
Sustainable Marine Structures

https://journals.nasspublishing.com/index.php/sms

ARTICLE

Designing SustainableMarine Protected Area Networks: A
Graph‑Based Optimization Approach forMediterranean Conservation

Khaled Mili 1* ,Majdi Argoubi 2

1 Department of QuantitativeMethods, College of Business Administration, King Faisal University, Al‑Ahsa 31982, Saudi
Arabia
2 Department of Quantitative Methods, University of Sousse, Rue Khalifa Karoui, Sahloul, Sousse BP 526, Tunisia

ABSTRACT
Marine Protected Area (MPA) networks face a persistent challenge: protecting biodiversity while maintaining

ecological connectivity andminimizing economic costs. Traditional planningmethods optimize single objectives or
face computational barriers when scaling thousands of potential sites. We developed a computational framework
combining graph‑based site embeddings with constraint‑driven optimization to identify cost‑effective MPA net‑
works at the basin scale. We analyzed 10,741 candidate sites across theMediterranean Sea (30 kmresolution) using
84,721 species observations, bathymetric data, and spatially explicit opportunity costs. The optimized 15% cover‑
age network (1,611 sites, 1.45 million km2) protects 99.2% of 120 target species including all threatened Mediter‑
ranean resident taxa, achieves network connectivity 4.4 times higher than random selection, and reduces costs 42%
below random approaches (€1.69 billion versus €2.94 billion). The framework enforces ecological constraints—
threatened species protection, shallow habitat representation, and regional balance—while completing each op‑
timization scenario in 8–15 min. Network connectivity scales super linearly with coverage (power law exponent
1.17), indicating that well‑connected networks deliver disproportionate conservation value. Results remain robust
across 10–30% coverage targets, with consistent species representation and spatial patterns. The modular frame‑
work transfers to other marine regions through the substitution of region‑speciϐic data and enables rapid scenario
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testing for stakeholder negotiation. Systematic optimization identiϐies MPA conϐigurations delivering superior con‑
servation outcomes at substantially lower cost than alternative strategies, supporting evidence‑based pathways
toward international marine protection targets.
Keywords: Marine Protected Areas; Conservation Planning; Network Optimization; Biodiversity Conservation;
Mediterranean Sea; Cost‑Effectiveness; Ecological Connectivity

1. Introduction
Coastal ecosystems deliver essential services: car‑

bon storage, shoreline protection, ϐisheries production,
and biodiversity maintenance [1, 2]. These systems sup‑
port national economies and human well‑being glob‑
ally. Yet marine environments face severe threats from
overϐishing, climate change, pollution, and habitat de‑
struction [3, 4]. The pressures are intensifying. Ma‑
rine Protected Areas (MPAs) represent one response—
designated zones restricting human activities to con‑
serve marine life and restore damaged ecosystems [5, 6].
But individual MPAs often fail. Small size and spatial iso‑
lation undermine their effectiveness [7].

Evidence increasingly shows that connected MPA
networks outperform isolated reserves [8]. Ecological
connectivity—through larval dispersal, species migra‑
tion, and genetic exchange—maintains viable popula‑
tions, builds resilience to environmental shocks, and
ensures species persistence across generations [9, 10].
Large‑scale networks demonstrate measurable beneϐits:
biodiversity protection and spillover effects that en‑
hance adjacent ϐisheries [11, 12]. The logic is straightfor‑
ward: well‑designed networks amplify conservation im‑
pact beyond what any single MPA achieves alone.

The Mediterranean Sea illustrates the challenge
clearly. This biodiversity hotspot contains exceptional
endemism—species found nowhere else on Earth [13, 14].
Yet it faces severe pressures: intensive ϐishing, coastal
development, and accelerating climate change [15, 16]. Cli‑
mate impacts include warming waters, ocean acidiϐica‑
tion, oxygen depletion, and species redistributions [17].
Mediterranean ϐisheries management requires inte‑
grated approaches that balance conservation goals with
socioeconomic realities [18, 19]. Current MPA coverage
stands at approximately 8%, with only 1.3%under strict
protection [20]. Meeting international commitments—

30% protection by 2030 under the Convention on Bio‑
logical Diversity—demands systematic planning [21].

limita‑facemethodsoptimizationExisting
Systematic conservation planning tools liketions.

Marxan [22, 23] and integer programming [24] provide rig‑
orous frameworks but struggle with computational
tractability at basin scales involving thousands of can‑
didate sites. Distance‑based connectivity metrics offer
computational efϐiciency but rely on simpliϐied disper‑
sal assumptions [25]. Most frameworks optimize sin‑
gle objectives—area or species representation—using
weighted‑sum approaches that limit exploration of
trade‑offs between competing goals [26, 27]. Many studies
neglect mandatory ecological constraints: threatened
species protection, habitat representation, and regional
equity. These constraints are essential for practical con‑
servation policy.

Graph‑based approaches offer a natural solution.
Treating MPAs as nodes and ecological connections as
edges, graph theory provides rigorous methods to mea‑
sure network properties: connectivity, centrality, ro‑
bustness [28, 29]. Recent guidance emphasizes incorpo‑
rating functional connectivity into MPA network de‑
sign [30, 31]. Validation studies show that distance‑based
metrics weighted by dominant circulation patterns cap‑
ture essential connectivity structure when computa‑
tional efϐiciency is required [32, 33].

Graph Neural Networks (GNN) enable a computa‑
tional advance. These architectures learn compact site
representations encoding both local environmental fea‑
tures and global network topology [34]. Recent appli‑
cations demonstrate effectiveness: integrating complex
landscape patterns into species distribution models [35]
and using deep reinforcement learning for connectivity
conservation planning [36]. Unlike traditional graph met‑
rics requiring explicit computation of all pairwise con‑
nections, GNNsembed sites into low‑dimensional spaces
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where connectivity patterns emerge from learned fea‑
tures. This reduces computational burden while main‑
taining ecological realism.

We integrateGraphNeuralNetworkswith constraint‑
based optimization to design cost‑effective MPA networks
balancing biodiversity protection with economic feasibil‑
ity. Our approach has four components. First, we con‑
struct a spatial connectivity graph using distance‑based
dispersal kernels weighted by dominant Mediterranean
circulation patterns, representing potential ecological con‑
nections across 10,741 candidate sites. Second, we apply
GNNs to learn compact 16‑dimensional site embeddings
encoding biodiversity value, cost‑efϐiciency, and topolog‑
ical position within the connectivity network. Third, we
formulate constraint‑based optimization with mandatory
ecological requirements—threatened species protection,
shallow habitat representation, biogeographic balance—
then apply a greedy algorithm maximizing marginal ef‑
ϐiciency (species and connectivity gains per unit cost).
Fourth, we demonstrate this framework using 84,721
species observations from the Mediterranean and com‑
pare optimized networks against alternative strategies.

This work makes four contributions. First, we
demonstrate that compact site representations learned
by GNNs can inform large‑scale optimization (10,000+
sites) to achieve near‑complete biodiversity coverage
while reducing costs by 42–58% compared to alterna‑
tive strategies. Second, we provide a constraint‑based

framework ensuring ecological balance—threatened
species protection, habitat representation, biogeo‑
graphic equity—alongside cost‑effectiveness. Third,
our computational approach scales to basin‑wide spa‑
tial domains, completing optimization in 8–15 min per
scenario through efϐicient GNN‑based embeddings and
greedy algorithms. Finally, we show how this frame‑
work can support practical conservation planning in the
Mediterranean, where MPA network expansion is ur‑
gently needed to meet international targets.

2. Materials and Methods
Our computational framework integrates four se‑

quential components to identify cost‑effective MPA net‑
works at the basin scale (Figure 1). First, we construct
a spatial connectivity graph representing potential eco‑
logical linkages among 10,741 candidate sites across
the Mediterranean. Second, we apply a Graph Neural
Network (GNN) to learn compact 16‑dimensional site
embeddings encoding biodiversity value, cost‑efϐiciency,
and topological position within the network. Third, we
formulate a constraint‑basedoptimizationproblemwith
mandatory ecological requirements and solve it using a
greedy marginal‑efϐiciency algorithm. Fourth, we eval‑
uate performance against three benchmark strategies
across coverage scenarios of 10%, 15%, and 30%. Each
component is described in detail below.

Figure 1. Study area and candidate site distribution across the Mediterranean Sea.
Notes: Map shows 10,741 candidate MPA sites (30 km × 30 km resolution) colored by species richness (0–86 species per site). Red circles indicate biodiversity
hotspots (>50 species, n = 427). Vertical lines delineate three biogeographic regions: Western (<10° E, n = 3,578, mean = 25.3 species/site), Central (10–20° E, n =
3,762, mean = 14.2), and Eastern (>20° E, n = 3,401, mean = 6.1). A clear west‑to‑east productivity gradient is evident.
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2.1. Study Area

We applied our framework to the Mediterranean
Sea, a biodiversity hotspot covering approximately 2.5
million km2 that encompasses diverse marine ecosys‑
tems ranging from shallow coastal habitats to deep‑sea
environments [19]. The Mediterranean supports excep‑
tional biodiversity with high endemism rates (28% for
ϐish species) but faces severe threats from intensive ϐish‑
ing, coastal development, pollution, and accelerating cli‑
mate change [15, 19].

We discretized the Mediterranean basin (6° W to
37° E, 30°N to46°N) into a regular grid at 30 km×30km
resolution (approximately 0.27° × 0.27°). After remov‑
ing strictly terrestrial cells and retaining only marine‑
classiϐied zones, the ϐinal candidate site pool comprised
N = 10,741 sites spanning the full bathymetric gradi‑
ent from coastal shelves to abyssal basins (20–3,499 m
depth). Sites exhibit strong spatial gradients in species
richness, with biodiversity hotspots (>50 species per
site) concentrated in the Western Mediterranean and
along productive coastal zones.

We subdivided the Mediterranean into three bio‑
geographic regions following oceanographic boundaries
and biodiversity patterns (Figure 1). The Western
Mediterranean (longitude < 10° E) includes the Alboran
Sea, Balearic Basin, Gulf of Lions, and Ligurian Sea, en‑
compassing 3,578 candidate sites. The Central Mediter‑
ranean (10–20° E) encompasses the Tyrrhenian Sea,
Adriatic Sea, Ionian Sea, and Strait of Sicily, with 3,762
candidate sites. The Eastern Mediterranean (longitude
> 20° E) comprises the Aegean Sea and Levantine Basin,
containing 3,401 candidate sites.

Currently, approximately 8% of the Mediterranean
is designated as MPAs, though only 1.3% receives strict
no‑take protection [20]. Our framework aims to identify
cost‑effective conϐigurations for achieving 10–30% cov‑
erage targets aligned with the Convention on Biological
Diversity 30 × 30 objectives [21].

Figure 1 illustrates two key patterns relevant to
our analysis. The species richness map (main panel) re‑
veals a pronounced west‑to‑east productivity gradient:
the Western Mediterranean exhibits consistently high
richness (mean 25.3 species/site), reϐlecting nutrient‑
rich upwelling systems in the Gulf of Lions and Lig‑

urian Sea, while the Eastern basin is markedly impov‑
erished (mean 6.1 species/site) under oligotrophic Lev‑
antine conditions. The 427 biodiversity hotspots (red
circles, >50 species) concentrate almost exclusively in
Western coastal zones and northern Adriatic shelf ar‑
eas. The three biogeographic regions delineated by
vertical lines (10° E and 20° E) reϐlect oceanographic
boundaries rather than administrative divisions, cap‑
turing ecologically meaningful gradients in productivity,
depth, and connectivity that justify separate constraint
treatment in our optimization. The Tyrrhenian, Adri‑
atic, and Ionian Seas (Central region) present intermedi‑
ate characteristics—moderate richness combined with
favorable bathymetric and cost proϐiles—that will prove
consequential for network conϐiguration (Section 3.3).

2.2. Biodiversity Data

2.2.1. Species Occurrence Data

We compiled species occurrence data from the
Ocean Biodiversity Information System (OBIS, https://
obis.org) accessed through the pyobis PythonAPI inMay
2024. We selected 120 keyMediterranean species repre‑
senting diverse taxonomic groups and conservation pri‑
orities.

Our species selection prioritized conservation
urgency while maintaining ecological representation
across the full IUCN Red List threat spectrum. The
assemblage includes four Critically Endangered (CR)
Mediterranean resident species, notably the emblem‑
atic Mediterranean monk seal (Monachus monachus),
representing taxa facing extreme extinction risk and re‑
quiring immediate protection under Constraint 3 (Sec‑
tion 2.6.3). We also included three Endangered (EN)
species needing urgent conservation action, two Vulner‑
able (VU) species at elevated extinction risk, and 110
Least Concern (LC) species representing functional di‑
versity across marine ecosystems. Additionally, Lepi‑
dochelys kempii (Kemp's Ridley sea turtle, IUCN: Criti‑
cally Endangeredglobally)was includedas anoccasional
Atlantic vagrant recorded in Mediterranean waters (4
observations, 43 sites); as a non‑resident species whose
population‑level conservation requires Atlantic‑focused
management, it was not included in the Mediterranean‑
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speciϐic mandatory protection set SCR.
This distribution reϐlects our deliberate empha‑

sis on threatened species while maintaining broad
taxonomic and functional coverage. We applied four
selection criteria: sufϐicient occurrence records (n ≥
50 observations preferred, though we made excep‑
tions for rare threatened species), representation of
different ecological guilds and functional groups (ben‑
thic, pelagic, coastal, and deep‑sea taxa), conservation
status prioritizing IUCN Red List threatened species,
and socioeconomic importance including commercial
ϐisheries, tourism value, and ecosystem services pro‑
vision.

For each species, we extracted all georeferenced
observations within the Mediterranean bounding box
(POLYGON ((−6 30, 37 30, 37 46, −6 46, −6 30))) with a
maximum of 5,000 records per species to balance com‑
putational efϐiciency against data completeness. The
ϐinal dataset comprised 84,721 quality‑controlled ob‑
servations spanning 42,177 unique coordinate pairs,
collected primarily between 1970 and 2024 (89.8%
with year data). Depth information was available
for 49,354 observations (58.3%), ranging from 10 to
4,800 m.
2.2.2. Species Distribution Modeling

We converted point occurrence data into a
presence‑absence matrix using a spatial buffering ap‑
proach. For each of the 10,741 grid cells (30 km × 30
km), we determined species presence using a 50 km
radius buffer around the cell centroid. A species was
considered present at a site if at least one observation
occurred within this buffer, accounting for spatial uncer‑
tainty in historical records and allowing representation
of species with low sampling intensity.

The resulting binary species‑site matrix R ∈
{0, 1}M×N has dimensions 120 species × 10,741 sites,
with ris = 1 indicating presence of species s at site i.
Species richness per site ranged from 0 to 86 species
(mean = 13.6, median = 8), with clear spatial gradients.
Western Mediterranean sites exhibited the highest rich‑
ness (mean = 25.3 species/site), followed by Central
(mean = 14.2) and Eastern basins (mean = 6.1), con‑
sistent with known productivity and biodiversity pat‑
terns [19, 37].

2.2.3. Buffer Sensitivity Analysis
The 50 km spatial buffer used to assign species

presence to grid cells represents a methodological
choice balancing spatial uncertainty against false‑
positive risk. To assess sensitivity to this choice, we re‑
peated the species‑site matrix construction using 25 km
and 75 km buffers and compared the resulting presence‑
absence matrices.

The 25 km buffer yielded 112 species represented
across sites (93.3% of the 120‑species pool), with a
mean richness of 8.4 species per site—reϐlecting stricter
assignment criteria that under‑represent species with
spatially imprecise historical records. The 75 km buffer
produced 120 species across all sites (100%), with a
mean richness of 18.2 species per site, but introduced
spatial overlap between adjacent 30 km grid cells, inϐlat‑
ing apparent co‑occurrence.

The 50 kmbuffer achieved 99.2% species represen‑
tation (119/120) with a mean richness of 13.6 species
per site, the most balanced outcome. Site‑level over‑
lap between the 50 km and 75 km buffers was 78%,
conϐirming robustness within a reasonable range of as‑
sumptions. The single unrepresented species under
all three buffer sizes was Lepidochelys kempii (4 obser‑
vations), conϐirming its exclusion reϐlects rarity rather
than methodological sensitivity. We therefore retained
the 50 km buffer as the primary analysis conϐiguration.

2.3. Environmental and Socioeconomic
Data

2.3.1. Bathymetry
Bathymetric data were derived using a zone‑based

approach reϐlecting Mediterranean seaϐloor geomor‑
phology. We assigned realistic depth values to each
site based on geographic location and known bathymet‑
ric provinces. Shallow zones (<200 m, 12.4% of sites)
include continental shelf areas such as the Gulf of Li‑
ons, Northern Adriatic, and Aegean Sea coastal zones.
Medium zones (200–1,000 m, 53.1%) encompass con‑
tinental slopes and upper bathyal zones. Deep zones
(>1,000 m, 34.5%) comprise abyssal plains and deep
basins including the Tyrrhenian, Ionian, and Levantine
basins.
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Mean depth across all sites was 946 m (median =
748m, range = 20–3,499m), approximating theMediter‑
ranean's known average depth of 1,500 m [19].
2.3.2. Economic Cost Estimation

We estimated site‑speciϐic opportunity costs by
combining ϐishing effort displacement with manage‑
ment expenses. Total cost ci for site i comprises:

ci = cfishi + cmgmt
i (1)

where ϐishing opportunity cost cfishi (€/km2/year) fol‑
lows.

cfishi = 9000 · e−
di
500 + 50 (2)

This reϐlects the exponential decline of ϐishing in‑
tensity with depth di (meters), based on Mediterranean
ϐisheries patterns where shallow waters (<200 m) sup‑
port intensive trawling and artisanal ϐisheries, while
deeper zones have minimal commercial activity.

Management cost cmgmt
i (€/km2/year) is calcu‑

lated as:
cmgmt
i = 150 +

di
20

(3)

accounting for baseline enforcement costs plus depth‑
dependent surveillance expenses, recognizing that
deeper sites require more sophisticated monitoring
technologies.

Total annual cost per 900 km2 site ranges from
€273,000 (deep, low‑ϐishing sites) to €8.2 million (shal‑
low, high‑ϐishing sites), with amean of €1.84million and
a median of €1.38 million. Cumulative cost across all
10,741 sites totals €19.77 billion, providing the budget
constraint for our optimization scenarios.

The exponential cost‑depth relationship in Equa‑
tion (2) reϐlects documented Mediterranean ϐishing ef‑
fort patterns, where trawling intensity and artisanal ϐish‑
eries concentrate in shallowwaters below200mand de‑
cline rapidly at greater depths [18]. The parameter val‑
ues (base rate €9,000/km2/year, characteristic depth
500 m, ϐloor €50/km2/year) are calibrated to approxi‑
mate the range of published Mediterranean opportunity
cost estimates, which span €200–€9,000/km2/year de‑
pending on habitat type and ϐishing intensity. Manage‑
ment cost scaling with depth (Equation (3)) reϐlects the
added surveillance burden of monitoring remote deep‑
water sites using autonomous or vessel‑based technolo‑

gies. These formulations produce a total cost distribu‑
tion (mean €1.84 million, median €1.38 million per 900
km2 site) consistent with empirical Mediterranean MPA
cost assessments [18]. Thewest‑to‑east cost gradient pro‑
duced by this model is externally consistent with ob‑
served ϐishing effort patterns. GFCM subregional land‑
ings data conϐirm that the Western Mediterranean ac‑
counts for approximately 19.3% of total Mediterranean
catch, compared to 14.5% for the Central and 14.2% for
the Eastern basin [38], indicating higher ϐishing intensity
and correspondingly greater opportunity costs in west‑
ern waters. This directional agreement between our
parametric cost formulation and published catch distri‑
butions provides empirical support for the spatial struc‑
ture of cost assignments across the three biogeographic
regions.

We acknowledge that these parametric estimates
carry uncertainty; our sensitivity analysis across cover‑
age targets (Section2.8) demonstrates that conservation
performancemetrics remain stable despite this cost vari‑
ability.

2.4. Graph‑Based Connectivity Modeling

2.4.1. Marine Spatial Graph Construction

We represent the Mediterranean seascape as a
weighted directed graph G = (V, E, W) where V is the
set of N = 10,741 nodes (candidate MPA sites), E ⊆ V ×
V are edges representing ecological connectivity, and
W: E → [1] are edge weights quantifying connectivity
strength.

An edge (i, j) ∈ E exists if the Euclidean distance dij
between site centroids is less than 300 km, represent‑
ing realistic larval dispersal distances forMediterranean
marine species with typical pelagic larval durations of
10–60 days. This threshold generates a sparse con‑
nectivity matrix with 5,530,803 non‑zero connections
(4.79% density, mean degree = 515 connections per
site), representing potential ecological linkages across
the Mediterranean basin.

The choice of distance‑based connectivity with cir‑
culation proxies, rather than full biophysical particle‑
tracking models, reϐlects a deliberate precision‑
tractability trade‑off [32]. Biophysical models incorporat‑
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ing species‑speciϐic larval traits, vertical behavior, and
high‑resolution oceanographic ϐields provide maximum
realism but require weeks of computation for basin‑
scale domains, rendering iterative scenario testing infea‑
sible. Recent guidance on functional connectivity inte‑
gration into MPA network design [30, 31] supports compu‑
tationally tractable proxies when the goal is site ranking
rather than absolute dispersal quantiϐication. Validation
studies conϐirm that distance‑basedmetricsweighted by
dominant circulation patterns capture the essential con‑
nectivity structure needed for effective MPA prioritiza‑
tion [32, 33]. The 300 km dispersal threshold is supported
by empirical larval dispersal data for Mediterranean
taxa with pelagic larval durations of 10–60 days and
typical current velocities of 0.05–0.20 m/s [39, 40]. The
100 km characteristic scale in the distance kernel ap‑
proximates median observed dispersal distances across
Mediterranean ϐish and invertebrate species [39]. We as‑
sess the impact of these choices through the network
performance benchmarks in Section 2.7 and sensitivity
analysis in Section 2.8.
2.4.2. Connectivity Strength Estimation

Edge weights wij integrate distance‑based disper‑
sal kernelswith proxies for dominantMediterranean cir‑
culation patterns.

wij = exp

(
− dij
100

)
· γcurrent(i,j) · γlat(i,j) (4)

The distance kernel exp
(
− dij

100

)
provides the base

connectivity structure, representing exponential decay
in larval dispersal probability with a 100 km character‑
istic scale that approximates mean dispersal distances
for Mediterranean marine taxa with typical pelagic lar‑
val durations [39].

The eastward circulation factor γcurrent(i,j) is de‑
ϐined as follows.

γcurrent(i,j) = 1.3 if lonj >

loni(West→ East), 1.0 otherwise
(5)

This factor reϐlects the dominant west‑to‑east sur‑
face circulation in the Mediterranean basin, including
the Northern Current, Levantine Intermediate Water,
and Algerian Current, which facilitates eastward larval
transport [39]. While this heuristic simpliϐies complex

oceanographic dynamics, it captures the ϐirst‑order di‑
rectionality of basin‑scale circulation relevant for con‑
nectivity at the spatial scales considered here (30 km
grid resolution).

The latitude similarity factor γlat(i,j) enhances con‑
nectivity between sites at similar latitudes.

γlat(i,j) = 1 + 0.2 · e−
|lati− latj |

2 (6)

This term represents within‑basin dispersal ten‑
dencies where species preferentially disperse along sim‑
ilar depth contours and environmental gradients rather
than across strong oceanographic fronts.

The resulting connectivity matrix (stored in sparse
COO format) has a mean edge weight of 0.142 (std
= 0.089), with 95% of weights below 0.35, indicat‑
ing highly heterogeneous dispersal potential across the
Mediterranean seascape. This distance‑based approach
with circulation proxies provides a computationally ef‑
ϐicient connectivity representation suitable for basin‑
scale optimization involving thousands of candidate
sites, while more detailed biophysical models incorpo‑
rating species‑speciϐic traits and high‑resolution oceano‑
graphic data remain computationally prohibitive at this
scale.

2.5. Graph Neural Network Architecture

2.5.1. Model Structure
We implemented a two‑layer Graph Convolutional

Network (GCN) to generate low‑dimensional site embed‑
dings that capture both local environmental features and
network topology [34]. The forward propagation follows:

H l+1 = ReLU
(
D̃− 1

2 D̃− 1
2H lW l

)
(7)

whereH l ∈ RN × dl are node features at layer l, Aǂ = A +
I is the adjacency matrix with self‑loops, D̃ ̃ is the degree
matrix, andW l ∈ Rdl× dl+1 are trainable parameters.

Our architecture consists of three layers. The in‑
put layer encodes 5 features per node: species rich‑
ness, depth, cost, longitude, and latitude, all normalized
to [1]. The hidden layer produces 32‑dimensional embed‑
dings with ReLU activation. The output layer generates
16‑dimensional embeddings representing the ϐinal site
characteristics. This architecture contains 720 trainable
weights total.
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Rationale for GCN over Alternative EmbeddingMeth‑
ods

Site embedding methods for large‑scale spatial op‑
timization must satisfy three operational requirements:
(1) encode graph topology rather than treating sites in‑
dependently, (2) scale computationally to N > 10,000
sites, and (3) produce interpretable representations de‑
fensible in stakeholder contexts. Table 1 evaluates four
candidate methods against these criteria.

PCA and random projections reduce feature dimen‑
sionality but cannot encode graph topology—each site
is treated independently, ignoring the dispersal connec‑
tivity structure deϐined by Equation (4). Node2vec cap‑
tures local topology but lacks the feature‑propagation

mechanism needed to integrate environmental covari‑
ates (species richness, depth, cost) simultaneously with
network structure. GCN forward passes explicitly prop‑
agate information across edges, meaning each site's
16‑dimensional embedding encodes both its own fea‑
tures and the ecological context of its dispersal neigh‑
bors [34]. This reduces pairwise connectivity computa‑
tion during greedy optimization from O(N2) to O(N) co‑
sine similarity comparisons, enabling the 8–15‑min run‑
time reported in Section 3.1. Whether GCN embeddings
produce superior conservation outcomes compared to
these alternatives under identical optimization condi‑
tions remains to be tested through controlled ablation
and is identiϐied as a priority for future validation.

Table 1. Comparison of site embedding methods for marine spatial prioritization.
Applied in Marine/Landscape ContextsInterpretableComplexityTopology‑AwareMethod

O(NNoPCA 2 Standard but limitedYes) [35]

Not establishedNoO(N)NoRandom Projection
Estrada and BodinPartialO(N)Partialnode2vec [27]

Wu et al.YesO(N)YesGCN (this study) [34]; Equihua et al. [35]

2.5.2. Training Procedure
The GNN learns to compress the connectivity struc‑

ture deϐined by Equation (4) into compact site embed‑
dings through supervised training. The training objec‑
tive uses Mean Squared Error loss:

L =

(
1

|E|

)
Σi,j ∈ E ( ij − wij)

2 (8)

where ŵij = cosinesimilarity(hi,hj) is the predicted con‑
nectivity derived from learned site embeddings and wij

is the ground‑truth connectivity from Equation (4). By
minimizing reconstruction error, the GNN learns embed‑
dings where sites with high ecological connectivity have
similar representations in the 16‑dimensional embed‑
ding space.

We trained the model using the Adam optimizer
with a learning rate of 0.01 for 50 epochs. To improve
computational efϐiciency, we sampled only edges with
wij > 0.1, resulting in 2,623,933 training edges (47.4%
of total edges). Themodel convergedby epoch40with ϐi‑
nal training loss < 0.0001, indicating successful compres‑
sion of the connectivity structure.

The trained model generates 16‑dimensional em‑
beddings hi ∈ R16 for each site that encodes biodi‑

versity value, cost‑efϐiciency, and topological position
within the connectivity network in a compact represen‑
tation. These embeddings serve two purposes in the
optimization: (1) they enable efϐicient computation of
connectivity contributions during greedy site selection
by reducing pairwise comparisons from the full 10,741‑
dimensional space to 16 dimensions, and (2) they pro‑
vide a holistic site qualitymetric that integratesmultiple
ecological and economic criteria.

2.6. Constraint‑Based Optimization with
Weighted‑Sum Objective

2.6.1. Decision Variables
Binary decision variables indicate MPA designa‑

tion:

xi ∈ {0, 1} , ∀ i ∈ {1, . . . , N} (9)

where xi = 1 if site i is selected for protection, 0 other‑
wise.
2.6.2. Objective Function

We maximize a composite score integrating bio‑
diversity coverage, network connectivity, and cost‑
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efϐiciency using a weighted‑sum scalarization.

maximize f(x) = 0.5 · fbiodiv(x)+

0.3 · fconn(x) + 0.2 · fcost(x)
(10)

The weights (0.5, 0.3, 0.2) reϐlect our prioritization
of species coverage while maintaining strong connectiv‑
ity and cost‑awareness. While this scalarizationdoesnot
explore the full Pareto frontier of trade‑offs, it provides
a transparent single‑objective formulation suitable for
greedy optimization at scale.

The biodiversity component fbiodiv(x) quantiϐies
the proportionof species represented in the selectednet‑
work (M = 120 species):

fbiodiv(x) =

(
1

M

)
ΣM

s=11
[
ΣN

i=1ris · xi > 0
]

(11)

The connectivity component fconn(x) sums pair‑
wise connectivity strengths between all selected sites,
favoring networks with high inter‑MPA dispersal poten‑
tial:

fconn(x) = ΣN
i=1Σ

N
j=1wij · xi · xj (12)

The cost‑efϐiciency component fcost(x) represents
normalized inverse cost, rewarding solutions that mini‑
mize opportunity costs:

fcost(x) = 1−
∑N

i=1 ci · xi

maxi ci ·Ntarget
(13)

The weights (0.5 biodiversity, 0.3 connectivity,
0.2 cost‑efϐiciency) reϐlect the primary conservation
mandate of species representation, with connectiv‑
ity recognized as a functional multiplier and cost‑
efϐiciency as a practical constraint. To assess sensi‑
tivity to these choices, we evaluated three alternative
weight conϐigurations: equal weights (0.33/0.33/0.33),
biodiversity‑dominant (0.7/0.2/0.1), and connectivity‑
dominant (0.2/0.6/0.2). Species coverage remained sta‑
ble across all conϐigurations (99.0–99.2%), conϐirming
that near‑complete biodiversity protection is achievable
under diverse objective weightings given the constraint
structure. Connectivity scores varied more substan‑
tially: the connectivity‑dominant conϐiguration achieved
91,847 units (+9% vs. baseline) but incurred costs of
€2.14 billion (+27%). The biodiversity‑dominant con‑
ϐiguration reduced costsmarginally (€1.61 billion, −5%)

with connectivity of 79,204 units (−6%). The baseline
weights (0.5/0.3/0.2) produced the most balanced out‑
come across all three objectives and are retained for
primary analysis. These results conϐirm that the 10%
weight perturbations do not qualitatively alter conserva‑
tion outcomes, supporting the robustness of our weight‑
ing scheme.
2.6.3. Ecological Constraints

To ensure ecologically balanced networks, we im‑
pose three mandatory constraints that must be satisϐied
before optimizing the composite objective.

Constraint 1 ensures bathymetric representation:

Σi ∈ Sshallow
xi ≥ 0.10 · Ntarget (14)

where Sshallow = {i : di < 500 m} are shallow‑water
sites (n =1,332). This guarantees aminimum10%repre‑
sentation of productive coastal habitats that support the
highest biomass and face the greatest human pressures.

Constraint 2 enforces regional equity:

Σi ∈ Rk
xi ≥ 0.10 · Ntarget,

∀ k ∈ {West, Central, East}
(15)

ensuring each biogeographic region receives at least
10% of selected sites. This prevents concentration in
a single basin and maintains representation of region‑
speciϐic endemics.

Constraint 3 mandates the protection of Critically
Endangered species:

ΣN
i=1ris · xi ≥ 1, ∀ s ∈ SCR (16)

requiring inclusion of at least one site for each of the four
Critically Endangered species (SCR), prioritizing protec‑
tion of the most threatened taxa regardless of cost.

The set SCR comprises the four Critically Endan‑
gered species with established Mediterranean residen‑
tial or breeding populations, as distinguished from oc‑
casional Atlantic vagrants recorded incidentally in the
dataset.

Constraint 4 speciϐies budget and coverage targets:

ΣN
i=1ci · xi ≤ Bmax, Σ

N
i=1xi = Ntarget (17)

where Ntarget= ⌈α ·N⌉ for coverage fraction α ∈ {0.10,
0.15, 0.30} and Bmax = α · Σici is the corresponding
budget allocation.
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2.6.4. Solution Algorithm
We employ a two‑phase greedy algorithm that en‑

sures constraint satisfaction before optimizing the com‑
posite objective. This approach is computationally efϐi‑
cient for large‑scale problems (N > 10,000) where exact
mixed‑integer programming becomes prohibitive.

Phase 1 satisϐies mandatory constraints through
targeted site selection. For each Critically Endangered
species s ∈ SCR, we select the site i* with highest com‑
posite score f(·) among sites where ris = 1. For shallow‑
water representation, we iteratively select top‑scoring
sites from Sshallow until the 10% quota (Constraint 1)
is met. For each biogeographic region k, we select top‑
scoring sites fromRk until the 10% quota (Constraint 2)
is satisϐied. Let nconstrained denote the number of sites
selected in Phase 1.

Phase 2 performs greedy optimization for the re‑
maining nremaining = Ntarget − nconstrained sites using
marginal efϐiciency (Algorithm 1):

Algorithm 1 Greedy MPA Network Optimization
nremaining ← Ntarget − nconstrained
for t = 1 to nremaining do
for each unselected site i do

∆Si ← # new species if site i added
∆Ci ← connectivity gain if site i added
efficiencyi ←

(∆Si+∆Ci)
ci

end for
Select i∗ = argmaxi efficiencyi
Add  to the selected set
if budget is exceeded or there is no positive ef‑
ϐiciency then
break

end if
end for

This marginal efϐiciency approach prioritizes sites
contributing maximum biodiversity and connectivity
gains per unit cost. While not guaranteed to ϐind
the global optimum, greedy algorithms provide near‑
optimal solutions for submodular set cover problems,
which is appropriate for the biodiversity representation
component of our objective. Computational complexity
is O (Ntarget·N), enabling rapid optimization even for
basin‑scale problems.

2.7. Performance Evaluation

2.7.1. Benchmark Comparisons
We compared our GNN‑informed optimization ap‑

proach against three baseline strategies, each selecting
the same number of sites (Ntarget = 1,611 for 15% cov‑
erage). The random selection strategy chose sites uni‑
formly at random, averaging over 1,000 realizations to
account for stochasticity. The biodiversity hotspots ap‑
proach ranked sites by species richness and selected the
top Ntarget sites, representing a common conservation
heuristic that prioritizes areas with the highest local bio‑
diversity. The cheapest sites strategy ranked sites by
cost and selected the Ntarget lowest‑cost sites, repre‑
senting pure cost‑minimization without ecological con‑
siderations.
2.7.2. Evaluation Metrics

We assessed performance using both ecological
and economic metrics. Ecological metrics included
species coverage (proportion of 120 species with ≥1 site
protected), network connectivity (∑N

i=1

∑N
j=1 wij .xi.xj ,

total pairwise connectivity strength among selected
sites), mean species richness (average across selected
sites), and CR species coverage (number of 4 Critically
Endangered species protected). Economic metrics in‑
cluded total cost∑N

i=1 ci.xi
(billion EUR), budget utiliza‑

tion (proportion of allocated budget used), and cost per
species (total cost divided by number of species cov‑
ered).

We computed an integrated efϐiciency score com‑
bining all three objectives:

Efficiency =
(Speciescoverage(%)× Connectivity)

(1000× Cost (billion EUR)) (18)

providing a single performancemetric for cross‑method
comparison that captures biodiversity representation,
network structure, and cost‑effectiveness simultane‑
ously.

2.8. Sensitivity Analysis

We evaluated robustness across coverage targets
(10%, 15%, 30% of the Mediterranean area) to assess:
(1) scaling of species coverage with network size, (2)
marginal gains in connectivity per additional site, (3)
cost trajectories and diminishing returns, and (4) stabil‑
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ity of regional and bathymetric distributions. This anal‑
ysis reveals how conservation outcomes and economic
trade‑offs change asMPAnetworks expand toward inter‑
national coverage targets.

The three coverage targets (10%, 15%, 30%) were
selected to span the policy‑relevant range under the
Convention on Biological Diversity Kunming‑Montreal
Framework [21]. The 10% scenario approximates cur‑
rent Mediterranean MPA designation levels [20], provid‑
ing a baseline for evaluating marginal gains. The 15%
scenario represents a near‑term achievable target con‑
sistent with intermediate 30 × 30 milestones and prior

Mediterranean conservation planning benchmarks [26].
The 30%scenario corresponds to the 2030 CBD target it‑
self, enabling assessment of the full conservation beneϐit
trajectory and the cost‑effectiveness of network expan‑
sion. Together, these three scenarios reveal how species
coverage, connectivity, and cost trajectories evolve as
networks scale—informing prioritization decisions for
implementation phasing.

2.9. Data Sources

Table 2 summarizes all input data sets used in this
analysis.

Table 2. Input data sources for the Mediterranean MPA optimization framework.
Access DateResolution/CoverageSourceData Type

Species occurrences (84,721
records)

Ocean Biodiversity Information
System (OBIS); obis.org

May‑24Point records; 120 species

Taxonomic classiϐication & IUCN
status

May‑24Species‑levelIUCN Red List; iucnredlist.org

Bathymetry (zone‑based
assignment)

Mediterranean geomorphology
literature; Coll et al. [18]

Derived30 km grid

Parametric model; MediterraneanFishing effort/opportunity cost
ϐisheries patterns [17]

Derived30 km grid

Spatial buffering (50 km radius);Species distribution modeling
Section 2.2.2

Derived30 km grid

Distance‑based dispersal kernel;Connectivity graph
Section 2.4

Derived300 km threshold

Oceanographic boundaries; Coll etBiogeographic region boundaries
al. [18]

EstablishedBasin‑scale

CBD Kunming‑MontrealConservation targets
Framework [20]; Mazor et al. [19]

2022Mediterranean‑wide

Note: All derived datasets were generated from primary sources using Python 3.11 (Section 2.10). No proprietary or restricted‑access datasets were used.

2.10. Implementation

All analyses were implemented in Python 3.11. We
used PyOBIS for OBIS API queries, scipy.spatial.cKDTree
for efϐicient neighbor searches along with pandas and
numpy for spatial data manipulation, PyTorch 2.0 and
PyTorch Geometric 2.3 for the GNN implementation,
a custom greedy algorithm with marginal efϐiciency
heuristic for optimization, and Matplotlib 3.7 with
NumPy sparse matrices for visualization and network
analysis.

Computational requirements included an Intel
Core i7 processor (8 cores) with 16 GB RAM. Total run‑
time was approximately 90 min, divided into 30 min for

data processing and graph construction, 30min for GNN
training (50 epochs), and 30min for optimization across
three coverage scenarios (10%, 15%, 30%).

3. Results

3.1. Overview of Optimized MPA Networks

Our constraint‑based optimization successfully
identiϐied cost‑effective Marine Protected Area net‑
works across three coverage scenarios (10%, 15%,
30%), with the internationally recommended 15% tar‑
get serving as our primary focus (Table 3). For this
scenario, the optimization selected 1,611 sites covering
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1,449,900 km2 (15.0% of the Mediterranean planning
domain) at a total cost of €1.69 billion—42% below

random selection (€2.94 billion) and 58% below biodi‑
versity hotspot strategies (€4.07 billion).

Table 3. Performance metrics across three Mediterranean MPA coverage scenarios (10%, 15%, 30%).
Coverage
Target

Area (kmSites (n) 2) Species Cover‑
age

Cost (€
Billion)

Budget
Used (%)

Connectivity
Score

Shallow
Sites (%)

10% 1,074 966,600 119/120
(99.2%)

1.03 52.2 41,367 10.1

15% 1,611 1,449,900 119/120
(99.2%)

1.69 57.1 84,231 10.4

30% 3,222 2,899,800 119/120
(99.2%)

3.42 57.7 171,077 11.0

All scenarios satisfy ecological constraints (≥10%
shallow sites, ≥10% per region, all 4 CR species pro‑
tected). Species coverage saturates at 99.2% (119/120);
only Lepidochelys kempii (CR globally, Atlantic vagrant
with 4 Mediterranean observations) is unprotected; see
Section 3.2.1 for ecological justiϐication. Connectivity
scales superlinearly (power law α = 1.17, R2 = 0.962).
Budget utilization 52–58%.

The 15% network achieved 99.2% species cov‑
erage (119 of 120 target species), including all four
Critically Endangered taxa, with a connectivity score
of 84,231 units—4.4‑fold higher than random selec‑
tion and 1.6‑fold higher than hotspot approaches. All
three mandatory ecological constraints were satisϐied:
10.4% shallow‑water sites (<500 m), regional alloca‑
tion of 13.0% Western, 68.5% Central, and 18.5% East‑
ern Mediterranean (all exceeding 10% minimums), and
complete protection of all four Critically Endangered
species. Budget utilization was efϐicient at 57.1% of al‑
located funds, indicating solutions substantially below
maximum spending limits.

The greedy algorithm's marginal efϐiciency ap‑
proach effectively identiϐied high‑value sites. After satis‑
fying constraints in Phase 1 (98 sites for CR species and
minimumquotas), Phase 2 iteratively selected sitesmax‑
imizing (ΔSpecies + ΔConnectivity)

Cost .
For example, site 4,237 in the Tyrrhenian Sea (748

m depth) contributed 3 new species and 847 connectiv‑
ity units at €0.82 million, yielding an efϐiciency of 1,037
units/€ million—substantially higher than alternative
candidates. This approach, combinedwith theweighted‑
sum objective function prioritizing biodiversity (weight

= 0.5), connectivity (0.3), and cost‑efϐiciency (0.2), suc‑
cessfully balanced competing objectives while maintain‑
ing ecological mandates.

Computational performance was tractable despite
the large search space (10,741 candidates). GNN train‑
ing converged in 50 epochs (~5 min), while greedy opti‑
mization completed each scenario in 8–15 min on stan‑
dardhardware (Intel Core i7, 16GBRAM), totaling under
30 min for all three scenarios.

3.2. Species Coverage and Conservation
Prioritization

3.2.1. Near‑Complete Biodiversity Protec‑
tion

The optimized 15% network protected 119 of
120 Mediterranean species (99.2% coverage) across di‑
verse taxonomic groups (Figure 2). Lepidochelys kempii
(Kemp's Ridley sea turtle, IUCN: Critically Endangered
globally) was the single species without dedicated site
protection in the optimized network. Despite its CR sta‑
tus, L. kempii is an Atlantic species whose Mediterranean
occurrences represent vagrant individuals outside its pri‑
mary range—4 observations across 43 sites (0.4% of the
planning domain). Its exclusion from the mandatory CR
constraint set (Equation (16)) reϐlects this ecological dis‑
tinction: Constraint 3 applies to species with established
Mediterranean residential or breeding populations for
which Mediterranean‑speciϐic protection is the appropri‑
ate conservation instrument. For L. kempii, population‑
level conservation requires Atlantic‑focused management
rather thanMediterraneanMPA designation.
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Figure 2. Biodiversity patterns across theMediterranean. (a) Species richnessmap showingwest‑to‑east productivity gradient.
(b) Frequency distribution of species richness per site (median=8, mean=13.6, 427 hotspots >50 species). (c) Top 15 species
by observation frequency from 84,721 OBIS records. (d) Positive correlation between observation count and spatial range (r
= 0.76, p < 0.001), colored by IUCN Red List status (CR = Critically Endangered, EN = Endangered, VU = Vulnerable, LC = Least
Concern).

Figure 2 communicates four complementary di‑
mensions of the biodiversity dataset. Figure 2a maps
the west‑to‑east richness gradient described above; this
spatial heterogeneity is the primary driver of regional
imbalance in unconstrained optimization runs (Section
3.3). Figure 2b shows the richness frequency distri‑
bution: the strongly right‑skewed proϐile (median 8,
mean 13.6, with 427 sites exceeding 50 species) con‑
ϐirms that high‑richness hotspots are rare relative to
the full site pool—a distributional property that makes
hotspot‑based selection strategies expensive without
proportional conservation gains. Figure 2c ranks the 15
most frequently observed species from the 84,721 OBIS
records; common commercial species (e.g., Mullus bar‑
batus, Merluccius merluccius) dominate by observation
count, reϐlecting sampling intensity in economically im‑
portant areas rather than conservation priority. Figure
2d plots the positive correlation between observation
count and spatial range (r = 0.76, p < 0.001), color‑coded
by IUCN status: Critically Endangered species occupy
the lower‑left quadrant (few observations, restricted

ranges), conϐirming that the mandatory constraint in
Equation (16) is necessary—these species would not be
selected by frequency‑ or richness‑based heuristics.

All threatened species achieved 100% coverage
with protection intensity increasing by threat level. The
4 Critically Endangered species averaged 12.5 ± 8.3 sites
per species, including Monachus monachus (Mediter‑
ranean monk seal, 16 observations) with sites strategi‑
cally placed in the Aegean archipelago andNorth African
breeding colonies. The 3 Endangered species averaged
9.7 ± 4.2 sites, while the 2 Vulnerable species averaged
11.5 ± 6.4 sites. The 110 Least Concern species showed
100% coverage (110 protected) with a mean of 13.8 ±
6.2 sites, reϐlecting wider distributions. This pattern
validates the constraint framework's prioritization—
despite constituting only 7.5% of the species pool, all
9 Mediterranean‑resident threatened species received
mandatory protection under the constraint framework.

Species coverage remained stable across scenarios
(Table 3): 10%, 15%, and 30% networks all achieved
99.2%, indicating saturation below 10% coverage. This
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threshold suggests network expansion beyond 10%
provides spatial redundancy and population resilience
rather than new species representation.
3.2.2. Species Richness Patterns

Mean species richness across selected sites was 9.2
± 6.4 species per 900 km2 cell (range: 1–76), below the
Mediterranean‑wide mean of 13.6 species. This apparent
paradox reϐlects the weighted‑sum objective's prioritiza‑
tion of connectivity and cost‑efϐiciency over local diversity
maximization. High‑richness coastal sites (>50 species,
n = 427 available) were expensive (mean €2.1 million)
and only 23% (98 sites) were selected. Moderate‑richness
sites (10–30 species, n = 4,892 available) at intermedi‑
ate depths (500–1,500 m) offered superior cost‑efϐiciency
(mean €1.2 million) and connectivity (mean degree 5.8
vs. 4.2 for coastal hotspots), comprising 67% of the net‑
work. This demonstrates that near‑complete species cov‑
erage can be achievedwithout targeting every biodiversity
hotspot, through strategic site complementarity.

3.3. Spatial Conϐiguration andRegional Dis‑
tribution

The optimized 15% network exhibited spatial
heterogeneity while satisfying regional equity con‑
straints (Figure 3, Table 4). The Central Mediter‑
ranean (10–20° E) received 1,104 sites (68.5%,
993,600 km2), reϐlecting favorable cost‑biodiversity‑
connectivity trade‑offs in the Tyrrhenian, Adriatic,
and Ionian Seas (mean €0.94 million/site, 16.6±17.6
species, 58.1 connections/site). The Eastern Mediter‑
ranean received 298 sites (18.5%, 268,200 km2) with
proportional allocation despite ultra‑oligotrophic con‑
ditions, demonstrating successful constraint enforce‑
ment. Lower costs (€0.67 million/site) offset lower
biodiversity (21.3 ± 15.5 species) and connectivity
(31.8 connections/site). The Western Mediterranean
received 209 sites (13.0%, 188,100 km2), balancing
the highest biodiversity (57.1 ± 25.7 species/site)
against the highest costs (€2.20 million/site).

Figure 3. Regional and bathymetric distribution of the optimized 15% network. (a) Geographic distribution of 1,611 selected
sites showing concentration in the Central Mediterranean (68.5%), Eastern (18.5%), andWestern (13.0%). (b) Regional alloca‑
tion meeting mandatory 10%minimum constraints. (c) Species richness distributions by region (Western: 57.1 ± 25.7, Central:
16.6 ± 17.6, Eastern: 21.3 ± 15.5 species/site). (d) Cost‑depth relationship showing inverse correlation (Western mean depth:
1,404 m, Central: 1,558 m, Eastern: 1,612 m).
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Figure 3 disaggregates the 15% network's spa‑
tial conϐiguration into its regional and depth compo‑
nents. Figure 3a maps the geographic distribution of
all 1,611 selected sites: the Central Mediterranean con‑
centration (68.5%) is visually apparent, with selected
sites forming a near‑continuous band across the Tyrrhe‑
nian, Adriatic, and Ionian Seas, while Western and East‑
ern selections are more dispersed. Figure 3b conϐirms
that all three regions exceed the mandatory 10% mini‑
mum, with Central Mediterranean receiving the largest
absolute allocation (1,104 sites) due to its superior
cost‑biodiversity‑connectivity proϐile. Figure 3c com‑
pares species richness distributions by region: theWest‑
ern Mediterranean's high‑richness proϐile (57.1 ± 25.7
species/site) contrasts sharplywith the Central Mediter‑
ranean's lower but more economically efϐicient sites
(16.6 ± 17.6 species/site at a mean of €0.94 million ver‑

sus €2.20 million in the West). This trade‑off—lower
richness but far lower cost—explains why the algorithm
concentrates selections in the Central basin. Figure 3d
shows the cost‑depth relationship across regions, with
Western sites exhibiting the shallowest depths (mean
1,404 m) and highest costs, reϐlecting the concentration
of productive coastal habitats requiring greater ϐishing
displacement compensation.

This 68.5:18.5:13.0 ratio represents successful bal‑
ancing under equity constraints. Unconstrained pre‑
liminary analyses (not shown) concentrated >85% of
sites in single basins; the mandatory 10% regional min‑
imums ensured basin‑wide representation while per‑
mitting moderate concentration where trade‑offs were
most favorable. Notably, all regions exceeded mini‑
mums, indicating genuine value beyond constraint sat‑
isfaction.

Table 4. Regional characteristics of the optimized 15%Mediterranean MPA network.
Region Sites (n, %) Area (km2) Species

Richnessa
Mean Depth

(m)
Total Cost (€

Billion)
Mean Conn.b

Western 209 (13.0%) 188,100 57.1 ± 25.7 1,404 0.46 42.1
Central 1,104 (68.5%) 993,600 16.6 ± 17.6 1,558 1.04 58.1
Eastern 298 (18.5%) 268,200 21.3 ± 15.5 1,612 0.20 31.8
Total 1,611 1,449,900 23.1 1,558 1.69 52.3

Note: a Mean ± SD per 900 km2 site. b Mean pairwise connections per site within 300 km threshold. All regions satisfy ≥10%minimum constraint.

Depth distribution revealed a systematic prefer‑
ence for intermediate‑deep waters (Figure 4). Shallow
zones (<500 m) contained 167 sites (10.4%), satisfying
the mandatory 10% constraint at a mean cost of €1.52
million (31% above network average). Intermediate
zones (500–1,500 m) formed the bathymetric core with
835 sites (51.8%)at optimal cost‑efϐiciency (mean€0.89
million) and connectivity (degree 6.2). Deep zones
(1,500–2,500 m) contained 494 sites (30.7%) with the
lowest cost (€0.62 million) but reduced biodiversity
(mean 6.1 species). Abyssal zones (>2,500 m) included
115 sites (7.1%) selected primarily for Eastern regional
quotas. The scarcity of shallow sites relative to avail‑
ability (10.4%vs. 12.4%Mediterranean‑wide) indicates
systematic cost‑driven avoidance when unconstrained,
with ecological implications for coastal assemblage rep‑
resentation.

Figure 4 characterizes the environmental and eco‑

nomic gradients that govern site selection. Figure 4a
maps depth across all 10,741 candidate sites, revealing
the sharp bathymetric transition from narrow Western
continental shelves to deep Central and Eastern basins.
Figure 4b shows the depth frequency distribution: in‑
termediate zones (500–1,500 m) dominate the candi‑
date pool (53.1%), explaining why optimized networks
naturally concentrate at these depths absent cost con‑
straints. Figure 4cmaps total opportunity cost per site
(range €0.3–8.2 million per 900 km2), with the spatial
pattern closely mirroring shallow coastal zones. Figure
4d conϐirms the strong negative cost‑depth correlation
(r = −0.82, p < 0.001): each additional 500 m of depth
reduces mean site cost by approximately €0.8 million.
This gradient directly shapes optimization behavior—
shallow sites are ecologically valuable but economically
expensive, creating the tension that the constraint‑based
framework (Section 2.6.3) is designed to resolve.
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Figure 4. Environmental and economic gradients across candidate sites. (a) Bathymetric distribution map (20–3,499 m, mean
= 946 m). (b) Depth frequency showing dominance of intermediate zones (500–1,500 m). (c) Total opportunity cost per site
(€0.3–8million, mean = €1.84million) with exponential decline by depth. (d) Strong negative cost‑depth correlation (r = −0.82,
p < 0.001). Total Mediterranean opportunity cost: €19.77 billion.

3.4. Network Connectivity and Spatial Co‑
herence

The optimized 15% network achieved connectivity
of 84,231 units, substantially exceeding all benchmarks
(Figure 5). Mean connectivity per site was 52.3 ± 28.7
units (median 48.2), indicating that typical sites connect
to ~50 neighbors within a 300 km dispersal threshold.
Distribution was highly skewed (skewness = 2.1): 127
”hub” sites (top 10%) averaged 112.4 connections, while
403 ”peripheral” sites (bottom 25%) averaged 18.7 con‑
nections. Hubs clustered in the Central Mediterranean
(94 of 127), forming a highly connected core network.

The network formed a single giant component
spanning 1,598 sites (99.2%), plus 13 isolated sites
(0.8%, far Eastern Mediterranean beyond 28° E). This
near‑complete connectivity ensures basin‑scale disper‑
sal pathways with an average shortest path length of 4.7
stepping‑stone sites. Comparison to theoretical maxi‑
mum connectivity (selecting purely tomaximize connec‑
tivity) showed our constraint‑based solution achieved
76% of the maximum 24% gap representing necessary
trade‑offs for biodiversity, regional equity, and bathy‑

metric constraints, yet maintaining a 4.4‑fold advantage
over random selection.

Network connectivity scaled superlinearly across
scenarios (power law α = 1.17, R2 = 0.962): doubling
sites from 10% (1,074) to 30% (3,222) increased con‑
nectivity from 41,367 to 171,077 units (4.1‑fold in‑
crease). This modest superlinearity (α = 1.17, closer
to linear than quadratic) reϐlects network effects where
each additional site creates new connections with exist‑
ing selected sites. This scaling justiϐies ambitious cover‑
age targets (20–30%) on functional grounds, as connec‑
tivity beneϐits substantially exceed marginal costs.

Figure 5 presents both the spatial conϐigurations
and the comparative performance of all optimization ap‑
proaches. Top row panels (Figure 5a–c) map selected
sites for 10%, 15%, and 30% coverage scenarios: visual
inspection conϐirms progressive inϐilling of the Mediter‑
ranean basin, with the Central region consistently well‑
represented and Western coastal zones gradually incor‑
porated as coverage targets increase. The spatial clus‑
tering evident in the 30% scenario (Figure 5c) reϐlects
the superlinear connectivity beneϐit of adding sites ad‑
jacent to existing hubs. Bottom row panels character‑
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ize performance trade‑offs. Figure 5d shows a multi‑
dimensional comparison across four strategies: the op‑
timized approach occupies a near‑Pareto position, dom‑
inating alternatives on connectivity and cost simulta‑
neously while maintaining equivalent species coverage.
Figure 5e plots the cost‑connectivity frontier: the opti‑
mized and cheapest strategies lie on the efϐicient fron‑
tier, with hotspot and random strategies interior to it—

the optimized approach achieves substantially higher
connectivity than the cheapest at a moderate cost pre‑
mium. Figure 5f demonstrates the superlinear connec‑
tivity scaling law (power law α = 1.17, R2 = 0.962): this
power‑law relationship, not visible from individual sce‑
nario snapshots, provides the quantitative justiϐication
for pursuing ambitious 30%coverage targets, as each ad‑
ditional site contributes more connectivity than the last.

Figure 5. Optimized MPA networks and performance benchmarking. Top row: Spatial conϐigurations for (a) 10% coverage
(1,074 sites), (b) 15% coverage (1,611 sites), and (c) 30% coverage (3,222 sites). Bottom row: (d) Performance comparison
across four strategies showing optimized approach achieves near‑Pareto optimality, (e) cost‑beneϐit frontier demonstrating
superior efϐiciency, and (f) superlinear connectivity scaling.

3.5. EconomicEfϐiciency andCost Structure

Total network cost of €1.69 billion disaggregated
into ϐishing opportunity costs (€1.38 billion, 81.7%)
and management costs (€0.31 billion, 18.3%), consis‑
tent with Mediterranean MPA economics where fore‑
gone extraction dominates. Cost distribution was highly
heterogeneous: low‑cost sites (<€1 million, n = 1,013,
62.9%) at mean depth 1,742 m totaled €648 million
(38.3% of cost) while providing 58.2% of species cover‑
age and 51.7% of connectivity—outstanding efϐiciency.
Moderate‑cost sites (€1–2 million, n = 512, 31.8%) at

intermediate depths totaled €722 million (42.7%) with
proportional contributions. High‑cost sites (>€2million,
n = 86, 5.3%) in shallow waters (mean 412 m) totaled
€332 million (19.6%) but were ecologically critical, pro‑
viding 9.7% of species including 3 CR taxa and 12.9% of
connectivity through stepping‑stone roles.

Cost‑effectiveness measured as species per billion
euros yielded 70.4 for our approach versus 34.0 for
random (107% higher cost/species), 24.6 for hotspots
(186% higher), and 168.6 for cheapest sites (58% lower
but incomplete threatened species coverage). Combined
efϐiciency score (species × connectivity/1000 × cost)
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was 4.94 for our approach versus 5.13 for the cheap‑
est (4% higher but missing threatened taxa), 1.27 for
hotspots (74% lower), and0.65 for random(87% lower).
Our approach achieves efϐiciency within 4% of the the‑
oretical maximum while guaranteeing complete threat‑
ened species protection—critical for conservation pol‑
icy where 1–2% coverage gaps can mean extinction for
range‑restricted endemics.

3.6. Graph Neural Network Performance

The two‑layer GCN successfully learned 16‑
dimensional site embeddings capturing biodiversity,
cost‑efϐiciency, and network topology (Figure 6). Train‑

ing converged by epoch 40 (ϐinal loss <0.0001), process‑
ing 2,623,933 edges across 10,741 nodes in under 5min.
Model performance was evaluated using reconstruction
R2, which reached 0.58 after convergence, exceeding the
acceptable threshold of 0.5 for successful connectivity
structure compression. Principal component analysis
revealed three primary axes: PC1 (38.2% variance) rep‑
resented biodiversity gradient correlated with species
richness (r = 0.82) and depth (r = −0.76); PC2 (22.1%
variance) represented cost‑efϐiciency correlated with
ϐishing costs (r = 0.71); PC3 (14.7% variance) captured
regional biogeography separating Western, Central, and
Eastern basins.

Figure 6. Graph Neural Network training and embedding analysis. (a) Training loss convergence at epoch 40 (MSE <0.0001).
(b) Connectivity reconstruction performance (R2 = 0.58, exceeding 0.5 threshold). (c) PCA visualization of 16‑dimensional em‑
beddings: all 10,741 sites (gray) and 1,611 selected sites (red); top 20% by composite score show 78% overlap with optimized
selections. (d) Principal component interpretation: PC1 (38.2%variance) correlateswith biodiversity (r = 0.82 species richness,
r = −0.76 depth), PC2 (22.1%) with cost‑efϐiciency (r = 0.71 ϐishing costs), and PC3 (14.7%) with regional biogeography.

Figure 6 diagnoses GNN training and embedding
quality. Figure 6a shows training loss convergence: the
rapid decline to MSE < 0.0001 by epoch 40 (of 50) con‑

ϐirms successful compression of the 5,530,803‑edge con‑
nectivity structure into 16‑dimensional site representa‑
tions without overϐitting. Figure 6b plots predicted ver‑
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sus true connectivity weights for a held‑out edge sam‑
ple: the R2 = 0.58 reconstruction accuracy exceeds the
0.5 threshold required for useful connectivity approxi‑
mation in prioritization contexts—the model correctly
ranks high‑connectivity site pairs over low‑connectivity
ones, which is the operationally relevant criterion. Fig‑
ure 6c visualizes all 10,741 sites in the PCA‑reduced
embedding space (gray) with the 1,611 selected sites
highlighted (red): the selected sites occupy a distinct
subregion of the embedding space, conϐirming that opti‑
mization preferentially draws from sites with favorable
combined biodiversity‑cost‑connectivity proϐiles. Fig‑
ure 6d interprets the principal component axes: PC1's
strong correlation with species richness (r = 0.82) and
depth (r = −0.76) conϐirms the ϐirst axis captures eco‑
logical productivity; PC2's correlation with ϐishing costs
(r = 0.71) encodes economic burden; PC3 separates the
three biogeographic regions, conϐirming the GNN has
learned basin‑scale spatial structure without explicit re‑
gional labels.

Sites with high composite scores in embedding
space (top 20% by ϐirst two PCs) overlapped 78% with
optimized selections, conϐirming GNN‑learned features
captured the trade‑off space deϐined by the weighted‑
sumobjective. Compared to full biophysical connectivity
modeling requiringweeks via particle tracking, our GNN
approach (5 min training + <1 min matrix generation)
provides 10,000‑fold speedupwhile capturing sufϐicient
connectivity structure for effective prioritization.

3.7. Comparison to Benchmark Strategies

Systematic comparison to three alternatives
demonstrated the constraint‑based approach's superior‑
ity (Figure 7,Table 5). Random selection (1,000 realiza‑
tions) achieved 100% species coverage but poor connec‑
tivity (19,133 units, 77% lower) and high cost (€2.94 bil‑
lion, 74% higher), yielding efϐiciency 0.65 (87% lower).
Fragmented patterns (mean inter‑site distance 89.2 km
vs. 52.1 km optimized) limited larval exchange.

Figure 7. Benchmarking optimized strategy against alternatives. (a) Multi‑metric radar chart demonstrating near‑Pareto opti‑
mality across ϐive dimensions. (b) Cost‑connectivity frontier showing optimized and cheapest approaches dominate alternatives.
(c) Site‑level connectivity distributions across strategies (Kruskal‑Wallis H = 2,847, p < 0.001). (d) Integrated efϐiciency scores
combining species coverage, connectivity, and cost. Optimized approach achieves the highest connectivity (84,231), lowest cost
among high‑performing strategies (€1.69 billion), and complete threatened species protection.
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Table 5. Comparison of MPA selection strategies for 15%Mediterranean coverage (n = 1,611 sites).
Species CoverageSelection Strategy

(%)
Efϐiciency ScoreConnectivity ScoreCost (€ Billion) a Constraints

Satisϐied

No0.6519,1332.94100.0Random
No1.2751,8344.07100.0Hotspots
No5.1336,5980.7098.3Cheapest

Yes (3/3)4.9484,2311.6999.2GNN+Optimization
Note: a Efficiency = (Species % × Connectivity)/(1000 × Cost € Billion). Optimized solution achieves near‑Pareto optimality: 99.2% coverage (all threatened species),
highest connectivity (4.4× random), second‑lowest cost (42% below random), near‑optimal efϔiciency (within 4% of theoretical maximum while guaranteeing complete
threatened species protection).

Figure 7 provides a structured multi‑dimensional
comparison across all four strategies. Figure 7a presents
a radar chart across ϐive performance dimensions (species
coverage, connectivity, cost‑efϐiciency, threatened species
protection, and regional balance): the optimized strat‑
egy's polygon is visibly larger and more balanced than al‑
ternatives, conϐirming near‑Pareto performance. Figure
7b maps the cost‑connectivity trade‑off frontier: strate‑
gies clustering in the upper‑left (high connectivity, low
cost) dominate those in the lower‑right, and the optimized
approach is the only strategy achieving high connectivity
without excessive cost. Figure 7c shows site‑level con‑
nectivity distributions as box plots: the optimized strat‑
egy's distribution is shifted substantially rightward (me‑
dian 48.2 connections/site) relative to random (median
12.4) and hotspots (median 31.7), with the Kruskal‑Wallis
test conϐirming these differences are not attributable to
chance (H = 2,847, p < 0.001). Figure 7d summa‑
rizes integrated efϐiciency scores: the optimized approach
(4.94) and cheapest approach (5.13) are closely matched
on raw efϐiciency, but this convergence masks a criti‑
cal difference—the cheapest strategy fails to protect one
threatened species, making it operationally infeasible for
conservation policy regardless of its efϐiciency metric.

Biodiversity hotspots (top 1,611 richness sites)
achieved 100% coverage but at a severe cost (€4.07 bil‑
lion, 141% higher) and moderate connectivity (51,834,
38% lower). Concentration in expensive shallowwaters
(mean €2.52 million/site) and spatial clustering (76.4
km distance) degraded both objectives.

Cheapest sites achieved the highest raw efϐiciency
(5.13 vs. 4.94 optimized) at €0.70 billion but in‑
complete coverage (98.3%, missing 2 species includ‑
ing one threatened taxon). Deep‑water concentration
(mean depth 2,187 m) systematically excluded shallow‑
restricted species, illustrating the danger of pure cost‑

minimization without ecological constraints.
From Table 5 our GNN‑informed solution,

achieved near‑Pareto optimality: 99.2% coverage (all
cheapest‑sites gaps), highestthreatened species vs.

connectivity (84,231, exceeding second‑best by 62%),
second‑lowest cost (€1.69 billion, 2.4× cheapest but
42% below random), and near‑optimal efϐiciency (4.94,
within 4% of theoretical maximum while guaranteeing
ecological mandates).

3.8. Sensitivity Analysis across Coverage
Scenarios

Robustness testing across 10%, 15%, and 30% cov‑
erage revealed consistent patterns (Figure 8). Species
coverage remained stable at 99.2% (119/120) across
all scenarios, indicating saturation below 10%. This
threshold demonstrates that network expansion beyond
10% provides spatial redundancy and climate resilience
rather than new species representation. The consistent
omission of L. kempii conϐirms protection is constrained
by rarity (4 observations) and dispersion (0.4%of sites),
not network size.

Figure 8 conϐirms the robustness of our frame‑
work across the full coverage target range. Figure 8a
shows species coverage across the three scenarios: the
ϐlat line at 99.2% (119/120 species) across 10%, 15%,
and 30% coverage is the most policy‑relevant result in
this ϐigure—it demonstrates that species representa‑
tion saturates well below international targets, mean‑
ing expansion beyond 10% delivers spatial redun‑
dancy and climate resilience rather than new biodiver‑
sity coverage. Figure 8b plots the superlinear connec‑
tivity scaling law: the concave‑up curve (power law α
= 1.17) means each additional percentage point of cov‑
erage generates disproportionately more connectivity
gain than the previous one, a property not observable
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from any single scenario. Figure 8c shows near‑linear
cost scaling with stable per‑site cost (~€1 million)
across scenarios, with the plateau in budget utiliza‑
tion at 57–58% for 15% and 30% coverage indicating
that affordable high‑value sites become constrained
at large network sizes. Figure 8d shows regional al‑
location stability: the Central:Eastern:Western ratio
remains within 2 percentage points across all three
scenarios (68–69:18–19:13%), conϐirming that spatial
conϐiguration is primarily determinedby the ecological
constraints rather than by coverage level—a desirable
property demonstrating predictable policy behavior.

Network connectivity scaled superlinearly (power
law α = 1.17, R2 = 0.962): 10% scenario achieved
41,367 units, 15% achieved 84,231 (104% increase
for 50% more sites), 30% achieved 171,077 (103%
increase for 100% more sites). This superlinear‑
ity justiϐies ambitious coverage targets on functional
grounds—connectivity beneϐits substantially exceed
marginal costs as networks expand.

Total cost increased near‑linearly: 10% cost
€1.03 billion (€0.96 million/site, 52.2% budget uti‑
lization), 15% cost €1.69 billion (€1.05 million/site,
57.1%), 30% cost €3.42 billion (€1.06 million/site,
57.7%). Near‑constant cost per site (~€1 million)
indicates successful efϐiciency maintenance even at
30% coverage. However, budget utilization plateaued
at 57–58%, suggesting limits of available affordable
sites—extrapolating beyond 30% would likely trigger
cost escalation.

Spatial patterns remained remarkably stable: re‑
gional distribution (Central:Eastern:Western) main‑
tained 68–69:18–19:13% across scenarios (within 2%),
shallow‑site proportion ranged 10.1–11.0% (precisely
tracking the 10% constraint), andmean depth remained
1,545–1,560 m. This stability conϐirms that spatial con‑
ϐiguration is primarily constraint‑driven rather than
emergent from optimization dynamics, providing pol‑
icy levers to adjust spatial balance through constraint
modiϐication.

Figure 8. Connectivity scaling, cost escalation, efϐiciency response, and spatial allocation stability under increasing coverage
targets. (a) Species coverage is invariant at 99.2% (119/120 species), indicating saturation of biodiversity representation. (b)
Connectivity scales superlinearly with network size (∝ sites 1.17; R2 = 0.962), evidencing nonlinear ampliϐication effects. (c)
Total cost increases nonlinearly (€1.03 billion→€3.42 billion), while budget utilization exhibits limited gains (52.2%→57.7%),
indicating diminishing efϐiciency. (d) Regional allocation remains stable across scenarios (Central ≈ 68%, Eastern ≈ 19%, West‑
ern ≈ 13%), conϐirming robustness of spatial conϐiguration.
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4. Discussion
Our constraint‑based optimization framework

achieved 99.2% species coverage, connectivity 4.4 times
higher than random selection, and costs 42–58% be‑
low alternative strategies across all coverage scenar‑
ios. These results demonstrate that systematic multi‑
objective optimization can reconcile biodiversity protec‑
tion, functional connectivity, and economic feasibility,
objectives previously treated as competing priorities re‑
quiringmanual expert judgment rather than algorithmic
resolution.

4.1. Global MPA Network Performance

The conservation outcomes achieved here com‑
pare favorably with documented large‑scale MPA sys‑
tems, while revealing important contextual differences.
Smith et al. [5] evaluated California's network spanning
multiple ecosystems and found that systematic spatial
design produced measurable biodiversity beneϐits and
maintained habitat connectivity outcomes that required
years of iterative management reϐinement following ini‑
tial designation. Our framework achieves comparable
species representation (99.2%) at the planning stage
itself, before implementation, suggesting that compu‑
tational optimization can front‑load conservation effec‑
tiveness that empirical networks attain only after adap‑
tive management cycles. The Great Barrier Reef Marine
Park, one of the most intensively monitored large‑scale
networks globally, demonstrates that systematic zon‑
ing combined with sustained adaptive management sus‑
tains biodiversity under increasing anthropogenic pres‑
sure [41] reinforcing that network design quality, not area
coverage alone, determines long‑term effectiveness.

The near‑complete species representation saturat‑
ing below 10% coverage has direct implications for con‑
servation target‑setting. Harris and Holness [40] argue
that heuristic biodiversity targets for systematic conser‑
vation planning should reϐlect empirical representation
thresholds rather thanpolitically convenient roundnum‑
bers, and our results support this position. Beyond the
10% saturation threshold, the conservation argument
for network expansion must rest on connectivity gains
and climate resilience rather than incremental species

representation—a distinction with signiϐicant policy im‑
plications for how Mediterranean nations justify 30 ×
30 commitments to domestic stakeholders. Indonesian
coral reef management plans illustrate the cost of ignor‑
ing ecological design quality: most plans address ϐishing
pressure while overlooking land‑based stressors such
as nutrient pollution, producing coverage statistics that
overstate realized protection. An area without design
rigor delivers neither species representation nor func‑
tional connectivity.

4.2. Methodological Advances

Fabbrizzi et al. [42] conducted a global scoping re‑
view of current practices in marine systematic conser‑
vation planning and identiϐied three persistent gaps: in‑
sufϐicient integration of connectivity objectives into op‑
timization frameworks, limited computational scalabil‑
ity beyond regional extents, and inadequate capacity for
iterative stakeholder scenario testing. Our framework
directly addresses all three gaps simultaneously. GNN‑
based dimensionality reduction enables basin‑scale op‑
timization across 10,741 candidate sites completing in
8–15 min per scenario—rendering iterative negotiation
computationally feasiblewhere established tools such as
Marxan require days per run at comparable spatial ex‑
tents [22, 23]. The constraint‑based objective function in‑
tegrates connectivity as a primary optimization target
alongside biodiversity and cost, rather than treating it
as a post‑hoc screening criterion applied after site selec‑
tion.

The integration of graph neural networks with con‑
servation planning represents a methodological frontier
with growing empirical support [26, 27]. Equihua et al. [35]
demonstrated deep reinforcement learning for connec‑
tivity conservation planning, achieving computational
tractability for large spatial problems. Wu et al. [34]
showed that GNN‑based spatial representations outper‑
form conventional feature‑based approaches for species
distribution modeling precisely because ecological con‑
nectivity is a non‑Euclidean structure that standard di‑
mensionality reduction methods cannot encode with‑
out explicit manual feature engineering. Our applica‑
tion extends this trajectory tomulti‑objective spatial pri‑
oritization, with the addition of mandatory ecological
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constraints—a dimension absent from most machine
learning conservation applications to date. It must be ac‑
knowledged that the GNN's primary contribution in our
framework is computational tractability and topology‑
aware site representation, rather than demonstrated
outcome superiority over simpler baselines; controlled
ablation comparisons under identical optimization con‑
ditions remain a necessary direction for future valida‑
tion. The interpretability of GNN‑learned features—
biodiversity gradients, economic burden, and biogeo‑
graphic structure emerging as the three principal em‑
bedding axes without explicit labeling—distinguishes
this approach from black‑box applications that are dif‑
ϐicult to defend in stakeholder and regulatory contexts.

4.3. Connectivity Representation

Marine connectivity modeling involves a funda‑
mental precision‑tractability trade‑off, and our distance‑
based approach with circulation proxies represents a
deliberate position on this continuum [32, 33] Recent.
evidence reveals an important limitation of this posi‑

Blouettion that warrants explicit acknowledgment.
et al. [43] demonstrated that expanding MPA networks
based on functional rather than structural connectiv‑
ity yields substantially greater conservation returns—
network designs optimized for empirically validated dis‑
persal pathways outperform distance‑based designs on
ecological outcome metrics. Our connectivity formula‑
tion uses distance‑decay kernels weighted by a simpli‑
ϐied eastward circulation factor (γ = 1.3, Equation (5))
capturing ϐirst‑order basin directionality [40], but neces‑
sarily omits species‑speciϐic larval traits, vertical migra‑
tion behavior, and mesoscale oceanographic variability.
It was similarly found that biophysical larval dispersal
modeling in the Yellow and East China Seas revealed con‑
nectivity patterns among national MPAs that distance‑
based metrics systematically misrepresent, with impli‑
cations for identifying network gaps that structural ap‑
proaches miss entirely.

These ϐindings contextualize our connectivity re‑
sults appropriately. The 4.4‑fold advantage over random
selection under our distance‑based assumptions demon‑
strates sufϐicient discriminatory power for site ranking
under the connectivity model employed here. Consis‑

tent with value‑of‑information frameworks [32], the op‑
erationally relevant criterion is correct ranking of alter‑
natives rather than absolute dispersal quantiϐication—
a weaker but more achievable standard that our R2 =
0.58 reconstruction accuracy satisϐies. The network's gi‑
ant connected component spanning 99.2% of sites, with
a mean shortest path of 4.7 stepping‑stone sites, sup‑
ports basin‑scale larval exchange for specieswith 15–60‑
day pelagic durations under the distance‑based assump‑
tions employed here. Future implementations should in‑
tegrate biophysical connectivity validation [30, 31], partic‑
ularly for range‑restricted species with narrow disper‑
sal windows or for sites situated across known oceano‑
graphic barriers such as the Strait of Sicily.

4.4. Cost‑Effectiveness and Economic Reali‑
ties

The €1.69 billion total cost estimate for 15%
Mediterranean coverage requires careful contextual
interpretation. Spatial cost layers fundamentally
shape which sites enter conservation networks [20],
and our parametric cost model—calibrated to doc‑
umented Mediterranean opportunity cost ranges of
€200–9,000/km2/year—produces estimates consistent
with empirical assessments of the region [18]. Critically,
however, this ϐigure represents gross opportunity costs
before accounting for ecosystem service beneϐits. Lyn‑
ham and Villaseñor‑Derbez [12] documented spillover
beneϐits from large‑scale MPAs to adjacent purse seine
ϐisheries, demonstrating that opportunity cost estimates
systematically overstate net economic burden once ϐish‑
ery recovery is accounted for. Castro‑Cadenas et al. [44]
documented ϐishing activity patterns within Spanish
Mediterranean MPAs and found that compliance is in‑
complete across most designations, conϐirming that ac‑
tual foregone ϐishing effort is substantially lower than
full‑exclusion cost models assume—a ϐinding that fur‑
ther suggests our cost estimates are conservative rather
than optimistic in practice.

Ziegler et al. [45] showed that external ϐishing effort
regulationmediates the positive effects of no‑takeMPAs:
where displaced effort simply relocates to adjacent ar‑
eas without reducing total ϐishing pressure, the conser‑
vation beneϐit per unit of displacement cost is lower than

23

Sustainable  Marine  Structures  | Volume 08 | Issue 02 | June 2026



single‑MPA analyses suggest. The spatially distributed
network logic of our approach partially mitigates this
dynamic by distributing exclusion across three Mediter‑
ranean basins, reducing geographic displacement con‑
centration. The 52–58% budget utilization across all
coverage scenarios indicates substantial implementa‑
tion ϐlexibility, consistent with Raimondi et al.'s [46] as‑
sessment of the California networkwhere ϐinancial cush‑
ions enabled adaptive adjustments without compromis‑
ing conservation targets. This unutilized budget repre‑
sents a contingency reserve for stakeholder compensa‑
tion, compliance enforcement, and unanticipated desig‑
nation costs, a practically important buffer that purely
theoretical cost analyses often obscure.

4.5. Governance and Implementation

Computational optimization identiϐies spatially ef‑
ϐicient conϐigurations but realized conservation out‑
comes depend fundamentally on governance quality and
stakeholder legitimacy [47, 48]. Mast et al. [47] demon‑
strated through a global analysis that shared governance
signiϐicantly increases MPA effectiveness—co‑managed
reserves consistently outperform state‑managed equiv‑
alents on ecological outcome metrics across diverse ge‑
ographic contexts. Our phased implementation strategy,
which prioritizes low‑conϐlict deep‑water sites generat‑
ing 58% of conservation value at 38% of total cost be‑
fore engaging contested coastal areas, creates conditions
for building the institutional trust that effective shared
governance requires. Zampardi et al. [48] tested best‑
practice interventions in small‑scale ϐisheries manage‑
ment across two central MediterraneanMPAs and found
that collaborative monitoring combined with participa‑
tory management produced measurable ecological im‑
provements within three years—evidence that the trust‑
building timeline our phased approach assumes is em‑
pirically achievable rather than aspirational.

Financial sustainability constitutes a distinct and
often underestimated governance challenge. Bohorquez
et al. [49] identiϐied four prerequisites for MPA net‑
work ϐinancial sustainability in Latin America and the
Caribbean: diversiϐied funding mechanisms, private‑
sector engagement, ecosystem service revenue streams,
and enforceable legal frameworks for cost recovery.

Mediterranean networks face analogous structural chal‑
lenges, compounded by transboundary jurisdiction
across 21 coastal nations with divergent conserva‑
tion ϐinancing institutions. The region's established
blue economy infrastructure—high‑value tourism, ϐish‑
eries certiϐication markets, and nascent blue carbon
credit schemes—provides ϐinancing opportunities un‑
available to many developing‑region networks. Di
Franco et al. [50] demonstrate that genuine co‑production
between managers, scientists, and local communities is
a prerequisite for governance effectiveness, not an op‑
tional reϐinement—a ϐindingwith direct implications for
whether the optimization conϐigurations our framework
identiϐies can be translated into legally binding designa‑
tions.

4.6. Climate Change and Adaptive Manage‑
ment

Static optimization frameworks face a structural
challenge that cannot be resolved through methodolog‑
ical reϐinement alone: Mediterranean marine biodi‑
versity is actively redistributing under climate change,
and the rate of redistribution will accelerate across
the planning horizon relevant to 30 × 30 implementa‑
tion [17]. Hassoun et al. [16] documented accelerating cli‑
mate pressures across key Mediterranean ecosystems—
including warming, acidiϐication, oxygen depletion,
and species redistribution—with nonlinear interactions
that threaten to undermine protection gains achieved
through static area‑based conservation. Roberts et
al. [11] demonstrated that marine reserves can both
buffer climate impacts and promote ecological adapta‑
tion, particularly when networks are designed to pro‑
tect thermal refugia and maintain connectivity among
climate‑stable habitat patches. Our static 2024 species
distributions do not capture these dynamics, meaning
the 99.2% species representation achieved under cur‑
rent conditions may decline as range contractions affect
species with limited thermal tolerance.

Several adaptations could address this limitation
within our modular framework without sacriϐicing com‑
putational efϐiciency. Species distribution projections
under IPCC warming scenarios could replace the static
presence‑absencematrix, enabling identiϐication of sites
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that remain within species thermal tolerances through
2050. Thermal refugia—deep basins exceeding 1,500
m exhibiting greater temperature stability—could be
incorporated as an additional constraint, providing cli‑
mate insurance beyond current biodiversity representa‑
tion targets. Murray et al. [6] review methods for safe‑
guarding MPAs from cumulative effects and emphasize
that networks designed without climate projections re‑
quire more frequent adaptive revision cycles, imposing
ongoing governance costs that proactive climate integra‑
tion at the design stage avoids. TheMediterranean's doc‑
umented trajectory toward warmer, more oligotrophic,
and more oxygen‑depleted conditions [17] strengthens
rather than weakens the case for ambitious 30% cov‑
erage: larger, well‑connected networks provide greater
ecological insurance against redistributions that smaller
networks cannot accommodate.

4.7. Limitations and Research Priorities

Three methodological limitations constrain direct
operational application of the present results. First, the
50 km spatial buffer for species presence assignment
simpliϐies habitat heterogeneity and does not account
for sampling intensity bias in the OBIS dataset, which
overrepresents commercially important species in inten‑
sively surveyed nearshore zones. The buffer sensitivity
analysis demonstrates 78% site‑level overlap between
50 km and 75 km buffers, indicating robustness within
reasonable ranges, but species distribution models
incorporating environmental predictors—bathymetry,
sea surface temperature, primary productivity—would
substantially improve spatial precision for the range‑
restricted endemics most sensitive to buffer choice.

Second, our distance‑based connectivity underrep‑
resents functional dispersal pathways, as Blouet et al. [43]
and Lu et al. [51] demonstrate in different regional con‑
texts. The 1.3 eastward circulation factor (Equation (5))
captures ϐirst‑order basin directionality [40] but cannot
resolvemesoscale eddies, seasonal circulation reversals,
or species‑speciϐic vertical behavior during the pelagic
larval phase. Biophysical particle‑tracking models val‑
idated against empirical genetic connectivity data [33]

would provide the functional connectivity representa‑
tion that Blouet et al.'s [43] results suggest deliver supe‑

rior conservation returns. The appropriate response
is not to delay conservation action pending higher‑
resolution models, but to treat the present connectivity
rankings as relative priorities subject to systematic revi‑
sion as biophysical validation becomes available.

Third, opportunity cost estimation omits ecosys‑
tem service beneϐits—ϐishery spillover [12], blue carbon
sequestration, coastal storm protection, and tourism
revenue—potentially overstating net economic bur‑
den by a substantial and currently unquantiϐied mar‑
gin. Capriati et al. [52] demonstrate that management
plan gaps reduce realized conservation beneϐits below
planned levels; analogously, beneϐit accounting gaps in
cost models make the net economic efϐiciency of protec‑
tion appear lower than it truly is. Comprehensive cost‑
beneϐit assessments integrating both displacement costs
and ecosystemservice gains areneededbefore the€1.69
billion estimate can be responsibly interpreted as a net
burden rather than a gross investment with substantial
expected returns.

4.8. Broader Implications

Our results have direct implications for the na‑
tional implementation of the CBD Kunming‑Montreal
Framework's 30 × 30 target. Dasgupta et al. [53] ana‑
lyzed country‑level pathways to 30 × 30 and found that
achieving ecologically representative, well‑connected
networks—rather than designating low‑cost, low‑
conϐlict areas of convenience—requires systematic plan‑
ning tools that most national governments currently
lack. Our framework's sub‑15‑min optimization run‑
time addresses this capacity gap directly, enabling
evidence‑based scenario comparison that is inaccessi‑
ble to most Mediterranean coastal nations under cur‑
rent planning approaches. Fabbrizzi et al. [42] identify
the absence of connectivity‑integrated systematic plan‑
ning as a persistent gap in current conservation practice
globally—a gap the GNN‑based approach speciϐically tar‑
gets through topology‑aware site representation.

The superlinear connectivity scaling result (power
law exponent 1.17) has a policy implication that area‑
based targets systematically obscure: poorly conϐigured
30% coverage can deliver less functional conservation
value than well‑conϐigured 15% coverage, depending
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entirely on spatial arrangement. The 30 × 30 commit‑
ment provides no spatial conϐiguration guidance, cre‑
ating a documented pathway for nations to satisfy the
target through paper designation of convenient sites
rather than ecologically functional networks [26]. Our
analysis suggests that CBD reporting frameworks should
incorporate connectivity standards alongside percent‑
age coverage metrics—minimum thresholds for the pro‑
portion of sites within single‑generation dispersal dis‑
tance and formembership in the giant connected compo‑
nent. Giakoumi et al. [25] identify this shift from area tar‑
gets to functionally deϐined targets as a central advance
needed in systematic conservation planning; our em‑
pirical demonstration of superlinear connectivity scal‑
ing provides the quantitative justiϐication for why spa‑
tial conϐiguration must be speciϐied, not merely cover‑
age area. Whether these computational blueprints trans‑
late to protected waters ultimately depends on politi‑
cal will, transboundary cooperation, and stakeholder en‑
gagement —challenges that lie beyond optimization's
technical scope but remain central to conservation's
practical success.

5. Conclusion
Marine Protected Area networks require maxi‑

mizing biodiversity protection and connectivity while
minimizing economic disruption—objectives tradition‑
ally difϐicult to reconcile. This study demonstrates
that constraint‑based optimization can achieve near‑
complete species coverage (99.2%), connectivity 4.4
times higher than random selection, and cost savings
of 42–58% compared to alternative strategies. Single‑
criterion approaches cannot deliver these outcomes si‑
multaneously.

The Mediterranean case illustrates a fundamental
shift in conservation planning. Optimization scenar‑
ios that once required months of expert analysis are
now complete in 8–15 min, enabling rapid exploration
of alternatives and transparent stakeholder negotiation.
This computational efϐiciency democratizes conserva‑
tion planning—algorithms identify efϐicient conϐigura‑
tions, but stakeholders and policymakers determine pri‑
orities.

However, optimization reveals rather than resolves
value‑based trade‑offs. Should cost minimization over‑
ride regional equity? Is 15% well‑connected coverage
preferable to 30% poorly conϐigured? Should evolu‑
tionary distinctiveness outweigh species counts? These
questions require societal deliberation, not algorithmic
solutions.

Effective implementation demands collaboration.
Optimization navigates combinatorial complexity; ex‑
perts validate ecological realism; stakeholders ensure
social legitimacy; policymakers translate evidence to ac‑
tion. Mediterranean nations possess the technical capac‑
ity, biodiversity knowledge, and economic resources to
achieve ambitious protection targets. Whether computa‑
tional blueprints translate to protected waters depends
on political will, transboundary cooperation, and stake‑
holder engagement.

The technical barriers to scientiϐically defensible
MPA networks have collapsed. The remaining barriers
are human.
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