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Abstract Ecologists conduct isotopic incorporation
experiments to determine the residence time of various
stable isotopes in animal tissues. These experiments permit
determining the time window through which isotopic
ecologists perceive the course of diet changes, and there-
fore the scale of the inferences that we can make from
isotopic data. Until recently, the results of these experi-
ments were analyzed using first-order, one-compartment
models. Cerling et al. (Oecologia 151:175-189, 2007)
proposed an approach they named the reaction progress
variable to: (1) determine how many compartments are
needed to describe a pattern of istopic incorporation, and
(2) to estimate the size and rate constant of each pool. We
elaborate on the approach described by Cerling et al.
(Oecologia 151:175-189, 2007) by providing a way to
estimate average retention times for an isotope in a tissue
(and its associate error) for multi-compartment models. We
also qualify the interpretation of the parameters in multi-
compartment models by showing that many possible
mechanisms yield models with the same functional form.
Multi-compartment models are phenomenological, rather
than mechanistic descriptions, of incorporation data.
Finally, we propose the use of information theoretic criteria
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Introduction

The measurement of naturally occurring stable isotopes
(carbon, hydrogen, nitrogen, oxygen, and sulphur) in ani-
mal tissues is a powerful tool in the study of trophic
ecology. The isotopic composition of an animal reflects the
isotopic composition of its diet in a relatively predictable
manner (DeNiro and Epstein 1978, 1981). However, after a
diet change, the isotopic composition of an animal’s tissues
does not change instantaneously (Cerling et al. 2007a and
references there). Different tissues and different animals
incorporate the diet’s isotopic composition at different
rates (Tieszen et al. 1983; Carleton and Martinez del Rio
2005). Understanding the dynamics of isotopic incorpora-
tion is central to the interpretation of the data that isotopic
ecologists gather in the laboratory and the field, and not
surprisingly isotopic ecologists have devoted significant
attention to the topic (reviewed by Cerling et al. 2007a).
Until recently, most isotopic incorporation studies used
first-order, one-compartment models to describe isotopic
incorporation data (Martinez del Rio and Wolf 2005,
Fig. 1a). Recently, Cerling et al. (2007a) questioned the
general use of these simple models and proposed the use of
an alternative graphical approach to diagnose whether a
data set might reveal the need for more than one com-
partment or pool to describe an isotopic incorporation data
set. This method is potentially important because using the
wrong model can lead to erroneous answers for the
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Fig. 1la—c One- and two-compartment models of isotopic incorpora-
tion. a shows the one-compartment model most widely used to
describe isotopic incorporation data. The equations under the box
diagrams represent the probability density function (PDF) for the
residence time of element X in each model. b shows an interpretation
of the structure of the model proposed by Cerling et al. (2007a, b).
The box surrounding the two compartments indicates that the sample
of tissue analyzed for its isotopic composition contains proportions p

questions in which ecologists are interested. The approach
championed by Cerling et al. (2007a) relies on “lineariz-
ing” the isotopic incorporation data and using least squares
linear regression on the resulting linear segments to esti-
mate the relative size of each pool/compartment and its
“decay” (i.e., incorporation) constant (Ayliffe et al. 2004).
Cerling et al. (2007a) base their method on what they call
the reaction progress variable. The application of the
reaction progress variable to animals is loosely based on
the approach developed by Criss (1999, p. 142 and 205) to
study closed multiphase geochemical systems.

Although the need to use the correct model to describe
isotopic incorporation data is undeniable, and the method
proposed by Cerling et al. (2007a) is appropriate for some
applications, we believe that their model often has con-
ceptual and statistical limitations. Here we describe what
we believe are the limitations of the reaction progress
variable approach and provide alternatives to its use. The
alternatives that we outline recognize the need to some-
times use more complex models of isotopic incorporation,
but overcome the reaction progress variable’s limitations.
Our reflections on the reaction progress variable approach
are divided into a conceptual and a statistical section.

@ Springer

and (1 — p) of each compartment (p = V1/(V; 4+ V,)). ¢ shows three
possible mechanistic models all of which yield isotopic incorporation
patterns that can be adequately described by bi-exponential PDFs. In
these equations, 4; and A and B (and A’ and B’ for compartment two)
are complex functions of the micro-parameters (x;;) that govern the
exchange of isotopes among compartments. Note that the compart-
ments one and two have different PDFs

The conceptual limitations of the reaction progress
variable

Quorsum isotopic incorporation studies?

Why are isotopic ecologists interested in the time course of
the incorporation of the isotopic signature into an animal’s
tissues? The reason is that this information determines the
time window through which isotopic ecologists perceive
the course of diet changes in an animal (Newsome et al.
2007). The time scale of the inferences that we can make
from isotopic data about an animal’s use of resources is
constrained by how fast its tissues incorporate the com-
position of its diet (Phillips and Gregg 2003; Hobson 1993;
Norris et al. 2004). If the animal incorporates the isotopic
signature of its diet very slowly, its tissues contain the
elements of many meals in the past, and hence their
composition integrates the isotopic signature of its diet
over a long time interval. In contrast, if the animal incor-
porates the isotopic signature of its diet rapidly, the
isotopic composition of its tissues is very responsive to
changes in the isotopic composition of its diet. The rate at
which animals incorporate the isotopic signal of their diets
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differs among tissues (Tieszen et al. 1983; Hobson and
Clark 1992). Some tissues, such as liver and plasma pro-
teins have high turnover rates, and their isotopic
composition reflects integration of recent dietary inputs.
Others, such as bone collagen, exhibit low incorporation
rates and their isotopic composition reflects integration of
dietary inputs over longer time periods (Hobson and Clark
1992). This variation in the incorporation rate of different
tissues is very useful (Newsome et al. 2007) and has led to
the notion that we can use the difference in stable isotope
measurements between tissues as a “clock” to date when
animals shift diets (Phillips and Gregg 2003). Therefore,
the main question that ecologists ask from isotopic incor-
poration data is what is the average “age” of an isotope in
an organism and/or tissue? We believe that an accompa-
nying question, and one that is seldom asked, is how much
confidence can we place in this estimate. The reaction
progress variable approach, at least in the form described
by Cerling et al. (2007a), does not answer the latter
question.

Finding average retention times from isotopic
incorporation data

For a one-compartment model with first-order kinetics, the
average retention time and approximations of its error are
easy to estimate. Martinez del Rio and Wolf (2005) have
demonstrated that in such a system, the residence time of
an element is distributed as an exponential density function
of time ():

f)==et (1)

where 7 is the average residence time (Fig. 1). Thus, in
one-compartment systems with first-order kinetics, the
incorporation of the isotopic composition of a new diet can
be approximated by:

OX(1) = 0X(00) — (6X(oc0) — 9X(0))e™, (2)

where 0X(0) is the isotopic composition of the tissues
before the diet shift and 6X(c0) is the isotopic composition
of the new diet assuming that the discrimination factor
between tissues and diets, A, is 0. If A # 0, then
0X(o0) = 0X(diet) + A. Martinez del Rio and Wolf (2005)
provide a full derivation for Eq. 2.

All the parameters of Eq. 2, including 7, can be easily
estimated by non-linear fitting procedures from isotopic
incorporation data (Bates and Watts 1988). Equation 2
differs slightly from that used in most isotopic incorpo-
ration studies in its use of the reciprocal of the fractional
incorporation rate (t = 1/4, days; O’Brien et al. 2000) as
a parameter to describe incorporation rate. We recom-
mend the use of our alternative parameterization for two

reasons: T has a clear intuitive interpretation as the
average retention (or residence) time of an element, and
the non-linear routines used to fit Eq. 2 gives SE esti-
mates for all its parameters, including 7. To estimate the
time required for a tissue to replace 90% of an element,
one only needs to multiply t by Ln(10) = 2.3 [i.e.,
too = Ln(10)t = 2.37]. A more intuitive interpretation is
that after two average retention times, the tissues will
have replaced ~86.5% of an element. In previous stud-
ies, researchers estimated the fractional rate of
incorporation (4 = 1/t) and used it to estimate half-lives
of an element in a tissue [¢;,, = —71 xLn(2) = —Ln(2)/4].
The half-life is the median of the residence time
distribution.

Cerling et al. (2007a) appropriately question the ade-
quacy of one-compartment models for all situations and
propose using more complex, multi-compartment models
when these are needed. They suggest using the equation:

3X (1) = 3X(00) — (9X(00) — 0X(0)) (Z pie—'ﬁff). (3)

Cerling et al. (2007a) interpret p; as the fractional size of
each “pool” (hence, >, p; = 1), and /; as the rate constants
for each pool (Cerling et al. 2007a, p. 178). For reasons that
will become clear in subsequent sentences, we prefer the
following alternative parameterization:

3X (1) = 9X(00) — (0X(00) — 5X(0)) (Z pief’i) (4)

again, with restriction ) .p; = 1. Thus there are k —
1 + k=2k —1 free parameters in the k-compartment
model (see Appendix 1). Equation 4 implies that the
retention time for an element is distributed as a sum of
exponential distributions,

Foy =3P, (5)

with average retention time equal to

T= ZPi‘Ci- (6)

l

Given sufficient data, and assuming that Eq. 4 is an
appropriate description of an isotopic incorporation data
set, the parameters of Eq. 4 can be estimated using a non-
linear regression routine. Such routines typically also
estimate SEs for the parameters and a variance covariance
matrix (V) for the vector 0 of the parameters involved in
the estimation of 7 :

Hz(pl...pk71 T1 TZ"'Tk)T

Using the delta method (Stuart and Ord 1994), a variance
(sz) for T can be estimated as:
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We provide a derivation for Eq. 7 in Appendix 1. Equations 6
and 7 complement Cerling’s (2007a) reaction progress
variable but leave the following questions unanswered:

1. How should we interpret the components of Eq. 5?
That is, do the p; — s and t; — s in Eq. 4, respectively,
represent the relative sizes of pools and the residence
times in an organism or tissue?

2. How many compartments should we include in our
attempts to describe isotopic incorporation patterns?

We answer these two questions in turn.

Pools or phases? The mechanistic interpretation
of isotopic incorporation equations

Cerling et al. (2007a) interpret the p; — s and 7; — s in
Eq. 4 as relative pool sizes and reciprocals of first-order
reaction constants. This interpretation assumes that the
pools are independent, and that each sample is a composite
to which each pool contributes in proportion to its relative
size (Fig. 1b). This is most certainly not the case in
physiological pools, which interact, in sometimes complex
ways (e.g., Waterlow 2006, ch. 1). Multi-compartment
models are widespread, and relatively well studied, in
many fields of biology (Harte 1985). They are especially
well developed in pharmacokinetics, where their properties
and limitations have been recognized for decades (Gibaldi
and Peerier 1982). The purpose of pharmacokinetic studies
is to develop models to describe the fate of a drug in an
organism and in an organism’s tissues (Shargel and Yu
1999). This purpose is not that different from that of studies
in isotopic incorporation, which aim to determine the res-
idence time of different elements using stable isotopes as
markers. Isotopic ecology can be informed by the long
history of modeling in pharmacokinetics (Ette et al. 2003).

Pharmacokinetic models can be divided into two broad
classes: mechanistic models and phenomenological models
(Fleishaker and Smith 1987). The former rely on knowledge
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of the patterns of absorption, distribution, and excretion to
create a mathematical representation of a drug’s fate among
the tissues of an organism. The latter aim to provide a
quantitative description of the changes in the concentration of
a drug in an organism and/or its tissues (Fleishaker and Smith
1987). Ideally, we should be able to establish a clear corre-
spondence between a mechanistic and a phenomenological
model, but this is not always possible, and in practice it is
often not even needed. The models used in isotopic incor-
poration studies fall in the phenomenological realm. Consider
the claim by Cerling et al. (2007a) about the meaning of the
parameters p; and 4; = 1/t;in Eq. 4 as relative pool sizes and
first-order rate constants for these pools. Figure 1b depicts
graphically the only mechanistic structure consistent with
this interpretation for a two-compartment system. Equa-
tion 4, however, is also consistent with the mechanistic
structures illustrated in Fig. 1c1—c3. In these cases, however,
its parameters have very different interpretations.

The case depicted in Fig. 1cl has been well studied by
pharmacologists. In this figure, V1 and V2 represent pool
sizes and x;; represent first-order transfer constants between
compartments. Compartment one is called the “central
compartment” and is often used to represent plasma.
Compartment two is often assumed to represent peripheral
tissues, such as muscle and red blood cells (Shargel and Yu
1999). The k;; are also called “microconstants” and rep-
resent the fractional rate at which the material in pool i is
transferred to pool j (Fleishaker and Smith 1987). In the
case represented by Fig. lcl and at steady state (i.e., the
pools are not growing), kg, = k19 = K, and the values of
A1 and Z, are given by solutions to the following system of
simultaneous equations:

M+l =Kp+Ky+K (8)
21/12 = K721K (9)

(Gibaldi and Peerier 1982). The values of p; are relatively
complex combinations of V; and x; and are presented in
detail by Gibaldi and Peerier (1982) and Fleishaker and
Smith (1987). In all cases, the values of 4; as combinations of
x;; values depend on the structure of the mechanistic model.
For a two-compartment model adequately described by
Eq. 4, there are six possible mechanistic alternatives (for
simplicity we only present three mechanistic alternatives in
Fig. 1). For a three-compartment system, Eq. 4 is an
adequate phenomenological description for 13 mechanistic
alternatives (Fleishaker and Smith 1987)!

The recognition of a many-to-one relationship between a
set of mechanistic models and a single mathematical
description led pharmacologists to use the term “phases”
rather than pools to refer to the sometimes distinct stages in
the incorporation or disposal of a drug (Fleishaker and
Smith 1987). Adopting this more neutral terminology in
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isotopic incorporation studies may be appropriate, provided
that authors are careful to distinguish this use of the term
with the common usage of a physicochemical phase in
isotope geochemistry.

Statistical considerations
One, two, three...how many compartments?

The reaction progress variable is a useful tool with which to
make a preliminary diagnosis about the number of com-
partments in a system. Briefly, Eq. 3 can be rearranged into

(1-F) :%:Z})ie—“. (10)

We used 4 instead of (1/t) to maintain consistency with
Cerling et al.’s (2007a, b) symbology. The reaction pro-
gress variable, (1 — F), is then log transformed and the
transformed values are plotted against time. Note that
Eq. 10 demands that we know the values of dX(o0) and
0X(0) without error. If the resulting plot is a straight line,
the system can be well described by a single compartment
model. If the resulting plot is a curve, one can use the
graphical method of residuals (also known as “feathering”
or “peeling”) to identify each compartment. The method is
described in detail by Cerling et al. (2007a) and by most
pharmacokinetic textbooks (e.g., Shargel and Yu 1999).
Feathering is a heuristically valuable method that can be
carried out with graph paper and a hand-held calculator
capable of fitting linear regressions using least squares.
The alternative to feathering is to make a preliminary
visual assessment of the number of compartments from a

Ln (1-F)
o

LI S
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Fig. 2a, b Pattern of incorporation of '*C into the liver of house
sparrows (Passer domesticus). To construct a, we followed Cerling
et al.’s (2007a, b) reaction progress variable approach. We used the
average value of 8"3C of birds after 128 days on a cracked corn diet
as an estimate of 8'>C(c0) and the measurements on four individuals
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plot of Ln(1 — F) against time, and then find the param-
eters of Eq.4 using a non-linear fitting procedure
(Motulsky and Ransnas 1987). This method does not have
the restrictive requirement of perfect knowledge about
0X(o0) and 0X(0). These values and their errors are esti-
mated by the method. There are a variety of non-linear
fitting algorithms (linear descent, Gauss—Newton, and
Levenberg—Marquardt; Motulsky and Christopoulos 2004),
most of which find the least squares solutions to estimation
equations that are non-linear in the parameters. The
available non-linear fitting algorithms are iterative and
because they are computationally intensive (at least relative
to feathering) demand the use of a computer. Statisticians
have repeatedly stressed the advantages of non-linear fit-
ting procedures over their linearization equivalents
(Motulsky and Ransnas 1987). One of the serious problems
of linearization is that data transformations can distort
experimental errors. The distorting effects of log-trans-
forming data can be seen in Fig. 2 as well as in several
figures in Cerling et al. (2007a). In these figures the value
of the residuals along fitted lines increases with time in the
reaction progress plots (Fig. 2a), but is relatively constant
along the non-linear trend (Fig. 2b). Log transforms are
commonly recommended when variation increases with the
response level, but when variation is stable in the original
scale, log transforms can inflate variation for small
response values.

In many cases, such as the one illustrated in Fig. 2, it is
hard to make a clear judgment on the number of com-
partments in the system. One possibility is to use non-linear
regression and fit models with one, two, or three com-
partments and then judge the goodness of fit of these
models. The conventional choice for goodness of fit, the
coefficient of determination (+%) will always improve as

10 b
-12

-

'6

L L L

|
N
E-
LR

20 40 60 80 100 120 140
Time (days)

on day 0 of our experiment to estimate §'*C(0). Note that this plot
indicates that we need at most two compartments in a model of
incorporation. The straight lines are for illustration only. In b we
plotted equations fitted to a one-compartment (solid curve) or two-
compartment (dashed curve) model
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parameters are added and thus can lead to over-parame-
terization. In the present application we favor the
information theoretic approach advocated by Burnham and
Anderson (2002) and widely adopted in ecological studies
(Hobbs and Hilborn 2006; Stephens et al. 2007). This
approach has a good theoretical foundation and is based on
the idea that we should adopt parsimonious models, which
avoid under- and over-fitting and give accurate approxi-
mations to the interpretable information in the data
available (Anderson and Burnham 2001). Briefly, one can
estimate the Akaike Information criterion (AIC) for each
model and choose the model with the lowest AIC value.
Following Burnham and Anderson (2002) we suggest using
the small-sample AIC (AICc), if the ratio of number of data
points (n) to the number of parameters in the model (K) is
small, as is typically the case in biological studies of stable
isotopes (Burnham and Anderson 2002):

SSE
AICc = n|Ln(2n) + 1 +Ln <—)} +2K
n
2K(K +1)

(h—K-—1)’ (11)

where SSE is the error sum of squares. AICc can be esti-
mated with a calculator from the output of the non-linear
fitting procedure. Models with low AICc values are better
supported by data than models with high values. Equa-
tion 11 assumes a normal error model consistent with the
least squares criterion [see Burnham and Anderson (2002)
for details.]

Designing and analyzing isotopic incorporation
experiments

Our comments on the reaction progress variable can be
summarized in a series of recommendations about how to
analyze isotopic incorporation data. The first step is to
follow the suggestions of Cerling et al. (2007a) and plot
Ln(l — F) against time. We believe that this step in the
reaction progress approach is an invaluable diagnostic tool
for two reasons: it allows doing a preliminary diagnosis of

Table 1 House sparrows were fed on a C3 diet for 4 months (cracked
wheat, §'°C = —25.4 + 0.2) and then shifted to a C4 diet (cracked
comn,  BC+£SD=—-113+ 0.2). Birds were euthanized at inter-
vals (see Fig. 2) and their livers dissected, dried at 45°C to constant
weigh, defatted and ground to a fine powder. Their isotopic
composition was determined with a continuous flow mass-rationing

the maximal number of compartments that must be inclu-
ded in the non-linear models, and it allows identification of
those cases in which using a multi-compartment model is
inappropriate. For example, Cerling et al. (2007b) describe
systems that are best described by functions of the form:

5X(0) Lifo<t<d
{ X (00) — (9X(00) — 3X(0))e =" if t>d
(12)

where d is a delay (also called transit time). The average
retention time in such a system equals T + d, and the plot
of In(1 — F) against time has a flat section followed by a
descending straight line. Once it has been diagnosed that
the system can be described by one, two, or three com-
partments, we recommend using a non-linear fitting routine
to estimate the value of the parameters of Egs. 2, 4. Given
the wide availability of computer programs that perform
non-linear fitting effectively, the “feathering” step in the
reaction progress variable approach can be omitted.

After constructing a set of two or three alternative models,
the value of AICc can be calculated to assess which of these
models is best supported. Burnham and Anderson (2002)
propose using the difference in AICc (A; = AICc; — AICcyin,
where AICc,;, is the lowest value in a comparison) as a
measure of the plausibility of an alternative model. They
suggest that high values of A; (A; > 2) indicate low support
for the alternative model (Burnham and Anderson 2002,
p- 70). Equations 6, 7 can be then used to estimate the
average retention time of an element in a tissue and its var-
iance in the best model. If A; cannot distinguish between two
competing models (A; < 2), itis important to ask whether the
two models estimate divergent estimates of 7. To our
knowledge, this is an exercise that has not yet been done for
biological systems.

InFig. 2 and Table 1, we describe the results of following
the steps that we propose here for a data set on the incorpo-
ration of '>C into the liver of house sparrows (Passer
domesticus). A;indicated that a two-compartment model was
superior to a one-compartment model [AICc(2) < AICc(1),
Table 1]. We estimated the average retention time for both

0X(1) =

spectrometer on line with a CHN analyzer (Finnigan Delta+XP,
University of Wyoming’s light Stable Isotope Facility). The equations
describing isotopic incorporation for a one and a two-compartment
model were fitted using JMP. SEs and small-sample Akaike
information criterion (AI/Cc) values were calculated with the formulae
in the text

Average retention time (7 & SE) AICc
One compartment oBC() = —125—(11.4) exp(g2) 84 +09 83.1
Two compartments 8B C(t) = —11.3 — (13.4){ (0.4 x exp(52)) + (0.6 x exp(555)) } 142+ 1.6 39.9
AP 432

& A; = AICc; — AICc,,;,, where AICc,y, is the lowest value in a comparison
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models and found biologically significant differences in the
two estimates (Table 1). Using alternative models to esti-
mate average retention time can lead to different inferences.
It is fundamentally important to recognize that A; measures
the relative plausibility of a model given the data. Thus,
model selection depends strongly on the design of the iso-
topic incorporation experiment (Cerling et al. 2007a). We
emphasize that AICc gives a statistical criterion to assess the
superiority of one model over another given the data. If there
are theoretical or empirical reasons for the number of com-
partments that the system should have, these reasons should
be weighed in the choice of models. Given the paucity of
mechanistic models of isotopic incorporation models
(Martinez del Rio and Wolf 2005), we probably have to rely
on the phenomenological approach that we have proposed.

In summary we propose adopting Cerling et al.”s (2007a,
b) reaction progress variable approach as a diagnostic tool to
assess the number of compartments needed to describe an
incorporation data set. Non-linear regression approaches and
information theoretic criteria can then be used to determine
the best supported model given the data. The resulting
parameter estimates can be used to inform ecological studies.
We again emphasize that the resulting model is a statistical,
rather than a mechanistic, description of the pattern of
incorporation. Progress in the study of isotopic incorporation
demands that we understand the process of incorporation
mechanistically. We find the significance of isotopic incor-
poration information in field ecological studies. We will find
its meaning in physiological research.
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Appendix 1 A variance estimate for 7

We derive our results for the k-compartment model using
the parameterization:

0= patta—w)

Estimation of this form with 2k — 1, instead of 2k
parameters results in a non-singular estimate of its variance
covariance, V, but estimates should incorporate the
restriction that forces 0 < p; < 1 for all i, and ), p; = 1.
For the k compartment, the average retention time is:

k=1

k
f:z:Pi‘Ei:Pl‘El-f""'f‘l?k—l‘fk—l-i‘ 1—2171' Tk
i=1 i=1

Applying the multivariate delta method, we pre- and post-
multiply V by the vector of first partial derivatives:

vty () (2

The dimensions of V force this result to be a scalar. The
components of the partial derivative vectors are:

ot

E:%i—%k lzl,,k—l
0t
—=p; i=1,.. k-1
opi bt

ot —
_— = 1 — P = Ak
5 ;p, b

In the case of k = 2, the variance reduces to:
T — T
1-p)V p
1—p

(ti—172 p

Most non-linear regression programs include V in their
output.
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