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Summary

1. Knowledge of animal diets can provide important insights into life history and ecology, relationships among

species in a community and potential response to ecosystem change or perturbation. Quantitative fatty acid sig-

nature analysis (QFASA) is a method of estimating diets from data on the composition, or signature, of fatty

acids stored in adipose tissue. Given data on signatures of potential prey, a predator diet is estimated byminimiz-

ing the distance between its signature and amixture of prey signatures. Calibration coefficients, constants derived

from feeding trials, are used to account for differential metabolism of individual fatty acids. QFASA has been

widely applied since its introduction and several variants of the original estimator have appeared in the literature.

However, work to compare the statistical properties of QFASA estimators has been limited.

2. One important characteristic of an estimator is its robustness to violations ofmodel assumptions. The primary

assumptions of QFASA are that prey signature data contain representatives of all prey types consumed and the

calibration coefficients are known without error. We investigated the robustness of two QFASA estimators to a

range of violations of these assumptions using computer simulation and recorded the resulting bias in diet esti-

mates.

3. We found that the Aitchison distance measure was most robust to errors in the calibration coefficients. Con-

versely, the Kullback–Leibler distance measure was most robust to the consumption of prey without representa-

tion in the prey signature data.

4. In most QFASA applications, investigators will generally have some knowledge of the prey available to

predators and be able to assess the completeness of prey signature data and sample additional prey as necessary.

Conversely, because calibration coefficients are derived from feeding trials with captive animals and their values

may be sensitive to consumer physiology and nutritional status, their applicability to free-ranging animals is diffi-

cult to establish. We therefore recommend that investigators first make any improvements to the prey signature

data that seem warranted and then base estimation on the Aitchison distance measure, as it appears to minimize

risk from violations of the assumption that is most difficult to verify.
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Introduction

Quantitative fatty acid signature analysis (QFASA) has

become a commonmethod of estimating animal diet composi-

tion (Iverson et al. 2004). Ecologists studying marine species

have implemented the method most widely (Bowen & Iverson

2013), likely due to the structural diversity of fatty acids in

marine ecosystems (Thiemann et al. 2007) and the importance

of lipids for energy storage in marine food webs. QFASA

requires data on the fatty acid composition, proportions that

sum to 1�0 collectively termed a signature, of all prey types

potentially consumed by a predator. A predator signature is

then modelled as a linear mixture of the prey signatures. The

mixture proportions that minimize a measure of distance

between observed and modelled predator signatures are an

estimate of diet composition. Constants termed calibration

coefficients, which are derived from feeding trials, are used to

account for the differentialmetabolismof individual fatty acids

by a predator.

The QFASA model is based on two primary assumptions

(Iverson et al. 2004). The first is that the prey signature data

contain representatives of all prey types consumed by a preda-

tor. The degree to which this assumption is satisfied will

depend on such factors as prior knowledge of prey types likely

to be consumed, the diversity of prey available, the degree to

which a predator is a specialist or generalist, andwithin-species

heterogeneity (temporal, spatial, between age classes, etc.) in

prey signatures. Therefore, this assumption ultimately can be

satisfied by adequately sampling prey and grouping them into

suitable categories to minimize heterogeneity within prey types*Corresponding author. E-mail: jbromaghin@usgs.gov
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and maximize heterogeneity between prey types. The second

assumption is that the calibration coefficients are known with-

out error. The validity of this assumption is conceptually

impossible to establish in most investigations. Feeding trials

have not been conducted for many predator species, in which

case investigators must use calibration coefficients developed

for a surrogate species (e.g. Thiemann, Iverson& Stirling 2008;

Meynier et al. 2010; Haynes et al. 2015). Even if a feeding trial

has been conducted with the subject species, characteristics of

its experimental design, including the experimental diet and the

length of time a diet was fed, could limit the applicability of the

resulting calibration coefficients for investigations of free-rang-

ing predators (Budge, Penney & Lall 2012; Rosen & Tollit

2012). Furthermore, the metabolism of free-ranging predators

may differ from that of captive individuals.

Variants of the QFASA estimator may have differential

robustness to assumption violations. For example, in an inves-

tigation comparing the statistical properties of six QFASA

estimators, Bromaghin et al. (2015) observed substantial

differences between estimates of mean diet for Chukchi Sea

polar bears (Ursus maritimus) and hypothesized that the

underlying cause was differential robustness to assumption

violations. However, the degree to which assumption viola-

tions may bias diet estimates has not been studied in a compre-

hensive manner. Iverson et al. (2004) performed limited

simulations to investigate how diet estimates were affected by

the consumption of prey not included in the prey signature

data, which we term ‘ghost’ prey. However, we are unaware of

any systematic investigation of estimator robustness to errors

in calibration coefficients, although several investigators have

reported that diet estimates can be sensitive to the selection of

calibration coefficients (e.g. Meynier et al. 2010; Wang,

Hollm�en & Iverson 2010; Budge, Penney & Lall 2012; Rosen

&Tollit 2012; Haynes et al. 2015).

We explored the robustness of QFASA estimators to viola-

tions of model assumptions using computer simulation. The

relative contribution of a ghost prey type to predator diets and

the magnitude of error in calibration coefficients were jointly

varied and the resultant bias of estimators based on the Kull-

back–Leibler and Aitchison distance measures, the two mea-

sures most commonly used (e.g. Iverson et al. 2004; Stewart &

Field 2011; Bromaghin et al. 2015), was observed. Simulations

were conducted with two prey signature data sets having differ-

ing complexity to enhance the general applicability of our

results.

Materials andmethods

DATA INPUTS

We used two prey signature data sets of differing complexity to con-

struct predator signatures, given specified diet mixtures of the prey, and

subsequently estimated diets. The marine mammal data set, previously

used to estimate the diets of polar bears in the Chukchi Sea (Rode et al.

2014), contained signatures from 357 prey representing 7 species. The

second prey data set, previously used to estimate the diet of grey seals

(Halichoerus grypus; Beck et al. 2007), was considerablymore complex,

containing signatures from 957 prey representing 29 species. Bro-

maghin et al. (2015) used both of these data sets in their simulations to

compare QFASA estimators (see their tables S1 and S2 for details

regarding species and sample sizes).

We wanted to evaluate estimator robustness to assumption viola-

tions using diets that were biologically plausible for each prey data set.

For that reason, we used the same diet mixtures for adult female and

adult male polar bears and spring-sampled female and male grey seals

that were used by Bromaghin et al. (2015). Those diets were approxi-

mated from published estimates, Rode et al. (2014) for polar bears and

Beck et al. (2007) for grey seals, by eliminating some prey with minor

contributions to diets and rounding diet proportions to three decimals

(tables S1 and S2 of Bromaghin et al. (2015)).

Fatty acid signatures were based on the 41 fatty acids in the extended

dietary set (Appendix A of Iverson et al. (2004)), which are commonly

used in QFASA investigations (e.g. Wang, Hollm�en & Iverson 2010;

Haynes et al. 2015). Prey signatures for this set of fatty acids were

scaled so that their proportions summed to 1. Because the Kullback–

Leibler and Aitchison distance measures are not defined for propor-

tions of 0, values of 0 were replaced with 1�0 e-5 and the signature pro-

portions were rescaled to sum to 1 using the multiplicative method

(Mart�ın-Fern�andez, Palarea-Albaladejo&Olea 2011).

GHOST PREY SIGNATURES

A ghost prey signature was established to be somewhat distinct from

the other prey types, but not so different that it shared none of the char-

acteristics of the other prey signatures. For each prey data set, we com-

puted the mean signature for each prey type (species) and established

box constraints for each fatty acid proportion as 75% of the minimum

proportion and 125% of the maximum proportion observed among

prey types. The signature that maximized the Kullback–Leibler dis-

tance between itself and the mean prey signatures, subject to being

within the box constraints, was obtained using the solnp function of the

RpackageRsolnp (Ghalanos&Theussl 2014). The signature thatmax-

imized the Aitchison distance between itself and the prey signatures

was similarly obtained. The ghost prey signature was established as the

average of these two signatures. This method produced a ghost prey

signature as different as possible from the prey signature data overall,

as jointly measured by the Kullback–Leibler and Aitchison distances,

but within the limits formed by the box constraints.

CALIBRATION COEFFICIENT ERROR

We used the ‘all mink’ calibration coefficients of Thiemann, Iverson &

Stirling (2008) as the ‘true’ values used to construct predator signatures

(details below), multiplicatively scaled to sum to the number of fatty

acids (41), while ‘hypothesized’ calibration coefficients incorporating

various levels of error were used to estimate diets. Given the true values

of the calibration coefficients for each fatty acid (CC), lower and upper

bounds for the hypothesized calibration coefficients were computed as

(1-k)*CC and (1 + k)*CC, respectively. Error in the hypothesized cali-

bration coefficients was incorporated by randomly selecting a value

uniformly distributed between the lower and upper bounds for each

calibration coefficient, after which the values were multiplicatively

scaled to sum to the number of fatty acids. Because only the relative

magnitudes of calibration coefficients are important in diet estimation,

rescaling the values to a common reference point was necessary for our

measure of calibration coefficient error (below) to be meaningful. The

degree of error was loosely controlled by letting the constant k range

from 0 (no error) to 0�75 (maximum 75% error) in increments of 0�05.
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The error in any one set of hypothesized calibration coefficients was

measured as the absolute value of the difference between the true and

hypothesized calibration coefficients divided by the true values, aver-

aged over all fatty acids.

SIMULATION DESIGN

The simulation design was based on factorial-like combinations of cali-

bration coefficient error and levels of ghost prey in the diet. For each

of the 16 values of the constant controlling calibration coefficient error,

k (from 0�00 to 0�75 in increments of 0�05), 50 sets of hypothesized

calibration coefficients were randomly generated using the method

described above. For each set of hypothesized calibration coefficients,

the proportion of ghost prey in the diet (p) was varied from 0 to 0�5 in
increments of 0�025 (21 unique values). A predator diet was established

by first setting the proportion for the ghost prey as p and thenmultiply-

ing the realistic polar bear or grey seal diet proportions by 1-p so that

all diet proportions summed to 1.

Given a predator diet, predator signatures were randomly con-

structed from the prey signature data, augmented with the ghost prey

signature, using a method similar to that of Bromaghin et al. (2015). A

bootstrap samplewas randomly selectedwith replacement from the sig-

natures of individual non-ghost prey animals, with prey-type sample

sizes equal to the observed sample size in the prey signature data, and

the mean signature was computed for each prey type from the boot-

strap sample. Because we were primarily interested in diet estimation

bias, using relatively large prey sample sizes effectively minimized a

source of variation that was not of interest. A predator signature in the

prey space was then computed as a linear mixture of the mean boot-

strapped prey signatures, with the predator diet providing the mixture

proportions, after which the true calibration coefficients were used to

transform the resulting signature to the predator space (Bromaghin

et al. 2015). For each combination of a set of hypothesized calibration

coefficients and a predator diet, 30 predator signatures were randomly

established in this manner. Therefore, a total of

16*50*21*30 = 504 000 predator signatures were constructed for each

of the four realistic polar bear and grey seal diets.

The simulation was implemented in R 3.1.2 (R Core Team 2014).

Diet estimates were obtained using a dynamic-link library compiled

fromFortran code and called from anR script file to increase computa-

tional speed (Bromaghin et al. 2015). Estimation was performed in the

prey space (Bromaghin et al. 2015) using hypothesized calibration

coefficients, mean non-ghost prey signatures, and both the Kullback–

Leibler and Aitchison distance measures. The total estimation error

Fig. 1. AEuclidean-distance dendrogram of themean fatty acid signa-

tures in the marine mammal prey data set. Predator diets contained

various amounts of the ghost prey, but the ghost prey signature was

not used in diet estimation, allowing the evaluation of estimator robust-

ness to that assumption violation.

Fig. 2. A Euclidean-distance dendrogram of

the mean fatty acid signatures in the fish and

shellfish prey data set. Predator diets con-

tained various amounts of the ghost prey, but

the ghost prey signature was not used in diet

estimation, allowing the evaluation of estima-

tor robustness to that assumption violation.
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(bias) in a diet estimate was measured as the sum of the absolute values

of the differences between the true and estimated diet proportions for

each prey type, including the ghost prey which were not included in the

prey data and therefore always had an estimate of 0. For that reason,

the minimum and maximum values of the bias statistic were 2p and 2,

respectively.

Results

The procedure for establishing a ghost prey signature per-

formed approximately as we intended. Because of the small

number of prey types in the marine mammal prey data

set, and their relative distinctiveness, the ghost prey was

reasonably distinct from other prey types (Fig. 1). The

ghost prey for the fish prey data set was less distinct from

all other prey types (Fig. 2), which was expected because

the greater complexity of that data set made it more diffi-

cult to construct a ghost prey signature different from all

other prey types.

The simulation results revealed patterns that were reason-

ably consistent across both prey data sets and all four real-

istic diets. To illustrate these patterns, we constructed

scatterplots of bias versus calibration coefficient error for

each realistic diet and four levels of ghost prey contribution

to diet (0�0%, 7�5%, 15�0% and 22�5%), using loess

smoothers to summarize overall trend (Figs 3–6). These

four levels of ghost prey were subjectively selected because

the greatest differences between the estimators were

observed at low to moderate levels of ghost prey consump-

tion, and both estimators performed poorly when contribu-

tions of ghost prey to diet where larger. When model

assumptions were perfectly satisfied, that is there were no

Fig. 3. Scatterplots of observed bias of the Kullback–Leibler and Aitchison diet estimators versus calibration coefficient error for selected contribu-

tions of ghost prey (0�0%, 7�5%, 15�0%, and 22�5%) to the diets of adult female polar bears (Ursus maritimus). The broken lines were independently

generated for each estimator using loess smoothers to capture overall patterns in bias as a function of error.
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ghost prey in the diet and calibration coefficients contained

no error (leftmost portion of upper left panels of Figs 3–6),
both estimators had the lowest bias observed in the simula-

tions. Under these conditions, the Aitchison estimator

tended to have less bias than the Kullback–Leibler estima-

tor, consistent with prior findings (Bromaghin et al. 2015),

and the bias is caused by the degree of similarity among

prey-type signatures.

When predator diets contained no ghost prey, the Kull-

back–Leibler estimator appeared more sensitive to errors in

the calibration coefficients than the Aitchison estimator (upper

left panel of Figs 3–6). As the degree of calibration coefficient

error increased, the bias of both estimators also increased.

However, the bias of the Kullback–Leibler estimator increased

more rapidly than that of the Aitchison estimator, with all four

realistic diets.

Conversely, the Aitchison estimator appearedmost sensitive

to the presence of ghost prey in predator diets. When there was

no error in the calibration coefficients (leftmost portion of all

panels, Figs 3–6), the bias of both estimators increased as the

contribution of ghost prey to predator diets increased, and the

increase in bias was greater than the increase in the minimum

possible bias (2p). However, bias of the Aitchison estimator

increased more rapidly than that of the Kullback–Leibler esti-
mator with three of the four diets, the exception being the

female grey seal diet (Fig. 5).

When both model assumptions were simultaneously vio-

lated, the bias of both estimators increased and tended to con-

verge as the severity of the violations increased (all but the

upper left panel, Figs 3–6). The female grey seal diet was again

a partial exception, in that the degree of convergence was

reduced (Fig. 5).

Fig. 4. Scatterplots of observed bias of the Kullback–Leibler and Aitchison diet estimators versus calibration coefficient error for selected contribu-

tions of ghost prey (0�0%, 7�5%, 15�0%, and 22�5%) to the diets of adult male polar bears (Ursus maritimus). The broken lines were independently

generated for each estimator using loess smoothers to capture overall patterns in bias as a function of error.
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Discussion

This work is the first to investigate the robustness of QFASA

diet estimators to violations ofmodel assumptions under a rea-

sonably comprehensive suite of conditions. Our findings that

the Kullback–Leibler and Aitchison estimators respond differ-

ently to violations of the two primary assumptions confirm

prior hypotheses that these two distance measures are sensitive

to different characteristics of fatty acid signatures (Bromaghin

et al. 2015). Collectively, these results provide new information

to help guide selection of an estimator and may provide

insights that will ultimately lead to future improvements in diet

estimation.

The causes underlying the differential robustness to assump-

tion violations we observed are not knownwith certainty; how-

ever, there is basis for reasonable speculation. The way in

which calibration coefficients account for differential metabo-

lism of fatty acids directly alters the magnitudes of signature

proportions, with the proportions of fatty acids that are pre-

sent at greater than trace amounts and have particularly small

or large calibration coefficients (relative to 1) changing the

most. Errors in the calibration coefficients may therefore

produce large errors in some components of the transformed

signatures. Consequently, prior findings that the Kullback–
Leibler distance measure is most sensitive to large absolute

differences between observed and modelled signature propor-

tions (Bromaghin et al. 2015) likely explains its greater

sensitivity to violations of this assumption. Conversely, the

consumption of ghost prey would be expected to more subtly

influence all components of a predator signature, except in the

seemingly unlikely case where the ghost prey was a major con-

tributor to diet and its signature differed substantially from the

Fig. 5. Scatterplots of observed bias of the Kullback–Leibler and Aitchison diet estimators versus calibration coefficient error for selected contribu-

tions of ghost prey (0�0%, 7�5%, 15�0%and 22�5%) to the diets of spring-sampled female grey seals (Halichoerusgrypus). The broken lines were inde-

pendently generated for each estimator using loess smoothers to capture overall patterns in bias as a function of error.
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signature of any other prey type. Such a subtle influence has

the greatest potential to alter the relative magnitude of signa-

ture components for fatty acids having the smallest propor-

tions. The reported sensitivity of the Aitchison distance

measure to large relative differences between observed and

modelled predator fatty acid signature proportions (Bro-

maghin et al. 2015) may therefore translate into the greater

sensitivity to the consumption of ghost prey that we observed.

Our finding that neither estimator performed well when

both assumptions were badly violated was not surprising, but

nevertheless serves as a useful reminder of an obvious fact. If

an investigator has cause to suspect that key assumptions can-

not be satisfied, at least approximately, use of the method

would be difficult to justify and the availability of alternative

methods should be explored. However, the cases in which

violations were less severe, perhaps with only one assumption

violated, may better represent conditions faced by practition-

ers, and our findings are informative for such instances. In par-

ticular, the fact that the Aitchison estimator was most robust

to errors in the calibration coefficients, while theKullback–Lei-
bler estimator was most robust to the incompleteness of the

prey signature data, suggests a strategy to minimize the poten-

tial for diet estimates to be biased by potential assumption vio-

lations.

Use of the Aitchison distance measure appears to offer a

degree of protection from potential errors in the calibration

coefficients. The accuracy of calibration coefficients, derived

from feeding trials with captive animals, for application to

free-ranging predators is difficult to explicitly validate. Even

if a feeding trial has been conducted with the study species,

Fig. 6. Scatterplots of observed bias of the Kullback–Leibler and Aitchison diet estimators versus calibration coefficient error for selected contribu-

tions of ghost prey (0�0%, 7�5%, 15�0%, and 22�5%) to the diets of spring-sampledmale grey seals (Halichoerusgrypus). The broken lines were inde-

pendently generated for each estimator using loess smoothers to capture overall patterns in bias as a function of error.
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differences in the diets or metabolism of captive and wild

animals may cause errors in the calibration coefficients that

could bias diet estimates. For example, Budge, Penney & Lall

(2012) reported that calibration coefficients resulting from

feeding trials of Atlantic salmon (Salmo salar) were dependent

on the fatty acid composition of foods used in the trial. Several

aspects of the design of a feeding trial, such as inadequate time

for signatures to stabilize, properties of available of food

sources, the representativeness of available predators, or limi-

tations imposed by ethical considerations associated with use

of captive animals, may reduce the applicability of calibration

coefficients to free-ranging predators. It is perhaps most com-

mon for investigators to use calibration coefficients derived

from a feeding trial with a surrogate species (e.g. Thiemann,

Iverson & Stirling 2008; Meynier et al. 2010; Rode et al. 2014;

Haynes et al. 2015), whichmay further reduce the applicability

of the calibration coefficients for the study species.

If multiple sets of calibration coefficients are available and

there is uncertainty regarding which set might bemost suitable,

a reasonable approach might be to estimate diets using each

set. If the resulting estimates were similar, or if prominent fea-

tures of the estimates such as the dominant prey types were

similar, one would have some assurance that the selection of

calibration coefficients had not substantially influenced the

findings. For example, Thiemann, Iverson & Stirling (2008)

used two sets of mink calibration coefficients and derived polar

bear diet estimates by averaging the estimates obtained with

each set of calibration coefficients. However, it is perhapsmore

common to find that different calibration coefficients lead to

differences in diet estimates that are meaningful in a particular

application (e.g. Meynier et al. 2010; Haynes et al. 2015). In

this case, one can only describe the level of uncertainty that

exists in the diet estimates.

Conclusions

The greater sensitivity of the Aitchison distance measure to

inadequate breadth of the prey signature data and relative

robustness to errors in the calibration coefficients, compared

to the Kullback–Leibler measure, is an interesting and impor-

tant finding. In most QFASA applications, investigators will

be better able to assess the adequacy of the available prey sig-

nature data and obtain any additional prey samples deemed

necessary, than to conduct a feeding trial with the study species

or otherwise verify the applicability of published calibration

coefficients for the study species.

Our recommendation for minimizing risk to potential viola-

tions of QFASA assumptions is to first assess the completeness

of the prey signature data. The acquisition of additional prey

samples may be needed to increase the breadth of coverage

with respect to potential prey types that are completely missing

from the data or whose sample size is smaller than desired.

Investigators should also assess whether established prey types

should be further divided to account for heterogeneity in signa-

tures within a prey type potentially caused by such factors as

sex, size or age, and season or location of sample acquisition,

with the goal of minimizing heterogeneity within prey types

andmaximizing heterogeneity between prey types. Completing

this first step will obviously be advantageous regardless of the

estimator to be used, potentially reducing both bias and esti-

mation variance. Once the prey signature data have been

deemed adequate, our results suggest that use of the Aitchison

distance measure can be expected to limit bias arising from

potential errors in the calibration coefficients, which are gener-

ally more difficult to rectify than weaknesses in the prey signa-

ture data.

Our findings, togetherwith those of Bromaghin et al. (2015),

suggest that making strong and universal recommendations

regarding estimation methods is difficult due to the multivari-

ate nature of the problem. Perhaps not surprisingly, estimator

performance seems to depend on a complex interaction of the

suite of fatty acids used, the calibration coefficients, prey and

predator signature data, predator diets and the selection of

estimation methods. Despite this complexity, our work pro-

vides new insights into the performance of QFASA models

that we hope will prove useful to QFASA practitioners and

also stimulate additional research into this class of models that

will ultimately advance the capabilities of quantitativemethods

in the study of animal ecology.
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