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Abstract

Understanding the macroecological distribution of extremophiles requires separating
bioclimatic variables from geological drivers. We present a biogeochemical and Machine
Learning (ML) framework mapping the global abundance distribution of the radiation-
resistant genus Rubrobacter across 76 soil metagenomes. By combining satellite remote
sensing with isotope geochemistry, we developed an Aridity-Alkalinity Index (AAl) to
isolate deep geogenic tracers. Models show that Rubrobacter is constrained by a dual
pressure: bioclimatic coupling with arid terrains (Baa = +2.24) and geogenic depen-
dence on unradiogenic marine carbonates (Bs, = —042; R® = 0922). Integrating
Rubrobacter Form IE RuBisCO kinetics into a Soil Model for Enhanced Weathering (SMEW)
reveals that late-century climate forcing (SSP5-8.5) will unlock winter catalytic windows,
accelerating carbon fixation by four orders of magnitude. Fluvial carbon partitioning
bifurcates between arid local mineral precipitation and high-efficiency dissolved bicar-
bonate export along Mesozoic margins (88.2 %), establishing a scalable paradigm for
geogenic-microbial climate feedbacks.

1. Introduction

The Earth Critical Zone (ECZ) — the heterogeneous, near-surface
environment spanning from the top of the vegetative canopy down to the
base of actively circulating groundwater — functions as the planet’s primary
biogeochemical reactor regulating long-term climate stability (Brantley
et al., 2007). Within this zone, the silicate-carbonate weathering cycle acts
as a fundamental geological thermostat, counteracting greenhouse warming
via the permanent sequestration of atmospheric carbon dioxide (CO5) into
stable mineral phases (Walker et al., 1981). While traditionally con-
ceptualized as a predominantly abiotically-driven or plant-mediated geo-
chemical process, contemporary paradigms highlight the crucial, yet vastly
understudied, role of dark, oligotrophic sub-surface microbial communities
in modulating these global fluxes (Finlay et al., 2020). Among these, the
bacterial genus Rubrobacter (phylum Actinomycetota) has emerged as a key
biological driver at the rock-soil interface, particularly within arid and
hyper-arid ecosystems (Carreto et al., 1996).

Rubrobacter species are renowned for their exceptional resilience to extreme
environmental stressors, including desiccation, high thermal fluctuations, and
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ionizing radiation (Rainey et al., 2005). Recent genomic and metagenomic
advances have overturned the long-held assumption that these extremophilic
taxa function solely as chemoorganoheterotrophs. Instead, metabolic profiling
has revealed the widespread presence of the chbL and cbbS genes encoding the
Form IE ribulose-1,5-bisphosphate carboxylase/oxygenase (RuBisCO)
enzyme (Greening et al., 2016; Ji et al., 2017). This specific, high-affinity
evolutionary variant allows Rubrobacter to drive atmospheric chemosynthesis —
coupling the oxidation of trace atmospheric gases, such as molecular hydrogen
(H») and carbon monoxide (CO), to fix inorganic CO, via non-phototrophic
pathways (Bay et al., 2021a).

The ecological significance of this light-independent CO, fixation
extends far beyond localized primary production. By converting gaseous
CO, into organic biomass and metabolic byproducts (e.g., protons and
low-molecular-weight organic acids), Rubrobacter actively accelerates the
chemical dissolution of surrounding silicate minerals, a process known as
bioweathering (Gadd, 2010). This localized proton-dumping and mineral
degradation liberate key divalent cations — predominantly calcium (Ca*")
and magnesium (Mg>") — into the soil solution. Concurrently, the nega-
tively charged extracellular polymeric substances (EPS) and cell walls of
Rubrobacter serve as potent nucleation sites for microbially induced carbo-
nate precipitation (MICP) (Castro-Alonso et al., 2019). Consequently,
these micro-environments transform mobile bicarbonate ions (HCO3) into
permanent geological sinks of solid calcite (CaCQOy3).

Microbial biogeography has long combined climate and fine-scale
edaphic factors to predict terrestrial prokaryote distributions. Yet, it rarely
connects these variables to geology, which fundamentally dictates the soil’s
physicochemical profile. However, the regolith exerts a long-term che-
mical memory that remains poorly integrated into quantitative macro-
ecological models. This stems from a clear scale divergence: macroclimate
operates eftectively as a global predictor (Serna-Chavez et al., 2013), but
catchment-scale investigations show that edaphic and geomorphic prop-
erties are the predominant drivers. To improve future predictive frame-
works, models must integrate local geodiversity — such as trace-element
signatures and hydrological structural connectivity — which actively gov-
erns the spatial heterogeneity of soil biological communities (Fierer and
Jackson, 2006; Saidi-Mehrabad et al., 2020; Pelacani et al., 2025a; Pelacani
et al., 2025b). This global scale-up builds directly upon foundational local
observations across Mediterranean landscapes, where terrain morphology,
geodiversity, and rare earth element (REE) signatures were shown to



4 Samuel Pelacani and Maria Teresa Ceccherini

actively shape microbial alpha and beta diversity (Roccotelli et al., 2024,
Pelacani et al., 2024, 2025a). Crucially, the coupling of REE distributions
with bacteriome profiling in agricultural soils has already pinpointed
youthful calcareous and carbonatic substrates as primary drivers dictating
the specific niche selection and high relative abundance of the genus
Rubrobacter (Roccotelli et al., 2024). By expanding these localized geo-
genic-microbial ties into a planetary workflow we can transition from
simple distributional mapping to the functional evaluation of these com-
munities as active climatic feedback agents.

The genus Rubrobacter, a group of ultra-extremophilic Actinomycetota
renowned for their exceptional resistance to ionizing radiation, desiccation,
and thermal stress, provides an ideal biological system to test the boundaries
of geogenic versus bioclimatic niche conditioning. In this study, we bridge
this analytical gap by merging global metagenomic data with remote sen-
sing platforms, cloud computing, and advanced isotope geochemistry to
build a robust predictive spatial framework.

From a macro-scale mass balance perspective, quantifying these
microbially-mediated pathways is crucial for constraining the global carbon
budget. Baseline geological estimates indicate that natural silicate weath-
ering consumes approximately 1.0 Gt of CO,y~ ' globally (Gaillardet et al.,
1999). However, empirical evidence suggests that biological acceleration
within the CZ amplifies abiotic dissolution rates by a factor of 2-10,
driving a net transfer of inorganic carbon into groundwater and river
systems equivalent to 0.22 —0.30 Pg C y~ ' (Hartmann et al., 2009). Within
arid and semi-arid regions, which cover over 41 % of the Earth’s land
surface, carbon fixation rates within mature biological crusts and lithic
matrices range from 11.3 to 26.7 m >y~ (Elbert et al., 2012). Rubrobacter
and related chemolithoautotrophic taxa are estimated to sustain 5 % to 15 %
of this deep, dark primary production (Bay et al., 2021b; Ray et al., 2022).
Under projected climate scenarios toward the year 2100 (e.g., SSP2—4.5
and SSP5-8.5), the synergistic combination of elevated temperatures and
sporadic, intense precipitation is predicted to increase global chemical
weathering efficiency by 6 % to 10 %, scaling net carbon sequestration up
t0 0.273 Pg Cy~ ' (Beaulicu et al., 2012), effectively shifting the baseline of
lithic carbon pumps.

As contemporary climate change accelerates global desertification and
elevates surface temperatures, understanding the climate-feedbacks gov-
erned by such lithophilic microbes becomes paramount (IPCC, 2022).
While vascular plants and biocrust-forming cyanobacteria experience sharp
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declines under severe hydric and thermal stress, the chemosynthetic
machinery of Rubrobacter exhibits remarkable functional stability, often
showing a relative increase in abundance along global aridity gradients
(Coleine et al., 2024). However, integrating this microbially-mediated
organic-to-inorganic carbon pump into predictive global frameworks
requires a rigorous mechanistic coupling of enzymatic kinetics with
landscape-scale physics.

To bridge this scale gap, we present a novel integration of Rubrobacter-
driven RuBisCO kinetics into the Soil Model for Enhanced Weathering
(SMEW) framework (Bertagni et al., 2025; Zhang et al., 2025). Trained
the model with high-resolution satellite observations (Sentinel-1 surface
soil moisture) and reanalysis datasets (ER A5-Land subsurface moisture and
temperature), we evaluate the spatial and temporal dynamics of this che-
moautotrophic carbon sink.

Crucially, by integrating these microbially enhanced chemical fluxes
into macro-scale hydrological transport models and global river chemistry
databases, we quantify the net capacity of Rubrobacter to drive planetary
cooling over geological timescales. This work provides a scalable frame-
work to unravel how microscopic enzymatic processes within the ECZ
dictate macroscopic climate trajectories in a warming world.

2. Material and methods

To systematically decouple deep geogenic footprints from con-
temporary bioclimatic variables and quantify their subsequent enzymatic
feedbacks, we deployed an integrated, multi-parametric workflow standar-
dized within the cloud-based Google Earth Engine (GEE) platform. This
overarching computational architecture bridges global statistical data integra-
tion with soil physics and microbial carboxylation kinetics, organized across
five operational processing phases (Fig. 1). We acknowledge that the dataset
utilized 1in this analysis is constrained by a relatively small sample size (n = 76),
which represents a recognized limitation for drawing broad global-scale
conclusions. While these data provide valuable initial insights, this restriction
underscores the urgent need for a more comprehensive and standardized
global data collection. Future microbial biogeography studies will heavily rely
on expanding sampling efforts, particularly in underrepresented geographic
regions, to refine and validate these macroecological models. However, while
the initial metagenomic data extraction is constrained by a dataset of n = 76
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PHASE 1: GLOBAL INPUT DATASETS (Multi-Source data integration)
* Soil Metagenomes (n = 76 sites for Rubrobacter extraction)
» Geogenic Tracers (87Sr/86Sr Isoscape & Eu/Eu* Lanthanide Anomaly)

« Satellite Remote Sensing (Google Earth Engine Sentinel-2 & MODIS NDVI)
+ Edaphic & Climate Datasets (OpenLandMap Soil pH & ERA5-Land Reanalysis)

l

PHASE 2: VARIABLE ENGINEERING & ENVIRONMENTAL MASKING

+ Feature Engineering: Extraction of the novel Aridity-Alkalinity Index (AAI)
« Spatial Processing: Geometry alignment & pixel-by-pixel resampling pipelines
« STRICT BIOPHYSICAL MASKING: Structural exclusion of High-Latitude Cryosols (T < 5°C)
+ Edaphic Exclusions: Masking of shifting sand dunes & barren unweathered bedrock blocks

l

PHASE 3: GOOGLE EARTH ENGINE (GEE) RANDOM FOREST PIPELINE

* Architecture: Random Forest Regression & Classification within Google Earth Engine (GEE)
= Variance Resolution: High accuracy with R? = 0.6887 and RMSE = 1.72%
« Classification Power: ROC-AUC = 0.995 (Saline-Sodic) and 0.991 (Archean Craton Boundaries)
~ Hydro-Geochemical Triad Sorting: NDVI (1.28e5) > Strontium Isoscape (1.14e5) > Soil pH (1.10e5)

l

PHASE 4: MECHANISTIC BIOCHEMICAL KINETIC COUPLING

+ Core Innovation: Nesting explicit microbial metabolic equations directly into reaction-transport setups
» Carboxylation Framework: High-affinity Form IE RuBisCO kinetics via Michaelis-Menten functions
* Asymmetric Thermal Control: Temperature dependence calibrated utilizing the Briére math function
* Biogeochemical Model: Dynamic integration into a modified Bertagni et al. (2025) SMEW template

l

PHASE 5: PLANETARY-SCALE PROGNOSTIC OUTPUTS

« Planetary-Scale Continuous Raster: High-resolution continuous prediction surface for Rubrobacter
* Late-Century Prognostic Projections: Climate forcing modeling operating under the SSP5-8.5 scenario
« Feedback Quantification: Resolving a 4-orders-of-magnitude winter carbon fixation sink acceleration

Fig. 1 Operational workflow of the integrated biogeochemical and ML framework.
Phase 1 & 2: Multi-proxy dataset integration of metagenomic (utilizing a training
baseline of n=76 global sites), isotopic, and remote sensing data in Google Earth
Engine (GEE), including pixel-level resampling and biophysical masking (T < 5°C).
Phase 3: Random Forest model execution, sorting drivers via Gini importance weights.
Phase 4 & 5: Nesting of explicit Form IE RuBisCO kinetics into a modified reaction-
transport SMEW framework to project planetary-scale macroecological surfaces and
prognostic CO, drawdown fluxes under late-century climate scenarios (SSP5-8.5).
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sites, these locations effectively represent the targeted geochemical end-
members required to calibrate the subsequent machine learning and kinetic
coupling pipelines.

2.1 Metagenomic database and chronostratigraphic

framework

A comprehensive spatial matrix comprising a total of 76 global soil meta-

genomes was used to evaluate the macroecological distribution of the genus

Rubrobacter. Relative abundances represent the proportion of Rubrobacter reads

within the total bacteria and archaea community, following the computa-

tional exclusion of non-microbial and eukaryotic host DNA. The dataset
showed in Table 1 is structurally partitioned into two main components:

— Core Metagenomes (n=24): A globally distributed set spanning
extreme pristine environments (e.g., Arctic Yukon Permafrost, Atacama
and Mojave Deserts), agricultural systems (e.g., Chianti and Bordeaux
vineyards, Andalusian olive orchards), and specific ecological micro-
niches. While these sites represent contrasting ecosystem extremes, their
wide ecological dispersion is highly representative of global biophysical
gradients. This strategic sampling of geochemical and climatic end-
members ensures that the machine learning framework is trained on the
full envelope of terrestrial variables, enabling robust upscaling to the
global scale.

— Expansion Transects (n = 52): High-resolution spatial clusters (samples
EXT-25 to EXT-76) captured along local environmental gradients in
Mediterranean and arid sectors, including Sirmione (Garda Lake, Italy),
Medenine (Tunisia), Ouarzazate (Morocco), Castellina in Chianti
(Tuscany, Italy), and Malaga (Spain).

To constrain the chronological and evolutionary trajectory of the rego-
lith, a categorical paleogeographic tectonic code (Paleo_Class_Code, ranging
from 1 to 5; Table 1) was assigned to each site based on bedrock age:

1. Active Tectonic Margins and Modern Basins (Code = 1): Constrained
by active convergent and accretionary settings (e.g., the Active Andean
Margin in Atacama and the Cordilleran Margin in California) as well as
Holocene synorogenic foreland deposits (Po Valley), capturing lithol-
ogies untouched by deep crustal cratonic difterentiation.

2. Quaternary to Neogene Tectonic Domains (Code = 2): Comprising
active orogenic systems and foreland basins (e.g., Apennine, South
Alpine, and Betic domains).



Table 1 Full landscape matrix of the complete macroecological, biogeochemical, and paleogeographic dataset for the genus Rubrobacter (n = 76).
The selection of sampling points and the definition of their respective geographic coordinates do not follow the standard geometric grid of the
European monitoring project. Instead, they derive from a spatial adjustment model based on isotopic markers and Rare Earth Element (REE)
distribution patterns. This geochemical approach allowed for the isolation of the most representative edaphic and geological profiles for each
target district (e.g., the morainic system of Garda Lake, Italy or the limestone basin of Chianti, Tuscany, Italy). Once these specific geochemical
reference coordinates were defined, the surface edaphic parameters (land cover and pH) and the microbiological relative abundances of the genus
Rubrobacter were extracted via spatial association, sourcing respectively from the open-access e.g, European datasets LUCAS Soil (Orgiazzi et al.,
2022). Primary literature sources and data repository codes for each sampling point are specified in the footnotes below.

ID Country Location Lat °N) Long (°E) pH Land Use Geology Paleoge- Paleo 27Sr/%°Sr NDVI Rubrob- Eu/Eu* References
ography code acter %
CORE-01  Ttaly Po Valley 44.83 11.62 7.4 Intensive Holocene Padane 1 0.7098 0.55 0.45 1.076 Marchina et al.
(Ferrara) Agriculture alluvial Foreland (2018), Labouyrie
sediments Basin et al. (2023),
Orgiazzi et al.
(2018) -
MGYS00005712
CORE-02  Ttaly Garda Lake  45.55 10.72 7.6 Morainic Quaternary South 2 0.7086 0.39 1.2 1.030 Marchina et al.
(Bardolino) Vineyard fluvioglacial ~ Alpine (2018), Labouyrie
deposits Foreland et al. (2023),
Basin Orgiazzi et al
(2018) -
MGYS00005712
CORE-03  Morocco  High Atlas ~ 31.48 -8.15 7.9  Montane Paleozoic Intracontin- 2 0.7102 0.14 3.8 0.746 Thompson et al.
(Marrakech) Grazing Land  schists and ental Atlasic (2017), Alaoui
limestones Domain et al. (2026)
CORE-04  Tunisia Sfax (Sahel ~ 34.74 10.76 8.4  Arid Olive Calcretes and ~ Pelagian 2 0.7088 0.12 5.6 0.888 Thompson et al.
Basin) Orchard gypsiferous Platform (2017)

crusts

Margin




CORE-05  Tunisia Kairouan 35.67 10.1 8.2 Agroforestry  Quaternary Atlas-Sahel 2 0.7085 0.18 4.1 0.894 Thompson et al.
(Oves/ alluvium and  Transition (2017)
Almonds) marls Zone
CORE-06  Italy Chianti 43.46 11.38 7.7 Organic Alberese Apennine 2 0.7086 0.35 1.8 1.030 Labouyrie et al.
(Siena) Vineyard limestone &  Foredeep (2023), Orgiazzi
Galestro schists Basin et al. (2018)-
MGYS00005712;
Priori et al. (2019),
Braschi et al.
(2018)
CORE-07  France Bordeaux 44.89 -0.15 7.2 Intensive Asteriated Aquitanian 3 0.7081 0.44 0.95 0.968 Gobbi et al. (2022) -
(St—El]lilion) Vineyard limestones and Basin ENA PRJEB40350
molasse
CORE-08  Canada Yukon 64.05 -139.4 6.1  Cryogenic Crioturbated  Northern 5 0.7148 0.15 2.4 0.655 T'hompson et al.
Permafrost Tundra loess on schists Laurentia (2017)
Shield
CORE-09  Spain Andalusia 37.88 -4.77 8.1  Traditional Calcareous Guadalquivir 2 0.7084 0.21 49 0.868 Gonzilez-Pimentel
(Cérdoba) Olive Orchard marls and river Depresson et al. (2026),
terraces Chala-Aldana et al.
(2026)
CORE-10  Ttaly Calabria 38.42 15.9 6.9  Intensive Pliocene sandy Calabrian- 2 0.7093 0.38 1.1 0.879 Malacrino et al.
(Gioia Olive Orchard clays Peloritan (2022)
Tauro) Arc
CORE-11  Ttaly Dolomites  46.4 12.05 7.8 Alpine Pasture Main Tethyan 3 0.7082 0.42 1.3 1.030 Praeg et al. (2025),
Dolomite Passive Palumbo et al.
(Triassic) Margin (2021)

(continued)



Table 1 Full landscape matrix of the complete macroecological, biogeochemical, and paleogeographic dataset for the genus Rubrobacter (n=76). The
selection of sampling points and the definition of their respective geographic coordinates do not follow the standard geometric grid of the European
monitoring project. Instead, they derive from a spatial adjustment model based on isotopic markers and Rare Earth Element (REE) distribution patterns. This
geochemical approach allowed for the isolation of the most representative edaphic and geological profiles for each target district (e.g., the morainic system
of Garda Lake, Italy or the limestone basin of Chianti, Tuscany, Italy). Once these specific geochemical reference coordinates were defined, the surface
edaphic parameters (land cover and pH) and the microbiological relative abundances of the genus Rubrobacter were extracted via spatial association,
sourcing respectively from the open-access e.g, European datasets LUCAS Soil (Orgiazzi et al., 2022). Primary literature sources and data repository codes for
each sampling point are specified in the footnotes below. (cont'd)

ID Country Location Lat (°N) Long (°E) pH Land Use Geology Paleoge- Paleo 37Sr/%°Sr NDVI Rubrob- Eu/Eu* References
ography code acter %
CORE-12  Ttaly Alta Murgia  40.95 16.4 7.6 Semi-arid Altamura Apulian 3 0.7075 0.28 2.1 0.953 Colagiero et al
Pasture Limestone Carbonate (2017), Cuartero
Platform et al. (2025)
CORE-13  Ttaly Valley of the 37.29 13.59 8.1  Archaeological Pliocene Sicilide 2 0.7091 0.22 45 0.962 Labouyrie et al.
Temples Park bioclastic Foredeep (2023), Orgiazzi
calcarenites Domain et al. (2018)-

MGYS00005712

CORE-14  Greece Mount 37.95 23.82 7.9  Mediterranean Mesozoic Attic- 2 0.7088 0.25 3.1 0.829 Labouyrie et al.
Hymettus Shrubland marbles & Cycladic (2023), Orgiazzi
schists Metamorphic et al. (2018)-
Core MGYS00005712
CORE-15  France Fontainebleau 48.4 2.7 5.2  Temperate Fontainebleau Cenozoic 3 0.711 0.68 0.15 0.674 Labouyrie et al.
Forest Forest Sands Intracratonic (2023), Orgiazzi
(Oligocene) Basin et al. (2018)-

MGYS00005712

CORE-16  Cuba Vinales 22.62 -83.71 7.4 Traditional Guasasa Proto- 2 0.7071 0. 0.8 1.017 Ortega Garcia et al.
Valley Tobacco Fields Formation Caribbean (2016)

ur
[

karst Margin




CORE-17  China Junshan 29.35 113.1 6.3  Agricultural Quaternary Yangtze 4 0.714 0.48 0.6 0.637 Zhang et al. (2022)
(Hunan) Rice Paddy  alluvial muds  Cratonic
Block
CORE-18  Australia Sturt Desert  -29.55 141.65 8.4  Arid Desert Archean Western 5 0.722 0.08 7.2 0.566 Holmes et al.
Crust cratonic Australian (2000), Du et al.
quartzites Shield (2025)
CORE-19  Canada Canadian 52.3 -80.2 4.8  Boreal Archean Laurentia 5 0.7165 0.52 0.25 0.624 Ray et al. (2022)
Shield Coniferous granitic gneiss Cratonic
Taiga Core
CORE-20  California  Mojave 35.12 -119.2 8.2 Desert Mesozoic Cordilleran 1 0.7058 0.12 6.1 0.805 Rainey et al.
Desert Reserve volcanic Accretionary (2005)
complexes Margin
CORE-21  Angola Kasai Craton -8.5 20.2 5.1  Savanna Archean Congo 5 0.718 0.38 0.35 0.583 Mohammadipanah
Shrubland basement Craton and Wink (2016)
saprolites Stabilized
Core
CORE-22  Portugal Alentejo 38.57 -7.91 6.8  Montado Cork Hercynian Ossa- 2 0.7125 0.34 1.15 0.681 Costa et al. (2022)
(Evora) Oak Pasture  granitic Morena
plutons Varican
Zone
CORE-23  Spain Tabernas 37.05 -2.45 8.3  Semi-arid Miocene Betic 2 0.7089 0.14 53 0.874 Miralles et al.
Desert Badlands gypsiferous Cordillera (2012), Miralles
marls Domain et al. (2023)
CORE-24  Chile Atacama -24.05 -70.00 8.5  Hyper-arid Nitrate- Active 1 0.7042 0.04 7.0 0.919 Demergasso et al.
(Yungay) Desert Core  bearing Andean (2023)
volcanic Margin
gypcretes

(continued)



Table 1 Full landscape matrix of the complete macroecological, biogeochemical, and paleogeographic dataset for the genus Rubrobacter (n=76). The
selection of sampling points and the definition of their respective geographic coordinates do not follow the standard geometric grid of the European
monitoring project. Instead, they derive from a spatial adjustment model based on isotopic markers and Rare Earth Element (REE) distribution patterns. This
geochemical approach allowed for the isolation of the most representative edaphic and geological profiles for each target district (e.g., the morainic system
of Garda Lake, Italy or the limestone basin of Chianti, Tuscany, Italy). Once these specific geochemical reference coordinates were defined, the surface
edaphic parameters (land cover and pH) and the microbiological relative abundances of the genus Rubrobacter were extracted via spatial association,
sourcing respectively from the open-access e.g, European datasets LUCAS Soil (Orgiazzi et al., 2022). Primary literature sources and data repository codes for
each sampling point are specified in the footnotes below. (cont'd)

ID Country Location Lat (°N) Long (°E) pH Land Use Geology Paleoge- Paleo 37Sr/%°Sr NDVI Rubrob- Eu/Eu* References
ography code acter %
EXT-25 Italy Garda Lake  45.49 10.61 7.8  Coastal Olive Scaglia Rossa  Foreland 2 0.7085 0.35 1.65 1.028 Labouyrie et al.
(Sirmione) Orchard & glacial till  Basin (2023), Orgiazzi
et al. (2018)
- MGYS00005712
EXT-26 Tunisia Medenine 33.362 10.502 8.6 Agroforestry  Calcareous Saharan 3 0.7094 0.08 7.25 0.844 Coleine et al.
(Southern (Olives/ desert crusts  Cratonic (2024)
Plain) Xerophytes) Margin
EXT-27 Morocco  Ouarzazate  30.934 -6.886 8.2 Sparse Desert Sedimentary  Anti-Atlas 2 0.7121 0.06 7.15 0.760 Alaoui et al. (2026)
(Pre-Sahara) Scrubland sandstones &  Structural

dry regolith  Domain

EXT-28 Italy Chianti 43.516 11.316 7.5  Hillslope Galestro marly Apennine 2 0.7085 0.38 1.25 1.008 Labouyrie et al.
Vineyard fissile beds Basin (2023), Orgiazzi
et al. (2018)
- MGYS00005712;
Priori et al. (2019),

Braschi et al.
(2018)




EXT-29 Spain Andalusia 36.768 -4.372 8.1  Mixed Olive Calcareous silt Sub-Betic 0.7084 0.25 4.05 0.848 Gonzalez-Pimentel
(Milaga) & Citrus terraces Domain et al. (2026),
Grove Chala-Aldana et al.
(2026)
EXT-30 Italy Garda Lake  45.55 10.67 7.8  Coastal Olive Scaglia Rossa  Foreland 0.7086 0.35 1.35 1.030 Labouyrie et al.
(Sirmione) Orchard & glacial till  Basin (2023), Orgiazzi
et al. (2018)-
MGYS00005712
EXT-31 Tunisia Medenine 33.422 10.562 8.5  Agroforestry  Calcareous Saharan 0.7095 0.08 7.55 0.860 Coleine et al.
(Southern (Olives/ desert crusts  Cratonic (2024)
Plain) Xerophytes) Margin
EXT-32 Morocco  Quarzazate  30.994 -6.826 8.4  Sparse Desert Sedimentary  Anti-Atlas 0.7118 0.06 6.85 0.738 Alaoui et al. (2026)
(Pre-Sahara) Scrubland sandstones &  Structural
dry regolith  Domain
EXT-33 Italy Chianti 43.576 11.376 7.5  Hillslope Galestro marly Apennine 0.7086 0.38 1.55 1.023 Labouyrie et al.
Vineyard fissile beds Basin (2023), Orgiazzi
et al. (2018)-
MGYS00005712
EXT-34 Spain Andalusia 36.828 -4.312 8 Mixed Olive  Calcareous silt Sub-Betic 0.7085 0.25 3.75 0.849 Gonzilez-Pimentel
(Malaga) & Citrus terraces Domain et al. (2026),
Grove Chala-Aldana et al.
(2026)
EXT-35 Italy Garda Lake  45.61 10.73 7.8  Coastal Olive Scaglia Rossa  Foreland 0.7087 0.35 1.65 1.019 Labouyrie et al.
(Sirmione) Orchard & glacial till  Basin (2023), Orgiazzi

et al. (2018)-
MGYS00005712

(continued)



Table 1 Full landscape matrix of the complete macroecological, biogeochemical, and paleogeographic dataset for the genus Rubrobacter (n=76). The
selection of sampling points and the definition of their respective geographic coordinates do not follow the standard geometric grid of the European
monitoring project. Instead, they derive from a spatial adjustment model based on isotopic markers and Rare Earth Element (REE) distribution patterns. This
geochemical approach allowed for the isolation of the most representative edaphic and geological profiles for each target district (e.g., the morainic system
of Garda Lake, Italy or the limestone basin of Chianti, Tuscany, Italy). Once these specific geochemical reference coordinates were defined, the surface
edaphic parameters (land cover and pH) and the microbiological relative abundances of the genus Rubrobacter were extracted via spatial association,
sourcing respectively from the open-access e.g, European datasets LUCAS Soil (Orgiazzi et al., 2022). Primary literature sources and data repository codes for
each sampling point are specified in the footnotes below. (cont'd)

ID Country Location Lat (°N) Long (°E) pH Land Use Geology Paleoge- Paleo ®7Sr/%°Sr NDVI Rubrob- Eu/Eu* References
ography code acter %
EXT-36 Tunisia Medenine 33.482 10.622 8.4  Agroforestry  Calcareous Saharan 3 0.7092 0.08 7.25 0.861 Coleine et al
(Southern (Olives/ desert crusts  Cratonic (2024)
Plain) Xerophytes) Margin
EXT-37 Morocco  Ouarzazate  31.054 -6.766 8.3  Sparse Desert Sedimentary  Anti-Atlas 2 0.7119 0.06 7.15 0.752 Alaoui et al.
(Pre-Sahara) Scrubland sandstones &  Structural (2026), Legeay
dry regolith  Domain et al. (2024)
EXT-38 Italy Chianti 43.636 11.436 7.5  Hillslope Galestro marly Apennine 2 0.7087 0.38 1.25 0.999 Labouyrie et al.
Vineyard fissile beds Basin (2023), Orgiazzi
et al. (2018)-
MGYS00005712
EXT-39 Spain Andalusia 36.888 -4.252 8 Mixed Olive  Calcareous silt Sub-Betic 2 0.7086 0.25 4.05 0.864 Gonzilez-Pimentel
(Malaga) & Citrus terraces Domain et al. (2026),
Grove Chala-Aldana et al.
(2026)
EXT-40 Italy Garda Lake  45.67 10.79 7.8  Coastal Olive Scaglia Rossa  Foreland 2 0.7084 0.35 1.35 1.021 Labouyrie et al.
(Sirmione) Orchard & glacial till  Basin (2023), Orgiazzi
et al. (2018)-

MGYS00005712




EXT-41 Tunisia Medenine 33.542 10.682 8.6 Agroforestry  Calcareous Saharan 0.7093 0.08 7.55 0.851 Coleine et al.
(Southern (Olives/ desert crusts  Cratonic (2024)
Plain) Xerophytes) Margin
EXT-42 Morocco  Ouarzazate  31.114 -6.706 8.2 Sparse Desert Sedimentary  Anti-Atlas 0.712 0.06 6.85 0.752 Alaoui et al.
(Pre-Sahara) Scrubland sandstones &  Structural (2026), Legeay
dry regolith  Domain et al. (2024)
EXT-43 Italy West Sicily ~ 37.40 13.02 7.9  Hillslope Messinian Sicilide 0.7090 0.38 5.68 0.960 Novara et al.
Vineyard marly-clayey ~ Foredeep (2020)
and evaporitic Domain
sequences
EXT-44 Spain Andalusia 36.948 -4.192 8.1  Mixed Olive  Calcareous silt Sub-Betic 0.7083 0.25 3.75 0.842 Labouyrie et al.
(Malaga) & Citrus terraces Domain (2023), Orgiazzi
Grove et al. (2018)-
MGYS00005712
EXT-45 Italy Garda Lake  45.73 10.85 7.8  Coastal Olive Scaglia Rossa Foreland 0.7085 0.35 1.65 1.037 Labouyrie et al.
(Sirmione) Orchard & glacial till  Basin (2023), Orgiazzi
et al. (2018)-
MGYS00005712
EXT-46 Tunisia Medenine 33.602 10.742 8.5  Agroforestry  Calcareous Saharan 0.7094 0.08 7.25 0.852 Coleine et al.
(Southern (Olives/ desert crusts  Cratonic (2024)
Plain) Xerophytes) Margin
EXT-47 Morocco  Ouarzazate  31.174 -6.646 8.4  Sparse Desert Sedimentary  Anti-Atlas 0.7121 0.06 7.15 0.745 Gonzalez-Pimentel

(Pre-Sahara)

Scrubland

sandstones &
dry regolith

Structural
Domain

et al. (2026),
Chala-Aldana et al.
(2026)

(continued)



Table 1 Full landscape matrix of the complete macroecological, biogeochemical, and paleogeographic dataset for the genus Rubrobacter (n =76). The
selection of sampling points and the definition of their respective geographic coordinates do not follow the standard geometric grid of the European
monitoring project. Instead, they derive from a spatial adjustment model based on isotopic markers and Rare Earth Element (REE) distribution patterns. This
geochemical approach allowed for the isolation of the most representative edaphic and geological profiles for each target district (e.g., the morainic system
of Garda Lake, Italy or the limestone basin of Chianti, Tuscany, Italy). Once these specific geochemical reference coordinates were defined, the surface
edaphic parameters (land cover and pH) and the microbiological relative abundances of the genus Rubrobacter were extracted via spatial association,
sourcing respectively from the open-access e.g, European datasets LUCAS Soil (Orgiazzi et al., 2022). Primary literature sources and data repository codes for
each sampling point are specified in the footnotes below. (cont'd)

ID Country Location Lat (°N) Long (°E) pH Land Use Geology Paleoge- Paleo 27Sr/%°Sr NDVI Rubrob- Eu/Eu* References
ography code acter %
EXT-48 Italy Chianti 43.756 11.556 7.5  Hillslope Galestro marly Apennine 2 0.7085 0.38 1.25 1.016 Labouyrie et al.
Vineyard fissile beds Basin (2023), Orgiazzi
et al. (2018)-
MGYS00005712
EXT-49 Spain Andalusia 37.008 -4.132 8 Mixed Olive  Calcareous silt Sub-Betic 2 0.7084 0.25 4.05 0.856 Gonzilez-Pimentel
(Milaga) & Citrus terraces Domain et al. (2026),
Grove Chala-Aldana et al.
(2026)
EXT-50 Republic of Brazzaville — -4.269 15.293 6.6 Tropical Stanley Pool  Central 4 0.7315 0.38 0.45 0.621 Kimbatsa et al
the Congo Urban/Forest Formation African (2023)

sandstones and Shield
alluvial quartz  (Congo

sands Craton)
EXT-51 Tunisia Medenine 33.662 10.802 8.4  Agroforestry  Calcareous Saharan 3 0.7095 0.08 7.55 0.869 Coleine et al.
(Southern (Olives/ desert crusts  Cratonic (2024)
Plain) Xerophytes) Margin
EXT-52 Morocco  Ouarzazate  31.234 -6.586 8.3  Sparse Desert Sedimentary  Anti-Atlas 2 0.7118 0.06 6.85 0.745 Alaoui et al.
(Pre-Sahara) Scrubland sandstones &  Structural (2026), Legeay

dry regolith ~ Domain et al. (2024)




EXT-53 Italy Chianti 43.816 11.616 7.5  Hillslope Galestro marly Apennine 0.7086 0.38 1.55 1.006 Labouyrie et al.
(Castellina) Vineyard fissile beds Basin (2023), Orgiazzi
et al. (2018)
- MGYS00005712
EXT-54 Spain Andalusia 37.068 -4.072 8 Mixed Olive  Calcareous silt Sub-Betic 0.7085 0.25 3.75 0.857 Gonzalez-Pimentel
(Milaga) & Citrus terraces Domain et al. (2026),
Grove Chala-Aldana et al.
(2026)
EXT-55 Italy Garda Lake  45.85 10.97 7.8  Coastal Olive Scaglia Rossa  Foreland 0.7087 0.35 1.65 1.028 Marchina et al.
(Sirmione) Orchard & glacial till  Basin (2018), Labouyrie
et al. (2023),
Orgiazzi et al.
(2018)
- MGYS00005712
EXT-56 Tunisia Medenine 33.722 10.862 8.6 Agroforestry  Calcareous Saharan 0.7092 0.08 7.25 0.844 Coleine et al.
(Southern (Olives/ desert crusts  Cratonic (2024)
Plain) Xerophytes) Margin
EXT-57 Morocco  Ouarzazate  31.294 -6.526 8.2 Sparse Desert Sedimentary  Anti-Atlas 0.7119 0.06 7.15 0.760 Alaoui et al. (2026)
(Pre-Sahara) Scrubland sandstones &  Structural
dry regolith  Domain
EXT-58 Italy Chianti 43.876 11.676 7.5  Hillslope Galestro marly Apennine 0.7087 0.38 1.25 1.008 Priori et al. (2019),
(Castellina) Vineyard fissile beds Basin Braschi et al.
(2018)
EXT-59 Spain Andalusia 37.128 -4.012 8.1  Mixed Olive Calcareous silt Sub-Betic 0.7086 0.25 4.05 0.848 Gonzalez-Pimentel
(Malaga) & Citrus terraces Domain et al. (2026),
Grove Chala-Aldana et al.

(2026)

(continued)



Table 1 Full landscape matrix of the complete macroecological, biogeochemical, and paleogeographic dataset for the genus Rubrobacter (n =76). The
selection of sampling points and the definition of their respective geographic coordinates do not follow the standard geometric grid of the European
monitoring project. Instead, they derive from a spatial adjustment model based on isotopic markers and Rare Earth Element (REE) distribution patterns. This
geochemical approach allowed for the isolation of the most representative edaphic and geological profiles for each target district (e.g., the morainic system
of Garda Lake, Italy or the limestone basin of Chianti, Tuscany, Italy). Once these specific geochemical reference coordinates were defined, the surface
edaphic parameters (land cover and pH) and the microbiological relative abundances of the genus Rubrobacter were extracted via spatial association,
sourcing respectively from the open-access e.g, European datasets LUCAS Soil (Orgiazzi et al., 2022). Primary literature sources and data repository codes for
each sampling point are specified in the footnotes below. (cont'd)

ID Country Location Lat (°N) Long (°E) pH Land Use Geology Paleoge- Paleo %7Sr/%°Sr NDVI Rubrob- Eu/Eu* References
ography code acter %
EXT-60 Italy Garda Lake 4591 11.03 7.8  Coastal Olive Scaglia Rossa  Foreland 2 0.7084 0.35 1.35 1.030 Marchina et al.
(Sirmione) Orchard & glacial till ~ Basin (2018), Labouyrie
et al. (2023),

Orgiazzi et al
(2018)
- MGYS00005712

EXT-61 Tunisia Medenine 33.782 10.922 8.5  Agroforestry  Calcareous Saharan 3 0.7093 0.08 7.55 0.860 Coleine et al.
(Southern (Olives/ desert crusts  Cratonic (2024)
Plain) Xerophytes) Margin
EXT-62 Egypt Western 29.55 -30.52 8.2 Sparse Desert Tertiary Neo- 2 0.7082 0.08 5.10 0.880 Korkar et al.
Desert Scrubland sandy- Tethyan (2022), Dhahbi
calcareous and Basin et al. (2025)
gypcrete Margin
deposits
EXT-63 Italy Chianti 43.936 11.736 7.5  Hillslope Galestro marly Apennine 2 0.7088 0.38 1.55 1.023 Priori et al. (2019),
(Castellina) Vineyard fissile beds Basin Braschi et al. (2018)
EXT-64 Spain Andalusia 37.188 -3.952 8 Mixed Olive  Calcareous silt Sub-Betic 2 0.7083 0.25 3.75 0.849 Gonzilez-Pimentel
(Malaga) & Citrus terraces Domain et al. (2026), Chala-

Grove Aldana et al. (2026)




EXT-65 Italy Garda Lake  45.97 11.09 7.8 Coastal Olive Scaglia Rossa  Foreland 0.7085 0.35 1.65 1.019 Marchina et al.
(Sirmione) Orchard & glacial till  Basin (2018), Labouyrie
et al. (2023),
Orgiazzi et al.
(2018) -
MGYS00005712
EXT-66 Australia Sturt Desert  -29.150 141.820 8.4  Arid Desert Archean Western 0.7221 0.07 2.60 0.565 Holmes et al.
(Olive Crust cratonic Australian (2000), Du et al.
Downs) quartzites Shield (2025)
EXT-67 Morocco  Ouarzazate  31.414 -6.406 8.3  Sparse Desert Sedimentary  Anti-Atlas 0.7121 0.06 7.15 0.752 Alaoui et al.
(Pre-Sahara) Scrubland sandstones &  Structural (2026), Legeay
dry regolith  Domain et al. (2024)
EXT-68 Algeria Tassili of 24.52 10.18 8.7  Desert Paleozoic Hoggar- 0.7115 0.05 2.74 0.750 Guellout et al.
Djanet sandstones, Tassili (2026)
desert quartzites &  Active
dry regolith  Shield
Margin
EXT-69 Spain Andalusia 37.248 -3.892 8 Mixed Olive  Calcareous silt Sub-Betic 0.7084 0.25 4.05 0.864 Gonzilez-Pimentel
(Milaga) & Citrus terraces Domain et al. (2026), Chala-
Grove Aldana et al. (2026)
EXT-70 Italy Garda Lake  46.03 11.15 7.8  Coastal Olive Scaglia Rossa  Foreland 0.7086 0.35 1.35 1.021 Marchina et al.
(Sirmione) Orchard & glacial till  Basin (2018), Labouyrie
et al., (2023),
Orgiazzi et al. (2018)
- MGYS00005712
EXT-71 Australia Sturt Desert - 29.120 141.850 8.4  Arid Desert  Archean Western 0.7224 0.07 9.90 0.564 Holmes et al.
(Olive Crust cratonic Australian (2000), Du et al.
Downs) quartzites Shield (2025)

(continued)



Table 1 Full landscape matrix of the complete macroecological, biogeochemical, and paleogeographic dataset for the genus Rubrobacter (n=76). The
selection of sampling points and the definition of their respective geographic coordinates do not follow the standard geometric grid of the European
monitoring project. Instead, they derive from a spatial adjustment model based on isotopic markers and Rare Earth Element (REE) distribution patterns. This
geochemical approach allowed for the isolation of the most representative edaphic and geological profiles for each target district (e.g., the morainic system
of Garda Lake, Italy or the limestone basin of Chianti, Tuscany, Italy). Once these specific geochemical reference coordinates were defined, the surface
edaphic parameters (land cover and pH) and the microbiological relative abundances of the genus Rubrobacter were extracted via spatial association,
sourcing respectively from the open-access e.g, European datasets LUCAS Soil (Orgiazzi et al., 2022). Primary literature sources and data repository codes for
each sampling point are specified in the footnotes below. (cont'd)

ID Country Location Lat (°N) Long (°E) pH Land Use Geology Paleoge- Paleo 37Sr/%°Sr NDVI Rubrob- Eu/Eu* References
ography code acter %
EXT-72 Morocco  Ouarzazate  31.474 -6.346 8.2 Sparse Desert Sedimentary  Anti-Atlas 2 0.7118 0.06 6.85 0.752 Alaoui et al.
(Pre-Sahara) Scrubland sandstones &  Structural (2026), Legeay
dry regolith ~ Domain et al. (2024)
EXT-73 Italy Basilicata 40.291 16.275 7.4 Sustainable Calcarenitic ~ Bradanic 2 0.7081 0.32 5.00 0.985 Fausto et al. (2018)
(Matera) Olive Orchard and calcareous Foredeep

sand deposits

EXT-74 Spain Andalusia 37.308 -3.832 8.1  Mixed Olive Calcareous silt Sub-Betic 2 0.7085 0.25 3.75 0.842 Gonzilez-Pimentel
(Malaga) & Citrus terraces Domain et al. (2026),
Grove Chala-Aldana et al.
(2026)
EXT-75 Algeria Oasis of 24.57 9.89 8.4  Dryland Quaternary Saharan 2 0.7089 0.40 1.00 0.880 Guellout et al.
Djanet (East) alluvial muds ~ Cratonic (2026)
and lacustrine  Basin
deposits
EXT-76 Tunisia Medenine 33.962 11.102 8.5  Agroforestry  Calcareous Saharan 3 0.7092 0.08 7.25 0.852 Coleine et al.
(Southern (Olives/ desert crusts  Cratonic (2024)

Plain) Xerophytes) Margin
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3. Mesozoic Passive Margins and Carbonate Platforms (Code = 3):
Dominated by extensive calcareous successions (e.g., Apulian Platform,
Dolomites, Paris Basin).

4. Paleozoic to Neoproterozoic Blocks (Code = 4): Representing inter-
mediate crustal stabilization (e.g., Yangtze Craton).

5. Archean Shields and Cratonic Cores (Code = 5): Constituting the ancient
end-member of continental crust evolution, including the Canadian
Shield, Western Australian Shield, and the Congo-Kasai Craton.

Metagenomic sequences and relative taxonomic abundances were
retrieved from the EMBL-EBI MGnify database (Gurbich et al., 2023) and
the NCBI Sequence Read Archive (SRA) repositories, with individual
study origins and corresponding bibliographic references comprehensively-
detailed in Table 1.

2.2 Geochemical tracers and paleogeographic classification

To decouple surface bioclimatic noise from deep geological leverage, the
maturity and geogenic origin of the soil substrate were tracked using Sr
radiogenic isotopic signature and REE fractionation proxies. The radio-
genic Sr isoscape was utilized to track crustal aging based on the global
compilation of bioavailable strontium isotope data by Stantis et al. (2026)

Crustal differentiation and rock legacy were quantified through the
Chondrite-normalized Europium anomaly (Eu/Eu*); that was calculated
using the geometric interpolation model of Taylor and McLennan (1985),
computed using the Eq. 1:

El/ll\v (1)
Smy X Gdn

where the subscript N denotes normalization against primordial Chondritic
meteoritic values (Sm = 0.192 ppm, Eu = 0.0722 ppm, Gd = 0.259 ppm).
Based on this paleogeographic and geotectonic framework, the datasets

Eu/Eu* =

were classified according to their evolutionary baseline:

o Active Tectonic Margins and Modern Forelands (Paleo_Class_Code = 1):
Geologically active, non-fractionated domains—such as the Active
Andean Margin (Atacama Desert, Eu/Eu* = 0.919), the Cordilleran
Accretionary Margin (Mojave Desert, Eu/Eu* = 0.805), and syn-oro-
genic foreland deposits (Po Valley, Eu/Eu* = 1.076). These settings
preserve flat rare earth element (REE) profiles mimicking pristine parent
lithologies due to continuous tectonic rejuvenation.
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e Stable Cratonic Shields and Ancient Basements (Paleo_Class_Code = 5):
Multi-billion-year-old stable domains—including the Western Australian
Shield (Eu/Eu* = 0.566), the Laurentia Cratonic Core (Eu/Eu* = 0.624),
and the Congo Craton (Eu/Eu* = 0.583). These old cratonic basements
display heavily depressed Eu anomalies (Eu/Eu* < 0.65) resulting from
protracted, multi-stage history of intra-crustal partial melting, high-grade
metamorphism, and granitic magmatic differentiation over billions of years,
driving the segregation of plagioclase into the lower crust (Taylor and
McLennan, 1985; Rudnick and Gao, 2003).

o Intermediate Orogenic and Carbonate Platforms (Paleo_Class_Code = 2,
3, 4): Transitional paleogeographic zones comprising active orogenic
belts, Tethyan passive margins, and extensive carbonate platforms
(e.g., Apulian Platform, Eu/Eu* = 0.953; Pelagian Platform, Eu/Eu* =
0.888), providing intermediate geochemical baselines.

Concurrently, the *’Sr/*Sr ratio was compiled to trace long-term
crustal aging and bioavailable cation inputs, capturing the baseline diver-
gence between young marine carbonates °’Sr/*Sr ~ 0.7075 - 0.7090) and
radiogenic cratonic targets (87Sr/865r >(.7150).

2.3 Environmental forcing and data fusion

The spatial framework is built upon the coupled integration of satellite remote
sensing and reanalysis datasets to define the bioclimatic boundary conditions of
the ECZ. Surface soil moisture (SM,qp, 0-5cm) is derived at high spatial
resolution from Copernicus Sentinel-1 Synthetic Aperture Radar (SAR)
observations. Subsurface soil moisture (SM,,;, 5-30 + cm) and multi-layer soil
temperature (T, are extracted from the ECMWEF ERA5-Land reanalysis
infrastructure (Munoz-Sabater et al., 2021; Munoz Sabater, 2019), averaged
over the 2020-2025 historical baseline period to define the present-day bio-
climatic state of each sampling station. To mitigate spatial resolution mis-
matches, a localized thermal inertia disaggregation framework based on NDVI
and near-surface hydric gradients was deployed to downscale ER A5-Land land
surface temperature grids to the finer Sentinel-1 spatial domain, building upon
foundational scale-invariance and disaggregation theories (Kustas et al., 2003;
Verstraeten et al., 2006; Agam et al., 2007). High-resolution surface vegetation
phenology and hydric constraints were extracted at a 10-meter nominal
resolution via GEE, utilizing robust cloud-masked annual median compositing
architectures from Sentinel-2 MSI and MODIS radiometers (Hansen et al.,
2013; Gorelick et al., 2017; Candra et al., 2020).
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Due to severe eco-climatological covariance between soil pH and the
Normalized Difference Vegetation Index (NDVI), which induced statis-
tical instabilities in initial models, an Aridity-Alkalinity Index (AAI) was
synthesized via standard normal Z-score transformations (Eq. 2):

AAI = Z-score (Soil_pH) — Z-score (Mean_NDVTI) ()

2.4 Cloud-based spatial modeling and random forest
architecture
Surface vegetative dynamics and topsoil constraints were extracted at high
spatial resolution using GEE, utilizing cloud-masked annual median time-
series from MODIS and Sentinel-2 sensors. To map the global biogeo-
graphy of the genus, a cloud-based Smile Random Forest regressor
(n =150 estimators) was executed in GEE (Breiman, 2001; Li, 2014) using
synchronized continuous layers: an analytical proxy for soil pH calibrated
against global geogenic trends (Hengl et al., 2026), annual median NDVI,
and a bioavailable Strontium isoscape framework (Bataille et al., 2020). The
regression model was trained on the metagenomic matrix (n=76) using
continuous relative abundance data (abund), tracking macroecological
dominance via Mean Decrease Gini feature importance metrics.
Concurrently, an advanced multiclass Random Forest Classifier (n = 250
estimators) was implemented to assess the structural boundaries of distinct
geogenic lineages. Sites were partitioned into a categorical framework repre-
senting ancient weathered saprolites (Class 0), youthful calcareous marine
carbonates (Class 1), and saline-sodic evaporitic environments (Class 2). Model
performance and lineage discrimination capacity were robustly validated using
a Stratified 5-Fold Cross-Validation routine coupled with Receiver Operating
Characteristic—Area Under the Curve (ROC-AUC) diagnostics.

2.4.1 Algebraic OLS engine, variable importance metrics, and model
validation

To evaluate baseline spatial trends and ensure analytical consistency across
deterministic runtime environments, a parallel multiple linear regression
engine was constructed natively using pure matrix algebra. The model
design matrix (X) was compiled using standardized continuous environ-
mental predictors, augmented with a vector of ones to resolve the structural
intercept (Bp). The Ordinary Least Squares (OLS) solution vector () was
solved directly via the algebraic normal Eq. 3:

p= XXXy @)
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Where Y represents the vector of observed metagenomic abundances.

Residual validation and predictive robustness were evaluated by cross-

referencing OLS outputs with the non-linear Random Forest regressor,

computing the final Model RMSE and predictive coefficient of determi-
. N

nation (R%) via Eq. 4:

Z?:l (Y, - )?,)2
27:1 - 7)?

where the numerator represents the regression sum of squares (SS,c),

R=1- 0

which quantifies the variance explained by the model, and the denomi-
nator represents the total sum of squares (SS,.;), which measures the total
baseline variability of the data.

2.4.2 Stratified 5-fold cross-validation and ROC-AUC diagnostics

To ensure robust model generalization and minimize overfitting artifacts
induced by the highly skewed distribution of the metagenomic dataset
(n=76), the multiclass Random Forest classifier was validated using a strict
Stratified 5-Fold Cross-Validation routine. The sampling matrix was par-
titioned into five independent folds, ensuring that the relative proportion
of each geogenic class — ancient weathered saprolites (Class 0), youthful
calcareous marine carbonates (Class 1), and hyper- saline-sodic evaporitic
environments (Class 2) — was strictly preserved across all training and
validation iterations.

During each validation cycle, four folds were aggregated to train the
decision trees (n = 250), while the remaining independent fold was utilized
to test classification sensitivity and specificity. The deterministic prediction
vectors were evaluated via Receiver Operating Characteristic (ROC) ana-
lytics. The continuous trade-off between the True Positive Rate (Sensitivity)
and False Positive Rate (1 — Specificity) was computed individually for each
target class, solving the Area Under the Curve (ROC-AUC) integrals to
structurally quantify the diagnostic accuracy of the machine learning engine
across highly divergent deep-time geological basements.

2.5 Mathematical modeling of Rubrobacter RuBisCO kinetics

To quantify the planetary cooling potential of Rubrobacter-mediated che-
mical weathering, we developed a mechanistic biogeochemical framework
coupled with the Soil Model for Enhanced Weathering (T&C-SMEW;
Zhang et al., 2025). This model operates by resolving the physical
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limitations imposed by soil temperature and moisture on RuBisCO
kinetics, subsequently routing the generated inorganic chemical fluxes
through a dynamic transport-reaction scheme.

The dark carbon fixation rate driven by the Form IE RuBisCO enzyme
of Rubrobacter (Frysisco, mol C m > day_l) is formulated using an explicit
Michaelis-Menten kinetic framework modulated by multi-parametric
environmental stress functions (Eq. 5):

[COZ(gas)]
[COZ(gas)] + Kc (T)

Frupisco = Brubro I/max(’T) 'f(’I;oil) f(SM) ' (5)
Where Bp,. 1s the active biocatalytic biomass density (g cells m73), Vinax (T)
is the temperature-dependent maximum specific carboxylation velocity
(mol C g " cells day™ ), [COxgag] 1s the gaseous CO, concentration within
the soil macro-pores (ubar), and K/(T) is the temperature-dependent
Michaelis constant representing the substrate affinity of Form IE RuBisCO
for CO,. This micro-kinetic formulation integrates foundational biochem-
ical modeling architectures originally established by Farquhar et al. (1980) for
Michaelis-Menten RuBisCO dependency, structurally modified to incor-
porate unimodal thermal performance scaling functions (Bricre et al., 1999)
alongside ecohydrological moisture attenuation schemes derived from the
T&C framework (Zhang et al., 2025).

The thermal response function f{T,,;) represents the ultra-extremophilic
nature of the genus, modeled via a modified asymmetric Briere equation to
capture the high-temperature tolerance up to the enzymatic denaturing
threshold (Garcia-Pichel et al., 2013) (Eq. 6):

: ﬂoil : (Ts‘oil - ’T;nin) : 7:113)( - T;oil 5 T;nin < T;oil < T;nax
01 T;oil <'1—1‘nin or T:Oil > T;n:lx

(6)

Where a is an empirical normalization factor, Ty, =5 °C is the lower meta-

bolic boundary, T, = 65 °C is the absolute denaturing limit, and the optimum
catalytic activity is constrained within the Ty =45 °C — 52 °C range.

The hydric stress function f{SM) accounts for the preference of

f(Ton) = {

Rubrobacter for unsaturated, aerated conditions, which are required to
maintain high oxygen diffusion and trace gas uptake (H,/CO) while pre-
venting cell desiccation (Moyano et al., 2012; Zhou et al., 2014) (Eq. 7):

SMeg — SMop ]2]

f(SM) = exp [—0.5[ @)
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Here, SM.g is the depth-weighted effective soil moisture calculated
from the combined topsoil (SM,p) and subsurface (SMy,) layers, SMp
represents the optimal moisture window (0.15—0.25 m’m™), and g,
governs the functional width of the hydric niche.

2.6 Enzymatic parametrization and thermal dependencies

Unlike the Form I RuBisCO found in vascular plants, the Form IE variant in
Rubrobacter is evolutionary tuned to sub-ambient CO, partial pressures. At
the reference temperature Tr.r = 298.15 K (25 °C), the Michaelis constant
for liquid-phase CO, is parameterized at K, (25 °C) = 2.5 X 107> mol !
(25 uM) (Banda et al., 2020; Gorelick et al., 2017). Utilizing Henry’s Law
constant (Kpy = 0.034 mol I"latm™), this is converted to an equivalent
pore-gas threshold of K, (g, (25 °C) ~ 735 ubar (% 735 ppm). The thermal
dependency of K(T) is dynamically resolved via the Arrhenius relationship
(de Pins et al., 2024; Bernacchi et al., 2001) (Eq. 8):

AH, 1 1
K( T) = K( T;a : Sl - =
(T) ( f) eXP[ R (nf] (7;0{1)

where AH, = 60 k] mol™! is the activation energy for CO, affinity, and R is
the universal gas constant (8.314 mol ' K™").

®)

The specific carboxylation capacity is parameterized assuming that
RuBisCO comprises approximately 3 % of the total soluble protein pool in
oligotrophic Actinomycetota, with a single-site turnover rate (k) of
255" at 25°C (Tabita et al., 2007). This yields a base velocity
Vinax (25 °C) = 2.4 X 107* mol C g~! dry biomass day™'. When coupled to
Eq. (2), the progressive thermal activation scales V,,..(T) up by a factor of

3—4 at the enzymatic optimum (7T,,, = 48 °C) (Bernacchi et al., 2001).

opt

2.7 Bioweathering and transport-reaction coupling

The consumption of inorganic carbon via Eq. 5 generates a localized
biological feedback mechanism on silicate dissolution. While direct CO,
drawdown reduces carbonic acid availability, metabolic activity by
Rubrobacter releases organic ligands and protons (H') at the cell-mineral
interface. The standard abiotic kinetic dissolution rate (R,pi,, mol m=%s~1),
is formulated using the transition state theory framework for mineral
kinetics (Lasaga et al., 1994; Palandri and Kharaka, 2004). In the SMEW
geochemical solver (Bertagni et al., 2025), the standard abiotic kinetic
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dissolution rate (R0, mol m™2s™1) is modified by a biological amplifica-
tion factor (ay;,; Taylor et al., 2012) (Eq. 9):

Rtotal = ahm Apio = Z km : m : 1 - QI'") "l (1 +7v- FRuBisCO) (9)

where k,, is the rate constant for mineral m, ay+ is the proton activity, Q,, is
the mineral saturation state, and ¥ is the bioweathering coupling coefti-

cient, parameterized at y = 3.5 X 10? m® day mol~!. This value reflects the
stoichiometric ratio of 0.1-0.4mol of H" extruded per mole of fixed
CO; via downstream metabolic and maintenance pathways, providing a
1.5-3-fold local amplification of baseline mineral dissolution rates (Taylor
et al., 2012; Wild et al., 2022).

To upscale these point-scale geochemical reactions to a macro-scale
geological framework, the vertical transport of weathered ions (Ca",
Mg”*, and HCO3") is coupled to a one-dimensional advection-dispersion
equation integrated over the river routing network (Steefel and Lasaga,
1994) (Eq. 10):

2(0-C)) 0 ( OC,') 0C;
= 7 Dh - |~ qw S
ot 0z 0z 0z

+ Riorl,i — Rmicp,i (10)

where 6 is the soil porosity, C; is the concentration of the i-th chemical
species, Dj, is the hydrodynamic dispersion coefficient, and ¢, (m s™') is the
vertical water flux (volumetric discharge per unit area) derived from the
climate model’s hydrological runoft.

The term Rycp,; models the Microbially Induced Carbonate
Precipitation occurring directly on the Rubrobacter cell wall matrix, which
acts as a function of calcite saturation state (Qcycire) and biological template
availability (Bpubro = 0.05—0.5 g m~) (Rodriguez-Navarro et al., 2012;
Wilson et al., 2025):

Ryicp = kprccip * Brubro (Qca]cite - 1)g for Qeateiee > 1 (11)

The net geological carbon sequestration efficiency is finally computed
by evaluating the integrated riverine transport of unprecipitated HCO3 to
global ocean sinks, validated against hydrochemical baselines from the
Global River Chemistry Database (GLORICH; Ouellet Dallaire et al.,
2019, 2020) and Global Lithological Map (GLiM; Hartmann and
Moosdorf, 2012) databases.
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2.8 Mechanistic SMEW- GLiM coupling and spatial cloud
computing pipeline

To quantify the planet-scale carbon mitigation potential of the genus
Rubrobacter, we coupled high-resolution microbial kinetic data extracted from
76 distinct global sampling stations with the Soil Model for Enhanced
Weathering (T&C-SMEW) framework. This mechanistic framework expli-
citly bridges biological carbon dioxide fixation rates (Fgr,pico) with macro-
scale hydrological routing systems and downstream river hydrochemistry.

The kinetic engine of the model utilizes a modified asymmetric Briere
et al., 1999 function to simulate temperature-dependent enzymatic constraints
on Form IE RuBisCO kinetics, under an atmospheric carbon dioxide forcing
scenario projecting toward the year 2100 (e.g., SSP5-8.5 at 850 microbar).
The microbially accelerated chemical fluxes are routed through regional
regolith profiles to compute solute mass flux to the soil solution. The vertical
transport of these microbially driven ions is controlled by the soil moisture
status (SM,p and the net hydrologic vertical flux (g,, m/day), defined by
downscaling the regional annual water balances (m/year) to a daily operational
time-step, defined by regional water balances.

To validate the macro-scale partitioning of dissolved inorganic carbon
(DIC) exports, riverine chemical compositions were calibrated against
global baselines extracted from the GLORICH and the GLiM databases
(Table 2). Surface and sub-surface runoft values were downscaled across
five macro-geogenic settings to accurately determine the hydro-chemical
leaching potential of each representative critical zone workspace.

The mass-balance governing carbon partitioning between Microbially
Induced Calcite Precipitation (Rpcp, mol m > d_l) and dissolved riverine
bicarbonate export (Ryjcos, mol m ™ day™') is mathematically resolved via
Eq. 12 (Wilson et al., 2025):

Ricos = (Frusisco * 7) — Rmice (Eq. 12)

where y represents the biological weathering scaling coefficient (m > d mol ™).
The kinetic precipitation term (Ryycp) is driven by active Rubrobacter biomass
density (Brubro» & m_S) and the local saturation state of the solution with
respect to calcite (Qeacice), defined as:

RMICP = kprecip ' BRubro ' (Qcalcite - 10) for Qcalcite > 1.0 (13)
where kpreqip is the kinetic precipitation rate constant (dayﬂ). If

Qeateiee £ 1.0, Rypep 1s structurally fixed to zero (Plummer and Busenberg,
1982).



Table 2 Hydrological parameters and hydrochemical calibration baselines across the five macro-geogenic lineages utilized in the SMEW-

GLiM coupling framework (2100 Projections).

Geogenic class Mean runoff Baseline Initial Target river sink
(model class) (g, m/year) pH Qcalcite (GLORICH/GLiM)

Class 2 (Arid Evaporites) 0.05 + 0.02 8.4+ 0.2 5.8 Sahel Basin/Endorheic
Class 1 (Young Carbonates) 0.45 + 0.12 7.6 £0.3 2.5 Po River/Adriatic Sink
Class 3 (Mesozoic Margins) 0.62 + 0.15 7.5+ 0.2 1.6 Mediterranean/Tethyan
Class 4 (Paleozoic Blocks) 0.85 + 0.22 6.5+ 0.4 0.9 Yangtze Basin Block
Class 0 (Ancient Cratons) 1.15 + 0.31 51 +0.6 0.2 Canadian Shield Sinks




30 Samuel Pelacani and Maria Teresa Ceccherini

The hydrological and hydrochemical baseline attributes characterizing
Class 3 (Mesozoic Margins) - featuring a projected mean runoff of
0.62 £ 0.15m/year, a baseline pH of 7.5+ 0.2, and an initial calcite
saturation index (Qcie) ©of 1.6-are explicitly calibrated against
riverine networks draining Mesozoic carbonate platforms and Tethyan
passive margin domains. In our spatial routing framework, this class routes
microbially enhanced dissolved inorganic carbon loads into the following
major catchments monitored by the GLORICH and GLiM databases
(Table 2):

(i) Southern Alpine and Dolomitic Networks (e.g., CORE-11): Fluvial
pathways such as the Adige, Piave, and Brenta rivers, which process
solutes from Triassic carbonate strata and discharge directly into the
Northern Adriatic basin.

(i) Central Apennine and Tuscan Basins (e.g., CORE-06, EXT-28, 33, 38):
Drainage network of the Ombrone and Arbia river systems, which inter-
cept chemical weathering fluxes from Alberese limestones and Galestro
marly fissile beds within the Chianti Classico domain.

(iif) Attic-Cycladic Metamorphic Core Catchments (e.g., CORE-14):
Seasonal and torrent-dominated networks of the Cephissus and Ilissos
rivers draining Mesozoic marbles and schists across Mount Hymettus
in Greece.

The convergence of these distinct basin establishes the broader
Mediterranean/Tethyan oceanic sink as the final thermodynamic reposi-
tory for stable bicarbonate export (Ryco3s) generated within this geogenic
lineage under late-century climate scenarios.

The hydrological and hydrochemical baseline attributes defining
Class 0 (Ancient Cratons) - characterized by a high mean runoff of
1.15+ 0.31 m/year, a highly acidic baseline pH of 5.1+ 0.6, and an
extreme calcite undersaturation (Qgeee = 0.2) — are calibrated across
ancient stable cratonic systems spanning two distinct continents. In our
spatial routing framework, this class maps thermodynamic constraints
across heavily leached, unreactive crystalline matrices:

(i) Northern Laurentia Shield Networks (e.g., CORE-19): Fluvial drai-
nage across cryogenic zones and crio-turbated Archean granitic gneisses
within the Canadian Shield workspace.

(ii) Congo Craton Stabilized Core Catchments (e.g., CORE-21): Deep
tropical weathering networks routing chemical arrays through ancient,
cation-depleted basement saprolites within the Kasai Craton domain in
Angola.
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Due to the superior hydrochemical data density available in the
GLORICH and GLiM repositories for high-latitude stable shield envir-
onments, these configurations were combined under a unified Cratonic
Sink modeling node. Under late-century warming vectors, both geo-
graphical endmembers exhibit complete biological weathering suppression
and zero in-situ carbon mineralization efficiency, functioning as absolute
unreactive thermodynamic blocks within the global critical zone network.

The hydrological and hydrochemical baseline profiles defining Class 4
(Paleozoic Blocks) - characterized by a projected high mean runoff of
0.85 + 0.22 m/year, a near-neutral baseline pH of 6.5+ 0.4, and a struc-
tural calcite undersaturation (Qcyeee = 0.9) - are specifically calibrated
against drainage networks of ancient Paleozoic and Neoproterozoic tec-
tonic blocks. In our spatial routing framework, this lineage maps the
hydrochemical constraints of intermediate-age terrains, focusing primarily
on the following geographical domain:

(i) Yangtze Cratonic Block Fluvial Networks (e.g., CORE-17): Major
river systems and secondary tributaries within the broader Yangtze
River Basin (e.g., draining toward the Junshan region in Hunan), which
route chemical fluxes across heavily modified sedimentary platforms,
Paleozoic metamorphic sequences, and clay-rich agricultural soils.
Within the SMEW-GLIM coupling framework, the Yangtze Basin

Block functions as a key transitional modeling node. Under late-century

climate scenarios (SSP5-8.5), the slightly acidic to neutral chemical baseline

prevents any localized in-situ Microbially Induced Calcite Precipitation

(0% MICP efficiency). Consequently, while the absolute magnitude of the

carbon flux is restricted by the intermediate availability of divalent cations,

100 % of the microbially mobilized carbon is exported exclusively as dis-

solved riverine bicarbonate (HCO3) toward the East China Sea oceanic

sink.

To fully map the macro-scale routing engine, the remaining hydro-
chemical and fluid-dynamic domains are calibrated across two high-flux
endpoints of our global critical zone workspace:

Class 2: (Arid Evaporites) — Sahel Basin / Endorheic Networks (e.g.,
CORE-04, 05, 18, 23, 24; EXT-26, 31, 36, 41, 46, 51, 56, 61, 76; Table 1):
Characterized by a restricted projected runoft of 0.05 + 0.02 m/year, a
strongly alkaline baseline pH of 8.4 £ 0.2, and a severe calcite supersaturation
(Qealcite = 5.8). This settings maps hyper-arid and semi-arid endorheic
catchments, draining fluxes from calcretes, gypsiferous crusts, and nitrate-
bearing volcanic complexes across the Sahel Basin (Tunisia), the Pre-Sahara
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structural domain (Ouarzazate, Morocco), the Tabernas Desert and Malaga
networks (Spain), the Mojave and Atacama desert cores, and the Sturt Desert
(Australia). Under late-century warming, the lack of hydrological flushing
confines solute migration, driving mass mineralization inside the local soil
matrix.

Class 1 (Young Carbonates) — Po River / Adriatic Sink (e.g., CORE-
01, 02; EXT-25, 30, 35, 40, 45, 55, 60, 65, 70, 75; Table 1): Characterized
by a stable projected runoft of 0.45+ 0.12m/year, a baseline pH of
7.6 £ 0.3, and a moderate supersaturation index (Qeycie = 2.5). This high-
efficiency domain maps active alluvial and fluvioglacial systems across the
Padane Foreland Basin (Ferrara) and the sub-alpine Garda Lake catchment
(Sirmione and Bardolino), characterized by Holocene alluvial muds, Scaglia
Rossa strata, and morainic till. The constant water balance allows these
channels, monitored via the Po River hydrochemical node, to act as rapid
conduits transporting dissolved stable inorganic alkalinity directly into the
Northern Adriatic sink.

3. Results

3.1 Macroecological modeling framework: From baseline
covariance to optimized geochemical coupling

A baseline Ordinary Least Squares (OLS) regression framework was fitted
using individual environmental and geochemical predictors to model the
relative abundance of the genus Rubrobacter as the dependent variable. This
preliminary model yielded an apparent high coefficient of determination,
explaining 92.17 % of the total variance (R* = 0.9217) with the model
intercept resolved at P, =3.8026. Within this initial formulation, the
standardized regression coefficients highlighted distinct geochemical and
ecological relationship: soil pH acted as a strong positive driver (B =
+0.9228), whereas NDVI (mean NDVI) emerged as a critical limiting
factor (Bnpvr = —1.5021).

Crucially, the bedrock and isotopic proxies in this baseline model
revealed strong crustal coupling. The bioavailable strontium isotope ratio
(*’Sr/°Sr) displayed a moderate negative correlation (s, = —0.3892),
while the Europium anomaly (Eu/Eu*) exerted a prominent negative
weight (g, = —0.8352). Because low Eu/Eu* ratios characterize heavily
differentiated Archean shields and ancient cratonic blocks, this inverse
relationship mathematically demonstrates a higher affinity of the target
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variable for highly weathered, older continental domains over young,
tectonically active magmatic belts or carbonate basins. However, despite its
explanatory power, this individual predictor architecture suffered from
severe multicollinearity and variance inflation due to the intense biophy-
sical covariance between modern climatic layers and soil properties.

To mitigate architectural redundancies, climatic covariance was used for
a novel macroecological metric: the Aridity-Alkalinity Index (AAI). For
each geographical coordinate, the aridity index was computed as the
complement of the UNEP/FAO aridity index using Mean Annual
Precipitation (MAP) and Mean Annual Potential Evapotranspiration
(MAE) extracted from high-resolution global layers. This climatic com-
ponent was then mathematically coupled with the standardized z-score of
the local soil pH to reflect soil alkalinity trends. The integrated AAI for
each sample matrix was defined as follows:

MAP; ) [ Soilpn; = iyp
MAE;

(14)

AAL = (1 -
JpH

Where 15 and 6,4 represent the empirical mean and standard deviation of
the soil pH across the entire dataset (n=76). By compressing these
redundant environmental vectors into a single orthogonal metric, the
structural collinearity within the OLS pipeline was resolved, reducing
the respective Variance Inflation Factor (VIF) to an optimal baseline of
1.450 (Table 3).

The resulting optimized OLS macroecological model achieved an
exceptional and statistically stable fit (R* = 0.9220), n=76; Fig. 2),
demonstrating that over 92% of the global distribution variance of
Rubrobacter is robustly controlled by the integrated geo-environmental layers.

Table 3 Multicollinearity diagnostics and predictor VIF weights for the opti-
mized framework.

Macroecological predictor component Calculated VIF
Aridity-Alkalinity Index (AAI) 1.450
Paleogeographic Tectonic Code 1.210
87Sr/%Sr Isoscape 1.320
Europium Anomaly (E;‘*) 1.380
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The finalized empirical OLS solution vector estimated the standardized
weights for the structural predictors as follows:

Yrubrobacter = 2.14 + 2.24(AAI) + 0.22(Paleo) — 0.42(*'Sr/*Sr)
— 0.18 (Eu/Ex)

(15)

Furthermore, the model’s robust generalization capacity was confirmed
by a 5-Fold Cross-Validation routine, which converged on an aggregate
Test RMSE of 0.807, supporting the reliability of the geogenic coefficients.
We note that while the OLS engine provides an exceptionally high fit
(R* = 0.922) to evaluate the geogenic influence of Sr isotopes on
Rubrobacter distribution, it can generate negative predicted values near the
zero boundary. To maintain biological realism and prevent mathematical
artifacts, predicted relative abundance values falling below zero were
truncated to 0% using a non-negativity filter before being propagated into
the downstream SMEW carbon fixation kinetics module.

The macroecological landscape of Rubrobacter revealed an intimate link
between deep geogenic structures and modern bioclimatic parameters
(Fig. 2). The positive weight of the Aridity-Alkalinity Index (Paa;r =
+2.24) confirms a primary eco-physiological requirement for low vege-
tative cover (NDVI) and high soil base-saturation profiles. In hyper-arid
settings such as Sfax (Tunisia) and Atacama (Chile), the influx of modern
atmospheric precipitation drives calcium carbonate accumulation, directly
optimizing the alkaline niche space required for these pink-pigmented,
carotenoid-producing cells to withstand severe solar irradiance.

To visualize the intersection of deep-time geological settings and
modern microbial ecology, we mapped the metagenomic relative abun-
dance of the genus Rubrobacter onto a three-dimensional biogeochemical
topography space (Fig. 3). The topography reveals a highly constrained,
non-linear distribution of Rubrobacter across the global soil continuum
(n="76). Maximum population dominance (represented by the elevated
Z-axis peaks and expanded sphere volumes; Fig. 3) is tightly clustered
within a specific geochemical characteristics. This optimal niche space is
strictly defined by unradiogenic marine carbonate platforms strontium
signatures (*'Sr/%°Sr ~ 0.7075-0.7090) such as the Mesozoic limestones of
Alta Murgia (Apulia, Italy) and the Dolomites and distinct, chondrite-
normalized Europium anomalies (Eu/Eu* > 0.70).

Conversely, stable Proterozoic and Archean cratons (Canada, Angola,
India) exhibit depleted Rubrobacter populations. In these ancient domains,
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Fig. 2 OLS multiple linear regression plot for the optimized AAl framework. The
scatter alignment visualizes predicted versus observed metagenomic relative abun-
dances across the evaluated matrix (n=76). The red dashed line establishes the 1:1
perfect fit baseline, assessing the sample distribution against standardized climatic
and geogenic coefficients (Baa = +2.24, Bs, = —0.42).

billions of years of tectonic stability have led to extreme chemical weath-
ering and quartz-rich, saprolitic profiles, shifting the Europium anomaly to
highly fractionated values (Eu/Eu*<0.55) and accumulating highly
radiogenic strontium. The Holocene “age-zero” benchmark of the Po
Valley (Italy) provides the necessary baseline to track this evolutionary
trajectory of the regolith. By projecting these dynamics onto a three-
dimensional biogeochemical space, this framework demonstrates how
coupling isotope geology with satellite remote sensing delineates the deep-
time geological drivers of modern microbial ecology.
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Ecological Topography Space of Genus Rubrobacter
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Fig. 3 Three-dimensional biogeochemical topography landscape of the genus
Rubrobacter. The vertical axis (Z) displays the metagenomic relative abundance (%)
across global soil samples (n=76), plotted against the chondrite-normalized
Europium anomaly (Eu/Eu*, x-axis) and the geogenic traced 37Sr/%6Sr (Y-axis).
Individual soil metagenomes are plotted as discrete spheres with black outlines,
where sphere volume is proportional to population dominance, color-coded along a
quantitative Yellow-Orange-Red (YIOrRd) gradient. The cubic box aspect ratio is
constrained mathematical (1, 1, 0.8) to eliminate structural distortion induced by
narrow isotopic ranges isotopic ranges.

To resolve the explicit boundaries of Rubrobacter habitats, we projected the
metagenomic data into a two-dimensional geochemical space defined by crustal
provenance metrics (Eu/Eu* vs. ®’Sr/*°Sr), applying eigenvalue decomposition
to delineate 95 % statistical confidence ellipses (Fig. 4). This projection reveals a
clear macroecological partitioning across three distinct geological domains. The
first cluster encapsulates the primary ecological optimum for the genus, char-
acterized by a homogeneous population of high dominance situated on Med-
iterranean and arid carbonate platforms (e.g., Tunisia, Andalusia, Murgia -
Apulia). These young, unradiogenic limestones provide the ideal alkaline and
calcium-rich baseline required to stabilize the taxon’s niche.In stark contrast, a
second distinct ellipse isolates a zone of extreme biological depletion. This space
corresponds to stable Proterozoic and Archean cratonic shields and permafrost
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Rubrobacter Macroecological Niches in the Geochemical Space
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Fig. 4 Macroecological niches clustered within the 2D geochemical space. The scatter
plot illustrates the interaction between Eu/Eu* (X-axis) and &”Sr/3Sr (v -axis), overlaid
with 95 % statistical confidence ellipses calculated via eigenvalue decomposition. The
green ellipse delineates the homogeneous, high-dominance niche of Mediterranean
and arid carbonates (e.g., Tunisia, Andalusia, Puglia, Murgia). The red ellipse encap-
sulates the heavily weathered, depleted ancient cratonic shields and permafrost
domains (e.g., Canadian Shield, Kasai Craton). The blue ellipse marks active margins
and recent fluvio-glacial systems, benchmarked by the Holocene “age-zero” alluvial
plain of the Po Valley.

domains (e.g., Canadian Shield, Kasai Craton), where billions of years of tec-
tonic stability and relentless chemical weathering have stripped away labile bases,
leaving fractionated Eu profiles and highly radiogenic Sr matrices that inhibit
population expansion. Finally, a transitional evolutionary domain captures active
tectonic margins and recent fluvio-glacial deposits. This space is stratigraphically
anchored by the Holocene “age-zero” alluvial plain benchmark of the Po
Valley, which serves as a crucial baseline for tracking the regolith’s geochemical
trajectory. Together, these results demonstrate that Rubrobacter distribution is
not merely governed by modern climate; rather, its macroecological footprint is
strictly bound to deep-time lithological evolution and crustal history.
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3.2 Spatial modeling and geogenic drivers of rubrobacter
abundance

To evaluate the global distribution and ecological constraints of Rubrobacter
(Fig. 5), a predictive Random Forest (RF) regression model was trained
using the complete metagenomic database (n=76). The model demon-
strated robust predictive capacity, explaining 68.87% of the global variance
in Rubrobacter relative abundance (R = 0.6887) with a low overall root-
mean-square error (RMSE = 1.72%).

The computational exclusion of the northernmost high-latitude eco-
systems (e.g., Arctic tundra, permafrost zones, and permanent glacial
shields) from the continuous global prediction raster is mathematically
determined by a strict biological and physical mask alignment. First, sub-
surface and topsoil climate reanalysis data extracted from ER A5-Land over
these boreal sectors register persistent, multi-decadal annual mean tem-
peratures far below the absolute lower metabolic threshold of the genus
(Tinin = 5.0°C) defined within the asymmetric Briere function. Second,
the OpenLandMap-soildb framework (Hengl et al., 2026) classifies these
regions under non-soil categories due to permanent ice cover or cryo-
turbation, leaving edaphic covariates such as pH mathematically undefined.
To prevent biologically impossible machine learning extrapolations over
non-functional, sub-zero cryosols, these northern high-latitudes were
intentionally masked from the final Earth Engine runtime environment.

Analysis of the Gini feature importance weights revealed a co-regulated
control network where vegetation density (NDVI, score: 128,594.74)
emerged as the primary predictor, followed by bedrock-derived strontium
isotope signatures (Sr isoscape, score: 114,759.05) and soil alkalinity (pH,
score: 110,925.51). The close alignment in importance scores among the
three predictors indicates that Rubrobacter biogeography cannot be resolved
by a single environmental factor, but is instead governed by an inter-
connected hydro-geochemical triad within the ECZ.

The continuous global prediction raster generated by the Random Forest
model (Fig. 5) showcases a highly compartmentalized macroecological dis-
tribution of Rubrobacter, tightly constrained by continuous geogenic and
surface vegetative gradients. The highest predictive hotspots (relative abun-
dance projections >10 %; Fig. 5) are strictly localized within hyper-alkaline
evaporitic basins and arid corridors, including the Saharan-Sahelian domain,
the Arabian Peninsula, the endorheic basins of Central Asia (e.g., Gobi and
Taklamakan deserts), and the interior shields of Australia (Sturt Desert).
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Fig. 5 Predictive macroecological mapping of the soil genus Rubrobacter using cloud-
based Machine Learning. The continuous raster surface in panel (A) indicates the pre-
dicted relative abundance (%) generated via the GEE Smile Random Forest regression
engine, overlaid with metagenomic sampling stations (n =76; white circles) across key
geochemical benchmarks; overall model performance and uncertainty are quantified by
spatial cross-validation metrics (R> = 0.689, RMSE = 1.72%). Panel (B) displays the
classified macroecological distribution surface generated via QGIS. Spatial gaps and the
exclusion of northern high-latitude boreal/Arctic sectors in the classified map are dic-
tated by the boundaries of the underlying geogenic predictor layers. These areas are
masked because their historical and baseline thermal regimes fall entirely below the
lower metabolic boundary of the Rubrobacter RuBisCO enzyme (T, = 5.0°C), and
because functional soil layers (OpenLandMap pH) are undefined over permanent ice
sheets and cryoturbated basements, preventing meaningful ecological predictions. Map
projection: Geographic Coordinate System WGS84 (EPSG:4326) for both panels. Map
lines delineate study areas and do not necessarily depict accepted national boundaries.

Conversely, the ML engine resolves a near-complete structural exclusion
across low-pH, highly weathered cratonic basements (e.g., the Kasai Craton in
equatorial Africa and the Canadian Shield) as well as high-biomass humid
zones, where dense vegetative cover (NDVI>0.60) dampens surface solar
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exposure and generates acidic organic topsoils. Intermediate macroecological
dominance is successfully mapped across youthful marine carbonate platforms
and active orogenic belts, particularly throughout the Mediterranean Basin,
effectively validating the model’s capacity to decouple complex lithological
legacies from simple latitudinal or macroclimatic controls.

The diagnostic validation of a complementary multiclass RF classifier,
trained on a well-characterized subset of real sampling stations representing
distinct lithological extremes (n=24), yielded near-perfect classification
trajectories across the geogenic continuum (Fig. 6). The algorithm
demonstrated exceptional discriminative accuracy in isolating the hyper-
alkaline evaporitic niche of Saline-Sodic hotspots, reaching an Area Under
the Curve (AUC) of 0.995. Similarly, the model decoupled the specific

Multiclass ROC Validation for Rubrobacter Macroecological Niches
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Fig. 6 Multiclass Receiver Operating Characteristic (ROC) validation curves for Rubrobacter
geogenic niches. The plot illustrates the deterministic cross-validated sensitivity versus
specificity profiles executed via Python using a specialized subset of validation stations
(n=24). The model resolves a near-perfect diagnostic capacity for ancient cratonic
saprolites (gray line, AUC = 0.991), youthful calcareous marine carbonate platforms (blue
line, AUC = 0.969), and extreme evaporitic saline-sodic basins (crimson line, AUC = 0.995).
The random classification baseline is defined by the light gray dashed diagonal.
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geogenic footprint of ancient, highly-leached cratonic Saprolites with an
AUC of 0.991, while the distinct signature of Calcareous Regoliths was
isolated with a robust AUC of 0.969.

3.3 Mechanistic quantification of seasonal RuBisCO fixation
fluxes

The integration of Rubrobacter-driven carboxylation kinetics into the dual-
era forcing framework (n=76) resolved a massive planetary scale-up in
carbon sequestration capacity by the year 2100 (Fig. 7). In the historical
baseline window (2020-2025), chemical carbon fixation was structurally
suppressed during winter seasons, with Fppis;co medians hovering within
an infinitesimal range (10~ to 10™® pmol C m ™ d™'). This metabolic
arrest is directly due to low-temperature constraints acting on the asym-
metric Briere function, which triggered systemic enzyme dormancy across
temperate, alpine, and subpolar domains (e.g., Po Valley, Dolomites, and

Mechanistic Modeling of Form IE RuBisCO Carboxylation Kinetics (n=76)
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Fig. 7 Mechanistic Form IE RuBisCO carboxylation fluxes (Frypisco) across historical and
predictive global seasonal scenarios (n = 76). Horizontal box-and-whisker plots illustrate
the continental distribution of modeled carbon fixation rates (umol C m~ day™, log-
scaled axis spanning 107" to 10°) to isolate macroecological variance between his-
torical baselines (2020-2025) and climate change projections (2100; SSP5-8.5). Vertical
black bars within the colored rectangles denote the statistical medians, while the left
and right boundaries of the boxes represent the 25th and 75th percentiles (interquartile
range, IQR), respectively. The horizontal whiskers extend to the maximum and
minimum data points within 1.5 X IQR, explicitly mapping the rigid limits of biological
variance. Individual gray circular geometries indicate highly fractionated statistical
outliers (outliers), corresponding to high-latitude permafrost cores experiencing winter
structural hibernation (leftmost boundary) and alkaline evaporitic salt pans operating at
peak metabolic velocity under future CO, fertilization (850 ubar, rightmost boundary).
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Yukon Permafrost) where topsoil temperatures routinely dropped below
the absolute catalytic boundary (T,;, = 5.0 °C). Historical summer
seasons exhibited a minor macroecological expansion (10° to 107> pmol
C m > d7"), drven by ambient thermal approximation toward the
enzyme’s optimal operational baseline (T, = 48.5 °C).

Under the projected late-century scenario (2100; SSP5-8.5), the mod-
eled chemolithoautotrophic sink underwent an intensification of approxi-
mately four orders of magnitude, with future winter and summer medians
shifting into the 107> to 107> umol C m > d~' operational threshold. This
systemic acceleration is governed by the convergence of two compounding
biophysical phenomena. First, the severe accumulation of projected pore-
space CO, (850 pbar) permanently overrides the high-affinity Ke(T)
Arrhenius threshold, chemically saturating the Michaelis-Menten coordi-
nation loop. Second, projected winter warming effectively triggers the mid-
latitude winter catalytic window, shifting macroecological stations out of
cold-inhibited kinetic baselines and sustaining active subsurface sequestration
in complete darkness for an additional three months per annual cycle.

3.4 Kinetic response profiles across paleogeographic domains

The resolution of continuous kinetic response functions highlighted a
profound thermodynamic bifurcation among the three modeled geogenic
domains under late-century warming (Fig. 8). For Class 2 domains (Hyper-
Evaporitic Saline Basins; Fig. 7), the convergence of alkaline topsoil states
(pH = 8.4) and severe solar exposure maximizes the biological fitness
coeflicient of the Rubrobacter, driving Fgrpisco toward its macroecological
peak at approximately 42.5°C. Interestingly, due to compounding
moisture limitations at higher temperatures, this systemic biocatalytic
optimum exhibits a leftward thermodynamic shift relative to the rigid
ope = 48.5°C; Fig. 7).
Beyond this ecological tipping point, the asymmetric Briére constraint

biochemical optimum of the isolated enzyme (T

introduces an acute macroecological bottleneck: as topsoil temperatures
approach the absolute denaturing limit (T, = 65.0 °C), the carboxylation
velocity exhibits a sharp, vertical collapse. This mathematical trajectory
suggests that while hyper-arid evaporitic basins represent the most active
biocatalytic sinks during transitional months, extreme summer heatwaves
projected for 2100 will trigger a transient thermodynamic shutdown of the
carbon sink.

Conversely, Class 1 environments (Youthful Marine Carbonates;
Fig. 8) exhibit a broader, more stable metabolic window. Supported by an
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Continuous Kinetic Response Profiles Across Paleogeographic Lineages (2100)
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Fig. 8 Continuous kinetic response profiles of Form IE RuBisCO modeled across dis-
tinct paleogeographic lineages at the 2100 horizon. Red and blue continuous func-
tions track the hydro-geochemical fitness window of evaporitic saline basins (Class 2)
and marine carbonate platforms (Class 1), respectively. The gray dashed timeline
marks the baseline exclusion state governing deeply weathered Archean saprolites
(Class 0), where severe base cation depletion and low soil pH permanently arrest the
modeled carboxylation loop regardless of macroclimatic heating.

optimal moisture-to-gas architectural balance (SMg ~ 0.22m’ m™>) and
moderate alkalinity, these systems sustain elevated, intermediate carbox-
ylation rates across a wide thermal spectrum (20 °C to 45 °C).

Crucially, the model confirms absolute biochemical exclusion across
Class O substrates (Ancient Cratonic Saprolites). In these stable Archean
basements, continuous deep-time meteoric leaching has systematically
depleted weatherable base cations. The resulting highly acidic, quartz-rich
ancient saprolites (marked by fractionated lanthanide distributions,
Eu/Eu* <0.55) induce a permanent structural suppression of the active
Rubrobacter biomass density, completely flattening the kinetic response
curve and establishing an insurmountable biological barrier independent of
favorable macroclimatic or atmospheric CO,, fertilization.

3.5 Rubrobacter distribution profiles and net riverine
sequestration

Crucially, by routing these microbially enhanced chemical fluxes through

macro-scale hydrological transport models and global river chemistry

databases, we quantify the net capacity of Rubrobacter to drive planetary
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cooling over geological timescales. The net geological carbon sequestration
efficiency is finally computed by evaluating the integrated riverine transport
of unprecipitated HCO3 to global ocean sinks, validated against hydro-
chemical baselines from the GLORICH and GLiM databases.

The integrated coupling of our data-driven metabolic engine with the
SMEW-GLIM transport-reaction system demonstrates a stark, non-linear
bifurcation of carbon partitioning efficiencies across the global lithospheric
domain by the year 2100. Rather than exhibiting uniform global feedback
under climate warming, the net carbon sequestration pathways are rigidly
governed by the geochemical heritage of the target critical zone substrate
(Fig. 9).

In the highly alkaline hyper-arid settings characterizing Class 2 (Arid
Evaporites; Fig. 9), such as the Sahel Basin cores (e.g., CORE-04,
EXT-26; Table 1), the system functions predominantly as a static mineral
sink. Driven by high evaporation rates and elevated baseline saturation
indexes (Qelciee = 5.8), MICP absorbs the vast majority of the biologically

SMEW-GLIM Framework: Net Oceanic Export vs. Local Mineral Sink (2100 Projections)

Class 2 28.5%
(Arid Evaporites) i

Class 1 72.4%
(Young Carbonates) °

Class 3 88.2% 11.8%
(Mesozoic Margins) ° °

Class 4 100.0%
(Paleozoic Blocks) °

Class 0
(Ancient Cratons)

0 20 40 60 80 100
Sequestration Carbon Partitioning Efficiency (%)
Il Riverine HCO; (Net Oceanic Sequestration) Il Precipitated CaCO; (In-Situ MICP Sink)

Fig. 9 SMEW-GLIM modeling projections for late-century (2100;SSP5-8.5) carbon
partitioning efficiency across the five geogenic classes. The stacked horizontal bar plot
quantifies the macro-scale bifurcation between dissolved riverine HCO3 export toward
net oceanic sequestration sinks (blue bars) and microbially induced calcite pre-
cipitation (MICP) acting as a localized mineral sink within the regolith matrix
(red bars). Percentages denote the relative mass-balance distribution of microbially
fixed carbon under extreme climate forcing scenarios, highlighting the transition from
fluid-dynamic transport dominance in young carbonates and Mesozoic margins
(Classes 1 and 3) to static pedogenic immobilization in arid evaporites (Class 2), and
absolute thermodynamic suppression in deeply leached ancient cratons (Class 0).
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mobilized carbon. In-situ mineralization sequesters 71.5 % of the carbon
flux directly into solid CaCOj crusts within the regolith, leaving only
28.5 % accessible for solute dissolved transport as riverine HCOj. This
localized proton-dumping and mineral attack liberate key divalent cations —
predominantly calcium (Ca®) and magnesium (Mg>") — into the soil
solution, where rapid saturation dictates immediate localized accumulation
rather than active hydrologic flushing.

Conversely, Class 1 (Young Carbonates) profiles — extensively repre-
sented by the Padane Foreland Basin and Garda Lake clusters (e.g.,
CORE-01, EXT-25; Table 1) — transition into highly dynamic chemical
pumps. Benefiting from moderate supersaturation states (Qcaeie = 2.5) and
optimal seasonal moisture availability, these systems route 72.4 % of their
total sequestered carbon into dissolved riverine HCOj5. The solid-phase
immobilization accounts for a subordinate 27.6 %, allowing the fluvial
transport network to act as a direct delivery system for stable alkalinity to
oceanic sinks.

This fluid-dynamic efficiency reaches its peak in Class 3 (Mesozoic
Margins) settings (e.g., Dolomites and Attic-Cycladic metamorphic
domains). Here, sub-surface drainage pathways combined with a
lower saturation state (Qcaeiee = 1.6) minimize local crystallization.
Consequently, 88.2% of the microbially fixed carbon bypasses local
pedogenic immobilization, transferring successfully as a dissolved
hydrochemical load, while MICP processes trap only a minor fraction
(11.8 %).

The boundary conditions of this carbon-pump mechanism are
illustrated by Class 4 (Paleozoic Blocks) and Class 0 (Ancient Cratons).
In Class 4 settings (e.g., Yangtze Cratonic Block), the near-neutral soil
environments and structural undersaturation (Qc e = 0.9) eliminate
local mineralization entirely (0% MICP). Hence, 100 % of the biolo-
gically mobilized carbon is exported via the riverine pathway, though
its absolute magnitude is bounded by lower overall kinetic flux rates.
Finally, Class O environments (e.g., Canadian Shield permafrost and
Congo Craton stabilized core) show absolute thermodynamic sup-
pression; due to severe cation depletion and advanced regolith deple-
tion (Qcaciee = 0.2), both biological weathering acceleration and MICP
collapse to 0%, representing a complete geochemical arrest of the

teedback loop.
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4, Discussion

4.1 Lithological legacies and strontium isotope

signatures as drivers of critical zone selection
The macroecological landscape of Rubrobacter revealed an intimate link
between deep geogenic structures and surface parameters, shifting the para-
digm away from pure atmospheric-climatic niche mapping. This paradigm
shift is quantitatively validated by the Random Forest model (Fig. 5), which
robustly resolves 68.87% of the global variance in Rubrobacter relative
abundance (R® = 0.6887) with an exceptionally low residual noise
(RMSE = 1.72%). The outstanding classification accuracy resolved by the
ROC-AUC diagnostics (0.995 for Saline-Sodic soils and 0.969 for Calcareous
regolith) proves that soil chemistry and bedrock geology act as a combined
evolutionary sieve, a mechanism mathematically tracked by the tightly
balanced Gini feature importance weights among vegetation density (NDVI:
128,594.74), strontium isotopic composition (Sr isoscape: 114,759.05), and
surface alkalinity (pH: 110,925.51). The closely balanced Gini importance
scores across the target variables demonstrate that Rubrobacter biogeography is
governed by an integrated hydro-geochemical triad rather than a single
dominant driver. While the primary rank of NDVI (1.28 10°) highlights the
absence of vegetative cover (NDVI) as the critical macroecological gateway
regulating surface solar exposure, the nearly equitable weights resolved for the
Sr isoscape (1.14 10°) and soil pH (1.10 10%) carry profound geochemical
implications.

The primary restrictive role of dense vegetative cover and moisture
availability resolved by our global AAI metric finds strong empirical vali-
dation in recent genome-resolved macroecological surveys. Specifically,
Kazarina et al. (2025) demonstrated that sharp precipitation and soil
moisture gradients severely constrain the recovery and detection of Acti-
nobacteriota and specific high-affinity metagenome-assembled genomes
(MAGs) across vertical soil profiles. This independent local evidence cor-
roborates our global machine learning pipeline, confirming that water
availability and near-surface hydric stress act as universal environmental
sieves that dictate the macroecological boundaries of the genus Rubrobacter
well before structural enzymatic denaturing thresholds are reached.

Crucially, the Rubrobacter spatial distribution demonstrates that the
isotopic signature of the bedrock provides unique, independent geogenic
information regarding crustal age and weathering pathways, effectively
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decoupling the lithological legacy from simple soil alkalinity constraints and
precluding collinearity-driven artifacts in the modeling.

The selection of the bioavailable radiogenic strontium isoscape as a
prominent geogenic predictor relies on its unique capacity to archive long-
term crustal evolution and rock legacy, bypassing short-term atmospheric
disturbances. This computational integration is validated by the global
foundational data compiled by Stantis et al. (2026), which confirms the
spatial consistency of bioavailable strontium as a direct indicator of deeper

86 .
’Sr ratios

rock-water interactions. In the Critical Zone framework, ®'Sr/
do not merely represent static geographic attributes; rather, they serve as a
dynamic chemical proxy for nutrient recycling, weathering intensity, and
the long-term release of weatherable base cations into the regolith matrix
(Oeser and von Blanckenburg, 2020). Consequently, the ML algorithm
utilizes this isotopic vector to track the metabolic baseline required for
microbially induced carbonate precipitation (MICP), efficiently differ-
entiating young, cation-rich calcareous platforms from highly leached
Archean environments.

In hyper-alkaline evaporitic basins like Chott el Djerid (Tunisia) and
Death Valley (USA), the combination of extreme haline accumulation and
complete vegetative loss (NDVI < 0.05) imposes a stringent environmental
filter. The algorithm leverages this barren surface signature via its highest-
ranked NDVI Gini score to delineate an open radiative pathway. The
resulting AUC of 0.995 demonstrates that this hyper-arid nexus of osmotic
pressure, high alkalinity, and solar irradiance maximizes the macro-
ecological fitness of Rubrobacter, whose carotenoid-pigmented phenotype
and radiation-resistant DNA repair pathways are evolutionary tailored to
withstand such extremes (Azua-Bustos et al., 2022).

Crucially, the model successfully decouples this hyper-arid saline signal
from youthful marine carbonate frameworks by relying on the secondary
geogenic node of the Sr isoscape vector. In environments like the
Mesozoic limestones of the Alta Murgia (Apulia, Italy) or the calcretes of
Sfax (Tunisia), the unradiogenic strontium signature (*Sr/*°Sr
0.7075-0.7090) represents a geological legacy of ancient oceans. Here, the
ML framework recognizes the persistence of weatherable base cations,
allowing Rubrobacter to maintain a stable, intermediate macroecological
dominance.

Conversely, the RF model demonstrates absolute structural exclusion
across stable Proterozoic and Archean cratons (e.g., Canadian Shield, Kasai
Craton). In these domains, billions of years of tectonic stability and
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continuous meteoric leaching have completely depleted weatherable base
cations, giving rise to highly acidic, quartz-rich ancient saprolites marked
by highly fractionated lanthanide distributions (Eu/Eu* < 0.55) and highly
radiogenic Strontium (*’Sr/**Sr > 0.7160). The convergence of the lowest
pH predictions with highly radiogenic Sr signatures triggers an absolute
minimization of the modeled carboxylation capacity. An exceptionally
high AUC of 0.991 for Class O (Fig. 6) confirms that the ML engine are
able to simulate these deep-time weathered basements as absolute biolo-
gical barriers, establishing a new predictive framework for tracing how
deep-time geological forces shape modern microbial life on Earth.

Although the *’Sr/*Sr ratio displays a negative standardized coeflicient
(Bs = —0.42) in our global predictive model, this multivariate response must
be critically evaluated against empirical biogeochemical data. Cultivation and
sequencing surveys frequently identify Rubrobacter as a dominant taxon within
ancient, hyper-weathered saprolitic soils and regoliths, particularly across
stable Australian cratons (Neilson et al., 2012; Mohammadipanah and Wink,
2016). These saprolitic matrices are inherently characterized by high radio-
genic strontium ratios (*’Sr/*°Sr>0.7150) and deeply depressed europium
anomalies (Eu/Eu* < 0.60) resulting from severe, long-term plagioclase dis-
solution. While Rubrobacter possesses the physiological machinery to survive in
highly oligotrophic, stable basements, the global regression framework
identifies young marine carbonate platforms as the true quantitative optimum
for population dominance. The negative coefficient (f; = —0.42) does not
imply biological inhibition by radiogenic strontium per se; rather, it indicates
that when evaluated at a global scale, the exceptional baseline alkalinity and
bioavailable cation supply provided by unradiogenic carbonates exert a
stronger selective pressure than the oligotrophic survival niche provided by
ancient cratons. Therefore, the ML model successtully uncouples local sur-
vival strategies from global macroecological drivers, resolving the complex
lithological legacy from simple near-surface parameters.

Statistically, the Eu/Eu*and ®’Sr/®°Sr Isoscape triggers a classic sup-
pression effect. Because the Eu/Eu* exerts a dominant negative weight
(B4 = —0.8352), it mathematically absorbs the primary signal of cratonic
crustal evolution; since a more intense anomaly yields a lower numerical
value, the negative f,; directly translates to a strong positive affinity for
highly difterentiated, ancient crustal domains. Consequently, the negative
sign of B3 does not imply biological inhibition by radiogenic strontium.
Rather, this indicates that within these stable saprolitic baselines, the model
fine-tunes the variance by responding to minor localized shifts in
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bioavailable cation inputs, preventing overestimation of the crustal legacy
effect while validating the taxon’s preference for ancient, oligotrophic
regolith.

4.2 Biophysical elucidation of enzymatic control functions

The high-resolution mathematical coupling of environmental variables to
the Rubrobacter Form IE RuBisCO model successfully resolved the distinct
mechanistic controls modulating the carbon sink (Figs. 7 and 8). The
operational behavior of the biocatalytic sink across the 76-site database is
governed by strict thermodynamic and hydric thresholds, as defined by the
interaction between the asymmetric Briere thermal scaling function, f{T.;),
and the symmetric Gaussian hydric constraint formulation, {SM) (Eq. 5).

In the observational baseline period (2020-2025), the near-complete
suppression of winter carboxylation rates (Frpisco values collapsing to
107"°-107" umol C m™> day ') across mid-latitude and alpine stations is
mathematically explained by cold-inhibition. For example, in the Po
Valley alluvial plain (CORE-01) and Garda Lake fluvioglacial deposits
(CORE-02), baseline winter temperatures (T, < 6.5 °C) dropped directly
into the leftmost boundary of the Briére curve, approaching the absolute
lower metabolic limit (T,,;, < 5.0 °C) and dragging the unitary catalytic
efficiency asymptotically toward zero (Fig. 9). This baseline suppression
across high-altitude carbonaceous settings is empirically supported by
recent mountain soil syntheses (Pracg et al., 2025), which confirm that
while Triassic carbonate matrices (e.g., Dolomites pastures, reaching a
1.3% Rubrobacter abundance) provide the necessary alkaline-calcium
foundation, severe cold-inhibition restricts their contemporary biocatalytic
expression until late-century thermal thresholds are reached.

Conversely, the late-century climate projection (2100; SSP5-8.5)
induces a dual, highly contrasting spatial divergence. In temperate regions,
winter warming (T.; shifting to 8.8°-10.3 °C) effectively extricates these
systems from the cold-inhibited kinetic baseline, expanding the functional
operational window (Figs. 7 and 8). When paired with the severe CO,
fertilization threshold (850 pbar), the enzymatic efficiency triggers an
acceleration across multiple older of magnitude (Frupico surging to
4.81% 107" umol C m™> day” " at CORE-01 - Po Valley; Ferrara).

However, in hyper-arid and evaporitic environments, late-century
summer heating introduces a stringent operational kinetic constraint. In the
Saharan-Sahelian domain (e.g., Sfax, CORE-04; Table 1), summer topsoil
temperatures are projected to increase to 32.0° —42°C. While this intense
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Fig. 10 Mechanistic response functions regulating the Rubrobacter RuBisCO Form IE
operational niche. (A) Asymmetric thermal scaling function f(T,;) solved via the Briere
formulation, delineating cold-suppressed hibernation thresholds (T, = 5.0°C), an
absolute denaturing point (Tyax = 65.0 °C), and a highly adapted metabolic optimum
(Topt = 48.5 °C). (B) Symmetric Gaussian hydric penalty function f(SM) tracking topsoil
trace gas diffusion limits, centered around an architectural optimum (SMgpe =
0.20 m®*m™) with a functional niche width of o, = 0.05.

heating aligns with the ascending slope of the Briére curve toward the thermo-

tolerant optimum (T, = 48.5°C), the simultaneous collapse of topsoil

moisture (SM.g< 0.08 m3m73) triggers a severe moisture stress (Fig. 10).
As soil moisture recedes into the leftmost tail of the Gaussian distribution,
significantly below the structural porous network optimum (SMy, =
0.20m’m >, 6y, = 0.05), porous gas diffusion loops are compromised,
thereby limiting the projected summer sequestration capacity and validating
the necessity of multi-parametric Critical Zone modeling.

This threshold-driven suppression is consistent with established eco-
hydrological principles, which demonstrate that severe desiccation disrupts
pore-network connectivity, increasing tortuosity and limiting substrate
diffusion well before thermal limits are reached (Schimel, 2018). Conse-
quently, during extreme heatwaves, moisture availability acts as the primary
over-riding control that cancels out any potential kinetic gains from
atmospheric CO, fertilization (Sun et al., 2025). Such interactions
underscore that near-surface biocatalytic sinks cannot be accurately mod-
eled through isolated climatic variables; rather, they require integrated,
multi-parametric frameworks capable of coupling deep-time lithological
legacies with real-time hydrologic dynamics (Brantley et al., 2007). Failure
to incorporate these coupled Critical Zone constraints typically leads to
significant overestimations of future terrestrial carbon sequestration capa-

cities during late-century summer anomalies (Gentine et al., 2019).
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This explicit biochemical parameterization significantly advances current
numerical architectures for soil enhanced weathering. Standard formulations
within the SMEW framework, as established by Bertagni et al. (2025),
provide a robust, highly mechanistic treatment of soil physics, ion transport,
and macro-scale mineral dissolution kinetics. However, traditional applica-
tions of enhanced rock weathering models often simplify biological accel-
eration into static empirical coefficients (04;,) or primarily plant-mediated
proton-dumping loops, leaving the dark, oligotrophic microbial sink under-
resolved (Zhang et al., 2025). By nesting explicit Michaelis-Menten and
Briere enzymatic kinetics into this transport-reaction scheme, our framework
fills a critical analytical gap in the original SMEW architecture. While
Bertagni et al. (2025) demonstrate that soil moisture and physical routing
dictate the efficiency of carbon sequestration, our model proves that under
future climate change scenarios, the dynamic thermal activation and
moisture-driven inhibition of the Form IE RuBisCO enzyme act as the
ultimate rate-limiting steps of the lithic carbon pump. Consequently,
introducing explicit microbial kinetics prevents the overestimation of long-
term CO, drawdown in hyper-arid corridors while capturing non-linear
winter metabolic surges that standard abiotic models would completely
overlook (Demergasso et al., 2023; Rosinger et al., 2023).

4.3 Thermodynamic trade-offs and hydric niche constraints in
future critical zone carbon sinks
The complex interactions observed among the 76 metagenomic sites under
late-century climate scenarios demonstrate that the role of Rubrobacter as a
permanent geogenic thermostat is governed by a strict, non-linear coupling
of physical and biological thresholds. Rather than responding to a simple
latitudinal warming trend, the enzymatic machinery of the Form IE
RuBisCO operates within a tightly constrained multi-parametric regime.
The divergent behavior between mid-latitude alluvial frameworks and
hyper-arid evaporitic corridors highlights the intrinsic complexity of modern
microbial feedback systems within the ECZ (Liang and Lehmann, 2023).
The remarkable amplification of winter carboxylation rates (Frusisco
surging by up to five orders of magnitude at mid-latitudes by 2100) exposes
a profound long-standing limitation in planetary carbon sink modeling
(Young et al., 2015). In regions such as the Po Valley alluvial plain
(CORE-01) or the Garda Lake fluvioglacial deposits (CORE-02), the
baseline cold boundary (T, < 6.5 °C) acted as a systemic thermodynamic
constraint. By trapping topsoil kinetics within the leftmost, asymptotic tail
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of the asymmetric Briere function, seasonal winter cooling effectively
locked the chemolithoautotrophic engine into near-total dormancy (Fig. 8;
Briere et al., 1999).

Our projected late-century model indicates that anthropogenic climate
forcing under the SSP5-8.5 scenario will unlock this cold-inhibited kinetic
baseline (Dang et al., 2025). As winter topsoil temperatures shift past the
absolute catalytic boundary (T,;, = 5.0°C) into more permissive thermal
spaces (8.8 °C — 10.3 °C), the unitary catalytic efficiency increases non-linearly
(Frey et al., 2013). When this expanded thermal window is concurrently
forced by the elevated atmospheric CO, fertilization threshold (850 pbar), the
high-affinity K.(T) Arrhenius kinetic constraint is effectively overcome,
resulting in an unprecedented, stable carbon sequestration flux operating in
complete darkness for an additional three months per annual cycle.

Conversely, our continuous response profiles across distinct paleogeo-
graphic settings reveal that hyper-arid evaporitic basins (Class 2, such as Sfax
and Death Valley) will encounter a critical eco-physiological threshold under
future summer regimes. While the remarkable thermo-tolerance of the
Rubrobacter enzyme allows its protein structure to maintain structural integrity
up to an optimal ceiling of T,, =48.5°C, the severe topsoil desiccation
projected for 2100 acts as a stringent operational limit. As volumetric soil
moisture collapses below the critical 0.08 m®m > threshold, the hydric state
recedes deeply into the leftmost tail of the Gaussian penalty function, far
from the porous architectural optimum (SMg,c = 0.20 m’m ™).

This extreme hydric stress completely compromises porous trace gas
diffusion pathways (H, and CO), effectively restricting the bioenergetic
substrate supply required to sustain chemotrophic CO, fixation.
Consequently, the model proves that the extreme accumulation of surface
heat in future hyper-arid domains will trigger a transient thermodynamic
shutdown of the carbon sink, shifting peak macroecological dominance
entirely toward mid-latitude marine carbonate platforms (Class 1) and
establishing a new predictive architecture for evaluating long-term geo-
logical carbon cycling on Earth.

This mechanistic link between gas diffusion limitation and metabolic
failure 1s well-supported by global soil syntheses, which confirm that high-
affinity trace gas oxidizers — particularly within the Actinomycetota phylum
- rely on the continuous, unobstructed diftusion of atmospheric CO, to
fuel RuBisCO-mediated chemosynthesis under hyper-arid starvation
regimes (Xu et al., 2024). When extreme desiccation disrupts these porous
diffusion pathways, it effectively severs the energy supply required to
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maintain cellular viability, leading to the rapid thermodynamic shutdown
observed in our modeling frameworks (Schimel, 2018).

The simulated four-orders-of-magnitude intensification of the terres-
trial Rubrobacter carbon sink by the year 2100 mirrors overarching global
paradigms regarding the climate-sensitivity of the planet’s geological
thermostats. Anthropogenic climate forcing under the intensive SSP5-8.5
scenario is known to dramatically accelerate continental chemical weath-
ering efficiency on a global scale (Beaulieu et al., 2012). Our coupled
kinetic framework demonstrates that this lithic acceleration is heavily
amplified by biological pathways. Specifically, as desertification expands
and atmospheric humidity patterns shift, the high-affinity Form IE
RuBisCO engine facilitates a massive non-phototrophic primary produc-
tion, overriding traditional plant-mediated pathways (Bay et al., 2021b).

However, the T&C-SMEW modeling reveals that this geogenic ther-
mostat operates within strict physical boundaries, exhibiting a sharp localized
collapse during extreme summer heatwaves. This transient thermodynamic
shutdown highlights the profound sensitivity of advanced carbon dioxide
removal strategies to future climate shifts (Taylor et al., 2016). When
volumetric soil moisture collapses, it acts as a transport constraint that
severely restricts atmospheric trace gas pathways. Therefore, while mid-
latitude carbonates emerge as hyper-active sinks under projected late-century
winter warming, hyper-arid evaporitic corridors will face strict physical
constraints, validating the requirement for complex, multi-parametric Cri-
tical Zone frameworks to accurately model global climate feedbacks.

4.4 Lithospheric legacies vs. Atmospheric forcing and
corrections to abiotic weathering models

The macro-spatial distribution patterns established in this framework
highlight a profound conceptual shift regarding how microbial biogeo-
graphy interacts with long-term climate modulation. Historically, terrestrial
carbon models have treated microbial carbon inputs into arid or semi-arid
soils almost exclusively through the lens of organic matter dynamics or
static calcrete accumulation. Our quantitative outputs challenge this para-
digm by demonstrating that lithophilic microbial engines, specifically the
genus Rubrobacter, can modulate global scale cooling via a split thermo-
dynamic pathway depending on geogenic niche conditioning.

The ecological significance of this light-independent CO, fixation
extends far beyond localized primary production. When contrasted with
earlier literature on enhanced weathering and biological carbon extraction,
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our results reveal critical discrepancies that have important implications for
predictive modeling. Classical models on global biocrust carbon inputs,
such as the benchmarks established by Elbert et al. (2012), estimated total
non-vascular carbon fixation rates within mature biological crusts to range
strictly from 11.3 to 26.7m >y '. However, these baseline studies oper-
ated under the assumption that fixed carbon remains localized within the
organic matrix or cycles rapidly back to the atmosphere via respiration.

Our framework introduces an additional chemical pathway: by routing
these microbially enhanced chemical fluxes through macro-scale hydro-
logical routing systems, we demonstrate that a substantial portion of this
carbon bypasses local recycling. In Class 1 and Class 3 environments, up to
72.4% and 88.2 % of this carbon is transported downstream as dissolved
inorganic alkalinity. This process prevents local saturation from shutting
down the metabolic niche, effectively increasing the long-term seques-
tration efficiency of the system beyond the static biological boundaries
traditionally calculated.

Furthermore, our results provide a direct mechanistical correction to
the abiotic enhanced rock weathering models proposed in recent years
(e.g., Beerling et al., 2020). Traditional abiotic projections estimate a
baseline chemical weathering increase of only 3% to 5% under global
warming scenarios up to 2100, constrained by mineral surface saturation
and slow mass-transfer kinetics. Our coupled model shows that when
Rubrobacter activity is incorporated, the localized processes accelerate
mineral dissolution by a factor of 1.45-2.80. This biological acceleration
increases global chemical weathering efficiency by 6% to 10% under
extreme scenarios like SSP5-8.5. This acceleration is particularly pro-
nounced in Class 1 carbonates due to the winter warming effect, which
extends the kinetic window of the microbial RuBisCO enzyme by up to
90 days in mid-latitude winter zones.

However, the severe attenuation in riverine efliciency observed in
Class 2 environments (28.5% oceanic export vs. 71.5% local MICP) exposes
a major structural barrier in global mitigation strategies that rely on hyper-
arid zones. Authors advocating for massive carbon capture via desert calcrete
precipitation often overlook the fluid-dynamic constraints of these catch-
ments (Hirt et al., 2023). As climate change accelerates global desertification,
the extreme restriction of the soil moisture niche (SM.g < 0.08 m> m?)
causes a localized shutdown of soil solute transport. While local miner-
alization into solid CaCOj is chemically efficient, it transforms the regolith
into a cemented, self-limiting mineral matrix.
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An ecosystem-scale feedback loop is thus established: as contemporary
climate change accelerates global desertification and elevates surface tem-
perature, understanding the climate feedbacks governed by such lithophilic
microbes becomes paramount. Our study shifts the focus of planetary
cooling mitigation from hyper-arid desert surfaces to the well-drained,
young carbonate platforms of mid-latitudes (Class 1 and Class 3). These
systems maintain optimal hydrological flushing capacities (g,,), enabling the
continuous export of stable riverine bicarbonate over geological timescales.

5. Conclusion

This study establishes a novel predictive paradigm at the intersection
of isotope geochemistry, microbial metagenomics, and cloud-based com-
putational ecology. By leveraging the Google (2026) Google Earth Engine
(GEE) platform coupled with Random Forest architectures, we successfully
transitioned microbial biogeography from static, climate-centric niche
mapping into a dynamic framework capable of processing deep-time
lithological legacies alongside real-time satellite remote sensing data at a
planetary scale. This scalable cloud computing pipeline provides a powerful
computational template for uncoupling deep geogenic leverage from sur-
face atmospheric noise, allowing the quantitative mapping of continuous
macroecological distributions from highly fragmented, discrete metage-
nomic datasets. Crucially, the mechanistic integration of Rubrobacter-
driven Form IE RuBisCO kinetics into the Soil Model for Enhanced
Weathering (SMEW) framework bridges the critical scale gap between
microscopic enzymatic processes and macroscopic climate trajectories. Our
predictive modeling underscores that the role of ultra-extremophilic Acti-
nomycetota as permanent geological thermostats is highly sensitive to future
climate forcing (SSP5-8.5). By demonstrating that late-century winter
warming will unlock cold-inhibited kinetic baselines and drive a four-
orders-of-magnitude intensification of microbially mediated carbon fixa-
tion, this research redefines our understanding of dark primary production
and biological feedback mechanisms within the ECZ. Furthermore, our
mass-balance calculations expose a crucial hydrological partitioning bifur-
cation, proving that while hyper-arid settings entrap 71.5 % of fixed carbon
locally through immediate mineralization, well-drained Mesozoic carbo-
nate margins achieve an 88.2% efficiency in exporting stable dissolved
bicarbonate downstream to oceanic sinks. In conclusion, these results
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establish that modern microbial biogeography can be fundamentally gov-
erned by long-term crustal evolution and lithological heritage. Imple-
menting multi-parametric frameworks that couple cloud-based spatial
modeling with explicit biochemical kinetics will be paramount to accu-
rately constraint global biogeochemical fluxes and evaluate planetary
cooling feedbacks in a warming world.
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