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Abstract
Phases 5 and 6 of the Coupled Model Intercomparison Project (CMIP5 and CMIP6) both grossly underestimate the magnitude 
of low-frequency Sahel rainfall variability; but unlike CMIP5, CMIP6 mean historical precipitation does not even correlate 
with observed multi-decadal variability. We demarcate realms of simulated physical processes that may induce differences 
between these ensembles and prevent both from explaining observations. We partition all influences on simulated Sahelian 
precipitation variability into (1) teleconnections from sea surface temperature (SST); (2) atmospheric and (3) oceanic vari-
ability internal to the climate system; (4) the SST response to external radiative forcing; and (5) the “fast” (not mediated by 
SST) precipitation response to radiative forcing. In a vast improvement from previous ensembles, the mean spectral power 
of Sahel rainfall in CMIP6 atmosphere-only simulations is consistent with observed low-frequency variance. Low-frequency 
variability is dominated by teleconnections from observed global SST, and the fast response only hurts the performance of 
simulated precipitation. We estimate that the strength of simulated teleconnections is consistent with observations using 
the previously-established North Atlantic Relative Index (NARI) to approximate the role of global SST, and apply this 
relationship to the coupled ensembles to infer that both fail to explain low-frequency historical Sahel rainfall variability 
mostly because they cannot explain the observed combination of forced and internal variability in North Atlantic SST. Yet 
differences between CMIP5 and CMIP6 in mean Sahel precipitation and its correlation with observations do not derive from 
differences in NARI, but from the fast response or the role of other SST patterns.
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1  Introduction

The semi-arid region bordering the North African Wood-
lands and the Sahara Desert, known as the Sahel, received 
much scientific attention since it experienced dramatic rain-
fall variability in the second half of the twentieth century. 
Sahel rainfall variability has been linked to remote radiative 
drivers, or “forcings”, including volcanic eruptions as well 
as anthropogenic aerosol (AA) and greenhouse gas (GHG) 
emissions (Ackerley et al. 2011; Biasutti 2013; Biasutti and 

Giannini 2006; Biasutti et al. 2008; Bonfils et al. 2020; Dong 
and Sutton 2015; Giannini and Kaplan 2019; Haarsma et al. 
2005; Haywood et al. 2013; Hirasawa et al. 2020; Hua et al. 
2019; Iles and Hegerl 2014; Kawase et al. 2010; Marvel 
et al. 2020; Polson et al. 2014; Undorf et al. 2018; Westervelt 
et al. 2017). Nevertheless, because computational models 
generally cannot account for the full observed variability, 
the magnitude and importance of the observed responses 
to these driving factors—relative to each other and to vari-
ability internal to the climate system (Sutton and Hodson 
2005; Ting et al. 2009; Zhang and Delworth 2006)—are still 
widely debated (Biasutti 2019).

Recently, Herman et al. (2020, hereafter H20) investi-
gated the causes of observed Sahel precipitation variability 
using the Coupled Model Intercomparison Project phase 5 
(CMIP5, Taylor et al. 2012), which is the first multi-model 
ensemble to include “Detection-Attribution” simulations 
aimed at separating the effects of the radiative forcing agents 
mentioned above. Rather than focusing on the specific 
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behavior of any individual model—which may outperform 
other models in one metric but underperform in another—
they employ a multi-model mean (MMM) to identify a 
more robust “central tendency” of the ensemble (Mote et al. 
2011). They show that, while the MMM variance might be 
somewhat damped relative to the forced response in individ-
ual simulations, the MMM of historical Sahel precipitation 
matches observed historical precipitation better than simu-
lated precipitation from any individual model in CMIP5. 
H20 find that AA and volcanic aerosols—but not GHG—are 
responsible for forcing simulated Sahelian precipitation that 
correlates well with observations, with AA alone responsible 
for the low-frequency component of simulated variability. 
This conclusion appeared consistent with previous claims 
that global AA emissions—which originate mostly in the 
Northern Hemisphere, and which increased until the 1970s 
and then decreased until 2000 in response to clean air ini-
tiatives (Klimont et al. 2013; Smith et al. 2011)—caused 
multi-decadal variability in Sahel precipitation via changes 
in Northern Hemisphere surface temperature (Ackerley et al. 
2011; Haywood et al. 2013; Hwang et al. 2013; Undorf et al. 
2018), or specifically via multidecadal variability in North 
Atlantic SST (the Atlantic Multidecadal Variability, AMV; 
Booth et al. 2012; Hua et al. 2019). However, H20 also find 
that, like previous simulations, the CMIP5-simulated rain-
fall response to forcing (given by the MMM) has too little 
low-frequency power relative to observations, and simulated 
internal variability is unable to account for this difference.

H20 do not examine in depth the pathways through which 
any given forcing agent affects Sahel precipitation. Thus, 
they do not determine whether the discrepancy between the 
CMIP5 simulations and observations represents a quanti-
tative underestimate of aerosol indirect effects and related 
feedbacks, or a qualitative inability of the models to simulate 
the observed climate response to forcing or observed modes 
of internal variability. The distinction is crucial if we are to 
trust these models’ projections of future Sahelian rainfall.

A first investigation into the mechanisms of forced Sahel 
precipitation variability should focus on sea surface tempera-
ture (SST). Early Sahel climate variability research (Folland 
et al. 1986; Giannini et al. 2003; Knight et al. 2006; Palmer 
1986; Zhang and Delworth 2006) and more recent studies 
(Okonkwo et al. 2015; Parhi et al. 2016; Park et al. 2016; 
Pomposi et al. 2015, 2016; Rodríguez-Fonseca et al. 2015 
and references therein) used atmospheric simulations with 
prescribed global SST to demonstrate causal “teleconnec-
tions” between remote SST in a number of ocean basins and 
Sahel precipitation, and used observational statistics to show 
the importance of these teleconnections. Unfortunately, like 
coupled simulations, atmospheric simulations have also his-
torically failed to explain the full magnitude of observed 
Sahel precipitation variability (e.g. Scaife et al. 2009). Thus, 
while the dominant role of global SST over local land-use 

practices in driving the pacing of observed twentieth century 
Sahel rainfall variability is unquestioned (Biasutti 2019), 
it has not yet been possible to rule out simultaneous (and 
potentially important) roles for solely-atmospheric responses 
to global radiative forcing that are in-phase with observed 
SST variability.

Since the publishing of H20, new coupled and atmos-
phere-only simulations became available from phase 6 of 
the Coupled Model Intercomparison Project (CMIP6, Eyring 
et al. 2016), in which many models have an improved rep-
resentation of physical processes and newly implemented 
biogeochemical cycles as well as higher resolution (Masson-
Delmotte et al. 2021). In coupled models, these changes have 
reportedly resulted in greater (and perhaps unrealistic) sen-
sitivity to GHG (Forster et al. 2020; Zelinka et al. 2020) but 
little change in the representation of summer monsoons (Fie-
dler et al. 2020), though in this paper we identify and explore 
some notable differences in the historical evolution of Sahel 
rainfall. Atmosphere-only simulations in CMIP5 used both 
prescribed SST and remote radiative forcing simultane-
ously, and only covered the last couple decades of the twen-
tieth century, making it previously impossible to examine 
multi-decadal SST-forced variability using CMIP. CMIP6 
for the first time includes an ensemble of atmosphere-only 
(“AMIP”) simulations long enough to capture the observed 
period of multi-decadal Sahel precipitation variability, 
with and without simultaneous radiative forcing. This new 
ensemble will allow us to robustly analyze the simulated 
response to realistic SST in CMIP and in observations.

Here, we extend the methodology of H20 by using the 
well-established dependence of Sahel precipitation on global 
SST in combination with the CMIP6 atmosphere-only simu-
lations to examine the mechanisms of Sahel precipitation 
variability in observations and in the CMIP ensembles in 
more depth. We decompose the simulated effects of indi-
vidual external forcing agents (F) and internal climate vari-
ability on low-frequency Sahel precipitation variability (P) 
into five path components, presented in Fig. 1: (1) telecon-
nections that communicate variations in SST to variations 
in precipitation (indicated by the arrow t⃗  ); (2) the “fast” 
atmospheric and land-mediated effect of external forcing 
(F) on precipitation ( �⃗f  ); (3) the expression of atmospheric 
internal variability (IVa) as precipitation variability ( �⃗a ); (4) 
the effect of forcing on SST ( ⃗s ); and (5) the expression of 
internal variability in the coupled climate system (IVo) as 
SST variability ( �⃗o ). The path F → SST → P is the “slow,” 
SST-mediated effect of forcing on precipitation. While the 
atmospheric response to forcing is not more rapid than tel-
econnections or atmospheric internal variability, we prefer 
to label this term the “fast response to forcing” rather than 
employing the other commonly used label—the “direct 
response”—in order to avoid terminology confusion with 
the “direct” effect of aerosols (which contributes to the 



4451Drivers of low‑frequency Sahel precipitation variability: comparing CMIP5 and CMIP6 ensemble…

1 3

“fast response” to forcing in combination with the "indirect 
effect" of aerosols).

To this point, characterization of these path components 
in observations remains controversial. Firstly (top of dia-
gram), separating the SST response to forcing ( ⃗s ) from SST 
variability internal to the climate system ( �⃗o ) has proven dif-
ficult. In particular, there is significant debate over whether 
observed AMV is a response to external forcing (Booth 
et al. 2012; Chang et al. 2011; Hua et al. 2019; Menary et al. 
2020; Rotstayn and Lohmann 2002) or mainly an expression 
of internal variability in the Atlantic Meridional Overturning 
Circulation (AMOC, Han et al. 2016; Knight et al. 2005; Qin 
et al. 2020; Rahmstorf et al. 2015; Sutton and Hodson 2005; 
Ting et al. 2009; Yan et al. 2019; Zhang 2017; Zhang et al. 
2016; Zhang et al. 2013) that is underestimated in models 
(Yan et al. 2018). This debate has been hard to resolve par-
tially because internal variability in AMOC and aerosol forc-
ing may have coincided by chance in the twentieth century 
(Qin et al. 2020). Next, examine the bottom of the diagram. 
The effect of the observed SST field on Sahel precipitation 
(⃗t) can be directly estimated using atmosphere-only simu-
lations, but while these simulations capture the pattern of 
observed Sahel precipitation variability, many fail to capture 
its full magnitude (Biasutti 2019; e.g. Hoerling et al. 2006; 
Scaife et al. 2009). This could reflect an underestimate in 
climate models of the strength of SST teleconnections (⃗t) , 
which could be resolution dependent (Vellinga et al. 2016); 
or of land-climate feedbacks that amplify the teleconnec-
tions, such as vegetation changes (Kucharski et al. 2013). 
But it could also reflect a significant additional role in the 
observations for a fast response to forcing ( �⃗f  ) that drives 
(Bretherton and Battisti 2000) and confounds the SST-forced 

signal [P ← F → SST → P ; see Pearl et al. (2016) for nota-
tion] or coincides with it by chance.

We will not be able to resolve all of these uncertainties, 
but if coupled simulations or the new atmospheric simula-
tions from CMIP6 can explain either precipitation or SST 
variability in observations, then this exercise should simul-
taneously shed light on the drivers of observed variability 
(where the forced response and simulated internal vari-
ability jointly explain the observations) and the realms of 
common shortcomings of CMIP models (where simulations 
fail to explain observations). We continue to use the MMM 
to understand the forced response in both observations and 
simulations. While model improvement efforts also benefit 
from model-specific analysis, we believe it is most urgent to 
identify and address model biases that are common across 
Model Intercomparison Projects because they prevent the 
ensemble from giving accurate mean and uncertainty esti-
mates in future projections.

To examine the path components in coupled simulations, 
we need a parsimonious characterization of the relationship 
between SST and Sahel precipitation. The scientific litera-
ture has linked Sahelian precipitation to many ocean basins, 
including the equatorial Pacific Ocean, the Indian Ocean, the 
North and South Atlantic Oceans, and the Mediterranean Sea 
(Rodríguez-Fonseca et al. 2015). Observed Mediterranean 
SST correlates with observed Sahel precipitation mainly at 
high frequencies (not shown), which are not the focus of 
this study. Giannini et al. (2013) summarize the influence 
of the other relevant ocean basins in a single index, defined 
as the difference between average SST in the North Atlantic 
(NA) and in the Global Tropics (GT), and termed the North 
Atlantic Relative Index (NARI). Warming of NA is argued 
to increase the moisture supply to the Sahel, destabilizing 
the column from the bottom up (Giannini and Kaplan 2019), 
while warming of GT is expected to stabilize the column by 
causing upper tropospheric warming throughout the tropics 
(Chou and Neelin 2004; Giannini 2010). Thus, an increase 
in NARI is expected to wet the Sahel while a decrease is 
associated with drying. Giannini and Kaplan (2019, hereaf-
ter GK19) identify NARI as the dominant SST indicator of 
twentieth century Sahel rainfall in observations and CMIP5 
simulations. Others have preferred to summarize the telecon-
nected SST as an Interhemispheric Temperature Difference, 
linking Sahel rainfall to energetically-driven shifts in the 
Intertropical Convergence Zone (Donohoe et al. 2013; Kang 
et al. 2009; Kang et al. 2008; Knight et al. 2006; Schneider 
et al. 2014). The two indices are sufficiently correlated at the 
low frequencies of interest here (r = 0.89 in observations, 
0.79 in CMIP5, and 0.98 in CMIP6 for periods of > 20 years; 
see Fig. 4 and relevant discussion for motivation of this 
choice) that it is difficult to separate their potential effects 
on Sahel precipitation. We prefer NARI because the mecha-
nisms associated with it are predictive rather than diagnostic 

Fig. 1   Causal diagram relating external forcings (F), atmospheric 
(IVa) and oceanic internal variability (IVo), sea surface temperatures 
(SST), and Sahel precipitation (P) via directional causal arrows. 
Unobserved variables that are not explicitly measured and their 
causal effects are presented with dashed lines, while observed vari-
ables are presented with solid lines
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(but see Sect. 5 for a discussion of the choice). Here, we 
choose to use NARI together with the assumption of linear-
ity to approximate the full slow response as the product of 
the NARI response to external forcing and the strength of 
the NARI-Sahel teleconnection.

This paper is organized as follows: Sect.  2 provides 
details on the simulations and observational data used in this 
analysis while Sect. 3 discusses the methods. In Sect. 4.1, 
we update H20’s analysis to CMIP6, examining the total 
response to forcing (all paths from F to P) and to internal 
variability (all paths from IV to P). We then evaluate the 
performance of the CMIP6 AMIP simulations, decomposing 
them into the path components from the bottom half of Fig. 1 
(⃗t , �⃗f  , and �⃗a ) in Sect. 4.2, and focusing on the NARI telecon-
nection in Sect. 4.3. Section 4.4 decomposes coupled simu-
lations of NARI into the path components from the top half 
of Fig. 1 ( ⃗s and �⃗o ), while Sect. 4.5 evaluates the consistency 
of the NARI teleconnection established in Sect. 4.3 with 
coupled simulations. Finally, in Sect. 4.6, we use simulated 
NARI and the simulated NARI teleconnection to decompose 

the total response of Sahel precipitation to external forcing 
in coupled simulations (examined in Sect. 4.1) into NARI-
mediated and residual components. We discuss whether the 
residual is consistent with a fast response in Sect. 5 before 
concluding in Sect. 6. Table 1 contains descriptions of all 
acronyms we use throughout the paper.

2 � Data

We examine twentieth century Coupled Model Intercom-
parison Project simulations from CMIP5 (Taylor et al. 2012) 
and CMIP6 (Eyring et al. 2016), including “historical” simu-
lations forced with all sources of external radiative forc-
ing (ALL) and “pre-Industrial control” (piC) simulations in 
which all external forcing agents are held constant at pre-
Industrial levels. We additionally examine “Detection and 
Attribution” simulations (Gillett et al. 2016) forced with AA 
alone, natural forcing alone (NAT, which includes volcanic 
aerosols as well as solar and orbital forcings), and GHG 

Table 1   Definition of all 
acronyms used in this paper

Simulations

CMIP5 Coupled Model Intercomparison Project, phase 5
CMIP6 Coupled Model Intercomparison Project, phase 6
AA Anthropogenic Aerosols
GHG Greenhouse Gases
NAT natural radiative forcing
ALL The combination of AA, NAT, and GHG
piC Pre-Industrial control simulations
AMIP Atmospheric Model Intercomparison Project
amip-piF amip-piForcing simulations (prescribed SST and pre-Industrial radiative forcing)
amip-hist AMIP historical simulations (prescribed SST and ALL radiative forcing)
PnonNARI MMM precipitation minus MMM NARI scaled by the amip-piF teleconnection 

strength (0.87)
Climate variables and phenomena
 SST Sea Surface Temperature
 NA North Atlantic
 GT Global Tropics
 NARI North Atlantic Relative Index = NA minus GT
 AMV Atlantic Multidecadal Variability
 AMOC Atlantic Meridional Overturning Circulation

Papers
 H20 Herman et al. (2020)
 GK19 Giannini and Kaplan (2019)

Statistical Jargon
 MMM Multi-model mean
 IM Institution mean
 r(LF) Correlation (at low frequency)
 sRMSE(LF) Standardized root mean squared error (at low frequency)
 PDF Probability distribution function
 PS Power spectrum/spectra
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alone. Finally, we also examine CMIP6 amip-piForcing 
(amip-piF) simulations (Webb et al. 2017), in which atmos-
pheric models are forced solely with observed SST, and 
CMIP6 amip-hist simulations (Zhou et al. 2016), which are 
forced with observed SST and historical ALL radiative forc-
ing. Our calculations begin in 1901 and extend to the end of 
the simulated period: 2003 for CMIP5 and 2014 for CMIP6.

In H20, we used all models available through the Inter-
national Research Institute (IRI) and Lamont-Doherty Earth 
Observatory (LDEO) Climate Data Library for each forc-
ing subset. Here, in order to provide a more stringent com-
parison of the effects of different forcing agents, we exclude 
models from the coupled ensemble if no AA, GHG, or ALL 
simulations for that model (or a related model from the same 
institution) were available on the IRI/LDEO Climate Data 
Library (for CMIP5) or on Pangeo’s CMIP6 Google Cloud 
Collection (for CMIP6) as of May 4, 2022. For the AMIP 
ensemble, all existing CMIP6 amip-piForcing simulations 
were downloaded from the Earth System Grid Federation 
website, and models were excluded if there was not at least 
one available amip-piForcing simulation or if there was no 
amip-hist simulation available on Pangeo’s CMIP6 Google 
Cloud Collection. Tables S1–S3 enumerate the simulations 
used in this analysis.

Precipitation observations are from the Global Pre-
cipitation Climatology Center (GPCC, Becker et al. 2013) 
version2018, and SST observations are from the National 
Oceanic and Atmospheric Administration’s (NOAA) 
Extended Reconstructed Sea Surface Temperature, Version 
5 (ERSSTv5, Huang et al. 2017).

We analyze precipitation over the Sahel (12°–18° N and 
20° W–40° E), and the SST indices of GK19: the North 
Atlantic (NA, 10°–40° N and 75°–15° W), the Global Trop-
ics (GT, ocean surface in the latitude band 20° S–20° N), 
and the North Atlantic Relative index (NARI, the differ-
ence between NA and GT). All indices are spatially- and 
seasonally-averaged for July–September.

3 � Methods

In defining the causal diagram in Fig. 1, we have explicitly 
assumed that external forcing does not affect internal varia-
bility. This may not be completely justified (e.g. Ham 2017), 
but is standard practice in model-based attribution methods 
that go beyond simple comparison. Such methods typically 
further assume (implicitly or explicitly) that observations 
and simulations are the sum of externally forced climate sig-
nals and independent internal climate variability. This allows 
the researcher to define the simulated response to forcing 
and internal variability using an ensemble of simulations 
with differing initial conditions (Hegerl and Zwiers 2011). 
Our formulation additionally assumes that precipitation 

variability does not affect simultaneous or following atmos-
pheric or oceanic internal or forced variability—a simplifi-
cation that precludes the possibility of vegetation feedbacks. 
While these might be relevant for the real world, we assume 
they are of secondary importance in the CMIP ensembles 
analyzed here, which do not include dynamic vegetation.

We define the response of a climate variable to a set of 
radiative forcing agents as the multi-model mean (MMM) of 
that variable over a set of historical simulations which pre-
scribe that forcing agent. The MMM filters out intermodel 
differences and internal variability (which is independent 
across simulations), leaving an ensemble consensus response 
to forcing (which is dependent on the common radiative 
forcing applied to every model). We calculate the MMM as 
a 3-tiered weighted average over (1) individual simulations 
(runs) from each model, (2) models from each research insti-
tution, forming the Institution Mean (IM), and (3) institu-
tions in that ensemble. Details of the weighting are provided 
in H20; the results are robust to differences in weighting. 
Time series are not detrended, and anomalies are calculated 
relative to the period 1901–1920 unless otherwise noted.

To evaluate the performance of the simulations relative 
to observations, we compute correlations (r), which capture 
similarity in frequency and phase, and root mean squared 
errors standardized by the standard deviation of observations 
(sRMSE), which measure yearly differences in magnitude 
between the simulated MMM and observations. The MMM 
time series are usually smoothed with a 20-year lowpass 
filter before calculating these statistics, and this is notated 
(•)LF. We chose to divide high- and low-frequencies at a 
period of 20 years because that is the border between low- 
and high-power variance in observations (see Fig. 4). An 
sRMSE of 0 represents a perfect match between the simu-
lated MMM and observations, and 1 would result from com-
paring the observations with a constant time series.

To gauge uncertainty in the smoothed MMM estimates of 
the forced signals and associated metrics, we resample the 
institution means (output of tier two) with replacement to 
calculate a set of perturbed MMMs (details in H20), yield-
ing probability distribution functions (PDF) of the MMMs 
and of the values of each metric. Due to the finite number of 
simulations, these PDFs underestimate the true magnitude of 
the uncertainty. We evaluate significance by applying a ran-
domized bootstrapping technique, which increases the effec-
tive sample size, to the smoothed piC simulations with one 
significant improvement over H20: instead of using just one 
subset of each piC simulation at a random offset to calculate 
the model means (tier 1 of the MMM) in each bootstrap-
ping iteration, we take enough subsets to match the number 
of that model’s historical runs. Done this way, the confi-
dence intervals calculated using piC simulations accurately 
represent noise in the forced MMMs. PiC PDFs from the 
same ensemble associated with different experiments differ 
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slightly because a different number of simulations are avail-
able for different subsets of forcing agents (see Table S2).

We perform a residual consistency test, which com-
pares the power spectra (PS) of individual simulations (not 
smoothed) to that of observations, with one significant modi-
fication over H20: we calculate the PS using the multi-taper 
method. Confidence intervals for the PS for observations 
and MMMs are given by the multi-taper method, without 
accounting for the uncertainty in the MMMs themselves. 
Mean PS by model are pictured with colors according to 
climatological rainfall bias given by those simulations. The 
multi-model mean of these PS is calculated using the three 
tiers from the definition of the MMM, but without weights, 
since spectral power is not attenuated when averaging PS. 
The power spectrum of observed Sahel rainfall is used to 
justify the choice of 20 years for the low-pass filter.

4 � Results

4.1 � Changes in CMIP6: total precipitation response 
to forcing and internal variability

In this section, we compare observed Sahelian precipitation 
to simulated forced and internal precipitation variability.

We begin by examining forced variability. The multi-
model mean (MMM) over coupled simulations filters out 
atmospheric and oceanic internal variability ( �⃗a and �⃗o ), 
leaving the fast and slow precipitation responses to external 
radiative forcing ( �⃗f  and F → SST → P ; see methods for a 
discussion of the MMM). Figure 2 compares observed Sahe-
lian precipitation anomalies to the simulated response to four 
sets of forcing agents (colors) in CMIP5 (dotted curves) 
and CMIP6 (solid curves). To highlight the primarily low-
frequency simulated precipitation response to slowly-var-
ying anthropogenic emissions, the anthropogenic aerosols 
(Fig. 2b, “AA,” magenta) and greenhouse gases (Fig. 2d, 
“GHG,” green) MMMs are smoothed with a 20-year lowpass 
filter and contrasted with smoothed observations (black). 
Natural forcing (Fig. 2c, “NAT,” brown and red), on the 
other hand, is dominated by sporadic and non-periodic short-
lived volcanic episodes, some of which are highlighted on 
the x ordinates. Spectral decomposition of any kind assumes 
that all components of the time series are periodic, so the 
simulated and observed responses to volcanic eruptions will 
necessarily be split between the apparent “high-frequency” 
and “low-frequency” components. Because the episodes are 
short-lived, we find it visually more helpful to compare the 
NAT MMMs to high frequency observed precipitation vari-
ability (grey), calculated by subtracting the low-pass filtered 
time series from the full time series. ALL simulations with 
all three forcing agents (Fig. 2a, blue) include both episodic 
and low-frequency forced variability, and so their MMMs 

are visually compared to the full observed precipitation vari-
ability (light grey) in addition to the smoothed version. The 
figure also presents the bootstrapping 95% confidence inter-
vals of the forced MMMs (blue, magenta, red/brown, and 
green shaded areas) and of MMMs over randomly-shifted 
CMIP5 and CMIP6 preindustrial control (piC) simulations 
(dotted and solid black lines, respectively). These dotted and 
dashed lines represent the magnitude of noise deriving from 
coincident internal variability in the MMMs; differences 
between panels arise from varying numbers of simulations 
for the different forcing subsets (see Methods and Table S2) 
and from smoothing in some panels.

Though we sometimes visually present “high-frequency” 
variability to clarify the impact of volcanic eruptions on 
total as well as apparent “low-frequency” variability, only 
low-frequency (LF) correlation and sRMSE statistics are 
presented. This means that the statistic was calculated after 
smoothing the MMM and observations, and the confidence 
interval and significance level are calculated by repeating the 
statistic on the smoothed bootstrapped MMMs of forced and 
piC simulations, respectively. Significance in the context of 
this paper means that the performance of the forced response 
is separable from unforced noise in the performance statistic.

The CMIP6 MMM is less successful than CMIP5 at 
producing a forced dry interval in the second half of the 
century that compares to the observed drought in the 1970s 
and 80s (Fig. 2a). To understand why, we examine the indi-
vidual forcing experiments. In the AA experiments (Fig. 2b), 
CMIP6 looks similar to CMIP5—precipitation declines in 
the mid-century and then recovers in response to clean air 
initiatives, preceding the timing of observed variability 
by about 10 years—but the drought is not quite as strong. 
There are some differences in the NAT experiments between 
CMIP5 and CMIP6 (Fig. 2c), but the largest MMM varia-
tions in both ensembles are interannual episodes that are 
clearly associated with volcanic eruptions, most notably 
following El Chichón in 1982. In the GHG experiments 
(Fig. 2d), CMIP6 shows anomalous wetting after 1970 that 
wasn’t present in CMIP5.

The changes in the single forcing experiments are 
reflected in the ALL MMM (Fig. 2a): while CMIP5 reaches 
peak drought in 1982—close to the observed precipitation 
minimum—CMIP6 dries very little and only until 1970, 
after which it displays an anomalously wetter climate than 
CMIP5 through the end of the century. But while the pre-
cipitation responses to different forcing agents appear to add 
linearly in CMIP5 (compare the auburn dotted-dashed curve 
to the blue dotted curve), the late century wetting in CMIP6 
is larger than the sum of GHG and AA wetting (amber 
dashed curve; including NAT does not help). This effect 
is robust to differences in model availability for the differ-
ent sets of forcing agents. Thus, in the ALL MMM, CMIP6 
displays slightly less drying from AA compared to CMIP5, 
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more wetting from GHG, and additional wetting after 1990 
from a non-linear interaction between forcings.

As a result of these changes, the response to forcing in 
CMIP6 is a poor match to observations. At low frequencies, 
the correlation between the CMIP6 ALL MMM and obser-
vations is statistically indistinguishable from 0, and, while 
the sRMSELF between observations and the ALL MMM in 
CMIP5 ( 0.88 ± 0.04) is significantly better than a constant 
prediction (1) or noise in the MMM, the sRMSEs for all 
CMIP6 MMMs are equivalent to or worse than noise ( ≥ 0.96, 
see panel titles). The poor correlation for CMIP6 makes it 
clear that amplifying the simulated precipitation response to 
forcing will not help explain observed precipitation.

H20 showed that the CMIP5  ALL MMM (dot-
ted blue curve) better reproduces observed Sahelian precipi-
tation than individual ALL institution means (IMs). This is 
not true for CMIP6, whose MMM performance is a closer 
match to the median of the Institution Mean (IM) perfor-
mances (not pictured). Though it does not perform better 
than the IMs, the MMM seems an accurate representation 
of the behavior of the individual IMs and the ensemble as a 
whole. In Fig. 3, smoothed individual simulations are pre-
sented in grey, with 95% of the yearly precipitation anoma-
lies falling within the dotted black curves. IMs are presented 
in cyan, and the institution that performs best in correlation 
and sRMSE (MRI) is presented in green. The smoothed 

Fig. 2   Observed high (grey) and low-frequency (black) Sahelian pre-
cipitation anomalies and MMM simulated precipitation anomalies 
(colored) from CMIP5 (dotted bold curves) and CMIP6 (solid bold 
curves) forced with ALL (a, blue), AA (b, magenta), NAT (c, brown/
red), and GHG (d, green). The colored shaded areas surrounding 
the MMMs denote the bootstrapping confidence intervals, and the 
horizontal black lines mark the confidence intervals of randomized 
bootstrapped MMMs from CMIP5 (dotted) and CMIP6 (solid) piC 
simulations, representing the magnitude of noise in the MMMs. 
For AA (b) and GHG (d), which cause low-frequency precipitation 
variability, simulations are smoothed over 20 years before taking the 
MMM and are visually compared to smoothed observations. Because 
volcanic forcing in NAT (c) causes short-lived episodic precipita-
tion variability, we present observed high-frequency precipitation 

variability in grey. We also make note of hemispherically asymmet-
ric volcanic forcing from Haywood et  al. 2013 on the x ordinates, 
where a negative sign denotes an eruption that cooled the northern 
hemisphere more than the southern hemisphere while a positive sign 
denotes the opposite, aligning with the sign of the expected Sahel 
precipitation response to the eruption. The ALL MMM (a) includes 
both episodic and low-frequency forced variability, and so we present 
the full observed precipitation variability (light grey) in addition to 
the smoothed version (black). This panel additionally shows the sum 
of the smoothed AA and GHG MMMs for CMIP5 (auburn dotted-
dashed curve) and CMIP6 (amber dashed curve). The label shows 
the standardized root mean squared error of the CMIP6 MMM with 
observations at low-frequency (sRMSELF)
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MMM is presented in blue, and compared to smoothed 
observations (obs), in black. The major characteristics of the 
MMM generally apply to the IMs: none of the IMs capture 
the observed pluvial, all of the IMs show wetting at the end 
of the century despite almost none producing any drought 
at all, and those IMs that do produce a late-century rainfall 
minimum reach minimum precipitation earlier than obser-
vations. MRI appears to outperform the other IMs in part 
because the drought is later than the others (but still earlier 

than observed), and also in part because the difference in 
magnitude between the late-century drying and wetting is 
smaller than the other IMs. But its performance statistics are 
not distinct from the performance distributions over all IMs 
in CMIP6 (not pictured), and it still differs strongly from 
observations, with no simulated pluvial and with a drought 
and a recovery that are weaker than observations and some 
(or most) of the other IMs. Thus, the discrepancy between 
the MMM and observations is much larger than the differ-
ence between models, and we continue to use the MMM to 
represent the response to forcing in CMIP6.

Atmospheric and oceanic internal variability ( �⃗a and �⃗o ) are 
not anchored in time, so they do not survive in the MMM, 
and will generally not align between the observed time series 
and any given individual simulation; thus, we must compare 
observations to the ensemble of individual simulations. One 
way to target low-frequency internal variability would be 
to compare the observed time series to the 95% range of 
smoothed individual simulations, outlined in dotted black 
curves in Fig. 3. This span clearly does not encompass the 
observed pluvial between 1925 and 1965 nor the precipita-
tion minimum in the 1980s. A more quantitative approach 
is presented in Fig. 4, which compares the power spectra 
(PS) of individual piC simulations (colored brown to tur-
quoise by model climatological rainfall) to the observed PS 
(solid black) and the PS of the ALL-residual (observations 
minus the ALL MMM, dotted-dashed black) to determine 
whether simulated internal variability can explain observed 
precipitation variability on its own or in combination with 
the simulated response to forcing, respectively. In the obser-
vations and the residual, variance at periods longer than 
about 20 years (low-frequency) is roughly 5 times as large 
as the high-frequency variance. Low-frequency variability 
in the piC simulations is smaller than, and inconsistent with, 
either observed or residual variability. Moreover, it is simi-
lar in magnitude to simulated high frequency variability. If 
the observed low-frequency variability is internal, then this 
suggests that internal variability in simulated Sahel rainfall 
derives mostly from atmospheric ( �⃗a ), rather than oceanic 
( �⃗o ), internal variability, or that simulated oceanic internal 
variability is too white (Eade et al. 2021). Because the shape 
of the spectrum is wrong, even a bias correction that inflates 
simulated internal variability would not bring simulations 
and observations into alignment.

We must conclude that no linear combination of the 
simulated forced MMM (which is a poor match to observa-
tions at low frequencies) and simulated internal variability 
(which has insufficient low-frequency variance) in the cou-
pled CMIP6 ensemble can explain observed low-frequency 
Sahel variability during the twentieth century. Thus, model 
deficiency in the CMIP ensemble cannot be limited to the 
simulation of climate feedbacks which amplify—but do 
not otherwise change—the simulated response to forcing: 

Fig. 3   Low-frequency Sahel precipitation anomalies from individual 
ALL simulations (“runs”, grey), Institution Means (IMs, cyan), and 
the MMM (blue) compared to observations (black). The best-per-
forming IM (MRI) is highlighted in green. The 95% range of runs is 
outlined in dotted black curves

Fig. 4   PS of observed Sahelian precipitation (solid black curve) and 
the residual of observations and the ALL MMM (dotted-dashed black 
curve) and associated 95% confidence intervals (grey shading), com-
pared to the model-average PS of individual piC simulations. Mean 
piC PS are colored by the average yearly piC precipitation by model, 
where brown simulations are drier than observed, grey simulations 
match observed yearly precipitation,  and turquoise simulations are 
wetter than observed
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the CMIP6 ensemble displays a fundamental inability to 
simulate the evolution of the observed Sahelian precipita-
tion response to forcing, the magnitude of observed low-
frequency internal variability, or both. To identify the prox-
imate cause of this failure, in the next three sections we 
examine each causal path component identified in Fig. 1.

4.2 � AMIP simulations: the response to SST, 
atmospheric internal variability, and the fast 
response to forcing ( t⃗, �⃗a, and  f⃗ )

To isolate the effect of SST on the Sahel ( ⃗t ), we examine 
precipitation in the CMIP6 amip-piForcing simulations, 
which force atmosphere-only models with the observed SST 
history (containing both internal, �⃗o , and forced, s⃗ , oceanic 
variability) and constant preindustrial external radiative forc-
ing (no �⃗f  ). The MMM of simulated Sahel precipitation filters 
out atmospheric internal variability ( �⃗a ), leaving the precipi-
tation response to the entire observed SST field (although 

the reliability of the prescribed SST is still investigated; see 
Chan and Huybers 2021; Chan et al. 2019). At all frequen-
cies (Fig. 5a), the amip-piF MMM (orange) is a much better 
match to observations (black) than the coupled MMMs are. 
Though the amip-piF MMM still doesn’t accurately cap-
ture many observed interannual episodes (notably including 
the precipitation minimum in 1984 and the local minimum 
in 1972), it captures much of the magnitude of observed 
low-frequency variability, even including wetting between 
the 1920s and the early 1960s, which is missing from the 
coupled MMM. A smoothed low-frequency comparison can 
be seen in Fig. 5d. When smoothed, the amip-piF MMM 
achieves very high correlation (rLF = 0.94, CI = [0.90, 0.95]) 
and low sRMSELF (0.40, CI = [0.37, 0.52]) with observa-
tions. The main source of low-frequency sRMSE (which 
would ideally be 0) appears to be due to the influence of the 
dry episodes of 1972 and 1984 on the smoothed observed 
time series in the 70s and 80s.

Fig. 5   Sahelian precipitation anomalies in observations (black) 
and simulations (colored) from CMIP6 atmospheric models forced 
with observed historical SST alone (a, amip-piF, orange) and with 
observed historical SST and all historical external forcing agents (b, 
amip-hist, dark green). The shaded areas denote the bootstrapping 
confidence intervals about the simulated MMMs. Panel a additionally 
displays observed NARI anomalies (light blue, right ordinates). The 
right ordinates for panel a are scaled by the inverse of the simulated 
amip-piF teleconnection strength (see Sect. 4.3) so that, when read on 
the left ordinates, NARI represents its predicted impact on precipita-

tion. Panel c compares observed precipitation at all frequencies (grey) 
and at high frequencies (black) to the mean implied simulated fast 
component in AMIP simulations (amip-hist minus amip-piF, purple). 
As in Fig.  2, panel c denotes hemispherically asymmetric volcanic 
eruptions, where the pictured  sign denotes the sign of the expected 
Sahelian precipitation response to the eruption. Panel titles show the 
correlation (rLF) and sRMSELF of simulated MMMs with observa-
tions at low frequencies. Panel d shows the low-pass filtered versions 
of panels a–c 
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Could the difference between the MMM and observa-
tions be explained by simulated random atmospheric inter-
nal variability? Fig. 6a compares the PS of observations 
(black) to that of the amip-piF MMM (dashed orange) 
and to the mean over the individual-simulation PS (solid 
orange). The 95% confidence intervals for the PS of the 
observations and of the amip-piF MMM are displayed in 
grey and orange shading. The PS of the amip-piF MMM 
contains only SST-forced variability ( ⃗t  ), while the mean 
over the individual simulation PS contains atmospheric 
internal variability in addition ( �⃗a ). Atmospheric white 
noise gives the mean of PS slightly more power at all fre-
quencies, and thus it falls within the grey shaded area and 
is not statistically distinguishable from the observed PS 
(black). Unlike previous generations of AMIP experiments 
(e.g. Scaife et al. 2009), when combined with atmospheric 
internal variability, global SST causes Sahel precipitation 
variability consistent with the full magnitude of observed 
variability at all frequencies. This substantial low-fre-
quency power can only be achieved when atmospheric 
internal variability aligns with the high-performing MMM, 
and thus would place observed variability within the range 
of individual simulations. This suggests that CMIP6 
atmospheric models successfully capture observed tel-
econnections to SST that are important at low frequencies.

Could the discrepancy be better explained by the atmos-
pheric response to forcing? The “fast” atmospheric and land-
mediated precipitation response to ALL in the CMIP6 AMIP 
ensemble ( �⃗f  ) can be estimated by subtracting the MMM of 
amip-piF simulations (Fig. 5a, orange) from that of amip-hist 
simulations (Fig. 5b, green), the latter of which are forced 
with historical SST and historical external radiative forcing. 
This estimate (Fig. 5c, purple) gives us the natural direct 
effect (as opposed to the 'controlled direct effect'; Pearl 2022) 

of radiative forcing on Sahel precipitation given observed 
SST. (If the atmospheric responses to radiative forcing and 
SST do not add linearly, then the natural direct effect might 
not be independent of SST, and thus may be different in 
coupled models.)

Low frequency variability in the AMIP “fast” MMM 
(Fig. 5d, purple) is likely mostly due to anthropogenic emis-
sions. It displays a small wet undulation centered at 1960 
and a wetting trend after 1985. It does not perform well 
relative to observed low-frequency variability on its own 
(r = 0.01, sRMSE = 1.05), suggesting that it is not the domi-
nant driver of observed variability. Additionally, it only hurts 
the performance of the amip-hist MMM (green) relative to 
amip-piF (orange) by keeping simulated precipitation too 
wet in recent decades—low-frequency correlation reduces 
from 0.94 (CI = [0.90, 0.95]) to 0.85 (CI = [0.66,0.96]), 
sRMSE is increased from 0.40 (CI = [0.37, 0.52]) to 0.55 
(CI = [0.31,0.77]), and the spectral properties of the precipi-
tation MMM are virtually unchanged (Fig. 6b, green)—sug-
gesting that the AMIP “fast” MMM may be an inaccurate 
representation of the observed fast response to radiative 
forcing.

Short-lived episodic variability in the AMIP “fast” MMM 
(Fig. 5b) is likely to be associated with volcanic eruptions, 
noted on the x ordinates, obscured by noise from both sets 
of AMIP simulations. Though part of the observed response 
to these volcanic eruptions will exist in the “low-frequency” 
component, most of the low-frequency variability that domi-
nates total observed precipitation variability (grey) is not 
volcanic and would inhibit comparison with the mostly-flat 
“fast” MMM. Instead, we compare the “fast” response to 
observed “high-frequency” precipitation variability (black), 
which will clarify the timing (though not the full magnitude) 
of observed episodes of precipitation variability that may 

Fig. 6   PS of observed Sahelian precipitation (bold black) and associ-
ated 95% confidence interval (grey shading) compared to the PS of 
amip-piF simulations (a) and amip-hist simulations (b). As in Fig. 5, 
mean PS by model are colored by average yearly precipitation, where 
brown is drier than observed, grey is observed, and turquoise is wetter 
than observed. The mean of the model PS is displayed in bold orange 

for amip-piF (a) and in bold green for amip-hist (b, the MMM PS is 
below the observed PS in both cases). The bold dashed lines show the 
PS of the MMMs with associated 95% confidence intervals (colored 
shaded areas). The amip-piF MMM is repeated in (b) to facilitate 
comparison
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be a response to volcanic eruptions. Indeed, the total fast 
response appears to match the sign and timing of observed 
episodes near the marked eruptions, notably including the 
observed precipitation minimum in 1984. This suggests that 
the actual observed precipitation minimum in 1984—which 
is not well-captured by the amip-piF MMM (Fig. 5a)—is at 
least partially a fast response to the eruption of El Chichón in 
1982. The “low-frequency” component of the fast response 
to the eruption of El Chichón might have helped lessen the 
gap between the amip-piF low-frequency MMM (Fig. 5d, 
orange) and observations (black) around 1980, but the ben-
efit of this fast volcanic drying is overwhelmed in the fast 
(purple) and amip-hist (green) MMMs by the unrealistic 
anthropogenic fast wetting trend.

The high performance of the AMIP MMMs suggests that 
the principal deficiency in reproducing observed low-fre-
quency Sahelian precipitation variability in coupled models 
stems from a failure to simulate the observed combination 
of forced and internal variability in SST or from corruption 
of the simulated teleconnections in coupled models (due to 
e.g., variations in model basic state and patterns of SST vari-
ability). The reduced performance of the amip-hist MMM 
relative to the amip-piF MMM at low frequencies suggests 
that a secondary deficiency might arise from an overzealous 
fast wetting response to anthropogenic emissions.

4.3 � The NARI teleconnection: AMIP simulations 
and observations ( t⃗)

We next examine Sahel teleconnections to SST in more 
depth. Observed NARI is presented in Fig.  5a in light 
blue on the right ordinates. NARI correlates reason-
ably with SST-forced Sahelian precipitation at all fre-
quencies in the amip-piF MMM (orange, left ordinates; 
r = 0.60,CI = [0.42, 0.62] ), but this still leaves 64% of 
total variance unexplained, suggesting influences from 
SST variations elsewhere or non-linear or non-stationary 
effects (Losada et al. 2012). A low-frequency comparison 
of NARI with simulated precipitation can be seen in Fig. 5d 
(rLF = 0.72,CI = [0.54, 0.81] ). It is clear that NARI matches 
the timing and sign of observed (black) and simulated 
(orange and green) low-frequency Sahel precipitation vari-
ability, but no linear teleconnection with NARI can explain 
the full magnitude of the simulated drought (orange), 
because NARI in the 1980s is in the same range as in the 
beginning of the century.

Let’s assume that the NARI teleconnection is linear at all 
frequencies (as claimed by GK19) and unconfounded by the 
influence of SST changes in other ocean basins (correlating 
NARI and amip-piF MMM precipitation with globally-var-
ying MMM SST, not shown, suggests that candidates for 
confounders are limited to ocean basins north of the area 
covered by NARI or the Interhemispheric Temperature 

Difference; we will revisit this assumption in the Discus-
sion). Then we can measure the strength of the NARI tele-
connection by the regression coefficient of the amip-piF 
precipitation MMM, which contains only SST-forced vari-
ability, on NARI. This calculation yields a regression slope 
of 0.87 ± 0.26

mm

day∗◦C
 . This value is affected by both high- and 

low-frequency variability, which is appropriate if the tele-
connection is, indeed, linear. The left ordinates in Fig. 5a 
and d are scaled relative to the right ordinates by this tele-
connection strength so that, when read on the left ordinates, 
the light blue curve represents the expected precipitation 
response to NARI. This view highlights how NARI captures 
the timing of simulated low-frequency variability, even 
though it fails to explain the full magnitude of simulated dry 
anomalies after 1975. In the rest of this paper, we use the 
NARI teleconnection as the preferred linear representative 
of the simulated influence of SST on Sahel precipitation in 
the twentieth century.

The teleconnection strength that we calculated from the 
amip-piF MMM is not directly comparable to observations, 
because the latter includes the fast precipitation response 
to forcing, which can in theory confound estimates of the 
teleconnection. A more direct comparison can be drawn 
between the apparent teleconnection strength in the amip-
hist MMM ( 0.93 ± 0.41 ) and in observations (1.04). The 
consistency lends credence to our previous suggestion that 
simulated SST teleconnections to Sahel rainfall appear to 
have the appropriate strength in CMIP6, at least in the AMIP 
MMM.

4.4 � Forced and internal SST variability in coupled 
simulations (s⃗ and  �⃗o)

We now examine simulation of forced ( ⃗s ) and internal ( �⃗o ) 
SST variability in the coupled ensembles. Figure 7 compares 
observations (black and grey) to the simulated coupled SST 
response to forcing ( ⃗s)—represented by MMM anomalies 
(colors)—for NARI (right column) and its constituent ocean 
basins: the North Atlantic (NA, left column) and the Global 
Tropics (GT, middle column). The horizontal dotted and 
solid black lines show the bootstrapping 95% confidence 
intervals of the piC simulations for statistical significance for 
CMIP5 and CMIP6, respectively, while the colored shaded 
areas denote uncertainty in the CMIP5 and CMIP6 MMMs. 
As above, CMIP5 MMM anomalies are presented in dotted 
curves and CMIP6 in solid curves, color-coded according to 
their forcing. We observed that the simulated North Atlan-
tic and tropical SST responses to external forcing are quite 
similar in CMIP5 and CMIP6.

CMIP5 and CMIP6 historical MMMs are unable to cap-
ture observed NARI (Fig. 7c, grey), which shows strong 
multi-decadal variability (black) throughout the century. In 
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the ALL MMM (top row, blue), the temporal evolution of 
NARI (Fig. 7c) matches the observations at low frequencies 
with some skill, and significantly better than noise in the 
MMM (rLF = 0.46, CI = [0.39, 0.51]; sRMSELF = 0.89 ±0.03 
for CMIP6), but fails to capture the observed multi-decadal 
NARI warm period between 1925 and 1970. Moreover, its 
NA (Fig. 7a) and GT (Fig. 7b) components are a poor match 
to the observed marked multi-decadal variability in NA and 
the roughly linear warming trend in GT. For NA, the match 
between observations and the ALL-forced response is better 
in the later part of the record, but worse in the first half. Dur-
ing the period prior to 1960, according to the MMMs from 

both CMIP ensembles, GHG warming (Fig. 7j, green) masks 
AA cooling (Fig. 7d, magenta) to produce a roughly constant 
temperature in the ALL MMM (Fig. 7a, blue). The simu-
lated cold episode in 1964 is due to the eruption of Agung 
in 1963 (Fig. 7g, brown and red), and it is only after the mid 
1960s that increased GHG warming overtakes stagnating 
AA cooling to produce pronounced warming in fairly good 
accord with observations. The simulated response to exter-
nal radiative forcing cannot explain much of the observed 
low-frequency variability in NA (Fig. 7a, black), especially 
the anomalously warm period between 1930 and 1960. In 
both CMIP5 and CMIP6 ALL simulations, the MMMs of 

Fig. 7   Observed high- (grey) and low-frequency (black) SST anoma-
lies (°C relative to 1901–1920) and simulated SST anomalies from 
CMIP5 (dotted curves) and CMIP6 (solid curves) for the North 
Atlantic (NA, left column), the Global Tropics (GT, middle column), 
and the North Atlantic Relative Index (NARI, right column) when 
forced with ALL (blue, top row), AA (magenta, second row), NAT 
(brown/red, third row), and GHG (green, bottom row). As in Fig. 2, 
the shaded areas mark the bootstrapping confidence intervals, and the 
horizontal black lines mark the confidence intervals of randomized 
bootstrapped MMMs from CMIP5 (dotted) and CMIP6 (solid) piC 
simulations, representing the magnitude of noise in the MMMs. 
AA (second row) and GHG (last row) simulations are smoothed 

over 20  years and compared to smoothed observations (black) or a 
smoothed residual (orange) between observed SST (black) and simu-
lated GHG-forced SST (green, bottom row) in that basin. NAT simu-
lations are compared to high-frequency observed variability and are 
presented relative to the 1920–1960 mean, between volcanic erup-
tions. The y labels show the number of institutions that were used for 
each subset of forcing agents in CMIP6 (N, see Table S2), and for all 
panels, the subplot titles display the correlation (rLF) and sRMSELF 
between the smoothed MMM and smoothed observations (or GHG 
residual) for CMIP6. Panel a additionally displays the sum of simu-
lated NA forced with AA and GT (burgundy dashed curve)
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GT (Fig. 7b, blue) are anomalously colder than observa-
tions between 1960 and 2000. This behavior is reminiscent 
of the inaccurate simulation of global SST in HadGEM2-
ES, as pointed out by Zhang et al. (2013), who questioned 
the claims of Booth et al. (2012) that observed AMV was 
externally forced. This period coincides with a cluster of 
volcanic eruptions (Fig. 7h) that possibly affect GT too 
strongly in simulations. It is also the period when simu-
lated AA cooling (Fig. 7e, magenta) is the strongest and not 
yet compensated by GHG warming (Fig. 7k, green). These 
correspondences lead us to question whether the match of 
simulated and observed NARI in this period happens due 
to compensating errors across different ocean basins and 
between the responses to different radiative forcing agents.

Examining all types of experiments (all rows), we see 
that coupled simulations cannot reproduce realistic low-fre-
quency mean variability in the North Atlantic (left column) 
or in NARI (right column) no matter what forcing is applied. 
GHG (Fig. 7l) and NAT (Fig. 7i) both produce little variabil-
ity in NARI. AA forcing (second row, magenta)—which had 
appeared to explain the timing of observed low-frequency 
Sahel precipitation variability in H20—does produce some 
low-frequency NARI variability (Fig. 7f), but it does not 
capture the warm period between 1925 and 1970 or cor-
relate significantly with observations. Moreover, it derives 
from simulated NA and GT that do not match observations. 
Specifically, AA do not cause oscillatory variability in NA. 
Instead, they cause nearly monotonic cooling throughout 
the century in NA (Fig. 7d) and also in GT (Fig. 7e) with 
especially steep declines in SST between ~ 1940 and 1980. 
Though legislation to curb pollution reduced global AA 
loading in the northern hemisphere after 1970 (Hirasawa 
et al. 2020; Klimont et al. 2013; Smith et al. 2011), its effect 
in both CMIP ensembles is to halt the cooling of NA, not to 
cause actual warming. This is consistent with estimates of 
the hemispheric difference in total absorbed solar radiation 

in AA simulations in CMIP6, which level off—but do not 
decrease—after 1970 (Menary et al. 2020). We summa-
rize the discrepancy between observations and simulations 
by noting that, while observed multidecadal variability in 
NARI derives from multidecadal variability in NA, simu-
lated multidecadal variability in the AA-forced NARI MMM 
(Fig. 7f) comes from the fact that AA-forced cooling in NA 
precedes the cooling in GT.

In observations, the warming response to GHG dominates 
regional averages such as NA and GT, so the AA-forced 
MMMs are best compared to an observed “GHG-residual” 
(that is, the observations minus the GHG-forced MMM, 
presented in orange instead of black), which represents our 
best estimate of the sum of observed oceanic internal vari-
ability and the observed response to aerosols (the response 
to natural forcing is assumed to be small). These estimates 
(Fig. 7d and e, orange) differ greatly from the simulated 
response to AA, especially in the mid-century warm anoma-
lies, which maximize as simulated AA (magenta) begin to 
cool NA and GT. Observational estimates may be too high 
between 1940 and 1945 (Chan and Huybers 2021), but while 
correcting this bias would address the warm period in GT 
and reduce the magnitude of the warm period in NA, it could 
not explain the magnitude or duration of the warm period 
in NA. Inaccuracies in the simulated response to GHG forc-
ing—which is small in the first half of the century—are 
unlikely to be the cause of this discrepancy. If the observed 
Atlantic Multidecadal Variability is externally forced, then 
volcanic aerosols (Fig. 7g)—which cool NA during the ref-
erence period for our anomaly calculations—would have to 
play a much larger role in forcing observed NA variability 
than suggested by the CMIP ensembles.

Could internal SST variability ( �⃗o ) instead explain the 
difference between the simulated response to forcing and 
observations in these ocean basins? In Fig. 8, we present 
the mean PS of SST indices for piC simulations from each 

Fig. 8   PS of observed SST (bold solid black), observed SST  minus 
the GHG MMM (dotted-dashed black), observed SST minus the ALL 
MMM (dotted black) and associated 95% confidence intervals (black 
shading) in NA (a), GT (b), and NARI (c), compared to the PS of piC 

simulations. Similar to Fig. 5, mean PS by model are colored by aver-
age SST, where blue is colder than observed, grey is observed, and 
red is warmer than observed
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CMIP6 model (colder than observed models are in blue and 
warmer than observed models are in red). We compare these 
PS to the PS for observed SST (solid black), the GHG-resid-
ual (dotted-dashed black), and/or the ALL-residual (dotted 
black), omitting PS for time series with dramatic trends. 
Simulated internal variability in most of the CMIP6 mod-
els used in this study does not match residual or observed 
low-frequency variability in NA (Fig. 8a), GT (Fig. 8b), or 
NARI (Fig. 8c). In CMIP5, climatological NA and GT are 
colder and internal variability at all frequencies is larger 
than in CMIP6, but no model shows an increase in spec-
tral power at low frequencies for any of these SST indices 
(not shown). There are, however, three CMIP6 models that 
produce low-frequency internal variability in NA consistent 
with observations—in order of decreasing power at 50 years: 
CNRM-ESM2-1 p1 (pink), IPSL-CM6A-LR p1 (blue), and 
CNRM-CM6-1 p1 (grey)—suggesting that observed vari-
ability may be internal. Certainly, either the simulated SST 
response to forcing, simulated oceanic internal variability, 
or both, are not well represented in the CMIP ensembles.

Though simulated MMM SST is inconsistent with obser-
vations, it may still contribute to the relatively high corre-
lation of the CMIP5 AA MMM with observations. While 
the correlation of the AA NARI MMM with observations 
is not significant on its own, it is still positive (rLF = 0.27, 
CI = [− 0.09, 0.55] for CMIP5), and it shares many of its 
shortcomings with simulated precipitation: neither capture 
the observed warm/wet period from the 1920s to the 1960s 
and both reach their minimum in temperature/rainfall about 
10 years before the observed minimum. Though we have 
argued that SST is a more important driver of Sahel rain-
fall variability than the fast response to radiative forcing in 
observations and AMIP simulations, the fast response in 
coupled simulations may mask the differences between the 
NARI-mediated precipitation response to AA in CMIP5 and 
observed rainfall changes, giving the appearance of a par-
tially right result, but for the wrong reasons. Additionally, 
because there are only minor differences in the ALL NARI 
MMM between CMIP5 and CMIP6 (Fig. 7c), the differ-
ence in mean simulated Sahel rainfall between CMIP5 and 
CMIP6 must derive from some combination of changes in 
the fast response to forcing, the nature of the NARI-Sahel 
teleconnection, and variability in other SST basins.

4.5 � The NARI teleconnection in coupled simulations

Now that we have examined NARI in the coupled ensem-
ble, we may investigate the ensemble's representation of 
the NARI teleconnection with Sahel precipitation. Though 
the estimate of the teleconnection strength from the amip-
piF MMM is much more likely to be causal than estimates 
from coupled simulations that are confounded by external 
radiative forcing, we cannot automatically assume that it 

represents teleconnections in the coupled models. First, differ-
ences between observed and simulated mean state global SST 
(Richter and Tokinaga 2020; Wang et al. 2014) may affect 
the mechanism and strength of the atmospheric teleconnec-
tion. Second, while GK19 already showed NARI is dominant 
in CMIP5, changes in simulated global SST variability may 
mean that NARI is not the dominant SST driver of precipita-
tion variability in CMIP6. Finally, changes in the atmospheric 
models themselves between CMIP5 and CMIP6 could cause 
differences in the teleconnection unrelated to SST.

Do the teleconnections in coupled simulations appear con-
sistent with that in the amip-piF MMM? Calculating the tel-
econnection strength in coupled simulations is difficult: the 
relationship between SST and precipitation in historical simu-
lations is confounded by radiative forcing, and SST variability 
in the (unforced) piC simulations is small and varies from 
simulation to simulation. Thus, there is no guarantee that 
NARI is the prominent driver of precipitation variability in 
the piC simulations. Furthermore, piC simulations must be 
treated individually, leaving the teleconnection obscured by 
atmospheric internal variability. The teleconnection strengths 
calculated from individual piC simulations are, therefore, gen-
erally smaller and less certain than the amip-piF teleconnec-
tion strength. Nevertheless, the amip-piF teleconnection 
strength does fall within the estimated range for CMIP5 
( 0.5 ± 0.6

mm

day∗◦C
 ) and CMIP6 ( 0.3 mm

day∗◦C
,CI = [−0.1, 0.9] ) piC 

simulations. (These estimates of the teleconnection strength 
are unrelated to model performance, not shown.) As a second 
test, we compare the confounded teleconnection strength from 
the amip-hist MMM ( 0.9 mm

day∗◦C
,CI = [0.6,1.4]) to that of boot-

strapped MMMs over the coupled ALL simulations in CMIP5 
( 0.96 ± 0.56

mm

day∗◦C
 ) and CMIP6 ( 1.5 ± 0.3

mm

day∗◦C
 ). The con-

founded teleconnection strength in the CMIP6 amip-hist 
MMM is consistent with that in CMIP5, but it is smaller than, 
and inconsistent with, that in CMIP6, falling outside the 95% 
confidence interval. This may be because NARI variability in 
the coupled ensemble is smaller relative to the magnitude of 
external radiative forcing than it is in the amip-hist ensemble. 
If this is the cause for the apparent inconsistency in con-
founded teleconnection strengths between the two ensembles, 
we may still confirm the NARI teleconnection strength indi-
rectly in CMIP6 by showing that the fast response to forcing 
implied by the NARI teleconnection is consistent with the 
mean fast response from the amip-hist simulations.

4.6 � Fast and slow responses to forcing in coupled 
simulations ( �⃗f  and F → SST → P)

Under the assumption that the dominant simulated path of 
SST influence on the Sahel is captured by a linear relation-
ship with NARI, we estimate the slow response to forcing in 
coupled simulations as the simulated NARI MMM scaled 
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by the teleconnection strength derived from amip-piF MMM 
( 0.87 mm

day◦C
 , Sect. 4.3), so that a warm (cold) NARI predicts 

a wet (dry) Sahel. In Fig. 9, simulated NARI (as in Fig. 7, 
right column) is displayed on the left ordinates in light blue 
(CMIP6, left) and turquoise (CMIP5, right). On the right 
ordinates are the total simulated precipitation responses to 
forcing (as in Fig. 2), colored by forcing agents. The right 
ordinates are scaled by the teleconnection strength so that, 
when read on the right ordinates, simulated NARI represents 
the estimated slow component of the precipitation response 
to forcing.

Simulated precipitation matches the estimated slow 
response in CMIP6 relatively well: The phase of simulated 
precipitation anomalies in the CMIP6 ALL (Fig. 9a), AA 
(Fig. 9b), and NAT (Fig. 9c) MMMs match the estimated 
NARI-driven slow responses throughout the century, and 
the magnitudes of the anomalies also match throughout the 

century in the NAT MMM (Fig. 9c) and until 1980 in the 
AA (Fig. 9b) and ALL (Fig. 9a) MMMs. But after 1980, the 
ALL (Fig. 9a), AA (Fig. 9b), and GHG (Fig. 9d) MMMs all 
experience increases in precipitation beyond our estimate 
of the slow response. In CMIP5, the timing of simulated 
precipitation anomalies still mostly matches anomalies in 
the estimated slow response, but the ALL (Fig. 9e) and AA 
(Fig. 9f) MMMs experience drying after 1950 that is larger 
than can be explained by our NARI-based estimated slow 
response to forcing. The discrepancies between the total and 
NARI-mediated responses, which we’ll denote PnonNARI, 
account for most of the difference in simulated forced pre-
cipitation between CMIP5 and CMIP6.

Is PnonNARI consistent with the mean simulated fast 
response in the AMIP simulations? Time series for these 
differences are displayed in Fig. 10 in a fashion similar to 
Fig. 2, and are compared to the fast response obtained as 
the difference between amip-hist and amip-piF simulations 

Fig. 9   Simulated Sahel pre-
cipitation (right ordinates, same 
as Fig. 2) MMMs (bold solid 
and dotted curves) at various 
frequencies and associated 95% 
confidence intervals (shaded 
areas) in CMIP5 (right column) 
and CMIP6 (left column) when 
forced with ALL (blue, top 
row), AA (magenta, second 
row), NAT (brown/red, third 
row), and GHG (green, bottom 
row), compared to simulated 
NARI (left ordinates, thin light 
blue and turquoise curves, same 
as Fig. 7). The right ordinates 
are scaled such that a 1 °C 
change in NARI corresponds 
to a 0.87 mm/day change in 
precipitation, given by the 
teleconnection strength in the 
CMIP6 amip-piF MMM (see 
Sect. 4.3)
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(purple, as in Fig. 5c). Mean PnonNARI in the CMIP6 (solid 
curves) ALL ensemble (Fig. 10a, blue) is consistent with 
the sum of wetting from PnonNARI in the AA (Fig. 10b) and 
GHG (Fig. 10d) MMMs. It doesn’t capture the simulated 
fast wetting in between 1950 and 1970, but does capture 
the fast wetting after 1980, and matches the AMIP fast 
response significantly better than noise (sRMSELF = 0.46, 
CI = [0.40, 0.77]). These consistencies give us confidence 
that PnonNARI describes the mean fast response in CMIP6 
coupled simulations with all subsets of radiative forcing 
agents, and that NARI is sufficient to summarize the effect 
of SST on Sahel rainfall in the MMM from the CMIP6 
coupled ensemble.

PnonNARI in CMIP5 (dotted curves), on the other hand, 
doesn’t resemble the mean fast response from CMIP6 
AMIP simulations at all. In the ALL MMM (Fig. 10a, tur-
quoise), PnonNARI dries from the 1940s to the end of the 
record, and is composed of drying centered at 1970 from 
the AA MMM (Fig. 10b, magenta) and drying after 1980 
from the GHG MMM (Fig. 10d, green). Whether PnonNARI 
in CMIP5 is also consistent with a fast response to forc-
ing in CMIP5 (which we cannot directly estimate) or is a 

response mediated by SST in ocean basins other than the 
Atlantic cannot be firmly established by this analysis, but 
we offer our perspective below.

5 � Discussion: PnonNARI in CMIP5 and CMIP6

The interpretation of the PnonNARI response to GHG as a 
fast response is more consistent with theory in CMIP6 
than in CMIP5, as it is generally accepted that the fast 
response of the Sahel to GHG is wetting (Biasutti 2013; 
Gaetani et al. 2017; Giannini 2010; Haarsma et al. 2005; 
Mutton et al. 2022). Though basic physical theory links 
increased (reduced) aerosol concentrations to decreasing 
(increasing) rainfall via fast surface cooling (warming) 
and increasing (decreasing) optical depth of the atmos-
phere (Allen and Ingram 2002; Rosenfeld et al. 2008), 
the observed and simulated fast responses are difficult to 
predict because reflective and absorbing aerosols may have 
different fast effects, and because the concentrations of 
aerosols vary greatly in space and time and are affected 
by circulation patterns which differ between models and 

Fig. 10   Compares the MMM 
fast Sahelian precipita-
tion response to forcing in 
AMIP simulations (thin 
purple curve, as in Fig. 5c) to 
PnonNARI MMMs (precipita-
tion − 0.87*NARI; the differ-
ence between the colored and 
light blue curves in Fig. 9) in 
coupled CMIP5 (bold dotted 
curves) and CMIP6 (bold solid 
curves) simulations forced 
with ALL (a, blue), AA (b, 
magenta), NAT (c, brown/red), 
and GHG (d, green), displayed 
as in Fig. 2
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observations (Hirasawa et al. 2022; Liu et al. 2018). One 
could propose storylines for the PnonNARI responses to 
AA in CMIP5 and CMIP6, but these storylines cannot be 
confirmed without a thorough analysis of the ensemble in 
the style of (Hirasawa et al. 2022), who found evidence 
of late-century fast drying due to African black carbon 
emissions in the Community Atmosphere Model 5 – a 
phenomenon which does not appear to be prominent in 
the MMM for either CMIP ensemble. But even if the sim-
ulated PnonNARI MMM does not successfully capture the 
fast response to forcing in the observed climate system, 
the good match between PnonNARI in the coupled CMIP6 
ensemble and the estimated mean fast response in amip-
hist simulations increases our confidence that PnonNARI in 
CMIP6 reflects a simulated fast response to forcing, that 
NARI is a sufficient linear representative of the effect of 
SST on Sahel rainfall in CMIP6, and that the strength of 
the teleconnection in the coupled MMM is the same as in 
the AMIP MMM.

The same cannot be said for CMIP5. We calculated the 
correlation of PnonNARI with SST in CMIP5 and CMIP6 (not 
shown) and found it to be uniformly negative in CMIP5 
(consistent with the result of GK19 for the twentieth cen-
tury, but not the 21st) aside from the subpolar North Pacific 
and Atlantic basins (which are most strongly correlated with 
NARI at low frequencies), giving us confidence that PnonNARI 
in CMIP5 is not an artifact of using the wrong strength for 
the NARI teleconnection. The same calculation is uniformly 
positive in CMIP6, reflecting the prominence of global 
warming in simulated SST and opposite trends in PnonNARI. 
Uniform warming would not appear as part of NARI, and 
Sahel drying in response to uniform warming is strong in 
models that simulate a deeper ascent profile, but weak other-
wise (Hill et al. 2017), so it is possible that newer parameter-
izations and higher resolution have changed the sensitivity to 
this forcing in the latest generation of models. Nevertheless, 
the inconsistency in the sign of this relationship means fur-
ther investigation is needed to reach a conclusion.

Additionally, we correlated the difference between 
CMIP6 and CMIP5 in MMM SST with the corresponding 
difference in MMM Sahel rainfall. The pattern (emerging 
at low frequencies) is also reminiscent of the simulated 
global warming pattern, but now includes anomalies of 
the opposite sign in the subpolar North Atlantic – in the 
region where models simulate a so-called warming hole in 
response to GHG and AA (i.e. Baek et al. 2022). Martin 
et al. (2014) suggest that, unlike the North Atlantic south 
of 40°N, variability in the subpolar North Atlantic is not 
well-connected to Sahel precipitation variability, so the con-
nection to PnonNARI might be confounded by the fast effect 
of the imposed anthropogenic forcings or by its relationship 
to NA. Insignificant correlations between SST in this region 
and Sahel precipitation at all frequencies in the amip-piF 

MMM would support this view, at least when observed SST 
variability is involved. Nevertheless, it is intriguing that an 
index summarizing the warming hole pattern (the difference 
between the North Atlantic box 60°–15°W by 50°–65°N and 
the area 60°S–60°N) is well correlated at low frequencies 
not only with the difference in Sahel rainfall between CMIP5 
and CMIP6 (rLF = 0.71), but also with PnonNARI in each 
ensemble (rLF = 0.78 in CMIP5 and rLF = 0.86 in CMIP6). 
Whether there is a causal connection between the strength of 
the warming hole in the coupled models and PnonNARI could 
be tested by targeted simulations, and this is left for future 
work. In any case, the simulated forced warming hole pat-
tern differs from observed in a manner similar to NARI: it 
does not capture the observed warm period in the first half of 
the century, and then cools too little and too early followed 
immediately by warming in the second half of the century 
(not shown); thus, our assessment that a deficient simula-
tion of low-frequency SST variability is the primary reason 
for CMIP’s poor Sahel precipitation variability still stands.

6 � Summary and conclusions

In this paper, we decompose Sahelian precipitation from 
atmospheric (“AMIP”) simulations into (1) teleconnections 
from sea surface temperature (SST), (2) atmospheric noise, 
and a (3) fast, atmospheric- and land-mediated response to 
forcing. We then calculate a linear regression coefficient 
between the North Atlantic Relative Index (NARI)—an 
index of the warming of the North Atlantic relative to the 
Global Tropics—and the AMIP Multi-Model-Mean (MMM) 
and employ it to decompose coupled simulations into (1) 
forced NARI variability, (2) internal NARI variability, and 
(3) forced precipitation variability not explained by a lin-
ear relationship with NARI (PnonNARI). Treating NARI as 
a representative for Sahel teleconnections from global SST 
allows comparison of the components from AMIP and cou-
pled simulations. We examine these components in order to 
determine which are responsible for differences in the simu-
lation of Sahel rainfall between the 5th and 6th generations 
of the Coupled Model Intercomparison Project (CMIP) and 
which are to blame for the inconsistency of both ensembles 
with observed Sahel precipitation variability.

When forced with observed SST alone, mean precipi-
tation from CMIP6 atmospheric simulations captures the 
evolution of observed low-frequency variability quite well 
(rLF = 0.94, CI = [0.90, 0.95]; sRMSELF = 0.40, CI = [0.37, 
0.52]), and—when combined with atmospheric white 
noise—these simulations are also able to explain the full 
spectral power of observed low-frequency variability. This 
is a welcome improvement from previous generations of cli-
mate models, and allows us to use the simulations to make 
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claims about observed variability as well as the shortcom-
ings of the simulations.

Including radiative forcing alongside observed SST in 
the AMIP simulations mostly acts to increase mean wet-
ting in the second half of the century and notably worsens 
the MMM sRMSE (0.55, CI = [0.31, 0.77]), suggesting 
that the mean simulated fast response is incorrect while 
the observed fast component is small and plays a second-
ary role to SST-forced precipitation variability. Neverthe-
less, even with the inclusion of the fast response, atmos-
pheric models forced by observed SST capture much of 
the observed Sahel rainfall variability. This leads us to 
conclude that observed precipitation variability is mostly 
a response to global SST, and that the failure of coupled 
simulations to explain observed low-frequency Sahel pre-
cipitation variability must be due mainly to an incorrect 
response to SST, either because of incorrect teleconnec-
tions or deficiencies in reproducing observed forced and 
internal SST variability.

Using the AMIP ensemble, we summarize simulated 
Sahel teleconnections from global SST as a linear relation-
ship of 0.87 ± 0.26

mm

day∗◦C
 with NARI (a relationship that 

explains about 48% of low-frequency, and 36% of the total, 
variance in the simulated precipitation response to 
observed global SST given by the AMIP MMM) and ver-
ify that this simulated teleconnection strength is consistent 
with observations. This estimate is consistent with the 
coupled CMIP ensembles, meaning that—to the extent that 
NARI is representative of simulated teleconnections in the 
AMIP and coupled simulations—the main deficiency of 
CMIP coupled simulations for explaining observed low-
frequency precipitation variability is likely in explaining 
observed SST variability.

Indeed, simulated mean low-frequency NARI variabil-
ity is different and much smaller than observed, with the 
latter mostly coming from low-frequency variability in 
North Atlantic SST (NA). In both CMIP5 and CMIP6, 
anthropogenic aerosols (AA) cause a cooling trend and 
GHG cause a warming trend, but no combination of forc-
ing agents produces a decadal-scale oscillation in NA. The 
resulting NARI-mediated slow response to external radia-
tive forcing is to dry the Sahel slightly in the 60s and to 
wet it immediately afterwards; this does not, in isolation, 
explain the timing or magnitude of the observed drought 
or recovery. Only three CMIP6 models (out of 25 CMIP5 
and 30 CMIP6 models) are able to generate internal SST 
variability commensurate to the residual (the difference 
between total and radiatively forced) low-frequency vari-
ability. If we trust these three models, one possible inter-
pretation is that observed SST variability is mostly an 
expression of internal climate variability that is poorly 
simulated in the other CMIP models. However, even these 

three models cannot explain observed precipitation vari-
ability; and it is not clear physically that we should trust 
them more than the other models. We must conclude that 
the CMIP coupled ensembles as a whole are inconsistent 
with observed low-frequency SST and precipitation vari-
ability, and that it is impossible to determine from these 
ensembles whether the latter is mainly the expression of a 
response to forcing, oceanic internal variability, or both.

How do we reconcile our results with those using cou-
pled simulations to support claims that the observed Atlan-
tic Multidecadal Variability (AMV) is externally forced 
(Bellomo et al. 2018; Booth et al. 2012; Hua et al. 2019; 
Murphy et al. 2017)? The discrepancy can be explained 
because these studies examine only one or two models 
(Booth et al. 2012) or subtract a linear trend from simu-
lated NA before comparing to observations (Bellomo et al. 
2018; Hua et al. 2019; Murphy et al. 2017), thus aliasing 
non-linear simulated global warming and inducing artifi-
cial low-frequency variability in the simulated AA-induced 
monotonic decreasing step function (Baek et al. 2022 dem-
onstrated this effect in CESM1). Furthermore, our results 
for the CMIP5 and CMIP6 ensembles are consistent with 
the findings of Zhang et al. (2013) for the model used by 
Booth et al. (2012), showing that simulated multidecadal 
variability in the North Atlantic is often associated with 
unrealistic multidecadal variability in global (tropical) 
SST. This does not preclude a role for external forcing in 
observed AMV: observational evidence may still suggest 
an important role for volcanic aerosols (Birkel et al. 2018) 
that is poorly captured in simulations, and AA and GHG 
may still contribute some forced cooling and warming, 
respectively, to observed AMV in the second half of the 
century. But a prominent role for internal variability can-
not yet be dismissed, as suggested by Yan et al. (2018), 
who—consistent with our analysis—find that most models 
do not capture observed AMOC variability. These results 
cast doubt on claims that AA caused observed AMV based 
on attribution studies employing CMIP ensembles.

With nearly identical forced NARI variability and 
similar teleconnection strengths, the difference in Sahel 
precipitation between CMIP5 and CMIP6 is likely due to 
PnonNARI, which contains the fast response to forcing and 
slow responses mediated by other SST patterns. Because 
forced NARI variability in the coupled simulations is 
small relative to observations throughout the century, 
PnonNARI has a larger relative effect on the evolution and 
performance of the MMMs from coupled simulations than 
on those from AMIP simulations. The CMIP6 MMMs 
underperform relative to CMIP5 because PnonNARI includes 
substantial fast wetting responses to increasing GHG and 
decreasing AA that are comparable in magnitude to the 
NARI-related component and consistent with the detri-
mental fast response in that ensemble’s AMIP MMM. In 
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contrast, PnonNARI in CMIP5 is drying that may be a fast 
response to anthropogenic emissions or a slow response to 
global warming and forced changes in the subpolar North 
Atlantic.

PnonNARI plays an important role in CMIP5 because it 
delays the drought from the NARI-mediated slow response 
to forcing and increases its strength, causing simulated 
precipitation to correlate well with observed precipitation 
even though simulated SST—which is the primary driver 
of observed precipitation variability—is incorrect. We con-
clude that CMIP5 MMM Sahel precipitation correlates with 
historical observations despite not reproducing the physi-
cal phenomena that were most important for the Sahel in 
the twentieth century. Thus, while both CMIP5 and CMIP6 
suggest that historical AA emissions had a larger effect on 
observed Sahel precipitation variability than GHG, it is pre-
mature to conclude that AA were the dominant influence on 
observed variability based on attribution studies using CMIP 
(e.g. Hua et al. 2019; Polson et al. 2014; Undorf et al. 2018).

This work has shown that, while there has been progress 
in the simulation of the Sahel’s response to global SST, 
much remains uncertain in our understanding and simula-
tion of the pathways of Sahel multi-decadal variability, espe-
cially in the characterization of Sahel teleconnections and 
the simulation of low-frequency variability in North Atlantic 
SST. Differing mechanisms can lead to similar time evolu-
tions in observations and simulations; to avoid this pitfall, 
future work should focus on evaluating in more detail the 
hypothesized pathways of the Sahel response to anthropo-
genic emissions and oceanic internal variability in individual 
models as well as the CMIP ensembles in order to further 
categorize model performance and improve predictions of 
the future.

Supplementary Information  The online version contains supplemen-
tary material available at https://​doi.​org/​10.​1007/​s00382-​023-​06755-1.

Acknowledgements  We acknowledge the World Climate Research Pro-
gramme’s Working Group on Coupled Modelling, which is responsible 
for CMIP, and we thank the climate modeling groups for producing 
and making available their model output (listed in Tables S1-S3 of 
this paper). For CMIP the U.S. Department of Energy’s Program for 
Climate Model Diagnosis and Intercomparison provides coordinating 
support and led development of software infrastructure in partnership 
with the Global Organization for Earth System Science Portals. The 
CMIP6 data used in this study are available in Google cloud storage 
(https://​conso​le.​cloud.​google.​com/​stora​ge/​brows​er/​cmip6) as a result 
of a grant to the Pangeo project (https://​pangeo.​io/). We thank Haibo 
Liu for preparing the CMIP5 data for use, and Naomi Henderson for 
transferring needed CMIP6 simulations to the cloud, and for aiding in 
data access and general technical support throughout the project. We 
additionally thank Alessandra Giannini for her guidance throughout 
the project. This research was supported by the U.S. National Science 
Foundation Grant AGS-1612904.

Author contributions  MB and RH conceived of the study, and RH 
designed the study and performed the analysis under the guidance of 
MB and YK. The first draft of the manuscript was written by RH, and 

all authors commented on previous versions of the manuscript. All 
authors read and approved the final manuscript.

Funding  Open Access funding enabled and organized by Projekt 
DEAL. This research was supported by the U.S. National Science 
Foundation Grant AGS-1612904.

Data availability statement  Observational data from the Global Precip-
itation Climatology Center (GPCC, Becker et al. 2013) and the National 
Oceanic and Atmospheric Administration’s (NOAA) Extended Recon-
structed Sea Surface Temperature, Version 5 (ERSSTv5, Huang et al. 
2017) are freely available online (see https://​www.​esrl.​noaa.​gov/​psd/​
data/​gridd​ed/​data.​gpcc.​html and https://​www.​ncei.​noaa.​gov/​produ​cts/​
exten​ded-​recon​struc​ted-​sst, respectively). CMIP5 (CMIP5, Taylor et al. 
2012) and CMIP6 (Eyring et al. 2016) model data is freely available 
through the Earth System Grid (see https://​esgf-​node.​llnl.​gov/​proje​cts/​
esgf-​llnl/).

Declarations 

Conflict of interest  The authors have no relevant financial or non-fi-
nancial interests to disclose.

Open Access  This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, 
provide a link to the Creative Commons licence, and indicate if changes 
were made. The images or other third party material in this article are 
included in the article's Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in 
the article's Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a 
copy of this licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/.

References

Ackerley D, Booth BBB, Knight SHE, Highwood EJ, Frame DJ, Allen 
MR, Rowell DP (2011) Sensitivity of twentieth-century Sahel 
rainfall to sulfate aerosol and Co2 forcing. J Climate 24:4999–
5014. https://​doi.​org/​10.​1175/​Jcli-D-​11-​00019.1

Allen MR, Ingram WJ (2002) Constraints on future changes in climate 
and the hydrologic cycle. Nature 419:228–232. https://​doi.​org/​10.​
1038/​Natur​e01092

Baek SH, Kushnir Y, Ting M, Smerdon JE, Lora JM (2022) Regional 
signatures of forced north atlantic SST variability: a lim-
ited role for aerosols and greenhouse gases. Geophys Res Lett 
49:E2022gl097794

Becker A, Finger P, Meyer-Christoffer A, Rudolf B, Schamm K, Sch-
neider U, Ziese M (2013) A description of the global land-surface 
precipitation data products of the global precipitation climatol-
ogy centre with sample applications including centennial (trend) 
analysis from 1901–present. Earth Syst Sci Data 5:71–99. https://​
doi.​org/​10.​5194/​Essd-5-​71-​2013

Bellomo K, Murphy LN, Cane MA, Clement AC, Polvani LM (2018) 
Historical forcings as main drivers of the Atlantic multidecadal 
variability in the CESM large ensemble. Clim Dyn 50:3687–3698. 
https://​doi.​org/​10.​1007/​S00382-​017-​3834-3

Biasutti M (2013) Forced Sahel rainfall trends in the Cmip5 archive. 
J Geophys Res-Atmos 118:1613–1623. https://​doi.​org/​10.​1002/​
Jgrd.​50206

https://doi.org/10.1007/s00382-023-06755-1
https://console.cloud.google.com/storage/browser/cmip6
https://pangeo.io/
https://www.esrl.noaa.gov/psd/data/gridded/data.gpcc.html
https://www.esrl.noaa.gov/psd/data/gridded/data.gpcc.html
https://www.ncei.noaa.gov/products/extended-reconstructed-sst
https://www.ncei.noaa.gov/products/extended-reconstructed-sst
https://esgf-node.llnl.gov/projects/esgf-llnl/
https://esgf-node.llnl.gov/projects/esgf-llnl/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1175/Jcli-D-11-00019.1
https://doi.org/10.1038/Nature01092
https://doi.org/10.1038/Nature01092
https://doi.org/10.5194/Essd-5-71-2013
https://doi.org/10.5194/Essd-5-71-2013
https://doi.org/10.1007/S00382-017-3834-3
https://doi.org/10.1002/Jgrd.50206
https://doi.org/10.1002/Jgrd.50206


4468	 R. J. Herman et al.

1 3

Biasutti M (2019) Rainfall trends in the African Sahel: characteris-
tics, processes, and causes. Wiley Interdiscip Rev Clim Change. 
https://​doi.​org/​10.​1002/​Wcc.​591

Biasutti M, Giannini A (2006) Robust Sahel drying in response to late 
20th century forcings. Geophys Res Lett. https://​doi.​org/​10.​1029/​
2006g​l0260​67

Biasutti M, Held IM, Sobel AH, Giannini A (2008) Sst forcings and 
Sahel rainfall variability in simulations of the twentieth and 
twenty-first centuries. J Clim 21:3471–3486. https://​doi.​org/​10.​
1175/​2007j​cli18​96.1

Birkel SD, Mayewski PA, Maasch KA, Kurbatov AV, Lyon B (2018) 
Evidence for a volcanic underpinning of the Atlantic multidecadal 
oscillation. NPJ Clim Atmos Sci 1:1–7

Bonfils CJ, Santer BD, Fyfe JC, Marvel K, Phillips TJ, Zimmerman SR 
(2020) Human influence on joint changes in temperature, rainfall 
and continental aridity. Nat Clim Change 10:726–731. https://​doi.​
org/​10.​1038/​S41558-​020-​0821-1

Booth BB, Dunstone NJ, Halloran PR, Andrews T, Bellouin N (2012) 
Aerosols implicated as a prime driver of twentieth-century north 
Atlantic climate variability. Nature 484:228–232. https://​doi.​org/​
10.​1038/​Natur​e10946

Bretherton CS, Battisti DS (2000) An interpretation of the results from 
atmospheric general circulation models forced by the time history 
of the observed sea surface temperature distribution. Geophys Res 
Lett 27:767–770

Chan D, Huybers P (2021) Correcting observational biases in sea sur-
face temperature observations removes anomalous warmth during 
world war Ii. J Clim 34:4585–4602

Chan D, Kent EC, Berry DI, Huybers P (2019) Correcting datasets 
leads to more homogeneous early-twentieth-century sea surface 
warming. Nature 571:393–397

Chang C-Y, Chiang J, Wehner M, Friedman A, Ruedy R (2011) Sul-
fate aerosol control of tropical Atlantic climate over the twentieth 
century. J Clim 24:2540–2555. https://​doi.​org/​10.​1175/​2010j​cli40​
65.1

Chou C, Neelin JD (2004) mechanisms of global warming impacts on 
regional tropical precipitation. J Clim 17:2688–2701. https://​doi.​
org/​10.​1175/​1520-​0442(2004)​017%​3c2688:​Mogwio%​3e2.0.​Co;2

Dong B, Sutton R (2015) Dominant role of greenhouse-gas forcing 
in the recovery of Sahel rainfall. Nat Clim Change 5:757–761. 
https://​doi.​org/​10.​1038/​Nclim​ate26​64

Donohoe A, Marshall J, Ferreira D, Mcgee D (2013) The relation-
ship between Itcz location and cross-equatorial atmospheric heat 
transport: from the seasonal cycle to the last glacial maximum. J 
Clim 26:3597–3618. https://​doi.​org/​10.​1175/​Jcli-D-​12-​00467.1

Eade R, Stephenson D, Scaife A, Smith D (2021) Quantifying the rar-
ity of extreme multi-decadal trends: how unusual was the late 
twentieth century trend in the North Atlantic Oscillation? Clim 
Dyn. https://​doi.​org/​10.​1007/​S00382-​021-​05978-4

Eyring V, Bony S, Meehl GA, Senior CA, Stevens B, Stouffer RJ, 
Taylor KE (2016) Overview of the coupled model intercompari-
son project phase 6 (Cmip6) experimental design and organiza-
tion. Geosci Model Dev 9:1937–1958. https://​doi.​org/​10.​5194/​
Gmd-9-​1937-​2016

Fiedler S, Coauthors (2020) Simulated tropical precipitation assessed 
across three major phases of the coupled model intercomparison 
project (Cmip). Mon Weather Rev 148:3653–3680

Folland CK, Palmer TN, Parker DE (1986) Sahel rainfall and world-
wide sea temperatures, 1901–85. Nature 320:602–607. https://​doi.​
org/​10.​1038/​32060​2a0

Forster PM, Maycock AC, Mckenna CM, Smith CJ (2020) Latest cli-
mate models confirm need for urgent mitigation. Nat Clim Change 
10:7–10

Gaetani M, Coauthors (2017) West African monsoon dynamics and 
precipitation: the competition between global Sst warming and Co 

2 increase in Cmip5 idealized simulations. Clim Dyn 48:1353–
1373. https://​doi.​org/​10.​1007/​S00382-​016-​3146-Z

Giannini A (2010) Mechanisms of climate change in the semiarid Afri-
can Sahel: the local view. J Clim 23:743–756. https://​doi.​org/​10.​
1175/​2009j​cli31​23.1

Giannini A, Kaplan A (2019) The role of aerosols and greenhouse 
gases in sahel drought and recovery. Clim Change 152:449–466. 
https://​doi.​org/​10.​1007/​S10584-​018-​2341-9

Giannini A, Saravanan R, Chang P (2003) Oceanic forcing of Sahel 
rainfall on interannual to interdecadal time scales. Science 
302:1027–1030. https://​doi.​org/​10.​1126/​Scien​ce.​10893​57

Giannini A, Salack S, Lodoun T, Ali A, Gaye A, Ndiaye O (2013) 
A unifying view of climate change in the Sahel linking intra-
seasonal, interannual and longer time scales. Environ Res Lett 
8:024010. https://​doi.​org/​10.​1088/​1748-​9326/8/​2/​024010

Gillett NP, Coauthors (2016) The detection and attribution model inter-
comparison project (Damip V1. 0) contribution to Cmip6. Geosci 
Model Dev 9:3685–3697

Haarsma RJ, Selten FM, Weber SL, Kliphuis M (2005) Sahel rainfall 
variability and response to greenhouse warming. Geophys Res 
Lett. https://​doi.​org/​10.​1029/​2005g​l0232​32

Ham YG (2017) A reduction in the asymmetry of enso amplitude due 
to global warming: the role of atmospheric feedback. Geophys 
Res Lett 44:8576–8584

Han Z, Luo F, Li S, Gao Y, Furevik T, Svendsen L (2016) Simulation 
by Cmip5 Models of the Atlantic multidecadal oscillation and its 
climate impacts. Adv Atmos Sci 33:1329–1342. https://​doi.​org/​
10.​1007/​S00376-​016-​5270-4

Haywood JM, Jones A, Bellouin N, Stephenson D (2013) Asymmetric 
forcing from stratospheric aerosols impacts Sahelian rainfall. Nat 
Clim Change 3:660–665. https://​doi.​org/​10.​1038/​Nclim​ate18​57

Hegerl G, Zwiers F (2011) Use of models in detection and attribution of 
climate change. Wiley Interdiscip Rev: Clim Change 2:570–591. 
https://​doi.​org/​10.​1002/​Wcc.​121

Herman RJ, Giannini A, Biasutti M, Kushnir Y (2020) The effects 
of anthropogenic and volcanic aerosols and greenhouse gases on 
twentieth century Sahel precipitation. Sci Rep 10:1–11. https://​
doi.​org/​10.​1038/​S41598-​020-​68356-W

Hill SA, Ming Y, Held IM, Zhao M (2017) A moist static energy 
budget–based analysis of the Sahel rainfall response to uniform 
oceanic warming. J Clim 30:5637–5660. https://​doi.​org/​10.​1175/​
JCLI-D-​16-​0785.1

Hirasawa H, Kushner PJ, Sigmond M, Fyfe J, Deser C (2020) Anthro-
pogenic aerosols dominate forced multidecadal Sahel precipitation 
change through distinct atmospheric and oceanic drivers. J Clim 
33:10187–10204. https://​doi.​org/​10.​1175/​Jcli-D-​19-​0829.1

Hirasawa H, Kushner PJ, Sigmond M, Fyfe J, Deser C (2022) Evolv-
ing Sahel rainfall response to anthropogenic aerosols driven 
by shifting regional oceanic and emission influences. J Clim 
35:3181–3193

Hoerling M, Hurrell J, Eischeid J, Phillips A (2006) Detection and 
attribution of twentieth-century northern and Southern African 
rainfall change. J Climate 19:3989–4008. https://​doi.​org/​10.​1175/​
Jcli3​842.1

Hua W, Dai A, Zhou L, Qin M, Chen H (2019) An externally forced 
decadal rainfall seesaw pattern over the Sahel and southeast Ama-
zon. Geophys Res Lett 46:923–932. https://​doi.​org/​10.​1029/​2018g​
l0814​06

Huang B, Coauthors (2017) Extended reconstructed sea surface tem-
perature, version 5 (Ersstv5): upgrades, validations and inter-
comparisons. J Clim 30:8179–8205. https://​doi.​org/​10.​1175/​
Jcli-D-​16-​0836.1

Hwang YT, Frierson DM, Kang SM (2013) Anthropogenic sulfate 
aerosol and the southward shift of tropical precipitation in the 
late 20th century. Geophys Res Lett 40:2845–2850

https://doi.org/10.1002/Wcc.591
https://doi.org/10.1029/2006gl026067
https://doi.org/10.1029/2006gl026067
https://doi.org/10.1175/2007jcli1896.1
https://doi.org/10.1175/2007jcli1896.1
https://doi.org/10.1038/S41558-020-0821-1
https://doi.org/10.1038/S41558-020-0821-1
https://doi.org/10.1038/Nature10946
https://doi.org/10.1038/Nature10946
https://doi.org/10.1175/2010jcli4065.1
https://doi.org/10.1175/2010jcli4065.1
https://doi.org/10.1175/1520-0442(2004)017%3c2688:Mogwio%3e2.0.Co;2
https://doi.org/10.1175/1520-0442(2004)017%3c2688:Mogwio%3e2.0.Co;2
https://doi.org/10.1038/Nclimate2664
https://doi.org/10.1175/Jcli-D-12-00467.1
https://doi.org/10.1007/S00382-021-05978-4
https://doi.org/10.5194/Gmd-9-1937-2016
https://doi.org/10.5194/Gmd-9-1937-2016
https://doi.org/10.1038/320602a0
https://doi.org/10.1038/320602a0
https://doi.org/10.1007/S00382-016-3146-Z
https://doi.org/10.1175/2009jcli3123.1
https://doi.org/10.1175/2009jcli3123.1
https://doi.org/10.1007/S10584-018-2341-9
https://doi.org/10.1126/Science.1089357
https://doi.org/10.1088/1748-9326/8/2/024010
https://doi.org/10.1029/2005gl023232
https://doi.org/10.1007/S00376-016-5270-4
https://doi.org/10.1007/S00376-016-5270-4
https://doi.org/10.1038/Nclimate1857
https://doi.org/10.1002/Wcc.121
https://doi.org/10.1038/S41598-020-68356-W
https://doi.org/10.1038/S41598-020-68356-W
https://doi.org/10.1175/JCLI-D-16-0785.1
https://doi.org/10.1175/JCLI-D-16-0785.1
https://doi.org/10.1175/Jcli-D-19-0829.1
https://doi.org/10.1175/Jcli3842.1
https://doi.org/10.1175/Jcli3842.1
https://doi.org/10.1029/2018gl081406
https://doi.org/10.1029/2018gl081406
https://doi.org/10.1175/Jcli-D-16-0836.1
https://doi.org/10.1175/Jcli-D-16-0836.1


4469Drivers of low‑frequency Sahel precipitation variability: comparing CMIP5 and CMIP6 ensemble…

1 3

Iles CE, Hegerl GC (2014) The global precipitation response to vol-
canic eruptions in the Cmip5 models. Environ Res Lett. https://​
doi.​org/​10.​1088/​1748-​9326/9/​10/​104012

Kang SM, Held IM, Frierson DM, Zhao M (2008) The response of the 
Itcz To extratropical thermal forcing: idealized slab-ocean experi-
ments with a Gcm. J Clim 21:3521–3532. https://​doi.​org/​10.​1175/​
2007j​cli21​46.1

Kang SM, Frierson DM, Held IM (2009) The tropical response to 
extratropical thermal forcing in an idealized Gcm: the importance 
of radiative feedbacks and convective parameterization. J Atmos 
Sci 66:2812–2827. https://​doi.​org/​10.​1175/​2009j​as2924.1

Kawase H, Abe M, Yamada Y, Takemura T, Yokohata T, Nozawa T 
(2010) Physical mechanism of long-term drying trend over tropi-
cal North Africa. Geophys Res Lett. https://​doi.​org/​10.​1029/​2010g​
l0430​38

Klimont Z, Smith SJ, Cofala J (2013) The last decade of global anthro-
pogenic sulfur dioxide: 2000–2011 emissions. Environ Res Lett. 
https://​doi.​org/​10.​1088/​1748-​9326/8/​1/​014003

Knight JR, Allan RJ, Folland CK, Vellinga M, Mann ME (2005) A 
signature of persistent natural thermohaline circulation cycles 
in observed climate. Geophys Res Lett. https://​doi.​org/​10.​1029/​
2005g​l0242​33

Knight JR, Folland CK, Scaife AA (2006) Climate impacts of the atlan-
tic multidecadal oscillation. Geophys Res Lett. https://​doi.​org/​10.​
1029/​2006g​l0262​42

Kucharski F, Zeng N, Kalnay E (2013) A further assessment of veg-
etation feedback on decadal Sahel rainfall variability. Clim Dyn 
40:1453–1466. https://​doi.​org/​10.​1007/​S00382-​012-​1397-X

Liu L, Coauthors (2018) A Pdrmip multimodel study on the impacts 
of regional aerosol forcings on global and regional precipitation. 
J Clim 31:4429–4447

Losada T, Rodriguez-Fonseca B, Mohino E, Bader J, Janicot S, 
Mechoso CR (2012) Tropical Sst and Sahel rainfall: a non-sta-
tionary relationship. Geophys Res Lett. https://​doi.​org/​10.​1029/​
2012g​l0524​23

Martin ER, Thorncroft C, Booth BB (2014) The multidecadal Atlantic 
Sst—Sahel rainfall teleconnection in Cmip5 simulations. J Clim 
27:784–806. https://​doi.​org/​10.​1175/​Jcli-D-​13-​00242.1

Marvel K, Biasutti M, Bonfils C (2020) Fingerprints of external forc-
ings on Sahel rainfall: aerosols greenhouse gases and model-
observation discrepancies. Environ Res Lett. https://​doi.​org/​10.​
1088/​1748-​9326/​Ab858e

Masson-Delmotte V, Coauthors (2021) Climate change 2021: the phys-
ical science basis. Contribution of Working Group I to the Sixth 
Assessment Report of the Intergovernmental Panel On Climate 
Change 2

Menary MB, Coauthors (2020) Aerosol-forced Amoc changes in 
Cmip6 historical simulations. Geophys Res Lett. https://​doi.​org/​
10.​1029/​2020g​l0881​66

Mote P, Brekke L, Duffy PB, Maurer E (2011) Guidelines for construct-
ing climate scenarios. EOS Trans Am Geophys Union 92:257–258

Murphy LN, Bellomo K, Cane M, Clement A (2017) The role of his-
torical forcings in simulating the observed Atlantic multidecadal 
oscillation. Geophys Res Lett 44:2472–2480. https://​doi.​org/​10.​
1002/​2016g​l0713​37

Mutton H, Chadwick R, Collins M, Lambert FH, Geen R, Todd A, 
Taylor CM (2022) The impact of the direct radiative effect of 
increased Co2 on the West African Monsoon. J Clim 35:2441–
2458. https://​doi.​org/​10.​1175/​Jcli-D-​21-​0340.1

Okonkwo C, Coauthors (2015) Combined effect Of El Niño south-
ern oscillation and atlantic multidecadal oscillation on lake chad 
level variability. Cogent Geosci. https://​doi.​org/​10.​1080/​23312​
041.​2015.​11178​29

Palmer T (1986) Influence of the Atlantic, Pacific and Indian oceans 
on Sahel rainfall. Nature 322:251–253. https://​doi.​org/​10.​1038/​
32225​1a0

Parhi P, Giannini A, Gentine P, Lall U (2016) Resolving contrasting 
regional rainfall responses to El Niño over tropical Africa. J Clim 
29:1461–1476. https://​doi.​org/​10.​1175/​Jcli-D-​15-​0071.1

Park J-Y, Bader J, Matei D (2016) Anthropogenic Mediterranean warm-
ing essential driver for present and future Sahel rainfall. Nat Clim 
Change 6:941–945. https://​doi.​org/​10.​1038/​Nclim​ate30​65

Pearl J (2022) Direct and indirect effects. Probabilistic and causal infer-
ence: the works of Judea Pearl, 373–392

Pearl J, Glymour M, Jewell NP (2016) Causal inference in statistics: a 
primer. Wiley, p 136

Polson D, Bollasina M, Hegerl G, Wilcox L (2014) Decreased monsoon 
precipitation in the northern hemisphere due to anthropogenic 
aerosols. Geophys Res Lett 41:6023–6029. https://​doi.​org/​10.​
1002/​2014g​l0608​11

Pomposi C, Kushnir Y, Giannini A (2015) Moisture budget analysis 
of sst-driven decadal Sahel precipitation variability in the twen-
tieth century. Clim Dyn 44:3303–3321. https://​doi.​org/​10.​1007/​
S00382-​014-​2382-3

Pomposi C, Giannini A, Kushnir Y, Lee DE (2016) Understanding 
Pacific ocean influence on interannual precipitation variability in 
the Sahel. Geophys Res Lett 43:9234–9242. https://​doi.​org/​10.​
1002/​2016g​l0699​80

Qin M, Dai A, Hua W (2020) Quantifying contributions of internal 
variability and external forcing to Atlantic multidecadal variabil-
ity since 1870. Geophys Res Lett. https://​doi.​org/​10.​1029/​2020g​
l0895​04

Rahmstorf S, Box JE, Feulner G, Mann ME, Robinson A, Rutherford 
S, Schaffernicht EJ (2015) Exceptional twentieth-century slow-
down in atlantic ocean overturning circulation. Nat Clim Change 
5:475–480. https://​doi.​org/​10.​1038/​Nclim​ate25​54

Richter I, Tokinaga H (2020) An overview of the performance of cmip6 
models in the tropical Atlantic: mean state, variability and remote 
impacts. Clim Dyn 55:2579–2601

Rodríguez-Fonseca B, Coauthors (2015) Variability and predictability 
of West African droughts: a review on the role of sea surface 
temperature anomalies. J Climate 28:4034–4060. https://​doi.​org/​
10.​1175/​Jcli-D-​14-​00130.1

Rosenfeld D, Coauthors (2008) Flood or drought: how do aerosols 
affect precipitation? Science 321:1309–1313. https://​doi.​org/​10.​
1126/​Scien​ce.​11606​06

Rotstayn LD, Lohmann U (2002) Tropical rainfall trends and the indi-
rect aerosol effect. J Clim 15:2103–2116. https://​doi.​org/​10.​1175/​
1520-​0442(2002)​015%​3c2103:​Trtati%​3e2.0.​Co;2

Scaife A, Coauthors (2009) The Clivar C20c project: selected twentieth 
century climate events. Clim Dyn 33:603–614. https://​doi.​org/​10.​
1007/​S00382-​008-​0451-1

Schneider T, Bischoff T, Haug GH (2014) Migrations and dynamics 
of the intertropical convergence zone. Nature 513:45–53. https://​
doi.​org/​10.​1038/​Natur​e13636

Smith SJ, Aardenne JV, Klimont Z, Andres RJ, Volke A, Delgado 
Arias S (2011) Anthropogenic sulfur dioxide emissions: 1850–
2005. Atmos Chem Phys 11:1101–1116. https://​doi.​org/​10.​5194/​
Acp-​11-​1101-​2011

Sutton RT, Hodson DL (2005) Atlantic ocean forcing of north Ameri-
can and European summer climate. Science 309:115–118. https://​
doi.​org/​10.​1126/​Scien​ce.​11094​96

Taylor KE, Stouffer RJ, Meehl GA (2012) An overview of Cmip5 
and the experiment design. Bull Am Meteorol Soc 93:485–498. 
https://​doi.​org/​10.​1175/​Bams-D-​11-​00094.1

Ting M, Kushnir Y, Seager R, Li C (2009) Forced and internal twenti-
eth-century Sst trends in the North Atlantic. J Clim 22:1469–1481. 
https://​doi.​org/​10.​1175/​2008j​cli25​61.1

Undorf S, Polson D, Bollasina M, Ming Y, Schurer A, Hegerl G (2018) 
Detectable impact of local and remote anthropogenic aerosols 
on the 20th century changes of west African and south Asian 

https://doi.org/10.1088/1748-9326/9/10/104012
https://doi.org/10.1088/1748-9326/9/10/104012
https://doi.org/10.1175/2007jcli2146.1
https://doi.org/10.1175/2007jcli2146.1
https://doi.org/10.1175/2009jas2924.1
https://doi.org/10.1029/2010gl043038
https://doi.org/10.1029/2010gl043038
https://doi.org/10.1088/1748-9326/8/1/014003
https://doi.org/10.1029/2005gl024233
https://doi.org/10.1029/2005gl024233
https://doi.org/10.1029/2006gl026242
https://doi.org/10.1029/2006gl026242
https://doi.org/10.1007/S00382-012-1397-X
https://doi.org/10.1029/2012gl052423
https://doi.org/10.1029/2012gl052423
https://doi.org/10.1175/Jcli-D-13-00242.1
https://doi.org/10.1088/1748-9326/Ab858e
https://doi.org/10.1088/1748-9326/Ab858e
https://doi.org/10.1029/2020gl088166
https://doi.org/10.1029/2020gl088166
https://doi.org/10.1002/2016gl071337
https://doi.org/10.1002/2016gl071337
https://doi.org/10.1175/Jcli-D-21-0340.1
https://doi.org/10.1080/23312041.2015.1117829
https://doi.org/10.1080/23312041.2015.1117829
https://doi.org/10.1038/322251a0
https://doi.org/10.1038/322251a0
https://doi.org/10.1175/Jcli-D-15-0071.1
https://doi.org/10.1038/Nclimate3065
https://doi.org/10.1002/2014gl060811
https://doi.org/10.1002/2014gl060811
https://doi.org/10.1007/S00382-014-2382-3
https://doi.org/10.1007/S00382-014-2382-3
https://doi.org/10.1002/2016gl069980
https://doi.org/10.1002/2016gl069980
https://doi.org/10.1029/2020gl089504
https://doi.org/10.1029/2020gl089504
https://doi.org/10.1038/Nclimate2554
https://doi.org/10.1175/Jcli-D-14-00130.1
https://doi.org/10.1175/Jcli-D-14-00130.1
https://doi.org/10.1126/Science.1160606
https://doi.org/10.1126/Science.1160606
https://doi.org/10.1175/1520-0442(2002)015%3c2103:Trtati%3e2.0.Co;2
https://doi.org/10.1175/1520-0442(2002)015%3c2103:Trtati%3e2.0.Co;2
https://doi.org/10.1007/S00382-008-0451-1
https://doi.org/10.1007/S00382-008-0451-1
https://doi.org/10.1038/Nature13636
https://doi.org/10.1038/Nature13636
https://doi.org/10.5194/Acp-11-1101-2011
https://doi.org/10.5194/Acp-11-1101-2011
https://doi.org/10.1126/Science.1109496
https://doi.org/10.1126/Science.1109496
https://doi.org/10.1175/Bams-D-11-00094.1
https://doi.org/10.1175/2008jcli2561.1


4470	 R. J. Herman et al.

1 3

monsoon precipitation. J Geophys Res-Atmos 123:4871–4889. 
https://​doi.​org/​10.​1029/​2017j​d0277​11

Vellinga M, Coauthors (2016) Sahel decadal rainfall variability and the 
role of model horizontal resolution. Geophys Res Lett 43:326–
333. https://​doi.​org/​10.​1002/​2015g​l0666​90

Wang C, Zhang L, Lee S-K, Wu L, Mechoso CR (2014) A global 
perspective on Cmip5 climate model biases. Nat Clim Change 
4:201–205

Webb MJ, Coauthors (2017) The cloud feedback model intercompari-
son project (Cfmip) contribution to Cmip6. Geosci Model Dev 
10:359–384

Westervelt D, Coauthors (2017) Multimodel precipitation responses 
to removal of us sulfur dioxide emissions. J Geophys Res-Atmos 
122:5024–5038. https://​doi.​org/​10.​1002/​2017j​d0267​56

Yan X, Zhang R, Knutson TR (2018) Underestimated Amoc variabil-
ity and implications for Amv and predictability in Cmip models. 
Geophys Res Lett 45:4319–4328. https://​doi.​org/​10.​1029/​2018g​
l0773​78

Yan X, Zhang R, Knutson TR (2019) A multivariate Amv Index And 
associated discrepancies between observed and Cmip5 externally 
forced Amv. Geophys Res Lett 46:4421–4431. https://​doi.​org/​10.​
1029/​2019g​l0827​87

Zelinka MD, Coauthors (2020) Causes of higher climate sensitivity in 
Cmip6 models. Geophys Res Lett 47:E2019gl085782

Zhang R (2017) On the persistence and coherence of subpolar sea 
surface temperature and salinity anomalies associated with the 
Atlantic multidecadal variability. Geophys Res Lett 44:7865–
7875. https://​doi.​org/​10.​1002/​2017g​l0743​42

Zhang R, Coauthors (2013) Have aerosols caused the observed Atlantic 
multidecadal variability? J Atmos Sci 70:1135–1144. https://​doi.​
org/​10.​1175/​Jas-D-​12-​0331.1

Zhang R, Delworth TL (2006) Impact of Atlantic multidecadal oscil-
lations on India/Sahel rainfall and Atlantic hurricanes. Geophys 
Res Lett. https://​doi.​org/​10.​1029/​2006g​l0262​67

Zhang R, Sutton R, Danabasoglu G, Delworth TL, Kim WM, Robson J, 
Yeager SG (2016) Comment On “The Atlantic multidecadal oscil-
lation without a role for ocean circulation.” Science 352:1527–
1527. https://​doi.​org/​10.​1126/​Scien​ce.​Aaf16​60

Zhou T, Coauthors (2016) Gmmip (V1. 0) contribution to Cmip6: 
global monsoons model inter-comparison project. Geosci Model 
Dev 9:3589–3604

Publisher's Note  Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

https://doi.org/10.1029/2017jd027711
https://doi.org/10.1002/2015gl066690
https://doi.org/10.1002/2017jd026756
https://doi.org/10.1029/2018gl077378
https://doi.org/10.1029/2018gl077378
https://doi.org/10.1029/2019gl082787
https://doi.org/10.1029/2019gl082787
https://doi.org/10.1002/2017gl074342
https://doi.org/10.1175/Jas-D-12-0331.1
https://doi.org/10.1175/Jas-D-12-0331.1
https://doi.org/10.1029/2006gl026267
https://doi.org/10.1126/Science.Aaf1660

	Drivers of low-frequency Sahel precipitation variability: comparing CMIP5 and CMIP6 ensemble means with observations
	Abstract
	1 Introduction
	2 Data
	3 Methods
	4 Results
	4.1 Changes in CMIP6: total precipitation response to forcing and internal variability
	4.2 AMIP simulations: the response to SST, atmospheric internal variability, and the fast response to forcing (, , and )
	4.3 The NARI teleconnection: AMIP simulations and observations ()
	4.4 Forced and internal SST variability in coupled simulations ( and )
	4.5 The NARI teleconnection in coupled simulations
	4.6 Fast and slow responses to forcing in coupled simulations (  and )

	5 Discussion: PnonNARI in CMIP5 and CMIP6
	6 Summary and conclusions
	Anchor 15
	Acknowledgements 
	References




