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Abstract.   Age at maturity (AAM) is a key life history trait that provides insight into ecol-
ogy, evolution, and population dynamics. However, maturity data can be costly to collect or 
may not be available. Life history theory suggests that growth is biphasic for many organisms, 
with a change- point in growth occurring at maturity. If so, then it should be possible to use a 
biphasic growth model to estimate AAM from growth data. To test this prediction, we used the 
Lester biphasic growth model in a likelihood profiling framework to estimate AAM from 
length at age data. We fit our model to simulated growth trajectories to determine minimum 
data requirements (in terms of sample size, precision in length at age, and the cost to somatic 
growth of maturity) for accurate AAM estimates. We then applied our method to a large wall-
eye Sander vitreus data set and show that our AAM estimates are in close agreement with 
conventional estimates when our model fits well. Finally, we highlight the potential of our 
method by applying it to length at age data for a variety of ectotherms. Our method shows 
promise as a tool for estimating AAM and other life history traits from contemporary and 
historical samples.

Key words:   age at maturity; biphasic growth; Lester biphasic growth model; life history; profile  likelihood; 
Sander vitreus.

introduction

Age at maturity (AAM) is an important life history 
trait in ecology and evolution that affects lifetime repro-
ductive success and other fitness components (Stearns 
and Koella 1986, Roff 1992, Stearns 1992, Bernardo 
1993, Berrigan and Charnov 1994, Engelhard et al. 2003, 
Stearns and Hoekstra 2005, Brunel et al. 2013). Estimates 
of AAM can be used to address questions related to life 
history plasticity (e.g., Reznick 1990, Augert and Joly 
1993, Ebert 1994, Kuwamara et al. 1996, Lester et al. 
2014) and evolution (e.g., Charnov and Berrigan 1990, 
Heino et al. 2002, Kuparinen and Merilä 2007), as indi-
cators of stress (Trippel 1995), and for management pur-
poses (e.g., fisheries stock assessment; Hilborn and 
Walters 1992). Conventional methods for estimating 
AAM at the population level include logistic regression 
(Chen and Paloheimo 1994), probit analysis (Hubert 
1984), probabilistic methods (DeMaster 1978), visual 
inspection, and others (Trippel and Harvey 1991). All of 
these methods require individual maturity data, which 
can be costly to collect and may be absent for historical 
samples.

Life history theory suggests that resource allocation, 
and therefore growth, change throughout ontogeny 

(Roff 1992, Stearns 1992, Kozlowski 1996). In many 
organisms, a shift in resource allocation occurs at 
maturity, when individuals begin to invest energy in 
reproduction (Kozlowski 1996, Lester et al. 2004, Quince 
et al. 2008, Mollet et al. 2010). For indeterminate growers, 
this shift in resource allocation leads to slower growth in 
adults (Day and Taylor 1997, Lester et al. 2004, 2014, 
Quince et al. 2008, Minte- Vera et al. 2016). Unfortunately, 
conventional growth models (e.g., the von Bertalanffy 
growth model, VBGM; von Bertalanffy 1938, Beverton 
and Holt 1957) are single curves that do not explicitly 
account for this shift (Day and Taylor 1997). To address 
this issue, a number of biphasic growth models have been 
proposed that include a change- point in growth that 
occurs at maturity (Lester et al. 2004, Quince et al. 2008, 
Mollet et al. 2010, Boukal et al. 2014, Minte- Vera et al. 
2016). For example, the basic form of the Lester model 
(LM) assumes that immature growth is linear because 
surplus energy is invested solely in somatic growth, while 
mature growth is asymptotic because energy is invested 
in both somatic growth and reproduction (Lester et al. 
2004). Because it is grounded in life history theory, the 
LM is suitable for addressing life history questions 
(Boukal et al. 2014) and allows for the estimation of 
numerous life history traits (e.g., juvenile growth rate, 
length- at- maturity, asymptotic length, the cost to somatic 
growth of maturity, and natural mortality rate; Lester 
et al. 2004).
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The LM was designed for datasets that include esti-
mates of AAM. However, if immature and mature 
growth rates differ, then it should be possible to use the 
LM to not only describe lifetime growth but also estimate 
AAM. If the LM can be fit to length at age data without 
estimates of AAM, then it could be a powerful tool for 
estimating life history traits from contemporary and his-
torical samples. Previous attempts to estimate AAM 
from growth data using breakpoint linear regressions 
(Rijnsdorp and Storbeck 1995, Baulier and Heino 2008, 
Scott and Heikkonen 2012), modified forms of the 
VBGM (Ohnishi et al. 2012), biphasic growth models 
(Mollet et al. 2010, Brunel et al. 2013, Uusi- Heikkilä 
et al. 2015, Chavarie et al. 2016, Minte- Vera et al. 2016), 
and discriminant and neural network analyses (Engelhard 
et al. 2003) have produced varying results (reviewed in 
Discussion). Two recent studies have used the LM to 
estimate AAM from length at age (Uusi- Heikkilä et al. 
2015, Chavarie et al. 2016), but their methods have not 
been validated and rely on indirect assessments for 
inference on parameter values. Thus, the potential and 
limitations of the LM as a tool for estimating AAM and 
other life history traits remain largely unexplored.

Herein, we (1) describe a likelihood- based method for 
estimating AAM from length at age data using the LM, 
(2) conduct a simulation study to outline data quality 
requirements and provide application guidelines, and 
(3) use empirical data to assess the performance of the 
method. Our method provides direct inference on 
parameter values, allows for simple assessments of fit 
quality, and, given sufficient data quality, accurately esti-
mates AAM for fishes and other ectotherms.

MetHods

Overview

We used the fixed g formulation of the LM (Lester 
et al. 2004, 2014, Quince et al. 2008) to test the prediction 
that AAM can be accurately estimated from length at 
age. This formulation assumes that metabolism scales 
with body size in a two- thirds power relationship and 
that the cost to somatic growth of maturity (typically 
assumed to be dominated by investment in reproduction; 
Roff 1983, Kozlowski 1996) is constant for adults. For 
length at time t (i.e., lt), the growth trajectory is given by

with

(see Table 1 for parameter descriptions). The determin-
istic model can be defined as a function of four param-
eters: l0, h, T, and g. To fit the LM to length at age data, 
we assumed a normal distribution for length given age, 
the mean of which is given by Eq. 1 for immature indi-
viduals and Eq. 2 for mature individuals. The result is a 
joint likelihood function comprised of five unknown 
parameters, Lik (l0, h, T, g, σ2). To improve model perfor-
mance, we included information on l0 and h in the 
form of normal marginal likelihoods (which account for 
uncertainty in l0 and h estimates) and used the resulting 
estimated likelihood for inference (Pawitan 2013); i.e., Lik 
(l0, h, T, g, σ2) = Lik (l0) × Lik(h) × Lik(T, g, σ2 | l0, h). We 
used a two- step process to specify the marginal likeli-
hoods and fit the full model from a single dataset. Note 
that if separate data are available for Lik(l0) and Lik(h), 
then this becomes a combined likelihood that, like a 
Bayesian posterior, incorporates prior information 
(Pawitan 2013).

We used a likelihood- based evidentialist approach 
(Royall 1997, 2004, Sober 2008) to infer AAM and other 
life history traits from length at age. According to the law 
of likelihood (Hacking 1965), the ratio of the likelihood 
for different parameter values gives a direct measure of 
evidential support in the data for a given parameter value 
relative to another value, allowing for the construction of 
likelihood ratio intervals that represent the range of 
parameter values that are supported by the data. We used 
profile likelihoods to generate likelihood intervals 
(Kalbfleisch and Sprott 1970, Taper and Lele 2011) for 
evaluating parameter estimability in application (Raue 
et al. 2009). To generate likelihood intervals for T (the 
Lester model parameter for AAM), we constructed vectors 
of Ti = [T1,T2,… ,Tm] and maximized the likelihood over 
[l0, h, g, σ2] for each Ti. The likelihood interval for 
T inclu ded all Ti such that Lik(TMLE)/Lik(Ti) < ϰ. Royall 

(1)lt = l0+ht, t≤T for juveniles,

(2)lt = l∞(1−e
−k(t−t0)), t>T for adults,
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tAble 1. Description of Lester model parameters.

Parameter Description

l0 theoretical length at age 0 (mm)
h net rate of energy acquisition expressed as 

somatic growth rate (mm/yr)
T last immature age (yr; Lester model parameter 

for age at maturity)
l∞ asymptotic length (mm)
k von Bertalanffy growth coefficient (per year)
t0 von Bertalanffy (adult) hypothetical age at 

length 0 (yr)
t1 Lester (immature) hypothetical age at length 0 (yr)
g cost to somatic growth of maturity (expressed in 

equivalent energetic units)
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(1997) recommends a value of ϰ = 8 for strong evidence, 
meaning that every value outside of the interval is <1/8 as 
likely as the maximum likelihood estimate. Although the 
likelihood method does not assume a distribution for the 
likelihood ratio, the intervals are similar in form to a fre-
quentist confidence interval that is based on a chi- squared 
approximation of the likelihood ratio distribution. For 
comparison purposes, ϰ = 8 in a likelihood interval corre-
sponds to a ~96% confidence interval.

Simulation study

We conducted a simulation study to determine the data 
requirements and estimate reliability of our Lester model 
likelihood profiling (LMLP) method. Specifically, we 
focused on the accuracy of the LMLP estimator for 
T across variation in three important factors: sample size, 
precision in length at age, and the maturity cost parameter 
g. We defined precision as the inverse of the coefficient of 
variation in length at age (i.e., as precision increases, var-
iability in length at age decreases). We simulated indi-
viduals that grew according to the LM with growth 
parameters that were loosely based on walleye Sander 
vitreus, a well- studied, predatory game fish that is 
common throughout northern North America (T = 5 yr, 
l0 = 100 mm, h = 50 mm/yr, maximum age = 25 yr; Bozek 
et al. 2011). Each population initially consisted of 1,000 
individuals from which we drew random samples of 
varying sizes. To replicate common sampling methods, 
we adjusted sample sizes at age for gear selectivity and 
natural mortality (see Appendix S1: Table S1). We chose 
10 levels for each of the three sampling factors (ranges: 
sample size, 50–1000 individuals; precision, 4–30; 
g = 0.05–0.3; Appendix S1: Table S2). A new population 
of individuals was generated for each of 100 iterations of 
all possible three- way factor level combinations (100,000 
simulations). We performed all simulations and subse-
quent calculations in R version 3.2.0 (R Core Team 2015) 
with the additional packages car (Fox and Weisberg 
2011) and boot (Davison and Hinkley 1997, Canty and 
Ripley 2015).

We applied LMLP separately for each iteration and 
constructed profile likelihoods for T. The vector of 
T values ranged from 1 to 16 years in increments of 
0.025 yr (i.e., 601 values of T). We defined the marginal 
likelihoods for l0 and h as normal distributions with 
standard deviations of 25 mm and 5 mm/yr, respectively, 
with means equal to the slope (h) and intercept (l0) esti-
mates from a linear model fit to the first four ages in the 
simulated sample (actual ages varied due to random sam-
pling). To maximize the likelihood for each Ti, we used 
the optim function with the following starting values: 
l0 = linear model intercept estimate, h = linear model 
slope estimate, g = 0.15, σ = 25. The likelihood intervals 
included all Ti such that Lik(TMLE)/Lik(Ti) < 8.

To quantify accuracy in TMLE across factor levels, we 
calculated the mean percent error in TMLE for each factor 
combination. We used an error contour plot (smoothed 

using LOESS with degree = 2 and α = 0.75) to determine 
the sample size and precision required for TMLE to fall 
within ±0.5 yr of the true value across levels of g. Because 
sample size is known and precision can be calculated a 
priori, the contour plot allows for visual estimation of the 
minimum value of g needed for accurate estimates of 
AAM.

Empirical assessment

We compared the LMLP AAM estimator to a conven-
tional approach (age at 50% maturity; A50) using age, 
length, sex, and maturity data from walleye that were 
collected in Ontario and Quebec, Canada, during fall gill 
net surveys (1993–2008; Morgan 2002), and Minnesota, 
USA, during trap- netting, trawling, seining, angling, gill-
netting, electrofishing, and trot- lining surveys (March–
December 2001–2011; Chezik et al. 2014). To prepare 
these data for analysis and minimize the incidence of 
erroneous ages, we removed (1) samples from the period 
December–July, (2) fish above age 0 that were aged in the 
field, (3) fish above age 5 that were aged using scales, and 
(4) males. We focused on females because they are often 
the focus of life history studies in fisheries due to their 
importance with regard to evolution and stock produc-
tivity (e.g., Herczeg et al. 2012, Hixon et al. 2014), and 
maturity status based on visual inspection of gonads may 
be more reliable for females than males due to the more 
obvious appearance of ovaries with eggs. The resulting 
dataset contained a large number of unsexed fish. Given 
that immature walleye grow at similar rates regardless of 
sex (Venturelli et al. 2010) and in order to preserve real-
istic sample sizes at age, we assumed a 1:1 sex ratio for 
immature fish and randomly removed half of the unsexed 
fish that were smaller than the smallest mature male 
(143 mm total length). That is, we retained half of the 
unsexed fish that were very likely to be immature. We 
then removed all unsexed fish above this size to avoid 
including mature males, which could skew our estimates 
of female AAM and other parameters due to sexually 
dimorphic maturity (Venturelli et al. 2010).

We first applied LMLP to data from individual lakes 
in a single year (lake- year). We selected one lake- year 
from each lake in an effort to span as much of the sample 
size and precision parameter space as possible. To 
increase sample size, we then combined data from up to 
three consecutive lake- years and analyzed them as a 
single lake- year (multi- lake- year). We used the same LM 
fitting procedure for these data as for our simulation 
study. Because we had no prior knowledge of T for these 
datasets, and because other estimates of AAM can be 
inaccurate (Trippel and Harvey 1991), we identified a 
good fit as having one likelihood peak and a likelihood 
interval ≤2 yr. We estimated precision in length at age for 
these datasets by averaging the inverse of the coefficient 
of variation in length at each age across all ages, weighted 
by sample size at age. As such, our estimate of precision 
in length at age included all potential sources of 
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variation, including individual variation in growth, 
 sampling bias, and processing error.

To compare LMLP to conventional estimators, we 
compared TMLE from good fits to Â50 from logistic 
regression using a standard major axis regression, which 
assumes error in both variables. Given that female 
walleye gonadal investment during the preceding growing 
season is likely visible during August–November, TMLE 
(the age at which the average individual begins to invest 
in reproduction) and A50 (the age at which half of the 
individuals that were collected in fall had developed 
gonads) should be similar.

To explore LMLP performance in estimating AAM 
for a broad variety of taxa, we also applied LMLP to 
empirical length at age data describing another fresh-
water fish (lake whitefish Coregonus clupeaformis), a 
marine fish (haddock Melanogrammus aeglefinus), an 
elasmobranch (Alaska skate Bathyraja parmifera; Matta 
and Gunderson 2007), and an amphibian (the seal sala-
mander Desmognathus monticola; Castanet et al. 1996, 
see Appendix S1 for data descriptions). Because our goal 
was to demonstrate that LMLP can work for many 
species, we selected data for which LMLP fits were good. 
Due to the low sample size (n = 4), we compared TMLE 

from these fits to Â50 by calculating the confidence 
interval for the difference between the two parameters 
(Daniel and Cross 2013). If this interval contained zero, 
the parameters were considered not significantly different 
from one another (see Appendix S1).

results

Simulation study

Simulation results suggest that LMLP performance is 
positively related to each data quality factor (i.e., sample 
size, precision, and g) and that a low value of one factor 
will result in poor LMLP performance unless the 
remaining factors are high enough to compensate. The 
sample size and precision required for TMLE to fall within 
±0.5 yr of T across values of g are shown in Fig. 1 (gray 
lines; see Appendix S1: Fig. S1 for an error contour plot 
without empirical data points). In general, LMLP per-
formed poorly for sample sizes <100–150 individuals, 
precision in length at age <6, and g <0.1. Across all sim-
ulations, TMLE was biased above the simulated value of 
5 yr (mean = 5.39 yr, SD = 1.85 yr); however, nearly all 
of this bias occurred when the likelihood interval was 

Fig. 1. Empirical data describing female walleye Sander vitreus from individual lakes (n = 57) in relation to simulated error 
contours for TMLE to fall within ±0.5 yr of T when T = 5 yr across levels of sample size, precision, and g (gray lines, labeled 
according to levels of g; Appendix S1: Table S1). Symbols indicate LMLP fit quality (see Methods) and the position of each point 
relative to the nearest (lower) contour for g, based on ĝ from a LMLP fit. Error contours were smoothed using LOESS (degree = 2, 
α = 0.75). Datasets that are above the nearest contour for g in the sample size and precision parameter space (based on ĝ from a 
LMLP fit) are likely to provide accurate estimates of T. The position of points depends only on sample size and precision, and not 
on ĝ. See Appendix S1: Table S3 for a description (including sample size, precision, and ĝ) of each dataset.



186 Ecological Applications 
 Vol. 27, No. 1ANDREW E. HONSEY ET AL.

>2 yr wide (n = 47,419; mean = 5.74 yr; SD = 2.46 yr). 
Both bias and variability in TMLE were smaller when 
LMLP likelihood intervals were ≤2 yr (n = 52,581; 
mean = 5.07 yr, SD = 0.92 yr). Most of the remaining bias 
resulted from cases in which likelihood intervals were 
≤2 yr but TMLE was very high (≥13 yr; n = 338), all of 
which occurred when sample size was <150 individuals, 
precision was <6, and/or g was <0.1 (without these cases, 
mean = 5.01 yr, SD = 0.37 yr; see Appendix S1: Figs. 
S2–S11 for additional diagnostics). Results were similar 
for the remaining parameters in that estimates were 
biased when likelihood intervals were wide but virtually 
unbiased when they were narrow.

Empirical assessment

Our empirical analysis included 46 lake- years and 11 
multi- lake- years (Appendix S1: Table S3). LMLP fits 
were good for 40 of these datasets and poor for the 
remaining 17 (see Fig. 2 for examples of good and poor 
fits). When compared to our simulation results, 51 (89%) 
of the datasets were above their respective error contours 
(i.e., should be accurate within ±0.5 yr) for the nearest 
(lower) value of g, based on ĝ from a LMLP fit (Fig. 1; 
Appendix S1: Table S3). LMLP fit poorly to twelve (21%) 
of these datasets. For seven of these poor fits, TMLE esti-
mates were between two and four years, which might 
suggest a need for higher data quality when T < 5 yr. Of 
the six (11%) datasets that were below their respective 
error contours, only one was a good fit (Lac Regnault in 
1998; n = 150, precision = 14.30, ĝ = 0.12).

The standard major axis regression indicated that 
TMLE was not significantly different from Â50 when 
LMLP fits were good (Fig. 3). We excluded two lake- 
years (Lac Regnault in 1998 and Lake St. Joseph in 1999) 
from the regression due to a high likelihood of erroneous 
ageing and/or maturity classification (see Discussion). 
The fit to TMLE and Â50 from the remaining datasets did 
not significantly differ from a 1:1 line (intercept = −0.01, 
95% CI = −0.83, 0.68; slope = 0.99, 95% CI = 0.84, 1.18), 
and the mean difference between TMLE and Â50 was 
0.50 yr (SD = 0.41 yr, range 0–2 years).

The confidence intervals for the differences between 
TMLE and Â50 contained zero for all four LMLP fits to 
data describing additional species (lake whitefish: −0.81, 
1.21; haddock: −0.72, 0.44; Alaska skate: −0.03, 1.45; 
seal salamander: −0.65, 0.56), suggesting that LMLP can 
accurately estimate AAM for a variety of ectotherms 
(Fig. 4; see Appendix S1: Table S4 for additional details).

discussion

Simulation study

We designed our simulation study to determine the 
conditions required for LMLP estimates of AAM (i.e., 
TMLE) to fall within ±0.5 yr of the true value given the 
ideal case in which individuals grow according to the LM. 
We found that TMLE was biased high for poor LMLP fits, 
likely because low information on AAM led to relatively 
high likelihood values (which are maximized over all 
other parameters) for a larger range of T values. It is not 

Fig. 2. Examples of (a) good and (b) poor fits to empirical data describing female walleye Sander vitreus. A fit was considered 
good if it had a single likelihood peak and a likelihood interval of ≤2 yr. Solid lines are immature growth, and dashed lines are mature 
growth. Likelihood profiles are shown in gray. (a) Data from Lake St. Joseph, Ontario, Canada in 1999 (n = 563, precision = 12.52, 
ĝ = 0.28). (b) Data from Lake of the Woods,  Ontario, Canada in 2004 (n = 322, precision = 9.82, ĝ = 0.21). See Appendix S1: Table 
S3 for additional details.
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unexpected that the mean would fall above the true value 
given that the simulations covered many sampling factor 
combinations for which the model fit poorly and our 
vector of possible T values included more values above 
the true value of 5 yr (n = 440) than below it (n = 160). 
Importantly, bias in TMLE was much smaller when the 
likelihood interval was ≤2 yr wide.

The error contour plot (gray lines in Fig. 1; Appendix 
S1: Fig. S1) shows the values of sample size, precision, 
and g required for average TMLE to fall within ±0.5 yr of 
the true value. This plot can be used to assess the like-
lihood of an accurate LMLP fit. For example, if sample 
size is 300 individuals and precision is 20, then it is likely 
that TMLE will be accurate because (300, 20) falls above a 
large number of error contours across values of g. 
However, if sample size is 50 individuals and pre-
cision is 4, an accurate fit is unlikely because (50, 4) falls 
beneath all error contours for g values examined herein. 
Such assessments can be augmented by additional infor-
mation about the species or population (e.g., if g is typi-
cally ≥0.2 for a given species or population). For instance, 
for cases in which AAM is known a priori, one could fit 
a Lester model in conjunction with the maturity infor-
mation (e.g., with T fixed at AAM or with likelihoods of 
maturity at age from a logistic- type model) to estimate 
the remaining model parameters, thereby providing 
insight regarding reasonable values of g for a given 
species or population prior to using LMLP. Moreover, 

one can use the error contour plot together with the 
sample size and precision of the dataset and the LMLP ĝ 
to evaluate whether TMLE should be an accurate estimate 
of AAM. If a dataset falls above the nearest contour for 
g (based on ĝ from a LMLP fit) for a given combination 
of sample size and precision, then TMLE should be accurate 
within ±0.5 yr, particularly if TMLE ≥ 5 yr. For example, 
if a dataset falls above the error contour for g = 0.1, then 
TMLE should be accurate if ĝ ≥ 0.1. To be conservative, we 
recommend referring to the nearest lower contour for g 
when using the contour plot to assess TMLE accuracy (as 
we have done for our empirical assessment). That is, if ĝ 
from a LMLP fit is 0.115, then we recommend referring 
to the contour for g = 0.1 as opposed to the contour for 
g = 0.125. This means of evaluating accuracy in parameter 
estimation can supplement assessments of fit quality 
from the likelihood profile, especially when one has 
reason to doubt the accuracy of the model (e.g., if a like-
lihood profile has a single peak and a narrow confidence 
interval but sample size is very low).

Empirical assessment

When applied to empirical female walleye data, LMLP 
fits were generally good (based on likelihood profile 
assessments and likelihood interval width) when simu-
lation results suggested that they should be accurate (i.e., 
when datasets were above their respective error contours) 
and vice versa. However, there were more poor LMLP 
fits when datasets fell above their respective error con-
tours (n = 12; 23.5%) than good fits when datasets fell 
below their respective contours (n = 1; 16.7%). This dis-
crepancy could be due to variation in AAM among the 
empirical data sets. For example, if AAM is <5 yr, then 
there are fewer age classes (i.e., less information) to 
describe immature growth, which likely reduces LMLP 
fit quality. Consistent with this hypothesis, results from 
two additional sets of simulations in which we varied the 
LM parameter for age at maturity (i.e., T; one with 
T = 3 yr and another with T = 7 yr) suggest that LMLP 
requires higher data quality when T = 3 yr but not when 
T = 7 yr (Appendix S1: Figs. S12–S14). Furthermore, 
variation in AAM across cohorts or lake- years (e.g., due 
to plastic or evolutionary changes in growth and matu-
ration; see Enberg et al. 2012) may reduce confidence in 
TMLE and alter LMLP data requirements. The sensitivity 
of LMLP to AAM could explain some of our results. For 
instance, TMLE was 11.05 yr for the only lake- year that fell 
below its error contour but had a good fit (Lac Regnault 
in 1998) and was between two and four years for seven of 
the 12 lake- years that were above the error contours but 
had poor LMLP fits.

In addition to variation in AAM, LMLP may also be 
sensitive to data distribution, data coverage, and viola-
tions of the LM. Our simulations were based on sample 
distributions that were comparable to fisheries data (see 
Appendix S1), but these distributions are not always 
realized. For example, LMLP fit poorly to a large dataset 

Fig. 3. Standard major axis (SMA) regression comparing 
TMLE from good fits to Â

50
 across datasets. Datasets marked 

with x were excluded from the regression due to probable errors 
in ageing and/or maturity assessment (see Discussion). The 
standard major axis regression line was not significantly 
different from a 1:1 line.
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(Upper Red Lake in 2003, n = 465) because 91% of the 
fish in the sample were age two or four as a result of 
stocking (Logsdon 2006), thus providing little infor-
mation on lifetime growth. Similarly, if AAM is 6 yr but 
the dataset only contains ages 6–12, then LMLP will 
likely fail to detect AAM. Finally, LMLP may perform 
poorly because the LM is inappropriate. For example, 
growth leading up to maturity may be nonlinear. 
Fortunately, the LM can be relaxed to allow for non-
linear immature growth (Quince et al. 2008, Boukal et al. 
2014, not explored here). Additionally, lifetime growth 
may span major changes in per- capita food availability, 

leading to additional change- points in growth that could 
reduce LMLP accuracy (Lorenzen and Enberg 2002). 
However, such changes may only have a significant 
impact when analyzing longitudinal data.

The standard major axis regression results indicate that 
TMLE and Â50 did not significantly differ when LMLP fits 
were good. We excluded two lake- years with questionable 
maturity data from this analysis: Lac Regnault (1998) and 
Lake St. Joseph (1999; Fig. 3; Appendix S1: Table S3). 
For Lac Regnault (n = 150), Â50 = 13.67 yr but 
TMLE = 11.05 yr. This discrepancy stems from three fish 
aged 26, 16, and 15 that were recorded as immature, likely 

Fig. 4. Examples of LMLP fits to data describing a variety of taxa, including (a) lake whitefish Coregonus clupeaformis (n = 149, 
precision = 24.26, ĝ = 0.18), (b) haddock Melanogrammus aeglefinus (n = 359, precision = 10.12, ĝ = 0.34), (c) Alaska skate Bathyraja 
parmifera (n = 231, precision = 15.87, ĝ = 0.18), and (d) seal salamaders Desmognathus monticola (n = 83, precision = 50.79, 
ĝ = 0.38). Solid lines are immature growth; dashed lines are mature growth; and box and whiskers are Â

50
 and bootstrapped 95% 

confidence intervals, respectively. Likelihood profiles are shown in gray. For all four fits, TMLE did not significantly differ from Â
50

 
(see Appendix S1 for details and data descriptions).
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as a result of ageing error, observational error, or cryptic 
maturity such as skipped spawning (Rideout et al. 2005). 
These probable errors had high leverage on the logistic 
regression; Â50 decreased to 12.59 yr after removing the 
oldest immature fish and to 11.82 yr after removing all 
three probable errors. Data from Lake St. Joseph (n = 563) 
appeared to contain similar errors; although TMLE = 3.5 yr, 
the data included multiple immature fish aged 10–16 years. 
We considered these probable errors as sufficient justifi-
cation for excluding these lake- years from the analysis. 
Because such errors have high leverage on A50, LMLP 
(when it fits well) may be a more reliable method for esti-
mating AAM. Both methods assume that ageing is 
accurate, but LMLP assumes that length is measured 
accurately whereas A50 assumes that maturity is classified 
correctly. Although further work is needed, we posit that 
length errors are usually small and therefore unlikely to 
have a large impact on LMLP estimates. In contrast, 
maturity classification errors can lead to large errors in 
Â50. However, A50 may be more reliable in certain cases; 
for example, changes in per- capita food availability can 
lead to multiple change- points in growth that would 
impact LMLP but not A50.

Comparison to other methods for estimating 
AAM from growth data

We are not the first to attempt to estimate AAM from 
growth data. Rijnsdorp and Storbeck (1995) estimated 
AAM using a segmented linear regression of annual body 
mass increments against body mass derived from female 
plaice Pleuronectes platessa otoliths. The method was 
somewhat inaccurate when compared to independent 
estimates and, like LMLP, was less accurate for early 
AAM. Baulier and Heino (2008) applied the method and 
found 47.6% agreement with AAM estimated from scales 
for Norwegian spring- spawning herring Clupea harengus. 
Scott and Heikkonen (2012) applied a conceptually 
similar approach in which a segmented linear regression 
was fit to plaice mean length at age data. Their model was 
sometimes inaccurate compared to estimates derived 
from a maturation reaction norm approach, especially 
for males, and was also inaccurate for early AAM. Unlike 
LMLP, these methods do not allow for estimation of life 
history traits other than AAM (e.g., the cost to somatic 
growth of maturity, asymptotic length, natural mortality 
rate).

Engelhard et al. (2003) used discriminant analysis and 
artificial neural networks to estimate AAM from indi-
vidual scale measurements for Norwegian spring- 
spawning herring. These methods correctly classified 
AAM in 66–68% of cases, although the margin of error 
was seldom >1 yr (2.9–5.2% of cases). Importantly, the 
models were highly accurate for low AAM (unlike LMLP 
and the other methods discussed here). As with the seg-
mented linear methods, these methods did not allow for 
estimation of additional life history traits, but they show 
significant potential for estimating AAM.

Mollet et al. (2010) proposed a biphasic approach to 
estimate AAM and other life history traits from indi-
vidual lifetime weight at age data. The Mollet model is 
conceptually similar to LMLP but is founded on the met-
abolic theory of ecology (West et al. 1997, 1999), which 
assumes that metabolism scales with body size according 
to a three- quarter power law. The model showed con-
founding between variables when estimating four param-
eters (AAM, energy acquisition, maintenance, and 
reproductive investment). To avoid this issue, the authors 
proposed a three parameter model (by assuming constant 
maintenance) that increased the robustness of results. 
After this adjustment, Mollet model estimates of AAM 
for female plaice were in general agreement with inde-
pendent estimates. Brunel et al. (2013) reduced the con-
founding between parameters in the Mollet model by 
incorporating random effects (Laird and Ware 1982). 
However, this model was sensitive to starting values and 
struggled to converge, particularly when estimating more 
than four parameters. Moreover, the Brunel model was 
biased in some cases (up to ~45%, although some cases 
involved unrealistic parameter combinations) and was 
sometimes inaccurate in estimating AAM when com-
pared to scale- based estimates for Norwegian spring- 
spawning herring (30–61% agreement, although 
differences in AAM estimates were <1 yr for 97% of 
cases). As with LMLP, both the Mollet and Brunel 
models were less accurate for early AAM.

Ohnishi et al. (2012) proposed an extended VBGM 
that allows for estimation of AAM. Unfortunately, they 
did not evaluate the accuracy of their model in estimating 
AAM, and they noted that practical applications of the 
model would necessitate additional parameters. Despite 
this potential disadvantage, Ohnishi et al. present an 
intriguing model that deserves further attention.

Minte- Vera et al. (2016) presented a review and 
assessment of models that incorporate the cost of repro-
duction, including the LM and related models (Quince–
Boukal model; Quince et al. 2008, Boukal et al. 2014). 
Although they used some of these models to estimate 
AAM from size and age data (including Quince–Boukal 
but not the LM), they focused on describing two new 
biphasic models and comparing their goodness of fit to 
existing models. As such, they did not rigorously assess 
the ability of the models to estimate AAM. In addition, 
they fit the models to only four empirical datasets (split 
by sex) describing lake trout Salvelinus namaycush. A 
more complete examination of the accuracy of the various 
models (particularly the two novel ones) in estimating 
AAM and other life history traits is merited.

Advantages and additional applications of LMLP

The LMLP method offers many advantages over other 
techniques for estimating AAM. It requires only length 
at age data, which are common across disciplines, and 
can provide accurate estimates of AAM in the absence of 
maturity data. In addition, LMLP provides estimates of 
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other life history traits, such as juvenile growth rate (h), 
the average cost to somatic growth of maturity (g), 
asymptotic length (l∞), mean length at maturity, and the 
instantaneous rate of natural mortality (Lester et al. 
2004). One could use LMLP to track changes in life 
history traits over time (see Kuparinen and Merilä 2007), 
compare life history traits among populations (Chavarie 
et al. 2016), or estimate the vital rates of a Leslie pro-
jection matrix (Uusi- Heikkilä et al. 2015).

We used a simple version of the LM, but the LMLP 
approach can also be used to fit models that relax the 
assumptions of the fixed g LM that may be difficult to fit 
otherwise. For instance, parameters could be added to fit 
the generic biphasic model proposed by Quince et al. 
(2008, see also Boukal et al. 2014), which (1) allows g to 
vary with age, e.g., as a result of increasing investment in 
reproduction (Kozlowski 1996) or activity costs (Ware 
1978, Andersen and Beyer 2015), and (2) relaxes the 
assumption that metabolism scales with body size 
according to a two- thirds power law, which may be inac-
curate for many species (Glazier 2010).

The likelihood function is a common basis for both 
frequentist and Bayesian statistics, and likelihood 
intervals have a clear interpretation as model parameter 
values supported by the data. Like Bayesian methods, 
LMLP can incorporate information about parameters, 
although in both cases inference depends upon assump-
tions about those parameters (either a Bayesian prior or 
in the specification of a marginal likelihood). For appli-
cations in which data are not informative of parameters 
(e.g., low sample size), asymptotic results on unbias-
edness for likelihood inference may not apply for profile 
likelihoods (Pawitan 2013). It is therefore important to 
verify estimator performance via simulation. For our 
analyses, we used the same two- step algorithm for all 
LMLP fits to simulated and empirical data for insight on 
sample conditions when the empirical fits may be unre-
liable. Likelihood profiles provide a useful means of 
assessing fit quality because they show the number of 
likely parameter values (likelihood peaks) and the degree 
of confidence in those values (the width of each peak). We 
found that as data became less informative on AAM, 
likelihood intervals became wider and estimates could be 
biased. We also found that parameter estimates were 
robust to starting values (not shown). Nonetheless, fit 
quality and accuracy may be improved by adjusting 
starting values or other aspects of the algorithm, particu-
larly when data quality is poor.

Our study focused on data describing an entire popu-
lation at a particular time (i.e., cross- sectional data), but 
our approach can also be applied to longitudinal data that 
track individuals or cohorts through time. Fitting to lon-
gitudinal data may be more theoretically consistent than 
fitting to cross- sectional data (Mollet et al. 2010), particu-
larly for studies of life history evolution. In addition, 
LMLP fits to longitudinal data may provide a more real-
istic understanding of life history variation (e.g., by 
allowing for the construction of probabilistic maturation 

reaction norms; Heino et al. 2002). Random effects should 
be included when fitting to individual lifetime growth data 
(Laird and Ware 1982, Brunel et al. 2013). Although 
LMLP can be adjusted to include random effects, incorpo-
rating these additional parameters may make the model 
difficult to fit; however, this impact may be minimized by 
including additional information on parameters.

Our LMLP algorithm has potentially broad applica-
bility. It can work well not only for walleye but also for 
any species that has a similar lifetime growth trajectory 
and an associated shift in growth that corresponds to 
maturity. Our fits to four additional species (including 
fishes, an elasmobranch, and an amphibian) display the 
potential utility of LMLP in accurately estimating AAM 
for a variety of taxa. The LMLP algorithm may be par-
ticularly useful when only length at age data are available 
or attainable. However, because LMLP may not work 
well for some species (e.g., due to violations in the 
assumptions of the LM), more work is needed to 
determine the reliability and data quality requirements of 
LMLP across taxa.

Conclusion

Our LMLP algorithm demonstrates that the LM can 
be leveraged to estimate AAM and other life history traits 
for a variety of taxa. In addition, we provide a realistic 
assessment of the data requirements of LMLP. In general, 
our method performed poorly for sample sizes <100–150 
individuals, precision in length at age <6, and g <0.1. The 
algorithm is also sensitive to low AAM, sample distri-
bution across ages, data coverage, and violations of the 
LM. Future work should address these factors and also 
investigate the validity and accuracy of LMLP given dif-
ferent reproductive strategies (e.g., hermaphroditism) or 
when compared to other approaches for assessing 
maturity (e.g., histology). Despite these drawbacks, 
LMLP shows promise as a tool for research and man-
agement. Given adequate data quality, LMLP accurately 
estimates AAM (compared to A50) and allows for the esti-
mation of additional life history traits. As such, we argue 
that LMLP represents a valuable addition to the growth 
modeling toolbox. Future research should also (1) assess 
the capacity for more complex modeling algorithms to 
broaden the applicability and utility of LMLP, (2) adjust 
LMLP to fit to longitudinal data, and (3) apply LMLP to 
historical datasets and/or ancient data (e.g., lifetime 
growth back- calculated from hard structures in sediment 
cores or middens) to address questions related to life 
history variation and evolution. More broadly, we argue 
that this work makes an important contribution to the 
expanding body of literature centered on extracting life 
history information from growth data. Recent efforts 
have also met with conditional success (see Discussion: 
comparison to other methods for estimating AAM from 
growth data), suggesting that these growth- related 
methods have great potential for improving our under-
standing of life history.
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Appendix S1. Supplementary Methods and Results 
 
Adjusting Sample Sizes-at-age for Gear Selectivity and Natural Morality 

For our simulation study, we adjusted sample sizes-at-age to approximate data scenarios 
that are common in fisheries science (and may be similar in other disciplines) to provide realistic 
estimates of the data quality required for LMLP to perform well. To do this, we emulated sample 
sizes-at-age for walleye Sander vitreus caught in gill nets from the expansive Fall Walleye Index 
Netting surveys conducted by the Ontario Ministry of Natural Resources and Forestry (Morgan 
2002). Sample sizes-at-age for all simulations are shown in Table S1. See “Additional Simulations” 
below for more details on the 𝑇 = 3 and 𝑇 = 7 simulations. 

We did not include size selectivity on early age-classes (i.e., gears catching the largest 
individuals in a given young age-class) in our simulations; however, the potential impacts of gill net 
size selectivity on model estimates are likely relatively small for organisms such as walleye across 
the ages included in the simulations (Walker et al. 2013). Nevertheless, size selectivity may affect 
LMLP fits for some datasets and should be considered on a case-by-case basis. 
 
Additional Diagnostics 
 To provide a more complete picture of LMLP performance across the data quality scenarios 
investigated, we generated figures that show (1) the percent of cases in which the likelihood 
interval contained the true value for 𝑇 and (2) the mean width of the likelihood intervals across 
levels of sample size, precision, and the maturity cost parameter 𝑔 (Figs. S1-S10). Note that point 
size and colour scales vary among plots. Results for 𝑇 = 3 and 𝑇 = 7 simulations are available upon 
request. 
 
Additional Simulations 
 We conducted two additional sets of simulations in which 𝑇 = 3 and 𝑇 = 7 to explore the 
sensitivity of our Lester model likelihood profiling (LMLP) method to varying age-at-maturity. 
Growth parameters for these simulations differed from 𝑇 = 5 simulations and were also loosely 
based on walleye populations for which AAM was estimated at approximately 3 or 7. For 𝑇 = 3 
simulations, 𝑙0 = 150 mm, ℎ = 65 mm∙yr-1, and maximum age = 20 yrs (see Methods for parameter 
descriptions). For 𝑇 = 7 simulations, 𝑙0 = 80 mm, ℎ = 40 mm∙yr-1, and maximum age = 30 yrs. Sample 
sizes-at-age also differed for these simulations (Table S1). Apart from these differences, 𝑇 = 3 and 𝑇 
= 7 simulations were identical to 𝑇 = 5 simulations (see Methods). As with the 𝑇 = 5 simulations, we 
used error contour plots (smoothed using LOESS with degree = 2 and α = 0.75) to determine the 
sample size and precision required for 𝑇𝑀𝐿𝐸 to fall within +/- 0.5 yrs of the true value across levels 
of 𝑔. Results indicate that higher data quality (i.e., higher sample size, higher precision) is needed 
for 𝑇𝑀𝐿𝐸 to fall within +/- 0.5 yrs of the true value for a given value of 𝑔 when 𝑇 = 3 (Fig. S2). Data 
quality requirements for 𝑇 = 7 were similar to those for 𝑇 = 5 (Fig. S4). We expect that as 𝑇  0, 
data quality requirements become increasingly restrictive, likely in a nonlinear fashion. Thus, 
requirements for 𝑇 = 5 seem to be appropriate for any scenario in which 𝑇 ≥ 5, and become 
increasingly conservative as 𝑇 increases. Future work should more thoroughly address the data 
quality required for LMLP to provide accurate 𝑇𝑀𝐿𝐸, particularly when 𝑇 < 5.  
 
 
 
 



LMLP Fits to Data Describing Species other than Walleye Sander vitreus 
 To show the potentially broad applicability of our algorithm, we applied LMLP to four 
additional datasets describing four different species: lake whitefish Coregonus clupeaformis, 
haddock Melanogrammus aeglefinus, Alaska skate Bathyraja parmifera, and the seal salamander 
Desmognathus monticola. The lake whitefish data describe females from Shoal Lake, ON in 2000-
2001 (n=149, precision=24.26, �̂�=0.18) and were collected by the Ontario Ministry of Natural 
Resources and Forestry as part of their fall gill netting surveys (Morgan 2002). The haddock data 
describe females from the Gulf of Maine collected during spring 2015 (n=359, precision=10.12, 
�̂�=0.34) as part of the National Oceanic and Atmospheric Administration (NOAA) Northeast 
Fisheries Science Center’s bottom trawl surveys (data provided by Mike Palmer, NOAA). The Alaska 
skate data describe females taken from the eastern Bering Sea from 2003-2005 (n=231, 
precision=15.87, �̂�=0.18) and were collected by NOAA Fisheries groundfish trawl surveys during the 
summers of 2003 and 2004, and throughout 2004 and 2005 by the North Pacific Groundfish 
Observer Program on flatfish trawlers and Pacific cod longline vessels (see Matta and Gunderson 
2007; data provided by Beth Matta, NOAA). Finally, the salamander data describe individuals 
collected from Wolf Creek, North Carolina, USA during 1994-1995 (see Castanet et al. 1996; n=83, 
precision=50.79, �̂�=0.38; data provided by Richard Bruce, Professor Emeritus, Western Carolina 
University).  
 Due to the low sample size (n=4), we did not use a standard major axis regression to 

compare 𝑇𝑀𝐿𝐸 to 𝐴50̂ for these fits. Instead, we calculated confidence intervals for the difference 
between the two parameters assuming that the likelihood interval (LI; approximate 96% chi-
squared confidence interval) was similar to a 95% confidence interval (CI). That is, we assumed that 
the LI was approximated by 𝑇𝑀𝐿𝐸 ± 1.96×SE, where SE is the standard error of the parameter 

estimate. We used this formula and the known LIs for 𝑇𝑀𝐿𝐸 and bootstrapped CIs for 𝐴50̂ to 
calculate SEs for each parameter. Because the intervals were not necessarily symmetrical, we took 
the mean of the two SE estimates (derived from the upper and lower interval bounds) as the SE 
estimate for each case. We then used the following formula to calculate the confidence interval for 
the difference between the two parameters (Daniel and Cross 2013): 
 

| 𝑇𝑀𝐿𝐸 − 𝐴50̂|  ± 1.96 × √𝑆𝐸𝑇𝑀𝐿𝐸

2 + 𝑆𝐸𝐴50̂

2  

 
If this interval contained 0, the parameters were considered not significantly different from one 
another. Complete results for these comparisons, including parameter estimates, LIs, CIs, and 
difference intervals, are shown in Table S4. 
  



Table S1. Sample sizes-at-age for populations of 1000 individuals used in Lester model likelihood 
profiling simulations. Random samples of varying sizes (see Table S2) were drawn from these 
populations for each of 100,000 iterations. 
 

 Sample Size 

Age 𝑻 = 3 𝑻 = 5 𝑻 = 7 

1 50 30 5 

2 120 70 20 

3 160 130 50 

4 155 140 95 

5 135 150 115 

6 70 130 125 

7 50 65 125 

8 41 45 110 

9 36 38 70 

10 32 32 50 

11 28 28 38 

12 24 24 30 

13 21 22 26 

14 18 18 22 

15 15 15 19 

16 13 12 17 

17 11 10 15 

18 9 8 13 

19 7 7 11 

20 5 6 9 

21 - 5 8 

22 - 5 7 

23 - 4 6 

24 - 3 4 

25 - 3 3 

26 - - 2 

27 - - 2 

28 - - 1 

29 - - 1 

30 - - 1 

 

  



Table S2. Levels of sample size, precision (CV-1) in length-at-age, and the annual cost to somatic 

growth of maturity 𝑔 (expressed in equivalent energetic units) used to simulate length-at-age data. 

Simulations consisted of 100 iterations of each parameter combination (N = 100,000 iterations). 

 

Sample Size Precision g 

50 4 0.05 

100 5 0.075 

150 6 0.1 

200 7 0.125 

250 8 0.15 

300 9 0.175 

400 10 0.2 

500 12 0.225 

750 20 0.25 

1000 30 0.3 

 



Table S3. Results of model fits to empirical walleye Sander vitreus datasets from various locations, including lake name, jurisdiction, years, 

sample size, precision (i.e., CV-1), whether the likelihood profile contained a single peak (Y=yes, N=no), the maximum likelihood estimate for 𝑇 

(yrs, with likelihood intervals), the 𝐴50 estimate (yrs, with bootstrapped 95% confidence intervals), and estimates for the remaining model 

parameters: 𝑔 = annual cost to somatic growth of maturity (expressed in equivalent energetic units); 𝑙0 = theoretical length at age 0 (mm); 

ℎ = net rate of energy acquisition expressed as somatic growth rate (mm∙yr-1). Data were collected by the Minnesota Deparment of Natural 

Resources, the Ontario Ministry of Natural Resources and Forestry, and the Quebec Ministry of Natural Resources and Wildlife. 

Name Jurisdiction Years n Precision (CV
-1

) Single Peak 𝑨𝟓�̂� 𝑻𝑴𝑳𝑬 �̂� 𝒍�̂� �̂� 
Nipigon ON 2001-3 749 12.97 Y 3.91 (3.67, 4.19) 3.25 (3.03, 3.43) 0.31 170.51 84.47 

Mille Lacs MN 2011 736 16.06 Y 3.93 (3.80, 4.08) 4.25 (4.15, 4.38) 0.34 144.14 81.77 
Lake of the Woods MN 2003-5 638 12.20 Y 5.33 (5.16, 5.51) 6.6 (6.3, 6.9) 0.19 163.20 55.70 

Winnibigoshish MN 2009-11 636 18.66 Y 4.05 (3.96, 4.17) 4.7 (4.5, 4.93) 0.21 178.48 62.47 
Mille Lacs MN 1993-5 628 17.91 Y 4.04 (3.95, 4.15) 4.4 (4.25, 4.55) 0.26 156.20 74.25 
St. Joseph ON 1999 563 12.52 Y 6.84 (6.51, 7.17) 3.5 (3.2, 3.83) 0.28 137.17 64.07 

Ombabika Bay (L. Nipigon) ON 2002 557 16.01 Y 4.46 (4.33, 4.63) 3.9 (3.8, 4.13) 0.38 137.12 89.67 
Cass MN 1997-9 494 14.76 Y 4.66 (4.37, 4.98) 4.43 (4.1, 4.73) 0.21 203.74 61.48 

Upper Red MN 2003 465 11.94 N 4.57 (4.33, 4.82) 2.6 (1, 7.53) 0.10 161.50 69.86 
Vermilion MN 2009-11 445 12.91 Y 5.09 (4.74, 5.39) 5 (4.45, 5.33) 0.15 184.68 53.73 

Leech MN 2001-3 343 12.26 Y 3.09 (2.96, 3.26) 3.45 (3.2, 3.73) 0.33 211.57 71.22 
Leech MN 2009 342 15.55 Y 3.93 (3.71, 4.12) 3.7 (3.58, 3.83) 0.39 131.83 95.81 

Chibougamau QC 1998-9 325 14.19 Y 8.19 (7.49, 9.50) 7.53 (7.08, 7.9) 0.22 136.71 57.50 
Minnitaki ON 2001 324 10.42 Y 5.94 (5.57, 6.62) 5.8 (5.35, 6.7) 0.23 128.36 62.60 

Lake of the Woods ON 2004 322 9.82 N 4.78 (4.59, 5.03) 6 (3.93, 6.58) 0.21 157.52 60.42 
Ottawa R. QC 1999 306 11.98 Y 4.24 (4.02, 4.57) 4.35 (3.65, 5.05) 0.16 202.13 53.46 

Rainy MN 2005-7 305 7.59 N 5.78 (5.34, 6.14) 3 (2.05, 3.68) 0.20 121.33 63.73 
Weakwaten QC 1996-8 283 12.30 N 12.47 (11.65, 13.27) 10.48 (6.5, 11.68) 0.12 160.50 28.01 

Nipissing ON 2001-2 278 12.84 Y 3.92 (3.74, 4.10) 4.7 (3.73, 5.53) 0.17 211.78 53.01 
Rice ON 1999 274 17.13 Y 3.83 (3.66, 4.07) 4.53 (3.6, 5.05) 0.19 247.32 60.13 

des Mille Lacs ON 1999 222 9.02 N 6.64 (6.16, 7.12) 5 (3.28, 6.63) 0.14 167.75 54.38 
Preissac QC 2002 221 12.94 Y 6.70 (6.02, 7.40) 4 (1.35, 4.98) 0.07 165.64 41.31 
Yasinsky QC 1997 219 20.06 Y 8.38 (7.43, 10.06) 8.28 (7.75, 8.75) 0.22 157.80 43.81 
Otter Tail MN 2010 215 11.68 Y 4.19 (3.90, 4.42) 3.58 (2.68, 4.4) 0.18 170.29 61.40 

Cass MN 2000 213 16.48 Y 4.34 (4.15, 4.60) 3.88 (3.5, 4.3) 0.22 184.52 71.86 
Red ON 2006 211 10.83 Y 5.33 (4.90, 5.85) 6.45 (5.68, 7.5) 0.23 167.51 55.38 

Baskatong QC 1989 209 14.63 Y 3.50 (3.21, 3.92) 3.45 (3.13, 3.78) 0.33 172.23 76.47 
Kipawa QC 1999 202 13.76 Y 4.83 (4.09, 5.25) 4.53 (3.48, 5.13) 0.19 182.80 67.01 

 



Table S3 contd. 

Lake of the Woods MN 1997 201 12.63 Y 4.95 (4.57, 5.29) 4.63 (4.2, 5.05) 0.30 156.39 71.83 
Nipigon ON 1999 186 18.97 Y 3.87 (3.58, 4.38) 3.83 (3.5, 4.2) 0.37 182.80 78.58 
Cabonga QC 2000 174 12.88 Y 4.05 (3.76, 4.47) 3.43 (2.63, 4.18) 0.19 231.31 61.29 

Smoothrock ON 2001 171 11.73 Y 6.30 (5.84, 6.91) 4.83 (4.15, 5.6) 0.21 142.08 52.60 
Onaman ON 2003 159 24.43 Y 4.45 (3.50, 5.24) 2.45 (2.18, 2.7) 0.57 154.58 119.83 

Winnibigoshish MN 2007 158 16.11 Y 4.04 (3.71, 4.40) 4.5 (4, 4.98) 0.21 184.38 65.27 
Allumette ON 1999 154 9.93 N 4.42 (3.95, 4.92) 3.5 (2.9, 4.73) 0.26 182.65 65.67 
Regnault QC 1998 150 14.30 Y 13.67 (11.63, 17.73) 11.05 (10.1, 11.75) 0.12 155.77 29.61 

Pekagoning ON 1999 149 17.54 Y 4.03 (3.99, 4.09) 6.15 (4.5, 7.03) 0.19 210.47 58.41 
Shoal ON 2001 131 21.18 Y 2.76 (2.33, 3.06) 3.38 (3.13, 3.68) 0.42 175.96 110.92 

Ivanhoe ON 1999 130 13.21 N 6.12 (5.06, 6.99) 5.35 (4.23, 6.28) 0.17 158.21 61.00 
Kebskwasheshi ON 1999 125 11.28 N 3.97 (3.52, 4.20) 3.38 (2.45, 3.95) 0.30 168.37 72.83 

Dog ON 1999 121 14.88 Y 5 (4.70, 5.06) 5 (4.55, 5.53) 0.24 144.92 70.78 
Kabetogama MN 2006 117 19.55 Y 4.15 (3.81, 4.89) 4.63 (4.23, 5.15) 0.26 176.90 61.74 

West Kabenung ON 1999 111 15.17 N 4.68 (4.09, 5.10) 3.85 (3.15, 4.9) 0.17 208.19 51.73 
Wakami ON 2001 94 26.24 Y 2.94 (2.51, 3.01) 3.48 (3.2, 3.73) 0.42 138.93 102.59 

Rainy ON 2008 92 12.75 N 6.83 (6.23, 7.82) 2 (1, 3.45) 0.12 166.09 48.83 
Big Stone MN 2006 84 15.11 Y 2.26 (1.98, 2.49) 2.38 (2.15, 2.6) 0.48 128.10 152.48 

Sand Point MN 2007 79 12.17 Y 5.05 (4.19, 5.94) 5.3 (4.68, 5.98) 0.25 141.25 59.51 
Shenango ON 2001 78 23.60 N 2.45 (0.61, 2.99) 3.38 (2.63, 4.98) 0.23 205.72 76.37 

Cut Foot Sioux MN 2007 75 23.79 Y 4.25 (3.83, 4.77) 4.9 (4.1, 5.38) 0.17 198.41 56.91 
Jutten ON 2001 72 13.19 N 7.19 (6.52, 7.94) 4.53 (3.93, 5.33) 0.26 84.46 67.74 
Stormy ON 1999 66 17.98 N 3.92 (3.02, 4.01) 3 (2.23, 3.8) 0.24 207.09 71.69 

Matagami QC 1992 63 11.21 N 13.39 (10.49, 19.36) 9.55 (1.75, 12. 63) 0.01 134.27 24.15 
Birch MN 2010 61 23.52 Y 3.01 (2.95, 3.07) 3.6 (3.35, 3.83) 0.40 188.84 86.79 

Flanders ON 1999 53 19.28 Y 5.01 (4.94, 5.08) 5.23 (4.2, 6.15) 0.19 202.05 53.58 
Rennie ON 1999 52 19.02 N 3.97 (3.50, 5.01) 2.55 (1.1, 3.15) 0.36 175.96 96.88 

Mercutio ON 2000 50 14.53 Y 4.71 (4.13, 5.39) 5.05 (4.45, 5.88) 0.24 136.08 66.95 
Michel ON 1999 49 14.50 Y 3.22 (2.57, 4.10) 2.88 (1.78, 3.7) 0.34 155.68 89.14 

 
  



Table S4. Age-at-maturity (AAM) estimates from LMLP (𝑇𝑀𝐿𝐸) and logistic regression (𝐴50̂) for four datasets describing a variety of species 
(Fig. 3). Also included are sample size (n), precision in length-at-age, standard error estimates for each AAM parameter, estimates for 
three additional LMLP parameters (𝑔 = annual cost to somatic growth of maturity (gonad mass/somatic mass expressed in equivalent 
energetic units); 𝑙0 = theoretical length at age 0 (mm); ℎ = net rate of energy acquisition expressed as somatic growth rate (mm∙yr-1)), and 
the difference interval for the two AAM parameters. None of the AAM estimates significantly differed at α = 0.05 (see above for dataset 
descriptions and difference interval calculation methods). 
 

Species n Precision (CV
-1

) 𝑨𝟓�̂� 𝑺𝑬𝑨𝟓�̂�
 𝑻𝑴𝑳𝑬 𝑺𝑬𝑻𝑴𝑳𝑬

 �̂� 𝒍�̂� �̂� Difference Interval 

Lake whitefish 149 24.26 6.80 (6.19, 7.53) 0.34 7 (6.27, 7.78) 0.39 0.18 153.70 45.52 (-0.81, 1.21) 
Haddock 359 10.12 3.14 (2.71, 3.83) 0.29 3 (2.93, 3.23) 0.08 0.34 128.01 95.14 (-0.72, 0.44) 

Alaska skate 231 15.87 9.94 (9.63, 10.46) 0.21 10.65 (9.875, 11.1) 0.31 0.18 242.76 72.27 (-0.03, 1.45) 
Seal salamander 83 50.79 4.14 (3.66, 4.63) 0.25 4.1 (3.72, 4.45) 0.19 0.38 7.21 10.74 (-0.65, 0.56) 



 

Figure S1. Simulated error contours for 𝑇𝑀𝐿𝐸 to fall within +/- 0.5 yrs of 𝑇 when 𝑇 = 5 yrs across 

levels of sample size, precision, and 𝑔 (labeled to the left of contours; Table S1), smoothed using 

LOESS (degree=2, α=0.75). 

 

 



 
 
Figure S2. Mean likelihood interval width and the percent of likelihood intervals containing the true 
value for 𝑇 across levels of sample size and precision (Table S2) when 𝑇 = 5 and 𝑔 = 0.05. Larger, 
bluer circles generally indicate better model performance. 
  



 
 
Figure S3. Mean likelihood interval width and the percent of likelihood intervals containing the true 
value for 𝑇 across levels of sample size and precision (Table S2) when 𝑇 = 5 and 𝑔 = 0.075. Larger, 
bluer circles generally indicate better model performance. 
  



 
 
Figure S4. Mean likelihood interval width and the percent of likelihood intervals containing the true 
value for 𝑇 across levels of sample size and precision (Table S2) when 𝑇 = 5 and 𝑔 = 0.1. Larger, 
bluer circles generally indicate better model performance.  
  



 
 
Figure S5. Mean likelihood interval width and the percent of likelihood intervals containing the true 
value for 𝑇 across levels of sample size and precision (Table S2) when 𝑇 = 5 and 𝑔 = 0.125. Larger, 
bluer circles generally indicate better model performance.  
  



 
 
Figure S6. Mean likelihood interval width and the percent of likelihood intervals containing the true 
value for 𝑇 across levels of sample size and precision (Table S2) when 𝑇 = 5 and 𝑔 = 0.15. Larger, 
bluer circles generally indicate better model performance.  
  



 
 
Figure S7. Mean likelihood interval width and the percent of likelihood intervals containing the true 
value for 𝑇 across levels of sample size and precision (Table S2) when 𝑇 = 5 and 𝑔 = 0.175. Larger, 
bluer circles generally indicate better model performance.  
  



 
 
Figure S8. Mean likelihood interval width and the percent of likelihood intervals containing the true 
value for 𝑇 across levels of sample size and precision (Table S2) when 𝑇 = 5 and 𝑔 = 0.2. Larger, 
bluer circles generally indicate better model performance.  
  



 
 
Figure S9. Mean likelihood interval width and the percent of likelihood intervals containing the true 
value for 𝑇 across levels of sample size and precision (Table S2) when 𝑇 = 5 and 𝑔 = 0.225. Larger, 
bluer circles generally indicate better model performance. 
  



 
 
Figure S10. Mean likelihood interval width and the percent of likelihood intervals containing the 
true value for 𝑇 across levels of sample size and precision (Table S2) when 𝑇 = 5 and 𝑔 = 0.25. 
Larger, bluer circles generally indicate better model performance. 
  



 
 
Figure S11. Mean likelihood interval width and the percent of likelihood intervals containing the 
true value for 𝑇 across levels of sample size and precision (Table S2) when 𝑇 = 5 and 𝑔 = 0.3. Larger, 
bluer circles generally indicate better model performance.



 

 

Figure S12. Simulated error contours for 𝑇𝑀𝐿𝐸 to fall within +/- 0.5 yrs of 𝑇 when 𝑇 = 3 yrs across 

levels of sample size, precision, and 𝑔 (labeled to the left of contours; Table S1), smoothed using 

LOESS (degree=2, α=0.75). 

  



 

 

Figure S13. Simulated error contours for 𝑇𝑀𝐿𝐸 to fall within +/- 0.5 yrs of 𝑇 when 𝑇 = 7 yrs across 

levels of sample size, precision, and 𝑔 (labeled to the left of contours; Table S1), smoothed using 

LOESS (degree=2, α=0.75). 

  



 
Figure S14. Simulated error contours for 𝑇𝑀𝐿𝐸 to fall within +/- 0.5 yrs of 𝑇 for all simulations across 

all levels of sample size, precision, and three levels of 𝑔 (labeled to the left of contours; Table S1), 

smoothed using LOESS (degree=2, α=0.75). Solid lines: 𝑇 = 3 error contours; dashed lines: 𝑇 = 5 

error contours; dotted lines: 𝑇 = 7 error contours. 
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