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Abstract

The impact of climate change on Sahel precipitation suffers from large uncertainties and is strongly model-dependent. In
this study, we analyse sources of inter-model spread in Sahel precipitation change by decomposing precipitation into its
dynamic and thermodynamic terms, using a large set of climate model simulations. Results highlight that model uncertainty
is mostly related to the response of the atmospheric circulation to climate change (dynamic changes), while thermodynamic
changes are less uncertain among climate models. Uncertainties arise mainly because the models simulate different shifts
in atmospheric circulation over West Africa in a warmer climate. We linked the changes in atmospheric circulation to the
changes in Sea Surface Temperature, emphasising that the Northern hemispheric temperature gradient is primary to explain
uncertainties in Sahel precipitation change. Sources of Sahel precipitation uncertainties are shown to be the same in the new
generation of climate models (CMIP6) as in the previous generation of models (CMIPS).
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1 Introduction

In Sahelian countries, around 65% of the labour force (FAO,
2006) and 95% of the land use (Rockstrom et al. 2004) are
devoted to agriculture, which is predominantly rain-fed.
About one-third of the gross domestic product depends
on the agricultural sector, versus about 14% for developed
nations. The monsoon season occurs between late June to
late September (Liebmann et al. 2012; Dunning et al. 2016;
Akinsanola and Zhou 2019a) and brings about 80% of the
annual rainfall amount. As a result, the Sahelian countries
are highly vulnerable to intraseasonal and multidecadal

Electronic supplementary material The online version of this
article (https://doi.org/10.1007/s00382-020-05332-0) contains
supplementary material, which is available to authorized users.

< Paul-Arthur Monerie
pmonerie @gmail.com

National Centre for Atmospheric Science, University
of Reading, Reading, UK

Centre for Agroecology, Water and Resilience (CAWR),
Coventry University, Coventry, UK

Department of Geography, University of Georgia, Athens,
Georgia, USA

variability of the West African Monsoon. It has been shown
that climate change could have robust impacts on agricul-
ture yield (Sultan et al. 2014; Sultan and Gaetani 2016),
river flow (Angelina et al. 2015; Aich et al. 2016; Stanzel
et al. 2018; Sylla et al. 2018; Sidibe et al. 2020) and extreme
precipitation events (Sylla et al. 2015; Han et al. 2019; Akin-
sanola and Zhou 2019a) over West Africa. However, projec-
tions for the end of the 21st century suffer from large uncer-
tainties (Biasutti 2013; Monerie et al. 2016; Yan et al. 2018),
with some models simulating an increase in precipitation
while others simulates a decrease in precipitation alongside
strong differences in precipitation change patterns over West
Africa.

Studies have demonstrated that a pattern in precipita-
tion change emerges in a warmer climate, with more severe
drought conditions over the western Sahel and an increase
in precipitation over the central Sahel (Fontaine et al. 2011;
Monerie et al. 2012, 2016; Biasutti 2013; James et al. 2015;
Dunning et al. 2018; Akinsanola and Zhou 2019c¢; among
others). There is an agreement about the pattern of precipita-
tion change for short-term (i.e. 2010-2049), near-term (i.e.
2045-2070) and long-term (i.e. end of the 21st Century)
time horizons under medium RCP4.5 (Monerie et al. 2013)
and high RCP8.5 (Monerie et al. 2017; Akinsanola and Zhou
2018) emissions scenario. However, no consensus can be
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found regarding the magnitude of precipitation change over
the Sahel (Solomon et al. 2007; Barros et al. 2014), as stated
by the third and fifth assessment reports of the IPCC.

Precipitation variability can be associated with changes
in the strength and direction of the wind (i.e. dynamic
changes), the availability of specific humidity in the bound-
ary layer (i.e. thermodynamic changes), and changes in
both the atmospheric dynamic and specific humidity (see
for instance Akinsanola and Zhou 2019b, c¢). In a warmer
climate, we can thus expect uncertainties in simulating both
dynamical and thermodynamic changes to contribute to
the total uncertainty in precipitation change across climate
models.

Sahel precipitation variability is associated with variabil-
ity of the sea surface temperature (SST) on interannual to
multi-decadal time scales (Folland et al. 1986; Palmer 1986;
Rowell et al. 1992; Mohino et al. 2011; Martin and Thorn-
croft 2014). The warming of the tropical SSTs also impacts
the global Hadley cell circulation (Ma et al. 2011, 2018),
hence imposing stability and reducing precipitation over
the tropics and West Africa. Changes in SSTs could impact
Sahel precipitation by shifting atmospheric circulation pat-
terns over West Africa and allowing evaporation to increase
over the ocean (Monerie et al. 2019). Therefore, inter-model
differences in SST change, and in SST—Sahel precipitation
teleconnections, are strong sources of uncertainty in Sahel
precipitation change (Giannini et al. 2013; Park et al. 2015,
2016; Gaetani et al. 2017).

Reducing uncertainties is of primary importance for
providing useful information to policymakers. A common
way to deal with large uncertainties is to select an ensemble
of the best models, as defined from the model’s ability to
simulate the historical climate, with regard to observations/
reanalysis (Cook and Vizy 2006; Lee and Wang 2014). The
underlying rationale is that models that are able to reproduce
the observed climate variability and the mean state could
perform better at projecting future climate. However, this
is not straightforward. Firstly, although model ranking was
found to be highly variable dependent (Santer et al. 2009;
Monerie et al. 2012), best models selection are often solely
based on surface variable evaluation, e.g. precipitation.
Secondly, findings from previous studies suggest that there
is no clear relationship between model’s ability to simu-
late observed climate and precipitation projections (Mon-
erie et al. 2016; Yan et al. 2018). Reducing uncertainties
is therefore not straightforward and would benefit from a
better understanding of the inter-model spread in precipita-
tion change. Here, we take a step forward into understanding
the uncertainties in Sahel precipitation change. This could
help scientists to improve robustness of the projections,
providing a better information to policymakers. Changes in
precipitation are complex since they are not only associ-
ated with changes in moisture availability described by the
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Clausius-Clapeyron relation, but also with the modulation
of the strength of the tropical mean circulation, as well as
shifts in atmospheric circulation (Chadwick et al. 2013). Our
approach is based on a simple framework for precipitation
decomposition described in (Chadwick et al. 2013, 2016;
Rowell and Chadwick 2018). Although, Kent et al. (2015)
and Chadwick et al. (2016) have analysed changes in precipi-
tation on a global scale, as shown by multi model mean, we
aim at investigating the model uncertainties in precipitation
change, over the Sahel.

In this study, we use a set of CMIP5 simulations (Taylor
et al. 2012) along with a set of the newly developed Climate
Model Intercomparison Project Phase-6 (CMIP6) simula-
tions (Eyring et al. 2016). The aim of the paper is twofold.
Firstly, to investigate sources of precipitation uncertainties
over the Sahel, focusing on inter-model difference. Secondly,
to assess the ability of the new generation of climate models
(CMIP6) to simulate mean summer Sahel precipitation, rela-
tive to the previous generation of models (CIMPS5), and to
analyse changes in Sahel precipitation in both CMIP simu-
lations. This study could provide useful information on the
causes of the inter-model spread in projected Sahel precipi-
tation change and how these uncertainties could be reduced.

2 Data and method
2.1 Data

The fifth phase of the Climate Model Intercomparison Pro-
ject (CMIPS5; Taylor et al. 2012) allows us to analyse dis-
crepancies in Sahel precipitation change in a large number
of simulations. We use the outputs of 29 CMIP5 models.
Therefore, we evaluate how models diverge in projecting
long-term impacts of climate change over the Sahel, using a
high emission scenario. Precipitation changes are analysed
for the main period of the Sahel rainy season, from July to
September (hereafter noted JAS). The focus is on quanti-
fying the response of Sahel precipitation to an increase in
well-mixed greenhouse gases by computing the difference
between the period 2060-2099, under the RCP8.5 emission
scenario, to the reference period 1960-1999, under the his-
torical emission scenario. In addition, we use a set of 11
CMIP6 simulations, the new generation of climate models
(Eyring et al. 2016), which was available at the time of the
study, using both the historical, and the ssp585 emission
scenario, which is close to the RCP8.5 emission scenario
(O’Neill et al. 2016). At the end of the 21st century, uncer-
tainties due to how models simulate internal climate vari-
ability is moderate in comparison to uncertainties related
to model’s formulations (Monerie et al. 2017a; Fig. 1c, d).
Therefore, we use the first available member for each CMIP5
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Fig.1 a CMIP5 multi-model mean change in precipitation as
obtained by the difference between the period 2060-2099 (rcp8.5
emission scenario) minus the period 1960-1999 (historical emis-
sion scenario), for JAS. The red contours show the multi-mean mean
historical precipitation (from 0 to 16 mm day™', every 2 mm day ™).
b same as a but for the CMIP6 multi-model mean precipitation and
with the historical and ssp585 emission scenarios. Stippling indicates
that at least 70% of the models agree on the sign of the multi-mode
mean precipitation change. Inter-model spread in precipitation change
(colour) with the inter-model spread in historical precipitation (con-
tour) for the ¢ CMIP5 and d CMIP6 simulations. Stippling indicates
that uncertainty due to model formulation account for at least 80% of
the total uncertainty (see the text for further information). e Change

and CMIP6 model and assume that our results are not sensi-
tive to the ensemble-member size.

To evaluate biases in precipitation we use the data of the
Global Precipitation Climatology Project (GPCP; Adler
et al. 2003) that is available from 1979 to present on a 2.5°
global grid. GPCP uses data from rain gauge stations, satel-
lites, and sounding observations, which have been merged to
estimate monthly precipitation. Data of the Global Precipita-
tion Climatology Centre (GPCC; Schneider et al. 2014b) has
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in precipitation for each model over the Western [10-20 N; 20-5 W;
“W”] and the central [10- 20 N; SW-20E; “C”] Sahel (see the boxes
on the panel a). The grey shading indicates the inter-model standard
deviation and the cross the multi-model mean average in precipitation
change. CMIP5 simulations (*5”) are represented by a filled circle
while CMIP6 simulations (“6”) are represented by an empty square.
f Probability density function as obtained from a set of 3 million of
randomly computed ensemble of 11 CMIP5 multi-model mean pre-
cipitation change for the western Sahel precipitation (black line) and
the central Sahel precipitation (red line). The vertical lines indicate
the multi-model mean precipitation change as obtained from the set
of 11 CMIP6 simulations

also been used to verify how results vary with reference to
another observational data set.

2.2 Method
Changes and variability in precipitation are associated
with dynamic and thermodynamic changes. We assume

that uncertainties related to these components might
impact simulations of total precipitation. Thus, to better
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understand sources of uncertainties among the CMIP5
and CMIP6 ensembles, precipitation is decomposed into
several terms, following (Chadwick et al. 2013, 2016).
Held and Soden (2006) assumed that precipitation can be
approximated by,

P=M*qand AP = A(M*q) 1)

where, P is precipitation, M* is a proxy for convective mass-
flux from the boundary layer to the free troposphere (with
M*=P/q), and q is the near surface specific humidity. Thus,
high precipitation rates imply large convective mass flux
when convection is pumping up low specific humidity air
from the boundary layer. This method relies on the fact that
tropical precipitation is dominated by convection (Chad-
wick et al. 2016; Rowell and Chadwick 2018). A indicates
changes associated with climate change, which is the differ-
ence between the end of 21st century and historical periods.

Precipitation change is then reformulated in terms of

thermodynamic (APy,,,,, dynamic (AP, ) and cross non-

linear (AP,,,,,) components.
AP = M*Aq + gAM* + AgAM* )
AP = APtherm + Aden + APcmss (3)

where AP, is the change in precipitation due to a change
in the atmospheric circulation (dynamic term), AP, is the
change in precipitation due to a change in specific humidity
availability (thermodynamic term) and AP, is the change
in precipitation due to changes in both atmospheric circula-
tion and specific humidity.

Further decomposition of AP, allows one to document
changes that are due to the weakening of the tropical mean
circulation (AP,,,) and to a shift in the pattern of the
circulation (AP ), as

APy = gAMY, “

AP, = qAM, . Q)]

with,

AM. = —aM’ ©)
where.

a = —(tropical mean AM™ /tropical mean M*) @)

a is scaled by the strength of the mean tropical circula-
tion, suggesting that changes in the tropical mean circula-
tion is inversely proportional to the climatology mass-flux
field, as stated in (Chadwick et al. 2013). The tropical
mean is the weighted area average, computed between 30°
S and 30° N.
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Finally,
AM,. = AM* =AM, ()

The decomposition is performed using monthly means
(Kent et al. 2015; Chadwick et al. 2016; Rowell and Chad-
wick 2018) before computing the seasonal means and the
area-weighted averages (i.e. western and central Sahel).
This decomposition allows understanding the drivers of
precipitation change and uncertainties, in terms of dynamic
and thermodynamic changes. Besides, it allows decompos-
ing dynamic changes, by showing the effects of climate
change on the weakening of the tropical mean circulation
and on patterns in atmospheric circulation. These cannot
be assessed using other decomposition method, such as, the
decomposition presented in Seager et al. (2014).

3 Results
3.1 Simulation of historical observed precipitation

During the rainy season (JAS) the maximum precipitation
occurs at 10°N and decreases as we move north and south
(Fig. 2a). Peaks in observed precipitation are located over
the mountains of Guinea Coast and the Cameroon highlands.
CMIPS climate models underestimate Sahel precipitation
and overestimate precipitation over the Guinea Coast and the
tropical Atlantic Ocean (Fig. 2a). In CMIP5 simulations the
monsoon system does not propagate far enough northward
and precipitation over the Sahel is underestimated. This dry
bias is systematic over the Sahel and is associated with a
cold bias over the Sahara and a warm bias over the Atlantic
cold tongue, as also reported in (Richter et al. 2012; Roehrig
et al. 2013; Foltz et al. 2019; Fig. S1). The new generation of
models (CMIP6) also produces an anomalously southward
shifted monsoon system and underestimates Sahel precipita-
tion (Fig. 2b). The same conclusion is obtained when evalu-
ating bias in precipitation against GPCC (Schneider et al.
2014b) (not shown).

Over the central Sahel, precipitation biases are higher
in the set of CMIP6 simulations than in the set of CMIP5
simulations. However, comparing a set of 29 simulations to
a set of 11 simulations is not robust since simulated Sahel
precipitation is strongly model dependent (Druyan 2011)
and a reduced set of models is more likely to be impacted
by outlier simulations. We randomly resampled the set of
CMIPS5 simulations to obtain a large number of 11-model
ensembles. Then we can ascertain whether the difference
in bias is due to the ensemble size or not. For the western
Sahel, result shows that the difference in the bias is related
to ensemble size (Fig. 2c). However, we find, for the cen-
tral Sahel, that the CMIP6 bias is stronger than 90% of the
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Fig.2 Multi-model mean precipitation biases in JAS for a set of a 29
CMIPS simulations and b 11 CMIP6 simulations. Biases (shadings)
are computed as the difference between the JAS mean historical sim-
ulations (period 1979—-1999) minus the JAS mean observed precipita-
tion (period 1979-1999; GPCC). On a and b the red contours indi-
cate the climatological JAS observed precipitation (from O to 16 mm
day™!, every 2 mm day~"). Stippling indicate that at least 70% of the
models agree on the sign of the multi-model mean bias. Probability

density function as obtained from a set of 3 million of randomly com-
puted ensemble of 11 CMIP5 ¢ multi-model mean bias and d inter-
model bias spread for the western Sahel precipitation (black line)
and the central Sahel precipitation (red line). On panels ¢ and d, the
vertical lines indicate the multi-model mean bias and the inter-model
spread in precipitation biases, as obtained from the set of 11 CMIP6
simulations
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resampled 11 CMIP5 model ensembles. Therefore, there is
a high probability that the dry bias is stronger in the CMIP6
than in the CMIP5 simulations over the central Sahel. Thus,
the new generation of models does not necessarily perform
better than the older generation of models.

The inter-model spread, i.e. the divergence between
the model’s simulations, is weaker within the CMIP6 than
within the CMIP5 ensemble (Fig. 2d). However, a reduced
inter-model spread is only significant (at the 90% confidence
level with a two-sided test) for the central Sahel precipita-
tion. Therefore, over the central Sahel, there is an agreement
in the CMIP6 simulations on an increase in the dry bias,
relative to the CMIP5 ensemble.

Outlier models could lead to strong changes in the multi-
model mean precipitation bias and the inter-model spread.
Therefore, we displayed the bias for each model for the west-
ern and central Sahel precipitation but did not find strong
evidences to discard one or a group of particular models
(Fig. S2).

3.2 Future changes in precipitation

Precipitation is projected to increase over the central Sahel
and to decrease over the western Sahel, as noted in many
studies (Fontaine et al. 2011; among others) (Fig. 1a). There
is an agreement among the CMIP5 models on the sign of
the central Sahel precipitation change, while the decrease
in western Sahel precipitation is reproduced by a smaller
number of models (see the shadings on the Fig. 1a). Changes
in the sign of precipitation are thus more uncertain over the
western than over the central Sahel in this CMIP5 ensemble.
The multi-model mean change in precipitation is moder-
ate in comparison to the inter-model spread in precipita-
tion change (Fig. 1c, d), highlighting strong uncertainties in
Sahel precipitation change at the end of the 21st century. We
show, within Fig. S3 that precipitation change is only sig-
nificant over the central Sahel within the CMIP5 ensemble.

Interestingly, there is a strong spread in simulating his-
torical precipitation among the CMIP5 models (see the red
contours in Fig. 1¢); improving model’s ability to simulate
historical observed climate could thus lead to a reduced
divergence in model’s projections. However, Monerie et al.
(2016) and Yan et al. (2018) have shown that linking biases
in observed mean precipitation and temperature with projec-
tions of Sahel precipitation is not straightforward. This is
discussed later.

CMIP6 simulations reproduce the CMIPS5 pattern in pre-
cipitation change, with an increase in precipitation over the
central Sahel and a decrease in precipitation over the western
Sahel (Fig. 1b). Over the western (central) Sahel the tropical
rain belt shifts southward (northward) (Fig. 1b), indicating
strong changes in the monsoon circulation. The increase in
precipitation is significantly stronger for the CMIP6 than
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for the CMIP5 simulations (Fig. 1f). The comparison of the
CMIP5 probability density function to the CMIP6 multi-
mean indicates that changes in central Sahel precipitation
are significantly stronger in the CMIP6 than in the CMIP5
ensemble. Stronger changes in precipitation might arise from
a change in the climate sensitivity between the CMIP6 and
CMIP5 models (Gettelman et al. 2019), and to a slightly
warmer climate in the CMIP6 than in the CMIP5 models
(Fig. S4). For western Sahel precipitation, no statistically
significant differences are noticeable between CMIP5 and
CMIP6 simulations (Fig. 1f).

Unlike the CMIP5 models, the CMIP6 model’s agree-
ment is high over both the central and the western Sahel,
when considering the sign in precipitation change (Fig. 1b).
However, the inter-model spread in precipitation change is
also strong in the CMIP6 ensemble, showing that Sahel pre-
cipitation uncertainties are unlikely to be reduced (Fig. 1d).
Unlike CMIP5 models, precipitation change is significant
over both the central and western Sahel within the CMIP6
ensemble (Fig. S3).

Changes in precipitation averaged over the central and the
western Sahel, are displayed on Fig. le (for each model, the
multi-model mean and the inter-model spread), and indicate
that the impact of climate change is highly uncertain for
Sahel precipitation. Over the western Sahel, the multi-model
mean change in precipitation is close to zero with values
ranging from ~-1.5 mm day~! to +2.0 mm day~! for each
individual model. Over the central Sahel, the inter-model
spread is also high and results are strongly model-dependent.
The inter-model spread is slightly stronger over the central
than over the western Sahel. Unlike for CMIP5 models, the
11 CMIP6 models agree on an increase in precipitation over
the central Sahel.

We compare model uncertainty to uncertainty due to
natural (unforced) variations of 40-year mean anomalies,
following (Rowell 2012). The uncertainty due to natural var-
iations, o-i P NAT® is computed from the pre-industrial control
runs as the multi-model mean 40-year anomaly precipitation
variance of each model. The total uncertainty, o-iP MODEL
is the inter-model variance in precipitation change. Uncer-
tainty due to model formulation is computed as a residual
of the uncertainty due to natural variations from the total
uncertainty, o2 2 In Fig. 1c, d, the

AP_MODEL = %ap ~ Cap At -
stippling show that the ai » MODEL/G% p ratio is higher than
80%, showing that over most of the monsoon domain, model
uncertainty is dominant and that the inter-model spread is
unlikely to be due to uncertainty due to the simulation of the

natural variations of Sahel precipitation.
3.3 Dynamic and thermodynamic changes

Changes in precipitation are associated with changes in
specific humidity (i.e. thermodynamic changes), with
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changes in atmospheric circulation (i.e. dynamic changes),
and with changes in both specific humidity and winds (i.e.
the cross non-linear term); therefore we have decomposed
precipitation into three terms, following Chadwick et al.
(2016) (see Sect. 2.2).

Uncertainties are high for the dynamic component
(Fig. 3b) and moderate for the thermodynamic and the
cross-term components (Fig. 3a, c¢). Uncertainties in AP
are thus dominated by differences in projected AP, i.e.
uncertainties mainly come from differences among models
in simulated changes in atmospheric circulation.

The different terms are leading to precipitation changes
of different signs and magnitudes. Thermodynamic
changes are associated with an increase in precipitation
(Fig. 3d) while dynamic changes are associated, on aver-
age, with a decrease in precipitation over the western
and central Sahel in the set of CMIPS simulations and
western Sahel in CMIP6 simulations (Fig. 3e). Dynamic
changes are associated with an increase in precipitation
over the central Sahel in CMIP6 simulations. The cross
term (AP,,,,,) is only leading to moderate changes and its
inter-model spread is low compared to APy,,,, and AP,
(Fig. 3f). Please note that precipitation changes, associated

(a) AP

with each precipitation component, and each grid point,
are shown in Figs. S5 and . S6.

Interestingly, models disagree on the sign of AP, while
uncertainties on AP,,,,,, are only found on the magnitude of
the change, because it is strongly associated with large-scale
changes in global mean surface temperature.

Uncertainties in simulating changes in the dynamics con-
tribute strongly to the uncertainty in simulating the evolu-
tion of future Sahel precipitation. We therefore decomposed
AP, into two subterms, AP, and AP, While AP,
documents the change in the mean tropical circulation,
AP, represents the change in precipitation that is induced
by shifts in the circulation.

In a warmer climate the tropical mean circulation is
expected to weaken (Held and Soden 2006), because mois-
ture increases more strongly than precipitation, in percent of
warming, over the tropics (constraining M* to decrease in
a warmer climate). AP, is then negative (Fig. 4c), imply-
ing that the weakening of the tropical circulation leads to
a decrease in precipitation over the Sahel. The rationale is
that the warming of the tropical mean SST is associated
with a strong upper atmosphere warming and a change in
the atmospheric vertical stratification, which is associated
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one standard deviation; grey shading). CMIP5 simulations (“5”) are
represented by a filled circle while CMIP6 simulations (“6”) are rep-
resented by an empty square. d—f Results are given for the western
(“W?”) and the central (“C”) Sahel. Please Fig. 2e for model’s names
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Fig.4 Inter-model spread in
aAP,,, and b AP, for the
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CMIP5 (colour) and the CMIP6
(black contours) ensemble.
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with a weakening of the Hadley circulation (Ma et al. 2011,
2018), for which the West African Monsoon is a facet (Bias-
utti et al. 2018). The shift in the circulation is leading, on
average, to a moderate change in precipitation over the
Sahel (Fig. 4d), and the magnitude of AP, is mostly due
to the weakening of the tropical circulation, rather than to
a shift in the circulation. The inter-model spread in AP,
is much stronger than in AP, in terms of magnitude and
sign (Fig. 4a—d).

The thermodynamic term can be partitioned into a com-
ponent due to increased maritime moisture advection onto
land and a residual associated with changes in circulation,
evaporation and vertical mixing (Chadwick et al. 2016;
Rowell and Chadwick 2018), by decomposing the change in
near-surface specific humidity. A fraction of the inter-model
AP,,... spread could, therefore, be attributed to changes in
the atmospheric circulation. The advection term (i.e. AP ;)
is obtained, over land only, using AP,;, = M*Aq,,,, With
AYuay = Qiana_funre — iana) (s€€ Chadwick et al. 2016).
Giand_furure 18 Obtained by scaling g,,,, (i.e. the historical mean
specific humidity for each grid point over land) by the zonal

wed,
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mean fractional change in g,,,, (i.e. the specific humidity
over the ocean only) at the same latitude, with no change in
the circulation

This implies that changes in maritime advection are
mostly zonal over the Sahel. However, this has been shown
to be true in Lélé et al. (2015). The residual is the change in
precipitation associated with the change in specific humidity,
but that is not due to Ag,,,, over land and with no dynamic
changes (i.e. AP,,, = M*Aq,,,; with Agq,,, = Aq — Aq,,,)-
AP, and AP, inter-model spread is found to be moderate
over both the central and the western Sahel and both CMIP5
and CMIP6 ensembles (Fig. S7).

An enhanced moisture advection from the oceans (AP,
increases precipitation over the Sahel, while the warming
of the tropical SSTs is associated with a weakening of the
tropical circulation (AP, ) that reduces precipitation. Thus,
there is a physical cancelation between AP, and AP
We combined both terms and found that AP, is slightly
stronger than AP, ., leading to a moderate wetting of the
Sahel (Fig. 5¢), but its inter-model spread is moderate and
does not mainly contribute to the AP inter-model spread

weak*
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Fig.5 Inter-model spread
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(Fig. 5a). Similarly, we combined AP, and AP, that are
associated with changes in the dynamic. As AP, has a
moderate magnitude, the AP,  + AP, term is dominated
by the shift in the circulation (Fig. 5d). The AP, + AP,
inter-model spread is high, slightly higher than for AP,
only (Fig. 5b).

The pattern of the inter-model precipitation change spread
(Fig. 1a, b) is very similar to the pattern and magnitude of
the spread in the change in the dynamic (Fig. 3b) and shift
in the circulation (Figs. 4b and 5b). Therefore, we suggest
that changes in patterns of the circulation are thus the main
contributor to the total uncertainties in Sahel precipitation
change at the end of the 21st century.

To assess how the inter-model spread is tied to one
particular term, we computed precipitation change by
replacing, successively, each term by its multi-model
mean. For instance, we removed the model dependency
to AP, by computing precipitation, for each model, as
AP =AP,,,, +APg + AP, + AP where the overbar
indicates the multi-model mean. The operation is repeated
for all terms. Although results are giving the same values

Cross cross®

T
Cc5

T ] | T T T T
Ccé

in the multi-model mean AP, the inter-model spread is
strongly impacted. Removing the inter-model uncertain-
ties in AP,,,,,, does not dramatically reduce the inter-model
spread (Fig. 6a), which is comparable, in terms of pattern
and magnitude, to the total inter-model spread (Fig. lc,
d). A similar conclusion is reached with AP, . (Fig. 6b).
However, the inter-model spread is strongly reduced when
removing the dependency to the AP, spread, underlin-
ing that uncertainties in projecting precipitation are mostly
due to the changes in the shift of the atmosphere circulation
(Fig. 6¢). AP, also slightly impacts the inter-model spread
in AP, but its role is moderate (Fig. 6d).

3.4 Decomposing uncertainties due
to thermodynamic and dynamic changes

As AP, is obtained by the product of the mean climato-
logical specific humidity times the change in circulation (i.e.
AP, = gAM*; Eq.2), uncertainties associated with AP,
could be due to either the ability of climate models to simu-
late the observed specific humidity or to a disagreement onto

@ Springer



1394

P-A. Monerie et al.

(@) AP spread with APy mean
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Fig.6 Inter-model spread in precipitation change (mm day™')

when removing the uncertainties that are due to a AP, (e.
AP = APt AP gy AR, +AP,, ), to b AP, (e,
AP = APyt APyt APy AP, ), 1o € APy, (e
AP = APyt APy +AP, y+AP,, ) and to d AP, (e.

a common change in atmospheric dynamics. We then rec-
omputed AP, but using two different methods. In method
1, we used the multi-model mean specific humidity (¢) to
compute AP, i.e. the inter-model spread is thus only due
to the spread in projecting changes in circulation. This term
is hereafter noted AP, ,,. In the second method, AP, is
computed for each model using the multi-model mean in cir-
culation change, and the spread is thus only due to disagree-
ments between the simulated historical specific humidity
field. The term is hereafter noted AP, ,. Computing these
terms highlights that the AP, inter-model spread is due to
how models simulate a change in the circulation rather than
how they simulate historical specific humidity over the Sahel
(Fig. 7a, b). Selecting models on their ability to simulate
specific humidity might therefore not be useful to reduce
uncertainties in a set of CMIP simulations.

The inter-model spread in AP,,,,, is due to both spread
in M* and in g (see Eq. 2). We then compute AP, using
the multi-model mean average in M*, allowing the inter-
model spread to be only due to how models simulate the
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AP = AP

+ AP

cross

each model and the overbar indicates the multi-model mean. Results

+ APy, + AP ). AP is computed for

therm weak

are given in colour for the CMIP5 ensemble and in contours for the
CMIP6 ensemble

change in specific humidity (this term is hereafter noted
APth_q), and using the multi-model mean average in Agq,
allowing the inter-model spread to be then only due to
divergences between model’s simulations of historical cir-
culation (this term is hereafter noted AP, ). The inter-
model spread is then of similar importance between APy, ,
and AP, , showing that both uncertainties in the change in
specific humidity and in how models simulate the histori-
cal circulation contribute to the total spread of the thermo-
dynamic component (Fig. 7a, b). The same conclusions are
drawn for the CMIP6 and the CMIP5 simulations.

The focus is now made on AP, ,,, which mainly con-
tributes to uncertainties in Sahel precipitation change. The
maps of the correlation between the area-averaged west-
ern and central Sahel AP, ,, and changes in surface-air
temperature show where there is a relationship between
changes in temperature and changes in AP, ,, (Fig. 7c, d).
Changes in global mean surface temperature are strongly
related to the climate model’s sensitivity to the external
forcing and local temperature is therefore scaled by each
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Fig.7 Contribution of q (AP, ,) and A(M*) (AP, ,,) to AP, and to
A(q) (AP, ,) and M* (AP, ) to AP,,,,, for the a West and b central
Sahel. Results are given for each model, for the multi-model mean
average (black cross) and the inter-model spread (grey shading).
CMIPS5 simulations are represented by a filled circle while CMIP6
simulations are represented by an empty square. Maps of the corre-
lation between the change in averaged ¢ West and d central AP, ,,

model’s change in global mean surface air temperature
prior to computing the correlations.

Uncertainties in the dynamic are associated with changes
in surface-air temperature over the tropics and over the
North Atlantic Ocean (Fig. 7c, d). It has been shown that
a warming of the North Atlantic Ocean is associated with
a northward shift of the Intertropical Convergence Zone

0.2 0.6

term and local change in surface-air temperature (both scaled by
each model’s change in global mean surface air temperature) for the
CMIP5 ensemble. e and f same as ¢ and d but for the CMIP6 ensem-
ble. The spread in temperature changes is plotted with the black con-
tour and stippling indicates that the correlation is significant, accord-
ing to a Student’s ¢ test at a 95% confidence level

over the tropical Atlantic Ocean and northern Africa (See
for instance, Martin and Thorncroft 2014; Monerie et al.
2019). The positive correlation shows that the more the
North Atlantic warms, the more precipitation increases
over the Sahel. In addition, the inter-model spread in pro-
jected surface-air temperature over the North Atlantic Ocean
is high (see the contours on the Fig. 7c, d). The CMIP6
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simulations also highlight the importance of the Atlantic
Ocean in explaining discrepancies between climate models
(Fig. 7e, f). However, for the western Sahel precipitation,
the models’ discrepancies are related to the tropical North
Atlantic rather than to the extratropical Atlantic (Fig. 7e) and
the change in the mean tropical surface-air temperature over
the ocean is not clear.

A negative correlation is obtained with the surface-air
temperature over the tropics, showing that precipitation
increases over the Sahel when the tropics are anomalously
cold, in the set of CMIP5 models (Fig. 7c, d). This is con-
sistent with the fact that a warming of the tropics leads to a
decrease in precipitation over the Sahel (Gaetani et al. 2017).
However, the inter-model spread in simulating changes in
surface air temperature over the tropics is relatively low.

The negative correlation obtained over the tropics and the
positive correlation obtained over the extratropics form the
northern Hemisphere differential warming that is suggested
to be one of the main sources of uncertainty in Sahel precipi-
tation change (Park et al. 2015). For the CMIP6 models, an
inter-hemispheric gradient strongly appears to be the cause
of model’s uncertainties in simulating future precipitation
change over the Sahel. Different oceanic responses could
therefore be at play between the CMIP5 and the CMIP6
simulations. However, differences could also be due to the
relatively small CMIP6 ensemble size, and would have to
be confirmed with a larger set of simulations, which will be
the scope of further studies. Although the increase in tem-
perature is higher in the CMIP6 than in the CMIP5 ensem-
ble member (Fig. S4), large-scale changes in temperature
are similar between both generation of CMIP models and
differences between Fig. 7c, d and Fig. 7e, f do not reflect
major changes in responses of surface-air temperature to the
forced response (Fig. S4). It is worth noting that the same
response is obtained when replacing AP, ,, by AP, or
by APy, + AP,,,, with a high pattern correlation between
obtained correlation maps.

3.5 Magnitude of the warming, and role
of the oceanic basins

Caution is needed when interpreting correlations across
features of multi-model ensembles, because climate models
are not really independent (Masson and Knutti 2011; Boé
2018), and, because correlation does not prove causality. The
role of the sea surface temperature on Sahel precipitation is
further assessed.

Uncertainty in simulating precipitation change could
be due to differences in the model’s climate sensitivity. To
assess this issue, we have used two different approaches, fol-
lowing Kent et al. (2015). First, we have scaled the changes
in precipitation by the global mean surface-air temperature
change, for each model and at each grid point. Then we
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have computed the inter-model spread in scaled precipita-
tion change. Second, the operation is repeated but by scaling
changes in precipitation by the multi-model change in global
mean surface-air temperature. In the former approach, we
remove the dependence of the inter-model uncertainty on
global mean temperature changes while in the latter we do
not. The inter-model spread is computed in both cases and
the difference between the first and the second approach (i.e.
the first approach minus the second approach) is displayed
in Fig. 8, in percentage. By scaling the change in precipita-
tion by the change in global mean surface temperature we
assume that precipitation increases linearly to the change in
temperature. This has shown to be true on the global scale
(Neelin et al. 2006).

Differences are less than 10% over most of the Sahel,
showing that uncertainties are not mainly due to the model’s
uncertainty in climate sensitivity to imposed radiative forc-
ing following an increase in atmospheric greenhouse gas
concentration (Fig. 8). This is consistent with Kent et al.
(2015), who reached the same conclusion on a global scale.

We note a link between changes in temperature over the
tropics, the North Atlantic and Sahel precipitation. We have
therefore explored the importance of different oceanic basins
on the inter-model spread in Sahel precipitation change. As
changes in temperature are not only local but exhibit global
patterns, we consider changes in temperature by using tem-
perature gradients. We assess changes due to the difference
in temperature between the North Atlantic and the tropical
Atlantic Ocean, between the extratropical Northern Hemi-
sphere and the tropics (as in Park et al. 2015), and for the
inter-hemispheric temperature gradient.

@ ¢

lobal mean surface air temperature
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Fig.8 a Percentage changes (%) between the inter-model precipita-
tion change standard deviation after normalisation by each model’s
global surface temperature change and the inter-model precipitation
change standard deviation after normalization by the multi-model
mean global surface temperature change. Results are given in colour
for the CMIPS5 ensemble and with contours for the CMIP6 ensemble
(every 10%)
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First, we confirm that a large inter-model spread is
obtained when simulating future changes in temperature
over the oceans (Fig. 9a), with a stronger strengthening
of the oceanic temperature gradients for the CMIP6 than
for the CMIP5 multi-model mean. Second, we assess the

relationship between the different oceanic basins and Sahel
precipitation by regressing the oceanic indices onto the
western and central Sahel precipitation, using the CMIP5
and CMIP6 pre-industrial control runs (Fig. 9b, c). We
used pre-industrial control simulations to assess impacts
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Fig.9 a Changes in the North Atlantic [60°W-0°W; 20°N-60°N]/
tropical Atlantic Ocean [60° W—-0° W; 20° S—20° N] temperature gra-
dient (i.e. AMV/trop_atl), in the extratropical northern Hemisphere
[20° N-75° N; 0-360° E]/tropical temperature [20° S-20° N; 0-360°
E] (i.e. NH/trop) and in the North Hemisphere [0-90° N; 0-360° E] /
South Hemisphere [90° S-0°; 0-360° E] temperature gradient due to
climate change in JAS (in K). Impact of climate change is obtained
as the difference between the 2060-2099 period (under the RCP8.5
emission scenario for the CMIP5 ensemble and the SSP585 emis-
sion scenario for the CMIP6 ensemble) and the 1960-1999 historical

period. Regression between the oceanic temperature gradients and b
western and ¢ central Sahel precipitation (in mm day™'K~1), as com-
puted in JAS using the pre-industrial control simulations. Impact of
each oceanic temperature gradients on d western and e central Sahel
precipitation (in mm day~ ') as computed as the product of the change
in temperature gradients (a) times the impact of each oceanic temper-
ature gradient on Sahel precipitation (b, c) (see the text). MRI-ESM1
and GFDL-ESM2G (two CMIP5 models) have been discarded due to
a lack of available Pre-industrial control data at the time of the study.
Please Fig. 2e for model’s names
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of SST internal climate variability on Sahel precipita-
tion, removing the influence of GHGs. Then, we use the
assumption that SSTs—Sahel precipitation teleconnec-
tions are not modulated by the forced response. This is an
approximation that would be assessed using large-ensem-
bles, as done in (Fasullo et al. 2018) for instance.

On average, the Atlantic Ocean gradient is associated
with an increase in precipitation over both the central and
the western Sahel. However, several models produce lower
Sahel precipitation when the North Atlantic Ocean is
anomalously warm. The northern hemisphere differential
warming and the increase of the inter-hemispheric tem-
perature gradient are associated with an increase in pre-
cipitation over the Sahel and exhibit a strong inter-model
spread (Fig. 9b, c).

We assess the impact of the change in the oceanic tem-
perature on Sahel precipitation. We compute the impacts
of the oceanic basins as AP’ =x AT, where AP’ is the
change in precipitation that is associated with each oceanic
basin (in mm day~!), AT is the change in temperature that
is due to climate change, over each oceanic basin (in K; i.e.
Fig. 9a), and « the regression between each oceanic basin
and Sahel precipitation. « is computed from the pre-indus-
trial control simulations (in mm day™ K- Fig. 9b, ¢).

Results are given in Fig. 9d and e. In the CMIPS5 ensem-
ble, the northern-hemisphere differential warming has a
stronger impact than the inter-hemispheric gradients and
the Atlantic gradient on the AP’ inter-model spread. How-
ever, both inter-hemispheric and northern-hemispheric
gradients are of similar importance within the CMIP6
ensemble.

We confirm a large role of the Northern Hemisphere
differential warming on the precipitation change uncer-
tainty by computing the correlation between the change
in the Northern Hemisphere differential warming and the
change in Sahel precipitation across the CMIP5 ensemble.
We find correlations of r=0.52 for the western Sahel pre-
cipitation and r=0.73 for the central Sahel precipitation
(all significant at the 95% confidence level with a Stu-
dent’s ¢ test). Within the CMIP5 ensemble, stronger cor-
relations are found between AP’ (associated with northern
Hemisphere differential warming) and AP, with r=0.71
when considering western Sahel precipitation and r=0.84
when considering central Sahel precipitation, showing
that, in addition to the uncertainty in simulating changes
in temperature over the ocean, uncertainties in simulating
SSTs—Sahel precipitation teleconnections have also to
be assessed. Within the CMIP6 ensemble the correlation
between AP’ and AP is weaker (r=0.49 for the western
Sahel and r=0.59 for the central Sahel) and the correlation
between the change in the Northern Hemisphere differen-
tial warming and AP is still high (r=0.77 for the western
Sahel and r=0.72 over the central Sahel). However, the
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CMIP6 ensemble size is relatively small in our analysis
and such a relationship will be the topic of a further study.

4 Discussion and conclusion

We analysed the causes of the uncertainties in simulating
future changes in precipitation over the Sahel, using a set
of 29 CMIP5 simulations and of 11 CMIP6 simulations.
Changes in precipitation patterns are strongly model-
dependent (Monerie et al. 2016) and are associated with
different mechanisms, which we assessed by decomposing
precipitation change into dynamic, thermodynamic and
cross (i.e. a change in both dynamic and thermodynamic)
terms, following Chadwick et al. (2013, 2016).

Multi-model analysis shows that precipitation is pro-
jected to increase over the central Sahel and to decrease
over the western Sahel. However, changes in precipitation
are moderate in comparison to the inter-model spread in
precipitation change (Fig. 1). Thus, precipitation change
is uncertain over the Sahel. Decomposing precipitation
helps to unravel causes of precipitation change discrep-
ancies. Our main finding is that the inter-model spread
in precipitation change is mostly associated with model
uncertainties in projecting changes in atmospheric cir-
culation. Moreover, the models’ discrepancies are due to
how models simulate changes in atmospheric circulation
patterns rather than in the strength of the atmospheric cir-
culation. This is consistent with Xie et al. (2015), who
found a similar behaviour but focusing on the global pat-
tern in precipitation change, rather than regional changes.
Similarly to Kent et al. (2015), we found that uncertainties
in projecting precipitation are not strongly influenced by
uncertainty in global mean surface-air temperature change
at the end of the 21st century.

Although not physical, replacing the component
of the precipitation that is associated with a shift in
the atmospheric circulation by its multi-model mean
helps to reduce strongly the spread in precipita-
tion, without changing the magnitude of the multi-
model mean change in precipitation (for each model:
AP = APy, + AP,y + AP, + multimodelmeanAP ).
We do not suggest to remove this component to improve
Sahel precipitation change, instead, we confirm that under-
standing better future shifts in circulation are mandatory to
increase our confidence in Sahel precipitation projections.

An additional source of uncertainty is due to how mod-
els simulate thermodynamic changes over the Sahel. How-
ever, in all models, thermodynamic changes are leading to
an increase in precipitation over the Sahel and the uncer-
tainties are only found on the magnitude of the change.

Uncertainties are also expected to be associated with
the ability of models to simulate the African climate over

Cross
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the historical period. We might have low confidence in
models that have large biases in simulating the West Afri-
can monsoon. We show, for instance, that model uncer-
tainty in simulated historical pattern of atmospheric cir-
culation is of importance (Fig. 7a, b). However, (Monerie
et al. 2016; Yan et al. 2018) have also shown that there are
no clear links between the abilities of climate models to
simulate the historical Sahel precipitation and projections
in Sahel precipitation.

We show a link between the future warming of the North
Atlantic Ocean and the future change in Sahel precipitation.
Models that simulate an anomalously warm (cold) North
Atlantic Ocean also simulate an anomalously wet (dry) Sahel,
relatively to the multi-model mean. However, as in Park et al.
(2015), we state that uncertainties are mainly due to how
models simulate the relationship between the large-scale
Northern Hemisphere temperature gradient, and to how this
temperature gradient changes due to climate change. We did
not find a strong role of the tropical North-Atlantic/tropical
South Atlantic temperature gradient on precipitation change
uncertainty (not shown), which however has been linked to
strong changes in Sahel precipitation (Hoerling et al. 2006).
Uncertainties arise from either difference in the warming of
the SSTs and the different responses of climate models to
the same temperature anomaly (Gaetani et al. 2017). Indeed,
we have shown that uncertainties concern both changes in
oceanic temperature gradients and their impacts over land.
A better understanding of both Sahel precipitation—SSTs
teleconnections and temperature changes over the ocean is
therefore mandatory to reduce discrepancies among climate
models to better inform Sahelian societies.

Monerie et al. (2016) have shown that changes in north-
ern Saharan surface-air temperature are model dependent. In
this study, we have regressed changes in Sahel precipitation
with changes in surface air temperature over land and did
not find strong evidence to involve the Saharan warming to
explain uncertainties over the Sahel (Fig. S8). Instead, the
analysis is focused on the sources of uncertainties arising
from changes in SST pattern and magnitude. Biasutti (2019)
stated that uncertainties are stronger regarding changes
in SST gradients than changes in the Saharan Heat Low
since the latter includes uncertain outcomes in the oceanic
dynamic responses. Therefore, we assume that further work
should be devoted to understanding better the establishment
of the Northern Hemisphere temperature gradient, and its
impact on Sahel precipitation variability. We speculate that
uncertainties in simulating this large-scale gradients could
arise from discrepancies between climate models to simulate
atmospheric energy balance that has been linked to varia-
tions of the ITCZ (Schneider et al. 2014a) and could be asso-
ciated with errors in simulations of the cloud cover (Hwang
and Frierson 2013) or could be associated with changes in
Artic sea-ice (Deser et al. 2014; Monerie et al. 2018).

By mainly focusing on the role of the SSTs in shaping
uncertainties in Sahel precipitation change we evade the
influence of the Saharan heat low on Sahel precipitation
change (Biasutti et al. 2009). The warming of the Saharan
desert is associated with a shift in the location of the Saharan
heat low that allows converging low-level moisture fluxes
over the Sahel (Shekhar and Boos 2017). To go further, the
respective roles of uncertainties on strength and location of
the heat low and the changes in the SST gradients should
then be assessed following the “storyline” approach of
Zappa and Shepherd (2017), as proposed in Biasutti (2019),
through assessing uncertainties associated with several driv-
ers of the West African monsoon.
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