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ABSTRACT
Generalized equilibrium feedback assessment (GEFA) is a potentially valuable multivariate statistical tool
for extracting vegetation feedbacks to the atmosphere in either observations or coupled Earth system models.
The reliability of GEFA at capturing the terrestrial impacts on regional climate is demonstrated here using
the National Center for Atmospheric Research Community Earth System Model (CESM), with focus on
North Africa. The feedback is assessed statistically by applying GEFA to output from a fully coupled control
run. To reduce the sampling error caused by short data records, the traditional or full GEFA is refined through
stepwise GEFA by dropping unimportant forcings. Two ensembles of dynamical experiments are developed
for the Sahel or West African monsoon region against which GEFA-based vegetation feedbacks are evaluated. In these dynamical experiments, regional leaf area index (LAI) is modified either alone or in conjunction with soil moisture, with the latter runs motivated by strong regional soil moisture–LAI coupling.
Stepwise GEFA boasts higher consistency between statistically and dynamically assessed atmospheric responses to land surface anomalies than full GEFA, especially with short data records. GEFA-based atmospheric responses are more consistent with the coupled soil moisture–LAI experiments, indicating that GEFA
is assessing the combined impacts of coupled vegetation and soil moisture. Both the statistical and dynamical
assessments reveal a negative vegetation–rainfall feedback in the Sahel associated with an atmospheric stability mechanism in CESM versus a weaker positive feedback in the West African monsoon region associated
with a moisture recycling mechanism in CESM.

1. Introduction
Vegetation affects the climate directly through biophysical feedbacks, consisting of moisture, energy, and
momentum exchanges with the atmosphere, and indirectly through biogeochemical processes that alter
atmospheric CO2 levels (Pielke et al. 1998; Bonan 2002).
Supplemental information related to this paper is available at
the Journals Online website: https://doi.org/10.1175/JCLI-D-170220.s1.
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Through the moisture feedback, an increase in evapotranspiration, regulated by the plant stomatal openings,
potentially leads to greater atmospheric precipitable
water and precipitation, further enhancing plant growth
(Shukla and Mintz 1982; Jones 1983; Henderson-Sellers
et al. 1995; Pollard and Thompson 1995; Bonan 2002).
Through the albedo feedback, variations in vegetation
growth alter the surface albedo and radiative fluxes,
leading to changes in local temperature, atmospheric
stability, and precipitation, and eventually a vegetation
response (Charney 1975). This albedo (energy) feedback is pronounced especially in the occurrence of
forest–snow or grass–desert transition (Robinson and
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Kukla 1985; Bonan et al. 1992; Betts and Ball 1997;
Bonan 2002). According to the momentum feedback,
variations in surface roughness associated with vegetation growth cause changes in wind speed, moisture convergence, atmospheric stability, and precipitation, which
then affect vegetation growth (Sud and Smith 1985; Sud
et al. 1988; Buermann 2002). The dynamic coupling
between vegetation and the atmosphere has clear implications for climate variability (Findell et al. 2011;
Santanello et al. 2011) and predictability (Koster et al.
2006, 2010, 2011; Guo et al. 2012; Dirmeyer et al. 2013).
The current understanding of biophysical vegetation
feedbacks has largely come from running and analyzing
coupled vegetation–climate model simulations that have
several key limitations. Simulated feedbacks are model
dependent, given that climate models largely differ in
terms of their numerical schemes, parameterizations,
spatial resolution, and simulation lengths. For example,
using the fully coupled National Center for Atmospheric
Research (NCAR) Community Climate System Model,
version 3.5 (CCSM3.5), with dynamic vegetation, Notaro
et al. (2011) concluded that reduced vegetation cover
leads to an earlier subtropical Chinese monsoon and a
delayed, weaker tropical Australian monsoon. In contrast,
in the Regional Climate Model, version 4 (RegCM4),
reduced LAI leads to diminished rainfall during Australia’s premidmonsoon season but not for China (Notaro
et al. 2017). The inconsistent findings regarding China’s
monsoonal response were attributed to CCSM’s excessive forest cover and LAI, exaggerated roughness mechanism, and deficient evapotranspiration (ET) response
(Notaro et al. 2017). In addition to the model biases,
nearly all modeling studies have applied extreme sensitivity experiments, such as a complete replacement of a
specific vegetation type with bare ground or another
vegetation type, either locally or globally. Such extreme
experiments are unrealistic, since vegetation changes are
typically heterogeneous and occur over time. Furthermore, the vast majority of modeling studies have focused
on the long-term equilibrium response of climate to an
imposed vegetation change, rather than the climatic response to intraseasonal–interannual variations in vegetation abundance, despite its importance to short-term
climate prediction (Wang et al. 2014). Owing to these
limitations in modeling studies, observational studies
of land surface feedbacks are critically needed for confirming the model-based findings (O’Brien 1996), which
requires the development and validation of a powerful
statistical tool for extracting the observed vegetation
feedbacks.
Such a statistical tool is also useful for developing
metrics to evaluate coupled Earth system models against
an observational benchmark and formulate appropriate
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performance-based model weighting, which will lead to
more accurate future projections of regional climate.
Climate models vary dramatically in terms of simulated
land–atmosphere interactions (Koster et al. 2006, 2010;
Liu et al. 2006; Notaro et al. 2011, 2017), and few studies
have attempted to validate simulated vegetation feedbacks against observations to give credibility to their
findings (Notaro and Liu 2008; Wang et al. 2013, 2014).
Indeed, land–atmosphere interactions remain a key
source of uncertainty in climate modeling and climate
change projections (Flato et al. 2013). Given the substantial uncertainties in the sign and magnitude of projected changes in Sahel rainfall among models from
phase 5 of the Coupled Model Intercomparison Project (CMIP5) (Giannini et al. 2008; Roehrig et al. 2013),
with most models containing interactive vegetation
phenology and some models also containing dynamic
vegetation cover, it is necessary to first evaluate the
representation of vegetation–climate interactions by
these coupled Earth system models against an observational benchmark. Assigning greater weight to models
with higher accuracy in terms of their simulated oceanic
and terrestrial controls of regional climate is an effective process-based approach to reduce uncertainties in
multimodel climate projections, rather than simply
weighting models based on their representation of the
mean regional climatology.
The statistical tool for extracting the influence of vegetation fluctuations on atmospheric conditions will need to
address several key challenges. First, the atmospheric
forcing on vegetation is stronger than vegetation’s feedback to the atmosphere, making it challenging to isolate
the impact of vegetation variability in the presence of large
atmospheric internal noise (Kaufmann et al. 2003; Notaro
et al. 2006; Liu et al. 2006; Sun and Wang 2012). Second,
the statistical method should have an effective way to deal
with sampling errors, given that both the observations and
coupled model simulations have limited length, especially a
concern for short observational and remote sensing products. Third, given that regional climate is affected by variability in both the ocean and land, the covariability
between the ocean and land makes it difficult to clearly
separate their individual impacts on the atmosphere.
To address the aforementioned challenges in statistically extracting the impact of intra-annual–interannual
variability in oceanic or terrestrial forcings on the atmosphere, the generalized equilibrium feedback assessment
(GEFA) was developed (Liu et al. 2008; Wen et al. 2010).
GEFA is a multivariate statistical method, based on
the stochastic climate theory of Hasselmann (1976) and
Frankignoul and Hasselmann (1977). The GEFA methodology addresses the local and nonlocal feedbacks simultaneously, which is critical given that vegetation and SST
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anomalies can remotely affect atmospheric conditions
(Chen et al. 2012; Wen et al. 2013; Wang et al. 2013,
2014), and demonstrates the capability of separating
the individual impacts of different ocean basins and
vegetated regions on climate in select regions. Within the
fully coupled CCSM3.5, Wang et al. (2014) performed
dynamical ensemble experiments, with imposed anomalies of regional LAI across North America, and compared the atmospheric response to that predicted by the
statistical GEFA approach. Consistent feedback estimates between the independent statistical and dynamical
approaches, in the same climate model, demonstrated
GEFA’s ability to isolate the impacts of land surface
forcings from oceanic forcings. After validating GEFA
in the model, the method was applied to observational
and remote sensing data to assess controls on North
America’s observed climate and develop an observational vegetation feedback benchmark against which
climate models may be assessed (Wang et al. 2014).
GEFA is characterized by several key strengths (Wang
et al. 2013, 2014) but needs further exploration in terms of
its applicability and potential improvement. First, it can
estimate the impact of individual forcings within a unified
framework, particularly suitable for separating oceanic
and terrestrial impacts on the regional climate. Second, the
method is easily applied to model output or observations,
without need for computationally expensive simulations.
However, although GEFA’s capability at isolating the
contribution of terrestrial forcings from oceanic forcings
on North America’s climate has been successfully validated (Wang et al. 2014), GEFA’s applicability to other
ecoregions (e.g., semiarid regions and tropical and subtropical regions) has never been demonstrated by previous
studies. In addition, semiarid regions, like the Sahel, exhibit strong vegetation–soil moisture–atmosphere coupling (Koster et al. 2004; Green et al. 2017). GEFA is likely
to capture the combined impact of coupled fluctuations in
vegetation and soil moisture in those regions (Notaro et al.
2008), which needs to be demonstrated with dynamical
experiments. Furthermore, the sampling error grows
quickly with increasing number of forcings to be assessed
by the traditional GEFA method, thereby requiring relatively long data records to achieve reliable feedback estimates (Wang et al. 2014). For example, with only roughly
30 years of remotely sensed vegetation indices, the traditional GEFA exhibits limited credibility in assessing the
observed vegetation feedbacks (Wang et al. 2014). The
potential for improving the GEFA method, especially reducing the required data length, needs to be explored if
observed land–atmosphere interactions are to be assessed.
The current GEFA validation study focuses on vegetation feedbacks across North Africa, over which the
vegetation feedbacks have been intensely studied both

1567

for the modern climate and paleoclimate using models.
North Africa is characterized by pronounced ecological
and moisture gradients. The land surface varies remarkably from the tropical Congo rain forest, to steppe
vegetation across the Horn of Africa, to savanna and
croplands in the Sahel, to the Sahara Desert. The
semiarid North African ecoregions (e.g., the Sahel and
Horn of Africa) represent global hot spots of land–
atmosphere coupling (Koster et al. 2004; Notaro and
Liu 2008; Green et al. 2017). Charney (1975) introduced
the concept of a positive vegetation feedback on rainfall regarding North African desertification, suggesting
that a reduction in vegetation cover produces an increase in surface albedo, leading to low-level cooling,
increased atmospheric stability, sinking motion, and drying. From a paleoclimate perspective, numerous modeling
studies have suggested that positive vegetation–rainfall
feedbacks amplify the response of the intensified and
extended West African monsoon (WAM) to the orbital
forcing changes during in the mid-Holocene (Kutzbach
et al. 1996; Doherty et al. 2000; Foley et al. 2003). However, the sign and intensity of land surface feedbacks
across North Africa appear to vary with ongoing changes
in climate and terrestrial ecosystems (Liu et al. 2007;
Notaro and Liu 2008). In the modern climate, by increasing the surface albedo and decreasing evapotranspiration, a reduction in vegetation cover may have amplified
and extended the duration of Sahel drought during the
1960s–1980s (Charney 1975; Charney et al. 1977; Zeng
et al. 1999; Wang et al. 2004). For example, Wang et al.
(2004) simulated an enhanced severity and persistence
of ocean-induced Sahel droughts as a result of vegetation
dynamics in a coupled climate model. More specifically,
land surface anomalies in soil moisture and vegetation
cover across the Sahel and WAM region may significantly
impact the convective activity and regional circulation,
including the African easterly jet (AEJ), by changing the
fluxes of heat and moisture, as indicated by prior modeling
studies (Klein et al. 2017). However, such model-based
interpretations of North African vegetation feedbacks
have never been convincingly verified using observational
data. Previous studies have investigated the vegetation–
rainfall feedbacks across the Sahel using a statistical
vegetation index simulation, in which the normalized difference vegetation index (NDVI) is expressed as a linear
function of lagged local precipitation and temperature
(Los et al. 2006), and Granger causality analysis, in which
NDVI and precipitation are expressed as a linear function
of each other at different time lags (Lee et al. 2015; He and
Lee 2016). However, both methods are based on multiple
regression, which is not able to deal with highly correlated
predictors and cannot isolate terrestrial impacts from
oceanic impacts, thereby biasing the assessed terrestrial
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FIG. 1. Schematic of the current work, including GEFA application to the CESM control
run and the dynamical experiments against which GEFA is evaluated. [Equations follow the
same notation as applied in Eqs. (1)–(4).]

impacts. Given traditional GEFA’s potential capability in
extracting vegetation feedbacks from oceanic influence on
regional climate, which is largely limited in observational
analysis by the short duration of vegetation observations,
improving GEFA’s reliability, when applied to short data
records, and validating its applicability in the North African ecoregions are particularly valuable.
The current study demonstrates the reliability of
GEFA at extracting the contribution of terrestrial
forcings from oceanic impacts on regional climate
through a comparison of statistically and dynamically
assessed atmospheric responses to land surface anomalies within the NCAR CESM, with a specific focus on
North African ecosystems (approach introduced in
section 2 and result presented in section 3). Two ensembles of dynamical experiments modifying regional
LAI and coupled soil moisture–LAI, respectively, are
developed against which GEFA is evaluated (section
2b). The traditional GEFA approach [section 2a(1)] is
refined through stepwise GEFA [section 2a(4)], in
which the size of the GEFA forcing matrix is reduced
by dropping unimportant drivers and the accuracy of
the feedback estimates is improved. We also briefly
compared the statistically versus dynamically assessed

vegetation–climate feedback mechanisms in CESM
across the Sahel and WAM region (section 3d) in order
to demonstrate GEFA’s capability to offer insight into
the physical mechanisms, whether in models or observations. In addition, the current study with CESM provides another example of model-dependent simulated
terrestrial feedbacks to motivate a study on observational terrestrial feedbacks against which models can be
evaluated. Note that the terrestrial feedbacks presented
in the current study are all based on CESM, with inherent model biases, rather than observations.

2. Method
In the current study, the capability of GEFA and its
refinement, stepwise GEFA, in capturing the terrestrial
impacts on North Africa’s regional climate is evaluated
against two ensembles of dynamical experiments within
CESM (Fig. 1). First, GEFA and stepwise GEFA are
applied to a 300-yr fully coupled control run (CTRL),
yielding statistically assessed atmospheric responses to
LAI anomalies in the Sahel and WAM region. Second,
two ensembles of dynamical experiments are developed
in the Sahel and WAM region, in which either regional
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LAI or coupled soil moisture–LAI is modified, and the
dynamically assessed atmospheric responses are treated
as the ‘‘truth’’ for evaluating the statistical GEFA
method. Assuming the land surface feedbacks vary by
month, both the statistical and dynamical assessments of
the terrestrial feedbacks are conducted for each calendar month separately, resulting in a seasonal cycle of the
assessed land surface feedbacks. By comparing the statistically and dynamically assessed atmospheric responses to LAI anomalies, GEFA’s applicability in
assessing terrestrial feedbacks across North Africa is
evaluated and expected improvements of stepwise
GEFA over traditional GEFA are quantified.

a. Traditional and stepwise GEFA
1) TRADITIONAL GEFA
The statistical GEFA approach [traditional GEFA or full
GEFA (FGEFA)] extracts the forcing of a slowly evolving
environmental variable, such as SST or LAI, on the rapidly
evolving atmosphere, in either climate model output or
observational data. GEFA was developed to assess both
local and nonlocal climate feedbacks. More details on the
GEFA methodology are provided by Liu et al. (2008).
At time scales longer than the atmospheric memory
(about one week), the atmospheric variable (e.g., precipitation) at time t A(t) as a response to an array of
slowly evolving variables O(t) (e.g., SST and LAI) can
be approximated as follows (Liu et al. 2008):
A(t) 5 BO(t) 1 N(t) ,

(1)

where B is the feedback vector, and N(t) is the atmospheric internal noise. Multiplying OT(t 2 t), which is
the transpose of O(t 2 t), on both sides of Eq. (1) and
applying the covariance yields
CAO (t) 5 BCOO (t) 1 CNO (t) ,

(2)

where t is the time scale, exceeding the atmospheric
adjustment time, and C is a covariance matrix. Given the
time series’ length L of the atmospheric and oceanic
variables, the lagged covariance matrices are estimated
as follows:
1
A(t)OT (t 2 t),
L
1
COO (t) 5 O(t)OT (t 2 t), and
L
1
CNO (t) 5 N(t)OT (t 2 t) .
L
CAO (t) 5

(3)

The superscript T indicates a transpose. Since oceanic
variability or land surface variability cannot be forced by

atmospheric internal variability at a later time and the
atmospheric internal noise is not driven by oceanic or
land surface forcings by definition in Eq. (1), CNO(t) 5 0.
As a result, the feedback vector can be estimated as
B 5 CAO (t)C21
OO (t) .

(4)

Before applying GEFA, the seasonal cycle and linear
trend are removed from all forcing and response fields.
The statistical significance of GEFA feedback matrices
is assessed using the Monte Carlo bootstrap method with
1000 random iterations in which the time series of the
response variable is scrambled, leading to a probability
distribution function of the random GEFA feedback
coefficients. If the magnitude of the feedback coefficient estimated from the original 300-yr CTRL exceeds
the 90th percentile from the 1000 random iterations, the
assessed GEFA feedback is regarded as statistically
significant (p , 0.1) (Wang et al. 2013, 2014).
The estimated feedback vector represents the instantaneous influence of slowly evolving variables (e.g.,
SST and LAI) on an atmospheric variable. Theoretically, B does not change with t, but because of the
sampling error (insufficient L) the magnitude of B and
the sampling error always increase with greater t. Here,
t is assigned to be 1 month. Indeed, larger t leads to
deteriorating estimates of the magnitude of terrestrial
feedbacks compared to the dynamical experiments, especially when considering short data records.

2) FULLY COUPLED CESM CTRL
The statistical assessment of land surface feedback is
performed by applying GEFA to the 300-yr fully coupled
CTRL generated with CESM, version 1.2 (Hurrell et al.
2013). The active components in CTRL include the
Community Atmosphere Model, version 5.3 (CAM5.3)
(Neale et al. 2010); Community Land Model, version 4,
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). The model resolution is 0.98 latitude 3
1.258 longitude. CESM successfully captures the mean
climatology and interannual variability over the majority
of global regions (Hurrell et al. 2013). Potential model
biases are identified in the mean climatology and seasonality of LAI and climate variables (see Fig. 4), land-cover
type (see Fig. 2), and vegetation feedbacks (see Figs. 7 and
8), but do not affect the approach applied here for GEFA
evaluation, since both the statistical and dynamical assessments in the current work are conducted in the same
model; consistency between atmospheric response fields
from the two assessments, even in the presence of large
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model biases, is sufficient to demonstrate GEFA’s reliability. Therefore, the current study does not include a
rigorous evaluation of CESM’s simulated North African
climate and ecosystems against observations.
A 2050-yr offline CLM4-CNDV spinup simulation is
first generated to allow terrestrial carbon and nitrogen
pools to reach equilibrium, and then the fully coupled
control simulation was spun up for another 100 years. At
the end of the 2150-yr spinup, the absolute value of globally
averaged monthly mean net ecosystem exchange oscillates
around 60.05 PgC yr21, which is regarded as a sign for
equilibrium (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 was extended for another 300 years to serve
as the control simulation for GEFA evaluation.

3) COMPOSITION OF GEFA FORCING MATRIX
In the current application of the statistical GEFA
method, both the forcing matrix, comprising SST and
LAI fields [O in Eq. (1)], and the atmospheric response
variables [A in Eq. (1)] are obtained from the 300-yr
CTRL output, leading to a statistical estimation of land
surface feedbacks in CESM [feedback coefficients in B
associated with LAI forcings in Eq. (4)] (Fig. 1). The
GEFA forcing matrix comprises the leading SST empirical orthogonal function (EOF) modes from nonoverlapping ocean basins, area-averaged Mediterranean
SSTs, and time series of area-averaged LAI across the
Sahel, WAM region, Horn of Africa, and the Congo,
generally following the approach of past GEFA studies
on terrestrial feedbacks (Wang et al. 2014). The SST
EOF modes in each calendar month are extracted from
the SST anomalies in that month from the 300-yr CTRL.
The corresponding principal components are combined
into the forcing matrix [O(t) in Eqs. (1) and (3)]. The
SST forcings at an earlier time [O(t 2 t) in Eq. (3)] are
obtained by projecting the EOF modes to previous SST
anomalies (Wang et al. 2017). The main purpose of including oceanic forcings when assessing terrestrial impacts is to tease out any potential contaminations from
ocean–land covariability on the estimated terrestrial
feedbacks (Sun and Wang 2012). Past modeling studies
have suggested the potential impacts of SST variability
across the tropical Pacific (TP) (Folland et al. 1986),
North Pacific (NP) (Folland et al. 1986), tropical Atlantic (TA) (Giannini et al. 2003; Hoerling et al. 2006),
tropical Indian (Lu and Delworth 2005), North Atlantic
(Rodríguez-Fonseca et al. 2015), South Pacific (Folland
et al. 1986), south Indian (Folland et al. 1986), and South
Atlantic Oceans (Folland et al. 1986) and the Mediterranean Sea (Rowell 2003) on the North African climate.
For most oceanic basins, the leading two EOF modes
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have clear physical meanings, such as El Niño–Southern
Oscillation (ENSO), the Indian Ocean Basin mode, and
the Atlantic Niño mode, and thus are included in the
forcing matrix. In addition, higher-order (third–tenth order) SST EOFs that are correlated [i.e. with a temporal
correlation of monthly anomalies exceeding 0.2 (N 5
300)] with any of the four LAI time series in the CTRL are
also included in the GEFA forcing matrix. Although these
higher-order SST EOFs do not exert significant impacts
on the North African climate and are rarely selected by
stepwise GEFA (SGEFA), including them in the forcing
matrix guarantees that the assessed terrestrial feedbacks
are not biased by any potential land–ocean covariability.
Details on the oceanic forcings in the CESM CTRL and
oceanic impacts on the North African climate in CESM
are discussed by Wang et al. (2017), who also evaluate
GEFA’s reliability at capturing the key oceanic impacts
on North African climate. In terms of the terrestrial
forcings (Fig. 2), the four ecoregions represent different
North African landscapes in CESM, varying from mainly
forest in the Congo and WAM region to a combination of
forests, shrublands, and grasslands in the Sahel and Horn
of Africa. The geographic extent of the four ecoregions is
determined through rotated EOF (REOF) analysis of
monthly LAI anomalies in the CTRL (Fig. 2).

4) STEPWISE GEFA
To achieve reliable estimates of the feedbacks with
relatively short datasets, it is necessary to reduce the
list of forcings before estimating the feedback vector.
Here, negligible forcings are excluded using either backward elimination or forward selection stepwise methods
(Hocking 1976), which build a statistical prediction model
by selecting the most important forcings as predictors
of the atmospheric variable through an automated procedure. The stepwise selection has been widely applied to
predictor selection in developing linear models as prediction tools for the climate or ecosystems (Yin et al. 2014;
Segele et al. 2015; Yu et al. 2015). The Akaike information
criterion (AIC) (Akaike 1974), which measures the relative quality of a statistical model by estimating the goodness of fit and penalizing the complexity of the model
(number of predictors), is used here as the selection
criterion in the stepwise process:
^ ,
AIC 5 2Nf 2 2 ln(L)
)
(
L
L
2
^
^
L 5 2 ln å [A(t) 2A(t)] /L 1 C1,
2
t51
^ 5 BO(t) .
A(t)

(5)
and

(6)
(7)

In Eq. (5), Nf represents the number of forcings in
the forcing matrix, and L^ represents the maximized
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FIG. 2. Spatial pattern of the (a) first, (b) second, (c) third, and (d) fourth leading modes of
variability in standardized monthly LAI anomalies from the fully coupled CESM control run,
according to REOF analysis. REOF1–REOF4 mainly represent LAI variability across the
Congo (48S–48N, 108–338E), broader Horn of Africa (HOA; 28–88N, 208–508E), WAM region
(48–88N, 208W–208E), and the Sahel (88–158N, 158W–408E), respectively, and combined explain 22.8% of the total LAI variance. (e)–(h) The pie charts show the mean vegetation
distribution per region as a percent cover of tree, shrub, grass, and bare ground in CESM. The
REOF analysis helps define regions (red boxes) for area-averaged LAIs to be included in the
GEFA forcing matrix. Note that the geographic extent of the four regions in CESM does not
cleanly reflect their observed distribution. For example, the simulated Sahel region is about 58
farther south than observed.

likelihood function of the statistical model in Eq. (1),
which represents the likelihood of the statistical model
in Eq. (1) with parameters (B vector) estimated from
real data by Eq. (4). The L^ in Eq. (5) is calculated by
Eqs. (6) and (7), based on the linear theory (Wonnacott
and Wonnacott 1972). In Eq. (6), L stands for the length
of data, and C1 is a constant value independent of the
^ refers to the predata or B estimates. In Eq. (7), A(t)
dicted atmospheric state at time t, based on Eq. (1). In
the current study, both backward elimination and forward selection methods are examined for the stepwise

selection process to assess robustness in the selected
forcings and atmospheric responses. In the backward
elimination approach, if the AIC decreases after
removing a select forcing, then this forcing has no significant contribution to explaining the variability of the
atmospheric variable and can be eliminated from the
forcing matrix. The procedure of backward stepwise
selection continues until the AIC does not decrease after
removing any of the remaining forcings. Similarly, in the
forward stepwise selection, forcings are incrementally
added to the forcing matrix until the AIC does not
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decrease after adding any of the remaining forcings.
Although both forward and backward methods produce
largely the same selected forcings in the current study,
the application of both methods ensures the robustness
of the forcing matrix. After the stepwise selection, the
feedback vector is estimated by Eq. (4) using the reduced forcing matrix. In this way, the number of forcings
to be assessed by GEFA is reduced, thereby allowing
more reliable estimates of feedbacks from the remaining, significant forcings. For example, the original forcing matrix in FGEFA contains 29–41 forcings depending
on the analysis month, including two leading SST EOFs
from eight basins, Mediterranean SSTs, four areaaveraged LAIs, and third–tenth-order SST EOFs that
are significantly correlated with the four area-averaged
LAIs. Since the number of higher-order SST EOFs that
are correlated with the four North African LAIs differs
by month, the total number of forcings included in
FGEFA varies by month. When assessing the drivers
of Sahel rainfall in CESM, the total number of oceanic
and terrestrial forcings is reduced to 5–11 in SGEFA
with either backward elimination or forward selection
methods (Table S1 in the supplemental material).
Among the selected forcings for Sahel precipitation
in SGEFA with both selection methods, 30%–100%,
varying by month, exert statistically significant impacts
( p , 0.1) based on the Monte Carlo bootstrap significant
test, compared with 10%–17% among the full list of
forcings in FGEFA.
In SGEFA, there are several potential ways to
examine a forcing of interest that is not chosen by the
stepwise selection process. One approach is to require
the particular forcing to remain in the forcing matrix by
prespecifying it before the stepwise selection, similar to
what is usually done in stepwise regression (Hocking
1976). The current study uses this method, since the
main objective is to evaluate the statistically assessed
terrestrial feedbacks over two focal regions against dynamical experiments that always produce a feedback
estimate regardless of its significance. An alternative
approach is to treat the particular forcing the same as
any other forcing and allow stepwise selection to decide
if it is important or not. If the forcing that is of interest is
not selected by SGEFA, then the atmospheric response
is assigned as zero. The latter method is adopted in the
observational study of Sahel vegetation feedbacks, since
the decision of stepwise selection to not choose Sahel
vegetation as an important forcing of an atmospheric
variable suggests that local vegetation feedbacks are not
important for that variable (Yu et al. 2017). These two
methods yield consistent significance of the assessed
terrestrial feedbacks in both the Sahel and WAM region in the current study. For example, when assessing
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terrestrial feedbacks over the Sahel in CESM, if Sahel
LAI is not selected by SGEFA by the second method,
then it never achieves statistical significance according
to the first method.

b. Dynamical experiments
To evaluate GEFA’s performance in capturing terrestrial impacts on the atmosphere, two ensembles of
fully coupled CESM dynamical experiments are created
by modifying either LAI (EXPLAI) or coupled soil
moisture–LAI (EXPSOIL) across the Sahel or the WAM
region. The reasons for choosing both the Sahel and
WAM ecoregions are twofold. First, these two regions
represent different climate and vegetation types and
likely have unique land surface feedbacks (Liu et al.
2010; Notaro et al. 2011). The Sahel is a semiarid region covered by shrublands, forests, grasslands, and
bare ground, while the WAM region receives greater
annual rainfall and is mainly covered by forests in
CESM (Fig. 2). Second, these two ecoregions are geographically close to each other with highly correlated
area-averaged LAIs in most months. The correlation
of monthly area-averaged LAI anomalies in the Sahel
and WAM region in CTRL varies from 0.66 in March
to 0.28 in December and has an annual average of
0.52. Although Wang et al. (2013) has demonstrated
GEFA’s capability of separating significantly correlated
oceanic forcings (e.g., ENSO and Indian Ocean Basin
mode in winter–spring), GEFA’s reliability in separating individual impacts from geographically nearby and
statistically correlated vegetation fields has never been
evaluated before.

1) EXPLAI
An ensemble of 1-month fully coupled dynamical
experiments with modified regional LAI (EXPLAI) is
created for GEFA validation. In EXPLAI, in each
month, LAI at each grid cell within one of the focal
subregions is either increased and fixed to the long-term
monthly 95th percentile from CTRL in the positive
(LAIINC) experiments or decreased and fixed to the
long-term monthly 5th percentile from CTRL in the
negative (LAIDEC) experiments (Fig. 3). Ensembles
with 30 positive and 30 negative members are created
for the Sahel and the WAM region in EXPLAI in each
month. The ensemble-mean area-averaged LAI anomalies vary from 0.47 m2 m22 in August to 1.37 m2 m22 in
December across the Sahel and from 3.02 m2 m22 in
May to 4.07 m2 m22 in January across the WAM region
in LAIINC. The magnitudes of LAI anomalies in
LAIDEC are generally slightly smaller than in LAIINC
for both regions, since LAI values cannot be lower
than zero.
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FIG. 3. LAI anomalies (m2 m22) in the (a),(c) LAIINC and (b),(d) LAIDEC EXPLAI across the (a),(b) Sahel and
(c),(d) WAM with the (e),(f) seasonal cycle of area-averaged LAI anomalies. Green and brown lines in (e),
(f) represent area-averaged LAI anomalies averaged across LAIINC and LAIDEC members, respectively, and the
shading denotes the minimum and maximum anomalies among all ensemble members.

The response to the LAI anomalies across a given
subregion is represented by the regression coefficient
of atmospheric anomalies upon LAI anomalies across
the 60 ensemble members (30 LAIINC and 30 LAIDEC)
and later compared with the response statistically estimated by GEFA. The statistical significance of the
responses is evaluated by the Student’s t test. The 90%
confidence interval (5th–95th percentile) is determined through statistical bootstrapping, in which a
probability distribution function of the response
is generated by randomly sampling 60 out of the 60
ensemble members with replacement for 1000 times
(Efron 1982).

2) EXPSOIL
In the semiarid regions (e.g., the Sahel) where vegetation and soil moisture are tightly coupled, GEFA
feedback estimates will capture the combined impact of
coupled fluctuations in vegetation and soil moisture in
CTRL, while EXPLAI is expected to result in a weaker

feedback response than GEFA under the positive soil
moisture feedback assumption (Koster et al. 2004),
since the LAI increase (decrease) in EXPLAI is not
accompanied by an increase (decrease) in soil moisture
(Notaro and Liu 2008; Liu et al. 2010). To address the
apparent inconsistency between the GEFA-based and
EXPLAI-based feedback assessments, additional dynamic experiments, in which both vegetation amount
and soil moisture are modified together, are performed
in the current study.
Motivated by the strong soil moisture–LAI coupling
across North Africa in CESM during the winter–spring
dry season, another ensemble of dynamical experiments, in which the coupled soil moisture and LAI are
modified together (EXPSOIL), is developed for select
months for each focal region. In December, January,
March, and April for the Sahel and February and March
for the WAM region, the temporal correlation in the
CTRL between simulated LAI and antecedent soil
moisture within the top 1 m largely exceeds 0.7 (Fig. 4).
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FIG. 4. LAI–soil moisture coupling in CESM. Simulated climatology of area-averaged LAI (m2 m22; red), nearsurface soil moisture within top 1 m (mm3 mm23; blue) weighted by layer depth, and precipitation (mm day21;
black), with their interannual plus or minus one standard deviation (shading) across the (a) Sahel and (b) WAM.
Temporal correlation between area-averaged LAI and previous month’s soil moisture by depth across the (c) Sahel
and (d) WAM. EXPSOIL is conducted for January, March, April, and December across the Sahel and February and
March across WAM, when the correlation between LAI and antecedent soil moisture within the top 1 m exceeds
0.7. In (c),(d), only significant correlations are shown based on the Student’s t test ( p , 0.1).

During the dry season, water supply is likely the main
factor that limits vegetation growth across the study
regions, thereby leading to a strong control of the antecedent soil moisture anomalies on the LAI anomalies.
In other months, there is no clear relationship between
LAI and either the antecedent or current soil moisture across the focal regions. In EXPSOIL, the initial
soil moisture in the focal region is modified, thereby
allowing the soil moisture and LAI anomalies to naturally evolve together in 2-month fully coupled runs.
In contrast to EXPLAI in which the LAI anomalies
are fixed during the entire month of simulation, in
EXPSOIL the initial soil moisture is modified and the
anomalies in soil moisture and LAI naturally evolve,
which takes some time to reach equilibrium. Therefore,
1-month simulations are performed in EXPLAI, but
2-month simulations are performed in EXPSOIL. Since
the coupled system is unlikely to reach equilibrium in
only one to two months, the analyzed responses are not

affected by the different long-term equilibrium states in
EXPSOIL and EXPLAI.
On the first day of each 2-month run and at each grid
cell, soil moisture within the top 1 m that contains over
70% of the total root mass in both the Sahel and WAM
region is either increased to the long-term 95th percentile from CTRL for the SOILINC experiments or
decreased to the long-term 5th percentile from CTRL
for the SOILDEC experiments. The anomalously wet
(dry) soil initially enhances (inhibits) vegetation growth
(Figs. 5a,d), which in turn depletes (augments) the soil
moisture within the rooting depth and causes a drying
(wetting) trend in the later days (Figs. 5b,e). In the
second month of the simulation, the initial soil moisture
anomalies are notably reduced compared to the control
run, but still significantly more pronounced than in
EXPLAI (i.e., wetter in SOILINC than in LAIINC and
drier in SOILDEC than in LAIDEC) (Figs. 5c,f).
Therefore, EXPSOIL successfully represents the effects
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FIG. 5. Evolution of anomalies [(SOILINC 2 SOILDEC)/2] in (a),(d) LAI (m2 m22), (b),(e) soil moisture (mm3 mm23) across the (a),
(b) Sahel since 1 November and (c),(d) WAM since 1 February in EXPSOIL. Evolution of soil moisture responses (mm3 mm23 LAI21) in
the top 1 m between soil experiments and LAI experiments [(SOILINC 2 SOILDEC)/2 2 (LAIINC 2 LAIDEC)/2] across the (c) Sahel
since 1 December and (f) WAM since 1 March. The lines in (a),(b) represent ensemble average, and shading represents the minimum and
maximum LAI anomalies among all ensemble members. In (b),(c),(e),(f) only significant differences are shown in color based on the
Student’s t test (p , 0.1). Although soil moisture anomalies in soil experiments are not sustained into the second month in WAM, the
SOILINC (SOILDEC) experiments produce significantly wetter (drier) soil than the LAIINC (LAIDEC) experiments, which reflects
the strong positive coupling between soil moisture and LAI.

of coupled soil moisture–LAI anomalies on the atmosphere by allowing vegetation anomalies to naturally
evolve. Atmospheric responses to the coupled soil
moisture–LAI anomalies are analyzed in the second
month of the experiment, when the soil moisture and
LAI anomalies reach equilibrium and LAI anomalies
are maximized (Figs. 5a,d).
To directly compare with the statistically assessed
feedbacks, the responses in the EXPSOIL are represented by the regression coefficient of atmospheric
anomalies upon LAI anomalies across the 60 ensemble members (30 SOILINC and 30 SOILDEC). The

statistical significance and 90% confidence interval (5th–
95th percentile) are obtained similarly as in EXPLAI.

3. Results
a. Local versus nonlocal terrestrial impacts
Unlike oceanic forcing, which usually exerts significant remote impacts on the atmosphere through teleconnections (Wang et al. 2017), the impacts of terrestrial
forcings are mostly local in CESM. For example, in the
dynamical experiments with modified Sahel LAI, an
annual average of 97% of significant responses in ET
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TABLE 1. List of key statistics for GEFA evaluation. SGEFA and FGEFA are compared in terms of their consistency with EXPLAI and
EXPSOIL in the seasonal cycle (12 values for 12 calendar months) of the assessed local atmospheric responses (within the same geographic
box as the LAI anomalies) to LAI anomalies in the Sahel or WAM region. For each focal region, in the months when EXPSOIL is
conducted the dynamical responses are extracted from EXPSOIL, or otherwise from EXPLAI.
Temporal correlation

Correlation between the seasonal cycle of local area-averaged responses to Sahel or WAM LAI
anomalies in the dynamical experiments and GEFA (N 5 12 months), reflecting the
general consistency between GEFA and dynamical experiments.

Signal-to-noise ratio
(SNR)

Ratio between the dynamically assessed mean absolute response and the root-mean-square-difference
between responses from GEFA and the dynamical experiments, reflecting the magnitude consistency.

Sign consistency

Percentage of 12 calendar months in which the signs of estimated responses by GEFA and dynamical
experiments are the same (both significantly positive, significantly negative, or insignificant),
reflecting sign consistency.

over land, 89% in latent heat flux over land and ocean,
88% in sensible heat flux, 91% in surface air temperature, and 81% in precipitation occur within the Sahel
box (hereafter referred to as ‘‘local responses’’). For
FGEFA (SGEFA), these numbers are 81% (89%), 79%
(92%), 74% (90%), 72% (87%), and 69% (84%), respectively. Since most of the response to LAI anomalies
occurs locally, the evaluation of statistical GEFA mainly
focuses on the local atmospheric responses to LAI
anomalies across the Sahel or WAM region.

b. Capability of SGEFA versus FGEFA in capturing
the seasonal cycle of local responses to LAI
anomalies
In this section, the GEFA evaluation and comparison
between SGEFA and FGEFA involves three metrics:
temporal correlation, signal-to-noise ratio, and sign
consistency (introduced in Table 1).
SGEFA generally performs better than FGEFA in
capturing the sign and magnitude of local atmospheric
responses to LAI anomalies across the Sahel and WAM
region (Fig. 6 and Fig. S1 in the supplemental material).
SGEFA yields higher temporal correlations, signal-tonoise ratios (SNRs), and sign consistency than FGEFA,
in terms of estimating the seasonal cycle of all variables
in response to Sahel LAI anomalies, when compared
with the dynamical experiments. The performance of
SGEFA is seemingly independent of the choice in
stepwise selection method, as both forward and backward selection methods produce nearly identical temporal correlations, SNRs, and sign consistency because
of largely identical forcings selected by both methods.
Hereafter, all statistics for SGEFA are provided based
on backward selection, with minimal relative differences
in these evaluation statistics between backward and
forward selection approaches [(forward minus backward) divided by forward multiplied by 100%] that are
always less than 5%. With 300 years of data, the seasonal
cycle of the local response estimated by SGEFA is

moderately to highly correlated (N 5 12 months) with
that from the dynamical experiments, with a temporal
correlation of 0.90 for ET, 0.81 for 2-m air temperature,
0.89 for planetary boundary layer height (PBLH), 0.68
for 2-m specific humidity, 0.74 for 10-m wind, and 0.53
for precipitation, compared with weaker correlations of
0.62, 0.71, 20.10, 0.03, 0.12, and 0.48, respectively, from
FGEFA. SGEFA apparently causes more substantial
improvement over FGEFA in variables that are less
directly affected by land surface conditions, such as
PBLH, 2-m specific humidity, and 10-m wind, likely due
to limited capability of FGEFA in separating terrestrial
impacts from oceanic impacts when terrestrial impacts
are less direct. In terms of the SNR, the benefits of
SGEFA over FGEFA are even more pronounced. With
300 years of data, the SNRs with dynamical experiments
in the estimated seasonal cycle of local responses over
the Sahel according to SGEFA are 3.3, 2.7, 3.0, 1.4, 2.0,
and 1.4 for ET, 2-m air temperature, PBLH, 2-m specific
humidity, 10-m wind, and precipitation, respectively,
compared with only 2.0, 2.4, 0.5, 0.1, 0.7, and 0.4, respectively, according to FGEFA. SGEFA also boasts a
higher sign consistency than FGEFA with the dynamical
experiments, although the benefit is not as pronounced
as with the signal-to-noise ratio. With 100 years of data,
the relative difference between SGEFA and FGEFA
[(SGEFA 2 FGEFA)/FGEFA 3 100%] in SNR varies
substantially from 105% to 611% for different atmospheric variables in Fig. 6, but only 13%–50% in terms of
sign consistency. This indicates that SGEFA offers a
greater advantage in estimating the magnitude of responses over FGEFA than in estimating the sign of the
responses. In estimating responses to LAI anomalies in
the WAM region, SGEFA generally outperforms
FGEFA as well, but the advantage is less pronounced
than with the Sahel, especially in terms of the sign
consistency, probably because the atmospheric responses to the WAM LAI anomalies are largely insignificant and small in magnitude (see Fig. 8). Among
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FIG. 6. Consistency between statistical GEFA [FGEFA (blue), SGEFA with backward selection (SGEFA-backward; red), and SGEFA
with forward selection (SGEFA-forward; dashed orange)] and dynamical experiments (January, March, April, and December from
EXPSOIL; other months from EXPLAI) in the seasonal cycle (N 5 12 months) of local area-averaged responses to LAI anomalies across
the Sahel, in terms of (a)–(f) temporal correlation, (g)–(l) ratio between signal (mean absolute response in dynamical experiment) and
noise (root-mean-square difference between GEFA and dynamical experiments), and (m)–(r) sign consistency, as a function of length of
record (No. of years) on the x axis. Comparisons are shown for variables with significant responses to Sahel LAI in the dynamical
experiment for 101 months, including ET, 2-m air temperature (2-m T ), PBLH, 2-m specific humidity (2-m Q), 10-m wind speed (10-m
wind), and precipitation (PREC), in the order of relative consistency between GEFA and dynamical experiments. Lines (shading)
represent the median (minimum and maximum) across different periods over which GEFA is applied. The shading for SGEFA-forward is
not included because it is nearly identical to the shading for SGEFA-backward.

the different response variables considered here, both
FGEFA and SGEFA obtain the highest accuracy in estimating the response in ET, which is directly affected by LAI
and soil moisture. Precipitation responses are one of the
most challenging variables to be estimated by GEFA, especially in terms of the response magnitude, likely because
precipitation is indirectly affected by vegetation and soil
moisture anomalies through multiple mechanisms, some of
which are competing against each other (see Fig. 7, discussed later). Partly as a result of the competing vegetation–
rainfall feedback mechanisms, the precipitation responses
are generally small in magnitude according to both GEFA
and dynamical experiments, compared with ET, thereby
leading to low SNRs and temporal correlations.
Both SGEFA and FGEFA are sensitive to record
length, although with significantly shorter data records
needed for SGEFA to obtain reliable feedback estimates. For the responses to Sahel LAI anomalies in
most variables, when the length of data records is short
(,100 yr, which is the typical length of observations),
FGEFA struggles to capture terrestrial impacts, while

SGEFA achieves reasonable sign consistency (.70%)
and temporal correlation (typically 0.6–0.8; N 5
12 months) for most response variables with the dynamical assessment. To obtain a reliable estimate of the
seasonal cycle of local responses with a temporal correlation of 0.7 with the dynamical experiments for Sahel,
SGEFA requires approximately 50, 70, 90, 140, 280,
and .300 yr of data for ET, 2-m air temperature, PBLH,
2-m specific humidity, 10-m wind, and precipitation,
respectively, compared with at least 290 yr for all variables with FGEFA. Again, precipitation needs relatively long data records to achieve an acceptable
temporal correlation between the statistical GEFA assessment and dynamical assessment, mainly because of
the small response magnitudes. Indeed, if the target is to
achieve a sign consistency of 90% between SGEFA and
dynamical experiments, only 50 yr of precipitation data
are needed, which is similar to that of ET. Given the
significant improvement of SGEFA compared with
FGEFA, the subsequent detailed evaluation against the
dynamical experiments focuses only on SGEFA.
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FIG. 7. Seasonal cycle of local area-averaged responses to LAI anomalies across the Sahel in select variables assessed from EXPLAI
(black circles), EXPSOIL (blue circles), and SGEFA [backward selection (red circles) and forward selection (orange squares)] in CESM. If
Sahel LAI is not selected by stepwise GEFA, the response is estimated by manually adding Sahel LAI into the forcing matrix. Filled circles
and squares indicate statistically significant (p , 0.1) responses, according to the Student’s t test for the dynamical experiments and Monte
Carlo bootstrap test for GEFA. The rectangles represent 90% confidence interval of the responses from EXPSOIL (blue) and EXPLAI (black).
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TABLE 2. Local responses in select variables to LAI anomalies across the Sahel and WAM region assessed by EXPLAI, EXPSOIL, and
SGEFA. The responses are averaged during the winter–spring dry season, namely, December, January, March, and April for the Sahel
and February and March for the WAM region, which exhibit strong coupling between soil moisture and LAI. Values in boldface indicate if
EXPLAI or EXPSOIL is more consistent with SGEFA.
Sahel
21

21

ET (mm day LAI )
Latent heat flux (W m22 LAI21)
Sensible heat flux (W m22 LAI21)
2-m air temperature (8C LAI21)
PBLH (m LAI21)
850-hPa vertical motion (Pa s21 LAI21)
OLR (W m22 LAI21)
10-m wind speed (m s21 LAI21)
2-m specific humidity (g kg21 LAI21)
Precipitation (mm day21 LAI21)

WAM

EXPLAI

EXPSOIL

SGEFA

EXPLAI

EXPSOIL

SGEFA

0.40
11.57
27.12
20.60
237.54
0.009
0.94
20.06
0.34
20.11

0.85
24.42
216.02
21.13
277.18
0.018
20.75
20.13
0.93
20.16

0.74
20.17
216.14
20.97
258.58
0.017
20.89
20.15
0.75
20.17

0.11
2.85
22.69
20.1
210.59
0.004
0.87
20.02
0.08
20.09

0.27
7.17
29.11
20.19
236.82
0.005
22.01
20.05
0.45
0.15

0.20
5.45
26.12
20.16
222.22
0.005
22.27
20.04
0.50
0.08

c. Consistency of GEFA-based assessment with
EXPSOIL versus EXPLAI
GEFA-based atmospheric responses to LAI anomalies are generally consistent with both the EXPLAI and
EXPSOIL ensembles, with higher consistency in both sign
and magnitude with the EXPSOIL ensemble than the
EXPLAI ensemble during months with strong soil moisture–
LAI coupling. For example, in the Sahel, LAI anomalies
alone cause a response of 10.40 mm day21 LAI21 in local
ET during the dry season (averaged among December,
January, March, and April when EXPSOIL is created),
while the coupled soil moisture–LAI anomalies support
a greater response of 10.85 mm day21 LAI21 in local ET,
compared with 10.74 mm day21 LAI21 from SGEFA
(Fig. 7 and Table 2). In the WAM region, GEFA is more
consistent with EXPSOIL than EXPLAI in both the sign
and magnitude of the estimated responses (Fig. 8 and
Table 2). For example, a positive LAI anomaly alone in
EXPLAI causes a slight drying in March in the WAM
region, while synchronous positive anomalies in LAI and
soil moisture in EXPSOIL cause a weak increase in precipitation, which is successfully captured by SGEFA in
both sign and magnitude. The higher consistency between GEFA and EXPSOIL, in terms of the estimated
response in the majority of variables in both study regions, indicates that GEFA captures the combined impact of coupled LAI and soil moisture anomalies on
atmospheric conditions.

d. Terrestrial impacts over the Sahel and WAM
region in CESM
Negative vegetation–precipitation feedbacks across the
Sahel in spring–summer are revealed in CESM from both
the dynamical experiments (EXPLAI and EXPSOIL) and

statistical assessments (Fig. 7). Positive Sahel LAI anomalies cause enhanced ET, mainly because of increased
canopy transpiration, leading to increased latent heat flux
to the atmosphere and decreased Bowen ratio, which
causes surface and low-level cooling. The low-level cooling
and increased atmospheric stability, indicated by decreased PBLH and anomalous descending motion in the
low-to-middle troposphere, inhibit deep convection (as
indicated by an increase in outgoing longwave radiation),
which causes reduced rainfall, particularly in the pre- and
early-monsoon season. In addition to the increased atmospheric stability, the low-level cooling also causes a
decrease in land–ocean heat contrast, which leads to a
delayed and weakened monsoon that contributes to the
drying in response to positive LAI anomalies. Negative
soil moisture–rainfall feedbacks, associated with a change
in the circulation of the premonsoon–early monsoon, were
also identified in NCAR CCSM4 (Berg et al. 2017). There
is no evidence from either the dynamical experiments or
statistical GEFA for substantial moisture, momentum, or
albedo feedbacks triggered by vegetation anomalies, as
opposed to the conclusion about positive vegetation–
rainfall feedbacks in previous modeling studies (Charney
1975; Zeng et al. 1999; Wang et al. 2004). The two stepwise
selection methods yield nearly identical estimates of the
local terrestrial impacts on the atmosphere over the Sahel.
The relative difference in responses [(forward minus
backward) divided by forward multiplied by 100%] are
within 3% for all atmospheric variables under consideration, with no noticeable difference in statistical significance. The highly consistent responses according to both
stepwise selection methods are attributed to the nearly
identical choice of forcings by both approaches, indicating
that the dominant forcings for the Sahel largely overwhelm
the other forcings. In summary, enhanced atmospheric
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FIG. 8. As in Fig. 7, but for the WAM region.

stability associated with an increase in Sahel LAI and soil
moisture overcomes the moisture, momentum, and albedo
feedbacks, leading to a negative vegetation–precipitation
feedback across the Sahel in CESM, as revealed consistently by both SGEFA and the dynamical experiments.
In contrast to the Sahel, weak positive vegetation–
precipitation feedbacks are present across the WAM

region during the dry season in CESM, according to both
the dynamical experiments and statistical assessments
(Fig. 8). The positive vegetation–rainfall feedbacks in the
WAM region during the dry season are largely due to the
moisture recycling mechanism. Positive LAI anomalies
and associated wet soil favor enhanced ET, largely attributed to increased canopy transpiration, which leads
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FIG. 9. Dynamically and statistically assessed responses to LAI anomalies across the Sahel in December. Response fields include
(a)–(c) 850-hPa wind (m s21 LAI21; vector) and vertical motion (Pa s21 LAI21; shading), (d)–(f) outgoing longwave radiation (OLR)
(W m22 LAI21; shading), and (g)–(i) and PREC (mm day21 LAI21; shading). Climatology of December 850-hPa vertical motion (Pa s21),
OLR (Pa s21), and PREC (mm day21) in the fully coupled CESM control run are shown in (a)–(c), (d)–(f), and (g)–(i), respectively, with
green contours. Dynamical responses are assessed from the (a),(d),(g) EXPLAI and (b),(e),(h) EXPSOIL ensembles. Statistical responses
are assessed based on (c),(f),(i) SGEFA using backward selection. Forward selection yields almost identical plots as backward selection
shown here. Only statistically significant responses are shown based on the Student’s t test and Monte Carlo test (p , 0.1) for dynamical
and statistical assessments, respectively.

to greater atmospheric moisture, convective activity, and
precipitation. Indeed, the positive vegetation–rainfall
feedbacks are mostly attributed to the soil moisture
anomalies since EXPLAI, in contrast to EXPSOIL and
SGEFA, indicates a weak negative precipitation response to positive LAI anomalies in March. In other
seasons, the vegetation feedbacks in the WAM region
are trivial on most atmospheric variables. Again, the
feedbacks obtained through both stepwise selection
methods are largely identical.
Remote impacts of the Sahel vegetation on tropical
Atlantic rainfall are identified, but limited to December
and January in CESM (Fig. 9). In December, positive LAI
anomalies and associated wet soil in the Sahel cause local
low-level cooling and anomalous subsidence. The cooling
leads to an enhanced, and slightly southward-displaced,
intertropical convergence zone (ITCZ). In addition, the
response of subsidence across the Sahel initiates an
anomalous northerly outflow and enhances low-level
convergence over the tropical eastern Atlantic Ocean.
Again, GEFA captures the combined soil moisture–LAI
effects, as the GEFA-based response patterns and magnitudes agree better with those from EXPSOIL than EXPLAI.

4. Conclusions and discussion
The reliability of the multivariate statistical method,
GEFA, at extracting terrestrial forcings from oceanic

forcings on North African regional climate is demonstrated in the current study using CESM. The traditional
GEFA approach is refined through stepwise GEFA, in
which oceanic and terrestrial forcings that fail to significantly influence the regional climate of North Africa
are dropped from the forcing matrix through stepwise
selection, thereby reducing the size of the matrix and
increasing the accuracy of estimated response fields. By
incorporating stepwise selection, GEFA is now capable
of accurately capturing terrestrial feedbacks with relatively short datasets, facilitating, for the first time, a
convincing observational assessment of vegetation–
climate feedbacks across the Sahel (Yu et al. 2017),
which has remained an elusive challenge to researchers
since the 1970s.
Consistent atmospheric responses to North African
LAI anomalies between the statistical GEFA approach,
as applied to the CESM control run, and the dynamical
approach, based on CESM ensemble experiments,
demonstrate GEFA’s capacity to successfully extract
vegetation feedbacks within the complex Earth system.
Stepwise GEFA boasts higher spatial correlations,
signal-to-noise ratios, and sign consistency between
statistically and dynamically assessed atmospheric responses to land surface anomalies across North Africa
than those achieved through traditional GEFA, thereby
permitting the reliable estimation of atmospheric response fields through stepwise GEFA even with relatively
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short data records (e.g., as found with many observational products). To accurately capture the seasonal
cycle of area-averaged monthly responses on most atmospheric variables, stepwise GEFA needs at least 100
years of data, which is equivalent to about 30 years of
data for seasonal responses estimated by aggregating
data from the consecutive three months. Both forward
and backward SGEFA yield largely consistent results in
terms of the selected forcings, consistency with dynamical experiments, and the estimated local terrestrial
impacts on the atmosphere over the Sahel and WAM
region. GEFA-based atmospheric responses to LAI
anomalies are much more consistent in magnitude with
the EXPSOIL ensemble, in which the coupled soil
moisture–LAI in the focal region is modified, than with
the EXPLAI ensemble, in which only the regional LAI is
modified, during months with strong soil moisture–LAI
coupling. The higher consistency between the GEFAbased and EXPSOIL-based atmospheric responses indicates that GEFA captures the combined impact of
both LAI and soil moisture anomalies on atmospheric
conditions. Both GEFA and the dynamical experiments
reveal a negative feedback of vegetation on rainfall in
the Sahel (because of enhanced atmospheric stability in
response to positive LAI anomalies), which is mainly
covered by shrubs, trees, and grass, versus a weaker
positive feedback in the wetter WAM region (because
of intensified moisture recycling), which is primarily
covered by trees in CESM.
Although GEFA’s capability of successfully extracting terrestrial feedbacks on the atmospheric conditions
over both North Africa and North America (Wang et al.
2014) has been demonstrated, further applications of
the method should consider the following recommendations. To clearly separate the impacts from correlated
forcings, all of the related forcings need to be included
in the forcing matrix. For example, in the present study,
if WAM LAI, which is correlated with Sahel LAI in
most months (temporal correlation of monthly
anomalies $0.28; N 5 300), is not included in the
forcing matrix, then the responses in ET, air temperature, atmospheric moisture, and precipitation over the
WAM region to Sahel LAI anomalies will not be correctly captured by GEFA as compared with the dynamical experiments. For example, significant positive
ET responses to positive Sahel LAI anomalies incorrectly appear across the WAM region when WAM
LAI is absent from the forcing matrix, but these significant ET responses across the WAM region correctly
disappear if WAM LAI is included in the forcing matrix. Therefore, when applying GEFA to assess the
oceanic and terrestrial controls on regional climate, all
of the forcings that are of interest, as well as other
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forcings that are closely related to them, need to be
included in the forcing matrix. Similar to multiple linear
regression, successful application of GEFA should require existing knowledge of the potential forcings of the
focal regional climate. In assessing terrestrial impacts, it
is recommended to first identify regions that have
moderate-to-high correlations with the focal region in
monthly LAI anomalies before determining the GEFA
forcing matrix. This can be done by correlating the areaaveraged LAI anomalies across the focal region with
LAI anomalies at each grid cell across the globe. Beyond additional LAI forcings to be considered in the
forcing matrix, the potential impacts of other land surface forcings (e.g., snow and ice cover) on the assessed
vegetation feedbacks over the high-latitude regions
need to be explored in future GEFA validation and
application studies. In terms of the choice of the stepwise selection method, the application of both forward
and backward selection is recommended to ensure that
the selected forcings are truly important. Although
these two methods yield a largely identical set of key
forcings in the present CESM study, likely resulting
from the highly overwhelming oceanic and terrestrial
forcings for the two focal North African subregions, the
results could potentially differ between these two
methods when applied to another study region. In the
case of inconsistent forcings selected by these two
methods, both-way selection, which combines the forward and backward selection approaches, also provides
an independent check (Hocking 1976).
Although GEFA successfully predicts both the sign
and magnitude of the terrestrial feedbacks across North
Africa in the model, the statistical significance is usually
weaker in GEFA than in the dynamical experiments,
especially EXPLAI. The application of different significance tests, namely, the Monte Carlo bootstrap method
for GEFA versus the Student’s t test for the dynamical
experiments, is not a likely cause for this discrepancy,
since the alternative application of the Monte Carlo
bootstrap method to the dynamical experiments yields
nearly the same significance levels as indicated by the
Student’s t test. Likely reasons for the weaker significance in GEFA-based estimates include 1) larger
magnitudes of terrestrial forcings in the dynamical assessment than in the statistical assessment, given that
extreme anomalies (5th and 95th percentiles) are applied in the dynamical experiments for computational
efficiency while GEFA considers the full spectrum of
forcing magnitudes from the control run to estimate the
feedbacks, and 2) insufficient length of CTRL (300 yr)
for application to GEFA to obtain significant responses,
especially for those variables (e.g., sea level pressure)
that are less directly affected by terrestrial anomalies.
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The assessed terrestrial feedbacks in CESM across
North Africa appear to contradict with observations.
Across the Sahel, positive vegetation–rainfall feedbacks
resulting from the moisture recycling mechanism, particularly in the late-monsoon–postmonsoon season, are
revealed in observations by GEFA (Yu et al. 2017) in
contrast to the negative vegetation–rainfall feedbacks
resulting from the atmospheric stabilization mechanism
in CESM. This is not the first time that negative
vegetation–rainfall feedbacks across North Africa have
been identified in a modeling study. For example, Notaro
et al. (2011) simulated an increase in postmonsoon rainfall in response to negative LAI anomalies over the North
African monsoon region with CCSM3.5, a CESM predecessor. Negative vegetation–rainfall feedbacks were
also identified during the mid-Holocene in the Fast
Ocean Atmosphere Model–Lund Potsdam Jena dynamic
global vegetation model (FOAM-LPJ) (Notaro and Liu
2008). Potential reasons for the inconsistent land surface
feedbacks between models and observations include
slight differences in the specified boundaries of the focal
geographic region, differences in land-cover type between the simulation and observations (Fig. 2), unrealistic simulation of the annual cycle of LAI (Fig. 4),
and unrealistic simulation of the responses in surface albedo, turbulent fluxes, and roughness to land surface
anomalies. Indeed, such model deficiencies in the representation of terrestrial feedbacks, as indicated by the
application of CESM in the current study and CCSM3.5
in the previous study (Notaro et al. 2011), motivate the
evaluation of coupled Earth system models against the
observational benchmark established by Yu et al. (2017).
Since the current study focuses on GEFA methodology,
we leave investigations of the model biases that lead to
the inconsistent land surface feedbacks between CESM
and observations to an independent study.
By applying GEFA to both observational datasets and
coupled Earth system model output, the observed and
simulated sign and strength of vegetation–climate
feedbacks will be quantified. A comparison of the observed and simulated vegetation feedbacks on various
atmospheric variables will help elucidate potential
sources of model biases, thereby benefiting future model
development and improvement. In addition, the intercomparison of the accuracy of simulated vegetation–
atmosphere feedbacks (along with ocean–atmosphere
feedbacks) among the state-of-the-art Earth system
models will facilitate effective model weighting for more
reliable regional climate projections.
While the current study has demonstrated the reliability of GEFA at extracting the terrestrial drivers of
North African regional climate, two parallel studies by
Wang et al. (2017) and Yu et al. (2017) aim to illustrate

GEFA’s reliability in terms of isolating oceanic drivers
of North African climate and to apply GEFA to observational data to test the model-based hypothesis of
Charney (1975) regarding the traditional vegetation–
albedo feedback mechanism across the Sahel. The
observational GEFA analysis identifies a positive
vegetation–rainfall feedback during the late-monsoon
and postmonsoon periods in the Sahel associated with a
moisture recycling mechanism (Yu et al. 2017). The
amplified moisture recycling in response to positive
anomalies in observed vegetation greenness is apparently underestimated by CESM, according to both the
statistical and dynamical assessments in the current
study. Although both GEFA validation studies are
performed using CESM, the findings regarding statistical GEFA’s reliability and the benefits of SGEFA are
independent of the model.
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