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defined on the basis of the identified patterns. The WAMI 
predictive skill is assessed by comparing WAMI from 
coupled models with WAMI from reanalysis products and 
with a standardized precipitation index (SPI) from obser-
vations. Results suggest that the predictive skill is highly 
model dependent and it is strongly related to the WAMI 
definition. In addition, hindcasts are more skilful than his-
torical simulations in both deterministic and probability 
forecasts, which suggests an added value of initialization 
for decadal predictability. Moreover, coupled models are 
more skilful in predicting the observed SPI than the WAMI 
obtained from reanalysis. WAMI performance is also com-
pared with decadal predictions from CMIP5 models based 
on a Sahelian precipitation index, and an improvement in 
predictive skill is observed in some models when WAMI 
is used. Therefore, we conclude that dynamics-based indi-
ces are potentially more effective for decadal prediction of 
precipitation in Sahel than precipitation-based indices for 
those models in which Sahel rainfall variability is not well 
simulated. We thus recommend a two-fold approach when 
testing the performance of models in predicting Sahel rain-
fall, based not only on rainfall but also on the dynamics of 
the West African monsoon.

1  Introduction

The Sahel is a semiarid region in West Africa between 
10°N and 20°N. The economy of most of the Sahelian 
countries is based on rain-fed agriculture and pastures for 
livestock, which makes them highly vulnerable to rainfall 
variability (Kandji et  al. 2006; Ickowicz et  al. 2012). The 
Sahel suffered an intense and prolonged drought during the 
1970s and 1980s, which is recognized as one of the main 
recent climate change signals (Dai et  al. 2004; Trenberth 
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et  al. 2007), with dramatic socio-economic consequences, 
noticeably on food security (McIntire 1981; Kandji et  al. 
2006). Rainfall variability is also highly relevant in other 
sectors as public health, because it is a precursor for vector-
borne diseases like Malaria (Diouf et al. 2013). Therefore, 
reliable predictions of Sahel rainfall variability and trends 
could be highly beneficial to manage climate risk and vul-
nerability at seasonal-to-decadal time scales.

Rainfall in the Sahel is driven by the West African mon-
soon (WAM) system, which is the dominant circulation 
regime in the region (Nicholson 2013). The Sahel rainy 
season starts in late June and lasts throughout September, 
and its variability is strongly related to sea surface tempera-
ture (SST) anomalies (Folland et al. 1986; Rodríguez-Fon-
seca et al. 2015). At decadal time scales, many studies have 
shown a connection between Sahel drought and a warming 
of the tropical Indian and Pacific oceans (e.g. Bader and 
Latif 2003; Giannini et  al. 2003; Lu and Delworth 2005; 
Caminade and Terray 2010; Mohino et  al. 2011c). The 
Atlantic multidecadal variability (AMV) and the Pacific 
decadal oscillation (PDO) have also been shown to drive 
Sahel rainfall (e.g. Lu and Delworth 2005; Hoerling et al. 
2006; Mohino et al. 2011a; Villamayor and Mohino 2015). 
In addition, some works point to a significant contribution 
of radiative external forcings (Haarsma et  al. 2005; Bias-
utti et al. 2008). In this context, it has been highlighted that 
the 1970s–1980s drought in the Sahel was mainly driven 
by SST variability and amplified by land-surface processes 
(e.g. Zeng et al. 1999; Giannini et al. 2003). Such a strong 
linkage with SSTs makes climate predictions of Sahel rain-
fall at decadal time scales potentially feasible, which is of 
prominent importance for the management of climate risk 
and vulnerability. Moreover, some authors point out the rel-
evance of feedback mechanisms that operate between the 
vegetation and the atmosphere, which may be responsible 
for the severity and persistence of the drought (Wang and 
Eltahir 2000).

Decadal climate predictions aim at providing climate 
information from a few years to a few decades into the 
future. At such a time horizon, predictability is influ-
enced by both internal variability of the climate system 
and external forcings, combining initial and boundary 
condition problems (Meehl et  al. 2009). Decadal fore-
cast systems are based on coupled atmosphere-ocean cli-
mate models running for 10-to-30 years. The models are 
initialized with the observed climate state at the begin-
ning of the simulation and forced by the observed and/
or projected changes in the external forcings, specifically 
the anthropogenic emissions (Kirtman et  al. 2013). Spe-
cific efforts are devoted to the assessment of predictive 
performances and the improvement of the forecast sys-
tems for decadal climate predictions. Early studies show 
that climate models are able to produce skilful decadal 

predictions of global SSTs (Smith et al. 2007) and also at 
regional scale over the North Atlantic and Pacific oceans 
(Keenlyside et  al. 2008; Mochizuki et  al. 2010). In the 
framework of the ENSEMBLES FP6 project, a small set 
of forecast systems were used for running coordinated 
decadal simulations (Doblas-Reyes et  al. 2010), produc-
ing encouraging results for sea surface temperatures over 
the North Atlantic (García-Serrano and Doblas-Reyes 
2012). More recently, in the context of the Coupled Model 
Intercomparison Project Phase 5 (CMIP5; Taylor et  al. 
2012), results from a broader set of models confirm the 
potential decadal predictability of global and large-scale 
surface temperatures (Kim and Webster 2012; Doblas-
Reyes et al. 2013).

Despite the promising outcomes for temperature, dec-
adal predictability of precipitation at global scale is still 
problematic (Kirtman et  al. 2013), and studies specific to 
Sahel rainfall also show ambiguous results (van Olden-
borgh et al. 2012). Through the evaluation of decadal hind-
casts in a set of ENSEMBLES simulations, García-Serrano 
et  al. (2013) suggested no skill for Sahel rainfall predic-
tions. However, Gaetani and Mohino (2013) showed that 
significant skill can be obtained from some CMIP5 mod-
els, a result later on confirmed by Martin and Thorncroft 
(2014). The limitations in the model simulation of precipi-
tation are related to inadequate description of the convec-
tive processes (Kohler et al. 2010), as well as to the under-
estimation of the interannual variability (Ineson and Scaife 
2009). As a consequence, confidence in decadal predicta-
bility and future projections of Sahelian precipitation is still 
low (Kirtman et al. 2013).

So far, the studies on decadal prediction of Sahel rainfall 
have analysed the precipitation fields simulated by mod-
els. However, several works have shown that, even forced 
with prescribed SSTs, global circulation models (GCM) 
have problems reproducing the variability of Sahel rain-
fall (Moron et al. 2004; Mohino et al. 2011b). On the other 
hand, seasonal predictions of parameters relative to the 
atmospheric dynamics are generally more skilful (Moron 
et  al. 2004; Philippon et  al. 2010; Ndiaye et  al. 2011), 
because models perform better in capturing large-scale 
dynamics fluctuations than regional-scale rainfall anoma-
lies (Garric et al. 2002).

The wind field coherence over West Africa can provide 
a physical basis for diagnosing Sahel rainfall variability 
(Fontaine and Janicot 1992). Indeed, Sahel droughts are 
strongly related with weaker than average upper level east-
erlies and lower level south-westerlies (e.g. Kidson 1977; 
Newell and Kidson 1984; Grist and Nicholson 2001; Fon-
taine et al. 1995; Nicholson 2013). The present study aims 
at assessing the skill of CMIP5 decadal prediction systems 
in forecasting Sahel rainfall at decadal time scales using 
dynamics-based indices.
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The paper is structured as follows: in Sect.  2 data and 
methodology used are described, in Sect.  3 the decadal 
hindcasts and historical simulations are analysed and the 
predictive skills are assessed, the main results are discussed 
in Sect. 4 and finally summary and conclusions are drawn 
in Sect. 5.

2 � Data and methods

In this study we assess the predictive skill of CMIP5 
dynamics-based indices against observed precipitation and 
dynamics-based indices. For this purpose, observational 
data, reanalysis products, and model outputs are analysed. 
In order to compare datasets with different resolutions, all 
the precipitation and dynamics fields are interpolated to a 
T42 Gaussian grid (~2.8° in latitude and longitude), which 
is consistent with the resolution of the models (Table 1).

2.1 � Climate models

We use monthly wind and precipitation data simulated 
by 14 atmosphere-ocean coupled GCM participating in 
the CMIP5 Project (Taylor et  al. 2012; Table  1). Two 
sets of experiments have been analysed, namely, decadal 

prediction experiments (also referred as decadal hindcasts) 
and historical simulations.

The decadal hindcasts are 10-year long coupled simula-
tions initialized every 5  years over the period 1960–2005 
(i.e., the start dates of the simulations are the end of 1960, 
1965, … 2005, and the hindcasts cover the decades 1961–
1970, 1966–1975, … 2006–2015). These decadal predic-
tion experiments respond to the time-varying atmospheric 
composition and are initialized with observed climate 
states, which include atmosphere, ocean and sea ice con-
ditions. Therefore, decadal hindcasts provide information 
on both internal variability and externally-forced climate 
change (Meehl et al. 2009). Ocean and atmosphere initiali-
zation methods (e.g. full-field or anomaly initialization) are 
chosen at the discretion of each modelling group (Meehl 
et al. 2014).

The historical coupled simulations span the period 
1850–2005. They are typically based on multicentury con-
trol integrations and respond to time-varying atmospheric 
composition (Taylor et  al. 2012). We focus on the 1960–
2005 period and use these simulations as a “non-initial-
ized” baseline for the assessment of hindcasts’ skill (Meehl 
et al. 2009). A brief description of the 14 models and simu-
lations used in this study is presented in Table 1.

Table 1   Details on models used in the analysis: short name, modelling centre, spatial resolution, size of the ensemble for decadal and historical 
simulations, and initialization procedure

Model name Modelling center Resolution lon-lat Decadal Historical Initialization

BCC-CSM-1 Beijing Climate Center, China Meteorological Administration T42 (~2.8°) 4 3 Full field

CanCM4 Canadian Centre for Climate Modelling and Analysis T42 (~2.8°) 10 10 Full field

CCSM4 National Center for Atmospheric Research 1.25° × 0.9° 10 6 Full field

CNRM-CM5 Centre National de Recherches Météorologiques/Centre  
Européen de Recherche et Formation Avancée en Calcul  
Scientifique

T127 (~1.4°) 10 10 Full field

EC-EARTH EC-EARTH consortium T159 (~1.125°) 5 4 Full field

FGOALS-g2 LASG, Institute of Atmospheric Physics, Chinese Academy  
of Sciences and CESS, Tsinghua University

2.8° × 3.0° 3 5 Full field

GFDL-CM2.1 NOAA Geophysical Fluid Dynamics Laboratory 2.5° × 2.0° 10 10 Full field

HadCM3 Met Office Hadley Centre (additional HadGEM2-ES  
realizations contributed by Instituto Nacional de Pesquisas  
Espaciais)

3.75° × 2.5° 10 10 Full field

IPSL-CM5A-LR Institut Pierre-Simon Laplace 3.75° × 1.875° 6 6 Anomaly

MIROC4 h Atmosphere and Ocean Research Institute (The University  
of Tokyo), National Institute for Environmental Studies,  
and Japan Agency for Marine-Earth Science and Technology

T213 (~0.6°) 3 3 Anomaly

MIROC5 T127 (~1.4°) 6 5 Anomaly

MPI-ESM-LR Max-Planck-Institut für Meteorologie  
(Max Planck Institute for Meteorology)

T63 (~1.9°) 10 3 Anomaly

MPI-ESM-MR T63 (~1.9°) 3 3 Anomaly

MRI-CGCM3 Meteorological Research Institute T159 (~1.125°) 9 3 Anomaly
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2.2 � Observations and reanalysis data

To assess the skill of Sahel rainfall decadal predictions, 
we use the observed monthly precipitation from the Cli-
mate Research Unit (CRU), version 3.10.01 (Harris et  al. 
2014). The CRU database is based on observations from 
meteorological stations, and provides monthly mean data 
at 0.5° ×  0.5° horizontal resolution for global land areas 
(excluding Antarctica). It covers the period 1901–2009 and 
has been shown to compare well with precipitation meas-
ured from meteorological stations over the Sahel (Fink et al. 
2010). In addition, monthly mean precipitation extracted 
from the Global Precipitation Climatology Project data-
set (GPCP; Adler et  al. 2003), which is available on a 
2.5° × 2.5° horizontal grid from 1979 to present, is used to 
extend the comparison with decadal predictions up to 2014.

Dynamics-based indices have also been computed by 
using wind data from NCEP-NCAR and ERA-40 rea-
nalyses (Kalnay et al. 1996; Uppala et al. 2005). The for-
mer dataset is available from January 1948 until present 
with a spectral horizontal resolution of T62, resulting in a 
2.5° × 2.5° grid with 17 levels in the vertical. The latter is 
the second generation reanalysis of the European Centre for 
Medium Range Weather Forecasting and covers the period 
from September 1957 to August 2002, with a 2.5° × 2.5° 
spatial resolution and 23 vertical levels available.

2.3 � West African Monsoon Index

Strong links between WAM dynamics and rainfall anoma-
lies in the Sahel have been long recognized (Kidson 1977; 

Newell and Kidson 1984). Fontaine and Janicot (1992) 
showed the existence of regional meridional (Hadley-type) 
and zonal (Walker-type) cells on a monthly time scale, 
which is a significant feature of the atmospheric circula-
tion over West Africa. Based on the coherent relationship 
found between lower and higher troposphere variability, 
Fontaine et  al. (1995) defined the West African monsoon 
index (WAMI) as the standardized time series of the differ-
ence between standardized anomalies of wind modulus at 
925 hPa and zonal wind at 200 hPa at the location 7.5°N, 
0°E. The index is intended to capture the most promi-
nent seasonal signals of the monsoonal circulation over 
West Africa: the low level monsoonal flow and the tropi-
cal easterly jet (TEJ). A high (low) WAMI value indicates 
an enhanced (reduced) monsoonal circulation as well as a 
stronger (weaker) TEJ (Fontaine et  al. 1995). The WAMI 
has been also defined in different areas over the Sahel (Fon-
taine et al. 2011; Garric et al. 2002). Such index is consid-
ered as a proxy of the monsoon cell intensity at regional 
scale (Fontaine et al. 2011) and it shows a strong positive 
correlation with Sahel rainfall at interannual and decadal 
time scales (Fontaine et al. 1995).

In this study we follow a definition for the WAMI simi-
lar to the one proposed by Fontaine et al. (2011). We first 
calculate the standardized anomalies of July to September 
(JAS) seasonal means of wind modulus at 925  hPa and 
zonal wind at 200  hPa averaged over certain regions. We 
then calculate WAMI as the difference between such stand-
ardized anomalies. Finally, WAMI index is also standard-
ized in time. Due to the time coverage of model simula-
tions and observational data, we focus our study on the 

Table 2   Domains selected 
for the computation of the 
West African monsoon index, 
and correlations coefficients 
between WAMI and the CEOF1 
PCs time series

Model MOD925 UA200 PC-WAMI

Latitude Longitude Latitude Longitude

BCC-CSM1-1 7–14N 15W–20E 4–10N 5W–20E 0.92

CanCM4 2–12N 20W–20E 5–15N 10W–20E 0.99

CCSM4 5–15N 20W–10E 10–15N 0–20E 0.99

CNRM-CM5 6–14N 10–25E 3–13N 8W–15E 0.94

EC-EARTH 5–15N 10W–20E 5–16N 10W–10E 0.98

FGOALS-g2 2–10N 10W–15E 3–15N 0–20E 0.97

GFDL-CM2p1 5–10N 10W–20E 0–20N 10W–20E 0.99

HadCM3 2–12N 20W–12E 5–12N 10W–15E 0.93

IPSL-CM5A 0–7N 15W–5E 4–14N 8–22E 0.96

MIROC4 h 2–13N 20W–5E 5–15N 6W–18E 0.94

MIROC5 3–12N 20W–10E 4–14N 5E–18E 0.97

MPI-ESM-LR 4–12N 20W–15 W 5–12N 7W–10E 0.96

MPI-ESM-MR 2–12N 20W–15E 5–15N 10W–15E 0.95

MRI-CGCM3 2–8N 15W–5E 10–20N 0–20E 0.88

MME 5–10N 20W–5E 0–10N 15W–10E 0.98

ERA40 2–10N 10W–5E 3–16N 10W–15E 0.92

NCEP 4–12N 15W–10 N 2–12N 15W–20E 0.98
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1961–2009 period. Nevertheless, the particular regions 
used to calculate the JAS averages differ among models 
and with observations. Such regions are carefully chosen, 
for each dataset and model, on the basis of the particular 
dominant dynamics features of the monsoonal circula-
tion cell, which is, in turn, characterized using a combined 
empirical orthogonal functions (CEOF) analysis.

The CEOF method is one of the simplest variants of 
the standard empirical orthogonal functions (EOF) analy-
sis (Venegas 2001) and it is used to explore the common 
modes of variability of two or more variables. Specifically, 
two or more fields are concatenated one after another along 
the spatial dimension in the covariance matrix, and the 
eigenvalues problem is solved as in a standard EOF analy-
sis. For each mode of variability, the CEOF method yields 
an anomaly pattern for each variable, and a principal com-
ponent (PC) time series common to all the variables used in 
the analysis. All fields are previously normalized to avoid 
the dominance of one field over another (Venegas 2001). In 
our study we apply the CEOF analysis to the standardized 
JAS seasonal means of the zonal wind at 200 hPa and the 
wind modulus at 925 hPa to identify their common modes 
of variability. For models, we use all ensemble members of 
the historical simulation concatenated in time to compute 
the CEOF analysis. Based on the wind patterns of the dom-
inant mode of covariance, we determine the domains used 
for computing the WAMI (Table 2).

Since our main interest is to define a dynamic proxy 
that stands for the monsoonal circulation in terms of both 
vertical and horizontal coherence, a sensitivity test has 
been performed to evaluate the robustness of the CEOF 
with regard to the domain size. Indeed, the variability of 
the lower troposphere flow over West Africa may be also 
influenced by the northerlies from the Mediterranean basin, 
which have been shown to modulate the monsoonal pre-
cipitation over Sahel (Gaetani et  al. 2010; Gaetani and 
Fontaine 2013). Therefore, we checked whether the CEOF 
patterns are affected and the monsoonal cell coherence is 
preserved when modifying the domain limits, in order to 
recognize possible mixtures of circulation regimes with 
nearby regions. Thus, the CEOF are examined in two dif-
ferent areas, a first one that extends northwards to 40°N, 
and a second smaller to 20°N.

2.4 � Detection of forced vs internal variability

To highlight the predictive skill that could come from the 
initialization, the forced component has been isolated by 
means of a signal-to-noise EOF analysis. Such method is 
designed to distinguish between externally forced climate 
responses and natural internal variability (Solomon et  al. 
2011) and can be applied when there is a weak forced 
signal and strong internal variability (Davies et  al. 1997; 

Venzke et al. 1999; Chang et al. 2000; Ting et al. 2009). A 
detailed description of the method is presented in Venzke 
et al. (1999). In this study the forced signal is detected for 
each model in the historical simulation and the forcing pat-
terns in wind field and SST are subtracted from the decadal 
hindcasts to define the residual fields. The predictive skill 
obtained in such residual fields is attributed to the initiali-
zation (Mochizuki et al. 2010; Gaetani and Mohino 2013).

2.5 � Drift correction

When models are initialized with an observed climate state, 
errors appear as a consequence of the models’ drift toward 
their own attractor (Kirtman et  al. 2013). Such errors 
depend on the forecast time. To correct them, we follow 
the method recommended by the World Climate Research 
Programme (IPCO 2011): we calculate anomalies (Yjτ′) by 
subtracting the climatology at each forecast year:

where j is the start date, τ is the forecast year, Yjτ the sea-
sonal average at forecast year τ from simulation started at 
year j, and Ȳτ the climatology for forecast year τ. In the 
decadal simulations analysed in this work, the initializa-
tion year j spans the period 1960–2005 with an increment 
of 5 years (i.e., j = 1960, 1965,…, 2005) and, as the sim-
ulations are 10-year long: τ =  1, 2,…,10. García Serrano 
et al. (2015) suggest that such 5-year interval between start 
dates is enough to yield the main features over the Atlantic 
at decadal time scales. For each forecast year τ, the clima-
tology Ȳτ is calculated using the years 1960 + τ in the first 
simulation, 1965 + τ in the second one,… and 2005 + τ in 
the last one. For direct comparison, historical simulations 
are treated in the same way as the decadal ones, except that 
the former are analysed for the 1961–2005 period and the 
latter in the 1961–2009 period. The procedure is similar 
when the reanalysis datasets are employed, using the period 
1961–2009 for the NCEP and 1961–2002 for the ERA40. 
In this study, anomalies are also standardized at the fore-
cast time.

2.6 � Predictive skill metrics

The predictive hindcast skill is evaluated through the anom-
aly correlation coefficient (ACC), widely used to quantify 
the correlation between forecast and observed anomalies 
(Miyakoda et  al. 1972), and the root-mean-square error 
(RMSE), which measures the distance between the models 
output and observations. Before computing these verifica-
tion measures, a 4-year average is applied to focus on dec-
adal time scales. A 4-year average has been shown to be a 
compromise between the capability of partially removing 

Y ′
jτ = Yjτ − Ȳτ ,
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the unpredictable interannual variability in near-term 
dynamical forecasting and the ability to show some of the 
skill evolution along the forecast time (García-Serrano and 
Doblas-Reyes 2012). This is a common approach widely 
used in decadal prediction (van Oldenborgh et  al. 2012; 
Kim and Webster 2012; Gaetani and Mohino 2013). Given 
the small size of the samples, a Monte Carlo test with 200 
permutations is applied to estimate the statistical signifi-
cance of the correlations. Hence, the role of the initializa-
tion process is assessed by comparing the ACC and RMSE 
calculated for the initialized hindcast and the no initialized 
experiments. The robustness of the estimation of the added-
value coming from the initialization alone is then assessed 
by applying the skill measures to the decadal residuals, for 
which the forced component is removed (Mochizuki et al. 
2010; Gaetani and Mohino 2013).

We also use the 4-year averaged WAMIs from the 14 
models jointly to test the performance of a probabilistic 
forecast. We base such forecast on three mutually exclusive 
events with equal probability, which are “above normal”, 
“near normal” and “below normal” conditions. We apply an 
unadjusted Gaussian probabilistic approach to estimate the 
probabilities of each category and follow Kharin and Zwi-
ers (2003a) to estimate them as:

where P̂(A) is the estimated probability of having above 
normal conditions, P̂(B) of below normal and P̂(N) the 
probability of normal conditions; FG() is the Gaussian 
cumulative distribution for zero mean and a standard devia-
tion of one; β̂ is the estimation of the potentially predict-
able signal; σ̂ is the estimation of the standard deviation 
of the non-predictable signal; and xa is the lower bound-
ary for the above normal category (which is equal to the 
minus lower boundary as we are working with anomalies). 
The β̂ and σ̂ parameters are estimated as the average of all 
ensemble predictions and the square root of the mean over 
all hindcasts of the standard deviation across all ensemble 
members, respectively. For parameter xa, we use

where F−1
G

(

2
/

3

)

 is the inverse of the cumulative Gauss-

ian distribution for probability 2/3, which is approximately 
0.43; and σ̂X is the estimated standard deviation of the 
observation taking all events in the hindcast period.

P̂(A) = FG

(

β̂ − xa

σ̂

)

P̂(B) = FG

(

β̂ − xa

σ̂

)

P̂(N) = 1− P̂(A)− P̂(B)

xa = σ̂XF
−1
G

(

2
/

3

)

To test the skill of such probabilistic scheme, we use 
the Relative Operating Characteristic (ROC) curves and 
ROC scores. The ROC curve is a plot of the hit rate (HR, 
the fraction of the events for which an alarm was rightly 
issued) versus the false-alarm rate (FAR, the fraction of 
non-events for which an alarm was wrongly issued), vary-
ing the probability threshold to launch the alarm. The ROC 
score is twice the area under the ROC curve minus one. 
Perfect forecast show a ROC score of 1, while a ROC score 
of 0 means no skill. Interested readers are referred to Kha-
rin and Zwiers (2003b) for further details.

3 � Results

3.1 � CEOF analysis and WAMI definition

Figures  1 and 2 show the patterns of wind modulus at 
925 hPa and zonal wind at 200 hPa associated to the first 
CEOF mode (CEOF1) calculated in the 20°W–30°E, 
0–20°N domain for the historical simulations and for 
NCEP and ERA40 reanalysis. As it was mentioned in the 
previous section, in order to avoid possible mixtures of 
regimes, the CEOF analysis was also applied in a larger 
area (30°W–50°E, 10ºS–40°N) (not shown). The correla-
tions between the PCs obtained for both regions are high 
(all above 0.83) and statistically significant (95 % level of 
confidence), which suggests that the covariance analysis is 
not strongly affected by the selected area. We, therefore, 
restrict our subsequent analysis to the results obtained with 
the CEOF method applied in the smaller area.

When CEOF is applied to reanalysis, the resulting pat-
terns for the leading mode account for 57  % of the vari-
ance in NCEP and 39  % in ERA40. The CEOF1 of the 
wind modulus at 925 hPa for NCEP data shows a pattern of 
anomalies over West Africa, with a maximum that extends 
approximately between 15°W and 10°E and 5–10°N 
(Fig.  1). The CEOF1 pattern for the ERA40 shows two 
maxima, though in this case they are significantly less pro-
nounced. One of the maxima is located north of 10°N on 
the northern side of the Atlantic Intertropical Convergence 
Zone, while the second one is near to the Guinean coast 
(10°W–5°E, 2°–10°N). Differences between NCEP and 
ERA40 CEOF1 patterns are also reflected in the zonal wind 
at 200  hPa (Fig.  2). The strongest anomalies are shown 
by the NCEP, data which expand across the West Afri-
can domain, with the highest amplitude around 6°N along 
0–5°E, while maximum anomalies in ERA40 show a larger 
latitudinal extension from 2°N to 15°N and are placed east-
wards with respect to the NCEP ones.

The CEOF1 patterns explain above 40 % of the variance 
in most models, which suggests a high degree of covariance 
between the high and low tropospheric levels. BCC-CSM1 
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Fig. 1   Correlation of JAS wind 
modulus at 925 hPa with the PC 
time series associated to CEOF1 
computed in the 20°W–30°E, 
0–20°N domain. For the 
models, the CEOF analysis was 
applied to the historical simula-
tions in the 1960–2005 period. 
Black boxes show the regions 
used to compute the regional 
averages of wind modulus at 
925 hPa used in the definition of 
WAMI (see details in the text). 
Percentages of explained vari-
ability by the CEOF mode are 
shown in the top right corner 
of each plot. Grey shades corre-
spond to grid-cells with missing 
values
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Fig. 2   Same as Fig. 1, but for 
zonal wind at 200 hPa
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and MRI-CGCM3 models are the exception, with just 
below 30 % of explained variance. Models generally cap-
ture the main features of CEOF1 pattern of wind modulus 
at 925  hPa shown by reanalysis, especially regarding the 
latitudinal position of the maximum correlations, which are 
situated within the band 5–15°N, with only IPSL-CM5A-
LR showing them south of 5° (Fig. 1). However, there are 
substantial differences on the longitudinal position of the 
maximum correlations, ranging from 20°W to 20°E. Mod-
els such as CNRM-CM5, MPI-ESM-LR or MPI-ESM-
MR, exhibit the maximum correlation areas far from the 
observed monsoonal cell, which is displaced along 0–20°N 
and 10°W–10°E (Fontaine and Janicot 1992). Differences 
in the CEOF1 patterns of the zonal wind at 200 hPa are also 
evident, with some models showing wider areas of maxi-
mum correlation (CanCM4, CNRM-CM5, FGOALS-g2), 
and others characterized by a narrower peak (e.g. CCSM4, 
MIROC5, see Fig. 2). Moreover, most of the models show 
better agreement with the NCEP pattern, with strong corre-
lations along the Guinean coast (BCC-CSM1-1, CanCM4, 
CNRM-CM5, EC-EARTH, GFDL-CM2p1, HadCM3, 
MIROC4 h, MPI-ESM-LR, MPI-ESM-MR), while the oth-
ers show an eastward maximum more similar to the one 
obtained with ERA40 data.

To evaluate the covariance of the precipitation and wind 
fields, the CEOF method was also applied including the 
precipitation fields (not shown). The correlation coeffi-
cients between the PC time series from the CEOF analysis 
applied to wind and precipitation fields and the one applied 
only to wind fields are above 0.97, which suggests that the 
wind patterns do not suffer significant changes when the 
precipitation is added. This analysis supports the WAMI 
definition without prior precipitation consideration (Fon-
taine et al. 1995).

Our CEOF analysis suggests that there are regional dif-
ferences in the monsoon dynamics simulated by the differ-
ent models. To allow for these differences, the areas where 
the wind components of WAMI are averaged are defined 
separately for each model. We carefully select such areas 
to capture the high loads in the CEOF1 patterns (Figs. 1, 2; 
Table 2). The same procedure is also applied to the reanaly-
sis data.

In order to verify that this procedure captures the main 
mode of covariance between high and low tropospheric 
levels, we correlate the WAMI obtained for the historical 
experiments with the PC associated with CEOF1 (Table 2). 
In general, strong correlations are obtained (Table  2), 
which suggest that the calculated WAMI is able to cap-
ture the co-variability of wind fields in the upper and lower 
troposphere and hence, it is able to diagnose the West Afri-
can monsoon cell circulation (Fontaine et al. 2011).

To verify whether the WAMI-precipitation relationship 
is well simulated, we calculate the correlations between 

the WAMI and the precipitation fields for each individual 
model in the historical experiments, and between WAMI 
in reanalysis and CRUTS3.1 rainfall field (Fig.  3). The 
ERA40 and NCEP maps show significant correlations 
over the Sahel region with maximum values at 12°–15°N, 
14 W–14E. Most of the models show robust WAMI-precip-
itation correlation patterns, but with substantial differences. 
This relationship is robust over the Sahel for several mod-
els (i.e. CCSM4, EC-EARTH, GFDL-CM2p1, MIROC5, 
MPI-ESM-LR, MPI-ESM-MR), whereas other models 
exhibit significant correlations placed eastward (CanCM4, 
FGOALS-g2, MIRCO4 h) or southward (HadCM3, IPSL-
ESM-LR, MRI-CGCM3). The behaviour of CNRM-CM5 
is less clear, with significant correlations over the Guinea 
coast and also over Sahara. Correlations are weaker and 
less spatially coherent only in the case of BCC-CSM1.

3.2 � Skill of modelled WAMI vs observed precipitation

A Standardized Precipitation Index (SPI) is defined over 
the 10°–20°N, 15°W–15°E domain, and the predictive 
skill metrics (ACC and RMSE) are computed between the 
observed SPI and the simulated WAMI. For both SPI and 
WAMI, the standardization of anomalies is calculated at 
the forecast years. The standardization of precipitation and 
WAMI allows the computation of RMSE between dimen-
sionally different variables (Barnston 1992). Both skill 
scores have been applied to the initialized hindcast, his-
torical experiment and resulting decadal-forcing residuals 
(Fig. 4).

Decadal hindcasts and historical simulations show a 
similar behaviour, with a reduction of RMSE values at long 
lead times (5–10 years). In general, models perform better 
in decadal hindcasts than in historical simulations, whereas 
decadal-forcing residuals show a larger spread in RMSE, 
with some models further improving their skill (e.g. 
MIROC5 and CanCM4) and some others downgrading 
their performance (e.g. MPI-ESM-MR). The RMSE for the 
residuals of MIROC5 decreases for short lead-times (1–5) 
compared to the scores in the decadal hindcasts, showing 
more skill when the forced component is removed. Unlike 
other models, as the CanCM4 or HadCM3, which lose their 
skill when residuals are considered.

The ACC analysis shows that there is forecast skill for 
some models in the decadal hindcasts. The CanCM4 is 
one of the most skilful models and shows significant cor-
relations for both short (1–5  years) and long lead time 
(5–10  years). HadCM3 is skilful at the 2–6  years and 
5–8  years lead times, MIROC5 is skilful at short lead 
times (1–5  years) and BCC-CSM1-1 at long lead times 
(6–9 years). These three models, unlike CanCM4, did not 
show any skill when ACC was applied to observed and 
simulated precipitation. The forecast skill at long lead 
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Fig. 3   Correlations between 
WAMI, computed according 
to the CEOF analysis, and 
precipitation field in the period 
1961–2005, for the historical 
experiments, and for reanaly-
sis and CRU data. Dots show 
the areas with significance at 
95 % defined using a two-tailed 
Student’s t test. Grey shades 
correspond to grid-cells with 
missing values
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times (6–9  years) obtained for rainfall in the MPI-ESM-
LR is also obtained when using WAMI (Fig.  4). Multi-
model ensemble (MME) indices are defined by averaging 
the indices computed for each model, and they show sig-
nificant correlations at long lead times (5–10 years). Simi-
lar results are found when analysing MMEs independently 
computed from those models with “full-field” and “anom-
aly” initialization (see Table 1), although it is observed a 
slight better performance of the “anomaly” ensemble (not 
shown). When assessing the skill in the historical experi-
ments, ACC values show a large spread among the mod-
els and only a couple of significant correlations. Namely, 
only HadCM3 and GFDL-g2 are skilful at the 1–4 and 
5–8 years lead time, respectively. When the ACC is com-
puted for the decadal-forcing residuals the results for the 
CanCM4, HadCM4 and the MME suggest that in these 
cases the forced component is also relevant to obtain skill 
for decadal predictions. Nevertheless, the forced compo-
nent is decreasing the forecast skill in the BCC-CSM1-1 
model and the MIROC5, which show significant ACC val-
ues in the decadal-forcing residuals at long (6–10  years) 
and short (1–5 years) lead times, respectively. The results 
for the FGOALS-g2 in the residuals remain as in the dec-
adal hindcasts. Similar results were found when using 
longer windows filtering, specifically 5  years, although 
with a slight reduction in the skill (not shown). Better per-
formances in the decadal simulations and partially for the 
decadal-forcing residuals, compared to the skills in the 

historical simulations, suggest the contribution of the ini-
tialization to the prediction skills.

We also tested a probabilistic forecast for rainfall. Given 
the reduced number of members for some models (Table 1), 
we decided to test only the probabilistic hindcasts issued 
from the 14 models jointly, using the 4-year averaged WAMI 
from each. In addition, we only have between 8 to 10 hind-
casts, depending on the experiment and lead time, which is a 
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Fig. 4   ACC (top) and RMSE (bottom) scores for modelled WAMI in decadal hindcasts (left), historical experiment (middle) and decadal-forcing 
residuals (right), tested against the Sahel precipitation index (SPI) from CRU data. Dots indicate significant ACC at 95 % level of confidence

Fig. 5   ROC curves (hit rate -HR- as function of the false alarm 
rate—FAR) for the above normal (A), below normal (B) and normal 
(N) categories estimated for the 6–9 lead time using an ensemble of 
14 models WAMI obtained in the decadal experiments. The probabil-
istic forecasts are tested against Sahel rainfall index from CRU
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very small sample to test the probability forecast approach. 
For this reason, we use all seven lead times at once for each 
experiment, which gives us an average estimation of the skill 
of such probabilistic predictions. This approach allows us to 
assess the prediction capability of the forecast system as a 
whole, focusing on the differences between initialized and 
non-initialized experiments. Figure 5 shows the ROC curve 
for the decadal simulations taking into account all lead times. 
The ROC score for the curves in Fig. 5 are shown in Table 3 
for the “above”, “below” and “normal” categories using the 
WAMIs estimated from the decadal hindcasts. We also add 
for comparison the scores obtained for the historical and dec-
adal residual simulations.

The below normal category is more skilfully forecasted 
than the above normal one. Our probabilistic forecasts 

show no skill for the normal category, which is common 
to other seasonal probabilistic forecasts (Kharin and Zwi-
ers 2003b). Regarding the different simulations, for those 
categories in which we might expect to have skill (above 
and below normal conditions), the decadal experiments 
outperform the historical experiments (Table  3). The dec-
adal residual hindcasts retain most of the skill for those two 
categories, which suggests that the skill of probabilistic 
decadal simulations comes entirely from the initialization 
of the simulations. Such result is in agreement with our 
deterministic analysis using ACC scores.

3.3 � Skill of modelled WAMI vs reanalysis WAMI

The WAMI, computed in both NCEP and ERA40 reanal-
ysis, is also employed for investigating the capability of 
models in predicting the monsoonal circulation over West 
Africa. As in the previous analysis, ACC and RSME are 
used to assess prediction skills.

Models’ RMSE scores tested against NCEP WAMI 
show a similar behaviour to the one obtained when compar-
ing with observed rainfall (Fig. 6), with a decrease at long 
lead times. However, RMSE scores are considerable higher 
for the three experiments, decadal, historical and especially 
when the forced component is removed. When evaluating 
ACC, there is a larger spread of score values in compari-
son to those computed against observed rainfall (Fig.  6). 
For the decadal hindcasts, CNRM-CM5 and CanCM4 are 

Table 3   ROC scores for the three tercile categories (A: above nor-
mal, B: below normal, N: normal) for the probabilistic hindcasts 
obtained from the decadal, historical and decadal residual experi-
ments

The ROC scores were computed using the 14 models (one WAMI per 
model) and tested against Standard Precipitation Index (SPI) defined 
over the Sahel (10°–20°N, 15°W–15°E)

Decadal Hitorical Decadal_residuals

Above (A) 0.51 0.14 0.45

Below (B) 0.69 0.33 0.58

Normal (N) 0.06 0.07 −0.04
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Fig. 6   ACC (top) and RMSE (bottom) scores for modelled WAMI in decadal hindcasts (left), historical experiment (middle) and decadal-forcing 
residuals (right), tested against the WAMI from NCEP reanalysis. Dots indicate significant ACC at 95 % level of confidence
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the most skilful models with significant correlations at long 
lead times (5–10  years). Similar skill was found for this 
last model in the precipitation analysis (Figure S2). The 
CanCM4 model shows also significant correlations at the 
2–5 years lead time, while BCC-CSM1-1 is skilful for long 
lead times (6–10  years). The FGOALS-g2 model shows 
the same skill when tested against reanalysis WAMI and 
observed SPI (Figs. 4, 6). When the correlations are com-
puted by using the historical experiments, a large spread 
of the values is again observed and significant skills are 
completely lost. The results for the decadal-forcing residu-
als look similar to those obtained for the decadal hindcasts, 
though the CanCM4 model performance is worse when the 
forced component is removed. BCC-CSM1-1 and CNRM-
CM5 retain the skill, while FGOALS-g2 improves its 
ability at the 6–9 years lead time, as the MIROC5 for the 
2–5 years.

There are considerable differences when verification 
measures are applied to WAMI computed for ERA40 rea-
nalysis (Fig. 7). Indeed, skills are now drastically reduced 
for each model in all the experiments. The RMSE is in the 
0.4–1.2 range and, unlike the previous analysis where the 
RMSE values decreased for longer lead times, the RMSE 
values do not show improvement at long lead times. Over-
all, the ACC shows a wide spread among the models, even 
for the decadal hindcasts, with only one significant cor-
relation: FGOALS-g2 for the decadal and GFDL-CM2p1 
for the historical experiments. The CanCM4 model shows 
significant skill at the first and the last lead time for the 

decadal-forcing residuals. To test whether the disagreement 
could come from the different boxes used in the defini-
tion of WAMI in both reanalysis, we re-calculated WAMI 
for ERA40 using the same regions as for the NCEP one 
(Table  2). However, the models still showed no signifi-
cant skill when tested against this new ERA40 WAMI (not 
shown).

Summarizing, the different performances of the dec-
adal and historical experiments are evident when compar-
ing the metrics between the simulated WAMI index and the 
observed SPI or the observed WAMI from NCEP reanaly-
sis, pointing out both the robustness of WAMI as predic-
tor of the decadal variability of precipitation, and the added 
value coming from initialization. Nevertheless, there is no 
agreement when analysing the models skill in predicting 
WAMI from ERA40 reanalysis. In that case, models show 
a wider spread in the verification measures and, in general, 
a poorer performance, irrespective of whether the initializa-
tion is included or not in the simulations. The distinctive 
behaviour shown by ERA40 reanalysis data has been fur-
ther investigated and discussed in Section S.4, and a pos-
sible cause is found in the low-frequency component of the 
wind modulus at 925 hPa.

4 � Discussion

Our results indicate that dynamics-based indices can be 
used to forecast Sahel precipitation at decadal time scales 
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Fig. 7   Same as Fig. 5 but for ERA40 reanalysis
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due to the strong linkage between the WAM dynamical 
fields and the precipitation over the Sahel (Fontaine et al. 
1995). Indeed, the WAMI used in this work, which repre-
sents the main features of the WAM circulation (Fontaine 
et al. 1995), shows skill in predicting decadal variability of 
Sahelian precipitation for some models. Such result sug-
gests that we could use the decadal simulations to give 
an outlook into the evolution of Sahel rainfall in the near 
future (decade 2011–2020).

In Fig.  8 we show the multidecadal variability of 
observed precipitation along with the WAMI simulated 
in the decadal hindcasts. Standardised anomalies of SPI 
are computed for the CRU dataset until 2009 and GPCP 
dataset up to 2014. In this plot, we show the results for 
the 6–9  years lead-time, since the skill of prediction for 
the models has been detected mostly at long lead times 
(Fig. 4). Unfortunately, at the time of analysis, not all mod-
els were providing the decadal simulation initialized in 
2010 (i.e., forecasts for the 2011–2020 decade). Therefore, 
a subset of only 6 models is considered for the future out-
look (CanCM4, GFDL-CM2p1, MIROC5, MPI-ESM-LR, 
MPI-ESM-MR, MRI-CGCM3). Standardized anomalies of 
the indices are computed averaging the WAMI for several 
multi-model ensembles: a multimodel mean for all models 
from the decadal hindcasts (MME); a mean for the most 
skilful models in our analysis (BCC-CSM1-C1, CanCM4, 
HadCM3, FGOALS-g2, MIROC5, MPI-ESM-LR) 

(MMEsk); a mean for the models simulating the 2011–
2020 decade (MME6); and the last one computed using 
only the skilful models within the MME6 subset (CanCM4, 
MIROC5, MPI-ESM-LR) (MME6sk).

The observed precipitation for both CRU and GPCP 
datasets shows decadal variability with a remarkable dry 
period starting in the middle of the 60  s until early 80  s 
(Fig. 8). The rainfall recovery is appreciated in the follow-
ing years with a partial reduction at the beginning of the 
twentieth Century and an increase in the recent years. In 
general, the decadal variability shown by the observed pre-
cipitation is partially captured by the dynamic indices for 
the four multimodel ensembles represented in Fig.  8. In 
spite of their underestimation of rainfall in the 60  s, they 
are able to reproduce the decrease of the precipitation dur-
ing the 70 s and subsequent recovery in the 80 s. Discrep-
ancies with the observed rainfall are more evident for the 
MME and MMEsk (which only comprise decadal runs 
initialized from 1960 to 2005), especially in the 2000 dec-
ade. Nevertheless, the multimodels that extend one decade 
further (MME6 and MM6sk) are more consistent with the 
observed recent trend, which is represented by the GPCP. 
The results for the near future (2016–2019) indicate a posi-
tive tendency with respect to the previous four years period 
(2011–2014) (MME6 and MME6sk).

We also tested the WAMI simulated by the models against 
the one obtained with two reanalysis data set. According to 

Fig. 8   Standardised anomalies of the observed SPI from CRU and 
GPCP datasets, and multi-model ensemble mean WAMI computed 
for all (MME) and skilful (MMEsk) models available up to the 2006–

2015 decade, and for all (MME6) and skilful (MME6sk) models 
available up to the 2011–2020 decade
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our analysis (Sect. 3.3), several models show skill when the 
WAMI from the decadal runs is tested against the NCEP 
one, with the main contribution coming from the initializa-
tion (Fig. 6). Nevertheless, there are evident differences in the 
results when using the ERA40 reanalysis, for which models 
do not show any prediction ability (Fig. 7), regardless of the 
actual regions used to define the WAMI for this data set (not 
shown). In Sect. 3.1 we also highlighted some remarkable dif-
ferences between the main CEOF modes obtained from NCEP 
and ERA40 reanalyses, with the former explaining a much 
higher variability than the latter (57 and 39 %, respectively). 
Such differences are also reflected in the principal component 
time series associated with the CEOF1 (Figure S1). Moreover, 
the wind patterns associated with this first mode show stronger 
and more uniform loads over West Africa for NCEP than for 
ERA40 (Figs. 1, 2). These results are also supported by those 
obtained when the precipitation is included in the CEOF 
analysis. Also in this case, the patterns of the leading mode 
CEOF1 show substantial differences (not shown), which are 
reflected in the variance explained (46 % for NCEP and 32 % 
for ERA40). Therefore, our results suggest that the description 
of decadal variability of the West African monsoon using wind 
modulus at 925 hPa and zonal wind at 200 hPa is better cap-
tured in NCEP reanalysis than in ERA40.

Gaetani and Mohino (2013), by using simulated and 
observed Sahelian precipitation indices, assessed the abil-
ity of several CMIP5 models in predicting the decadal 
variability of rainfall over Sahel, and they showed that the 
predictive skills are highly model dependent, in agreement 
with our results. In their study, they highlighted the ability 
of the CanCM4 and the MPI-ESM-LR models in predict-
ing Sahel rainfall at long lead times. Consistently with such 
results, both models show skill when testing the performance 
of WAMI against observed rainfall (Fig. 4). In addition, we 
show that the unskilful results of BCC-CSM1-1, FGOALS-
g2, MIROC5 and HadCM3 models using precipitation indi-
ces (Figure S2) can be improved when WAMI is used as a 
proxy of rainfall (Tables S1, S2 and S3 summarize the pre-
dictive skills, for precipitation indices and WAMI, of the 14 
models analysed, reporting the results from decadal hind-
casts, historical simulations and residuals, respectively). 
Such result suggests that these models are capable of simu-
lating the dynamics associated with the West African mon-
soon and its variability at decadal time scales, but unable to 
translate it into rainfall, which shows a weak response (BCC-
CSM1-1 and FGOALS-g2 models) or it is badly located to 
the south (HadCM3 and MIROC5 models) (Fig. 4).

5 � Conclusions

The capability to predict the decadal variability of Sahel 
rainfall has been evaluated in 14 state-of-the-art coupled 

ocean-atmosphere global climate models using dynamics-
based indices. Our approach is based on the strong link 
between the West African monsoon winds at low and high 
tropospheric levels and rainfall over the Sahel, which led 
Fontaine et al. (1995) to propose the WAMI as a proxy of 
Sahel rainfall. To select the most convenient regions for the 
definition of the indices, we have performed a CEOF analy-
sis of wind modulus at 925 hPa and zonal wind at 200 hPa. 
All models show stronger monsoon flow at low levels in 
connection to a stronger TEJ at high levels (Figs.  1, 2). 
However, the anomaly patterns associated to CEOF1 can 
show substantial differences among the analysed models. 
The correlation coefficients between the CEOF1 PCs time 
series and the WAMI defined of the basis of the CEOF 
analysis confirm the robustness of the CEOF method for 
defining the WAMI.

When assessing the predictive skills by using the 
observed SPI, models’ performance for the decadal hind-
casts is higher than for the historical experiments. Similar 
results are obtained when the observed WAMI is defined 
for the NCEP reanalysis. However, substantial differences 
are observed when using ERA40 reanalysis: first, CEOF1 
shows smaller loads and explains less variability than for 
NCEP reanalysis; second, most of the models show no 
skill when WAMI is tested against the one defined from 
the ERA40 reanalysis. These results suggest that NCEP 
reanalysis should be preferred when assessing decadal vari-
ability of the WAM dynamics, while ERA40 description of 
the WAM dynamics would deserve further investigation to 
understand the observed discrepancies.

Our results show there is significant skill when predict-
ing Sahel rainfall at decadal time scales in some models 
and that the initialization plays a major role, in agreement 
with Gaetani and Mohino (2013), and Martin and Thorn-
croft (2014). As in their work, we find significant skill in the 
decadal hindcasts of the CanCM4 and MPI-ESM-LR mod-
els using the WAMI. Moreover, our analysis reveals signifi-
cant skill in the decadal hindcasts for several models, which 
did not show skill when a simulated Sahelian precipitation 
index was used (BCC-CSCM-1, FGOALS-g2, HadCM3 
and MIROC5). However, there is no predictive skill for the 
WAMI in other models that showed significant skills for 
their rainfall outputs (CNRM-CM5, GFDL-CM2p1 and 
MME). Therefore, our results suggest that it is potentially 
possible to improve the skill for predicting rainfall over 
Sahel in some models by using dynamics-based indices. We 
thus recommend a two-fold approach when testing the per-
formance of models in predicting Sahel rainfall, based not 
only on rainfall but also on the dynamics of the WAM.

Our results also suggest that the initialized decadal 
experiments can be used for skilful decadal probabilistic 
forecasts of above, below and near normal rainfall sea-
sons over the Sahel. In addition, issuing decadal hindcasts 
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every year (instead of every 5 years, which is the standard 
approach in CMIP5) would also allow the analysis of such 
probabilistic forecast separately for each lead time.

Finally, based on the WAMI analysis, we show that 
models predict a positive tendency in Sahel rainfall over 
the next four year period (2016–2019) with respect to the 
last one (2011–2014).
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