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ABSTRACT
This study advances the practicality and stability of the traditional multivariate statistical method, generalized equilibrium feedback assessment (GEFA), for decomposing the key oceanic drivers of regional atmospheric variability, especially when available data records are short. An advanced stepwise GEFA
methodology is introduced, in which unimportant forcings within the forcing matrix are eliminated through
stepwise selection. Method validation of stepwise GEFA is performed using the CESM, with a focused application to northern and tropical Africa (NTA). First, a statistical assessment of the atmospheric response to
each primary oceanic forcing is carried out by applying stepwise GEFA to a fully coupled control run. Then, a
dynamical assessment of the atmospheric response to individual oceanic forcings is performed through ensemble experiments by imposing sea surface temperature anomalies over focal ocean basins. Finally, to
quantify the reliability of stepwise GEFA, the statistical assessment is evaluated against the dynamical assessment in terms of four metrics: the percentage of grid cells with consistent response sign, the spatial correlation of atmospheric response patterns, the area-averaged seasonal cycle of response magnitude, and
consistency in associated mechanisms between assessments. In CESM, tropical modes, namely El Niño–
Southern Oscillation and the tropical Indian Ocean Basin, tropical Indian Ocean dipole, and tropical Atlantic
Niño modes, are the dominant oceanic controls of NTA climate. In complementary studies, stepwise GEFA is
validated in terms of isolating terrestrial forcings on the atmosphere, and observed oceanic and terrestrial
drivers of NTA climate are extracted to establish an observational benchmark for subsequent coupled model
evaluation and development of process-based weights for regional climate projections.

1. Introduction
As the slowly varying component of the climate system, the ocean makes regional climate predictability
more achievable over time scales of a season or longer
(Lee and Wang 2012). Better understanding the impacts
of sea surface temperature (SST) on the atmosphere is
vital to attain reliable future regional climate projections. However, decomposing and understanding the
key oceanic drivers of regional climate is challenging.
Supplemental information related to this paper is available at the Journals Online website: https://doi.org/10.1175/
JCLI-D-17-0219.s1.
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For example, the impact of SST variability on the atmosphere is small in magnitude compared to the large
atmospheric internal variability and thus difficult to
detect (Liu et al. 2008). Furthermore, regional climate is
influenced by both local and remote SST anomalies
(Klein et al. 1999; Newman et al. 2003; Lau et al. 2006),
which can interact with each other, making it difficult to
separate the individual oceanic impacts on regional
climate.
North-central sub-Saharan Africa (108S–208N, 208W–
558E; Fig. 1), referred to in this paper as northern and
tropical Africa (NTA) following Vizy and Cook (2012),
and three subregions (Fig. 1, black boxes), namely the
Sahel (128–178N, 208W–408E), the Guinea Coast (GC;
58–128N, 208W–308E), and Greater Horn of Africa
(GHA; 108S–108N, 308–508E), are chosen as the study
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FIG. 1. Topography of Africa with three study regions: the Sahel
(128–178N, 208W–408E), the Guinea Coast (GC; 58–128N, 208W–308E),
and the Greater Horn of Africa (GHA; 108S–108N, 308–508E).

regions. Drought is the primary natural disaster for most
African countries. Drought accounted for 25% of all
natural disasters occurring in sub-Saharan Africa during
1960–2006 (Gautam 2006); compared with other natural
disasters, it has substantial societal impacts (UNEP/
GRID-Arendal 2007). The effects of drought events are
often exacerbated by resulting crop failure, famine, and
health issues, including malaria and cholera (Few et al.
2004). The devastating drought-induced famine across
the Sahel killed roughly 100 000 people during the late
1960s through the early 1980s (Opio-Odongo 2014). In
the 2011 East Africa drought event, millions of people
were affected across the Horn of Africa (Loewenberg
2011). The Horn of Africa is currently experiencing
another severe drought. According to a report from the
World Food Programme (WFP 2017), 11.2 million
people in the region are dealing with crisis and emergency food insecurity levels. Understanding the sources
of NTA rainfall variability is crucial to gain confidence
in seasonal prediction accuracy.
West African rainfall is characterized by substantial
interannual (Nicholson 2013) to decadal variability
(Rowell et al. 1995). On interannual time scales, previous studies have identified the impacts of El Niño–
Southern Oscillation (ENSO; Janicot et al. 2001; Joly
and Voldoire 2009; Preethi et al. 2015), the Atlantic
Niño (Lamb 1978; Giannini et al. 2003; Joly et al. 2007),
and the Mediterranean Sea (Rowell 2003) on West African rainfall (Rodríguez-Fonseca et al. 2011, 2015, and
references therein). The relationship between tropical
SST anomalies and West African rainfall is not stationary (Janicot et al. 2001; Losada et al. 2012). Before
the 1970s, West African rainfall was influenced mostly
by tropical Atlantic SSTs, with enhanced (diminished)
precipitation over the Guinea Coast (Sahel) in response
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to positive SST anomalies within the Gulf of Guinea.
After the 1970s, the dipole rainfall response to tropical
Atlantic SSTs disappeared, with negative rainfall anomalies across the entire West Africa now associated with
positive tropical Pacific SST anomalies (RodríguezFonseca et al. 2011). Although previous studies applied an
array of methods to separate the impact of different oceanic basins/modes on West African rainfall, there is no
effective way to perform this task. A method that can
quantify the different oceanic modes’ influences is needed.
On decadal time scales, the general consensus is that
global SST anomalies explain the persistent Sahel
drought during the 1970s–1980s, and simulations in
phases 3 and 5 of the Coupled Model Intercomparison
Project (CMIP3 and CMIP5) forced by twentiethcentury forcings can reproduce the observed drying
trend in the Sahel (Folland et al. 1986; Palmer 1986;
Camberlin et al. 2001; Giannini et al. 2003; Biasutti and
Giannini 2006; Rodríguez-Fonseca et al. 2015). However, modeling studies have debated the relative contribution of SST anomalies across individual ocean
basins toward Sahel drought (Palmer 1986; Giannini
et al. 2003; Lu and Delworth 2005; Hoerling et al. 2006;
Giannini et al. 2013; Rodríguez-Fonseca et al. 2015).
Such modeling study inconsistencies likely lead to the
large spread in Sahel summer rainfall projections for the
late twenty-first century among both CMIP3 and CMIP5
models (Rodríguez-Fonseca et al. 2015). Therefore, a
deeper understanding of the oceanic drivers of West
African rainfall is critically needed to reduce the spread
of future hydrologic projections.
The impact of oceanic forcings on East African rainfall remains insufficiently understood. East Africa has
two rain seasons, namely the long rains [March–May
(MAM)] and the short rains [October–December
(OND)]. Most of the CMIP coupled models cannot reproduce the observed seasonal cycle of East African
precipitation, instead underestimating rainfall during
long rains and overestimating rainfall during short rains
(Yang et al. 2015). Short rains dominate the interannual
variability in East Africa rainfall (Nicholson 2000).
Some studies concluded that ENSO controls the variability of the short rains (Indeje et al. 2000; Schreck and
Semazzi 2004), whereas other studies argued that tropical Indian Ocean SST plays the dominant role in
modulating short rains variability (Black et al. 2003;
Ummenhofer et al. 2009). The East African long rains
have experienced an increase in the frequency and intensity of droughts since the 1990s (Yang et al. 2014).
Although model projections from CMIP3 and CMIP5
indicate that precipitation in the long rains season will
increase during the twenty-first century (Shongwe et al.
2009; Yang et al. 2014), the reliability of this projection is

Unauthenticated | Downloaded 01/09/23 06:35 PM UTC

1 NOVEMBER 2017

8519

WANG ET AL.

questionable since the majority of the coupled models
cannot capture the observed relationship between the
intensity of the long rains and SST anomalies.
To address the aforementioned challenges in extracting
the impact of individual oceanic forcings on the atmosphere, a multivariate statistical method, generalized
equilibrium feedback assessment (GEFA; Liu et al.
2008), is chosen for this study. GEFA can statistically
separate the individual influences of different ocean
basins on the atmosphere (Wen et al. 2010; Wang et al.
2013). Considering the large disagreement among modeling studies in terms of the key oceanic drivers of
Sahel rainfall, an observational benchmark is needed.
GEFA can be applied to either observational data or
model output, and its reliability in terms of extracting
the impacts of individual forcings has been demonstrated using a conceptual simple model (Liu et al.
2012a,b) and the fully coupled Community Climate
System Model, version 3.5 (CCSM3.5) (Wang et al.
2013, 2014). However, GEFA’s accuracy is limited by
sampling size error, which can be caused by either short
data records or a large number of forcings in the forcing
matrix. Relatively long time series are typically needed
for the traditional GEFA approach to yield stable response patterns, such that the response patterns do not
significantly change with varying lengths of data records
(Wang et al. 2014). The purpose of this paper is to develop and validate a stepwise GEFA approach using one
of the CMIP5 Earth system models, namely the National Center for Atmospheric Research (NCAR)
Community Earth System Model (CESM), to reduce
the sensitivity of traditional GEFA to sampling size error, thereby yielding more stable atmospheric response
fields. The paper is arranged as follows. The statistical method and model experiments are introduced in
section 2. In section 3, the dominant oceanic drivers of
NTA climate are identified in CESM based on stepwise
GEFA. A comparison between the traditional GEFA
and advanced stepwise GEFA methods is described
in section 4. The advanced stepwise GEFA method is
rigorously validated in section 5 using four metrics.
Conclusions and discussion are presented in section 6.

2. Statistical method and model experiments
a. The traditional GEFA method: Full GEFA
The traditional GEFA method, herein also called the
full GEFA or FGEFA method, is based on the stochastic
climate theory proposed by Hasselmann (1976) and
Frankignoul and Hasselmann (1977). According to this
theory, the coupled climate system, based on time scale,
can be divided into a rapidly varying ‘‘weather’’ system

(e.g., atmosphere) and a slowly responding ‘‘climate’’
system (e.g., SST and vegetation greenness index). The
atmospheric variable A at time t A(t) can be decomposed
into two terms: one represents the feedback response to
the slow-process forcings O(t), and the other represents
atmospheric internal variability N(t) such that
A(t) 5 BO(t) 1 N(t) ,

(1)

where B is the feedback matrix. While Eq. (1) appears
similar to multiple linear regression, N(t) represents the
atmospheric internal variability and has real physical
meaning. The term N(t) can be rather large compared to
the error term in multiple linear regression, which is minimized. By multiplying O(t 2 t)T, where t is the time lag,
which should be longer than the atmospheric persistence
time, and superscript T indicates a transpose, and applying
covariance to both sides of Eq. (1), it is determined that
hA(t), O(t 2 t)T i 5 BhO(t), O(t 2 t)T i
1 hN(t), O(t 2 t)T i,

(2)

where ha, bi represents the covariance between a and b.
Since SST variability at an earlier time O(t 2 t) cannot
force subsequent atmospheric internal variability N(t) as
long as t exceeds the memory of the atmosphere
(;1 week), the following approximation holds true:
hN(t), O(t 2 t)T i 5 0.

(3)

Then, the feedback B can therefore be solved as
B5

hA(t), O(t 2 t)T i
.
hO(t), O(t 2 t)T i

(4)

When O is a vector containing a single forcing, then B is
the feedback coefficient, and this equation represents
the univariate equilibrium feedback assessment (Liu
et al. 2006; Notaro et al. 2006). When O is a matrix
containing multiple forcings, then B is the feedback
matrix, and this equation represents GEFA (Liu et al.
2008; Wen et al. 2010). The GEFA method has been
applied to examine the impacts of North Pacific SST
variability in NCAR CCSM3 (Zhong and Liu 2008),
global SST variability on observed patterns of geopotential height (Wen et al. 2010), U.S. precipitation
(Zhong et al. 2011), and oceanic and vegetation variability on North American temperature and precipitation in observations and CCSM3.5 (Wang et al. 2013,
2014). The reliability of GEFA in terms of quantifying
the forcing of either SSTs or leaf area index (LAI) on
the atmosphere has been explored by several studies
using a conceptual model (Liu et al. 2012a,b) and fully
coupled CCSM3.5 (Wang et al. 2013, 2014).
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The accuracy of GEFA is limited by sampling errors,
mostly in the cross-covariance matrix of SST variability
hO(t), O(t 2 t)Ti (Liu et al. 2008). Previous studies reduced this error by setting t to 1 month (Wen et al. 2010)
and using truncated SST empirical orthogonal function
(EOF) space as forcing fields, which can significantly
decrease the singularity of the covariance matrix of SST
variability (Liu et al. 2008; Wen et al. 2010; Zhong et al.
2011; Wang et al. 2013, 2014).
The statistical significance of GEFA is assessed using the Monte Carlo bootstrap method (Czaja and
Frankignoul 2002). First, for each grid cell, the time
series of the atmospheric field is randomly scrambled
by year, and a new GEFA coefficient GEFAm is computed using this scrambled atmospheric time series. Next,
the first step is repeated 500 times, and 500 GEFAm
values are obtained. The first and second steps are then
repeated for each grid cell. Finally, the significance of
the atmospheric response field is determined at each grid
cell by the percentage of GEFA coefficients from the
scramble time series that are smaller in absolute magnitude than the GEFA coefficients from the original time
series. In this paper, 95% is chosen as the confidence level
for statistically significant responses.
The advantages of GEFA are multifold. First, to study
atmospheric responses to oceanic forcings in the real
world, only a statistical method can be applied given that
observations represent only one realization. Second,
although GEFA is a statistical method, it can offer real
physical meaning, unlike other statistical methods such
as multiple linear regression. Third, compared to other
statistical methods, such as partial correlation, composite analysis, residual EFA, and lagged maximum
covariance analysis, GEFA can quantify the contributions of each forcing in a unified framework without
prior knowledge of the relationship among forcings.
Fourth, the accuracy of GEFA can be demonstrated
using fully coupled climate models. Finally, the statistical method is easily applied, with no need for computationally expensive modeling experiments. Studies by
Wen et al. (2010) and Frankignoul et al. (2011) provide
detailed comparisons of GEFA with EFA, residual
EFA, and lagged maximum covariance analysis.
Although using truncated SST EOF spaces as forcing
fields can decrease sampling errors by suppressing the
singularity of the SST covariance matrix hO(t), O(t 2 t)Ti
(Liu et al. 2008), the traditional GEFA approach can still
yield substantial sampling errors when the analyzed time
series is short in duration or the number of forcings is large.
The traditional GEFA method, which applies the full
forcing matrix, is conventionally denoted by full GEFA, to
distinguish from the improved stepwise GEFA approach,
which only applies a subset of the full forcing matrix.
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b. Development of the advanced stepwise GEFA
approach
In this study, we advance the traditional GEFA
method by dropping the relatively unimportant forcings
from the full forcing matrix to minimize the sampling
errors. Using a backward-selection stepwise method
(Hocking 1976), which has been utilized to develop
prediction models (Yin et al. 2014; Segele et al. 2015; Yu
et al. 2015), a statistical prediction model is built, and the
most important forcings as predictors of the atmospheric
variable are selected through an automated procedure.
Then, the relative quality of a statistical model is measured by the Akaike information criteria (AIC; Akaike
1974) through estimating the goodness of fit and penalizing the complexity of the model:
^ ,
AIC 5 2Nf 2 2 ln(L)

(5)

where Nf represents the number of forcings in the
forcing matrix, and L^ stands for the maximized likelihood
function of the model, which is estimated as follows:
(
)
L
L
2
^
^
L 5 2 ln å [A(t) 2 A(t)] L 1 C1
2
t51

=

^ 5 BO(t) ,
A(t)

and (6)
(7)

where L is the data record length, C1 is a constant in^
dependent of B, and A(t)
is estimated atmospheric
condition at time t. The details are as following. In step 1,
for each grid cell, GEFA is applied with 17 SST forcings
as in Eq. (5), and the AIC (AIC17) is calculated using
Eq. (6). In step 2, one forcing is dropped from the full
forcing matrix [Eq. (5)] at a time, and then the AIC associated with this 16-forcings model is calculated as in
Eq. (6). In step 3, the 16-forcings model with the lowest
AIC value is selected, and its AIC (AIC16) is compared
with the 17-forcings model (AIC17). If AIC16 is less than
AIC17, then the 16-forcings model is preferred. The steps
are then repeated, eliminating one forcing at a time until
no further reduction is justified. For each grid cell, the
impacts of those dropped forcings are set to 0. By reducing the number of forcings considered simultaneously
by GEFA, the sampling error is significantly reduced and
the reliability of estimated feedbacks associated with the
remaining forcings is enhanced. On average, roughly half
of the forcings can be eliminated from the forcing matrix
through stepwise selection.
Besides the advantages of full GEFA mentioned
above, stepwise GEFA (herein called SGEFA) has another advantage, which is especially useful when two
forcings in the forcing matrix are highly correlated with
each other. The higher the correlation of the two
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forcings with each other, the more singular is the SST
covariance matrix hO(t), O(t 2 t)Ti, and the larger the
sampling error of B estimates. In this situation, stepwise
GEFA only keeps the relatively important forcings to
avoid singularity.

c. SST forcings considered in this study
In this paper, to determine which ocean basin SST is
most important to NTA climate, the global ocean is divided into eight nonoverlapping basins (see Fig. S1 in
the supplemental material): the tropical Pacific (TP;
208S–208N, 1208E–608W), North Pacific (NP; 208–608N,
1208E–1008W), South Pacific (SP; 608–208S, 1508E–
708W), tropical Indian Ocean (TI; 208S–208N, 358–
1058E), south Indian Ocean (SI; 608–208S, 208–1208E),
tropical Atlantic (TA; 208S–208N, 708W–208E), North
Atlantic (NA; 208–608N, 908–108W), and South Atlantic
(SA; 608–208S, 708W–208E). The principal component
(PC) time series corresponding to the leading two EOF
modes for SSTs in each ocean basin are then combined
into a single forcing matrix. The seasonal cycle and the
third-order polynomial trend are removed from the SST
data. Results do not change if the forcing matrix is expanded to include the leading three to five EOF modes
for each ocean basin. Also, the results are largely insensitive of the exact geographical extent of the select
boxes. According to previous studies, Mediterranean
SST anomalies also potentially affect North African
climate (Rowell 2003; Jung et al. 2006; Gaetani et al.
2010), so the area-averaged Mediterranean SSTs
(MED) are also included as a forcing. Therefore, the full
forcing matrix used in this study consists of
O 5 [TP1, TP2, NP1, NP2, TA1, TA2, NA1, NA2,
TI1, TI2, SP1, SP2, SA1, SA2, SI1, SI2, MED].

(8)

For example, TP1 and SI2 represent the first PC of
tropical Pacific SST and the second PC of south Indian
Ocean SST, respectively. The spatial patterns and
time series of SST anomalies associated with TP1,
TI1, and TA1 for January (representing DJF), April
(representing MAM), July (representing JJA), and
October (representing SON) are shown in Fig. 2 and
Fig. S3 in the supplemental material. The spatial patterns for all 16 oceanic modes for January, April, July,
and October are shown in Figs. S1 and S2 in the supplemental material.

d. NCAR CESM
In this study, the fully coupled global climate model,
CESM version 1.2 (Hurrell et al. 2013), is used to validate the statistical GEFA method. The active components applied in this study include the Community

Atmosphere Model, version 5.3 (CAM5.3; Neale et al.
2010); Community Land Model, version 4.0, with
Carbon–Nitrogen Dynamic Global Vegetation Model
(CLM4-CNDV; Oleson et al. 2010; Lawrence et al.
2011); Parallel Ocean Program, version 2 (POP2; Smith
et al. 2010); and Community Ice Code, version 4
(CICE4; Hunke et al. 2008). A 2050-yr offline CLM4CNDV run is first performed to allow the terrestrial
carbon and nitrogen pools to reach equilibrium, and
then the fully coupled control simulation of CESM is
spun up for another 100 yr. At that time, the absolute
value of globally averaged monthly mean net ecosystem
exchanges oscillated around 60.05 PgC yr21 (Hoffman
et al. 2008), with no significant trend in any of the key
Earth system variables (e.g., SST, LAI, soil moisture,
and fractional cover of plant functional types). The run
is extended another 300 yr to serve as the control simulation (CTL) and is used to statistically assess the atmospheric responses across NTA to individual oceanic
forcings. The seasonal cycle and third-order polynomial
trend are removed from output of the 300-yr CTL run.

e. Dynamical experiments
The atmospheric responses to a specific oceanic
forcing can also be obtained in a climate model through
ensemble sensitivity experiments. Two-month-long,
data-ocean/data-ice dynamical experiments are designed
for each calendar month and specific oceanic forcing,
with each run starting from the previous month’s restart
file from the CTL run. The prescribed sea ice field is the
climatological sea ice fraction from the CTL run. The
prescribed SST field is a positive or a negative SST EOF
anomaly pattern over the focal ocean basin imposed onto
global climatological SSTs from the CTL run. For each
calendar month and specific forcing, ensembles with
20 positive P and 20 negative N members are produced,
with each member starting from a different year. Atmospheric responses in P and N are compared with the
climatology C from the CTL run. Here P 2 C and C 2 N
are considered as the atmospheric response of each
ensemble member to the specific oceanic forcing. Statistical significance of the atmospheric responses in
the dynamical experiments is determined based on the
Student’s t test, based on the 95% confidence level. Here,
the atmospheric responses to an oceanic forcing are analyzed in the second month of the experiment, since
the atmosphere needs some time to reach equilibrium.
Forty ensemble members are determined to be sufficient by examining the ensemble-mean atmospheric response to specific oceanic forcing with increasing number
of ensemble members (not shown). As shown later in
section 3, the first EOF modes of tropical Pacific SST
(TP1), tropical Indian Ocean SST (TI1), and tropical
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FIG. 2. Spatial pattern of SST anomalies associated with the first EOF mode (unitless) of (a)–(d) TP1, (e)–(h) TI1, and (i)–(l) TA1 for
January, April, July, and October in the CTL run. The explained variance (%) and standard deviation (8C) of the corresponding
principal components are indicated in parentheses.

Atlantic SST (TA1) are the three most important oceanic
drivers of NTA climate in CESM. For TP1 and TI1, onestandard-deviation anomalies in SST are added, and for
TA1, because of its weak forcing, two-standard-deviation
anomalies are added in order to improve the signal-to-noise
ratio. The dynamical assessments are completely independent of the statistical assessments, thereby providing an
independent check of the statistical GEFA approach.

f. CESM Large Ensemble Community Project data
As with other statistical methods, the accuracy of
GEFA is affected by data sampling size, namely the
length of the data record. Output from the CESM Large
Ensemble Community Project (CESM-LENS; Kay et al.
2015), which has 40 ensemble members under historical forcing from 1920 to 2005, can be merged into
a single 3440-yr data record by connecting monthly
anomaly outputs of all ensemble members (40 ensemble

members 3 86 yr). The seasonal cycle and third-order
polynomial trend are removed from raw output for each
ensemble member. Each model realization differs from
one another by only small round-off level variations in
their atmospheric initial conditions. All simulations
apply CESM, version 1.0 (CESM1; Hurrell et al. 2013),
with CAM5 (Neale et al. 2010) as its atmospheric component. The model resolution is roughly 18 (gx1v6;
0.98 3 1.258 latitude–longitude). The CESM-LENS,
whose configuration is similar with the model used in
this study, provides a test bed to estimate the minimum
data record length required for obtaining stable GEFA
response estimates to oceanic forcings.

3. Important oceanic drivers of NTA climate in
CESM based on stepwise GEFA
The relative importance of each oceanic mode to
NTA climate in CESM is measured by the percentage of
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area with significant (.95% confidence level) atmospheric responses in 2-m air temperature and precipitation, per oceanic forcing and calendar month
(Figs. 3a,e). It is clearly shown that tropical oceanic forcings (Fig. 3) are dominant drivers of NTA climate in
CESM, which is consistent with other studies using different climate models (Folland et al. 1986; Giannini et al.
2003; Lu and Delworth 2005; Hoerling et al. 2006). Results
for three study regions, namely the Sahel (Figs. 3b,f), GC
(Figs. 3c,g), and GHA (Figs. 3d,h), are also shown, since the
dominant drivers of each region’s climate are not the same.
The study regions defined here are broader than the observed established extent. TP1, which represents ENSO,
substantially impacts air temperature and precipitation for
all three African subregions in nearly all months. TI1,
which in CESM consists of the Indian Ocean Basin (IOB)
mode during February–July and the Indian Ocean dipole
(IOD) mode during August–January, affects temperature
and precipitation across the GHA in almost all seasons,
especially the ‘‘short rains’’ (OND). TA1, which represents the Atlantic Niño mode during June–August in
CESM, regulates air temperature and precipitation over
the GC region and Sahel during the pre- and peakmonsoon season. TP2, which is characterized by the
tropical Pacific meridional mode during October–May
in CESM, affects temperature and precipitation over the
GHA. TI2, which is similar to the IOB during August–
January in the model, influences GHA temperature and
precipitation. Compared with the tropical oceanic forcings, the impact of extratropical oceanic forcings on
NTA climate is seemingly minor (Fig. 3).
In summary, of the 17 SST modes, five are distinctly
important to NTA climate in CESM. These dominant
modes include TP1 and TA1 for the Sahel and GC region and TP1, TI1, TI2, and TP2 for the GHA. However,
the magnitudes of the impacts of TP2 and TI2 on
northern and tropical African climate are small (figures
not shown). Therefore, in the following sections, the
top three key oceanic modes for regulating NTA climate in CESM, namely, TP1, TI1, and TA1, are chosen for comparison between full and stepwise GEFA
and for validating stepwise GEFA compared to dynamic
experiments.

4. Comparison of full GEFA and stepwise GEFA
As discussed in section 2, sample size, or more specifically, the length of data record, is a critical factor that
limits GEFA’s accuracy. Knowing the minimum length
of data record needed for stable GEFA results is crucial,
particularly for observational studies given the relatively
short duration of most observational records. It also
provides guidance for the necessary length of the CTL
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run. In this section, the minimum required data record is
assessed for, and compared between, full and stepwise
GEFA in order to examine the expected advantages of
stepwise GEFA. To perform a comprehensive evaluation of the length of data required for stable GEFA
responses, a diverse set of variables is considered, including local latent (LHFLX) and sensible (SHFLX)
heat fluxes over the corresponding forcing ocean basin; 850-hPa (Z850) and 200-hPa (Z200) geopotential
heights and 500-hPa vertical velocity (v500) over the
tropics and subtropics (358S–358N, all longitudes);
and 2-m air temperature (Temp) and precipitation
(Precip) over northern and tropical Africa (108S–178N,
208W–558E).
The GEFA results are considered stable when the
estimated response patterns do not change significantly
with a further increase in sample size. Instead of performing an extremely long CTL run, CESM-LENS
provides an ideal testing ground. By connecting all 40
ensemble members, a 3440-yr data record is constructed.
The spatial correlation between GEFA responses using
a subset of the data (GEFAshort) and its full record
(GEFAlong) is calculated. The length of the shorter
subset data records is allowed to vary from 20 to 300 yr in
increments of 20 yr and from 300 to 600 yr in increments
of 50 yr. For analysis of shorter time periods, the full
3440-yr data record is divided into several segments.
For example, when considering 50-yr time periods, the
3440-yr data record is divided into 68 segments, and
spatial correlations are then calculated between the response field from GEFAlong and that from each GEFAshort
segment. The medium value among those spatial correlations is defined as the spatial correlation between
GEFAlong and GEFAshort for a specific data length. The
GEFA-based response estimate is considered stable, or
reliable, when this medium spatial correlation exceeds a
specified value. To avoid subjectivity, a series of correlation coefficients, ranging from 0.7 to 0.95 in increments
of 0.01, are applied to check the required minimum
length of data record. The length of data record needed
by full GEFA and stepwise GEFA is evaluated separately. The length of minimum data record needed by full
GEFA is determined based on the spatial correlation
between response fields from GEFAlong and GEFAshort
using full GEFA. Likewise, the length needed by
stepwise GEFA is found based on spatial correlation
between response fields from GEFAlong and GEFAshort
using stepwise GEFA. These can be compared because
the spatial correlation between response fields from
GEFAlong using full GEFA and stepwise GEFA is very
high, with a mean correlation across seven variables
(SHFLX, LHFLX, Z850, Z200, v500, Temp, and Precip)
and 12 months of 0.96.
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FIG. 3. Percentage of area with significant responses (95%1 confidence level, based on the Monte Carlo bootstrapping method) in (a)–(d) Temp
or (e)–(h) Precip by month across the Sahel, the Guinea Coast, the Greater Horn of Africa, or entire area of northern and tropical Africa
(108S–208N, 208W–508E) to 17 individual oceanic modes, based on the application of stepwise GEFA to the CTL run. The annual mean
percentage of area with significant responses is shown as the last column of each panel figure (red boxes). The tropical oceanic modes are
indicated within the blue lines. The green boxes denote the wet seasons per region.

To give a general overview of the minimum sample
size needed for stable GEFA response estimates to each
forcing at different spatial correlations (0.7–0.95), the
length of data record required by full GEFA and
stepwise GEFA is averaged across the aforementioned
seven variables and 12 months (Fig. 4). Both GEFA
methods show a positive monotonic relationship between the minimum required data record and the spatial
correlation, such that the higher the spatial correlation,
the longer the required data record. Using the same
length of data record, stepwise GEFA has a better
spatial pattern reproduction of the full 3440-yr results
than full GEFA. For instance, using a 50-yr data record,
full GEFA fails to capture the spatial pattern of atmospheric responses to TP1 (TI1 and TA1 are similar)
whereas stepwise GEFA exhibits a spatial correlation of
0.7 (Fig. 4a). Likewise, for a given target spatial correlation, stepwise GEFA can yield much more stable results with shorter data records than full GEFA. For
example, when targeting a spatial correlation of 0.75,
stepwise GEFA requires a minimum 56-yr data record,
whereas full GEFA requires a minimum 93-yr data record to capture stable atmospheric responses to TI1
(Fig. 4b; TP1 and TA1 are similar). The difference in
response fields between full GEFA and stepwise GEFA
diminishes with increasing length of the data record, and
finally their response fields are nearly identical when the

complete 3440-yr data record is analyzed. It is noteworthy
that this monotonic relationship is not linear; as the length of
the data record increases, the rate of increasing spatial
correlation decelerates. For example, the spatial correlation
increases at rates of 10.30 [5 (0.85 2 0.7)/50 yr 3 100 yr
century21], 10.08, and 10.04 century21 as the analyzed
data record increases from 51 to 100 yr, from 101 to 150 yr,
and from 151 to 300 yr, respectively, to TP1 forcing.
In summary, stepwise GEFA does not require as long
of a time series as full GEFA in order to achieve stable
GEFA response estimates. Therefore, a shorter CTL run
may suffice to accurately estimate GEFA responses, and in
the case of analyzing short observational records, a more
reliable response can be obtained. Furthermore, stepwise
GEFA can achieve a more accurate decomposition of responses when highly correlated forcings exist in the forcing
matrix. The advantage of stepwise GEFA in obtaining reliable response field is more obvious when the time series is
short. The necessary minimum length of data record
needed grows exponentially with increasing target threshold in spatial correlation.

5. Validation of the statistical stepwise GEFA
method
To validate the statistical stepwise GEFA method, the
atmospheric responses to a specific oceanic forcing are

Unauthenticated | Downloaded 01/09/23 06:35 PM UTC

1 NOVEMBER 2017

WANG ET AL.

8525

FIG. 4. Length of data record required for stable estimates of GEFA response fields averaged across seven variables and 12 months to
tropical oceanic forcings from (a) TP1, (b) TI1, and (c) TA1 by FGEFA (black lines) and SGEFA (red lines) with increasing spatial
correlation in CESM-LENS. The spatial correlation in the x axis is the medium value of spatial correlations between the response field of
GEFAlong and that of each GEFAshort segment (see section 4 for additional explanation). The blue numbers (century21) indicate the
growth rate of the spatial correlation with increasing data record length. For TA1, results are shown both for the full annual cycle of
12 calendar months [FGEFA (gray) and SGEFA (pink)] and only JJA [FGEFA (black) and SGEFA (red)] on account of weak forcing
and no clear physical meanings of TA1 during September–May.

estimated independently through CESM dynamic experiments and compared to the stepwise GEFA-based
statistical assessment, as applied to the CTL run. It is
noted that several factors complicate the comparison
between the statistical and dynamical assessments. First
of all, inconsistencies may emerge if the relationship
between an oceanic forcing and its atmospheric response is not purely linear. For example, the statistical
assessments estimate the feedback using the forcing
strength that covers the full spectrum in the CTL run,
while the dynamical assessments estimate the feedback
according to fixed forcing strengths of one- or twostandard-deviation anomalies. Second, dynamic experiments yield atmospheric responses to specific imposed
forcings, even if the forcings do not independently exist
in the CTL run. However, stepwise GEFA compares the
importance of each oceanic forcing first, and then drops
all unimportant forcings. In this situation, the forcing
whose existence is totally dependent on other forcings
will be eliminated from the statistical assessment, leading to potential inconsistencies between the two assessments. Finally, both assessments have sampling errors
given limited ensemble members and sample size. In this
section, the validation of stepwise GEFA compared to
the dynamic experiments is rigorously performed based
on four metrics, namely consistency, spatial correlation,
response magnitude, and consistency in mechanisms.

a. Metric 1: Consistency
The consistency of atmospheric response patterns
between statistical stepwise GEFA and dynamic

experiments is checked for each important oceanic
forcing (TP1, TI1, and TA1) to NTA climate and for
each calendar month (Figs. 5a–c). The relationship between statistical and dynamical assessments for each
grid cell is classified into five categories: 1) the atmospheric responses in both assessments are significant
(95%1) and of the same sign (blue bars in Figs. 5a–c); 2)
neither response is significant (green bars); 3) the dynamical response is significant, while the statistical response is insignificant (orange bars); 4) the dynamical
response is insignificant, while the statistical response is
significant (pink bars); or 5) both responses are significant but of opposite sign (red bars). Categories 1 and 2
indicate a consistent agreement between statistical and
dynamical assessments, categories 3 and 4 represent
inconsistency in terms of significance, and category 5
indicates complete inconsistency. In general, the statistical and dynamical assessments yield fairly good
agreement in terms of the atmospheric responses to
tropical oceanic forcings in CESM, despite the aforementioned factors that complicate the comparison. The
percentage of totally inconsistency is extremely low,
generally less than 5%, across the 12 months (red bars in
Figs. 5a–c). The percentage of consistent agreement,
represented by a combination of categories 1 and 2, is
69% for TP1, 61% for TI1, and 62% for TA1.
When the percentage of consistency is relatively low,
as seen with the atmospheric responses to TP1 forcing in
March, TI1 forcing in February and March, and TA1
forcing in September–May, the inconsistency is largely
associated with category 3, in which dynamical response
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FIG. 5. Statistical SGEFA (S) and dynamical (D) assessment comparison in CESM. Percentage of area covered by each category for
(a) TP1, (b) TI1, and (c) TA1 is averaged across seven variables. Black dots indicate percentage of consistency by month, and blue dots
represent the spatial correlation between the statistical and dynamical assessments averaged by month. Also shown are the percentage of
area with consistent response between statistical and dynamical assessment in CESM for (d) TP1, (e) TI1, and (f) TA1 forcings, and the
spatial correlation of response patterns between statistical and dynamical assessment in CESM for (g) TP1, (h) TI1, and (i) TA1 forcings.
Hatching indicates that the inconsistency is caused by a high correlation between TP1 and TI1 (;0.88) or the weak forcing of TA1.
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is significant but the statistical response is not (orange
bars in Figs. 5a–c). Because of a high temporal correlation between TP1 and TI1, the atmospheric responses to
TI forcing in nearly all seven variables exhibit low consistency in February and March (Fig. 5e), with the inconsistency again primarily associated with category 3.
The reasons for this low consistency are further explored
in the supplemental material. Unlike TI1, the poor
agreement between statistically and dynamically assessed atmospheric responses to TA1 forcing is mainly
restricted to sensible and latent heat flux during
September–May, because of the weak TA1 forcing
during these months. With stepwise GEFA, TA1 is
usually dropped because of its much lower importance
compared to other oceanic forcings, so most stepwise
GEFA response fields are insignificant. However,
although the TA1 forcing is weak, the dynamic experiments still detect some significant local sensible and latent heat flux responses, leading to low consistency
between statistically and dynamically assessed sensible
and latent heat fluxes. For other remote variables, since
both assessments indicate insignificant responses, better
agreement results between the two assessments. Since
the atmospheric responses to TI1 during February–
March are insignificant, and the EOF modes of TA1
during September–May do not have clear physical
meanings, the atmospheric responses in these months
are omitted (hatched months in Figs. 5–7). In summary,
excluding the hatched month results, the percentage of
consistent response fields between the statistical and
dynamical assessments is 70% for TP1, 67% for TI1, and
71% for TA1.

b. Metric 2: Spatial correlation
The spatial correlation between the statistically and
dynamically estimated response fields is calculated for
each oceanic forcing using only grid cells that attain
statistical significance in both assessments. The mean
spatial correlation, averaged across seven response
variables and 12 months, is 0.87 for TP1, 0.79 for TI1,
and 0.72 for TA1 (averaged over blue dots in Figs. 5a–c).
Excluding the hatched month results, which are associated with insignificant atmospheric responses (TP1 in
February, TI1 in February–March) and have no clear
physical meaning (TI1 during September–May), the average spatial correlation is 0.95 for TP1, 0.87 for TI1, and
0.90 for TA1. By decomposing the metric into its seven
component variables, it is determined that 94% of the
variables by month are characterized by correlations exceeding 0.7. In conclusion, statistically and dynamically
estimated responses are highly correlated with each
other, in further support of the stepwise GEFA’s
credibility.

c. Metric 3: Response magnitude
In this part, the seasonal cycle of area-averaged responses in 2-m air temperature (Fig. 6) and precipitation
(Fig. 7) across three NTA subregions to TP1, TI1, and
TA1 forcings are estimated in CESM using the statistical
and dynamical assessments. To quantitatively measure
the difference between statistical and dynamical assessments, the root-mean-square error (RMSE) for each
forcing and region is calculated using nonhatched area
information, with the magnitude of insignificant responses assigned as zero.
In terms of response significance and sign, statistical
assessments correspond closely to dynamical assessments, and among all the nonhatched months (11, 10,
and 3 months in TP1, TI1, and TA1, respectively) and
regions, 88% of 2-m air temperature responses are
consistent between the two assessments. Both the statistical and dynamical assessments indicate that El Niño
(TP1) favors higher air temperature across the three
regions (Figs. 6a–c). The impact on air temperature
peaks in winter (December–January), with response
magnitudes of 0.668C (0.648C) s21
PC for the Sahel, 0.578C
21
(0.648C) s21
PC for the GC region, and 0.348C (0.348C) s PC
for GHA, estimated according to the statistical (dynamical) assessment. The statistical and dynamical assessments are in quantitative agreement, with an RMSE
of 0.158, 0.098, and 0.118C s21
PC across the Sahel, GC region, and GHA, respectively, estimated using responses
during the 11 nonhatched months. Both the statistical
and dynamical assessments indicate that the TI1 mode
mainly affects GHA temperature in CESM (Fig. 6f). The
positive IOB mode, largely characterized by positive SST
anomalies across Indian Ocean, supports higher air temperatures over GHA during early summer (June–July)
by 0.178C (0.138C) s21
PC , estimated by the statistical
(dynamical) assessment. The positive IOD mode in
CESM, with positive (negative) SST anomalies in the
western (eastern) tropical Indian Ocean, reduces air temperature during autumn and early winter (September–
December) by about 20.238C (20.218C) s21
PC , according
to the statistical (dynamical) assessment. The RMSE is
0.078C s21
PC for GHA. The inconsistency in 2-m air temperature responses to TI1 between the statistical and
dynamical assessments in February and March is discussed in the supplemental material. Both assessments
indicate weak responses in air temperature to TA1 forcing (Figs. 6g–i). The statistical assessments match the
dynamical assessment, with RMSE of 0.028, 0.038, and
0.058C s21
PC for the Sahel, the GC region, and GHA,
respectively.
As with the response in air temperature, 84% of
precipitation responses are consistent between the two
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FIG. 6. Seasonal cycle of 2-m air temperature response (8C s21
PC ) to (a)–(c) TP1, (d)–(f) TI1, and (g)–(i) TA1 over the (top) Sahel,
(middle) GC region, and (bottom) GHA in CESM. Bars and dots indicate responses according to the dynamic experiments and statistical
SGEFA, respectively. Filled bars and dots indicate that the responses are statistically significant (95%1) based on the Student’s t test
(dynamic experiments) and Monte Carlo bootstrapping method (SGEFA), respectively. The inconsistent surface air temperature response to TI1 between dynamical and statistical assessment is caused by high temporal correlation between TP1 and TI1 (hatching area).
The difference between statistical and dynamical assessments is measured by RMSE, excluding the hatched month (8C s21
PC ).

assessments in terms of significance and sign. Both statistical and dynamical assessments agree that El Niño
reduces rainfall during July–September across all
three NTA subregions (Figs. 7a–c), with decreases
of 20.18 (20.38) for the Sahel, 20.17 (20.30) for the
GC region, and 20.27 (20.30) mm day21 s21
PC for GHA,
estimated by the statistical (dynamical) assessment.
The yearly RMSE (without February) in the rainfall
responses to TP1 between assessments is 0.18, 0.19,
and 0.14 mm day21 s21
PC over the Sahel, GC region, and
GHA, respectively. Both statistical and dynamical assessments agree that the TI1 mode mainly affects GHA
rainfall in CESM, making the GHA wetter almost all
year round during positive TI1 mode, especially during
the short rains season (OND; Fig. 7f). The precipitation response during OND is 0.76 (0.78) mm day21 s21
PC
according to the statistical (dynamical) method. The

yearly RMSE (excluding February–March) in the rainfall responses to TI1 between the statistical and
dynamical assessments is 0.16 mm day21 s21
PC . Both
assessments conclude that the Atlantic Niño mode
mainly regulates GC rainfall during the pre- and peakmonsoon seasons in CESM (Fig. 7h), with reduced
rainfall (20.63 and 20.47 mm day21 s21
PC according
to statistical and dynamical assessments, respectively)
in June and enhanced rainfall in July and August
(0.44 and 0.55 mm day21 s21
PC according to statistical
and dynamical methods, respctively). The 3-month (JJA)
RMSE is 0.18 mm day21 s21
PC .
In next section, the precipitation responses to TP1
in August, TI1 in June and November, and TA1 in
June and August are examined as examples to compare the spatial patterns of response fields and related
mechanisms.
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FIG. 7. As in Fig. 6, but for precipitation (mm day21 s21
PC ). Green boxes on the x axis indicate the wet seasons per region.

d. Metric 4: Consistency in mechanisms

and modeling studies (Giannini et al. 2003; Lu and
Delworth 2005).

1) TP1: ENSO MODE
In response to the positive phase of ENSO in boreal
summer, both stepwise GEFA (Fig. 8a) and dynamic
experiments (Fig. 8b) indicate a broad-scale reduction
in rainfall over the tropical Atlantic Ocean (around
108N), extending partially over land into Sahel, the
west side of the Ethiopian highlands, and into the
western tropical Indian Ocean. The atmospheric response in August resembles a baroclinic Rossby wave
response to deep tropical heating and barotropic
Rossby wave propagation into the extratropics (Wen
et al. 2010), here mainly confined to the Southern
Hemisphere, given that it is austral winter (Figs. 8c–f).
Anomalous low-level (850 hPa) convergence and upperlevel (200 hPa) divergence over the central and eastern
tropical Pacific support an anomalously subsiding branch
of the Walker circulation across NTA (Figs. 8a,b) that
reduces precipitation, consistent with previous observational (Joly and Voldoire 2009; Preethi et al. 2015)

2) TI1: IOB AND IOD MODES
The TI1 mode, which represents the IOB (IOD) mode
during February–July (August–January) in CESM,
mainly affects rainfall over the GHA almost year-round,
especially during the short rains season (OND) and the
relatively dry summer season (June–September) between the long and short rains (Fig. 7f).
During June, both statistical and dynamical assessments
agree that precipitation increases over the western slopes
of the Ethiopian highlands (Figs. 9a,b) in response to
positive phase of the IOB mode in CESM, characterized
by warm water anomalies over most the tropical Indian
Ocean, except for the southeast (Fig. 2g). Over the Indian
Ocean, a Gill-type atmospheric response is induced (Gill
1980), with negative height anomalies in the lower troposphere (850 hPa; Figs. 9c,d) and positive height anomalies
in the upper troposphere (200 hPa; not shown). This
anomalous low-level convergence over the tropical Indian
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FIG. 8. Atmospheric responses to TP1 forcing (resembles Fig. 2c) using (a),(c),(e) stepwise GEFA and (b),(d),(f) dynamical assessment
21 21
in August for CESM. Atmospheric response fields are (a),(b) precipitation (shading; mm day21 s21
sPC ; solid
PC ) and v500 (contour; hPa s
lines indicate descending motion and dashed lines indicate ascending motion) and (c),(d) Z200 and (e),(f) Z850 (m s21
PC ) and wind (gray
vectors; m s21 s21
PC ). Only statistical significant (.95%) response fields are shown except for wind field, where black arrows represent
significant wind responses.

Ocean supports an increase in over-ocean precipitation. Meanwhile, the enhanced condensation and
overland rainfall is attributed to westerly wind anomalies and resulting orographic lift over the Ethiopian
highlands. Using observational data, Preethi et al.
(2015) also concluded that the IOB mode can boost
rainfall over the GHA region, although the IOB mode
in observations exists during January – May compared
to February–July in CESM.

During the short rains season, including November,
both statistical and dynamical assessments indicate enhanced precipitation over the entire GHA (Figs. 10a,b) in
response to the positive phase of the IOD mode in
CESM, with positive SST anomalies over the western
tropical Indian Ocean and negative SST anomalies over
the eastern tropical Indian Ocean (Fig. 2h). There are two
explanations for this enhanced precipitation over the
GHA. First, positive SST anomalies across the western
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21 21
FIG. 9. Precipitation (shading; mm day21 s21
sPC ) responses to TI1 forcing (resembles Fig. 2g) using
PC ) and v500 (contour; hPa s
(a) SGEFA and (b) dynamic experiment during June for CESM. Moisture divergence at 850 hPa (shading; 1026 m s21 s21
PC ) and 850-hPa
wind response (vector; m s21 s21
PC ) to TI1 forcing using (c) SGEFA and (d) dynamic experiments. Only statistical significant response
(.95%) fields are shown.

tropical Indian Ocean increase air temperature, atmospheric moisture, and instability. Second, as in June,
enhanced convergence over the anomalously warm
waters of the western tropical Indian Ocean generate
westerly wind anomalies over western and central
Africa and easterly wind anomalies over the Indian
Ocean. The zonally oriented SST gradient enhances
the zonal surface pressure gradient, leading to stronger
easterly winds, which brings more moisture to Somalia
than in June. Enhanced atmospheric moisture and
wind convergence support an increase in GHA rainfall.
Ummenhofer et al. (2009) also found that the local
positive SST anomalies over the western Indian Ocean
can enhance precipitation over the GHA during its
short rain season, although they consider the corresponding cold anomalies over the eastern Indian Ocean
to be unimportant.

The statistical and dynamical assessments generally
agree in terms of both the spatial pattern in atmospheric response fields and related mechanisms. The
slightly disagreement in precipitation and vertical
motion response to TI1 in June (Figs. 9a,b) and November (Figs. 10a,b) to the west of 308E may be caused
by the nonlinear atmospheric response to TI1, since
stepwise GEFA estimates the feedback using the
forcing strength that covers the full spectrum found in
the CTL run, while the dynamical assessments estimate
the feedback response to one standard deviation
anomalies of TI1.

3) TA1: ATLANTIC NIÑO MODE
In CESM, both statistical and dynamical assessments indicate that the Atlantic Niño mode mainly regulates rainfall over the GC region during the pre- and
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FIG. 10. As in Fig. 9, but for November. The TI1 forcing resembles that shown in Fig. 2h.

peak-monsoon seasons in CESM (Fig. 7h), specifically
reducing rainfall in June, while enhancing rainfall in July–
August.
In June, the climatological location of the ITCZ,
based on the minimum value of outgoing longwave radiation (OLR), is 48N in CESM (black dashed line in
Fig. 11a). The positive SST anomalies associated with
the Atlantic Niño mode lie along the southern flank of
the ITCZ (Fig. 11a). Both statistical and dynamical assessments indicate that the anomalously warm eastern
tropical Atlantic Ocean favors a southward shift of the
ITCZ and its associated ascent. Anomalous low-level
moisture convergence (Fig. 11d) is produced near the
equator, leading to greater precipitation to the south of
the Gulf of Guinea and extending westward into the
tropical Atlantic Ocean. Accompanying the southwardshifted ITCZ, anomalous descending motion emerges
just north of the anomalous ascending motion band. A
belt of anomalous moisture divergence is generated
from the Gulf of Guinea into the tropical Atlantic

Ocean, resulting in reduced precipitation over the
GC region.
In August (similar to July), the climatological location
of the Atlantic ITCZ is around 108N in CESM, with a
positive TA1 mode characterized by anomalously warm
waters to the south and cold waters to the north of the
climatological ITCZ (Fig. 12a). The warmer eastern
tropical Atlantic Ocean still favors a southward shifted
ITCZ. However, distinct from June, the belt of anomalous moisture convergence and corresponding ascending motion lies over the GC region, with anomalous
descending motion confined to the north over the
tropical Atlantic Ocean (Figs. 12b,c). The moisture
convergence over the GC region strengthens the West
African monsoon flow and enhances precipitation.
The statistical and dynamical assessments agree well
in terms of both the spatial pattern in atmospheric response fields and related mechanisms. Both methods
capture the unique precipitation response to TA1 forcing during June versus July–August over the GC region,
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FIG. 11. (a) Climatological OLR (contour; W m22) and leading EOF of SST over the tropical Atlantic Ocean
based on 300-yr control run for June in CESM. The magnitude of the spatial pattern is normalized with a standard deviation of 18C. The explained variance (EV) and standard deviation (std) of corresponding principal
components are indicated in parentheses. Also shown are precipitation (shading; mm day21 s21
PC ) and v500 (contour;
hPa s21 s21
PC ) response to TA1 forcing using (b) SGEFA and (c) dynamic experiments during June, and 850-hPa
21 21
sPC ) for TA1 forcing using
moisture divergence (shading; 1026 m s21 s21
PC ) and 850-hPa wind response (vector; m s
(d) SGEFA and (e) dynamic experiments. Only statistical significant response (.95%) fields are shown.

because of the climatological latitudinal position of the
Atlantic ITCZ.
Our CESM results are consistent with previous modeling studies in terms of the reduced rainfall response in
June and enhanced rainfall response in July to the TA1

forcing. By holding equatorial Atlantic SST to its April
climatological value, Okumura and Xie (2004) concluded that ocean surface cooling in the eastern tropical
Atlantic Ocean leads to a dipole precipitation response
with declines over the tropical Atlantic and Guinea
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FIG. 12. As in Fig. 11, but for August.

Coast and increases over the tropical northern Atlantic
and western Sahel in June. By adding a positive SST
anomaly over the Gulf of Guinea in July, Vizy and Cook
(2001) found enhanced rainfall over the Guinea Coast.
The reversed precipitation response to the Atlantic
Niño forcing by these two independent studies may also
reflect the impact of the relative location of the ITCZ
and the SST warming.

6. Conclusions and discussion
This study proposes an advanced GEFA statistical
method, known as stepwise GEFA, and demonstrates its
capability to successfully decompose the key oceanic
drivers of regional climate using NCAR CESM, with a
focus on northern and tropical Africa. Stepwise GEFA
offers clear advantages over full GEFA in obtaining
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stable response fields. By dropping unimportant forcings
from the forcing matrix through stepwise selection,
sampling errors are reduced, allowing stepwise GEFA
to more accurately capture the atmospheric response
fields to oceanic forcing than full GEFA, especially
when the available data record is short or highly correlated forcings exist in the forcing matrix.
Stepwise GEFA is validated by comparing statistical assessments of the CTL run against dynamical
assessments of ensemble experiments (with imposed
basinwide SST anomalies) based on four metrics: percentage of consistency, spatial correlation, seasonal
cycle of response magnitude, and consistency in associated mechanisms. The average range of consistency
and spatial correlation in atmospheric response fields
is 67%–71% and 0.87–0.90, respectively. The RMSE
of seasonal response magnitude ranges between
0.038–0.128C s21
PC for 2-m air temperature and 0.10–
0.17 mm day21 s21
PC for precipitation averaged over
three NTA subregions. The statistical and dynamical
assessments agree well in terms of both the spatial
pattern in atmospheric response fields and related
mechanisms.
According to the statistical assessment, tropical
modes are the most important oceanic drivers of NTA
climate in CESM, namely ENSO and the IOB, IOD, and
Atlantic Niño modes. Both statistical and dynamical
assessments agree with the following statements. Sahel
rainfall is mainly regulated by ENSO, with El Niño inducing drying of the Sahel during the peak monsoon
season. In CESM, GHA precipitation is mainly affected
by both the IOB (warm water anomaly over most of the
tropical Indian Ocean) and IOD [positive (negative)
SST anomalies over the western (eastern) tropical
Indian Ocean] modes. Both oceanic forcings result in
increased GHA rainfall mainly during the short rains
and relative dry season of June–September. The GC
rainfall is mainly influenced by Atlantic Niño mode,
with precipitation decreasing in June and increasing in
July and August.
Stepwise GEFA is a generalized method, applicable
to other regions or other Earth system models. However, some caution is needed before utilizing stepwise
GEFA in other regions. Stepwise GEFA is only suitable
to extract responses in rapidly evolving atmospheric
variables to slowly varying environmental variables,
such as SST, sea ice fraction, snow cover fraction, and
LAI. Therefore, the memory of the target variable
should first be checked. When considering different regions and models than in the present study, it should be
recognized that the dominant forcings may be different,
so the minimum required data length should be examined to make sure that the stepwise GEFA pattern is

stable and reliable. If highly correlated coexisting forcings are included in the forcing matrix, we suggest
comparing their combined impacts with their individual
impacts to avoid artificial responses.
This study is one of a series of papers. The stepwise
GEFA’s reliability at capturing the impacts of terrestrial
forcings on the regional climate of the Sahel and GC
region is examined in Yu et al. (2017, manuscript submitted to Nat. Commun.). Then, following the successful
validation of stepwise GEFA across northern and
tropical Africa for both oceanic and terrestrial forcings in the current paper and that of Yu et al. (2017,
manuscript submitted to Nat. Commun.) the statistical
method is applied to investigate observed vegetation–
climate feedbacks in the Sahel by Yu et al. (2017, manuscript submitted to J. Climate). In future applications,
stepwise GEFA will be used to evaluate both oceanic
and terrestrial impacts on NTA climate in CMIP5
models compared to a GEFA-based observational
benchmark, and those models can accurately reproduce
both the observed oceanic and terrestrial drivers and
their impacts on NTA climate will be assigned greater
weights, leading to process-based weighting of climate
change projections for the region.
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