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A B S T R A C T

Marine prokaryotic communities are major contributors to oceanic food webs and global biogeochemical cycles. 
However, basin-scale diversity patterns and environmental drivers remain poorly understood. In this study, we 
applied a machine-learning framework to model the diversity of marine prokaryotic communities across the 
Mediterranean Sea. Diversity was quantified using the Shannon Diversity Index (SDI) derived from 16S rRNA 
gene sequencing. The in situ dataset included ~600 samples collected year-round from 2001 to 2023 at coastal 
and open-water sites, providing broad temporal coverage and multisite spatial sampling. We trained an XGBoost 
model using satellite-derived and modeled oceanographic variables matched to the SDI observations. The model 
achieved robust predictive performance (R2 = 0.78 for training and 0.70 for testing, with RMSE = 0.31 and 
MAPE = 0.05 across both) and captured broad basin spatial and seasonal patterns in prokaryotic community 
diversity, with greater uncertainty in less-represented regions. Diversity was highest in nutrient-rich coastal areas 
and during winter mixing, and lowest in summer-stratified or oligotrophic waters. SHAP analysis identified 
photoperiod as the most significant predictor, underscoring the central role of seasonal light cycles in shaping 
prokaryotic community diversity. Other predictors exhibited significant season- and region-dependent effects, 
each contributing positively within specific environmental thresholds. Climatological diversity maps revealed 
consistent spatiotemporal patterns, highlighting a notable west-to-east decrease in diversity and coastal hotspots. 
These results demonstrate that machine learning can identify major environmental drivers of prokaryotic di
versity and upscale discrete observations to basin-wide predictions. This approach is transferable to other 
planktonic groups and supports scalable ecosystem monitoring across environmental gradients.

1. Introduction

Approximately 71% of the Earth's surface is covered by the ocean, 
which strongly influences the global climate system (Bigg et al., 2003; 
Hays et al., 2005) and sustains vital ecosystem services and human well- 
being through its rich biodiversity (Marchese, 2015). Marine ecosystems 
are underpinned by a vast diversity of microscopic plankton, which, 
despite their tiny size, play a fundamental role in ocean functioning and 
act as sentinels of climate change through shifts in their composition and 

phenology (Hays et al., 2005; Ibarbalz et al., 2019). Plankton include 
photosynthetic microorganisms, both prokaryotic (e.g., cyanobacteria) 
and eukaryotic (e.g., diatoms and dinoflagellates), along with hetero
trophic prokaryotes (bacteria and archaea) and zooplankton, all of 
which support major biogeochemical cycles (Falkowski et al., 2008). 
The photosynthetic fraction of plankton accounts for approximately half 
of global net primary production (Behrenfeld et al., 2006) and drives the 
biological carbon pump by transferring carbon from the surface to the 
deep ocean (Boyd et al., 2019). A substantial fraction of 
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photosynthetically fixed carbon is released into the water column as 
dissolved organic matter (DOM), predominantly in the form of dissolved 
organic carbon (DOC), through biological processes such as excretion, 
exudation, and cell lysis. This DOM fuels heterotrophic prokaryotes, 
which represent approximately 30% of the water-column biomass and, 
on average, respire more than half of the surface net primary production 
(Heneghan et al., 2024). Heterotrophic prokaryotes subsequently 
remineralize DOM into inorganic nutrients, supporting new primary 
production, while simultaneously transforming labile organic carbon 
into more refractory forms that contribute to long-term carbon storage 
(Jiao et al., 2024). In addition, the assimilation of DOM into prokaryotic 
biomass enables the transfer of carbon and energy back into the food 
web when consumed by heterotrophic protists (Pomeroy et al., 2007). 
Through these tightly coupled processes, phytoplankton-derived DOM 
fuels the microbial loop, whereby heterotrophic prokaryotes and het
erotrophic protists redirect DOM into the food web, supporting nutrient 
recycling and carbon transfer within marine ecosystems (Bunse and 
Pinhassi, 2017; Carlson et al., 2007; Giering et al., 2014; Heneghan 
et al., 2024; Pomeroy et al., 2007).

Variations in primary production alter the quantity and composition 
of organic matter released into seawater, thereby shaping prokaryotic 
community structure and function. Hence, understanding the diversity 
of eukaryotic phytoplankton and prokaryotic communities is essential 
for studying marine biogeochemical processes (Thompson et al., 2011). 
Prokaryotic community diversity, succession, and distribution are also 
strongly influenced by environmental factors, such as temperature, 
nutrient availability, light, and water-column stratification and mixing 
(Behrenfeld et al., 2008; Bunse and Pinhassi, 2017; Falkowski and 
Oliver, 2007), which exhibit pronounced seasonal variability in 
temperate marine systems (Junger et al., 2026; Lambert et al., 2019). 
Under these conditions, vertical mixing is a key physical driver of these 
dynamics. During winter, deep mixing brings nutrient-rich water to the 
surface, potentially enhancing diversity by disrupting summer oligo
trophic conditions. However, winter mixing can also promote phyto
plankton blooms (often dominated by eukaryotic taxa), leading to the 
temporary dominance of a few taxa and lower evenness. In spring, 
bloom-driven conditions often favor specialized microbial communities, 
whereas strong summer stratification promotes oligotrophy and is 
typically associated with reduced diversity. Autumn re-mixing can 
partially restore nutrient levels and community complexity. Together, 
these seasonal processes drive recurrent restructuring of prokaryotic 
communities in temperate regions (Bunse and Pinhassi, 2017; Teeling 
et al., 2012), while functional redundancy can buffer biogeochemical 
processes against this taxonomic turnover (Beauvais et al., 2023).

Advances in omics are increasingly enabling a quantitative under
standing of biogeochemical processes driven by marine microbial 
communities (Levine et al., 2025). Marine metabarcoding studies have 
largely relied on ribosomal RNA gene markers (e.g., 16S/18S; Levine 
et al., 2025) to resolve plankton community composition and diversity, 
primarily in relative terms, and to track temporal changes in assemblage 
structure (Auladell et al., 2022; Celussi et al., 2024; Lambert et al., 2021; 
Yeh and Fuhrman, 2022). Such studies have identified recurring 
archaeal, bacterial, and eukaryotic taxa across years (Lambert et al., 
2019), revealed potential biotic interactions (Deutschmann et al., 2023), 
and documented the long-term stability of microbial ecosystems under 
variable environmental conditions (Lambert et al., 2021). Beyond 
taxonomic patterns, microbial diversity is increasingly interpreted 
through the lens of functional diversity and redundancy, which modu
late ecosystem efficiency, resistance, and resilience to environmental 
change (Ramond et al., 2025). Recent mesopelagic observations further 
show that diversity-function relationships are context-dependent, 
varying with microbial lifestyle and particle association, and reveal 
distinct roles for particle-associated versus free-living communities in 
regulating carbon cycling (Baumas et al., 2021). Accordingly, microbial 
diversity provides a useful proxy for evaluating ecosystem resilience and 
detecting climate-driven shifts in pelagic biodiversity and food web 

structure (Batten et al., 2019; Holland et al., 2025). Microbial diversity 
is often measured using ecological indices that integrate taxonomic 
richness and evenness, such as the Shannon Diversity Index (Feranchuk 
et al., 2018; Haegeman et al., 2013). For instance, in the northwestern 
Mediterranean Sea, Shannon diversity shows marked seasonal vari
ability, with winter maxima (Lambert et al., 2019), and pronounced 
spatial gradients across basins and depth layers (Junger et al., 2023). 
However, these findings are largely based on point-based observations, 
which limit basin-scale inferences. To address this limitation, remote 
sensing products provide continuous observations of physical and 
biogeochemical proxies, enabling the analysis of microbial diversity 
over broader spatial and temporal scales.

Satellite observations provide comprehensive and frequent coverage 
of essential ocean variables (Miloslavich et al., 2018) at high temporal 
resolution over large scales. Examples include sea surface temperature, 
chlorophyll-a (Chl-a) concentration, and various physical and ocean 
color parameters (Polovina and Howell, 2005; Racault et al., 2014). In 
addition, model and reanalysis products, such as those from coupled 
physical-biogeochemical models, provide spatially and temporally 
continuous estimates of ocean state variables (Storto et al., 2019) that 
can be combined with satellite data. However, extrapolating valuable 
information from extensive datasets requires advanced algorithms to 
model the complex relationships between environmental factors and 
plankton dynamics. Machine learning (ML) models can combine satellite 
data, model outputs, and in situ observations to estimate key climate and 
biodiversity variables across large spatial and temporal scales 
(Hollmann et al., 2013; Kissling et al., 2018). This approach facilitates 
the creation of continuous fields that are particularly valuable for 
monitoring temporal changes, phenological patterns, and oceanic 
biodiversity (Rubbens et al., 2023). ML algorithms have been success
fully used in diverse marine applications, such as retrieving the Chl-a 
concentration (Zoffoli et al., 2025), estimating the relative abundance 
of phytoplankton groups using remote sensing data combined with 
omics-based information (El Hourany et al., 2024), measuring dissolved 
organic carbon (Panaïotis et al., 2025), and in other areas such as at
mospheric correction, carbon cycle analysis, and data reconstruction 
(Zhang et al., 2025). Therefore, using ML to combine omics datasets 
with synoptic environmental fields enables the generation of gap-filled 
maps and scenario projections of microbial diversity patterns, thereby 
supporting basin-scale monitoring.

Building on this potential, we developed an ML framework to esti
mate prokaryotic community diversity in the Mediterranean Sea using 
omics, remote sensing, and model-derived ocean parameters. Although 
the Mediterranean Sea is recognized for its high biodiversity (Coll et al., 
2010), it is increasingly exposed to multiple stressors, including invasive 
species, habitat loss, and overfishing, with cascading effects on 
ecosystem services (Fasola et al., 2025). In addition, increasingly intense 
and frequent marine heatwave events are strengthening surface layer 
stratification (Marullo et al., 2023). These alterations may lead to a 
decline in plankton biomass, shifts in community composition and 
phenology, and ultimately affect higher trophic levels (El Hourany et al., 
2021; Li et al., 2024), making the Mediterranean Sea both a particularly 
vulnerable ecosystem and a natural laboratory for studying plankton 
diversity and dynamics.

Specifically, this study aimed to (1) implement an ML pipeline that 
integrates satellite and model-derived oceanographic environmental 
variables with in situ prokaryotic community diversity indexed by 16S 
rRNA gene sequencing and quantified by the Shannon Diversity Index 
(SDI); (2) assess the influence of environmental predictors using SHap
ley Additive exPlanations (SHAP) analysis; and (3) generate annual and 
seasonal average maps to reveal regional patterns across the Mediter
ranean Sea and demonstrate the applicability of the algorithm. Using 
this approach, we mapped prokaryotic community diversity from daily 
to annual timescales. The resulting diversity maps, along with an eval
uation of the importance of environmental predictors, revealed how 
basin-scale physical and biogeochemical gradients shape the 
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spatiotemporal patterns of prokaryotic community diversity, providing 
valuable support for biodiversity monitoring and management in a 
rapidly changing marine environment.

2. Materials and methods

2.1. Study area and sampling efforts

The Mediterranean Sea is a semi-enclosed basin characterized by a 
subtropical-like regime, marked by low variability in phytoplankton 
biomass throughout the year. It exhibits a strong west-to-east decline in 
nutrient concentrations and productivity (Barale et al., 2008). A sec
ondary gradient in primary production is also evident from coastal to 
open waters. Primary production is generally higher in neritic areas due 
to terrestrial inputs and nutrient enrichment, and decreases toward 
offshore regions (Marchese et al., 2015). Temperate patterns can be 
observed in specific regions, with pronounced spring productivity peaks 
followed by very low values during the summer months (D'Ortenzio and 
Ribera d'Alcalà, 2009; Lavigne et al., 2013). Other areas experience 
intermittent or minor bloom events depending on local conditions. Most 
of the eastern and central Mediterranean basins exhibit non-blooming 
dynamics with slight seasonal variability, reflecting their ultra- 
oligotrophic regime (D'Ortenzio and Ribera d'Alcalà, 2009; Kotta and 
Kitsiou, 2019). Beyond its well-documented phytoplankton seasonality 
and trophic gradients, the Mediterranean Sea also exhibits distinct 
prokaryotic community dynamics across the basin, with pronounced 
seasonal changes in community composition driven by nutrient avail
ability and physical mixing across coastal and offshore areas (Celussi 
et al., 2024; Ferrera et al., 2024; Pinhassi et al., 2006).

We computed the SDI based on 16S rRNA gene sequencing of in situ 
marine prokaryotic communities sampled at five fixed time-series sta
tions and two oceanographic cruises across the Mediterranean Sea 
(Fig. 1). Throughout the manuscript, the term prokaryotic community 
refers to bacteria and archaea, including cyanobacteria, as inferred from 
16S rRNA gene sequencing. Water samples were collected from the 
surface (0–3 m depth). The in situ database comprised approximately 
600 samples spanning the period 2001–2023. Sampling was conducted 
year-round (Fig. 2), yielding a well-distributed temporal dataset; the 
main sites and cruises are summarized in Table 1. Fixed coastal stations 
were sampled weekly or monthly, depending on the site. In the north
western Mediterranean Sea, the sampling sites included the Blanes Bay 

Microbial Observatory (BBMO; Gasol et al., 2016), Microbial Observa
tory Laboratory Arago (MOLA), and Service d'Observation du Labo
ratoire Arago (SOLA). The BBMO station (41◦40′ N; 2◦48′ E) is in the Bay 
of Blanes (Spain) and has been sampled monthly since 2001. SOLA 
(42◦29′ N; 3◦08′ E), located in the Bay of Banyuls-sur-Mer, has been 
sampled weekly since 1997, whereas MOLA (42◦27′ N; 3◦32′ E), situated 
~37 km offshore on the continental slope, has been sampled monthly 
since 2003 (Lami et al., 2009). In the northern Adriatic Sea, samples 
were collected at the Marine Biology Station Piran oceanographic buoy 
VIDA (45◦32′ N; 13◦33′ E), located ~2.3 km offshore in the southern part 
of the Gulf of Trieste, and sampled monthly since 2018 (Celussi et al., 
2024; Tinta et al., 2015). In the Tyrrhenian Sea, the NEREA observatory 
has operated three stations across the Gulf of Naples since April 2019 
(Campese et al., 2024; Trano et al., 2024): the LTER-MC site (40◦48′ N; 
14◦15′ E), located ~3.7 km offshore and sampled monthly; the NRS site 
(40◦43′ N; 14◦27′ E), near the mouth of the Sarno River and sampled 
seasonally; and the offshore NRC site (40◦36′ N; 14◦08′ E), located in the 
Dohrn Canyon near Capri and sampled biannually. Additional samples 
were obtained from the HOTMIX cruise, which collected surface 
seawater along an east–west transect of the Mediterranean Sea from late 
April to late May 2014 (Sebastián et al., 2021), and from the Mediter
ranean expedition of the TARA Oceans program, conducted between 
June and October 2014 (Dussud et al., 2018). The TARA cruise provided 
samples from the Ligurian-Provençal, Tyrrhenian, Balearic, Algerian, 
and Sardinian seas.

2.2. Data inputs and processing

2.2.1. Prokaryotic community diversity estimation via in situ omics data
Seawater was sequentially filtered through 3 μm (prefilter) and 0.2 

μm filters to remove larger cells and aggregates and capture the free- 
living microbial portion. Unless otherwise specified, DNA was extrac
ted solely from the 0.2 μm filters following the protocols described in the 
studies listed below. The 16S rRNA gene fragment was amplified using 
the universal 515F-926R primers (Parada et al., 2016) and sequenced on 
Illumina. Sequence reads were processed using DADA2 to infer amplicon 
sequence variants (ASVs) and generate a unified ASV table (Callahan 
et al., 2016). Taxonomy was assigned using the SILVA v138.2 database 
(Quast et al., 2013), and only ASVs classified as Bacteria (including 
cyanobacteria) and Archaea were retained for downstream analyses. 
Sequencing depth was standardized by rarefying the dataset to 10,000 

Fig. 1. Geographic distribution of sampling sites included in the prokaryotic community diversity dataset across the Mediterranean Sea. Colored points indicate the 
sampling stations BBMO, HOTMIX, MOLA, NEREA, SOLA, TARA, and VIDA. HOTMIX and TARA represent stations sampled during scientific cruises, whereas NEREA 
includes three sites within the Gulf of Naples (Italy). Data from these locations (see also Table 1) were used for training and testing the XGBoost model.
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reads per sample. Specific methodological details for the fixed-time se
ries stations and sampling campaigns are provided in Lambert et al. 
(2021), Orel et al. (2022), Campese et al. (2024), Celussi et al. (2024), 
and Dussud et al. (2018).

Prokaryotic community diversity inferred from 16S rRNA gene 
sequencing was quantified using the SDI (Eq. 1), calculated from ASV 
abundance with the vegan package (Oksanen et al., 2025) in R. The SDI is 
one of the most widely applied metrics for estimating community di
versity (de Vargas et al., 2015; Ibarbalz et al., 2019; Irigoien et al., 
2004). It integrates both species richness and evenness (Henson et al., 
2021) and, compared with richness alone, is generally less sensitive to 
variation in the detection of rare taxa arising from differences in 
sequencing depth and sampling effort (Chiarucci et al., 2011; Haegeman 
et al., 2013). Accordingly, we selected the SDI as the response metric 
because it captures complementary aspects of community diversity 
(Feranchuk et al., 2018) while facilitating comparisons with previous 
studies. It is defined as: 

SDI = −
∑S

i=1
pi*ln(pi) (1) 

where S corresponds to the total number of 16S rRNA gene ASVs 
observed in a given sample, and pi is the proportion of sequences 
assigned to the i-th ASV. Higher SDI values indicate greater diversity, 
reflecting both the number of taxa and evenness of their distribution.

2.2.2. Environmental predictors
To investigate the environmental drivers of prokaryotic community 

diversity, we compiled a range of ocean color, physical, and biogeo
chemical predictors from publicly available reanalysis and satellite 
datasets provided by the Copernicus Marine Service (CMEMS). We 
retrieved daily data from 2001 to 2023 from three multiyear products 
specifically developed and validated for the Mediterranean Sea. Among 
the possible variables within the CMEMS products, we selected the 
following for modeling prokaryotic community diversity: 

Fig. 2. Temporal sampling coverage of prokaryotic community diversity (16S rRNA gene SDI) across seasons. Radial bars represent samples collected on grouped 
days throughout the calendar year. Seasonal divisions are indicated by background shading, illustrating the distribution of sampling efforts during winter (JFM), 
spring (AMJ), summer (JAS), and autumn (OND).

Table 1 
Summary of Sampling Stations and Campaigns (see also Fig. 1).

Station / Campaign Location Coordinates Sampling frequency Start year / Period

BBMO Bay of Blanes, Spain 41◦40'N-2◦48'E Monthly 2001-2023
MOLA North side of Lacaze-Duthiers canyon, France 42◦27'N-3◦32'E Monthly 2020-2023
SOLA Banyuls-sur-Mer, France 42◦29'N-3◦08'E Weekly 2008-2017
VIDA Gulf of Trieste, Slovenia 45◦32'N-13◦33'E Monthly 2018-2021

NEREA (LTER-MC) Naples, Italy 40◦48.5'N- 
14◦15'E

Monthly 2019-2020

NEREA (NRS) Near River Sarno mouth, Italy 40◦43'N-14◦27'E Seasonal 2019-2020
NEREA (NRC) Dohrn Canyon near Capri, Italy 40◦36'N-14◦08'E Biannual 2019-2020
HOTMIX Heraklion (Greece) to Las Palmas (Spain), across Eastern & Western Mediterranean – One-time transect 29 Apr-22 May 2014
TARA Mediterranean Ligurian-Provençal, Tyrrhenian, Balearic, Algerian, Sardinian Seas – One-time transect 06 Jun-31 Oct 2014
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1) Satellite-derived Remote Sensing Reflectances (Rrs; in sr− 1) were 
obtained from the multi-year ocean-colour product OCEAN
COLOUR_MED_BGC_L3_MY_009_143. This regional product corre
sponds to a merged dataset from multiple sensors (SeaWiFS, MODIS- 
Aqua, MERIS, VIIRS, and Sentinel-3 OLCI). Rrs are provided at 412, 
443, 490, 510, 555, and 670 nm, with a 1-day and 1-km resolution, 
covering the entire Mediterranean Sea. To generate continuous gap- 
free fields, we applied the DINEOF interpolation method described 
by Marchese et al. (2024) to the multi-sensor Rrs product. 
Chlorophyll-a concentration (Chl-a; mg m− 3) was estimated from Rrs 
using a regional algorithm specifically developed and validated for 
the Mediterranean Sea (Volpe et al., 2019). This Chl-a algorithm 
considers single-pixel optical water-type membership by utilizing the 
water-type optical signatures found in the MedBiOp in situ dataset 
(Volpe et al., 2019). This product performed significantly better than 
any other satellite-derived product over the Mediterranean Sea, 
particularly for low Chl-a concentrations, which comprise the most 
open waters in the Mediterranean Sea (Volpe et al., 2019). Both Chl-a 
and Rrs were resampled to a 4 km spatial resolution to match the 
spatial grid of the physical and biogeochemical reanalysis products.

2) Nutrient (nitrate [NO₃− ], phosphate [PO₄3− ], and ammonium 
[NH₄+]; in mmol m− 3) were derived from the biogeochemical 
reanalysis product MEDSEA_MULTIYEAR_BGC_006_008 (Teruzzi 
et al., 2021a, 2021b). This gap-free product provides daily data with 
a spatial resolution of ~4 km and has been validated using in situ 
observations and BGC-Argo data (Cossarini et al., 2021). Here, we 
considered only the surface-layer nutrients. For simplicity, we refer 
to NO3, PO4, and NH4 throughout the manuscript, although these 
notations do not strictly follow the standard nomenclature.

3) The water temperature (T; in ◦C) was obtained from the physical 
reanalysis product MEDSEA_MULTIYEAR_PHY_006_004 (Escudier 
et al., 2020). This gap-free dataset provides daily fields with a spatial 
resolution of approximately 4 km (Escudier et al., 2021). It is based 
on hydrodynamic simulations of the Mediterranean Sea and assimi
lates satellite and in situ observations. This product was specifically 
developed and validated for the Mediterranean Sea to accurately 
represent ocean thermal conditions. In this study, we considered only 
temperature at the surface layer.

Each environmental variable was extracted based on the date and 
sampling station using a 3 × 3 pixel spatial window centered on the 
station, from which the mean value was calculated. In addition, we 
derived three additional variables from the matched environmental 
dataset using simple feature engineering. First, the photoperiod (in 
hours of daylight) was determined for each sampling date and latitude 
using the daylength function from the geosphere R package, based on the 
model of Forsythe et al. (1995). Second, we calculated the nitrate-to- 
phosphate ratio (NO3: PO4) using modeled nutrient data. Third, we 
estimated the Rrs ratio between the bands at 412 and 443 nm (Rrs412: 
Rrs443) using satellite-derived Rrs fields.

2.3. Machine learning model and workflow

2.3.1. The XGBoost model
Extreme Gradient Boosting (XGBoost; Chen and Guestrin, 2016) is an 

ensemble machine learning algorithm based on gradient-boosted deci
sion trees. It builds several small decision trees and combines them to 
make accurate predictions. XGBoost uses a boosting method in which 
trees are added one after another. Each new tree focuses on the errors of 
the previous trees, thus steadily improving the model. The model im
proves by following the gradient of a loss function (e.g., Root Mean 
Squared Error - RMSE), which measures prediction errors (i.e., how far 
the predictions are from the actual values). Each new tree fits the 
negative gradient of the loss function (the residuals), thereby reducing 
the prediction error. By fitting new trees to these errors, XGBoost re
duces bias and improves overall performance. XGBoost incorporates 

regularization to prevent overfitting and can handle missing data by 
learning optimal split directions (Chen and Guestrin, 2016). These fea
tures have made it a widely adopted algorithm in ecological studies (e. 
g., Kim et al., 2024; Mitra et al., 2024; Song et al., 2024). Furthermore, 
XGBoost is resilient to outliers because of its tree-based partitioning 
method and does not require feature scaling because splits are based on 
value rankings rather than absolute magnitudes. Specifically, the model 
was implemented in R using the xgboost package (Chen et al., 2025) 
based on the Extreme Gradient Boosting algorithm (Chen and Guestrin, 
2016).

2.3.2. Modeling workflow and performance evaluation
Six environmental predictors: (1) photoperiod, (2) Chl-a, (3) NO3: 

PO4, (4) water temperature (T), (5) NH4, and (6) Rrs412:Rrs443, served as 
inputs to our ML framework. Predictors were selected based on 
ecological relevance and retained only if they improved model perfor
mance during preliminary testing. Pairwise Spearman correlations 
among the six selected predictors did not exceed |ρ| = 0.68 (Fig. S1), 
indicating low redundancy within the predictor set. Specifically, 
photoperiod and temperature are well-established drivers of prokaryotic 
community structure (Fuhrman et al., 2006; Gilbert et al., 2012; Ibarbalz 
et al., 2019). Chl-a has been used as a proxy for phytoplankton biomass 
(Huot et al., 2007); NH₄ as an indicator of regenerated nutrient avail
ability; NO₃:PO₄ as a measure of nutrient stoichiometry; and the band- 
ratio Rrs412:Rrs443 as an optical proxy for the relative contribution of 
Colored Dissolved Organic Matter (CDOM; Morel and Gentili, 2009a). 
Geographic descriptors, such as distance from the coast and bathymetry, 
were not included because the selected predictors were considered to 
more directly represent the processes driving prokaryotic diversity and 
capture key coastal-offshore and east-west gradients.

We used a three-stage workflow to predict the SDI of the prokaryotic 
community inferred from 16S rRNA gene sequencing (Fig. 3). We split 
the data into 83% for training and 17% for testing (unseen data). We 
chose these percentages to maintain a large training set while ensuring a 
reliable independent test. We used a stratified split implemented with 
the createDataPartition function in the caret R package (Kuhn, 2008), 
ensuring similar SDI distributions in both datasets. After the train-test 
split, we addressed the imbalance in the SDI distribution, specifically 
the scarcity of low-diversity samples, which can negatively affect 
regression-based machine learning models. To mitigate this issue, we 
applied the K-Nearest Neighbors Over-sampling for Regression 
(KNNOR-Reg) method. This method creates synthetic samples through 
interpolation to improve model performance (Belhaouari et al., 2024; 
He and Garcia, 2009). Samples with an SDI of 3.5 or less in our dataset 
were classified as rare. For each rare point, synthetic data were created 
by interpolating between that point and one of its k-nearest neighbors in 
the predictor space. Random interpolation weights were used to create 
variations in the synthetic samples while keeping them within the low- 
diversity range. This approach increases the representation of low-SDI 
conditions while preserving the local structure of the data and avoid
ing unrealistic outliers. Importantly, stratified splitting was performed 
before oversampling to ensure that the SDI distribution remained com
parable between the training and test sets (Fig. S2). KNNOR-Reg was 
applied exclusively to the training set, thereby preventing any infor
mation leakage from the test data into model development.

We tuned XGBoost using a random search on the training set (Fig. 3; 
Stage 1). Unlike grid search, which is computationally intensive, random 
search explores many settings efficiently, particularly when many 
hyperparameters are involved (Bergstra and Bengio, 2012). We defined 
a search space, performed random sampling, and evaluated each with 
10-fold cross-validation repeated five times. We maintained the top 5% 
(lowest RMSE) and used the median of their values to set the final 
hyperparameters. Using these hyperparameters, we ran another 10-fold 
cross-validation (without further tuning) on the training set to assess 
RMSE stability and select the optimal number of boosting rounds (Fig. 3; 
Stage 2). Finally, we retrained the model from scratch on the full training 
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set using the chosen settings and rounds. We then evaluated it on the 
independent test set to obtain an unbiased performance estimate (Fig. 3; 
Stage 3).

Model accuracy was quantified using four metrics: Root Mean 
Squared Error (RMSE; Eq. 2), Mean Absolute Error (MAE, Eq. 3), Mean 
Absolute Percentage Error (MAPE, Eq. 4), and the coefficient of deter
mination (R2, Eq. 5). All metrics were computed between the predicted 
(ŷi) and actual (yi) values, where n is the number of observations: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(yi − ŷi)

2
√

(2) 

MAE =
1
n
∑n

i=1
|yi − ŷi | (3) 

MAPE =
100
n

∑n

i=1

⃒
⃒
⃒
⃒
yi − ŷi

yi

⃒
⃒
⃒
⃒(excluding yi = 0) (4) 

R2 = 1 −

∑n
i=1(yi − ŷi )

2

∑n
i=1(yi − y)2 , y =

1
n
∑n

i=1
yi (5) 

Additionally, we used a nonparametric bootstrap approach to 
quantify the uncertainty in the estimates of the testing set based on 
paired actual and predicted values. We generated 1000 bootstrap sam
ples (with replacement) from the testing set and calculated the RMSE 
and R2 for each sample. The percentile method was applied to determine 
the 95% confidence intervals for both metrics. The stability of the final 
test RMSE and R2 under resampling provided a reliable estimate of the 
prediction uncertainty. All analyses were conducted using R ver. 4.4.2 
(R Core Team, 2024).

2.3.3. Interpreting and mapping Mediterranean prokaryotic community 
diversity

To interpret the model output, we conducted a SHAP analysis (Song 
et al., 2024; Zhu et al., 2024). The latter is a post-hoc technique that 
quantifies the predictor's influence, indicating its direction (positive or 
negative) and the strength of its effect, and clarifies whether a predictor 
contributes positively or negatively to the target variable. We used these 
contributions to rank predictor importance and interpret the mecha
nisms that may drive prokaryotic community SDI variability. The SHAP 
summary plot provides an overview of how all predictors contribute to 
the dataset. A SHAP dependence plot analyzes one predictor at a time, 
plotting the observed predictor values against the SHAP values for each 
sample to reveal nonlinear responses, interactions, and potential 
thresholds.

Finally, to create SDI spatial maps, we applied the final XGBoost 
model to daily georeferenced environmental data from 2021 for the six 
selected predictors. Model predictions were aggregated for the entire 
year (i.e., annual climatology) and into seasonal means: winter 
(January–March), spring (April–June), summer (July–September), and 
fall (October–December). We then used the K-means++ algorithm 
(Arthur and Vassilvitskii, 2007) on seasonal mean diversity data to 
identify five clusters that balanced spatial detail with the main gradients 
across the basin, labeled from Very High Diversity to Very Low Diversity.

To evaluate the spatial representativeness of the training data, we 
implemented an environmental distance metric adapted from the 
applicability domain framework of Meyer and Pebesma (2021). The six 
predictors were first standardized using the mean and standard devia
tion of the training set and then weighted by their relative importance in 
the XGBoost model. For each prediction grid cell, we calculated the 
Euclidean distance to the nearest training sample in this weighted, 
standardized predictor space, and scaled it to obtain a normalized 
environmental distance metric. Larger values indicate greater environ
mental dissimilarity from the training conditions and, therefore, greater 
extrapolation. Daily environmental distance values were averaged to 
produce annual and seasonal climatologies aligned with the SDI maps.

3. Results and discussion

This section is organized as follows: Section 3.1 describes the dataset; 
Section 3.2 evaluates model performance; Section 3.3 examines the 
contribution of environmental predictors; and Section 3.4 illustrates 
model application through spatial and seasonal biogeographic patterns 
in 2021.

3.1. Prokaryotic community diversity: A dataset overview

Prokaryotic community diversity across all samples (Fig. 4a) ranged 
from approximately 2.1 to 5.7, with most values between 4.4 and 4.9. 
Samples with low diversity (≤ 3.5) were less common in the dataset. 
Furthermore, site-specific SDI distributions (Fig. 4b) showed significant 
spatial variation in diversity. The highest diversity was observed at sites 
near the coast, including NEREA, MOLA, BBMO, and SOLA, with VIDA 

Fig. 3. Overview of the three-stage XGBoost workflow for predicting pro
karyotic community diversity (16S rRNA gene SDI). The dataset was first 
divided into training (83%) and testing (17%) subsets. Stage 1, hyperparameter 
tuning was performed through random search within the training set. The top 
5% of the configurations ranked by the lowest validation RMSE were selected, 
and their hyperparameters were combined using the median. In Stage 2, these 
selected hyperparameters were used for repeated 10-fold cross-validation on 
the training set to evaluate the stability of the RMSE and determine the optimal 
number of boosting rounds. Stage 3, the model was retrained from scratch with 
the entire training dataset and the chosen hyperparameters, followed by a final 
assessment of the untouched testing set to evaluate the predictive performance.
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exhibiting slightly lower diversity. The lowest diversity levels were 
observed during the TARA cruise, whereas VIDA and HOTMIX exhibited 
comparable SDI values (Fig. 4b). These differences in diversity can be 
attributed to seasonal effects. Cruises occurred between spring and 
autumn, when prokaryotic community diversity is often low. 
Conversely, the time-series stations included samples collected in 
winter, when prokaryotic community diversity is known to be higher 
(Lambert et al., 2019). This seasonal contrast is characteristic of 
temperate latitudes (Ladau et al., 2013) and is consistent with globally 
recurrent seasonal patterns in prokaryotic community diversity docu
mented across multiannual marine time series (Raes et al., 2024). 
Although derived from the SDI, these spatial and seasonal diversity 
patterns are consistent with previously documented large-scale envi
ronmental gradients in the marine environment, where variations in 
productivity, temperature, and trophic conditions are associated with 

systematic differences between coastal and open-ocean systems (Lefort 
and Gasol, 2013). Together, these observations provide a baseline for 
examining the environmental drivers explored in the following sections.

3.2. Model performance evaluation

The XGBoost model accurately predicted prokaryotic community 
diversity in both the training and testing datasets (Fig. 5). The training 
performance yielded an R2 value of 0.78, accompanied by low errors 
(RMSE = 0.31, MAE = 0.22, and MAPE = 0.05), indicating that a sig
nificant portion (78%) of the variance was explained (Fig. 5a). Using 
RMSE and MAE together is generally advised because they offer com
plementary insights (i.e., with MAE reflecting the average error 
magnitude and RMSE giving greater weight to large deviations) into the 
model performance and error distribution (Chai and Draxler, 2014). The 

Fig. 4. (A) Frequency distribution of prokaryotic community diversity (16S rRNA gene SDI) for the entire dataset with an overlaid density curve. (B) Boxplots of 
individual datasets. The lines inside the boxes indicate the median, whereas the top and bottom edges mark the 75th and 25th percentiles, respectively, representing 
the interquartile range (IQR). Whiskers extend to the most extreme values within 1.5 times the IQR from the quartiles; individual black points beyond this range 
indicate outliers. The gray circles inside the boxplots show the mean values for each site. Note that the boxplot colors match the site colors in Fig. 1.
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performance on the independent testing set (Fig. 5b) remained robust, 
with an R2 value of 0.70 and nearly identical error metrics (RMSE =
0.31; MAE = 0.23; and MAPE = 0.05), indicating no overfitting. To 
assess model uncertainty in the test set, we calculated 95% confidence 
intervals using a bootstrap approach with 1000 repetitions 
(Tsamardinos et al., 2018). The resulting R2 ranged from 0.52 to 0.82, 
while RMSE ranged from 0.25 to 0.36 (Fig. 5b), indicating that the 
model had moderate to high explanatory power on unseen data. The 
close alignment between the predicted and measured values of the SDI 
across both datasets suggests that the model generalizes well and can be 
confidently applied to estimate prokaryotic community diversity in 
unseen data. Additional evidence of the robustness of the model was 
indicated by the distribution of the RMSE values obtained across five 
repeated 10-fold cross-validation runs (Fig. S3). Using repeated cross- 
validation may help minimize variability and provide more depend
able results than running the model only once, particularly when 
working with moderate-sized datasets (Jung, 2018; Krstajic et al., 2014). 
The model performed consistently across all repeats, as shown by the 
stable median RMSE and narrow interquartile range (Fig. S3). Addi
tionally, the residuals from both the training and testing data were 
symmetrically centered around zero with similar ranges, demonstrating 
reliable predictive accuracy in both subsets (Fig. S4). Without heavy 
tails, the errors were evenly spread, indicating that the model did not 
systematically over- or under-predict any specific group of samples.

3.3. Interpreting environmental drivers of prokaryotic community 
diversity

At the Mediterranean basin scale, our findings differ from those of 
some global studies that identified temperature as the strongest pre
dictor of prokaryotic community diversity (Fuhrman et al., 2008; Ibar
balz et al., 2019; Logares et al., 2020; Sunagawa et al., 2015). In our 
model, photoperiod emerged as the single most important predictor, 
although it accounted for only part of the explained variance, with the 
remaining 57.7% distributed across other environmental variables. A 
similar multivariate pattern was reported by Fuhrman et al. (2006), who 
showed that while photoperiod was the dominant predictor, combina
tions including temperature, nutrients, and Chl-a explained additional 
variability. Consistent with this, our results indicate comparable 

contributions from Chl-a, NO3:PO4, temperature, and NH4 (11.3–14.6%; 
Fig. 6a), whereas Rrs412:Rrs443 was the least influential predictor, 
although it accounted for 6.4% of the explained variance (Fig. 6a).

Among the predictors shown in Fig. 6 (see also Fig. S5 for their 
distribution), photoperiod alone accounted for 42.3% of the predictive 
power of the model (Fig. 6a). Our results indicated that day length was 
inversely related to diversity, as indicated by the high photoperiod 
values on the left side of the SHAP axis (Fig. 6b). SHAP values turned 
negative once day length exceeded ~11–13 h, indicating a summer 
decline in diversity when daylight was longest at these latitudes (Fig. 7a 
– note that in SHAP dependence plots, positive values indicate condi
tions that enhance diversity, whereas negative values indicate condi
tions that reduce it). This result is consistent with those of previous 
studies highlighting the primary role of seasonal light regimes in pro
karyotic community diversity (Celussi et al., 2024; Fuhrman et al., 2015; 
Gilbert et al., 2010; Ladau et al., 2013; Lambert et al., 2019; Raes et al., 
2024; Teeling et al., 2012). The diurnal cycle of solar radiation strongly 
shapes microbial physiology in the euphotic zone (Boyd and Van Mooy, 
2025). For example, experiments have shown that extended light 
exposure can dampen prokaryotic activity and reshape communities, 
with some taxa being more sensitive to light than others (Alonso-Sáez 
et al., 2006; Merbt et al., 2012). Taken together, these findings from 
prior studies support our result that prokaryotic diversity decreases as 
the photoperiod lengthens, likely reflecting a combination of direct 
photic stress on light-sensitive taxa and indirect seasonal effects medi
ated by phytoplankton dynamics, stratification, nutrient availability, 
and grazing. Although endogenous circadian clocks have only been 
confirmed in cyanobacteria and remain unproven in heterotrophic 
bacteria and archaea (Lambert et al., 2019), photoperiod may act as a 
dominant external driver structuring microbial communities through 
tightly coupled physical and biological processes. However, disen
tangling the direct photic effects of photoperiod from its role as a proxy 
for broader seasonal environmental change is inherently challenging 
within a correlative ML framework, and the relative contribution of 
these processes remains uncertain.

The importance of Chl-a and NO3:PO4 suggests that phytoplankton 
biomass and nutrient stoichiometry are key drivers of prokaryotic 
community dynamics within specific ranges. The SHAP summary plot 
shows both the magnitude and direction of the influence of each 

Fig. 5. Performance of the XGBoost model in predicting prokaryotic community diversity indexed by the 16S rRNA gene SDI. The plots show the predicted versus 
measured values for (A) the training set (83% of the data) and (B) the testing set (17% of the unseen data). The predictive performance, including 95% confidence 
intervals (CIs) for RMSE and R2, is provided at the top, along with the number of samples (N) used in each subset. The dashed black lines represent the 1:1 line, 
whereas the dotted gray lines indicate ±1 standard deviation from the 1:1 line.
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predictor (Fig. 6b). The dependence plots went further, showing how the 
changes in Chl-a and NO3:PO4 either increased or decreased the pre
dicted diversity (Fig. 7b and c).

Chl-a positively contributed to diversity, with values ranging from 
approximately 0.1 to 2 mg m− 3 (Fig. 7b). Previous studies have shown 
strong connections between phytoplankton and heterotrophic bacteria 
through various types of interactions (Gomes et al., 2015; Seymour 
et al., 2017). Consistent with this, Krabberød et al. (2022) identified a 
core microbial community (defined as taxa present in more than 30% of 
monthly samples over 10 years) composed of bacteria and protists (pico- 
and nanoplankton) characterized by dense and mostly positive in
teractions in the northwestern Mediterranean. The network pattern 
aligns with other time-series data from the northwestern Mediterranean, 
which showed recurring co-occurrences between pico-eukaryotic 
phytoplankton and the abundant, free-living alphaproteobacterial 
clade SAR11 (Lambert et al., 2019). Such co-occurrence likely reflects 
metabolic dependencies and common nutrient needs. Similar phyto
plankton–prokaryotic community associations have also been reported 
in other marine systems, where nutrient regimes structure community 
composition (Cordone et al., 2022). High-frequency observations 
further indicate that these relationships can be rapidly reorganized 

following disturbances and nutrient inputs, with microbial community 
composition shifting on timescales ranging from days to weeks after 
phytoplankton blooms (Lambert et al., 2021; Needham and Fuhrman, 
2016).

The response of the model to the NO3:PO4 ratio was non-monotonic 
(Fig. 7c). The predictions peak near the Redfield values (~12–20), show 
fluctuations between ~30 and 100, and drop sharply at very high ratios 
(>100). Small-scale variability in the SHAP response could partly reflect 
spatial heterogeneity and interactions with co-varying environmental 
drivers. Overall, balanced or phosphorus (P)-replete conditions pro
moted higher predicted diversity, whereas P-limited (high NO3:PO4) 
conditions suppressed it. Across the Mediterranean, phosphate limita
tion intensified from west to east, whereas nitrate generally declined 
from north to south (Fig. S6, panels a and b). Consequently, surface NO3: 
PO4 ratios increased eastward, meaning that they were lower and closer 
to the Redfield ratio in the northwestern basin (indicating more 
balanced conditions) and were the highest in the ultra-oligotrophic 
Eastern Mediterranean (Fig. S6 panel c). In the latter, persistent phos
phorus scarcity is reinforced by nitrogen-rich external inputs, especially 
atmospheric deposition and river runoff, as well as the near absence of 
denitrification (Lazzari et al., 2016; Ribera d'Alcalà et al., 2003; Krom 

Fig. 6. SHAP analysis of predictor importance and effects on prokaryotic community diversity. (A) Summary plot of feature importance based on mean absolute 
SHAP values, showing each predictor's average contribution to the model output, expressed as a percentage; (B) SHAP summary plot presenting both the magnitude 
and direction of each feature's impact across all predictions. Each dot represents a single sample, and the color indicates the observed feature value (warmer colors =
higher values). The horizontal spread shows the distribution of SHAP values for each feature, revealing whether high or low values tend to increase (positive SHAP 
values) or decrease (negative SHAP values) the predicted diversity.
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et al., 2010). In this sub-basin, prokaryotes display uneven nutrient 
limitation. Nutrient addition experiments have demonstrated that 
different bacterioplankton groups respond distinctly to phosphorus and 
nitrogen availability, highlighting strong bottom-up control of com
munity structure in the Mediterranean Sea (Sebastián and Gasol, 2013). 
Overall, the Mediterranean Sea is a phosphorus-limited marine system, a 
condition that generally favors prokaryotes capable of competing for 
scarce phosphorus resources (Feingersch et al., 2010). Phosphorus lim
itation is a key structuring force shaping the microbial community 
composition in the northern Adriatic Sea. Long-term and high-resolution 
studies in the Gulf of Trieste have shown that microbial productivity, 
diversity, and succession are closely linked to P availability, with pulses 
of riverine phosphate driving shifts in both phytoplankton and pro
karyotic community composition (Malfatti et al., 2014; Tinta et al., 
2015). When phosphorus is scarce, small taxa adapted to low-nutrient 
conditions dominate. In contrast, increased phosphorus input can 
trigger diatom blooms and favor fast-growing prokaryotes (Tinta et al., 
2015). Bayesian network analysis from the northern Adriatic region 
supports this finding, showing that phosphorus-driven microbial in
teractions are key regulators of particulate organic carbon (McDonald 
et al., 2017). The Western Mediterranean region shows a similar pattern. 
Nutrient addition experiments revealed year-round bacterial phos
phorus limitation. The latter peaks in spring and summer, when phos
phorus and Chl-a concentrations are very low and nutrient ratios are 

elevated (Pinhassi et al., 2006). Overall, seasonal shifts in nutrient 
availability can influence bacterioplankton in two ways. First, they 
directly regulate bacterial growth and activity. Second, nutrients indi
rectly affect prokaryotes by changing phytoplankton abundance and 
composition (Pinhassi et al., 2006).

Temperature (T) also plays a significant role in shaping seasonal 
prokaryotic community composition (Fuhrman et al., 2006; Ibarbalz 
et al., 2019; Lambert et al., 2019). On a global scale, analyses of the Tara 
Oceans dataset identified temperature as the strongest factor influencing 
epipelagic prokaryotic community composition (Sunagawa et al., 2015). 
Although this global pattern is not specifically driven by Mediterranean 
samples, it offers a broader context for understanding regional re
lationships. Consistent with this idea, our results show that temperature 
also affects prokaryotic diversity in the Mediterranean (Fig. 6b), with 
diversity increasing from approximately 12 ◦C to 20 ◦C (Fig. 7d). These 
relationships are often nonlinear and system-specific. For example, 
warming may promote slow-growing bacteria to adapt to low-nutrient 
conditions (Abreu et al., 2023), which can reshape the community 
structure and potentially decrease richness beyond a certain thermal 
threshold. Notably, this temperature range spans both late winter and 
autumn conditions in the Mediterranean, during which enhanced pro
karyotic diversity may arise from different but complementary pro
cesses, including late-winter phytoplankton blooms and the breakdown 
of summer stratification during autumn mixing (see Section 3.4).

Fig. 7. SHAP dependence plots illustrating the influence of key predictors on prokaryotic community diversity. Each panel features a predictor with its SHAP value, 
which reveals the predictor's contribution to the predicted diversity. The predictors are as follows: (A) photoperiod, (B) Chl-a, (C) NO₃:PO₄, (D) Temperature, (E) NH₄, 
and (F) Rrs412:Rrs443. Points are colored by season to illustrate the seasonal distribution of observations along each environmental gradient. Positive SHAP values 
indicate an increase in predicted diversity, whereas negative values suggest a decrease. The dashed horizontal line marks SHAP = 0, and the black line shows a loess 
smoother summarizing the overall response pattern.
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Our results also showed that NH4 is a key factor influencing pro
karyotic diversity (Fig. 6b). Its impact on diversity was non-monotonic 
(Fig. 7e), with the strongest negative effects observed at intermediate 
concentrations (~0.1–0.2 mmol m− 3) and near-neutral to positive ef
fects at higher concentrations (~0.2–0.4 mmol m− 3). The direction and 
strength of this effect likely vary depending on the season, co-varying 
nutrients, and regional setting (e.g., coastal vs. open sea). For 
instance, in the North Pacific Ocean, NH4 addition can alter heterotro
phic prokaryotic community composition, revealing differential uptake 
across taxa (Shilova et al., 2017). Among photoautotrophs, small cya
nobacteria, such as Prochlorococcus, also show taxon-specific prefer
ences, preferentially assimilating NH4 over nitrate (Olofsson et al., 2019; 
Zubkov et al., 2003). Overall, increased NH4 availability can stimulate 
phytoplankton and net DOM production, yielding more labile DOM that 
enhances substrate availability for heterotrophic prokaryotes and pro
motes microbial growth (Goldberg et al., 2017). However, responses to 
elevated NH₄ are often taxon-specific, shifting the composition of 
eukaryotic phytoplankton and the prokaryotic community and intensi
fying competition for ammonium among key groups. In some settings, 
higher NH₄ concentrations coincide with lower alpha diversity, sug
gesting a shift toward fewer, better-adapted taxa (Doane et al., 2023; 
Glibert et al., 2016; Klawonn et al., 2019). In the northwestern Medi
terranean, surface nutrient concentrations, including NH₄, are generally 
higher during winter mixing and lowest during the strongly stratified 
summer period; open-sea ammonium decreases from ~0.6 mmol m− 3 in 
winter to ~0.1 mmol m− 3 in summer before partially recovering (~0.4 
mmol m− 3) in autumn (Segura-Noguera et al., 2016). Across the broader 
Mediterranean, NH₄ patterns are strongly shaped by spatial heteroge
neity, particularly elevated coastal concentrations relative to the open 
sea, consistent with modulation by coastal inputs and regeneration 
processes and the persistence of coastal-offshore gradients across sea
sons (Fig. S7). These contrasts are expected to be amplified in river- 
influenced coastal waters, where freshwater–marine mixing creates 
sharp biogeochemical transitions. In river-plume mixing zones (e.g., the 
Rhône); bacterial production is highest where NH₄ uptake is maximal 
along the salinity gradient (Pujo-Pay et al., 2006). Such gradients could 
therefore modulate community composition and potentially influence 
diversity across coastal-offshore transitions.

Finally, although Rrs412:Rrs443 was the least influential predictor, it 
still contributed 6.4% of the model output (Fig. 6a), likely reflecting the 
relative influence of CDOM in Mediterranean waters (Morel and Gentili, 
2009a; Organelli et al., 2014; Organelli et al., 2016). The Mediterranean 
Sea harbors higher CDOM concentrations than the adjacent Atlantic 
waters for a given chlorophyll concentration, with particularly elevated 
values in areas such as the Gulf of Lion and the northern Aegean Sea 
(Morel and Gentili, 2009b). As shown in the SHAP plots (Figs. 6b and 
7f), intermediate reflectance ratios (~0.7–0.9) positively influenced the 
predicted prokaryotic community diversity response. In our dataset, the 
Rrs412:Rrs443 optical proxy showed a nonlinear association with di
versity: very low ratios, potentially reflecting elevated CDOM absorp
tion, coincided with reduced diversity, whereas very high ratios (clearer, 
strongly oligotrophic surface conditions) were also associated with 
reduced diversity. Consistent with previous Mediterranean analyses, 
surface CDOM typically peaks in winter-spring and is lowest in summer 
due to photobleaching and stratification (Lazzari et al., 2021; Massi 
et al., 2020; Xing et al., 2014). However, the optimal Rrs412:Rrs443 range 
should be interpreted cautiously because of uncertainties in wavelength- 
dependent atmospheric correction, especially at 412 nm. Furthermore, 
the non-monotonic SHAP dependence pattern of Rrs412:Rrs443 suggests 
that, at the basin scale, variability in this ratio could be driven by spatial 
heterogeneity, particularly coastal-offshore gradients, rather than sea
sonal cycling. In Mediterranean coastal and estuarine waters, terrestri
ally influenced CDOM often decreases with increasing salinity, 
consistent with conservative freshwater–marine mixing (Para et al., 
2010; Vignudelli et al., 2004). Offshore, however, CDOM is increasingly 
shaped by autochthonous production and internal cycling processes 

rather than conservative freshwater–marine mixing (Galletti et al., 
2019). Accordingly, spatial variability in Rrs412:Rrs443 may partly reflect 
the same freshwater–marine gradients captured by salinity, particularly 
in river-influenced areas. Prokaryotes consume, produce, and transform 
CDOM, thereby shaping their composition while being structured by 
CDOM chemistry, making them central to CDOM dynamics (Kinsey 
et al., 2018; Lazzari et al., 2021; Organelli et al., 2014; Romera-Castillo 
et al., 2011). Together, these patterns suggest that CDOM-related optical 
properties integrate multiple biogeochemical processes that can indi
rectly shape prokaryotic community diversity, particularly in regions 
with strong coastal and riverine influences.

The dependence curves shown in Fig. 7 represent marginal effects 
and may include variability arising from interactions among the pre
dictors. Seasonal coloring shows that predictors with a strong seasonal 
cycle, such as photoperiod and temperature, occupy feature-value 
ranges that closely align with the season. In contrast, for predictors 
with greater spatial and ecological heterogeneity, the seasonal overlap is 
much greater, likely because similar values can arise in different envi
ronmental contexts, including coastal and open-sea settings. Samples 
from the different datasets overlapped across the central portion of most 
predictor distributions (Fig. S8), suggesting that the observed non- 
monotonic SHAP patterns were not driven primarily by any single 
dataset. Although BBMO is generally the most represented, the other 
datasets contribute to most of the main feature space. Observations 
become sparse toward the extremes of some predictors; therefore, the 
SHAP values in these regions should be interpreted with caution. 
Numerous other environmental variables not considered in this study 
may also influence the structure of microbial communities (and hence, 
diversity), such as specific compounds (which we may have overlooked 
owing to the limited resolution of our analyses) and inter- and intra- 
species interactions.

3.4. Biogeographic patterns and seasonal dynamics of prokaryotic 
community diversity

The 2021 annual mean prokaryotic diversity revealed a distinct 
spatial pattern across the Mediterranean Sea, with higher diversity in 
coastal regions and the western basin and lower diversity in the eastern 
basin (Fig. 8a). Compared to open waters, coastal areas in the Medi
terranean and other temperate coastal systems are often characterized 
by higher diversity values (Pommier et al., 2010), likely because riverine 
inflow and wastewater inputs enhance nutrient availability and phyto
plankton biomass, thereby favoring fast-growing taxa and reshaping 
prokaryotic diversity, community structure, and ecosystem functioning 
(Orel et al., 2022; Orel et al., 2026; Thompson et al., 2011). Across the 
basin, the observed longitudinal gradient in diversity mirrors the well- 
documented west-to-east decrease in nutrient availability associated 
with increasing oligotrophy and phosphate limitation toward the 
eastern basin (Sebastián et al., 2021). Although nutrient availability is 
generally low throughout the Mediterranean Sea, particularly for PO4, 
this limitation may be locally buffered or alleviated by terrestrial and 
atmospheric inputs, potentially supporting higher prokaryotic biomass 
and production (Siokou-Frangou et al., 2010). For instance, atmospheric 
dust inputs from the Sahara have been shown to influence heterotrophic 
prokaryotic dynamics in oligotrophic Mediterranean waters by supply
ing bioavailable phosphorus and nitrogen, stimulating bacterial activity, 
and reshaping community composition (Pulido-Villena et al., 2014). 
Furthermore, in the very oligotrophic Levantine Sea, PO4 enrichment 
was followed by a rapid transfer of added P to particulate matter and a 
slight decrease in Chl-a, consistent with scenarios in which heterotro
phic prokaryotes preferentially exploit the P pulse and increase 
competition with N-limited autotrophs (Siokou-Frangou et al., 2010). 
More generally, under nutrient limitation, phytoplankton carbon fixa
tion can outpace heterotrophic prokaryotic processing of organic mat
ter, promoting DOM accumulation and altering microbial carbon 
cycling, as shown in mesocosm experiments conducted in the P-limited 
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northern Adriatic Sea (Malfatti et al., 2014). At the same time, the west- 
to-east decrease in microbial production broadly tracks the basin-scale 
decline in primary production. Because primary production is a major 
DOC source for heterotrophic prokaryotes, lower production toward the 
eastern basin likely constrains heterotrophic prokaryotic activity 
(Siokou-Frangou et al., 2010). DOC quantity and lability, along with the 
metabolic capacity of heterotrophic prokaryotic communities to utilize 

these carbon pools, can in turn shape community structure and diversity 
patterns (Nelson and Wear, 2014). Notably, surface DOC concentrations 
tend to increase eastward in the Mediterranean, consistent with stronger 
stratification and reduced vertical mixing that favor DOC accumulation 
above the pycnocline (Santinelli, 2015). This pattern indicates that DOC 
accumulation in the eastern basin reflects physical retention rather than 
enhanced production of labile organic carbon. Accordingly, the 

Fig. 8. Predicted Shannon diversity maps for 2021. (A) Annual mean map of prokaryotic community diversity (16S rRNA gene SDI) in the Mediterranean Sea. The 
map was generated by applying a trained XGBoost model to daily environmental predictors and averaging the predictions over the year. (B) Seasonal mean maps of 
prokaryotic community diversity computed using the same approach as in panel A, but averaged for winter (JFM; top left), spring (AMJ; top right), summer (JAS; 
bottom left), and fall (OND; bottom right). Warmer colors (yellow) indicate higher predicted diversity, whereas cooler colors (blue to purple) indicate lower predicted 
diversity. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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eastward increase in bulk DOC does not correspond to higher prokary
otic diversity in our data, suggesting that total DOC concentration alone 
is a poor proxy for the carbon fraction effectively supporting hetero
trophic prokaryotic diversity in the eastern basin. Additionally, DOC 
quality may also depend on phytoplankton community composition: 
when a few phytoplankton taxa dominate, they can produce DOC pools 
with altered composition and bioavailability, thereby selecting for spe
cific heterotrophic prokaryotic groups through substrate preferences 
and resource partitioning (Landa et al., 2016; Sarmento and Gasol, 
2012).

Beyond the annual patterns, the seasonal maps (Fig. 8b) showed 
consistent variations throughout the year. Diversity was highest in 
winter (January–March) and lowest in summer (July–September), 
broadly consistent with seasonal basin-scale changes in phytoplankton 
biomass, production, and water-column structure. This seasonal pattern 
appears to be primarily driven by deep vertical mixing in winter, which 
replenishes nutrients in the euphotic zone and fuels the late winter-to- 
early spring bloom as solar irradiance increases. As the bloom pro
gresses, nutrients are gradually consumed, and intense summer strati
fication further limits their resupply, suppressing phytoplankton growth 
(D'Ortenzio and Ribera d'Alcalà, 2009; Lavigne et al., 2013; Lazzari 
et al., 2012). Together, mixing and stratification modulate phyto
plankton primary production and the supply of phytoplankton-derived 
DOC, which, in turn, can influence the growth and composition of 
prokaryotic community assemblages (Lazzari et al., 2021; Organelli 
et al., 2014). However, heterotrophic prokaryotic production does not 
necessarily peak synchronously with phytoplankton dynamics. Instead, 
it often increases during the post-bloom period, as a delayed response to 
primary production as phytoplankton-derived organic matter accumu
lates and becomes available for heterotrophic processing (Gomes et al., 
2015). Thus, the seasonal cycle in prokaryotic diversity likely reflects 
not only contemporaneous phytoplankton production but also delayed 
microbial responses to the production, accumulation, and subsequent 
transformation of organic matter. Experimental evidence from the 
northwestern Mediterranean has shown that prokaryotic production can 
be carbon-limited in autumn-winter and shifts toward phosphorus lim
itation in spring-summer, consistent with seasonal changes in resource 
availability and prokaryotic community dynamics (Pinhassi et al., 
2006). Such seasonal shifts are well documented in temperate seas, 

where microbial succession closely tracks physical forcing and bloom 
progression (Bunse and Pinhassi, 2017; Celussi et al., 2024; Teeling 
et al., 2012; Tinta et al., 2015). Accordingly, winter mixing may favor 
taxa adapted to enhanced nutrient supply, whereas summer stratifica
tion supports oligotrophic taxa adapted to low nutrient availability 
(Bunse and Pinhassi, 2017).

To explore the spatial expression of these seasonal dynamics across 
the Mediterranean Sea, we performed a clustering analysis using the 
seasonal climatology of prokaryotic community diversity. The analysis 
identified five distinct subregions, classified from Very High to Very Low 
Diversity, summarizing the dominant biogeographic patterns across the 
Mediterranean (Fig. 9). Clusters provide a basin-wide view of prokary
otic community diversity regimes in the Mediterranean, highlighting 
both an evident west-east decline in diversity and localized coastal di
versity hotspots, particularly in the northwestern Mediterranean, the 
Adriatic Sea, the Gulf of Lion, and the Alboran Sea. Such spatial 
regionalization aligns with previous research, which demonstrated that 
prokaryotic diversity largely reflects the oligotrophic gradient of the 
basin (Sebastián et al., 2021) and its well-known biogeochemical re
gimes (D'Ortenzio and Ribera d'Alcalà, 2009; Siokou-Frangou et al., 
2010). Gradients in nutrient availability, primary production, and 
physical dynamics shape these regimes and structure prokaryotic com
munity diversity across basins (Sebastián et al., 2021).

Finally, the spatial representativeness of these predictions was 
evaluated using environmental distance maps (Fig. 10). Lower 
environmental-distance values denote areas where predictions are based 
on environmental conditions better represented in the training data, 
whereas higher values indicate greater extrapolation and lower confi
dence. Across the basin, the western Mediterranean and several coastal 
areas showed relatively low environmental distances, suggesting that 
predictions in these regions are made under better-represented condi
tions. The environmental distance increased toward the southern- 
central Mediterranean and the eastern basin, where the coverage of 
training data was more limited (Fig. 10a). These patterns were generally 
consistent across seasons, although slightly higher distances appeared 
during summer and fall, including in parts of the western basin 
(Fig. 10b). Overall, the predicted SDI patterns in the western basin and 
northern coastal regions (Fig. 8) are more strongly supported by the 
training data, whereas predictions in the southern central 

Fig. 9. Spatial distribution of the five clusters representing seasonal gradients in prokaryotic community diversity (16S rRNA gene SDI) across the Mediterranean 
Sea. The clusters were derived from the 2021 seasonal averages. Regions are classified from Very High Diversity to Very Low Diversity based on their relative 
magnitude and seasonal patterns.
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Mediterranean and parts of the eastern Mediterranean should be inter
preted with greater caution.

4. Study limitations and outlook

Our results demonstrate that prokaryotic community diversity, as 
measured by the 16S rRNA gene SDI, can be effectively predicted using a 

combination of biogeochemical and environmental drivers merged 
through an ML model. However, it is essential to acknowledge certain 
limitations and opportunities for future improvement.

A significant issue was uneven sampling and the resulting spatial 
imbalance, particularly in oligotrophic areas of the Mediterranean Sea. 
Nevertheless, the model captured broad seasonal patterns of prokaryotic 
community diversity, likely supported by the broad temporal coverage 

Fig. 10. Environmental distance maps for 2021. (A) Annual mean environmental distance across the Mediterranean Sea. Environmental distance was defined as the 
Euclidean distance in standardized predictor space between each prediction pixel and its nearest neighbor in the training dataset. (B) Seasonal mean environmental 
distance computed as in panel A, but averaged for winter (JFM; top left), spring (AMJ; top right), summer (JAS; bottom left), and fall (OND; bottom right). Lower 
values (blue to green) indicate environmental conditions well represented in the training data, whereas higher values (orange to red) indicate increasing extrap
olation. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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of the dataset and the use of synthetic samples that partially mitigated 
this imbalance. Therefore, future efforts should focus on broader sam
pling to improve environmental coverage and enhance dataset quality, 
thereby improving the generalizability of ML models. The environ
mental distance analysis confirmed that the model extrapolates with 
greater uncertainty in areas with sparse training data. Expanding the 
sampling effort in the eastern Mediterranean and open-sea environ
ments would be essential to reduce this uncertainty and improve the 
reliability of basin-wide predictions. In addition, variation in dataset 
representation across predictors should be considered when interpreting 
SHAP-based predictor–diversity relationships, particularly at predictor 
extremes, where observations are sparse. Capturing all environmental 
variability of the ocean for use in training datasets is inherently com
plex, if not impossible. Extensive and consistent datasets remain the best 
practice for improving the robustness of ML models because they expose 
models to a wide range of oceanographic conditions (Gray et al., 2024). 
Although prokaryotic biomass appears to be resilient to climate change 
(Heneghan et al., 2024), a shift toward more extreme conditions may 
compromise ML predictions (Meunier et al., 2025). In this context, 
ongoing monitoring programs and research cruises are essential, as they 
provide critical data inputs for sustained model improvement. Contin
uous sampling and further retraining of algorithms are therefore 
necessary to keep ML models up to date and ensure the accurate 
detection of spatiotemporal dynamics.

A potential limitation relates to differences in the volume of water 
filtered across cruises and stations, which could influence the detection 
of rare taxa and thus affect richness estimates. However, results from a 
large intercalibration exercise indicate that variations in filtration vol
ume do not significantly influence composite diversity indices for pro
karyotic or protist communities across different sequencing approaches 
(Pascoal et al., 2023). Moreover, because Shannon diversity integrates 
both taxon richness and evenness and is primarily driven by dominant 
taxa, it is inherently less sensitive to incomplete sampling than simple 
richness metrics. Therefore, although absolute richness values should be 
interpreted with caution when comparing samples from different cruises 
and stations, the spatial and seasonal patterns of SDI observed here are 
robust for interpreting large-scale trends.

An additional limitation is the potential mismatch between the 
timing or depth of environmental predictors and the timing of biological 
sampling. We addressed this issue by using only 16S rRNA gene samples 
gathered from the top three meters of the water column and performing 
daily matchups to ensure consistency with satellite and modeled surface 
data. Nevertheless, slight mismatches can occur, particularly in highly 
dynamic environments. However, prokaryotic community composition 
is generally structured by changes occurring over timescales of days to 
weeks, whereas diel-scale variation appears to be comparatively limited 
(Needham et al., 2013). The daily resolution of our environmental 
predictors is therefore appropriate for capturing the dominant temporal 
dynamics relevant to this study. Furthermore, the surface-focused 
approach used in this study did not account for diversity in the deeper 
layers. Sebastián et al. (2021) reported the same west-east decline in 
prokaryotic diversity; however, higher diversity was found in the meso- 
and bathypelagic layers than in surface waters.

Finally, although ML models, such as XGBoost, are strong tools for 
detecting complex patterns and making accurate predictions from spe
cific datasets, they do not explain why these patterns occur. In contrast, 
mechanistic models explain patterns based on known ecological pro
cesses; however, they may oversimplify the complexity of natural sys
tems. Biotic interactions, such as grazing and viral lysis, if included in 
the ML model, could help capture key ecological processes in prokary
otic community structure (Bunse and Pinhassi, 2017; Doane et al., 2023; 
Landolfi et al., 2021). Such an approach could combine the predictive 
power of ML models with improved ecological interpretability, although 
this remains challenging because of limited data and methodological 
complexity. As hybrid modeling approaches develop and increasingly 
heterogeneous datasets become available, systematic variable selection 

methods, such as hierarchical clustering of predictors or forward/ 
backward selection, could help identify alternative yet informative 
combinations of environmental drivers and further improve model 
interpretability.

5. Concluding remarks

This study demonstrated that ML is effective for modeling prokary
otic community diversity in the Mediterranean Sea. By integrating 
satellite-derived and modeled biogeochemical variables with in situ 16S 
rRNA gene data, we predicted SDI patterns with promising predictive 
accuracy, which could become more robust with the availability of 
larger and more balanced training datasets. Applying this model to 
georeferenced data provides an opportunity to extend the monitoring of 
prokaryotic community diversity to the basin scale, revealing distinct 
spatiotemporal patterns that have not been previously explored. In 
agreement with previous studies, photoperiod emerged as the strongest 
predictor, indicating that seasonal light cycles can strongly influence 
prokaryotic community diversity (Gilbert et al., 2012). Nevertheless, 
other predictors also play important roles, with each exhibiting positive 
effects on diversity under specific environmental conditions. Because 
environmental controls on a global scale may differ across regions and 
latitudes, these results emphasize the importance of including multiple 
area-specific environmental variables in ML models to gain a more 
comprehensive understanding of plankton dynamics (Bunse and Pin
hassi, 2017). The workflow developed in this study can be extended to 
other microbial groups, including eukaryotic plankton, thereby broad
ening its applicability. Although this model cannot account for specific 
biological interactions, it remains a valuable tool for monitoring mi
crobial diversity. Given the rapid pace of environmental change, sci
entific projects such as Biodiversa+ PETRI-MED, which combine 
complementary observation methods and modeling techniques, are 
crucial for equipping ecosystem managers and policymakers with the 
knowledge required to protect vulnerable marine ecosystems such as the 
Mediterranean Sea.
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2010. Microbial community genomics in eastern mediterranean sea surface waters. 
ISME J. 4, 78–87. https://doi.org/10.1038/ismej.2009.92.

Feranchuk, S., Belkova, N., Potapova, U., Kuzmin, D., Belikov, S., 2018. Evaluating the 
use of diversity indices to distinguish between microbial communities with different 
traits. Res. Microbiol. 169, 254–261. https://doi.org/10.1016/j.resmic.2018.03.004.
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Sokolova, M., Uusitalo, L., Van den Bulcke, L., van Helmond, A.T.M., Watson, J.T., 
Welch, H., Beltran-Perez, O., Chaffron, S., Greenberg, D.S., Kühn, B., Kiko, R., Lo, M., 
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