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Scoria cones are themost abundant type of volcano in the Solar System. They occur in every tectonic
setting and often overlap with human populations, yet our ability to provide complete geochronology
within volcanic fields remains limited. Appropriate geochronology underpins the reconstruction of
size-frequency distribution and is a key input for robust volcanic hazard assessment. Morphometric
data have long been used to estimate relative ages of scoria cones; however, they have only shown
promise at single volcanic fields and simple cones with homogenous pyroclastics. Here, we present a
new global inventory of dated scoria cones (n = 572) from 71 volcanic fields formed under diverse
magmatic, tectonic and climatic regimes, and build data-driven age models for dating scoria cones
using easily accessible morphometric, reflectance and climatic variables. Our models suggest
chemical composition of ascendingmagmamay influence the initial scoria conemorphology which is
then gradually modified by erosion over time.

Unlike “classical” geomorphology1, volcano geomorphology results from
the interplay between eruptive and erosional processes2. Volcano mor-
phology is conceptually linked to time-dependent erosion3, and hence
provides first-order proxies for eruption age4–7. Scoria cones are small-
volume volcanoes (<1 km3) that are excellent natural laboratories to fin-
gerprint erosional processes and for tracking the evolution of volcanicfields.
The order in which scoria cones erupt (their geochronology) is important
for reconstructing eruption size-frequency distributions8, and for spatio-
temporal volcanic hazard analysis9, with fields typically hosting dozens to
thousands of scoria cones. However, flank slope angle or cone height-to-
width ratio, often used as measures of relative age, do not provide sufficient
information necessary for developing unequivocal and globally valid age
models (Fig. 1).

Scoria cone erosion has been numerically modelled as a slope-
dependent diffusion process10,11, which can yield accurate estimates of the
degree of erosion for pyroclastic-dominated scoria cones. However, strati-
graphic and sedimentological configurations of individual cones can widely
differ due to welding/agglutination, vent migration, and eruption style
changes12–14. These processes can influence initial cone morphology (and
diversity of pyroclastic successions) and therefore, induce controls on the

rates and styles of subsequent erosion. The unknown initial morphology of
older cones remains a largely understudied issue in comparative volcano
geomorphology. The only feasible approach to address such uncertainty is
by sampling and analysing many scoria cones formed by diverse eruption
styles and subsequent erosional histories across multiple volcanic fields.

We present new inherently multidimensional models for scoria cone
erosion and ages via multivariate statistical approaches that integrate
temporal-geomorphic-climatic relationships. Our models are based on a
new global catalogue of dated scoria cones (n = 572) distributed across 71
volcanic fields (Fig. 1). The proposed models allow us to draw conclusions
on both erosional and eruptive controls on scoria cone morphology, and to
develop a globally valid morphometry-based dating tool.

Results
Scoria cones as “simple” volcanic edifices
Small-volume (<1 km3), or monogenetic, volcanoes, forming through a
series of eruptions over a short time (days to decades), are abundant inmany
geological and tectonic settings, including intraplate settings and convergent
anddivergent platemargins15. They typically eruptmaficmagmas; however,
examples of intermediate16 and more evolved silicic magmas are also
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Fig. 1 | Scoria cone slope angle depicting a wide scatter over 10 million years and
the distribution of scoria cones used in this study. a–c Examples of scoria cones of
different ages. d Flank slope angles tend to decrease over time but show large scatter
regardless of cone morphotypes, including a simple cone with one crater (blue), a
simple cone with breached crater (green) and a complex cone with multiple craters
(orange). e The distribution of volcanic fields globally based on the Smithsonian

Institution’s Global Volcanism Program61 (green circles) and scoria cones analysed
in this study (green triangles) shown on a basemap of annual precipitation from
CHELSA32 and plate boundaries62. Location of scoria cones shown in (a–c) are
labelled along with volcanic fields from Armenia and Ethiopia, parametrised from
SRTM Digital Terrain Models are also shown.
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known17. Small-volume volcanoes can form a wide continuum of volcanic
landforms, constructed dominantly by pyroclastic materials, including
spatter ramparts, spatter cones, scoria cones, tuff rings, maar-diatremes and
tuff cones14,15, with an increasing influence of ground- and/or externalwater.

Scoria cones are conical-shaped volcanic constructs that are often
conceptualized as morphologically and geologically “simple” landforms.
However, scoria cones can have a variety of morphologies (e.g., simple,
horseshoe-shaped with breached crater, elongated, and complex)18, and
form through a combination of magmatic eruption styles, including
Hawaiian, Strombolian14, violent Strombolian19 and sub-Plinian20. In
extreme cases, scoria cone forming eruptions can also include magma-
water interaction driven phreatomagmatic phases21–24. The former
magmatic eruption styles are heavily influenced by the coupling of vol-
canic gases within the ascending magma that fragments due to rapid
near-surface expansion of the exsolved gases. Magmatic fragmentation
styles result in near-vent accumulation of pyroclasts, typically consisting
of sequences of poorly to moderately sorted scoriaceous deposits with
median lapilli grain size14,25. The shape and grain size of the resultant
volcanic deposits are closely linked to magma explosivity26,27, with more
intense fragmentation creating much finer deposits. The pyroclastic
fragments are often transported via ballistic ejection28 and fallout from
eruption clouds29,30, where they can generate dry grain avalanches after
landing on the outer flanks of the growing scoria cone. Pyroclasts must be
solidified and small to maintain a granular behaviour after landing,
otherwise, deposits can show local (m-scale) to extensive (e.g., entire
flanks of the cones) welding and agglutination due to high ejection rates
and inadequate cooling before landing14,31. The competition of such a
diverse range of eruption styles can create unique volcanic stratigraphy
with sedimentologically variable deposits, and consequently diverse cone
morphologies.

To reflect the diverse evolutions anderuption styles of scoria cones, this
work defines scoria cones in a broad sense, as any volcanic landform that
formed through dominantly magmatic eruption styles (>90%), has a
broadly conical edifice with or without a summit crater, and is made of
predominantly scoriaceous deposits.We prefer this definition to reduce the
subjectiveness around defining scoria cones purely on a sedimentological
basis (i.e., cones made of scoriaceous deposits). This fresh perspective can
highlight the eruptive and geomorphic diversity of scoria cones, but it is still
clear enough to exclude analysis of tuff cones and any phreatomagmatic
volcanoes (e.g., formed dominantly through magma-water interactions)
that often co-occur with scoria cones in volcanic fields.

Construction of a global database
There is a lack of empirical models that capture scoria cone morphological
changes on timescales from years to millions of years, regardless of com-
positional, volcanological and tectonic settings. Here, we address this by
analysing 12m spatial resolution Digital Terrain Model (DTM, including
WorldDEM, locally available Light Intensity and Ranging and
photogrammetry-based DTMs) derived morphometric parameters
(n = 34), surface reflectance from Sentinel-2 satellites (n = 11), and climatic
variables from CHELSA32 (Climatologies at High resolution for the Earth’s
Land Surface Areas) and Interpolated Global Rainfall Erosivity33 databases
(n = 20) (Supplementary Table 1), as a function of available absolute ages
from 572 scoria cones. Themorphometric, reflectance and climatic datasets
are variables chosen to capture the geomorphology (via DTMs), surface
cover type (e.g., vegetation cover and lithology) and climatic influences (via
global climate models), respectively. The climatic variables represent
present-day values; however, we anticipate that they are still important to
discriminate erosion rates and styles of surface processes even for cones
older than Holocene34. These variables are assumed in this study to change
directlywith age (i.e., degradation/erosion) of the edifice, andhence they can
inform our age prediction models.

The target variables include the eruption age of scoria cones and their
age uncertainties (i.e., upper and lower bounds of age determinations). The
range of input target variables spans 0.018 to 9950 ka, dated using a range of

methods (e.g., 40Ar/39Ar, 40K/40Ar, U-Th/He, thermoluminescence, optically
stimulated luminescence (OLS), 10Be, 21Ne, 36Cl, 3He, and 14C techniques,
and eyewitness accounts (Supplementary Data 1)). The compiled absolute
ages show a bimodal distribution with peaks centred at 20–30 ka and
>200–300 ka (Fig. 2). Most ages included in the database have supporting
ancillary information in the sourcepublications (e.g.,matching stratigraphic
observations), confirming the geological ages. To eliminate uncertainty of
absolute ages, we have further filtered the database to only include scoria
cones that have ≤25% age errors.

The cones span 71 volcanic fields covering a large range of climatic
and tectonic environments, although cones from tropical regions are
under-represented due to an overall scarcity of geochronological studies
in the volcanic fields of these regions (Fig. 1). We used multiple linear
regression (MLR), partial least squares regression (PLSR), and
support vector regression (SVR) to develop cone age prediction models
(target variable) using morphometric, reflectance and climatic variables
as predictor variables. See “Methods” for a detailed analysis and
workflow.

Modelling geomorphic age
Integrating morphometric, reflectance and climatic data provides a first-
order model for expressing geomorphic ages (Fig. 2). Age models perform
evenly after independent validation across multiple methods (Supplemen-
tary Table 2), with an increasing accuracy when morphology, reflectance
and climatic predictors are combined up to R2

val of 0.73 and mean absolute
percentage error (MAPE) of 47.5%.Models using only conemorphology as
inputs performatmoderate levels (R2

val of 0.54–0.58;MAPEof58.9–63.5%),
and overpredict ages on Holocene cones (Supplementary Fig. 1). We
attribute this mismatch to initial eruptive morphometric variability asso-
ciated with different eruption styles and resultant pyroclastics12. Such bias
mostly disappears on agemodels using a combinationofmorphometric and
reflectance data, suggesting rapid surface modifications on scoria cones
during the first 10 ky is well captured by multispectral satellite images. The
models built here assume that the scoria cone population age is unimodal,
and we are not aware of any geological rationale/evidence for any temporal
global dip(s) in volcanism. However, the scoria cone sample used to train
and test the models shows bimodality with a dip at ~50–80 ka (Fig. 2). This
likely reflects the uneven sampling of the previously published ages due to
limitations of absolute dating methods. For example, the upper limit of 14C
dating is around 50 ka, while 40Ar/39Ar can return reliable absolute ages on
scoria cones that are >50 ka. The temporal bias in the geochronology is also
combined with spatial bias due to the insufficient number of scoria cones
dated in humid and tropical volcanic fields (e.g., Fig. 1). The inherent bias
requires future attention to improve the database fitness for dating using
morphology.

We further attribute the moderate performance of the models mea-
sured by absolute error metrics, such as R2

val andMAPEval (Supplementary
Table 2), to the non-linearity of erosional processes35. Such non-linearity
agreeswith either expedited36 or delayed37 erosional response of pyroclastics
immediately after eruption due to either their unconsolidated nature or
surface permeability, respectively. In log–log space, however, we find sta-
tistically significant rank-correlation (Spearman R > 0.85, p < 0.05) between
measured absolute ages and predicted ages. Hence, our age prediction
models reflect the order of eruptions, providing a first-order geochronology
across volcanic fields.

To test the robustness of themodel, we applied our trainingmodel to a
continental USA subset (n = 72) and two volcanic fields from Armenia
(n = 14) and Ethiopia (n = 3) in which WorldDEM data are not available;
instead, we parametrised the cones on 30m Shuttle Radar Topography
Mission (SRTM) DTMs. Predictions perform well with Spearman R of
0.67–0.73 (p ≈ 0), depending on the model (Supplementary Table 2). The
results show that observed relationships scale to coarser resolution input
DTMs and verify our new tool for providing the order of eruptions using
globally available SRTMdata to improve the geochronology of poorly dated
volcanic fields.
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Discussion
Factors influencing geomorphic age
Spearman R analysis and Variable of Importance (VIP) calculated from
PLSR confirm the age sensitivity of some previously appliedmorphometric
variables, including cone height-to-width ratio (HcoWcoMean) and flank
slope angle (FlSlopeMean), and identify additional age-sensitive variables,
including crater infill volume (CrVol), crater slope angle (CrSlopeMean),
flank irregularity (CrIrrMean), and reflectance at 704, 1613, and 2202 nm
(Fig. 3). Results indicate that outer flank and crater morphology, including
slope angle and its irregularity, are more sensitive morphometric variables
than coneheight-to-width ratio (e.g.,HcoWcoMean).Our study generalises
such relationships, showing that they occur under contrasting tectonic,
magmatic, climatic, and associated erosional regimes. Due to the multi-
variate nature of the analysis, ourmodels can better capture erosional trends
through flank and crater variables prevalent under a large range of geologic
and climatic regimes.

Both Spearman R and PLSR-VIP scores indicate that Sentinel-2
Band 5 (704 nm), Band 11 (1613 nm), and Band 12 (2202 nm) correlate
well and positively with absolute age (Fig. 3), which has never been
described before. We interpret this as a signal of vegetation establishment
together with soil formation, captured by the increased reflectance at
Band 5 and light absorption by hydrated minerals at Bands 11–1238.
Removal of unconsolidated pyroclastics due to rapid initial erosion can
expose the often oxidised and variously welded/agglutinated interior
cone deposits39, which can increase the surface reflectance. Change in the
otherwise spectrally “flat” basaltic to andesitic scoria of pristine cones
(e.g., Parícutin and Alumbrera on Fig. 3) can improve all age prediction
models (Supplementary Table 2). This suggests that reflectance data can
capture the early steps of erosion, whereas morphology-related variables
are sensitive to erosional modifications on timescales of thousands to
millions of years (e.g., reduce model bias for cones older than the

Holocene). Furthermore, tephra blanketing, tectonic activity (e.g., fault-
ing), and anthropogenic modification can generate morphologic/mor-
phometric modifications that may translate to ‘noise’ or uncertainty in
the prediction models (i.e., it can decrease the obtained correlations),
producing over- or underpredictions.

Climate is an important factor for scoria cone degradation34, and
accordingly, our models show improvements mostly by including diurnal
temperature ranges and annual precipitation variables. Climatic variables
are inherently “regional” in scale (e.g., many cones located within the same
volcanic field share similar values), while morphometric and reflectance-
derived variables change cone-to-cone, better explaining underlying varia-
bility, as indicated by the lack of importance of most climatic variables in
Spearman correlation analysis (Fig. 3). Indirectly, climatic variables can
contribute tomodels by addingproxies forweathering and erosion style. For
example, under colder and more arid climates, physical weathering and
seasonally heterogeneous sediment transport dominate, including wind-
erosion36, freeze-thaw cycles40, and debris flows39, while tropical and humid
climates promote chemical weathering and subsequent surface wash,
rainfall-driven fluvial erosion41, and cation leaching42. Given these are
“regional” variables, they cannot capture intra-field variations but are useful
for discriminating short- and long-term erosional trends among volca-
nic fields.

When erosion kicks in
Volcano morphology at a given time is a function of eruptive heritage43

and erosional processes13. First, the cone shape reflects eruptive style
(eruption-controlled regime), but then, as time passes, it increasingly
reflects the post-eruptive erosional processes (erosion-controlled
regime). Our understanding of timescales during this transition is frag-
mented due to insufficient geochronological data and limited physical
volcanology data due to the lack of exposure and high weathering rates.

Fig. 2 | Prediction models using morphometric,
reflectance, and climate input variables show good
agreement with measured absolute ages of scoria
cones from the Holocene to the Upper Miocene.
The model is derived using Partial Least Squares
Regression (PLSR) using morphometric, reflec-
tance, and climatic variables (n = 65). The hor-
izontal histogram shows the age distribution of
training and validation, while the vertical histogram
shows the predicted age for those two populations.
Colours correspond to training (blue) and validation
populations (orange). Horizontal error bars are one
standard deviation of the absolute age, whereas the
vertical error bars from PLSR are a prediction of the
upper and lower bounds of age errors, which are
often smaller than the symbols due to the
log–log scale.
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We hypothesize that eruptive processes should be reflected in at least
somemorphological parameters for young cones; this informationwill then
be variably modified by erosional processes under a given climate. To test
this hypothesis, we employed the non-parametricMann–WhitneyU test on
PLSR-based age predictions, based on morphometric variables only. Using
predictions from threefold cross-validation, we measured whether under-
and overpredicted cones have morphometric attributes that are statistically
different (Fig. 4 and Supplementary Data 2). Iteratively, we calculated
Mann–Whitney U test statistics between 0 and 500 ky with a cumulative
increment of 1000 years. We assume the first 500 ky period has the highest
chance of witnessing any transition from initial eruptive- to more erosion-
dominated morphology13. For a given morphometric variable, if the
Mann–Whitney U test p-values are substantially >0.05, a null hypothesis
holds, the under- and overpredicted cones share similar morphologies,
whereas p-valuesof≤0.05mean the populations are statistically significantly
different.

Our calculations show that morphometric variables are selectively
impacted by both eruptive and erosional processes. However, the most
important morphometric variables, identified via PLSR-VIP, converge at
zero p-values (Fig. 4), meaning cones come from populations that are
morphometrically different. We find that cone height-to-width ratio
(HcoWcoMean) and median flank slopes (FlSlopeMed) are statistically
different between under- and overpredicted cones immediately after cone
formation, and become gradually similar over time, reaching statistical
similarity at 115 ky and 209 ky, respectively (95% confidence interval;

Fig. 4). In contrast, crater depth (CrFillVolMax), crater slope angle
(CrSlopeMed), and crater volume (CrVol) show initial morphological
similarities due to eruptive processes (e.g., similarity in crater excavation
mechanism) that transitions into a period of morphological dissimilarity
after ~10 ky and then similarity again after 200 ky. This is consistent with
field observations, such as removal of unconsolidated tephra, exposure of
more erosion-resistant pyroclastics39, and accumulation of aeolian
deposits44. Erosional morphologies after 200 ky becomemore alike due to a
combination of overland flow and dry ravel sediment transport processes.

Compositional forcing on volcano morphology?
When models based only on morphometric variables are validated using
leave-one-group-out cross-validation, age predictions show considerable
variability between volcanic fields and volcanic regions (Supplementary
Table 3). Age predictions for scoria cones formed along subduction-
related systems (e.g., volcanic fields in the continental USA, Mexico,
Turkey, and New Zealand) always outperform intracontinental settings
(e.g., Harrat Rahat in Saudi Arabia; Wudalianchi, Kaluo, and Tangchong
in China; Newer and McBride Volcanic Provinces in Australia) and
volcanic islands (e.g., Hawaii, Canary Islands and Azores). Given sta-
tistically significant morphological differences among cones younger
than 100 ky (Fig. 4), erosion cannot explain the observed departures from
the “expected” geomorphic age (that is the 1:1 line in Fig. 5), suggesting
rather deeper controls on the cone morphologies (e.g., magmatic, crustal,
or tectonic processes).
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Wehypothesize thatmagma composition anddegassing history can be
important pre-conditions (Fig. 5), driving bubble and crystal nucleation and
growth, and strongly guide sub-Plinian20, violent Strombolian19, Strombo-
lian, and Hawaiian eruption styles45. This is further supported by the
moderate correlation of age prediction residuals with whole-rock K2O
content across 13 volcanic fields from the western and southwestern USA
(Fig. 5 and Supplementary Table 4). While this apparent correlation
requires further studies, we putatively interpret it as a combination of
varying partial mantle melting in the asthenosphere46, and/or decompres-
sion of magmas en-route to surface47,48. In the latter case, exsolution of
magmatic volatiles (e.g., H2O and CO2) can induce deep-seated degassing,
usually accompanied by fractional crystallization47. Such volatile-poor
magmas might either stall in mid-crustal magma reservoirs49 or ascend to
the surface at slower rates compared to volatile-richmelts47.Contrary to this,
volatile-rich mafic magmas are generally less viscous and tend to ascend to
the surface faster due to increased buoyancy and overpressure50, following
closed-system degassing51.

Deep-seated controls on magma ascent and degassing are suggested
to impact eruption dynamics. For violent Strombolian eruptions, gas and
melt are well coupled, whereas lower intensity Strombolian eruptions are
related to magmas with decoupled bubbles that move as a slug flow in a
cylindrical conduit26. This inherently influences fragmentation style and
the thermal history of pyroclastics14. Violent Strombolian eruptions can
produce smaller grain sizes and particles that are sufficiently cool to
behave as a ‘dry’ granular media, whereas lower intensity Strombolian
eruptions can eject coarser and still-molten particles that can be subjected
to intensive agglutination and welding, predominantly within the crater
and its rim14. Contrasting eruption styles and resulting deposits in terms
of grain size and susceptibility for welding/agglutination can explain
volcano morphologies well. Overpredicted cones tend to have lower

median flank slope angles by 1.7° at 10 ky time (p = 0.01), whereas
underpredicted cones with steeper slopes can be explained by inter-
locking coarser particles that can be further impacted by both aggluti-
nation and welding. Hence, eruption styles driven by compositional
heterogeneity and degassing history appear to correlate with the observed
variations in erosionally intact volcano morphologies.

Our results suggest deeper controls on primary scoria cone mor-
phology than have previously been proposed. Such heterogeneity can
induce diverse degradation paths in balance with physical and chemical
weathering and erosion of pyroclastic successions. Additional work that
links volcano morphology with volatile budget, geochemistry and eruption
rates, especially to constrainmagma ascent and crustal degassing processes,
is needed.

Broader implications
The continental USA alone hosts at least 2229 Quaternary small-volume
volcanoes (most of which are scoria cones); one-quarter of them
have absolute dates, of which 15% are by 14C, Ar-Ar, or surface-exposure
techniques52. A more pronounced lack of geochronology of
volcanic fields is found worldwide; for example, less than 1% of the total
scoria cone population of Africa has absolute ages53. The lack of absolute
ages often reflects the presence of cones that are too young for Ar–Ar
dating, scarce organic material for 14C dating, limited resources for
dating, or security issues that severely restrict field sampling. The
limited number of absolute ages from humid and tropical regions implies
that the presented age models should be employed with care in such cases
and should also be a call for new geochronological research, targeting
volcanic fields in these regions (e.g., Cameroon, Colombia, and
Indonesia).

Our globally trained models are well-positioned to improve the geo-
chronologyof volcanicfields inwhich scoria cones dominate. This can allow
for first-order spatio-temporal patterns of volcanism, and potentially pro-
vide vital age inputs for probabilistic volcanic hazard assessment54. Our
models can be used in combination with existing ages from stratigraphy,
exposure dating, lake sedimentation and crystallization (e.g., 40Ar/39Ar and
40K/40Ar), to augment temporalmodels for volcanicfields usingprobabilistic
approaches, as has been employed for the Auckland volcanic field, New
Zealand8. By integrating morphometric ages with existing datasets in a
probabilistic framework, we can overcome the current limitations of dating
within volcanic fields.

The ability to constrain scoria cone ages on a global scale opens
opportunities to improve our understanding of the volume-frequency
and geochemical evolution of distributed volcanic fields to better con-
strain magma generation and transfer through the crust. Studies that
integrate this information with physical volcanology data for a greater
understanding of the most common volcano type on Earth are further
encouraged, which will aid to fingerprint sediment transport and land-
scape evolution10,11, and probe the origins of extraterrestrial volcanism
through morphology55.

Methods
Input data
In total, 572 scoria cones from 71 volcanic fields were selected based on
available absolute ages and thenparameterizedusingDigitalTerrainModels
(DTM), satellite-based reflectance, and globally available climatic models
(Supplementary Table 1). Regression models were built with cone ages and
their upper and lower bounds (i.e., age uncertainties) as target variables, and
with morphometric, reflectance, and climatic attributes used as predictor
variables.

Morphometric variables (n = 34) were parameterized using DTMs.
Basal and crater outlines of each studied cone were manually drawn using
DTM-derived slope angle maps, hillshade images, and high-resolution
satellite imagery. In total, 34 morphometric attributes (Supplementary
Table 1) were estimated following standard methods43,56,57, and computed
from the 12-mresolutionWorldDEM, andhigher resolutionLight Intensity
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Fig. 4 | The initial eruptive morphology gradually transitions into erosional
morphology in the first 100–200 ky. a Observed timescales of erosional mod-
ification over the first 500 ky using a partial least squares regression (PLSR) derived
age model. The PLSR model was developed on morphometric data only. The y-axis
shows the distribution of p-values from the Mann–Whitney U test, the blue zone
shows time-steps in which the over- and underpredicted cones are morphologically
different at the 95% confidence interval. Transition from eruption-dominated
morphologies is observed in thefirst 100 ky, then erosional processes graduallymake
scoria cones more morphologically similar. The inset sketch shows the location of
morphometric data within a 2D cross-section of a scoria cone. bGraph showing the
residuals in prediction ages for the first 500 ky. Note the overprediction (older than
measured) of ages for Holocene cones.
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and Ranging (LiDAR) and photogrammetry-based DTMs. All DTMs were
reprojected to the universal transverse mercator (UTM) coordinate system
and resampled using the bilinear method to 12m, an appropriate spatial
resolution for analysing small-volume volcanoes58.

Reflectance variables (n = 11) were extracted from the European Space
Agency’s Sentinel-2 satellite images with spatial resolutions of 10, 20 and
60m, depending on spectral bands, and bandwidths between 15 nm and
175 nm, assessedvia theGoogle EarthEngine (SupplementaryTable 1). The
database contains median atmospherically corrected reflectance from visi-
ble shortwave to infrared within each scoria cone outline. Themedian value
per cone was extracted from a median reduced time series of Sentinel-2
images between 2019 and 2022 with cloud cover of ≤5%. We only con-
sidered images from the driest and warmest months of the year at each
location to avoid potential snow cover.

Climatic variables (n = 20) were extracted from CHELSA Version 1.2,
which are a 30 arcsecond (~1 km) resolution monthly and annual mean
temperature and precipitation raster layers collected between 1979 and
201332 (Supplementary Table 1). The CHELSA-derived variables were
complemented by interpolated global rainfall erosivity33.

Target variables include the eruption age of scoria cones and their age
uncertainties (i.e., upper and lower bounds of age determinations). The
range of input target variables spans 0.018 to 9950 ka, dated using 40Ar/39Ar,

40K/40Ar, and U-Th/He, thermoluminescence, optically stimulated lumi-
nescence (OLS), 10Be, 21Ne, 36Cl, 3He, and 14C techniques, and eyewitness
accounts (Supplementary Data 1).

Age models
Predictor variables (morphometry, reflectance, climate) and target variables
(age, including age uncertainty) were analysed through multivariable sta-
tistical analysis.Webuilt agemodels usingmultiple linear regression (MLR),
partial least squares regression (PLSR) and support vector regression (SVR).
Before scaling and centring the data, we age-filtered the scoria cone cata-
logue (n = 572), removing cones with >50%uncertainty in the absolute ages
(excluded data; n = 42). The filtered population was split into a training
(n = 423; 80%) and an independent validation dataset (n = 106; 20%) using
random sampling. Predictor variables were log10 transformed to normalize
input data distributions and centred and scaled to unit variance before
analysis, whereas target variables were only log10 transformed. Each
regression model was validated using both k-fold cross-validation (k = 3;
indexed as “cv”) and independent validation datasets (indexed as “val”), and
reported as R2, mean absolute percentage error (MAPE) and Spearman’s R
coefficient. By changing the predictor variable groups (e.g., morphometry
only, morphometric+ reflectance data, and morphometric+ reflectance
data+ climatic data), we built threemodels with each regression algorithm,

Fig. 5 | Eruption style controls on scoria conemorphology. aAbsolute (x-axis) and
predicted ages (y-axis) for scoria cones of 13 basaltic volcanic fields across the
western and southwestern USA. Cones are colour-coded by K2O content; black dots
indicate the lack of geochemical data. Prominent over- and underpredictions
moderately correlate with primary melt K2O content. The coloured fields in (a) are
forMauna Loa (erupts lower K2O, volatile-poor tholeiitic lavas), Mauna Kea (erupts
mafic alkalic lavas with higher K2O)

64, and Harrat Rahat (impacted by mid-crustal
storage and degassing)65, which show similar geochemical and morphological
trends, supporting observations within the continental USA. The error bars show

one standard deviation for both the measured and predicted ages. b Cartoon
showing eruption scenario of volatile-rich magma (low K2O) that might erupt
explosively from gas-coupled melts (i.e., churn flow). The resultant cone mor-
phology is dominated by a lower cone height-to-width ratio, slope angle, crater
volume and depth, variables that are less susceptible to welding and agglutination.
c Alternative eruption scenario where a volatile-poor magma (high K2O) ascending
as a slug-flow feeds eruptions dominated by lower fragmentation efficiency and
welding/agglutination, forming cones with higher height-to-width ratios, steeper
flank slope angles, and larger and deeper crater morphologies.
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giving nine models in total. Furthermore, we tested age prediction models
using coarser resolution Shuttle Radar TopographyMission (SRTM) DTM
data (version GL1 from OpenTopography), which has a near-global cov-
erage at 30m spatial resolution. We resampled using bilinear resampling
and reprojected SRTM data across the continental USA (n = 72) and two
volcanic regions (not included in training models) from Armenia (n = 14)
and Ethiopia (n = 3) with reliable Ar–Ar absolute ages.

Multiple linear regression (MLR) models the relationship between an
array of predictorsX and target variables Y using the least squares method:

Y ¼ Xβþ ε ð1Þ

where β is a vector of regression coefficient and ε is the model error.
Regression coefficients are calculated to minimize the residual sum of
squares SSRes, between observed Y and predicted Ŷ target variables:

SSRes ¼
1
N
jjY � Ŷ jj2 ð2Þ

MLR is straightforward to implement in the scikit-learn library in
Python, and no (subjective) input parameters are needed. Thus, it is used
here to produce a simple baseline model. However, MLR requires themean
response (target variable) to be linear in the parameters, such that each
regression coefficient can be estimated independently. Additionally, any
multicollinearity (where predictors are highly correlated with each other)
can cause unstable estimates of regression coefficients as the same variance
space in the target variable is taken up by multiple predictors.

Partial least squares regression (PLSR)59 handles multicollinearity
using an iterative procedure that effectively removes the influence of pre-
dictors that are causing more noise than information. Predictor and target
variablesaredecomposed into a set of orthogonal scores (T,U), and loadings
(P, Q) as X ¼ TPT , and Y ¼ UQT , respectively. Scores and loadings are
then estimated through simple regressions iteratively (starting with each x
on Y), until values are reached that maximize the covariance structure
betweenX andY. The final regression coefficients β are then foundwith the
regression model U ¼ βT, and target variables Y are then estimated with:

Ŷ ¼ XPβQT ð3Þ

PLSR was implemented in Python using the scikit-learn library (PLS2
algorithm), and the optimal number of PLS components was determined
using R2 values and threefold cross-validation.

Support Vector Regression (SVR)60 approximates an underlying rela-
tionship by finding a function f(X) that describes Y within a tolerance, ϵ,
(that controls model complexity and fit), in a n-dimensional space, where p
is the number of predictor variables. SVR derives a function thatmaximizes
the margin while minimizing prediction error as:

min
1
2
jjwjj2 þ C

Xp

i¼1

ξ�i þ ξþi
� � ð4Þ

where, 12 jjwjj2 represents the squared norm of the weight vectors, C is the
regularization parameter (user-defined), and ξ represents the deviation
above (ξþ), and below (ξ�) the predicted values in relation to ϵ. Weight
vectorw defines the magnitude and direction of influence of each predictor
variable on the predictions. C is chosen to regulate model fit, with high
values in favour of minimizing the error (i.e., overfit), and low values
allowing for a larger margin (i.e., underfit). To predict target variables, SVR
uses a generalized formula:

yi ¼ wT+ xi
� �þ b ð5Þ

which is the dot product of the weight vector w and ∅(xi) transformed
predictor variable for observation (cone) i, andb is themodel bias.Tohandle
the non-linear relationship betweenX andY, we used a radial basis function

(or Gaussian) kernel. This projects the input predictor variables into n-
dimension space, in which a linear function can be found. The width of the
kernel, γ, defines the influence of individual data points (i.e., small γmeans
narrower Gaussian functions and shorter influence distance). We used the
grid searchmethod to select optimal parameters ϵ, C andγusing the training
data with 3-fold cross validation. We used the SVR implemented in the
scikit-learn library in Python.

Variable Importance
To analyse the contribution of each predictor variable to the model, we
conducted two tests: Spearman’s rank correlation and PLSR’s variable of
importance in projection (VIP) scores. Spearman’s rank correlation
coefficient, ρ, is a non-parametric method (i.e., no assumption for nor-
mality of input data) to assess monotonic relationships between two
variables:

ρ ¼ 1� 6
P

d2i
nðn2 � 1Þ ð6Þ

where di is the rank difference between observation pairs, and n is the
number of observations (cones). ρ ranges between −1 and 1, with 0
representing no correlation, and−1 and 1 representing perfect negative and
positive monotonic correlations, respectively. This was implemented
through the SciPy library in Python.

PLSR automatically ranks input predictors by their contributions to
modelled target variables Y. This can be expressed using VIP. For predictor
variable j, VIPj can be calculated as:

VIPj ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
p
Ph

k¼1 SSYk w
2
kj

� �

h SSYTotal

vuut ð7Þ

where p is the number of predictor variables, h is the number of PLS
components, SSYk is the sumof squares for the kth PLS component, andwkj

is the weight of Xj in the kth PLS component.

Statistical inference
We used the Mann–Whitney U test to determine any statistical differ-
ences between positive (underpredicted age or younger than actual) and
negative residuals (overpredicted age or older than actual) using the
model developed purely on morphometric data. The Mann–Whitney U
test is a non-parametric test assessing whether two populations are from
the same underlying distributions (the null hypothesis) and is formulated
as:

U1 ¼ n1n2 þ
n1ðn1 þ 1Þ

2
� R1 ð8aÞ

and

U2 ¼ n1n2 þ
n2ðn2 þ 1Þ

2
� R2 ð8bÞ

where, R is the sum of ranks for each group, and the test statistic is
U=min(U1, U2). This value is then used to calculate p-values using the
‘exact’ method in SciPy. This test was implemented through the SciPy
library in Python with a statistical significance level set at α = 0.05.

Besides predicting ages, we assessed the model’s performance by
leave-one-group-out cross-validation, where we train a model without
the hold-out group and then apply the model to the hold-out dataset.
This approach can shed light on inter-regional differences among vol-
canic fields, including geochemical differences. Geochemical data were
compiled from the literature and included as an arithmetic mean if
multiple samples were available. The source reference is included in
Supplementary Table 4.
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Data availability
The scoria cone database is shared in Supplementary Data 1. The Digital
Terrain Models are either commercially available products (e.g., World-
DEM) or have been accessed through data portals (e.g., Open Topography,
Land Information New Zealand).

Code availability
Morphometric data were extracted from Digital Elevation Models using a
custom-built workflow inArcGIS ProModel Builder. Sentinel-2 reflectance
data were extracted using Google Earth Engine, and the database was
analyzed through Python. All tools and codes are shared through Figshare:
https://doi.org/10.6084/m9.figshare.28973333.v1.
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