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Abstract

Subglacial geothermal heat flux affects the dynamics of the Antarctic ice sheet but
is poorly known. We estimate heat flux across West Antarctica and the interior of East
Antarctica by transporting heat flux observations from the contiguous US and Europe,
based on seismic structure with a lateral resolution of about 100 km. We transport
with three Machine Learning models across a hierarchy of complexity (Linear Regres-
sion, Decision Tree, and Random Forest). We have validated the models within the
US and Europe and cross-validated them between the two continents. The uppermost
mantle shear wavespeed is the primary predictor. The geographical patterns can be
reasonably reproduced but the variability tends to be underestimated. Antarctic heat
flux estimates are highly consistent between the three Machine Learning models, but
we report the Decision Tree results. In West and East Antarctica, respectively, we esti-
mate subcontinental-scale heat flux values of 64± 7mW/m2 (spatial mean ± standard
deviation) and 53± 3mW/m2. Heat flux varies regionally across West Antarctica from
50mW/m2 to 83mW/m2 and across East Antarctica from 50mW/m2 to 74mW/m2.
Particularly high heat flux occurs in the western Transantarctic Mountains and Marie
Byrd Land in West Antarctica and the lowest heat flux occurs in Victoria Land, the
Wilkes Subglacial Basin, the Vostok Subglacial Highland, and south of Maud Subglacial
Basin in East Antarctica. We estimate systematic errors including a constant shift in
the continental average (2.5mW/m2) and a variability (higher highs, lower lows) of 25%
from the continental average, along with an average random error of about 13mW/m2

in West Antarctica and 10mW/m2 in East Antarctica. Our estimates are consistent
with a recent seismically-based study by Shen, Wiens, Lloyd, and Nyblade [1] but
are significantly lower in West Antarctica than a magnetically-based study by Martos
et al. [2]. To resolve such inconsistencies, validation of all proxies against heat flux
observations outside Antarctica is needed.
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1 Introduction

1.1 Motivation

Geothermal heat flux is the amount of heat per unit time per unit area (J s−1m−2)
transported from the interior of the solid Earth to the Earth’s surface, which in Antarctica is
principally the ice-bedrock interface. Heat flux is a part of the lower boundary conditions for
ice sheets and can influence their thermomechanical state by weakening basal ice and inducing
subglacial melt and glacial erosion [3–9]. This can accentuate ice flow and Antarctica’s
contribution to future sea level change [10–15]. Improved understanding of subglacial heat
flux would illuminate the dynamics of the Earth’s climate system to improve predictions of
future climate change [16].

Direct observations of heat flux beneath the Antarctic ice sheet, however, remain rare
because of the difficulty and expense of drilling to acquire measurements [17, 18]. Subglacial
heat flux, therefore, introduces a significant uncertainty into Antarctic ice sheet models [6,
16]. As a consequence, indirect estimates of Antarctic geothermal heat fluxn based on various
proxies have attracted much recent interest over the past two decades [1, 2, 19–34]. There
remain, however, significant discrepancies amongst Antarctic heat flux estimates inferred
from different proxies [17].

1.2 Problem statement

We aim to provide reliable estimates of Antarctic heat flux on both continental and
regional scales based on a validated methodology.

First, across the continent of Antarctica, we seek to determine the mean and spatial
variability of heat flux for West and East Antarctica. We refer to this as the continental
dichotomy problem. The amplitude of the dichotomy derives from the fundamental difference
between West and East Antarctica in tectonic and geologic histories. Reliable estimates on
the continental scale can serve as a basis for further refinement of heat flux estimates.

Second, on a regional scale, we also seek to determine the highest and lowest heat flux
values and where they are located. We call this the regional anomaly problem. The high and
low heat flux anomalies can affect ice sheet dynamics on a regional scale. This is fundamental
towards refining the spatial resolution of heat flux estimates to come closer to that of ice sheet
models.

1.3 Previous studies

Inferences of Antarctic heat flux are largely made through different proxies, including
seismic structure [1, 19], magnetic Curie depth [2, 28], and surface topography [26]. Here,
we focus on seismic structure as a proxy because seismic inversion vertically resolves both
the crust and uppermost mantle [35, 36]. Hence, seismic structure can relate heat flux with
features at specific depths, while most other proxies cannot. Moreover, recent development in
seismic instrumentation and methodology have improved the lateral resolution of estimates
of Antarctic seismic structure to about 100 km [e.g., 37, 38], comparable to other continents.
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Estimates of Antarctic heat flux inferred from different proxies are inconsistent [17]. One
reason is that most studies that infer heat flux have not yet been subject to validation in
which heat flux predictions are compared with observations where such observations exist.
Such validation is crucial for evaluating the transportability of heat flux estimation methods
from the regions where they are developed (where heat flux measurements may be plentiful)
to Antarctica.

1.4 Methodology

To evaluate the transportability of heat flux measurements from outside Antarctica, our
previous work used Machine Learning methods to relate seismic structure to heat flux in
the contiguous US and Europe [39]. We compare three Machine Learning models across a
hierarchy of complexity. These are Linear Regression, Decision Tree, and Random Forest
models. We validated the models with holdout data within a continent and cross-validated
them between the US and Europe, in which models developed in the US were applied in
Europe and vice versa. Based on insights from this validation and cross-validation, in this
paper we transport heat flux estimates to Antarctica from the US and Europe. We evaluate
the reliability of Antarctic heat flux estimates by contrasting the predictions from the Machine
Learning models, comparing the US versus Europe heat flux data, and propagating errors
in seismic structure information and heat flux observations to estimate uncertainties in the
estimated heat flux.

We note two terminological conventions in this paper. First, we refer to locations within
Antarctica using the terms north, south, east, and west to mean grid-north, grid-south, grid-
east, and grid-west, respectively, where the reference grid is defined by the Antarctic maps
presented in Figs 3 and 4. Up is grid-north, right is grid-east, etc. Second, there are two
types of “models” discussed herein. There are heat flux models that relate seismic structure
to surface heat flux estimates. When we use the term model in this paper, this is what we
mean. There are also 3-D models of seismic shear wave speed, which we refer to as seismic
“structure” and do not use the term model to refer to them.

1.5 Outline

We first present heat flux data in the US and Europe and information about seismic
structure in the US, Europe, and Antarctica (section 2). We then describe the Machine
Learning models and insights gained from validation within and cross-validation between the
US and Europe. These insights guide our estimates of heat flux with associated uncertainties
for Antarctica (section 3). In section 4, we present our heat flux estimates across Antarctica
and identify regions in the US and Europe that transport heat flux to Antarctica. We close
by comparing our estimates with existing work (section 5).

2 Data

In this section, we describe the data sources and our processing of both heat flux obser-
vations (section 2.1) and seismic structure (section 2.2).
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2.1 Geothermal heat flux observations

To estimate heat flux across Antarctica, we transport heat flux from the US and Europe
because most continental heat flux observations are in those two continents. For both the
US and Europe, our primary source of heat flux observations is the New Global Heat Flow
(NGHF) database [40]. The NGHF database is complemented by the Southern Methodist
University data in the central and Eastern US [41].

Due to the lack of information on the quality of the heat flux observations, we perform
our own quality control. This involves data rejection and imputation based on data ranges,
spatial variability, and non-steady state effects (e.g., hydrothermal circulations). Then, the
data points are smoothed onto a map with a 50 km × 50 km grid. For each grid point, the
median and MAD (median absolute deviation) are computed within a radius of 100 km. The
gridded median heat flux values in the US and Europe are presented in Fig. 1. The MAD
values measure spatial variability and are used as a proxy for errors in the median values
(section 3.4).

2.2 Seismic structure

Information about seismic structure in the US, Europe, and Antarctica is from Shen and
Ritzwoller [35], Lu, Stehly, and Paul [36], and Shen et al. [37], respectively. These structure
estimates have a lateral resolution of about 100 km. This has improved significantly from
previous global structure information with resolution worse than 300 km, which is used as
a proxy for earlier estimates of Antarctic heat flux [e.g., 42]. This improvement benefits
from the emergence of continental-scale seismic arrays and the innovations in methodology
such as ambient noise tomography [e.g., 43, 44]. Moreover, structure information possesses
uncertainty estimates determined from a Bayesian Monte Carlo approach [45].

To extract representative features from the seismic structures, we have identified three
variables with a clustering analysis. These three seismic structural variables are the shear
wavespeed VS at 15 km depth (crust), VS at 65 km depth (uppermost mantle), and Moho depth
(Fig. 2). Moreover, we standardize each variable in each continent, because different seismic
data and imaging methodologies are used on different continents [35–37]. To standardize
variable x, we remove its spatial median µ and then divide by its interquartile range (IQR;
range between the 25th and 75th percentiles) γ,

x′ =
x− µ

γ
. (1)

For a Gaussian distribution, the IQR is larger than the standard deviation by a factor of
about 1.35.

We then interpolate the three seismic structure variables onto the same 50 km × 50 km
grid as heat flux data (section 2.1). Together with the heat flux maps, the seismic structure
maps are the input to the Machine Learning models (section 3.1).
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3 Methods

In this section, we first describe the Machine Learning models (section 3.1) and then
summarize insights from validation within and cross-validation between the US and Eu-
rope (section 3.2). These insights are then applied to transporting heat flux to Antarctica
(section 3.3) and estimating associated uncertainties (section 3.4).

3.1 Machine Learning models

We consider three Machine Learning models to relate seismic structure to surface (sub-
glacial) heat flux, namely the Linear Regression, Decision Tree [e.g., 46], and Random Forest
[47] models. These models span a hierarchy of complexity, where they model variations of the
relationship between heat flux and seismic structure on the continental (Linear Regression),
regional (Decision Tree), and local (Random Forest) scales, respectively [39].

3.2 Validation within and cross-validation between the US and
Europe

The validation within and cross-validation between the US and Europe are our basis for
transporting heat flux predictions to Antarctica [39].

In the validation process, we split the data within a continent (in the US alone or Europe
alone) into a training dataset and a validation dataset. We then fit the Machine Learning
models to the training dataset and evaluate model accuracy against the validation dataset.
For both the US and Europe, we find that seismic structure can explain more than half of the
observed heat flux variations. Uppermost mantle VS is identified as the primary predictor
of heat flux, with crustal VS and Moho depth being secondary. However, crustal VS and
Moho depth are relatively more important for tectonically stable regions (e.g., Eastern US
and Northeastern Europe).

During the cross-validation procedure, we evaluate model transportability by applying
the US-trained models against the European data, and vice versa. For all three models, we
find that the geographic patterns of heat flux are reasonably reproduced from one continent
to the other. However, we find that the absolute amplitudes of variations are under-predicted
in Europe when using the US models and over-predicted in the US when using the European
models. Moreover, we find that the absolute amplitudes can be better predicted if heat flux
observations are standardized in each continent (eq. (1)). Standardization shifts the median
of the data across each continent to zero and divides the continental distribution by a measure
of its spread. European heat flux data have a higher median value and greater spread than
the US data. This standardization reduces the influence of these differences in the heat flux
data between the two continents.

From the validation and cross-validation, we find that the Decision Tree and Random
Forest models are the most accurate, while the Decision Tree and Linear Regression models
are the most transportable. The Decision Tree model has what we see as a beneficial char-
acteristic: it divides the whole area into several regions that are geologically relevant. For
each region, it specifies a unique relationship between seismic structure and heat flux with a
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decision rule. We find that the Random Forest model tends to overfit and produce variations
with scales smaller than the resolution of seismic structure.

3.3 Transporting heat flux to Antarctica

To transport heat flux from the US and Europe to Antarctica, we first combine the US
and European data. To combine the data, we separately standardize heat flux observations
in each continent (eq. (1)). This is because our cross-validation shows that the absolute
amplitudes of heat flux are better reproduced after standardization [39]. Then we combine
these two standardized datasets by giving them equal weights. We discuss the effects of
weights in section 3.4.

We then train the Machine Learning models with the combined data. In particular, the
decision rules obtained from the Decision Tree model are discussed in appendix A. We apply
the resulting models to the Antarctic seismic data to estimate heat flux across Antarctica.
The estimates are smoothed using a Gaussian filter with a standard deviation of 50 km. This
is because the seismic structure information has a resolution of about 100 km. To produce the
final heat flux prediction, we undo the standardization of heat flux. This undoing involves
multiplying the normalized heat flux prediction by a variation γ and then adding a median
µ (eq. (1)). We apply the median and variation by weighing the US and European data
equally (µ = 57mW/m2, γ = 19mW/m2). This undoing has attendant uncertainties, which
we discuss next (section 3.4).

3.4 Uncertainty estimation

We discuss uncertainty estimation in detail in appendix B, but summarize the results
here. We identify and quantify four main sources of uncertainty in our heat flux estimates
across Antarctica. The first two are systematic errors that may introduce a bias in the
estimate and the latter two are non-systematic or random errors. First, we estimate a
constant shift, ϵµ, caused by the difference in the continental average of heat flux observations
between the US and Europe. We estimate its amplitude to be about 2.5mW/m2. Second, we
estimate an uncertainty in variability (higher highs, lower lows), ϵγ, caused by the difference
in the continental variability of heat flux observations between the US and Europe. We
estimate its amplitude to be ϵγ ≈ 0.25|q − µ| where q is a local heat flux estimate and µ
denotes the spatial median of heat flux. Therefore, a heat flux estimate of 70mW/m2 can
have an uncertainty of about 2.5mW/m2. Third, we estimate an uncertainty, ϵm, from the
difference in the Machine Learning models trained in the US versus Europe. We estimate its
amplitude to be about 3mW/m2. Fourth, we estimate an uncertainty ϵv from uncertainties
in seismic structure information in Antarctica, which is typically about 7mW/m2 and is the
largest among all errors. In contrast, we estimate the uncertainty to be small from errors in
heat flux observations in the US and Europe, which is less than 1mW/m2.

We estimate the final uncertainty ϵ by combining the four major uncertainties and as-
suming that they are independent from each other:

ϵ = ±ϵµ ± ϵγ︸ ︷︷ ︸
systematic

±
√

ϵ2m + ϵ2v︸ ︷︷ ︸
random

. (2)
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The majority of the uncertainty is non-systematic (ϵm, ϵv), but the estimates have both a
systematic bias ϵµ of about 2.5mW/m2, which is constant across the map, and systematic
variability ϵγ of about 25% from the continental average. The combined uncertainties are
presented in Fig. 3d–f. If an ensemble of heat flux estimates is to be derived from perturb-
ing our estimates, however, the combined uncertainties should not be used. Instead, the
systematic and random errors should be considered separately according to eq. (2).

4 Results

In this section, we discuss our predicted heat flux with associated uncertainties across
West Antarctica and the interior of East Antarctica, focusing on the dichotomy between
East and West Antarctica (section 4.1) and regional high or low heat flux anomalies
(section 4.2). Then we identify structurally similar regions between Antarctica, the US,
and Europe (section 4.3) to illuminate which regions of the US and Europe contribute to
Antarctic heat flux predictions.

4.1 Heat flux dichotomy between East and West Antarctica

All three models delineate theWest-East Antarctica dichotomy separated by the Tansantarc-
tic Mountains. This dichotomy also appears in both the uppermost mantle VS and Moho
depth (Fig. 2hi). From the Decision Tree model, the spatial mean and standard deviation
of heat flux values are 64± 7mW/m2 and 53± 3mW/m2 (mean ± standard deviation) for
West and East Antarctica, respectively. These values are similar to those from the Linear
Regression and Random Forest models.

Local uncertainties in our estimates of heat flux across West and East Antarctica are
about 13mW/m2 and 10mW/m2 (spatial median), respectively, in the Decision Tree Model.
Larger average uncertainties in West Antarctica derive mainly from the uncertainty in seismic
structure ϵv (section 3.4). This is because heat flux values in West Antarctica are higher and
more variable, and a small perturbation to the seismic structure can produce large changes
in heat flux predictions.

4.2 Regional heat flux anomalies across Antarctica

From all three Machine Learning models, we identify two high heat flux anomalies (80±
20mW/m2) in West Antarctica (Fig. 3a–c). These are located in the western Transantarc-
tic Mountains (Ellsworth, Whitmore, and Thiel Mountains) and Marie Byrd Land. These
anomalies are associated with the very slow uppermost mantle VS there (Fig. 2i). The rest
of West Antarctica has relatively high heat flux (65mW/m2), which is associated with the
relatively slow uppermost mantle VS (Fig. 2i).

Based on the Linear Regression and Decision Tree models, we find the lowest heat flux
values (50± 7mW/m2) near the periphery of our study region in East Antarctica (Victoria
Land, Wilkes Subglacial Basin, Vostok Subglacial Highland, and south of Maud Subglacial
Basin). These low values are associated with fast uppermost mantle VS and thick crust.
Intermediate heat flux values are found in the rest of East Antarctica (55mW/m2).
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For all three models, heat flux is somewhat elevated in the Gamburtsev Subglacial Moun-
tains from the rest of East Antarctica because of its relatively slow uppermost mantle VS and
deep Moho. In contrast, heat flux is depressed in the center of the Ross Ice Shelf from the
rest of West Antarctica due to its fast uppermost mantle and crustal VS (Fig. 2g–i). We also
estimate relatively large uncertainties (15mW/m2) at these two regions. This is because the
crust is very thick in the Gamburtsev Subglacial Mountains and thin in the Ross Ice Shelf,
and the Moho depth plays a different role between the US and European models [39].

4.3 Source regions of Antarctic heat flux anomalies in the US and
Europe

Based on the Decision Tree model, we compare regions with similar seismic structure
between Antarctica, the US, and Europe (Fig. 4). This illuminates where predictions derive
in the Decision Tree model and shows the unique advantage of the Decision Tree model for
geologically relevant regionalization.

On a subcontinental scale, West Antarctica has high heat flux because it has seismic
structure similar to both the Alps in Europe, and the Colorado Plateau and Columbia River
region in the US. These regions are characterized by the relatively slow uppermost mantle VS

and fast crustal VS. On the other hand, East Antarctica has low heat flux because its seismic
structure is similar to both the basins to the north of the Alps (North Germany Basin, Paris
Basin, Ebro Basin) and the Apennines and Dinarides to the south of the Alps in Europe,
and the Mississippi Embayment and Eastern Rocky Mountains in the US. These regions are
characterized by relatively fast uppermost mantle VS and either slow crustal VS or thick crust.

On a regional scale, the western Transantarctic Mountains and Marie Byrd Land have
the highest heat flux, which is transported from the Snake River Plain, the Basin and Range,
and the Rio Grande Rift in the Western US, and the Pannonian Basin and Anatolia in
Europe. These regions are characterized by a very slow uppermost mantle and crustal VS.
In contrast, the periphery of our study region in East Antarctica has the lowest heat flux,
which is transported from both the Interior Plains in the central and Eastern US, and the
Baltic Shield and Russian Platform in northwest Europe. These regions are characterized by
a fast uppermost mantle and crustal VS.

5 Discussion: Comparison with Previous Studies

We now compare our Antarctic heat flux estimates with the two recent studies of Shen,
Wiens, Lloyd, and Nyblade [1] and Martos et al. [2]. Our estimates are similar for the Linear
Regression and Decision Tree models, but we use Linear Regression estimates for comparison
because the Decision Tree estimates are discrete and are less informative when compared
visually to data. Martos et al. [2] estimates heat flux from thermal modeling based on the
magnetic Curie depth, which they determine from airborne magnetic data. Shen, Wiens,
Lloyd, and Nyblade [1] and our study both estimate heat flux based on seismic structure
and the extraploation of heat flux observations from elsewhere in the world. However, Shen,
Wiens, Lloyd, and Nyblade [1] use heat flux observations only from the US and consider
a different Machine Learning model (k-nearest neighbors) similar to that of Shapiro and
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Ritzwoller [19]. To the best of our knowledge, neither of the studies of Shen, Wiens, Lloyd,
and Nyblade [1] and Martos et al. [2] were validated against observations elsewhere in the
world. We focus the comparison on heat flux estimates of the largest scale, namely the
continental dichotomy in these studies. We believe that a more refined comparison would be
more informative after those studies were validated against observations.

In comparing the predictions from the different studies, it is important to use as a touch-
stone the distributions of heat flux observations in the US and Europe (Fig. 5ab). We believe
it is unlikely that heat flux distributions in Antarctica will differ greatly from the US and
Europe. We see Western US and Southwestern Europe as analogues of West Antarctica, as all
have been recently deformed tectonically. We also believe the Eastern US and Northeastern
Europe are analogues of East Antarctica, as all are tectonically stable regions. Therefore,
we expect West and East Antarctica to have similar heat flux distributions to the analogous
regions. Specifically, for the Western US, we find a spatial median of 68mW/m2 with an IQR
(25th percentile to 75th percentile) of about 20mW/m2. Southwestern Europe has similar
statistics but a slightly lower median and more variability. For the Eastern US, we find a
spatial median of 51mW/m2 with an IQR of about 9mW/m2. Northeastern Europe has
similar variability but a lower median of 45mW/m2. Therefore, the statistical distributions
of heat flux are quite similar both between the Western US and Southwestern Europe, and
the Eastern US and Northeastern Europe. For East and West Antarctica, we expect a similar
heat flux distribution to these stable and tectonic regions, respectively.

Zhang and Ritzwoller [39] find that the Decision Tree and Linear Regression models rea-
sonably reproduce the statistical distribution of observations in both the US and Europe.
Fig. 5cd here shows the predicted distributions in the tectonic and stable regions. The
statistical distributions of the predicted values are within the observed distributions (differ-
ence of medians smaller than 5mW/m2). The range of the predicted values, however, is
smaller than that of the observations (IQR about 40% and 10% smaller for tectonic and
stable regions, respectively). As discussed by Zhang and Ritzwoller [39], the predictions
match the geographical distribution of heat flux values well but underpredict their variabil-
ity. Therefore, we expect that our Antarctic heat flux estimates will have accurate medians
and geographical patterns, but relatively low variability. This underestimation of variability
is partially accounted for in our uncertainty estimation ϵγ (section 3.4).

For the purpose of comparison, we interpolate the heat flux estimates of Shen, Wiens,
Lloyd, and Nyblade [1] and Martos et al. [2] onto the same grid as our heat flux estimates
(50 km × 50 km) and smooth them using a Gaussian filter with a standard deviation of
50 km. We then summarize their spatial statistics in West and East Antarctica (Fig. 5ef)
and compare with observations in the US and Europe.

In the tectonically stable East Antarctica, the estimates of Shen, Wiens, Lloyd, and
Nyblade [1] and Martos et al. [2] are consistent with each other and with our estimates
(Fig. 5f) in that their median values lie within 5mW/m2 of each other. The statistical
distribution of Martos et al. [2] extends to higher values than the distributions based on
seismic structure. For example, the 95th percentile for Martos et al. [2] at the high end is
approximately 70 mW/m2, whereas the predictions from the seismic proxies are lower than
62 mW/m2. Additionally, the predictions from Martos et al. [2] extend higher than the
observations across Northeastern Europe and the Eastern US (95th percentile lower than
65mW/m2).
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For West Antarctica, our estimates are consistent with Shen, Wiens, Lloyd, and Nyblade
[1] but systematically lower than Martos et al. [2], which has a heavy tail at high heat flux
(Fig. 5e). This high tail is also missing from observations in tectonically active regions
of the Western US and Southern Europe (Fig. 5a). For example, the 95th percentile of
Martos et al. is about 135mW/m2, in contrast with the 95th percentile of observations in
the Southwestern Europe and Western US which are below 95mW/m2.

If the estimates from Martos et al. are accurate in West Antarctica, then the Western US
and Southwestern Europe on the whole are not good heat flux proxies for West Antarctica.
We note that the heat flux observations in the Rio Grande Rift are much lower than the
estimates from Martos et al., which we believe is a reasonable analogue for parts of West
Antarctica.

In conclusion, we find that our heat flux estimates as well as those of Shen, Wiens, Lloyd,
and Nyblade [1] in West and East Antarctica are consistent with the statistical distributions
of observations in analogous tectonic and stable regions of the US and Europe. We believe
that heat flux is overestimated in West Antarctica by Martos et al. [2], which disagrees with
the distributions of heat flux observed in the US and Europe. This conclusion is further
supported by the Curie depth estimates in the US from Bouligand, Glen, and Blakely [48].
They use a similar approach as Martos et al. [2] to estimate heat flux from Curie depth in
the US, but they find that heat flux is systematically overestimated for regions with shallow
Curie depths (e.g., Cascade Range, Basin and Range).

6 Conclusion

This work aims to estimate both the continental dichotomy and regional anomalies of heat
flux across Antarctica with associated estimates of uncertainty in both. We produce heat flux
estimates by transporting heat flux from the US and Europe based on seismic structure with
a lateral resolution of about 100 km, using three Machine Learning models across a hierarchy
of complexity. These are the Linear Regression, Decision Tree, and Random Forest models.
These models have been validated within and cross-validated between the US and Europe in
our previous study [39].

We find that Antarctic heat flux estimates are highly consistent between the Linear Re-
gression and Decision Tree models. For simplicity, discussion in the following paragraphs is
based on the Decision Tree model estimates.

For the large-scale east-west dichotomy problem, we estimate representative heat flux val-
ues of 64± 7mW/m2 (spatial mean ± standard deviation) and 53± 3mW/m2 in West and
East Antarctica, respectively. We note that we probably underestimate spatial variability
particularly in West Antarctica. In East Antarctica, these statistics are consistent with both
the previous seismically-based estimate by Shen, Wiens, Lloyd, and Nyblade [1] and observa-
tions in the tectonically stable regions of the Eastern US and Northeastern Europe. In West
Antarctica, our estimates are systematically lower than the magnetically-based estimate by
Martos et al. [2], which is also higher than observations in the tectonically recently deformed
Western US and Southern Europe. We hypothesize that Martos et al. [2] overestimates heat
flux in West Antarctica.

For the regional-scale anomaly problem, we identify the same robust features from all three
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Machine Learning models. High heat flux occurs in the western Transantarctic Mountains and
Marie Byrd Land (80±20mW/m2). These high anomalies are associated with slow uppermost
mantle and crustal VS. Low heat flux happens in Victoria Land, the Wilkes Subglacial
Basin, the Vostok Subglacial Highland, and south of Maud Subglacial Basin (50±7mW/m2).
These low anomalies are associated with slow uppermost mantle VS and thick crust. These
associations are uniquely illuminated by the Decision Tree model.

To estimate the uncertainties associated with our heat flux estimates, we identify four
main sources of uncertainty. We estimate systematic errors of both a constant shift in the
continental average (2.5mW/m2) and a variability (higher highs, lower lows) of 25% from
the continental average, along with an average local random error of about 13 mW/m2 in
West Antarctica and 10 mW/m2 in East Antarctica. These uncertainties are caused by the
differences in the heat flux observations and Machine Learning models between the US and
Europe, and uncertainties in seismic structure information.

Heat flux estimation in Antarctica can be improved further by improving the number and
quality of existing heat flux observations outside Antarctica [49] and by producing better
images of seismic structure in Antarctica and outside Antarctica where heat flux observa-
tions are available. Improvement is also expected by combining seismic structure with other
proxies, such as magnetic Curie depth and surface topography [e.g., 26, 28, 29]. However, all
proxies need to be validated outside Antarctica, such as in the US and Europe as discussed by
Zhang and Ritzwoller [39]. This validation is crucial for resolving the inconsistencies between
heat flux estimates for Antarctica based on different proxies, such as those between Martos
et al. [2] and this study in West Antarctica.

Resolving existing inconsistencies between different heat flux proxies would improve the
reliability of estimates of heat flux beneath Antarctica, which can better constrain the sub-
glacial thermal boundary conditions of the Antarctic ice sheet. This would lead to more
accurate dynamic modeling of the Antarctic ice sheet both to illuminate its evolution in the
past and to predict the extent of stability in the future. The stability of the Antarctic ice
sheet will affect its contribution to future sea level change.
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Figure 1: Heat flux observations. (a) Heat flux observations after quality control
and smoothing, plotted in the US. Red lines denote geological provinces [50]. Gaps in the
Midwestern US are caused by lack of observations. (b) Similar to (a) except in Europe.
These data are based on Lucazeau [40] and Blackwell et al. [41].
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Figure 2: Seismic structure. (a)–(c) In the US, seismic structure plotted for (a) the VS at
15 km depth, (b) Moho depth, (c) VS at 65 km depth from Shen and Ritzwoller [35]. (d)–(f)
Similar to (a)–(c) except in Europe from Lu, Stehly, and Paul [36]. (g)–(i) Similar to (a)–(c)
except in Antarctica from Shen et al. [37]. The gap in East Antarctica is caused by the lack
of seismic station coverage there.
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Figure 3: Heat flux predictions across Antarctica. (a)–(c) Heat flux estimates across
Antarctica from (a) the Linear Regression (LR), (b) Decision Tree (DT), and (c) Random
Forest (RF) models. (d)–(f) Uncertainties associated with (a)–(c), respectively.
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Figure 4: Identifying regions in the US and Europe that transport heat flux to
Antarctica. In (a) the US, (b) Europe, and (c) Antarctica, predicted heat flux from the
Decision Tree model is plotted. These maps are presented to identify regions in the US and
Europe that transport heat flux predictions to Antarctica.
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Figure 5: Comparison with previous studies. (a) & (b) Statistical summaries of
heat flux observations in the US and Europe are shown for (a) Western US (W US) and
Southwestern Europe (SW Europe), and (b) Eastern US (E US) and Northeastern Europe
(NE Europe). Red circles denote the median of a region, while blue and orange bars denote
±25% from the median (25th percentile to 75th percentile) and ±45% from the median (5th
percentile to 95th percentile), respectively. (c) & (d) Similar to (a) & (b) but from heat flux
estimates based on the Linear Regression model trained using the US and Europe data. (e)
& (f) Similar to (a) & (b) but for heat flux estimates in Antarctica (ANT) including (a)
West Antarctica (WANT) and (b) East Antarctica (EANT). This study uses three Machine
Learning models but only the Linear Regression (LR) estimates are shown for simplicity.
Martos17 = Martos et al. [2], Shen20 = Shen, Wiens, Lloyd, and Nyblade [1].
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Appendix A Decision rules
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Figure A.1: Decision rules obatined from the Decision Tree model. Each column
represents a decision rule, ordered by decreasing heat flux predictions q from left to right
(83mW/m2 to 50mW/m2). Each row denotes one of the three seismic structural variables
and the variables are increasing with depth from top to bottom (VS at 15 km depth, Moho
depth, and VS at 65 km depth). The full statistical distributions of the variables are shown as
black histograms, where the values have been standardized (eq. (1)). For each decision rule
(column), the variables are successively split by certain threshold values, with the order of
splitting color-coded in blue, orange, and green for increasing levels of L = 1, 2, 3. Note that
the distributions are often split at valleys or peaks, which tend to correlate with geological
boundaries.

19



preprint submitted to Earth and Planetary Science Letters

Appendix B Uncertainty estimation

We identify and model the effect of five sources of uncertainty: (1) & (2) differences in the
(1) median and (2) variability of the statistical distributions of heat flux observations between
the US and Europe; (3) differences in the estimates from the Machine Learning models trained
in the US and Europe; (4) errors in the seismic structure information in Antarctica; and (5)
errors in heat flux observations in the US and Europe. We denote uncertainties from these
five sources of error as ϵµ, ϵγ, ϵm, ϵv and ϵq, respectively.

(1) The medians of the statistical distribution of heat flux observations between the US and
Europe are different. The median µ of heat flux in the US and Europe are 55mW/m2 and
60mW/m2, respectively. This means that compared to the US heat flux observations, the
European data are higher on average. This difference can change the absolute amplitudes
of heat flux estimates transported to Antarctica but not the geographic patterns. Specif-
ically, for Antarctic estimates, the median µ can shift by about ±2.5mW/m2, which we
denote as ϵµ ≈ 2.5mW/m2 (Figs B.1 and B.2 first row).

(2) The variability of the statistical distributions of heat flux observations between the US
and Europe is different. The IQR (interquartile range; eq. (1)) γ of heat flux in the
US and Europe are 15mW/m2 and 25mW/m2, respectively. This means that com-
pared to the US heat flux observations, the European data are more spatially variable.
This difference can change the absolute amplitudes of heat flux estimates transported to
Antarctica but not the geographic patterns. Specifically, for Antarctic estimates q, the
amplitude of variation γ can oscillate around the median µ by about 25%, which we de-
note the absolute value of this oscillation as ϵγ ≈ 0.25|q−µ|. For example, if the median
µ = 60mW/m2, then an estimate q = 80mW/m2 has an uncertainty ϵγ of 5mW/m2

(Figs B.1 and B.2 second row).

(3) The Machine Learning models trained in the US and Europe are different. This difference
means that similar seismic structure between the US and Europe can predict distinct
heat flux values, even after accounting for the difference in the heat flux distributions
between the two continents (ϵµ and ϵγ). To quantify how this difference affects Antarctic
predictions, we first undo the standardization with a common median µ and IQR γ for
the standardized heat flux observations in the US and Europe (µ = 57mW/m2, γ =
19mW/m2). Then we train the Machine Learning models with different weights on the
US versus European data. We find that weighting either the US or European data twice
more does not change heat flux predictions significantly (difference ∆ about ±1mW/m2).
However, using either the US or European data alone can produce differences ∆ as large
as ±10mW/m2. Therefore, we use half the absolute values of this difference from using
either the US or European data alone ∆ as the uncertainty: ϵm = |∆|/2. Typical values
of ϵm are about 5mW/m2 (Figs B.1 and B.2 third row).

(4) Seismic structure information in Antarctica is presented with associated uncertainty es-
timates. These errors can arise from biases in seismic measurements and non-uniqueness
in seismic inversions. Shen et al. [37] estimate uncertainties for the VS at 15 km, VS at
65 km, and Moho depth of about 1% (0.05 km/s), 2% (0.1 km/s), and 10% (4 km), respec-
tively. For the Decision Tree and Random Forest models, we first randomly perturb the
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seismic variables assuming Gaussian distributions with these uncertainties as standard
deviations. Then we compute the standard deviation of predictions from 1000 such per-
turbations and use it as a prediction uncertainty. For the Linear Regression models, the
perturbation is not needed and the uncertainty can be linearly propagated from seismic
variable uncertainty. We estimate this uncertainty to be about 6.5mW/m2 (Figs B.1
and B.2 fourth row).

(5) Heat flux observations in the US and Europe also have errors, which can result from
local or non-steady state processes such as paleoclimate variations, sedimentation and
erosion, seismicity, and ground water or magma convection [52]. Unfortunately, most
heat flux observations do not have associated quality information such as measurement
errors and site characterization. Therefore, we use the spatial variability of heat flux
(MAD) as a proxy for its uncertainty. In both the US and Europe, the spatial MAD
values of heat flux observations within a 100 km radius are about 10mW/m2. For the
Linear Regression model, this propagates to an error of about 0.3mW/m2 in heat flux
estimates: ϵq ≈ 0.3mW/m2. The model has a reduced chi-squared misfit of about
0.9. This uncertainty is also small for the Decision Tree and Random Forest models.
This is because these models make predictions by averaging a large number of heat flux
observations (typically > 100).

The uncertainties are combined according to eq. (2) and are shown in Fig. 3d–f and
Fig. B.2m–o.

We compare predictions from the three Machine Learning models and find their differences
are smaller than uncertainties (MAD about 4mW/m2; Fig. B.3). Moreover, we find that
the Linear Regression and Decision Tree predictions are the most similar, while the Linear
Regression and Random Forest predictions are the most different.

We expect, however, this uncertainty ϵ to be no smaller than the misfit of the Machine
Learning models against the validation datasets in the US and Europe. The misfit composes
multiple errors including both those listed above and others such as model inaccuracy. For
example, the Linear Regression model cannot be highly accurate if the relationship between
heat flux and seismic structure is strongly nonlinear. Thus, our most optimistic expectation
about errors is from the validation within the US, which is better than that in Europe
[39]. These metrics are r2 ≈ 0.6 (coefficient of determination which measures normalized
overall misfit), RMSE ≈ 8mW/m2 (Root Mean Squared Error which measures overall misfit),
ρ = 0.9 (Pearson’s correlation coefficient which measures geographic coherence). On the
other hand, the errors can turn out smaller than those from transporting between the US
and Europe (r2 ≈ 0.4,RMSE = 10mW/m2, ρ ≈ 0.7 from Europe to the US, and being worse
vice versa). This is because the seismic structure information in Antarctica from Shen et al.
[37] is constructed more similarly to that in the US from Shen and Ritzwoller [35] than that
in Europe from Lu, Stehly, and Paul [36], ceteris paribus.
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Figure B.1: Sources of uncertainties. (a)–(c) The uncertainty ϵµ is plotted for (a) the
Linear Regression (LR), (b) Decision Tree (DT), and (c) Random Forest (RF) models. (d)–(l)
Similar to (a)–(c) except for the uncertainty (d)–(f) ϵγ, (g)–(i) ϵm, (j)–(l) ϵv. The combined
uncertainties are shown in Fig. 3d–f.
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Figure B.2: Uncertainty versus heat flux. (a)–(l) Similar to Fig. B.1a–l except that
the uncertainties are plotted as a function of heat flux predictions. (m)–(o) The combined
uncertainties are shown (Fig. 3d–f). 23
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Figure B.3: Differences between predictions from the three Machine Learning
models. (a) Difference between predictions from the Linear Regression (LR) and Deci-
sion Tree (DT) models. (b) Predictions from LR versus DT. The MAD (median absolute
deviation) has a unit of mW/m2. The ρ denotes the linear correlation coefficient. (c) & (d)
Similar to (a) & (b) except between Random Forest (RF) and DT. (e) & (f) Similar to (a)
& (b) except between RF and LR.
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