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Motivation Data used Area of Interest (AOI): Antarctic Peninsula
REIPME EEEE Warmlng,.sea-lce.loss, el GEEE (e Original Data | 8 Statistical Metrics* Data Content /

are profoundly reshaping marine ecosystems along the Source (Count) for 3 Time Periods** Included Variables

Antarctic Peninsula. Copernicus® 31 744 salinity, temperature, dissolved iron, etc.

Standard linear models fail to capture these complex NOAA? 1 24 sea-ice concentration (1978-2002)

fluid systems. A robust baseline must integrate large- UB® 16 16 sea-ice concentration (2002-2026)

scale, heterogeneous environmental data. IBSCO v2* 3 3** depth, slope, aspect

We deliver a data-driven, unsupervised machine 2Um L 157

learning pipeline to map environmentally coherent * Statistical Metrics: Max, Mean, Median, Min, Range, Rms, SD and Variance

** Time periods: austral summer months: Dec, Jan, Feb; austral winter months: Jun, Jul, Aug ; other months: Mar, Apr, May, Sep, Oct, Nov
*** For IBSCO v2, no statistical metrics for time periods were calculated. Number represents 3 static base layers/variables (depth, slope & aspect)

marine bioregions across the AP—ensuring physical
data integrity and strict statistical honesty.

Methodological Framework: Machine Learning Pipeline

C 1. Data Acquisition ) ] C 2. Data Wrangling & Preprocessing ) ' ( 5. Data Cleaning, Imputation and Weighting ) ] < 6. Clustering )
« Download Netcdf data from COPERNICUS, NOAA, * Generate points within the AOI (exclude land points) « Data cleaning (Inf/NA and constant-variable removal) *  UMAP dimensionality reduction (5 components)
UB, IBSCO - Definition of austral seasons: ‘summer months’, ‘winter . Impute missing values using ‘missRanger’ (Random Forest) * Optimal k determination (silhouette + gap statistic)
. i months’, ‘other months’ _ o _ _ . : - _
Convert Netcdf data to GeoTiffs o | - Apply soft spatial weighting to latitude and longitude (x2.0) CLARA medoids clustering (k = 12)
« Variable selection for clustering « Compute seasonal summary statistics (min, max, mean, . . L « Cluster assignment: Definition of ecological regions/groups
SD, etc.) for clustering variables VEllEl)? siEnelelZEron . . _
Medoid identification: Description & summary of each
cluster
3. Statistical Analysis > 4. First Feature Selection C 7. Cluster Interpretation and Validation > > 8. Post-Cluster Analysis
» Extract seasonal summary statistics for AOI spatial points Boruta feature selection: >700 — 113 clustering variables « Assess variable importance using Random Forest « Assess cluster uncertainty using Ambiguity Scores (AS)
: e ‘ : rmutation importan : "
» Create a composite classification (='Pseudo_class’) » Reduce multicollinearity among clustering variables using PETMUATON IMporiance « Identify ecotones & unstable transition zones
' : : : - : * ldentify k lusterin riables for h cluster : .
l;tased.on Ila.ltltl:.d © &I Douglass et al. 2014 correlation & variance inflation factor (VIF) analyze dentify key clustering variables for each cluste « Quantify cluster similarity and transition patterns between
loregionalization classes » Evaluate cluster quality, separation & cohesion using clusters
* Noise reduction, relevant features selection & data silhouette analysis : :
tion for cluster: Generate maps and diagnostic plots for cluster
preparation for clustering « Validate ecological plausibility of the clustering structure interpretation

Spatial Mapping of Ecosystem Boundaries and Stability

The Rigid Baseline Model Isolating Core Ecotones The Final Synthesis
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Traditional hard-clustering forces discrete, sharp boundaries Applying an Ambiguity Score (AS 2 0.90) strips away core cluster The Cluster Reliability Assessment integrates the continuous AS directly into the spatial
between the 12 marine environmental regimes, treating ecological areas. This isolates the exact geographic locations of highly fluid, model across 6 distinct classes, ranging from Stable (<0.5) to Critical (>0.9). This replaces rigid
borders as artificial ‘walls’. dynamic marine transition zones. lines with a biologically realistic gradient map that quantifies ecosystem certainty across
space.
Stable Clustering: 12 Distinct Environmental Regimes
Cluster Similarity Heatmap Ambiguous Cluster Assignment (ACA)
Silhouette plot | Total Sample: N = 258,037 | Percentages relative to cluster size (n)
n = 50000 12 clusters Cj | Cluster 1 (n = 31,155) Cluster 10 (n = 19,438) Cluster 11 (n = 26,566)
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Average silhouette width : 0.42
Silhouette Validation Insights: High Partitioning Quality: High Classification Integrity:
* Robust Partitioning: Average silhouette width of 0.42 indicates a stable, sound The heatmap & silhouette plot confirm: Across 258,037 cells, secondary similarity is extremely low (mostly <1.5%),
classification across all 12 regimes e Highest Similarity: Clusters 9/6 and 10/12 share nearly validating the robust 12-regime partition (ranging from 0.1% in Cluster 1 to 4.2% in
* Distinct Ecosystem Core: Clusters 4, 6 & 7 exhibit the highest cohesion with identical characteristics (dark blue) Cluster 6).
negligible misclassification * Maximum Divergence: Clusters 1/9, 1/6 and 1/10 represent From Math to Ecotones: Selective similarity pathways mathematically pinpoint
* Transition Dynamics: Negative silhouette values mathematically capture exact opposite ends of the environmental spectrum (dark red) natural ecotones (e.g., Cluster 12 blending into 8 and 9). Instead of random noise,
geographic areas where distinct environmental boundaries blur into fluid this reveals highly structured corridors where ecosystems fluidly merge.
ecotones
Conclusions
Objective Regionalization: By processing over 700 spatial Ecological Realism Over Rigid Lines: We replace rigid, @ Robust & Transferable Baseline: This reproducible, data-driven
datasets across 258,037 grid cells, our pipeline converts artificial borders with a continuous gradient map—  framework establishes a functional baseline for the Antarctic
mathematical uncertainty into a robust biological sighal to transitioning from "Stable" to "Critical'—to better resolve  Peninsula and provides a scalable methodology applicable to
map fluid ecosystem transition pathways. the inherent spatial heterogeneity of Antarctic marine other marine regions globally.
systems.
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