.12). Finally, a model for rmax varying with body mass, 
temperature, and depth, with an interaction term between temperature 
and depth, received less than half of the support of the top-ranked model 
(approximately 43 %) and accounted for the same variation (adjusted 
R2 = 0.14). Eight other models had moderate support (< 2 ΔAICc ≥ 4), 
with marginal support for six other models (≤ 5 ΔAICc ≥ 7) (Table 2). 

The scaling of body mass in all models was shallower (−0.12 to 
−0.10) than expected from metabolic scaling theory (−0.33 to −0.25; 
Table 3; Fig. 3). Temperature had a positive effect on rmax as the coef
ficient of inverse temperature 1/kBT (activation energy E) was consis
tently negative, suggesting rmax is higher in species found in warmer 
waters (Table 3). The effect of depth was negative across all models 
suggesting rmax is lower in species found at greater depths (Table 3). An 
overall positive relationship between rmax and temperature was evident 
in both rays and skates (Fig. 4a) and was mirrored by a negative rela
tionship between rmax and depth (Fig. 4b), as would be expected from 
metabolic scaling theory. Although a shallower relationship, there was a 
negative relationship between rmax and body mass when controlling for 
a constant temperature (Fig. 5a), depth (Fig. 5b), and temperature-depth 
index (Fig. 6). Whilst rmax was found to be lower at greater depths 
(Fig. 5b) in line with metabolic scaling theory, rmax was also found to be 
lower at warmer temperatures (Fig. 5a), contrary to metabolic scaling 
expectations. Further, when controlling for a constant temperature- 
depth index, warm, shallow-water rays showed lower rmax compared 
to cold, deep-water skates (Fig. 6). There was a strong phylogenetic 
signal from the residuals of rmax in all models examined, with Pagel's λ ≥
0.87 (Table 3). 

4. Discussion 

We find empirical evidence for a positive relationship between the 
maximum intrinsic rate of population increase (rmax) and temperature. 
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Fig. 1. Phylogeny, maximum intrinsic rate of population increase (rmax), female maximum age in years, female age at maturity in years and annual reproductive output (number of female offspring) for 85 ray and skate 
species. Solid lines show median values for Myliobatiformes (n = 32), Rhinopristiformes (n = 16), Torpediniformes (n = 5) and Rajiformes (n = 32). Uncertainty in rmax estimate shown with 2.5 % and 97.5 % quantiles. 
A single phylogenetic tree from the possible distribution of trees from Stein et al. (2018) is displayed. 
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However, paradoxically, the live-bearing, tropical rays have a much 
lower rmax than egg-laying, temperate skates. Metabolic theory and 
empirical patterns suggest that, after controlling for body size, rmax 
should increase with temperature both among populations and across 
species (Bernhardt et al., 2018; Luhring and Delong, 2017; Savage et al., 
2004). This positive relationship between temperature and rmax is 
consistent with the biogeographic pattern that deep-water species, 
including sharks, generally have lower rmax and are more prone to being 
overfished than their shallow-water relatives. We found good support 
for models that included temperature, depth, or a temperature-depth 
index in the relationship between rmax and body mass, such that depth 
may also be used as a proxy where temperature data may not be avail
able. Below we hypothesise that this paradoxical pattern arises because 
the cooler, deeper waters are dominated by skates, which are relatively 
fecund egg-layers, whereas the warmer, shallower waters are dominated 
by rays, which give birth to few, larger offspring. Next, we discuss (1) 
the temperature-related biogeography of rmax; (2) intrinsic sensitivity to 
overexploitation and extinction risk; (3) life history correlates of popu
lation responses; (4) whether reproductive strategies can explain the 
rmax paradox (that warm, shallow-water tropical rays have lower rmax 
than cold, deep-water skates); (5) fisheries implications, and (6) future 
research directions. 

There are a number of temperature-related, biogeographical patterns 
in rmax. Generally, biological processes are temperature-dependent, for 
example, metabolic rate increases exponentially with temperature 
above 15 ◦C for ectotherms (Clarke, 2017; Clarke and Johnston, 1999; 

Dillon et al., 2010). Individual metabolic rate is fundamental to physi
ological performance and has effects at the population, community, and 
ecosystem levels (Brown et al., 2004; Pörtner, 2001). Consequently, 
experimental treatments of algal cultures exhibit increased population 
growth rates and lower carrying capacity at higher temperatures 
(Bernhardt et al., 2018; Luhring and Delong, 2017) and comparative 
analyses reveal that species found at warmer temperatures tend to have 
higher rmax compared to those found at cooler temperatures (Angilletta 
et al., 2010; Savage et al., 2004). It is therefore not surprising that rmax 
was found to increase with increasing environmental temperature for 
rays and skates in this study nor that rmax decreased with increasing 
depth. This is in line with theoretical and empirical temperature-related, 
latitudinal patterns that organisms with higher metabolic rates and ‘fast’ 
life histories in warmer waters (tropical, low latitudes) will have higher 
rmax, than those with slower metabolic rates and ‘slow’ life histories in 
cooler waters (temperate and polar, high latitudes) (Brown et al., 2004; 
Clarke and Johnston, 1999; Juan-Jordá et al., 2013). It follows that 
species with lower rmax at cooler, higher latitudes have been found to 
face greater population declines and therefore higher extinction risk 
than those with faster life histories at warmer, lower latitudes (Jennings 
et al., 1999; Juan-Jordá et al., 2015). Similarly, these temperature- 
related, latitudinal patterns may be evident over a depth gradient. 
This has been found in sharks, where cooler, deep-water species have a 
lower rmax (Pardo and Dulvy, 2022) and face higher extinction risk and 
lower population recovery rates (García et al., 2008; Simpfendorfer and 
Kyne, 2009). 

Fig. 2. Phylogeny, maximum intrinsic rate of population increase (rmax), maximum weight (kg), median depth (m) and median temperature (◦C) in log10 space for 
85 ray and skate species. Solid lines show median values for Myliobatiformes (n = 32), Rhinopristiformes (n = 16), Torpediniformes (n = 5) and Rajiformes (n = 32). 
A single phylogenetic tree from the possible distribution of trees from Stein et al. (2018) is displayed. 
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Table 2 
Comparison of rmax models using corrected Akaike Information Criteria (AICc), number of parameters 
(n), negative log-likelihood (−LL), adjusted R2, and Akaike weights. Models are ordered by ascending 
AICc, with the top model first and models with ΔAICc < 2 highlighted in grey. 

ln(rmax) ~ n LL AICc adj_R_sq ΔAICc Weights
ln(M) + temperature-depth index 3 -65.4 137.2 0.14 0 0.177

ln(M) + temperature-depth index + Order 4 -65 138.4 0.14 1.2 0.097

ln(M) + 1/ 3 -66.1 138.5 0.12 1.3 0.092

ln(M) + depth 3 -66.1 138.6 0.12 1.4 0.088

ln (M) + 1/ * depth 5 -64.1 138.9 0.14 1.7 0.076

ln(M) * temperature-depth index 4 -65.3 139.1 0.13 1.9 0.068

ln(M) + 1/ + depth 4 -65.4 139.3 0.13 2.1 0.062

ln(M) + 1/ + Order 4 -65.6 139.7 0.12 2.5 0.051

ln(M) * 1/ 4 -65.7 139.8 0.13 2.6 0.048

ln(M) 2 -68 140.2 0.09 3 0.039

ln(M) + depth + Order 4 -65.9 140.2 0.12 3 0.039

ln(M) * temperature-depth index + Order 5 -64.8 140.4 0.13 3.2 0.036

ln(M) * depth 4 -66.1 140.8 0.11 3.6 0.029

ln(M) * 1/ + Order 5 -65.1 141 0.13 3.8 0.026

ln(M) + Order 3 -68 142.2 0.08 5 0.015

temperature-depth index 2 -69.1 142.3 0.07 5.1 0.014

ln(M) * depth + Order 5 -65.9 142.5 0.11 5.3 0.012

1/ 2 -69.5 143.1 0.06 5.9 0.009

temperature-depth index + Order 3 -68.5 143.3 0.07 6.1 0.008

1/ + Order 3 -68.8 144 0.06 6.8 0.006

depth 2 -70.3 144.8 0.04 7.6 0.004

depth + Order 3 -70.1 146.4 0.04 9.2 0.002

1 1 -72.7 147.5 0 10.3 0.001

1 + Order 2 -72.6 149.4 -0.01 12.2 0

Fig. 3. Coefficient plots for the six models of ln(rmax) with AICc values < 2. Error bars show the 95 % confidence intervals, and effect sizes were considered sig
nificant when confidence intervals do not overlap zero. Shaded area shows the expected effect sizes for body mass (−0.33 to −0.25) and temperature (−1.0 to −0.6) 
based on metabolic scaling theory. 
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Generally, deep-water sharks have lower growth rates, later matu
rity, and greater longevity, with many live-bearing, deep-water sharks 
having a smaller body size and lower annual reproductive output (Rigby 
and Simpfendorfer, 2015). Consequently, rmax has been found to be 
lower in deep-water sharks compared to continental shelf and oceanic 
pelagic species (García et al., 2008). A similar pattern has been found 
using intrinsic rebound potentials, which is another measure of popu
lation growth rate (Simpfendorfer and Kyne, 2009; Smith et al., 1998). 
Expanding beyond these analyses that focussed on three categorical 
habitat types, Pardo and Dulvy (2022) investigated the effects of envi
ronmental temperature, depth, and mass scaling on rmax for sharks and 
rays. They found that deep-water species have a lower rmax due to the 
combined effects of cooler temperatures and an independent depth ef
fect that could be due to multiple physiological and ecological factors, 
for example, lower secondary production at greater depths (Jahnke, 
1996). To date, this literature has focussed on sharks in which the 
phylogenetic divergence between deep-water species (superorder 
Squalomorphii) and shallow-water species (superorder Galeomorphii) is 
relatively distant, for example, deep-water Dogfishes (Squaliformes) 
compared to shallow-water Horn Sharks (Heterodontiformes) and 
Mackerel Sharks (Lamniformes). Indeed, the hypothesised sequence of 
evolution is that ancestral sharks were deep-water species with small 
brains and low reproductive investment that subsequently gave rise to 
shallow-water lineages with lower fecundity and larger more complex 
brains (Compagno, 1990; Mull et al., 2020). In our analysis of rays and 
skates, we also found that rmax decreased with increasing depth and that 
this was mirrored by the relationship with temperature but that shallow- 

water tropical rays still had a lower rmax relative to cold, deep-water 
temperate skates. Compared to sharks, the divergence between skates 
(Order Rajiformes) and other rays (Orders Myliobatiformes, Rhinopris
tiformes, and Torpediniformes) is more recent and clearly geographi
cally defined, with the skates arising and radiating mainly in the Arctic 
polar and North Atlantic and North Pacific temperate latitudes and 
having a distinct pattern of egg-laying and much greater fecundity than 
the tropical rays (Frisk, 2010; McEachran and Miyake, 1990). 

Instead of low temperature, we hypothesise the reason for slow life 
histories and low rmax estimates in deep-water sharks, such as Gulper 
Sharks (Centrophoridae), is their very low fecundity, typically less than 
five female offspring per year (Cotton et al., 2015; Graham and Daley, 
2011; Paiva et al., 2011). Such low fecundity limits rmax and results in a 
low capacity for density-dependent compensation (Pardo et al., 2018). 
Similarly, many tropical rays have very low fecundity, notably the 
largest radiation of tropical rays: the Myliobatiformes. This Order has 
some species that produce only one to two very large offspring, no more 
frequently than once per year. For example, Devil rays (Mobula spp.) 
produce a single, large pup (rarely twins) born every 1–7 years (Marshall 
and Bennett, 2010; Rambahiniarison et al., 2018; White et al., 2006). 
Consequently, they have among the lowest rmax found for sharks and 
rays, as found in this and previous studies (Dulvy et al., 2014; Pardo 
et al., 2016a; Rambahiniarison et al., 2018). The fecundity of live- 
bearing shark and ray species more generally is lower when compared 
to egg-laying species of a similar body size, as they are limited by the size 
of the maternal body cavity given internal embryonic development 
(Musick and Ellis, 2005; Wourms and Lombardi, 1992). The study 

Table 3 
Coefficient estimates (95 % confidence intervals estimated from standard errors shown in brackets) for all models of ln(rmax). The model with the lowest ΔAICc 
value is marked in bold and the models with ΔAIC < 2 are highlighted in grey. Pagel's λ indicates the strength of the phylogenetic signal. 

ln(rmax) ~ intercept ln(M) depth ln(M):
depth

ln(M): Order depth: temperature
-depth index

ln(M):
temperature
-depth index

Pagel’s λ

1
-1.17 

(-1.71 , -0.62) -

- - - -

-

- - - 0.88 

(0.69 , 0.96) 

1 + Order
-1.23 

(-1.85 , -0.6) 

- - - - - 0.25 

(-1.05 , 1.55) 

- - - 0.88 

(0.68 , 0.96) 

depth
-1.18 

(-1.71 , -0.65) 

- -0.32 

(-0.6 , -0.03) 

- - -

-

- - - 0.88 

(0.68 , 0.96) 

depth + Order
-1.29 

(-1.9 , -0.69) 

- -0.33 

(-0.62 , - 0.05) 

- - - 0.47 

(-0.8 , 1.73) 

- - - 0.87 

(0.65 , 0.96) 

-1.22 

(-1.76 , -0.68) 

- - -0.55

(-0.96 , -0.13) 

- -

-

- - - 0.89 

(0.71 , 0.97) 

+ Order
-1.4 

(-2.02 , -0.78) 

- - -0.61 

(-1.04 , -0.18) 

- - 0.74 

(-0.57 , 2.05) 

- - - 0.89 

(0.68 , 0.97) 

ln(M)
-0.01 

(-0.91 , 0.89) 

-0.12 

(-0.2 , -0.05) 

-

NA

- - - - - - 0.88 

(0.69 , 0.96) 

ln(M) * depth
-0.1 

(-1 , 0.79) 

-0.12 

(-0.2 , -0.04) 

-0.30

(-1.75 , 1.15) NA

0 

(-0.15 , 0.16) 

- - - - - 0.88 

(0.63 , 0.96) 

ln(M) * depth + Order
-0.21 

(-1.16 , 0.73) 

-0.12 

(-0.19 , -0.04) 

-0.29  

(-1.75 ,1.17) NA

0 

(-0.16 , 0.16) 

- 0.43

(-0.78 , 1.65) 

- - - 0.87 

(0.59 , 0.96) 

ln(M) * 
-0.2 

(-1.13 , 0.73) 

-0.11 

(-0.19 , -0.03) 

- -1.16 

(-2.61 , 0.29) NA

0.07  

(-0.06 ,0.21) -

- - - 0.92 

(0.72 , 0.98) 

ln(M) * + Order
-0.39 

(-1.39 , 0.61) 

-0.11 

(-0.19 , -0.03) 

- -1.26 

(-2.73 , 0.21) NA

0.08 

(-0.06 , 0.22) 

0.69 

(-0.64 , 2.01) 

- - - 0.91 

(0.69 , 0.98) 

ln(M) * temperature-

depth index

-0.18 

(-1.08 , 0.73) 

-0.11 

(-0.19 , -0.03) 

- - - -

-

- -0.31 

(-0.84 , 0.22) 

0.02

(-0.04 , 0.07) 

0.90

(0.67 , 0.97) 

ln(M) * temperature-

depth index + Order

-0.34 

(-1.3 , 0.62) 

-0.11 

(-0.19 , -0.03) 

- - - - 0.61 

(-0.65 , 1.86) 

- -0.32  

(-0.85 ,0.21) 

0.02 

(-0.04 , 0.07) 

0.89 

(0.63 , 0.97) 

ln(M) + depth
-0.11 

(-0.99 , 0.78) 

-0.12 

(-0.19 , -0.04) 

-0.27 

(-0.55 , 0) 

- - -

-

- - - 0.88 

(0.67 , 0.96) 

ln(M) + depth + Order
-0.21 

(-1.15 , 0.72) 

-0.12 

(-0.19 , -0.04) 

-0.29 

(-0.57 , -0.01) 

- - - 0.43 

(-0.78 , 1.65) 

- - - 0.87 

(0.64 , 0.96) 

-0.23 

(-1.13 , 0.68) 

-0.11

(-0.19 , -0.03) -

-0.41 

(-0.83 , 0) 

- - - - - - 0.89 

(0.68 , 0.96) 

ln(M) + * depth
-0.39 

(-1.31 , 0.54) 

-0.10

(-0.18 , -0.02) 

-0.67 

(-1.35 , 0.01) 

-0.06 

(-0.6 , 0.49) 

- - - 0.65 

(-0.15 , 1.45) 

- - 0.89 

(0.69 , 0.97) 

ln(M) + + depth
-0.22 

(-1.13 , 0.68) 

-0.11 

(-0.19 , -0.03) 

-0.18 

(-0.49 , 0.13) 

-0.28 

(-0.75 , 0.19) 

- -

-

- - - 0.88 

(0.67 , 0.96) 

ln(M) + + Order
-0.40

(-1.37 , 0.57) 

-0.10

(-0.18 , -0.02) 

- -0.47 

(-0.9 , -0.04) 

- - 0.63 

(-0.63 , 1.88) 

- - - 0.88 

(0.65 , 0.96) 

ln(M) + Order
-0.07 

(-1.02 , 0.88) 

-0.12 

(-0.2 , -0.05) 

-

-

- - 0.25

(-0.99 , 1.49) 

- - - 0.88 

(0.68 , 0.96) 

ln(M) + temperature-
depth index

-0.20

(-1.09 , 0.69) 

-0.11 

(-0.19 , -0.03) 

- - - - - - -0.15 

(-0.29 , -0.02) 

- 0.88 

(0.67 , 0.96) 

ln(M) + temperature-

depth index + Order

-0.36 

(-1.3 , 0.58) 

-0.11 

(-0.18 , -0.03) 

- - - - 0.60

(-0.62 , 1.81) 

- -0.17 

(-0.31 , -0.03) 

- 0.87 

(0.63 , 0.96) 

temperature-depth index
-1.21 

(-1.74 , -0.68) 

- - - - -

-

- -0.19

(-0.32 , -0.05) 

- 0.88 

(0.69 , 0.96) 

temperature-depth index 

+ Order

-1.37 

(-1.97 , -0.77) 

- - - - - 0.67 

(-0.59 , 1.94) 

- -0.21 

(-0.35 , -0.07) 

- 0.87 

(0.65 , 0.96) 

ln(M) + 
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results suggest that skates may be different to deep-water sharks that live 
longer, mature later, and have a lower annual reproductive output, and 
consequently are more intrinsically sensitive (Rigby and Simpfendorfer, 
2015). This variation around expectations from metabolic theory is 

likely due to their egg-laying reproductive strategy, resulting in higher 
fecundity and higher rmax (Pardo et al., 2018). This is in line with pre
vious studies that have found higher extinction risk and slower popu
lation recovery rates in live-bearing, less fecund species (García et al., 
2008; Simpfendorfer and Kyne, 2009). Previous methods of estimating 
rmax for sharks and rays have assumed all juveniles survive to maturity at 
a similar rate of survivorship in the adult stage, independent of repro
ductive strategy (Pardo et al., 2016b). However, juvenile survivorship 
likely varies with offspring size, in addition to lifespan, such that the 
survival to maturity may be greater in live-bearing rays with few 
offspring compared to fecund, egg-laying skates with smaller offspring 
sizes. The proportion of offspring that survive to maturity is likely lower 
in highly fecund skates, for example, due to predation on egg cases 
(García et al., 2008; Lucifora and García, 2004), compared to fewer, 
larger offspring in live-bearing rays that have higher maternal invest
ment and a higher chance of survival (Frisk et al., 2001). The survival of 
eggs relative to the annual reproductive output (in the absence of 
density-dependence) is something that needs more investigation to 
further explore whether survival to maturity is truly comparable be
tween these different reproductive strategies. 

Skates in this study had a later median age at maturity, similar 
maximum age, but higher annual reproductive output compared to the 
rays. Whilst age at maturity has been found to be a major negative 
correlate of rmax (Hutchings et al., 2012), it is likely that the higher 
reproductive output is leading to higher rmax estimates, which may 
translate to lower intrinsic sensitivity. There will be a trade-off in energy 
investment in life history traits, such that offspring size is inversely 
related to fecundity, with less fecund species having larger offspring 
(Cortés, 2000). Recent work suggests that offspring size may be an 
important determinant of rmax (Denéchère et al., 2022). At the larger 

Fig. 4. Relationship between maximum intrinsic rate 
of population increase (rmax) and a) temperature (◦C) 
and b) depth (m) in log10 space for 53 ray (Orders 
Myliobatiformes, Rhinopristiformes, and Torpedini
formes) and 32 skate (Order Rajiformes) species. a) 
Median depth (m) is shown by the point size, with a 
linear model fitted to ray (red) and skate (blue) 
points. b) Median temperature (◦C) and maximum 
weight (kg) are shown by the point colour and size, 
respectively, with a linear model fitted to ray (circu
lar) and skate (triangular) data points. The grey band 
around the fitted models shows the confidence in
tervals. (For interpretation of the references to colour 
in this figure legend, the reader is referred to the web 
version of this article.)   

Fig. 5. Relationship between maximum intrinsic rate of population increase 
(rmax) and body mass in log10 space for 85 ray and skate species. Fitted lines 
show predicted relationships based on the top-ranked models: a) ln(rmax) ~ ln 
(M) + 1/kBT and b) ln(rmax) ~ ln(M) + depth. Predicted allometric changes of 
rmax across a) median temperatures (6, 10, 20 ◦C) and b) median depths (10, 
500, 1000 m). Median temperature and depth are shown by the point colour 
and size, respectively. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.) 
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taxonomic scale, there are broadly two breeding strategies in marine 
organisms: well-provisioned offspring that are proportional in size 
compared to the maternal body size, as seen generally in sharks and rays 
(Denéchère et al., 2022; Goodwin et al., 2002) and broadcast spawning 
in which offspring size (ovum diameter) is independent of maternal size 
and is typically 1–2 mm in diameter due to selection for pelagic dispersal 
in the plankton (as seen in teleosts; Duarte and Alcaraz, 1989). Ac
cording to metabolic scaling theory, rmax scales with body mass with an 
exponent of −1/4 (Brown et al., 2004; Savage et al., 2004) but only 
when offspring size is proportional to adult size (Denéchère et al., 2022). 
Therefore, the paradox of lower rmax in warm-water rays could result 
from their larger offspring size (proportional to maternal body size) 
compared to the cooler-water skates, which lay pairs of eggs (mermaid's 
purses) that tend to be more consistently smaller in size despite a wide 
range in maternal sizes. Further, it would be interesting to explore dif
ferences in somatic growth rates between rays and skates as Denéchère 
et al. (2022) also found that there was variation around the −1/4 
metabolic scaling expectation where somatic growth rates were pro
portional as opposed to independent of adult body mass (Denéchère 
et al., 2022). 

Our finding that rmax is lower in the less fecund, tropical rays than the 
more fecund, cooler-dwelling skates, has profound consequences for 
fisheries sustainability and extinction risk. First, our findings imply that 
warm, shallow-water rays are more intrinsically sensitive to exploitation 
than the skates. Yet, historically skates have been at greater risk of 
extinction, with the loss of the largest bodied skates from both sides of 
the North Atlantic (Brander, 1981; Dulvy and Reynolds, 2002; Walker 
and Heessen, 1996). However, these relatively fecund species dis
appeared due to the intense trawl fisheries and the lack of management 
for skates. Now with reduction in fishing mortality and skate quotas, we 
are seeing stabilisation and recovery of larger skates (Bom et al., 2022; 
McGeady et al., 2022). At that time, there was little comparative 

understanding of the state of tropical shark and ray fisheries. Over the 
past decade, it has become increasingly clear that tropical fisheries are 
particularly intense and relatively unregulated (Booth et al., 2019; 
Davidson et al., 2016; Sherman et al., 2023; Temple et al., 2019). The 
latest reassessment of all chondrichthyans has revealed greater threat in 
tropical coastal waters, with >75 % of tropical and subtropical coastal 
species threatened. Our result suggests that whilst this is mainly due to 
intense, largely unregulated fisheries, the differential intrinsic sensi
tivity of rays may go a long way to explain why batoid species are 
particularly at risk in the tropics (Dulvy et al., 2021; Temple et al., 
2019). These results underscore the need for effective fisheries man
agement, through catch and effort control (Blaber et al., 2009; Yulianto 
et al., 2018). Our estimates are at the global species level, yet many 
species are widely distributed and there is considerable evidence for 
geographic trait variation due to local adaptation (Cope, 2006). There 
might be temptation to wait until the data are gathered from the locale 
of interest before using these rmax estimates in risk analyses and other 
forms of management guidance. Instead, we remind that we estimated 
rmax based on 10,000 random deviates from a uniform distribution be
tween minimum and maximum values of each life history parameter (or 
± 10 % for αmax), hence, local population specific values are likely 
encompassed within the posterior distributions of the global species 
rmax. Hence, we recommend using the current values, as well as gath
ering more locale-specific life history data. 

In addition to offspring size and survival, and the influence of 
offspring size on rmax., future research could explore (1) somatic growth 
rates and the different dimensions of reproductive output, such as 
offspring size, and their relationship with rmax to better understand the 
reasons behind the higher intrinsic sensitivity (lower rmax) found for 
tropical rays; (2) consider alternate temperature data to improve the 
estimation of rmax; and (3) access more data through imputation. First, 
this could include investigation of size-dependent mortality rates to 
account for offspring size and its effect on juvenile survival to maturity 
in estimations of rmax in order to investigate whether survival to matu
rity is truly comparable across reproductive strategies, such as between 
the live-bearing rays and egg-laying skates in this study. Further un
derstanding of the relationship between offspring size and environ
mental temperature, given how the latter likely affects maternal 
investment, is also needed (Pettersen et al., 2019). Similarly, investi
gation of the relationship between rmax and somatic growth rate (von 
Bertalanffy k) or growth performance (Φ) relative to maternal size is 
required (Denéchère et al., 2022). A growth effect is likely correlated 
with temperature, with tropical species typically exhibiting faster 
growth rates and lower longevity. Variation in somatic growth has been 
found to be important alongside juvenile survival in population fluctu
ations of marine fishes (Stawitz and Essington, 2019). Second, we used a 
widely available temperature dataset to ensure that our approach was 
consistent with other recent papers and ongoing work (Pardo and Dulvy, 
2022), however, in the future, it would be useful to explore the oppor
tunity to average bottom temperatures for demersal species, for 
example, using Bio-Oracle or even using global climate models (Assis 
et al., 2018). The ability to use simple traits to understand rmax and 
subsequently, relative sensitivity to exploitation, recovery potential, and 
fishing limits, is crucial for data-poor species. This study provides the 
foundations for using body mass, environmental temperature, and depth 
to predict rmax for rays and skates and potentially for predicting future 
rmax estimates using global climate model projections. Future calcula
tions will likely be able to utilise more data such as known occupied 
depth ranges and temperature profiles from tagged individuals. Third, 
with the rate of species and population decline and extinction, it is 
crucial that we use available trait information to predict extinction risk 
and guide conservation (Green et al., 2022). New Bayesian approaches 
can use the trait covariation on strength and variation of in
tercorrelations to impute missing trait values (Kindsvater et al., 2018). 
This has great potential to expand the range of species that can be 
considered in these analyses and has recently been used to estimate 59 

Fig. 6. Relationship between maximum intrinsic rate of population increase 
(rmax) and body mass in log10 space for 53 ray species (Orders Myliobatiformes, 
Rhinopristiformes, and Torpediniformes) and 32 skate species (Order Raji
formes). Fitted lines show predicted relationships based on the top-ranked 
model: ln(rmax) ~ ln(M) + temperature-depth index + Order. Predicted allo
metric changes of rmax across constant temperature-depth index (PC1 = 1) for 
ray (red) and skate (blue) data points. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of 
this article.) 
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unobserved traits for 23 populations of tunas and billfishes (Horswill 
et al., 2019). 

5. Conclusions 

The findings indicate that warm, shallow-water rays tend to be more 
intrinsically sensitive to exploitation than cold, deep-water skates; this is 
concerning given the greater extrinsic exposure to overfishing in 
shallow, tropical coastal waters. This may help explain why we are now 
finding that tropical and subtropical species are facing such a high threat 
of extinction and highlights the need for effective fisheries management. 
The use of simple life history traits, including maximum body size, 
environmental temperature, and depth range, in concert with phyloge
netic imputation, may be a useful approach for estimating rmax for use in 
ecological risk assessments. 
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life history is shaped by the pace of life and the distribution of age-specific mortality 
and reproduction. Nat. Ecol. Evol. 3, 1217–1224. https://doi.org/10.1038/s41559- 
019-0938-7. 

Horswill, C., Kindsvater, H.K., Juan-Jordá, M.J., Dulvy, N.K., Mangel, M., 
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