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Machine learning models provide a scalable approach for predicting the diversity
of eukaryotic microbial plankton from environmental predictors. However, the
extent to which these models generalize to data outside the training set remains
poorly quantified. In this study, XGBoost was used to predict the 18S rRNA gene
Shannon Diversity Index (SDI) from seven environmental predictors derived from
satellite and model data. Surface samples were collected between 2001 and 2025
at two fixed stations in the northwestern Mediterranean (BBMO and SOLA), one
fixed station in the northern Adriatic Sea (VIDA), and during the HOTMIX expe-
dition, which sampled an east-west open-sea transect across the Mediterranean
Sea. Model performance was assessed using standard repeated K-fold cross-
validation (CV), Leave-One-Dataset-Out CV (LODO-CV), and a blocked spatio-
temporal CV that combined LODO with temporal forward chaining. Under
standard K-fold CV, the model showed moderate performance (R? = 0.44,
RMSE = 0.59). In contrast, performance declined substantially under LODO-CV
(R? = 0.09, RMSE = 0.73), with uniformly low per-dataset generalization, a pattern
also observed with blocked spatiotemporal CV. VIDA and HOTMIX sampled
environmental regimes distinct from those at BBMO and SOLA, which may
partly explain their poor transferability. Additionally, BBMO and SOLA, despite
similar environmental conditions, exhibited poor transferability, indicating that
technical differences among independently collected 18S rRNA datasets likely
constrain transferability, although their effects cannot be disentangled from
environmental variation. Overall, these results highlight the limitations of imbal-
anced training data and underscore the importance of spatially explicit evaluation,
protocol standardization, and environmentally representative coverage.

KEYWORDS

cross-validation, data leakage, eukaryotic plankton, machine learning, marine
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1 Introduction

Marine biodiversity underpins ecosystem function and biogeo-
chemical cycling (Worm et al,, 2006; Cardinale et al., 2012), so
limitations in its assessment have consequences that extend well
beyond the mere description of community structure. Biodiversity
loss can alter ecosystem functioning and biogeochemical processes
through changes within and across trophic levels (Duffy et al.,
2007). Nevertheless, marine biodiversity remains largely uncharac-
terized, with current estimates indicating that only 10-30% of
marine species diversity has been described (Danovaro, 2024).
Microbial communities exemplify this disparity; although they
drive marine biogeochemical cycles, regulate greenhouse gas
fluxes, and mediate ecosystem responses to environmental
change, they remain disproportionately understudied relative to
their ecological importance (Cavicchioli et al., 2019). Resolving the
spatial and temporal patterns of marine biodiversity under ongoing
climate change therefore requires sustained observation across the
full extent of the ocean.

Capturing biodiversity at this scale is difficult because marine
environments are a mosaic of ecosystems shaped by distinct
physical, chemical, and geological factors that support diverse
biological communities (Longhurst, 2007). The ocean’s scale and
variability require observations from multiple complementary plat-
forms, since no single method can capture the full range of spatial
and temporal variability. Time-series stations, moored observato-
ries, and ship-based surveys provide high-frequency observations at
fixed locations and high-accuracy measurements along repeat
transects. Complementing these approaches, autonomous plat-
forms such as gliders and Argo (including Biogeochemical-Argo)
floats continuously sample the ocean interior, and satellite remote
sensing offers synoptic coverage of the surface ocean (Miloslavich
et al., 2018; Testor et al., 2019; Claustre et al., 2020). However, this
expansion of monitoring is uneven. While autonomous platforms
and satellite remote sensing enable near-continuous, large-scale
observations of physical and biogeochemical variables, in situ
biodiversity sampling remains spatially sparse and temporally
discontinuous, mainly tied to cruises and fixed monitoring stations
(Miloslavich et al., 2018; Bax et al.,, 2019). In situ biodiversity
observations remain indispensable as ground truth, but their
limited coverage can constrain the generalizability of data-driven
models trained on them.

These large, high-dimensional, and still-growing datasets, to-
gether with the heterogeneity and autocorrelation typical of eco-
logical observations (Crisci et al., 2012), exceed the capacity of
traditional statistical techniques and motivate the use of machine
learning (ML) (Malde et al., 2020; Goodwin et al., 2022; Rubbens
et al., 2023). ML algorithms can learn complex relationships
without predefined assumptions about data distributions or under-
lying processes (Lou et al., 2023; Rubbens et al., 2023). Critically, by
linking in situ biodiversity measurements with satellite- and model-
derived environmental predictors, ML can extend discrete obser-
vations into spatially continuous estimates across ocean basins.
Marine protists, including diatoms, dinoflagellates, ciliates, and
small flagellates, represent a particularly informative group for
this type of analysis. They encompass diverse trophic modes and
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life-history strategies, respond rapidly to environmental change,
and play central roles in marine food webs (Arrigo, 2005; Hays
et al., 2005). Molecular surveys, particularly 18S rRNA gene
metabarcoding, offer a scalable approach for characterizing these
communities across broad taxonomic and size ranges, including
nano- and picoplanktonic fractions that are challenging to distin-
guish morphologically (de Vargas et al., 2015). Recent studies have
combined omics and environmental data to upscale community
patterns. El Hourany et al. (2024) integrated remotely sensed
predictors with omics-derived data to estimate the global phyto-
plankton community structure, and Marchese et al. (2026) applied a
similar framework to map prokaryotic communities across the
Mediterranean Sea. More broadly, integrative approaches are in-
creasingly utilized in marine ecology for upscaling, classification,
and pattern detection (Rubbens et al., 2023).

Despite these advances, methodological limitations persist. ML
models are susceptible to overfitting, learning patterns specific to
the training data that fail to generalize to new observations (Gray
et al., 2024). When spatial and temporal autocorrelation is ignored
during model evaluation, dependence between training and test
data can inflate performance estimates through data leakage
(Roberts et al., 2017; Gray et al., 2024). This issue is particularly
relevant in marine ecology, where uneven spatiotemporal sampling
often underrepresents environmental gradients and temporal var-
iability. Here, we quantified the effects of data leakage using an
unevenly distributed omics dataset from the Mediterranean Sea. An
XGBoost model was trained to predict microbial eukaryotic plank-
ton diversity, quantified by the Shannon Diversity Index (SDI) from
18S rRNA gene sequencing data, using seven satellite- and model-
derived environmental variables. We compared model performance
under standard repeated K-fold cross-validation (CV), Leave-One-
Dataset-Out (LODO) CV, and a blocked spatiotemporal CV that
combines LODO with temporal forward chaining. Our findings
highlight the necessity of making leakage-aware evaluations stan-
dard practice before scaling from discrete in situ observations to
basin-wide predictions.

2 Methods

2.1 Shannon diversity index and
environmental data

Microbial eukaryotic community diversity in surface seawater
was quantified using the Shannon Diversity Index (SDI; Shannon,
1948), computed from Amplicon Sequence Variant (ASV) abun-
dances for 474 samples. Details on seawater sampling, laboratory
processing, and SDI calculation are provided in the Supplementary
Text S1. SDI combines richness and evenness and places greater
weight on dominant than on rare taxa, making it less sensitive to
incomplete sampling than richness-based metrics (Haegeman et al.,
2013; Feranchuk et al, 2018). However, SDI does not capture
compositional differences, as two samples with identical SDI
values may contain entirely different taxa. Despite this limitation,
the SDI remains a robust summary statistic for large-scale
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biodiversity assessments and is well-suited for modeling broad
spatiotemporal patterns (Marchese et al., 2026).

Environmental predictors were obtained from the Copernicus
Marine Service (CMEMS) and selected based on evidence that envi-
ronmental gradients and oceanographic features shape eukaryotic
plankton diversity, community composition, and biogeography
(Ibarbalz et al., 2019; Sommeria-Klein et al., 2021; Lévy et al., 2025).
Net primary production (NPP; g C m™ d) was retrieved from the
ocean-color product OCEANCOLOUR_MED_BGC_L4_MY_009_144
(Volpe et al, 2019). Concentrations of nitrate (NO;; mmol m?),
phosphate (PO,*"; mmol m™), and dissolved inorganic carbon (DIC;
mol m™) were derived from the biogeochemical reanalysis
MEDSEA_MULTIYEAR_BGC_006_008 (Cossarini et al., 2021).
Temperature (°C) and salinity (PSU) were obtained from the physical
reanalysis MEDSEA_MULTIYEAR_PHY_006_004 (Escudier et al.,
2021). The euphotic depth (i.e., the sunlit layer supporting photosyn-
thesis; in meters) was retrieved from the global biogeochemical product
GLOBAL_MULTIYEAR_BGC_001_033 (Lehodey et al., 2010, 2015).

Two additional predictors were derived: photoperiod
(daylength, in hours), calculated from date and latitude following
Forsythe et al. (1995) to capture seasonality, and the nitrate-to-
phosphate ratio (N:P), computed from modeled nutrient fields to
represent nutrient balance, a key driver of plankton community
structure. Daily environmental data (2001-2025) were extracted for
each sampling location (Figure 1A) using a 3 x 3-pixel window and
averaged. Matching these data to SDI observations by location and
sampling date, and retaining samples with complete environmental
predictors, yielded a modeling dataset of 469 of the 474 samples.

2.2 Machine learning model and cross-
validation frameworks

XGBoost (Chen and Guestrin, 2016) is a gradient-boosted
ensemble ML algorithm that sequentially builds decision trees
while incorporating regularization to reduce overfitting. It has
become a widely adopted algorithm in ecological research (e.g.,
Kim et al., 2024; Mitra et al., 2024; Song et al., 2024). For this study,
hyperparameters were tuned using a space-filling grid search with
the root-mean-square error (RMSE) as the selection criterion, and
early stopping was used to prevent overfitting. To reduce the
influence of unequal dataset sizes during training, inverse-fre-
quency case weights were applied at the dataset level. Stratified
partitioning preserved each dataset’s proportional representation
across folds, whereas inverse-frequency weighting prevented larger
datasets from dominating model fitting. The predictor set,
hyperparameter search space, and tuning process were kept iden-
tical across all CV frameworks, ensuring that observed performance
differences were attributable solely to the data-partitioning strategy.

Model performance was evaluated using three CV methods that
imposed progressively stricter constraints on spatial and temporal
independence to assess generalizability (Roberts et al., 2017). The
first method, standard repeated k-fold CV, partitioned the full
dataset into a training set (84%) and a held-out test set (16%),
maintaining proportional representation of each source dataset.
The training set was then divided into four dataset-stratified folds
and repeated three times (12 resamples), with hyperparameters
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selected by minimizing mean validation RMSE. Final model per-
formance was evaluated on the held-out test set, with 95% confi-
dence intervals for R> and RMSE estimated from 1,000 bootstrap
resamples. The second method, Leave-One-Dataset-Out CV
(LODO-CV), was used to evaluate spatial generalizability. Each of
the four datasets was excluded in turn, while the model was tuned
and trained on the remaining three datasets, generating predictions
for the withheld dataset. Because no samples from the target dataset
were used during training, LODO-CV provides a conservative
estimate of spatial predictive performance (Pohjankukka et al.,
2017; Roberts et al., 2017). The third method, blocked spatiotem-
poral CV, combined the LODO outer loop with forward-chaining
temporal splits for inner-loop hyperparameter tuning (using 2-year
steps and a 3-year window), ensuring that future observations were
not used during model selection. The final model was then trained
on all samples from the remaining datasets and evaluated on the
withheld dataset, so temporal blocking affected tuning but not the
final training set. This design eliminated spatial leakage and reduced
temporal leakage during tuning (Roberts et al., 2017). However,
because temporal coverage is highly uneven across datasets, it
should be read as a stricter spatial test rather than a clean separation
of spatial and temporal effects. The three CV strategies and their
data-partitioning schemes for evaluating model generalizability are
illustrated in Supplementary Figure 1. All models and associated
workflows were implemented in R (R Core Team, 2024).

3 Results

The four Mediterranean datasets differ in spatial and temporal
sampling structure: BBMO, SOLA, and VIDA are coastal time-
series stations, whereas HOTMIX sampled an east-west open-sea
transect (Figure 1A). The SDI frequency distribution showed that
most values clustered at the upper end of the range (median = 4.46,
mean = 4.35), indicating that most samples supported highly
diverse eukaryotic plankton communities (Figure 1B). BBMO
displayed the widest range of SDI values at the dataset level.
VIDA and HOTMIX were heavily underrepresented, accounting
for only 14% of the samples, compared with 86% from BBMO and
SOLA (Figures 1C, D). Seasonal coverage was broadly comparable
across datasets, except for HOTMIX, which was sampled exclu-
sively in spring (Figure 1E). Across the 2001-2025 record, the SDI
exhibited a strong, persistent seasonal cycle (Figure 1F), although
temporal coverage was highly uneven across datasets, further
constraining the environmental coverage of the combined dataset.

SDI distributions differed significantly across the datasets
(Kruskal-Wallis p = 1.38 x 107; Figure 2A). Pairwise comparisons
(Figure 2B) showed small to moderate effect sizes, with the largest
differences between SOLA and BBMO (Cohen’s d = 0.57, p < 0.001),
followed by SOLA and HOTMIX (d = 0.51, p < 0.05) and VIDA and
BBMO (d = 0.41, p < 0.05). The remaining comparisons (VIDA-
HOTMIX; SOLA-VIDA; HOTMIX-BBMO) were not significant.
These differences in SDI distributions may reflect ecological vari-
ability, methodological inconsistencies, or both.
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18S rRNA Shannon Diversity Index (SDI): distribution, sampling structure, and temporal dynamics
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FIGURE 1

scaled monthly sample counts (bottom bars).
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Microbial eukaryotic diversity (18S rRNA Shannon Diversity Index, SDI) across Mediterranean monitoring sites (n = 474 SDI observations). (A) Sampling
locations: BBMO, SOLA, HOTMIX, and VIDA, overlaid on climatological surface Chlorophyll-a (Chl-a; mg m™). (B) Density distribution of the merged SDI
values. (C) SDI by dataset with sample size. (D) Proportional contribution of each dataset to total observations. (E) Seasonal sampling balance within each
dataset. (F) SDI time series (2001-2025) showing individual samples (colored by dataset), monthly median (black line), interquartile range (grey ribbon), and

The PCA of the seven predictors showed substantial overlap
across datasets, with VIDA showing the clearest separation along
PC1 (Figure 2C). The correlation circle indicated that temperature,
photoperiod, and euphotic depth contributed strongly to PCl1,
whereas dissolved inorganic carbon (DIC) contributed most
strongly to PC2, with salinity loading negatively on both axes
(Figure 2D). Overall, the first two components explained 60.7% of
the total variance. Univariate comparisons confirmed that all seven
predictors differed significantly across datasets (Kruskal-Wallis
p < 0.05; Supplementary Figure 2). DIC and euphotic depth
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showed the most widespread pairwise differences, with significant
contrasts in nearly all dataset pairs, whereas N:P ratio differences
were concentrated between VIDA and the remaining three datasets
(all p < 0.001; Supplementary Table 1).

Under repeated K-fold CV, the XGBoost model yielded R* =
0.50, RMSE = 0.58, MAE = 0.43, and MAPE = 12.3% on the training
set (N = 393; Figure 3A). On the held-out test set (N = 76;
Figure 3B), the model achieved R* = 0.44, RMSE = 0.59,
MAE = 0.48, and MAPE = 11.1%. Bootstrap resampling of the
test predictions produced 95% confidence intervals of 0.28-0.61 for
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SDI Distributions and Pairwise Comparisons Across Datasets
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R? and 0.51-0.66 for RMSE, indicating substantial uncertainty in
performance estimates and only moderate stability under random
partitioning (Figure 3B). The stratified split preserved each dataset’s
relative proportions across the 84% training and 16% test sets
(Supplementary Figure 3A). Fold composition was stable for
BBMO and SOLA but varied for the smaller VIDA and HOTMIX
(Supplementary Figure 3B). Because stratification preserved the
underlying imbalance, model tuning was effectively driven by the
two dominant datasets, with VIDA and HOTMIX contributing
minimally to each fold. Salinity was the most important predictor,
followed by DIC, photoperiod, N:P ratio, euphotic depth, temper-
ature, and NPP (Supplementary Figure 3C). These results suggest
an environmental influence on eukaryotic microbial diversity.
However, whether K-fold performance reflects true generalization
to independent datasets remains unclear.

When the evaluation shifted to LODO-CV, in which each
dataset was predicted solely by a model trained on the remaining
three datasets, overall predictive performance decreased sharply (R*
= 0.09, 95% CI [0.05-0.15]; RMSE = 0.73, 95% CI [0.68-0.79];
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MAE = 0.56, MAPE = 15.1%; Figure 3C; Supplementary Table 2).
Per-dataset performance was uniformly low, though HOTMIX and
SOLA retained marginally higher predictive performance (R* = 0.23
and 0.20, respectively) than BBMO and VIDA (R* = 0.07 and 0.06,
respectively; Figure 3D).

Under the blocked spatiotemporal CV, which combined spatial
hold-out with temporal forward chaining, predictive accuracy re-
mained comparable to LODO-CV (R* = 0.07, 95% CI [0.04-0.12];
RMSE = 0.74, 95% CI [0.68-0.79]; MAE = 0.58, MAPE = 15.4%;
Figure 3E; Supplementary Table 2). Per-dataset skill was similarly low,
with SOLA performing best (R* = 0.22), whereas VIDA and HOTMIX
showed lower point estimates (R* = 0.03 and 0.05, respectively;
Figure 3F). These per-dataset estimates have wide bootstrap intervals
for the smaller datasets (Supplementary Table 3). In particular, the
apparent difference between LODO-CV (R = 0.23) and spatiotempo-
ral CV (R* = 0.05) for HOTMIX is not interpreted further, as the
sample size (n = 19) is too small to support a reliable comparison. The
K-fold and spatially blocked R* intervals did not overlap (K-fold [0.28-
0.61] versus LODO [0.05-0.15] and spatiotemporal [0.04-0.12]),
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Standard K-fold CV
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dataset predictions (R? = 0.09) and per-dataset performance for testing spatial generalizability. (E, F) Blocked spatiotemporal CV: overall predictions
(R? = 0.07) and per-dataset performance combining spatial and temporal extrapolation. Dashed lines indicate the 1:1 line and +1 SD of the prediction

residuals, computed separately within each panel.

indicating that the performance gap exceeds sampling uncertainty
(Figures 3B, C, E).

Across all three CV strategies, prediction errors increased progres-
sively, while R* decreased from standard K-fold to LODO to spatio-
temporal CV (Figure 4A), confirming that each additional blocking step
yielded a more stringent estimate of generalization performance. A
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direct comparison between standard K-fold and LODO-CV revealed
that, depending on the dataset, random partitioning underestimated
prediction error, with per-dataset RMSE increasing by 0% to +82%
(Figure 4B). The RMSE increase attributable to temporal blocking
relative to LODO-CV was small across all datasets (-1% to
+11%; Figure 4C).
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(A) Metric degradation across CV strategies
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FIGURE 4

showing modest further degradation across datasets.

Performance degradation of the XGBoost model across the cross-validation (CV) strategies. (A) Overall metrics (R?, RMSE, MAE, and MAPE) for
standard K-fold, LODO-CV, and spatiotemporal CV, showing marked declines in R? and increases in error from standard to more stringent CV
schemes. (B) Per-dataset RMSE increases from standard K-fold to LODO-CV. (C) Additional RMSE increase from LODO-CV to spatiotemporal CV,

4 Discussion and conclusion

XGBoost has shown considerable potential for predictive mod-
eling in marine ecological applications (Marchese et al., 2026).
However, its performance may be overstated when evaluated
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solely using standard CVs in the presence of spatially uneven
observations (Stock, 2022; Misiuk and Brown, 2023). This overes-
timation of apparent skill in spatially structured data is well
documented (Roberts et al., 2017; Meyer et al., 2019; Ploton et al.,
2020). We demonstrate its consequences for marine eukaryotic
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omics, where leakage-aware evaluation is not yet routine, and show
that transfer can fail even across environmentally similar datasets.
In our analysis, standard K-fold CV based on stratified random
partitioning substantially overestimated the ML model’s accuracy in
predicting eukaryotic plankton diversity when applied to the
unbalanced merged dataset, yielding an R* of 0.44. However, the
R? value decreased to 0.09 under LODO-CV, while the RMSE
increased from 0.59 to 0.73, a 24% increase. The apparent model
performance therefore reflected a failure of cross-dataset transfer
rather than genuine predictive generalization. These findings are
consistent with growing evidence that random partitioning does not
produce truly independent test sets when spatial imbalance causes
similar samples to occur in both the training and test sets, leading to
overly optimistic estimates of model performance (Pohjankukka
et al.,, 2017; Roberts et al.,, 2017; Gray et al.,, 2024). In our dataset,
both training and test sets were dominated by BBMO and SOLA,
resulting in substantial spatial overlap between partitions and
limiting what held-out evaluations could reveal about model
performance on the minority datasets. CV based on random
splitting evaluates a model’s ability to reproduce the training data
rather than its spatial prediction skill (Meyer et al., 2019).
Per-dataset LODO-CV performance was consistently low, with
R’ values ranging from 0.06 (VIDA) to 0.23 (HOTMIX), indicating
two distinct failure modes. VIDA occupies a distinct region at the
edge of the predictor space and was processed using a different size-
fraction protocol (see Supplementary Text S1), so it partly samples a
different organismal size range rather than only a different envi-
ronment. HOTMIX, with a small sample size, provides limited
information during training and leaves open-sea conditions unrep-
resented in the held-out set. Both datasets likely fall outside the
environmental range well represented by the training data (Meyer
and Pebesma, 2021). Per-dataset R* cannot be reliably estimated for
the small datasets (i.e., VIDA and HOTMIX; Supplementary
Table 3), so per-dataset RMSE values and the overall pattern of
poor transferability are more informative than individual R* point
estimates. In contrast, although BBMO and SOLA overlapped in
predictor space, they exhibited the largest pairwise difference in SDI
distributions (Cohen’s d = 0.57, p < 0.001), and cross-dataset
predictions between them remained poor. These results indicate
that overlap in predictor space alone is insufficient to ensure
transferability. Dataset-specific factors, including variation in sam-
pling protocols, community composition, or local processes not
captured by the environmental predictors, may also limit transfer-
ability. Such methodological heterogeneity (Pascoal et al., 2023) is a
plausible but unproven contributor. This interpretation is consis-
tent with evidence that plankton community structure is shaped by
both abiotic gradients and biotic interactions, suggesting that
environmental predictors alone may not fully explain observed
community patterns (Lima-Mendez et al., 2015). As Gray et al.
(2024) observed, ML models are fundamentally interpolators;
overlap in the predictor space does not ensure transferability
beyond the training distribution. The BBMO-SOLA comparison
is consistent with this interpretation because strong environmental
overlap coincides with poor mutual transferability, suggesting that
dataset-specific technical effects may be more important than
environmental differences, although unmeasured local processes
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could also contribute. The modest dataset sample size and the
strong imbalance toward BBMO and SOLA may further limit
transferability by biasing model tuning toward the dominant
datasets and increasing uncertainty for small held-out datasets
such as HOTMIX. Importantly, dataset identity is inseparable
from technical factors such as size fraction, extraction method,
primers, sequencing platform, and filtered volume. Consequently,
our results demonstrate that cross-dataset transferability is poor,
but we were unable to resolve the relative contributions of sample
size, environmental mismatch, and technical differences.

Blocked spatiotemporal CV introduced only minor additional
error relative to LODO-CV (~1% in overall RMSE), indicating that
performance degradation was driven primarily by cross-dataset
transfer failure rather than temporal leakage, although the two
effects are difficult to disentangle because temporal overlap among
datasets is limited. We interpret the observed change in HOTMIX
between the LODO and spatiotemporal CVs (R = 0.23 versus 0.05)
with caution, given the extremely wide bootstrap intervals
(Supplementary Table 3). Since the final model in each fold was
trained on all remaining datasets regardless of temporal chaining,
this difference likely reflects variation in tuned hyperparameters
rather than a temporal effect on HOTMIX itself. Similar patterns
have been documented across aquatic, marine, and terrestrial
ecosystems. Bauknecht et al. (2025) reported reduced performance
when fish biodiversity Random Forest models were transferred to
previously unseen rivers. Similarly, Stock (2022) showed that
random hold-out and 10-fold CV underestimated prediction
error in marine remote-sensing applications when observations
were spatially and temporally structured, and Ploton et al. (2020)
reported comparable overestimation in terrestrial biomass map-
ping. Our findings thus suggest that cross-dataset transfer reflects a
combination of incomplete environmental coverage and technical
differences across independently generated datasets, which this
design cannot disentangle. This limitation persists regardless of
model type or complexity, reflecting the training distribution rather
than the learning algorithm. Standard K-fold CV is insufficient for
assessing spatial generalizability when in situ sampling is unevenly
distributed. In such cases, future studies on marine biodiversity
prediction should report both standard and spatially blocked
performance metrics to explicitly assess the extent of spatial leakage
and facilitate direct comparisons across validation strategies
(Pohjankukka et al., 2017; Roberts et al., 2017; Meyer et al., 2019;
Valavi et al.,, 2019). The differences among the metrics presented
here provide a concrete example of the overestimation that can
result from ignoring spatial structure during evaluation.

Overall, under pronounced sampling imbalance, standard K-
fold CV substantially overestimates cross-dataset generalizability.
Achieving more uniform spatial coverage and employing predictors
that better capture underlying biological variability would likely
lead to convergence in performance estimates across CV strategies,
thereby reflecting genuine predictive generalization rather than
validation bias. More broadly, basin-scale diversity maps based on
random-CV skill estimates should be interpreted as optimistic when
training data are spatially uneven and are most robust when paired
with an area-of-applicability assessment (Meyer and Pebesma,
2021), which identifies where predictions are reliable. For instance,
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the prokaryotic mapping of Marchese et al. (2026) used random K-
fold CV but included such an assessment, partly offsetting the
limitation identified here. While extending point-specific observa-
tions to basin-scale predictions of eukaryotic microbial diversity in
the Mediterranean Sea is both ecologically relevant and technically
feasible, our findings highlight concerns regarding the current
spatial distribution of sampling. Robust generalization requires
two complementary measures: standardizing data collection and
processing protocols (Pascoal et al., 2023) to reduce technical batch
effects, and expanding the monitoring network to encompass a
wider range of trophic regimes, including both productive coastal
and shelf systems and oligotrophic offshore waters, to enhance
representativeness. Until comprehensive coverage is achieved, spa-
tial evaluation strategies remain crucial for preventing overestima-
tion of model transferability and should be standard practice.
While basin-wide predictions remain limited by current sam-
pling coverage, site-specific applications are achievable, particularly
at BBMO. This time series is long enough to resolve seasonal,
interannual, and long-term variability. At this site, models trained
with temporally blocked CV can estimate SDI dynamics using
satellite- and model-derived predictors, enabling gap filling
during unsampled periods and establishing a baseline for detecting
anomalous diversity events. Model performance may improve
through alternative predictors or time-lagged environmental vari-
ables that account for delayed community responses to physical
forcing (Edwards and Richardson, 2004). However, the goal was not
to maximize predictive accuracy but to evaluate how difterent CV
strategies reveal spatial leakage and constrain model transferability.
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