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Abstract

1. Bulk stable isotopes have been utilised by ecologists for decades to trace the assimilation of

basal food sources across trophic positions. However, there is a lack of guidance on the post-
laboratory analytical workflow, leading to inconsistencies in how isotopic data are processed
and interpreted.

2. We consolidate existing methods into a comprehensive description of this necessary post-

laboratory analytical workflow for consumers several trophic steps above basal sources, in-
cluding the mathematical rationale underlying the estimation of consumer reliance on basal
sources. Using simulated data, we test the sensitivity of estimated basal source proportions
to the number of isotopic baselines used to estimate consumer trophic position, the sample
sizes of sources and consumers, and uncertainty in trophic discrimination factors (TDFs).
Finally, we apply the workflow to a coral reef food web to quantify fish reliance on benthic
and pelagic primary production.

. Estimated basal source proportions were highly sensitive to bias in consumer trophic position,

which also reduced the coverage of their credible intervals, as these intervals are conditional
on the estimated trophic position. Trophic position estimation therefore requires careful
consideration of the number and nature of selected isotopic baselines, and we provide an R
function to quantify this bias. The precision and uncertainty, but not the accuracy, of source
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proportions were influenced by the sample sizes of consumers and sources, so small sample
sizes can still be included at the cost of lower precision. Accounting for TDF uncertainty in
the mixing model had limited effects, whereas a misspecified mean TDF biased trophic posi-
tion and reduced credible interval coverage. The case study further highlights the sensitivity
of estimated proportions to the choice of TDFs, and we recommend sensitivity analysis with
alternative TDFs.

4. While compound-specific stable isotope analysis is gaining prominence, bulk stable
isotope analysis remains a cornerstone for field ecologists due to its high throughput,
cost-effectiveness and the availability of data collected over the last 20 years. By detailing
the analytical framework and identifying future directions for model development, we
provide a foundation for future isotopic studies.

Keywords: mixing models, trophic position, trophic discrimination factors, food web anal-
ysis, methodological framework, resource assimilation, isotope ecology

1 Introduction

Tracing energy and matter across food webs has been a central endeavour since Lindeman’s
(1942) seminal study on trophodynamics. Declining cost for the analysis of biotracers (i.e.,
biological markers such as stable isotopes and fatty acids; Appendix S1) and the advance-
ment of statistical methods (e.g., quantitative fatty acid signature analysis and stable isotope
mixing models [SIMMs] used to estimate proportional source contributions to consumers; Ap-
pendix S1) have facilitated their application in ecological research, including in large-scale
monitoring and synthesis efforts that combine data from multiple studies and laboratories
(e.g., Bird et al., 2018; Lorrain et al., 2020; Pethybridge et al., 2018). Consequently, stan-
dardised guidance on biotracer data and modelling procedures has become essential. While
foundational work has established best practices for the general use of SIMMs in food web
studies (e.g., Phillips et al., 2014), most applications estimate the contributions of sources
consumed directly, one trophic step below the consumer. In contrast, clear guidance is lack-
ing on the post-laboratory analytical workflow for using bulk stable isotopes to estimate
consumer reliance on basal food sources (i.e., primary producers and particulate organic
matter; Appendix S1) across trophic positions (i.e., a continuous measure of an organism’s
position in a food web; Appendix S1) when consumers are separated from these sources by

more than one trophic step.
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Over the past few decades, stable isotope analysis (SIA; the measurement of the relative
isotopic abundance of elements within a sample; Appendix S1) has become a primary tool for
the study of bulk tissues in animal ecology (Gannes et al., 1997; Martinez del Rio et al., 2009).
The standardisation of laboratory protocols has led to the vast accumulation of experimental
and field data (Martinez del Rio et al., 2009), facilitating the development of Bayesian SIMMs
(Hopkins & Ferguson, 2012; Moore & Semmens, 2008; Parnell et al., 2010; Parnell et al., 2013;
Semmens et al., 2009; Stock et al., 2018; Stock & Semmens, 2016) that are widely used to
reconstruct animal diets and trace basal source contributions. While other more accurate
biotracer methods such as compound-specific isotope analysis are increasingly used to study
animal diets (Nielsen et al., 2018; Pickett et al., 2024), their application is constrained by high
financial costs, time-consuming and highly-specialised sample processing (Vane et al., 2025);
therefore, bulk SIA remains the mainstream approach. However, accurately interpreting bulk
STA data requires addressing several confounding factors, such as isotopic variability at the
base of the food web and trophic discrimination factor (TDF; the difference in isotopic values
between consumer tissues and their diet; Appendix S1), as isotopic values are influenced by
both the consumer’s environment and its physiological processing of nutrients (Martinez del
Rio et al., 2009).

Estimating the contribution of basal sources to secondary or higher-order consumers us-
ing bulk STA and SIMMs requires accounting for the total trophic discrimination between
consumers and basal sources (Reid et al., 2008). This necessitates accurate estimates of con-
sumer trophic positions and TDFs of individual trophic steps, introducing multiple sources
of error. While total discrimination can be directly calculated for simplified food webs by
summing the TDFs of each trophic link (Pickett et al., 2024; Reid et al., 2008), the standard
approach for more complex food webs is to multiply an average TDF per trophic step by
the number of trophic steps between consumers and basal sources (i.e., their difference in
trophic position) (Phillips et al., 2014). Consumer trophic positions are either taken from
the literature (e.g., Hilting et al., 2013) or estimated from one or two isotopic baselines (i.e.,
the isotopic composition of organisms at a low, known trophic position; Appendix S1), such
as primary consumers (e.g., Zapata-Herndndez et al., 2021) or the mean §'°N of all primary

producers (e.g., Ferger et al., 2013; Garcia et al., 2018; Moustaka et al., 2024). This ap-
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proach assumes that discrimination remains constant across trophic levels, an assumption
rarely verified, and a thorough evaluation of its mathematical rationale and sensitivity to
trophic position estimation is currently lacking. Consequently, the impact of these method-
ological choices on the resulting source proportions is frequently unknown, highlighting the
need for a detailed evaluation of the analytical workflow.

Here, we consolidate existing methods into a comprehensive workflow to estimate con-
sumer reliance on basal food sources using bulk STA and provide the mathematical rationale
underpinning this approach. The workflow relies on carbon and nitrogen isotopes, but other
elements (e.g., sulfur or hydrogen) can be added to better resolve source contributions when
more than three sources are considered. Using simulated data, we: (1) test the perfor-
mance of the analytical workflow when using one or two baselines to estimate consumer
trophic position; (2) investigate how the estimated proportional contributions of sources are
affected by consumer or source sample sizes; and (3) assess the consequences of uncertainty
in TDFs, including individual variation and a misspecified mean TDF. Finally, we illustrate
this analytical workflow using a case study of a coral reef food web in Mo’orea, French Poly-
nesia, estimating the reliance of 194 coral reef fish species on pelagic (external) and benthic

(internal) primary production.

2 Materials and Methods

2.1 Analytical workflow and mathematical rationale

Estimating consumer reliance on basal food sources using bulk SIA relies on a core mathe-
matical principle: the stable isotope value of a mixture (e.g., consumer tissue) is determined
by the proportional contributions of its sources and their respective stable isotope values.

This general SIMM is expressed as:

K
Ui = Drbips (1)
k=1

where y; is the stable isotope value of the mixture for the 4§ isotope, fjy is the mean stable

isotope value of the k" source (of K total sources), and p, is the proportional contribution
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h : K _
of the k™ source to the mixture, such that >7,"  p, = 1.
To apply this model to animal diet and food web analysis, the mean isotopic values of

food sources must be corrected for trophic discrimination:

K

Y; = Zpk(ﬂjk +Ajp), (2)
k=1

where A is the total TDF accumulated between the consumer and the k™ source for the
4§ isotope. Equations 1-2 describe the expected isotope value of the consumer and form the
basis of Bayesian SIMMs (Moore & Semmens, 2008; Parnell et al., 2010), which add variance
terms for sources, TDFs and consumers (Parnell et al., 2013; Stock et al., 2018; Stock &
Semmens, 2016).

Directly measuring A, is generally impractical for higher-order consumers (TP > 2), as
it requires feeding experiments spanning multiple trophic links. Instead, it can be derived
from the consumer trophic position and the TDF of a single trophic step. Total discrimina-
tion could then be included in the SIMM, which accounts for its uncertainty in the variance
of consumer isotope values. However, available SIMM software packages (e.g., MizSIAR,
Stock et al., 2018; simmr, Govan et al., 2023) specify TDFs per source, shared by all con-
sumers in a model. Consumers with different trophic positions, and thus different total
discrimination, would therefore require separate models. SIMMs with consumer-level TDFs
have been described (Parnell et al., 2013) but are not implemented in available software.
This framework resolves these limitations via a three-step analytical workflow: (1) estimat-
ing consumer trophic position relative to isotopic baselines; (2) subtracting the total trophic
discrimination from consumer isotopic values, thereby rescaling them to the food web base,
so that consumers with different trophic positions can be analysed in a single model; and (3)
fitting Bayesian SIMMs to the rescaled data to estimate proportional contributions of basal
sources (Figure 1). The following equations retain the structure of Equation 2, expressing

total discrimination as a function of trophic position.
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2.1.1 Preliminary steps: Data preparation

1. 6'3C lipid correction. Lipids are depleted in '3C compared to proteins and carbohy-

drates (DeNiro & Epstein, 1977; McConnaughey & McRoy, 1979), so variability in
lipid content among organisms and tissues can affect §'3C values independently of
the sources used (Kiljunen et al., 2006). Lipid correction makes §'3C values compa-
rable among samples with different lipid contents (Post et al., 2007). However, it is
not always required, as dietary lipids may be part of the signal of interest, and the
choice should be applied consistently to consumers and baselines. When correction
is applied, animal tissue samples (consumers and baselines) can be corrected either
through chemical lipid extraction during sample preparation or via mathematical nor-
malisation using established equations based on C:N ratios (e.g., Skinner et al., 2016
for fish tissues). Lipid correction has little influence when lipid content is uniformly
low, typically below C:N ratios of 3.5 for aquatic and 4 for terrestrial animals, but it
is needed when lipid content varies among consumers, baselines or sources (Post et al.,
2007). For plant samples (basal sources), normalisation should be based on percent
carbon rather than the C:N ratio for samples with >40% carbon (Post et al., 2007).
These thresholds were derived from a limited set of taxa, mostly muscle tissue or whole
organisms (Post et al., 2007), and may not apply to all taxa and tissues, so taxon- or

tissue-specific relationships should be preferred where available.

. Selection of basal sources. The number of basal sources (K) must be carefully man-

aged. While all relevant sources should ideally be included—an implicit but rarely met
assumption in any mixing model—exceeding the n + 1 limit (where n is the number
of stable isotopes) creates an underdetermined system lacking an exact analytical solu-
tion. Bayesian SIMMs, however, provide probabilistic solutions for underdetermined
systems, but often yield broad, multimodal posterior distributions because multiple,
disparate source combinations can produce identical consumer signatures (Osada et
al., 2021; Phillips et al., 2014; Stock et al., 2018). To improve model inference, re-
searchers may group sources a priori based on isotopic similarity, thereby reducing

the number of possible analytical solutions, or aggregate their estimated proportions a
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posteriori based on functional similarity, potentially yielding more constrained results

(see Phillips et al., 2005; Phillips et al., 2014; Stock et al., 2018).

. Selection of isotope-specific TDFs (A;). This framework assumes constant discrimi-

nation across trophic levels, meaning total discrimination (A ;) is the product of the
TDF of a single trophic step (Ajk) and the difference in trophic position between the
consumer (TP,) and the & source (TP,) (Phillips et al., 2014):

Because source-specific values ()\jk) are generally unknown for primary producers, they
are replaced by a common isotope-specific TDF ()\j) obtained from meta-analyses (e.g.,
0.39 + 1.3%0 for §'3C and 3.4 £ 0.98% for 515N, Post, 2002), ideally matched to tissue
and taxonomic groups (e.g., Canseco et al., 2022; Caut et al., 2009; Stephens et al.,
2023). When all k sources represent the base of the food web (TP, = 1), the equation
simplifies to:

Ay = A, =\ (TP, —1). (4)

While discrimination varies across individual feeding links (Canseco et al., 2022; Caut
et al., 2009; Stephens et al., 2023), using an average stepwise TDF (\;) provides a
consistent discrimination across multiple trophic transfers and is considered a robust
approximation when integrated across the diverse pathways of an entire food web
(Post, 2002). Substituting Equation 4 into Equation 2 yields the standard SIMM

applied across multiple trophic steps:

K

Y; = Zpk(ﬂjk + (TP, —1)). (5)
k=1

. Selection of isotopic baselines. Rather than primary producers, long-living primary

consumers (e.g., grazers, filter feeders) should be used as isotopic baselines to integrate
baseline temporal variations (Cabana & Rasmussen, 1996; Post, 2002; Vander Zanden

& Rasmussen, 1999, 2001). The suitability of these baselines should be verified by
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estimating their basal source contributions via SIMMs. While this verification is often
completed a posteriori, it provides a critical diagnostic check on whether the chosen
baselines align with the intended trophic pathways. If a baseline consumer, assumed to
represent a specific pathway (e.g., benthic), is found to derive most of its energy from
an alternative pathway (e.g., pelagic), its baseline status is violated. This verification
relies on the same assumptions as the main analysis, namely a complete set of sources
and appropriate TDFs for a single trophic step. It therefore assesses consistency with
these assumptions rather than providing an independent validation, and it can be
complemented by independent information on baseline diets (e.g., gut contents or
feeding observations). When consumers derive energy from multiple discrete pathways
(e.g., benthic-pelagic, terrestrial-aquatic), multiple baseline consumers are required

(Post, 2002), although current software allows at most two (see Discussion, Limitation

1).

2.1.2 Step 1: Estimating consumer trophic position (TP )

To solve Equation 5, consumer trophic position (TP ) must be estimated relative to either one

or two isotopic baselines using models derived from the general mixing model (Equation 2):

o One-baseline model. When a single baseline consumer represents the food web base,

TP, can be estimated using a single isotope, typically §!°N (Cabana & Rasmussen,

1996; Post, 2002). In this framework, Equation 2 becomes

615Nc = 515Nb + /\N<TPC - TPb)? (6)

which, rearranged to solve for TP, gives

§°N, — 615N,

TP, = TP, + ,
AN

(7)

where TP, represents the trophic position of the baseline and Ay is the isotope-specific

TDF for §°N.

o Two-baseline model. In systems with two distinct trophic pathways, a dual-baseline,
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dual-isotope mixing model (§'3C and §'°N) solves for both TP, and the proportional
contribution of the two baselines that typically have an identical trophic position (TP,

= TP,, = TP,) (Quezada-Romegialli et al., 2018):

0N, = pd'®Ny; + (1 —p)d'°Ny, + Ay(TP, — TP,) (8)

613C, = pd3Cy; + (1 — p)dt3Cyy + Ao(TP, — TPy), 9)

Under this model, TP, is estimated by accounting for the isotopic signatures of both

baselines:
SN, — pbé'5N,, — (1 — p)d'5N
TPC - TPb + L P bl ( p> b27 (10)
AN
where the proportional contribution of the first baseline (p) can be expressed as
§13C, — 613Cy, — Ao(TP, — TP
pP= 13 = ?3( b)’ (11)

and A\ is the isotope-specific TDF for §'3C.

These models are the most frequently used across the literature (Kjeldgaard et al., 2021),
and traditional point-estimate calculations have recently been replaced by Bayesian models
that propagate parameter uncertainty into the TP, estimation (e.g., the R package tRophic-
Position, Quezada-Romegialli et al., 2018), providing a more modern and robust approach.

While these equations rely on constant discrimination, an alternative framework account-
ing for systematic decreases in TDF values at higher trophic levels (Hussey et al., 2014) is
detailed in Appendix S2.

2.1.3 Step 2: Isotopic rescaling of consumers

Once TP, is estimated, the raw isotopic signature of each individual consumer i (y;) is
rescaled to the food web base (y;f‘j) using the trophic position estimated for its consumer

group c¢ (e.g., species), by rearranging Equation 5:

Yii = Yij — Aj (TP, —1) Zpk:u]k: (12)
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This transformation isolates y;;, representing the consumer’s signature as if it fed directly
at the base of its food web (TP = 1), thus stripping away the confounding effect of accu-
mulated trophic discrimination. In Bayesian SIMMs, TDF uncertainty enters the variance
of consumer isotope values. For example, with the process x residual error structure of

MizSIAR (Stock et al., 2018; Stock & Semmens, 2016), Equation 5 becomes:

K K
Yij ™~ N ( Py <Mjk + )‘j<TPc - 1)) y €5 ZP;% (wjzk + T;)) (13)
k=1 k=1

where w?k is the variance of the isotope values of source £, Tj2 is the variance of total trophic
discrimination, and ¢; is a multiplicative residual error term. Uncertainty in TP, and A;
could therefore be propagated at the aggregate level by setting 7; to the SD of total trophic
discrimination (Appendix S4: Equation S3). However, the mean and variance of total dis-
crimination are specified per source and shared by all consumers in a model, so this requires
a separate model for each consumer group with a different TP, (see Discussion). Rescaling
removes the mean total discrimination from consumer values. Because a common TDF is
applied to all sources (Equation 4) and sz:l pp = 1, this is mathematically equivalent to
adding it to source values, as in standard SIMMs, but it allows consumers with different TP,
to be analysed in a single model, with 7; set to zero. Source- or pathway-specific discrimi-
nation would instead require correcting source values, and thus SIMMs with consumer-level
TDFs (Parnell et al., 2013). As uncertainty in consumer isotope values cannot be specified for
individual consumers, the rescaled values are treated as observed data, and the uncertainty
in TP, and A; is not propagated into them. The mean of the TDF ()\j) and the mode of
the estimated TP, posterior distribution are therefore used as point estimates for rescaling.
The mode is selected because it provides a more robust measure of central tendency than
the mean or median when consumer sample sizes are small and the posterior distribution

exhibits non-normal geometry.

2.1.4 Evaluation step: Mixing model validation

Before implementing the final mixing models, the rescaled consumer values (y,;j*) and raw

basal source signatures must be plotted together in isospace to ensure that the consumer sig-
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natures fall within the boundaries of the mixing polygon defined by the basal sources, so that
mathematically valid source contribution solutions exist (Phillips et al., 2014). If consumers
fall consistently outside, researchers must systematically re-evaluate the preliminary steps
to identify missing basal sources or more appropriate baselines and TDFs. Conversely, if
only isolated individuals fall outside the mixing polygon, they should be flagged as potential
outliers. Because extreme values can cause model convergence issues despite the integrated
error structures of Bayesian SIMMs that account for natural isotopic variation, a probabilis-
tic framework (e.g., Smith et al., 2013) can be employed to quantify the probability that
an individual’s isotopic signature is explained by the model. An extremely low probability
indicates that the individual cannot be modelled by the sources at hand. Rather than serv-
ing as an automatic rule for exclusion, this metric provides a diagnostic check; the ultimate
decision whether to exclude the outliers and continue the inference, collect additional basal
source data to expand the polygon, or abort the analysis entirely rests with the researcher.
Regardless of the initial results, performing sensitivity analyses with alternative baselines or
TDFs remains good practice. Additionally, computing the normalised surface area of the
mixing polygon (Brett, 2014) using the calc_area() function in R package MizSIAR (Stock
et al., 2018) may be useful to detect weakly informative model geometry caused by poor
source separation or high source variance. TDF variance contributes in the same way, as
it is indistinguishable from source variance in SIMMs, but it is zero for rescaled consumers

unless TDF uncertainty is supplied to the mixing model (see Step 2).

2.1.5 Step 3: Estimating basal source proportions (p;)

Finally, a Bayesian SIMM is fitted to the rescaled consumer values (y,7*) and the isotopic
signatures of basal sources to estimate the proportional contributions (p,). Because the
mean total discrimination was removed in step 2, the mean TDFs within the mixing model
are set to zero. TDF SDs are also set to zero, as the SD of total discrimination depends on
TP, and would otherwise require a separate model for each consumer group (Step 2). When
consumers share the same TP, the SD of total discrimination (Appendix S4: Equation
S3) can be supplied instead. We assess the consequences of setting TDF SDs to zero in

Section 2.2.5 (Sensitivity to TDF uncertainty).

11
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Models can initially be run using a “uninformative”, generalist prior implying that all
source combinations are equally likely (i.e., a symmetric Dirichlet distribution where all
hyperparameters o, = 1). If the model exhibits poor convergence or yields biologically
unrealistic results, informative priors should be constructed using expert knowledge of the
system or literature estimates. For example, for specialist consumers with clear trophic
affinities (e.g., grazing herbivores, or planktivores), it is sensible to assign a higher prior
weight () to the basal source representing the primary pathway, while decreasing the
weights of alternative sources. To prevent these priors from overriding the actual stable
isotope data, the Dirichlet hyperparameters should be rescaled so that their sum equals the
total number of sources (K, Stock et al., 2018).

These models can be fitted using Markov Chain Monte Carlo (MCMC) or Fixed Form
Variational Bayes algorithms across several R packages such as MizSIAR (Stock et al., 2018),
simmr (Govan et al., 2023), or cosimmr (Govan et al., 2024). Among these, MixSIAR is cur-
rently the most feature-rich, allowing for the inclusion of covariates, hierarchical structures,
and diverse error formulations (Stock et al., 2018). Concentration dependence (Phillips &
Koch, 2002) can also be included, although for consumers several trophic steps above basal
sources the resulting proportions are harder to interpret, as basal material is assimilated

through intermediate consumers with different source mixtures.
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Figure 1: Flowchart for the estimation of consumer reliance on basal sources, made with the
R package ggflowchart (Rennie, 2023). The depicted workflow is valid for both assumptions
of constant and narrowing discrimination across trophic levels (see Appendix S2). Silhouettes
from https://www.phylopic.org/ and contributed by Emily Jane McTavish, Rachel Wooliver,
Guillaume Dera, Pablo Amador Crespo, Marina Vingiani, Alexandra Hahn, perevolotsky,
John Hlavin, Kai Caspar, and Jose Carlos Arenas-Monroy.
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2.2 Simulations

To evaluate the performance of the proposed workflow across different ecological scenarios,
we conducted simulations using food webs where the “true” consumer trophic position (TP )
and basal source proportions (p,) were known. Specifically, we used these simulated food
webs to: (1) test the accuracy of the workflow in estimating the proportional contribution
of basal sources using one or two isotopic baselines for the estimation of consumer trophic
position, and (2) investigate how consumer and source sample sizes influence the precision,
uncertainty, and accuracy of the estimated proportions. These simulations allow for a quan-

titative assessment of the workflow’s sensitivity to baseline configuration and sampling effort.

2.2.1 Simulation design and data generation

We carried out all simulations for a two-isotope system (§12C and §1°N) consisting of three
basal sources, one or two isotopic baselines, and one consumer. The data generation pro-
cess described below was implemented using the custom R function simulate_food_web()
(available in Appendix S3).

For each isotope, source standard deviations were generated from a uniform distribution,
U(0.5, 1.5). Source means were randomly sampled without replacement from a vector of six
equally spaced values—twice the number of sources—between -10 and 10 (i.e., -10, -6, -2,
2, 6, 10), avoiding collinearity between isotopes (Schwarcz, 1991). This sampling strategy
ensures that sources have isotopically distinct signatures (Gannes et al., 1998), which cannot
be assumed when sampling from a probability distribution as in previous simulation studies
(Semmens et al., 2009; Stock & Semmens, 2016).

Source proportions for baseline(s) and consumer were generated from Dirichlet distribu-
tions. A flat Dirichlet(1, 1, 1) was used for the consumer. For the one-baseline simulations,
a symmetric Dirichlet(10, 10, 10) was used to represent the common practice of using the
mean isotopic signature of all basal sources as a baseline (e.g., Ferger et al., 2013; Garcia
et al., 2018; Moustaka et al., 2024). For the two-baseline simulations, we used asymmetric
Dirichlet distributions to ensure that the baselines represented two distinct trophic pathways

(see Appendix S4: Figure S1). To satisfy the mixing models assumption that all sources con-
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tribute to the consumer (i.e., all sources included will have an estimated relative contribution
exceeding zero, even if some do not significantly contribute to consumer nutrition), we con-
strained all source proportions to a minimum of 5% following Stock & Semmens (2016). This
was achieved with a linear transformation commonly used in Beta and Dirichlet regressions

(Douma & Weedon, 2019; Maier, 2014; Smithson & Verkuilen, 2006):

. pn—1)+ %
pr=——"—"5, (14)
n
where p is the source proportion, K is the number of sources, and n = (11/—0}; = 6.67 for

three sources.

Baseline and consumer isotopic data were generated following Stock & Semmens (2016).
In practice, for each individual baseline and consumer, the number of samples taken from each
source was simulated using a multinomial distribution defined by the simulated proportions
and a total number of source items eaten (i.e., total consumption). The normal distribution
of each source, defined by its mean and standard deviation, was repeatedly sampled based
on these sample sizes. Isotopic values were calculated as the means of all source samples
plus a residual error from N(0, 1).

To reflect the reduction in isotopic variance at higher trophic levels due to time averaging
(O’Reilly et al., 2002), we set a higher consumption for consumers than for baselines (40
vs. 20). These values serve as mathematical control for the variance of the simulated isotopic
data and have no direct biological scaling (Stock & Semmens, 2016).

Finally, the total trophic discrimination, A;(TP. — 1), was added to the generated iso-
topic values of consumers and baselines. Carbon and nitrogen TDF values were drawn from
the distributions reported by Post (2002), and their means ()\;) were used to compute to-
tal discrimination. Baseline trophic position was fixed at 2 (i.e., primary consumers), so
their total discrimination equals A;. Discrimination was therefore simulated under the same
constant-TDF assumption used in the workflow (Equation 4), so these simulations evalu-
ate the workflow when this assumption holds; violations of this assumption are assessed in
Section 2.2.5. For consumers, a population-level mean TP _ was sampled from a truncated

normal distribution, TNormal(u, o, 2, 5). By setting the truncation bounds at 2 and 5, the
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population mean was strictly constrained within this realistic ecological range. The hyper-
parameters of this distribution, u ~ U(2.5,4.5) and o ~ U(0.1,0.3), represent the trophic
distribution of a higher taxonomic rank (e.g., family). Individual-level TP, values were then
generated by sampling from this population mean with an additional standard deviation of

0.05 to account for intra-population variability.

2.2.2 Modelling and software settings

We used the R packages tRophicPosition (Quezada-Romegialli et al., 2018) for TP estima-
tion and MizSIAR (Stock et al., 2018) for estimating basal source proportions. tRophic-
Position models were run for four chains, each with 4,000 iterations and a 2,000-iteration
burn-in. MixSTAR models were run for three parallel chains—utilising modified source code
to allow chain parallelisation—each with 50,000 iterations, a 25,000-iteration burn-in and a
thinning rate of 25. Unless otherwise specified, all MixSIAR models utilised a multiplicative
error structure (process X residual error) to integrate both unexplained consumer isotopic
variability (residual error) and variance due to the sampling process (process error) (Stock &
Semmens, 2016). We used default, weakly informative priors for all simulations and checked

model convergence using Gelman-Rubin statistics (Gelman & Rubin, 1992).

2.2.3 One vs two baselines

To compare the performance of the workflow under different baseline configurations, we
conducted simulations using 100 “true” food web structures (Appendix S4: Figure S2). For
each simulation, the workflow was applied twice to the same underlying data: once using a
one-baseline configuration and once using a two-baseline configuration. This paired design
ensured that the food webs were identical in terms of basal sources and consumer data, such
that any differences in the resulting estimates could be attributed specifically to the baseline
configuration. All food web components comprised of 10 observations (“samples”).
Workflow performance across the resulting estimations (n = 200) was evaluated based
on two metrics: 1) the maximum absolute error between estimated and known true source
proportions (bound between 0 and 1), and 2) the coverage of the true source proportions

within the 95% credible interval (CI). We then fitted a Bayesian distributional multilevel
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beta regression using the R package brms (Biirkner, 2017) to test for differences in both
the mean and precision of the maximum absolute error between the one-baseline and two-
baseline approaches. Furthermore, we used this model to investigate the extent to which
the absolute error in TP, estimation propagated through the workflow to affect the final
source proportion estimates (see Appendix S4: Section 4.1 for model details). An equivalent
Bayesian multilevel logistic regression was fitted to the coverage (i.e., whether the 95% CI

of each estimated source proportion included the true value).

2.2.4 Sensitivity to consumer and source sample size

To investigate the workflow’s sensitivity to consumer sampling effort, we used a single, fixed
simulated food web with a two-baseline configuration (Appendix S4: Figure S3) as the
reference scenario for all tests. Holding the source sample sizes constant at n = 10, we
simulated 100 datasets for each of five consumer sample sizes (n = 1, 3, 5, 10, 20). This
approach ensured that the underlying food web structure remained identical, allowing us to
isolate the effect of sampling effort on the workflow’s performance.

For cases where n = 1, a process-only error structure was required because residual
variance cannot be estimated from a single data point (Stock & Semmens, 2016); for all
other sample sizes, the standard multiplicative error structure was maintained. We evaluated
the effect of consumer sample size on two metrics: (1) the median and (2) the 95% CI
width of the estimated source proportions. To model these relationships, we fitted two
Bayesian distributional non-linear power models using the R package brms (Biirkner, 2017)
(see Appendix S4: Section 4.2 for model details). While n = 1 cases were excluded from the
power models due to the differing error structure, they were retained in the overall analysis
to provide a heuristic indication of bias and uncertainty in data-poor scenarios.

An identical approach was used to assess sensitivity to source sampling effort. Using the
same fixed, two-baseline food web (Appendix S4: Figure S3), we simulated 100 datasets for
each of five source sample sizes (n = 1, 3, 5, 10, 20), while holding the consumer sample size
constant at n = 10. As with the consumer sample size simulations, we evaluated the effect
of source sample size on the median and 95% CI width of the estimated source proportions

using Bayesian distributional non-linear power models (Appendix S4: Section 4.2). All n =
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1 cases were excluded from the power models because source variance cannot be estimated
from a single value. These cases were nonetheless evaluated to determine the extent of bias
and uncertainty introduced when only a single representative value is available per source—a
limitation that can occur in field-based studies due to logistical constraints or when analysing
existing datasets where only a single mean or sample is available.

In each sample-size simulation, only one data set was re-sampled while the other two
were kept fixed: consumers were re-sampled with sources and baselines fixed, and sources
were re-sampled with consumers and baselines fixed. As the sample size increases, the
estimated proportions are therefore expected to converge to the proportions implied by the
fixed samples rather than to the true proportions. We computed these limits analytically by
solving the mixing equations (with the sum-to-one constraint) for the observed mean isotope
values of the fixed samples, with trophic position obtained by solving the two-baseline model

equations (Equations 8-9).

2.2.5 Sensitivity to TDF uncertainty

While TDF uncertainty is accounted for in the estimation of TP, the workflow rescales
consumers using the mean TDF and assumes no TDF uncertainty in the mixing model.
To assess the consequences of this assumption, we ran two additional sets of simulations
using the food web of the sample-size simulations (Appendix S4: Figure S3), with consumer
sample sizes of 1, 5, 10 and 20. First, consumer data were simulated with or without
individual variation in TDFs (Post, 2002), and the mixing model was fitted assuming no
TDF uncertainty (as in the workflow), the TDF uncertainty of a single trophic step (Post,
2002), or this uncertainty propagated across trophic steps together with the uncertainty
in TP_. Second, to assess the effect of a misspecified mean TDF, the mean TDF of each
simulated system was drawn from the TDF distribution of the simulated food web, while
TP, was estimated and consumers rescaled with its mean TDFs, as in the workflow. The
mixing model was then fitted with the same three levels of TDF uncertainty. Details are

given in Appendix S4: Section 5.
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2.3 Case study: Mo’orea coral reef fishes

To demonstrate the empirical application and robustness of our three-step analytical work-
flow, we applied it to an extensive stable isotope database of coral reef fishes and their basal
food web components from Mo’orea, French Polynesia. The dataset contains stable isotope
compositions (§'2C and §1°N) for a total of 1,375 individual fishes spanning 194 species
and 45 families collected across lagoon and reef slope habitats between 2016 and 2019. To
characterise the base of the underlying food web, representative samples of major macroalgal
groups, benthic cyanobacteria, oceanic particulate organic matter (POM), and invertebrate
primary consumers (serving as isotopic baselines) were collected from the same habitats in
2016. Initial Bayesian linear regressions confirmed that while minor interannual isotopic
variations occurred in some species, the direction of these variations was inconsistent across
taxa, justifying the aggregation and analysis of the entire multi-year dataset. A detailed
description of sample collection, laboratory processing, and statistical analysis is provided
in Appendix S5: Section 1.

Collections were performed using permit number 681/MCE/ENV delivered by the Gov-
ernment of French Polynesia.

The analysis followed all sequential steps of the proposed workflow:

1. Data preparation and parameter selection. To eliminate lipid-derived bias, §'3C
data were mathematically normalised based on individual C:N ratios, applying
taxon-specific models for fish and invertebrate samples. For the basal sources, five
initial categories (benthic cyanobacteria, green, brown, and red algae, and oceanic
POM) were evaluated in isospace. Brown and green algae exhibited substantial
isotopic overlap and were grouped a priori, reducing the system to four distinct
basal sources. To evaluate workflow sensitivity to parameter selection, we selected
two distinct sets of widely used literature TDFSs: general, non-tissue-specific values
from Post (2002) and muscle tissue-specific values from McCutchan Jr et al. (2003).
Finally, two long-lived primary consumers—benthic grazing gastropods (Monetaria
spp.) and filter-feeding bivalves (Limaria fragilis)—were selected as isotopic baselines.

Their suitability was verified via a Bayesian SIMM fitted with MizSIAR (Stock et
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al., 2018), which confirmed their high fidelity to their assumed pathways (substantial

pelagic reliance for bivalves and predominant benthic reliance for gastropods).

. Steps 1 and 2: Trophic position and rescaling. To estimate trophic position for each

fish species, we fitted Bayesian two-baseline models using tRophicPosition (Quezada-
Romegialli et al., 2018) using the validated baselines and selected TDFs. Then, the
raw isotopic signatures of individual fish were rescaled to the food web base using
the estimated trophic position modes and mean TDF values, removing the accumu-
lated trophic discrimination. Because these steps were executed independently for
non-tissue-specific and muscle tissue-specific TDFs, two separate rescaled fish datasets

were generated for all subsequent steps.

. Fvaluation step. Both rescaled fish datasets were plotted in bi-dimensional isospace to

determine whether consumers correctly fell within the mixing polygon. While the vast
majority of individuals fell within the polygon boundaries, isolated individuals falling
outside were evaluated using the probabilistic framework of Smith et al. (2013). Ob-
servations with an explanatory probability <1% (11 individuals for non-tissue-specific
and 23 for muscle tissue-specific TDFs, representing 0.8% and 1.7% of the total obser-
vations, respectively) were flagged and removed to prevent model convergence failures.
Furthermore, the calculated normalised surface area of the mixing polygon was 35.5

SD?, confirming a well-resolved source geometry (Brett, 2014).

. Step 3: Basal source proportions. To accommodate their complex ecological and evolu-

tionary structure, the rescaled consumer datasets were partitioned into eight distinct
trophic guilds capturing the primary energetic pathways of the reef (Appendix S6).
Within each guild, we fitted alternative Bayesian SIMMs using a process-only error
structure with MizSIAR (Stock et al., 2018) to evaluate the relative effects of body
size and evolutionary history. For each guild, four models of descending complexity

were executed:

1. full model incorporating taxonomy as a nested random effect (species within

family) and fish total length as a continuous covariate;
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508 2. taxonomy-only model;

509 3. length-only model;

510 4. null model.

511 Models were fit using informative Dirichlet priors constructed from expert system
512 knowledge (Parravicini et al., 2020), maintaining a hyperparameter sum equal to the
513 number of sources (K = 4). Final model selection was performed through leave-one-
514 out cross validation (Vehtari et al., 2017) and stacking weights (Yao et al., 2018).
515 Estimated proportions for all algal sources (green-brown combined and red algae) were
516 aggregated a posteriori to yield an overarching algal contribution. Finally, species-
517 specific median source proportions estimated with non-tissue-specific and muscle tissue-
518 specific TDFs were directly compared using Bayesian multivariate linear regressions
519 fitted with brms (Biirkner, 2017) to provide a comprehensive check on the sensitivity
520 of our ecological conclusions.

5210 2.4 Computational environment

522 Simulations and analyses were performed in R version 4.4.2 (R Core Team, 2024), using
523 targets version 1.6.0 (Landau, 2021) as pipeline tool to manage the project workflow, renv
524 version 1.0.5 (Ushey & Wickham, 2024) for package management and crew version 0.10.2
525 (Landau, 2024) for parallel computing. Bayesian SIMMs were fitted with tRophicPosition
526 version 0.8.0 (Quezada-Romegialli et al., 2018) and MizSIAR latest development version
527 (commit 037978f) (Stock et al., 2018) in JAGS (Just Another Gibbs Sampler) version 4.3.2
528 (Plummer, 2003), while Bayesian regression models were fitted with brms version 2.21.0
520 (Biirkner, 2017) using CmdStan version 2.40.0 (Gabry et al., 2024; Stan Development Team,
530 2024) as backend.
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3 Results

3.1 Simulations
3.1.1 Omne vs two baselines

In terms of accuracy, the workflow performed similarly irrespective of the baseline configu-
ration. Maximum absolute errors in estimated source proportions ranged between 0.01 and
0.63, although 84% and 85% of all estimated source proportions had an absolute error of
<0.2 for the one-baseline and the two-baseline configurations, respectively (Figure 2A). The
maximum absolute error in estimated source proportions was strongly, positively related
to the absolute error in estimated consumer trophic position (TP,, Figure 2A), with no
difference in the slope between the two approaches (Bone_paseiine = 0-74 [0.65, 0.86] and
Brwo—baselines = 0.77 [0.69, 0.86], with Py = 0.33). Accordingly, the

ne—baseline>IBT'wo—baselines

maximum absolute error did not differ between the two approaches across the range of TP,

error (Appendix S4: Figure S6A), nor in precision ( = 0.13; Ap-

B e basetine> Do vasctines
pendix S4: Figure S6B). The coverage of the 95% CI of estimated source proportions also
declined with increasing error in TP, (Figure 2B). In the replicates with the most accurate
TP, estimates (absolute error < 0.14 and < 0.10 for one and two baselines, respectively),
coverage was close to the nominal level (0.93 [0.84, 0.98] and 0.98 [0.91, 1.00]). It remained
high (0.85 and 0.88) at mean errors of ~0.15-0.2, but it dropped to ~0.5 at mean errors of
~0.3-0.4 and to 0.28 and 0.10 for errors > 0.8. Coverage was lower with two baselines for
errors above ~0.3, with the largest difference of 0.17 [0.07, 0.28] at an error of ~0.6 (Appendix
S4: Figure S6C). The error in estimated TP, is proportional to the TP-corrected (i.e., at

TP = 1) difference in 6'°N between the consumer and the baseline(s), which results from

different contributions of the sources to the consumer and baseline(s) (Appendix S7: Figure

S1).
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Figure 2: Effect of the absolute error in consumer trophic position (TP ), estimated using one
or two isotopic baselines, on the estimated source proportions (p;). A) Maximum absolute
error in p,. Semi-transparent points are raw data. B) Coverage of the 95% credible intervals
(CI) of py, (i.e., the proportion of intervals that include the true value). Points show coverage
within five bins of TP, error, each with an equal number of replicates (n = 20). Vertical
bars are 95% binomial confidence intervals, and horizontal bars show the range of TP, error
within each bin. Rug marks show individual intervals that include (top) or exclude (bottom)
the true value. The dashed line marks the nominal 95% coverage. In both panels, solid lines
and ribbons are model predictions that represent the median and CI, respectively.
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3.1.2 Sensitivity to consumer and source sample size

In this food web (Appendix S4: Figure S3), the true source contributions to the simulated
consumer were relatively well recovered with small absolute errors (<0.1) in the estimates
(Figure 3A). Consumer sample size affected both the estimated median and the 95% CI width
of source proportions (Figure 3A-B). However, it only had a weak effect on the mean of the
estimated medians (i.e., accuracy), while the mean of the estimated 95% CI widths (i.e.,
uncertainty) strongly decreased with increasing sample size (Figure 3A-B and C-D, panel u).
In addition, the variance of both estimates (i.e., precision) decreased with increasing sample
size (Figure 3C-D, panel o). Note that the slightly different point estimates and credible
intervals obtained with a consumer sample size of one compared to larger sample sizes are

likely due to different error structures in the mixing model (i.e., process-only vs process X

residual).
Source sample size did not affect the mean of the estimated median source proportions
(i.e., accuracy; Figure 4A and C, panel p), but a larger source sample size reduced the mean

of the estimated 95% CI width of source proportions (i.e., uncertainty; Figure 4B and D,
panel u), although to a smaller extent compared to the consumer sample size. Furthermore, a
larger source sample size reduced the variance of both estimates (i.e., precision; Figure 4C-D,

panel o).
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Figure 3: A-B) Relationships between the median and 95% credible interval (CI) width of
source proportions (p,) and consumer sample size. Small, coloured points are raw data,
while large points represent the means. These are horizontally adjusted for clarity. Solid
lines and ribbons are model predictions and represent the median and CI, respectively. In
A, the dashed lines represent the true proportions, while the dotted lines indicate the pro-
portions implied by the fixed source and baseline samples (to which the estimates converge
as consumer sample size increases). C-D) Effect of consumer sample size on the mean (u)
and standard deviation (o) of the median and 95% CI width of pj, respectively. Black dots
and intervals represent the median, 50 and 95% CI, respectively, while the coloured area
represents the posterior density. Some intervals are too small to be seen. Vertical dashed
lines depict 0 (i.e., no effect).
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Figure 4: A-B) Relationships between the median and 95% credible interval (CI) width of
source proportions (p,) and source sample size. Small, coloured points are raw data, while
large points represent the means. These are horizontally adjusted for clarity. Solid lines
and ribbons are model predictions and represent the median and CI, respectively. In A, the
dashed lines represent the true proportions, while the dotted lines indicate the proportions
implied by the fixed consumer and baseline samples (to which the estimates converge as
source sample size increases). C-D) Effect of source sample size on the mean (1) and standard
deviation (o) of the median and 95% CI width of p;, respectively. Black dots and intervals
represent the median, 50 and 95% CI, respectively, while the coloured area represents the
posterior density. Some intervals are too small to be seen. Vertical dashed lines depict 0
(i.e., no effect).
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3.1.3 Sensitivity to TDF uncertainty

In the first set of simulations, without individual variation in TDFs, absolute errors in source
proportions were small (< 0.04 at n > 5), and coverage was > 0.88 for all sources, regardless of
the TDF uncertainty assumed in the mixing model (Appendix S4: Figure S8). With a single
consumer observation, propagating TDF uncertainty across trophic steps produced wide Cls
and estimates close to the default generalist prior in MizSIAR (1/3 for each source). With
individual variation in TDFs, coverage was below nominal at n > 5 for the dominant source,
which had the narrowest Cls (Appendix S4: Figure S9). Propagating TDF uncertainty
increased its coverage at n = 5 (from 0.80 to 0.96 with process x residual error, and from
0.60 to 0.84 with process-only error), but not at larger sample sizes, where it declined to
0.64 at n = 20 regardless of the TDF uncertainty assumed. Propagating TDF uncertainty
also reduced the estimated multiplicative residual error (from 7-10 to 1.4-2.9).

In the second set of simulations, the misspecified mean TDF biased TP, (mean absolute
error 0.32-0.35 at n > 5). Averaged across sources, coverage declined from 0.67-0.72 at n =
5 t0 0.29-0.39 at n = 20, regardless of the TDF uncertainty assumed (Appendix S4: Figure
S10). In all simulations, coverage was therefore limited mainly by the error in TP_ rather

than by the TDF uncertainty assumed in the mixing model, consistent with Figure 2B.

3.2 Case study

The selected models consistently included the full structure (including taxonomy and fish
total length) or only taxonomy (Appendix S5: Tables S5-S6). The estimated relative con-
tribution of basal sources to coral reef fishes in Mo’orea were strongly correlated between
the non-tissue-specific and muscle tissue-specific TDFs, with POM and algae (brown, green,
and red algae combined) providing the largest overall contributions to similar extents and
cyanobacteria providing the smallest contributions, regardless of the TDFs used (Appendix
S5: Figure S18A). However, the contribution of cyanobacteria was consistently higher using
non-tissue-specific TDFs than muscle tissue-specific ones, while the contributions of POM
were lower and those of algae showed no significant difference (Appendix S5: Figure S18B).

These differences were more pronounced for some trophic guilds than others (Appendix Sb:
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Figure S18C). Furthermore, the probability of fish falling within the mixing polygon was sim-
ilar when isotopic signatures were rescaled using non-tissue-specific or muscle tissue-specific
TDFs (Appendix S5: Figure S19), although fewer observations fell outside the mixing poly-
gon using non-tissue-specific TDFs than muscle tissue-specific ones (Appendix S5: Figures
S13-S14). Therefore, both TDFs appear appropriate for our study. We present the results
obtained with non-tissue-specific TDFs here and report those obtained with muscle tissue-
specific TDFs in Appendix S5.

On average, algae (brown, green, and red algae combined) were the dominant source
for herbivores and detritivores, benthic and sessile invertivores, and macrocarnivores; how-
ever, for sessile invertivores and macrocarnivores, the contribution of algae was only slightly
higher than that of POM (Figure 5). POM, however, was by far the dominant source for
omnivores and planktivores, contributing over 50% and highlighting their high reliance on
pelagic primary production. Cyanobacteria, despite having an overarching low contribution,
were the dominant source for microphages, indicating a high reliance on benthic microbial
primary production. These results are consistent with the known trophic ecology of these
fishes (Clements et al., 2017; McMahon et al., 2016; Parravicini et al., 2020). However, the
relative contribution of basal sources varied with fish body size for all trophic guilds except
benthic omnivores (Appendix S5: Figure S20), as well as across species and families for
all trophic guilds (Appendix S5: Figures S21-S28). Taxonomic variation was more marked
for some guilds (e.g., microphages) and less for others (e.g., planktivores). All results were
consistent using muscle tissue-specific TDFs (Appendix S5: Figures S29-S38), although the

estimated proportions differed in absolute values.
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Figure 5: Isospace of reef fish species from Mo’orea, French Polynesia, and relative contri-
bution of basal sources to each trophic guild. Within the isospace, grey, semitransparent
dots represent individual fish isotopic signatures rescaled using non-tissue-specific trophic dis-
crimination factors (Post, 2002), white dots represent observations belonging to each trophic
guild, while coloured dots and lines represent means (£ 1SD) isotopic signatures of basal
sources. Dots and intervals in side plots represent the median, 50 and 95% credible intervals,
respectively, of the estimated relative contribution of basal sources to each trophic guild.
Note that the contributions of green-brown algae and red algae were aggregated a posteriori
to provide an overarching algal contribution. POM = particulate organic matter.
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4 Discussion

We present a comprehensive description of an analytical workflow for estimating consumer
reliance on basal food sources using bulk SIA. To our knowledge, existing guidance on this
approach is scarce and fragmented. In particular, only brief mentions exist about correcting
consumer isotopic values for total trophic discrimination by multiplying the TDF of a single
trophic step by the number of trophic steps between the consumer and basal sources (Phillips
et al., 2014; Reid et al., 2008). Here, we make this rationale explicit by describing each step
required to derive consumer reliance on basal sources from the bulk stable isotope data.
We also test how relaxing some sampling and parameter assumptions influence the results,
providing a mathematical and empirical basis for the analysis of bulk isotope data.

We show that the method used to estimate consumer trophic position influences the
results (Letourneur et al., 2024), but not to the extent that we anticipated. In particular, we
focus on using existing models (Post, 2002) that require a single isotopic baseline, typically
using the average §'°N of basal sources (e.g., Ferger et al., 2013; Garcia et al., 2018; Moustaka
et al., 2024) to represent an average trophic pathway, or two isotopic baselines representing
two distinct trophic pathways (e.g., McMahon et al., 2021). Our simulations show that
estimates of source-specific reliance for consumers are largely robust to the choice between
these two approaches in terms of accuracy. However, different outcomes could occur on a
case-by-case basis, particularly depending on the geometry of the mixing polygon and the
position of the consumers in isospace. Indeed, using the average §'°N of the basal sources as
the sole isotopic baseline will only yield an accurate estimate of trophic position for consumers
that uniformly rely on basal sources or primarily on a basal source with an average §'°N
value. However, as suggested by Equation S10 in Appendix S7, it will overestimate the
trophic position of consumers that primarily rely on a basal source with a high 6'°N value
and underestimate the trophic position of consumers that primarily rely on a basal source
with a low 6'°N value. Furthermore, this error will be greater as the range in §'°N of the
sources increases. On the other hand, using two isotopic baselines will yield an accurate
estimate of trophic position for consumers that primarily rely on one or more basal sources

represented by these baselines, but it may yield an inaccurate estimate for consumers that
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primarily rely on a basal source not represented by either of the baselines.

Nevertheless, our simulations highlight the high sensitivity of the estimated basal source
proportions to error in estimating consumer trophic position, indicating that trophic position
estimation is a critical step in the workflow. Trophic position estimates depend on the
assumed TDF': a misspecified mean TDF biased trophic position and, with it, the rescaled
consumer values (Appendix S4: Figure S10), which is one of the main limitations of SIMMs
applied to bulk STA (see Section 4.1). Error in trophic position not only increased the error in
the estimated source proportions but, because it is not propagated to the mixing model, also
reduced the coverage of their credible intervals. Coverage was close to the nominal 95% when
trophic position was accurately estimated, but it declined rapidly as its error increased and
more steeply with two baselines (Figure 2B; Appendix S4: Figure S6C). Credible intervals
of source proportions should therefore be interpreted as conditional on the estimated trophic
position. While we cannot directly recommend whether to use one or two baselines, we
provide an R function (estimate tp error(), Appendix S8) that implements the equations
derived in Appendix S7, which ecologists can use to assess bias in estimating trophic position
for hypothetical consumers, given the mean isotopic signature of the sources and baselines.
We recommend publishing the expected bias to allow the reader to independently assess the
accuracy of the results and the reliability of their credible intervals.

Applying this function to our case study, we show that the absolute bias in estimating
consumer trophic position is consistently below 0.5 for a set of consumers that primarily rely
on one, two, or three basal sources, or equally on all four basal sources (Appendix S5: Tables
S7-S8). According to our models (Figure 2), the expected maximum absolute error in the
estimated source proportions is consistently less than 0.2. The predicted coverage of their
95% CI remains > 0.76 for consumers with an absolute bias in trophic position below 0.2,
but decreases to 0.30-0.73 for larger biases. Credible intervals for these consumers should
therefore be interpreted with caution.

Our simulations also show that larger consumer and source sample sizes increase the pre-
cision of estimated proportions, reducing their variability among data sets. Larger sample
sizes also reduce the uncertainty of each estimate, narrowing its credible intervals. These im-

provements were gradual, with the largest gains at the smallest sample sizes and diminishing
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returns beyond approximately ten samples (Figures 3-4). Whenever possible, a minimum
sample size of ten for each consumer and basal source is therefore recommended. Smaller
sample sizes may be unavoidable under financial constraints or when using pre-existing data
and they allow the analysis of a greater number of taxa, locations, or time points, at the
expense of lower precision and greater uncertainty. Increasing sample size, however, does
not reduce systematic deviations arising from other data, such as sampling error in the mean
isotope values of sources or baselines, or error in the estimated trophic position. In our simu-
lations, estimates therefore converged to the proportions implied by the fixed samples rather
than to the true proportions (Figures 3A-4A). As credible intervals narrow with increasing
sample size, such deviations can cause them to exclude the true proportions, as shown for
trophic position error in Figure 2B.

Finally, our case study highlights the sensitivity of the estimated basal source propor-
tions to the choice of isotope-specific TDFs. Where available, TDFs measured in feeding
experiments or estimated for the taxa of interest (e.g., using SIDER for mammals and birds;
Healy et al., 2018) should be preferred over general literature values. In all cases, a sensitiv-
ity analysis using alternative TDFs is essential to increase the robustness of the results and
support TDF choices, as errors in the mean TDF are not accounted for by including TDF
uncertainty in the mixing model (Appendix S4: Figure S10).

To facilitate the application of the proposed analytical workflow, we also provide a step-
by-step guide in R using a simulated food web in a determined system characterised by
three basal sources and two isotopes (https://mattiaghilardi.github.io/SIMMmultitroph
vignette/). In this vignette, we show that a hierarchical model, with random effects for
family and species within family, can produce accurate estimates for 20 simulated species

from five families, even for species with a single observation, as in our case study.

4.1 Limitations and future directions

Our proposed analytical workflow has the following limitations:

1. Currently available software packages only allow estimation of consumer trophic posi-

tion using one or two isotopic baselines, which results in a quantifiable error in trophic
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position estimates when the studied system has more than two basal sources (Ap-
pendix S7). This is typical in complex ecosystems and affects estimates of basal source

proportions (Figure 2).

. Uncertainty in TDFs and trophic position is not propagated into rescaled consumer

values, as uncertainty in consumer isotope values cannot be specified for individual
consumers in available SIMM software packages. SIMMs with consumer-level TDFs
(Parnell et al., 2013) would avoid rescaling and propagate this uncertainty, but they
are not implemented in available software packages. Uncertainty in TDFs and trophic
position can be approximated by providing the SD of total trophic discrimination to
the mixing model (Appendix S4: Equation S3). Alternatively, SIMMs can be fitted
according to Equation 5, using consumer data at the original scale and incorporating
total discrimination and its uncertainty into the model. However, both approaches
require consumers with the same trophic position and TDFs, since TDFs cannot be
specified for individual consumers or groups of consumers. A separate SIMM is there-
fore needed for each consumer (e.g., Zapata-Herndndez et al., 2021). While this may
be preferable in studies involving one or a few taxa, it becomes unrealistic across a
larger number of taxa, as in our case study. It can also lead to inefficient inferences
with greater uncertainties in source proportions (see Stock et al., 2018), and it lim-
its the ability to obtain large-scale information (e.g., at the level of trophic guilds or
higher taxonomic ranks). In our simulations, providing TDF uncertainty to the mixing
model increased coverage only at small consumer sample sizes with individual varia-
tion in TDFs; otherwise, the residual error largely absorbed this variation (Appendix
S4: Figures S8-S9). In contrast, a misspecified mean TDF biased trophic position,
and coverage declined with increasing sample size regardless of the TDF uncertainty
provided (Appendix S4: Figure S10). The main consequence of TDF uncertainty is
therefore error in the mean TDF, which biases both the estimated trophic position and
the rescaling of consumer values and is not accounted for by including TDF uncertainty
in the mixing model. Refitting the mixing model over many draws of the mean TDF

and TP, (i.e., multiple imputation) would only partly address this, as posterior draws
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of the mean TDF do not reflect a misspecified system mean, and it is computationally
impractical with current software. Sensitivity analyses with alternative TDFs there-
fore remain the practical option (see above). Error in the mean TDF is not specific to
our workflow: it also affects SIMMSs of consumers one trophic step above their sources,

where a misspecified mean TDF shifts consumers relative to the sources.

3. Compounding these constraints, our framework assumes constant trophic discrimina-
tion, although TDFs vary substantially across taxa, diet and tissue types, and trophic
groups (Canseco et al., 2022; Caut et al., 2009; Stephens et al., 2023). In particular,
TDFs decrease with increasing dietary isotope values, implying that discrimination
narrows at higher trophic levels (Hussey et al., 2014). We integrated this narrowing
discrimination framework into the workflow in Appendix S2, providing all the equa-
tions required for its implementation. Its parameters have been estimated directly
only for §'°N in fish muscle (Hussey et al., 2014). They can, however, be derived from
meta-analytic regressions of TDFs on dietary isotope values, which are available for
§13C and 6N in several taxa and tissues (Canseco et al., 2022; Caut et al., 2009).
These relationships are often weak, particularly for §3C, and no dedicated software
packages are available to fit these models, which would need to be coded directly (e.g.,
in JAGS or Stan). We therefore did not apply this approach to our case study. Un-
til robust parameters and software become available, constant TDFs remain the only
practical option, and their choice should be assessed through sensitivity analyses with
alternative TDFs. In our case study, relative source contributions were consistent

across TDFs, although absolute values differed (Appendix S5: Figure S18).

To address these issues, SIMMs that can explicitly handle multiple trophic steps are
desirable (Heikkinen et al., 2022). However, these can only be applied to simple, well-known
food webs. For more complex food webs, which constitute the majority of cases, new models
based on Equations 2-3 are needed. These would extend existing models (Equations 6-
11), allowing for the estimation of trophic position along with basal source proportions in
situations with more than two basal sources and, possibly, modelling both trophic position

and source proportions as a function of covariates. However, to avoid underdetermined
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systems, these models require the same number of stable isotopes as sources (i.e., a third
isotope would be needed for a system with three sources).

Beyond providing a robust analytical framework, our case study demonstrates how this
integrated workflow can be applied to large, complex datasets to extract ecological insights
at multiple taxonomic and functional levels. By bridging existing methodological gaps, this
framework unlocks the potential to leverage vast, underutilised repositories of stable isotope
data across the published literature (e.g., Berto et al., 2025; Boulétreau et al., 2025; Shipley
et al., 2024), enabling researchers to generate novel meta-analyses and synthesise energy
pathways at broad macroecological scales. Furthermore, these findings could be scaled di-
rectly to the community level to quantify energy and nutrient fluxes across environmental
gradients, map functional biogeography, and predict how ecosystem functioning will respond
to changes in primary production sources. Ultimately, this workflow offers a scalable and
accessible standard that enhances the comparative power of stable isotope ecology across

diverse aquatic and terrestrial biomes.
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