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Abstract.

Dust emission is modulated
::::::::::
Windblown

:::
dust

:::::::::
emissions

:::
are

:::::::
governed

:
by near-surface wind speed and land surface conditions

. A better understanding of dust emission variability and relationship with its physical drivers is essential for explaining existing

discrepancies
:::
soil

::::::::::
erodibility,

:::
the

::::
latter

:::::::::
influenced

:::
by

:::::::::::
hydroclimate

:::::::::
conditions

::::
and

::::
land

::::
use.

::::::::
Accurate

::::::::::::
representations

:::
of

:::
the

:::::::
influence

::
of

:::::
these

::::::
drivers in Earth system models (ESMs) and guiding future improvement. This study evaluates the consistency5

of 21 ESMs in representing the collective and relative influence of
::
is

::::::
critical

:::
for

::::::::::
reproducing

::::::::
historical

::::
dust

:::::::::
variability

::::
and

::::::::
projecting

::::
dust

::::::::
responses

:::
to

:::::
future

:::::::
climate

:::
and

::::::::
land-use

:::::::
changes.

:::::
Here

:::
we

:::::::
evaluate

:::
the

:::::
model

::::::::::
consistency

:::
in

:::::::::
simulating

:::
the

:::::::::
interannual

:::::::::
variability

::
of

::::
dust

::::::::
emissions

:::
and

::::::::
quantify

:::
the

:::::::
variance

::::::::
explained

:::
by wind speed and five hydroclimate variables in

modulating the dust interannual variability across different climate zones . In hyperarid regions
:::::::::::
hydroclimate

::::::
drivers

:::::
within

:::
21

::::
Earth

::::::
system

:::::::
models

:::
and

:::::
three

::::::
climate

::::::
zones

:::::::::
(hyperarid,

::::
arid

:::
and

:::::::::
semiarid).

::
In

:::
the

:::::::::
hyperarid

::::
zone, the models show

::::::
exhibit10

poor agreement in simulating dust variability, but capture the dominant wind control, except for GFDL-ESM4 and CESM

coupled with the Kok et al. (2014) scheme, which exhibit anomalously strong hydroclimate influence.
::::
with

::::
only

::::
10%

::::
out

::
of

:::
210

::::::::
pairwise

:::::::::::
comparisons

:::::::
showing

:::::::::
significant

:::::::
positive

:::::::::::
correlations.

:
In arid and semiarid regions, the dust variability is

shaped by a dual
::::::
zones,

:::
the

::::::
models

::::::
display

::
a
::::::
dipole

::::::
pattern

::::::
driven

::
by

::
a
::::::::::::
"double-edged

::::::
sword"

:
effect of land surface mem-

ory: models with coherent hydroclimate variability converge in dust responses, while
::::
show

:::::::::
improved

:::::::::
agreement,

::::::::
whereas15

those with divergent hydroclimate representations lead to
::::
show

:
increased disagreement. Although all

::::
Most

:
models capture the

increasing importance of hydroclimate drivers with decreasing aridity, the magnitude and spatial pattern of this transition vary

considerably, resulting in growing inconsistency in the relative importance of wind and hydroclimate drivers. Implementing

::::::::
dominant

:::::::
influence

:::
of

::::
wind

:::::
speed

:::
on

::::
dust

::::::::
emissions

:::
in

::::::::
hyperarid

:::::
areas

:::::
except

::::::::::::
GFDL-ESM4

:::
and

:::::::::::::::::
CESM2-CAM-Kok,

::::::
which

::::::
display

::::
large

::::::
spatial

:::::::::
variability

:::
and

:::::::::::
anomalously

::::
high

::::::::
sensitivity

:::
to

:::
soil

:::::::
moisture

::::
and

:::::::::::
precipitation,

::::::::::
respectively.

::::::::::::
Incorporating20

the Kok et al. (2014) scheme in CESM and E3SM generally enhances the hydroclimate influence compared to
::::::::
amplifies

:::
the

:::
dust

:::::::::
sensitivity

::
to

::::::::::::
hydroclimate

::::::
drivers

:::
and

:::::::
reduces

:::
the

:::::
wind

::::::::::
contribution

::
to

:::::::::
explained

:::::::
variance,

::::
e.g.,

:::::
from

::::
56%

::
to
:::::

46%
:::
for

:::::
CESM

::::
and

::::
from

:::::
86%

::
to

::::
75%

:::
for

::::::
E3SM

::
in

:::
the

::::
arid

:::::
zone.

:::::
These

:::::::
findings

:::::::::
underscore

:
the Zender et al. (2003) scheme. These

findings reveal key structural differences in dust emission simulations in ESMs, and underscore the importance of improved
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representations of hydroclimate variability
::::
need

::
to

:::::::
improve

:::
the

:::::::::::::
representations

::
of

:::::::::::
near-surface

:::::
winds

::
in

::::::::
hyperarid

:::::
areas

::::
and25

:::::::::::
hydroclimate and land surface processes in predicting dust responses to climate variations and changes

:::
arid

::::
and

:::::::
semiarid

:::::
areas

::
to

:::::
reduce

::::::
model

:::::::::::
uncertainties

::
in

:::
dust

::::::::
emission

::::::::
estimates.

1 Introduction

Wind-blown dust from dryland regions
:::::::::
Windblown

::::
dust

:::::::
aerosol is an essential element of the Earth’s biogeochemical cy-

cle, but has become a global concern due to its transboundary, multifaceted
:::::::::::
wide-ranging

:
impacts on the climate, public30

health
:::::::::
ecosystems, agriculture, and socioeconomic well-being

::::::
society. Dust emission is modulated by a number of atmospheric

and land surface parameters related to
:::::::
variables

::::::
which

:::
can

::
be

:::::::
grouped

::::
into three broad drivers: sediment supply, sediment avail-

ability, and wind erosivity, which collectively determine the dust event timing, location, duration, and intensity
:::::::
intensity,

::::
and

::::::
impacts

::
of

::::
dust

::::::
events (Xi, 2023). The most abundant sediment supply is typically found in low relief areas with thick layers of

fine, unconsolidated materials produced by
::::::::
generated

:::
via

:
weathering, fluvial, and/or aeolian processes (Bryant, 2013). These35

fine sediments, however, are not always available for dust entrainment due to the protection of groundwater
:::
The

::::::::
sediment

:::::::::
availability

::
for

::::::::
airborne

::::
dust

:::::::::
production

::
is

:::::::
strongly

:::::::
affected

:::
by

::::
soil

:::::::
moisture

:
and surface armoring , such as

::::
(e.g.,

:
vegeta-

tion, soil crusts, and
:::::
crust, non-erodible particles (Bullard et al., 2011). The sediment availability is modulated primarily by

hydroclimate variability and land use practices (e.g., desertification, afforestation) ,
:::::
coarse

::::::::
particles)

:
which determine the

minimum or threshold wind velocity required to initiate mobilization.
::::
dust

::::::::::
mobilization

::::::::::::::::::
(Bullard et al., 2011).

:::
To

::::::
initiate

::::
dust40

::::::::
emission,

::::::::::
near-surface

:::::
winds

:::::
must

::
be

::::::
strong

::::::
enough

::
to

::::::
exceed

:::
the

::::::::
threshold

:::::
wind

:::::::
velocity.

:::
As

:
a
::::::
result,

:::
the Wind

::::
wind erosiv-

ity is dominated by rare
::::::::
infrequent, high wind events which may last from minutes to days, depending on the meteorological

mechanism (Knippertz, 2014)
:::::::
generate

::::::::
sufficient

::::
drag

::
to

:::::::
mobilize

:::
soil

::::::::
particles

::
via

::::::::
saltation

:::
and

::::::::::
sandblasting

:::::::::::
mechanisms. De-

pending on the relative importance of the three drivers, dust emission may fall into one of three
::::::
distinct

:
regimes: supply-limited,

where a lack of suitable-sized sediments restricts dust emission; availability-limited, where fine sediments are present but are45

protected against wind
:::::::
protected

:::::::
against erosion; and transport capacity-limited, where sediments are dry and exposed , but

the
::
but

:
near-surface winds are too weak to initiate dust entrainment

:::::::
mobilize

:::
the

:::::::
particles.

The physical
::::
three

:::
dust

::::::::
emission drivers have been incorporated into global coupled aerosol models or

:
in

::::::
global

::::::::::::
aerosol-climate

::::::
models

:::
and

:
Earth system models (ESMs) to represent the environmental control of

::::::
capture

:::
the

::::::::::::
environmental

:::::::
controls

:::
on the

dust cycle. In many models, sediment supply is represented by
::::
Dust

:::::::
emission

::::::::
schemes

::
in

::::
many

::::::
ESMs

:::
use a time-invariant dust50

source function which approximates the abundance of erodible materials on a scale of 0 to 1 (e.g., Ginoux et al., 2001; Zender et al., 2003)

. High values are generally found in topographic depressions which contain thick layers of
::
to

::::::::
represent

:::
the

:::::::
spatially

:::::::
varying

:::::::
sediment

::::::
supply,

::::
with

::::
high

::::::
values

::::::::
generally

::::::::
associated

::::
with

::::::::::
topographic

::::::::::
depressions

:::::::::
containing

::::::::
abundant alluvial or lacustrine

deposits (Prospero et al., 2002). Dust models generally assume
:::::::::::::::::::::::::::::::::::::::::::::::::::
(Ginoux et al., 2001; Prospero et al., 2002; Zender et al., 2003)

:
.
:::::
These

:::::
areas

:::
are

::::::::
generally

:::::::
assumed

::
to

:::::
have an unlimited sediment supply

:
, without accounting for sediment depletion or re-55

plenishment over time (Zhang et al., 2016a). The hydroclimate modulation of sediment availability is represented by multiple

parameters or processes. A common approach involves scaling vertical dust fluxes by the
:::::::
strongly

::::::
coupled

::::
with

:::
the

:::::::::::
hydroclimate
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::::::::
variability

::
in

:::::::
ESMs.

::::::::::
Speci�cally,

::
a bare soil fractionto accountfor the presenceof

::::::
scaling

:::::
factor

::
is

:::::
often

:::::
used

::
to

:::::::
exclude

non-erodible surfacessuchaswater,snow, andvegetation.Most modelsalsoincorporatethe effect of soil moistureon the

enhancementof thresholdwind velocity (Fécan et al., 1999). In addition,adragpartitiontermis commonlyusedto reducethe60

wind
:::::::
covered

::
by

:::::
snow

::
or

:::::::::
vegetation.

:::::::::
Vegetation

::::
also

:::::::
increases

::::::
surface

:::::::::
roughness

:::
and

:::::::
reduces

:::
the

::::
wind

:
stress acting on erodible

surfacesin the presenceof vegetationandsurfaceroughnesselements(Marticorena and Bergametti, 1995; Shao et al., 2011)

. To accountfor the dependenceon wind erosivity, horizontaldust �uxes are computed,
::::::

which
::::
can

::
be

::::::::::
represented

:::
by

::
a

::::
drag

::::::::::
partitioning

:::::::
scheme

::::::::::::::::::::::::::::::::::::::::::::
(Marticorena and Bergametti, 1995; Shao et al., 2011).

:::
In

:::::::
addition,

::::::
ESMs

::::::::::
incorporate

:::
the

::::
role

:::
of

:::
soil

::::::::
moisture

::
in

:::::::::
enhancing

:::
the

:::::::::
threshold

::::
wind

::::::::
velocity

::
or

::::::::::
suppressing

::::
dust

:::::::::
emissions

::
if

:::
the

::::
soil

:::::
water

:::::::
content

:::::::
exceeds

::
a65

::::
given

::::::::
threshold

::::::::::::::::::::
(e.g., Fécan et al., 1999)

:
.
:::::::
Finally,

:::::
ESMs

:::::::::::
parameterize

:::
the

:::::::::
horizontal

::::
dust

:::
�ux

:
as the third or fourth power of

wind speedsabovethe thresholdvelocity. Becauseof this nonlinearrelationshipand
::::
speed

:::::
once

:::
the

::::::::
threshold

:::::
wind

:::::::
velocity

:
is

::::::::
reached.

::::
This

::::::::
nonlinear

:::::::::::
relationship,

:::::::::
combined

::::
with

:
the skewed distribution of wind speeds,global dust emissionsare

dominatedby rare,high wind events(Cowie et al., 2015; Bergametti et al., 2017). Accuratemodel representationsof these

windeventsremainschallenging
:::::
re�ect

:::
the

::::::::
dominant

:::::::::::
contributions

::
of

::::
rare,

:::::::::
high-wind

:::::
events

::
to

:::::
global

::::
dust

::::::::
emissions

::::::::::::::::::::::::::::::::::::
(Cowie et al., 2015; Bergametti et al., 2017)70

:
.

::::::::::
Representing

:::::::::::::
dust-producing

::::
wind

::::::
events

::
in

:::::
ESMs

:::::::
remains

:
a
:::::
major

:::::::::
challenge, since peak-wind generation mechanisms, such

asdowndraftsfrom moistconvection,
:::::
(such

::
as

:::::::::
convective

::::::::::
downdrafts) often occur at spatial scales smaller than the typical grid

spacing ofglobalmodels(Cakmur et al., 2004; Grini et al., 2005; Zhang et al., 2016b)
:::::
ESMs

:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(Cakmur et al., 2004; Grini et al., 2005; Ridley et al., 2013; Zhang et al., 2016b)

.

The Aerosol Comparisons between Observations and Models (AeroCom) initiative and Coupled Model Intercomparison75

Project (CMIP) have facilitated thecomparisonof
:::::::::::::
intercomparison

:::
of

:::::
ESMs

:::
in

:::::::::
simulating

:::
the

:
global dust cyclein ESMs

(Textor et al., 2006; Huneeus et al., 2011; Kim et al., 2014; Wu et al., 2020; Gliß et al., 2021; Zhao et al., 2022; Kim et al., 2024)

. In general,thecontemporarydust
:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(Textor et al., 2006; Huneeus et al., 2011; Kim et al., 2014; Wu et al., 2020; Gliß et al., 2021; Zhao et al., 2022; Kim et al., 2024)

:
.

::::::::
Generally,

:::
the

:::::::::::
modern-day

:::
dust

:::::::
aerosol column burden is reasonably constrained by ground- and satellite-based aerosol op-

tical depth (AOD) observations
:::
over

::::::::::
continental

::::::
out�ow

:::::
areas, resulting in better model agreementthanthosein

::::::::
compared

::
to80

dust emission and deposition. Knippertz and Todd (2012)argued
::::::::
estimates.

:::::::::::::::::::::::
Knippertz and Todd (2012)

::::::::
suggested that model

tunings to match satelliteobservations—oftenthroughdust sourcefunctions—can
:::::::::::
observations,

::::
e.g.,

:::
via

::::
the

:::
use

:::
of

::::
dust

:::::
source

:::::::::
functions,

:
induce a compensational effect between dust emission and deposition, both of which lackreliableobser-

vational constraints at global scales.As aresult,dustemissionsexhibit substantialmodeldiscrepancies,aswell aslargebiases

in reproducingthe observeddust variability (Huneeus et al., 2011; Wu et al., 2020; Gliß et al., 2021; Zhao et al., 2022). For85

example,Pu and Ginoux (2018)foundthatmostCMIP5modelsfailedto capturetheinterannualvariability of satellite-derived

dustAOD, andmisrepresentedthe relative in�uence of surfacebarenessandwind speed.Evan (2018)showedthat CMIP5

::::::
Indeed,

:::::::
previous

:::::::::
AeroCom

:::
and

::::::
CMIP

::::::
model

::::::::::::::
intercomparisons

::::::::::
consistently

:::::
show

:::::
large

:::::::::::
discrepancies

::
in

:::
the

::::::
global

::::
total

::::
and

:::::::
regional

:::::::::
distribution

::
of

::::
dust

:::::::::
emissions

:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(Huneeus et al., 2011; Wu et al., 2020; Gliß et al., 2021; Zhao et al., 2022)

:
.
:::::
While

:::::
most

:::::
ESMs

:::::::
roughly

::::::
capture

:::
the

::::::
annual

:::::
cycle

::
of

::::
dust

::::
over

::::::
major

::::::
source

:::::::
regions,

::::
they

:::::::
struggle

::
in

::::::::::
reproducing

:::
the

::::
dust

::::::::::
interannual90

::::::::
variability

:::
and

:::::::::::
relationships

::::
with

::::
wind

:::::
speed

::::
and

:::
soil

:::::::
bareness

:::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(Pu and Ginoux, 2018; Evan et al., 2014; Evan, 2018; Wu et al., 2018)

:
.

::::::
Recent

::::::
studies

::::::::
suggested

::::
that

:::
all

:::::
CMIP

:
models failed toreproduceAfrican dustvariability dueto poor representationsof

3



near-surfacewinds. Wu et al. (2018)reportedthat mostCMIP5 modelsfailed to reproducethe decliningdust frequencyin

Chinaduring 1961–2005,dueto misrepresentationsof wind speedandprecipitationvariability
::::::
capture

:::
the

::::
large

:::::::
increase

:::
of

:::::
global

::::
dust

::::::
burden

:::::
since

::::::::::
preindustrial

::::::
times,

:::::
likely

:::
due

::
to

:::::::::
inaccurate

::::::
model

::::::::::::
representations

:::
of

::::::::
historical

::::::
climate

:::
and

::::::::
land-use95

::::::
changes

::::::
and/or

:::
the

::::
dust

:::::::::
sensitivity

::
to

:::::
these

:::::::
changes

::::::::::::::::::::::::::::::
Kok et al. (2023); Leung et al. (2025)

:
.

::::::::
Together,

::::
these

::::::
studies

::::::::::
underscore

::
the

:::::::::
persistent

::::::::::
uncertainties

::::
and

::::::
limited

::::::::
predictive

:::::::::
capability

::
of

:::::
ESMs

::
in

:::::::::
simulating

:::
the

::::::::
response

::
of

:::::::::
windblown

::::
dust

:::::::::
emissions

::
to

:::::::::::
hydroclimate

::::::::
variability

::::
and

::::
land

::::::
surface

:::::::
changes.

The model discrepanciesandbiasescan
::
can

:::
be

::::::::
explained, at leastpartly,beexplainedby different

:
in

::::
part,

:::
by

:::
the

::::::
choice

::
of

dust emission schemesandparametertunings.Somedustschemesuseprede�ned,time-invariant.
:::::::::::::::
Earlier-generation

::::::::
schemes100

:::::
relied

::
on

:::::::::
empirical,

:::::::::::::::::
temporally-invariant

:
dust source functions torepresentthe spatiallyvarying soil erodibility, aswell as

simpli�ed parameterizationsof thesaltation-sandblastingprocess.In contrast,physicallybasedschemesusemoremechanistic

representationsof thedust�ux dependenceon
:::
shift

:::::::::
emissions

::::::
towards

:::::::::::::::
satellite-observed

::::::
hotspot

::::::
regions

:::::::::::::::::::::::::::::::::
(Ginoux et al., 2001; Zender et al., 2003)

:
,

:::::::
whereas

:::::
newer

:::::::
schemes

:::::
adopt

:::::
more

::::::::::
mechanistic

::::::::::
approaches

:::
that

:::::::
account

:::
for

::::::::
sediment

:::::::::
availability

::
as

::
a

:::::::
function

::
of

:
land sur-

face conditionsandsandblastingef�ciency, thereby eliminating the need for dust source functions. While suchschemesoffer105

:::::::::::::::
(Kok et al., 2014b)

:
.

:::::
These

::::::::::::
process-based

:::::::
schemes

::::
also

::::::::
introduce

::::
more

:::::::
realistic

:::::::::::::::
parameterizations

::
of

::::::::::
sandblasting

:::::::::
ef�ciency

::
to

:::::::
represent

:::
the

::::::::::
momentum

::::::
transfer

::::
from

::::::
salting

:::
soil

::::::
grains

::
to

::
the

::::::::::
entrainment

::
of

::::
�ne

:::::::
particles

:::
into

:::
the

::::::::::
atmosphere

:::::::::::::::::::::::::::::::
(Zender et al., 2003; Kok et al., 2014b)

:
.

::::
With improved model physics,theyrequire

:::::::::::
process-based

:::::::
schemes

::::::
usually

:::::::
involve more extensive input parameters, someof

whichdonothavereliabledatasourcesorarenotproperlyrepresentedin themodel(Marticorena and Bergametti, 1995; Shao et al., 1996; Lu and Shao, 1999; Kok et al., 2014b)

. Oneexampleis the
::::
with

::::::
greater

:::::::::::
uncertainties.

::::
The choice of wind speedin dust�ux calculations.Somemodels

:::
also

::::::
varies:110

::::
some

::::::::
schemes use 10-mwinds

::::
wind

::::::
speeds

:
for simplicity, whereas

::::
while

:
others use friction velocity, whichmoreaccurately

represents
::::
better

::::::::
captures the wind stressexerted

:::::
acting

:
on soil surfaces. However,estimatingfriction velocity requiresthe

speci�cationof surfaceroughnesslength,a parameterthat lacksrobustglobal constraints
:::
but

:::::::
requires

::::::::::
information

::
on

:::::::
surface

:::::::::
roughness.

:::::::
Because

::::::
surface

:::::::::
roughness

:::::
length

::
is

::::::
poorly

::::::::::
constrained

::
by

:::::::::::
observations,

:::::::
models

::::::
employ

:::::::
varying

::::::::::
assumptions

::::
and

::::::
tunings

::
to

:::::::
account

::
for

:::
its

::::::
effects

::
on

::::
dust

::::::::
emission

::::::::::::::::::::::::::::::::::::::::::::::::::
(e.g., Peng et al., 2012; Albani et al., 2015; Tegen et al., 2019).115

EvenamongESMscoupledwith the same dust scheme,substantialdiscrepanciescanresultfrom differentmodelresolutions,

:::::
ESMs

:::
can

:::::::
diverge

::::::::::
substantially

::::
due

::
to

:::::::::
differences

::
in

::::::
model

::::::::::::
con�gurations

::::
(e.g.,

:::::::::
horizontal

:::::::::
resolution,

::::::
vertical

:::::::
levels), param-

eter tunings, and coupledphysicalparameterizations. Forexample
:::::::
instance, the bare soil fraction iscomputedbasedon the

land /watermask,land cover
:::::::::
determined

:::::
from

::::
land

:
type, vegetation fraction, and snowcover

::::
areal

::::::
extent, all of which may

vary by model
::::
differ

::::::::
between

:::::
ESMs. In particular, vegetationfraction

:::::
cover may be prescribed from a �xed climatology or120

computedinteractivelywithdynamicvegetationsimulations.Additionaldifferencesarisefrom thesoil columnrepresentations

::::::::
simulated

:::::::::::
interactively.

::::::
Further

:::::::::::
discrepancies

::::
may

:::::
result

:::::
from

:::::::::
differences

::
in

::::
soil

::::::::
properties

:::::
(e.g.,

::::::::
hydraulic

:::::::::::
conductivity),

::::
soil

::::::
column

::::::::
structure

:
(e.g., numberof layers,layer thickness),soil thermaland hydraulic properties,and formulationsof

:::
and

:::::::
thickness

:::
of

:::::::
layers),

:::
and

::::::::::
hydrologic

::::::::
processes

:::::
(e.g.,

:::::::::::
precipitation,

:
runoff, evaporation, and in�ltration processes.Together,

theseprocessesaffectthetopsoilwatercontentandultimately
::
),

:::::
which

:::::::::
ultimately

::::::::
determine

:::
the

:::::
water

::::::
content

::
of

:::
top

::::
soil

:::::
layers125

:::
and

:::::::::::
consequently

:
the threshold wind velocity.Furthermore,parameterizationsof

:::
The

::::
soil

:::::::
moisture

:::::
effect

:::
on

::::::::
threshold

:::::
wind

::::::
velocity

::
is

::::
also

::::::
treated

::::::::::::
inconsistently,

::::
e.g.,

:::
in

:::::::::
calculating

:::
the

:::::::
residue

::::
level

:::::
below

::::::
which

:::
soil

::::::::
moisture

::
is

::::::::
assumed

::
to

::::
have

:::
no
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:::::
effects

:::
on

::::
dust

::::::::
emission

:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(e.g., Fécan et al., 1999; Evans et al., 2016; Volodin and Kostrykin, 2016)

:
.

:::::::::
Moreover,

:::::
ESMs

:::::::
employ

:::::::
different

:::::::::::::::
parameterizations

::
for

:
planetary boundary layerprocessesandsubgrid-scalewind variability stronglyaffectthemodel

capability in capturingthe strongnear-surfacewinds during dustemissions.Given
:::
and

:::::::
subgrid

:::::::::
processes,

:::::
which

::::::
affect

:::
the130

:::::::::
momentum

:::::::
transfer

::::
from

:::
the

::::::::::
atmosphere

::
to

:::
the

:::::::
surface.

::::::::
Because

::
of the strong coupling between dust emission andmultiple

atmospheric
::::::::
boundary

:::::
layer and land surface processes, it is not surprising that dust emission�uxes

:::::::
estimates

:
are strongly

model-dependent.

Thisstudyassessesthemodelconsistencyin representingthedustemissionvariabilityand
::::
While

::::
past

::::::
studies

::::
have

::::::::::
documented

::
the

:::::
large

:::::
model

:::::::
diversity

::
in

:
thecollectiveand

:::::::::::
climatological

::::
dust

:::::
cycle

:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(e.g., Pu and Ginoux, 2018; Wu et al., 2020; Zhao et al., 2022; Aryal and Evans, 2023)135

:
,

:::
key

::::::::
questions

::::::
remain

:::
as

::
to

:::::::
whether

::::::
current

::::::
ESMs

::::::::::
consistently

::::::
capture

:::
the

::::::::
temporal

:::::::::
variability

::
of

::::::::
historical

::::
dust

:::::::::
emissions

:::
and

::::
their

::::::::::
sensitivities

::
to

::::
wind

::::
and

:::::::::::
hydroclimate

::::::
drivers.

::::::::::
Addressing

::::
these

::::::::
questions

::
is

:::::::
essential

:::
for

::::::::::::
understanding

:::
and

::::::::
reducing

:::::
model

:::::::::::
uncertainties

::
in

:::::::::
projecting

:::
dust

::::::::
emission

::::::::
responses

::
to

::::::
future

:::::::
changes

::
in

::::::
climate

::::
and

::::
land

:::
use.

:::
In

:::
this

:::::
study,

:::
we

:::::::
provide

:
a

:::::::
detailed

::::::::::
assessment

::
of

:::
the

::::::::::
interannual

:::::::::
variability

:::
and

::::::::
physical

::::::
drivers

::
of

::::
dust

:::::::::
emissions,

:::
by

::::::::::
quantifying

:::
the

:::::::
inherent

:
rel-

ative in�uence ofwind and hydroclimatedrivers
::::::::::
near-surface

:::::
wind

:::::
speed

::::
and

:::::::::::
hydroclimate

:::::::::
conditions

:
in modulating the140

dust variability . Analogousto Koster et al. (2009)'s interpretationof root-zonesoil moisture,we treat
:::::
within

::
a

::::
suite

:::
of

::::::::::::
state-of-the-art

::::::
ESMs.

:::::::::
Compared

::
to

:::::::
previous

:::::::
studies,

::
we

::::
shift

:::
the

:::::
focus

:::::
from

:::::::::::
climatological

::::::
means

::
to

::::::::
temporal

::::::::
variability

::::
and

::::
move

:::::::
beyond

:::::::::::
documenting

:::::::::::
uncertainties

::
to

:::::::::
diagnosing

::::
their

::::::::
physical

::::::
origins,

:::::::
thereby

:::::::
offering

::::::
critical

:::::::
insights

:::
for

:::::::::
improving

::
the

::::
dust

::::::::::::
representation

::
in

::::::
ESMs.

:

:
A

::::::
major

::::::::
challenge

::
in

:::::::::
evaluating

::::
dust

::::::
models

::
is

:::
the

::::
lack

::
of

::::::
direct,

:::::
global

::::::::::::
observational

:::::::::
constraints

::
on

::::
dust

::::::::
emission

::::::
�uxes.145

:::::
While

:::::::::::::
satellite-derived

:::::
dust

::::::
optical

:::::
depth

::::
and

::::::::
long-term

:::::::
surface

::::::::::::
concentration

::::::
records

:::::::
provide

::::::::
valuable

:::::::
insights

::::
into

::::
dust

::::::::
variability

:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(e.g., Prospero and Lamb, 2003; Zender and Kwon, 2005; Ginoux et al., 2012)

:
,
::::
they

:::::::
integrate

::::::::::
information

::::
from

::::::::
emission,

::::::::
transport,

:::
and

::::::::::
deposition,

::::::
making

::
it

:::::::
dif�cult

::
to

::::::
isolate

:::
the

::::::::
emission

:::::::
process

:::
(the

:::::
focus

:::
of

:::
this

::::::
work).

:::::::::
Therefore,

::::::
rather

::::
than

::::::::
validating

:::::::
absolute

::::::
model

::::::::::
performance

::::::
against

:::::::::::
observations,

:::
we

:::::
focus

:::
on

:::::::::
diagnosing

:::
the

::::::::::
inter-model

:::::::::
consistency

::
of

:::::::::
simulated

:::
dust

::::::::
emission

:::::::::
variability.

:::::
Here

:::
we

::::
treat

::::::::::::::
model-simulated

:
dust emission �ux asa

::
an

::::::::::::
unobservable, model-speci�c quantity,150

:::::
which

::
is characterized by a dynamic range de�ned by thedustschemeandcoupledprocesseswithin individual ESMs.The

::::::
internal

::::::
model

:::::::::
variability,

:::::::::::::::
parameterizations,

::::::::
parameter

:::::::::::
uncertainties,

::::
and

:::::
model

:::::::::::::
con�gurations.

::::
This

:::::::
approach

::
is

:::::::::
analogous

::
to

:::::::::::::::
Koster et al. (2009)

::
's

::::
view

::
of

:::::::::
root-zone

:::
soil

:::::::
moisture

::::
and

::::::
re�ects

:::
the

::::
fact

:::
that

::::::::::::::
model-simulated

:
dust emission �uxesproduced

by variousESMs essentiallyrepresentdifferent
::::::
cannot

::
be

::::::::
validated

:::::
with

::::
�eld

::::::::::::
observations.

:::::
While

:::::::::::::::
model-simulated

::::
dust

::::::::
emissions

:::
are

:::::::::
essentially

:
approximations of the true statewhich they are trying to reproducebuthasno direct observations155

to validateagainst.As such,these�uxes areexpectedto differ in climatologicalmeansandvariability characteristics.The

true value of dust emission�uxes lies
::::
they

:::
aim

:::
to

:::::::::
reproduce,

:::::
their

::::
true

::::::::::
information

:::::::
content

:::
lie not necessarily intheir

absolutemagnitudes, but rather in their temporalvariability and sensitivity to the
:::
the

:::::::
absolute

::::::::::
magnitudes

::::
but

::
in

:::::
their

::::::::::::
spatiotemporal

:::::::::
variability

::::
and

::::::::::
sensitivities

::
to

:
physical drivers.If the variability of physicaldrivers is consistentbetween

models,onewould expectsomedegreeof correlationin the simulateddust �uxes. For example,strongerwinds combined160

with drier soilsshouldleadto moreemissions,regardlessof which modelis used.Giventhelargediversityof ESMsanddust

emissionparameterizations,the extentof inter-modelagreementin the dustemissionvariability andsensitivity to physical
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driversremainspoorly understood.In particular,the relativeimportanceof wind erosivityandhydroclimate-drivensediment

erodibility within individualESMshasnotbeenevaluated.By quantifying thecollectiveandrelativecontributionsof physical

drivers in explainingthe simulateddustvariability in a family of ESMsandreanalysisproducts,
::::::
relative

::::::::
in�uence

::
of

:::::
wind165

:::::
speed

:::
and

:::::::::::
hydroclimate

:::::::::
conditions

::::
over

:::::::
different

:::::::
climate

:::::::
regimes

::::
(i.e.,

::::::::
hyperarid,

::::
arid

::::
and

::::::::
semiarid),

:
this study provides new

insights intothe
:::::
model

:
discrepancies and biasesof globaldustemissionsimulations.

::
in

::::
dust

:::::::
emission

:::::::::::::
representations.

:

The remainder of this paper isstructured
::::::::
organized as follows. Section 2 describes the ESMs andaerosolreanalysisdatasets

::::::::
reanalysis

:::::::
datasets

::::::::::
considered

::
in

::::
this

:::::
study, and the dominance analysis technique

::::
used

::
to

::::::::
quantify

:::
the

::::
joint

::::
and

:::::::
relative

:::::::
in�uence

:::
of

::::
dust

::::::::
emission

::::::
drivers. Section 3 presents the intercomparison ofclimatologicalmean,spatialcontributionand170

interannualvariability of dustemissions,
:::
dust

::::::::::
interannual

:::::::::
variability

:
and the relativeimportanceof wind andhydroclimate

drivers
::::::::
in�uence

::
of

::::
wind

::::::
speed

:::
and

:::::::::::
hydroclimate

:::::::::
conditions. The conclusions are summarized in Section 4.

2 Data and Approach

2.1 Global models
:::::
ESMs andaerosolreanalysis

:::::::
products

:

Table 1 summarizes thedustemissionparameterizationsusedin the ESMs and reanalysis productsconsidered
:::::::
analyzed

:
in175

this study. Theseinclude fully-coupled simulationsfrom ,
::::::
which

:::::
differ

::
in

::::::
model

::::::::::
resolution,

:::::::::
vegetation

:::::::
process,

::::
and

::::
dust

:::::::
emission

::::::::::::::::
parameterizations,

::::::
among

:::::
other

:::::::
aspects.

::::::
Among

::::
the

::
21

::::::
ESMs,

:
18

::
are

:::::
from

:::
the

:
CMIP6 modelsfor the period of

1950–2014.Unlessotherwisespeci�ed, we
::::::::
historical,

:::::::::::
fully-coupled

:::::::::::
experiments

:::::::::::
(1980–2014).

::::
We

:
use the �rst ensemble

member (r1i1p1f1) from each model. In the
:
,
::::::
unless

::::::::
otherwise

::::::
stated.

:
CMIP6 archive,two con�gurationsof the

:::::::
consists

::
of

::::::
several

::::::
model

:::::::
families

::::
that

:::::
share

::::::::
common

:::::::
heritage

:::
but

:::::
differ

:::
in

::::::
physics

:::::::
options

::::
and

:::::::::::::
con�gurations.

:::
For

::::::::
instance,

::::
two180

Community Earth System Model (CESM)sharethe same
:::::::::::
con�gurations

:::::::
employ

:::
the

:
dust scheme of Zender et al. (2003)

(hereafterreferredto asthe Zender scheme), but use different atmosphericmodules
:::::::
schemes: Community Atmosphere Model

(CAM
::::::::::::::::::
CESM2-CAM-Zender) vs. Whole Atmosphere Community Climate Model (WACCM). The key differencebetween

CAM andWACCM lies in their
::::::::::::::::::::::
CESM2-WACCM-Zender),

::::
with

:::::
major

::::::::::
differences

::
in

:::
the vertical extent andrepresentationof

upper atmospheric processes.The three
::::
Three

:
GISS-E2 models use the same dust schemedescribedin Miller et al. (2006),185

but differ by
:
of

:::::::::::::::::
Miller et al. (2006)

::
but

:::::
differ

::
in

:
model version (2.1 vs. 2.2) and aerosol microphysics schemes: One-Moment

Aerosol (OMA; ensemble member r1i1p3f1) vs. Multicon�guration Aerosol TRacker of mIXing state (MATRIX; ensem-

ble member r1i1p5f1)(Miller et al., 2021)
::::::::::::::::::::::::::::::
(Miller et al., 2021; Rind et al., 2020). UKESM1.0 is built upon the HadGEM3-

GC3.1
::::::
general

:::::::::
circulation

:
model, whichshare

:::
use

:
the same dust scheme of Woodward (2001), but differ in parameter

tuning
::::::
tunings and dust sourcerepresentation

::::::::::::
representations

:
(Woodward et al., 2022). Similarly, MIROC-ES2L isdeveloped190

based on the MIROCmodel,both using the
::::::
general

::::::::::
circulation

:::::
model

:::::::
version

:::
5.2

::::::::::
(MIROC5)

:::::::::::::::::
(Hajima et al., 2020)

:
,

:::::
while

:::::::
MIROC6

:::::::::::
incorporates

:::::::
updated

:::::::
physics

:::::
which

:::::::::
improved

:::
the

:::::
mean

::::::
climate

:::::
state

:::
and

:::::::
internal

:::::::::
variability

::::::
relative

:::
to

::::::::
MIROC5

::::::::::::::::
(Tatebe et al., 2019)

:
.

::::
Both

::::::::::::
MIROC-ES2L

:::
and

::::::::
MIROC6

:::::
adopt

:::
the dust scheme fromSPRINTARS(SpectralRadiation-Transport

Model for AerosolSpecies)
::
the

:::::::::::
SPRINTARS

::::::
aerosol

:::::::
module (Takemura et al., 2009).

6



Table 1. Summary ofdustemissionparameterizationsin the Earth system models and aerosol reanalysis datasets
::::::::
considered

::
in

:::
this

::::
study.

:::
Dust

::::::
source

::::::
function

:
(DSF,

:
)

::::::
column

:::::::
indicates

::::::
whether

::
an

:::::::
empirical

:
dust source function

:
is

::::
used.u� , friction velocity

:::
Leaf

::::
area

::::
index

:::::
(LAI)

:::::
column

:::::::
indicates

::::::
whether

::::
LAI

:
is

::
a

:::::::
prognostic

:::::::
variable.u

::
Dm , 10-mwind speed

:::
dust

::::::
particle

:::::::
diameter

::::
upper

::::
limit. ! , soil moisture.r 0 , surface

roughness.ERS,EuropeanRemotesSensingsatellite.

Model Dmax ::::::::
Resolution

:::
Dm Wind DSF EmissionThreshold

:::
LAI

: ::::
Dust

::::::
Scheme Reference

CESM2-CAM-Zender
::::::::
0.9°� 1.25°

:
10 u3

� Zender et al. (2003), Truncated
:
Y

:
Fécan et al. (1999); Marticorena and Bergametti (1995); Constantr 0 of 100� m

:
Y

: :::::::::::::::
Zender et al. (2003) Albani et al. (2015)

CESM2-WACCM-Zender SameasCESM2-CAM-Zender
:::::::::
0.9°� 1.25°

::
10

::
u3

� : :
Y

: :
Y

: :::::::::::::::
Zender et al. (2003)

:::::::::::::::::
Gettelman et al. (2019)

CESM2-CAM-Kok
::::::::
0.9°� 1.25°

:
10 u3

� No DSF
:
N Kok et al. (2014b)scheme;Limited r 0 effect

:
Y

: ::::::::::::::
Kok et al. (2014b) Li et al. (2022a)

E3SM2-Zender SameasCESM2-CAM-ZenderexceptusingtheoriginalDSF.
:::::
1°� 1°

: ::
10

::
u3

� : :
Y

: :
Y

: :::::::::::::::
Zender et al. (2003) Feng et al. (2022)

E3SM3-Kok SameasCESM2-CAM-Kok
:::::
1°� 1°

::
10

::
u3

� : :
Y

: :
Y

: :::::::::::::::
Zender et al. (2003) Xie et al. (2025)

CanESM5-1
::::::::
2.8°� 2.8° Bulk u3

� Tegen et al. (2002)
:
Y

:
Peng et al. (2012); Monthly z0 from ERS

::
Y

:::::::::::::
Peng et al. (2012) Sigmond et al. (2023)

CNRM-ESM2.1
::::::::
1.4°� 1.4° 20 u3

� No DSF
:
N Fécan et al. (1999); Marticorena and Bergametti (1995)

:
Y Nabat et al. (2015)

::::::::::::::
Tegen et al. (2002)

::::::::::::::::
Séférian et al. (2019)

EC-Earth3-AerChem
:::::
2°� 3° 20 u3

� Tegen et al. (2002)
:
Y

:
No ! effect;Marticorena and Bergametti (1995); Monthly z0 from ERS

::
N

::::::::::::::
Tegen et al. (2002) Van Noije et al. (2021)

GISS-E2.1-OMA
::::::
2°� 2.5°

:
32 u3

::
u3

10:
Ginoux et al. (2001)

::
Y Shao et al. (1996); Emissionpermittedfor ERSz0<0.1cm only.

:
N

:
Miller et al. (2006)

::::::::::::::
Miller et al. (2021)

GISS-E2.1-MATRIX SameasGISS-E2.1-OMA
::::::
2°� 2.5°

::
32

:::
u3

10 :
Y

: :
N

: ::::::::::::::
Miller et al. (2006)

::::::::::::::
Miller et al. (2021)

GISS-E2.2-OMA SameasGISS-E2.1-OMA
::::::
2°� 2.5°

::
32

:::
u3

10 :
Y

: :
N

: ::::::::::::::
Miller et al. (2006)

:::::::::::::
Rind et al. (2020)

GFDL-ESM4
:::::::
1°� 1.25°

:
20 u3

� Ginoux et al. (2001)
::
Y No emissionif abovea ! threshold;Fixedu� th dependingon landtypes

:
Y

:
Evans et al. (2016)

:::::::::::::::
Ginoux et al. (2001)

:::::::::::::::::::
Shevliakova et al. (2024)

HadGEM3-GC31
::::::::
0.6°� 0.8° 63 u3

� Ginoux et al. (2001)
::
Y Fécan et al. (1999); No r 0 effect

:
N

:
Woodward (2011)

:::::::::::::::
Roberts et al. (2019)

UKESM1.0
::::::::
1.25°� 1.9°

:
63 u3

� No DSF
:
N Fécan et al. (1999): No r 0 effect

:
Y

: ::::::::::::::
Woodward (2001) Woodward et al. (2022)

INM-CM5.0
::::::
1.5°� 2°

:
Bulk u4

� No DSF
:
N No emissionif ! > 10kg/m2 ; No r 0 effect

:
N Volodin and Kostrykin (2016)

::::::::::::
Volodin (2022)

IPSL-CM6A-LR
::::::::
1.26°� 2.5°

:
Bulk u3

::
u3

10:
Schulz et al. (2009)

:
Y Balkanski et al. (2004); Fixeduth dependingonsoil typesandslopes

:
Y

:::::::::::::::::
Balkanski et al. (2004) Szopa et al. (2013)

:::::::::::::::
Lurton et al. (2020)

MRI-ESM2.0
::::::::
1.9°� 1.9° 20 u3

� No DSF
:
N Shao et al. (1996); Shao and Lu (2000)

:
N

:::::::::::::
Shao et al. (1996) Yukimoto et al. (2019)

MIROC6
::::::::
1.4°� 1.4° 10 u3

::
u3

10:
No DSF

:
N Takemura et al. (2009); Fixeduth of 6.5m/s.

::
Y

:::::::::::::::::
Takemura et al. (2009) Tatebe et al. (2019)

MIROC-ES2L SameasMIROC6
:::::::
2.8°� 2.8°

: ::
10

:::
u3

10 :
N

: :
Y

: :::::::::::::::::
Takemura et al. (2009) Hajima et al. (2020)

MPI-ESM-1.2
::::::::
1.9°� 1.9° Bulk u3

� Tegen et al. (2002)
:
Y

:
Fécan et al. (1999); Cheng et al. (2008); Monthly z0 from ERS

:
Y

:
Tegen et al. (2019)

:::::::::::::::
Cheng et al. (2008)

:::::::::::::::::
Mauritsen et al. (2019)

NorESM2 SameasCESM2-CAM-Zender
:::::::::
0.9°� 1.25°

::
10

::
u3

� : :
Y

: :
N

: :::::::::::::::
Zender et al. (2003) Seland et al. (2020)

MERRA2
::::::::
0.5°� 0.63°

:
20 u3

::
u3

10:
Ginoux et al. (2001)

::
Y Marticorena and Bergametti (1995)

:
N

: :::::::::::::::
Ginoux et al. (2001) Randles et al. (2017)

JRAero SameasMRI-ESM2.0
:::::::
1.1°� 1.1°

: ::
20

::
u3

� : :
N

: :
N

: :::::::::::::
Shao et al. (1996) Yumimoto et al. (2017)
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In addition to the CMIP6 archive, weinclude three fully coupledsimulationsto assessthe in�uence of dust emission195

parameterizations.Theseincludea CESM simulationfor 2004–2013usingthe physicallybased
:::::::
consider

:::
an

:::::::
updated

::::::
CESM

::::::::::
(2004–2013)

::::
with

:::
the

:
dust scheme of Kok et al. (2014b) (hereafter the Kok scheme; CESM2-CAM-Kok) (Li et al., 2022a), and

two simulationsfrom the Energy Exascale Earth System Model (E3SM) for ,
:
1980–2014: one )

:
using the Zenderscheme

(E3SM2-Zender), and the other using the Kok scheme
:::
and

::::
Kok

:
(E3SM3-Kok) (Feng et al., 2022). The Zenderand Kok

schemesdiffer fundamentallyin their representationof dustsources:the Zenderschemeemploysan empiricaldustsource200

functionto shift emissionstowardpreferentialregionsandimproveagreementwith satelliteobservations,whereasthe
:::::::
schemes

::::::::::::::::::::::::::::
(Feng et al., 2022; Xie et al., 2025)

:
.

:::
The

:::
key

:::::::::
difference

:::::::
between

:::
the

:::
two

:::::::
schemes

::
is

:::
that

:::
the Kok scheme adoptsmorephysically

basedparameterizationsof soil erodibility , therebyeliminating
:::::::::
physically

::::
based

::::
soil

::::::::
erodibility

:::::::::::::::
parameterizations

:::
and

:::::::::
eliminates

the use of
::::::::
empirical

:
dust source functions

:::::
unlike

::::
the

::::::
Zender

:::::::
scheme. These pairedCESM and

:::::::::
experiments

::::::
allow

::
us

:::
to

:::::::
evaluate

::::
how

:::
the

::::::
choice

::
of

::::
dust

::::::::
schemes

:::::::
(Zender

:::
vs.

:::::
Kok)

::
or

:::::::
models

::::::
(CESM

:::
vs.

:
E3SMsimulationsallow evaluatinghow205

dust emissionand its relationshipwith physicaldrivers respondto newly implementeddust parameterizations.It is worth

noting )
::::::
affect

::::
dust

:::::::
emission

:::::::::::
simulations.

:::::::::::
Nonetheless,

:::
we

::::::
should

::::
point

::::
out that CESM2-CAM-Kok simulates dust as min-

eral components, leadingto different optical propertiescomparedto CESM2-CAM-Zenderthat assumesspatiallyconstant

dustpropertieswithout accountingfor mineralogy(Li et al., 2024). Thesedifferencesmayin�uence themeteorological�elds

anddustemissionsvia differentradiativefeedback
:::
with

:::::::::::::
observationally

::::::::::
constrained

::::::
mineral

::::::
optical

:::::::::
properties

:::::::::::::
(Li et al., 2024)210

:
,

:::::::
whereas

::::::::::::::::::
CESM2-CAM-Zender

::::
does

::::
not

::::::
account

:::
for

:::::::
particle

::::::::::
mineralogy

:::
and

::::::::
simulates

::::::::
different

::::
dust

::::::
optical

::::::::
properties

::::
that

:::
may

:::::
affect

::::
dust

::::::::
radiative

::::::::
feedback

::
on

:::::::::::
meteorology.

:::::
Also,

:::::::
E3SM3

:::::::
includes

::::::::
extensive

::::::
updates

:::::
over

::::::
E3SM2

::::
that

::::
may

:::::
affect

:::
the

::::::::::
near-surface

::::::::::::
meteorological

::::
and

::::
land

::::::
surface

:::::::::
conditions

:::::::
relevant

::
to

:::
dust

:::::::::
emissions

::::::::::::::
(Xie et al., 2025).

We also
:::::
further

:
compare the ESMs with two aerosol reanalysis products: Modern-Era Retrospective Analysis for Re-

search and Applications version 2 (MERRA2,1980–2014
:::::::::
1980–2014) (Gelaro et al., 2017), and Japanese Reanalysis for215

Aerosol (JRAero,2011–2017
:::::::::
2011–2017) (Yumimoto et al., 2017).Unlike thefree-running,fully-coupledCMIP6 simulations

driven by historical forcings,MERRA2 andJRAerocomputedustemissionsbasedon assimilatedmeteorologicalandland

surfacevariables.Both reanalysesare generatedusing global aerosoltransportmodelsconstrainedby dataassimilationof

bias-correctedsatelliteaerosolobservations.MERRA2 utilizesthe
:
is

::::::::
produced

:::
by

:::
the

:::::::
GEOS-5

::::
data

:::::::::::
assimilation

::::::
system

::::
with

radiatively-coupled Goddard Chemistry, Aerosol , Radiation,
::::::
Aerosol

:::::::::
Radiation and Transport (GOCART) modulewithin220

GEOS-5modelingsystem,in which dustemission
:
.

::::
Dust

::::::::
emission

::
in

::::::::
GOCART

:
is represented using the Ginoux et al. (2001)

parameterization.JRAero,
:::::::
scheme.

::::::
JRAero

::
is

:
produced by the Japan Meteorological Agency, is basedon theMASINGAR

mk-2 global aerosol transport modelandassimilatesvalue-addedMODIS AOD (Yumimoto et al., 2017). JRAerosimulatesdust

emissionsusingthe ,
::::::
which

::::::::
simulates

::::
dust

::::::::
emission

:::::
using

:::
the

:::::::::::::::
Shao et al. (1996) energy-based schemeof Shao et al. (1996),

same asthatusedin theMRI-ESM2.0aerosolmodelcomponent(MASINGAR mk-2r4c)(Yukimoto et al., 2019).
:::::::::::::::::::::::::::::::::::::
(Yumimoto et al., 2017; Yukimoto et al., 2019)225

:
.

:::
The

:::::::::::::
meteorological

:::
and

::::
land

::::::
surface

:::::::::
conditions

::
in

:::::::::
MERRA2

:::
and

:::::::
JRAero

:::
are

:::::::::
constrained

:::
by

:::::::::::
observational

::::
data

:::::::::::
assimilation,

:::
and

::::
thus

:::
are

:::::::
expected

:::
to

:::::
better

::::::
capture

::::::::
historical

:::::::
climate

:::
and

::::
land

:::::
cover

:::::::
changes

::::
than

:::
the

::::::
ESMs.

:::::::::
MERRA2

:::
and

:::::::
JRAero

::::
also

:::::
bene�t

:::::
from

::::::::::
assimilation

::
of

::::::::::::
bias-corrected

::::
total

:::::
AOD,

:::::
which

::::::::
provides

:::::
some

::::::::
constraint

::
on

:::
the

::::
dust

:::::::
column

::::::
burden

:::
but

::::
does

:::
not

::::::
directly

::::::::
constrain

::::
dust

:::::::::
emissions.
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Weevaluatetheclimatologicalmean,spatialdistribution,andinterannualvariability of dustemissionsusingmonthlyoutputs230

from the
:::
We

:::::::
evaluate

:::
the

::::::::::
consistency

:::::::
between ESMs and reanalysis products. We focuson ninegeographicregionsandthree

climatezones,asillustratedin Fig. ??. TheninegeographicregionsareNorth Africa (NAF), SouthernAfrica (SAF), Middle

East(MDE), CentralAsia (CAS), EastAsia (EAS), SouthAsia (SAS),Australia(AUS), North America(NAM), andSouth

America(SAM). The
:
in

:::::::::::
representing

:::
the

::::::::::
interannual

::::::::
variability

::
of

:::::
total

::::
dust

:::::::
emission

::::::
�uxes.

:::
To

:::::::
facilitate

::::::::::
comparison

::::::
across

:::::::
common

:::::::::::
dust-emitting

:::::::
regions,

:::
we

:::::
divide

::::::
global

::::
dust

::::::
source

::::
areas

::::
into three climate zonesare

:
: hyperarid, arid, and semiarid,235

de�ned based on the aridity index (AI), which is calculated
::::::
de�ned

:
as the ratio ofclimatological

:::::::::
1970–2000

::::::::::::
climatological

::::
mean

:
precipitation to potential evapotranspirationover 1970–2000.Speci�cally, the

::::
using

:::
the

::::
data

:::::
from

::::::::::::::::
Zomer et al. (2022)

:
.

:::
The

:
hyperarid zone is de�nedby

:
as

:
AI � 0.05, arid zoneby

:
as

:
0.05<AI� 0.2, and semiarid zoneby

::
as 0.2<AI� 0.5. As

shownin Fig. ??, hyperaridregionscover most of
:::::
Using

:::::
these

:::::::::::::
climatologically

:::::::
de�ned

:::::
zones

::::::
allows

:::
us

::
to

::::::
assess

::::::
model

:::::::::::
discrepancies

::::
over

::::::::
common

:::::::::::
dust-emitting

:::::
areas.

::::::
Figure

::
1

:::::
shows

::::
that

:::
the

:::::::::
hyperarid

::::
zone

::::::::
primarily

::::::
covers

:
North Africa, the240

Middle East
::::::
Arabian

:::::::::
Peninsula, Iranian Plateau, and Tarim Basin. Arid and semiarid zonesincludeothermajordustsources,

suchas
::::
cover

:::::
other

:::::
major

:::::::
sources,

:::::::::
including the Sahel (North Africa), Turan Depression (Central Asia), Gobi Desert (East

Asia), Thar Desert (South Asia), Kalahari Desert (Southern Africa), Chihuahua Desert (North America), Patagonia steppe

(South America), and the Great Sandy and Simpson Deserts (Australia).
:::
The

::::::::
rationale

::
of

::::
this

::::::
climate

::::::::::
zone-based

:::::::
analysis

::
is

:::
that

:::
the

:::::::
relative

:::::::::
importance

::
of

:::::
wind

:::::
speed

::::::
versus

:::::::::::
hydroclimate

:::::::::
conditions

::
is

:::::::
expected

:::
to

::::::
depend

:::::::
strongly

:::
on

::::::
climate

:::::::
regime.245

::::::::::
Speci�cally,

::::::::
hyperarid

:::::
areas

:::
are

::::::::
expected

::
to

::
be

::::::::::
dominated

::
by

:::::::::::
permanently

::::
dry,

:::::
barren

::::::::
surfaces

::::
with

::::
very

::::
low

:::::::::::
hydroclimate

:::::::::
variability,

:::
and

::::
thus

::::
dust

:::::::
emission

::
is

::::::::
primarily

::::::::
controlled

:::
by

::::
wind

::::::
speed.

::::::::
Whereas,

:::
the

:::
arid

::::
and

:::::::
semiarid

:::::
zones

:::
are

::::::::
expected

::
to

::::::
exhibit

::::::::
increased

::::::::::
precipitation

::::
and

:::::::::::
hydroclimate

::::::::
variability

::::::::
resulting

::
in

:::::::
stronger

::::::::
in�uence

::
on

:::
the

::::::::
sediment

::::::::::
availability.

2.2 DominanceAnalysis
:::::::
analysis

:::::::::
technique

Past studies havecommonlyused linear regression coef�cients to quantifythe in�uence of physicaldriverson dustemission250

:::
dust

::::::::::
sensitivities

::
to

:::
its

:::::::
physical

::::::
drivers (e.g., Pu and Ginoux, 2016; Aryal and Evans, 2021; Zhao et al., 2022). Inamultiple lin-

ear regressionframework,thecoef�cient associatedwith agivenpredictor
:
,

:
a

:::::::::
regression

::::::::
coef�cient

:
represents the mean change

in the response variable per unit change inthat
:
a

:::::
given

:
predictor, holding all other predictors constant. This interpretation,

however,assumes mutual independence amongpredictors—an
::::::::
predictors,

:::
an assumption that is often violatedin duststudies,

wheredustemissiondriverssuchasprecipitation,soil moisture,andspeci�c humidityarestronglycorrelatedwith eachother
::
by255

:::::
strong

::::::::::
correlations

::::::
among

:::::::::::
hydroclimate

:::::::
variables. As a result,the

::::
linear

:
regression coef�cients may yield misleading inference

of thepredictorin�uence
::::::::
predictor

:::::::::
importance. Moreover,the regression coef�cients, standardized or not, may not provide a

consistentmeasureof predictorimportanceacrossmodels
::::
direct

::::::::::
comparison

::
of

::::::::
predictor

::::::::
in�uence due to the varying dynamic

ranges indifferentmodels
:::::
ESMs.

In this study, we apply the dominance analysis technique to quantify theoverall in�uence andrelativeimportance
::::::
relative260

:::::::
in�uence

:
of wind and hydroclimate driversin modulatingdustemissions.Themonthlydust�ux is usedasthetargetvariable,

while thefollowing near-surfacevariablesareusedaspredictors:10-mwindspeed,totalprecipitation(includingbothliquid and

solidphases),watercontentin theuppermostsoil layer(or soil moisture),2-mspeci�c humidity,2-mair temperature,andleaf

9



Figure 1. De�nitions of ninegeographicregions
:::::::
hyperarid,

::::
arid,

:
andthree

::::::
semiarid

:
climate zonesanalyzedin this study.Thenine regions

include:NAF (North Africa), SAF (SouthernAfrica), MDE (Middle East),CAS (CentralAsia), EAS (EastAsia), SAS(SouthAsia), AUS

(Australia),NAM (NorthAmerica),andSAM (SouthAmerica).

areaindex(LAI). Thesepredictorsareeitherdirectlyusedasinputparametersin dust�ux calculationsor serveaswidely used

proxiesfor dustemissiondrivers(e.g., Engelstaedter et al., 2003; Ravi et al., 2004; Zou and Zhai, 2004; Lee and Sohn, 2009; Cowie et al., 2015; Xi and Sokolik, 2015a, b; Xi, 2023)265

. Among the predictors,wind speedrepresentsthe wind erosivity (hereafterreferredto as the “wind” driver), while the

remainingvariablescollectivelycharacterizethehydroclimatein�uence on sedimenterodibility (hereafterthe“hydroclimate”

driver).

Dominanceanalysisevaluates
::
on

::::
dust

::::::::::
variability.

::::::::::
Dominance

:::::::
analysis

::::::::
quanti�es

:
the marginal contribution of each pre-

dictor to the total explained variance (R2) by comparing
::
in

:::
the

::::::::
response

:::::::
variable

:::
by

:::::::::
evaluating all possible subset models270

::::::
(2p � 1

::::::
subsets

:::
for

:
p

:::::::::
predictors)

:
in a multiple linear regression framework (Budescu, 1993; Azen and Budescu, 2003).With six

predictors,thisyields63possiblecombinationsof predictors.For each predictor, the method calculates its average incremental

contribution to the total R2 across all subset models of the same size (i.e., models with the same number of predictors). These

valuesarethenaveragedacrossall subsetsizesto yield ,
::::
and

:::
then

:::::::
average

::::
these

::::::
values

::
to

:::::
obtain

:
the predictor's unique contribu-

tion to the total R2. A key advantageof dominanceanalysis
:::::::
property

::
of

:::
this

:::::::
method is that the sum oftheindividual

::::::::
individual275

:::::::
predictor

:
contributions equals the R2 of the full model (i.e., with all predictors included),

::::::
thereby allowing the partitioning ofthe

total
::::::::
explained

:::::::
variance

::::::
among

::::::::
correlated

:::::::::
predictors.

::::
The

::::::::::::::
predictor-speci�c

:
R2 amongacommonsetof correlatedpredictorsin

a consistentandcomparablemanner.
:::::
values

:::
can

::::
thus

::
be

::::::::::
interpreted

::
as

:::
the

:::::::
portions

::
of

:::::
total

:::::::
variance

::
in

:::
the

::::::::
response

:::::::
variable

:::
that

:::
are

:::::::
uniquely

::::
and

::::::
jointly

::::::::
attributed

::
to

::::
each

::::::::
predictor,

:::::::::
accounting

:::
for

::::
their

::::::::::
interactions

::::
and

::::::::::::::
multicollinearity.
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:::
We

:::
use

:::
the

:::::::
monthly

:::::
total

::::
dust

:::::::
emission

::::
�ux

::
as

:::
the

::::::::
response

:::::::
variable

::::
and

:::::::
consider

:::
six

:::::::::
predictors:

:::::
10-m

:::::
wind

::::::
speed,

::::
total280

::::::::::
precipitation

:::::::::
(including

:::::
liquid

::::
and

::::
solid

::::::::
phases),

:::::
water

::::::
content

::
in

:::
the

::::::::::
uppermost

:::
soil

:::::
layer

::::::::
(hereafter

::
as

::::
soil

:::::::::
moisture),

::::
2-m

::::::
speci�c

::::::::
humidity,

::::
2-m

::
air

:::::::::::
temperature,

:::
and

::::
leaf

::::
area

::::
index

::::::
(LAI).

::::
The

::::
total

:::
dust

::::::::
emission

::::
�ux

:
is

::
a

::::
bulk

:::::::
quantity

:::
that

:::::::::
represents

::
the

::::::
source

::::::::
strength.

::::::::
Although

::::::
ESMs

:::::
differ

::
in

::::
how

::::
they

::::::::
partition

:::
the

::::
total

::::
�ux

::::
into

:::::::
discrete

::::::
particle

::::
size

:::::::
bins—a

:::
key

::::::
factor

:::::::::
in�uencing

::::
dust

:::::::
transport

::::
and

::::::::::
atmospheric

:::::::::::
lifetime—we

::::::
expect

:::
the

:::
size

::::::::::
partitioning

::
to

::::
have

:::::::
minimal

::::::
impact

:::
on

:::::::::
diagnosing

:::
the

:::::::
emission

:::::::
process

:::::
itself,

:::::::::
particularly

:::
its

::::::::
sensitivity

::
to

:::
the

:::::::
selected

:::::::::
predictors.

:::
The

:::::::
primary

::::::
drivers

::
of

::::::::
emission

::::::::
variability

:::::::
operate285

:::::::
upstream

:::
of

:::
the

::::
size

::::::::::
partitioning

::
of

:::::::::
mobilized

:::
soil

::::::::
particles.

::::
The

:::
six

:::::::::
predictors

:::
are

::::::
chosen

:::::::
because

::::
they

::::
are

:::::
either

:::::::
directly

::::
used

::
as

::::
input

::::::::::
parameters

::
in

:::
dust

::::
�ux

::::::::::
calculations

::
or

:::::::
strongly

:::::::::
correlated

::::
with

::::
dust

:::::::
emission

::::::::
intensity,

::
as

::::::::
suggested

::
in

:::::::::
numerous

::::::
studies

::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(e.g., Engelstaedter et al., 2003; RAVI et al., 2006; Zou and Zhai, 2004; Sokolik et al., 2021; Cowie et al., 2015; Kim and Choi, 2015; Xi and Sokolik, 2015a, b; Xi, 2023)

:
.

::::::
Among

::::::
them,

:::::
wind

:::::
speed

:::::::::
represents

:::
the

:::::
wind

::::::::
erosivity

::::::
driver,

:::::
while

:::
the

:::::::::
remaining

::::::::
variables

::::::::::
collectively

::::::::
represent

::::
the

:::::::::::
hydroclimate

:::::
effect

::
on

::::::::
sediment

::::::::::
availability.290

Dominance analysis is performed for all
:::::
ESMs

:::
and

:::::::::
MERRA2

::::
over

:
grid cells with nonzerodustemissionsin ESMsand

MERRA2(
::::::::
emissions

:::::
using

::::::::::::
deseasonalized

::::
and

:::::::::
normalized

::::
data.

:
JRAero is excluded

::::
from

:::
the

:::::::::
dominance

:::::::
analysis due to miss-

ing predictors). Grid-levelresultsarethenaggregatedoverprede�nedgeographicregionsandclimatezones(Fig. ??) to assess

themodelconsistencyin thecollectiveandrelativein�uence of theselectedpredictors.Prior to theanalysis,annualcyclesare

removedfrom both
:::
and

::
its

::::
short

::::
time

:::::
span.

:::
We

:::
�rst

:::::::
subtract

::::::::::
month-wise

::::::::::::
climatological

:::::
means

:::::
from

::
the

::::::::
monthly dust �uxes and295

predictors, andall variablesarenormalizedto a 0–1rangeusingfeaturescalingto ensureequalweightingandcomparability

acrosspredictors.In modelswhere
::::
then

::::::
convert

:::
the

:::::::::::::
deseasonalized

:::
data

::::
into

:::
0–1

:::::
range

:::
via

::::::::
min-max

::::::::::::
normalization.

:::
For

::::::
ESMs

:::
that

:::
use

:
bare soil fractionis usedas a scaling factor in dust �ux calculations (e.g.,INM-CM5.0, CNRM-ESM2.1,

:::::::::::
INM-CM5.0,

UKESM1.0), the dust�uxes are
:::
�ux

::
is �rst normalized by the bare soil fraction

::
in

::::
order

:
to isolate the in�uence of the selected

predictors.
:::
The

:::::::::
grid-level

::::
total

:::
and

:::::::::::::::
predictor-speci�c

:::
R2

:::::
values

:::
are

:::::
used

::
to

:::::
assess

:::
the

:::::::
internal

::::::
spatial

:::::::::
variability

::::
(i.e.,

::::::
within300

::::
each

::::::
climate

:::::
zone)

:::
and

::::::::::
inter-model

::::::::::
consistency

::
in

:::
the

::::
total

::::::::
explained

::::::::
variance

:::
and

::::::::
predictor

::::::
relative

::::::::::
importance.

:

3 Results

3.1 Climatologicalmean
::::::::::
distribution

We beginby examiningtheclimatologicalmeandustemission�uxes andcomparingour resultswith previousassessmentsof

AEROCOMandCMIP5models.Figure 2 displays themean
:::::::::::
climatological

:::::
mean

::::::
annual dust �uxes from 21 ESMs, the model305

ensemble mean, andtheMERRA2 and JRAeroreanalysis,averagedover2005–2014for all modelsexceptCESM2-CAM-Kok

::::::
datasets

:::
for

::::
the

:::::::::
2005–2014

::::::
period

:
(2004–2013) and JRAero(

::
for

:::::::::::::::::
CESM2-CAM-Kok

::::
and 2011–2017). Most models

:::
for

:::::::
JRAero).

:::
All

:::::::
datasets capture the global dust belt stretching from West Africa to East Asia,alongwith

:
as

::::
well

::
as

:
the less intense

sources in the Americas and Australia. E3SM3-Kok and HadGEM2-GC31 simulate the mostspatiallyextensive dust-emitting

areas, including high-latitude and subhumidregions
::::
areas. In contrast, CESM2-CAM-Zender, CESM2-WACCM-Zender, and310

NorESM2 simulate discrete and limited dust-emitting areas, dueto theuseof a truncatedversionof theZender et al. (2003)

::
by

::::::::
excluding

:::::
areas

::::
with

:
dust source function, whichexcludesgrid cellswith values below 0.1.Unlike CESM2-CAM-Zender,
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Figure 2. Climatological mean dust emission �uxes from (a–u) individualESMs
::::
Earth

:::::
system

::::::
models, (v) model ensemble mean, (w)

MERRA2 reanalysis, and (x) JRAero reanalysis. Global annual total dust emissions are displayed on each panel.
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E3SM2-Zender uses the original,untruncated
:::::::::
unmodi�ed

:::::::::::::::::
Zender et al. (2003) dust source function and

:::
thus produces a more

spatially continuous pattern (Fig. 2e).

Globalannualtotal emissionsvary
:::
The

::::::
global

::::
total

::::
dust

::::
�ux

:::::
varies greatly among the ESMs, ranging from 890 to 7727 Tg315

yr� 1 , with nearly an order of magnitude difference (Fig. 2(a–u))
::::
a–2u). The model ensemble mean estimate is 2786 Tg yr� 1

(Fig. 2v) , with a standard deviation of 1821 Tg yr� 1, corresponding to a diversity of 65% (de�ned as the ratio of standard

deviation tothemodel ensemble mean). Based onthe13 modelswhich simulateparticlediametersup to
::::::
models

::::
with

::
a

::::
dust

:::
size

:::::
upper

:::::
limit

::
of

:
20 � m, globalannual

:::
dust

:
emissions vary from 1062 to 6561 Tg yr� 1 with a mean of 3012 Tg yr� 1

and diversity of 51%.The uncertaintyrangesare
:::
This

::::::::::
uncertainty

:::::
range

::
is

:
consistent with prior assessments. For example,320

Huneeus et al. (2011) compared 14 models from AeroCom Phase I and reported a global dust emission range of 500–4400

Tg yr� 1 with a diversity of 58%. Out of the 14 models, 7 models consideredthe diameterrangeof 0–20
::::::
particle

:::::::::
diameters

::
up

::
to

:::
20

:
� m and reportedan emission

:
a �ux of 980–4300 Tg yr� 1 with a diversity of 46%. Similarly, Gliß et al. (2021)

compared 14 AeroCom Phase III models and found a range of 850–5650 Tg yr� 1 with a diversity of 64%. Wu et al. (2020)

reported a range of 740–8200 Tg yr� 1 with a diversity of 66%across
:::::
based

:::
on 15 CMIP5 models. Out of the 15 models,325

7 models consideringthe
:
a

:
diameter range of 0–20� m yielded 740–3600 Tg yr� 1 with a diversity of 43%. More recently,

Zhao et al. (2022) compared 15 models from the CMIP6 AMIP experiment andfound
:::::::
reported

:
a range of 1400–7600 Tg

yr� 1 with a diversity of 61%.Collectively,theseresultsalongwith our �ndings underscorepersistent,substantialuncertainties

in quantifying
:::
Past

:::::::
studies,

:::::::
together

::::
with

::::
our

::::::
results,

:::::::
indicate

::::::::
persistent

:::::
large

:::::::::::
uncertainties

::
in global dust emissions, despite

improvements in modelphysics,parameterizations,andspatialresolutionsovertime
::::::::
resolutions

::::
and

::::::
physics.330

The model ensemble mean globalannualdustemissionrate
::::
total

::::
dust

:::
�ux

:
is signi�cantly higher than that of MERRA2

(1605 Tg yr� 1, Fig. 2w), but closely aligns with JRAero (2780 Tg yr� 1, Fig. 2x). Overall
::
In

:::::::
general, the model ensem-

ble mean exhibits a more spatiallycontinuousandhomogeneouspatternthanMERRA2 andJRAero.Particularly,over the

SaharaDesert,themodelensemblemeansimulatesrelativelyevenlydistributedemissions,
:::::::::::
homogeneous

::::::
pattern

::::
over

::::::
North

:::::
Africa

::::
and

:::::::
Arabian

:::::::::
Peninsula, whereas MERRA2 and JRAero display morelocalizedandclusteredpatterns,perhapsdueto335

topographicconstraintson sedimenterodibility. Comparedto MERRA2 andJRAero,themodelensemblemeanshowslower

emissionsoverthewesternandcentralSahara,buthigheremissionsovertheLibyanDesertandNile Riverbasin.
::::::::::::
heterogeneous

:::
and

::::::::
localized

:::::::
patterns.

3.2 Geographicdistribution

Figure3 a presents
:::::
Figure

::
3

:::::::
displays the fractional contributions ofninegeographicregions

:::::::
different

::::::
climate

:::::
zones

:
to global340

dust emissions.North Africa is identi�ed acrossnearly all modelsas the largestsource,contributing
:::
The

::::::::
hyperarid

:::::
zone

:::::::
accounts

:::
for more than half oftheglobaltotal . Themodelensemblemeanattributesapproximately54%of emissionsto North

Africa, comparedto 59%in MERRA2 and41%in JRAero.

Amongthemodels,
:::::
global

::::
total

:::::::::
emissions

::
in

::::
most

::::::
ESMs

::::::
except

:::
two

:::::::
models:

:
CanESM5.1 and INM-CM5.0

:
,
::::
both

::
of

::::::
which

simulate relatively uniformemissions
:::::::
emission

:::::::
patterns

::::
with

::::
less

::::
than

::::
50%

:::::
from

:::
the

::::::::
hyperarid

::::
zone

:
(Fig. 2(i, q)), with only345

one-thirdof emissionsoriginatingfrom North Africa, substantiallylower thanothermodels.Thesedeviationslikely re�ect
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Figure 3. Fractionalcontributions
::::::::::
Contributions ofdustemissionsfrom different (a) geographicregionsand(b) climate zones

::
to

:::::
global

:::::
annual

:::
dust

::::::::
emissions. Numbers indicate percentages above 5%.

knownde�cienciesanderrorsin CanESM5.1andINM-CM5.0. In CanESM5.1i,
::::
2q).

::::
This

::::
may

::
be

::::
due

::
to

::::::
known

::::::::::
de�ciencies

::
of

::::
these

::::
two

:::::::
models.

::
As

:::::
noted

::
in

::::::::::::::::::
Sigmond et al. (2023)

:
, improper parameter tuning related to the hybridization of dust tracers

hasbeenshownto induceexcessivemasscorrectionsand
:::::
caused

:
spurious dust events, resultingin degradedrepresentations

of dustsourcedistributions(Sigmond et al., 2023). In addition,an
:::
and

:::::::::
inaccurate

::::
dust

::::::::::
distributions

:::
in

:::::::::::
CanESM5.1.

:::
An

:
in-350

terpolation error in the bare soil fractiondistortedthe
:::
also

::::::::
distorted

:::
the

:::::::
model's

:
dust source characterization,leading to

:::::::
resulting

::
in

:
poor agreement with satellite observations

::::::::::::::::::
(Sigmond et al., 2023). In INM-CM5.0,dust �uxes arecalculatedas

thefourthpower
::
the

:::::::
vertical

:::
dust

::::
�ux

::
is

::::::::
calculated

:::
as

:
a

:::::::
function

:
of friction velocity

::::
only, without accounting for theeffectsof

:::::::::
dependence

:::
of

:::::::
threshold

:::::
wind

:::::::
velocity

::
on

:
land surface conditionsontheerosionthreshold(Volodin and Kostrykin, 2016). The

over-simpli�ed parameterizationmayproducebiaseddustemissionsimulationsoverregionswherehydroclimatefactorsplay355

an
:::::::::::::::::::::::::::::::::::::
(Volodin and Kostrykin, 2016; Volodin, 2022)

:
.

:::::
While

::::
this

:::::::::::
simpli�cation

::::
may

:::
be

::::::::::
appropriate

::
for

::::
the

::::::::
hyperarid

:::::
zone,

:
it

::::
can

::::::::
introduce

::::::::
signi�cant

::::::
biases

::::
over

:::
arid

::::
and

:::::::
semiarid

:::::
zones

:::::
where

:::::::::::
hydroclimate

:::::::::
conditions

::::
play

:::
an

::::::::::
increasingly important role in

dust emissions.

::::
Over

:::
the

:::
arid

:::::::
climate

::::
zone,

:::
the

::::
dust

:::::::
emission

:::::::
fraction

::::::
ranges

::::
from

:::
8%

:::::::::::::::::
(CESM2-CAM-Kok)

::
to

::::
37%

:::::::::::::
(UKESM-1.0),

::::::::
re�ecting

:::::::::
substantial

:::::::::::
discrepancies

::::::
among

::
the

::::::
ESMs.

:::::
These

:::::::::::
discrepancies

:::::::
become

::::
even

:::::
larger

::::
over

:::
the

:::::::
semiarid

:::::
zone,

:::::
where

:::
the

::::::::::
contribution360
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:::::
ranges

:::::
from

::::
less

::::
than

:::
1%

::
to

:::::
18%.

::::::
Three

:::::
ESMs

:::::::
allocate

:::::
more

::::
than

::::
10%

:::
of

::::
dust

::
to

:::
the

::::::::
semiarid

:::::
zone:

:::::::::::
CanESM5.1

::::::
(18%),

::::::::::
INM-CM5.0

::::::
(15%),

::::
and

::::::::::
UKESM1.0

:::::::
(12%).

:::::
Thus,

::
as

:::
the

:::::::
climate

::::
zone

::::::
shifts

::::
from

:::::::::
hyperarid

::
to

::::::::
semiarid,

:::
the

::::::
ESMs

:::::
show

:::::
larger

:::::::::::
discrepancies

::
in

::::
their

::::::::
estimates

::
of

:::::::
relative

:::::
source

::::::::
strength.

::::
This

::::::
climate

::::::::::
zone-based

:::::::::
comparison

::::::
offers

:
a

::::::::
�rst-order

:::::
view

::
of

:::::
model

:::::::::::::
representations

::
of

:::
the

::::
dust

:::::::::
sensitivity

::
to

:::::::::::
hydroclimate

::::::::::
conditions.

:::::
Based

:::
on

:::
the

::::::
model

::::::::
ensemble

:::::
mean,

::::::
global

::::
dust

::::::::
emissions

:::
are

:::::::::
partitioned

:::
as

::::
61%

:::::
from

::::::::
hyperarid,

:::::
27%

::::
from

:::::
arid,

:::
and

::::
5%

::::
from

::::::::
semiarid

:::::
zones.

:::
In

:::::::
contrast,

:::::::::
MERRA2

::::
and365

::::::
JRAero

:::::::
produce

::::
most

::::
dust

:::::
from

::::::::
hyperarid

:::
and

::::
arid

:::::
zones,

::::
with

:::::::::
negligible

:::::::::::
contributions

::::
from

:::
the

::::::::
semiarid

::::
zone.

:

::::::
Among

:::
the

::::::
ESMs,

:
CESM2-CAM-Zender, CESM2-WACCM-Zender, and NorESM2 produce similar total emissions and

regional fractions. The choiceof CAM vs. WACCM causesminimal differences.Whereas,the choiceof Zendervs. Kok

dustschemecausessigni�cant changes. Speci�cally, CESM2-CAM-Kok simulates88% emissionsfrom North Africa and

the Middle East,signi�cantly higher than ,
::::::::::

suggesting
:::
that

::::
the

:::::
choice

::::::::
between

:::::
CAM

::::
and

::::::::
WACCM

:::
has

::::::::
minimal

::::::::
in�uence370

::::
when

:::
the

:::::
same

::::
dust

:::::::
scheme

:::::::
(Zender)

::
is

:::::
used.

::::
The

:::::
paired

::::::
CESM

::::
and

::::::
E3SM

::::::::::
experiments

:::::
show

:::::::
different

:::::::
changes

:::
in

:::::::
regional

:::::::
fractions.

::::
For

:::::::
instance,

:::
the

:::::::::
hyperarid

::::
zone

:::::::
fraction

:::::::
increases

:::::
from

::::
61%

::
in

:
CESM2-CAM-Zender(56%). However,

:
to

:::::
88%

::
in

CESM2-CAM-Kokproducesmuchlessdustfrom EastAsia(1%vs.13%by CESM2-CAM-Zender),likely dueto strongersoil

moisturesuppressionin the Kok scheme(Li et al., 2022b). Similarly, the E3SM modelproduceslessemissionsfrom Asian

sourceswhenusingtheKok scheme.375

:
,

::
but

:::::::
slightly

::::::::
decreases

::::
from

:::::
63%

::
in

:::::::::::::
E3SM2-Zender

::
to

::::
58%

::
in

:::::::::::
E3SM3-Kok.

:::
The

:
GISS-E2 modelsexhibitminimal

::::
show

:::
no

differences in the regionaldustfractionsbetweenmodelversions(2.1vs 2.2)andaerosolschemes(sectionalOMA vs.modal

MATRIX). However,total dustemissionsareapproximately
:::::::::::
distributions.

::::::::
However,

:::
the

::::
total

::::::::
emission

::
is

:::::
about

:
40% lower

when usingMATRIX comparedto OMA, possiblydueto differencesin tuningparameters.Also,asnotedin Bauer et al. (2022)

, theMATRIX modalsizedistributionunderrepresent
::
the

::::::::
MATRIX

::::::
aerosol

:::::::
scheme.

::::
This

:::::
could

::
be

::::
due

::
to

:::::::
different

:::::
model

::::::
tuning380

:::::::::
parameters,

::
or

::::::::::::::
underestimation

::
of coarse dust particles (>5� m diameter), whichmaycontributeto loweremissionsthanOMA.

::
in

:::
the

::::::::
MATRIX

:::::
modal

::::
size

::::::::::
distribution,

:::
as

::::::
pointed

:::
out

:::
by

:::::::::::::::
Bauer et al. (2022)

:
.
::::::::::
UKESM1.0

::::::::
simulates

::::::
nearly

::::
twice

:::
as

:::::
much

:::
dust

::
as

:
HadGEM3-GC3.1and,

:::::
along

::::
with

::::::
slightly

:::::
more

::::
even

:::::::::::
distributions.

::
As

::::::::
described

::
in

::::::::::::::::::::
Woodward et al. (2022),

:
UKESM1.0

producesimilar spatial distributionsbut differ in global totals by more than a factor of two. UKESM1.0, which is built385

on HadGEM3-GC3.1, usesthe samedust schemebut includesseveralmodi�cations that enhancethe
::
but

:::::::
applies

::::::
model

::::::
tunings

:::
that

:::::::
enhance

:
friction velocity and suppressthetopsoilmoisturecontent,asdescribedin Woodward et al. (2022). These

parameter
::
soil

::::::::
moisture.

::::::
These tunings are expected to increase thesurfacegustinessanddryness,therebyenhancingthedust

emission
::::
wind

::::::::
gustiness

::::
and

:::
soil

:::::::
dryness

:
in UKESM1.0. In addition,

:
,

:::::::
thereby

:::::::::::
strengthening

::::
dust

:::::::::
emissions.

:
UKESM1.0

excludesdust
:::
also

:::::::
excludes

:
emissions from seasonally vegetatedareas

::::::
regions, resulting in smaller dust-emitting areas

::::
(Fig.390

:::
2p) compared to HadGEM3-GC3.1.

::::
(Fig.

::::
2o). The three Japanese models (MRI-ESM2.0, MIROC-ES2L, and MIROC6) exhibit large differences in total emis-

sions and, to a lesserextent
::::::
degree, regional distributions. MRI-ESM2.0 producesnearly double

::::::
similar

:::::::
regional

::::::::
fractions

::
to

::::::
JRAero

::::
but

::::::
nearly

:::::
twice the total emissionsof JRAero,likely due to differencesbetweenassimilatedand free-running

meteorologicaldataandin tuningparameters. Despite using the same dust scheme, MIROC-ES2L produces �ve times more395
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dust than MIROC6. This discrepancyis largelydrivenby strongernear-surface
::
can

:::
be

::::::
largely

::::::::
explained

::
by

:::
the

:::::::
stronger

:
winds

in MIROC-ES2L. We�nd thatthe,
:::::
which

::::::::
produces

::::
50%

::::::
higher global mean wind speedin MIROC-ES2Lis about50%higher

thanthatin
:::
than MIROC6.Furthermore,theprescribedLAI in

::::::::
Moreover, MIROC6is

::::::::
prescribes

:
non-zero

::::
LAI even in hyper-

arid regions, which likelycontributesto loweremissionscompared
:::::
further

:::::::::
suppresses

::::
dust

::::::::
emissions

:::::::
relative to MIROC-ES2L

(Hiroaki Tatebe, personalcommunication
:::::::::::::
communications).400

Figure3b showsthe partitioningof global dustemissionsby climatezones,providing a �rst-order assessmentof model

sensitivity to hydroclimateconditions.Dust emissionsfrom hyperaridregionsare expectedto be primarily controlledby

wind speed.Theseregionscontribute41% (INM-CM5.0) to 88% (CESM2-CAM-Kok) of global emissionsacrossmodels.

Contributionsfrom arid/semiaridregionsshowgreatervariability, in the rangeof 8–37%and0–18%,respectively.Among

the ESMs,CanESM5.1,INM-CM5.0, and UKESM1.0 exhibit the highestsemiaridcontributionsat 18%, 15%, and 12%,405

respectively.Overall,themodeldiscrepancyincreaseswith decreasingclimatearidity, highlightinggreatermodeluncertainty

over the transitionalareasbetweendry andhumidclimates.This patternmirrors therelatively lower modelspreadfor North

Africa and the Middle East,as shown in Fig. 3a, where the predominanceof hyperaridregionsleadsto strongermodel

agreementin dustemissionattribution.Basedon the modelensemblemean,global dustemissionsarepartitionedas61%

from hyperarid,27%from arid,and5% from semiaridzones.In comparison,MERRA2 (JRAero)produces71%(65%),26%410

(32%)and3%(3%)of its globalemissionsfrom hyperarid,arid,andsemiaridregions,respectively.

3.2 Interannual variability

In this section, we assessthe degreeof inter-modelagreement
:::
This

::::::
section

:::::::::
evaluates

:::
the

::::::::::
consistency

::::::
among

:::
the

:::::
ESMs

:
in

simulating the interannual variability of dust emissions. Monthly dust
:::::::
emission

:
�uxes from all modelsare

:::::
ESMs

:::
are

::::
�rst

regridded to a commongrid
::::::::
resolution of 0.9°×1.25°, andthendeseasonalizedby subtracting

:::
(the

:::::
native

::::
grid

::
of

::::::::
CESM2).

:::
To415

::::::
remove

:::
the

::::::::
in�uence

::
of

:::::
annual

::::::
cycles,

:::
we

:::::::
subtract the month-wise climatologicalaverageat

:::::
means

::::
from

:
each grid cell

:
,

:::::::
yielding

::::::::::::
deseasonalized

::::
dust

::::::::
emission

::::::::
anomalies. Spearman's rank correlation coef�cients are thencomputed

::::::::
calculated

:
between the

deseasonalizeddust�ux anomaliesfor everypossiblepairwisecomparison.With 23 datasets(i.e.,
::::::::
anomalies

:::
for

:::
all

:::::::
possible

:::::
model

:::::
pairs.

::::
With 21 ESMsand2 reanalysisproducts), this yields253uniquepairings

:::
210

:::::::
pairwise

:::::::::::
comparisons. To quantify the

overallmodel
::::
extent

:::
of

::::::::::
inter-model agreement, we calculate the percentage of model pairsexhibiting

:::
that

::::::
exhibit

:
statistically420

signi�cant (i.e., p� 0.1), positive correlations. ,
::::::
which

::
is

::::::::
displayed

:::
in

:::
Fig.

:::
4. A higher percentage indicates strongermodel

consensusin simulatingdust interannualvariability ; Conversely,low percentagesindicatedivergentdust variability. The

resultsaredisplayedin Fig. 4.
:::::::::
inter-model

:::::::::
agreement

::
in

:::::::::
simulating

:::
the

:::::::::
interannual

:::::::::
variability

::
of

::::
dust

:::::::::
emissions.

Overall,themodelsexhibit low to moderateagreement,with amaximumof 34%pairingsexhibitingstatisticallysigni�cant,

positive correlations.Despitebeing the world's largestsources,North Africa and the Middle East display poor
::::::
Despite425

::
its

::::::::
dominant

:::::::::::
contributions

:::
to

::::::
global

::::
dust

:::::::::
emissions,

:::
the

::::::::
hyperarid

:::::
zone

::::::
shows

::::::::
generally

::::
poor

::::::
model

:
agreement, with less

than 12% of pairingsyielding positive correlations,including over hotspotareassuchas BodéléDepressionand Libyan

Desert.This indicatesthat while global modelsconsistentlyidentify theseregionsas dominantdust sources,they differ

substantiallyin simulatingthe year-to-year�uctuations. This poor agreementre�ects model inconsistencyin simulatingthe
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Figure 4. Percentage of statistically signi�cant (p� 0.1), positive correlations out of every possible pairwise comparisons of monthly dust

emission �uxes from23 global
::
21

::::
Earth

:::::
system

:
models. Black contours represent the model ensemble mean

:::::
annual dust �ux of 10 and 100

Tg yr� 1 .

near-surfacewind speed,which is a predominantdriver of dustemissionfrom permanentlydry, barrensurfaces(Evan, 2018)430

. Interestingly,slightly betteragreementis observedover the Sahel,wheredust emissionis more strongly modulatedby

hydroclimateconditions.Mostotherarid/semiaridregionsshowevenbettermodelagreement,indicatingshareddustvariability

in regionswheredustemissionis stronglymodulatedby landcoverandmoistureavailability, of which the in�uence on dust

emissionmaybemoreconsistentlyrepresentedthanwind extremes.

Spearman'srank correlationcoef�cients betweenglobal and regionalmonthly dust emission�ux anomalies:(a) Global435

(GLB), (b) North Africa (NAF), (c) SouthernAfrica (SAF), (d) Middle East (MDE), (e) CentralAsia (CAS), (f) South

Asia (SAS), (g) EastAsia (EAS), (h) North America(NAM), and(i) Australia(AUS). Dots indicatestatisticallysigni�cant

correlations(p� 0.1).Summarytablesarebasedonglobalmodelsonly (MERRA2 andJRAeronot included).

Figure??presentsthecorrelationmatrixbetweenglobalandregionalaverageddust�ux anomaliesfrom individualmodels.

The percentagesof positiveandnegativecorrelations,andtheir ratio arecalculatedto providean overall measureof model440

agreementfor eachregion.Globally,themodelintercomparisonsyield 56%positivecorrelationsand44%negativecorrelations

(Fig. ??a).Basedon a signi�cancelevel of p � 0.1,however,only 14%comparisonsarestronglypositivelycorrelatedand7%

negativelycorrelated,correspondingto an agreement-to-disagreementratio of 1.9. The highestcorrelationis found between

MERRA2andJRAero,suggestingthatassimilatedmeteorologicalandlandsurfaceconditionsexertastrong,sharedin�uence

on thedustvariability in reanalysesproducts.TheconsistencybetweenMERRA2 andJRAerois alsoobservedfor individual445
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geographicregions(Fig. ??b–i). Among the ESMs,only CNRM-ESM2.1,UKESM1.0,andGFDL-ESM4showsigni�cant

correlationswith eitherMERRA2or JRAero,while othermodelsexhibit eithernegativeor insigni�cant relationshipswith the

reanalyses.Particularly,MRI-ESM2.0showsno signi�cant correlationwith JRAero,despiteusingthesamedustscheme.The

CESM,E3SM,andGISS-E2modelfamiliesshowgenerallylow internalagreement,with thebestagreementfoundbetween

E3SM2-Zenderand E3SM3-Kok.Despitethe commonmodel heritage,poor agreementis found betweenUKESM1.0 and450

HadGEM3-GC3.1,andbetweenMIROC6 andMIROC-ES2L
::::
10%

::
of

::::::::
pairwise

::::::::::
comparisons

:::::::
yielding

::::::::::
statistically

::::::::::
signi�cant,

::::::
positive

::::::::::
correlations.

Themodelintercomparisonsfor individual regionsaresummarizedbelow,focusingon statisticallysigni�cant relationships

betweenglobalmodelsandreanalysisproducts,andwithin theCESM,E3SMandGISS-E2modelfamilies:

(1) North Africa showspoormodelagreement,with
::::::
Because

::::
dust

:::::::::
emissions

::::
from

::::::::
hyperarid

:::::
areas

:::
are

::::::::
primarily

:::::::::
controlled455

::
by

:::::
wind

:::::
speed,

::::
this

:::::
weak

:::::::::
agreement

::::::
re�ects

:::::::::::
inconsistent

::::
wind

::::::::::
simulations

::
in

::::
the

::::::
ESMs.

::::::
Indeed,

:::
we

::::
�nd

::::
that only 10% of

pairingspositively correlated,below the global average.Only GFDL-ESM4 and CESM2-CAM-Zendercorrelatewith the

reanalyses.NorESM2is evennegativelycorrelatedwith MERRA2.CESM,E3SMandGISS-E2modelvariantsexhibit weak

or inconsistentinternalcorrelations.
:::::
model

::::
pairs

:::::::
produce

::::::::::
statistically

:::::::::
signi�cant,

:::::::::
positively

::::::::
correlated

:::::
wind

:::::::::
variability

::
in

:::
the

::::::::
hyperarid

:::::
zone.

::::::::
Similarly,

:::::::::::
Evan (2018)

:::::::
reported

:::
that

:::::::::::::
dust-producing

::::::
winds

::::
over

:::
the

::::::
Sahara

:::
are

::::::
mainly

::::::
driven

::
by

::::::::::
large-scale460

::::::::::::
meteorological

::::::::
processes

:::
and

::::
that

::::
most

::::::
CMIP5

:::::::
models

:::::
failed

::
to

::::::
capture

:::
the

::::::::::
near-surface

::::
wind

:::::::::
variability.

::::::
These

:::::
results

:::::::
suggest

:::
that

:::::::::
accurately

::::::::::
representing

:::::::::::
near-surface

:::::
winds

::
is

::::::
critical

:::
for

::::::::
reducing

:::::
model

::::::::::::
discrepancies

::
in

::::
dust

::::::::
variability

::::
over

:::::::::
hyperarid

:::::
areas.

(2) SouthernAfrica exhibitspooragreement,with only 8% positivecorrelationsandanagreement-to-disagreementratio of

1.1.CanESM5.1is theonly modelpositivelycorrelatedwith MERRA2,while threemodels(MPI-ESM1.2465

Basedon theaboveanalysis,hyperaridregions(e.g.,North Africa andtheMiddle East) exhibit weakmodelagreementin

the dust variability, whereasarid/semiaridregionstend to yield more coherentpatterns.To further examine
::::::::
Compared

:::
to

::
the

:::::::::
hyperarid

:::::
zone,

::::
arid

:::
and

::::::::
semiarid

:::::
zones

:::::
(such

:::
as

:::
the

::::::
Sahel,

:::::
South

:::::
Asia,

::::
East

::::
Asia

::::
and

:::::::::
Australia)

::::::
exhibit

:::::::::::
signi�cantly

:::::::
stronger

:::::
model

::::::::::
agreement.

:::
To

:::::::
illustrate

:
how model consistency varies withhydroclimateconditions

::::::
climate

:::::
zones, Fig. 3.2

presents
::
the

:
pairwise correlation matricesof deseasonalizeddust�uxes for

:::::
based

::
on

::::
dust

::::
�ux

::::::::
anomalies

::::::::
averaged

::::
over

:
hyper-470

arid, arid, and semiaridclimatezones. Theproportionof positivelycorrelated
::::::::
percentage

::
of

::::::::::
statistically

:::::::::
signi�cant,

:::::::::
positively

::::::::
correlated

::::::
model pairs increases from 10% inhyperaridregions

:::
the

::::::::
hyperarid

::::
zone

:
to 14% inarid regions

::
the

::::
arid

::::
zone

:
and

17% insemiaridregions,indicatingimprovedmodelagreementover
:::
the

:::::::
semiarid

:::::
zone,

::::::::
indicating

::::::::::::
progressively

:::::
higher

::::::
model

::::::::
agreement

:::
in regions where dust emissions aremoresensitiveto

::::::::::
increasingly

:::::::::
in�uenced

::
by

:
hydroclimate and land surface

conditions.However,semiaridregionsalsoexhibitagreaternumber
:::::::::
Meanwhile,

:::
the

:::::::
semiarid

::::
zone

:::::::
exhibits

::
a

:::::
larger

:::::::::
percentage475

of negatively correlated model pairs (15%)than
::::::::
compared

::
to

:
hyperarid (5%) and arid (6%)regions.Thisdualpatternindicates

:::::
zones.

::::
This

::::::
dipole

::::::
pattern

::::::::
suggests that as the climate regime transitions from hyperarid to semiarid,global modelsdisplay

increasesin bothconsistencyanddivergencein thedust
::
the

:::::
ESMs

::::::
exhibit

::::
both

:::::::
stronger

:::::::::
agreement

::::
and

::::::::
worsened

:::::::::::
disagreement

::
in

:::::::::
simulating

:::
dust

::::::::
emission variability.
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(3) Middle Eastshowssimilar modelagreementto NorthAfrica, with 12%positivecorrelationsandanagreement-to-disagreementratioof

1.9.MPI-ESM1.2andE3SM2-Zendercorrelatewith thereanalyses.Relationshipswithin CESM,E3SM,andGISS-E2modelsaremostly

inconsistent,with positivecorrelationbetweenCESM2-CAM-ZenderandandCESM2-CAM-Kokonly.

(4) CentralAsia reportsbettermodelagreement,with 13%positiveandanagreement-to-disagreementratioof 3.1.E3SM3-Kok
:::
arid,

GISS-E2.1-MATRIXandCanESM5.1yield modestagreementwith thereanalyses.Only E3SM2-ZenderandE3SM3-Kokareconsistent

within thefamilies.

(5) SouthAsiaexhibitsthebestmodelagreement,with 24%positivelycorrelatedpairingsandanagreement-to-disagreementratioof

6.2
::::::
semiarid

:::::
climate

:::::
zones.9 outof 19modelscorrelatewith eitherMERRA2or JRAero.GISS-E2modelsshowstrongcoherence.

CESM2-CAM-Zendershowsmoderatecorelationwith CESM2-WACCM-Zender.

::::
Dots

::::::
indicate

::::::::
statistically

::::::::
signi�cant

:::::::::
correlations

:
(6) EastAsia reports10%positivecorrelationsandtheleast(3%)negativecorrelations,

with anagreement-to-disagreementratioof 3.5.Six CMIP6 modelsarepositivelycorrelatedwith MERRA2.CESMandGISS-E2families

showmoderateinternalagreement.

(7) NorthAmericayields12%positivecorrelationsandanagreement-to-disagreementratioof 2.3
:::::
p� 0.1).GISS-E2.1-MATRIXis theonly

modelsigni�cantly correlatedwith thereanalyses.TheCESM,E3SM,andGISS-E2modelfamiliesexhibitweakinternalcorrelations.

:::::::
Summary

::::
tables

:::
are

:::::
based

::
on

::::
Earth

::::::
system

:::::
models

::::
only (8) Australiareports12%positivecorrelationsandanagreement-to-disagreement

ratioof 2.9.FiveCMIP6modelscorrelatewith eitherMERRA2or JRAero.GISS-E2modelsshowmixedresults,with bothpositiveand

negativecorrelations.CESM2-CAM-ZenderandCESM2-WACCM-Zenderhasstrongagreement.

(9) SouthAmericaexhibitspoormodelcoherence,10%positivecorrelationswith anagreement-to-disagreementratioof 1.5(not shown).

Only NorESM2is stronglycorrelatedwith thereanalyses.CESM2-CAM-Zendershowsmodestagreementwith

CESM2-WACCM-Zender
:::::
JRAero

:::
not

:::::::
included).

SameasFig. ??but for differentclimatezones.

(3)MiddleEastshowssimilarmodelagreementtoNorthAfrica, with 12%positivecorrelationsandanagreement-to-disagreement

ratioof 1.9.MPI-ESM1.2andE3SM2-Zendercorrelatewith thereanalyses.Relationshipswithin CESM,E3SM,andGISS-E2

modelsaremostlyinconsistent,with positivecorrelationbetweenCESM2-CAM-ZenderandandCESM2-CAM-Kokonly.

(4)CentralAsiareportsbettermodelagreement,with 13%positiveandanagreement-to-disagreementratioof 3.1.E3SM3-Kok
:::
arid,

GISS-E2.1-MATRIXandCanESM5.1yield modestagreementwith thereanalyses.Only E3SM2-ZenderandE3SM3-Kokare

consistentwithin thefamilies.

(5) SouthAsiaexhibitsthebestmodelagreement,with 24%positivelycorrelatedpairingsandanagreement-to-disagreement

ratioof 6.2
:::::::
semiarid

::::::
climate

:::::
zones.9 outof 19modelscorrelatewith eitherMERRA2or JRAero.GISS-E2modelsshowstrong

coherence.CESM2-CAM-Zendershowsmoderatecorelationwith CESM2-WACCM-Zender.

::::
Dots

:::::::
indicate

:::::::::
statistically

:::::::::
signi�cant

::::::::::
correlations (6) EastAsia reports10%positivecorrelationsandtheleast(3%)negative

correlations,with an agreement-to-disagreementratio of 3.5. Six CMIP6 modelsare positively correlatedwith MERRA2.

CESMandGISS-E2familiesshowmoderateinternalagreement.

(7)NorthAmericayields12%positivecorrelationsandanagreement-to-disagreementratioof 2.3
::::::
p� 0.1).GISS-E2.1-MATRIX

is theonly modelsigni�cantly correlatedwith thereanalyses.TheCESM,E3SM,andGISS-E2modelfamiliesexhibit weak

internalcorrelations.

::::::::
Summary

:::::
tables

:::
are

:::::
based

::
on

:::::
Earth

::::::
system

::::::
models

::::
only (8)Australiareports12%positivecorrelationsandanagreement-to-disagreement

ratio of 2.9.Five CMIP6 modelscorrelatewith eitherMERRA2 or JRAero.GISS-E2modelsshowmixed results,with both

positiveandnegativecorrelations.CESM2-CAM-ZenderandCESM2-WACCM-Zenderhasstrongagreement.

(9) SouthAmericaexhibitspoormodelcoherence,10%positivecorrelationswith anagreement-to-disagreementratioof 1.5

(not shown).Only NorESM2is stronglycorrelatedwith thereanalyses.CESM2-CAM-Zendershowsmodestagreementwith

CESM2-WACCM-Zender
::::::
JRAero

:::
not

::::::::
included).

SameasFig. ??but for differentclimatezones.

Figure 5.
::::::::
Spearman's

::::
rank

::::::::
correlation

:::::::::
coef�cients

:::::::
between

:::
dust

:::::::
emission

::::
�ux

:::::::
anomalies

:::::::
averaged

::::
over

:::::::
hyperarid,HadGEM3-GC3.1and

NorESM2)shownegativecorrelations.TheCESM,E3SMandGISS-E2modelsexhibit pooragreementwithin thefamilies.

(3) Middle Eastshowssimilar modelagreementto North Africa, with 12%positivecorrelationsandanagreement-to-disagreementratio of

1.9.MPI-ESM1.2andE3SM2-Zendercorrelatewith the reanalyses.Relationshipswithin CESM,E3SM,andGISS-E2modelsaremostly

inconsistent,with positivecorrelationbetweenCESM2-CAM-ZenderandandCESM2-CAM-Kokonly.

(4) Central Asia reportsbetter model agreement,with 13% positive and an agreement-to-disagreementratio of 3.1. E3SM3-Kok
:::
arid,

GISS-E2.1-MATRIXandCanESM5.1yield modestagreementwith the reanalyses.Only E3SM2-ZenderandE3SM3-Kokareconsistent

within thefamilies.

(5) SouthAsia exhibits the bestmodel agreement,with 24% positively correlatedpairingsand an agreement-to-disagreementratio of

6.2
::::::
semiarid

:::::::
climate

::::
zones.9 out of 19 modelscorrelatewith either MERRA2 or JRAero. GISS-E2modelsshow strong coherence.

CESM2-CAM-Zendershowsmoderatecorelationwith CESM2-WACCM-Zender.

:::
Dots

:::::::
indicate

::::::::
statistically

:::::::::
signi�cant

:::::::::
correlations (6) EastAsia reports10% positivecorrelationsandthe least(3%) negativecorrelations,

with anagreement-to-disagreementratio of 3.5.Six CMIP6 modelsarepositivelycorrelatedwith MERRA2. CESMandGISS-E2families

showmoderateinternalagreement.

(7) North Americayields12%positivecorrelationsandanagreement-to-disagreementratio of 2.3
:::::
p� 0.1).GISS-E2.1-MATRIXis theonly

modelsigni�cantly correlatedwith thereanalyses.TheCESM,E3SM,andGISS-E2modelfamiliesexhibitweakinternalcorrelations.

:::::::
Summary

:::::
tables

::
are

:::::
based

::
on

:::::
Earth

:::::
system

::::::
models

::::
only (8) Australiareports12%positivecorrelationsandanagreement-to-disagreement

ratio of 2.9. Five CMIP6 modelscorrelatewith eitherMERRA2 or JRAero.GISS-E2modelsshowmixed results,with both positiveand

negativecorrelations.CESM2-CAM-ZenderandCESM2-WACCM-Zenderhasstrongagreement.

(9) South America exhibits poor model coherence,10% positive correlations with an agreement-to-disagreementratio of 1.5

(not shown). Only NorESM2 is strongly correlated with the reanalyses.CESM2-CAM-Zender shows modest agreementwith

CESM2-WACCM-Zender
:::::
JRAero

:::
not

:::::::
included).

SameasFig. ??but for differentclimatezones.
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Figure 6. Statistical associations between
::
the pairwise

::::
model

:
correlation coef�cients (p� 0.1 shown in red) indeseasonalizeddust emission

�uxes and hydroclimate variabilityaveragedover (a) hyperarid, (b) arid, and (c) semiaridregions
:::::
climate

:::::
zones.Hydroclimatevariability

is representedby the �rst principle component(PC1) of �ve near-surfacevariables:precipitation,soil moisture,speci�c humidity, air

temperature,andleafareaindex.

What causessucha
:::
this complex behavior?We hypothesizethat model representationsof the hydroclimatein�uence on480

dustemissionplay an importantrole. In semiaridregions
::
In

::::::::
semiarid

::::::::::
environment

:
such as temperate grasslands andsteppe

ecosystems,dustemissionis
:::::::
steppes,

::::
dust

::::::::
emissions

:::
are strongly modulated by antecedent land surface conditions

::
in

:::::::
addition

::
to

::::
wind

:::::
speed, such assnowcover

::::::::::
precipitation, soil moisture,

:
and vegetation growth-decay cycle, which exert strong lagged

effectson dustactivity in subsequentseasons(Shinoda et al., 2011; Nandintsetseg and Shinoda, 2015). Typically
:::::::
in�uence

:::
on

::
the

::::
soil

:::::::::
erodibility

:::::::::::::::::::::::::::::::::::::::::::::
(Shinoda et al., 2011; Nandintsetseg and Shinoda, 2015)

:
.
:::
For

::::::::
example, dry anomalies during the prior wet485

season (e.g.,early snowretreator reducedrainfall) may delayvegetationonsetor
::::::
reduced

::::::::
snowfall

::
or

:::::::
rainfall,

::::::::::
accelerated

::::
snow

:::::::
retreat)

:::
can

:::::::::::
subsequently

:
suppress vegetation growth, therebyextendingthe durationof

::::::::
prolonging

:
bare soil exposure

andenhancingthe soil erodibility
::::::::
increasing

:::::
wind

::::::
erosion

::::
risk. This delayed dustresponse

:::::::
emission

::::::::
response

::
to

:::::::::
preceding

::::::
drought

:
exempli�es the effect of land surface memory,wherepersistentlandsurfaceconditionsin�uence subsequentclimate

processes.Thus
:::::::
whereby

:::
the

::::
slow

::::::::::
adjustment

::
of

::::
land

::::::
surface

:::::
states

:::::
(such

:::
as

:::
soil

::::::::
moisture,

:::::
snow

::::::
cover,

:::
and

::::::::::
vegetation)

::::
over490

:::::
weeks

::
to

::::::
months

:::::::::
in�uences

:::::::::
subsequent

::::
dust

::::::::
emission

::::
long

::::
after

:::
the

:::::
initial

::::::
forcing

:::::
(e.g.,

::::::::
drought).

::::::::
Therefore, we speculate that

the simultaneous increasein modelagreementanddisagreementin semiaridregions(Fig. 3.2c)
::
of

::::
both

::::::
model

::::::::::
consistency

:::
and

:::::::::
divergence

:::::
from

::::::::
hyperarid

:::
to

:::::::
semiarid

::::::
zones re�ects a "double-edged sword" effect of land surface memory: models

with coherent representations of hydroclimate variabilitytendto convergein their dustemissionresponses
:::::::
converge

:::
in

:::
the

::::::::
simulated

::::
dust

:::::::
emission

:::::::::
variability

:
(i.e., more positive correlations), while those with divergent hydroclimate representations495

tendto divergein dustresponses
:::::
diverge

::
in

:::
the

::::
dust

:::::::::
variability (i.e., more negative correlations).

To test
::::
verify

:
this hypothesis, we examine the statistical association betweeninter-model

:::::::
pairwise

:::::
model correlations in dust

emission�uxes
::::::::
emissions

:
and those in hydroclimateconditions

::::::::
variability. Speci�cally, weperform

:::
�rst

:::::::
perform

::
a

:
principle
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component analysis (PCA) ofmonthly meanhydroclimatevariablesfor eachclimatezone.The �rst
:::
the

:::
�ve

::::::::::::
hydroclimate

:::::::
variables

::::
(i.e.,

:::::::::::
precipitation,

::::
soil

::::::::
moisture,

::::::
speci�c

::::::::
humidity,

:::
air

:::::::::::
temperature,

::::
LAI)

:::
for

:::
the

::::::::
hyperarid,

::::
arid,

::::
and

:::::::
semiarid

::::::
zones.500

:::
The

:::::::
leading principle component (PC1), whichaccountsfor

::::::
explains

:
at least 40% oftotal variances

::
the

::::
total

::::::::
variance

::
in

:::
all

:::::
zones, is usedto represent

:
as

::
a

:::::
proxy

:::
for

:
the dominant hydroclimate variabilityfor eachclimatezone.Then,

:
. Spearman's

rank correlation coef�cients arecomputed
::::
then

::::::::
calculated

:
for all pairwise

:::::
model

:
comparisons of deseasonalized monthly PC1

values,similar to thedust�ux comparisons
::::::::
following

:::
the

::::
same

::::::::
approach

::
as

:
in Fig. 3.2.

Figure6 displaysthepairwise
:::::
Figure

:
6

::::::::
compares

:::
the

:
correlation coef�cients for model pairs withsame-signcorrelationsin505

thedust�ux andPC1
::
the

:::::
same

::::
sign (i.e., either both positive or both negative)

::
in

::::
dust

::::::::
emission

:::::
�uxes

:::
and

:::::::::::
hydroclimate

::::
PC1.

The regression slope and coef�cient of determination (r 2) hencequantify the degree of statistical association between model

consistenciesin thedust
::::::::::
correlations

::
in

::::
dust

:::::::
emission and hydroclimate variability. The positive associationacross

::
in all climate

zones suggests thatmodelswith strongeragreementin hydroclimateconditions
:::::
ESMs

::::
with

:::::::
stronger

:::::::::
consensus

::
in

:::::::::::
hydroclimate

::::::::
variability

:
tend to produce more consistent dust variability,while modelsthatdivergein hydroclimaterepresentationsexhibit510

greaterdisagreementin dustvariability.As theclimateregimeshiftsfromhyperaridtosemiarid
:::
and

::::
vice

:::::
versa.

::::
More

::::::::::
importantly,

both the number ofstatisticallysigni�cant modelpairsandthe
::::::::::
signi�cantly

::::::::
correlated

::::::
model

::::
pairs

:::
(N)

::::
and correlation strength

(slope andr 2) increaseprogressively,thusprovidingsupportfor
::::
show

:::::::::
signi�cant

::::::::
increases

::::
from

:::::::::
hyperarid

::
to

:::::::
semiarid

::::::
zones.

::::
This

:::::
result

:::::::
supports

:
our hypothesis regarding the dual role of land surface memory: it enhances agreement amongmodels

with coherentrepresentationsof hydroclimatedynamics
::::
ESMs

:::::
with

:::::::
coherent

:::::::::::
hydroclimate

:::::::::::::
representations, while simultane-515

ously exacerbating disagreement among those with divergent hydroclimate variability.This �nding underscorestheimportance

of accuratelyrepresentinghydroclimateand land surfaceprocessesin reducinguncertaintiesin dust emissionsimulations,

especiallyovertransitionalaridandsemiaridregions.

3.3 Relative importance of wind and hydroclimate drivers

In this section, we present the dominance analysisresultson
::
of the collective and relative in�uence of wind and hydroclimate520

variables
:::::
drivers

:
on the dustinterannualvariabilitywithin ESMsandMERRA2. Fig.

:::::::
emission

:::::::::
variability.

::::::
Figure

:
7 presents

the total
:::::::
variance

::::::::
explained

::
(R2explainedby all predictorscombined,representingthe collectiveexplanatorypowerof

:
)
:::
by

near-surface wind speed,
:::
and

:::
�ve

:::::::::::
hydroclimate

::::::::
variables

:
(precipitation, soil moisture, speci�c humidity, air temperature, and

LAI
:
)

::
in

:::
the

::::::
ESMs

:::
and

:::::::::
MERRA2. Results for CESM2-WACCM-Zender and NorESM2 are very similar to those of CESM2-

CAM-Zender and thus not shown.525

Themodels
:::::
ESMs exhibit substantial differences in

::
the

:
total R2, re�ecting varyingdegreesof

:
a

::::
large

::::::
spread

::
in

:::
the

:
internal

model variability anddifferencesin thecoupling strength between dust emission andtheirphysicaldrivers.AmongtheESMs,

::
the

:::
six

::::::::
selected

:::::::::
predictors. CanESM5.1 yields the lowest

:::::
global

:
R2globally, followed by MPI-ESM1.2, MIROC6, and EC-

Earth3-AerChem,all of which showlow R2 valuesover extensiveregions,suggestingthat
:
in

::::::
which

:
the selected predictors

explainonly a
:
a

::::::::
relatively small fraction of thesimulateddustvariabilityin thesemodels

:::
dust

:::::::::
variability. The lowR

::::::::::
explanatory530

:::::
power

:
may be explained by several reasons.For example,known modelerrorsandartifacts

::::::::::
Speci�cally,

::::::
model

::::::::::
de�ciencies

:::
and

:::::
errors

:::::
(e.g., in CanESM5.1,asdiscussedin Section 3.1, maydistortor weaken)

::::
may

:::::::
weaken

::
or

::::::
distort

:::
the

:::::::::::
relationships
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Figure 7. Total explained variance (R2)
::
in

:::
dust

:::::::
emission

:::::
�uxes

:
by six near-surface predictors (wind speed, precipitation, soil moisture,

speci�c humidity, air temperature, andleaf areaindex
:::
LAI) in thedeseasonalizedmonthlydust�uxes

::::
Earth

::::::
system

:::::
models

:::
and

::::::::
MERRA2.

Global mean R2 values are shown on each panel.
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