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level, but also allocation of effort and resources across populations and over time.

can be computationally unfeasible, but too much simplification can limit relevance

. We show how integer linear programming can be used to solve such a complex

Handling Editor: Jacqueline Beggs problem, combining multiple site-level demographic models with realistic man-
agement constraints under different sources of stochasticity and uncertainty.
We apply this protocol to reintroduction planning for the critically endangered
Montseny brook newt Calotriton arnoldi, optimizing site restoration efforts, cap-
tive releases from limited and variable stocks, and short- and long-term monitor-
ing, all across 17 sites over 10years.

3. For C. arnoldi, the optimal solution was generally to open as many sites as possi-
ble, as soon as allowed by budget, and to reinforce sites with additional releases.
The number of new populations that could be established was limited not only
by the high initial costs of restoring and preparing sites for releases, but also
because opening new sites would require subsequent monitoring, eventually
adding up to unsustainable costs.

4. Synthesis and applications. Our results suggest releases of Calotriton arnoldi

should be dictated first by habitat restoration capacity, then by long-term sus-

tainability. More generally, our study shows how quantitative decision-support
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1 | INTRODUCTION

Uncertainty and constraints are well-known hurdles on the road to con-
servation success (Milner-Gulland & Shea, 2017). Faced with species de-
clines, imminent threats, incomplete knowledge and limited resources,
managers implement whatever actions they think best, and hope they
work (Hermoso et al., 2012; Scheele et al., 2018). In the face of such
challenges, most managers proceed by intuition and, where possible,
by relying on existing evidence for similar problems (Pullin et al., 2004;
Walsh et al., 2015). However, many conservation problems are so com-
plex that finding the best solution is challenging (Game et al., 2014).
Quantitative decision-support methods, including optimization algo-
rithms, are increasingly used in such situations (Schwartz et al., 2018).

Quantitative decision-support methods are essentially a way of
using models not only for describing biological reality, but also to in-
terpret those descriptions and rationally select the best decision. In
reintroduction biology, the use of quantitative models for planning
is relatively well established (Armstrong & Reynolds, 2012). Planners
routinely use population viability analyses to predict the outcome
of a chosen reintroduction strategy (Bozzuto et al., 2017). A more
advanced use is to compare the predicted outcomes of different
strategies, by varying parameters such as the number of individu-
als released, then pick the strategy with the best prediction (Schaub
et al., 2009; Taylor et al., 2017). This is an improvement over pure
expertise-based intuition, but remains limited to the set of candi-
date strategies modelled, especially when there are many or infinite
possibilities. Consider, for example, a situation where managers of
a conservation translocation must choose which animals to release
(sex and age), how many, where to source them, where to put them
and how to move them (Canessa, Guillera-Arroita, et al., 2016). All
these parameters combine into thousands of possible permutations:
even if they could all be modelled, it would be nearly impossible for a
manager to simultaneously compare their results by looking at thou-
sands of plots and tables, and to intuitively choose the best one.

In such complex problems, optimization algorithms can be used
to support human cognition. Formal optimization has long been
applied to large-scale problems such as reserve design, leading to
the development of systematic conservation planning (Margules &
Pressey, 2000). However, such applications remain less common for
small-scale, single-species problems like conservation translocations
(Converse et al., 2013; Taylor et al., 2017). Applications are mostly
limited to theoretical simplified examples or small single-population

methods can improve the value of science for conservation, and help manag-
ers find solutions to complex problems. However, deploying those methods re-
quires close collaboration between managers and scientists, to ensure models

are realistic, results are relevant, and the whole process is informative.

captive breeding, decision-making, integer linear programming, monitoring, survival,

programs (e.g. Canessa et al., 2014; Helmstedt & Possingham, 2017
Rout et al., 2009; Tenhumberg et al., 2004), often forced to ignore
parts of the problem, uncertainty and spatial aspects.

In this study, we show how optimization can be applied to a com-
plex recovery plan across multiple years and sites, with different
constraints and uncertainty sources. Focusing on the reintroduction
of a critically endangered amphibian, we optimized the allocation of
variable captive stocks to multiple candidate sites over several years,
given limited budgets and complex management costs, and including
parametric uncertainty and stochasticity both in biological dynamics

and management effectiveness.

2 | MATERIALS AND METHODS
2.1 | Study species and decision context

The Montseny brook newt Calotriton arnoldi is an endemic amphib-
ian which only occurs within a single watershed (Tordera river) in
the Montseny massif in Catalonia, NE Spain. C. arnoldi is a stream-
dwelling newt living along a total of less than 5 linear km of mountain
streams, separated in two isolated subpopulations within the range
(eastern and western). Given its small range and population size (esti-
mated <2000 individuals across seven extant populations; Carranza
& Martinez-Solano, 2009), and a range of threats including habitat
loss and fragmentation, water extraction, invasive species and sto-
chastic events, it is listed as Critically Endangered in the IUCN Red List
(Carranza & Martinez-Solano, 2009) and included in Annex Il of the
EU Habitats Directive (92/43/EEC). To improve the species conserva-
tion status, the project LIFE Trité Montseny (LIFE15 NAT/ES/000757)
was implemented in the period 2016-2022, promoting a series of ac-
tions including in-situ habitat management (Guinart et al., 2022), legal
protection and a large captive breeding and release program (www.
lifetritomontseny.eu). Our study was conceived within this manage-
ment context, with the aim of helping managers decide where, when
and how many individuals to release over the next 10years.

The objective was to design an optimal release strategy to maxi-
mize the overall population size of C. arnoldi in year 10 (2030), meet-
ing the annual constraints of budget and number of captive-bred
individuals available for release. The management team selected a
total of 17 candidate sites (stream reaches) to establish new popula-
tions, all within the existing species' range in the Montseny massif, 10
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in the western part of the species range and seven in the eastern part
(Table S1). Because of genetic differences (Carranza & Amat, 2005;
Valbuena-Urena et al., 2013), these two subpopulations are managed
independently and were treated separately throughout the study.
First, we built and parameterized population models for each
candidate site, and defined the costs associated with establishing,
reinforcing and monitoring new populations. Second, we developed
an optimization algorithm and applied it to the demographic and cost

models to identify the optimal release strategy.

2.2 | Demographic models and management costs

We represented each population using a simple logistic growth

model

_Nt
K’

K
Nt+1 =N + N; Fmax (1)

reflecting density dependence as hypothesized for this species (Colomer
et al., 2014) and observed in other stream-dwelling newts (Gill, 1979;
Petranka & Sih, 1986; Vignoli et al., 2018). We parameterized the model
using available evidence for C. arnoldi or for its sister species C. asper (eco-
logically broadly similar), and formally elicited expert judgement (Table 1).

We calculated r, . in Equation (1) as the natural logarithm of the
finite annual population growth rate 4, in turn calculated by solving

the two-stage Lotka-Euler equation

/l“(l—%)

(Lande, 1988), where s is adult survival, a and @ are age at first and
last breeding respectively and f is recruitment (in our case the prod-
uct of clutch size, sex ratio and larval and juvenile survival). For the
parameter values in Table 1, the approximated solution was 4 =1.155
(range 1.085-1.201) and therefore r, , =0.144 (range 0.082-0.183).

TABLE 1 Parameters used inthe
demographic model for each population.
Mean and range values were obtained
from literature or averaged across the
expert group, then used to fit PERT
distributions to reflect uncertainty. All
estimates reflect ‘ideal’ conditions for
Calotriton arnoldi, assuming sites would be
restored adequately prior to any release

Parameter

Larval survival

Clutch size
Sex ratio
Juvenile survival

Adult survival

Adult survival (first year post-release)

Density (N/m of stream)

Age at first breeding (years)
Age at last breeding (years)

To simulate annual variability, we added further stochasticity around
the realized growth rate in a given year, using a gamma distribution to
simulate 1000 r values (these could include negative values to simulate
stochastic population declines).

To calculate site-specific carrying capacities K in Equation (1),
we first elicited site-specific potential densities per unit of habi-
tat (linear m of stream) from 14 experts in the LIFE project team, a
large group that ensured diversity in expertise, gender and age, as
recommended by best practice for expert consultation (Sutherland
& Burgman, 2015). We elicited estimates using the IDEA protocol
(Hemming et al., 2018). For each parameter, we elicited minimum,
most likely and maximum values (Table 1). We used these param-
eters to define a PERT distribution, a modified beta distribution
widely used in risk analysis to fit expert-elicited subjective esti-
mates, and defined by most likely, minimum and maximum values
(Vose, 1996). We then drew 1000 values of density from that dis-
tribution, and multiplied them by the length of each site's stream
reach (mean across sites 705 m, min-max 218-1591m). This created
a distribution of 1000 possible values of K for each site.

The number of individuals available for release each year (always
subadults) was uncertain, reflecting fluctuations in captive produc-
tivity. Following discussion with captive breeding staff, we modelled
this by sampling uniformly in the range 100-300, in increments of
50 (to reduce the number of options for the optimization, while en-
suring a minimum release size), to create 1000 scenarios of annual
release availability over the duration of the program. All candidate
sites were assumed to be unoccupied by C. arnoldi at the beginning
of the simulation. We assumed the minimum release at a new site
would be 50 subadult individuals (2- or 3-year-old), as agreed by the
management team for logistic and monitoring purposes. We consid-
ered that newly released individuals might incur additional mortality,
a commonly observed phenomenon in conservation translocations
(Armstrong & Reynolds, 2012; Bertolero et al.,, 2018; Cayuela
et al., 2019), so we formally elicited this parameter (survival in the
first year after release) as above. Elicitation showed the expert group
was divided over two very different values, reflecting different ex-

pectations about the fitness of captive-bred individuals, for which

Mean (range) Source
3.5(3-4)
13.5(12-15)
0.023(0.02-0.026)

Montori (1988)
Expert elicitation

Montori and
Herrero (2004)

35 (30-40) Montori et al. (2002)

0.5 Montori (1988)

0.8 Colomer et al. (2014)

0.95 (0.92-0.98) Montori (1990); expert
elicitation

0.179 or 0.678%
0.87(0.29-2.85)

Expert elicitation

Expert elicitation

aThe expert group was approximately split over these two possible mean values, so we ran
simulations separately with both, instead of fitting a PERT distribution.
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we have no empirical evidence in our system. We judged that impos-
ing a ‘consensus’ value here, either by discussing a compromise or
by taking the overall average value, could hide an important source
of uncertainty (Martin et al., 2012). Therefore, we preferred to rec-
ognize this divergence of opinions and applied a sensitivity analy-
sis approach by re-running the simulations using both mean values
(Table 1). Finally, to represent uncertainty from all sources (carrying
capacities, numbers available for release and realized growth rates),
we combined the respective distributions described above to create
1000 scenarios. Each scenario was then solved in the optimization
step of the analysis.

In addition to the demographic model, we worked with the man-
agement team to estimate the cost of reintroduction-related ac-
tions. To be suitable for releases, each site would require a specific
set of habitat improvements (Guinart et al., 2022), ranging from O
to 264,900 €, plus the corresponding one-off cost of 5,082 € for
the first release. After a new site has received animals once, every
additional release in subsequent years would cost 3,300 €. On top
of these costs, each new population would need to be monitored
intensively during the first year (4,400 €) and less intensively every
following year (2,400 €). The team set two possible annual budgets:
15,000 and 20,000 €. Whenever this annual budget was not fully
invested, we allowed surpluses to be used in subsequent years.

2.3 | Optimization

We used mixed integer linear programming to identify an optimal
release strategy across the candidate sites for 10years that maxi-
mizes the total population size at the end of year 10, subject to cost
constraints, number of individuals available each year and carrying
capacity of each site. We ran independent models for each subpopu-

lation. Therefore, our optimization problem was:

Max Z Vﬁ,’ 3)

iel

s.t.
Y xE+qr =bfVteT;Vaell,

iel

X (vici+ziem;+ (Wi —z5)cm:) <BdvteT,

icl
where vi’;f is the population size of site i at the last optimization period
(t; € T) for each of the 1000 simulated scenarios (z € I); ¢; is the cost
of opening site i (i.e. the cost of preparing the site and of the first re-
lease); cm; is the cost of monitoring site i during the first period of time
after release, cm',. is the cost of monitoring site i after the first period
of time; Bd is the budget available for period t; y7, z7; and w} are binary
auxiliary variables that determine whether the different costs apply or
not to a given unit and time period depending on the release of indi-
viduals. The opening cost only applies the first time that site i receives
individuals, while monitoring costs apply recursively after that release,

being higher during the first period after release given the more in-
tense monitoring needed during this period. See Supplementary ma-
terial for more detail on these and other restrictions applied to make
the model functional. We built the mathematical model using PySP
(Watson et al., 2012), an extension of Pyomo that uses Python-based
open-source optimization modelling language specifically designed
for formulating stochastic programming optimization problems, and
solved it using CPLEX (IBM, v12.6). All code is available at https://doi.
org/10.5281/zenodo.7402277 (Salgado-Rojas, 2022), together with
simulated data. Original data about populations and site locations are
confidential, given the high risk of poaching and accidental introduc-
tion of pathogen by unauthorized visitors (Martel et al., 2020). This
study did not require ethical approval or field permits.

We repeated the optimization for the two levels of postrelease
survival (0.179 and 0.678; Table 1) and for the two levels of annual
budget (15,000 and 20,000 €). Additionally, in the western subpopu-
lation release sites for the first 2 years had already been determined
by the management team at the time of our study, with releases due
to begin in 2020. Therefore, we repeated the simulation for this sub-
population with and without ‘fixing’ these sites (i.e. the simulation

was or was not forced to select them for releases in years 1-2).

3 | RESULTS

The optimal solution generally involved establishing populations at
all suitable sites for which the opening costs were within the an-
nual budget. Sites were mostly opened in consecutive years, that
is, the algorithm preferred to start new populations as soon as pos-
sible, before reinforcing previously created ones. For example, in
the western subpopulation, with a 15,000-€ budget, all new sites
had already been opened by year 5 in 95% of simulations (Figure 1,
Figure S1); with a 20,000-€ budget and the corresponding greater
number of sites, new sites were mostly opened in the first 6 years
(Figure 2, Figure S1). Because of budget constraints, it was also gen-
erally optimal to concentrate annual releases (new openings or rein-
forcements) at one or few sites: for example, for a 20,000-€ budget
in the western subpopulation, less than 31% of scenarios involved
releases at two or more sites in the same year. Finally, for both sub-
populations optimal solutions were highly robust to variation among
experts, even for the two different values of postrelease survival:
site selections and release strategies were identical, and there were
only very small quantitative differences in the numbers released and
final outcomes (Figures S5-S7; all other figures and results refer to

aggregate simulation outcomes for both values).

3.1 | Western subpopulation

For the western subpopulation, the optimal strategy under a
15,000-€ budget involved releases at sites 5-6 (fixed in the simula-
tion) and predominantly site 8 (Figure 3a), for a maximum of three
sites in 99% of scenarios and a mean total population in year 10 of
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FIGURE 1 Site- and year-level demographics for the western subpopulation of Calotriton arnoldi, under the optimal strategy for a 20,000-
€ budget. Plots indicate selection frequency (labels), mean number of released animals (circles), mean and 95% confidence intervals of the
population size (solid line and shaded bands) and mean carrying capacity (dashed line). Sites 5-6 were fixed for release in years 1-2 to match
predetermined real-world plans; for the unconstrained results, see Figure 2. For the eastern subpopulation, see Figure S3.

1760 newts (95% Cl 473-4663). Increasing to a 20,000-€ annual
budget expanded releases to sites 4 and/or 10 (Figure 3b), to a maxi-
mum of five new populations in 94% of scenarios and a mean total
population in year 10 of 2165 newts (95% Cl 573-5638; Figure 1).
When facing the smaller budget, the algorithm discarded sites for
which opening costs were no longer within the budget, and favoured
more frequent and numerous releases at sites with high carrying ca-
pacity (Figure 1).

When we relaxed the fixed releases at sites 5-6 for years 1-2
and let the algorithm find the unconstrained optimal strategy, results
changed only partly (Figure 2; note these differences only concern
the western subpopulation). There was no change in the optimal
total number of sites (3 and 5 for low and high budgets respectively)
or in the quick opening strategy (Figure 3c,d). On the other hand,
the sites of choice and their opening sequence changed: for exam-
ple, site 6 was never selected, and site 5 was rarely chosen in the
first year of releases (Figure 3c,d). Moreover, when not constrained
for the first 2years, in 9% of runs the algorithm was able to open

two sites simultaneously in year 1 (Figure 3d). Most importantly, the
"free" strategy provided a greater final population size (Figure 2): for
the low and high budgets respectively, mean N = 2113 (95% Cl 545-
5526) and N = 2410 (95% Cl 647-6171).

3.2 | Eastern subpopulation

In the eastern subpopulation optimal strategies only involved two
sites (1 and 5; Figures S2 and S3), which were selected in the same
order in all scenarios (Figure S2) and rapidly opened (in 90% of sce-
narios both populations had already been established by year 6). This
solution did not change with budget (Figures S2 and S3), because
sites were mostly selected based on the initial cost—which for the
discarded sites remained beyond either budget level—rather than of
the subsequent monitoring. For this subpopulation, the mean total
population in year 10 was 1162 newts (95% Cl 259-3019) under ei-
ther budget level.
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FIGURE 2 Site- and year-level demographics for the western subpopulation of Calotriton arnoldi, under the optimal strategy for a 20,000-
€ budget and unconstrained site selection (cf. Figure 1). Plots indicate selection frequency (labels), mean number of released animals (circles),
mean and 95% confidence intervals of the population size (solid line and shaded bands) and mean carrying capacity (dashed line). For the

eastern subpopulation, see Figure S3.

4 | DISCUSSION

The results of our study illustrate the need and potential for optimal
planning in species recovery programs. For recovery plans that re-
quire the release of animals, optimization can especially help to ac-
count for both pre- and postrelease management efforts and costs.
To achieve this aim, models need to be complex enough to be be-
lievable, but not so much as to be unwieldy (Converse et al., 2013;
McGowan et al., 2020). Finding this balance requires participation
and information sharing between stakeholders, managers and sci-
entists (Lees et al., 2021). These multiple aspects are important be-
cause results and decisions are likely to be highly context dependent.
In our case, for the western C. arnoldi subpopulation, the optimal
sequence of sites for release varied depending on the exact available
budget and predetermined constraints. Conversely, for the eastern
subpopulation the optimal solution was straightforward and robust
to current uncertainty and budget estimates. In the following sec-
tions, we discuss both those local results and general implications.

4.1 | Optimizing conservation translocations

The optimal release strategy for C. arnoldi was influenced by con-
straints in multiple ways. First, the available budget heavily influ-
enced results for the western C. arnoldi subpopulation. Opening
costs had the greatest effect, determining which sites were ruled
out from the beginning, and forcing new sites to be opened one at a
time. As long as sites were within the annual budget, the optimiza-
tion prioritized the sites with the greatest carrying capacity, to allow
the greatest population growth before the end of the 10years. In
this sense, having a smaller budget simplified the decision problem
by putting some sites beyond reach; indeed, the optimal solution
was much more variable for the higher budget levels (Figure 1).

We also allowed the algorithm to spend the full budget every year,
which encouraged opening new sites that might contribute at least in part
to the final outcome. Results might have changed if we had framed this
constraint differently, for example as minimizing total cost rather than
meeting a set budget (Chauvenet et al., 2016). The relationship between
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the number and size of populations, and how much money is available
and how freely it can be allocated, highlights an additional consideration.
Under an annual budget threshold, when money was reduced the model
was forced to concentrate on fewer sites, as others could no longer be
opened. However, having fewer populations increases stochastic risks,
for example by extreme climatic events or disease incursions, particularly
relevant threats for C. arnoldi (Colomer et al., 2014; Martel et al., 2020).

Although opening new sites would increase monitoring costs in
the following years, this was not a major constraint in our case. Initial
monitoring was expensive, which further limited our ability to open
multiple sites simultaneously. However, because the total number of
sites was constrained by opening costs anyway, after all those sites had
been opened total monitoring costs for the following years usually re-
mained within budget. On the other hand, this also meant all new sites
should be opened as soon as possible, before the budget already had
to include ongoing monitoring. The clearest example was the consis-
tent selection of one of the sites (site 7) in the first year of the uncon-
strained optimization for the western population, for the higher budget
level (Figure 3d, Figure S3). This site did not have the highest carrying
capacity, but the algorithm consistently selected it first because its
opening cost alone was close to the budget limit, meaning that it could
not be combined with any ongoing monitoring. Fixing releases for the
first 2years effectively removed this desirable site from the feasible
options (Figure 3b).

The allocation of budget to acting or learning is a realistic prob-
lem for translocations, where monitoring is both highly necessary
and difficult to maintain long term (Canessa, Genta, et al., 2016;
Sutherland et al., 2010). An optimization approach helped us find
a clear solution to this trade-off. It should also encourage managers
to carefully cost all actions (lacona et al., 2018) and to consider the
purpose of monitoring, for subsequent decisions and appraisal of
success (Lyons et al., 2008; Nichols & Armstrong, 2012).

Selection frequency (%)

As a further constraint, when we started the study, release sites in
the western subpopulation for the first 2years had already been de-
cided, and we implemented this constraint in the optimization. When
we relaxed the constraint, optimal strategies followed the same pattern
of early openings and ultimately resulted in the same number of popu-
lations. However, the choice of sites and sequence of releases differed:
even removing this partial constraint (i.e. allowing free choice of sites in
years 1-10, rather than just 3-10), we estimated that the optimal strat-
egy could have improved the final population size by 15%-20%, with
proportionally greater benefits in the case of a smaller budget.

These differences between ideal strategies and actual constraints
highlight the need to strike a balance between realism and utility. Teams
might not be able to freely decide every detail of a release strategy; in
our case, the main constraint to selection of sites for the initial years
was access to some sites located on private property, which was still
being negotiated and dictated the ‘locked-in’ strategy we implemented
in our models, even if it meant a 20% loss in effectiveness as shown
by our results. In other situations, funding might be locked in for spe-
cific actions and impossible to reallocate at will (Wu et al., 2021), while
some release strategies might be impractical or perceived as too risky
to even contemplate (Ferriére et al., 2020). On one hand, constraining
the optimization to predetermined strategies and decision criteria can
increase its realism and facilitate its uptake by managers. On the other
hand, restrictions can reduce the potential of desk-based optimization
to safely explore extreme scenarios, which can provide useful and even
unexpected insights for the whole decision-making process (Garrard
et al., 2017). Finding this balance requires close work between manag-
ers and scientists to best combine expert judgements and algorithms,
and flexibility and trust to be able to modify both analyses and man-
agement in a participatory approach (Lees et al., 2021).

Our optimization approach could also be further refined, particu-
larly as regards uncertainty. The ideal extension of our model would
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be to implement a fully stochastic model to better represent uncer-
tainty in this dynamic system (Shoo et al., 2021). We represented
uncertainty as 1000 scenarios, and the algorithm found the optimal
strategy for each scenario independently, assuming perfect knowl-
edge of the system: in other words, what we would do if we knew
which scenario we were in. We repeated this 1000 times to find
1000 optimal strategies, and averaged across strategies. However,
realistically managers are likely to face uncertainty at every step,
because the system is both poorly known (e.g. uncertain survival es-
timates), and fluctuates randomly (e.g. annual demographic stochas-
ticity). In this case, it might be more informative to find one optimal
strategy across scenarios, in other words, a solution that already ac-
counts for the uncertainty we face in each year, and for the possible
effects of learning (Rout et al., 2009; Runge, 2013). This adaptive
approach could also highlight key uncertainties, that is, those param-
eters for which further research would be most beneficial (Canessa
et al., 2015). However, we could not implement such a process in
our analyses because it would far exceed the available computing
power, a well-known barrier in realistic implementation of adaptive

management using optimization techniques (Péron et al., 2020).

4.2 | Lessons for implementation

As recovery plans require more numerous, urgent and complex de-
cisions, but resources remain limited, optimization will become in-
creasingly necessary. This need is explicitly recognized, for example,
in the IUCN Guidelines for Conservation Planning (IUCN, 2017) and
for Conservation Translocations (IUCN, 2013). However, the devel-
opment of a conservation plan can be a time-consuming process that
requires willingness to engage, patience and good communication
on all sides (Wright et al., 2020). Cutting this process short may end
up producing a tool that is not quantitatively adequate and might not
address a real management need.

Collaboration is especially important where an optimization ap-
proach requires programming skills that at first might seem daunt-
ing to many recovery groups, especially since increasing complexity
and realism will require at least some customized code. This barrier
is well known but is already receding, as conservation broadens its
skillset and interacts more deeply with computer science and tech-
nology (Toomey et al., 2017; Valle & Berdanier, 2012). In our case,
multiple meetings between programmers, technicians, managers and
other team members took place to understand the decision context,
develop a reasonably realistic model, elicit parameters and interpret
results, producing additional quantitative and visual aids like tables
and maps. Teams should also be open to constant revision of model
assumptions and parameters. For example, recent analysis of monitor-
ing data for C. arnoldi appears to confirm the survival estimates used
in the model (A. Montori, pers. comm.). Regular revisions, not only of
estimates but also of the general planning and decision context, will
be especially important in the long term for C. arnoldi, considering the
potential negative effects of changes in land use and climate (Colomer
et al., 2014) and the extreme range restriction of the species.

This type of collaboration cannot rely on goodwill alone, but
should be facilitated as much as possible by management and funding
frameworks (Addison et al., 2013). In our case, the longer timeframe of
the EU LIFE program for C. arnoldi gave us time to develop the model.
However, the LIFE framework itself does not always facilitate optimal
planning: for example, the funding application requires a priori spec-
ification of release cohorts, which, when the time of implementation
comes, might differ from the optimal state-dependent solutions. If
managers are asked to justify in detail such deviations, they might opt
for a more conservative strategy of sticking to the initial plan, leading
to suboptimal decisions (Canessa et al., 2020; Ritov & Baron, 1992). An
option for improvement might be to grant selected programs a prelim-
inary period to develop an optimal plan which, if funded, can then be
implemented in subsequent years. Providing such frameworks could
be a key step in reducing the implementation gap between optimal
planning and common practice (Wright et al., 2020).

By applying an optimization algorithm to translocation planning
for C. arnoldi, we were able to provide general recommendations for
a complex problem with multiple objectives, constraints and uncer-
tainty across locations and years. Optimizing real-world conserva-
tion programs means finding the ideal balance between realism and
generality, to ensure that solutions match real needs and constraints,
but also that the whole optimization process truly helps managers
explore the decision space. Close collaboration between managers

and scientists is key to realizing these benefits.
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