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Abstract

Reconstructing Earth’s ancient surface topography in deep geological time represents an
interdisciplinary challenge that demands the synthesis of plate tectonic reconstructions,
geodynamic simulations, paleoclimate simulation, and advanced computational method-
ologies. This thesis makes significant progress toward understanding how Earth’s surface
elevations have evolved through geologic time by pioneering an integrated computational
framework that bridges geological observations with numerical models for paleotopo-
graphic reconstruction.

An important aspect of this investigation is the development of a novel optimised de-
formable plate tectonic reconstruction that incorporates time-evolving, spatially focused
deforming meshes within rift zones, as applied to the Gulf of Mexico. The approach
applies exponentially varying strain localization toward rift axes—implemented through
pyGPlates—within existing plate reconstructions. As applied to the GoM case study, I
have found that through fast and systematic optimization across 32,400 mesh configura-
tions calibrated against geophysically derived present-day crustal-thickness models, the
optimized deformable mesh reduced the root-mean-square error (RMSE) from 14.8 km
(uniform deformation model) to 5.6 km relative to the GEMMA crustal-thickness model.
The workflow simultaneously models tectonic subsidence arising from both lithospheric
stretching and thermal subsidence during rifting, yielding quantitative predictions of sub-
sidence histories. The prediction illuminates key depositional enigmas, including approx-
imately 1.5 km of subsidence preceding Yucatan Block drift during the Sinemurian (193—
183 Ma) that facilitated red-bed accumulation through paleodrainage networks, and the
southward migration of red-bed deposition beneath Jurassic salt formations, which ex-
plains a perplexing 40 Myr stratigraphic hiatus. Differential subsidence patterns also
elucidate the pronounced westward deflection of Cenomanian—Turonian (100.5-89.8 Ma)
clastic depositional systems, providing quantitative constraints on basin-asymmetry evo-
lution.

Transitioning to active margins, where mountain building reflects the complex interplay
among plate kinematics, mantle dynamics, and climate-modulated surface processes, this
thesis introduces a spatiotemporal data-mining ecosystem anchored in an Explainable Ar-
tificial Intelligence (XAI) framework. The Python Deep Time Data Mining (pyDTDM)
computational library—developed to integrate heterogeneous, multi-gigabyte datasets span-
ning plate reconstructions, global mantle convection simulations, and paleoclimate model
outputs—enables systematic interrogation of topographic drivers across present-day sub-
duction zones. Employing an XAI model trained on modern active-margin topography
(ETOPO) sampled at 0.1° global resolution, the framework quantifies the nonlinear contri-
butions of subduction flux, trench-migration dynamics, upper-mantle temperature fields,
vertical mantle-flow patterns, and long-term precipitation to elevation variability. Shape
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functions extracted from the XAl model reveal that subduction flux is the dominant oro-
genic driver, with trench-advance episodes intensifying crustal thickening and topographic
expression, whereas trench retreat correlates with orogenic collapse. Mantle-temperature
anomalies and upwelling flows exert secondary but significant influences, while long-term
precipitation modulates erosional denudation over Myr-scale timescales.

Leveraging insights from the XAl analysis, the thesis advances a deep neural-network ar-
chitecture capable of reconstructing active-margin paleotopography throughout the Meso-
zoic and Cenozoic at 1 Myr temporal resolution. Trained on present-day ETOPO el-
evation data as the target variable, and using temporally resolved plate-kinematic pa-
rameters, mantle-convection fields from global CitcomS simulations, and a paleoclimate-
informed parameter, namely the time a region spent within the equatorial humid belt, as
inputs, the network successfully predicts paleoelevation patterns. These predictions are
validated against independent igneous rock geochemical ratio—based paleoelevation esti-
mates and established regional reconstructions. Application to global active margins res-
urrects previously unrecognized orogenic episodes, most notably revealing the East Asian
Cordillera, which reached elevations exceeding 3 km during the mid-Cretaceous, driven
by Izanagi Plate subduction, before undergoing episodic collapse linked to slab-rollback
and ridge-subduction events. The model’s reconstruction of Andean paleotopography ex-
hibits strong coherence with existing regional studies, capturing major uplift phases during
the Paleogene and Miocene.

The computational infrastructure developed in this thesis embodies the principles of repro-
ducibility and open science, with the pyDTDM libraries, deformable-plate reconstruction
workflows, and the Kalpa open-source geospatial-analysis platform disseminated under
GPL and LGPL licenses to facilitate community adoption. The Kalpa platform specif-
ically addresses long-standing barriers to artificial-intelligence adoption in geosciences
by integrating machine-learning capabilities with native handling of raster, vector, and
volumetric geospatial formats—including GeoTIFF, NetCDF, shapefiles, and point-cloud
data—while emphasizing reproducible workflows and visualization optimized for deep-
time reconstructions.

This body of work confronts key limitations transparently, acknowledging uncertainties
that propagate from plate-reconstruction model selection, the scarcity of independent pa-
leoelevation validation proxies, and simplifying assumptions regarding depth-dependent
lithospheric stretching and climate-topography feedbacks. Nevertheless, the integrated
methodological paradigm established here represents a transformative advance in deep-
time Earth-system science. By harmonising geological modelling, machine-learning scal-
ability, and physical interpretability within unified computational frameworks, this work
not only generates reconstructions of ancient landscapes but also delivers an XAl-based
framework that quantifies the relative importance of individual tectonic, mantle, and cli-
matic drivers and provides first-order insights into associated uncertainties in model pre-
dictions. Broader implications extend to mineral-systems exploration by leveraging pale-
otopographic controls on exhumation and preservation potential, paleoclimate modelling
that requires realistic boundary conditions for ancient atmospheric circulation, biodiversity-
evolution studies examining orographic barriers to dispersal, and a deeper understanding
of how deep-Earth dynamics sculpt planetary surfaces across geological time.
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Chapter 1

Introduction

The Earth’s surface has changed substantially over geological time owing to intricate in-
teractions among plate tectonics, mantle convection, and climate-influenced surface pro-
cesses (Clark, 2007; Yuan et al., 2024; Wolf et al., 2022). Variations in surface elevation
are crucial for understanding the evolution of a planet’s interconnected spheres, including
the lithosphere, biosphere, and atmosphere (Boschman and Condamine, 2022; Igea and
Tanentzap, 2021; Rahbek et al., 2019; Spicer, 2017). For example, topographic uplift at
convergent margins, driven by plate tectonics and mantle convection, can force moisture-
laden winds from the ocean to shed their moisture when encountering topographic barriers,
resulting in high precipitation on the windward side and low precipitation on the leeward
side (Evenstar et al., 2023; Lang et al., 2020). This topography-climate coupling strongly
influences regional climate and ecosystems (Evenstar et al., 2023; Korner, 2004; Rahbek
et al., 2019; Willett, 1999). Conversely, subsidence during continental rifting can create
extensive inundated areas, forming new basins and depositional environments that sus-
tain marine life (Hips, 2022; Leleu et al., 2016) and influence the accumulation of natural
resources such as sedimentary copper deposits (Hitzman et al., 2005, 2010). Addition-
ally, uplift in active margins, particularly in equatorial humid regions, can enhance sili-
cate weathering, drawing down atmospheric carbon dioxide and contributing to long-term
global cooling (Macdonald et al., 2019).

Deep-time surface reconstructions offer crucial insights into the geological evolution of
the planet by enabling the mapping, modelling, and interpretation of Earth’s surface condi-
tions over millions to hundreds of millions of years (Mills et al., 2019; Miiller et al., 2019;
Scotese, 2021). This thesis examines deep-time surface reconstructions, which not only
document the migration, reconfiguration and evolution of continents and ocean basins but
also elucidate the underlying physical mechanisms driving the surface elevation changes.
This thesis specifically focuses on reconstructing the evolution of tectonic subsidence in
passive rift margins, which have long been known to be caused by lithospheric stretching
and thermal subsidence (McKenzie, 1978; Le Pichon and Sibuet, 1981), using the Gulf
of Mexico (GoM) as a case study. Second, I investigated how different plate kinematics,
geodynamics, and climate parameters influence the present-day topography of mountain
belts at active margins, which were then used to reconstruct deep-time surface elevations
of global active margins since the Mesozoic. In this thesis, paleotopography is used specif-
ically for the reconstructed vertical elevation of the Earth surface above sea level. Pale-
oelevation refers to the reconstructed vertical position of a point on Earth’s surface rela-
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tive to sea level and, as such, encompasses both paleotopography and paleobathymetry.
Paleoenvironment refers to reconstructed depositional and geomorphic settings, such as
shallow-marine shelves, deep-marine basins, fluvial plains, or high-elevation orogenic
belts, inferred from geological, sedimentological, and geomorphological evidence. In this
thesis, the terms paleoelevation and paleotopography are frequently used interchangeably
when describing reconstructed landscapes and their vertical elevation.

The thesis aims to create advanced computational frameworks and software tools that
make deep-time reconstruction simple, scalable, and reproducible. By utilising massive
amounts of geological data and models, such as plate tectonic reconstructions and mantle
convection models, using the novel tools and frameworks described in this thesis, I aim
to demonstrate that deep-time reconstruction can digitally reproduce paleoelevation. This
can help us better understand large-scale Earth system processes, such as past climate pat-
terns, biodiversity evolution, and the geographical distribution of natural resources across
geological times.

This thesis systematically addresses the following three overarching research questions:

RQ1: What are the primary physical factors influencing elevation changes in continental
rift and active margins over geological timescales?

RQ2: How can geological data and models be used to accurately reconstruct paleotopog-
raphy?

RQ3: What are the broader implications of these reconstructions for interpreting the pa-
leoenvironments?

Table 1.1: Chapter-wise Themes, Key Contributions, and Research Questions Addressed

Chapter | Theme Key Contributions Research Questions

Addressed
RQI, RQ2, RQ3

2 Passive Margins Optimized deformable
plate models for crustal
thickness and tectonic
subsidence; Appli-
cation to Mesozoic
depositional history in
the central GoM basin

3 Topographic Diversity

at Present Day Active
Margins

Novel Explainable Al
framework for quan-
tification of tectonic,
mantle, and climate
drivers on topography

RQI

Mesozoic Active Mar-
gins

Deep learning model
for reconstructing ac-
tive margins

RQ2, RQ3
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1.1 Existing Approaches for Reconstructing Earth’s Sur-
face Elevation

Over decades, several approaches have been developed in geoscience disciplines to recon-
struct and understand the evolution of paleotopography over deep-time. For simplicity,
these approaches can be classified into two categories: process-driven and data-driven
models.

1.1.1 Data-Driven Models

Early Jurassic (~200 Ma)

v OMarineenvironments _t~ Terrestrial environments
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Figure 1.1: Example of a data-driven paleogeographic reconstruction. This map of
the Early Jurassic (~200 Ma) illustrates the synthesis of kinematic models with geological
observations to define surface environments. The black lines indicate mapped paleocoast-
lines derived from geologic data, while the symbols represent specific data points (with
size inversely proportional to age dating precision). The gray-shaded region marks the
Central Atlantic Magmatic Province (CAMP). This approach exemplifies the reconstruc-
tion of Earth’s surface features by integrating plate reconstruction software (e.g., GPlates)
with vast geological datasets such as the Paleobiology Database. Figure adapted from
Scotese (2021).

Data-driven models use various statistical and/or empirical methods to reconstruct pa-
leotopography from observational data (Boschman, 2021; Poblete et al., 2021; Scotese,
2021). These methods provide information for paleotopography modelling from various
observational datasets, including lithofacies, stable-isotope paleoaltimetry, low-temperature
thermochronology, sedimentary records, geochemical signatures, and fossil assemblages
(Badgeley et al., 2022; Boschman, 2021; Li and Garzione, 2017; Li, 2021; Liu et al., 2024;
Kuhlemann, 2007; Poblete et al., 2021; Rowley et al., 2001). For example, global pale-
otopography reconstruction relies on proxy-based inferences, in which geological indi-
cators such as lithofacies distributions delineate ancient highlands, lowlands, and marine
environments (e.g., Figure 1.1, Table 1.2); for instance, evaporites indicate arid basins,
whereas conglomerates indicate proximal mountainous sources (Scotese, 2021; Ziengler
et al., 1985). Similarly, for ocean basin reconstruction, empirical age-depth correlations
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derived from thermal subsidence curves are used to reconstruct bathymetric evolution
(Wright et al., 2020; Parsons and Sclater, 1977). Other heuristic approaches, such as
Vérard et al. (2015), utilize statistical models to match present-day topography to distinct
geological domains and then allocate elevations to passive margins or collisional zones in
deep-time.

Advancements between 2022 and 2025 considerably improved data-driven capabilities
through enhanced tools and web-based platforms (Aminov et al., 2023; Liu et al., 2024;
Zeng et al., 2025; Zhou et al., 2025). For example, data-driven machine learning ap-
proaches have enabled the reconstruction of paleocrustal thickness near active margins us-
ing geochemical proxies, which can then be translated to paleoelevation using simple iso-
static relations (Liu et al., 2024; Zhou et al., 2025). Additionally, recent studies have used
integrated detrital zircon U-Pb geochronology, calcite U-Pb dating, and stable/clumped
isotope analyses to refine paleoelevation and paleo-drainage reconstructions (Zeng et al.,
2025). Furthermore, software such as the Terra Antiqua tool facilitates data-driven recon-
struction (Aminov et al., 2023). Terra Antiqua provides an open-source QGIS plugin that
is compatible with GPlates. It can process proxy data, including paleofacies, fossils, and
paleoelevation proxies, using physically informed algorithms to estimate land-sea distri-
butions and hypsometry (Aminov et al., 2023). These techniques generate user-friendly
maps, addressing the reproducibility concerns inherent in classic lithofacies-based pale-
otopography models.

Despite these advancements, data-driven approaches face significant limitations. Be-
cause data-driven models rely primarily on proxy data, which are limited in both space
and time, reconstruction becomes difficult in environments such as eroded active mar-
gins, where data may be lost (Botsyun et al., 2020; Garzione et al., 2000; Rowley and
Garzione, 2007). Moreover, due to assumptions of modern-day isotope lapse rates and ero-
sion, or atmospheric overprints, interpolation biases and elevation errors can often reach
1-3 km (Badgeley et al., 2022; Ehlers and Poulsen, 2009; Hartley et al., 2007; Mulch,
2016). Stable-isotope paleoaltimetry and low-temperature thermochronology, such as ap-
atite fission-track analysis, provide localized insights but are often episodic and climati-
cally sensitive. These characteristics can undermine modern deep-time analogues. Fur-
thermore, due to spatiotemporal data sampling and preservation limitations, we can only
obtain snapshots of Earth’s topography at sparse time steps.

1.1.2 Process-Driven Models

Process-driven approaches model Earth’s surface evolution using numerical models gov-
erned by physical equations, providing tools for explaining elevation changes by coupling
plate tectonics, deep Earth dynamics (e.g., mantle convection), and surface processes (e.g.,
erosion and deposition) (Lu et al., 2024; Wolf et al., 2022; Yuan et al., 2024). Geodynamic
models, such as CitcomS, use viscous mantle flow to calculate dynamic topography, tak-
ing into account characteristics such as viscosity contrasts and slab geometries (Bower
et al., 2015; Tan et al., 2006; Zhong and Gurnis, 1995). Similarly, coupled landscape-
geodynamic frameworks advance this by simulating feedback, such as tectonic uplift driv-
ing erosion, which alters isostatic rebound and sediment routing (e.g., Figure 1.2)(Wolf
etal.,2022; Yuan etal., 2024). For example, in subduction zones, models simulate overrid-
ing plate deformation and precipitation—erosion interactions, revealing topographic asym-
metry (Lu et al., 2024; Schellart, 2017).
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Table 1.2: Correlation between elevation, depositional environments, and geological
evidence. This classification scheme serves as a foundational framework for assigning
paleotopography and bathymetry in data-driven global reconstructions. It links specific
elevation/depth bins to depositional environments and their corresponding preservation
in the geological record (e.g., lithology and metamorphic grade). Adapted from Scotese

(2021).

Elevation (m)

Environment(s)

Geological Evidence

Continental / Topographic Highs

10,000 to 4,000

4,000 to 2,000

2,000 to 1,000

1,000 to 200

Collisional mountains

Andean-type mountains

Island arc volcanoes

Intracontinental rift shoul-

ders
Rift valley

Some forearc ridges

High-temperature,
metamorphics

high-pressure

Andesites/granodiorites in a conti-
nental setting

Andesites/granodiorites in a marine
setting

Adjacent fanglomerates

Basalts, lake deposits in grabens

Tectonic mélanges

Transitional / Coastal

200 to 0 (Sea

Coastal plains

Alluvial complexes, lower river sys-

Level) tems, major floodplain complexes
Delta tops Swamps and channel sands
Marine / Bathymetric Lows
0to —50 Inner shelves Heterogeneous marine sediments
Reef-dammed shelves Bahamian-type carbonates
Delta fronts Topset silts and sands
—50 to —200 Outer shelves Fine sediments, most bioproductites
Some epeiric basins Fine clastics or carbonates
Pro-deltas Foreset silts and proximal turbidites
—200to —4,000 Continental slope/rise Slump/contourite facies
Mid-ocean ridges Oceanic crust (< 60 Myr old)
Pro-delta fans Bottomset clays and distal turbidites
—4,000 to  Ocean floors Pelagic sequences on oceanic crust
—6,000
—6,000 to Ocean trenches Turbidites on pelagic sequences
—12,000




Deep-time reconstructions of Earth’s surface environments and elevations

Model 1: Low erodibility Model 2: High erodibility Model 3: Very high erodibility
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Figure 1.2: Coupled thermo-mechanical and landscape evolution modeling. Unlike
purely data-driven methods, process-driven approaches simulate surface topography by
coupling deep-Earth dynamics with surface processes. Panels (a—c) display model snap-
shots at the end of shortening for three different convergence scenarios. From bottom
to top, each column shows: the crustal/mantle material distribution (sed: sediments;
uc/mc/lc: upper/middle/lower crust; Im: lithospheric mantle) with temperature contours;
the resulting map-view landscape; and the swath elevation profile with uplift (U) and ero-
sion rates (¢). This demonstrates how tectonic boundary conditions (Ax: convergence
magnitude; v.: convergence rate) directly control the evolution of orogenic topography.
Modified from Wolf et al. (2022).

Process-driven models provide a robust framework for studying the drivers and evolution
of topography in various tectonic settings; however, they are not computationally designed
to reconstruct deep-time paleotopography and are therefore seldom used for global recon-
structions. These models also do not incorporate direct proxies into their frameworks.
Furthermore, because they are computationally intensive and require appropriate initial
conditions, model parameters, and boundary-condition setups, it is challenging to match
observed topography by fine-tuning the initial or boundary conditions or model parameters
(Bower et al., 2015; Wolf et al., 2022).

1.2 Uniting Process- and Data-Driven Methods for Deep-
Time Surface Reconstruction

In this thesis, I develop novel hybrid approaches that integrate data-driven models with
the deep mechanistic insights afforded by process-based modelling for paleotopographic
reconstructions, thereby overcoming several limitations of either methodology. At its core
is a scaffold of plate tectonic reconstructions, which provides both the kinematic architec-
ture and quantitative attributes required for subsequent modelling stages. Plate-tectonic
reconstructions are more than static inputs; they actively shape geodynamic simulations
and serve as boundary conditions—for example, in modelling passive rift evolution or
deep-time mantle evolution using physics—based numerical models as well as supplying
input parameters for machine learning models of active margins to understand drivers and
reconstruct paleotopography. Our hybrid methodologies cross disciplinary boundaries by
orchestrating the fusion of data, numerical model outputs, and algorithms within a unified
workflow, resulting in internally coherent and constrained reconstructions with the flex-
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ibility to adapt across spatial scales and geological epochs. The outcome is a modelling
paradigm that continuously cross-validates physical constraints while respecting empirical
signals, thereby increasing credibility and interpretability.

1.2.1 Plate-Tectonic Reconstruction as the Backbone

A common thread running across all chapters of this thesis is the use of plate-tectonic
reconstructions that systematically chronicle the shifting configuration and movement of
lithospheric plates and their boundaries over geological time (Miiller et al., 2019; Seton
et al., 2012; Zahirovic et al., 2022). This methodological backbone delineates not only
the spatial and temporal occurrence of major boundary types (subduction zones, rift sys-
tems, and transform faults) but also maps the progressive assembly and dispersal of con-
tinents and the development of ocean basins. In addition to classic rigid plate models, this
study investigated deformable plate reconstructions, which allow for the calculation of
the temporal evolution of distributed strain rates and stretching factors within deforming
boundaries (King and Welford, 2022; Miiller et al., 2019). Additionally, from these time-
resolved plate reconstruction models, a comprehensive ensemble of kinematic parameters
is extracted: absolute and relative plate velocities, trench migration rates, convergence
rate, and oceanic lithosphere ages are a subset of the data-driven metrics derived from this
extensive foundation. These kinematic quantities have dual and complementary roles. On
the one hand, they serve as key boundary and forcing conditions for forward-oriented nu-
merical models of tectonic subsidence and mantle convection. Concurrently, they are dis-
tilled into predictive features for machine learning and data-driven frameworks, providing
mechanistic inputs required to infer present and past surface elevations along with other
geodynamic and climatic factors. In workflows focused on passive rift margins recon-
struction, these inputs control tectonic subsidence and basin evolution; in active-margin
contexts, they act as critical dynamic links connecting subduction mechanics and mantle
flow regimes to the episodic growth and collapse of mountain belts.

1.2.2 Deformable Plate Reconstruction and Subsidence Modelling at
Passive Margins

Within the context of passive rift margins, this thesis introduces an innovative class of
deformable plate models strategically designed to capture focused extension near the rift
axis, characterized by exponentially increasing stretching, rather than the conventional as-
sumption of uniform deformation across the margin. Instead of diffusing extension evenly,
these models localize strain to reflect realistic tectonic processes, better mirroring the nat-
ural evolution observed in rifted basins (Bott, 1992; Brune et al., 2017; Ebinger et al.,
2017). The strain rate, derived from plate reconstructions, serves as a dynamic boundary
condition for a continuously deforming computational mesh. This mesh framework was
used to simulate the temporal evolution of crustal thickness and solve the governing equa-
tions associated with tectonic subsidence (Le Pichon and Sibuet, 1981; McKenzie, 1978).
Model optimization was achieved by calibrating the mesh parameters against present-day
geophysical datasets, notably the present-day crustal thickness model (Laske et al., 2013;
Reguzzoni and Sampietro, 2015). Such calibration ensures that subsidence histories are
firmly anchored in observational data while maintaining dynamic consistency with re-
gional tectonics. The implementation of this methodology is demonstrated through its
application to the central GoM Basin, which is elaborated in Chapter 2. The resulting




Deep-time reconstructions of Earth’s surface environments and elevations

tectonic subsidence curves serve a dual role: they furnish robust quantitative constraints
on pre-salt accommodation space, illuminate intervals of missing stratigraphy, and ex-
pose basin asymmetry, which is a critical diagnostic for process-based reconstructions of
passive-margin paleotopography.

1.2.3 Deep-Time Data Mining Framework for Active Margin Recon-
struction

Modelling mountain topography in active margins poses substantial challenges owing to
feedbacks among mantle dynamics, plate tectonics, and climate-driven surface processes
(Champagnac et al., 2012; Clark, 2007; Wolf et al., 2022; Yuan et al., 2024). Although
physically rigorous, numerical modelling approaches often become unwieldy when ex-
trapolated to regional or global scales. Computational demands are escalating, and pa-
rameter uncertainty can undermine practical applicability, particularly for deep-time re-
constructions spanning millions of years. In response to these complexities, this thesis
uses data mining to systematically unravel the physical controls of elevation change in
active margins. The initial approach is rooted in explainable artificial intelligence (XAI)
(Konstantinov and Utkin, 2021; Lou et al., 2013), in which large-scale spatiotemporal
datasets curated from plate reconstructions (Zahirovic et al., 2022), global mantle convec-
tion (Bower et al., 2015; Tan et al., 2006; Zhong and Gurnis, 1995) and paleoclimate sim-
ulations (Li et al., 2022) are mined using interpretable machine-learning methods. Within
this framework, physically meaningful parameters such as subduction volume rate, trench
migration rate, upper mantle temperature, vertical flow fields and paleoprecipitation were
statistically cross-referenced with present-day mountain belt elevations at active margins.
The XAl model is designed to illuminate the complex web of tectonic, mantle, and climatic
drivers underpinning topographic diversity. Nonlinear response functions (also called
shape functions) reveal how incremental changes in each parameter propagate through
the Earth system to impact surface elevation. This interpretability makes the approach
particularly powerful for addressing “how” and “why” questions—unpacking the origins
and mechanisms underlying mountain diversity across tectonic regimes.

To transition from interpretability to comprehensive spatiotemporal prediction, this study
advances a parallel deep learning architecture. Building on insights gleaned from XAlI,
a neural network was configured to assimilate the full suite of plate- and mantle-derived
predictors, alongside targeted climate proxies, i.e., the residence time in equatorial humid
belts, to reconstruct active margin paleotopography. This network was initially trained
on modern elevation (Amante and Eakins, 2009) sampled globally along active margins,
mapping the intricate relationships between kinematic, geodynamic, and climatic inputs.
Once validated, temporally resolved plate reconstruction and mantle convection data were
injected as time-dependent stimuli, enabling the network to generate paleoelevation pre-
dictions across the full extent of the Mesozoic and Cenozoic eras at 1 Myr intervals.
The model outputs were vetted against independent established regional reconstructions
(Boschman, 2021), paleoelevation proxies, and geochemistry-derived paleoelevation es-
timates (Liu et al., 2024; Zhou et al., 2025), demonstrating the capacity to recover well-
documented uplift episodes and sensitivity to previously unrecognized orogenic events.
This hybrid, physics-informed, data-driven paradigm represents a methodological advance
that enables robust, scalable, and dynamically consistent reconstructions of Earth’s evolv-
ing topography in regions defined by complex tectonic process.




Chapter 2

Article 1: A Crustal Thickness
Evolution Model for the Mesozoic
Central Gulf of Mexico
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Highlights:

e We introduce a crustal thickness evolution model for the Gulf of Mexico (GoM) using
lithospheric deformation in an existing plate tectonic reconstruction.

e The 40 Myr gap in the GoM’s Mesozoic strata is due to rapid subsidence, shifting red bed
deposition beneath the Jurassic salt formations.

e An increase in tectonic subsidence from the eastern to western GoM may explain the
strong westward deflection of the Cenomanian-Turonian clastic depositional systems.

Key Words:

Crustal Thickness Modelling, GPlates, Gulf of Mexico, Tectonic Subsidence, Red beds

Abstract

The Gulf of Mexico (GoM) is one of the most extensively studied offshore regions; however, its
Mesozoic evolution remains uncertain. The thick sedimentary cover and Jurassic salt canopy
hinder geophysical imaging and complicate our understanding of the Mesozoic depositional
history and crustal architecture. This study introduces a new crustal thickness evolution model
for the GoM using time-evolving focused deformation along the rift, where the stretching factors
evolve to increase exponentially seaward to the point of continental rupture and ocean crust
formation. Our model, which uses an existing rigid plate reconstruction, calculates tectonic
subsidence (TS) through time and accounts for crustal stretching and thermal subsidence. The
model predictions can be used to explain the depositional history of the pre-salt section and
crustal architecture of the GoM Basin. Our model produced a predicted present-day crustal
thickness with a root mean square error of 5.6 km with the GEMMA crustal thickness model, a
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significant reduction from the 14.8 km error produced by conventional uniform deformation
models. The resultant TS of ~1.5 km before the Yucatan Block drifted in the Sinemurian
provides routes for red bed deposition through the paleo-drainage systems of the northern GoM
as successor basin infilling. The model explains ~40 Myrs of missing sedimentary strata, which
we attribute to rapid subsidence in the central GoM, causing a southward shift in red bed
deposition, which is presently located beneath the Jurassic salt formations. Furthermore, the
model demonstrates that the increased TS towards the western GoM may have resulted in the
westward deflection of Cenomanian-Turonian deposits. Our model offers a robust framework for
understanding the evolution of global passive rift margins.

1. Introduction

The Gulf of Mexico (GoM) is a geologically complex basin, with its Mesozoic evolution
obscured by thick sedimentary cover and pervasive salt tectonics (e.g. Filina et al. 2022).
Although advanced 3D seismic reflection data, including on-bottom nodal surveys, provide a
means of seeing through the cover, the availability of these datasets for the region is limited
because much of it is proprietary. Furthermore, the complex interplay between thick sedimentary
layers and widespread mobile salts makes it difficult to conduct detailed seismic imaging and
investigate pre-salt structures (e.g. Christeson et al. 2014; Eddy et al. 2014, 2018; Van Avendonk
et al. 2015). In addition to seismic data, magnetic data provide a valuable tool for investigating
subsurface structures, as they are generally not affected by the presence of sediments and can
provide crucial insights into the geological features underlying the sedimentary cover (e.g.
Garcia-Reyes and Dyment 2022; Pindell et al. 2016). Despite these technological advances, the
absence of drilling samples and complex geological conditions make the reconstruction of the
geological evolution of the GoM challenging.

Based on available geophysical data, such as gravity, magnetic anomalies, and geological
constraints, numerous tectonic models have been proposed for the formation of the GoM (e.g.
Pindell et al. 2016; Nguyen and Mann 2016; Garcia-Reyes and Dyment 2022). Although these
models generally agree on a broader framework for the GoM formation, including the initiation
of rifting after the Ouachita-Marathon orogeny (which formed from the collision of Laurentia
with Gondwana) in the Late Paleozoic and the completion of seafloor spreading by the mid-Early
Cretaceous, they vary in several key aspects (e.g. Escalona et al. 2021; Garcia-Reyes and
Dyment 2022; Marton and Buffler 1994; Minguez et al. 2020; Nguyen and Mann 2016; Pindell
and Kennan 2009). These include the interpretations of Triassic red bed deposition, the timing of
continental rifting initiation, the relationship of salt deposition to oceanic crust formation, the
mode of breakup, and the pre-rift fit of crustal blocks in the GoM (e.g. Filina et al. 2022). For
example, the conventional model for red bed formation suggests deposition in rift grabens during
the initial rifting phase (Salvador 1991; Figure 1). However, such a rift-graben structural
architecture is not widely observed in 2D or 3D seismic sections across the GoM Basin,
suggesting the need for an alternative model for red bed deposition (Milliken 1988; Nicholas and
Waddell 1989; Snedden and Galloway 2019). Further complicating the understanding of red bed
deposition is the ~40 Myrs hiatus in deposition between Triassic red beds and the overlying
Jurassic Louann salt in the northern GoM (e.g. Dickinson et al. 2010; Umbarger 2018; Wiley
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2017). In a broader sense, certain regions along the Yucatan margin and eastern GoM Basin
(Figures 1 and 2) exhibit thick pre-salt deposits, as evident in reflection seismic sections (e.g.,
Williams-Rojas et al. 2012; Horn et al. 2016; O’Reilly et al. 2017). However, a precise model for
their formation and whether they truly represent red bed deposits remains uncertain because of
the challenges posed by the thick sedimentary cover, which impedes drilling efforts.

Seismic refraction and reflection data suggest a significant amount of deformation of the GoM
crust throughout its evolution (e.g. Christeson et al. 2014; Eddy et al. 2014; Izquierdo-Llavall et
al. 2022; Pindell et al. 2014; Snedden and Galloway 2019). Gravity inversion of crustal thickness
(Alvey et al. 2018) reveals a substantial area of thin crust remains within the present-day GoM
region. Competing models propose that this thin crust resulted from either hyperextension and
mantle exhumation (e.g. Minguez et al. 2020; Pindell et al. 2014), formation of oceanic crust
preceding primary seafloor spreading (e.g. Lundin and Doré 2017), or magmatically modified
continental crust (Filina and Beutel 2022). The presence of seaward-dipping reflectors (SDRs) in
seismic data from the eastern GoM (e.g. Filina et al. 2022) has been proposed as evidence for a
magma-rich (volcanic) passive margin. Magma-rich margins form during rifting with abundant
magmatism, characterized by basalt flows, dike intrusions, and the development of SDRs. In
contrast, magma-poor margins involve minimal volcanic input during rifting, leading to crustal
thinning, hyperextension, and the exhumation of mantle rocks directly to the seafloor (e.g.
Péron-Pinvidic et al. 2008; Pérez-Gussinye 2013). This is observed in the central to north-eastern
GoM and along parts of the Yucatdn margin (e.g. Izquierdo-Llavall et al. 2022), where mantle
exhumation reflects a tectonic regime dominated by mechanical stretching rather than magmatic
accretion. This juxtaposition underscores the unresolved debate regarding the tectonic evolution
of the GoM.

Traditional plate tectonic reconstruction models (e.g. Bird et al. 2005; Eddy et al. 2014; Garcia-
Reyes and Dyment 2022; Hudec and Norton 2019; Kneller and Johnson 2011; Lundin and Dor¢
2017; Marton and Buffler 1994; Minguez et al. 2020; Nguyen and Mann 2016; Pindell et al.
2021; Snedden and Galloway 2019), by definition, consider tectonic plates as rigid bodies that
limit their ability to account for the complex deformation of the continental crust observed in the
GoM. Deformable plate tectonic models address this limitation by incorporating strain rate and
crustal deformation modelling along plate boundaries (Gurnis et al. 2018; Miiller et al. 2019;
King and Welford 2022) into existing rigid plate reconstructions. A key innovation in these
models is the use of a deforming mesh, a triangulated topological network that enables the
calculation of strain rates, stretching and shortening factors, and crustal thickness through space
and time in the deforming regions. However, most existing deformable plate models (e.g. King
and Welford 2022; Miiller et al. 2019; Nguyen et al. 2022) assume uniform stretching factors,
which conflicts with seismic observations of localized, high-stretching factors near rift axes (e.g.
Christeson et al. 2014; Mann 2014). This limitation can introduce edge effects around rigid
continental blocks, leading to discrepancies between the modelled and observed crustal thickness
(King and Welford 2022). To address these challenges, we integrated a new type of deforming
mesh into existing rigid plate reconstructions (Kneller and Johnson 2011; Pindell et al. 2021)
using pyGPlates, a Python library for GPlates (Gurnis et al. 2018; Miiller et al. 2018), without
creating a new reconstruction. Unlike previous models, we employed a deforming mesh that
concentrated the strain rates toward the rift axis, enhancing strain localization (Section 3.3). Our
focused deformation approach improves the alignment of modelled crustal thickness variations
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from thicker continental margins to thinner rifted regions. By evaluating 32,400 deforming mesh
configurations and optimizing the results by adjusting the deforming mesh parameters to
minimize the difference between the predicted and observed present-day crustal thickness (e.g.
GEMMA model; Reguzzoni and Sampietro 2015), our approach provides a robust framework for
reconstructing the complex tectonic history of the GoM. Furthermore, our model allows us to
calculate tectonic subsidence, which refers to the gradual sinking of the Earth's crust owing to
plate tectonic processes. Our tectonic subsidence model accounts for lithospheric stretching and
thermal evolution, which are key factors controlling the accommodation space for sediment
deposition during the early stages of basin formation (Xie and Heller 2009). By integrating
realistic strain distributions into existing rigid plate reconstruction, our work advances the
understanding of GoM evolution and offers an improved framework for interpreting tectonic

subsidence history.
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The ages listed below are approximate onset ages, representing the first formation or the main
initial tectono-stratigraphic phase. Many elements have multiphase histories; detailed local
stratigraphy and multiphase histories are cited in the text and referenced literature.

Abbreviations and approximate onset ages (when the feature or its primary tectono-stratigraphic
phase first formed): AB, Alabama Basin (Middle Jurassic); AC, Alaminos Canyon (Late
Pleistocene—Holocene incision); BB, Burgos Basin (Tertiary: onset Paleocene, main fill
Paleocene—Miocene); BL, Burgos Lineament (Mesozoic basement/lineament — Jurassic origin);
CM, Chiapas Massif (crystalline basement — Neoproterozoic to Permian); CP, Coahuila
Platform (Early Cretaceous carbonate platform, Barremian—Albian); DSB, DeSoto Salt Basin
(Middle Jurassic salt province; Louann-type salt deposition); EP, Edwards Platform (Early
Cretaceous, Aptian—Albian carbonate platform); ETSB, East Texas Salt Basin (Middle Jurassic
salt province); EMF, Eagle Mills Formation (Early Mesozoic syn-rift; Late Triassic—Early
Jurassic); FTZ, Florida Transfer Zone (Jurassic rift/transfer related to Gulf opening); KC,
Keathley Canyon (Late Neogene—Quaternary incision / canyon evolution with major
development in the Pliocene—Pleistocene); LU, Llano Uplift (Precambrian crystalline basement
— Mesoproterozoic Grenville-age crust); MC, Mississippi Canyon (Late Pleistocene—Holocene
incision and modern canyon); MSB, Mississippi (Interior) Salt Basin (Middle Jurassic salt basin
and surrounding depocenter; Louann-age salt initiation); MU, Monroe Uplift (Paleozoic
basement element with uplift expression beginning in the Mesozoic and marked reactivation in
the Cretaceous—Paleogene); NLSB, North Louisiana Salt Basin (Middle Jurassic salt province);
SAP, Sarasota Platform (Florida Platform element with Neogene—Pliocene surface deposits;
major Neogene platform accretion); SFB, South Florida Basin (platform initiation during
Mesozoic rifting with sustained carbonate growth through the Cretaceous and Cenozoic); SMOF,
Sierra Madre Oriental Fault (principal contractional deformation Late Cretaceous—Paleogene);
SP, Southern Plateau (Late Jurassic to Early Cretaceous); SU, Sabine Uplift (Triassic—Jurassic
mid-rift high origin; later reactivation Cretaceous—Eocene); TA, Tamaulipas Arch (positive arch
related to rift/transform margin — Late Jurassic—Early Cretaceous onset); TE, Tampa
Embayment (Triassic—Jurassic rift trough / embayment initiation); TMM, Tampico—Misantla—
Magiscatzin (basin framework began with Jurassic rifting; major carbonate/platform growth in
the Early—-Middle Cretaceous); TP, Tuxpan Platform (initiation in Mesozoic with reef/platform
growth pronounced in the Albian—Cenomanian); WU, Wiggins Uplift (Paleozoic basement
element; relict uplift active during Triassic—Jurassic rifting and influential during Late Jurassic
sedimentation); WMT, Western Margin Transform (Jurassic continent—ocean transform
associated with Gulf opening). The figure was modified from Snedden and Galloway (2019).
The purple lines represent an en echelon fault array from Pindell et al. (2021) that influenced the
motion of Peninsular Eastern Mexico during GoM rifting. CM and oceanic crust data were
interpreted from Pindell et al. (2021). The pre-salt basins were based on Filina et al. (2022). Ages
in figure are abbreviated as follows: Pa, Paleozoic; C, Cenozoic; P, Permian; J, Jurassic; EJ,
Early Jurassic; MJ, Middle Jurassic; LJ, Late Jurassic; K, Cretaceous; EK, Early Cretaceous; LK,
Late Cretaceous. The US states are abbreviated as TX (Texas), LA (Louisiana), AR (Arkansas),
MS (Mississippi), AL (Alabama), and GA (Georgia). The color scale on the right indicates the
elevation and bathymetry (in meters) of the underlying background map.
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2 Geological History
2.1 Rifting Initiation and Early Magmatism

During the Late Triassic, the Yucatan region was connected to the North American plate, with its
northern boundary marked by the Ouachita Mountains and its western boundary demarcated by
the Burgos lineament (BL; Pindell et al. 2021; Snedden and Galloway 2019). Continental crustal
extension commenced with rift development in eastern North America and back-arc rifting in
Mexico (Izquierdo-Llavall et al. 2022; Pindell 1985). The exact timing of rift initiation is
difficult to constrain given the limited well controls located in the northern GoM Basin and
Mexico and the absence of magnetic isochrons (Garcia-Reyes and Dyment 2022). Nevertheless,
most models suggest that rifting started in the Late Triassic to Early Jurassic (~240-190 Ma; e.g.
Kneller and Johnson 2011; Pindell and Dewey 1982; Pindell 1985). The rift formation in eastern
North America overlapped with a period of intense magmatic activity known as the Central
Atlantic Magmatic Province (CAMP). Large quantities of lava, dykes, and sills have been
mapped, dating to around 200 Ma, marking a peak in CAMP magmatism (Marzoli et al. 2018).
The extension between the Yucatan Block and North America was relatively minor during this
time, indicating distinct tectonic behavior compared to rift development in other areas such as
the South Georgia Rift (SGR; Pindell et al. 2021; Snedden and Galloway 2019).

2.2 Red bed deposition

After the initiation of rifting and magmatism, the northern and eastmost regions of the GoM, as
well as eastern Mexico, witnessed the deposition of distinctive sedimentary units comprising red
to greenish-grey shales, white and locally red-colored sandstones, and dolomites, collectively
forming the Eagle Mills Formation (Figure 1; Salvador 1991; Snedden and Galloway 2019).
Although the formation is considered to be Triassic (Carnian; 237-228.4 Ma) based on limited
fossil evidence (Scott et al. 1961; Wood and Benson 2000), its precise age remains uncertain.
Traditionally, these red beds were thought to have been deposited within grabens formed during
the early Pangea rifting, aligned with the Triassic SGR (Salvador 1991). However, the re-
evaluation of older seismic data has cast doubt on the presence of extensive graben systems
(Milliken 1988; Nicholas and Waddell 1989; Snedden and Galloway 2019), suggesting that
minimal stretching occurred and that the red beds may represent successor basin deposits
resulting from accommodation created by post-orogenic subsidence following the Ouachita-
Marathon orogeny (Snedden and Galloway 2019).

2.3 Pre-salt sedimentary basins

The U-Pb analyses of well data samples from the northern GoM revealed that the youngest
depositional age of the red beds extended only until ~200 Ma, followed by a significant hiatus
until the deposition of post-rift salt at 169-170 Ma (Dickinson et al. 2010; Pindell et al. 2021;
Umbarger 2018; Wiley 2017). However, the cause of this significant stratal gap remains unclear.
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Multiple seismic surveys have identified thick pre-salt sediments along the northern Yucatan
margin and eastern GoM (e.g. Horn et al. 2016; O’Reilly et al. 2017; Van Avendonk et al. 2015;
Williams-Rojas et al. 2012), although debates persist regarding their exact presence and
thickness, particularly in the western GoM, where imaging is complicated by extensive overlying
salt. Despite these observations, the precise formation processes of these pre-salt sediments
remain elusive owing to the challenges associated with drilling through thick sedimentary layers.

2.4 Rift-to-Drift transition and crustal extension

Existing plate reconstruction models propose that the Yucatan Block underwent anticlockwise
rotation during the Early and Middle Jurassic (~200 to ~164 Ma) as it transitioned from the rift to
the drift phase, followed by seafloor spreading (e.g. Pindell et al. 2021; Nguyen and Mann 2016).
This rift-to-drift transition is associated with various basement features on the easternmost side
of the GoM Basin, including the Florida Transfer Zone (FTZ; Marton and Buffler 1994; Pindell
et al. 2021; Pindell and Kennan 2009). Evidence of increased Mesozoic extension is indicated by
early Mesozoic volcanism in the area south of the FTZ (Figure 1). However, the deformation
distribution during this transition remains poorly understood (Marton and Buffler 1994; Pindell
et al. 2021). Moreover, the northern GoM Basin is marked by a series of elevated basement
blocks associated with thick and less extended continental crust, whereas deep basins containing
thick salt accumulations are interspersed between them, characterized by thinner and more
extended continental crust (e.g. Buffler and Sawyer 1985; Marton and Buffler 1994). One
prominent feature is the Sabine Uplift, interpreted as a mid-rift high—an elevated, fault-bounded
block of thicker continental crust that formed between diverging rift basins during the Triassic
rifting phase of the GoM (Figure 1; Adams 2007). Geophysical data confirm the Sabine Uplift as
a block of thick crust, with deep wells recovering Late Paleozoic sediments and Mississippian
volcanic rocks (Marton and Buffler 1994). These Mesozoic-uplifted areas experienced
subsequent phases of reactivation and further uplift during the mid-to-late Cretaceous and
Paleocene-Eocene (Adams 2007). Although some studies suggest that the Sabine Uplift could
have been influenced by a transform fault system, possibly the Saltillo—St. Lawrence Shear
System (Adams 2007), the precise mechanism and specific bounding faults remain uncertain.
Further investigations are required to fully constrain the role of faulting in uplift and to
definitively identify the bounding-transform fault. Variations in crustal stretching and the
presence of elevated blocks and deep basins in different regions of the GoM highlight the
complex and heterogeneous nature of the rift-to-drift transition.

2.5 SDRs and associated magnetic anomalies

Reflection and refraction seismic data analysis in the north-eastern (e.g. Eddy et al. 2014; Hudec
et al. 2013; Imbert 2005; Kneller and Johnson 2011; Liu et al. 2019; Lundin and Doré 2017,
Rowan 2014) and southern parts of the GoM Basin, along the Yucatan margin (e.g. Filina and
Hartford 2021; Hudec and Norton 2019; O’Reilly et al. 2017; Steier and Mann 2019; Williams-
Rojas et al. 2012), have revealed the presence of seaward-dipping reflections known as SDRs
(Figure 2b). While some studies have suggested that these SDR complexes exhibit significant
deformation and are formed due to intense magmatic activity, probably during the CAMP
magmatism event (Filina and Beutel 2022), others have suggested a magma-poor origin for these
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SDRs (Curry et al. 2018; Minguez et al. 2020). For instance, Minguez et al. (2020) suggested
that these reflectors may be syn-rift volcanic fills. Notably, these SDRs align with prominent
magnetic anomalies, such as the Florida magnetic anomalies (FMA; Figure 2), suggesting a close
association with rift-related magmatism (e.g. Mjelde et al. 2008; Talwani et al. 1995).
Alternatively, for a magma-poor model, such a magnetic signature can also be explained by
intrusions in the lower part of a horst-like crustal block (i.e., the Southern Plateau; Figure 1;
Minguez et al. 2020). Nevertheless, magnetic anomalies exhibit distinct characteristics, such as
long wavelengths and rounded or oblate shapes. One particularly noteworthy magnetic high
running north-south off the western Yucatan shelf margin is the Campeche magnetic anomaly
(CMA; Figure 2). The CMA shares similarities in shape and intensity with prominent Houston
magnetic anomalies (HMA; Figure 2) and the FMA found along the northern continental margin
of the GoM (Pindell et al. 2016). Deep seismic data suggest that the CMA (Goswami et al. 2016)
and FMA (Imbert and Philippe 2005) are likely associated with volcanic flows formed within the
syn-rift sections of rift basins. However, owing to their significant burial depths, it remains
challenging to determine whether they are SDRs related to magmatic activity. A similar origin
has been proposed for the HMA (Mickus et al. 2009). Furthermore, the Yucatan magnetic
anomaly (Figure 2; YMA) in the southern GoM Basin also coincides with the interpreted SDRs
observed in seismic images (Steier and Mann 2019; Filina et al. 2022). The identification of
SDRs and their association with magnetic anomalies provides crucial insights into the magmatic
processes and tectonic evolution of the GoM.

2.6. Seafloor spreading

The transition from rifting to the seafloor spreading phase in the GoM is closely linked to the
mid-Jurassic basin evolution, marked by the widespread deposition of the Louann Salt.
Strontium isotope data constrain the salt deposition event to the Bajocian (~170—169 Ma; Pindell
et al. 2021), placing it near the transition from continental rifting to oceanic spreading. Although
salt deposition provides a key chronological marker, the precise timing and nature of the
underlying crust remain debatable (e.g. Filina et al. 2022). Various models have been proposed
that rely on geological and geophysical observations to determine the timing and nature of
seafloor spreading (e.g. Anderson and Schmidt 1983; Escalona et al. 2021; Garcia-Reyes and
Dyment 2022; Marton and Buffler 1994; Minguez et al. 2020; Nguyen and Mann 2016; Pindell
and Kennan 2009; Pindell 1985).

Satellite-derived gravity data have advanced the understanding of the oceanic domain of the
GoM, enabling the interpretation of Extinct Spreading Centres (ESC) offset by a series of
curvilinear fracture zones (e.g. Minguez et al. 2020; Sandwell et al. 2014). Additionally, the
magnetic data revealed the presence of an Extinct Spreading Ridge Anomaly (ESRA; Figure 2b).
The extinct ridge and continent-ocean boundary (COB) distribution in the eastern GoM indicates
structural asymmetry in the basin (Figures 1 and 2b). Hudec et al. (2013) proposed that this
asymmetry resulted from an asymmetrical basin opening, whereas Filina et al. (2020) suggested
that it could be explained by ridge propagation in the eastern basin. Another model proposes that
mantle exhumation followed by symmetrical oceanic spreading could account for the observed
asymmetry (Minguez et al. 2020). This interpretation is based on minor magnetic anomalies and
their conjugates, known as En Echelon Anomalies (EEA), in the eastern GoM (Figure 2b;
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Minguez et al. 2020). The EEA were modelled as a serpentinized exhumed mantle surrounding
the oceanic crust rather than as direct evidence of seafloor spreading (Minguez et al. 2020).
Support for the mantle exhumation model also comes from seismic data in the eastern GoM,
which reveal ridge-like basement highs (Pindell et al. 2014). These features have been
interpreted as a mechanical boundary between the crust and mantle that facilitates mantle
exhumation (Pindell et al. 2014). The basement highs correlate with the EEA magnetic
anomalies and are bordered by the outer trough, which exhibits basement deepening of
approximately 2 km adjacent to the inferred oceanic crust (Figure 2b).

A recent regional magnetic anomaly map shows a symmetrical pattern of east-west oriented
conjugate intermediate-wavelength magnetic anomalies, aligned with the EEA in the eastern
GoM (Garcia-Reyes and Dyment 2022). This pattern has been interpreted as evidence of seafloor
spreading, although the location of the interpreted extinct spreading center differs from that of
other models, aligning instead with the symmetry axis of the basin’s conjugate magnetic
anomalies. In the western GoM, the BAHA High (Figure 2b), a subsurface basement high,
exhibited a structural relief of approximately 3 km, as observed in the seismic data. Notably, the
associated magnetic anomaly signature was less distinct in this region (Figure 2). The origin of
the BAHA High remains debatable. Some interpretations suggest that it represents older oceanic
crust formed during an early stage of spreading, while others propose that it is a hyperextended
continental crust or exhumed mantle (Hudec and Norton 2019; Pindell et al. 2021; Hudec et al.
2019). This complexity highlights the intricate evolution of the crustal architecture during the
development of the GoM Basin.
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Figure 2. a) Magnetic anomaly map of the region (Meyer et al. 2017) showing important
magnetic highs ): (1) Campeche magnetic anomaly (CMA), (2) Yucatan magnetic anomaly
(YMA), (3) Florida magnetic anomaly (FMA), (4) Louisiana magnetic anomaly (LMA), (5)
Houston Magnetic Anomaly (HMA), (6) and (8) En Echelon anomalies (EEA), and (7) Extinct
Spreading Ridge Anomaly (ESRA). b) An illustration of the important geophysical
interpretations in the region compiled from different sources. The presence of SDRs aligned with
significant magnetic anomalies suggests a strong association with rift-related magmatism in the
eastern GoM. HMA, LMA, and CMA are all characterized by similar long-wavelength, rounded,
or oblate-shaped anomaly patterns. The HMA and CMA likely indicate volcanic flows formed
within the syn-rift sections of rift basins (see text), although confirming their nature is
challenging because of their considerable burial depths. Seismic reflection data have revealed the
presence of ridge-like basement highs, interpreted as a mechanical boundary between the crust
and mantle, facilitating mantle exhumation (Minguez et al. 2020; Pindell et al. 2014). These
basement highs correlate well with the set of EEA anomalies. Moreover, these basement highs
are bordered by the outer trough, which exhibits a deepening of the basement by 2 km adjacent
to the inferred oceanic crust. The BAHA high, a subsurface basement high located in the western
GoM, exhibits a structural relief of approximately 3 km, as observed in the seismic data.
Notably, the magnetic anomaly signature associated with this feature is less distinct in this area.
The origin of the BAHA high is still debated, with some initial interpretations suggesting that it
is older oceanic crust formed during an early stage of spreading, while others propose a
hyperextended continental crust or exhumed mantle (Hudec and Norton 2019; Hudec et al. 2019;
Pindell et al. 2021). The interpretation of older and younger oceanic crust is based on Pindell et
al. (2021), which was used as the input rigid plate model for modelling deformation in this study.
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Figure 3. The GEMMA crustal thickness model (Reguzzoni and Sampietro 2015) was smoothed
and up-sampled at a 0.1° resolution for plotting. Optimization was performed on the original 0.5°
grid (see Section 3.4 and Supplementary Figure S2 for details). The profiles of the GUMBO
experiments referred to in this study are depicted as red solid and dashed lines (Christeson et al.
2014; Eddy et al. 2018, 2014; Van Avendonk et al. 015). A schematic evolution of the GoM is
presented along the red solid lines in Figure 10, whereas the red dashed lines are discussed in the
text but not illustrated. GUMBOL lies along the western GoM, whereas GUMBO3 and
GUMBO4 lie along the eastern GoM. GUMBO?2 lies in the central GoM.
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3. Methodology

Our study developed a new approach to model lithospheric deformation within rift zones by
integrating a new type of deforming mesh into existing rigid plate tectonic reconstructions using
pyGPlates (Gurnis et al. 2018; Miiller et al. 2018; more details in the Supplementary
Information). We implemented a deforming mesh characterized by an exponentially increasing
strain rate toward the rift axis, controlled by mesh parameters (Section 3.3), which we refer to as
focused deformation. This approach enhances strain localization by capturing the transition from
a highly stretched crust near the rift axes to a less deformed crust toward the continental margins,
improving the agreement with the observed variations in the present-day crustal thickness of the
GoM Basin.

Our workflow builds upon existing plate motion models for key tectonic blocks, including North
America, Yucatan, and South America (Section 3.1). These rotations serve as boundary
conditions for the forward modelling of deformation within a geologically defined deformable
mesh at the start of the rifting. By expressing the relative motion and velocities of the
triangulated nodes within the mesh as finite rotations, we calculated the strain rates associated
with rifting (Appendix A; Miiller et al. 2019). Our approach further enabled the reconstruction of
finite strain histories at specific locations within the mesh, allowing the calculation of crustal
stretching, thinning, and thickness changes over time (Appendix B). Our framework
automatically selects the optimal deformation mesh by iteratively comparing the modelled
crustal thickness at present with a geophysically derived crustal thickness (e.g. Reguzzoni and
Sampietro 2015) model to minimize misfit, a process we refer to as optimization (more details in
Section 3.4). Thus, we assume that by minimizing the misfit, we can gain insight into the
evolution of crustal architecture throughout the rift-to-drift phases of the GoM.

The temporal evolution of lithospheric deformation and thermal cooling was used to estimate
tectonic subsidence, which is defined as the component of subsidence driven by lithospheric
stretching and thermal re-equilibration (McKenzie 1978; Jarvis and McKenzie 1980; Xie and
Heller 2009). This excludes sediment loading, which contributes to the total subsidence.
Although our workflow also accounts for sediment and salt loading by incorporating sediment
thickness estimates and isostatic adjustments (Appendix D), our primary focus is on
understanding tectonic processes during rifting and early basin formation, when tectonic
subsidence dominates. During the Late Triassic—Middle Jurassic, sedimentation was low,
especially in the central GoM, owing to the development of carbonate platforms (Figure 1;
Snedden et al. 2016; Sweet et al. 2022). Even in northern GoM regions with high sediment input,
backstripping shows that 50-60% of the Jurassic subsidence was tectonic (Li 2006).
Accordingly, sediment loading is addressed in the Supplementary Information (Appendix D).
Despite uncertainties in this interval due to salt cover and limited control (Filina et al. 2022), our
model reconstructs deformation and subsidence histories to shed light on this poorly understood
phase of GoM tectonic evolution.

3.1 Rationale for Using the Rigid Plate Tectonic Reconstruction Framework
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The Carnian age (~237-228.4 Ma) of the Eagle Mills Formation suggests that rifting may have
been initiated during the Late Triassic (Scott et al. 1961; Wood and Benson 2000). To account
for this, it is critical that our model incorporates finite rotations of the Yucatan Block, which
reflect its position at the time. Unfortunately, most GoM plate reconstruction models (e.g.
Escalona et al. 2021; Filina and Beutel 2022; Garcia-Reyes and Dyment 2022; Minguez et al.
2020; Nguyen and Mann 2016; Nguyen et al. 2022; Pindell and Kennan 2009) only mention
minor extensions prior to CAMP without quantifying the amount of extension or providing
explicit finite rotations for the Yucatan Block. This can be a significant limitation because
lithospheric deformation during the syn-rift phase may directly affect the crustal thickness and
tectonic subsidence. In contrast, Kneller and Johnson’s (2011) reconstruction offers a model
indicating that the extension began in the Carnian. Therefore, we adopted their plate
reconstruction model for the pre-rift position at 230 Ma. Kneller and Johnson’s (2011)
reconstruction model integrated gravity and magnetic data, bedrock geology, seismic reflection
and refraction profiles, receiver function studies, isostatic crustal thickness models, and well data
to constrain a deforming model for the Central Atlantic and a rigid plate model for the GoM.
Because Kneller and Johnson’s (2011) model does not explicitly provide rotation parameters, we
estimated the pre-rift Euler rotation of the Yucatan Block using georeferencing techniques.
However, Kneller and Johnson (2011) proposed seafloor spreading in the Late Aalenian (~176
Ma) with Callovian salt deposition (~161-163 Ma). With the salt now identified as Bajocian
rather than Callovian—early Oxfordian (Pindell et al. 2021) — potentially up to 9 Myrs older —
the timing of the rift-drift transition is also likely different, suggesting a need to adjust the plate
tectonic reconstruction accordingly. Therefore, to model the rift-to-drift transition, we adopted
the recently published plate reconstruction model of Pindell et al. (2021). This model was
selected because it offers an updated, internally consistent synthesis of the Permo-Triassic
assembly and Mesozoic evolution of the GoM. Notably, Pindell et al. (2021) integrated multiple
lines of evidence, including magnetic data and new geochronological constraints (e.g. the
Bajocian age for salt deposition determined using 3Sr/3®Sr isotopes). Pindell et al. (2021)
documented the transition from continental rifting to oceanic spreading, with a distinct syn-drift
shift in the pole of rotation at approximately 150 Ma. Moreover, its detailed kinematic
framework along the inferred deformation region (such as the Burgos Lineament, Peninsular
Mexico, FTZ, and Ouachita—Marathon belt) is useful in defining the boundaries of our
deformation mesh (see Section 3.2), which is not available in other published models. Although
we used the Pindell et al. (2021) model from 195 Ma onward, it acknowledges that syn-rift
lithospheric extension in the GoM region spanned from the Late Triassic (Carnian) to
approximately Bajocian time, with total Triassic extension magnitudes (100—150 km) roughly
consistent with those produced by the Kneller and Johnson (2011) model prior to 195 Ma. Thus,
the Late Triassic extension in our modelling framework aligns with Kneller and Johnson’s
reconstructions, followed by the updated synthesis of Pindell et al. (2021) for the subsequent
evolution. For the motion of the South American block, we used the Miiller et al. (2019) model,
which incorporates the rotation of Heine et al. (2013). However, there is a slight discrepancy
between Pindell et al. (2021) and Heine et al. (2013), with the former suggesting a slightly
tighter fit for the eastern Equatorial Atlantic and a slightly looser fit for the western Equatorial
Atlantic.
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3.2 Defining Deformation Zone

To capture lithospheric deformation during the rifting of the GoM Basin, we defined an initial
deforming mesh on the Yucatan and North American blocks, delineating the extended and
unextended regions as they existed at the onset of rifting, approximately 230 Ma. The extent of
deformation landward from the passive margin was determined by the unstretched continental
crust limit (UCCL; Nemcok 2016), which marks the transition from an unextended to thinned
continental lithosphere. The northern boundary aligns with the Ouachita-Marathon thrust belt
(e.g. Dickinson et al. 2010; Snedden and Galloway 2019), representing the boundary between the
unextended North American continental lithosphere and the rifted margin (Figures 1 and 3). The
eastern boundary of our deformation zone is defined by the Burgos Lineament and the Western
Margin Transform (Figure 1). The southern boundary is defined by the Yucatan Block, although
the Chiapas Block was excluded because it did not become part of the Yucatan until the
Valanginian (Pindell et al. 2021). Within our mesh, regions such as the Sabine and Monroe
Uplifts (Figure 1) were treated as rigid, non-deforming blocks. These uplifts, interpreted as
Triassic mid-rift, high-standing fault-bounded blocks composed of thicker continental crust
(Adams 2007; Salvador 1991; Snedden and Galloway 2019), were incorporated as fixed nodes in
the model. This approach prevents unrealistic deformation patterns in areas dominated by brittle
faulting and high-frequency variations in crustal thickness, which cannot be captured by our
model.

While deformation extended across broader regions (purple region in Figure 6), such as eastern
Mexico, the Florida-Bahamas platform, and the Yucatan Block itself, we focused our mesh on
the northern and central GoM Basin. This decision reflects the primary goal of our study, which
is to model deformation in the region directly contributing to syn-rift subsidence and crustal
thinning in the central GoM. For areas outside this focus, such as eastern Mexico, we applied a
uniform deformation mesh derived from previous models (e.g. Miiller et al. 2019; Pindell et al.
2021). We acknowledge that deformation beyond the designed mesh likely influences the overall
kinematic evolution of the GoM. This does not imply that the excluded regions did not undergo
deformation or that these motions did not affect the deformation in the GoM. These factors have
already been accounted for in the base rigid plate reconstruction model (Pindell et al. 2021). This
means that we avoided modelling the strain rate and crustal thickness evolution in regions where
the deformation was too complex to be modelled by either uniform or focused deformation.
Moreover, the boundaries between rigid and deforming regions introduce potential uncertainties
in crustal thickness and tectonic subsidence estimates. We did not attempt to optimize these
boundaries explicitly. Future studies may refine these boundaries by incorporating additional
seismic, well, and gravity data to improve the resolution of the deformation mesh and crustal
thickness calculations.

25



Deep-time reconstructions of Earth’s surface environments and elevations

3.3 Focused Deformation Modelling

Conventional deforming meshes typically assume uniform thinning throughout the deforming
mesh when calculating crustal thickness and tectonic subsidence (Figure 4a; Miiller et al. 2019).
However, this assumption is not valid for many geological scenarios. Seismic imaging of passive
margins such as the GoM and around the globe has consistently shown that the unextended
continental crust tends to be thicker, and as we move towards the rift axis, the crustal thickness
decreases (Huerta and Harry 2012; Christeson et al. 2014; Mann 2014; Mann 2022). Moreover,
differential subsidence patterns are commonly observed in basins during the rifting and breakup
phases, resulting in enhanced subsidence towards the seaward side of the hinge zone (Xie and
Heller 2009). This is because of the focused extensional strain distribution, which can be
attributed to brittle and ductile weakening processes (e.g. Brune et al. 2023). For instance,
lithospheric necking can cause localized thinning via a large-scale thermal weakening process
that transforms the originally cold and strong lithosphere into a hotter and weaker mantle (e.g
Chenin et al. 2018). Variations in crustal strength and viscosity can also lead to uneven
deformation, resulting in focused deformation (Bott 1992; Ebinger et al. 2017). To capture these
complexities, numerical models that incorporate nonuniform thinning and variable strain
distributions are necessary. To address this, we defined a new, focused deforming mesh for the
GoM (Figure 4a). In the focused deforming mesh, the strain rate evolves over time to
progressively concentrate toward the rift axis until continental rupture occurs and oceanic crust
forms (Figure 4a). This is accomplished by introducing additional points within the deforming
network and assigning velocities to these points such that the strain rate increases exponentially
along the stretching direction from the unstretched edge of the rift toward its center (Figures 4b
and c). This behavior is governed by three key parameters:

¢ Exponential Stretching Coefficient (C): This coefficient controls the spatial variation
in the strain rate across the rift profile. The strain rate increases exponentially from the
unstretched edge (x=0) toward the rift axis (x=1), following the equation

c
Ex)=¢y- e ———
( ) 0 (ec _ 1)
where & is the strain rate of the unsubdivided mesh, C is the rate of exponential increase,
and x is the normalized distance (0 at the unstretched edge and 1 at the rift axis). For
example, C=1.0 results in strain rates at the unstretched edge (x=0) being 58% of &, while
rates at the rift axis (x=1) are 158% of &,.

e Strain Rate Resolution: This parameter determines how closely the mesh must match
the exponential strain rate profile across the rift. This sets a tolerance for the extent to
which the strain rate can deviate from the ideal exponential curve before further
subdivision of the mesh. For example, if the strain rate resolution was set to 4x10717 571,
the mesh was refined until the strain rate differences between adjacent elements were
smaller than this value. This ensured that the strain rate distribution was physically
accurate and matched the exponential profile required by the model.
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e Rift Edge Length Threshold: This parameter sets the minimum length (in degrees) for
the rift edges in the mesh. Edges shorter than this threshold were not further subdivided,
regardless of the strain rate resolution. This prevents excessive refinement, which could
lead to computational inefficiency or an unnecessarily high resolution in areas where it is
not required (Figure 4b and c). This ensures that the mesh remains computationally
manageable by limiting the number of subdivisions in regions where further refinement
would not significantly improve the accuracy.

Together, these parameters balance the need for physical accuracy in the strain-rate distribution
with the computational efficiency in mesh refinement. This approach replicates the observed
crustal thinning patterns at passive margins (e.g. Chenin et al. 2018), where the strain localizes
into narrow zones (e.g. Tetreault and Buiter 2018).

3.4 Mesh Parameter Optimisation

The strain rate within the deforming mesh, combined with the initial crustal thickness at the start
of rift initiation, was used to model the crustal thickness using the mass conservation equation
(Appendix B). However, the optimal values for the key deformation parameters, that is, the
exponential stretching coefficient, strain rate resolution, rift edge length threshold, and initial
crustal thickness, are not known a priori (Table 1). To determine these values, we performed a
systematic optimization, which, in this context, refers to a parametric search aimed at minimizing
the difference between our model’s output and independent observations. Specifically, we
computed the present-day crustal thickness using our forward model implemented in pyGPlates
and then compared these results with independent geophysical datasets, including the GEMMA
model (Figure 3; Reguzzoni and Sampietro 2015), CRUST1.0 model (Laske et al. 2013), and
crustal thickness estimates from GUMBO seismic lines (Filina 2019; Van Avendonk et al. 2015).
The model parameters were adjusted over 32,400 different combinations by varying the
exponential stretching coefficient, rift edge length threshold, strain rate resolution, and initial
crustal thickness, with the goal of minimizing the root mean square error (RMSE) between the
calculated crustal thickness (at 0 Ma) and the values provided by these reference models. The
RMSE serves as a quantitative metric of model accuracy because it penalizes large deviations
more than smaller deviations, ensuring that models with significant mismatches receive higher
error scores. This approach offers a comprehensive assessment of model performance. Although
we optimized the model against both GEMMA and CRUST1.0 (Supplementary Figures S2—S4,
Supplementary Animations), we prefer the GEMMA model because it incorporates constraints
from CRUST2.0 (Bassin et al. 2000) along with GOCE-derived gravity data, which includes
uncertainty estimates (~3 km) that are particularly relevant for our study area (Supplementary
Figures S5). In comparison, CRUST1.0 provided thickness estimates that differed by 10—15 km
from the GEMMA and GUMBO seismic data. Because GEMMA and the GUMBO seismic
profiles show strong mutual agreement, the large discrepancy in CRUST1.0 suggests it is less
representative of the crustal architecture in this specific region. Consequently, we selected
GEMMA as the primary reference because it provides a more robust consensus between satellite
gravity data and localized seismic observations, supported by quantifiable uncertainty estimates.
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3.5 Limitations and Assumptions

Although our methodology provides a robust framework, certain limitations must be
acknowledged. Our study employed one of several available plate reconstructions as a boundary
condition for numerical modelling. This study focused on a single reconstruction owing to the
extensive number of model runs performed to systematically sample the parameter space.
Exploring alternative reconstructions could further clarify the influence of the boundary
conditions on the model outputs. With the availability of new open-source plate reconstructions,
future studies should incorporate these datasets to evaluate their impacts. In this study, we
assumed that the crustal and mantle densities were constant. In reality, lateral and vertical
variations in density occur because of compositional differences and metamorphic
transformations, particularly in rifted and extended crustal areas. However, incorporating these
complexities requires additional constraints that are not available on a basin-wide scale.
Moreover, in our study, we assumed that the degree of thinning () was approximately the same
for both the crust and sub-crustal lithospheric mantle (together comprising the lithosphere)
in the GoM. We acknowledge that more complex scenarios involving depth-dependent stretching
or simple shear could yield slightly different outcomes, which is an avenue worth exploring in
future studies. Additionally, our model does not explicitly include the effects of orogenic loading
or mantle-driven dynamic topography. These factors became particularly significant in the
Cretaceous—Neogene but were less influential during the Jurassic when tectonic subsidence
dominated. Future studies should incorporate these factors to further improve the model.
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Figure 4. a) Model showing the difference between uniform and focused deformation, where the
top layer represents the crust and the bottom layer represents the lithospheric mantle. b-c)
Deformation topology network (black mesh) used in this study and comparison of parameters
showing how the rift edge length threshold is used to divide the strain rate in the deformation
mesh. Panel b) has a rift edge length threshold value of 1°, whereas c) has a rift edge length
threshold value of 4°. The strain rate resolution parameter guides the decision on when to
subdivide the network ( perpendicular to the rift direction) to match the exponential curve within
a certain tolerance, thereby controlling the strain rate perpendicular to the rift. The rift edge
length threshold parameter further controls the division of the topological network. The
minimum possible element length of the topological network cannot be less than this parameter,
thereby governing the non-uniform spatial variation of the strain rate. The grey blocks refer to
reconstructed present-day coastlines, which overlap in the regions of tighter pre-Pangea fit. The
north-eastern South America has also undergone significant deformation due to north Andean
Rifting in the mid-Jurassic. However, these regions were outside the scope of this study.
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Table 1. Parameters used in this study to generate our optimized deforming model. The crustal
density values for our model were derived from the density calculations of GUMBO1 and
GUMBO02, as detailed by Filina (2019). Similarly, the water density was referenced from Smith
and Sandwell (1997), whereas the mantle density was obtained from Mooney and Kaban (2010).
For this study, we assumed a standard lithospheric thickness of 125 km, which is consistent with
the thickness estimate derived from the shear wave velocity model within the unstretched region
(131 + 28 km; Ho et al. 2016).

Parameters Values

Initial Crustal Thickness (Hi) Optimized constant
Lithospheric Thickness (L) 125 km

Density of Crust (p,) 2800 kg/m?
Density of Mantle (p,;,) 3330 kg/m?
Density of water (p,,) 1030 kg/m?
Exponent Stretching Factor (C) Optimized constant
Rift Edge Length Threshold Optimized constant
Strain Rate Resolution Optimized constant
Thermal Expansion coefficient ( «) 3.28e-5°C!
Thermal Diffusivity 8.04e-7 m?/s
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Figure 5. Our optimization of 32,400 different focused deforming mesh configurations yielded
the following results: a) the initial crustal thickness at the start of the model, b) the exponential
stretching coefficient, ¢) the rift edge length threshold, and d) the strain rate resolution. RMSE,
calculated between crustal thickness estimates at 0 Ma and the known GEMMA crustal thickness
model (Reguzzoni and Sampietro 2015), was used as the performance metric. The red star marks
the minimum RMSE value found during the simultaneous optimization of the initial crustal
thickness and the focused deformation mesh parameters defined in Section 3.3.

4 Results
4.1. Optimisation

Through our optimization across 32,400 configurations, we identified the specific parameter
combination that produced the lowest overall error (the global minimum in misfit). This optimal
model yielded an RMSE of 5.6 km when compared with the GEMMA model (Reguzzoni and
Sampietro 2015), with an exponential stretching coefficient of 5.3, and an estimated initial
crustal thickness prior to GoM stretching of 39 km (Figure 5). Notably, the rift edge length
threshold and strain rate resolution parameters, which are crucial for achieving the closest match,
consistently fell within the ranges of 2.25-2.75° and 10°'® to 107 s, respectively. The uniform
deformation model from Miiller et al. (2019) for the GoM produced an RMSE of 14.8 km when
compared with the GEMMA crustal thickness model (Reguzzoni and Sampietro 2015),
demonstrating that our focused deformation model outperformed it by nearly 2.5 times in
estimating the crustal thickness. The crustal thickness estimates based on UCCL suggest a
thickness of 38.4 &+ 3.0 km for unstretched crust (e.g. Huerta and Harry 2012; Kaban et al. 2014;
Nguyen et al. 2022; Reguzzoni and Sampietro 2015), which closely aligns with the optimised
value of initial crustal thickness obtained from the model. This suggests that a highly thickened
crust inherited from the Ouachita Orogeny is unlikely, given our initial crustal thickness estimate
of 39 km, which is thinner than what would typically result from an orogenic event. This may
imply that pre-rifting thinning occurred between the Ouachita Orogeny and the start of our model
at 230 Ma, driven by processes such as post-orogenic collapse, thermal relaxation, or far-field
tectonic stress during the Permo-Triassic period. Additionally, our model agreed with the
GUMBO crustal thickness estimates, particularly in the eastern and western GoM regions, with
an absolute error of ~1.5 km (Supplementary Figures S2 and S3). The RMSE produced by our
crustal thickness model when compared to GUMBO1 and GUMBO?2 is 1.53 km and 1.58 km,
respectively (Supplementary Figure S2). However, the RMSE for GUMBO3 was slightly higher
at 7.83 km, suggesting that complex deformation may have influenced crust thickness in the
eastern GoM. Notably, a mismatch of approximately 3 km in the estimates of the Moho depth
from seismic reflection and refraction (Eddy et al. 2014) along GUMBO3 could be another
reason for the higher RMSE.
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Figure 6. Comparison of crustal thicknesses between our uniform deformation model and the
focused deformation model applied to the rigid plate reconstruction model described in Section
3.1. The purple colored region demonstrates the entire deformed continental crust in the region,
but our modelling focused only on the central GoM. The thin outlines visible beneath the colored
models represent reconstructed present-day coastlines provided for geographic reference. During
the early evolution from 230 to 190 Ma, the crustal thickness showed spatial similarities in both
the uniform and focused deformation scenarios. However, from ~190 to ~175 Ma, a region of
focused stretching emerges in the central GoM (see 180 Ma). Notably, there is a significant
disparity in crustal thickness estimation between the focused and uniform deformation models
after the rifting event at ~160 Ma.

4.2 Evolution of stretching factor, crustal thickness, and tectonic subsidence

4.2.1 Early Triassic-Sinemurian (~230 to 190 Ma)

During the initial phase, the extension was relatively uniform along the north-south direction,
characterized by minimal stretching (f = 1.1) and crustal thinning (Figure 6). The gradual
stretching process resulted in the development of low strain rates (6 x 10 16— 4.0 x 10 -1¢s°1)
evenly distributed across the region. However, tectonic subsidence calculations revealed lateral
variations in the east-west direction, leading to the creation of accommodation for the deposition
of Triassic sediments (Figures 7 and 8). The western GoM exhibited approximately 1.5 km of
tectonic subsidence, which gradually decreased towards the central GoM (Figure 8a). The
eastern GoM region adjacent to the SGR showed a similar subsidence value (~1.2 km).

4.2.2 Pliensbachian-Toarcian (~190 to ~175 Ma)

During this phase, our model indicates rapid tectonic subsidence of 3—5 km between North
America and Yucatan (Figures 7 and 8b). However, the stretching zone exhibited spatial
variability (Figure 9). As the Yucatan Block drifted southward, the strain rate within the
deformation zone increased from 4.0 x 10 “'°s7'to 1.7 x 10 "3 s°!, resulting in more focused
deformation in the region between blocks. Our model allows for the adjustment of the
deformation mesh, concentrating the extension within the necking region. Notably, our results
highlight the development of a focused stretching zone that propagates from the western to the
eastern region of the GoM (Figure 9¢ and d). In contrast, the uniform deformation model failed
to capture this focused thinning region, particularly in the central and eastern GoM (see
snapshots 180 Ma and 160 Ma in Figure 6).

We found that rapid tectonic subsidence initiated in a wider zone in the western GoM and a
narrower zone in the central and eastern GoM during the Pliensbachian (~185 Ma) and then
propagated to create a wider central and western GoM by the Bajocian (~170 Ma). Tectonic
subsidence reached approximately 4-5 km in the western GoM and 2-3 km in the eastern GoM,
revealing lateral variations in accommodation within the GoM prior to its opening (Figure 8b).
However, our model indicates that this heightened subsidence was confined to the region of
focused stretching rather than being uniformly distributed across the basin. We observed
significant stretching, with the B value transitioning from 1.1 at the start of the Early Jurassic to a
value greater than 4 by the end of the Early Jurassic, resulting in substantial crustal thinning

35



Deep-time reconstructions of Earth’s surface environments and elevations

(Figure 9). Overall, stretching occurred over a wider zone in the western GoM region than in the
central and eastern regions. Our crustal thickness calculation demonstrates that during the
Pliensbachian period, the western GoM experienced considerable thinning, with an average
thickness of 17 km, while the central and eastern regions of the GoM thinned to an average
thickness of 26 km (Figure 6).

4.2.3 Middle-Late Jurassic (~175 Ma to ~145 Ma)

During the Toarcian to Callovian period, the western GoM experienced substantial thinning due
to intensified extension caused by the anticlockwise rotation of the Yucatan Block.
Consequently, the average crustal thickness in this region decreased to less than 10 km.
Furthermore, the western GoM exhibited higher tectonic subsidence than the eastern region
(Figure 7). Although the extension in the western GoM ceased in the Callovian (~166 Ma), it
persisted into the Early Oxfordian (~162 Ma) in the eastern GoM, albeit at a reduced rate
(Figures 9 and 10). Our model indicates that the zone of focused stretching propagated from west
to east prior to the onset of seafloor spreading. However, our deformation model revealed a
stepwise opening process with the onset of the seafloor spreading. It commenced in the
Bathonian in the western GoM, followed by spreading in the central GoM during the Callovian,
and eventually reaching the eastern GoM by the Oxfordian. Notably, an intriguing observation
from our model is that seafloor spreading occurred south of the focused stretching region,
suggesting a possible rift jump. Additionally, the spreading center exhibited asymmetry in both
the eastern and western GoM with respect to the focused stretching zone. However, in the central
GoM, the spreading center is in close proximity to the focused stretching region.

4.2.4 Cretaceous

During the Cretaceous, the GoM experienced lithospheric cooling and entered a phase dominated
by thermal subsidence (Figure 8), creating ample space for the deposition of thick sedimentary
layers and further sediment loading subsidence. Following the extensional phase, gradual
conductive cooling of the lithosphere occurred, leading to increased density in both the crust and
mantle. The basin underwent gradual subsidence to maintain isostatic equilibrium. Throughout
the Cretaceous, the GoM was characterized by passive tectonic conditions in most areas, with
occasional localized interruptions caused by factors such as igneous activity and thermal uplift in
the eastern Texas region surrounding the Sabine Uplift (Adams 2007; Snedden and Galloway
2019). Although these factors significantly influence the local tectonic subsidence of the basin,
they cannot be accounted for in our model. For instance, the Southern Arkansas Uplift in the
mid-Cretaceous may have locally influenced subsidence by up to 3 km (Snedden and Galloway
2019).

5 Discussion

5.1. Initial rifting and red bed deposition
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During the initial rifting phase prior to the anticlockwise rotation of the Yucatan Block, our
model indicates ~1.5 km of subsidence, which would have created accommodation for the
deposition of red bed sediments. However, our tectonic subsidence calculation suggests that the
estimated thickness of the red bed sediments from our model in the northern GoM is slightly
lower than the inferred thickness (Milliken 1988). This observation may imply that the
deposition of red beds filled pre-existing accommodation spaces rather than being deposited
directly within a newly formed graben. It is important to note that our tectonic subsidence
calculation relies on stretching constrained by Yucatdn motion, and we have limited constraints
on the internal deformation of the Yucatan Block and the position of the mid-rift high. Moreover,
our model may not be able to capture high-frequency, high-amplitude changes in stratal
thicknesses caused by brittle deformation, which can also be responsible for the thicker red beds
in northern GoM. Nonetheless, our model offers valuable insights into how sediments may have
been routed southward from the Ouachita-Marathon region.

The initial tectonic subsidence of ~1.5 km in the eastern and western parts of the GoM between
230 and 190 Ma before the drifting stage suggests that sediment deposition routes were
bifurcated to the east and west within the narrow extensional zone between Yucatan and North
America. This is further supported by the presence of interior drainage systems extending across
various North American basement source terranes, as evidenced by the diverse U-Pb age spectra
from pre-salt wells (e.g. Frederick et al. 2020; Snedden and Galloway 2019). Detrital zircon data
from 16 wells show the existence of three distinct paleo-drainage systems in the northern GoM
(Frederick et al. 2020), which aligns well with the potential depocenters in our model (Figure 8).
These reconstructions suggest that a western paleo-drainage system extended from the highlands
of Central Texas to the submarine Potosi Fan on the western margin of the Laurentia. Detrital
zircon ages from the Eagle Mills sediments in this region suggest tributary sources from the East
Mexico Arc, Yucatan/Maya, and Marathon-Ouachita provinces, encompassing a range of detrital
zircon ages (Frederick et al. 2020). The south-western sediment source was characterized by
peri-Gondwanan detrital zircon ages from the late Paleozoic accreted basement and/or successor
basins, whereas the south-eastern fluvial networks originated from traditional North American
basement provinces, including Grenville, Mid-Continent, and Yavapai-Mazatzal. The southern
paleo-drainage system in the north-central GoM region bifurcated around the uplifted terranes of
Sabine and Monroe (Figure 8). The eastern paleo-drainage system exhibited a regional
southward flow, with pre-salt detrital provenance data predominantly indicating local
Gondwanan/peri-Gondwanan sources, such as the proximal Suwannee terrane and Osceola
Granite complex (Frederick et al. 2020).

Our model suggests that these paleo-drainage systems likely served as sources of basin fill in the
GoM (Figure 8). The creation of accommodation in the western GoM facilitated the deposition
of red bed sediments from the western paleo-drainage system and the western branch of the
bifurcated southern paleo-drainage routes. Similarly, tectonic subsidence in the eastern GoM
region would have provided accommodation for sedimentation in the eastern branch of the
southern and eastern paleo-drainage systems.
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Figure 7. Tectonic subsidence calculation from the model. Four stages can be used to describe
the tectonic evolution of the GoM Basin. Slow rifting Phase: In this phase, there is a small
tectonic subsidence, creating accommodation for infilling the GoM Basin with red beds. Rapid
Subsidence Phase: Following the rift-drift transition, rapid subsidence occurs, resulting in 3-4 km
of subsidence. This led to the deposition of the pre-salt strata. Seafloor Spreading Phase: Louann
Salt was already deposited. First, the western GoM opened, followed by the opening of the
eastern GoM. Post-Rift Thermal Subsidence Phase: The last stage is marked by the conductive
cooling of the lithosphere, resulting in gradual tectonic subsidence. The difference in tectonic
subsidence between the western and eastern GoM further increases. Most of the later secondary
tectonic activity (major events in color) would have influenced tectonic subsidence and has not
been accounted for in this study. Abbreviations of depositional sequences from Snedden and
Galloway (2019): EMF, Eagle Mills Formation; LS, Louann Salt; NS, Norphlet-Smackover
Formations; HB, Haynesville-Buckner Formations; CVB, Cotton Valley-Bossier; CVK, Cotton
Valley-Knowles; SH, Sligo-Hosston; BPI, Bexar-Pine Island; GR, Glen Rose; PW, Paluxy—
Washita; EFT, Eagle Ford-Tuscaloosa; AC, Austin Chalk; and NT, Navarro-Taylor.

5.2 Rapid subsidence and pre-salt deposition

The ~40 Myr hiatus between the syn-rift red beds of the Eagle Mills Formation and the overlying
Middle Jurassic Louann Salt poses an important conundrum. Because the Eagle Mills Formation
is deeply buried, detrital zircon analyses from its regional stratigraphic equivalents—specifically
the Wood River Formation of the South Florida Basin and the Dockum Group north of the
Ouachita-Marathon orogenic belt—are used to constrain this timeline. These equivalent units
yield maximum depositional ages of approximately 235-195 Ma (Wiley 2017) and 234-200 Ma
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(Umbarger 2018), respectively. This confirms a substantial age gap between the cessation of
these Late Triassic—Early Jurassic red bed sequences and the onset of the Louann Salt (Dickinson
et al. 2010). Limited exposure of early Mesozoic outcrops south of the Ouachita Mountains and
only a few drilled wells below the autochthonous Louann Salt in the onshore USA make the
geological record in the western GoM soon after the Permian unclear (Snedden and Galloway
2019). For example, there is a 90 Myr gap between the Permian strata and the earliest fully
marine Upper Smackover strata formed during the middle Mesozoic drift and cooling phase of
the GoM Basin in west Texas (Snedden and Galloway 2019).

Our model suggests that the onset of the Yucatan rotation triggered a sudden increase in tectonic
subsidence (Figure 7), creating ample accommodation for sedimentation before marine
incursion. The region of high tectonic subsidence shifted further south near the Yucatan margin,
implying approximately 4-5 km of tectonic subsidence in the focused stretching zone and
suggesting the presence of a thick pre-salt sedimentary layer. This aligns with the current
understanding of a pre-salt sedimentary basin, as mapped by seismic and potential field data (e.g.
Filina 2019), indicating continuous deposition. Our model suggests a wider region for pre-salt
deposition in the western GoM than in the eastern GoM, with higher tectonic subsidence values
near the Yucatdn margin, indicating thicker sediment in that area. We propose that the sudden
increase in accommodation in the southern GoM, close to Yucatan, facilitated the deposition of
sediments from the north-central GoM into the present-day pre-salt sedimentary basin. While
rifting and red bed deposition continued uninterrupted until salt deposition, the primary zone of
deformation gradually shifted southward toward the Yucatan margin. This region, which is now
buried beneath the salt canopy, remains poorly imaged and lacks comprehensive penetration.
Consequently, the western paleo-drainage and the western branch of the southern paleo-drainage
actively filled the newly created accommodation and bypassed the previous basin located to the
north (Figure 8), potentially explaining the large hiatus between the red beds and the beginning
of the Louann Salt in the northern GoM.
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Figure 8. A successor basin fill model showing that a large area in the central GoM may have

been filled with red bed sedimentation. Sediment routing was based on an analysis of key wells
and their detrital zircon geochronology, which revealed the direction of sediment routing trends
(Snedden and Galloway 2019). 1) Western paleo-drainage systems. 2) The southern paleo-
drainage systems bifurcated around the mid-rift high into two branches: the eastern and western
branches. 3) Eastern paleo-drainage systems. Our model shows tectonic subsidence along these

paleo-drainages (top left panel). Our model shows the development of rapid tectonic subsidence

in a focused region (4; top right panel). Proposed model and sediment routing for pre-salt
deposition based on our tectonic subsidence calculation. This region is wider in the western
GoM; however, it becomes narrower towards the east. We propose that sedimentation was a

continuous process in the GoM. However, owing to the creation of accommodation during rapid

subsidence, red bed deposition shifted further south near the Yucatan margin. Moreover, the
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western paleo-drainage, as well as the western branch of the southern paleo-drainage, would
have been a major source of these sediments. This tectonic subsidence signature may have
exerted a long-lived sediment routing control into post-salt Cretaceous clastic systems, as
illustrated by the abrupt westward deflection of Cenomanian-Turonian submarine fans (bottom
middle panel). These systems originated from the southern Louisiana platform margin (northern
sediment source) and extended towards the Tiber (II) and BAHA II (I) well locations in the
western GoM (Snedden et al. 2016; Sweet et al. 2022). However, well data are limited further
west in the deep waters of the GoM. However, our model suggests that these submarine fans may
have extended even farther west, beyond the range of current well penetration, owing to
increasing differential subsidence towards the west.

5.3 Evolution of Rifting

Determining the precise type of crust in the GoM has been challenging because of the lack of
wells penetrating the crustal basement. Moreover, the extent and timing of magmatism and/or
mantle exhumation remain topics of debate for the GoM (e.g. Filina et al. 2022; Minguez et al.
2020). The extent of magmatism during the rifting stage is influenced by several factors,
including mantle temperature, extension rates, mantle composition, preceding rift history, and
the presence or absence of hot active upwelling of the asthenosphere (e.g. Armitage et al. 2010;
Tetreault and Buiter 2018; Tugend et al. 2020; White and McKenzie 1989). Among these
factors, mantle temperature is considered the most crucial because it governs the onset of
decompression melting (Tugend et al. 2020). Elevated mantle temperatures increase the magma
supply, resulting in higher volumes of magmatism at magma-rich margins (e.g. White and
McKenzie 1989). The rate of lithospheric extension during breakup is another critical factor that
significantly influences magma supply (Armitage et al. 2010). Magma-rich margins tend to form
under conditions in which plate separation occurs at a faster pace than in magma-poor margins
(e.g. Lundin et al. 2014). Mantle composition also plays a role in the volume of melt produced,
with more primitive and volatile-rich mantles generating greater amounts of melt (Cannat et al.
2008). Therefore, the level of magmatism observed at the rift margin and within the GoM
depends on the complex interactions between these parameters. Our model provides valuable
insights into the temporal and lateral variations in magmatism throughout GoM evolution. Based
on the stretching factor, crustal thickness, and extension rate evolution derived from our model,
we propose a two-phase development of the crustal architecture of the GoM.
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Figure 9. a) Formation of CMA aligns well with crustal thinning, suggesting rift-related
volcanism. b) Formation of HMA, LMA, and SDRs. ¢) Hyperextension began in the western
GoM. d) Hyperextension propagated to the eastern GoM and separation of CMA and HMA.
HMA, CMA, and SDR underwent deformation owing to the motion of the Florida and Yucatan
Blocks. Exhumation may have started in the western GoM, leading to the formation of the
BAHA high. e) Seafloor spreading began Exhumation in the eastern GoM, resulting in the EEA.
f) SDR undergoes deformation owing to the motion of the Florida Block. Symmetric and
Conjugate EEA were separated in the central GoM. However, further west, the EEA was
asymmetric and tapered out. Magnetic anomalies and SDRs are shown in black and blue,
respectively. The solid light blue polygon represents the location of possible exhumation. Dashed
light blue polygons represent reconstructed BAHA high and EEA anomalies, respectively. Beige
polygons represent present-day coastlines reconstructed to a specific time.

5.3.1 Phase 1: Magmatism

The transition from rifting to seafloor spreading in passive rift margins occurs when the crustal
stretching factor reaches 3—5 (Davis and Kusznir 2004; McKenzie 1978; Reston 2009), allowing
magma to suddenly breach through the crust (Dewey and Bird 1970). However, some volcanic
activity may occur in passive rift margins prior to breakup when the stretching factor exceeds ~2
(Le Pichon and Sibuet 1981). Our model revealed a link between crustal thinning and the
formation of the HMA, CMA, and LMA in the western GoM, as well as the positioning of the
SDRs in the eastern GoM. The CMA in the western GoM formed near the Yucatan margin
during the Sinemurian period (Figure 9a). As deformation progressed, the region stretched,
leading to the formation of the HMA (Figure 9b). Deep seismic data imply that the CMA
(Goswami et al. 2016) and FMA (Imbert and Philippe 2005) are probably related to volcanic
flows within the syn-rift regions of the rift basins. The occurrence of the HMA in the western
GoM during the Sinemurian may also be linked to magmatic activity, similar to that of the CMA.
In the eastern GoM, the SDRs observed off the Yucatan margin coincide with the YMA (e.g.
Steier and Mann 2019; Filina and Hartford 2021; Filina and Beutel 2022). The refraction
velocity model (Eddy et al. 2014) indicates that the same region where the SDRs were
interpreted in the FMA exhibits a high-velocity lower crust and Moho associated with the
intrusions. Liu et al. (2019) modelled SDRs reflections with high magnetic susceptibilities and
densities, which fit well with potential field data. Some studies have proposed that SDRs may
represent syn-rift volcanic fills (e.g., Minguez et al. 2020). Others consider the HMA and YMA
to be COBs marked by SDR successions (e.g. Lundin and Doré 2017). The stretching factor
values (B~2) associated with these anomalies suggest that they may not be COBs, as these values
are low for oceanic crust formation (Figures 9a and b).

One possible explanation for the formation of these SDRs and magnetic anomalies is their
proximity to the CAMP event in eastern North America (e.g. Filina and Beutel 2022). The
elevated subcontinental mantle temperature during the CAMP event would have led to increased
decompressional melt generation, resulting in magmatism and lower-crustal intrusion (Figure
10). However, the extent of this magmatism was limited because of the relatively short duration
of the CAMP event. A similar process has been proposed to explain rifting in the north-western
Indian Ocean, where the presence of the Deccan Traps, located 1000 km away from the rift zone,
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created a thermal anomaly that triggered igneous intrusion along the Gopi Rift (Armitage et al.
2010). However, this thermal anomaly was eventually depleted, leading to the formation of a
magma-poor Laxmi Ridge margin (Armitage et al. 2010). The production and emplacement of
magma during the formation of the GoM may have varied laterally, which could explain the
presence of SDRs along the eastern GoM owing to its proximity to the CAMP event.
Alternatively, the HMA may also be related to SDRs, but owing to its depth and thick salt cover,
it remains challenging to determine the presence of SDR patterns in seismic sections. Another
plausible reason for the reduced occurrence of magmatic SDRs in the western GoM could be the
hindered melt extraction caused by the greater lithospheric thickness in that region (e.g.
Izquierdo-Llavall et al. 2022; Nguyen et al. 2022). Furthermore, our model indicates that because
of the motion of the Florida Bahamas and Yucatan Blocks, these SDRs would have experienced
significant deformation and later separated from each other as a result of seafloor spreading,
resulting in their present-day locations (Figures 9 and 10).
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Figure 10. Summary of the evolution of GoM crustal architecture. Our model suggests that the
Mesozoic evolution of the eastern and western GoM Basins—approximately along profiles
GUMBOI1 and GUMBO3 (Figure 3; note that the figures are schematic and not to scale)—began
as a magma-rich margin. During the Pliensbachian age, magmatic intrusions and extrusions
occurred, resulting in the formation of the HMA, CMA, and LMA in the western GoM, as well
as SDRs in the eastern GoM. The elevated subcontinental mantle temperature during the CAMP
event likely caused increased decompressional melt generation, leading to magmatism and
lower-crustal intrusions. However, this magmatism was short-lived. The subsequent Toarcian
development indicates a magma-poor origin, characterized by hyperextension and potential
mantle exhumation. The rate of extension plays a significant role in shaping crustal architecture.
Higher extension rates (>20 mm/yr) facilitate rapid mantle upwelling, resulting in exhumation.
As the extension rate is higher farther from the pole of rotation, the western GoM underwent
more thinning and wider hyperextension than the eastern GoM.

5.3.2 Phase 2: Hyperextension and Exhumation

The magma-rich rifting phase in the GoM was relatively brief because of the short-lived CAMP
event. Following the transition from rift to drift, our results indicate a wider region of thinned
crust in the western GoM, indicating hyperextension (Figure 9¢ and d). However, this region
narrows as we move towards the central and eastern GoM. A higher stretching factor (B>3-5) is
required for the formation of the oceanic crust, and these values are at the lower limit for
magma-rich margins. However, our calculations suggest that if this were the case in the GoM,
the formation of the oceanic crust would have commenced sooner and further north than
currently estimated based on the ESRA (Figure 2). New tectonic models for GoM evolution
based on the interpretation of the new magnetic anomaly map have proposed a fossil spreading
center that differs from previous studies, which lies in the north (Garcia-Reyes and Dyment
2022) and coincides with the wide region of high stretching factor ( >3) predicted by our model.
The estimated COBs and symmetrical patterns of intermediate-wavelength magnetic anomalies
matched our model predictions in the western GoM. However, our optimized model produces a
very wide zone of deformation in the western GoM rather than a narrow zone, which is primarily
observed in the case of hyperextension (Reston 2009). Our analysis revealed a 3 value of 4 in the
wider western GoM Basin during the Early Toarcian, whereas the eastern GoM exhibited a 3
value of 1.5 within a narrow zone. However, by the Late Aalenian—Early Bajocian, the eastern
GoM shows a [ value of approximately 4, whereas the western GoM reaches approximately 5.2.
This may suggest that rift propagation occurred from west to east, gradually ‘unzipping’ this
hyperextended crust (Figure 9). The unzipping process was triggered by the anticlockwise
rotation of the Yucatan Block around the rotation pole located in the Florida Strait (Pindell et al.
2021). An alternate explanation that posits the eastern part as a continental rift and the western
part as an early stage of seafloor spreading could also be true (e.g. Filina and Beutel 2022;
Garcia-Reyes and Dyment 2022). However, this alternate model presents challenges because the
large deformation zone, high stretching factors (3 > 4), and elevated extension rates of our
optimized model are more consistent with hyperextension and possible exhumation, as described
in other models (e.g Pindell et al. 2016; Minguez et al. 2020). This discrepancy could also be
attributed to the choice of base rigid plate tectonic reconstruction, which defines the motion of
the continental block and, consequently, controls the rate of extension.

46



Deep-time reconstructions of Earth’s surface environments and elevations

Notably, the extension rate plays a significant role in shaping the crustal architecture of an
extended continental crust, and its distance from the rotation pole affects this extension rate
(Lundin et al. 014). Closer to the rotation pole, the linear rate of plate extension is relatively
small, resulting in a proximal margin characterized by limited extension, where the brittle-ductile
transition remains in the crust and brittle deformation occurs along high-angle faults (e.g.
Colletta et al. 1988). As we move farther away, deformation progresses into a thinning phase,
where complete embrittlement of the crust, fault penetration, and mantle serpentinization are
likely (e.g. Lundin et al. 2014). Mantle exhumation was predicted at an even greater distance
from the pole. Eventually, the pole of rotation becomes so distant that the linear half-spreading
rate exceeds the critical velocity for melting (e.g. Bonatti 1985; Chu and Gordon 1998). A
similar explanation can be applied to the GoM to understand its crustal architecture. In the
western GoM, which is located further away from the rotation pole, some studies have proposed
a phase of seafloor spreading (e.g. Filina and Beutel 2022; Garcia-Reyes and Dyment 2022),
whereas others have indicated thinning and wider hyperextension of the continental crust with an
exposed upper mantle (e.g. Pindell et al. 2016; Van Avendonk et al. 2015). Additionally, analog
rock property-based modelling of the EEA suggests the presence of a narrower zone of exhumed
serpentinized mantle along the eastern GoM (e.g. Minguez et al. 2020). Recent seismic reflection
profiles also indicate segments of the exhumed mantle along the Yucatan margin (Izquierdo-
Llavall et al. 2022). These observations, along with the extension rate derived from our model,
suggest that by the end of the Early Jurassic, the western GoM experienced a prolonged period of
hyperextension, possibly followed by mantle exhumation prior to the seafloor spreading (Figure
10). Moreover, numerical models have demonstrated that extension rates exceeding 20 mm/yr
facilitate rapid upwelling of the mantle, leading to an increase in the lower crust temperature,
ductile deformation, and a decrease in viscosity (e.g. Tetreault and Buiter 2018). Such high
extension rates cause the strain in the mantle to decouple from the crust, creating a pathway for
exhumation and generating a counterflow in the mantle.

Although our model cannot account for uplift due to the mantle exhumation process, the
extension rate calculations from our model can be useful for understanding the evolution of the
hyperextension phase. Our extension rate calculations suggest that the western GoM experienced
a high extension rate (>20 mm/yr) around the Middle Toarcian (~177 Ma). However, during the
same period, the eastern GoM exhibited a lower extension rate (Figure 10). Nevertheless, by the
Late Aalenian (~171 Ma), the eastern GoM underwent a high extension rate conducive to
exhumation, resulting in the formation of a symmetric and conjugate EEA. In the western GoM,
the magnetic anomaly pattern and seismic results are less clear, but the presence of the BAHA
high along areas of high extension rates suggests hyperextension and possible mantle
exhumation from the Middle to Late Toarcian. Furthermore, with a shift in the extension rate
from high to moderate, a rift jump likely occurred, with a more pronounced effect in the wider
western GoM compared to the narrower eastern GoM. For a rift jump to occur, Tetreault and
Buiter (2018) proposed that a region must be sufficiently wide for mantle upwelling to reach a
depth at which it interacts with the ductile lower crust. The deflection of strain by the ductile
crustal layers towards the edge of the rift can then shift the upwelling to the edge of the rift,
abandoning the original rift (e.g. Brune et al. 2017; Naliboff and Buiter 2015). This scenario may
have occurred in the western GoM because of its wider zone of extension, resulting in a rift jump
and the final margin structure characterized by a narrow margin (Yucatan) and the other with a
wider, more hyperextended crust (north-western GoM). As seafloor spreading initiated in the
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western GoM, the eastern GoM experienced extension within a narrower zone, which likely
prevented the complete decoupling of the lower crust and resulted in a more symmetrical
exhumation pattern.

5.3.3 Post-Rift Thermal Subsidence

The Early Cretaceous was characterized by seafloor spreading, followed by gradual lithospheric
cooling, which resulted in slower thermal subsidence following lithospheric stretching and
thinning (Figure 7). Prior to seafloor spreading, the earliest basin-wide deposits in the GoM
Basin were the Louann Salt (Pindell et al. 2021). Subsequently, the Oxfordian Norphlet and
Smackover Formations (NS sequence) were deposited over these evaporites, resulting in salt-
detached raft blocks in a region outlined by the Florida Escarpment, centered on the western
DeSoto Canyon and the eastern Mississippi Canyon (Snedden and Galloway 2019). The
reconstruction of these blocks indicates a southwest direction of rafting by gravity gliding with
NS as pre-kinematic sequences and Haynesville-Buckner (HVB), Cotton Valley-Bossier (CVB),
and Cotton Valley-Knowles (CVK) synkinematic sequences deposited roughly at the same time
as seafloor spreading (Pilcher et al. 2014; Snedden and Galloway 2019). Our model suggests that
the increased tectonic subsidence towards the rifting zone, as well as the increasing tectonic
subsidence from east to west (Figure 7), can explain the formation of a seaward paleo-slope,
allowing gravity gliding of raft blocks in the southwest direction.

Our findings suggest a slow increase in tectonic subsidence during the Mid-Cretaceous.
However, most of this period was dominated by carbonates, resulting in the formation of an
extensive platform-margin reef system in the northern GoM, which served as an effective barrier
preventing siliciclastic sediment from reaching the deep GoM Basin, where high tectonic
subsidence occurred (Snedden and Galloway 2019). This was followed by the Cenomanian-
Turonian interval, when local tectonics and drainage expansion allowed siliciclastic sediments to
reach the deeper parts of the basin (Snedden and Galloway 2019). This is evident from the
presence of Eagle Ford-Tuscaloosa (EFT) sandstones, which span from the southern Louisiana
platform margin to the deepwater of the Keathley Canyon and Alaminos Canyon (Snedden et al.
2016; Sweet et al. 2022). Down-dip deep-water depositional system equivalent sediments have
been discovered in several wells as far west as the BAHA II and Tiber wells (Figure 8). Mapping
of these depositional patterns through deep-water wells of the GoM Basin suggests a possible
significant westward deflection (Snedden et al. 2016). Our model suggests that this westward
deflection might be influenced by differential tectonic subsidence in an east-to-west direction
and indicates that the initial tectonic subsidence generated by rifting can have long-term
consequences for depositional systems, altering their orientation long after rifting ceases.
Although there is limited deep-well control in the western GoM, our model suggests that the
Cenomanian and earlier Albian submarine fans may have experienced a similar deflection further
into the western GoM Basin (Figure 8).

5.4 Model Gaps and Uncertainties

Our model provides a new perspective on the evolution of the GoM, encompassing rift
development and the evolution of the GoM crust architecture through an optimized deformation

48



Deep-time reconstructions of Earth’s surface environments and elevations

model. It offers insights into tectonic subsidence during the early phase of GoM opening,
shedding light on the creation of accommodations for the deposition of red beds and pre-salt
sediments before seafloor spreading. However, several sources of uncertainty remain. For
instance, sediments from nearby regions have accumulated in the GoM over millions of years,
significantly deepening the basin and influencing total subsidence (Supplementary Figure S1;
Snedden and Galloway 2019). Relatively thin Early Mesozoic sediments have a limited effect on
accommodation space compared to thick Cenozoic sediments, especially in the central GoM. For
instance, for a 4-7 km thick pre-salt in the subsided part of the basin by the end of the GoM
opening phase, the resulting contribution of sediment deposition after stretching should be
approximately 1-1.5 km. This is considerably less than the 4-6 km subsidence in the deeper
GoM owing to tectonic subsidence. However, quantifying the role of these Early Mesozoic
sediments over time is challenging because of the lack of available seismic imaging in the deeper
GoM Basins. Nevertheless, our model can be used as an input parameter for landscape evolution
models (Salles et al. 2018) to understand the consequences of sedimentary loading and basin
formation.

The presence of vast Louann salt deposits and accompanying anhydrites, which were covered by
sedimentary rocks, created extensive salt tectonics, making precise estimation of the overall
tectonic subsidence value difficult (Ventress et al. 1989). The dynamic effect of the descending
Farallon slab in the Late Cretaceous into western North America also influenced tectonic
subsidence by an estimated 2—3 km in the western GoM (Spasojevic and Gurnis 2012; Wang et
al. 2017). These locally significant elements were eliminated from the estimation of tectonic
subsidence. Our study primarily focused on the early rifting phases and the creation of
accommodation spaces in the GoM. We acknowledge that salt mobilization during the Cenozoic
redistributed surface loads and modified crustal structures, potentially affecting the subsidence
patterns. Incorporating this Cretaceous—present salt redistribution would require detailed forward
modelling of salt flow and crustal response, which is beyond the scope of the current study but
remains an important consideration for future work.

Our model captures the first-order controls of tectonic subsidence during the Mesozoic; however,
a detailed analysis of the salt deformation dynamics is beyond the scope of this study. Given the
complex interplay between salt withdrawal, sediment loading, and subsequent faulting, we
recognize the need for future work dedicated to examining how salt tectonics affect subsidence
patterns across different regions of the basin, particularly the observed asymmetry between the
western and eastern GoM. Moreover, there is considerable ambiguity regarding present-day
crustal thickness models. For instance, models such as GEMMA, which are based on the
inversion of satellite gravity, are highly dependent on the density of the sedimentary cover.
These models may be even more uncertain in regions of the GoM with heterogeneous salt
coverage. Additionally, these crustal thickness models inherently have uncertainties that can
influence crustal thickness estimates. Furthermore, the use of different crustal thickness models
for our optimization may have resulted in varying crustal thickness calculations (Supplementary
Figure S3).

Overall, in scenarios where estimating tectonic subsidence from back-stripped data is
challenging owing to limited sedimentation during the early phase of rifting, our optimized
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model, constrained by known back-stripped tectonic subsidence or other geophysical data, is a
valuable tool.

6 Conclusion

Our research introduces an optimized and focused deformation model for reconstructing the
Mesozoic history of the GoM using existing plate tectonic reconstructions. Our results reveal that
initial tectonic subsidence occurred in the eastern and western regions of the northern GoM
during the Late Triassic, indicating the infilling of the northern GoM-centered successor basin
along three distinct paleo-drainage systems. Furthermore, our model demonstrates that a rapid
increase in tectonic subsidence near Yucatan in the southern GoM likely led to sediment
deposition in the present-day basin, largely bypassing the previous successor basin in the north.
The hiatus between the Triassic Red beds and Bajocian salts in the northern GoM can thus be
attributed to this southward shift in the depocenter.

Our model supports a hybrid origin for the GoM, characterized by an initial phase of magma-rich
evolution and a transition into magma-poor margins, exhibiting temporal variability in
magmatism. HMA, LMA, and CMA coincided with crustal thinning in the western GoM,
suggesting a magma-rich origin for this margin. However, our model also indicated prolonged
hyperextension prior to seafloor spreading during the Pliensbachian-Toarcian. Through focused
deformation, we demonstrate the propagation of the rift through the unzipping of hyperextended
crust from west to east, explaining the distinct crustal architecture observed in the GoM Basin.
The stretching factor and extension rate calculations derived from our model suggest that the
western GoM exhibits a wider hyperextended crust with potential mantle exhumation, which
likely occurred during the Middle Toarcian period. In contrast, the eastern GoM displayed
narrower and more symmetric mantle exhumation during the Late Aalenian-Early Bajocian. Our
model further shows that the westward deflection of the Cenomanian-Turonian submarine fan
resulted from the inherited increasing differential tectonic subsidence from the eastern to the
western GoM. Our study establishes a robust framework for understanding the complex tectonic
history of the early GoM Basin and provides valuable insights that lay the groundwork for future
research on the evolution of passive rift margins worldwide.
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Abstract

Topography at active margins results from complex interactions among plate tectonics,
mantle convection, and climate-driven surface processes. However, quantifying the relative
contributions of these processes to the diverse topography of active margins remains a
significant challenge. Existing geodynamic and surface process models are computationally
intensive, often limiting analyses to a narrow set of parameters and regional scales. Here, we
introduce a framework that integrates Explainable Artificial Intelligence (XAI) with data
from global plate reconstructions, mantle convection, and paleoclimate simulations to
quantify the drivers of global active margin topography. Our model predicted the present-day
elevation with a root mean square error of 444 m and a coefficient of determination (R?) of
0.77 compared to ETOPO. Subduction flux, trench migration rate, and upper mantle
temperature were identified as the dominant controls on elevation. These parameters give rise
to three distinct topographic regimes: (1) high subduction flux (>0.08 km?/yr) driving
elevations above 3000 m (e.g., Central Andes); (2) moderate subduction flux with trench
retreat yielding low topography (<1000 m; e.g., Calabria); and (3) advancing trenches
producing broad elevated terrains (>1500 m; e.g., Central Makran). Our framework offers the
potential for reconstructing the paleotopography of active margins, shedding light on the
distribution of Earth’s mineral resources and the evolution of biodiversity.
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1. Introduction

The topography of active margins arises from the complex interplay of plate tectonics (e.g.,
Champagnac et al., 2012; Schellart, 2008), mantle convection (e.g., Faccenna et al., 2021;
Faccenna and Becker, 2020), and climate-influenced surface processes (e.g., erosion; Willett
et al., 2001; Wolf et al., 2022; Yuan et al., 2024). Subduction zones generate a wide range of
topographic features, from mountain belts and volcanic arcs to forearc basins and deep-sea
trenches (Faccenna et al., 2013; Royden, 1993). Although subduction-related crustal
shortening is the primary mechanism for orogeny, recent studies have shown that it accounts
for only a portion of the present-day elevation variability (Champagnac et al., 2012; Wolf et
al., 2022; Yuan et al., 2024). Other geodynamic and climatic processes likely play a
significant role (Faccenna et al., 2013; Wolf et al., 2022; Yuan et al., 2024), but quantifying
their relative contributions at a global scale remains challenging. A previous global analysis
suggested that shortening rates alone explain less than 25% of the variance in topographic
metrics, such as mean elevation and relief (Champagnac et al., 2012). Additional tectonic
variables, such as trench migration, subduction velocity, and lithospheric buoyancy, can
influence overriding plate deformation and support topographic highs (Schellart and Moresi,
2013; Faccenna and Becker, 2020). At the same time, mantle convection, through its role in
driving dynamic topography and influencing basal tractions on the lithosphere, can modulate
long-wavelength elevation patterns (Braun, 2010; Flament et al., 2013; Hager et al., 1985).
Surface processes, particularly climate-driven erosion, interact with tectonics and isostasy to
modify relief, further complicating efforts to attribute causality (Clark et al., 2004; Han et al.,
2024; Whipple, 2009). Coupled surface process and geodynamic numerical models, which
are widely used to study topography and the interplay of plate tectonics, climate, and mantle
dynamics (e.g., Lu et al., 2024; Wolf et al., 2022; Yuan et al., 2024) face several challenges.
These models are computationally expensive, often regionally focused (Wolf et al., 2022;
Schellart, 2017), and difficult to scale globally or apply to the deep geologic past. They are
also sensitive to the initial and boundary conditions and lack flexibility in exploring a broad
parameter space. Consequently, many questions about the driving forces behind active margin
topography remain unresolved, particularly in regions of continuous subduction, where
processes such as slab dynamics, overriding plate deformation, and precipitation-driven
erosion may all contribute.

Recent advancements in Earth Sciences, driven by innovative tools and spatiotemporal data
curation (Bower et al., 2015; Li et al., 2022; Miiller et al., 2018; Zhong and Gurnis, 1995),
have opened the field to new data mining techniques like never before. Tools such as GPlates
(Miiller et al., 2018) enable the reconstruction of past plate configurations and kinematics,
which, when coupled with mantle convection models such as CitcomS (Bower et al., 2015;
Tan et al., 2006; Zhong and Gurnis, 1995) and paleoclimate simulations (e.g., Li et al., 2022),
allow for the exploration of interactions between surface processes and the deep Earth. In
parallel with these strides, advancements in machine learning—particularly in interpretable
Explainable Artificial Intelligence (XAI) models like the Explainable Boosting Machines
(EBM)—offer new analytical capabilities to uncover previously hidden information in these
datasets (Konstantinov and Utkin, 2021; Lou et al., 2013). The EBM combines the predictive
power of advanced machine learning models with interpretability, providing insights into how
an individual parameter influences the outcome while keeping all other parameters constant
(Lou et al., 2013). Our research employs the EBM model that links a global-scale mantle
convection model (Bower et al., 2015; Tan et al., 2006; Zhong and Gurnis, 1995), plate
tectonic reconstruction (Zahirovic et al., 2022), and paleoclimate simulation (Li et al., 2022)
to understand the elevation at active margins with subduction (Fig. 1).
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Figure 1: Global Distribution of Active Margin

a) Global active margin topography from ETOPO (Amante and Eakins, 2009). The colored
polygons indicate the mountainous regions from the Global Mountain Biodiversity
Assessment (GMBA) database (Snethlage et al., 2022) sampled to train our EBM model. The
solid black lines represent plate boundaries. The solid black line with teeth represents the
subduction zones. Colored outlines indicate the locations of individual mountain

chains.b) Frequency distribution of elevations for the mountain chains, based on 113,359
sample points from ETOPO at 0.1° resolution. Vertical lines and symbols indicate the mean
elevation of each mountain chain, according to tectonic setting: island arcs (circles), non-
collisional mountains (triangles), and convergent continental margins (squares). The solid
black line marks the mean elevation of all global mountains included in this study from
ETOPO (Amante and Eakins, 2009).
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The interpretable tree-based approach of the EBM allows us to disentangle and quantify the
contributions of multiple parameters, such as plate kinematics, mantle dynamics, and
paleoclimate, to the present-day active margin topography (Supplementary Table 1 and Fig.
2a). The EBM model can effectively capture nonlinear relationships and manage collinearity
among variables (Konstantinov and Utkin, 2021), which are key challenges when modelling
interconnected processes in geodynamics and Earth systems. Additionally, the shape
functions of the EBM enable us to understand the topographic response caused by variations
in a specific parameter on the topography without relying on numerous regional analog or
numerical models. Furthermore, our approach allows us to examine diverse mountain ranges
from different regions of the world within a single framework, a capability that has not been
previously possible. By utilizing the EBM, our research aims to objectively disentangle the
complex interplay between different components of plate tectonics, mantle convection, and
long-term climate on diverse mountain topographies in a data-driven manner. This study
provides key insights into the forces that govern active margin topography.

2.Methods

We use spatiotemporal data mining to explore and integrate our input parameters from: a
plate tectonic reconstruction (see Section 2.1); a mantle convection model (see Section 2.2);
and a paleo-precipitation simulation (see Section 2.3). We additionally use present-day
elevation (ETOPO; Amante and Eakins, 2009) as our target parameter (see Section 2.4). For
our analysis, we convert all input parameters (i.e. tectonic variables, mantle convection
outputs, and paleo-precipitation) into arrays of 0.1° x 0.1° points. These points are sampled
within regions defined as 'active mountains'. We classify a mountain as active if it is located
within the global mountain polygons from the Global Mountain Biodiversity Assessment
(GMBA; Snethlage et al., 2022) and situated on the overriding plate of a convergent margin
with a resolved slab in the SLAB2 model (Hayes et al., 2018). We similarly discretize
trenches (based on their geometries defined within the plate model) into 0.1° points so that
we can capture the spatial variability of the plate kinematics along the entire trench length.
We perform our analysis within a Python-based workflow (see the Open Research Section).
These processed inputs serve as features for building the EBM model (see Section 2.5),
which allows us to quantify the contributions of tectonic, mantle, and climatic processes

2.1 Plate Tectonic Reconstruction

We extract several plate kinematic parameters along convergent plate boundaries (i.e. the
discretize trenches) for the past 100 Ma in 1 Myr increments based on a global plate tectonic
reconstruction model (Zahirovic et al., 2022) in their no-net-rotation (NNR) reference frame.
The NNR frame is chosen because it assumes zero net rotation for the lithosphere with
respect to the mantle, making it ideal for isolating and analyzing lithospheric processes and
plate kinematics (Torsvik et al., 2010). Specifically, we extract: (i) the convergence rate (its
magnitude and both trench-orthogonal and trench-parallel components), (ii) subducting plate
velocity (its magnitude and both trench-orthogonal and trench-parallel components), (ii1)
obliquity angle, and (iv) trench migration rate. In addition, we compute the subduction flux
rate (Q), which was determined by multiplying the plate thickness (%), subducting arc length,
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and convergence rate (vc). We estimated the thickness of the subducting oceanic plate (/)
using the Parsons and Sclater (1977) cooling model, which relates lithospheric thickness to
seafloor age, where seafloor ages were additionally determined using the Zahirovic et al.
(2022) plate reconstruction. For each point within the 0.1° % 0.1° array of active mountains at
every time step, we calculated the minimum distance to the nearest discretized trench and
assigned the corresponding plate kinematic parameters. Because present-day elevation
reflects the cumulative response to geological processes operating over multi-million-year
timescales, we used a data-driven method to optimize the choice of temporal window for
incorporating plate kinematic features. The mean plate kinematic parameters were computed
using an n-Myr temporal window as follows:

t
Y

Q: n

We tested temporal windows of 10, 15, 20, 25, 30, 35, 40, 45, 50, 60, 70, 80, 90, and 100
Myr to explore their sensitivity in the calculation of our kinematic parameters. As our plate
reconstruction relies on a hierarchy of finite rotations derived largely in ~10 Myr intervals
and we are interested in the longer-term trend, we did not explore window lengths <10 Myr.
Based on this assessment (see Section 3 and Fig. S1), we adopted a 15 Myr window for our
main analysis.

2.2 Mantle Convection Modelling

Global-scale mantle convection simulations for the past 410 Ma were performed using the
Zahirovic et al. (2022) plate tectonic reconstruction and CitcomsS, a finite element-based
numerical mantle convection model that simultaneously solves for mass, momentum, and
energy conditions by assuming pseudo-compressible flow (McNamara and Zhong, 2004;
Moresi et al., 2014; Tan et al., 2006; Zhong et al., 2000). We further imposed constraints on
the thermal structure of the lithosphere and thermal structure of slabs in the upper mantle, as
used in a previous study (Bower et al., 2015). Downwellings at active margins are therefore
influenced by the combination of convergence rates as well as the negative buoyancy of
subducting slabs. This integration enables us to capture the overall impact of global mantle
circulation on the evolution of the plate-mantle system. The reconstruction points within the
mountain polygon were used to sample the present-day mean upper mantle temperature and
mean vertical mantle flow velocity at depths ranging from 200 to 440 km. These depths span
from the base of the lithosphere to the uppermost lower mantle and capture both recent and
deep time subduction impacts on mantle dynamics. We did not use the top 200 km because it
includes the enforced boundary condition in the uppermost mantle (Bower et al., 2015).

2.3 Paleoclimate Simulation

In our study, we use the paleo-precipitation output from the fully coupled paleoclimate
simulations of Li et al. (2022), performed using the Community Earth System Model version
1.2.2 (CESM1.2.2), which covers the past 540 Ma. The climate simulations used
paleogeographic reconstructions from the Scotese and Wright (2018) paleo-digital elevation
model. Instead of specifying atmospheric CO- concentrations, the simulations were
constrained to reproduce the reconstructed global mean surface temperatures (Li et al., 2022;
Scotese, 2016), ensuring that the modelled climate remained consistent with paleoclimate
estimates. A limitation of these paleoclimate simulations is that they are available only on a
relatively coarse grid (0.9° x 1.25° in latitude and longitude), which may underestimate fine-
scale spatial variability. To ensure consistency with the plate kinematic point array, we
upsampled the precipitation fields to the same spatial grid. The annual precipitation was
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calculated for each 1 Myr time step, then averaged over different temporal windows (Fig.
S1), and the optimal window size was selected for our main analysis (see Section 3).

2.4 Elevation Dataset

We use present-day elevation from ETOPO (Amante and Eakins, 2009) within active
mountain belts as our target data for the supervised EBM modelling. Prior to resampling
ETOPO to our 0.1° x 0.1° point-array, we first applied a Gaussian filter with ¢ = 2 grid cells
(~2 arc-min) to smooth short-wavelength variations, which ensures that only topographic
variations at the scale relevant to the feature set are retained.

2.5 Explainable Boosting Machine

The EBM is a tree-based cyclic gradient boosting generalized additive model (GAM) with
automatic interaction detection (Lou et al., 2013). Its structure incorporates a GAM with
interactions in the following form:

JED = o+ ) (5) + D M)

where g is the link function, y is the target parameter to be fitted (i.e. ETOPO elevation;
Amante and Eakins, 2009), £/.] is the expectation operation, S, is the bias,A; (xj)is the shape
function which shows the pattern of how different plate kinematics, mantle convection and
paleo-precipitation parameters (x;) are related to predicted elevation, and A, k(xj, xk)
captures the interaction effects between pairs of parameters. Not all pairs need interactions,
but the EBM automatically detects and includes significant interactions. The EBM compares
the inputs to the target by minimizing the squared error (L2 loss) between the predicted and
observed elevations (i.e. ETOPO elevation; Amante and Eakins, 2009). The EBM harnesses
the power of modern machine learning techniques, such as bagging and gradient boosting. It
utilizes shallow decision trees in a constrained additive framework, meaning each feature
contributes through simple, visualizable functions. These shallow splits, along with optional
monotonicity constraints, make the model’s behavior easier to interpret compared to deeper
boosted tree models (Caruana et al., 2015). The boosting machine strategy is applied in a
round-robin fashion through different parameters to reduce the collinearity effect. Predictions
in the EBM are the sum of the contributions from each tree in the ensemble, facilitating a
clear understanding of how each parameter and interaction contributes to elevation.
Furthermore, EBM employs automatic interaction detection to identify important interactions
between parameters, thereby enhancing the overall interpretability.

For the training and evaluation of the EBM model, we randomly withheld 30% of the
reconstruction points as a test subset and used the remaining 70% for training. This
partitioning was not intended to assess predictive generalization across space, since
neighboring points at 0.1° resolution may share correlated tectonic, mantle, and climate
parameters. Instead, the purpose of the split was to provide a conventional error metric
(RMSE) while focusing on how the model captures the relationships between these
parameters and elevation. We note that this point-wise split may slightly inflate the test
performance because of spatial autocorrelation, and a more robust spatial cross-validation
strategy (e.g., training on a subset of orogens and validating on others) would be a useful
avenue for future work.
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3. Plate Kinematics and Active Margin Topography

Our model suggests that feature temporal window sizes between 10 and 30 Myr produce
similar RMSE values when compared with the sampled ETOPO data (Amante and Eakins,
2009; Fig. S1). However, the RMSE increased with increasing window size. A window size
of 10-30 Myr yielded a low RMSE, indicating less overfitting. We selected a 15 Myr window
size for the preferred EBM model (Fig. S1). However, using other values within this range
does not considerably influence the analysis, resulting in only a minimal misfit difference of
~5-10 m (Fig. S1). We initially tested a wide range of plate kinematic parameters (Fig. S2),
but including all parameters produced complex shape functions that were difficult to interpret
(Fig. S3). To maintain interpretability, we retained only the parameters that were mostly
independent and least linearly correlated, as determined from correlation statistics (Figs. S2—
S3). For example, the distance from the nearest trench edge strongly correlates with elevation
owing to oroclinal bending and mantle flow (Schellart, 2017), effects already captured in our
trench migration rate calculation. Retaining only the most informative parameters ensured
that the model remained interpretable without compromising its essential dynamics.

Our EBM establishes a robust relationship between mountain elevation and plate kinematics,
highlighting the importance of key tectonic parameters (Fig. 2¢). The final EBM model
achieved an RMSE of 444 m on the 30% unseen test dataset and 402 m on the 70% training
dataset, compared to ETOPO. The coefficient of determination (R?) was 0.77, indicating a
moderately strong correlation between the predicted and ETOPO elevation values (Fig. 2b).
These metrics indicate that our model explains 77% of the variance in the observed elevation
with a relatively small error, underscoring its reliability in capturing first-order controls on
topography at active margins.

Our model also provides a metric called the mean absolute score (Fig. 2¢), which quantifies
the average contribution of each input parameter to the elevation relative to the mean
elevation of all mountains in the dataset (1250 m). For example, a mean absolute score of 363
m for subduction flux indicates that variations in subduction flux account for, on average,
~363 m of elevation across the dataset relative to the overall mean. According to the mean
absolute score of our model, subduction flux and trench migration rate emerged as the most
critical factors driving elevation variability, whereas the upper mantle temperature and
vertical mantle flow velocity formed subordinate but important factors governing elevation.
Subduction flux, which is derived from the plate tectonic reconstruction model and quantifies
the volume rate of lithospheric material being subducted (see Section 2.1), has the largest
influence on elevation predictions, with a mean absolute score of 363 m (Fig. 2c). Similarly,
the trench migration rate, which measures the advancement or retreat of trenches over time,
had a significant impact, with a mean absolute score of 237 m (Fig. 2c¢).
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Figure 2: EBM Model Performance

a) Schematic representation of subduction-related mountains illustrating the principal factors
influencing mountain topography along active margins.

b) Cross-plot comparing ETOPO (Amante and Eakins, 2009) elevation with those predicted
by the EBM model, illustrating the model’s performance.
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¢) Feature importance ranking, showcasing the top six features of our EBM model for all
mountains included in this study. Higher values indicate a greater influence on the elevation
prediction.

The shape function for the subduction flux illustrates how the predicted elevation responds to
changes in the subduction flux, when all other parameters are held constant (Fig. 3a). The y-
axis represents the additive contribution to elevation relative to the global mean elevation
(1250 m), meaning positive values indicate an increase above the mean and negative values
indicate a decrease. The shape function exhibited a sharp positive trend for higher subduction
flux values, suggesting that subduction flux strongly enhances the topography at active
margins. Unlike the mean absolute score, which summarizes the average contribution of each
parameter across all mountains, the shape function captures the parameter-specific response,
revealing non-linearities and interactions in the model. Very high lithospheric subduction flux
rates (>0.08 km?/yr), resulting from strong convergence rates (>8 cm/yr) and thick subducting
oceanic lithosphere (>80 km), are associated with elevated topography, with predicted
elevations exceeding 3000 m. For instance, in the Central Andes (e.g., Altiplano-Puna), the
contribution score ranged between 1000 and 2500 m, reflecting the strong influence of high
subduction flux on high elevations (Fig. 3¢). This pattern aligns with a previous study
showing that a thicker and older subducting lithosphere (45—50 Myrs old) is associated with a
higher topography on the overriding plate (Capitanio et al., 2011). Here, the subduction flux
can be interpreted as a proxy for tectonic forcing on the overriding plate. Elevation
contribution decreases to the north and south of the Central Andes, which is associated with a
reduction in the subduction flux driven by a decrease in the age of the subducting oceanic
plate (Fig. 3¢). Similarly, the shape function of the trench migration rate showed a positive
correlation with the contribution score (Fig. 4c), consistent with other slab-driven trench
migration models (Schellart and Moresi, 2013; Xue et al., 2022). A strong trench retreat (> 2
cm/yr), observed in regions such as the Japanese Archipelago, Calabria Mountains in
Southern Europe, and the Eastern and Sredinny Ranges in the Kamchatka Peninsula, was
associated with high negative contribution scores ranging from -1000 to 0 m (Fig. 4c and d).
This occurs because retreating trenches linked to slab rollback lead to overriding plate
extension (Schellart, 2008; Schellart and Moresi, 2013; Xue et al., 2022), significantly
lowering elevation (Fig. 4d). Active margins with slow retreating or stationary trenches (0 to
2 cm/yr), such as the Northern and Southern Andes of South America or the Pacific Coast
Ranges of North America, exhibit low contribution scores ranging from -500 to 500 m from
trench migration (Fig. 4a and d). However, moderate to high flux (0.03—0.06 km?/yr) from the
subduction of the oceanic lithosphere may positively contribute to increasing the overall
elevation of these mountains (Fig. 3a). Along the trench, variations in the contribution score
at moderate to high subduction flux indicate an increase in elevation with trench distance,
particularly in extensional regions farther from the trench (Fig. 3d).

Regions with low subduction flux (<0.03 km?/yr), such as the Eastern and Central Iranian
Ranges, the Balochistan Range in western Asia, and the Hellenides and Dinaric Alps in
Eastern Europe, show negative contributions ranging from -1000 to 0 m owing to low
convergence rates associated with the convergence of continental plates and the subduction of
only small amount old, dense oceanic lithosphere (Fig. 3b). However, significant trench
advance linked to slab rollover contributed positively, with scores ranging from 300 to 700 m
(Fig. 4c¢). A strong trench advance compresses the overriding plate, creating a long-
wavelength uplift and broader elevated topography (Fig. 4e).
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Figure 3: Role of Subduction Flux on Active Margin Topography

a) Shape function illustrating the contribution score of subduction flux to the predicted
elevation. As the subduction flux increases, its contribution to topographic elevation also
increases. The colormap indicates point density, with warmer colours corresponding to higher
density (i.e., more data points).

b) Mountains in western Asia exhibit a lower subduction flux due to the slower convergence
of the continental block and a limited supply of dense oceanic lithosphere for subduction.
Consequently, these mountains displayed negative contribution scores for the subduction
flux.

¢) [llustration highlighting the influence of the subduction flux on Andean elevation. The
thickness of the subducting lithosphere is proportional to seafloor age. In the Andes,
subduction flux peaks in the central region, where the thicker Nazca Plate is being subducted,
significantly contributing over 1000 m to the Central Andean elevation. Conversely, as the
plate thickness decreases toward the Southern and Northern Andes, the contribution of
subduction flux on elevation also diminishes.

d) Interaction plot displaying contribution scores when trench distance and subduction flux
are varied while keeping other parameters constant. High subduction fluxes (>0.03 km?3/yr)
are associated with narrower but higher elevations, characterized by steeper slopes on the
oceanward side and gentler slopes on the continental side. In contrast, a low subduction flux
results in broader topographic profiles.

71



Deep-time reconstructions of Earth’s surface environments and elevations

Slowly Retreating .«

Slowly A&anciﬁg
«"Trench

Slab has reached be
transition zone

N~ 440km
660 km
f’/

C) 1000
500 § _
—_ . , {
£ DO
< 0 . G
s . g%
< N T
-500 L,“' 4.
-1000 r——
= -3 2 3 4
Trench Migration Rate (cm/yr) M
e) Iranian Plateau
d) Japanese  Kamchatka _increasiiRET. S aibe
Archipelago Ppeninsula re gy - AN

2000 km

4000 8000 -1

-8000 ~4000

0 o
Elevation (m) dvp/Vp

Figure 4: Role of Trench Migration Rate on Mountain Topography

a) Seismic tomography model (TX2019slab; Lu et al., 2019) illustrating the subducted slab,
which has penetrated well below the transition zone in the Central Andes. b) Temporal
evolution of the mean trench migration rates in the Andes. The trench advance rate in the
Central Andes has increased over time, suggesting potential slab anchoring. In contrast, the
retreat observed in the Southern and Northern Andes may have been induced by the upper
mantle return flow.

¢) Shape function demonstrating the contribution of the trench migration rate to the
topography. Island arcs experience significant trench retreat, whereas converging continents
show a notably high contribution from advancing trenches. The colour scale indicates the
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density of data points in the shape function, with warmer colours representing higher density.
Symbols are as defined in Fig. 1.

d) Seismic tomography model (TX2019slab; Lu et al., 2019) depicting slab ponding beneath
the Japanese Archipelago. This phenomenon leads to slab rollback and trench retreat,
resulting in lower elevations and evidence of back-arc extension in this region.

e) Seismic tomography model (TX2019slab; Lu et al., 2019) illustrating trench advance and
rollover in the West Asian mountains. The model also revealed a portion of what may be an
anchored slab responsible for the trench rollover. Although these mountains exhibit negative
contribution scores from the subduction flux, they show a significantly high contribution
from advancing trenches, resulting in broader elevated regions.

4. The Effect of Mantle Dynamics on Active Margin
Topography

Surface topography is significantly influenced by mantle dynamics, particularly by the
underlying viscous stresses, often referred to as dynamic topography (Braun, 2010; Flament
et al., 2013). However, estimating present-day dynamic topography remains challenging
because of the difficulty in isolating the lithospheric contribution from that of the mantle, and
model-derived values are inherently approximate. To better understand the effects of mantle
dynamics, we utilized a global mantle convection model (see Section 2.2) to simulate the
vertical mantle flow velocity and temperature, rather than using model-predicted dynamic
topography. Although this approach circumvents some of the uncertainties in dynamic
topography estimation, it is important to emphasize that the mantle temperature and vertical
velocity fields are subject to the assumptions and parameterizations of the underlying mantle
convection model (Bower et al., 2015). Our EBM model enables us to individually assess the
effects of mantle temperature and vertical flow velocity via shape functions (Fig. 5a and b),
while efficiently handling collinearity.

In the mantle convection model, temperature and velocity are influenced by several factors.
For example, plate velocities and trench motion affect the heat distribution and rate of upper
mantle flow through different convection patterns (Faccenna et al., 2021). Mantle plumes
introduce heat and drive localized upwellings (Koppers et al., 2021), whereas proximity to
geological features, such as cratons, creates stable, cooler regions (Bower et al., 2015).
Additionally, subduction zones influence the mantle through descending cold slabs (Bower et
al., 2015; Chen et al., 2022).

The upper mantle (200440 km) temperature and vertical component of flow contributed to
the elevation predictions with mean absolute scores of 200 m and 169 m, respectively (Fig.
2¢). The negative correlation between the upper mantle temperature and contribution scores
suggests that a colder upper mantle has the strength to support a thicker lithosphere and,
consequently, higher elevations (Fig. 5a). For instance, if we keep all the other parameters
fixed, in the South American Cordillera, where the upper mantle temperature is low
(~1100°C), the contribution score is up to 600 m, whereas in the Northern American
Cordillera, where the temperature is higher (~1200°C), the contribution score is <300 m (Fig.
5c¢ and d). Conversely, stronger downwelling in subduction zones, such as the Solomon
Islands, exerts a pulling force that reduces the elevation (Fig. 5b). Mountains, such as the
Pacific Coast Ranges of North America and Southern European Highlands, which have
retreating trenches, exhibited very low sinking velocities, with contribution scores ranging
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from -100 to 100 m (Fig. 5b). Regions with strong mantle upwellings tend to elevate the
surface, yielding positive contribution scores of up to 500 m. For example, in North America,
the Rocky Mountains and Sierra Madre Ranges (Figs.5¢ and f) show a significant influence
from upper mantle upwellings, with thermochronology and river incision data suggesting
dynamic support of up to 1 km (Karlstrom et al., 2012; Nieto-Samaniego et al., 2006).
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Figure 5: Mantle Dynamics and Topography

a) Shape function illustrating the inverse correlation between the upper mantle temperature
and its contribution to topography, indicating that colder mantle temperatures are associated
with higher topographic contributions. Warmer colors represent a higher density of data
points. Symbols are as defined in Figure 1.
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b) Shape function depicting the vertical flow velocity in the upper mantle, showing a positive
correlation with the contribution score, suggesting that an increased flow velocity contributes
to elevated topography. Warmer colors represent a higher density of data points. Symbols are
as defined in Figure 1.

¢) Upper mantle temperature from CitcomS output and d) its spatial distribution of
contribution. The colder upper mantle in the Southern American Cordillera corresponds to a
higher contribution to the topography.

e) Upper mantle flow velocity from CitcomS output and f) its contribution to elevation.
Notably, the Rockies and Sierra Madre Occidental exhibited a very high contribution from
upper mantle upwellings, highlighting the significant role of mantle dynamics in shaping
mountain topography.

5. The Role of Long-Term Climate on Active Margin
Topography

Mountainous regions are anticipated to exhibit several simultaneous responses to climate-
driven increases in erosion rates, including a reduction in range width, temporary surge in
sediment yield, sustained acceleration in rock uplift rates, and a decrease in the subsidence
rate of surrounding basins (Leonard et al., 2023; Whipple, 2009; Whipple and Meade, 2006).
These responses collectively influence topographic complexity. Examining the long-term
relationship between precipitation and elevation revealed a nuanced dynamic: the
contribution score tended to increase with precipitation, which is generally associated with
increased erosion (Ferrier et al., 2013), causing isostatic rebound and uplift (Fig. 6a and b).
However, the relationship between surface uplift and topography requires further analysis.
Since we did not observe a significant correlation, this could indicate a weak or negligible
link between long-term precipitation and elevation, or uncertainties in the paleoelevation
inputs used to derive paleoprecipitation in the paleoclimate simulations. Recent studies
employing critical taper theory and coupled geodynamic—surface process models (Wolf et al.,
2022; Yuan, 2024) have demonstrated that the extent to which climate modulates mountain
size, particularly height and width, depends strongly on the convergence velocity and
rheology of the orogen. These factors govern the mechanical behavior of mountain belts and
their sensitivity to erosional processes. While our analysis, using XAl and paleo-precipitation
simulations, provides insight into long-term climate influence, it is subject to few important
limitations. First, our model does not account for complex geodynamic processes, such as
orogenic collapse, that contribute to critical taper equilibrium independently of climate-
driven erosion. Second, a methodological inconsistency exists, as the paleoclimate models
rely on the Scotese and Wright (2018) model, which has different convergence velocities
from the plate reconstruction used in our analysis. Since the interplay between climate and
mountain building is highly sensitive to convergence velocity, exploring these coupled effects
within a consistent kinematic framework remains a crucial direction for future work. The
observed weak correlation between precipitation and elevation may reflect these limitations,
but may also be inherent to the complex and potentially bidirectional relationship between
these variables, in which elevation and precipitation influence each other through various
feedback mechanisms. Nevertheless, our results show that in regions of high precipitation,
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such as the Coast Ranges in North America, closer to trenches, there is a negative
contribution score (0 to -300 m), which may represent elevation loss due to sediment erosion,
while adjacent areas have a positive score of 200—300 m, which may represent an elevation
gain due to isostatic rebound (Fig. 6¢ and d). As precipitation continues to rise, increased
erosion may degrade the overall topography, as observed in the high-precipitation region of
Southeast Asia (Fig. 6¢ and d). Moreover, distinct interactions between tectonics and climate
are discernible on both the oceanward and continental sides of mountains (Fig. 3d). The
oceanward side, which is subjected to moisture-laden winds and high precipitation,
experiences stronger erosional forces, resulting in steeper topography (Fig. 3d). In contrast,
the continental side, which is characterized by gentler slopes, experiences less erosion. Active
margins in different subduction settings tend to have varying pro- and retro-wedge basin
depths and deposition patterns (Royden, 1993). For example, high subduction flux (> 0.03
km?/yr) mountains have quite deep pro-wedge basins, whereas basins in low subduction flux
areas are shallower (Fig. 3d).
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Figure 6: Influence of Long-Term Climate on Topography

a) Shape function representing global mean annual precipitation for the last 15 Myrs (Li et
al., 2022), and its influence on topographic variation.

b) Illustration depicting the response of long-term climate to topography. Although erosion
generally degrades topography, it can also trigger isostatic rebound, resulting in rock uplift.
Conversely, significant sedimentation can increase elevation but may lead to subsidence
because of sediment loading.

¢) Mean annual precipitation over the past 15 Myrs (Li et al., 2022).d) Analysis of the
response of mean paleoprecipitation to mountain topography. In regions of high precipitation,
such as the Pacific Coast Ranges, areas of reduced contribution (indicated in red) near the
trench which may signify erosion, whereas areas farther from the trench display higher
contributions (indicated in green) associated with sediment deposition.
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6. Topographic Variations in Different Subduction
Settings

The classification of orogeny at active margins has traditionally been divided into collision
and subduction, based on the continental or oceanic nature of the downgoing plate (Cawood
et al., 2009; Dewey and Bird, 1970). However, this approach provides limited insight into
geodynamic processes and associated topographic variations. Recent classification models
have introduced two end-member types: (i) slab-pull orogeny, linked to subduction restricted
to the upper mantle, and (ii) slab-suction orogeny, associated with large-scale mantle
convection cells (Faccenna et al., 2021; Royden, 1993). While these distinctions offer a better
understanding of mantle dynamics at active margins, they do not adequately explain the
related topography. Our classification, based on the EBM model, introduces a new
perspective on subduction-related orogeny and the associated topographies. By simply
plotting the top two parameters of the EBM model, that is, the subduction flux and trench
migration rate, on orthogonal axes, our analysis revealed that the topography of global active
margins is naturally organized within a triangular region, with these two features explaining
48% of the vairance in the model (Fig. 7). Our diagram delineates distinct clusters
corresponding to different types of topographic end-members and highlights the continuous
spectrum of the dynamic processes governing these variations (Fig. 7). Our insights bridge
the gap between plate tectonics, geodynamic drivers, and surface expressions, offering a
comprehensive framework for interpreting subduction-driven orogenic systems.

6.1 Topographic Variation in Orogens with Retreating Trenches and
Moderate Subduction Flux

In the early stages of subduction, the slab descending into the denser lower mantle may begin
to accumulate in the transition zone. This accumulation can lead to slab rollback and trench
retreat (Fig. 4d and 7b). Mountains formed in areas of significant trench retreat, such as the
Kamchatka Peninsula, Calabria, and the Japanese Archipelago, typically develop under
conditions of low-to-moderate subduction flux and exhibit minimal downgoing mantle flow,
with small-scale mantle convection confined to the upper mantle (Faccenna et al., 2021).
Owing to the highly mobile trench that generally migrates backward, large-scale protracted
shortening is prevented (Royden, 1993). This process leads to the formation of moderately
thick crustal stacks and extension of the overriding plate (Royden, 1993). Trench retreat can
lower the elevation of these mountains to between 200 and 800 m. While the presence of
subducting material can provide a positive contribution that may increase the elevation by
500 to 1000 m, particularly in areas close to the trench, back-arc extension is more
pronounced farther from the trench (Fig. 3d). Consequently, the resulting mountains in these
settings generally have elevations of less than 1 km (Fig. 3a and 4c), and their crustal
thicknesses typically do not exceed 50 km (Faccenna et al., 2021).

6.2 Topography of High Subduction Flux-Driven Mountains

Mountains characterized by high subduction fluxes (>0.06 km?/yr), such as the Central
Andes, generate significant slab suction forces due to rapidly descending slabs, which can
trigger large-scale mantle convection (Faccenna et al., 2021) (Fig. 7a). As the slab penetrates
the more viscous lower mantle, it produces an anchoring effect that limits lateral migration
(Faccenna et al., 2017; Garfunkel et al., 1986; Zhong and Gurnis, 1995). This restricted
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migration, combined with a very high subduction flux, increases the compressional stress in
the overriding plate, resulting in an elevation rise of 3—4 km (Fig. 3a,c and 7a). These
mountains are distinguished by very thick crust (~60-70 km) and prominent high plateaus,
such as the Altiplano-Puna (Beck et al., 1996). In the back-arc region, compression may arise
because deeper slabs are more commonly anchored. Additionally, when slabs penetrate after
ponding at the 660 km discontinuity, they can trigger large-scale symmetrically converging
convection cells that draw surface plates toward the downwelling zone (Faccenna et al.,
2021; Yang et al., 2016). The rapid descent of thick, fast-sinking slabs absorbs less heat from
the surrounding mantle, resulting in a colder upper mantle (Fig. 5a). This colder mantle
further supports the overall topography, contributing an additional ~500-600 m to the
mountain elevation. Consequently, these mountains can achieve elevations greater than 4 km,
despite existing in a non-collisional setting, owing to the abundant supply of rapidly
converging subducting oceanic lithosphere.

6.3 Topographic Variation in Advancing Orogens

The presence of a continental block on the subducting plate can ultimately lead to collisional
orogenesis, as observed in the India-Eurasia collision (van Hinsbergen, 2022; Yin and
Harrison, 2000). Before the collision, the convergence rates and volume of the subducting
material decrease owing to the presence of a less dense continental block, which may resist
subduction (Fig. 7¢). Moreover, if an old and thick subducting oceanic lithosphere is present,
it exhibits high resistance to deformation and bending; consequently, such slabs can result in
trench advance (Di Giuseppe et al., 2009). Much of the shortening and uplift in these
mountains can be attributed to the advancing trench. A high trench advance rate combined
with slab rollover can create long-wavelength topography, such as that observed in the
Makran subduction zone in West Asia (Xue et al., 2022), leading to elevations >1.5 km (Fig
4c and e). These mountains typically feature wide and elevated terrain. In such mountains,
slab pull forces are likely minimal because of episodes of slab break-oft (Garzanti et al.,
2018). Processes such as mantle upwellings driven by the advancing trench (Strak et al.,
2024) and delamination of the thickened lithosphere (Gogiis and Ueda, 2018) may also
significantly influence elevation. However, quantifying these effects in our global-scale
geodynamic model is challenging, thus, we did not include collisional mountains in our
analysis.
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Figure 7: EBM Classification of End-Member Scenarios

Central diagram: Triangular classification diagram categorizing mountain ranges based on
subduction flux and trench dynamics. The mountain-building process initiates as the
downgoing slab penetrates the 660 km transition zone (Faccenna et al., 2021), with early-
stage island arcs (represented by circles).a) High subduction flux scenario: Strong slab
suction and whole-mantle convection drive significant crustal thickening, as observed in the
Central Andes. b) Low to moderate subduction flux scenario: Fast trench retreat results in
confined upper mantle flow and limited crustal thickening, as illustrated by the Japanese
Arcs. ¢) Low subduction flux and trench advance scenario: episodic slab breakoff and
collisional orogeny occur, which is typical of regions with a continental crust on the
subducting plate. Mountains can transition between scenarios over time as they evolve. For
instance, a ponding slab in the transition zone may penetrate deeper if a thick oceanic
lithosphere becomes available for subduction, shifting from a fast trench retreat (scenario b)
to a high subduction flux (scenario a). Conversely, reduced convergence, especially with the
continental crust on the subducting plate, may lead to a transition from a high subduction flux
(a) to trench advance (c), accommodating compression through trench migration and
resulting in collisional orogens. This dynamic interplay between slab dynamics and
subduction flux shapes the topography and tectonic evolution, producing a high, thick crust in
high subduction flux settings and more moderate elevations in lower flux scenarios.
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7. Model Limitations

Although our model provides valuable insights into present-day mountain topography along
active margins, several limitations must be acknowledged. First, the shape function illustrates
correlations between individual parameters and topography rather than causation. These
parameters are interdependent to some extent (Fig. S2); for instance, high subduction flux
often accompanies the subduction of thicker, colder plates that absorb less heat from the
surrounding mantle, resulting in a colder mantle associated with higher topography.

Various processes have been studied to explain these topographic variations (Capitanio et al.,
2011; Schellart, 2017; Wolf et al., 2022; Xue et al., 2022). For example, the rheology of the
subducting-overriding plate interface significantly influences the topography (Behr et al.,
2022). In northern Colombia, a transition to flat-slab subduction coincided with uplift and
rapid exhumation over the past 7.5 million years, underscoring the importance of slab
geometry and mantle wedge properties (Siravo et al., 2019). Additionally, factors such as
mantle composition and water content affect viscosity, which, in turn, influences temperature
distribution and topography. Arc volcanism also contributes to mountain elevation through
smaller-scale edifices built atop the underlying orogen, although our model does not
explicitly quantify this effect.

Although these parameters are important, they are not explicitly accounted for in our model;
however, some of these are implicitly incorporated owing to the tree-based structure of the
EBM. For instance, trench migration variability related to slab width (Schellart, 2017) is
captured in our model without explicit parameterization (Fig. 4b), as this variability is already
integrated into the EBM inputs—thus, directly including it would be redundant. Future
studies may include these parameters to improve the accuracy of the model.

8. Conclusion and Future Directions

Our study advances the understanding of the complex geodynamic, tectonic, and climatic
processes that shape active margin mountain topography. By leveraging the predictive and
interpretable capabilities of EBM, we demonstrated a novel framework for linking key
parameters, such as subduction flux, trench migration rate, mantle dynamics, and climate, to
present-day topography.

Our study shows that the topography at active margins is best represented as a continuum of
classes due to the variable nature of tectonic and mantle dynamics, where one end-member
can transition into another. For instance, in regions with low-to-moderate subduction flux and
fast trench retreat, the slab may initially pond at the mantle transition zone, causing trench
rollback and moderate crustal thickening. This results in low-topography mountains (<1000
m) with extensional back-arc basins. However, if the slab penetrates deeper into the mantle,
transitioning the region to a high subduction flux scenario, it resembles the present-day
Central Andes region. Here, strong slab suction and whole-mantle convection lead to
substantial crustal thickening and high elevations (>3000 m). Conversely, a decrease in
convergence rates, especially with an older and stronger subducting plate, may cause the
system to evolve from a high subduction flux to a trench advance scenario, forming a
broader, high topography (>1500 m).

The explainable nature of EBM offers profound implications for deciphering past
geodynamic and climatic conditions, enabling deeper insights into processes such as slab
dynamics, mantle convection, and climate. Future research could use our framework to
investigate the temporal and spatial evolution of mountain belts over deeper time scales. By
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reconstructing historical topographic changes and predicting future scenarios, this study
underscores the potential of integrative, data-driven models to illuminate the interplay
between the Earth’s surface and interior processes. It also opens new avenues for
understanding the role of these dynamic landscapes in shaping past and future ecosystems
and their biodiversity. Furthermore, the model provides a foundation for exploring
metallogenesis at convergent margins, where topographic evolution often controls ore
precipitation and preservation.
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Abstract

Topography at active margins exerts a fundamental control on Earth’s climate, biodiversity,
and natural resource distribution. Reconstructing its evolution through geological time
remains challenging because paleoelevation proxies are sparse, unevenly distributed, and
subject to large uncertainties. Here, we present a deep-learning model built on physically
grounded variables, including plate kinematics, mantle convection, and a paleoclimate-
informed parameter, to reconstruct paleotopography along active margins. Our model
explains 92% of the variance in modern elevations, with a root mean squared error of 576 m
relative to ETOPOL1. To evaluate its applicability through time, we compare model
predictions with global geochemical-based paleoelevation proxies since the Mesozoic (~200
Ma) and benchmark them against a regional paleotopographic reconstruction for the
Cenozoic Andes, where paleoelevation constraints are abundant. Our model successfully
predicts ~4 km of Central Andean uplift since the Oligocene, associated with an
approximately threefold increase in subduction flux (0.03—0.08 km?/yr), consistent with
paleoelevation estimates. Building on this data—model agreement in a well-constrained
region, we apply our methodology to a case study of East Asia. The model reveals a
multiphase mountain-building history comprising a Late Jurassic high plateau, subsequent
Early Cretaceous extension and plateau collapse, and a mid-Cretaceous rejuvenation that
produced a narrow coastal mountain belt. The reconstructed elevation history agrees with
independent geochemical paleoelevation proxies, crustal-thickness estimates, and zircon
records of magmatic and metamorphic flare-ups, demonstrating that a combined geological
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modelling and artificial-intelligence framework can recover lost mountain belts and
illuminate the coupled evolution of topography, climate, and the biosphere over geological
time.

Significance statement

Topography along subduction margins strongly influences climate, biodiversity, and natural
resources, yet ancient mountain belts are difficult to reconstruct because paleoelevation
indicators are sparse and unevenly distributed. By integrating plate kinematics, mantle
convection, climate proxies, and deep learning, this study recovers the uplift histories of both
well-documented (Central Andes) and previously unresolved (multiphase Jurassic—
Cretaceous orogen in East Asia) mountain systems. The results show how artificial
intelligence can fuse geological datasets and models into quantitative maps of past
topography, providing a powerful new framework for testing how tectonics, climate,
ecosystems, and resources have co-evolved through deep time.

1. Introduction

Topography along active margins shapes atmospheric circulation, ecological gradients, and
the localization of mineral systems, thereby modulating Earth’s climate, ecosystems, and the
distribution of natural resources (1-3). Mountains formed at subduction zones act as climate
modulators, generating rain shadows, steering atmospheric circulation, and shaping large-
scale precipitation patterns (4—6). These high-relief terrains also promote ecological
diversification by introducing environmental gradients and physical barriers, leading to
elevated biodiversity in many active margin mountain belts. Moreover, the rise and evolution
of topography at active margins are intimately linked to the formation and preservation of
mineral systems, including porphyry copper deposits critical for global metal supply and the
energy transition (2, 7).

Despite its importance, reconstructing the paleotopography of active margins through deep
time remains a major challenge in part due to the limited spatial and temporal coverage of
paleoelevation proxies. Methods such as stable isotope paleoaltimetry, fossil flora analysis,
and low-temperature thermochronology provide important insights but are inherently
localised, episodic, and sensitive to climatic or erosional overprints (8—13). Many of these
techniques assume modern isotopic lapse rates and atmospheric structures, which may not be
valid over deep time, contributing to large uncertainties (often >1-2 km) in elevation
estimates (9, 14—16). Furthermore, erosion more readily removes the high-elevation record in
active settings, limiting preservation to sedimentary archives that only indirectly reflect
landscape morphology. As a result, existing reconstructions rely on spatial and temporal
interpolation across large gaps, leaving major uncertainties in the evolution of many active
margins.

These challenges are particularly acute along the Mesozoic East Asian Margin (EAM), where
the topographic history remains debated. One hypothesis proposes a broad, high-elevation
plateau during the Late Jurassic, analogous to the modern Altiplano, supported by
sedimentary and geochemical records indicating significant crustal thickening (17-19).
Alternatively, other studies emphasize a complex, multiphase evolution with distinct episodes
of mountain building and collapse; geochemical proxies (Sr/Y, Ce/Y ratios) and climate
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modelling indicate that crustal thickening between 120 and 105 Ma produced a narrow
coastal mountain range exceeding 2,500 m in elevation, which altered atmospheric
circulation, increased inland aridity, and drove the expansion of desert belts across Asia (20—
22). Structural and stratigraphic data further document repeated cycles of contraction,
extension, and topographic inversion across NE China, associated with the transition from an
Andean-type margin to widespread back-arc extension by the Late Cretaceous (23-25).
Recent tectonomagmatic syntheses and mantle-flow models add further complexity,
suggesting alternating episodes of flat-slab subduction, lithospheric delamination, and back-
arc extension, and implying an episodic, heterogeneous topographic evolution rather than
sustained Andean-style uplift (26, 27).

Whether a continuous, high-elevation “East Asian Cordillera” existed during the Jurassic—
Cretaceous has major implications for global climate, atmospheric circulation, and trans-
Asian biotic dispersal. Yet existing, localised proxies cannot unambiguously distinguish
between plateau-like and narrow, transient mountain-belt scenarios. The erosional loss of
high-standing landscapes, the indirect nature of most sedimentary archives, and the strong
spatial heterogeneity of available proxies leave large gaps in our paleotopographic
reconstructions. These limitations highlight the need for approaches that do not depend solely
on sparse paleoelevation indicators.

Long-term elevation at active margins is tightly linked to plate kinematics, mantle flow, and
climate. As such, forward models and global reconstructions of these processes provide a
largely continuous, physically based context for estimating past topography (28-32).
Leveraging these model-derived fields within a reproducible modelling framework enables
quantitative, spatially continuous paleotopographic reconstructions that complement and test
fragmentary proxy records.

Here, we develop a physics-grounded deep learning framework that predicts active margin
paleotopography from global plate kinematic reconstructions (32), mantle convection outputs
(31, 33-35), and paleoclimate-informed variables (Supplementary Section 1.3). We refer to
this deep learning model as the Subduction Topography Network (STN). We train this model
on present-day topography along all subduction margins and validate its performance against
withheld present-day regions, a global compilation of geochemical crustal thickness—based
paleoelevation proxies from Mesozoic—Cenozoic arc magmatic rocks, and benchmark against
an independent Cenozoic paleotopographic reconstruction for the South American Andes.
We then apply the framework to the Jurassic—Cretaceous EAM to evaluate whether
subduction-driven processes could have generated and sustained high topography and test
competing scenarios for broad plateau versus narrow coastal orogen configurations through
time. More broadly, this framework establishes a quantitative and reproducible pathway for
recovering the topographic evolution of active margins and for linking long-term tectonic
forcing with past climate and surface environments.

89



Deep-time reconstructions of Earth’s surface environments and elevations

Plate Kinematics
(Mantle Reference
Frame)

Deep
Learning —> Predicted
Framework Elevation
Mantle Dynamics
(Mantle Reference evaluate
difference
Frame) Update
model Present
parameters Day Elevation
Humid Belt
(Paleomagnetic
Reference [ " c—
Frame) -8000 4000 0 4000 8000
Elevation (m)
[ ]

0 200 400
Seafloor Age (in Myrs)

Figure 1 | Deep learning framework for reconstructing paleotopography.

a) We develop a deep neural network model to reconstruct ancient topography along active
margins by learning from present-day global topography (ETOPO1) and three categories of
geodynamic and climatic predictors: (1) plate kinematics, (2) mantle dynamics in the mantle
reference frame, and (3) the duration spent within the equatorial humid belt in the
paleomagnetic reference frame. All predictor variables are detailed in Supplementary Table
1. Because these input features are reconstructable through time, the trained model enables
paleotopographic predictions across geological timescales. Isosurface rendering of a mantle
temperature field showing two isovalues: 1,260 °C (blue) and 1,670 °C (red). These represent
cooler downgoing slabs and hotter mantle upwellings, respectively. Colours on the
isosurfaces indicate the direction of scalar gradients: red shades (back side) indicate
increasing scalar values, and blue shades (front side) indicate decreasing values, helping
visualise whether the scalar field is increasing or decreasing along the view direction.

2. Materials and Methods

We trained a deep neural network using present-day plate kinematics and a paleoclimate-
informed parameter derived from a global plate tectonic reconstruction (see Supplementary
Sections 1.1, 1.2, and 1.4) and outputs of an accompanying CitcomS mantle convection
model (see Supplementary Section 1.2) as input variables, with present-day topography
(ETOPO1) as the target variable (Figure 1; Supplementary Table 1). Once trained, the STN
learns and generalises the relationship between the input and target variables. Because the
input parameters can be reconstructed back through geological time from plate
reconstructions and mantle convection models, the STN can be applied to predict topography
in deep time. We used the STN to generate topographic predictions from 200 Ma to the
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present at 1 Ma intervals and at 0.1° spatial resolution. To quantify uncertainty, we evaluated
the STN predictions against: (i) present-day topography of five geographically diverse
regions withheld from training (Section 2.3.1); (i1) Cenozoic paleotopographic estimates for
the Andes (Section 2.3.2); and (iii) geochemical-based paleoelevation proxies from
Mesozoic—Cenozoic East Asia (Section 2.3.3).

2.1 Preparing the Dataset for STN

Polygons were delineated around all subduction zones from a global plate tectonic
reconstruction (32) by generating automated buffers extending 1,000 km landward from each
trench on the overriding plate. This threshold was selected because most high-elevation, arc-
related, and thickened-crust domains lie within ~800 km of the trench. These polygons were
constructed at 1 Myr intervals from 200 Ma to the present and used to define the spatial
domain for sampling tectonic and mantle parameters. Within these polygons, we generated a
uniform spherical grid with a target spacing of ~0.1° in latitude and longitude
(Supplementary Section 1.1). Subduction zones were discretised on this grid, and plate-
kinematic parameters were sampled from the global plate reconstruction in a mantle reference
frame. The plate kinematic values were assigned to grid points using nearest-neighbour
interpolation (Supplementary Section 1.2). We used the same plate reconstruction (32) in a
paleomagnetic reference frame to identify whether grid points persisted within the near-
equatorial humid belt (£10° latitude), characterised by high precipitation rates (3;
Supplementary Section 1.4). This metric served as a proxy for surface-process influences on
topography, representing the cumulative erosional potential associated with high precipitation
and temperature in tropical settings. By incorporating the duration spent in the humid belt, the
model accounts for the long-term coupling between climate-driven denudation and tectonic
uplift (3, 52). To capture multi-Myr integration of tectonics and climate, all parameters were
time-averaged over a 25 Myr moving window at each timestep. Upper mantle temperature
and vertical flow fields at different depths were extracted from CitcomS mantle convection
models (Supplementary Table 1), using the same plate tectonic reconstruction as boundary
conditions following the model setup established in this study (31).

2.2 STN Architecture, Training and Prediction

The STN is a fully connected neural network with five hidden layers, Rectified Linear Unit
(ReLU) activations, batch normalisation, and dropout regularisation to reduce overfitting
(Supplementary Section 1.7 and Supplementary Figure 1). For training, we used the present-
day point grid to sample elevations from ETOPO1 (36). Because ETOPOL1 is provided at 1
arc-min resolution, we applied a Gaussian filter with o = 2 grid cells (~2 arc-min) prior to
sampling in order to smooth small-scale variations and retain features relevant to the scale of
our analysis. The STN was trained to learn the relationship between the input parameters and
present-day elevation by minimising the mean squared error (MSE) between predicted and
observed values (Supplementary Section 1.8). We withheld five geographically diverse
regions during the training of the STN to assess its performance on unseen data. These
regions were selected to represent diverse subduction geometries: continental arcs (Northern
Andes, Central America), island arcs (Kuril Islands, Sunda Arc), and transitional—collisional
margins (Iranian Plateau). Once trained, the STN was used to predict elevation at every 1
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Myr timestep from 200 Ma to the present. Training hyperparameters, detailed architecture,
and code are provided in the Supplementary Material and GitHub repository.

2.3 STN Validation

We assessed the model’s predictive performance using both modern and paleo-elevation
datasets. A summary is provided below; more details on the validation framework can be
found in Supplementary Section 1.10.

2.3.1 Present-Day Validation

For present-day validation, we first assessed the STN’s performance using the input and
target dataset held out for validation, which includes five geographically diverse regions (R1-
R5; Figure 2). We also compared the global ETOPO1 (36) elevation with predicted elevation
and evaluated model accuracy using standard metrics, including root mean squared error
(RMSE), mean absolute error (MAE), and explained variance score (R?), ensuring the
model’s generalising capabilities.

2.3.2 Global Deep-Time Validation

To evaluate the model’s applicability through geological time, we compared
paleotopographic predictions against independent, globally distributed paleoelevation proxies
derived from arc-related magmatic rocks (37) spanning the Mesozoic (~200 Ma) to present
using the framework proposed (38). These geochemical proxies (e.g., St/Y, La/Yb) provide
crustal thickness estimates, which were converted to elevation using empirical calibrations
(38—40). Geochemical data from igneous rocks are far more abundant across both space and
time (37) compared to other forms of paleoelevation estimates. As a result, they offer a
valuable option to quantitatively evaluate predicted paleotopographic reconstructions along
active margins through Earth’s history.

2.3.3 A Critical Natural Benchmark: the South American Andes

For regional validation, we focused our comparison on the Cenozoic South American Andes.
We compared our model outputs with a comprehensive paleoelevation synthesis by
Boschman (2021), one of the few available datasets based on independent stable isotope
paleoaltimetry (5'%0), sedimentological, and paleobotanical data constraints across the
Cenozoic. The Andes were selected for this validation because they represent a long-lived,
well-studied active margin where uplift history has been constrained using a broad array of
proxies without relying on the geodynamic or kinematic inputs used in our model. Equivalent
paleoelevation datasets are not available for most other regions, making the Andes a critical
natural benchmark.

2.3.4 Validation of Jurassic—Cretaceous EAM

To validate our modelled paleotopography in East Asia during the Jurassic—Cretaceous, we
compared our results with independent geochemical-based paleoelevation estimates based on
the method proposed by Zhou et al. (2025) and Li et al. (2024), hereafter referred to as
Zhou++ and Li++, respectively. While these approaches carry substantial uncertainties—
often in the range of 2—3 km (20, 38, 40, 41)— they offer valuable, spatially extensive first-
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order constraints for model benchmarking. In addition to crustal-thickness-based estimates,
we incorporated zircon-based records as qualitative constraints on tectonic activity and
surface environments. We compiled U-Pb zircon age data from igneous, sedimentary, and
metamorphic rocks across East Asia, sourced from a global database (42). These zircon
datasets were used to generate kernel density estimates of age distributions, with a bandwidth
of 5 Myr, to identify peaks in magmatic activity (igneous zircons; 43—45), erosion and
sediment transport (sedimentary zircons; 46), and metamorphic events (metamorphic zircons;
44, 47). Such patterns help infer relative elevation trends, orogenic phases, and crustal
evolution over time, as magmatic flareups commonly coincide with episodes of enhanced
crustal thickening and/or arc widening driven by changes in subduction dynamics (43, 44, 47,
48), while increased sedimentary zircon input signals enhanced erosion and sediment
recycling from elevated terrains (46, 49). Together, these independent lines of evidence
strengthen validation of Jurassic—Cretaceous topography along East Asia.

3 Results
3.1 Present-day Topography Validation

Our model demonstrates high accuracy metrics in reproducing present-day topography along
active margins, achieving an RMSE of 576 m relative to the ETOPO1 dataset (36), while
explaining 92% of the spatial variance (i.e., the geographic distribution of elevation changes
across the Earth's surface; R? = 0.92) (Figure 2). To evaluate the model’s generalisability, we
assessed its performance across five tectonically diverse regions, including both continental
mountains and island arcs, that were withheld from training (R1-R5; Figure 2;
Supplementary Figure 2). In the northern Andes (R1), the model reproduces the broad
elevation gradients with a regional MAE of 513 m. Given that total relief in the Andes
exceeds 6,000 m, an MAE of ~500 m represents an error of less than 10% of the topographic
signal, confirming the model’s ability to resolve continental orogenic scales. In the Kuril
Island Arc (R2), the model reproduces both the arc topography and the bathymetry of the
back-arc basin with an MAE of 1,352 m. While numerically higher than the continental
regions, this error is small relative to the extreme 10,000 m of total elevational characteristic
of trench-arc systems, which span from deep-sea trenches to subaerial volcanic peaks. Along
the Central American Cordillera (R3), the model predicts a slightly broader, elevated
topography than observed, with an MAE of 559 m, whereas in the Sunda Arc (R4) and the
West Asia—Iranian Plateau (RS5) it resolves both arc system topography and plateau
topography, with MAEs of 1,045 m and 666 m, respectively. This consistent performance
across regions with contrasting tectonic settings highlights the robustness and predictive
capability of our model.
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Figure 2 | Validation of model predictions against smoothed present-day topography.

a) Spatial misfit between predicted and smoothed present-day elevations (ETOPO1; Amante
& Eakins, 2009) using the trained deep learning model and present-day inputs (see
Supplementary Table 1). Blue polygons (R1-R5) indicate independent validation regions that
were excluded from training.

b) Predicted versus actual ETOPOI elevation for R1 (Northern Andes) and R2 (Kuril
Islands), highlighting the model’s performance on unseen data. For regions R3—RS5, refer to
Supplementary Figure 2.
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Figure 3 | Validation of global active margin paleotopography through deep time.

(a) Mean absolute error (MAE) between predicted and proxy-derived paleoelevations, binned
into 10 Myr temporal intervals at 0.5° spatial resolution. The standard deviation represents
the uncertainty associated with the proxy-derived elevation estimates and reflects
observational uncertainties within the dataset. The baseline error refers to the misfit between
the predicted paleoelevation and a reference scenario in which all active-margin points across
all time slices are assigned a constant value equal to the mean elevation of present-day active
margins.

(b) Bar plot showing the number of proxy samples within each 10 Myr interval.

Left: Geochemically derived paleoelevation estimates for selected time intervals. A time-
continuous reconstruction is provided in Supplementary Animation 2.

Right: Point-wise misfit between predicted paleoelevation and geochemical proxy estimates,
illustrating the spatial distribution of residuals across all time slices.

3.2 Global Validation in Deep Time

Across deep time, the model reproduces first-order elevation patterns recorded by
geochemical paleoelevation proxies from arc magmatic rocks since the Mesozoic (~200 Ma;
Supplementary Section 1.10). Predicted elevations were compared with 0.5 by 0.5
geochemical paleoelevation proxy grid estimates at each time slice, and misfits were mapped
globally and summarised as a time-dependent mean absolute error (MAE; Figure 3;
Supplementary Animations 2—3). Over the full 200 Myr interval, the model attains an average
MAE of 1,930 m relative to the geochemical proxies, with MAE remaining broadly stable
through time despite large variations in sample density (Figure 3a—b). To quantify the
predictive skill of the STN, we compared its performance against a null baseline—a 'naive'
model in which all active margin points at all times are assigned a constant elevation equal to
the present-day mean active margin elevation (—732 m). This constant-elevation baseline
assumes no topographic evolution through time and yields a significantly higher MAE of
~2,950 m relative to the same proxy dataset (Figure 3a). The ~1,000 m reduction in error
achieved by the STN demonstrates that the model effectively captures the dynamic
topographic signals driven by evolving plate kinematics and mantle flow, providing a robust
improvement over static reconstructions.

Despite the intrinsic uncertainties in the proxies themselves (typical 16 of £1,515 m and
occasionally up to +4,000 m; (38), 60% of predicted elevations fall within the reported
uncertainty bounds of the geochemical estimates. In the context of deep-time reconstructions,
where the ground truth itself carries kilometre-scale uncertainty, this level of agreement
represents a robust alignment with the geological record. Most misfits (~50%) lie within
+1,000, i.e. half of the model's predictions are more precise than the standard 1o uncertainty
of the geochemical calibration used for validation. Error maps show that large discrepancies
(>2,500 m) are spatially restricted, occurring primarily in western North America during the
Late Cretaceous—Paleogene Laramide orogeny where flat-slab subduction of an oceanic
plateau and related geodynamic complexities are not fully captured by our model (50), and in
a few other isolated segments where proxy coverage is sparse or highly uncertain (Figure 3).
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Figure 4 | Integrated comparison of Cenozoic Andean paleotopography and driving
parameters.

a) Spatiotemporal evolution of Andean surface uplift from 66 Ma to the present, showing
model predictions compared with Boschman (2021).

b) Comparison of Altiplano paleotopography between our model, Boschman (2021), and
geochemical proxy-based estimates from Liu et al. (2024).

¢) Comparison of Puna paleotopography between our model, Boschman (2021), and
geochemical proxy-based estimates from Liu et al. (2024).

d) Input drivers of topographic change in the Central Andes (Altiplano and Puna). The
subduction flux increased from 0.03 km?/yr during the Eocene to >0.08 km?*/yr by the
Miocene, driving rapid uplift of the Central Andes.

3.3 Comparison with Regional Paleotopography: The Andes

We compared our Cenozoic paleoelevation reconstruction of the Central Andes with the
independently derived paleotopography model (51) to assess the timing and magnitude of
surface uplift along this convergent margin (Figure 4a—b). Although the two approaches
differ fundamentally—our model integrates continuously evolving subduction parameters
constrained by plate kinematics, whereas Boschman (2021) interpolates discrete geological
proxy data—both reconstructions agree on low elevations across the Northern and Central
Andes at 66 Ma, with most back-arc regions near sea level. Both models also converge on the
development of high modern topography along the full Andean margin at the present day.
The key differences arise in the timing and progression of the main uplift phase. Our model
indicates a major uplift of the Altiplano and Puna plateaus beginning around 40 Ma,
accelerating between 30—15 Ma, and stabilising near ~4,000 m by the Middle Miocene
(Figure 4c—d). This trajectory aligns well with independent geochemical paleoelevation
estimates. In contrast, Boschman (2021) reconstructs generally lower Paleogene elevations in
the Western Cordillera and infers a delayed, more abrupt uplift after ~10 Ma for much of the
Central Andes. Importantly, the onset of rapid uplift in our model at ~35—40 Ma coincides
with a major shift in subduction-zone dynamics (Figure 4¢). The peak in subduction-volume
rate at 15 Ma (~0.08 km?/yr) marks the transition into a regime capable of sustaining high
elevations (Figure 4b), underscoring the coupling between tectonic forcing and surface uplift.
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3.4 Evolution of the Jurassic-Cretaceous EAM

The modelled paleoelevation history of the EAM reveals episodic mountain building
characterised by three distinct phases of elevated topography (Figure 5b). The Late Jurassic
phase (~160-140 Ma) shows a broad, extensive plateau spanning ~500—-800 km in width with
mean elevations reaching 3,000—4,000 m across all three reconstruction methods (STN,
Zhou++, Li++; Figure 5a, bottom-right panel). This wide, high plateau is defined by a major
peak in sedimentary zircons at ~150 Ma that coincides with a dominant metamorphic zircon
peak (Figure 5c¢), indicating synchronous rapid erosion, sediment recycling, and deep-crustal
metamorphism during significant crustal-thickening events—consistent with the elevated
paleotopography modelled for this interval.

The Early Cretaceous phase (~140—110 Ma) records a pronounced collapse of the Late
Jurassic plateau. Modelled elevations decline to ~1,000-2,000 m mean elevation (Figure 5a—
b). Paleotopographic maps show low-elevation zones characteristic of extensional systems
(Figure 5a, bottom left panel), with basin development across the continental margin. Zircon
populations display elevated igneous zircon densities and a strong metamorphic zircon
maximum at ~120 Ma (Figure 5c), indicating ongoing thermal flux and magmatic activity
despite the overall extensional regime associated with Paleo-Pacific Plate rollback.

The mid-Cretaceous phase (~110-80 Ma) shows renewed high elevations reaching ~2,500 m
between 105 and 95 Ma (Figure 5b), but this phase displays a distinct topographic
architecture compared to the Late Jurassic. Rather than a broad, wide plateau, the mid-
Cretaceous phase forms a narrow, linear coastal mountain range extending >1,000 km along
the continental margin (Figure 5a, lower left panel), with a width of ~200—400 km as shown
in the paleotopographic reconstruction. This coastal range is characterised by steeper relief
and a more restricted spatial extent than the Jurassic plateau. The zircon record shows
sustained igneous zircon densities and elevated metamorphic zircon activity (Figure 5c¢),
reflecting the renewal of crustal thickening and magmatic flux.

A final Late Cretaceous phase (~80—60 Ma) culminates in a major magmatic flare-up,
recorded by the highest igneous zircon density peak at ~75 Ma (Figure 5¢)—the most
voluminous magmatic episode along the margin. This interval corresponds to the last period
of high elevations visible in all three reconstructions (Figure 5b). Immediately after ~75 Ma,
all zircon populations—igneous, metamorphic, and sedimentary—decline sharply (Figure
5¢), paralleling the modelled decrease in mean elevation to ~1,500—-2,000 m after ~60 Ma and
the downward trends in the Zhou++ and Li++ crustal-thickness reconstructions. By the Early
Cenozoic, the paleotopographic maps show collapse of the coastal mountains to low-
elevation configurations (Figure 5a), with mean elevations declining to ~500—1,000 m or
lower.

4. Discussion

4.1 A Physics-driven Framework for Active Margin Paleotopography
Reconstruction

The STN presented here provides a generalisable, physics-driven framework for
reconstructing the paleotopography of active margins over geological timescales. It leverages
the established principle that long-term surface elevation at active margins is strongly
influenced by the interplay between plate kinematics (e.g., trench migration, subduction flux),
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mantle dynamics (e.g., upper mantle temperature, flow fields), and climate-driven surface
processes (e.g., time spent in humid belt) (29, 52).

The model's ability to explain 92% of modern elevation variance (with an RMSE of 576 m)
and its consistent performance across geographically and tectonically diverse withheld
regions (Figure 2) demonstrates its high predictive skill. Crucially, its application to the
Cenozoic Central Andes—a well-studied, long-lived orogen—yields an uplift history
consistent with independent geochemical proxies and geological syntheses (Figure 4). The
model successfully predicts the 4 km uplift since the Oligocene, temporally correlating the
onset of rapid elevation gain with a major transition in subduction dynamics, specifically the
shift from low subduction volume rate (0.03 km?3/yr) to peak subduction flux (0.08 km?/yr at
15 Ma) (Figure 4c-e). This strong correlation underscores that changes in subduction zone
parameters are primary drivers of active margin topography.

The STN approach moves beyond traditional lithofacies-based methods (53), which are often
qualitative and difficult to reproduce, by providing a quantifiable, spatially continuous, and
time-dependent reconstruction informed by fundamental geodynamic processes and
geological models. The results show that deep learning, when constrained by Earth science
principles, can effectively convert disparate and heterogeneous data (plate motion, mantle
models) into high-resolution paleotopographic maps, offering a powerful new route for
hypothesis testing in deep-time Earth system science.

4.2 Sources of Deep—Time Uncertainty

4.2.1 Uncertainties in Input Parameters

Plate kinematics remain imperfectly constrained even for the present day, with absolute
reference frame choices affecting plate velocities by several centimetres per year and hence
influencing derived quantities such as trench migration rate (54). While the STN uses
normalised inputs to reduce sensitivity to absolute values and prevent issues like exploding
and vanishing gradients (55), it cannot eliminate the impact of underlying uncertainties in
tectonic trends. In deep time, plate reconstructions may diverge markedly in their estimates of
trench migration and subduction histories. For instance, some models depict a westward-
migrating Farallon trench during the Early Cretaceous (28), whereas others, like (56), suggest
a more slow-to-stationary configuration when compared in the same mantle reference frame.
Model-based sensitivity analyses show that plausible differences in trench migration rate and
subduction flux between reconstructions can propagate into kilometre-scale differences in
predicted elevation in flux-dominated systems such as the Andes (57). Additional uncertainty
arises because convergence rates and slab thickness for now-subducted oceanic plates must
be inferred from synthetic age grids and incomplete seafloor records. Consequently, some
regional misfits between model and proxies reflect uncertainties in the underlying
reconstructions rather than limitations of the learned topography—tectonics relationship itself.

Additionally, our results are based on a single global plate reconstruction model, and
alternative reconstructions may yield somewhat different uplift histories. Ensemble
approaches (using multiple plate reconstructions and mantle models) would quantify this
uncertainty range and should be taken into consideration for future studies. However, the
general stability of the global MAE over time, despite large fluctuations in proxy data density
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(Figure 3b), strengthens the argument for the model's consistency. The STN therefore offers a
valuable, high-resolution baseline against which local proxy-based estimates can be
compared and refined, while recognising that its reconstructions represent one internally
consistent scenario among several plausible alternatives.
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(a) Present-day topography and paleogeographic reconstructions showing the episodic
evolution of the EAM from the Late Jurassic to Present. The top panel shows the present-day
configuration with plate boundaries and major tectonic features. Lower panels show
reconstructed paleotopography at key time slices: Late Jurassic (~155 Ma) showing plateau
formation, Early Cretaceous (~115 Ma) showing extension and plateau collapse, mid-
Cretaceous (~95 Ma) showing renewed coastal mountain formation and Early Cenozoic (~60
Ma) showing coastal mountain collapse and the [zanagi Plate.

(b) Reconstructed Mean Elevation. Modelled mean elevation (This Study) is compared
with geochemical ratio-based paleoelevation estimates (Zhou++, Li++). All three methods
converge on a similar first-order pattern: high elevations (commonly >2,500 m) during the
Late Jurassic (~160—140 Ma), a pronounced decline during the Early Cretaceous rifting phase
(~140-110 Ma) marking plateau collapse, renewed high elevations during the mid-
Cretaceous (~110-80 Ma) coastal mountain phase reaching ~2,500 m, and a final collapse
after ~60 Ma. This episodic pattern reflects discontinuous orogenesis rather than sustained
Andean-style Mountain building, emphasising that the EAM experienced alternating phases
of uplift and extensional collapse.

(c) Kernel density estimates of zircon U-Pb ages from the EAM, providing temporal
constraints on magmatic, metamorphic, and erosional processes.

4.2.2 Uncertainties from Paleoelevation Proxies

Geochemical proxies used to infer paleoelevation are typically calibrated in modern
subduction settings, and applying these relationships to times or regions lacking clear
evidence of similar tectonic regimes may violate key assumptions and generate discrepancies
with model predictions. Despite these challenges, the relatively high spatial density of arc-
related geochemical datasets (37) enables meaningful, first-order model validation along
Mesozoic active margins. For most active margins, model—proxy mismatches fall within
+1,515 m, indicating that the framework captures the primary patterns of paleotopographic
change despite proxy and reconstruction uncertainties. Residual mismatches may also reflect
paleogeographic uncertainties, including the location and polarity of ancient subduction
zones and unresolved plate boundaries (58).

For the EAM specifically, the Zhou++ and Li++ reconstructions differ in absolute elevation
estimates due to variations in empirical calibration and underlying assumptions, yet both
replicate the same first-order uplift and collapse trends recovered by the STN. This
convergence across two independent proxy-based methods increases confidence in the
reconstructed paleotopography, while the ~1-2 km spread between them provides a realistic
uncertainty envelope for elevation magnitude. Part of this spread likely reflects regional
complexities: geochemical ratios calibrated in modern arcs may conflate crustal thickness
changes with variations in mantle source or slab processes such as breakoff (39, 59), and the
age and thickness of the now subducted [zanagi plate are synthetically reconstructed, so
differences in plate age directly affect inferred subduction flux and thus predicted elevation.

4.3 Reconstructing the Topographic Evolution of the EAM
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Our reconstructions reveal that the EAM underwent three major phases of orogenic growth
and collapse during the Late Jurassic—Cretaceous, each driven by distinct plate kinematics
and mantle dynamics processes and expressed in zircon geochronology, crustal-thickness
proxies, and topographic evolution.

Late Jurassic (~160—145 Ma): Growth of a Broad, High-Elevation Plateau

Our reconstruction shows that the EAM developed a broad, extensive plateau during the Late
Jurassic, with a lateral width of ~500—800 km and mean elevations reaching ~3,000—4,000 m
(Figure 5a-b). This time corresponds to the largest sedimentary zircon peak at ~150 Ma,
synchronous with a major metamorphic zircon peak (Figure 5¢), indicating rapid erosion,
sediment recycling, and deep-crustal metamorphism associated with significant crustal
thickening (43, 44, 47, 48). This phase of plateau construction is recorded by voluminous
monzogranite magmatism derived from partial melting of thickened lower crust and by
strongly negative eHf{(t) values in zircons, indicating reworking of ancient continental
basement (18, 19, 60). The plateau formed under an oblique or low-angle subduction regime
of the Izanagi (Paleo-Pacific) Plate, which transmitted compressive stresses far inland and
generated a wide orogenic system analogous to the modern Altiplano (19, 27). Sedimentary
provenance and paleocurrent data indicate predominantly westward sediment transport,
consistent with erosion from an elevated coastal source region (61-63). Together, the
geochemical, structural, and sedimentary evidence support the existence of a continent-scale
“Jurassic East Asian Plateau.”

Early Cretaceous (~145-110 Ma): Plateau Collapse and Widespread Extension

The Early Cretaceous marks a profound tectonic transition, with the collapse of the Jurassic
plateau and the onset of regionally extensive extension. All reconstructions show a sharp
decline in mean elevation to ~1,000-2,000 m, accompanied by the development of low-
elevation zones (Figure 5a, bottom left panel). This period is characterised by emplacement
of A-type granites, widespread bimodal volcanism, and the formation of major rift basins,
including the Songliao Basin (19, 64, 65). Zircon U-Pb ages and thermochronology
document rapid exhumation of metamorphic core complexes, crustal thinning, and kilometre-
scale accumulation of syn-rift sediments, including alluvial fans and evaporites (18, 64). This
extensional regime reflects rollback of the subducting Izanagi Plate, gravitational collapse of
previously overthickened lithosphere, and potential lithospheric delamination (27, 65, 66).
Although paleoelevation reconstructions retain a “high” signal during this interval, the
structural reality was a Basin-and-Range-style landscape comprising fault-bounded basins
and diminished mean elevations. The Early Cretaceous, therefore, represents a transition from
plateau stability to dynamic extensional collapse.

Mid-Cretaceous (~110-80 Ma): Rejuvenation of Coastal Orogeny

Following this collapse, the mid-Cretaceous (~110-80 Ma) marks a renewed phase of
orogeny, albeit with a fundamentally different topographic architecture from the Late
Jurassic. Mean elevations rise to ~2,500 m between ~105 and 95 Ma, but instead of forming a
broad plateau, the margin developed a narrow, linear coastal mountain range extending more
than 1,000 km along strike and only ~200—400 km across. Independent geological and
geochemical constraints corroborate this topographic reorganisation: crustal thicknesses of
50-55 km imply paleoelevations >2.5 km (20); clumped-isotope paleoaltimetry from the
eastern North China Craton indicates elevations >2 km by ~80 Ma and up to 2.8—4.1 km
during the Early-—mid Cretaceous (41, 67); and foreland molasse accumulation suggests
elevations of 3.5-4.0 km spanning several hundred kilometres along the margin (68).
Sustained igneous and metamorphic zircon activity during this interval reflects renewed
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crustal thickening and magmatic flux. This coastal orogeny was driven by high subduction
flux (~0.13 km?/yr) and fast convergence rates (>10 cm/yr), producing an Andean-style
mountain belt with steep relief.

Late Cretaceous—Early Cenozoic (~80-60 Ma): Magmatic Flare-Up and Terminal
Collapse of the Orogen

The final tectonic phase occurs in the Late Cretaceous (~80—60 Ma), culminating in a major
magmatic flare-up at ~75 Ma that represents the most voluminous magmatic event along the
margin during the Mesozoic. This interval corresponds to the last expression of high
elevations across all reconstruction methods, after which all zircon populations—igneous,
metamorphic, and sedimentary—decline sharply. Mean elevations fall to ~1,500-2,000 m
after ~60 Ma and drop to <1,000 m by the Early Cenozoic. Paleotopographic maps show the
collapse of the coastal mountains into a low-relief passive-margin configuration. This decline
reflects the subduction of very young (<30 Myr), thermally weak Izanagi lithosphere, rapid
trench retreat (up to —2 cm/yr), and widespread backarc extension that initiated the opening of
marginal basins such as the Japan Sea. By the Early Cenozoic, the tectonic regime shifted
from compressional shortening to pervasive extension, marking the end of Mesozoic orogenic
activity and the establishment of the modern low-relief EAM.

The East Asian orogen differs from better-known systems like the Andes or Himalaya not
only in timing and morphology, but in preservation state. Much of its original topography has
since collapsed or been reworked, making it “lost” in the geological record, yet recoverable
through integrated modelling and proxy synthesis. The STN results demonstrate that, where
the plate boundary record is sufficiently well constrained to define a subduction zone and its
kinematic history, physics-grounded machine learning can recover plausible paleoelevation
histories even in regions where direct paleotopographic proxies are sparse or absent. More
generally, the EAM example illustrates how the geological record of plate boundary
processes—subduction, ridge interaction, slab rollback—extends far beyond the traditional
paleoelevation proxy record, and how integrating these kinematic constraints with data driven
paleotopography provides a powerful route to identifying other “lost” orogens in Earth’s
tectonic past.

4.4 Model Limitations: Caveats, and Future Directions

Although the STN provides a robust framework for reconstructing paleotopography across
subduction-dominated margins, several limitations arise from the scale, nature, and
availability of its inputs. The model is designed primarily for active margin systems, where
long-term surface elevation is governed by subduction processes. It does not explicitly
incorporate the physics of intracontinental deformation (e.g., the Laramide orogeny) or large-
scale continental collision (e.g., Himalaya—Tibet), even though such topographies are present
in the modern training data. As a result, predictive skill is maximised in subduction settings—
the intended scope of this study—while performance in collisional or intracontinental regions
remains less certain. Dynamic mantle forces, variations in viscosity structure, slab behaviour,
and hydration state introduce additional uncertainty (29, 69—71), with potential time lags
between crustal thickening and surface uplift (72—74). While the STN may implicitly encode
some of these effects, resolving their mechanistic contributions requires integration with
forward geodynamic modelling. Trained on modern topography, the model is well-suited for
Phanerozoic reconstructions but less accurate for Proterozoic settings, where tectonic
regimes, lithospheric strength, and plate interactions differed fundamentally (75, 76). Finally,
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while deep learning provides strong predictive performance, it offers limited mechanistic
interpretability compared with more transparent models such as explainable boosting
machines (57). Future efforts should explore hybrid, physics-informed architectures that
couple deep learning with geodynamic forward models and explainable Al approaches.
Expanding geological and geophysical datasets—particularly from tectonically complex or
under-sampled regions—will further constrain the model and enhance its physical realism.

The STN framework establishes a scalable, open-source foundation for integrating diverse
Earth science datasets to reconstruct paleotopography. Future developments that incorporate
continental-collision inputs, multi-model ensembles, higher-resolution data, and hybrid
explainable architectures will significantly extend its applicability and allow quantitative
testing of hypotheses linking tectonics, crustal evolution, climate, and the biosphere across
deep time.

5. Conclusion

The STN demonstrates that a physically ground set of plate-kinematic, mantle-flow, and
paleoclimate-informed variables is sufficient to reconstruct active-margin paleotopography
over the past 200 Myr. Trained only on present-day topography, the STN explains 92% of
modern elevation variance and reproduces first-order relief patterns across tectonically
diverse margins, indicating that long-term surface elevation is tightly coupled to subduction
flux, trench migration, and upper-mantle structure. Applied through time, the model captures
the ~ 4 km Cenozoic uplift of the Central Andes and ties its main acceleration to a transition
to high subduction flux, consistent with independent paleoelevation and geochemical
constraints. In East Asia, the STN recovers a Jurassic—Cretaceous Cordilleran-style orogen
with mean elevations commonly exceeding 2.5-3 km, whose multiphase uplift and
subsequent Cenozoic collapse align with crustal-thickness-based reconstructions and zircon
records of magmatic flare-ups and crustal thickening. These results show that physics-
grounded machine learning can recover “lost” mountain belts and deliver reproducible,
quantitative paleotopographic histories, providing a foundation for future work linking
subduction dynamics to past climate, biodiversity, and mineral systems.

Data Availability

All code, hyperparameters, and training scripts are available at
https://github.com/singhsatyampratap/pyDTDM/tree/main/Workflows/ActiveMarginPaleotop
ography. Present-day elevation data (ETOPO1) are publicly available from NOAA
(https://www.ncei.noaa.gov/products/etopo-global-relief-model). Plate kinematic
reconstructions are from Merdith et al. (2021) and CitcomS mantle convection model outputs
will be archived at Zenodo. Processed input datasets, trained model weights, and all
paleotopographic predictions will be archived at Zenodo (https://zenodo.org) with a persistent
DOI upon publication.
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Chapter 5

Discussion

Deep-time reconstruction of the Earth’s surface is an interdisciplinary challenge that ne-
cessitates the integration of geological data and the intricate physics of geodynamic pro-
cesses over vast spatial expanses and multi-Myr timescales. To overcome the restric-
tions of proxy-constrained models, this thesis proposes a set of computational procedures
and machine learning frameworks built with reproducibility, scalability, and physically
grounded drivers at their core. The following discussion critically synthesizes the key in-
novations and examines their larger implications for understanding Earth’s history, along
with the inherent limitations of the approaches presented.

5.1 Keys Innovations and Broader Implications

The conceptual and computational advancements provided in this thesis substantially al-
ter the field of deep-time paleotopography reconstruction. Central to this progress is the
creation of an integrated ecosystem of software and computational frameworks that com-
bine the three key pillars of solid Earth system science: quantitative plate tectonic recon-
structions, physically grounded geodynamic simulations, and integrated data analysis. By
combining these various methodologies, the work addresses the limitations of previous
models that relied on qualitative heuristics or fragmentary proxies. The newly created
frameworks are scalable and capable of identifying correlations within heterogeneous,
multi-gigabyte datasets. These tools provide a quantitative route for paleotopographic
reconstruction where qualitative approaches may fail, while reducing the computational
burdens associated with process-driven numerical simulations. Within this context, the
following subsections describe specific advances in deformable plate tectonic modelling,
deep-time geoscience data mining, open-source machine learning platforms, and physics-
integrated deep learning. Each component works towards improving the reproducibility
and spatial scope of deep-time surface reconstruction.

5.1.1 Passive Rift Evolution Through Deformable Plate Reconstruc-
tion

The deformable plate reconstruction methodology presented in Chapter 2 represents a sig-
nificant step forward in modelling the early evolution of rift and the underlying dynamics
of passive margins. Unlike traditional deformable plate models (Miiller et al., 2019; King
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and Welford, 2022), which typically impose uniform stretching factors and thus obscure
the spatial intricacies of deformation in rifted margins, this approach uses pyGPlates” to
resolve time-dependent strain rates and crustal thinning. The methodological focus is on
directing the strain towards the rift axes by employing exponentially varying stretching
factors. This approach results in subsidence and thinning patterns that are both physically
plausible and empirically validated, as observed in basins such as the GoM. Calibration
against present-day crustal thickness models, such as GEMMA (Reguzzoni and Sampi-
etro, 2015), results in a significant reduction in RMSE with predicted crustal thickness,
from values typical of 14.8 km uniform deformation model (Miiller et al., 2019) to much
lower errors (5.6 km). In the GoM basin, evolving focused deformation emerges as the
primary determinant of crustal thickness, subsidence rates, and arrangement of accom-
modation space. These factors directly influence the depositional partitioning and archi-
tectural evolution of sedimentary ecosystems. The workflow not only refines tectonic
subsidence histories of GoM but also elucidates depositional patterns, such as the 40 Myr
hiatus in red bed strata attributed to rapid subsidence shifting sedimentation southward
beneath Jurassic salt formations. The deformable plate reconstruction workflow shows
transferability to various passive margin scenarios, particularly where early extension his-
tories are poorly understood. These refined subsidence models also provide improved
constraints for petroleum system analysis, reservoir prediction, and paleogeographic map-
ping. Importantly, they highlight how early rift evolution can influence the distribution
and deposition of red-bed in passive margins that may host sedimentary copper deposits
(Hitzman et al., 2010, 2005)—resources of increasing global importance. Importantly, the
workflow and related datasets are distributed under an open GPL licence, which promotes
reproducibility and collaborative knowledge building within the geoscience community.
Future developments include applying these methodologies to global passive margins,
combining deformable plate results with landscape evolution models for comprehensive
source-to-sink evaluations, and improving basin-stratigraphic models. The use of auxil-
iary data streams, such as well logs and sediment thickness records, allows for the quanti-
tative reconstruction of paleobathymetry, broadening the breadth and resolution of basin
development models globally using this computational framework.

5.1.2 XALI for Present-Day Topographic Diversity

By applying XAl to global active margins, this study identifies the primary drivers of
mountain topography. This technique utilizes an interpretable, data-driven approach to
quantify the interplay of tectonic and geodynamic processes that support current surface
diversity. The XAl model, which was trained on a wide range of plate kinematic variables,
mantle temperature, vertical flow, and paleoprecipitation, reveals that elevation at modern
active margins is primarily controlled by a combination of subduction flux, trench migra-
tion rate, and mantle-driven dynamics, with precipitation having a minor but significant
regional influence. This multi-process framework has good explanatory ability for spatial
elevation patterns, as indicated by high correlation (R value: 0.77) and low RMSE (444
m) when compared to observed topography. The study revealed three archetypal geody-
namic regimes: (a) High subduction flux and thick, old oceanic plates support plateau-like
altitudes (e.g., the Central Andes), where convergent plate movement and deep mantle cir-
culation accelerate crustal thickening and uplift. (b) Rapid trench retreat is associated with
large, low-relief regions, such as the Japanese Archipelago, highlighting the importance

“https://wuw.gplates.org/docs/pygplates/
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of rollback and overriding plate deformation. (c) Significant trench advance results in
large, compressional uplift zones (such as Central Makran), where collisional tectonics
predominate over slab pull.

These results demonstrate the capacity of the XAI framework to provide a quantitative
basis for linking tectonic forcing with surface expression. This methodology provides a
foundation for exploring the primary controls on crustal and lithospheric thickening, the
geometry of subducting slabs, and the potential relationships between topographic gra-
dients and biodiversity. By integrating mantle dynamics and surface processes, this ap-
proach offers a versatile toolkit for investigating Earth system evolution at active margins.

5.1.3 A Deep Learning Framework for Reconstructing Paleotopog-
raphy of Active Margins

The deep learning approach presented in chapter 4 represents a quantitative method for
reconstructing the paleotopographic development of active margins from the Mesozoic to
the Cenozoic. This methodology explains 92% of the variance (R* = 0.92) in modern
global elevations using a neural network trained on global plate kinematics, mantle dy-
namic parameters, and paleoclimate-informed proxies, with a global root mean squared
error (RMSE) of 576 m relative to ETOPO1. The retrospective application of this model
allows for the recovery of topographic features that are often fragmentary in the geological
record. One prominent example is the reconstruction of East Asia’s Jurassic-Cretaceous
Cordillera, which has been identified in regional proxy records but has been largely over-
looked in previous global reconstructions. The model’s outputs emphasise the interplay
between episodes of increased subduction flux, rapidly changing trench kinematics, and
suddenly diminishing topography caused by slab rollback and tectonic extension. Crit-
ically, these reconstructed surface histories are highly consistent with independent val-
idation datasets such as geochemical proxies, crustal thickness estimates, and litholog-
ical records, demonstrating the utility of physics-integrated deep learning for system-
atic hypothesis testing and tectonic benchmarking. In the Central Andes, the framework
reconstructs the timing and magnitude of late Oligocene-Miocene uplift, matching em-
pirical paleoelevation curves and linking uplift pulses to surges in subduction flow and
trench retreat attenuation. By integrating multiple geochemical datasets into the valida-
tion pipeline, the model provides reproducible reconstructions in areas where traditional
proxy coverage is limited or discontinuous. The resolved temporal evolution of active
margins establishes a framework for investigating mineral systems. Because porphyry
copper formation is linked to the interplay among magmatic flux, crustal thickening, and
surface uplift, resolving these variables provides a basis for predicting regions favorable
for mineralization and assessing the preservation potential of ore systems. Similarly, these
reconstructions offer refined boundary conditions for paleoclimate models. By providing
more detailed topographic inputs compared to oversimplified elevation models, this work
facilitates more realistic future simulations of monsoonal systems, orographic rainfall,
and ocean—atmosphere interactions. Through these refined elevation histories, the thesis
supports the integration of tectonics, climate, and the evolution of life.

5.1.4 pyDTDM: A Python Library for Deep-Time Data Mining

One of the primary challenges in deep-time Earth system studies is the multi-gigabyte
scale and fragmented organization of datasets, which span geological, geophysical, and
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Figure 5.1: Schematic overview of the pyDTDM library architecture, illustrating its mod-
ular design for spatiotemporal and spatial data mining in deep-time geoscience applica-
tions. The library’s components facilitate efficient extraction and processing of diverse
geological datasets, enabling seamless integration with machine learning workflows.

Vector Files (e.g.,
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paleoclimatic domains. Researchers navigating this ecosystem must acquire records from
a variety of sources, including multiple software platforms and inconsistent file formats,
which require manual data harmonization to begin computational analysis. When these
diverse datasets are combined for machine learning, data management complexity in-
creases. Scaling from raw data to model-ready inputs can be computationally intensive,
frequently requiring specialized programming knowledge that can limit accessibility and
reproducibility for the broader research community. Addressing this challenge, the py-
DTDM library? library (created for Chapters 3 and 4 and visually summarized in the Fig-
ure 5.1) serves as a modular Python framework designed to unify deep-time data mining
in geoscience. Its architecture consists of a data mining hub that is divided into various
spatiotemporal and spatial mining suites, each configured to handle the fundamental data
types critical to deep-time modelling operations. The spatiotemporal mining capabili-
ties of pyDTDM are structured for dynamic datasets. Extensions such as GPlately and
pyGPlates automate the extraction of complex spatiotemporal surface vectors, including
parameters such as subduction flux, trench migration velocities, kinematic histories, time-
dependent surface rasters (paleoprecipitation, seafloor ages), and volumetric outputs from
high-resolution CitcomS simulations. This library not only speeds up the quantification
of geological factors regulating topographic change, but also significantly decreases man-
ual and computational overhead compared to traditional methods. In addition, the spatial
mining suite makes it easier to import and use modern static data, ranging from topo-
graphic raster grids (ETOPO1) to sophisticated vector files outlining current geological
formations, such as mountain polygons. This dual channel ensures that pyDTDM allows
researchers to seamlessly transition between deep-time reconstructions and investigations
of present spatial events, encouraging the rigorous integration of physical and statistical

Phttps://github.com/BigHistory-IN/pyDTDM
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methodologies within a coherent computational framework.

Beyond fast data wrangling, pyDTDM is specifically built for interoperability and smooth
export: users can quickly convert mining outputs into tabular forms (CSV, Excel) and
easily interface findings with various mapping and visualization tools, such as GPlates and
QGIS. Such adaptability solidifies its position as a critical foundation for open, repeatable
research practices, coinciding with the Earth science community’s growing use of Al-
driven discovery and transparent data analytics. Its distribution under the GPL licence
ensures not just open access but also democratization, allowing academics worldwide to
engage in and broaden the scope of deep-time data science without barriers to entrance.

5.1.5 Kalpa: An Open-Source Software Platform for Machine Learn-
ing, Data Analytics, and Visualization in Geosciences

Kalpa was developed as part of this thesis as an open-source platform that addresses
methodological challenges in Earth science by integrating computational analytics, ma-
chine learning, and geospatial visualization within a single environment. The platform’s
role extends beyond data management to support specific methodological implementa-
tions. In Chapter 3, Kalpa demonstrates how to build interpretability-driven machine
learning models using frameworks like EBM to dissect the factors that influence cur-
rent topography. Kalpa uses plate kinematic data, mantle parameters, and climate proxies
to perform quantitative assessments of the tectonic, mantle, and climatic constraints on
active margin diversification, showing nonlinearities that traditional “black box” mod-
els frequently obscure. Its integrated visualisation suite converts analytical results into
immersive, high-fidelity maps and 3D figures, making complicated spatial linkages and
time-varying characteristics understandable and scientifically actionable. In Chapter 4,
Kalpa facilitates deep learning pipelines, training neural networks on evolving geoscience
data to reconstruct paleotopography of active margins since the Mesozoic. The platform’s
strict versioning and pipeline tracking guarantee reproducibility—every model and an-
alytic procedure is recorded, supporting effortless collaboration and portable sharing as
reusable modules.

This thesis illustrates how the combination of open-source data mining and machine learn-
ing modeling provides a framework for deep-time Earth system studies. Kalpa facilitates
the transition of modeling workflow outputs into interpretable, reproducible data, support-
ing scientific analysis and the integration of physical models with data-driven inference.
By providing these tools, the platform supports transparent and collaborative research
within the Earth science community.

5.2 Limitations

Despite the computational advances made in this thesis, numerous fundamental limita-
tions remain, reflecting the unavoidable abstraction involved in digitally reconstructing
the deep-time paleotopography. While each chapter has addressed specific challenges,
several limitations persist across the methodologies presented. These include uncertain-
ties in plate tectonic reconstructions, simplifications in numerical models, and challenges
in validating predictions against incomplete proxy records. Each of these limitations is
discussed in detail below.
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5.2.1 Uncertainty in Plate Tectonic Reconstruction

No plate reconstruction, no matter how advanced, can claim to be objectively correct.
Each best-fit” kinematic or deformable plate reconstruction is ultimately one of many
possible interpretations, with different scenarios resulting in varied tectonic histories. Re-
constructions grow increasingly speculative as geological age increases—particularly for
plates lost to subduction, where histories must be inferred from cryptic onshore accreted
terranes or feeble indications in mantle tomography. As a result, large-scale interpola-
tion and extrapolation are inescapable, for e.g. the location of active margins within the
plate reconstruction can have spatial errors ranging from 500 to 1000 km even during the
last 100 to 200 million years (Seton et al., 2023). Deformable plate models exacerbate
this ambiguity at the boundaries of rigid plates and deforming domains, frequently leav-
ing transitions less than rigidly controlled (King and Welford, 2022). Decisions about
the timing and position of plate boundary initiations, jumps, or polarity reversals are in-
fluenced as much by analogies and geodynamic plausibility as by direct data, resulting in
model-dependent artefacts that spread to all future projections (Seton et al., 2023; Clennett
et al., 2020). Any investigation of paleoelevation, active margin dynamics, or rift history
must be interpreted within a broad range of positional and kinematic uncertainty, which
will only decrease as new data and analytical approaches become available.

5.2.2 Numerical Model Constraints

Geodynamic and numerical models are fundamentally deliberate simplifications of na-
ture’s deeply layered reality, guided by a set of partial differential equations that can only
approximate the underlying physics (Bower et al., 2015; McKenzie, 1978). The CitcomS-
based simulations used to feed the XAl and deep learning frameworks capture first-order
buoyancy-driven events, but they do not resolve complicated processes like slab breakoff,
delamination, hydration-induced mantle weakening, or the dynamic involvement of arc
volcanism. Nuanced elements like as regional and temporal fluctuations in mantle viscos-
ity, transitory rheological shifts and magmatic intrusions are systematically excluded. As
a result, the models occasionally fail to reproduce rapid or unusual uplift and subsidence
events observed in regional stratigraphic and thermochronological records. In passive
margin contexts, crustal thickness and tectonic subsidence models include assumptions,
such as constant lithospheric and crustal densities, and the absence of depth-dependent
stretching, salt mobilisation, or brittle faulting. This modelling regime, while practical,
can provide significant mismatches in real-world situations, particularly when thick evap-
orite layers, sediment loading, or magmatic overprints complicate the crustal structure.
Choices in deformative mesh parameters, boundary and initial conditions, and the physi-
cal plausibility of input densities all have a significant impact on these models’ predictive
capacity, bringing difficult-to-quantify levels of uncertainty.

5.2.3 Uncertainty in Validation

The patchy, uneven, and usually unclear nature of accessible proxies complicates the val-
idation of all deep-time predictions, including paleoelevation, crustal thickness, and tec-
tonic boundary geometries. Geochemical markers of crustal thickness, for example, usu-
ally have uncertainties of more than 1-2 km, and their precision is further compromised
by lithological heterogeneity or the faint signature of salt and sedimentary cover. Model
reconstructions rely heavily on the dependability of such proxies, as well as the quality of
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kinematic reconstructions that are limited by the inadequate preservation of disappeared
plates, slabs, or orogenic belts. Ground-truthing is especially difficult in areas with lost or
eroded orogens, subducted oceanic crust, or fragmented metamorphic and paleoclimatic
indicators. These incomplete records produce large, overlapping uncertainty envelopes,
confounding the assignment of topographic characteristics to specific tectonic causes.

5.2.4 Methodological and Architectural Limitations

Beyond the uncertainties inherent in the input data, several technical limitations related to
the modeling methodology must be acknowledged. First, the spatial scope of STN and the
XAl framework is primarily optimized for subduction-dominated active margins. Because
the input feature set focuses on subduction flux and trench kinematics, the current architec-
ture may not accurately generalize to intracontinental deformation (such as the Laramide
orogeny) or large-scale continental collisions (such as the Himalaya-Tibet system) without
the inclusion of additional mechanical variables. The underlying neural network architec-
ture also presents specific constraints. The STN utilizes a feed-forward design, which
lacks a recurrent “memory” component to explicitly solve time-dependent geodynamic
equations. While temporal consistency in the resulting reconstructions is achieved through
the data preprocessing stage—specifically via a 25 Myr moving window used to smooth
kinematic and geodynamic drivers—the model does not natively account for the phys-
ical evolution of the lithosphere over time. Consequently, the 25 Myr time-averaging
necessary for smooth topographic evolution may inadvertently smooth out short-term (1—
5 Myr) topographic pulses or high-frequency tectonic events, potentially masking rapid
orogenic fluctuations. Finally, while the modeling approach is ”physics-grounded” by uti-
lizing geodynamic simulations as inputs, it does not constitute a Physics-Informed Neural
Network (PINN). In its current form, the network learns statistical relationships between
geodynamic drivers and elevation but does not explicitly encode governing physical laws,
such as conservation of mass or momentum, into its loss function. Future iterations of this
work could improve predictive realism and interpretability by migrating toward a PINN
architecture, ensuring that all reconstructed paleotopographies strictly adhere to known
geodynamic governing equations.
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Figure 5.2: Kalpa’s Integrated Visualization and Exploratory Data Analysis Suite. a)
High-fidelity 3D visualization of topography generated by Kalpa, demonstrating its ability
to ingest and render complex 3D data volumes (e.g., raster and vector formats) for geo-
scientific interpretation. b) The Kalpa Analytics window, featuring an interactive scatter
plot and marginal histograms. This tool enables users to conduct advanced exploratory
analysis of spatiotemporal datasets, such as visualizing the relationship between elevation
and Subduction Flux, facilitating the identification of complex nonlinearities necessary
for building robust machine learning models.
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Figure 5.3: Kalpa’s End-to-End Machine Learning Workflow and Training Interface. a)
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and build predictive models.
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Chapter 6

Conclusion

This thesis presents a quantitative framework for reconstructing Earth’s paleotopography
by integrating plate tectonic kinematics, geodynamic simulations, and machine learning
methodologies. The work addresses the methodological gap between process-driven nu-
merical models and data-driven empirical reconstructions by establishing a reproducible
computational architecture.

The three research questions posed at the outset have been addressed as follows: For pas-
sive rift margins, the thesis develops deformable plate tectonic reconstructions that utilize
focused, exponentially varying strain localization to improve the prediction of crustal ar-
chitecture and tectonic subsidence. By resolving the stratigraphic architecture in the GoM,
the work provides a method for quantifying how lithospheric stretching influences basin
geometry and accommodation space. Similarly, for active margins, the thesis identifies
subduction flux and trench dynamics as the primary orchestrators of active margin to-
pography, demonstrates that geological data and physics-integrated computational frame-
works enable global-scale paleotopographic reconstructions that align with independent
geological datasets. These refined elevation models provide the necessary boundary con-
ditions for future studies of paleoenvironmental features, such as atmospheric circulation
and precipitation patterns.

The development of the pyDTDM library, the Kalpa geospatial platform, and open-source
deformable plate frameworks supports reproducible and scalable Earth system science.
These tools facilitate accessible research practices and encourage community-driven ad-
vancement in deep-time surface modeling.

Several avenues for future investigation remain: First, the integration of hybrid frame-
works that synthesize XAl with predictive deep learning will substantially enhance mech-
anistic interpretability without sacrificing predictive capacity. Second, expansion of pa-
leoelevation proxy networks—particularly through augmentation of geochemical, ther-
mochronological, and paleobotanical datasets from presently undersampled regions—will
tighten validation constraints and reduce uncertainty envelopes. Third, coupling XAI with
paleotopographic reconstructions will illuminate the physical causality underlying oro-
genic episodicity and enable refined hypothesis testing regarding slab dynamics, mantle
circulation, and lithospheric architecture. Fourth, integration with coupled paleoclimate-
paleobiogeographic modelling platforms will amplify utility for paleoclimatological and
paleobiological studies, enabling quantitative exploration of how tectonic-modulated to-
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pography has shaped atmospheric circulation, precipitation patterns, biodiversity dispersal
corridors, and evolutionary trajectories. The paleotopographic maps and temporal histo-
ries recovered—ifrom the Mesozoic GoM basin to the East Asian Margin—provide quan-
titative representations of ancient landscapes. This work demonstrates that deep-time sur-
faces are recoverable through the application of physical principles and computational
modeling. By providing refined elevation histories, this thesis offers a foundation for the
broader Earth system science community to investigate how surface elevation has modu-
lated climate and influenced biological and mineral systems over geological time.
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Appendix

A. Uniform Deformation Model

Traditional numerical approaches in plate tectonic reconstructions primarily focus on rigid
plate motions, and only account for deformation implicitly through overlapping of present
day plates (e.g. Pindell and Kennan 2009; Seton et al. 2012; Boschman et al. 2014; Miiller et
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al. 2016; Pindell et al. 2021). However, a more recent global plate tectonic reconstruction
model has emerged, introducing a novel methodology that incorporates deforming regions at
plate boundaries through the establishment of deforming topology networks over rigid
tectonic plates at the plate boundaries (Miiller et al. 2018; Miiller et al. 2019). To implement
this approach, the deforming network is discretised into constant strain rate spherical
triangular elements, using the Delaunay triangulation technique (Gurnis et al. 2018). By
expressing the relative motion and velocities of the triangulation nodes within the deforming
areas as finite rotations it becomes possible to calculate the strain rate associated with
deformation at plate boundaries (Miiller et al. 2019) as defined in equation 1.

S =V.w = &p
(1

S is the strain rate; w'is the velocity of points and &b is the dilatation strain rate.

Furthermore, this methodology allows for the estimation of the finite strain history of points
within these deformation zones, enabling the calculation of crustal thickness over time. By
employing the governing equations, the temporal variations in crustal thickness can be used
to derive the tectonic subsidence of passive rift margins. This integrated approach provides a
more comprehensive understanding of the dynamic passive rift evolution.

B. Modelling Crustal Thickness

The evolution of passive rift margins hinges upon the process of crustal thinning. By
considering the incompressibility of the lithospheric block, the mass conservation equation
can be employed to depict the time-dependent evolution of crustal thickness. This assumes
that there is no net mass generation or loss during the deformation process, with horizontal
divergence or convergence governing the vertical thinning or thickening (Gurnis et al. 2018;
Miiller et al. 2019). Hence, the crustal thickness at any time ¢ can be calculated using
equation 2.

2

where H is the crustal thickness and S is the strain rate.

C. Modelling Tectonic Subsidence

Basin formation arises from the stretching of the continental lithosphere and is part of a
broader continuum encompassing continental rifting, passive margin development, and the
emergence of a new oceanic crust (e.g. Brune et al. 2023; Sengor & Natal’in, 2001). Over
geological timescales, the process of rifting culminates in the thinning and formation of
passive margins, with seafloor spreading commonly commencing when the stretching factor
(B) surpasses a critical threshold (Le Pichon & Sibuet, 1981). The £ can be expressed as:

H;

R = _—
I
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3)
where H; and H are the initial crustal thickness and crustal thickness at time ¢, respectively.

The isostatic adjustments stemming from lithospheric processes triggered by such stretching
are reflected in subsidence histories, which offer insights into the mechanisms driving basin
formation. Backstripped tectonic subsidence data, which represents subsidence after
removing the isostatic effect of sediment loading, have indicated that such lithospheric
processes primarily contribute to total subsidence in passive rift settings and drive overall
basin formation (Xie & Heller, 2009). However, the GoM contains several regional
subsidence anomalies related to salt tectonics and other processes, making it challenging to
“correct” the backstripped tectonic subsidence curves for these effects (Li 2006).

Under the assumption of local isostatic equilibrium, the evolution of passive continental
margins can be elucidated by McKenzie’s (1978) stretching model. According to this model,
the present-day depth of the seafloor at any point within a rift is contingent upon the timing
and duration of rifting, the elapsed time since rifting cessation, and the stretching factor (p).
Nevertheless, stretching alone does not govern tectonic subsidence (McKenzie 1978).
Subsidence analysis of most passive rift margins worldwide reveals that subsidence occurs
through a combination of mechanisms. Initially, subsidence arises from rifting and extension
of the continental crust and also due thermal anomaly from upwelling of asthenosphere. After
the stretching ceases subsidence is characterized by a slower diffusive decay of thermal
anomaly which will further produce a thermal subsidence attributable to the gradual cooling
and rethickening of the stretched lithosphere (Jarvis and McKenzie 1980).

For our model, the tectonic subsidence due to the extension (TSi; equation 4) can be
calculated using the thinning factor.

TS; =4 (1 - %) W

In most models for subsidence calculation, tectonic subsidence from crustal stretching is
modeled separately, followed by post-rift thermal subsidence for simplification(McKenzie
1978). However, we simultaneously solve for both thermal subsidence and subsidence due to
stretching within pyGPlates. However, the loss of heat and thermal subsidence actually
commences during the extension phase and needs to be considered simultaneously to obtain a
realistic estimate of syn-rift extension. Therefore, slow thermal subsidence (TS>; equation 5)
can be calculated by estimating temperature evolution using the advection-diffusion equation
6.

TS, =B j(T’(Z) —T(z))
0 (5)
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where 7" and T are steady state (equation 6) and initial temperature, L is the thickness of the
lithosphere, and z is the depth from the surface.

dT d T
dt = dz2 v(z )

(6)

The thermal diffusivity k represents how heat spreads in a material. The vertical velocity,
denoted as v(z), arises from stretching effects. At the top surface (where z=0), the vertical
velocity is zero. At the bottom surface (where z=L), it is represented as -Vo and varies linearly
with depth (z).

A and B are constant ratios that depend on the density of crust (p.), mantle(p,,),
asthenosphere (p,), and thermal expansion coefficient () and calculated as follows

(om — Pc)
A=———="H;
I
(7
_ apy
b= (pa - pm)
(®)

D. Modeling Sediment Loading

We estimated the net effect of sediment loading by calculating the contribution of sediment
deposition to subsidence at different periods (Figure S1). This allows us to assess the
accommodation space created by sedimentation. Using isostatic equilibrium, the total water
depth can be calculated as:

Pa

_ (pa —ps")
wWit)y=8+S ——=T(@{) + Go=p)

G i) —

where S; and S; are the subsidence due to stretching and thermal subsidence respectively,
W(t) is water depth, T(t) is sediment thickness through time, p' is density of sediment , p, is
asthenosphere density, p,, is the density of water and ASL is sea level variations. The uplift
(Pa_Psi)
——=T(t).
(Pa—pw ( )

The sediment density estimate is based on MacRae, (1994). Sediment thickness estimate

from Xie et al. (2019).
* Maximum presalt sediment thickness is assumed (Filina and Beutel, 2022).
* Jurassic salt thickness is assumed to 600 m.

from sedimentary loading at any time can be then estimated from the term
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Figure S1 Contribution of sediment deposition to paleowater depth at different periods. This
information can be utilized to understand the amount of accommodation space created by
sedimentation at the end of each period. Sediment loading, due to its weight, causes the
crustal basement to subside. However, due to its overall thickness, it increases the
bathymetry, thereby decreasing accommodation space for further sedimentation. It's
important to note that in the early period of basin formation, tectonic subsidence primarily
dominates, resulting in significant accommodation space creation.
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Figure S2: Absolute difference between GEMMA crustal thickness model (Reguzzoni and
Sampietro 2015) and calculated crustal thickness at 0 Ma optimised with GEMMA model
(Left) and absolute difference between Crust1.0 crustal thickness model (Laske et al. 2013)
and calculated crustal thickness at 0 Ma optimised with Crust1.0 crustal thickness model
(right). Note, Crust1.0 is at resolution 1° x 1° while GEMMA is at 0.5°x 0.5°.
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Figure S3: Profile section showing comparison between present-day crustal thickness
model (GEMMA, Crustl.0 and GUMBO line crustal thickness from Filina and Beutel,
2022) and calculated crustal thickness at 0 Ma optimised by GEMMA and Crust1.0
crustal thickness model. The RMSE with GUMBO model are produced by comparing
GEMMA optimised model. The profile section is in Supplementary Figure S2.
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Figure S4: Results from our optimisation using Crust1.0 crustal model. The red star marks
the minimum RMSE value found during the simultaneous optimisation of the initial crustal
thickness and focused deformation mesh parameters defined in Section 3.3.
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Root Mean Square Error vs. Window Size
Comparison of Model Performance
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Supplementary Figure S1: Root Mean Square Error (RMSE) as a function of window size
used for temporal averaging of plate kinematic and precipitation variables. Four model
configurations are compared: plate kinematics only (training: purple dashed, testing: blue
solid) and with climate variables (training: red dashed, testing: orange solid). Optimal
window sizes minimize overfitting while maintaining predictive accuracy.
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Supplementary Figure S2: a) Pearson correlation between all the extracted parameters b)
Pearson correlation between parameters used to build the final XAI model.
Supplementary Table 1: Summary of Predictive Features in the preferred EBM model.
Category Parameters Brief Explanation
Plate Subduction Flux Volume rate of lithosphere being
Kinematics subducted; proxy for tectonic
forcing on the overriding plate
Plate Trench Migration Rate Rate of advancement or retreat of
Kinematics the trench, reflecting slab dynamics
and overriding plate motion
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Plate
Kinematics

Mantle
Dynamics

Mantle
Dynamics

Long-term
Climate

Trench Distance

Upper Mantle Temperature

Upper Vertical Flow Velocity

Paleoprecipitation

Minimum distance from mountain
location to the nearest trench;
captures tectonic influence and
continent/leeward dynamics.

Mean temperature at 200440 km
depth; colder regions support higher
topography

Mean vertical velocity in upper
mantle; upwellings elevate,
downwellings lower elevation
Mean annual precipitation over the
relevant geologic window; regulates
erosion and isostatic uplift
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Supplementary Figure S3: Shape function for an XAl model incorporating all extracted
parameters. The figure illustrates that increasing model complexity hinders interpretability.
While adding more parameters slightly improved accuracy (from 444 m to 410 m), it also
reduced the model's explanatory clarity.
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Supplementary Figure S4: Geospatial distribution of different parameters used for training
our model. a) mean subduction flux rate, b) mean trench migration rate, ¢) distance from
trench d) upper mantle temperature, e) vertical mantle flow velocity
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151



Deep-time reconstructions of Earth’s surface environments and elevations

1000
500

-500
-1000

500

Ast (M)

Arg (M)

=500

152



Deep-time reconstructions of Earth’s surface environments and elevations

Supplementary Figure S6: Geospatial Explanation: Spatial distribution of contribution factor
corresponding to different parameters used in our model. a) mean subduction flux rate, b)
mean trench migration rate, ¢) upper mantle temperature, d) vertical mantle flow velocity
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1 Methods

To model the paleotopography along active margins, we employ a deep feed-forward neural
network capable of learning non-linear relationships between tectonic, geodynamic, and
paleoclimate-informed constraints and surface elevation. Our workflow integrates global
plate kinematics, a mantle convection model, and climate proxies to reconstruct topography
through deep time.

1.1 Spherical Grid Generation and Sampling Strategy

We delineated polygons surrounding all subduction zones on the overriding plate using a
global plate tectonic reconstruction (Merdith et al., 2021) at 1 Myr intervals from 200 Ma to
the present. Within these polygons, we generated an approximately uniform spherical grid
with a target spacing of ~0.1° in latitude and longitude. This provides consistent global
coverage while avoiding the geometric distortions inherent in planar projections, ensuring
mathematically rigorous sampling across all latitudes and hemispheres. Subduction zones
were discretised directly on this spherical grid, enabling the capture of spatial variations in
kinematics along entire trench lengths. Sampling points at 0.1° spacing were assigned to
convergent boundaries and projected orthogonally toward the overriding plate to define the
domain from which neural-network training samples were extracted.

1.2 Plate-Kinematic History

Plate kinematic parameters were reconstructed using the global plate tectonic model of
Merdith et al., (2021) with plate motions referenced to an optimised mantle-fixed reference
frame. Present-day and past trench geometries were discretised at 0.1° intervals and filtered
to include only segments associated with subducting slabs in the Slab2 model (Hayes et al.,
2018). For each trench point and each 1 Myr timestep, we extracted a suite of kinematic
variables, including convergence velocity (magnitude and trench-normal/trench-parallel
components), trench migration velocity (magnitude and vector components relative to the
mantle frame), obliquity angle, lithospheric age and thickness of the subducting plate,
lithospheric age of the overriding plate (if oceanic; otherwise assigned as not a number), and
subduction flux.

Subduction flux(Q) was computed as:

Q=hLv,

where h is the thickness of the subducting oceanic lithosphere, L is the local arc length of the
trench segment, and v,is the convergence rate (trench-normal component of convergence
velocity with respect to trench). Lithospheric thickness was estimated using the half-space
cooling model of Parsons & Sclater, (1977), with seafloor ages derived from the
reconstruction model (Merdith et al., 2021). Because present-day and paleo-elevation reflect
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the cumulative effects of tectonic processes operating over multimillion-year timescales, we
evaluated multiple averaging intervals for plate-kinematic forcing. To ensure the robustness
of the STN, we conducted a systematic sensitivity analysis of the kinematic averaging
window (10—-100 Myr). As detailed in Supplementary Table 2, the STN displays stable and
consistently high performance across all evaluated windows, with R? scores ranging from
0.73 to 0.77. The negligible variation in predictive accuracy indicates that the model is robust
to the choice of time-averaging. This mathematical stability allowed us to select the 25 Myr
window based on primary geodynamic considerations: Balancing the multi-million-year
response time of the lithosphere with the need to filter high-frequency noise from plate
reconstruction artifacts. This 25 Myr integration period is physically consistent with the
timescales of crustal thickening and the thermal-mechanical response of the overriding plate
to subduction forcing (Candioti et al., 2020; Knight et al., 2020; Sobouti & Arkani-Hamed,
2002). For each sampling point, mean plate-kinematic parameters were therefore computed
over this 25 Myr window, ensuring that the forcing reflects the tectonic context most relevant
to surface elevation at each timestep. This approach captures long-term tectonic context while
emphasising the processes most relevant to surface topography at each timestep.

1.3 Mantle Dynamics

Deep mantle circulation exerts a first-order control on long-wavelength topography and
complements the upper-plate forcing captured by plate kinematics (Braun, 2010; Flament et
al., 2013). To incorporate these deeper processes, we used global, time-dependent mantle
convection simulations generated with CitcomsS, a finite-element spherical model that solves
the conservation equations for mass, momentum, and energy under a pseudo-compressible
formulation (Tan et al., 2006; Zhong et al., 2000; Zhong & Gurnis, 1995). The simulations
are driven by the Merdith et al. (2021) plate tectonic reconstruction and impose constraints on
lithospheric thermal structure and slab geometry, following the approach of Bower et al.,
(2015). As a result, downwellings at active margins reflect both convergence rate and the
negative buoyancy of subducting slabs, enabling a physically consistent representation of
plate—mantle coupling through geological time. To incorporate mantle contributions to
surface elevation, we sampled the reconstructed mantle temperature and vertical flow
velocity beneath each surface grid point across a series of depth horizons. We extracted
values at seventeen depth levels between 200 km and 660 km, spanning the base of the
lithosphere to the uppermost lower mantle (Supplementary Table 2). Shallower levels
primarily record the influence of recent slab descent, whereas deeper slices capture older
subduction signals that modulate longer-term dynamic topography. The resulting 26 mantle
parameters (temperature and vertical velocity at each depth) provide the neural network with
a dynamically coherent description of mantle forcing that complements, and extends beyond,
plate kinematic information alone

1.4 Equatorial Humid-Belt Residency

Surface elevation is also influenced by long-term climatic conditions, particularly orographic
precipitation, chemical weathering, and erosion (Clark et al., 2004; Whipple, 2009). Rather
than using paleoclimate models—which typically require paleotopography as an input—we
adopt a heuristic but robust proxy for long-term moisture availability: the cumulative time a
location has resided within the equatorial humid belt. Defined as the paleolatitudinal zone
between £10° (Macdonald et al., 2019), this belt has persistently exhibited high rainfall over

157



Deep-time reconstructions of Earth’s surface environments and elevations

geological time (e.g. Li et al., 2022) and therefore provides a meaningful predictor of
erosional potential at convergent margins. To assess the sensitivity of this choice, we
additionally tested humid-belt half-widths of 15° and 20°; across these experiments, the
misfit (Supplementary Section 1.7) varied by less than 50 m, with the £10° definition
yielding the lowest error.

For each reconstruction point, we track its paleolatitude through time in a paleomagnetic
reference frame (Merdith et al., 2021) and compute the total time spent inside the humid belt
within the same temporal window used for plate-kinematic averaging. This produces a single
climatic parameter that quantifies long-term moisture exposure relevant to surface processes.
To capture additional topographic—climatic interactions, we also include the present-day
distance to the nearest subduction trench, which approximates windward—leeward gradients
in orographic precipitation (Singh et al., 2025).

1.5 Subduction Topography Network (STN)

STN is trained on present-day ETOPOI elevations (Amante & Eakins, 2009), allowing it to
learn relationships between inputs and observed topography (Figure 1). We selected deep
neural networks over simpler models (random forest, gradient boosting) because preliminary
testing showed that deep architectures better capture non-linear interactions between plate
kinematics and mantle dynamics, particularly in regions with competing forces (e.g., trench
retreat vs. high subduction flux). The architecture is illustrated in Supplementary Figure 1,
which shows how geological data and geodynamic models are transformed into predicted
elevation values through multiple processing layers. The input layer receives data points,
each characterised by several different parameters, including subduction flux, trench
migration rate, mantle temperature and vertical velocity at multiple depths, and climatic
proxies (Supplementary Table 2). These features represent both time-averaged tectonic and
climatic histories, as well as the deep mantle dynamics underlying each point. The input is
passed through five fully connected (dense) hidden layers labelled FC1 through FC5. We
tested 4, 6, and 8-layer architectures via our validation framework (Section 1.9); 6 layers
showed the best validation performance while maintaining training stability. These layers
contain a progressively smaller number of neurons—from 1,024 down to 32—mimicking the
way geologists extract dominant signals from complex data. Layer widths were halved at
each step to create a bottleneck effect, concentrating learned features. Each hidden layer acts
as a feature extractor (Goodfellow et al., 2016; LeCun et al., 2015; Singh & Silwal, 2023):
initial layers might detect broad subduction patterns, while deeper layers recognise more
subtle combinations, such as interactions between subduction kinematics and mantle flow.
For instance, the network may learn that high subduction flux combined with an advancing
trench and cold mantle temperatures is associated with overriding plate uplift. The final layer
is a single-node output that predicts elevation at each input point. Because our input grid
covers tectonically active regions at high spatial resolution. In this configuration, the deep
learning model functions as a meta-modeler—synthesizing plate kinematics, mantle
convection, and climate across both space and time. It learns which combinations of these
factors best explain present-day elevation and uses that knowledge to infer paleo-elevation
throughout Earth’s history.
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1.6 STN Dataset Preparation and Feature Standardisation

The compiled dataset was partitioned into training and validation sets using a spatially
informed 80/20 split to avoid spatial leakage artefacts (Venkateswaran et al., 2016). Eighty
per cent of sampling points located within discrete, geographically distinct arc segments were
assigned to the training set for fitting model weights, while the remaining 20%—drawn from
spatially separated arc segments not present in the training set—was reserved as an
independent test set for validation and model selection (Figure 2). This spatially stratified
partitioning ensures that the model is evaluated on truly held-out regions with different
tectonic characteristics, providing a rigorous assessment of generalisation performance rather
than inflated validation metrics from spatial autocorrelation (Roberts et al., 2017; Valavi et
al., 2019). All input features were standardised using RobustScaler (https://scikit-
learn.org/stable/modules/preprocessing.html), computed on the training set only to prevent
data leakage. RobustScaler is preferred over standard scaling methods because it is robust to
outliers, using median and interquartile range rather than mean and standard deviation (Huber
& Ronchetti, 2009). Standardisation was applied independently to each input parameter to
ensure numerical stability and facilitate more efficient gradient-based optimisation during
neural network training.

1.7 STN Architecture and Regularisation

The network was implemented as a deep feed-forward architecture with five fully connected
layers, batch normalisation, dropout regularisation, and L2 weight decay to limit overfitting
(Goodfellow et al., 2016; Kingma & Ba, 2017). Progressive halving of neuron counts
(1024—512—256—128—64—32) creates a bottleneck that forces compression of learned
features, reducing model complexity. All hidden layers use Rectified Linear Unit (ReLU)
activations; output uses linear activation for continuous elevation prediction (Glorot et al.,
2011). Batch normalisation is applied after each hidden layer to reduce internal covariate shift
and stabilise training (Santurkar et al., 2019). Dropout regularisation (0.1-0.3) randomly
deactivates a fraction of neurons during training to prevent co-adaptation and overfitting
(Srivastava et al., 2014). L2 weight decay (A = 10~*) adds a penalty term to the loss function
proportional to the magnitude of model weights, encouraging smaller weights and reducing
model complexity (Goodfellow et al., 2016).

1.8 Loss Function and Performance Metrics
We minimised the mean-squared error (MSE) between observed present-day elevation

(ETOPO1; Amante & Eakins, 2009) and model-predicted elevation (Hastie et al., 2009):

N
1 red 2
MSE = NZ w; (v — ¥
=1

159



Deep-time reconstructions of Earth’s surface environments and elevations

where y?*is the observed elevation, y; "dis the predicted elevation, w;is an optional sample

weight (defaulting to 1), and N is the number of training samples.

We report root-mean-square error (RMSE) and mean absolute error (MAE) as
primary performance metrics (Chai & Draxler, 2014):

N

1 red 2

RMSE = Nz(yiobs — yredy
i=1

N
1
MAE = NZIY?'” — yPed]
i=1

These metrics provide complementary information: RMSE penalises larger errors more
heavily and is sensitive to outliers, while MAE provides a robust measure of average
prediction error (Willmott & Matsuura, 2005).

1.9 Model Optimisation and Training Procedure

Model optimisation used the Adam optimiser (Kingma & Ba, 2017) with an initial learning
rate of 0.005 (Supplementary Table 3). Training proceeded in mini-batches with a batch size
of 1024 samples. Regularisation and training-stability measures included dropout (0.1-0.3),
L2 weight decay (A = 10*), and batch normalisation (Goodfellow et al., 2016; Srivastava et
al., 2014). We applied an adaptive learning-rate schedule (ReduceLROnPlateau: factor =0.5,
patience = 2 epochs) to reduce learning rate when validation loss plateaued (Smith, 2017),
and implemented early stopping: training halted when the validation loss failed to improve
for 20 consecutive epochs (minimum delta = 10~*) to avoid overfitting (Prechelt, 1998).

Hyperparameter choices (network depth and width, dropout rates, weight decay magnitude,
batch size, learning-rate schedule) were selected via spatially stratified cross-validation
across distinct trench segments, ensuring that hyperparameter optimisation did not introduce
spatial bias. Final model performance was assessed on the held-out test set and by inspecting
spatial error patterns across different tectonic settings (R1-R5, Figure 2). Representative
hyperparameter values for the final model are provided in Supplementary Table 3.

1.10 Validation and Comparison Framework

To rigorously assess the performance of our trained neural network, we implemented a multi-
tiered validation framework incorporating both present-day and paleoelevation datasets.

1.10.1 Present-Day Topography Validation

To evaluate the predictive skill and generalisability of the trained neural network, we
implemented a validation strategy based on geographically independent test regions. Instead
of using a random global split, we withheld approximately 20% of the present-day dataset by
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selecting five tectonically diverse arc segments (R1-R5) that span a range of convergent
margin settings, including continental arcs, island arcs, and collisional orogens. These regions
were entirely excluded from model training to ensure that validation reflects true
extrapolative performance rather than spatial autocorrelation.

Model predictions within these withheld regions were compared against present-day
elevation from ETOPO1 at matching spatial resolution (0.1°). Evaluation metrics included
RMSE, (MAE, and R?. In addition to these quantitative metrics, we assessed spatial patterns
of prediction error to examine whether systematic biases occur under specific combinations
of plate kinematics, slab dynamics, or climatic conditions. By validating exclusively on
tectonically contrasting margin segments that were never seen during training, this approach
provides a robust test of the model’s ability to reconstruct topographic structure from
geodynamic and climatic inputs alone.

1.10.2 Paleoelevation Validation Using Independent Geological Constraints
Beyond present-day validation, we tested the model’s paleoelevation predictions against
independent proxy datasets across key tectonic regions and timescales.

Global Active Margin Validation (Mesozoic to Present)

We extended validation to a global scale by comparing predicted paleoelevations with a
compilation of 39 geochemical proxies from arc-related magmatic rocks spanning ~200 Ma
to present uisng the framework proposed by Liu et al, (2024). These proxies (e.g., Str/Y,
La/Yb, Gd/YD ratios) serve as paleo-crustal thickness indicators, which are first-order
controls on surface elevation in convergent margins. Data were sourced from GEOROC and
EarthChem databases and binned temporally at 10 Myr intervals and spatially at 0.5°
resolution to accommodate dating uncertainties. We translated crustal thickness into elevation
using empirical relationships developed by Luffi & Ducea (2022). Median elevation
estimates derived from this geochemical dataset carry an uncertainty range of approximately
2000-3000 m. Several challenges complicate this comparison. Plate reconstructions used to
spatially back-project proxies assume rigid continental fragments, yet active margins
frequently experience crustal shortening, extension, and distributed deformation (King &
Welford, 2022; Miiller et al., 2019). Consequently, geological markers may be displaced or
eroded, limiting precise spatial correlation. Additionally, some geochemical proxies may be
influenced by mantle-derived contamination from non-magmatic arc sources, potentially
decoupling geochemical signals from crustal thickness (Luffi & Ducea, 2022). Despite these
caveats, the comparison provides valuable large-scale validation where direct paleoelevation
proxies are sparse.

Andean Paleotopography (Late Cretaceous to Present)

We compared model predictions for the Andes with a regional paleotopographic synthesis
compiled by Boschman (2021). Boschman integrated multiple proxy datasets—including
stable isotope paleoaltimetry (6'*0), sedimentological, and paleobotanical records—spanning
80 Ma to present and generated time-sliced paleoelevation grids covering the entire Andean
margin. This comparison allows us to evaluate both spatial and temporal fidelity of our
predictions relative to well-constrained geological reconstructions of orogenic growth.
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East Asia (Jurassic to Present)

In East Asia, we evaluated predicted Jurassic to present elevations against crustal thickness
estimates derived from trace-element geochemical ratios (e.g., Sr/Y, La/Yb) measured in arc
magmatic rocks. These geochemical proxies were translated into paleoelevation using two
complementary approaches. Li et al. (2024) employed a conventional empirical calibration
based on present-day crustal thickness—elevation relationships. In contrast, Zhou et al. (2025)
utilized a CatBoost machine learning regression model that captures potentially complex,
non-linear relationships between geochemical signatures (including Si02, MgO, Sr/Y, La/Yb)
and crustal thickness, achieving high cross-validated accuracy. They converted crustal
thickness (H) to surface elevation (h) using an empirical linear relation valid for H > 20 km:

H=6.79 (£ 0.95) x h +26.40 ( 1.45)

While this conversion assumes a uniform elevation—-Moho correlation across tectonic
settings, it may not fully capture complexities such as mantle-derived contamination, crustal
compositional heterogeneity, or local tectonic variations. Additionally, the spatial distribution
and quality of geochemical samples influence the robustness of the paleoelevation estimates.

Though these two methods produce notably different absolute elevation values, both
consistently constrain the timing and geographic distribution of major orogenic phases across
East Asia. Their inclusion thus provides a robust, multi-method benchmark for evaluating the
fidelity of our model predictions and offers critical insights into the spatiotemporal evolution
of paleotopography under varying methodological assumptions.

1.11 Reproducibility and Code Availability

All random seeds and implementation details to reproduce training runs—including the full
hyperparameter search and evaluation scripts—are available in the project repository:
https://github.com/singhsatyampratap/pyDTDM

Supplementary Table 1: STN Training Performance Sensitivity to plate kinematics
parameters

Kinematic Window (Myr) MAE (m) RMSE (m) R2

10 457.45 744.00 0.77
15 489.91 798.90 0.73
25 488.50 803.25 0.73
35 497.12 807.20 0.73
45 458.71 757.99 0.76
60 464.25 760.66 0.76
80 481.99 782.25 0.75
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Kinematic Window (Myr) MAE (m) RMSE (m) R2

100 464.60 762.23 0.76

Supplementary Table 2: List of input variables used to train the deep learning model for
predicting active margin topography from the Mid-Cambrian to present. The model
architecture enables automated feature extraction and hierarchical learning, allowing it to
infer the most influential parameters driving topographic variation.

Categories Input Parameters

Plate Kinematics Convergence Velocity (Orthogonal and Parallel), Trench
Migration Rate (Orthogonal and Parallel), Subduction
Volume Rate, Subduction Length (Spatial), Distance from
Nearest Slab Edge (Slab Width), Lithospheric Age of
Overriding Plate (if oceanic)

Mantle Dynamics Upper-mantle temperature and slab-sinking velocity were
extracted at 13 depths: 202, 217, 233, 268, 293, 323, 357,
396, 439, 487, 540, 597, and 660 km.

Climate Distance from Trench, Time spent in equatorial humid belts

Supplementary Table 3: These hyperparameters were selected through cross-validation and
resulted in optimal validation performance while preventing overfitting.
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Hyperparameter Value Rationale

Optimiser Adam Adaptive learning rates for efficient
convergence (Kingma & Ba, 2017)

Initial Learning Rate 0.005 Sufficiently small to permit fine-
tuning; combined with adaptive
schedule for stability (Smith, 2017)

Batch Size 1024 Balances computational efficiency with

gradient estimate stability (Prechelt,
1998)

Loss Function

Mean Squared Error
(MSE)

Standard for regression (Hastie et al.,
2009)

Dropout Rate 0.1-0.3 Reduces co-adaptation of neurons and
prevents overfitting (Srivastava et al.,
2014)
L2 Weight Decay 10~ Regularisation strength balancing
model complexity and fit quality
(Goodfellow et al., 2016)
Learning Rate ReduceLROnPlateau Reduces learning rate when validation
Schedule (factor = 0.5, loss plateaus, enabling convergence to
patience = 2) better minima (Smith, 2017)
Early Stopping Patience = 20 Prevents overfitting by halting when
epochs; Min Delta=  validation performance stagnates
104 (Prechelt, 1998)
Feature RobustScaler Robust to outliers; ensures numerical
Standardisation stability during gradient descend

(Huber & Ronchetti, 2009)

Supplementary Figures
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Supplementary Figure 1 | Deep learning architecture used for elevation prediction.
This figure illustrates the neural network architecture used to model present-day topography
from a suite of tectonic, geodynamic, and climatic input parameters (see Supplementary
Table 1 for the full list). The network is trained on ETOPO1 elevation data (Amante &
Eakins, 2009) and learns complex, non-linear relationships between inputs and surface
elevation. The input layer processes 37 features, including subduction flux, trench migration
rates, mantle temperature and vertical velocity profiles, and paleoclimate constraint,
representing the integrated surface—deep Earth system. These features are passed through five
fully connected hidden layers (FC1-FCS5), with neuron counts decreasing from 1,024 to 32,
mimicking a hierarchical feature extraction process. Early layers capture broad geodynamic
signals, while deeper layers resolve subtle interactions, such as the role of slab flux coupled
with trench behaviour and mantle flow in driving surface uplift. Batch normalisation and
dropout are applied at each layer to enhance generalisation. The output node predicts
elevation at each location, enabling the model to act as a meta-model linking different
processes to surface topography (see Singh et al., 2025 for interpretability analysis).
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Supplementary Figure 2 | Model validation in independent regions R3—RS.

Comparison of predicted and observed present-day elevations for three additional validation
regions excluded from training (R3—R5). The model captures major topographic features and
spatial gradients, demonstrating robust generalisation across diverse tectonic settings.
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Andes (Boschman et al. 2021)
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Supplementary Figure 3 | Comparison of model-predicted paleoelevation with
Boschman (2021) across defined domains.

This figure compares the paleoelevation trajectories predicted by our model with those
reported by Boschman (2021) across key tectonic domains. Each dark line represents the
mean elevation for a given domain, while the shaded envelope indicates +1 standard
deviation, capturing intra-domain variability. Our model broadly reproduces the regional
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elevation patterns and trends reported in Boschman (2021), while offering enhanced spatial
and temporal resolution.

Supplementary Animation

Supplementary Animation 1 | Spatiotemporal evolution of surface topography along the
active margin since the Mesozoic (~200 Ma), as predicted by the STN.

Supplementary Animation 2 | Temporal evolution of elevation estimates derived from
independent igneous geochemical proxies following the methodology of Luffi & Ducea
(2022), from the Mesozoic (~200 Ma) to present.

Supplementary Animation 3 | Misfit between predicted paleotopography and geochemically
derived elevation estimates, highlighting spatial and temporal discrepancies across the active
margin.
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