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1 Abstract

This study provides a quantitative approach to search for mantle plumes in global seis-

mic tomography models without any preconceived notions about the associated mantle

velocity anomalies, other than the assumption that the plumes are not significantly de-

flected horizontally by more than 6◦, anywhere in the mantle. We design identification

tests with a reasonable detection threshold while keeping false alarms at a level lower

than 5%. This is based on a naive Bayesian clustering analysis, which is possible thanks

to the varimax principal component analysis that provides components of the tomogra-

phy models that are much more independent than the original number of depth slices in

the models. We find that using such independent components greatly reduces detection

errors compared to using an arbitrary number of depth slices due to correlations between

the different slices.

We detect a wide range of behaviour of the seismic velocity profiles underneath the

hotspots investigated in this study. Moreover, we retrieve locations away from hotspots

that have similar seismic velocity profile signatures to those underneath some hotspots.

Hence, it is not possible to obtain a unique definition of seismic velocity anomalies

that are associated with hotspots and thus care needs to be taken when searching for
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mantle plumes beneath hotspots using prior assumptions about the velocity anomalies

that might be associated with them. On the other hand, we establish a probability

distribution of the seismic velocity profiles that is specific to a sub-list of hotspots.

Overall, the mantle plume zones identified in our analysis do not appear to surround the

Africa and Pacific large low shear velocity provinces (LLSVPs), but are rather within

them. This rules out the idea that LLSVPs correspond to compact, dense piles with

mantle plumes rising from their edges. Instead, our analysis suggests two possible options

that either the LLSVPs: (1) correspond to bundles of thermochemical mantle plumes;

or (2) are made up of compact piles topped by a bundle of plumes.

Key words: Composition and structure of the mantle; Hotspots; Seismic tomogra-

phy; Statistical methods.

2 Introduction

The hotspot paradigm has been extensively debated over the past 60 years, since it was

proposed that volcanic chains like the Hawaiian Islands are the surface expression of hot

material – mantle plumes – that originate at the core-mantle boundary (CMB)(Morgan

(1971); Wilson (1965); Anderson (2005); French & Romanowicz (2014); Courtillot et al.

(2003); Duncombe (2019)). Alternatively, it has been suggested that hotspots result

from melting due to shallow convective processes, with their shapes being controlled by

stresses and cracks in the lithosphere (e.g., Foulger & Natland (2003)). The coexistence

of these processes with mantle plumes is actually possible and is the current subject of

investigation.

Mantle plumes have been suggested to start as an instability generated by heat flux

across the core-mantle boundary (CMB) and then vertically extending to the surface

(Morgan (1971)). More recently, several studies showed that plumes can be thermo-

chemical and have a wide range of shapes and internal structures (Kumagai et al. (2008);
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Flament et al. (2017); Lin & van Keken (2006)). Moreover, many hotspots lie on top or

near the so-called large low shear velocity provinces (LLSVPs), which are continent-sized

structures sitting on top of the CMB beneath Africa and the Pacific (Garnero & Mc-

Namara (2008); French & Romanowicz (2015); Austermann et al. (2014)) whose nature

and origin are still debated.

While some studies have suggested that LLSVPs are warmer and lighter than the

average, and directly related to convective upwellings (e.g., Austermann et al. (2014);

Koelemeijer et al. (2017)), other studies indicated that they may be dense, long-lived

chemically heterogeneous regions (e.g., Trampert (2004); Lau et al. (2017)). Alterna-

tively, a recent study has proposed that LLSVPs consist of bundles of thermochemical,

dense plumes rooted in large ultra low-velocity zones (ULVZs) in the lowermost mantle

(Davaille & Romanowicz, 2020). Seismic imaging is arguably the most powerful way to

discriminate mantle plumes in the Earth’s interior and sheds light on their relations to the

lowermost mantle. By considering tomography models together with other information

such as, for example, the presence of long-lived volcanic chains, large igneous provinces,

high buoyancy fluxes, 3He/4He ratios and variations in the thickness of the transition

zone, one can investigate the existence and structure of deep mantle plumes (French &

Romanowicz (2015); Montelli (2004); Zhao (2004); Suetsugu et al. (2009); Chang et al.

(2020)). Although tomography has been widely used to chase mantle plumes, other

recent efforts are being developed, such as modelling of S waveforms (Cottaar & Ro-

manowicz, 2012) or the use of array seismology stacking techniques (Stockmann et al.,

2019).

In the past decades, the global seismic imaging of the Earth’s interior – global seismic

tomography – has greatly progressed, so that recent tomographic models have started

to robustly image mantle plumes (French & Romanowicz (2015); Chang et al. (2015);

Bozdağ et al. (2016)). For example, French & Romanowicz (2015) have identified the

presence of fat mantle plumes beneath many hotspots, which may have a thermochem-
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ical origin. They classified hotspots as “primary”, “clearly resolved” and “somewhat

resolved” depending on the strength and on the vertical continuity of the negative shear

wave speed anomalies associated with them in the mantle. Some regions exhibit sub-

stantial complexity, such as e.g., a continuous, strong low shear wave speed anomaly in

the mantle beneath Africa, from Afar to South Africa, with many parts of the anomaly

not being associated with hotspots. Some studies (e.g., Davaille & Romanowicz (2020);

Chang et al. (2020)) suggested that this apparently continuous anomaly may actually

result from the superimposition of several instabilities associated with different plumes

at different stages of their evolution. For example, it is possible that beneath South

Africa there is a plume that has not reached the upper mantle yet (and so there is no

hotspot yet), while the Kenya and Afar hotspots are possibly underlain by currently

active and dying plumes, respectively (e.g., Chang et al. (2020)).

In order to identify mantle plumes in tomography models, previous studies typically

searched for continuous low seismic wave velocity anomalies spanning both the Earth’s

upper and lower mantle (e.g., Boschi et al. (2007, 2008); Marignier et al. (2020)). More-

over, Boschi et al. (2007) also included in their analysis comparisons with geodynamical

models, which may add further constraints, but that are also substantially affected by

uncertainties. Marignier et al. (2020) recently proposed a method to assess the proba-

bility of mantle plumes in global tomography models based on the assumption that a

plume shows a negative shear wave speed anomaly throughout the whole mantle not

tilting more than 10 degrees. A limitation of this approach is that this plume definition

does not account for well-known complexities in plume behaviour, such as plume heads,

deflections and gaps. Hence, general and objective criteria for mantle plume detection

in tomography models are still lacking.

In this study, we propose to chase mantle plumes in global tomography models follow-

ing a different approach from previous studies, whereby we do not rely on prior assump-

tions about the low-velocity anomalies that may be associated with mantle plumes. We
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use a novel, alternative approach based on naive Bayesian clustering methods whereby

we investigate to what extent the mantle structure beneath hotspots is substantially dis-

tinct from other different regions. As explained below, these methods allow the natural

separation of distinct velocity profiles in tomography models beneath hotspots, oceans

and continents. Other statistical methods that have been used in seismology to clas-

sify structures in tomography models include, e.g., the k-means clustering method (e.g.,

Lekic et al. (2012), Cottaar and Lekic (2016)). Unlike the k-means clustering, which

classifies the data points based only on their values, the naive Bayesian clustering used

in this study is based on a pre-classification used to define the clustering criteria.

Using the hotspot list given by Marignier et al. (2020), which is based on French

& Romanowicz (2015), Sleep (1990) and Courtillot et al. (2003), we show that our

Bayesian method allows a fairly robust test on the presence of mantle plumes in global

tomography models. It recovers shear wave velocity anomaly patterns associated with

hotspots while limiting false detections (type I error). We also show that false alarm

locations, i.e., geographical locations with no hotspots but identified as corresponding

to mantle velocity anomaly profiles associated with hotspots, make geophysical sense.

Finally, we show that a sub-list of seismic velocity anomaly profiles associated with

hotspots does not behave similarly as the majority of hotspots. Based on these results,

we conclude that (1) the hotspots considered in this study are not the surface expression

of a unique type of mantle shear wave velocity anomaly, which would require further

classification (i.e., mantle plumes beneath hotspots are quite diverse); and (2), it is

possible to establish a probability distribution of the seismic velocity profiles that is

specific to a sub-list of hotspots and which does not occur significantly in locations away

from hotspots.
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3 Data and method

3.1 Data

In this study we search for mantle plumes in eight 3-D global seismic tomography models:

(i) S20RTS (Ritsema, 1999); (ii) S40RTS (Ritsema et al., 2011); (iii) SEISGLOB2 (Du-

rand et al., 2017); (iv) SEMUCB-WM1 (French & Romanowicz, 2014); (v) SGLOBE-rani

(Chang et al., 2015); (vi) S362WMANI+M (Moulik & Ekström, 2014); (vii) SAVANI

(Auer et al., 2014); and (viii) GLAD-M25 (Lei et al., 2020). These models were built

with different data sets and modelling approaches, as summarised in Table 1. The mod-

els employed show the main features in current global isotropic and radially anisotropic

tomography models. Thus, they are representative of the current state of global seismic

tomography. Given the disagreement in the anisotropic structures in global anisotropy

models, in this study we focus only on the isotropic structure and always refer to it in

the remainder of this paper.

We retrieved the global tomography models either from the IRIS Earth model collab-

oration repository (http://ds.iris.edu/ds/products/emc-earthmodels/)(Trabant et al.,

2012) or directly upon request from their authors. Since some of the models have distinct

reference 1-D models and use different parametrisations, for consistency they have been

all converted into variations in shear wave speed and in radial anisotropy with respect to

the 1-D reference model PREM (Dziewonski & Anderson (1981)) on a common 1◦ × 1◦

horizontal grid and for 29 depth slices starting at 50 km and with a 100 km spacing from

100 km to 2900 km depth. This conversion into the same 1-D reference model simplifies

the comparison of the various tomography models. Moreover, since both the vertical

structure and the horizontal patterns in the tomography models are normalized, this

also implies that the reference model used does not influence the analysis. In addition

to the gridded representation of the models, we also interpolate the model parameters

from the horizontal grids into a regular polyhedron of 9002 equiareal faces of which the

6

D
ow

nloaded from
 https://academ

ic.oup.com
/gji/advance-article/doi/10.1093/gji/ggac415/6767591 by U

niversity C
ollege London user on 28 O

ctober 2022



O
R
IG

IN
A

L
 U

N
E
D

IT
E
D

 M
A

N
U

S
C

R
IP

T

vertices were generated through the icosahedron tool of Zechmann (2019). This trans-

formation leads to a uniform sampling of the sphere, with each vertex having a surface

corresponding to that of a 250 × 250 km2 square. By using regularly gridded data in

our analysis we would overweight the contribution of velocity structure at high latitudes.

Moreover, as the shallowest depth slices of the tomography models contain the majority

of the variability in the velocity anomalies, most of the analysis performed in this study

would get focused on those slices, which is not suitable for our purpose. Hence, we

normalize the shear wave speed perturbations by depth slice, i.e., the mean value of the

slice is subtracted from each value, and each value is divided by the standard deviation

of the slice (de Viron et al. (2021)).

The wave speed data are then compressed using a varimax principal component (PC)

algorithm, as described in de Viron et al. (2021). The varimax PC analysis provides

components that are much more independent than the original 29 slices of the model,

which is better suited to the naive Bayesian clustering method that we use in this study,

as explained in the next section. We computed two sets of varimax PCs, corresponding

to 95% and 80% of the total model variance, respectively. In this paper, we refer to

experiment E–100 when we use the full 29 slices, and we refer to experiments E–95 and

E–80 when we perform the two sets of varimax PC analyses. Six (SAVANI) to thirteen

(SGLOBE-rani) components are necessary to reach the variance level of 95%, while this

reduces to between three (SAVANI) and eight (SGLOBE-rani) for the 80% variance level

(Table 2). As discussed by de Viron et al. (2021), the number of PCs required to reach

a given variance level, given in Table 2, depends on the data types used to build the

models and on model regularisation.

Table 1: Global tomography models used in this study, including a short description
of the dataset, parameterisation and the modelling approach used in their construction.
The models were built using least-squares inversions with different regularisation choices
or non-linear gradient-based optimisation techniques including smoothing of the misfit
function’s gradient (Table 1). Except for the very recent GLAD-M25 model, the same
models were used by de Viron et al. (2021) for varimax model analyses and comparisons.
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8

Model Dataset Parameterisation Modelling approach

SGLOBE-rani
(Chang et al.,
2015)

Fundamental mode
group-velocity data
(T∼16-150 s), funda-
mental and overtone
phase-velocity data
(25-374 s, up to the 4th
overtone), body-wave
travel times.

Spherical harmonics up
to degree 35 (laterally)
and 21 spline functions
(radially). 1-D reference
model: PREM.

Ray theory. Regulariza-
tion: norm damping.

SAVANI
(Auer et al.,
2014)

Fundamental and over-
tone phase velocities
(T∼25-370 s, up to
the 4th overtone),
body-wave travel times.

Variable size blocks on
a 5◦ × 5◦ base grid
(laterally). 28 vari-
able thickness depth lay-
ers. 1-D reference
model: PREM.

Ray theory. Regulariza-
tion: vertical and horizon-
tal smoothing.

S20RTS
(Ritsema, 1999)

Fundamental mode and
overtone phase veloci-
ties (T∼40-275 s, up to
the 4th overtone), body-
wave travel times, even-
degree self-coupling nor-
mal mode splitting func-
tions.

Spherical harmonics up
to degree 20 (laterally)
and 21 spline functions
(radially). 1-D reference
model: PREM.

Ray theory. Regulariza-
tion: norm damping.

S40RTS
(Ritsema et al.,
2011)

Expanded dataset of
S20RTS (increased
amount of measure-
ments).

Spherical harmonics up
to degree 40 (laterally)
and 21 spline functions
(radially). 1-D reference
model: PREM.

Ray theory. Regulariza-
tion: norm damping.

SEMUCB-WM1
(French & Ro-
manowicz, 2014)

Body waveforms (T > 32
s), surface waveforms (T
> 60 s).

Spherical splines with
spacing < 2◦ (laterally)
and 20 cubic b-splines
(radially). 1-D reference
model: own model.

Spectral element method
for forward modeling,
non-linear asymptotic
coupling theory for
inverse modelling. Reg-
ularization: vertical and
horizontal smoothing.

S362WMANI+M
(Moulik & Ek-
ström, 2014)

Fundamental mode
phase velocities (T∼35-
150 s), body wave travel
times and waveforms,
normal mode splitting
functions.

362 spherical splines
(laterally) and 16 cu-
bic splines (radially).
1-D reference model:
STW105 (Kustowski
et al. (2008)).

Ray theory. Regulariza-
tion: vertical and horizon-
tal smoothing.

SEISGLOB2
(Durand et al.,
2017)

Fundamental and over-
tone phase velocities
(T∼40-360 s, up to
the 5th overtone),
body-wave travel times,
normal mode self- and
cross-coupling coeffi-
cients.

Spherical harmonics up
to degree 40 (laterally)
and 21 spline functions
(radially)

Ray theory. Regulariza-
tion: lateral smoothing
controlled by a horizontal
correlation length.

GLAD-M25
(Lei et al., 2020)

Body and surface wave-
forms in three different
period ranges (17-40 s,
40-100 s and 90 - 250 s)

Cubic sphere pa-
rameterisation (same
as the mesh of the
SPECFEM3D GLOBE
package)

Spectral element method
for forward modelling.
Adjoint method for in-
verse modelling using a
quasi-Newton technique
including smoothing of
the misfit function’s gra-
dient. Source and receiver
geographical weighting to
compensate for uneven
spatial sampling.
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We use the list of 50 hotspots compiled by Marignier et al. (2020) to perform our analysis.

Then, we create four sets of geographical locations (Figure S1):

A. The seven grid points closest to each hotspot location, which represents a

total of slightly less than 7×50=350 points on Earth’s surface – there is some

overlap associated with close hotspots; the choice of seven points is due to

the hexagonal geometry of the icosahedral grid. The width of a whole A

region is 6◦ as each seven-point cell is about 6◦ wide, which corresponds to

the nominal resolution of the most detailed global tomography models;

B. The grid points in a 10◦ range from each hotspot. The construction of this

separate location set guarantees that the profiles beneath the C and D points

introduced below are not affected by those beneath the locations defined in

A;

C. The ocean grid points that are not included in A nor B;

D. The continent grid points that are not included in A nor B.

C and D complement A+B for oceans and continents, respectively. Our classification is

based on the strong assumption that the plumes are not significantly deflected horizon-

tally by more than 6◦.
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Figure 1: Distribution of the velocity anomalies (x-axis) as a function of depth (y-
axis) for eight different tomography models and the three different sets of geographical
locations considered in this study (see main text for details): the 50 hotspots (locations
A, red), the oceans (locations C, blue) and the continents (locations D, green). This
is done for the 29 depth slices (E–100, top row) directly obtained from the models, as
well as for the components recovered by the varimax analysis, keeping the number of
components necessary to recover 95% (E–95, middle row) and 80% (E–80, bottom row)
of the total variance of the signal. We better recover the signal’s details in the upper
mantle and transition zone in the E–95 case than in the E–80 one. For each distribution,
a probability law is adjusted. The vertical lines connect the maximums values of the
different distributions, for the three categories of geographical locations considered.

3.2 Naive Bayesian clustering

The naive Bayesian algorithm (see for example Koller & Friedman (2009)) is a fast clas-

sification method. It is based on the Bayes theorem, which expresses how the probability

of event K considering the observation set V can be estimated from the probability of

the observation set V under the condition of event K. The naive part of the classifica-

tion comes from the hypothesis that the observations from the set V are supposed to

be independent from each other. In the case of our mantle plume detection application,

it translates into the fact that the probability P (K|V ) for a point to belong to a given

category K – for example, hotspot – considering its velocity profile can be computed

from the probability P (V |K) to have the observed velocity profile if it belongs to the

category K, assuming that the probability laws from the different slices are independent

of each other. This hypothesis of independence is incorrect for the raw data, i.e., for the

29-depth slice version of the models, on the other hand, this is a fair approximation for

the variance compression of the varimax representation and the associated decoupling

of the geographic patterns.
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As the velocity profile probability density function for each category is unknown, we first

fit the observed distribution of each category and model on 50 continuous probability

distributions (Table S1). The distribution parameters were fit using the Maximum Like-

lihood Estimation (MLE) criterion (Kay (1993); Virtanen et al. (2020)). From our tests,

we found that the best-fit probability law, for any of the locations and depths considered,

was always one of the three following distributions: SU and SB Johnson distributions,

and the continuous Generalized Extreme Value Distribution. This provides us with the

best-fitting distribution shown in Figure 1 with the hotspots in red, the oceans in blue

and the continents in green. The points corresponding to region B (grid points in a 10◦

range from each hotspot) are not considered in this study in order to sample only the

regions A (seven points closest to each hotspot location), C (oceans) and D (continents),

which are expected to present clearer signatures than those in region B. This means

that we would rule out plumes that would be deflected by more than 6◦ underneath the

hotspots. Then, we estimate the probability of obtaining the velocity profile observed at

a given location if the location belongs to the continent, ocean, or hotspot category, by

a multiplication of the probability for each slice – this is the naive part of the algorithm.

Using the Bayes theorem, we can estimate the probability that a given location belongs

to each category given the velocity profiles, and the location is then attributed to the

most likely category. Explicitly, the probability P (Kj |Vi) that a location i belongs to

each of the three categories Kj given the velocity profiles Vi is computed as

P (Kj |Vi) =
P (Vi|Kj)P (Kj)

P (Vi)

with P (Vi|Kj) being the probability of obtaining the velocity profile Vi observed at a

given location i if the location belongs to the continent, ocean, or hotspot category Kj

and P (Kj) being the uniform probability that any point belongs to category Kj . The

denominator is computed as
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P (Vi) =
3∑
j=1

P (Vi|Kj)P (Kj)

.

4 Results

Figure 3.2 shows the locations that our approach clustered as hotspots, for the three

different experiments considered (E–100, E–95 and E–80). These locations are more

likely to belong to the hotspot category than to any of the other two categories of

geographical locations used in this study (C and D), according to the maximum likelihood

criterion. They are mostly located in the southern Pacific and Indian oceans, around

Africa up to Iceland in the northern Atlantic, and within the East African rifting zone,

roughly corresponding to the LLSVPs (Large Low Shear Velocity Provinces, see e.g.

Lekic et al. (2012) or French & Romanowicz (2015)). The areas classified as hotspots,

which extend around hotspots, are consistent with the hypothesis that plumes spread

laterally at the base of the lithosphere and volcanoes appear where the lithosphere is

sufficiently young and thin (Marzocchi & Mulargia (1993); O’Connor et al. (2012); Wang

& Li (2021)).

Recovering between 1/5 and 1/4 of the Earth’s surface, the E–100 experiment suffers

from a too high rate of false alarms. Figure 3 summarizes, for each tomography model

and experiment, the false alarm rate as a function of the probability threshold for a

point to be a hotspot. For example, if we set the threshold to 0.50 in the E–95 case,

for all models but S20RTS, the false alarm rate is below 8%, and this decreases under

5% for all models if we set the threshold to 0.67. With the 29 slices E–100 experiment,

a threshold of 0.99 is not enough to limit the false alarms to 5% or equivalently, the

significance level to 95%, for 6 of the 8 models.

The white rectangles inside the colored rectangles show the false alarm rate for conti-
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E─95, 95% capt.var., P(50,95)

E─80, 80% capt.var., MLE

E─95, 95% capt.var., MLE

E─100, 29 slices, MLE

Figure 2: Locations identified as most probable for belonging to the hotspot category
(set A of geographical locations; see main text for details), according to the maximum
likelihood criterion (MLE), for the eight models used in this study, for the E–100 (29
slices, top), E–95 (95% of the total variance, middle, also shown for the P(50,95) crite-
rion) and E–80 (80% of the total variance, bottom) cases. The 50 hotspots from the list
of Marignier et al. (2020) are plotted as red dots.
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Table 2: Percentage of Earth’s surface (”Surface %”) identified as hotspots with the
P(50,95) criterion, for the global tomography models used in this study, considering
the whole 29 slices (E-100) or the varimax analysis (E–95 and E–80). The number of
hotspots found in the recovered zones (”#HS ”) is also given, as well as the number of
principal components obtained from the varimax analysis (”#PCs ”).

Model Surface #HS #PCs Surface #HS #PCs Surface #HS
% % %

(E–100) (E–100) (E–95) (E–95) (E–95) (E–80) (E–80) (E–80)

SGLOBE-rani 8.5 20 13 9.0 26 8 6.2 20
SAVANI 10.0 22 6 3.3 12 3 1.4 7
S20RTS 9.1 23 11 10.0 23 5 4.3 11
S40RTS 8.9 20 11 8.9 21 6 3.9 16

SEMUCB-WM1 10.0 23 8 8.4 25 5 6.6 21
S362WMANI+M 10.9 27 7 8.1 20 4 1.0 6

SEISGlob2 9.5 23 11 6.9 23 7 2.5 12
GLAD-M25 10.6 25 8 7.3 22 5 3.4 19

nents, and it is found to be always lower than for the oceans. This is expected, given

that the continents show depth distributions of velocity anomalies that are much more

different than those from the hotspots and the oceans, as illustrated by Figure 1.

We decide to consider a zone as a hotspot if the probability to belong to that category

is equal to or larger than 50% while ensuring a false alarm rate smaller than 5%. We

will use the notation P(50,95) in the rest of this article to describe this criterion. As

shown in Table 2, applying this P(50,95) choice, the E–100 and E–95 experiments recover

comparable surfaces for all models but SAVANI, while the E–80 case recovers from 30%

(S362WMANI+M) to 84% ((SEMUCB-WM1) of the hotspots found in the E-95 case.

The E–80 experiment is too selective. Hence, it is a fair compromise to select the E–95

experiment considering its reasonable false alarm rate and the criterion of independence

of the slices required as a hypothesis of the Bayesian analysis.

There are also differences between the areas identified as hotspots by the different

models, whatever the experiment (E–100, E–95, E–80). In the E–95 case, the model

S20RTS, with its high false alarm rate (Figure 3), classifies 10.0% of the Earth’s sur-

face as hotspots, which is 309% larger than for the SAVANI model, which classifies as
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hotspots only 3.3% of the Earth’s surface. For the six other models, with comparable

surfaces, between 7.3% and 9.0%, the recovered zones can differ to a noticeable extent;

see for example the differences in the south Atlantic and the central Pacific in Figure

3.2.

For the experiment E–95 and the P(50,95) criterion, the Bayesian test recovers at least

one of the 7 points closest to the hotspot locations, ranging from 12 (for SAVANI) to

26 (for SGLOBE-rani) hotspots out of the 50 included in the list (Figure 4 and Table

S2). At least seven models recover 9 of the 12 ”highly likely” hotspots of Marignier

et al. (2020), while the three remaining ones are found by 6 models (MacDonald and

Marquesas) and 3 models (Marion). On the other hand, at least seven models recover 8

of the 11 hotspots classified as category 1 (“primary plume”) by French & Romanowicz

(2015) and one (Caroline) as category 2 (“clearly resolved”) (Figure 4). Out of the three

other hotspots belonging to category 1 of French & Romanowicz (2015), Mac Donald and

Marquesas are recovered by six models, and the Comoros one is not evidenced by our E–

95 analysis. This is consistent with the data used, as the Comoros profile is similar to the

oceanic one for S20RTS, S40RTS, SEMUCB-WM1, GLAD-M25 and SAVANI (Figure

5), or oscillates around the oceanic average profile for SGLOBE-rani, SEISGLOB2 and

S3622WMANI+M. The other retrieved hotspots are model-dependent and it is difficult

to assess whether the twelve hotspots (Figure 4) recovered by only one or two models

result from false alarms or not.

Figure 6 (for model SGLOBE-rani) and Figures S2 – S8 (for other models) display the

significance of the probability of a location to correspond to a hotspot for each of the

seven points closest to the hotspot, considering the 29 slices (E–100, outer ring) and

the varimax principal component analysis E–95 (middle ring) and E–80 (inner ring).

The probabilities above 0.5 are enhanced in reddish colors on the figure, whereas the

pie charts are dashed when the significance level is below 95% or, equivalently, when

the false alarm rate is above 5%. This false alarm rate is estimated from the number of
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ocean locations from category C classified as hotspots over the total number of category

C locations.
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Figure 3: Percentage of false alarms as a function of the probability threshold considered
as acceptable to consider a point on Earth as a hotspot, for the cases E–100 (top),
E–95 (middle) and E–80 (bottom), for the eight different global tomography models
considered in this study. For example, for E–95, if we consider that a location is a
hotspot if the depth distribution of the velocity anomalies has a probability of being
larger than 0.5 (thresh. = 0.5) to obey the hotspot-derived velocity distribution, then
all models experience less than 7% of false alarms, except S20RTS, which is above 8%.
“Max. likelihood” is the threshold above which the hotspots are the most probable. The
white rectangles show the results of the same analysis but for the continents (set D of
geographical locations; see the main text for details). The dotted horizontal line shows
the 5% false alarm level.

Unfortunately, keeping the false alarm rate smaller than 5% is always at the expense of

event detection. For example, considering the E–95 case for the mantle model SGLOBE-

rani, 48% of the hotspots are not detected as we only find a hotspot signature for 26

locations: Afar, Amsterdam, Ascension, Azores, Bowie, Canary, Cape Verde, Caroline,

Crozet, Darfur, Discovery, East Africa, Easter, Galapagos, Great Meteor, Hawaii, Ice-

land, Jan Mayen, Juan de Fuca, Louisville, Mac Donald, Pitcairn, Reunion, Samoa,

Tahiti and Yellowstone. This high level of missed detections (type II error), which rises

to 76% for SAVANI, means that based on our list, there is no common definition of the

shear wave velocity profiles underneath hotspots. It also highlights that some hotspots

are probably not the surface expression of quasi-radial mantle plumes or correspond to

plumes difficult to image in tomography models (e.g., very thin plumes beyond the mod-

els’ limits of resolution), as other studies have also pointed out (French & Romanowicz

(2015); Marignier et al. (2020)). This also implies that discrimination of the hotspots

based on the velocity profiles alone would be specific to a given type of hotspot.

To further demonstrate the specificity of the hotspot velocity profiles, i.e., to show that

the hotspot list corresponds to locations with specific velocity profiles shared by a large

proportion of them, we made 250 Monte-Carlo simulations. For each Monte-Carlo run,

we randomly picked 50 points at the Earth’s surface that we use as surrogate hotspots.

Then, we applied exactly the same process as above: take the seven closest points from
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each as hotspot points, remove the points in the 10 degree-range, separate what is

left between ocean and continent, fit the probability distributions, and apply the naive

Bayesian algorithm to recover the surrogate hotspot locations. From this test, we found

that for 67% to 78% of the cases, depending on the model, no hotspots are recovered,

while one to three hotspots are recovered in 20% to 26% (1 false alarm hotspot), 2% to

4% (2 false alarm hotspots) and 0% to 2% (3 false alarm hotspots) of the cases (Table

S3). Hence, we can conclude that the probability distributions of the seismic velocity

profiles associated with hotspots (red lines, Figure 1, E–95 test) are specific to a sub-list

of hotspots.
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Figure 4: Hotspots recovered by our analysis using the eight global tomography models
considered in this study, applying the P(50,95) criterion, for the principal component
analysis experiment E–95. This corresponds to at least one reddish slice of the middle
pie charts in Figures 6 & S2-S8. A detection (one coloured bin, with different colours
being used for different tomography models; see key at the bottom of the figure) means
recovery in at least one of the seven locations that are the closest to the hotspot. The
hotspots that are underlined correspond to the category identified as ”Primary Plume”
by French & Romanowicz (2015) while the hotspots in bold correspond to the ”Highly
likely” mantle plume category identified by Marignier et al. (2020).

5 Discussion

Anderson (2005) proposed twelve criteria to diagnose a potentially deep mantle origin

of hotspots. Among other criteria, Anderson (2005) suggested considering seismic

tomography information at various depths, and pleaded for appropriate statistical tests

to evaluate the significance of the correlation between hotspots and low-velocity zones

in the mantle. Here, we propose a new approach, which is different from previous

methods based on a priori assumptions about the character of low velocity anomalies

associated with mantle plumes (Boschi et al. (2007, 2008); Marignier et al. (2020);

French & Romanowicz (2015)). In this study, rather than directly searching for

low-velocity regions in the mantle, we propose an alternative statistical approach to

chase mantle plumes in global tomography models. We build an objective definition

based on a naive Bayesian classification of the mantle seismic structure beneath oceans,

continents and hotspots. For that purpose, we identify a velocity profile probability

density function based on the list of 50 hotspots of Marignier et al. (2020). This

assumes that the list of hotspots is representative enough, that at least part of the

hotspots shares similar seismic velocity profiles, with a low horizontal deflection.

This is done on the 6 (SAVANI) to 13 (SGLOBE-rani) varimax components that

suffice to capture 95% of the variance in the models, for eight different global seismic

tomography models. Based on this classification, we measure a high level of type II er-
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Figure 5: Velocity profiles for the SAVANI model for the ocean off the hotspots points
in a radius of 10◦ (locations B). All ocean profiles are in light blue, the average is in dark
blue and the average over the seven points around the hotspot (locations A) is in red.
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ror (i.e., the missed detections), but a low level of type I errors (i.e., the false alarm rate).

Missed detection or type II error

The naive Bayesian analysis could recover a sub-list of hotspots, from 24% (SAVANI) to

52% (SGLOBE-rani). We could not recover any hotspots for 12 geographical locations:

Bermuda, Comores, East Australia, Eifel, Hoggar, Lord Howe, Martin, Raton, San Felix,

Socorro, Tibesti and Vema. In French & Romanowicz (2015), San Felix is ”somewhat

resolved” while none but Comores are considered as ”primary plume”, and none as

”clearly resolved”. Vema is identified as ”likely” by Marignier et al. (2020), but all other

ones were found to be ”unclear” or ”unlikely” in their study. Moreover, the missed

detections are at least partly model-dependent: 12 hotspots were recovered in one or

two models while being absent in the other ones (Figure 4 and Table S2). Among them,

Cameroon, recovered by S20RTS, and Galapagos, recovered by SGLOBE-rani, are men-

tioned as ”clearly resolved” by French & Romanowicz (2015), while Bouvet, identified

by S362WMANI+M, Discovery, identified by SGLOBE-rani and S362WMANI+M, and

Fernando, identified by S20RTS, are considered as ”likely” by Marignier et al. (2020).

As discussed briefly above, this partial recovery of hotspots suggests that at least some

of the missed detections are possibly not the surface expression of mantle plumes or

are underlain by very thin plumes beyond the resolution of current global tomography

models. These results are also influenced by the choices made when building the

tomography models, such as, e.g., the different data types used and, importantly, the

distinct choices of model regularisation (Table 1). Let us also remind that Marignier

et al. (2020) and French & Romanowicz (2015) classified the plumes in very distinct

ways to each other and to this study. Based on the analysis of the noise from the highest

harmonic degrees, Marignier et al. (2020) determined the probability that negative

velocities are statistically robust, while French & Romanowicz (2015) established

their classification based on the continuity and amplitude of observed anomalies. For
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example, French & Romanowicz (2015) consider plumes as ”primary” if they identify

a low-velocity conduit where δVS
VS

is lower than 1.5% for most of the depth interval

1,000–2,800 km. We must also consider that our method could not detect plumes that

are deflected on a significant portion of their ascension. Hence, it is not surprising

that there are some differences between those studies and our results. Nevertheless,

overall the main hotspots recovered in this study were also classified as highly likely

mantle plumes in those previous studies; this includes the deflected Pitcairn and Hawaii

plumes, and thus there is a good level of agreement.

False alarm rate or type I error

In our study, we found that while keeping the 29 slices (E–100) in the analysis, the false

alarm rate cannot be brought below 5% if the detection threshold for a point is not larger

than 0.99. In the E–95 case, a threshold not larger than 0.66 ensures the false alarm

rate remains below 5%. This strongly highlights the advantages of using the varimax

approach when analysing global tomography models, as also shown by de Viron et al.

(2021). It is important to emphasise that the null hypothesis test performed on random

sets of surrogate hotspots further demonstrated the specificity of the velocity profiles

from the hotspot list.

The false alarms correspond to a larger set of locations mostly around the hotspots,

but occasionally also away from them (e.g., west of Hawaii, detected by S20RTS, south-

west of Cameroon for GLAD-M25 and west of Juan Fernandes for SGLOBE-rani). This

may support the hypothesis that these detected hotspots are the surface expression of

large-scale mantle phenomena and that many mantle plumes are fat and thus with a ther-

mochemical origin, as suggested by some previous studies (e.g., French & Romanowicz

(2015); Davaille & Romanowicz (2020)). This is also consistent with a possible substan-

tial horizontal deflection of some plumes (Steinberger, 2000; Nolet et al., 2007; Stock-

mann et al., 2019). Alternatively, the anomalies may result from the superimposition

25

D
ow

nloaded from
 https://academ

ic.oup.com
/gji/advance-article/doi/10.1093/gji/ggac415/6767591 by U

niversity C
ollege London user on 28 O

ctober 2022



O
R
IG

IN
A

L
 U

N
E
D

IT
E
D

 M
A

N
U

S
C

R
IP

T

of several thinner plumes that cannot be distinguished due to the limited resolution

of the tomography models as proposed, e.g., for the East African region (Chang et al.,

2020). Beneath Africa, some recovered zones are further away from hotspots (e.g., in the

southern Africa region) and may correspond to mantle plumes that have not yet reached

the upper mantle, as suggested, e.g., by Davaille & Vatteville (2005). Interestingly, the

mantle plume zones identified in our analysis do not appear to surround Africa and

Pacific LLSVPs, but are rather within the LLSVPs. This supports the hypothesis that

the LLSVPs may correspond to bundles of thermochemical, fat plumes as suggested by

Davaille & Romanowicz (2020) or that the LLSVPs are made up of compact piles, topped

by a bundle of plumes, rather than to compact, dense piles with plumes rising from their

edges (e.g., Burke et al. (2008)). Davaille & Romanowicz (2020) used a combination of

geodynamical constraints from fluid mechanics laboratory experiments and seismic to-

mography information to support the thermochemical plume bundle idea. Their results

were partly based on the analysis of minima in shear wave low velocity in the lower

mantle in the tomography model SEMUCB-WM1 along with synthetic resolution tests

of various possible structures of LLSVP-like anomalies. Since our statistical analysis of

the tomography models considered in this study is based on a completely independent

method to the analysis of Davaille & Romanowicz (2020), it provides further alternative

support to the hypothesis of LLSVPs consisting of bundles of thermochemical plumes,

possibly enriched in denser than average material.

6 Conclusion

We provide a quantitative way to look for hotspots using eight different global seismic to-

mography models by looking for coherency between the list of 50 hotspots established by

Marignier et al. (2020) and the depth distribution of shear velocity anomalies provided

by eight global tomography models. The test is based on a näıve Bayesian clustering
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method, which is possible thanks to the varimax PC analysis, providing components

that are much more independent than the original 29 slices of the tomography models

used in our study. The proposed method also assumes that the plumes are not signifi-

cantly deflected horizontally. Based on the 6 (SAVANI) to 13 (SGLOBE-rani) varimax

components that suffice to capture 95% of the model variance, the hotspot list consid-

ered did not allow to establish a generic characteristic, given the high rate of missed

detection, or type II error. Hence, the list of 50 hotspots and the associated distribution

of shear velocity anomalies do not allow a unique definition of a characteristic velocity

profile that could be associated with hotspots. This supports the view that different

geodynamical processes underlie different hotspots.

Nevertheless, we establish a probability distribution of the seismic velocity profiles un-

derneath the hotspots and showed that this distribution does not significantly exist else-

where, i.e., it is specific to a sub-list of hotspots. Our Bayesian analysis could recover

from 24% (SAVANI) to 52% (S20RTS) of the hotspot list. In particular, it recovered eight

of the eleven hotspots classified as “primary plume” by French & Romanowicz (2015) for

at least seven global tomography models, and ten by at least six models. A noticeable

exception is the East African Rift, which obeys the same profiles as the hotspots for all

the tomography models considered, supporting the paradigm that the origin of the Rift

may come from the deep mantle. Moreover, we found that the mantle plume regions

detected in our study do not surround the African and Pacific LLSVPs, but are rather

within them. This rules out the idea that LLSVPs correspond to compact, dense piles

with mantle plumes rising from their edges. Instead, our analysis suggests two possible

options that either the LLSVPs: (1) correspond to bundles of thermochemical mantle

plumes; or (2) are made up of compact piles topped by a bundle of plumes.

Our open, freely available codes are modular and easy to use, and the method can be eas-

ily adapted for further analysis, e.g., of regional seismic tomography models. Moreover,

other tectonic settings can also be investigated in future work, such as, e.g., subduction
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zones and cratons. In the future, it will be worth applying the proposed tests when new

tomographic models are available, and when other criteria allow establishing new lists

of hotspots.
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Figure 6: Probabilities that the velocity profiles beneath a given candidate hotspot
location obey the hotspot signature, given the distribution for the 29 slices (E–100,
outer ring), and the PCs (E–95, middle ring, and E–80, inner ring) for the isotropic part
of the model SGLOBE-rani. This is done for the seven locations that are the closest
to the hotspot (see main text for details). We show detections with a probability lower
(grey) and higher (reddish colors) than 50%, as well as detections with probabilities
with significance lower than 95% (dashed colors). 1: Afar; 2: Amsterdam-St Paul;
3: Ascension; 4: Azores; 5: Baja/Guadalupe; 6: Balleny; 7: Bermuda; 8: Bouvet; 9:
Bowie; 10: Cameroon; 11: Canary; 12: CapeVerde; 13: Caroline; 14: Comores; 15:
Crozet/Pr.Edward; 16: Darfur; 17: Discovery; 18: East Africa; 19: East Australia; 20:
Easter; 21: Eifel; 22: Fernando; 23: Galapagos; 24: Great Meteor; 25: Hawaii; 26:
Hoggar; 27: Iceland; 28: Jan Mayen; 29: Juan de Fuca/Cobb; 30: Juan Fernandez; 31:
Kerguelen; 32: LordHowe; 33: Louisville; 34: McDonald; 35: Marion; 36: Marquesas;
37: Martin/Trindade; 38: Pitcairn; 39: Raton; 40: Reunion; 41: Samoa; 42: San Felix;
43: St Helena; 44: Socorro; 45: Tahiti/Society; 46: Tasmanid; 47: Tibesti; 48: Tristan;
49: Vema; 50: Yellowstone.

9 Data availability

No new data were generated in support of this research. The tomographic models

S20RTS, S40RTS and SEMUCB-WM1 are available directly upon request from their

authors; the other five models are publicly available from the IRIS Earth model collab-

oration repository : http://ds.iris.edu/ds/products/emc-earthmodels/.
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Kustowski, B., Ekström, G., & Dziewoński, A. M., 2008. Anisotropic shear-wave velocity

structure of the Earth’s mantle: A global model, Journal of Geophysical Research,

113(B6).

Lau, H. C. P., Mitrovica, J. X., Davis, J. L., Tromp, J., Yang, H.-Y., & Al-Attar, D.,

2017. Tidal tomography constrains Earth’s deep-mantle buoyancy, Nature, 551(7680),

321–326.
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Table S1: The 50 continuous probability distributions tested in this study. The distri-
butions are proposed in the SciPy.stats library (Virtanen et al., 2020).

-Alpha
-Anglit
-Beta’
-Burr
-Chi2
-Non-central chi2
-(Double/Generalized/Inverted) Gamma
-Erlang
-Exponential Power
-Generalized extreme value
-(Exponentially modified/Folded/Generalized/Inverted/Log/Power/Power log) Normal
-Non-central Ficher
-Fisk
-Generalized Logistic
-Gauss Hypergeometric
-Reciprocal inverse Gaussian
-Gilbrat
-(Right/Left)-skewed Gumbel
-(SU/SB) Johnson
-(One-sided/Limiting Distribution Two-Sided) Kolmogorov-Smirnov
-Laplace
-log-Laplace
-Maxwell
-Mielke Beta-Kappa
-Nakagami
-Pearson type III
-Rayleigh
-Rice
-Student’s T
-Non-centred Student’s T
-Triangular
-Tukey-Lambda
-Von Mises
-(Double/Exponentiated/Minimum/Maximum/Inverted) Weibull
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Table S2: List of the hotspots recovered by the eight S-wave isotropic global tomography
models used in this study, applying the P(50,95) criterion for the principal component
analysis experiment E–95. This corresponds to at least one reddish slice of the middle pie
charts on Figures 6/S2-S8. The hotspots that are underlined indicate the zones classified
as ”Primary Plume” by French & Romanowicz (2015) while the bold ones correspond
to the ”Highly likely” mantle plumes of Marignier et al. (2020).
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Hotspots SGLO SAV S20 S40 SEM S362 SEISG GLAD Total

Afar 1 1 1 1 1 0 1 1 7
Amsterdam/StPaul 1 0 1 1 1 1 0 1 6
Ascension 1 0 1 0 1 0 1 1 5
Azores 1 0 1 0 1 1 1 0 5
Baja/Guadalupe 0 0 0 0 0 0 1 0 1
Balleny 0 0 0 0 1 0 0 0 1
Bermuda 0 0 0 0 0 0 0 0 0
Bouvet 0 0 0 0 0 1 0 0 1
Bowie 1 0 0 1 0 0 1 1 4
Cameroon 0 0 1 0 0 0 0 0 1
Canary 1 1 1 1 1 1 0 1 7

CapeVerde 1 1 1 1 1 1 1 1 8

Caroline 1 0 1 1 1 1 1 1 7
Comores 0 0 0 0 0 0 0 0 0
Crozet/Pr.Edward 1 1 1 1 1 1 1 1 8
Darfur 1 0 0 1 0 0 1 0 3
Discovery 1 0 0 0 0 1 0 0 2
East Africa 1 1 1 1 1 1 1 1 8
East Australia 0 0 0 0 0 0 0 0 0
Easter 1 1 1 1 1 0 1 1 7
Eifel 0 0 0 0 0 0 0 0 0
Fernando 0 0 1 0 0 0 0 0 1
Galapagos 1 0 0 0 0 0 0 0 1
GreatMeteor 1 0 1 0 0 1 1 0 4
Hawaii 1 1 1 1 1 0 1 1 7
Hoggar 0 0 0 0 0 0 0 0 0
Iceland 1 1 1 1 1 1 1 1 8
Jan Mayen 1 0 0 1 1 1 1 1 6
JuandeFuca/Cobb 1 0 0 1 1 0 1 1 5
JuanFernandez 0 0 0 0 0 0 0 1 1
Kerguelen(Heard) 0 1 0 1 1 1 1 1 6
LordHowe 0 0 0 0 0 0 0 0 0
Louisville 1 0 1 0 1 0 0 0 3
Macdonald 1 0 1 1 1 0 1 1 6
Marion 0 0 1 0 1 1 0 0 3
Marqueses 0 0 1 1 1 1 1 1 6

Martin/Trindade 0 0 0 0 0 0 0 0 0
Pitcairn 1 1 1 1 1 1 1 1 8
Raton 0 0 0 0 0 0 0 0 0
Reunion 1 0 1 1 1 1 0 1 6
Samoa 1 1 1 1 1 1 1 1 8
SanFelix 0 0 0 0 0 0 0 0 0
StHelena 0 0 0 0 0 1 0 0 1
Socorro 0 0 0 0 0 0 0 0 0
Tahiti/Society 1 1 1 1 1 1 1 1 8

Tasmanid 0 0 0 0 0 0 1 0 1
Tibesti 0 0 0 0 0 0 0 0 0
Tristan 0 0 0 0 1 0 0 0 1
Vema 0 0 0 0 0 0 0 0 0
Yellowstone 1 0 0 0 0 0 0 0 1

Total 26 12 23 21 25 20 23 22 -
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Table S3: Percentage of cases for which we obtain 0, 1, 2 or 3 false alarms (FA) for the
eight global tomography models considered in this study, using fifty surrogate hotspots
to perform the statistical analysis (see the main text for further details).

Model 0 FA 1 FA 2 FA 3 FA

SGLOBE-rani 67.6 26.4 4.4 1.6

SAVANI 77.6 20.0 2.4 0.0

S20RTS 67.6 26.4 4.4 1.6

S40RTS 67.6 26.4 4.4 1.6

SEMUCB-WM1 68.4 26.0 4.4 1.2

S362WMANI+M 72.0 24.4 2.8 0.8

SEISGLOB2 67.6 26.4 4.4 1.6

GLAD-M25 69.2 26.0 3.6 1.2
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Figure S1: The four sets of geographical locations considered in this study: red: hotspots
(Locations A); white: grid points in a 10◦ range from each hotspot (Locations B); blue:
oceans (Locations C); green: continents (Locations D)
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Figure S2: Same as in Figure 6, but for the tomography model SAVANI.
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Figure S3: Same as in Figure 6, but for the tomography model S20RTS.
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Figure S4: Same as in Figure 6, but for the tomography model S40RTS.
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Figure S5: Same as in Figure 6, but for the tomography model SEMUCB-WM1.
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Figure S6: Same as in Figure 6, but for the tomography model S362WMANI+M
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Figure S7: Same as in Figure 6, but for the tomography model SEISGLOB2.
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Figure S8: Same as in Figure 6, but for the tomography model GLAD-M25.
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