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A B S T R A C T

Population viability analysis (PVA) has become a widely used set of tools for evaluating

relative extinction risk and prioritizing management options among imperiled popula-

tions. While PVA is a widely sanctioned tool in conservation biology, the field of population

viability is in its infancy with respect to species interactions. In this paper, I review avail-

able methods for evaluating extinction risk when species interactions contribute signifi-

cantly to population viability. This review includes an evaluation of six broad categories

of species interactions (predation, disease, competition, mutualism, parasitism and host-

parasitoid interactions) in population viability analysis, with a particular focus on preda-

tion as a case study. I first evaluated how often species interactions are considered when

PVA is applied to population data from imperiled species. I identified 378 articles in com-

monly cited conservation journals, of which 24 attempted a viability analysis for popula-

tions threatened by interactions with other species. Most of these PVA’s treat a putative

species interaction as a constant source of mortality rather than a coupled, dynamic pop-

ulation process. Second, I reviewed the literature to identify the availability of time-series

of abundance data for two interacting species in which at least one species was threatened

or endangered. Adequate time-series data were available for both species comprising an

interacting pair in only 9 out of 407 papers reviewed. Third, I used a stochastic, fully

stage-structured predator prey model to create time-series data (vital rates and projection

matrices) in order to quantify the efficacy of two matrix-based, single-species PVA

approaches. Simple single-species PVAs confound stochastic variation with population

cycles induced by species interactions (in this case predation). As a result these models pro-

vide conservatively biased forecasts of viability. Unfortunately, the data needed to con-

struct more complex PVA’s with feedback and multi-species stochasticity are rarely

collected. I close with a discussion of key advances needed to ‘‘escape the population

vacuum’’ in a move toward more realistic estimates of extinction risk.

� 2007 Published by Elsevier Ltd.
1. Introduction

In recent years, population viability analysis (PVA), has be-

come a widely applied set of techniques for evaluating rela-

tive extinction risk and prioritizing management options

among imperiled populations (Doak et al., 1994; Gerber and
hed by Elsevier Ltd.
VanBlaricom, 2001; Morris and Doak, 2002; Pascual et al.,

1997; Soule, 1990). PVAs come in a variety of forms (Morris

and Doak, 2002); in this paper I rely on one particular form

of PVA, a stage-structured demographic approach applied to

data describing the vital rates of a species of concern. The

development of population viability analyses (PVA) is required
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for IUCN Species Survival Plans developed for threatened and

endangered species (IUCN, 1994). In addition, PVA is increas-

ingly being used in the US to fulfill the Endangered Species

Act requirement that recovery plans include ‘‘objective, mea-

surable criteria which, when met, would result in a determi-

nation. . . that the species be removed from the List’’ (16

U.S.C. § 1533(f)(1)(B)(ii); Gerber and Hatch, 2002). At the same

time, PVA has been criticized for its limited ability to incorpo-

rate uncertainty (Fieberg and Ellner, 2000; Ludwig, 1999; Tay-

lor, 1995) and a lack of biological realism (Beissinger, 1995;

Dennis, 2002; Ellner et al., 2002; Engen and Saether, 1998; Fo-

ley, 1994; Fox and Kendall, 2002; Kendall and Fox, 2002; Lande,

1993; Zeng et al., 1998; Sabo and Gerber, 2007). Here I focus on

the latter criticism and discuss the implications of species

interactions for forecasting risk of threatened populations

using PVA.

A central tenet of the US Endangered Species Act is to pro-

tect individual species as a surrogate for the conservation of

ecological communities (16 U.S.C. § 1533). Ironically, single-

species approaches to conservation have rarely provided um-

brella protection for whole communities (Andelman and Fa-

gan, 2000), and these approaches have almost always ignored

communities when analyzing the risk faced by the flagship

species. While PVA is now widely accepted as a general tool

in conservation biology, the field of population viability is faced

with the philosophical dilemma of embracing or ignoring the

realism and complexity of interactions in ecological communi-

ties (Sabo and Gerber, 2007; Holmes et al., 2007). Specifically,

most PVA models have borrowed exclusively from single-spe-

cies fisheries and wildlife models, ignoring the direct and indi-

rect effects of species interactions on the dynamics of the focal

population (Caughley, 1996). Recent validation exercises sug-

gest that simple state-space models can capture enough detail

from a time-series to predict population fate (e.g., the risk of

population declines) without knowing the true population pro-

cess generating the data (e.g., Holmes et al., 2007). Thus,

though rich sets of observed population dynamics may be dri-

ven by for example, the delayed effects of predation (Royama,

1981; Hanski et al., 1993; Turchin et al., 1999; Turchin and Han-

ski, 2001), these causes of dynamics may not be necessary for

forecasting the focal population’s risk of decline (i.e., quasi-

extinction). The degree to which this conclusion applies to

other single-speices PVAs is less known. Stage- or age-based

matrix models are commonly applied in PVA and form the

backbone for many canned PVA packages. These models often

include copious detail about the population of interest. For

example, in a three-stage model, we must estimate a mini-

mum of six transition probabilities and the six corresponding

uncertainties. Very few of these models consider species inter-

actions, for example predation in birth or death functions.

More surprising, there have been very few attempts to even

quantify the degree to which a species interaction is even in-

cluded (explicitly or not) in a PVA.

In this paper, I review and synthesize methods for evaluat-

ing extinction risk when species interactions contribute sig-

nificantly to population viability. This review includes an

evaluation of six broad categories of species interactions (pre-

dation, disease, competition, mutualism, parasitism and

host-parasitoid interactions) in population viability analysis,

with a particular focus on predation as a case study. Specifi-
cally, I examine three questions: (1) How often are species

interactions explicitly incorporated into viability models?, (2)

For introduced species as a case study, what types of data

are needed to predict population viability in the face of spe-

cies interactions and how often are these data collected? I fo-

cus here on time-series of abundance data and models that

characterize viability using this type of data (Dennis et al.,

1991; Holmes, 2001). Finally, I use a stochastic, three-stage

predator–prey model to simulate population data (vital rates

and projection matrices) for prey populations threatened by

non-native predators. I then use these data to quantify the

efficacy of two very commonly used matrix-based, single-spe-

cies PVA models at estimating quasi-extinction risk in the

face of cycles induced by the predator–prey interaction.

2. Methods

2.1. How often do PVA’s explicitly include species
interactions?

I used the Web of Knowledge (Thomson ISI, New York) to

search for abstracts containing the search phrases ‘‘popula-

tion viability analysis’’, ‘‘extinction risk’’, ‘‘sensitivity analy-

sis’’ and ‘‘elasticity analysis’’ and one of six common species

interactions (predation, competition, disease, mutualism,

parasitism and ‘‘parasitoid’’). This search was carried out in

three of the most commonly cited conservation journals

(Conservation Biology, Ecological Applications and Biological

Conservation) from 1955 to present. This search yielded 378

articles of which 24 attempted a viability analysis. I then clas-

sified these 24 studies as implicit, stationary or dynamic, accord-

ing to the way species interactions were incorporated into the

analysis.

Implicit species interactions drew conclusions about species

interactions without including the species interaction explic-

itly in the analysis. This category includes papers that report

one of many types of PVA on the target species but only spec-

ulated about the putative benefits of reducing the impact of

one or more species interactions (i.e., increasing k). Stationary

species interactions included perturbations to demographic

schedules corresponding to hypothesized impacts of species

interactions. These papers directly analyzed the effects of a

particular species interaction by conducting simulation exper-

iments in which these effects were altered by changing model

parameters. The most basic approach was standard demo-

graphic sensitivity analysis in which mortality rates of the na-

tive species were reduced to simulate the reduction of effects

from heterospecifics. I called this approach a stationary PVA

because the effects of the heterospecifc are assumed to be

the same among years, not varying as a function of the abun-

dance of the population of the other species. Finally, dynamic

species interactions included varying degrees of dynamic

feedback between species. Here, dynamics of heterospecific

populations were directly embedded in the PVA model.

2.2. How frequently do empirical studies report
abundance for both introduced and native species?

In reviewing papers that conducted PVA on species engaged

in a species interaction, it became apparent that many of
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these studies lacked careful data describing the ‘non-focal’

species (i.e., the predator of a threatened prey species). Specif-

ically, though datasets abound for threatened and endan-

gered species (Fagan et al., 2001), few studies monitor the

abundance of species that may cause declines in abundance

as closely. Thus, I conducted a second literature search to

identify the availability of time-series of abundance data for

two interacting species in which at least one species was

threatened or endangered. I focus on introduced species as

an important category of species interactions, and used the

search terms ‘‘non-native’’, ‘‘introduced’’, ‘‘exotic’’, ‘‘invasive’’,

‘‘threatened’’ and ‘‘endangered’’ searching the same journals

identified as above. This search produced a library of 407 ab-

stracts. I searched all papers in this library for time-series

data on introduced and native species. Studies that did not

estimate abundance for either species (0 years) and those that

compared abundance of a threatened species during one year

in habitats with and without a second species (1 year) were

pooled into one category. Papers with only 2 years of abun-

dance estimates were typically studies that employed ‘‘Be-

fore–After’’ designs in which the second species (usually a

predator) was removed and abundance was compared be-

tween years. All other studies were classified as having data

for one or both species and grouped in 3-year categories

(e.g., 3–5, 6–8, etc.).

2.3. How do single-species PVA models perform in the
face of predator–prey cycles?

Introduced predators are a globally significant threat to native

prey populations (Mack et al., 2000; Myers et al., 2000), espe-

cially on island ecosystems (Atkinson, 2001; Towns and Ball-

antine, 1993; Towns and Broome, 2003). Curiously there are

no general techniques available to forecasting extinction risk

for prey populations threatened by non-native predators

(Table 1). The most commonly used approach in PVA adjusts

prey survival rates by some fraction of empirically estimated

predation to simulate population growth rates (k) of the native

prey species under predator control. This exercise is done pri-

marily in the context of matrix-based demographic models.

With this approach one can evaluate the effect of reducing

predation related mortality rates (simulating predator har-

vest) on the population trend of the native prey population.

This ‘‘stationary’’ approach often (but not always) includes

stochasticity but assumes that the effects of predation are

stationary and included via the survival rate of the prey. In

this way, these models ignore important dynamic feedbacks

between abundance of predators and prey. A more mechanis-

tic ‘‘dynamic’’ approach (Sinclair et al., 1998) relies on 2-spe-

cies models that include important feedbacks between

predator and prey abundance levels, but does not include

environmental stochasticity. Clearly, some combination of

these features—feedback between predator and prey abun-

dance and stochasticity—is desirable for effective multi-spe-

cies PVA’s.

2.3.1. The PVA models tested
I explored the consistency of two simple single-species PVA

models at forecasting risk for an endangered prey species

when the vital rates of this prey species were influenced by
predation. The two PVA models tested here are both station-

ary projection matrix models as neither includes any feed-

back between predator abundance and prey vital rates.

These PVA models differ in that one ignores stochasticity,

while the other includes stochasticity by drawing vital rates

randomly from estimated distributions of these parameters.

I call these two PVA models the static projection matrix (or

‘StaPM’) and the stochastic vital rate (or ‘StoVR’) models,

respectively to differentiate between the way stochastic vari-

ation in vital rates is incorporated in each. These models are

described in detail elsewhere (Morris and Doak, 2002; Sabo

and Gerber, 2007). Briefly, the StaPM approach involves the

construction of a single projection matrix-based on point esti-

mates of stage-specific survival and fecundity to estimate a

time specific overall growth rate, kt. This value of kt is then

used to project the current population into the future or in

a sensitivity or elasticity analysis (Crouse et al., 1987; Wisdom

et al., 2000; Morris and Doak, 2002) to quantify the best way to

change kt via managing a particular vital rate. For example, if

adult survival has the highest elasticity, then protecting

adults from predation by non-native species may be the best

recourse for recovering the population (i.e., achieving and

maintaining kt > 1, where growing populations are character-

ized by kt > 1 and declining population are characterized by

kt < 1).

In contrast to the StaPM, the StoVR uses empirically mea-

sured statistical distributions of each vital rate to generate

random projection matrices when forecasting future popula-

tion dynamics. Statistical distributions of vital rates are based

on a minimum of five (and often more) point estimates of

each rate (Morris and Doak, 2002). One then draws random

survival rates from a beta distribution (based on transforma-

tions of the mean and variance of this vital rate) and fecundi-

ties from a log–normal distribution, calculates kt, and then

uses this value of kt to project the population (to t + 1). With

adequate replication (i.e., 1000 Monte Carlo runs) one can

then generate a distribution of relevant extinction metrics

including the probability of reaching a threshold abundance

level (extinction or quasi-extinction).

2.3.2. Generating the data via a predator–prey model
I generated time-series of vital rates and abundances for a prey

species interacting with a predator via a stochastic, fully stage-

structured and fully dynamic matrix model. Though simpler

models (e.g., Ives, 1995; Abrams, 2002; Sabo, 2005) would suf-

fice for generating time-series of abundance data, only a fully

stage-structured, two species model is capable of generating

both abundance and vital rate data at each time step and vital

rates are the data required by the StaPM and StoVR PVA

approaches. The predator prey model I used is described in

detail elsewhere (Barbeau and Caswell, 1999; Sabo and Gerber,

2007). Briefly, the model followed the general form,

Nðtþ 1Þ ¼ AðtÞN �NðtÞ ð1aÞ
Cðtþ 1Þ ¼ AðtÞC � CðtÞ ð1bÞ

where N(t) and C(t) are vectors of abundances of prey (N) and

predators (C) at time t, in each of three stages and AðtÞN and

AðtÞC are population projection matrices for prey and predators,

respectively in year t. In these matrices, I incorporated density



Table 1 – Examples of metrics for risk assessment methods that include species interactions, found during literature search for articles assessing effects of non-native
predators on the viability of native prey species as a general category of multi-species viability studies

Approach # Species directly
observed

Type of inference Type of response measured Data quantity
(yrs)

Considers
stochasticity

Retrospective vs.
predictive

Examples from
the literature

Empirical and experimental studies

Presence/absence 1 Circumstantial short term Change in abundance 1 No Retrospecitve 1

Diet analysis 2 Circumstantial short term Change in mortality 1–2 No Retrospecitve 2

Experimental removal

(with control)

2 Strong short term Change in mortality & abundance 1–8 No Retrospecitve 3

Range expansion 2 Circumstantial long term Change in distribution Decades No Retrospecitve 4

Approach # Species directly
modelled

Type of prediction Type of data required Data required
(yrs)

Include
stochasticity

Retrospective vs.
predictive

Examples

Analytical forecast methods

Bioenergetics 1 Mortality Diet analysis, temperature 1 Yesa Predictive 5

Stability analysis of

Lotka-Volterra

1 Deterministic growth rate Mortality to predation, prey population

abundance

5+ No Predictive 6

Stationary-elasticity 1 Deterministic growth rate Prey vital rates, Mortality to predation 1 No Predictive 7

Stationary-projection 1 Probability of persistence Prey vital rates (mean and variance),

mortality to predation

3b Yes Predictive 8

Dynamic uncoupled 1 Probability of persistence Prey: growth rate (mean and variance),

mortality rate, carrying capacity; Predator:

index of abundanced,e

3b Yes for

1 species

Predictive 9c

Dynamic coupled 2 Probability of persistence Prey: growth rate (mean and variance),

mortality rate, carrying capacity; Predator:

conversion and metabolic efficiencies

(mean and variance)e

Unknown

but �8b,e

Yes for both

species

Predictive 10

References are as follows: (1) Alvarez-Castaneda and Ortega-Rubio (2003), Burbidge and Manly (2002), Massaro and Blair (2003), Wilson et al. (1998); (2) Risbey et al. (1999); (3) Banks et al. (2004), Kinnear

et al. (1998), Nordstrom et al. (2003); (4) Phillips et al. (2003), Wootton (1987); (5) Kitchell et al. (1997), Ruzycki et al. (2003); (6) Courchamp and Sugihara (1999), Sinclair et al. (1998); (7) Basse et al. (1999),

Doak et al. (1994), Elliott (1996), Harding et al. (2001); (8) Forys and Humphrey (1999), Kelly and Durant (2000), Li and Li (1998); (9) Vucetich et al. (1997); (10) Ives et al. (2003).

a Approximated by seasonal periodicity in temperature.

b Morris and Doak (2002).

c Vucetich et al. modelled predator–prey dynamics of wild dogs on the Serengheti plains with explicit predator (dog) dynamics but prey dynamics represented by an uncoupled forcing function

approximating prey fluctuations driven by periodicity in rainfall.

d Environmental periodicity scaled to the abundance of a predator could be accomplished for example for introduced fox populations dependent on secondary introduced prey populations such as

Peromyscus which are well known to cycle periodically with environmental fluctuations in temperature or rainfall.

e Alternatively, these parameters could be estimated with extensive time-series of abundance for both predator and prey species. These models are only beginning to be developed Ives et al. (2003).
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dependence in prey fecundity (as u[N(t)]), environmental sto-

chasticity in mortality for both species (as eðtÞN or eðtÞC ), and a

prey-dependent Type II functional response (as vi[N(t),C(t)] or

wi[N(t),C(t)], for prey and predators, respectively) viz:
AN ¼
f1 � u½NðtÞ� f2 � u½NðtÞ� f3 � u½NðtÞ�

minf1; ð1� v1½NðtÞ;CðtÞ� þ eðtÞN Þg 0 0

0 minf1; ð1� v2½NðtÞ;CðtÞ� þ eðtÞN Þg minf1; ð1� v3½NðtÞ;CðtÞ� þ eðtÞN Þg

2
64

3
75 ð2aÞ

AC ¼
F1 �w1½NðtÞ;CðtÞ� F2 �w2½NðtÞ;CðtÞ� F3 �w3½NðtÞ;CðtÞ�

minf1; ð1� ðm1 �w1½NðtÞ;CðtÞ� þ eðtÞC ÞÞg 0 0

0 minf1; ð1� ðm2 �w2½NðtÞ;CðtÞ� þ eðtÞC ÞÞg SC3

2
64

3
75 ð2bÞ
where fi and Fj are the maximum fertilities of the prey of stage

i and the predator of stage j, respectively, mj is the stage-spe-

cific density-independent mortality rate of the predator and

SC3 is the fixed survivorship of the third stage-class of the

predator. Details about the implementation of the functional

response, prey density dependence, prey dependence of the

predator and stochasticity can be found in Sabo and Gerber

(2007).

2.3.3. Overview of model behavior
The predator–prey model described above (Eqs. (1) & (2))

exhibits a wide variety of behavior, ranging from stationary

(but stochastic) fluctuations about a deterministic equilib-

rium to limit cycles (amplified by stochasticity) to chaos

(Sabo and Gerber, 2007). Transitions between these behaviors

are achieved simply by changing the encounter rate of pre-

dators in the third stage-class with prey of all stage-classes

(in vi[N(t),C(t)] and wi[N(t),C(t)]). This encounter rate in-

creases with the predator’s body radius (following Barbeau

and Caswell, 1999). Larger predators cover more area search-

ing for prey, have higher encounter rates and thus higher kill

rates of prey. Higher kill rates translate into instability of the

deterministic prey dynamics (see Sabo and Gerber, 2007).

This instability (recorded as cycles or chaos) could possibly

be confounded with additional variation brought on by envi-

ronmental stochasticity in simple single-species PVA models

because these PVA models do not anticipate any oscillations

in prey dynamics driven by predators. Here I evaluate this

claim for 2 commonly used PVAs in the context of intro-

duced predators. Specifically, I evaluate how well the StaPM

and StoVR PVA models estimate risk when confronted with

increasing amounts of instability driven solely by the preda-

tor–prey interaction (e.g., not by stochasticity). I do this by

testing the efficacy of each PVA model across a range of

encounter rates, and thus deterministic variability in prey

abundance using the same parameters for the simulation

model as in a similar analysis of count-based PVA tech-

niques (see parameter set with low stochastic variation in

Sabo and Gerber, 2007). This deterministic variability is mea-

sured from simulated time-series with no stochastic varia-

tion in either prey or predator survival as the coefficient of

variation (CV) of prey abundance (hereafter, the ‘coefficient

of intrinsically derived variance’, as in Sabo and Gerber,

2007).
2.3.4. Cross-validation routine
Cross-validation approaches have been used to evaluate PVA

efficacy in a variety of other contexts (Meir and Fagan, 2000;

Holmes and Fagan, 2002; Sabo et al., 2004) Here I outline the
basic steps to cross validating a PVA with simulated data.

First, I create the data necessary for PVA with a simulation

model (Eqs. (1) & (2), above). In this paper I simulate 30 years

of projection matrices (following Sabo and Gerber, 2007). I use

the first 15 years of data to parameterize the 2 PVA models

analyzed here—StaPM and StoVR. For the StaPM model—

which requires only a single projection matrix-based on a

minimum of 2 years of observations—I use one of the first 15

projection matrices to estimate parameters for the PVA. In

this case, estimation is simply extracting the projection ma-

trix from the simulated time-series of vital rates. Estimated

parameters are then used to forecast the population fifteen

years into the future. Because a single projection matrix

may not be representative of the longer (15-year) trend, I

use averages of all elements over the first 15 years of data

to construct the single projection matrix. This approach to

implementing the StaPM is actually much more rigorous than

the way this PVA is implemented in many of the studies re-

viewed in the literature surveys presented above.

To estimate the parameters for the StoVR PVA model, I

generate means and variances of each element in the projec-

tion matrix (3 survivals, 3 fecundities) using the first 15 years

of data and then project the population 15 years into the fu-

ture by drawing random elements from statistical distribu-

tions based on these means and variances. I assumed log–

normal variability for fecundity values and beta-distributed

survivals (Morris and Doak, 2002).

In each case (StaPM and StoVR) the variability in the per-

formance of estimated single-species models was determined

by repeating the validation process described above for 1000

randomly generated realizations from the full predator–prey

model. This is done for each of 8 values of the body radius

of stage-3 predators. Increasing body radius of this stage-class

of predators leads to increasing deterministic variation in

prey abundance (e.g., cycling, Sabo and Gerber, 2007). These

simulated realizations are then used to parameterize PVA

models and seed the PVA projections with an initial abun-

dance level. Thus for each simulated realization, I estimate

the parameters (as StaPM or StoVR) and then project the pop-

ulation 1000 times (once more) from the abundance level at

year 16 (N16) of the original realization to N30. Using these

1000 PVA runs I then quantify ‘predicted’ levels of extinction

risk. In addition to these 1000 PVA projections (using

estimated parameters), I also project the population 15 years
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Fig. 1 – Articles retrieved from a broad ISI search from three

commonly cited conservation journals (Biological

Conservation, Conservation Biology and Ecological

Applications) containing the key words ‘‘extinction risk’’,

‘‘Population Viability Analysis’’, ‘‘Elasticity Analysis’’ or

‘‘sensitivity analysis’’ and one of six species interactions

(Predation, Competition, Disease, Mutualism, Parasitism

and Parasitoid). The initial search retrieved 387 articles of

which 24 attempted a viability analysis. I found no PVA’s

concerning parasites or parasitoids. I then classified these

24 studies according to the way species interactions were

incorporated into the analysis. ‘‘Implicit’’ species

interactions drew conclusions about species interactions

without including the species interaction explicitly in the

analysis; ‘‘Stationary’’ species interactions included

perturbations to demographic schedules corresponding to

hypothesized impacts of species interactions, and

‘‘Dynamic’’ species interactions included varying degrees of

dynamic feedback between species.
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into the future from N16 using the base model (Eqs. (1) & (2))

and parameters (again 1000 times). Using these 1000 control

runs I then quantify ‘observed’ levels of extinction risk faced

by the same simulated prey populations.

I quantified observed extinction risk as the probability of

the population declining below 80% of its initial abundance

(i.e., 0.2 * N16) in either real or PVA projections. P80 is one of

two quasi-extinction metrics used by the IUCN for classifying

species as threatened and endangered on the Red List. Here I

quantify both the accuracy and the precision of each PVA at

predicting P80 as the mean and 97.5 and 2.5 percentile values

(e.g., 95% confidence interval) for error in PVA estimates of P80.

I estimate error as the deviation between predicted and ob-

served P80 such that negative values indicate overly-optimis-

tic error and positive values indicate conservative error. I

then plot the mean and 95% interval of error against the coef-

ficient of intrinsically derived variance (following Sabo and

Gerber, 2007) in prey abundance to test the efficacy of StaPM

and StoVR at estimating P80 when confronted with increasing

amounts of deterministic variation induced by predators. As a

control I measured the accuracy and precision of StaPM and

StoVR on a dataset generated by parameter values in which

prey species experienced no deterministic variation at all

(coefficient of intrinsically derived variance = 0). In this way

I test the prediction that error (bias and imprecision) is negli-

gible when prey population trajectories exhibit little deter-

ministic variability but increases with increasing values for

the coefficient of intrinsically derived variance (a measure

of deterministic oscillations).

3. Results

3.1. How often do PVA models incorporate species
interactions?

Only 24 of 378 papers in the first search applied PVA to conser-

vation problems in which a species interaction was implicated

in the decline of the target species (Fig. 1). Only 19 of these case

studies include species interactions explicitly in the PVA (Fig. 1,

Table 1). Many papers in the ‘‘implicit’’ category do not actually

include the species interaction in the PVA (i.e., as a source of

controllable mortality in a matrix-based PVA), but rather sim-

ply mention species interactions as an important variable. The

majority (ca. 63%) of case studies were ‘‘stationary’’, applying

matrix-based approaches that do not include important feed-

backs between the 2 species. Only 3 papers report dynamic

PVA’s where the species interaction is modeled explicitly.

These include dynamic models for predation and disease

(Vucetich et al., 1997), competition and disease (Vucetich and

Creel, 1999), and disease (Haydon et al., 2002).

3.2. How often do conservation efforts quantify
abundance levels of both the target prey species and
the non-native predator?

I categorized case studies based on modeling approach, type of

inference, data requirements and data availability (Table 1).

Time-series data were available for both species in only 9 of

407 papers (Fig. 2a). More studies (19) reported time-series data

for one of two interacting species, and many of the more
extensive datasets were for single-species (Fig. 2b). A majority

of studies (15 of 19 single-species time-series, Fig. 2b) do not

monitor the introduced species, but only monitor the native

species. Only 6 studies included time-series for both species

spanning more than 8 years.

3.3. How well do matrix-based, single-species PVAs
perform when predicting risk for prey interacting with
predators?

True risk of an 80% decline in 15 years (P80), ranged from 0–

35% and increased with increasing deterministic variation

caused by the predator–prey interaction (Fig. 3). Thus the risk

levels faced by prey populations in this analysis range from

undetectable to moderate. The two matrix-based (single-spe-

cies) approaches to PVA I analyzed here both provide accurate

(zero bias) and precise (narrow 95% CI) estimates of true risk

when deterministic variation is not present in prey time-ser-

ies (Fig. 4, abscissa). This provides a convenient control dem-

onstrating that these two models are capable of predicting

low risk when deterministic variation is low.

In contrast to the robust performance of these two single-

species PVA approaches when deterministic variation is low,

both over-estimate quasi-extinction risk (i.e., P̂ 80 � P 80 > 0)
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Fig. 2 – Articles retrieved from an ISI search for abstracts

from 3 conservation journals (as in Fig. 1) with the key

words ‘‘endangered’’, ‘‘threatened’’ and ‘‘non-native’’,

‘‘introduced’’, ‘‘exotic’’ or ‘‘invasive’’. These search terms

yielded 407 articles. Time-series data (here >2 yr) were

available for both species in 9 papers (a) and for only one of

two interacting species in 18 papers (b). Papers with only 2

years of abundance estimates were typically studies that

employed ‘‘Before–After’’ designs (*). All papers with less

than 2 year of data (for one or both species) are plotted in (a)

and indicated as NA** in (b).

ig. 4 – Raw error, or bias, in estimated probabilities of an

0% decline (estimated–observed P80) for two matrix-based,

ingle-species PVA models, a static projection model (a) and

stochastic vital rate model (b). Median (solid, black line)

nd 95% confidence interval (dotted, thin gray lines) values

f error are plotted for 1000 replicate population

ealizations. Perfect predictions would have median and

5% CI values of zero (dotted, thick horizontal line). Positive

rror indicates over-estimation of risk, or conservative

orecasts. Negative error indicates under-estimation of risk,

r overly-optimistic forecasts.

Fig. 3 – Observed levels of quasi-extinction risk for prey

populations threatened by a predator. Figure shows the true

probabilityof an 80% decline in abundance (P80) observed over

15yearsof prey populationdataasa functionof thecoefficient

of intrinsically derived variance in prey abundance.
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when the coefficient of intrinsically derived variance is great-

er than zero. Bias increases and precision decreases with

increasing magnitude of deterministic variation (as indexed

by the coefficient of intrinsically derived variance, Fig. 4) for

both PVA models. The static projection matrix PVA (StaPM)

forecasts certain quasi-extinction ðP̂ 80 ¼ 1Þ across a broad

range of values for true risk. By contrast, the stochastic vital

rate approach (StoVR) yielded less biased, but still conserva-

tive estimates of P80 (Fig. 4). This PVA model consistently over-

estimated P80 by 10% or more (95% CI spanning 50% under-

and over-estimates of true risk).

4. Discussion

Threatened and endangered species do not exist in a vacuum,

isolated from interactions with predators, competitors and

diseases. Introduced predators provide a salient example of

the importance of species interactions in managing declining

populations. Here I quantify how rarely PVA models include

species interactions. Less than 7% (24 of 378) of all records

examined here incorporated species interactions into a PVA

framework (Fig. 1). When species interactions are included

in a PVA, they are usually treated as a stationary source of

mortality within the context of a stationary projection matrix

(Fig. 1). Moreover, one of the most commonly applied PVA ap-

proaches, a single-species matrix model, grossly over-esti-

mates quasi-extinction risk as measured by a probability of

an 80% decline in abundance, or P80 (Fig. 3). Finally, and most

unfortunately, many published studies of endangered species

threatened by a species interaction likely have inadequate

data to parameterize even the most simple single-species

PVA models, much less approaches capable of analyzing the
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persistence of populations within a community framework

(e.g., multivariate autoregressive models, Table 1).

4.1. Cycles, noise and the efficacy of single-species PVA in
multi-species settings

In this paper I find that species interactions are typically por-

trayed as a non-dynamic source of mortality in the context of

matrix-based PVA models like the StoVR (stationary mortal-

ity) and StaPM (static mortality). The results from the subse-

quent cross-validation of these PVA models illustrate just

how wrong this practice can be when the dynamics of the

species interaction cause variation in vital rates of the target

species as in predator–prey cycles. Both the static and sto-

chastic matrix-based PVAs overestimate quasi-extinction

probabilities (positive bias on average in Fig. 4). Moreover, pre-

cision (inversely proportional to span of 95% CI) is quite low

for both models even with only slight deterministic variation

brought on by the predator–prey interaction.

The cause of bias in these two models as a result of preda-

tor–prey oscillations is different for each PVA model. In the

case of the static projection matrix model (StaPM), the forecast

is binary ðP̂ ¼ 0;1Þ. Thus, when the average vital rates across

the 16 year fitting interval produce an annualized growth rate

of k 6 0:904 (i.e., k � eðlnðnÞ=wÞ, where n is the proportion of initial

abundance, here 0.2 for an 80% decline, and w is the forecast-

ing interval, here 16 years) the forecast is for quasi-extinction,

and where k > 0.904 the forecast is for quasi-persistence. In

practice, the StaPM model is applied to a single set of vital

rates, not an average of 16 estimates of each rate as in this pa-

per. Thus, overestimation of risk by StaPM in my analysis may

result from under-estimation of k when using vital rates aver-

aged across a long time period. However, when parameterized

with a single set of vital rates, performance of the StaPM mod-

el is likely more variable. For example, forecasts would be

gloomy with the descending limb of a predator–prey oscilla-

tion and overly-optimistic during the rising limb of the preda-

tor–prey oscillation. In summary, StaPM models overestimate

risk because both stochastic and deterministic (predator–prey

driven) fluctuations are interpreted as true trend (population

increase or decline) producing the observed binary forecast

distribution (Fig. 4).

In contrast to the StaPM model, over-estimation of risk by

the StoVR model owes more to its inability to differentiate be-

tween predator–prey oscillations and noise driven by varia-

tion in the environment. Incorporation of stochasticity in

this PVA model reduces bias and increases precision of esti-

mates of P80 relative to the StaPM as expected (Fig. 4). How-

ever, deterministic variation still leads to considerable bias

and much lower precision of StoVR estimates of P80 when

compared to a control (no deterministic variation). This bias

and imprecision owes most likely to misattribution of preda-

tor–prey oscillations to stochastic environmental variation

(e.g., as in Holmes et al., 2007). When predator–prey oscilla-

tions are treated as environmental stochasticity, risk esti-

mates are inflated over the true values.

These results—that single-species models, and the param-

eters estimated by these single-species models fail to tell the

future accurately enough to predict extinction—highlight a

need to clarify which single-species measurements provide
good indicators of viability given the reality of multi-species

communities. Several recent studies provide insights along

these lines.

First, the common state variables and parameters em-

ployed by PVA—initial population size & environmental sto-

chasticity—may not always provide relevant guidance to

predicting extinction risk when intrinsic (deterministic) vari-

ability is stronger than noise. For example, Belovsky et al.

(1999) found that initial population size of laboratory reared

populations of brine shrimp (Artemia franciscana) provided

very little explanatory power for predicting ultimate extinc-

tions of these populations. These authors also found that

environmental stochasticity gave less insight into extinction

than did the proximity of the population to carrying capacity

and thus, the propensity to exhibit deterministic cycles via

strong density dependent feedbacks. Cycles were more

strongly associated with extinction than noise. This problem

would be less of a concern if PVA models were able to differ-

entiate between cycles and noise, and thus use the appropri-

ate measure of stochastic variation when projecting future

populations (see Section 4.4).

Finally, noise and cycles are not necessarily independent

(Turchin et al., 1999). Stochastic variation can either dampen

or exacerbate deterministic oscillations (Ives, 1995; Sabo,

2005). More importantly, the interaction between noise and

non-linearities (as in a predator prey interaction) can have

counterintuitive effects on the average population size. For

example, long term environmental change may have less

noticeable effects on average population size of populations

that cycle, versus those that are more stable (Ives, 1995). Simi-

larly, the effects of deteriorating environmental conditions

(e.g., habitat loss) on the abundance of predators may lag be-

hind the onset of this deterioration due to compensatory re-

sponses of resource populations and non-linear responses of

consumers to these resources (Abrams, 2002). Thus, the im-

pacts of environmental change should be harder to predict for

populations that either interact non-linearly with other species

and/or exhibit oscillations as a result of these non-linearities.

4.2. Measuring efficacy: real vs. simulated data

The accuracy of PVA has received a good deal of attention,

and been quantified under a variety of relevant conservation

scenarios over the last decade. For example, Brook et al.

(2000) used datasets from real populations of imperiled spe-

cies to quantify bias in PVA predictions made by five com-

monly used PVA packages, many of which employ models

like the StaPM and StoVR used in this manuscript. To do this,

Brook et al. analyzed 21 real datasets (dividing them in half

for parameterization and validation as in this paper), and

then compared PVA model estimates of probabilities of de-

cline (0–100%) to the fraction of the 21 real populations that

actually declined to that abundance level. The authors ob-

served that predicted probabilities were very similar to the ob-

served fraction of declines, leading to the conclusion that all

five PVA packages provide unbiased risk assessments. Inter-

estingly, 4 out the 5 PVA packages tested by Brook et al. yield

overestimates of risk (i.e., predict higher probabilities of de-

cline than observed in the real data) with bias on the order

of 10–15%, and bias (positive and negative) increases with
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increasing levels of true risk (e.g., Fig. 1 in Brook et al. (2000)).

Both of these observations are consistent with the results of

the current study. Specifically, I observed over-estimation of

risk (or positive bias) though bias was slightly higher on aver-

age (�15–30% for the StoVR model), and an increase in bias

with an increase in true risk.

The similarities between the (Brook et al., 2000) results and

the current study may be mere coincidence, and thus point to

a need for understanding the complementary of validation

exercises on real and simulated population data. Simulation

analyses offer some advantages over validation exercises

based on real data. First, power is much higher—here I simu-

late 1000’s of populations under a wide range of representa-

tive population dynamics and validate PVA predictions

using a second set of 1000’s of projected populations based

on estimated parameters. Second, simulated data offer the

advantage of measuring precision which cannot be measured

when validating PVA with a single real population realization.

By contrast, the disadvantage of simulated datasets is that

the data are not real, but derived from a drastically over-sim-

plified model of population dynamics. Future work should at-

tempt to identify how these two approaches might be used

together to more adequately understand the efficacy of viabil-

ity models.

4.3. Bridging the data gap between community-level data
and conservation

Data for a single threatened population are typically sparse

without additional data demands at the community level.

My results suggest that most studies of endangered popula-

tions threatened by a non-native species rely on less than 8

years of data to draw conclusions about how to best recover

the focal species. Data for the pest species are rare and com-

monly even less copious than those for the target species. The

lack of data describing pest species population parameters is

problematic for at least 3 reasons: (1) as more sophisticated

time-series methods evolve (MAR, and other approaches),

there will not be data available to make them useful, (2) infer-

ence would be strengthened by more long term patterns to

corroborate short term results from experiments, and (3) in

real world conservation settings abundance data for non-na-

tive species can inform adaptive management programs for

threatened native populations in cases where eradication of

non-natives is implausible (Sabo, 2005). Thus, initiating

long-term monitoring programs for both introduced preda-

tors and native prey is not only important for future modeling

work, but also for making informed conservation decisions

regarding the conservation of imperiled populations.

4.4. Escaping the single-species vacuum—will it be
necessary?

In this paper I demonstrate that two very mechanistic single-

species PVA models perform poorly at predicting extinction

risk for a population interacting with predators. These models

are mechanistic in that they accurately portray the stage

structure of the prey population; however both models ignore

mechanism at the community level—a strong predator–prey

interaction. There are two potential solutions the lack of bio-
logical realism at the community level—embracing species

interactions through a more detailed and biologically realistic

model, or seeking less mechanistic yet adequately predictive

descriptions of single-species population data.

There are a variety of statistical tools that population biol-

ogists currently use to reveal the cause of complex behavior

in single-species time-series (e.g., Royama, 1981). Many of

these tools fully embrace the notion that species interac-

tions—usually ‘predation’ interpreted broadly to include

host-parasitoid interactions—can contribute significantly to

prey population cycles. For example, Kendall et al. (1999) iden-

tify a variety of time-series ‘probes’ that one can use to char-

acterize the nature of variability in time-series of abundance

data. These probes include, the period, amplitude and order

of population oscillations and the chaotic nature of these

oscillations as indexed by the Lyapunov exponent. The order

of the series tells us if the dynamics are related directly to

density (e.g., self regulation at lag 0, or direct density depen-

dence) or to density at various lags in time, or delayed-density

dependence. Many of the best examples of predator induced

cycles in prey dynamics involve delayed density dependence

(Hanski et al., 1993; Turchin et al., 1999; Turchin and Hanski,

2001). In contrast to most PVAs, these tools are typically used

to understand the mechanisms responsible for observed

dynamics, not to forecast future dynamics.

Despite focus of time-series methods on identifying mech-

anisms underlying population dynamics, there is a rich set of

time-series tools waiting to be applied to forecasting popula-

tion abundance, even in complex communities. For example,

multivariate autoregressive (MAR) models constitute one

promising avenue for estimating risk for single-species using

multi-species community time-series data. Here one analyzes

time-series of abundance for a suite of sympatric populations

of interacting species to estimate the community matrix (i.e.,

coefficients describing interaction strength) and environmen-

tal stochasticity (Ives et al., 2003). This approach has the

strength of providing an estimate of community-wide stabil-

ity. This approach could also be used to simulate future time-

series for the entire community and quantify quasi-extinc-

tion probabilities for a target species embedded within the

community.

Alternatively, a simpler approach may be to side-step com-

munity dynamics altogether—especially since long time-ser-

ies for whole communities are much less common than

those for single-species. For example, linear Gaussian state-

space approaches to time-series analysis allow now for flexi-

ble handling of time-series plagued by observation error

(Holmes, 2004; Holmes et al., 2007) and density dependence

(Dennis et al., 2006). These state-space models offer a big

improvement over previous single-species PVA models, pro-

viding low bias/high precision alternatives to specifiying mul-

ti-species models The simplest versions of these models

(CSEG, sensu Holmes et al., 2007) estimate three parameters

that describe patterns in the observed data—the trend or ‘pro-

cess’, noise in this process and non-process noise. In the con-

text of species interactions that cause cycles in the dynamics

of the target species, CSEG models attribute these cycles to

non-process noise, and thus, use a less biased estimate of

process noise (environmental stochasticity) to generate pre-

dictions of quasi-extinction probabilities. The advantage of
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the state-space approach is that only a single-species’ time-

series is required. Thus given the findings that community

time-series are rare in conservation settings (especially inva-

sions), CSEG’s and their allies (e.g., Gompertz model in Dennis

et al., 2006) may be the only approach warranted until more

time-series data are available for entire communities (Holmes

et al., 2007).
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