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Abstract

Ecosystem restoration requires decision-support tools capable of balancing ecological benefits under limited
resources while explicitly accounting for the long-term likelihood of restoration success. Despite its recognized
importance, ecological feasibility has rarely been formulated as an optimization objective in spatial planning,

typically being treated only as a constraint or biophysical filter. Here, we present a multi-objective optimization



framework for large-scale restoration planning that explicitly incorporates ecological feasibility alongside
biodiversity and ecosystem service objectives. The framework is grounded in Systematic Conservation

Planning and formulated as a Mixed-Integer Linear Programming model.

We jointly optimize four criteria—extinction risk reduction, carbon storage, water provision, and ecological
feasibility—under a fixed restoration area budget and land suitability constraints. Optimization proceeds in two
steps: single-objective benchmark solutions are first obtained to define aspiration levels, which are then
integrated using Goal Programming to generate balanced compromise solutions and characterize trade-offs.
Ecological feasibility is modeled as a socio-ecological property linked to recurrent disturbance regimes,
operationalized through spatial proxies of wildfire frequency, anthropogenic pressure, and invasive species

richness.

Applied to continental Chile using 812,910 units at 1 km?2 resolution, incorporating feasibility leads to
significant spatial reconfiguration: approximately 16.6% of selected units (under a 30% restoration target
aligned with Target 2 of the Kunming—Montreal Global Biodiversity Framework) are replaced relative to
solutions that ignore feasibility. This shift preserves total restored area while increasing feasibility performance
by 11.1 percentage points, with minimal reductions (below 5%) in the remaining objectives (—4.1 for carbon
storage and —2.4 for water provision). Spatial diagnostics based on selection frequency reveal that compromise
solutions are anchored in a "backbone" of multipurpose planning units (> 80% of selected units), complemented
by specialized units that resolve localized trade-offs. Overall, the proposed framework provides a transparent
and transferable approach for integrating ecological feasibility into spatial restoration planning, enabling more

robust and policy-relevant decision-making.

Keywords: ecological feasibility; restoration planning; multi-objective optimization; trade-off analysis; goal

programming; spatial prioritization
1. Introduction

Ecosystem degradation is among the leading global drivers of biodiversity loss and climate vulnerability (MEA,
2005; IPBES, 2019). The United Nations has declared the Decade on Ecosystem Restoration (2021-2030),
underscoring the urgent need to halt and reverse ecosystem degradation to safeguard biodiversity, enhance
ecosystem services, and mitigate climate change impacts (United Nations, 2024; FAO et al., 2024). To address
these global challenges, the Kunming—Montreal Global Biodiversity Framework established ambitious 2030
commitments, including the restoration of at least 30% of degraded terrestrial, freshwater, and marine
ecosystems (Target 2) (CBD, 2022). Some countries have adopted these targets as national commitments,
implying that restoration prioritization must operate at large scales to coordinate actions and distribute budgets
efficiently across political jurisdictions (Eckert et al., 2023; Carroll et al., 2024). Achieving these commitments
requires decision-support tools capable of integrating ecological, social, and economic objectives under limited
financial and institutional resources to support the efficient allocation of restoration actions (Margules &
Pressey, 2000; Bottrill et al., 2008; Menz et al., 2013).



The development of decision-support tools must acknowledge that restoration planning is inherently multi-
objective (Castillo-Mandujano & Smith-Ramirez, 2022). Here, we adopt a broad definition of restoration as the
process of assisting the recovery of degraded, damaged, or transformed ecosystems to restore ecological
functionality, integrity, and biodiversity across multiple dimensions of biotic organization. This requires the
simultaneous improvement of biodiversity, the enhancement of ecosystem services—such as climate regulation
and water provision—and the explicit consideration of ecological feasibility. Here, ecological feasibility refers
to the likelihood that restoration actions will succeed over the long term under prevailing ecological
disturbances (MEA, 2005; Orsi & Geneletti, 2010; Aronson et al., 2011; IPBES, 2018; FAO et al., 2024). This
concept is distinct from implementation feasibility, which is typically defined by economic or logistical
constraints. Ecological feasibility depends on a combination of factors, such as wildfire likelihood,
anthropogenic pressures (e.g., proximity to populated areas), and invasive species spread, all of which can
compromise restoration outcomes (Orsi et al., 2011). Because these disturbance pressures operate along
continuous spatial gradients rather than as strict binary boundaries, treating feasibility merely as an exclusion
filter (i.e., hard constraints or locked-out) risks excluding areas with high ecological value. Consequently,
restoration planning must move beyond single-objective approaches toward frameworks capable of explicitly
integrating trade-offs among benefits, costs, and feasibility at large spatial scales, allowing decision-makers to
balance the ecological gains against the varying likelihood of long-term success (Giakoumi et al., 2025; Neubert
et al., 2025).

Because restoration involves multiple, often conflicting objectives—where advancing one objective may
compromise another—multi-objective optimization (MOO) offers a suitable approach to address this
complexity by balancing competing ecological dimensions and evaluating trade-offs (Alagador & Cerdeira,
2022; Neubert et al., 2025). Although these dimensions can also be viewed as decision criteria, hereafter we
refer to them as objectives because they are explicitly represented in the optimization model. Within the
framework of Systematic Conservation Planning (SCP)—originally developed for biodiversity protection
(Margules & Pressey, 2000; Margules & Sarkar, 2007; Wiersma & Sleep, 2016) and increasingly applied to
ecological restoration (Kukkala & Moilanen, 2013; Mclntosh et al., 2017; Sewall et al., 2011)—several
decision-support tools have been developed (Giakoumi et al., 2025; Neubert et al., 2025). Widely used tools
like Marxan with Zones (Abarca et al., 2022; Domisch et al., 2019; Gurney et al., 2015; Hermoso et al., 2023;
Iglesias et al., 2022; Watts et al., 2009) and Zonation (Di Minin et al., 2017; Harlio et al., 2019; Moilanen et
al., 2022; Sala et al., 2021; Schiler & Bustamante, 2022; Srivathsa et al., 2023), rely on heuristic approaches
such as simulated annealing and evolutionary algorithms (Bayer et al., 2023; Dai & Ratick, 2014; Hildemann
et al., 2023; Kramer et al., 2013; Schlottfeldt et al., 2015; Strauch et al., 2019). In contrast, recent tools
implement exact optimization techniques, such as the R package prioritizr (Drever et al., 2025; Gopalakrishna
et al., 2024; Hanson et al., 2025; Jung et al., 2021) via Mixed-Integer Linear Programming (MILP) (Alagador
& Cerdeira, 2022; Billionnet, 2013). and the specifically restoration-focused R package restoptr via Constraint

Programming (Justeau-Allaire et al., 2023; Deléglise et al., 2024). While heuristic methods are computationally



efficient for large-scale problems but may yield suboptimal outcomes, these exact methods guarantee optimal

or near-optimal solutions at a higher computational cost (Beyer et al., 2016; Schuster et al., 2020).

Within exact optimization frameworks, ecological applications have used a variety of MOO formulations and
solution strategies. These include weighted sum (Cheng et al., 2015; Lemos et al., 2023; Lopez-Cubillos et al.,
2022; Strasshurg et al., 2018, 2020; Williams et al., 2020, 2024), lexicographic approaches (Geissler et al.,
2025; Schuster et al., 2023), reference point methods (Deléglise et al., 2024; Dujardin & Chades, 2018),
maximin formulations (Cho et al., 2023; Martin et al., 2022; Palomo et al., 2019), and e-constraint methods
(Alvarez-Miranda et al., 2020; Cho & Sharma, 2020; Mazziotta et al., 2017), each offering different ways of
reconciling competing goals (Williams & Kendall, 2017). Among these exact MOOQO techniques, Goal
Programming (GP) is particularly well suited when objectives can be expressed as explicit target values. Rather
than seeking trade-offs solely through relative objective weights, GP identifies compromise solutions by
minimizing deviations from predefined aspiration levels (Williams & Kendall, 2017). This makes it appropriate
for ecological planning problems in which policy thresholds, stakeholder expectations, or minimum acceptable
levels of achievement must be incorporated within the optimization model. GP has been successfully applied
in diverse ecological contexts, including the selection of forest conservation projects (Fooks & Messer, 2012),
protected area management to foster stakeholder consensus (De Castro-Pardo & Azevedo, 2021), and the
ranking of protected areas by integrating evolutionary and historical dimensions of biodiversity (Morales-
Barbero & Ferrer-Castan, 2019). This flexibility positions GP as a promising approach for advancing restoration
planning, providing a methodological basis for incorporating feasibility considerations alongside biodiversity

and ecosystem service objectives.

This need is particularly relevant in the context of ambitious large-scale restoration initiatives (Eckert et al.,
2023), such as Colombia’s cost-effective restoration targets (Williams et al., 2024), India’s integrative socio-
ecological restoration planning (Gopalakrishna et al., 2024), and Canada’s portfolio-based restoration approach
(Drever et al., 2025). These examples illustrate growing efforts to extend SCP-based frameworks to large-scale,
multi-criteria spatial restoration planning. However, despite these advances, few studies consider restoration
feasibility as an explicit optimization objective. Existing approaches differ widely in how it is incorporated,
ranging from GIS-based multicriteria screening without formal optimization (Orsi & Geneletti, 2010;
Zamorano-Elgueta et al., 2025) to representation through operational proxies (e.g., minimizing distance to roads
to improve access feasibility; Drever et al., 2025). These proxies primarily capture logistical considerations,
reflecting a different facet of feasibility than that defined by exposure to recurrent ecological disturbance

regimes.

To address this gap, we present a MOO framework grounded in SCP principles and formulated as a MILP
model to guide large-scale spatial restoration prioritization. The framework simultaneously addresses four
objectives—extinction risk reduction, carbon storage, water provision, and ecological restoration feasibility—
under budget area and land suitability constraints. These objectives are reconciled using a GP approach. First,

each objective is optimized independently to obtain single-objective benchmarks, capturing objective-specific



spatial configurations and providing target aspiration levels. These targets are then integrated into the GP model

to generate balanced compromise solutions.

Unlike previous approaches where feasibility is treated as an external consideration—such as a hard constraint,
screening criterion, or post hoc implementation filter—, our framework positions it as a competing objective
within the optimization process. Feasibility is modeled as an ecological property reflecting the degree of
exposure to disturbance regimes that affect restoration success. It is represented using spatial proxies—wildfire
frequency, anthropogenic pressure, and invasive species richness—capturing a relative gradient of disturbance
exposure across the landscape. In this formulation, higher feasibility values correspond to areas with lower
exposure to these pressures and, consequently, a higher expected likelihood of long-term restoration success.
The framework further enables a controlled comparison between multi-objective solutions obtained excluding
and including feasibility, isolating its role in shaping spatial configurations and performance trade-offs. Beyond
quantifying these trade-offs, the framework provides an interpretable view of the spatial configuration of
restoration solutions, revealing the functional roles of planning units based on their relative selection frequency

across optimization runs.

We apply this framework to continental Chile, which provides not only an exceptional ecological setting but
also a compelling large-scale mathematical test case. Its extreme latitudinal and altitudinal gradients generate
sharp spatial heterogeneity, leading to strong trade-offs among competing objectives and making it an ideal
stress test for a multi-objective MILP framework. Chile harbors a unique biota characterized by exceptionally
high levels of endemism (Scherson et al., 2014; Scherson et al., 2017; Fuentes-Castillo et al., 2019). This unique
biodiversity is increasingly threatened by multiple anthropogenic pressures, including land-use change driven
by urban expansion and productive activities such as agriculture, livestock farming, forestry, and mining, as
well as pollution, exotic species invasions, wildfires, and resource extraction (Echeverria et al., 2006; Schulz et
al., 2010; Vila et al., 2011; Miranda et al., 2015; Garreaud et al., 2019; Smith-Ramirez et al., 2021; Smith-
Ramirez et al., 2022; Orrego et al., 2023; Garreaud et al., 2025). These interacting disturbances have led to
extensive habitat loss and degradation, undermining biodiversity persistence and ecosystem service provision,
and reinforcing the need for ecological restoration (Aronson et al., 2011; IUCN, 2022). In response, Chile has
committed to international initiatives such as the Bonn Challenge and the 30x30 target of the Global
Biodiversity Framework (CBD, 2022). Achieving these ambitious commitments, however, requires national-
scale prioritization to identify where restoration actions can be allocated most effectively.

Our contribution The novelty of our framework lies not only in the selection of objectives but in how they are
embedded and examined within the optimization structure. First, the framework designed as a controlled
experimental setting in which all optimization runs share a common feasible region, while restoration feasibility
is explicitly excluded or included as an objective. This design isolates the marginal effect of feasibility on spatial
allocation and trade-offs, a capability lacking in existing MILP-based models where feasibility is either imposed
as a constraint or incorporated ex post. Second, by combining GP with diagnostics based on selection frequency,

the framework provides an interpretable view of compromise solutions. Rather than reducing multi-objective



outcomes to undifferentiated balances, this approach reveals how trade-offs in objective space translate into
differentiated functional roles in geographic space, distinguishing multipurpose, objective-specific, and
balance-supporting planning units. Together, these features extend MILP-based SCP models from tools that
merely identify efficient solutions to frameworks that explicitly explain the structural logic underlying those

solutions.
2. Methods

2.1. Overview of the optimization framework

We formulated a multi-objective optimization framework as a mixed-integer linear programming model to
support spatial restoration planning. The framework integrates four criteria linked to distinct ecological and
socio-environmental objectives: reducing species extinction risk (biodiversity conservation), restoring and
protecting carbon storage (climate change mitigation), improving water provision (streamflow and water
quality), and enhancing restoration feasibility (likelihood of long-term restoration success from an ecological
perspective). Throughout the paper, we use the term objective to refer to overarching planning goals and
criterion to denote the specific measurable quantities optimized in the model; where no ambiguity arises, both

terms are used interchangeably.

The framework was implemented in two steps. First, each criterion was optimized independently to establish
benchmark solutions. Second, the criteria were optimized jointly using a goal programming approach, with
single-objective outcomes serving as reference targets. To isolate the role of restoration feasibility, we
compared two multi-objective formulations that share an identical feasible region and constraint structure,
differing only in whether feasibility is included as an optimization objective. This design enables a controlled
assessment of the marginal effect of incorporating feasibility on spatial allocation patterns, trade-offs among
objectives, and overall solution performance under a fixed restoration area budget and land suitability
constraints. Beyond trade-off analysis, we examined the spatial configuration of solutions using an
irreplaceability proxy defined as the frequency with which a unit is selected across optimization runs (Pressey
et al., 1993, 1994; Ferrier et al., 2000), allowing the identification of multipurpose, objective-specific, and
balance-supporting components. All optimization runs were conducted under a common set of constraints
representing limited restoration capacity and ecological suitability, ensuring that differences among solutions

reflect interactions among objectives rather than changes in feasibility conditions.
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Fig. 1 | Conceptual scheme of the optimization framework, experimental design, and diagnostic outputs. This figure

summarizes the structure of the multi-objective restoration framework. (A) Decision space and feasible region, where

spatial features associated with extinction risk reduction (E), carbon storage (c), water provision (w), and restoration

feasibility (f) are integrated with a fixed restoration budget of 30% and land suitability constraints (e.g., excluding units

corresponding to non-restorable land-cover types such as water bodies, wetlands and glaciers/snow). (B) Optimization

process, illustrating the two-step formulation. Single-objective solutions first yield benchmark optima (zg, z¢, z;,, zf),



which define the reference targets used in the goal programming model (Gg = zj, G. = z;, G,, = Z;,,, Gf = zf). The multi-
objective solution (g*) is then obtained by minimizing normalized deviations from these targets, ensuring scale-invariant
integration across criteria. (C) Spatial and structural outputs, used to evaluate model results. Solution comparison
quantifies spatial reallocation among scenarios, isolating the effect of explicitly including restoration feasibility. Spatial
diagnostics classify units according to their consistency of selection across optimization problems, distinguishing

multipurpose, objective-specific, and balance-supporting components of the compromise solution.

Notation and preliminaries The optimization framework is defined over a common set of spatial planning units
(hereafter, units), which represent the elementary decision units over which restoration actions can be spatially
allocated. Let 7 denote the set of units, indexed by i. For each unit i € J, we define a binary decision variable
x; € {0, 1} where x; = 1 indicates that unit i is selected for restoration and x; = 0 otherwise. Collectively, these
variables define a restoration plan x = (x;);e; € {0, 1}”!. All objectives and constraints are formulated over
this common decision space. The full mathematical formulation of the framework is provided in Appendix A

(Supplementary Material).
2.2. Study region

We applied the framework to continental Chile as a case study to illustrate its performance under a complex,
large-scale, and ecologically heterogeneous setting. Continental Chile spans latitudes 17°29'57" S to 56°32'12"
S and encompasses strong climatic, biogeographic, and ecological gradients shaped by its latitudinal extent, the
Pacific Ocean to the west, and the Andes Mountains to the east. It covers 746,303.43 km?2 and includes 19

vegetation formations and 125 terrestrial ecosystems (Luebert & Pliscoff, 2017; Pliscoff et al., 2025).

Over half of these terrestrial ecosystems have undergone degradation or transformation since colonization,
driven by agriculture, forestry, urbanization, livestock grazing, mining, wildfires, and biological invasions
(Orrego et al., 2022). Currently, 79.2% of terrestrial ecosystems are classified as Critically Endangered,
Endangered, Vulnerable, or Near Threatened (Pliscoff et al., 2025), making Chile a demanding test case for

large-scale spatial restoration prioritization.

The study area was discretized into a regular grid of resolution 1 km? (1 km x 1 km), resulting in 812,910 units
across continental Chile. All spatial input datasets were harmonized to this resolution and projected onto a
common coordinate reference system (WGS84 / UTM Zone 19S) prior to analysis. Units intersecting coastlines
and territorial boundaries may represent smaller land areas, explaining the difference between the total number
of units and the reported land surface. This resolution provides a balance between computational tractability
and spatial detail appropriate for national-scale planning. More generally, the framework is resolution-

independent and can be applied at finer or coarser spatial scales, as well as in different geographic contexts.

This discretization defines the set of planning units 7, while the feasible set of restoration plans is determined

by the constraints described below.

2.3. Restoration budget and land suitability constraints



The optimization framework incorporated two generic constraints common to spatial restoration planning: a
restoration budget constraint and a land suitability constraint. Together, these constraints define the feasible
set of restoration plans, denoted by ® < {0,1}"!, consisting of all decision vectors x that satisfy both the
restoration budget and land suitability constraints. All optimization problems in the framework were solved

over this common feasible set ®.

We imposed an area-based restoration budget that limited the total area selected for restoration. Let a; denote
the area of unit i (1 km?), and let A = ;¢; a; denote the total area of the study region. Let t, € (0, 1] represent

the proportion of the total area available for restoration. The budget constraint is defined as:

Z a;x; < tAA Eq (1)

ieJg
which restricted the total selected area to a fixed fraction of the landscape. This formulation avoids introducing
explicit cost heterogeneity when restoration costs are assumed proportional to area, while remaining general

enough to accommodate heterogeneous costs or alternative budget definitions if required.

To ensure ecological consistency, the framework excluded units incompatible with restoration based on a land
suitability mask derived from biophysical constraints. Specifically, 79"t ¢ 7 denotes the set of units classified
as non-restorable (e.g., areas lacking vegetation or exhibiting conditions that preclude ecological recovery).

Land suitability is enforced through an exclusion (locked-out) constraint:

x; =0,  Vig gunsuit Eq. (2)
which restricts the optimization to ecologically restorable areas. This constraint ensures that restoration actions
are allocated only to suitable locations, while allowing the specific definition of suitability to vary across

datasets, ecosystem classifications, or restoration objectives.

Case study parameterization. For the Chilean case study, we set t, = 0.3, consistent with Target 2 of the
Kunming—Montreal Global Biodiversity Framework. Under the uniform grid resolution (a; = 1 km? for all
units), the total area satisfies A = |7|, and Eq. (1) simplifies to },;cs x; < 0.3|7]|, which effectively limits the

total number of selected units to 30% of the national territory.

Land suitability was defined using national land cover and ecosystem datasets, as detailed below. Units
classified as wetlands, water bodies, primary and secondary forests, impervious surfaces, salt flats, ice, and
snow were excluded based on land cover information (Zhao et al., 2016), as they either correspond to
ecosystems that maintain natural ecological functions or to areas where ecological restoration is not feasible.
Accordingly, the analysis focused on terrestrial land-cover types with restoration potential, including croplands,

forest plantations, grasslands, shrublands, and bare lands.

In addition, areas classified as absolute desert were excluded based on the national terrestrial ecosystems

classification for Chile (Pliscoff et al., 2025), as they lack vegetation and the model assumes recovery through



natural or assisted regeneration. Together, these criteria define the set of units eligible for restoration in the

Chilean case study.
2.4. Step 1: Single-objective optimization

Each criterion—extinction risk reduction, carbon storage, water provision, and restoration feasibility—was
optimized independently over the common feasible set ®. This step establishes a reference system in objective

space by identifying the best achievable performance for each criterion when considered in isolation.

The resulting optimal values (z;) define the ideal point, which represents the upper bound of achievable
outcomes across all objectives under the given budget and suitability constraints. Because criteria are optimized
separately, the ideal point is generally not jointly reachable, reflecting the inherent trade-offs among competing

objectives in the Chilean landscape.

These single-objective solutions fulfill two complementary purposes. First, they provide aspiration levels
(benchmark values) that are subsequently used as reference targets in the multi-objective goal programming
formulation (Step 2). Second, they offer a basis for interpreting trade-offs by revealing how prioritizing one

objective affects the performance of others within the same feasible decision space.
2.4.1. Extinction risk reduction: biodiversity conservation

We quantified biodiversity conservation benefits as the reduction in species extinction risk resulting from the
spatial allocation of restoration actions. Extinction risk was modeled using a species—area relationship (SAR),
which links changes in habitat area to the probability of species extinction (Thomas et al., 2004). This
formulation allows extinction risk to be expressed as a function of habitat loss and recovery, making it suitable

for integration within spatial optimization frameworks.
Let § denote the set of species, indexed by s. We define the baseline species—area ratio as:

ag

0 — =
0
Ag

s

where a? is the current habitat area of species s, A is its original (e.g., pre-settlement) habitat area.
Under a restoration plan x € &, projected species—area ratio is defined as:

ag + a;(x)

qs(x) = A9

where a,(x) denotes the total increase in habitat area for species s resulting from restoration across selected
units. Because al + a,(x) can exceed the species’ reference area A2, the ratio may exceed 1. This ensures that

qs(x) € [0, 1], preserving its ecological interpretation as a proportion of reference habitat.



Extinction risk is then defined as a function of the species—area ratio. The baseline extinction risk of species s,

denoted e?, and the projected extinction risk under restoration plan x, denoted e, (x), are given by:

ed=1-(q))% e®=1-/(q,(®)"

where a € (0, 1] is the species—area exponent controlling how extinction risk increases as habitat is lost. By
construction, extinction risk values lie within the interval [0, 1], where e,(x) = 0 corresponds to no extinction

risk and e, (x) = 1 to complete extinction, preserving the ecological interpretation of the metric.
The corresponding reduction in extinction risk for species s under restoration plan x is defined as:
Eg(x) = e — es(x)

which captures the ecological benefit of restoration in terms of risk mitigation. The biodiversity conservation

objective is then defined as:

z; = r)pegz Eg(x) Eq. (3)

SES
Because the species—area relationship is nonlinear, it was approximated using a piecewise-linear (PWL)
representation to preserve linearity and computational tractability within the MILP framework. Specifically, the
function (qs(x))a is approximated over the relevant domain of g,(x) using a set of breakpoints and linear
segments, following the extinction risk formulation and PWL linearization strategy implemented by Moreno-
Faguett et al. (2026). The approximation tolerance is controlled through an adaptive breakpoint construction
procedure (see Appendix A, Section A.4). This approximation affects only the numerical evaluation of

extinction risk and does not alter the underlying feasible decision space or optimization structure.

Case study parameterization. For the Chilean case study, we parameterized this objective using spatially
explicit habitat information for threatened flora and fauna species. We considered 154 threatened terrestrial

species (refer to Table S1 in the Supplementary Material for the full list of species).

e Current habitat maps (a?). Current habitat distributions were derived from species distribution models
(SDMs) developed using occurrence records obtained from GBIF (GBIF.org, 2024a,b) and not-
correlated selection of bioclimatic variables (biol, bio4, bio5, bio6, biol2, biol5, and biol6; Pliscoff
et al., 2014). SDMs were generated using MaxEnt with a random test percentage of 30%, a maximum
of 1,000 iterations, and the “maximum training sensitivity plus specificity” threshold rule to produce
binary presence—absence maps.

e  Pre-settlement habitat maps (42). Pre-settlement habitat distributions were reconstructed using data
from the Chilean Ministry of the Environment (https://simbio.mma.gob.cl/), which associates native
species with terrestrial ecosystems. These associations were combined with the pre-settlement
potential terrestrial ecosystems map for Chile (Luebert & Pliscoff, 2017) to delineate the original

habitat area A? for each species.



For each unit i, the contribution to species s was quantified by a;,, defined as the area (km?) of unit i overlapping

the habitat of species s. These values determine the species-specific gains under restoration through:

as(x) = Z Qs Xi

i€ed

Following Thomas et al. (2004), we set the species—area exponent to a = 0.25, a commonly used value for
estimating extinction risk from habitat loss and one that ensures consistency with previous conservation

planning studies (e.g., Strassburg et al., 2018).
2.4.2. Carbon storage: climate change mitigation

We quantified climate change mitigation benefits as the enhancement and retention of carbon stocks through
the spatial prioritization of restoration actions. Carbon storage was represented as a spatially explicit carbon
stock assigned to each unit, reflecting the amount of carbon that can be retained under restoration. Carbon
storage was treated as a proxy for the potential climate mitigation benefit of restoration, assuming that areas
with higher existing carbon stocks provide greater benefits through retention and avoided loss. Accordingly,
restoration actions were assumed to maintain or enhance current carbon stocks rather than explicitly modeling

dynamic post-restoration carbon accumulation.

The climate mitigation objective is defined as:

z; = 1;{153(2 CiX; Eq. (4)

i€J

where c; denotes the total carbon stock associated with unit i.

This linear formulation ensures compatibility with the MILP framework, enabling joint optimization with other
criteria within the feasible set ®. This property applies not only to the present objective but also to the remaining
objective functions defined below. At the same time, the linear structure provides a simple and flexible
representation that can be adapted to alternative data sources without modifying the underlying optimization

framework.

Case study parameterization. For the Chilean case study, carbon storage was quantified by combining soil

organic carbon and above-ground biomass carbon stocks at the planning-unit level.

e Soil carbon stock. Soil organic carbon data were obtained from the Global Soil Organic Carbon Map
v1.5 (GSOC), corresponding to the year 2019 (FAO & ITPS, 2020).

e Above-ground biomass carbon stock. Above-ground biomass data were obtained from the ESA
Biomass Climate Change Initiative, which provides global datasets of above-ground biomass for
multiple years (Santoro & Cartus, 2024). We used the most recent available dataset, corresponding to
the year 2021.



For each unit, total carbon stock ¢; was computed as the sum of soil organic carbon and above-ground biomass

carbon, expressed in consistent units prior to optimization.
2.4.3. Water provision: streamflow and water quality

We quantified hydrological benefits related to streamflow regulation and water quality by prioritizing
restoration actions in areas hydrologically connected to riparian ecosystems. Riparian vegetation contributes to
hydrological regulation by enhancing infiltration, moderating runoff, and reducing sediment and nutrient loads,

thereby supporting both streamflow stability and water quality (Lara et al., 2009; Little et al., 2015).

To represent these effects in a spatially explicit yet computationally tractable manner, water provision was
operationalized using a distance-based riparian proxy. This proxy serves as a simplified indicator of the
potential influence of restoration on hydrological processes, rather than as a process-based hydrological model.
Under this formulation, each unit was assigned a water provision weight w;, reflecting the decline in riparian
influence with increasing distance from surface water. This formulation assumes that restoration actions in these
ecosystems enhance hydrological regulation and water quality, consistent with evidence that riparian vegetation
plays a key role in mediating runoff, sediment retention, and nutrient filtering (e.g., Lara et al., 2009; Little et
al., 2015).

The streamflow and water quality objective is defined as:

zZy, = r,ggz WiX; Eq. (5)
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where w; represents the priority value assigned to unit i based on proximity to riparian ecosystems.

Case study parameterization. For the Chilean case study, water-related priority values were derived from
national hydrological datasets. Vector layers of the hydrographic network and water bodies were obtained from

the Geospatial Data Infrastructure Platform of Chile (https://www.ide.cl/).

Riparian influence was operationalized by applying a 1 km buffer on either side of mapped watercourses and
water bodies. This distance does not represent a strict ecological threshold, but rather reflects the spatial
resolution of the planning units (1 km?) and ensures consistent integration of riparian influence within the
optimization framework. Units intersecting this buffer were assigned the maximum priority value (w; = 1),

while priority values for units outside the buffer decreased with distance from surface water.

Euclidean distances to the nearest watercourse or water body were calculated and transformed into priority
values through an inverted min—max normalization, producing a linearly rescaled distance-decay function
defined over the interval [0, 1], such that priority decreases proportionally with increasing distance. The

resulting raster layer was then aggregated to the unit level prior to optimization.

2.4.4. Restoration feasibility: likelihood of long-term restoration success



We quantified restoration feasibility as a composite measure reflecting the likelihood that restoration actions
will succeed and persist over the long term. This definition aligns with an ecological interpretation of feasibility
grounded in exposure to recurrent disturbance regimes, rather than feasibility defined in economic or logistical
terms. Following the conceptual approach proposed by Orsi and Geneletti (2010), feasibility was represented

using spatial proxies capturing biophysical and anthropogenic factors known to influence restoration outcomes.

Restoration feasibility was expressed as a unit-specific index f;, constructed from standardized components
representing distinct dimensions of feasibility. Higher values of f; indicate locations with more favorable
ecological conditions for restoration, implying greater likelihood of success, long-term persistence, and reduced
need for post-restoration interventions.

In this framework, restoration is conceptualized at broad spatial scales as assisted ecological recovery, where
natural regeneration is facilitated through targeted, low-intensity interventions, particularly in modified
landscapes such as pastures and croplands. This approach assumes that reducing key pressures and prioritizing
ecologically feasible landscapes increases the likelihood of sustained recovery. Accordingly, the feasibility
index captures key landscape-level constraints on vegetation regeneration, rather than the full ecological
complexity of recovery processes, under the premise that restoration success increases where pressures are
lower and conditions favor assisted natural regeneration.

The restoration feasibility objective is defined as:

z; = r;?ea}jg(z fix; Eq. (6)
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where f; denotes the composite feasibility score associated with unit i.

Case study parameterization. For the Chilean case study, restoration feasibility was operationalized using

three spatial proxies capturing fire frequency, anthropogenic pressure, and invasive species richness.

e Fire disturbance (df*®), represented as the distance from unit i to areas that experienced two or more
wildfires during the past decade. Greater distance from recurrently burned areas reflects lower soil
degradation and reduced likelihood of fire recurrence, increasing restoration feasibility (Tessler et al.,
2016; Smith-Ramirez et al., 2021). Fire history data were obtained from large-scale wildfire records
provided by the National Forest Corporation of Chile (CONAF) for the period 2013-2023. Pixels with
two or more recorded fires were identified and used as the reference layer for distance calculations.

e Anthropogenic disturbance (d2"™"), represented as the distance from unit i to roads and human
infrastructure, based on the national road network and building footprints derived from Google’s Open
Buildings dataset (Sirko et al. 2021). This dataset provides spatially explicit building polygons
generated from high-resolution satellite imagery using deep learning models. Greater distances
indicate lower exposure to human pressures that may compromise restoration persistence (Altamirano
etal., 2013; Ubeda & Sarricolea, 2016).



e Invasive species disturbance (di™), represented as the inverse of invasive species richness within unit
i. Areas with lower invasive pressure were considered more feasible for restoration, as they typically
require lower investment in invasive species control (Vargas-Rios et al., 2014). Invasive species
richness was estimated using ensemble species distribution models for naturalized invasive species
with more than 100 occurrence records in continental Chile and projected to expand their potential
distribution by at least 30% by 2040 (refer to Table S2 in the Supplementary Material for the full list
of species). For each species, ensemble models were generated using biomod2 (Thuiller et al. 2009;
2016), combining predictions from multiple algorithms under current and future climatic conditions.
Continuous suitability outputs were transformed into binary maps of potential presence using a fixed
suitability threshold of 0.7, and then spatially aggregated to estimate the potential richness of invasive

species within each planning unit (Fuentes-Lillo, 2024).

Each proxy was standardized to the interval [0,1] and combined using an additive aggregation scheme to

produce a composite feasibility index:

B difire + dianth + d}nv
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All components were assigned equal importance, implicitly assuming comparable contributions of each
disturbance dimension to restoration feasibility. This choice provides a transparent and consistent baseline while

avoiding the introduction of subjective weights that could bias prioritization outcomes.

This index was used in the optimization to prioritize units less exposed to recurrent fires, human disturbance,
and invasive species pressure, thereby increasing the likelihood of successful and sustained restoration

outcomes.
2.5. Step 2: Multi-objective optimization

The multi-objective problem builds directly on the results of Step 1, where single-objective optimizations were
used to define the ideal point. Using these reference values, we formulated a normalized goal programming
model to identify a compromise solution that minimizes proportional deviations from the single-objective

optima across competing criteria.

Let J = {E, c,w, f} denote the set of optimization criteria, corresponding to extinction risk reduction, carbon
storage, water provision, and restoration feasibility, respectively. For each criterion j € 7, a target value G; is

defined as the optimal value obtained from the corresponding single-objective optimization (Step 1), that is,
G: = z;‘

where z; denotes the optimal objective value of criterion j as defined in Egs. (3)—(6). Collectively, the targets

{Gj}jeJ define the ideal point (z;, z;, z,,, z; ) in objective space.



Let b;(x) denote the value achieved by criterion j under a restoration plan x € ®, computed using the same

expressions as in the corresponding single-objective formulation (Section 2.4). Specifically,

be) = ) (0 =), b0 =) cx, by =) wo, b0 =) fix
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Deviations from each reference target were captured using non-negative deviation variables 61-+

(overachievement) and &;~ (underachievement), enforced through the goal constraint:

In its general form, the GP problem is formulated as:

. o +6;
& ‘52‘532“’1' G
jeg
where w; are criterion-specific weights reflecting the relative importance assigned to each objective.

Normalization by G; ensures scale invariance, allowing direct comparison across heterogeneous criteria by

expressing deviations in proportional terms.

Because each target G; corresponds to the maximum achievable value of criterion j over the feasible set @, it
follows that b;(x) < G; for any feasible solution x € ®. Consequently, overachievement is not possible and

6]-+ = 0 for all j € J. The formulation therefore simplifies to:

¥ = i L_
g = fx%‘c}.?zg G Eq. (8)
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which minimizes the normalized shortfall from each target across all criteria, subject to the constraints defining
the feasible set @ (i.e., restoration budget and land suitability constraints; see Section 2.3), together with the
goal constraints in Eq. (7). All weights were set to unity (w; = 1), providing a neutral baseline that avoids
introducing subjective preference biases and allows isolating the effect of explicitly incorporating restoration

feasibility into the optimization.

This formulation is equivalent to minimizing the L1-distance to the ideal point in normalized objective space.
It thus identifies a balanced compromise solution that approaches each criterion as closely as possible in relative
terms, without privileging any single objective. In this sense, GP acts as a synthesis mechanism that explicitly
captures trade-offs among competing objectives while maintaining a transparent link between objective-space

performance and the resulting spatial configuration of restoration actions.
2.6. Solution comparison and spatial diagnostics

To isolate the effect of including restoration feasibility in the multi-objective formulation, we solved two GP
scenarios that differed only in their set of optimization criteria: a feasibility-excluded scenario (F-ex), which

considered biodiversity conservation, carbon storage, and water provision, defined over the set JF~¢X =



{E,c,w}, and a feasibility-included scenario (F-in), which incorporated restoration feasibility as an explicit

objective, defined over the set JF~I* = {E, c,w, f}.

Because both scenarios share the same feasible set ® and GP formulation, differences between the resulting
solutions reflect the inclusion of feasibility as an explicit objective. This design enabled a controlled assessment
of how feasibility modifies spatial allocation patterns, trade-offs among objectives, and the overall performance

of solutions under fixed spatial constraints.

In both scenarios, the GP formulation minimizes normalized shortfalls from the corresponding single-objective
benchmarks over the relevant set of criteria JF=°* or g, yielding compromise solutions that balance
biodiversity conservation, ecosystem services, and, where applicable, restoration feasibility. Comparisons
between F-ex and F-in solutions were conducted in both objective space and geographic space to distinguish

objective-level performance differences from spatial re-allocation.

Finally, to characterize the internal composition of the F-in solution, we computed an ex post irreplaceability
proxy based on the frequency with which each unit is selected across optimization runs. Let R denote the set of

five optimization runs considered (including the four single-objective benchmarks and the multi-objective F-in

solution), and let xl.(r) denote the selection of unit i in run r. The selection frequency of unit i is defined as:

p; = Z xi(r)_

TER

which corresponds to the number of optimization runs in which unit i is selected. This metric reflects how
consistently units contribute across optimization problems, enabling their classification into distinct functional
roles within the compromise solution. Specifically, we define these roles as follows: multipurpose units, which
contribute simultaneously to multiple individual objectives; objective-specific units, which are prioritized
primarily for a single goal; and balance-supporting units, which emerge exclusively in the multi-objective

framework to negotiate trade-offs among competing criteria.
3. Results

Experimental setting All optimization experiments were solved using Gurobi Optimizer v11.0.2 (win64) on
Windows 10 on an 11th Gen Intel(R) Core(TM) i7-1165G7 @ 2.80 GHz workstation (4 physical cores, 8 logical
processors), using up to 8 threads. A relative optimality tolerance of MIPGap = 0.01 (1%) was enforced for all
runs, with default values used for all remaining parameters (no time limit). All reported solutions satisfied the
imposed tolerance, achieving final optimality gaps below 0.001%. Despite the large problem size (over 800,000
units), optimization runs were solved within approximately 20 to 700 s. When considering the full end-to-end
workflow—including preprocessing, model construction, optimization, and post-processing—the total pipeline
runtime averaged 1,440 s across experiments (=24 minutes). Further computational details are provided in Table
B1 and Appendix B.



3.1. Spatial patterns of single-objective solutions

Figure 2 presents the spatial distribution of units selected under each single-objective optimization, together
with the corresponding latitudinal profiles. The configuration of selected units varied across objectives, showing
that each criterion produced distinct allocation patterns along continental Chile. Although all solutions selected
the same total number of units under the fixed area budget, their latitudinal distributions differed markedly

among objectives.

Extinction Risk Reduction xg Carbon Storage .J! Water Provision ‘ Restqration Feasibility ®
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Fig. 2 | Spatial distribution of selected planning units in single-objective optimization solutions across continental
Chile. Each panel displays the spatial allocation of restoration priorities (maps) and their corresponding latitudinal selection
profiles for the four primary objectives: extinction risk reduction, carbon storage, water provision, and restoration feasibility.
Light green areas denote selected planning units, while the adjacent profiles depict the number of units selected per 1-km
latitudinal band (bars) along with a smoothed latitudinal selection trend (black line). Distinct spatial signatures and
restoration hotspots emerge for each objective, reflecting the contrasting geographic distribution of their underlying

ecological and environmental drivers.

These contrasts are reflected in the latitudinal profiles (Fig. 2, right panels). Carbon storage and restoration
feasibility exhibited more concentrated patterns, with higher mean numbers of selected units per latitudinal

band (92.8 + 54.0 and 87.9 + 57.4 units, respectively; Table C1). In contrast, extinction risk reduction and water



provision displayed flatter profiles, characterized by lower mean counts per band (57.3 + 35.6 and 68.3 + 55.7

units, respectively), consistent with a more spatially dispersed allocation along the latitudinal gradient.

Variability across latitude also differed among objectives (see CV and IQR [25-75%] in Table C1). Water
provision showed the highest relative dispersion (CV = 0.816; IQR = 22-105 units), whereas carbon storage
exhibited a more even distribution across bands (CV = 0.582; IQR = 57-130), despite pronounced absolute
peaks. Restoration feasibility presented intermediate variability (CV = 0.653; IQR = 47-118), while extinction
risk reduction combined lower overall counts with moderate variability (CV = 0.622; IQR = 30-80), resulting
in smoother profiles with fewer extreme concentrations. Together, these patterns show that each single-
objective solution emphasized different latitudinal zones, generating objective-specific spatial signatures that

served as a baseline for comparison with multi-objective compromise solutions (F-ex and F-in).
3.2. Effects of restoration feasibility in multi-objective optimization

As shown in Fig. 3, the multi-objective solutions obtained excluding (F-ex) and including (F-in) restoration
feasibility selected the same total number of units but differed in spatial allocation. Of the selected units,
203,594 were shared by both solutions, whereas 40,279 units were exchanged between them, reflecting spatial

substitutions under the same area constraints.
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Fig. 3 | Spatial comparison between multi-objective solutions obtained excluding and including restoration
feasibility. Left and right panels show the compromise solutions (Balance of Objectives) excluding (F-ex) and including
(F-in) feasibility, respectively. The central panel displays their spatial overlap and differences, where gray denotes units
selected in both solutions, orange indicates units selected only when feasibility is excluded, and turquoise indicates units
selected only when feasibility is included. Adjacent latitudinal profiles depict the absolute number of selected units per 1-
km latitudinal band, highlighting how the explicit inclusion of feasibility reshapes latitudinal coverage and drives spatial

redistribution across continental Chile.

Common units (gray in Fig. 3) formed a shared spatial backbone, while non-overlapping units (orange and
turquoise) were interspersed across the study area rather than being concentrated in a single region. These
differences reflect alternative spatial configurations achieving comparable objective performance under the

same area constraint.

Latitudinal profiles in Fig. 3 summarize how substitutions were distributed along the north—south gradient. In
the F-ex scenario, selected units spanned 3,820 latitudinal bands, whereas including feasibility extended
coverage to 4,150 bands (Table C1). This shift corresponded to a lower mean number of selected units per band
(58.8£41.7 in F-invs. 63.8 £ 46.9 in F-ex) and a slight reduction in relative dispersion (CV = 0.710 vs. 0.735),

consistent with a broader latitudinal spread.

Compared with single-objective solutions (Table C1), both multi-objective outcomes exhibited intermediate
latitudinal variability: their coefficients of variation fell between highly heterogeneous profiles such as water
provision (CV = 0.816) and more even profiles such as carbon storage (CV = 0.582). These spatial patterns and
latitudinal reassignments were associated with corresponding differences in objective-level performance,

summarized in Fig. 4.
3.3. Trade-offs among objectives in multi-objective solutions

Overall, the results show that multi-objective solutions occupied intermediate positions in objective space,
balancing asymmetric trade-offs among criteria rather than privileging any single objective. Figure 4
summarizes the trade-offs among criteria for the F-ex and F-in scenarios, expressed relative to the
corresponding single-objective optima. In both panels, single-objective solutions defined extreme points of
objective space (edges), reaching 100% performance on their own axis while exhibiting reduced performance
on the remaining criteria. The multi-objective solution (purple polygon) occupied an intermediate position in
objective space, representing a compromise that balanced gains across criteria rather than maximizing any

single objective in isolation.
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Fig. 4 | Trade-offs among criteria in multi-objective scenarios excluding (F-ex, left) and including (F-in, right)
restoration feasibility. Radar charts show the performance of single-objective and multi-objective solutions relative to their
corresponding single-objective optima (represented by the 100). Single-objective solutions achieve 100% for their
optimized criterion and exhibit lower performance on the remaining axes. The purple polygon represents the multi-objective
compromise solution in each scenario, with purple labels reporting its performance scores across criteria. In the feasibility-
excluded scenario, the restoration feasibility single-objective profile is omitted from the chart, although the axis is

maintained for comparative purposes.

Based on Table C2, single-objective solutions exhibited pronounced asymmetries in objective-level
performance across criteria. These asymmetries were directional rather than even: optimizing carbon storage
maintained a high proportion of water provision (90.4%), whereas optimizing water provision led to lower

performance in carbon storage (71.0%), indicating non-reciprocal compatibility between objectives.

When aggregated across non-target objectives, these patterns translated into variation in cross-solution
performance among single-objective solutions (Table C2). Although each solution achieved its maximum value
for the optimized criterion, average performance across remaining objectives differed among criteria. In
particular, water provision achieved comparatively high performance across non-target objectives, whereas
carbon storage exhibited lower average cross-objective performance. These contrasts highlight asymmetric and

non-reciprocal patterns under single-objective optimizations.

In the feasibility-excluded scenario (Fig. 4, left), the multi-objective solution achieved high and relatively
uniform performance across the three ecological objectives (Table C2), while feasibility remained
comparatively low when not explicitly optimized. Under the feasibility-included formulation (Fig. 4, right;
Table C2), feasibility performance increased markedly, while remaining objectives maintained comparably

high values.



Overall, both multi-objective solutions achieved higher average performance across objectives than any single-
objective solution (cross-objective performance = 82.5% for BO F-ex and 83.9% for BO F-in; Table C2).
Although including restoration feasibility introduced trade-offs with other criteria, the resulting gains in
feasibility (+11.1 percentage points) and extinction risk reduction (+1.2) exceeded the moderate losses observed
for carbon storage (—4.1) and water provision (—2.4). Notably, the concurrent improvement in feasibility and
extinction risk reduction indicates a spatial synergy: prioritizing areas with higher likelihood of restoration
success also targets locations associated with higher biodiversity value. Consequently, including restoration
feasibility improved the overall balance of performance across objectives without inducing substantial

reductions in ecological outcomes.
3.4. Selection frequency of planning units across the optimization framework

Overall, selection frequency patterns show that the multi-objective F-in solution was primarily supported by
units that contributed consistently across objectives, rather than by units uniquely associated with a single
criterion. Figure 5 shows the spatial distribution of the selection frequency of units in the F-in solution,
summarizing how often each unit was selected across the optimization framework. Selection frequency,
computed as the number of optimization runs in which a unit is selected (see Section 2.6), serves as a proxy for
irreplaceability: higher frequencies correspond to units that consistently contribute across objectives (i.e., are
less substitutable), whereas lower values correspond to units whose inclusion depends more directly on a

specific objective.

Across the three regions shown in Fig. 5, units with intermediate irreplaceability dominated the solution. In the
extreme north (Arica y Parinacota Region), units selected three times represented 48.0% of all selected units,
followed by units selected twice (40.1%) and four times (11.9%), and none were selected only once or in all
five cases. A similar pattern emerged in central Chile (Santiago Metropolitan Region), where frequency-three
units represented 60.6% of the total, followed by frequency-two (35.4%) and frequency-four units (3.8%), while
units selected once and five times were negligible (<0.2%). In the extreme south (Magallanes y Antartica
Chilena Region), units selected three times also dominated (51.0%), but with a comparatively larger
contribution of frequency-four units (26.2%) and a smaller share of frequency-two units (22.5%); units selected
once or five times together accounted for less than 0.4% of the total. Despite regional differences in the total

number of selected units, these patterns were consistent across regions.
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Fig. 5 | Distribution of selection frequency of planning units across the optimization framework. Maps show the
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selection frequency (p;) of planning units across continental Chile, with expanded views detailing representative northern
(Aricay Parinacota Region), central (Santiago Metropolitan Region), and southern (Magallanes y Antartica Chilena Region)
regions. Values on the scale range from 1 to 5, indicating how consistently a unit is prioritized. A value of 1 corresponds to
units selected exclusively in the multi-objective F-in solution (MO only), while values 2 through 5 correspond to units
additionally selected in one to four single-objective solutions (MO + 1-4 SOs). Bar plots summarize the absolute number
and proportional distribution of these frequencies within each focal region; missing bars or labels denote zero or negligible
proportions.

At the national scale, Fig. C1 confirms these regional patterns. Units selected an intermediate number of times
dominated the F-in solution, whereas units selected only once or in all optimization steps remained negligible.
This distribution indicates that irreplaceability in the multi-objective solution was primarily associated with
units that were consistently—but not universally—selected, rather than with units tied to a single optimization
run. Together, Fig. 5 and Fig. C1 indicate that the F-in solution was dominated by units with intermediate to
high selection frequencies—reflecting consistent contributions across optimization runs—, and was

complemented by a smaller set of units whose selection varied across objectives.
3.5. Functional roles of planning units within the multi-objective solution

Overall, the classification of functional roles shows that the F-in compromise solution was dominated by

multipurpose units, with objective-specific and balance-supporting units playing secondary but spatially



meaningful functions. Building on the selection-frequency patterns described above, Fig. 6 classifies units into
functional categories reflecting how irreplaceability varies across objectives. Units consistently selected across
multiple single-objective problems represent highly irreplaceable, multipurpose components of the solution,

whereas units selected under more limited objective combinations correspond to more specialized contributions.
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Fig. 6 | Distribution of functional roles of planning units in the multi-objective solution. Units are classified into three
functional roles based on their selection frequency (p;) across the multi-objective (MO) and single-objective (SO)
optimization runs. Multipurpose units correspond to those selected in the MO solution and two or more SO runs (MO + >
2 SOs). Objective-specific units are selected in the MO solution and exactly one SO run (MO + 1 SO), further distinguished
by their specific target: extinction risk reduction (SOg), carbon storage (SOc), water provision (SOw), or restoration
feasibility (SOx). Balance-supporting units are selected exclusively in the MO solution (MO only). Maps show the spatial
distribution of these roles across representative northern (Arica y Parinacota Region), central (Santiago Metropolitan
Region), and southern (Magallanes y Antartica Chilena Region) regions of Chile. Bar plots summarize the absolute number
and relative proportion of units assigned to each role within these regions; missing bars or labels denote zero or negligible

proportions.

Across all regions shown in Fig. 6, multipurpose units constituted the largest fraction of the solution. In the
Arica y Parinacota Region, they represented 59.9% of selected units, while the remaining 40.1% corresponded
exclusively to restoration feasibility—specific units; no units were classified as objective-specific for extinction

risk reduction, carbon storage, or water provision. In the Santiago Metropolitan Region, multipurpose units



constituted 64.4% of the solution, followed by extinction risk reduction—specific units (33.9%), while all
remaining functional categories each contributed less than 2%. In the Magallanes y Antartica Chilena Region,
multipurpose units accounted for 77.5% of selected units, while carbon storage—specific units comprised 18.3%;

each remaining role contributed less than 3%.

At the national scale, Fig. C2 confirms the predominance of multipurpose units. Overall, 80.1% of all selected
units fell into this category, indicating that selection frequency in the F-in solution was largely associated with
consistent contributions across multiple objectives. Objective-specific units formed a smaller fraction, with
carbon storage—specific units accounting for 11.7%, extinction risk reduction—specific units for 5.32%, and
restoration feasibility—specific units for 2.56%. Balance-supporting units—selected only in the multi-objective
optimization—and water provision—specific units were rare, together representing less than 0.4% of all selected

units.

Together, Figures 5, 6, and C2 demonstrate that irreplaceability in the F-in solution was primarily supported by
a broad backbone of multipurpose units, complemented by a smaller, spatially heterogeneous set of objective-
specific units. Balance-supporting units contributed marginally, indicating that spatial allocation was
predominantly associated with units consistently valuable across objectives rather than with units emerging

exclusively from the compromise framework.
4. Discussion

This study contributes to spatial restoration planning by operationalizing ecological restoration feasibility as an
explicit objective within a multi-objective optimization framework. By employing a goal programming
approach, we provide a structured method to reconcile competing ecological objectives, minimizing deviations
from single-objective aspiration levels to identify balanced compromise solutions. Unlike traditional spatial
planning approaches, our formulation incorporates feasibility directly into the objective space. This ensures that

its influence on spatial priorities and trade-offs is evaluated in an analytically consistent and interpretable way.

Because the feasible region (@) and optimization structure were held constant across scenarios, the observed
differences among solutions can be entirely linked to objective interactions. This controlled assessment reveals
that incorporating feasibility (F-in) significantly reshapes spatial priorities and the internal configuration of
restoration solutions, while inducing only moderate changes in overall ecological performance relative to the
feasibility-excluded scenario. Our spatial diagnostics, based on selection frequency, further indicate that these
changes are systematic, reflecting a deliberate rebalancing toward areas with higher expected persistence

without compromising core biodiversity or ecosystem service outcomes.

While a growing body of literature integrates biodiversity and ecosystem services into multi-objective planning
(e.g., Strassburg et al., 2018, 2020; Sala et al., 2021; Schiler & Bustamante, 2022; Srivathsa et al., 2023;
Deléglise et al., 2024; Gopalakrishna et al., 2024; B. A. Williams et al., 2024; Drever et al., 2025), restoration
feasibility has typically been treated either as a hard constraint (locked-out) or as a post hoc screening filter

(Orsi & Geneletti, 2010; Zamorano-Elgueta et al., 2025). Our results reframe this conventional approach by



demonstrating that feasibility is not merely a constraint but a structuring dimension of restoration planning. By
optimizing feasibility alongside ecological targets, we move beyond viewing feasibility as a hurdle and instead
position it as a driver of spatial allocation, offering a more robust and policy-relevant framework for achieving
large-scale restoration commitments such as Target 2 of the Kunming—Montreal Global Biodiversity
Framework.

4.1. A structured optimization framework as a basis for interpretable restoration planning

From a methodological perspective, the framework highlights several advantages of exact multi-objective
optimization for large-scale restoration planning, particularly through the combination of controlled
experimental design, explicit benchmark solutions, and complementary spatial diagnostics. By relying on exact
optimization, the approach delivers solutions whose performance and trade-offs can be evaluated relative to
explicit constraints and benchmarks, with solution quality assessed using the optimality gap (MIP gap; see
Section 3, Experimental setting). This contrasts with heuristic approaches, which are computationally more
efficient but provide limited guarantees regarding solution quality and the magnitude of trade-off among
objectives (Beyer et al., 2016; Schuster et al., 2020). At the same time, the computational results indicate that
the proposed MILP framework remains tractable at the national scale, consistently achieving high-quality
solutions with negligible optimality gaps, which supports its practical applicability for large-scale restoration

planning despite the inherent complexity of the problem.

Equally important, the interpretability of the framework emerges not only from the use of exact optimization,
but also from its controlled experimental design and the integration of complementary diagnostics applied to a
consistent set of optimization outputs. By ensuring that all optimization runs share an identical feasible region,
constraint structure, and decision space, the framework enables meaningful comparisons across single-objective
and multi-objective solutions, isolating the effect of each objective on spatial allocation and performance trade-
offs.

Within this structure, interpretability is achieved through the joint use of single-objective benchmarks,
compromise solutions, and selection-frequency diagnostics derived from the same optimization ensemble. This
combination allows the final solution to be unpacked in terms of its structural components. Rather than
considering the compromise as a black box, the framework clarifies why specific units are selected and how

their roles differ within the broader solution.

The explicit use of single-objective optimizations is therefore not merely a computational device, but a core
design feature that enables interpretability and functional decomposition of solutions. These reference solutions
contextualize trade-offs, support the identification of synergies, and enable the functional classification of units.
Such transparency is particularly relevant for decision-support applications, where explainability and
reproducibility are often as important as numerical optimality. Against this methodological backdrop, the results
provide insight into how explicitly optimizing feasibility reshapes the spatial structure and performance of

restoration solutions.



4.2. Feasibility as a restructuring dimension in multi-objective restoration planning

Viewed through this framework, single-objective optimizations reveal differentiated spatial patterns along the
latitudinal gradient, reflecting the distinct spatial signatures associated with each criterion. Such contrasts are
consistent with previous studies showing that solutions obtained under different objectives tend to concentrate
in different regions due to their underlying ecological and socio-economic drivers (Schiiler & Bustamante,
2022; Gopalakrishna et al., 2024; B. A. Williams et al., 2024). These contrasting patterns provide a baseline for
evaluating multi-objective solutions. When objectives are combined, compromise solutions exhibit
intermediate variability in both spatial distribution and performance, consistent with the integration of

heterogeneous priorities rather than convergence toward a single-objective extreme.

Including restoration feasibility modifies the multi-objective solution through spatial substitutions under fixed
area constraints, broadening latitudinal coverage and rebalancing objective performance while preserving the
total restored area (Fig. 3). The feasibility-included formulation introduces new trade-offs among objectives;
however, gains achieved in restoration feasibility and extinction risk reduction exceed the moderate losses
observed for carbon storage and water provision. Importantly, this pattern reflects a spatial synergy: prioritizing
areas with higher likelihood of restoration success also tends to capture habitats of high importance for
threatened species. Thus, planning for feasibility does not merely redistribute benefits across objectives, but
can actively enhance biodiversity outcomes. As a result, incorporating restoration feasibility yields a net
improvement in overall performance under the equal-weight normalized aggregation used for comparison with
the feasibility-excluded solution (Fig. 4; Table C2).

In this sense, feasibility primarily acts as a re-allocation driver, reshaping spatial priorities within a constant
budget without reducing the total ecological performance achieved. This distinction is particularly relevant for
prioritization initiatives in which feasibility is commonly treated as an external filter. Our results suggest that
explicitly optimizing feasibility integrates ecological trade-offs into the decision process, enabling spatial
reconfiguration with limited ecological losses and reinforcing feasibility as a core planning dimension rather
than a screening criterion. These spatial substitutions are accompanied by corresponding changes in objective-

level performance, which helps clarify the trade-offs introduced by explicitly incorporating feasibility.
4.3. Asymmetric trade-offs and cross-performance of multi-objective solutions

At the level of objective space, these patterns further highlight the advantages of the multi-objective approaches.
Single-objective solutions occupy the extreme points of objective space, achieving maximal performance for
the targeted criterion while exhibiting heterogeneous performance across non-target objectives (Fig. 4; Table
C2). Comparable asymmetric trade-off profiles have been reported, reflecting differences in the spatial overlap
among objectives (Strassburg et al., 2018; Sala et al., 2021; Drever et al., 2025). In our case, these asymmetries
stem not only from spatial overlap among ecological objectives, but also from the inclusion of feasibility as a

competing criterion in the optimization process. When contrasted with single-objective benchmarks, the



resulting multi-objective solutions occupy intermediate positions in objective space, representing balanced

compromises across criteria.

Cross-solution performance metrics reveal marked asymmetries among single-objective solutions. Although
each solution reaches its maximum value for the optimized criterion, performance across remaining objectives
varies. These patterns show that objectives differ not only in their spatial expression, but also in their degree of
structural compatibility with other criteria. This compatibility is not symmetric: optimizing one objective may
preserve a considerable share of performance in others, but the converse does not necessarily hold. As a result,
some objectives act as integrators, maintaining high performance across multiple criteria when optimized,
whereas others are more specialized and lead to larger losses in non-target objectives under single-objective
optimization. Carbon storage illustrates this specialized behavior, as its concentrated spatial pattern is associated
with lower cross-solution performance, reflecting limited compatibility with other objectives when optimized

in isolation.

Both multi-objective solutions achieve higher average cross-objective performance than any single-objective
alternative. The feasibility-included solution entails moderate reductions in some ecological objectives, but
gains in restoration feasibility and extinction risk reduction outweigh these losses, resulting in higher overall
performance across the system. In this sense, multi-objective optimization balances objectives with limited
reciprocal compensation, mitigating asymmetries in objective-level performance. These results suggest that
compromise solutions are not merely intermediate outcomes, but can outperform collections of single-objective
strategies from a system-wide perspective that considers joint performance across all objectives, while making
trade-offs explicit and quantifiable. However, aggregate performance alone does not reveal how these trade-

offs are internally accommodated within the spatial solution.
4.4. Structural synergies and functional roles in the compromise solution

To move beyond aggregate performance, analysis of selection frequency provides insight into the internal
configuration of the compromise solution. Units consistently selected across objectives form a broad backbone
of relatively irreplaceable, multipurpose areas that underpin the solution at both regional and national scales
(Figs. 5-6). Similar backbone patterns have been observed, with areas contributing to multiple ecological
features tending to emerge (Sala et al., 2021; Schiller & Bustamante, 2022; Eckert et al., 2023; Gopalakrishna
et al., 2024). The persistence of these backbones across F-ex and F-in scenarios indicates that feasibility
optimization reorganizes the composition of compromise solutions without breaking their core spatial support.
These units represent locations where multiple objectives coincide spatially, revealing synergies that emerge
from the spatial co-occurrence of ecological characteristics and feasibility conditions, rather than being imposed
a priori by the optimization formulation. These spatial patterns represent the geographic expression of the

differentiated functional roles observed in objective space.

Notably, units with the highest irreplaceability (i.e., those with the highest selection frequency across

objectives) constitute only a limited fraction of the selected areas. The internal configuration of the solution is



instead dominated by units with intermediate selection frequencies, which play a key role in accommodating
spatially localized trade-offs where objectives partially align. Objective-specific units, although less frequent,
contribute by resolving tensions among criteria in areas of lower structural compatibility, supporting balanced
performance across objectives. Units selected exclusively under the multi-objective formulation remain
comparatively rare, indicating that the compromise solution is largely anchored in areas that already contribute

under single-objective formulations, rather than resulting from entirely novel selections.

In northern and central Chile, structural synergies typically involve the contribution of two objectives, whereas
in southern regions they often extend to three objectives (Fig. 6). The persistence of these patterns at the national
scale (Figs. C1-C2) suggests that complementarities among objectives are rooted in underlying ecological and
landscape characteristics, rather than being artifacts of the optimization algorithm or the spatial distribution of
restoration actions per se. This decomposition clarifies how trade-offs in objective space translate into
differentiated functional roles in geographic space, enhancing the interpretability of the multi-objective
solution. These differentiated functional roles also help explain why the resulting spatial priorities remain

ecologically coherent when interpreted against the broader ecosystem context of Chile.
4.5. Ecological interpretation of spatial restoration priorities

Consistent with this internal structure, the multi-objective solutions also exhibit ecologically coherent spatial
patterns when examined in relation to the distribution and conservation status of terrestrial ecosystems in Chile.
Although biodiversity conservation in the model is explicitly represented through species-level extinction risk
reduction, both compromise solutions show substantial spatial overlap with ecosystems classified as Critically
Endangered (CR) or Endangered (EN). Approximately 48.6% of the area selected under the feasibility-excluded
solution (F-ex) and 42.7% under the feasibility-included solution (F-in) overlap with ecosystems belonging to
these categories (Pliscoff et al., 2025).

Importantly, ecosystem threat status is not explicitly optimized in the model, making this overlap an emergent
property of the spatial prioritization rather than a built-in outcome. The observed convergence suggests that
areas contributing strongly to species-level extinction risk reduction also tend to coincide spatially with
ecosystems that have undergone long-standing and intense degradation processes. This pattern can be explained
by the fact that highly threatened species are often confined to remaining, less-disturbed refugia, which tend to
score higher under our feasibility proxies. In this sense, planning for feasibility not only avoids heavily degraded
areas, but can also direct restoration efforts toward locations that are both more viable and more relevant for
biodiversity conservation. This reinforces the ecological coherence of the solutions beyond their formulation in

objective space.

The terrestrial ecosystems most frequently represented in both solutions correspond primarily to deciduous and
sclerophyllous forests in central-southern Chile, temperate and temperate—cold Andean forests, and
Mediterranean and high-Andean shrublands in northern and central regions. These ecosystem types refer to the

underlying potential or reference ecosystems associated with the selected planning units, rather than their



current land cover, which consists of degraded or transformed conditions (e.g., croplands, plantations, or
grasslands) identified as suitable for restoration. This distribution is consistent with the historical concentration
of land-use change, habitat fragmentation, recurrent fires, and extractive pressures affecting Chilean landscapes,
which have jointly driven ecosystem degradation and biodiversity loss over large spatial extents (Echeverria et
al., 2006; Schulz et al., 2010; Miranda et al., 2015; Garreaud et al., 2019; Smith-Ramirez et al., 2021; Orrego
etal., 2023).

Comparison between F-ex and F-in indicates that explicitly including restoration feasibility induces a moderate
redistribution of restoration effort among ecosystem types, without materially shifting the concentration of
biodiversity-related benefits within highly degraded landscapes. In both scenarios, restoration priorities remain
largely anchored in ecosystems facing high conservation concern, while feasibility acts to reshuffle spatial

allocation within this set rather than displacing priorities toward ecologically marginal systems.

From a modelling perspective, these patterns indicate that restoration feasibility operates primarily as a spatial
reallocation mechanism rather than as a driver of ecological exclusion. Explicitly optimizing feasibility reshapes
where restoration actions are allocated within the landscape, while preserving the underlying ecological signal
associated with biodiversity conservation. This ecological coherence strengthens the relevance of the

framework not only as an analytical tool, but also as a robust foundation for restoration policy and management.
4.6. Policy and management implications for restoration decision-making

Building on this ecological coherence and the explicit representation of trade-offs within the optimization
framework, several implications emerge for policy and restoration decision-making. First, the finding that
feasibility can be incorporated without substantial degradation of ecological performance supports its
integration early in the planning process. This is particularly relevant for national-scale initiatives linked to
global commitments such as Target 2 of the Kunming—Montreal Global Biodiversity Framework, where
restoration success depends on aligning ecological priorities with implementation constraints (CBD, 2022; FAO
etal., 2024), and feasibility considerations may ultimately determine whether restoration efforts are achievable
in practice. In this context, explicitly optimizing feasibility helps ensure that area-based targets translate into
effective restoration and long-term ecological integrity (sensu Target 2), providing a concrete operational

pathway to reduce the risk of costly, avoidable restoration failures on the ground.

At the same time, the results highlight an important limitation inherent to how feasibility is operationalized. By
representing feasibility as a composite index based on exposure to recurrent ecological threats, maximizing
feasibility corresponds to a deliberately risk-averse strategy that prioritizes areas with higher expected
persistence by avoiding high-risk conditions. This operationalization provides a conservative baseline for
persistence-oriented restoration planning, consistent with approaches that rely on avoidance-based proxies, such
as distance from human pressures and land-use conflict indicators (e.g., Orsi & Geneletti, 2010; Zamorano-
Elgueta et al., 2025). In this sense, the feasibility-included solution can be interpreted as a conservative,

persistence-oriented restoration portfolio suited to large-scale implementation contexts characterized by limited



capacity for intensive post-restoration management, as often associated with Target 2 commitments, prioritizing

long-term viability under limited risk tolerance.

Consistent with this perspective, our framework conceptualizes restoration primarily as a large-scale process of
assisted ecological recovery, in which natural regeneration is facilitated through targeted, low-intensity
interventions. By prioritizing landscapes where key constraints are lower, the model assumes that reducing
environmental pressures, together with enabling conditions for regeneration, is a primary driver of sustained
ecosystem recovery at the national scale. This reflects the practical reality that intensive, site-specific
interventions are often unfeasible across millions of hectares, while assisted natural regeneration offers a

scalable pathway for restoration under such conditions.

However, our findings point to limited spatial overlap between areas of high ecological feasibility and those
providing substantial biodiversity and ecosystem service co-benefits, while also suggesting that low-risk
landscapes are scarce. As a consequence, feasibility shows the lowest cross-objective performance under single-
objective optimization and remains the weakest compensating objective within the multi-objective solution
(Fig. 4; Table C2). Achieving higher levels of feasibility would therefore require going beyond spatial
avoidance toward threat-management strategies, such as fire prevention and invasive species control, as well as
institutional and governance interventions aimed at reducing underlying drivers of degradation (e.g., land-use
regulation, enforcement, or incentive schemes). These strategies are inherently more complex to represent,
implement, and finance—particularly at large spatial scales—yet may be essential for achieving long-term

restoration outcomes in high-risk landscapes.

Second, the dominance of multipurpose units suggests that coordinated restoration actions can deliver multiple
benefits simultaneously, reducing the need for fragmented or highly objective-specific interventions (Fig. 6).
Nonetheless, regional variation in functional roles indicates that contributions to national restoration objectives
are spatially differentiated, with implications for budget allocation, inter-regional coordination, and the design
of complementary regional strategies. Importantly, these spatial differences reflect underlying biogeographic
variation across the study area, suggesting that restoration planning and prioritization may benefit from being
structured around biogeographic zones rather than solely administrative regions. In this context, biogeographic
units can provide a more ecologically coherent basis for decision-making, particularly in countries such as Chile
where strong latitudinal gradients and ecosystem contrasts shape restoration opportunities and constraints,

including macro-regional or cross-border planning contexts.

Finally, by quantifying trade-offs and cross-objective performance, the framework provides a transparent basis
for negotiation among stakeholders. Decision-makers can evaluate how alternative priorities influence both
spatial allocation and overall outcomes, supporting more defensible and evidence-based restoration strategies.
In particular, the framework makes visible the opportunity costs associated with single-objective or narrowly
focused strategies by revealing broader losses in non-target objectives that would otherwise remain implicit in
restoration planning. In this sense, the framework is suitable for iterative and interactive decision-making

processes, in which priorities, weights, and constraints can be explored jointly with decision-makers, while



maintaining a transparent and formally defined optimization framework. This transparency supports more
efficient and balanced use of limited restoration resources, strengthening the link between scientific evidence
and policy decision-making. At the same time, translating these insights into practice requires acknowledging

the assumptions and limitations that accompany large-scale optimization frameworks.
4.7. Generalizability, limitations, and future directions

Despite its generality and policy relevance, the framework remains subject to several limitations that also point
to productive directions for future research. Although applied here to continental Chile, the proposed framework
is transferable to other geographic contexts and planning problems, as its feasibility component can be re-
parameterized using region-specific disturbance regimes (e.g., drought, flooding, grazing pressure) without
modifying the underlying optimization structure. While the objectives optimized here reflect criteria with broad
relevance across terrestrial, freshwater, and marine—coastal environments, the framework remains flexible and

can be extended to alternative objectives, constraints, and spatial resolutions.

As with most large-scale planning exercises, the framework reflects an inherent trade-off between spatial
resolution and computational and data efficiency. While large-scale analyses necessarily rely on lower-
resolution representations that promote coordination, cooperation, and economies of scale, finer-resolution,
local-scale planning can capture higher ecological and socio-environmental detail but is often constrained by

data availability and limited scalability.

More broadly, the present formulation relies on deterministic inputs and assumes that all spatial data layers are
known with certainty. In practice, however, ecological and socio-environmental data are often scarce,
incomplete, or uneven in quality at national scales, which may affect both the accuracy of parameter estimates
and the robustness of spatial prioritization outcomes. These limitations are particularly relevant in data-limited
contexts, where uncertainty in species distributions, ecosystem services, or disturbance proxies may propagate

through the optimization process.

In addition, the computational complexity of solving large-scale mixed-integer linear programs can pose
practical constraints, especially when extending the framework to higher spatial resolutions, additional
objectives, or more complex constraint structures. Although the present implementation remains tractable at the
national scale, future applications may require decomposition strategies, heuristic approximations, or parallel

computing approaches to ensure scalability.

Model outcomes are also sensitive to parameter choices embedded in the formulation, particularly regarding
how restoration feasibility is operationalized. The feasibility index is constructed as a parsimonious, additive
combination of standardized proxies, assigning equal weight to disturbances (fire frequency, anthropogenic
pressure, and invasive species richness). Although this enhances transparency, alternative weighting or
aggregation schemes could modify feasibility rankings and spatial allocation outcomes. However, our choice
to assign equal importance to all feasibility dimensions provides a transparent and parsimonious baseline. This

avoids the introduction of subjective weights that could bias prioritization outcomes, a critical consideration for



ensuring that planning frameworks remain defensible and reproducible in policy-making contexts. Under this
premise, the aim of this study is not to propose a definitive feasibility map, but to demonstrate how a persistence-
oriented feasibility representation can be explicitly embedded within a multi-objective MILP-based SCP
framework. The framework is therefore designed to accommodate alternative feasibility formulations rather

than prescribe a single one.

Similarly, at the optimization level, objective performances were normalized and aggregated using equal
weights. While this neutral baseline facilitates transparent comparison across objectives, it does not necessarily
reflect context-specific preferences. Future applications could explore alternative weighting schemes informed
by expert elicitation, stakeholder input, or policy priorities. In this study, goal programming was deliberately
employed as a synthesis tool to generate a single, interpretable compromise solution relative to single-objective
benchmarks, rather than to perform an exhaustive mapping of the Pareto frontier. This choice reflects our core
focus on linking trade-offs in objective space to the spatial configuration and functional roles of planning units.
However, alternative Pareto-oriented MILP formulations (such as e-constraint or reference-point methods)
could be used in future applications to explore the efficient frontier more comprehensively, particularly where

the explicit characterization of all trade-offs is required.

Feasibility was operationalized through a deliberately risk-averse approach that prioritizes areas with lower
exposure to threats. While effective for identifying feasible locations, this approach does not guarantee
meaningful ecological gains, particularly in degraded but high-risk systems where restoration may be feasible
but of limited ecological relevance. Future extensions could incorporate threat-management objectives as well
as restoration-need targets—based on native habitat losses, changes in vegetation productivity, or ecological

risk assessments—to better align feasibility with potential ecological benefits.

Additional limitations relate to implementation dynamics. Feasibility was represented as a static spatial layer,
whereas it is likely to evolve over time in response to policies, socio-economic changes, or management
interventions. The analysis further focuses on a fixed area budget and does not explore alternative budget levels,
phased implementation pathways, or dynamic or stochastic extensions that could better represent temporal

change and uncertainty.

Overall, these considerations outline directions for further research, including alternative objective
formulations, multi-scale architectures, and dynamic feasibility models. Ultimately, by operationalizing
biodiversity conservation, ecosystem services, and restoration feasibility within a unified optimization
framework, our approach provides a generalizable, scalable, and transferable method for large-scale spatial
restoration planning. Its application to Chile illustrates how limited resources can be allocated efficiently, how
trade-offs among objectives can be quantified, and how balanced spatial solutions can be structured while
explicitly linking spatial prioritization to the likelihood of long-term restoration success. Beyond this specific
application, the framework can support the design of robust restoration strategies that align ambitious global

policy commitments with implementable and persistent ecological outcomes.
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Supplementary Material
Summary

Appendix A presents the mathematical formulation of the multi-objective optimization framework, including
the mixed-integer linear programming structure and the piecewise-linear approximation of the species—area
relationship used to model extinction risk reduction.

Appendix B describes the computational implementation of the optimization models, including solver settings,

model size, presolve behavior, runtime performance, and numerical stability considerations.

Appendix C provides supplementary results and spatial diagnostics, including latitudinal statistics, objective-
level performance matrices, and national-scale summaries of selection frequency and functional roles of
planning units.



Appendix A. Mathematical formulation of the multi-objective optimization framework

A.1 Notation, sets, indices, decision variables, and parameters

This appendix provides the complete mathematical formulation of the optimization framework introduced in
Section 2 of the Methods. The notation below consolidates all sets, indices, decision variables, and parameters
used throughout both Step 1 (single-objective optimization; Section 2.4) and Step 2 (multi-objective goal
programming; Section 2.5).

Sets and indices
Let:

e 7 denote the set of units, indexed by i.

e JunsUit ¢ 7 denote the set of units excluded (locked-out) by the land-suitability mask, i.e., units that are not
eligible for restoration.

e S denote the set of species, indexed by s.

e J denote the set of optimization criteria, indexed by j, considered in the goal programming formulation.

e X denote the set of breakpoints, indexed by k, used in the piecewise-linear (PWL) approximation of the

species—area relationship (SAR) term.
Decision variables
For each i € 7, define the binary decision variable

1, if unitiis selected for restoration
w={" 7 J (A1)

0, otherwise

Collectively, x = (x;);es € {0, 1} defines a restoration plan.
For the extinction risk formulation, and for each species s € §, define:

e g, projected species—area ratio under restoration plan x.
e 1 auxiliary continuous variable representing the piecewise-linear approximation of g&.

e e projected extinction risk under restoration plan x.
For the goal programming model, and for each criterion j € 7, define:

e & :underachievement (negative deviation) from target G;.

e & overachievement (positive deviation) from target G;.
Parameters
For each unit i € 7 and species s € S, let:

e g, be the area of planning unit i.



a;s be the contribution of unit i to species s, measured as the area of overlap between unit i and the habitat

of species s.

c; be the carbon storage value associated with unit i.

w; be the water provision value associated with unit i.

f; be the restoration feasibility value associated with unit i.

For each species s € S, let:

a? be the current area of species s.

A2 be the reference (e.g., pre-settlement) habitat area of species s.

e be the baseline extinction risk of species s, computed consistently with the SAR formulation based on
current habitat conditions.

e q** be an upper bound on gy, defined as

ag + Ziej\gunsuit Ais
A3

max _—

qs

i.e., the species—area ratio obtained if all eligible restoration units are selected.

a be the species—area relationship exponent.
At the landscape level, let:

e A be the total area of the study region.

e t, be the restoration area budget expressed as a fraction of total area.
For the PWL approximation, and for each breakpoint b € B, let:

e &, denote the abscissa (breakpoint location) of breakpoint k.

e 1, denote the corresponding ordinate value, with 1, = min{¢y, 1}
For each criterion j € 7, let:

e (; be the target value associated with criterion j, defined as the optimal value of the corresponding single-
objective problem.

e w; be the weight assigned to criterion j.
A.2. Common feasible region

All optimization problems are defined over the same feasible set ® < {0, 1}"!, determined by the restoration

budget and land suitability constraints described in Section 2.3 of the Methods. Specifically,



b =

x € {0, 1} : Z aix; < tyA,x; = 0 Vi € Junsuit (A.2)
i€l

Equivalently, the common constraints can be written explicitly as

Z a;x; < tAA (AS)
i€l
x; =0,  Vieg gunsui (A4)
x; € {0,1}, Vie]d (A.5)

Constraint (A.3) is the restoration budget constraint (Eq. (1) in the Methods), and constraint (A.4) is the land
suitability constraint (Eq. (2) in the Methods). Constraint (A.5) enforces the binary nature of the decision
variables. All single-objective and multi-objective formulations share this feasible region; therefore, differences
among solutions arise from the optimized criterion or set of criteria, rather than from changes in feasibility

conditions.
A.3. Projected species—area ratio and extinction risk

The biodiversity criterion is based on the reduction in species extinction risk induced by restoration. For each

species s € §, the increase in habitat induced by a restoration plan x is

a,(x) = z AjsX; (A.6)

i€J

Hence, the projected species—area ratio is

al +a,(x) _ ad + Vi aix;
AR A3 '

qs(x) = Vs ES (A7)

This provides an explicit linear expression of g4(x) in terms of the decision variables. For simplicity, we write
qs = q5(X) whenever no ambiguity arises.

Under the SAR formulation, projected extinction risk is

es(x) = 1 — min{q%, 1}, VsES (A.8)
This formulation ensures that extinction risk is bounded in [0, 1]. Because g, may exceed 1 when restored
habitat plus current habitat exceeds the reference area A2, the SAR term is capped at 1 to maintain ecological

consistency.
A.4. PWL approximation of the SAR term

To preserve linearity of the optimization problem, the nonlinear function q& is approximated using a piecewise-
linear representation over a finite set of breakpoints ¥ spanning the relevant domain of q,, as described in
Section 2.4.1 of the Methods.

The breakpoint abscissae &, k € X, are constructed over the interval [0, 1] as



Yea

& = (|:zkc|_—11> L k=1,.,]%] (A.9)

with corresponding ordinate values

M =min{ef, 13,  k=1,..,|X]| (A.10)
This construction allocates breakpoints according to the curvature of the SAR function. In the reported
experiments, the chosen approximation tolerance T = 0.05 (5%) yields || = 28 breakpoints (27 segments).

For all breakpoints with &, > 1,7, = 1, thus producing a flat segment consistent with the capped SAR function.

If max,csq®* > 1, an additional breakpoint is appended at g = maxcsqs"?*, and the PWL representation

remains capped at 1 to preserve consistency with the bounded definition of extinction risk.

For each species s € §, the variable g, is bounded within the domain of the PWL representation, i.e., 0 < g <

max

4qs

The pair (qs, 1) is then constrained to lie on the piecewise-linear approximation of the function g —

min(q%,1). Accordingly, i, represents the PWL approximation of min(qZ, 1), i.e.,

Y, = PWL(q,), VS€ES (A.11)
where PWL(-) denotes the piecewise-linear approximation of f(q) = min{q%, 1}. This representation is

implemented in practice using solver-specific general constraints (e.g., Gurobi’s addGenConstrPWL()).
Finally, the projected extinction risk is computed as

es(x) =1—-1, VsES (A.12)
This linearization introduces one continuous variable g, and one auxiliary continuous variable 1, per species,

as well as one PWL general constraint per species (see Table B1).
A.5. Single-objective formulations (Step 1)

As described in Section 2.4 of the Methods, Step 1 consists of optimizing each criterion independently over the
common feasible set ®. The resulting optimal values define the ideal point used subsequently in the goal
programming model.

Extinction risk reduction
Using the biodiversity representation in (A.7) and (A.11)-(A.12), the extinction risk reduction problem can be

written as

z} = maxz:(es0 —e5) (A.13)

SES

subject to



0
_ag + ieg AisX;

qs = A0 ) Vs€ES (A.14)
s = PWL(qy), VsES (A.15)
es=1—-1,, VsES (A.16)

and constraints (A.3)—-(A.5). This formulation corresponds to Eqg. (3) in the Methods, expressed here using a

PWL approximation within a MILP framework.
Carbon storage

The carbon storage problem is

zZ; = maxz CiX; (A.17)
ieJ
subject to constraints (A.3)—(A.5). This formulation corresponds to Eq. (4) in the Methods.
Water provision

The water provision problem is

2, = max ) wix, (A18)
i€l
subject to constraints (A.3)-(A.5). This formulation corresponds to Eq. (5) in the Methods.
Restoration feasibility

The restoration feasibility problem is

z; = maxz fixi (A.19)

i€eJ

subject to constraints (A.3)-(A.5). This formulation corresponds to Eq. (6) in the Methods.
A.6. Multi-objective formulation (Step 2)

Step 2 seeks a compromise solution that minimizes normalized deviations from the single-objective optima
obtained in Step 1. For each j € J, the target value is defined as

G=z, Vjed (A.20)

where z; is the optimal value of the corresponding single-objective problem.

Consistent with Section 2.5 of the Methods, the achievement levels for each criterion j are

bg(x) = Z(e? —e5) (A.21)

SES

b.(x) = Z CiX; (A.22)

ieJ



b, (x) = Z W;X; (A.23)

i€d

bs(x) = Z fixi (A.24)

i€eJ

Deviations from these targets are represented by the standard goal constraint (Eq. (7) in the Methods)

bix) -8+ =G, Vi€ (A.25)

General GP model

The general weighted normalized goal programming model is then

* : 51'+ + 6}‘_
g = mlnz wj T (A26)
. j
Jj€d
subject to
Z(e? —e5) — 68 + 65 = Gg (A.27)
SES
Z cix; — 88 +8; =G, (A.28)
i€l
Z wix; — 8y + 8y = Gy, (A.29)
i€l
55,6720, Vj€J (A.30)
and, when f € J
Z fixi — 8 + 67 = Gy (A.31)

i€eJ

together with constraints (A.3)—(A.5) and the biodiversity PWL constraints (A.14)—(A.16).
Simplified GP model

Because each target G; = z; is the maximum achievable value of criterion j over the feasible set @, no feasible

solution can exceed its corresponding target. Hence,

bj(x) < Gj, ViEJ, VXED (A.32)
which implies that 5 = 0 at optimality (assuming G; > 0 for all j € J). Under this property, the formulation
simplifies to (Eq. (8) in the Methods)

. N9
g =miny L (A33)
jeg

subject to constraints (A.3)—(A.5), (A.27)—(A.31), and the PWL biodiversity constraints (A.14)—(A.16).



In the reported experiments, all weights were set to unity, w; = 1 for all j € J, yielding the neutral baseline
formulation described in Section 2.5 of the Methods. Under this specification, the model minimizes the

normalized L1-distance to the ideal point.

Feasibility-excluded and feasibility-included scenarios

The two multi-objective scenarios considered in Section 2.6 are obtained by changing only the index set J:
e Feasibility-excluded formulation:

Jr ={E,c,w} (A.34)
e Feasibility-included formulation:
J ={E,c,w, f} (A.35)

Both scenarios share the same feasible region and differ only in whether restoration feasibility is included as an

explicit optimization criterion.



Appendix B. Computational implementation and performance

Solver settings. All MILP formulations were implemented in a unified pipeline and solved using Gurobi
Optimizer v11.0.2 (win64) on Windows 10. Experiments were executed on an 11th Gen Intel(R) Core(TM) i7-
1165G7 @ 2.80 GHz CPU (4 physical cores, 8 logical processors), using up to 8 threads. For numerical stability,
we set NumericFocus = 3 and ScaleFlag = 2. A relative optimality tolerance of MIPGap = 0.01 (1%) was
enforced for all models; in practice, all runs terminated with substantially tighter gaps (<0.001%, as reported in

the solver logs). All remaining solver parameters were left at their default values.

Decision space and eligibility masking. The national planning grid contains 812,910 1 km? planning units.
After applying the land suitability constraint (Section 2.3), 632,612 km? remained suitable for restoration. To
preserve a consistent national planning grid across all formulations, all units were included in the index set,
while unsuitable units were excluded by fixing their binary decision variables to zero (x; = 0), thereby
restricting the feasible set to eligible units, as enforced by Eq. (2) in the Methods and constraint (A.4) in
Appendix A.

Model size and computational implications. Across runs, full models contained 180,300-180,767 constraints
and 812,910-813,381 variables, with ~1.42-14.64 million nonzero coefficients, depending on the objective set.
The three linear single-objective formulations (carbon storage, water provision, and restoration feasibility; Egs.
(4)—(6)) yielded purely binary models with 812,910 binary variables and were heavily reduced by presolve to
two constraints with 626,907-632,612 binary variables, effectively forming large knapsack-type problems. By
contrast, the extinction risk single-objective formulation (Eqg. (3)) and the GP formulations (Egs. (A.26)—(A.33))
incorporated additional continuous variables and general constraints resulting from the PWL approximation of
the species—area relationship (Egs. (A.9)—(A.12), with constraints (A.14)—(A.16)) and the deviation variables.
Prior to presolve, these formulations included ~463-471 continuous variables and 154 general constraints. After
presolve, models contained ~4,700-4,900 continuous variables, ~590,000-633,000 binary variables, and 153

SOS constraints, reflecting the linearized species-level structure (Table B1).

Runtime and solution quality. All models were solved at the root node (one explored node). Solver-reported
wall-clock times ranged from a few seconds for the simplest single-objective formulations to approximately
one minute for the GP models, with final optimality gaps below 0.001% (e.g., 0.0009% for extinction-risk
optimization and 0.0006% for the feasibility-excluded GP model). End-to-end pipeline runtimes—including
data preprocessing, model construction, optimization, and post-processing—ranged from ~20-650 s for Step-1
runs and ~640-730 s for Step-2 runs, with total workflow times of ~1,350 s (feasibility-included) and ~1,530 s
(feasibility-excluded) (Table B1).



Table B1. Computational characteristics of the optimization runs.

The table reports model size (number of constraints [Rows], total variables [Cols]—including binary and continuous variables—, and nonzero coefficients), presolve reductions,

solver time, final optimality gap, and end-to-end pipeline runtime. Solver time corresponds to the wall-clock time reported by Gurobi logs.

) . Cont Presolved Presolved Solver time Final Pipeline time
Run Formulation Rows Cols Nonzeros Bin vars
vars rows cols (s) gap (s)*

Single-objective
SOe o . 180,762 813,373 12,225,958 812,910 463 614 594,628 741 0.0009% 582.29
(Extinction Risk)

Single-objective
SO, 180,300 812,910 1,419,662 812,910 0 2 626,907 11.19 0.0000% 20.27
(Carbon Storage)

Single-objective
SOy . 180,300 812,910 1,419,662 812,910 0 2 632,612 2.33 0.0000% 36.70
(Water Provision)

Single-objective
SO¢ . . 180,300 812,910 1,419,662 812,910 0 2 632,612 32.09 0.0000% 41.59
(Restoration Feasibility)

Multi-objective
MOFk.ex . 180,766 813,381 13,831,088 812,910 471 772 637,515 65.03 0.0006% 734.03
(Feasibility-excluded)

Multi-objective
MOk o 180,767 813,381 14,644,000 812,910 471 772 637,517 53.02 0.0000% 643.34
(Feasibility-included)

*Pipeline time includes model construction, optimization, and post-processing steps.



Appendix C. Complementary results and spatial diagnostics

Table C1. Latitudinal statistics of single-objective and multi-objective solutions.

Latitudinal statistics were computed by aggregating selected planning units into 1-km latitudinal bands based on their
centroid latitude. For each objective and balanced solution, the table reports the number of latitudinal bands containing at
least one selected unit (# Bands), the mean and standard deviation of the number of selected units per band (Mean + SD),
the minimum and maximum number of units per band (Min—Max), the coefficient of variation (CV), and the interquartile
range (IQR, 25th-75th percentile). Together, these indicators describe whether a given optimization results in spatially
concentrated patterns (few bands with high counts per band) or in distributions that are more evenly dispersed along latitude
(many bands with lower and less variable counts). Because all solutions select the same total number of units, these
differences directly reflect contrasting spatial distributions along the north-south gradient. Higher CV and IQR values

correspond to greater latitudinal heterogeneity, whereas lower values correspond to relatively homogeneous distributions.

Objective # Bands Mean + SD Min-Max Ccv IQR (25-75%)
Extinction Risk Reduction 4,253 57.3+35.6 1-160 0.622 30-80
Carbon Storage 2,629 92.8+54.0 1-253 0.582 57-130
Water Provision 3,573 68.3 £ 55.7 1-225 0.816 22-105
Restoration Feasibility 2,774 87.9+57.4 1-251 0.653 47-118
Balance among Objectives
o . 3,820 63.8+46.9 1-189 0.735 24-98
(Feasibility-excluded scenario)
Balance among Objectives
4,150 58.8+41.7 1-208 0.71 25-86

(Feasibility-included scenario)




Table C2. Objective-level performance across single-objective and multi-objective solutions.

The table reports normalized performance scores (0-100) for each objective (rows) evaluated under single-objective and
multi-objective optimization solutions (columns). Single-objective solutions correspond to extinction risk reduction (ER),
carbon storage (CS), water provision (WP), and restoration feasibility (RF). Multi-objective solutions represent the Balance
of Objectives (BO) for the feasibility-excluded (BO F-ex) and feasibility-included (BO F-in) scenarios. Scores are
normalized within each objective, using the corresponding single-objective optimum as the reference baseline (value =
100.0; bold). The Cross-solution performance column summarizes, for each objective, its average performance across the
remaining single-objective optimizations (computed as the mean of the off-diagonal values in that row). Conversely, the
Cross-objective performance row reports, for each solution, the average normalized performance achieved across the non-
targeted objectives (computed as the mean of the off-diagonal values in that column, and extended to the multi-objective
solutions). Values shown in green correspond to relatively high performance, whereas values shown in red indicate
comparatively low performance, highlighting asymmetric trade-offs among criteria. Note that the Cross-solution
performance column provides a comparative diagnostic of objective compatibility and does not correspond to an actual
spatial optimization run.

Single-objective Multi-objective
optimization optimization
Cross-
Objective ER Cs WP RF solution BO (F-ex) BO (F-in)
performance

Extinction Risk Reduction 100.0 51.3 66.0 47.6 55.0 84.6 85.8
Carbon Storage 454 100.0 71.0 30.6 49.0 86.1 82.0
Water Provision 87.9 90.4 100.0 79.4 85.9 97.2 94.8
Restoration Feasibility 72.4 65.0 51.0 100.0 62.8 62.1 73.2
Cross-objective

68.5 68.9 62.7 52.6 63.2 825 83.9
performance
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Fig. C1 | National distribution of selection frequency of planning units across the optimization framework. Bar plot
shows the number and proportion of planning units at national scale, grouped by their selection frequency across all
optimization runs. Selection frequency indicates how consistently a unit is prioritized within the framework, combining its
selection in the compromise multi-objective (MO) solution (Step 2) with its selection in the single-objective (SO)
optimizations (Step 1). Values on the x-axis range from 1 to 5: a value of 1 corresponds to units selected exclusively in the
multi-objective solution (MO only), while values 2 through 5 correspond to units also selected in one to four single-objective
solutions (MO + 1-4 SOs). This figure provides a national-scale summary of the regional selection-frequency patterns
detailed in Fig. 5.
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Fig. C2 | National distribution of the functional roles of planning units in the multi-objective solution. The bar plot
shows the absolute number and proportional distribution of planning units assigned to each functional role at the national
scale in Chile, based on their selection frequency (p;) across the multi-objective (MO) solution and the four single-objective
(SO) optimizations. Multipurpose units correspond to those selected in the MO solution and in two or more SO runs
(selection frequency > 3; MO + > 2 SOs). Objective-specific units are selected in the MO solution and exactly one SO run
(selection frequency = 2; MO + 1 SO), and are further classified by their specific target: extinction risk reduction (SOg),
carbon storage (SOc), water provision (SOw), or restoration feasibility (SOr). Balance-supporting units correspond to units
selected exclusively in the MO solution (selection frequency = 1; MO only). Percentages indicate the relative contribution

of each functional role to the total number of units selected in the multi-objective solution across continental Chile. This
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figure provides a national-scale summary of the functional role patterns shown spatially in Fig. 6.



