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Microplastics are a global environmental concern with widespread impacts on marine ecosystems. Predicting oceanic microplas-
tic concentration remains underexplored, as most machine-learning approaches focus on regional settings and rely on features
not consistently available worldwide. We propose a global framework that uses universally available spatial inputs (latitude,
longitude, ocean, month) augmented with 256-dimensional satellite-derived geo-embeddings. Using ~20,000 observations from
the NOAA NCEI Marine Microplastics Database, we evaluate this framework using class weighted training with Support Vector
Classifier (SVC), Random Forest (RF), and Gradient Boosting (GB) models. Under stratified cross-validation, ensemble mod-
els outperform SVC, while geo-embeddings produce consistent improvements across both RF and GB models. At the ocean
level, improvements are strongest in class-balanced regions such as the Pacific, where embeddings improve both Macro-F1
(8.5%) and Weighted-F1 (10%), indicating better minority class recognition. Gains are more modest or inconsistent in imbal-
anced or data-sparse regions. Aggregated globally, embeddings improve performance primarily in Weighted-F1 (5-8%), while
Macro-F1 gains remain limited. An ablation using Radial Basis Function (RBF) features suggests that geo-embeddings capture
richer spatial context beyond coordinate transformations. Leave-one-ocean-out evaluation reveals sensitivity to spatial distribu-
tion shift, particularly due to differences in class distributions between training and test domains. In this setting, embeddings
improve performance in regions such as the Atlantic and Arctic but degrade performance in label-diverse domains such as the
Pacific. Notably, embeddings consistently improve performance for the majority class across oceans. Overall, pre-trained geo-
embeddings improve in-domain performance under standard evaluation but generalize inconsistently under spatial distribution
shift, motivating more robust spatial modeling and domain adaptation approaches for global marine monitoring.

Introduction

Plastic pollution has become a major environmental issue in
the 21st century. Over time, plastic waste breaks down into
microplastics (< 5 mm), which are now widespread in the
oceans. According to the National Oceanic and Atmospheric
Administration, these particles are extremely difficult to trace,
yet they pose a global risk: marine organisms ingest them,
and they can eventually reach humans through seafood con-
sumption. As most plastic waste ultimately ends up in the
ocean, microplastic contamination has become a planetary-
scale challenge. Global observational and modeling studies
further confirm the scale and complexity of the problem by
showing that plastics accumulate at large scales'™ and are
transported across oceans.

Prior work on microplastic prediction and environmen-
tal modeling spans three main areas: oceanographic trans-
port models, localized and data-driven machine learning ap-
proaches, and recent advances in geospatial representation
learning and foundation models for Earth observation.
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Oceanographic transport models

Transport-based approaches model the movement and accu-
mulation of plastic debris using Lagrangian particle tracking?,
parametric equations® and ocean circulation models®. These
models provide global insights into debris pathways and large-
scale accumulation zones but depend on detailed physical in-
puts that are difficult to obtain and validate consistently at a
global scale.

Localized machine learning approaches

Machine learning (ML) has been applied to microplastic re-
search in several ways. Some studies focus on classifying
microplastic types in the laboratory, for example using ML
on spectroscopic FTIR data’®. Other studies predict concen-
trations in specific regions with specialized features, such as
mussel size and substrate type in the Western Black Sea'”,
or pH and salinity in Vietnamese peatlands'!. While power-
ful these approaches remain localized and cannot generalize
on a global scale due to their reliance on features that are not
available globally. Recently, machine learning models have
been developed for freshwater systems at a global scale %13,
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However, these rely on land-based predictors like cropland, ur-
ban cover, runoff, and population density; features that are not
meaningful or consistently available in marine environments.

A separate line of research focuses on detecting plastic de-
bris using imaging and remote sensing. Satellite and imaging-
based approaches can identify visible macro plastics and char-
acterize debris distributions 4. However, these methods are
limited to locations where measurements or imagery are avail-
able and do not provide global predictions of microplastic con-
centration levels in the oceans.

Geospatial representation learning and foundation models

Beyond microplastic-specific studies, ML has been widely
used for environmental prediction tasks. Models such as Ran-
dom Forests are commonly applied due to their ability to cap-
ture nonlinear relationships in heterogeneous environmental
data'>. ML methods more broadly have shown effectiveness
in modeling complex Earth system processes'®. However,
spatial prediction introduces additional challenges: standard
validation approaches can lead to overly optimistic estimates
when spatially correlated samples appear in both training and
test sets 7, making generalization to unseen regions difficult.
Recent advances in geospatial representation learning pro-
vide an alternative to manually engineered features. Prior
work has shown that spatial context can be learned directly
from data, for example through representations derived from
satellite imagery '®!9. Additional work in remote sensing and
large-scale geospatial learning demonstrates the ability to en-
code transferable representations of geographic locations from
globally available data?’. Recent approaches such as Sat-
CLIP extend this idea by learning global location embeddings
from satellite imagery?'. Emerging work on large-scale Earth
observation foundation models further shows that geo-spatial
representations can support high fidelity prediction of down-
stream environmental tasks such as land cover classification>?
and air quality, ocean waves, tropical and cyclone tracks 3.
Existing approaches do not enable global prediction of mi-
croplastic concentration levels, as they are restricted to spa-
tially local observations or rely on specialized features that are
not consistently available across regions, limiting their appli-
cability and generalization to unsampled areas. More broadly,
these approaches fall into two categories: localized machine
learning models that depend on region-specific environmen-
tal features, and transport-based models that require detailed
physical inputs and assumptions. Localized models achieve
strong performance within limited regions but lack transfer-
ability, while transport models provide global coverage but are
difficult to scale consistently and validate across regions. As a
result, both approaches fail to support planetary-scale predic-
tion: localized models cannot generalize beyond regions with
available features, while transport models depend on inputs

that are difficult to obtain and validate globally. This creates
a gap for methods that can leverage globally available inputs
such as transferable spatial representations learned from large-
scale geospatial data. Building on recent advances in geospa-
tial representation learning, our approach leverages such rep-
resentations to enable prediction of microplastic concentration
levels across oceans globally without reliance on localized en-
vironmental features.

We apply globally transferable spatial representations by
incorporating geo-embeddings derived from satellite data us-
ing SatCLIP. Prediction of microplastic concentration levels
is thus framed as a global spatial modeling problem rather
than a locally engineered feature problem. We develop a
machine-learning framework for predicting ocean microplas-
tic concentrations using the NOAA NCEI Marine Microplas-
tics Database?*, which categorizes concentrations into five
levels: Very Low, Low, Medium, High, and Very High—
enabling prediction of actionable categories relevant for en-
vironmental monitoring and policy. This paper makes three
key contributions: (1) a prediction framework that leverages
globally available spatial inputs instead of region-specific en-
vironmental features; (2) the application of geo-embeddings to
capture spatial context and enable prediction across all oceans,
including under-sampled regions; and (3) a planetary-scale
evaluation using multiple machine-learning models. Given
strong imbalance across both labels and oceans, performance
is evaluated using Macro-F1 and Weighted-F1, which bet-
ter reflect minority-class recognition than overall accuracy.
Among the models tested—Support Vector Classifiers >, Ran-
dom Forests?® and Gradient Boosting?’, ensemble models
consistently outperform SVC, while geo-embeddings produce
consistent improvements across both RF and GB models in a
stratified cross validation setting. However, the effectiveness
of these pre-trained geo-embeddings varies across oceans and
under spatial distribution shift, motivating further study of do-
main adaptation and transferable spatial modeling approaches.

Methods

We use the NOAA NCEI Marine Microplastics Database,
a public dataset comprising approximately 20,000 measure-
ments from locations worldwide across all major oceans. Each
record includes geographic and sampling information (lati-
tude, longitude, depth, and date) along with the measured con-
centration of microplastic and categorical concentration labels
(Very Low, Low, Medium, High, Very High) provided directly
by the NOAA dataset. The dataset is imbalanced in two ways.
First, the distribution of labels is skewed, with Medium as the
majority class across all oceans as shown in Figure 1. Sec-
ond, the number of observations differs greatly by ocean: the
Atlantic and Pacific Oceans dominate the dataset with 9868
and 5455 observations, respectively, while the Indian, Arctic,
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and especially Southern Oceans are sparsely represented with
545, 310 and 27 observations, respectively. Class imbalance
is addressed by using inverse class weighting during train-
ing, such that all classes are given equal weight during model
training. In addition, we evaluate model performance sepa-
rately for each ocean to assess regional generalization under
uneven sampling. We compare three machine learning classi-
fiers: Support Vector Classifier (SVC), Random Forest (RF),
and Gradient Boosting (GB). RF and GB are ensemble meth-
ods that combine multiple decision trees to capture non-linear
patterns and improve robustness. SVC serves as a baseline
classifier for comparison with ensemble methods.

Model performance is evaluated using the F1 score, which
balances precision (correctness of positive predictions) and re-
call (coverage of actual positives). An F1 of 1.0 indicates
perfect performance, while 0 indicates no predictive perfor-
mance. We report Macro-F1, which gives equal weight to
all classes and Weighted-F1, which averages class-specific F1
scores using class frequencies (reflecting performance on im-
balanced data). Accuracy alone is misleading in this setting
because it can appear high by simply predicting the majority
class in heavily represented oceans. We therefore evaluate per-
formance under both standard cross-validation and leave-one-
ocean-out cross-validation (LOOCYV) settings to assess gener-
alization under class and regional imbalance.

In all models, we use baseline spatial inputs consisting
of latitude, longitude, and one-hot encoded representations
of month and ocean identity that are already present in
the dataset. We further augment these features using geo-
embeddings derived from SatCLIP, a foundational AI model
trained on global satellite imagery. While latitude and longi-
tude identify a location geometrically, geo-embeddings pro-
vide a high-dimensional representation of the surrounding ge-
ographic context. These embeddings capture large-scale en-
vironmental patterns, such as land—water distribution and sur-
face characteristics, enabling the model to recognize similar-
ities between distant locations with comparable environmen-
tal conditions. By incorporating this richer spatial represen-
tation, our framework supports improved predictive perfor-
mance across diverse geographic regions while enabling eval-
uation in under-sampled oceans such as the Arctic and South-
ern Oceans without relying on specially engineered environ-
mental features.

The SatCLIP modeling framework pre-trains an image en-
coder and a location encoder, as shown in Figure 2. The lo-
cation encoder f. : (x,y) — R takes in 2-dimensional coordi-
nates (x,y) and returns a d-dimensional embedding. The im-
age encoder f; : R™™* — R? takes in an image I € R™ "<k
and also returns a d-dimensional embedding. In this study
we use the pretrained location encoder f, in a frozen form for
the downstream task of predicting microplastic concentration
levels. The location encoder produces d-dimensional embed-

Relative Distribution of Microplastic Concentration Levels by Ocean
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Fig. 1 Distribution of Microplastic Concentration Levels by Ocean.

dings (d = 256). These embeddings are concatenated with
baseline spatial inputs and used as additional numerical pre-
dictors.

Experimental Design

1. Baseline—using only latitude, longitude, ocean, and
month. We include month as a coarse temporal feature
to capture potential time-dependent variation in obser-
vations. To isolate the contribution of temporal infor-
mation, we perform an ablation study on the Gradient
Boosting (GB) model, comparing performance with and
without the month feature.

2. Baseline + Embeddings—using the same features plus
geo-embeddings. These embeddings are generated by
SatCLIP’s pre-trained location encoder using latitude
and longitude inputs, as illustrated in the downstream
task block in Figure 2. For models sensitive to feature
scale (e.g., SVC), we apply z-score standardization (zero
mean, unit variance) to the geo-embeddings before con-
catenating with the baseline features. Tree-based models
(RF, GB) are trained on unscaled features.

. downstream »
locations
image
encoder fon, ] <— '
img. emb.
downstream
learning objective

objective

down-
location t‘;’nfo‘?e"r N e
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Fig. 2 The SatCLIP pretraining and prediction pipeline. Pretraining
is done through image-location matching as shown on the left. The
pretrained location encoder is used in downstream tasks such as
prediction of microplastic concentration levels as shown on the right.

All models were trained using the scikit-learn Python
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library 28, The Support Vector Classifier (SVC) uses
a Radial Basis Function (RBF) kernel, with hyperpa-
rameters tuned using GridSearchCV over the regulariza-
tion parameter C € {0.1,1,10,100} and kernel width y €
{“scale”, “auto”,1073,1072,10~'}. Random Forest (RF) hy-
perparameters are tuned using GridSearchCV over number of
estimators n € {100,200,300}, minimum number of samples
per leaf m € {1,5,10,15} and max depth d € {10,12,14}.
Gradient Boosting (GB) hyperparameter value ranges for n
and m are the same as RF while the max depth d € {2,3,4}.
Hyperparameter tuning is performed independently for each
baseline and embedding-augmented model variant using the
same search space, cross-validation protocol, and scoring met-
ric to ensure fair comparison across feature settings. Model
selection is performed using cross-validation with Macro-F1
as the scoring metric. Final selected hyperparameters for all
models are provided in Appendix A.

We used 5-fold stratified cross-validation (StratifiedKFold,
k = 5) to obtain robust performance estimates while preserv-
ing class proportions across folds. In addition to stratified
cross-validation, we evaluate generalization under spatial dis-
tribution shift using a leave-one-ocean-out cross-validation
(LOOCYV) protocol. In this setting, all samples from one ocean
are held out as the test set while models are trained on the
remaining oceans. This process is repeated for each ocean,
enabling evaluation of model transferability to un-seen geo-
graphic regions with differing class distributions and sampling
densities.

We evaluated models using Macro-F1 and Weighted-F1
scores. Macro-F1 treats each class equally, while Weighted-
F1 reflects overall performance when classes are imbalanced.
We examined how these metrics varied across oceans as well
as globally. By comparing baseline and embedding variants
side by side, we directly measured the contribution of geo-
embeddings to predicting marine microplastic levels.

Results

Model Performance Across Oceans

We evaluate model performance across oceans to assess gen-
eralization under varying data availability and label distri-
butions. Figures 3 and 4 compare baseline models with
their embedding-augmented counterparts using Macro-F1 and
Weighted-F1. Ensemble models such as RF and GB consis-
tently outperform SVC across all oceans, indicating the im-
portance of higher-capacity nonlinear models for the task of
predicting microplastic concentration levels. The following
analysis therefore focuses on the effects of geo-embeddings in
the RF and GB models. Performance in the Southern Ocean
is excluded from analysis due to its extremely small sample
size (= 27 total samples, =~ 5 per fold), which leads to high

variance and unreliable estimates. Per-class precision, recall,
and F1-scores for the GB baseline and embedding-augmented
models are provided in Appendix B. Per-fold model perfor-
mance for each of the models is shown in Appendix C.

Macro-F1 by Region and Model

Model
- SvC
w— RF
- GB
0.8 == RF + Embed

Macro-F1

Atlantic Pacific ndian Arctic
Region

Fig. 3 Model Performance (Macro-F1) across oceans under 5-fold
stratified cross-validation.

d-F1 by Region and Model
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Fig. 4 Model Performance (Weighted-F1) across oceans under
5-fold stratified cross-validation.

Effect of Embeddings

Embeddings provide the largest improvements in high-support
regions, particularly the Pacific and Atlantic Oceans. For GB,
Macro-F1 improves by about 8.5% (p-value ~ 0.03) in the
Pacific and about 3.5% in the Atlantic. Weighted-F1 shows
larger gains, of about 10% (p-value =~ 0.03) in the Pacific
and around 9% (p-value = 0.03) in the Atlantic. For RF, a
similar pattern is observed, with Macro-F1 increasing by ap-
proximately 5% (p-value ~ 0.03) in the Pacific and 3.9% in
the Atlantic, and Weighted-F1 improving by roughly 7% (p-
value ~ 0.03) in the Pacific and around 8% (p-value ~ 0.03)
in the Atlantic. These improvements are statistically signifi-
cant in the Pacific for both Macro-F1 and Weighted-F1, and
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in the Atlantic for Weighted-F1, while Macro-F1 gains in the
Atlantic remain consistently positive across folds but do not
reach statistical significance. In contrast, effects in the Arctic
and Indian Oceans are smaller and not statistically significant.
Per-fold embedding effects, confidence intervals (CI), and p-
values for GB and RF are provided in Appendices D and E,
respectively.

To further interpret these patterns, we examine their re-
lationship with class distribution across oceans. We quan-
tify class imbalance using the majority—minority gap, defined
as the difference between the proportions of the most fre-
quent and least frequent classes within each ocean. The Pa-
cific Ocean has the most balanced label distribution (major-
ity = 39%, gap =~ 35%) and exhibits the largest gains from
embeddings, consistent with improved modeling of minority
classes. In contrast, the Atlantic Ocean is more skewed (ma-
jority = 50%, gap ~ 47%) and shows more modest improve-
ments, suggesting a stronger influence of the dominant class
on predictions.

The Arctic and Indian Oceans illustrate additional limiting
factors. The Arctic has relatively balanced labels but limited
data, resulting in smaller and less consistent gains. The Indian
Ocean is highly skewed (majority ~ 67%, gap ~ 64%) and
shows limited or inconsistent improvements, including perfor-
mance degradation in some settings.

These results indicate that embedding effectiveness depends
on both label balance and data availability, with the largest
gains in class-balanced, data-rich regions. Geo-embeddings
introduce high-dimensional spatial features derived from geo-
graphic coordinates, enabling models to capture spatial varia-
tion not expressed by raw latitude and longitude alone.

Nonlinear Coordinate Ablation

To test whether embedding gains arise solely from nonlinear
coordinate transformations, we introduce a radial basis func-
tion (RBF) feature expansion using RBFSampler from scikit-
learn. Latitude and longitude inputs are standardized using
z-score normalization prior to transformation, and the RBF
parameter is tuned over y € {“scale”,1072,107! 1,10}, with
Y = “scale” selected as the best-performing configuration. We
compare GB models using (i) baseline features, (ii) baseline +
RBF features, and (iii) baseline + geo-embeddings. For a con-
trolled comparison, both RBF features and geo-embeddings
use the same dimensionality (d = 256).

As shown in Table 1, the effect (A) of RBF features is
inconsistent and of smaller magnitude across all oceans for
Macro-F1 and Weighted-F1 in comparison to the effect (A) of
geo-embeddings. Geo-embeddings produce larger and more
consistent improvements across oceans, particularly in high-
support regions such as the Pacific and Atlantic. These re-
sults show that while nonlinear transformations of coordinates

Table 1 Comparison of RBF and embedding feature expansions for
Gradient Boosting.

Ocean Macro-F1 A Macro-F1 A Macro-F1 Weighted-F1 A Weighted-F1 A Weighted-F1
(Baseline) (+RBF) (+Embed)  (Baseline) (+RBF) (+Embed)
Atlantic  0.472 -0.002 +0.016 0.506 +0.014 +0.046
Pacific 0.660 +0.014 +0.056 0.687 +0.024 +0.069
Indian 0.660 -0.051 -0.015 0.785 -0.029 +0.008
Arctic 0.426 -0.016 +0.004 0.512 +0.006 +0.023

can partially improve performance, they do not account for the
magnitude or stability of gains achieved by geo-embeddings.
This suggests that geo-embeddings encode spatial structure
beyond coordinate-based nonlinear mappings.

Temporal Feature Ablation

Adding the month feature yields small gains (~1-2%) in
the Atlantic and Pacific, with larger but more variable ef-
fects in the Indian Ocean. However, confidence intervals
overlap zero and no improvements are statistically signifi-
cant (Appendix F). Overall, month as a temporal feature pro-
vides a modest but non-dominant contribution relative to geo-
embeddings.

Taken together with the embedding analysis, these results
highlight that performance gains vary substantially across
oceans, depending on label distribution and data availability.
This heterogeneity motivates a global evaluation to determine
how region-specific improvements translate to overall model
performance.

Global Performance Across Oceans

To quantify overall performance, we aggregate per-ocean
results using two complementary strategies: equal-ocean
weighting, which assigns equal importance to each ocean and
reflects a fairness-oriented view, and sample-weighted aggre-
gation, which weights oceans by their data size and reflects the
empirical data distribution. Global metrics are computed by
first aggregating ocean-level performance within each cross-
validation fold, followed by averaging across folds. For each
fold (f) and ocean (o), let Mg and Waf denote Macro-F1 and
Weighted-F1, and n(f denote the number of samples.

Under equal-ocean weighting, per-fold metrics are com-
puted as:

1
f _ mr
\/]aCrO(equal—wt) - |0‘ ; 0

ohted! _ !
Welghted(equal_wt) = W ZWU .

o
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Under sample-weighted aggregation, per-fold metrics are
computed as:

fof
f _ Z() M{) n()
Macro(sample—wt) - f
Z() Ny
fof
: W,
Weighted{sample—wt) - 2070;10
Yoo

The final global metrics for each model are obtained
by computing the mean and standard deviation for each

f : f f
of Macro(equal_wt), Welghted(equa]_wl), Macro(sample_wl) and
Weightedf across f =5 folds. The resulting global

(sample-wt)
performance metrics (mean and standard deviation across 5
folds) are summarized in Table 2. The per-ocean values of MZ;
and Wof for all models used to compute the global performance
metrics are included in Appendix C.

Geo-embeddings improve global performance across both
models, with larger gains in Weighted-F1 as shown in Table 2.
For GB, Weighted-F1 increases by +5.9% (equal-weighted)
and +8.3% (sample-weighted), both statistically significant.
RF shows smaller but consistent improvements (+3.9% to
+4.7%). Gains in Macro-F1 are smaller and not statistically
significant. Confidence Intervals and p-values are reported in
Appendix G.

Leave One Out Cross Validation (LOOCY)

To evaluate generalization under spatial distribution shift, we
use a Leave-One-Ocean-Out Cross-Validation (LOOCV) pro-
tocol, where each ocean is treated as an unseen test domain.
This setting is challenging due to uneven data collection, with
some oceans exhibiting class-imbalanced label distributions
(e.g., Atlantic, Indian) and others showing higher label diver-
sity (e.g., Pacific). We report Macro-F1 as the primary met-
ric, as it equally weights all classes and captures degradation
across non-dominant classes under imbalance.

The Pacific Ocean is the most label-diverse domain (ma-
jority ~ 39%), while other oceans are more imbalanced (ma-
jority ~ 50-67%), making it the most stringent test of multi-
class generalization. Under LOOCYV, excluding the Pacific
from training results in models trained primarily on imbal-
anced distributions, requiring extrapolation to a target domain
with higher label diversity than observed during training.

Table 3 shows that the effect of geo-embeddings is strongly
domain-dependent: performance improves in the Atlantic
(+31%, p < 0.001) and the Arctic (+24%, p < 0.001), de-
grades in the Pacific (—24%, p < 0.001) and shows no sta-
tistically significant change in the Indian Ocean (—21%, p ~
0.58). Figure 5 confirms that this pattern is consistent across
Gradient Boosting and Random Forest, suggesting that these

effects arise primarily from the representation under distribu-
tion shift rather than from a specific ensemble model.

This behavior can be traced to which classes gain and which
lose under embeddings, rather than a uniform shift in sep-
arability as shown in Figure 6. In the Atlantic, improve-
ments are driven by large gains in Very Low (+0.31) and
Very High (+0.16), which outweigh declines in High (—0.15).
In contrast, in the Pacific—the most label-diverse domain—
embeddings simultaneously degrade Very Low (—0.17) and
High (—0.31), while modest gains in Low (+0.12) and
Medium (+0.08) are insufficient to compensate. Notably,
the Medium class—the largest class in every ocean (= 39—
67%)—shows consistent improvement across all oceans, sug-
gesting a more consistent embedding—label relationship for
this class across domains.

Overall, under LOOCYV, geo-embeddings exhibit class and
domain-dependent generalization, consistently improving the
dominant class while producing domain-dependent effects for
other classes—yielding Macro-F1 gains for the Atlantic and
Arctic, but degrading Macro-F1 in the Pacific. The degrada-
tion in the Pacific stems from its higher label diversity, which
is not represented in the training data under LOOCYV, requiring
generalization to unseen multi-class patterns.S

Discussion

Ensemble models such as Random Forest (RF) and Gradient
Boosting (GB) consistently outperform SVC, confirming the
importance of nonlinear models for this task. RF and GB gen-
erally perform similarly, while geo-embeddings produce con-
sistent performance improvements across both models. This
task is inherently challenging due to uneven data distribution
across oceans and significant class imbalance, which compli-
cate both model learning and evaluation.

Effect of Geo-Embeddings under LOOC (A % Macro-F1)
+31.2%

30 W= RF
GB +23.7%
20
s
L ] .2
5 w0 8.2% +6.3% +6.1%
]
8
= 01
£
& -10
£
[
<
Y-20
® -21.1%
-24.4%
-30
-40
-40.8%
Atlantic Pacific Indian Arctic

Held-out Ocean

Fig. 5 Effect of embeddings on Macro-F1 for GB and RF under
LOOCY evaluation.
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Table 2 Global performance of models under stratified cross-validation. Reported values represent mean and standard deviation across five
cross-validation folds. Equal-ocean metrics average performance across oceans with equal weight, while sample-weighted metrics weight
oceans according to sample count. Values in bold indicate statistically significant improvement over the respective baseline (Wilcoxon

signed-rank test, p < 0.05).

Metric SVC RF Baseline RF + Embed GB Baseline GB + Embed

Macro-F1 (equal-wt.) 0.46714+0.0158 0.5533+£0.0126  0.5672+0.0120 0.5530£0.0191  0.5690+0.0185
Weighted-F1 (equal-wt.) 0.5073+0.0086  0.6311+0.0226  0.6560+0.0207 0.62374+0.0173  0.6606 + 0.0180
Macro-F1 (sample-wt.) 0.4480+0.0126  0.5488+0.0081  0.5585+0.0084 0.54064+0.0075 0.5564+0.0078
Weighted-F1 (sample-wt.)  0.4659+0.0068 0.57444+0.0092  0.6015+£0.0090 0.5612+0.0078  0.6078 £ 0.0085

Table 3 Effect of embeddings on Macro-F1 for GB under LOOCV.

Ocean GB (Baseline) GB + Embed Effect A (%) p-value
Atlantic 0.2010 0.2638 +0.0628 +31.2 < 0.001
Pacific 0.2560 0.1934 -0.0626 -244 < 0.001
Indian 0.1779 0.1404 -0.0375 -21.1 0.58

Arctic 0.1150 0.1423 +0.0273 +23.7 < 0.001

Class-wise AF1 (Embed — Baseline) under LOOC (GB)

Atlantic -0.07 +0.07 0 0.16 Ifl2
r0.1
Pacific +0.12 +0.08 0.30 -0.04
0.0 -
Indian - -0.06 -0.04 +0.05 +0.00 -0.14
-0.1
Arctic - -0.12 +0.00 +0.03 +0.00 +0.00 I —02
Very Low Low Medium High Very High

Fig. 6 Effect of embeddings on class level F1-scores for GB under
LOOCYV evaluation.

At the ocean level, embedding effectiveness varies with la-
bel distribution and data availability. The largest gains for
both Macro-F1 and Weighted-F1 are observed in the Pacific
Ocean, which has the most balanced class distribution, where
embeddings improve minority class recognition. In the At-
lantic Ocean, improvements are more modest and primarily
reflected in Weighted-F1. In contrast, the effects of embed-
dings in the Arctic and Indian Oceans are smaller and not sta-
tistically significant.

These heterogeneous effects are reflected in global aggre-
gation. When averaged across oceans, geo-embeddings yield
the largest improvements in Weighted-F1, driven primarily by
gains in high-support regions. In contrast, gains in Macro-F1

are smaller and not statistically significant, due to uneven and
class-dependent effects across oceans.

The RBF ablation shows that nonlinear transformations of
coordinates alone are insufficient to explain embedding gains,
as RBF features produce smaller and less consistent improve-
ments. Leave-one-ocean-out evaluation further reveals that
embedding performance is domain-dependent under spatial
distribution shift. While embeddings improve performance
in some domains, such as the Atlantic and Arctic, they de-
grade performance in others—most notably in the Pacific, the
most label-diverse domain. Notably, in this setting, embed-
dings consistently improve performance for the majority class
(Medium) across all oceans, while effects on minority classes
are more variable. This suggests that embeddings capture
region-specific spatial patterns that do not consistently gen-
eralize across oceans with differing class distributions.

This study has several limitations. The dataset is un-
evenly distributed across oceans, reducing reliability in
under-sampled regions such as the Southern Ocean. While
geo-embeddings improve performance under standard cross-
validation, they do not consistently generalize under distribu-
tion shift. Additionally, the models rely primarily on spatial
inputs and do not incorporate oceanographic variables such as
currents, temperature, or wind, which influence microplastic
transport. Finally, the geo-embeddings used in this work are
pre-trained and not optimized for the specific prediction task.

Future work should explore hybrid spatial-physical models
that combine geo-embeddings with oceanographic variables,
as well as domain adaptation and task-specific fine-tuning of
embeddings to improve robustness across regions with differ-
ing data distributions. Additionally, approaches to address re-
gional imbalance such as ocean-balanced sampling or hierar-
chical modeling across oceans may further improve balanced
performance across regions, although these methods must be
applied carefully given extreme data scarcity in certain regions
(e.g., the Southern Ocean), which may introduce additional
variance or instability.

Despite these limitations, categorical predictions can sup-
port targeted monitoring strategies by prioritizing regions pre-
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dicted to have High or Very High microplastic concentrations
for sampling, cleanup, and resource allocation, while reducing
effort in low-risk regions predicted to have Low microplastic
concentration. This enables more standardized and scalable
global monitoring using only widely available inputs.

Conclusion

We present a global framework for predicting ocean mi-
croplastic concentration levels using universally available ge-
ographic inputs. Ensemble (RF and GB) models outper-
form SVC, while geo-embeddings produce consistent im-
provements across both RF and GB models, with the strongest
improvements observed in large, diverse oceans such as
the Pacific (Marco-F1 and Weighted-F1) and the Atlantic
(Weighted-F1).

Embedding effectiveness varies across oceans, with
stronger gains in class-balanced regions and weaker or in-
consistent improvements in imbalanced or data-sparse set-
tings. Globally, embeddings improve performance primarily
in Weighted-F1 (=5-8%), while Macro-F1 gains remain lim-
ited due to heterogeneous, class-dependent effects.

The RBF ablation shows that these improvements cannot be
explained by nonlinear coordinate transformations alone. Un-
der leave-one-ocean-out evaluation, embedding performance
is domain-dependent: improvements are observed in some re-
gions, such as the Atlantic and Arctic, but degrade in others,
particularly in label-diverse domains such as the Pacific. No-
tably, embeddings consistently improve performance for the
majority class (Medium) across oceans, contributing to overall
gains while limiting improvements in class-balanced metrics.

Overall, pre-trained geo-embeddings improve in-domain
performance under standard evaluation but generalize incon-
sistently under spatial distribution shift, motivating more ro-
bust hybrid spatial-physical approaches that combine domain-
adapted embeddings with ocean circulation data.
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Appendix
Appendix Note: Results for the Southern Ocean are reported for completeness; however, due to extremely limited sample size,
they are excluded from aggregate statistical computations.

A. Model Hyperparameters
Table A1 Final hyperparameters selected through cross-validation for SVC, GB and RF.

Model Variant Best Hyperparameters

SVC (Baseline) kernel = rbf, C = 100, gamma = scale

GB (Baseline) n_estimators = 300, max_depth = 3, min_samples_leaf = 5
GB (Baseline + Embed) n_estimators = 300, max_depth = 4, min_samples_leaf =5
RF (Baseline) n_estimators = 200, max_depth = 12, min_samples_leaf = 5
RF (Baseline + Embed) n_estimators = 200, max_depth = 14, min_samples_leaf = 5

B. Per-class Classification Report by Ocean (Gradient Boosting Models)

Precision Precision Recall Recall F1 F1
Ocean Class (Baseline) (Baseline + (Baseline) (Baseline + (Baseline) (Baseline +
Embed) Embed) Embed)
Atlantic 0 0.535+0.027 0.531+0.016 0.387+0.033 0.519+0.008 0.449+0.030 0.525+0.009
Atlantic 1 0.228+0.008 0.241+0.023 0.505+0.017 0.391+0.039 0.314£0.009 0.298+0.028
Atlantic 2 0.748+0.016 0.756+0.012 0.494+0.017 0.572+0.018 0.595+0.013 0.651+£0.013
Atlantic 3 0.343+0.015 0.375+0.035 0.751+0.032 0.579+0.039 0.470-£0.016 0.455+0.036
Atlantic 4 0.418+0.046 0.428+0.030 0.7360.030 0.647+0.051 0.532+£0.043 0.513+0.020
Pacific 0 0.753+0.023 0.802-£0.020 0.761+0.017 0.814£0.015 0.756£0.008 0.808-£0.013
Pacific 1 0.557+0.048 0.594-+£0.045 0.656+0.037 0.658-+0.017 0.602+0.038 0.623£0.024
Pacific 2 0.813+0.007 0.828+£0.017 0.589+0.027 0.720-£0.019 0.683+0.019 0.770-£0.015
Pacific 3 0.542+0.037 0.660-£0.040 0.866-£0.024 0.813+0.039 0.666+0.034 0.729-£0.037
Pacific 4 0.557+0.032 0.618+0.095 0.684+0.042 0.685£0.046 0.614+0.036 0.648-0.068
Indian 0 0.673+0.070 0.689+0.113 0.540+0.198 0.588+0.122 0.588+0.146 0.625+0.083
Indian 1 0.336+0.413 0.209+0.231 0.336+0.413 0.336+0.413 0.336+0.413 0.243+0.263
Indian 2 0.863+£0.048 0.868+0.029 0.874+0.043 0.881-+0.046 0.867+0.024 0.874+0.019
Indian 3 0.709+0.188 0.778+0.146 0.813+0.174 0.748+0.206 0.738+0.120 0.733+£0.062
Indian 4 0.647+0.191 0.830+0.264 0.950+0.112 0.783+0.217 0.749+0.153 0.750+0.127
Arctic 0 0.425+0.146 0.420+0.129 0.250+0.091 0.411+0.145 0.303+0.098 0.403-£0.129
Arctic 1 0.000+0.000 0.000£0.000 0.000+0.000 0.000£0.000 0.000£0.000 0.000-£0.000
Arctic 2 0.732+0.056 0.719+0.087 0.563+0.054 0.587+0.119 0.634+0.029 0.645+£0.101
Arctic 3 0.338+0.088 0.353+0.118 0.608-£0.059 0.392+0.059 0.426-£0.060 0.366+0.087
Arctic 4 0.575+0.127 0.592+0.133 1.000+0.000 1.000+0.000 0.724+0.097 0.737+0.105
Southern 0 0.917+0.167 0.625+0.479 1.000+0.000 0.625+0.479 0.950-£0.100 0.625+0.479
Southern 1 0.583+0.500 0.583+0.500 0.625+0.479 0.625+0.479 0.542+£0.417 0.542+£0.417
Southern 2 0.933+0.149 0.817+0.171 0.750+0.250 0.800-£0.209 0.798-£0.140 0.796+£0.156
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C. Per Fold Model Performance
Table C1 SVC baseline performance across oceans.

Fold Group Macro F1 Weighted F1 Total Support
0 Arctic Ocean 0.4406 0.4542 64
0 Atlantic Ocean 0.4076 0.4340 1969
0 Indian Ocean 0.5560 0.6110 107
0 Pacific Ocean 0.5398 0.5537 1099
0 Southern Ocean 0.3333 0.3333 2
1 Arctic Ocean 0.3494 0.3778 56
1 Atlantic Ocean 0.4089 0.4237 2017
1 Indian Ocean 0.6056 0.6626 99
1 Pacific Ocean 0.5083 0.5322 1063
1 Southern Ocean 0.4444 0.2222 6
2 Arctic Ocean 0.2537 0.3298 68
2 Atlantic Ocean 0.4521 0.4594 1981
2 Indian Ocean 0.6297 0.6496 102
2 Pacific Ocean 0.5327 0.5540 1084
2 Southern Ocean 0.4889 0.7111 6
3 Arctic Ocean 0.3838 0.4658 63
3 Atlantic Ocean 0.4101 0.4286 1907
3 Indian Ocean 0.5659 0.5999 116
3 Pacific Ocean 0.5306 0.5658 1149
3 Southern Ocean 1.0000 1.0000 6
4 Arctic Ocean 0.3442 0.4789 59
4 Atlantic Ocean 0.4335 0.4445 1994
4 Indian Ocean 0.4693 0.5650 121
4 Pacific Ocean 0.5183 0.5533 1060
4 Southern Ocean 0.3333 0.4286 7

Table C2 Performance of GB (Baseline and Baseline + Embed) variants across oceans.

Fold | Group Macro F1 (Baseline) | Weighted F1 (Baseline) | Macro F1 (Baseline +Embed) | Weighted F1 (Baseline +Embed) | Total Support
0 | Arctic 0.5081 0.4603 0.5324 0.5805 64
0 | Atlantic 0.4570 0.4653 0.4967 0.5342 1969
0 | Indian 0.6750 0.6230 0.8221 0.7904 107
0 | Pacific 0.6688 0.7329 0.6928 0.7621 1099
0 | Southern 1.0000 1.0000 1.0000 1.0000 2
1 | Arctic 0.3577 0.3548 0.4398 0.4642 56
1 | Atlantic 0.4679 0.4744 0.4982 0.5458 2017
1 | Indian 0.8392 0.7362 0.8430 0.8320 99
1 | Pacific 0.6576 0.7211 0.6810 0.7436 1063
1 | Southern 0.7222 0.3571 0.6944 0.4643 6
2 | Arctic 0.4056 0.4139 0.5036 0.4691 68
2 | Atlantic 0.4802 0.5068 0.5101 0.5595 1981
2 | Indian 0.6401 0.5858 0.7799 0.7578 102
2 | Pacific 0.6405 0.6993 0.6753 0.7613 1084
2 | Southern 0.8286 0.6250 0.8381 0.6667 6
3 | Arctic 0.4336 0.4848 0.5169 0.6028 63
3 | Atlantic 0.4576 0.4944 0.5039 0.5524 1907
3 | Indian 0.5834 0.6236 0.7528 0.7859 116
3 | Pacific 0.6668 0.7096 0.6914 0.7541 1149
3 | Southern 0.5556 0.6190 0.7778 0.9048 6
4 | Arctic 0.4229 0.4374 0.5665 0.5583 59
4 | Atlantic 0.4968 0.5009 0.5225 0.5692 1994
4 | Indian 0.5635 0.6567 0.7270 0.8006 121
4 | Pacific 0.6649 0.7148 0.6967 0.7613 1060
4 | Southern 0.8222 0.8222 0.8476 0.8476 7
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Table C3 Performance of Random Forest (Baseline and Baseline +

Table D3 Fold-wise embedding effect on Weighted-F1 (GB).

Embed) variants across oceans. Fold | Atlantic | Pacific | Indian | Arctic | Southern
Macro F1 | Weighted F1 | Macro F1 | Weighted F1j—p ) 0 [ +0.0374 [ +0.0693 [ —0.0317 [ +0.0482 [ +0.0000
Fold | Group . . (Baseline + | (Baseline +
(Baseline) [ (Baseline) | “p o V0 ey | Support 1 | 40.0477 | +0.0627 | —0.0109 | +0.0243 | —0.2302
0 [ Arctic 0.4639 0.6195 0.4588 0.6021 64 2 | +0.0494 | +0.0860 | —0.0221 [ —0.0345 | —0.1714
0 | Adantc | 04559 0.4954 0.4761 0.5289 1969 3 | +0.0485 | +0.0627 | +0.0331 | +0.0859 | +0.1270
0 [Indian | 06582 [ 0.8374 06752 0.8232 107 4 | +0.0467 | +0.0645 | +0.0736 | —0.0082 [ +0.0000
0 | Pacific 0.6862 0.7017 0.7264 0.7572 1099
0 | Southern | 1.0000 1.0000 1.0000 1.0000 2
L | Arctic 0.3011 04079 0.3402 04190 56 Table D4 CIs and p-values for embedding effect on Weighted-F1
1 | Atlantic | 0.4668 0.4976 04726 0.5325 2017 (GB)
1 | Indian 0.7345 0.8235 0.7264 0.7813 99 i
1 | Pacific 0.6689 0.6892 0.6984 0.7305 1063 Ocean | Base. [+Embed| Effect 95% CI )4
1| Southern | 0.6000 0.5000 07222 0.6944 6 ;
R YT TR YRR 355 ¥R = Atlantic[0.5063( 0.5522 |+0.0459([+0.038,+0.052]|0.0312
2 | Atantic | 04801 05098 05152 05627 1981 Pacific [0.6874| 0.7565 |+0.0691([+0.062,+0.077][0.0312
2 | ndi 0.6379 0.7958 0.6316 0.7718 102 -
2 |pcne | o617 | o726 | om3s | o7 | 10ss | [Indian [0.7849] 0.7933 [+0.0084][[—0.026,+0.0451[0.6250
2 [Southern ] 03333 0-6667 0.8286 0.8381 6 Arctic [0.5118 0.5350 |+0.0232][—0.020,+0.068]]0.3125
3 | Arctic 0.4504 0.5380 0.5002 0.6236 63
3 | Adandc | 04565 0.5028 0.4855 0.5470 1907
3 | indian 0.6127 0.7583 0.5974 0.7332 116
3 [Pacific | 0.6775 0.7011 0.7142 0.7583 1149 E. Ocean-wise Embedding Effect for RF (relative to RF
3 | Southern | 05556 0.8889 1.0000 1.0000 6 Baseli
4 |Arcic | 04122 0.5439 0.4305 05576 59 aseline)
4 | Adantic | 04957 05218 0.4959 0.5558 1994 . .
4 | ndian 0.6425 0.7820 0.6085 07359 121 Fold-wise effects are calculated using data frqm Table C3.
4 | Pacific 0.6967 0.7233 0.7198 0.7640 1060 Confidence Intervals (CIs) and p-values are obtained using the
4 Southern 0.2250 0.3286 0.8222 0.8476 7 same procedure as in D.

D. Ocean-wise Embedding Effect for GB (relative to GB
Baseline)

Fold-wise effects are calculated using data from Table C2.
Confidence Intervals (CIs) are obtained using 1000 bootstrap
samples from the fold-wise embedding effect table for both
Macro-F1 and Weighted-F1. p-values are computed using the
Wilcoxon signed-rank test on paired fold-level differences.

Table D1 Fold-wise embedding effect on Macro-F1 (GB).

Table E1 Fold-wise embedding effect on Macro-F1.

Fold Atlantic Pacific Indian Arctic Southern
0 +0.0202 +0.0402 +0.0170 -0.0051 +0.0000
1 +0.0058 +0.0295 -0.0081 +0.0391 +0.1222
2 +0.0351 +0.0418 -0.0063 +0.0256 +0.4952
3 +0.0290 +0.0367 -0.0153 +0.0498 +0.4444
4 +0.0002 +0.0231 -0.0340 +0.0183 +0.5972

Table E2 Confidence Intervals (CI) and p-values for embedding

Fold | Atlantic | Pacific | Indian | Arctic | Southern
effect on Macro-F1.
(]) +88822 +882;K5) _8(])(5)§(1) _8gg;§ +8(3)(6)2(1) Ocean RF RF Effect Effect p-value| % Gain
+0. +0. e e e (Baseline)|(+ Embed)| (Mean)|  (95% CI) (Mean)
2 [+0.02661+0.0588 | —0.0543 | +0.0082 | —0.2036 Atlantic|] 0.4708 | 0.4890 |+0.0181|[+0.006,+0.031]] 0.0625 | +3.85
antic B B . B y . . .
3 1 40.0368 | +0.0428 | 40.0401 | +0.0512 | +0.0635 T om0 T o107 Toosnloos ool 5o
4 | 40.0040 | +0.0499 | +0.0932 | +0.0146 | +0.0000 acific | 0. : +0.0345]1+0.025.+0.045]] 0. .
Indian 0.6572 0.6479 |-0.0093[-0.028,+0.010]1] 0.4375| -1.42
Table D2 Confidence Intervals (CI) and p-values for embedding Arctic | 0.3982 0.4237 |+0.0255{[-0.002,+0.052] 0.1250 | +6.40
effect on Macro-F1.
Ocean | GB GB Effect Effect p-value| % Gain Table E3 Fold-wise embedding effect on Weighted-F1.
(Baseline)|(Baseline + Embed)| (Mean) (95% CI) (Mean) Fold | Atlantic Pacific Indian Arctic Southern
Atlantic| 0.4719 0.4884 +0.0165 |[+0.006, +0.0271| 0.0625 | +3.49 0 | +0.0335 | +0.0555 | -0.0142 | -0.0174 | +0.0000
1 +0.0349 | +0.0413 | -0.0422 | +0.0111 | +0.1944
Pacific | 0.6597 0.7155 +0.0558 | [+0.047, +0.065]| 0.0312| +8.46
2 +0.0529 +0.0507 -0.0240 +0.0159 +0.1714
Indian | 0.6603 0.6451 —0.0152](—0.066, +0.034]| 0.4375 | —2.30 3 70002 | 700572 | 00251 | 300856 | 01111
Arctic | 0.4256 0.4302 +0.0046 |[—0.034, +0.043][ 0.8125 | +1.08 4 +0.0340 | +0.0407 | -0.0461 | +0.0137 | +0.5190
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Table E4 Confidence Intervals (CI) and p-values for embedding effect on Weighted-F1.

Ocean RF RF Effect Effect p-value % Gain
(Baseline) (+ Embed) (Mean) 95% CI) (Mean)
Atlantic 0.5055 0.5453 +0.0399 [+0.030,+0.051] 0.0312 +7.90
Pacific 0.7056 0.7546 +0.0491 [+0.041,+0.058] 0.0312 +6.96
Indian 0.7994 0.7691 -0.0303 [-0.045,-0.015] 0.0312 -3.79
Arctic 0.5085 0.5303 +0.0218 [-0.018,+0.063] 0.3125 +4.29

F. Effect of Month Feature on Gradient Boosting (GB) Model Prediction

Baseline model uses latitude, longitude and ocean as features, whereas the alternative model includes month as an additional
feature. Confidence intervals (Cls) and p-values are computed using the same procedure as in Appendix D based on the corre-
sponding fold-wise effect tables.

A cI p-value A CI p-Yalue
Ocean (Mh?lc)r o (Macro-F1) (M;f)r o (Weighted-F1) (Weighted-F1) (We;,gl';ted'
Atlantic +0.0096 [~0.002, +0.018] 0.12 +0.0060 [~0.002, +0.012] 0.15
Pacific +0.0145 [+0.002, +0.025] 0.06 +0.0068 [+0.001, +0.013] 0.08
Indian +0.0466 [~0.010, +0.100] 031 +0.0351 [~0.005, +0.070] 0.25
Arctic +0.0006 [~0.010, +0.010] 0.75 ~0.0055 [~0.015, +0.005] 0.50

G. Global Embedding Effect

Confidence Intervals (CIs) and p-values are obtained using the same procedure as in D. Fold-wise global effect is obtained by
aggregating (sample-wt. and equal-wt.) model performance across oceans from tables C2 and C3.

Table G1 Fold-wise global embedding effect on Macro-F1.

Fold RF (equal-wt.) RF (sample-wt.) GB (equal-wt.) GB (sample-wt.)
0 +0.018075 +0.01461 -0.006875 +0.01807
1 +0.016575 +0.01082 -0.008975 +0.01605
2 +0.024050 +0.01650 +0.009825 +0.01588
3 +0.025050 +0.01968 +0.042725 +0.02336
4 +0.001900 -0.01306 +0.040425 +0.00592

Table G2 Confidence Interval (CI) and p-values for global embedding effect on Macro-F1.

Metric RF (equal-wt.) RF (sample-wt.) GB (equal-wt.) GB (sample-wt.)
Mean A +0.0171 +0.0097 +0.0154 +0.0159
95% CI (A) [0.006, 0.025] [-0.010, 0.019] [-0.009, 0.041] [0.006, 0.023]
p-value 0.0625 0.1250 0.3125 0.0625

Table G3 Fold-wise global embedding effect on Weighted-F1.

Fold | RF (equal-wt.) | RF (sample-wt.) | GB (equal-wt.) | GB (sample-wt.) Table G4 Confidence Interval (CI) and p-values for global
0o | +0.014350 +0.02931 +0.030800 +0.04150 embedding effect on Weighted-F1.
1 | +0.011275 +0.01688 +0.030950 +0.03884 Metric  |RF (equal-wt.)|RF (sample-wt.)|GB (equal-wt.)[GB (sample-wt.)
2 | +0.023875 +0.02810 +0.019700 +0.03342 Mean A +0.0201 +0.0271 +0.0366 +0.0408
3 +0.040475 £0.03002 +0.057550 +0.03763 95% CI () [0.010, 0.035] | 10.018,0.032] | [0.025,0.0501 | [0.034,0.048]
4 | +0.010575 +0.03039 +0.044150 +0.05244 p-value 0.0625 0.0312 0.0312 0.0312
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