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INTRODUCTION

Information gathered from quantifying trends in
aspects of the breeding success of procellariiform
seabirds is important for managing the effects of in-
cidental fishing mortality (Poncet et al. 2006). In ad-
dition, population drivers such as climate variability
(Sydeman et al. 2001, Thompson & Grosbois 2002) and
disease (Weimerskirch 2004) are important confound-
ing effects on seabird populations, particularly as the
former may alter ocean productivity. For birds, the
maximum mass (i.e. peak mass) attained by chicks
before fledging is a reflection of parental investment
(or ecosystem productivity and variation) and potential

offspring survivorship. Because peak weight corre-
sponds to a time when weight no longer increases it
provides an indication of mature weight or maximal
theoretical weight for a given season/year (Maruyama
et al. 1999). The wide range of observed growth rates,
including mass gain, among individual fork-tailed
storm petrels Oceanodroma furcate was regarded as
a response to environmental variability (Boersma &
Parrish 1998), and environmental variability has been
implicated in yellow-nosed albatross Thalassarche
chlororhynchos chick provisioning parameters (Wei-
merskirch et al. 2001). Other species such as the wan-
dering albatross Diomedea exulans are likely to re-
spond in a similar fashion because breeding adult
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statistically significant differences in key indicators between populations for species with high con-
servation values, especially when invasive handling techniques are the only method of gathering
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wandering albatross Diomedea exulans chicks ranging in age from 14 to 270 d were obtained in 1963
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(LMM) that included a linear term for age combined with smooth nonlinear departures estimated as
random effects, random chick effects and a continuous-time autoregressive error process. The rela-
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by fitting this LMM to sub-samples of the dataset of either 5, 10 or 15 chicks with the corresponding
frequency manipulated to give the same total number of measurements for each sub-sample. Mea-
sures of precision of predictions from the LMM obtained for each dataset included (1) the width of
single standard error bounds about predicted peak mass as a percentage of this mass (PSEPM), and
(2) the probability of detecting a P-percentage difference in peak mass between 2 theoretical popu-
lations for the same sample size of chicks and same frequency of measurement in each (PRDPM). The
most efficient of these sampling regimes for detecting a difference between populations or cohorts
was 15 birds sampled every third day, which gave a PRDPM of 0.95 for a P of 15%.
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birds are known to respond to changes in quality, dis-
tribution and abundance of their prey by producing
changes in offspring tissue composition (e.g. weight)
(Montevecchi 1993).

The wandering albatross has high conservation
value (Croxall & Gales 1997) and as such, the ability
to monitor changes in the peak average mass for
chicks at particular colonies would provide informa-
tion on regional population drivers, perhaps enabling
distinctions between anthropogenic and natural
forces to be better understood. Such monitoring re-
quires that a sample of chicks be weighed throughout
the season by manual handling since automatic nest
weighing devices (e.g. Mulder & Swaan 1992, Huin et
al. 2000) cannot be used. This is because wandering
albatross chicks have a tendency to wander about the
general nest area rather than remain on the nest for
the full developmental period. Such behaviours re-
duce the effectiveness of automated measuring sys-
tems, and studies must then rely on more invasive
handling techniques. Therefore, it is important to limit
the sampling regime to the minimum number of sam-
ples needed to achieve the purpose of any study of
growth, especially for species with high conservation
values.

Estimating peak average mass for a colony and
determining the precision of this estimate is important
if this parameter is to be used repeatedly in a monitor-
ing program. The precision of the estimate, and the
associated ability to detect changes over space (e.g.
different colonies, regions) and time (annual, decadal),
is dependent on the sample size of chicks and the fre-
quency of measurement. How these affect the effi-
ciency of the sampling regime is, therefore, important
in designing a cost-effective monitoring program (effi-
ciency in this context is the degree of precision for a
fixed sampling effort). Fitting smooth curves to mea-
surements of mass for given times and finding the
maximum mass from the fitted smooth curve, either
analytically if it is a fully parametric model, such as the
reverse Gompertz (Huin & Prince 2000), or by predic-
tion at daily intervals from a semi-parametric model,
such as a cubic smoothing spline, allows the estimate
of peak average mass to ‘gain strength’ from, and
‘smooth out’ random errors in, the measurements
around the time of the peak.

To investigate a method of estimating peak average
mass and its precision as a function of sample size and
frequency of measurement, daily measurements of
mass for 15 wandering albatross chicks, gathered in
1963 on Bird Island, South Georgia, in the southern
Atlantic Ocean (Tickell 1968) and ranging in age from
14 to 270 d, were modelled using a linear mixed model
(LMM). The model incorporates a cubic smoothing
spline in age constructed as the sum of a linear term in

age and smoothed nonlinear departures estimated as
random effects (Verbyla et al. 1999) to model nonlin-
earity in the average trajectory of logarithm of mass as
a function of age. This LMM was used to estimate peak
mass and other growth statistics and, via a sampling
experiment, was used to investigate the relative effi-
ciency of sample size of chicks versus frequency of
measurement.

An alternative to the approach adopted here of fit-
ting an average smooth curve across all chicks for
mass versus age and finding the maximum from the
fitted curve is the approach used by Huin & Prince
(2000). They used a 2-stage random-coefficients ap-
proach, whereby in the first stage the reverse Gom-
pertz model was fitted separately to each chick’s data
and quantities that are functions of the parameter
estimates (i.e. peak mass) or predictions (i.e. growth
rate, growth loss) obtained for each chick. Then, in
the second stage these chick-level estimates were
each analysed by means of univariate 2-way ANOVA
accounting for species and year factors. However, this
approach has limitations. Firstly, when the model can-
not be successfully fitted for individual chicks (i.e. all
model parameters cannot be simultaneously esti-
mated successfully), the data for these chicks must be
excluded. In addition, the second-stage univariate
analysis does not correctly incorporate parameter esti-
mation error at the first stage and ignores the be-
tween-parameter covariance for both the unobserved
random parameters and their chick-specific estimates
(Davidian & Giltinan 2003). A mixed model approach
avoids these problems by combining random chick
effects with fixed effects (such as island, year and spe-
cies) in a single stage of estimation. In addition, cubic
smoothing splines potentially provide more flexibility
in modelling growth trajectories, especially when
multiple feeding–fasting cycles occur.

As well as estimating various growth parameters,
such as peak average mass, the LMM was used to
investigate the relative efficiency of sample size of
chicks versus frequency of measurement, by fitting it
to sub-samples of the dataset using 3 sampling regimes
(S) corresponding to combinations of number of chicks
and interval between measurements. Measures of the
precision of predictions from the fitted LMM for each
dataset investigated were (1) the standard error (SE) of
relative growth (SERG) between 10 and 180 d, (2) the
area (AREA) between single SE bounds about pre-
dicted log mass over the 10 to 270 d range, (3) the
width of single SE bounds about predicted peak mass
as a percentage of this mass (PSEPM) and (4) the prob-
ability of detecting a P-percentage (P%) difference in
peak mass between 2 theoretical populations for the
same sample size of chicks and frequency of measure-
ment in each (PRDPM).
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MATERIALS AND METHODS

Study area. The Bird Island study site, data collec-
tion methods and data structures are described in
Tickell (1968). The growth trajectories for each of the
15 chicks measured are shown in Fig. 1. For ages in
the ranges of 1 to 13 d and 271 to 302 d from hatch,
the number of chicks measured ranged from 1 to 9,
while for the 14 to 270 d range a minimum of 10
chicks were measured; for 204 of those daily ages at
least 14 chicks were measured. Therefore, for the pur-
pose of this study, since a close to balanced dataset
was desirable, the data set used to fit the LMM and
carry out the sampling efficiency study was restricted
to birds with ages between 14 and 270 d, inclusive;
this amounted to 3784 actual measurements. This
dataset was ‘padded out’ for any remaining missing
values of mass (i.e. insertion of a missing value for
mass when not measured for a chick for any of the
days in the above range) to give a balanced dataset of
3855 measurements (i.e. 15 × 257 daily observations,
with mass values missing for 71 of them).This is the
complete dataset used here. The data were ‘padded
out’ in this way for 2 reasons. Firstly, this allowed the

variance structure in the LMM to be constructed effi-
ciently using a direct product matrix formulation (Gil-
mour et al. 1999); this approach is well suited to such
data where only a minor degree of imbalance exists.
Secondly, it allowed a consistent definition, across
chicks, of the time difference between selected mea-
surements for the different frequencies of measure-
ment (see next section).

Sampling regimes. Three sub-sampling regimes
were investigated with the requirement that each
would provide close to the same total number of
measurements across chicks. The first regime used
all 15 chicks but only retained every third daily mea-
surement, giving an interval of 3 d between the mea-
surements used in the analysis. This resulted in a
single sub-sample (i.e. no randomisation) denoted as
the S(15, 3 d) regime. The LMM was fitted, and pre-
cision statistics were calculated for this single sub-
sample. The second regime, S(10, 2 d), sub-sampled
10 of the 15 birds (without replacement) and retained
every second daily measurement for the 10 chicks.
This regime was carried out 100 times with different
random sub-samples of the 15 chicks for each repli-
cate sample. The LMM was fitted, and precision sta-

tistics were calculated for each repli-
cate dataset. The final regime, S(5,
1 d), was carried out as for the S(10,
2 d) regime, except that 5 of the 15
birds were sampled without replace-
ment and each daily measurement for
the 5 chicks was used.

Linear mixed model. The repeated
observations of mass (i.e. mass versus
age profiles) were modelled with LMMs
incorporating cubic smoothing splines
(Verbyla et al. 1999) fitted using the
asreml library (Gilmour et al. 1995, 1999)
within R (R Development Core Team
2008). The splines were fitted by asreml
as the sum of a fixed-effect linear com-
ponent plus a random-effect nonlinear
component using every 5th day from
Day 16 to Day 266 as a ‘knot point’ (Ver-
byla et al. 1999). The random term in the
LMMs (apart from spline terms) was
BIRD_ID with associated variance (on
the log scale, see below) of σ2

b. In addi-
tion, the fitted LMM incorporated the
estimation of the autocorrelation be-
tween repeated measurements within
chicks. The autocorrelation between
observed ages within a chick’s growth
profile was modelled using an exponen-
tial power model with parameter ϕ so
that the correlation between residuals at
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Fig. 1. Diomedea exulans. Individual growth trajectories for the 15 wandering
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ages t and t ‘ within a chick is given by ϕ|t – t ’| (Gilmour
et al. 1995, 1999) and, therefore, correctly handled
missing values of mass (i.e. continuous-time exponen-
tial decay correlation equivalent for unit changes in
time to a first-order autoregressive error model). This
model corresponds to that of Diggle et al. (1994, p. 79)
with experimental units (i.e. chicks) as random effects
plus residual variance with autocorrelation but no
measurement error.

To account for increasing variance of mass with time,
mass data were log transformed so that the response
variable fitted by the LMM was y = log(Mass) and pre-
dictions on this scale, ŷ , could be back-transformed to
give a predicted mass of exp(ŷ ). Approximate SEs of
predicted mass were obtained as SE(ŷ )exp(ŷ ) where
SE(ŷ ) is the SE on the transformed scale. The SE of
predictions for each age (i.e. knot point) was calculated
from the fitted LMM using the ‘predict’ function in the
asreml library (for ‘predict’ methods see Welham et al.
2004) where the knot points in ‘predict’ can be
changed from those used in the fit to be daily.

Measures of the precision of predictions. Once the
LMM was fitted to a given dataset, measures of preci-
sion of estimates of various attributes of growth in mass
were determined. These measures of precision and the
corresponding attributes of growth are given below.

SERG: SERG is defined here as the SE of predicted
relative growth between 10 and 180 d. This period was
chosen because it is the approximate period between
which mass increases from 10 to 90% of peak mass.
Relative growth, R, for this period is given by:

R = loge{M(t90)} – loge{M(t10)} (1)

where t10 = 10, t90 = 180, and M(t) is mass (kg) at age t
(d). The SE of R (SERG) was obtained simply as the SE
of the difference between predicted loge{M(t)} at these
2 ages obtained from the fitted LMM. The value of
SERG is of practical interest because it determines,
conditional on M(t10), the SE of growth, G (g d–1), over
this period since

SE{G |M(t10)} ≅ SERG × 1000 × M(t90)/(t90– t10) (2)

where

G = 1000 × {M(t90)–M(t10)}/(t90– t10) (3)

This can be shown by noting that

G = 1000 × M(t10){exp(R)–1}/(t90– t10) (4)

and conditional on M(t10) then

var(G |M(t10)) = var{exp(R)}[1000 × M(t10)/(t90– t10)]2 (5)

and using a first order Taylor series approximation
gives

var{exp(R)} ≅ {SERG × M(t90)/M(t10)} (6)

Combining these last 2 formulae and taking the square
root gives the above formula for the SE of G.

AREA: To assess the precision of predictions of aver-
age mass over the entire age range the precision mea-
sure AREA was defined as the area between single SE
bounds about predicted log mass over the range
from 10 to 270 d. The width of single SE bounds was
obtained for each day in the age range, t = 10, 11,
…270, as 2 × SE[loge{M(t)}], and AREA was calculated
as the sum of these values.

PSEPM: A key quantity of interest is the peak aver-
age mass that was obtained by predicting log mass
using the LMM and daily time steps between 10 and
270 d as above and finding the peak mass, M(t100), and
the age at which this occurred, t100. PSEPM is defined
here as the width of single SE bounds about predicted
peak mass as a percentage of this mass and is given by:

100 × {exp(SE[loge{M(t100)}])} (7)

PRDPM: Of interest to researchers is the ability to
detect practically significant differences in peak mass
between different populations and/or breeding years
with a given degree of confidence (i.e. the power to
detect the alternative hypothesis of a difference of
given magnitude). The final precision measure,
PRDPM, is defined here as the probability of detecting
a P% difference in peak mass between 2 theoretical
populations for the same sample size of chicks in each
population (i.e. a total of twice the number of chicks in
the dataset used in fitting the LMM) and the same fre-
quency of measurement. Since the denominator de-
grees of freedom associated with test statistics ob-
tained from predictions from complex LMMs are
difficult to determine, the normal Z-statistic was used.
Therefore, PRDPM was defined for the log of the ratio
of the estimated peak mass for 2 populations (a,b)
given by loge{Ma(t100)/Mb(t100)} using the following
probabilities

p1(P,α) = 1–Φ(q1–α, loge{1+P/100}, √⎯2 SE{loge(M(t100))})
(8)

for alternative hypothesis H1: Ma(t100) > Mb(t100), and

p2(P,α) = Φ(qα, loge{1–P/100}, √⎯2 SE{loge(M(t100))})
(9)

for alternative hypothesis H1: Ma(t100) < Mb(t100) where
Φ(qα,u,s) is the cumulative probability density function
for a normal distribution with mean u and standard
deviation (SD), s, and qα = Φ–1(α, 0, s) for probability
level 100(1– α). If the ratio can be validly defined with
either population denoted as a or b in the above ratio
then PRDPM is best defined as the average {p1(P, α) +
p2(P, α)}/2. For the present study this ‘one-sided’ power
calculation was used, α was set to 0.05, and 2 values of
P were investigated: 10 and 15%.
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RESULTS

The average growth trajectory ob-
tained from back-transformation of
predictions from the fitted LMM with
SE bounds obtained by applying the
scalings exp(±SE[loge{M(t)}]) to the
average trajectory to give approximate
upper and lower single SE bounds is
shown in Fig. 2. The estimate of peak
average mass, M(t100), was 11.09 kg
with approximate 95% confidence
limits of 10.76 to 11.42 kg, and this peak
was predicted to occur at Age 225 d.

The estimates for precision measures
for the 3 sampling regimes and the
complete dataset of daily measure-
ments for all 15 chicks weighed at Bird
Island are summarised in Table 1,
which also gives the estimates, and for
the S(10, 2 d) and S(5, 1d) regimes, the
mean of estimates over replicates of the
LMM parameters σ 2

b and ϕ. The SD of
these estimates obtained from the fit of
the LMM to individual datasets is also
given in Table 1. Again for the S(10, 2 d) and S(5, 1d)
regimes these are means of estimates over replicates.
The number of measurements (including missing val-
ues) for each of the 3 sampling regimes compared was
close to 1285 in all replicates, which is one-third of the
size of complete dataset of daily measurements for all
15 chicks.

DISCUSSION

The results in Table 1 show that for all 5 measures of
precision the 15 chick sample size gave the best preci-
sion. If the number of chicks is fixed (e.g. 15) then the
comparison of the results for the S(15, 3d) regime to the
complete dataset of 15 chicks and daily measurements
shows that daily measurements do improve precision
most notably for measures AREA, PSEPM and PRDPM.
This is worth noting, especially for PSEPM, which is
basically the precision of an estimate of mass at a sin-
gle age and, therefore, more frequent measurements
might seem less important for improving precision.
However, the cubic spline components of the LMM
give predictions that ‘gain strength’ from considering
the growth profile as a sequence of values that follow a
clear trend, rather than simply a set of daily means.
There was an obvious increasing trend in values of
SE(σ̂ 2

b) and SE(ϕ̂) as sample size of chicks was reduced
from 15 to 5 (Table 1). Similarly, there was a strong
decreasing trend in PRDPM as number of chicks was
reduced with the mean value for S(5, 1 d) scenario for
P of 10% as low as 0.455. There was a similar reduction
in power for a 15% difference.

This study of sampling efficiency used sub-samples
of actual data to model the relationship between preci-
sion of estimates and sampling regime. Alternatively,
Monte Carlo sampling could have been used by draw-
ing samples from normal distributions for log values of
mass both within and between chicks using the fitted
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Fig. 2. Diomedea exulans. Average growth trajectory for wan-
dering albatross chicks at Bird Island obtained from back-
transformation of predictions from the fitted linear mixed
model showing single SE bounds (fine dashed lines)

Statistic/estimate Sampling regime
No. of chicks (measurement interval, d)

15 (1) 15 (3) 10 (2) 5 (1)

SERG 0.0500 0.0529 0.0600 0.0730
na na (0.0023) (0.0057)

AREA 15.71 17.00 19.08 24.15
na na (1.85) (4.80)

PSEPM 5.91 6.41 7.18 9.05
na na (0.72) (1.86)

PRDPM (P = 10%) 0.774 0.714 0.623 0.455
na na (0.086) (0.132)

PRDPM (P = 15%) 0.972 0.949 0.888 0.748
na na (0.045) (0.140)

σ̂2
b 0.00672 0.00688 0.00847 0.01076

SE(σ̂2
b) 0.00276 0.00294 0.00437 0.00748

ϕ̂ 0.776 0.844 0.820 0.744
SE(ϕ̂) 0.009 0.010 0.012 0.018

Table 1. Diomedea exulans. Comparisons of the precision of predictions and
variance parameter estimates from the linear mixed model (LMM) fitted to
datasets derived from different sampling regimes for wandering albatross
chicks weighed daily at Bird Island, South Georgia. The SD in parentheses
determined for each statistic or element follows that value in the table (na:
not available due to lack of replication). SERG: SE of predicted relative growth;
AREA: area between single SE bounds about predicted log mass; PSEPM:
width of single SE bounds about predicted peak mass; PRDPM: probability of

detecting a P% difference in peak mass; σ̂2
b, ϕ̂: LMM parameters
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LMM parameters for the complete dataset to generate
these distributions. In this way, sample sizes of chicks
larger than 15 could be investigated. However, the
advantage of the sub-sampling approach adopted here
is that inferences were drawn from real data even if the
sampling regimes investigated were more limited than
those possible with the Monte Carlo method. The limi-
tation of the Monte Carlo method is that the real data
includes stochastic processes not fully captured by the
LMM, such as asynchronous satiation and fasting peri-
ods across chicks, which result in sudden increases
and decreases in mass, respectively. Combined with
this is the complexity introduced by different hatching
times of chicks (i.e. day of the year and age do not
exhibit a one-to-one correspondence across chicks),
giving rise to complex patterns in within-chick residu-
als from the LMM. These trends were modelled to
some degree by the flexibility of cubic smoothing
splines combined with the estimation of chick random
effects, and the autoregressive within-chick error
structure, but clearly not all of the above complexity
could be expected to be subsumed by the LMM. For
this reason an empirical study using sub-sampling of
real data was preferred to a Monte Carlo approach.

Studies of sampling efficiency in growth studies,
such as that described here, need to adequately model
the error structure of the data for the efficiency of alter-
native sampling strategies to be accurately assessed.
The incorporation of the autoregressive error structure
for the within-chick residuals using the LMM is impor-
tant for correctly quantifying the information content
of daily versus less frequent measurements.

Clearly, if it is necessary to make a trade-off between
the number of chicks measured compared with fre-
quency of measurement, given that the total number of
measurements is limited by available sampling time
when manually weighing chicks, then measuring more
chicks less frequently is a more effective strategy.
However, this study has not investigated a sampling
frequency of less than every third day. Very infrequent
measurement can reduce precision significantly, as
seen for example in the precision for wandering alba-
tross chicks weighed at Macquarie Island (authors’
unpubl. data). Therefore, neither few measurements
per chick nor a small sample size of chicks are efficient
sampling strategies and, where possible, such sam-
pling strategies should be avoided as the data col-
lected do not warrant the potential disturbance to the
birds. Given the results of this empirical study, mea-
surement every third day of at least 15 chicks per
cohort or population is recommended for growth stud-
ies of wandering albatross chicks. If more resources
are available than this, given the trends discussed
(Table 1), these should be invested in measuring more
chicks (where possible) rather then increasing the

frequency of measurement. Growth studies of other
species could benefit from similar studies of sampling
efficiency.

In studies that were able to use automatic nest
weighing devices (e.g. Mulder & Swaan 1992, Huin et
al. 2000), the cost of more frequent measurements be-
comes zero, and the main consideration becomes how
to adjust weight measurements for spurious effects
(e.g. due to the movement of the chick, wet versus dry
chick or the effect of wind) and how often calibration is
required (i.e. due to losses or additions to the nest such
as vomit and snow). However, many procellariiforms
(e.g. petrels) either nest underground in burrows (e.g.
shearwaters and prions), in rock crevices (e.g. snow
petrels) or on bare rock (e.g. fulmars) where automatic
nest weighing is less practical than manual restraint. If
a trade-off between number of chicks and frequency of
measurement is not directly relevant in studies using
automatic nest-weighing devices, the sample size
required to achieve a desired power for the test given
by the measure PRDPM is important information for
such studies.
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