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ABSTRACT
Climate warming has large implications for rainfall patterns, and identifying the most plausible pattern of
rainfall change over the next century among various model projections would be valuable for future planning.
The spatial pattern of projected sea surface temperature change has a key influence on rainfall changes in the
tropical Pacific Ocean. Here it is shown that simple indices of the size of the equatorial peak in the spatial
pattern of warming and to a lesser extent the hemispheric asymmetry in warming are useful for classifying the
surface temperature change in different models from phase 5 of the Coupled Model Intercomparison Project
(CMIP5). Models with a more pronounced equatorial warming show a fairly distinct rainfall response
compared to those with more uniform warming, including a greater ‘‘warmer-get-wetter’’ or dynamical response, whereby rainfall increases follow the surface warming anomaly. Models with a more uniform warming
pattern project a smaller rainfall increase at the equator and a rainfall increase in the southern tropical Pacific,
a pattern that is distinct from the multimodel mean of CMIP5. Thus, the magnitude of enhanced equatorial
warming and to some extent the hemispheric asymmetry in warming provides a useful framework for constraining rainfall projections. While there is not a simple emergent constraint for enhanced equatorial
warming in models in terms of past trends or bias in the current climate, further understanding of the various
feedbacks involved in these features could lead to a useful constraint of rainfall for the Pacific region.

1. Introduction
Changes to rainfall patterns in a warming climate have
major impacts on water security for many Pacific island
nations, with implications for many sectors including
agriculture, infrastructure, and human health. Reliable
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and island-specific rainfall projections would be very
useful for regional adaptation planning. Global climate
models (GCMs) are our primary tool for making climate
projections, with phase 5 of the Coupled Model Intercomparison Project (CMIP5) constituting the latest
coordinated set of GCM simulations of historical and
future climate (Moss et al. 2010; Taylor et al. 2012).
However, there is still large uncertainty in rainfall projections for the tropical Pacific Ocean, as reflected in the
large range of rainfall projections between different
CMIP5 models, including many regions where the sign
of change is uncertain (IPCC 2013). Any capacity to
constrain projections would therefore be useful.
Most CMIP5 models have systematic biases in the
western tropical Pacific (Li and Xie 2013; Grose et al.
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2014), and an evaluation of the biases in models could
potentially be used as a basis to weight models or reject
particularly poor models and thereby constrain projections. However, the spatial scale of evaluation is important and different frameworks to evaluate models
suggest different weightings (Masson and Knutti 2011).
For some purposes and regions, a metric of a single regional feature using a single variable may be suitable to
select the most appropriate models and reduce spread in
projections (Schaller et al. 2011). However, constraints
based on model skill are only possible where there is
a connection between the biases in the current climate
and future change (i.e., the models with lower biases
must have a reduced range compared to the entire ensemble). In many cases, the models with lower biases do
not show a reduced spread, and good performance in the
present does not guarantee skill in projecting the future
(Jun et al. 2008; Reifen and Toumi 2009; Schaller et al.
2011). Where there is an obvious physical relationship
between a property in the current climate and some
aspect of Earth system sensitivity across an ensemble of
models, this ‘‘emergent constraint’’ may be useful to
understand and possibly constrain projections (Whetton
et al. 2007; Flato et al. 2013). For example, within an
ensemble of models the strength of the snow–albedo
feedback in the seasonal cycle of the current climate is
strongly correlated with the feedback under future climate change (Hall and Qu 2006). Emergent constraints
are a growing area of research with several other encouraging examples; see Flato et al. (2013) for more
information. We use this concept to investigate potential
constraints on rainfall projections in the tropical Pacific.
We first examine the projected pattern of change of surface temperature over the tropical Pacific Ocean based
on some simple indices of key features, and then analyze
if this range of change may be related to a factor in the
current climate. We use surface warming patterns since
they play a key role in rainfall projections in the Pacific.
The thermodynamic influence of large-scale atmospheric warming on the hydrological cycle and circulation generally causes climatologically wet regions to
become wetter and already dry areas to become drier,
the so-called wet-get-wetter and dry-get-drier paradigm
(Held and Soden 2006). This effect is linked to increases
in atmospheric moisture and is associated with a slowdown of the overturning circulation and in particular the
Walker circulation in the tropical Pacific (Vecchi et al.
2006). In addition to the thermodynamic effects,
changes to surface temperature gradients and other
dynamic influences also contribute to precipitation
changes. In particular, changes in temperature gradients
are conducive to a ‘‘warmer-get-wetter’’ response whereby
tropical areas where surface temperature warms more

VOLUME 27

than the regional mean tend to get wetter (Chou et al.
2009; Johnson and Xie 2010; Sobel and Camargo 2011;
Xie et al. 2010; Widlansky et al. 2013). Since the upper
troposphere is projected to warm nearly uniformly due
to fast wave actions, regions of greater convective instability and therefore precipitation are largely determined by spatial variations in SST warming (ΔSST)
and related low-level moisture change (Johnson and Xie
2010; Chadwick et al. 2014).
Previous studies have shown the combined contributions from the thermodynamic and dynamic influences
in driving future rainfall change in the tropics, implying
that the projected spatial pattern of ΔSST is an important determinant of rainfall projections in the Pacific
over the century (Vecchi and Soden 2007; Seager et al.
2010; Xie et al. 2010; Brown et al. 2012; Chadwick et al.
2013; Ma and Xie 2013; Widlansky et al. 2013; Chadwick
et al. 2014). Indeed, the intermodel spread of ΔSST can
explain a large fraction of the intermodel spread in the
projected zonal mean tropical rainfall distribution in
phase 3 of the Coupled Model Intercomparison Project
(CMIP3) (Ma and Xie 2013). Change in tropical SST can
be broken down into two components: the spatially
uniform SST increase and the spatial deviation from
spatial uniform warming. Model experiments that impose a spatially uniform increase in SST produce
a largely wet-get-wetter precipitation response (Xie
et al. 2010; Ma and Xie 2013). The spatially varying
component of ΔSST produces changes in SST gradients,
and therefore warmer-get-wetter–type responses (Xie
et al. 2010; Ma and Xie 2013). Thus a wet-get-wetter
response implies a spatial correlation between the precipitation response and the precipitation climatology,
while a warmer-get-wetter response implies a spatial
correlation between the precipitation response and
ΔSST (Ma and Xie 2013).
In this study we are interested in regional climate
projections for nations in the tropical Pacific Ocean.
Three important spatial features of ΔSST in the tropical
Pacific have been previously identified that are common
to most model projections: 1) a ‘‘warming amplification’’
or enhanced equatorial response (EER) at the equator
of the Pacific; 2) a hemispheric asymmetry of warming;
and 3) a minimum in ΔSST in the southeast subtropics
(Xie et al. 2010; Ma and Xie 2013).
The EER is projected by almost all models under
a warming climate. Liu et al. (2005) found this enhanced
equatorial warming to be distinct in space and time from
the El Niño pattern and not related to a shift toward
a more El Niño–dominated climate (i.e., is not related to
increased frequency of amplitude of El Niño events).
Various mechanisms and feedbacks inﬂuence the degree
of enhanced warming at the equator. For example,
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temperature change is dependent on climatological
evaporation, and there is a meridional minimum in
evaporative damping on the equator (Liu et al. 2005; Xie
et al. 2010). Ocean dynamics also contribute to the EER
(DiNezio et al. 2009). The EER should be distinguished
from a different but related SST warming pattern; the
zonal gradient of equatorial Pacific warming. Processes
are thought to play a role in modifying the zonal gradient
of SST may also contribute to enhanced warming at the
equator. The projected slowing of the Walker circulation
leads to a reduction in wind speeds (Vecchi et al. 2006),
and this leads to an increase in the eastern Pacific
thermocline depth, creating a ‘‘thermocline feedback’’
(Vecchi and Soden 2007). Greater dynamical heating of
the western equatorial Pacific compared to the east due
to cloud cover feedbacks and evaporation balance is
thought to produce a zonal gradient, but may also drive
changes to currents and contribute to an EER (DiNezio
et al. 2009). The cooling effect of the ‘‘ocean thermostat’’
(Clement et al. 1996) and the counter upwelling damping
in the eastern Pacific (Liu 1998) contribute to a zonal
gradient and so affect the overall SST warming pattern.
There is a spread between models in the east–west gradient of SST change along the equator across CMIP3 (Liu
et al. 2005) and CMIP5 (Brown et al. 2014; Brown et al.
2014, manuscript submitted to Deep-Sea Res.), and this
affects the formation of an EER. Also, a study using
a single model found that the development of an EER may
be nonlinear in time, where warming at the equator results
from a switch from initial warming of extratropical waters
to then warming the tropics (Cai and Whetton 2000).
The EER is associated with a projected increase in
convective mass flux over the equator in CMIP3
(Liu et al. 2005) and in 12 CMIP5 models examined by
Chadwick et al. (2013), resulting in a warmer-getwetter–type precipitation response along the equator
(Chou et al. 2009; Xie et al. 2010). Enhanced equatorial
warming is central to a projected annual precipitation
increase ‘‘anchored’’ to the equator in a warmer-getwetter pattern but this pattern marches back and forth
across the equator with the seasons (Xie et al. 2010;
Huang et al. 2013).
This study is concerned with centennial-scale trends in
SST, as distinct from changes at shorter time scales. As
mentioned above, the EER is distinct from the response
at the equator during El Niño years. Also, there are
warmer SSTs at the equator during positive phases of the
interdecadal Paciﬁc oscillation (IPO) associated with the
enhanced global warming such as in the mid-1970s climate ‘‘shift,’’ whereas conversely equatorial cooling is
associated with a global warming ‘‘hiatus’’ decade such
as in 1998–2012 (Meehl and Teng 2012; Kosaka and Xie
2013; England et al. 2014). However, these patterns have
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a spatial and seasonal signature that is distinct from the
EER in the long-term trend.
Most models also project a hemispheric asymmetry in
surface warming, with weaker surface warming in the
Southern Hemisphere than the Northern Hemisphere
tropics. This warming asymmetry is possibly linked to
the difference in land–sea coverage in each hemisphere
(Liu et al. 2005), asymmetries in wind changes, or the
influence of the weak warming in the Southern Ocean on
the South Pacific (Xie et al. 2010). Liu et al. (2005) describes the spread in the magnitude of this asymmetry
across the CMIP3 models. An important component of
the hemispheric asymmetry is the ΔSST minimum in the
subtropical southeastern Pacific. This feature has been
linked to a projected intensification of the southeast
trade winds via a wind–evaporation–SST feedback
(Timmermann et al. 2010; Xie et al. 2010).
Ma and Xie (2013) find that model differences in
hemispheric asymmetry and EER in ΔSST explain 36%
of the intermodel variability in zonal-mean tropical
precipitation in CMIP3, with similar results found in
CMIP5. For any particular model, the pattern of projected ΔSST over the twenty-first century is determined
by the changes to the relevant processes and feedbacks.
However, the projection is also influenced by model
biases. For example, the formation of an EER is related
in part to zonal variations in mean state SST in the
current climate (Xie et al. 2010). The equatorial cold
tongue bias that exists in many GCMs means that there
are biases in SST gradients that are likely to affect the
pattern of SST change and development and strength of
an EER. The cold tongue bias is a problem in almost all
models and is related to errors in net surface heat flux,
ocean heat advection and subsurface temperature
structure, excessively zonal currents, and a weak
Bjerknes feedback (Zheng et al. 2012). As such, estimating a reliable climate change signal in ΔSST is
a challenge given the prevalence of model biases shared
by many models.
Previous studies of Pacific precipitation response have
been able to use single model experiments, coupled
model runs from the 23 CMIP3 GCMs, and subsets of
models from the emerging CMIP5 archive. The number
of CMIP5 models used in the studies so far does not
allow the examination of the intermodel range, relationships, and typologies over a large ensemble. For
example, only 12 models were available to examine
questions of convective mass flux and the presence of the
wet-get-wetter influence in Chadwick et al. (2013), and
18 models were available to look at the seasonal response in Huang et al. (2013). As more models are
added to CMIP5, the opportunity to examine intermodel differences increases, and this has the potential to

Unauthenticated | Downloaded 01/09/23 07:21 AM UTC

9126

JOURNAL OF CLIMATE

VOLUME 27

TABLE 1. CMIP5 models used in this study, their transient climate response (from Flato et al. 2013), RMSE of the zonal mean SST
compared to HadISST, and indices discussed in the paper over 1950–2005 and 2006–2100: the EER, HA, and SE indices.
EER index

HA index

SE index

Model

Transient climate
response (8C)

Zonal SST
RMSE

1950–2005

2006–2100

1950–2005

2006–2100

1950–2005

2006–2100

ACCESS1.0
ACCESS1.3
BCC_CSM1.1
BCC_CSM1.1(m)
BNU-ESM
CanESM2
CCSM4
CESM1-BGC
CESM1-CAM5
CMCC-CESM
CMCC-CM
CMCC-CMS
CNRM-CM5
CSIRO Mk3.6.0
EC-EARTH
FIO-ESM
GFDL CM3
GFDL-ESM2G
GFDL-ESM2M
GISS-E2-H
GISS-E2-H-CC
GISS-E2-R
GISS-E2-R-CC
HadGEM2-AO
HadGEM2-CC
HadGEM2-ES
INM-CM4.0
IPSL-CM5A-LR
IPSL-CM5A-MR
IPSL-CM5B-LR
MIROC-ESM
MIROC-ESM-CHEM
MIROC5
MPI-ESM-LR
MPI-ESM-MR
MRI-CGCM3
NorESM1-M
NorESM1-ME

2.00
1.70
1.70
2.10
2.60
2.40
1.80
1.70
2.30
—
—
—
2.10
1.80
—
—
2.00
1.10
1.30
1.70
—
1.50
—
—
—
2.50
1.30
2.00
2.00
1.50
2.20
—
1.50
2.00
2.00
1.60
1.40
1.60

1.33
0.95
0.45
0.80
1.08
0.73
0.75
0.72
1.50
0.59
0.55
0.42
1.38
2.14
3.04
0.89
1.80
2.03
1.58
0.64
0.64
0.57
0.58
1.27
1.81
1.64
1.92
2.17
1.55
1.50
2.49
2.57
1.31
1.57
1.34
1.24
1.75
1.93

0.65
20.73
0.11
0.01
0.59
0.32
20.36
0.62
20.57
20.45
0.12
0.19
0.07
0.42
0.51
0.18
20.24
20.09
0.61
20.21
20.24
20.37
20.47
0.10
21.64
0.31
0.10
0.97
0.04
0.39
0.37
0.34
20.27
0.10
0.61
0.02
20.25
0.01

0.42
0.43
0.25
0.29
0.17
0.29
0.17
0.19
0.36
0.77
0.29
0.32
0.12
0.58
0.05
0.16
0.38
0.26
0.29
0.36
0.32
0.29
0.29
0.24
0.16
0.24
20.09
0.25
0.17
0.30
0.32
0.30
0.30
0.21
0.26
0.60
0.28
0.31

20.15
20.06
0.13
0.29
0.18
0.82
20.23
0.57
20.06
0.73
20.12
0.28
0.36
20.14
0.08
0.01
0.04
0.19
0.37
0.10
0.31
0.53
0.29
0.46
0.66
20.20
20.02
0.69
0.46
0.03
20.16
0.04
0.07
0.09
0.44
0.43
0.29
0.83

0.50
0.55
0.22
0.27
0.31
0.33
0.17
0.07
0.19
0.16
0.29
0.29
0.09
0.49
0.17
0.09
0.34
0.47
0.47
0.27
0.12
0.07
0.15
0.50
0.48
0.63
0.07
0.19
0.03
20.02
0.47
0.41
0.48
0.22
0.15
0.27
0.43
0.50

0.07
0.89
1.04
1.32
0.85
0.90
1.28
0.80
1.10
0.86
0.45
0.92
0.84
0.05
0.64
1.15
0.67
1.62
0.49
0.73
1.27
0.83
1.26
0.94
1.08
0.65
0.91
0.57
1.09
0.64
0.39
0.71
0.16
1.36
0.93
0.35
0.84
0.16

0.65
0.74
0.84
0.63
0.75
0.87
0.80
0.82
0.78
0.76
0.72
0.74
0.91
0.68
0.88
0.91
0.73
0.72
0.57
0.88
0.90
0.90
0.82
0.78
0.72
0.66
0.96
0.87
0.97
1.00
0.85
0.88
0.70
0.80
0.82
0.65
0.61
0.62

provide insights that are not possible from single-model
studies or small ensembles.
Here we examine the intermodel spread in the projected surface warming pattern over the tropical Pacific
in 38 CMIP5 coupled models and produce indices of
surface warming features. We examine the relationships
of simple indices of these features to the rainfall projection and explore the possibility of constraining rainfall projections for Pacific island nations based on these
indices through emergent constraints.

2. Data and methods
We considered outputs from run 1 of 38 models from
the CMIP5 archive (Table 1; expansions of the model

names are in the appendix), utilizing the historical simulations and simulations under the representative concentration pathway 8.5 (RCP8.5) (Moss et al. 2010),
the highest emission scenario included in CMIP5 experiments. We examined surface temperature and precipitation over the tropical Pacific Ocean, 208S–208N
with the major land areas of Central America and
Australia excluded, an area encompassing the entire
western Pacific warm pool (Fig. 1).
Linear trends in temperature over the periods 1900–
2005, 1950–2005, and 2006–2100 were examined. We
examined change in near-surface air temperature (ΔSAT)
as a proxy for SST change, as we have access to more
models with SAT available. Over the predominantly
oceanic tropical Pacific region SAT and SST are very
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FIG. 1. HadISST mean SST climatology for 1950–99 (8C) showing the Pacific domain (solid line) and the box to quantify the southeast
minimum ΔSST (dashed line).

similar (the climatology of SST and SAT in models have
a correlation of R . 0.96, and the respective change
signals have a correlation of R . 0.91 over the domain).
The multimodel mean projection for the twenty-first
century shows a clear EER, hemispheric asymmetry,
and southeast minimum warming (Fig. 2a). There is
a large range between models in mean warming, and
models with the largest warming generally have the
largest EER (Fig. 2b). The focus of this study is the
spatial patterns of warming independent of the largescale warming rate, so for further analysis the future
surface warming responses are normalized by the spatially averaged warming over the domain. Similarly, the
future rainfall change is also normalized by mean
warming over the domain to show regional patterns and
allow for different warming rates. The normalization of
the temperature and rainfall changes assumes that spatial surface warming features emerge linearly, and this
assumption is evaluated (see below).
The first and second modes of the intermodel
empirical orthogonal function (EOF) of the zonalmean normalized ΔSAT were examined to establish
the most important sources of difference between
models. We find the relative contributions to the total
variance of 56% from mode 1 and further 30% from
mode 2 (Fig. 2c), which is similar to those found by Ma
and Xie (2013) in CMIP3. The modes derived from this
CMIP5 ensemble less clearly separate into the hemispheric asymmetry (mode 1) and an EER (mode 2) found
for CMIP3 by Ma and Xie (2013), however they do
contain elements of both patterns in each.
To create base functions that best characterize
the EER and asymmetry patterns, we use linear combinations of the first two EOFs (Fig. 2d). These linear
combinations were derived using a 2D rotation matrix

that maximizes the symmetry about the equator in mode
1 (EER) and maximizes the asymmetry in mode 2
(asymmetry). Using these two base functions we compute indices for each model characterizing the expression of the EER and the asymmetry in the zonal mean
warming patterns of individual models for 1950–2005
and 2006–2100 (Table 1) and also 1900–2005. The EER
and asymmetry index for each model are defined as the
scalar product of zonal mean normalized SAT for that
model and the respective base function. A positive EER
index thereby characterizes enhanced equatorial warming and a positive asymmetry index refers to the Northern
Hemisphere Pacific warming more than the southern.
The relative importance of the southeast minimum
across models was quantified by the mean of normalized
ΔSAT in a box encompassing 108–208S and 908–1208W
(Fig. 1, Table 1). The hemispheric asymmetry (HA)
index and the southeast minimum (SE) index have a
correlation of 20.73, meaning that they are not independent. As such, only the hemispheric asymmetry index is used in further analysis, simplifying analysis to two
dimensions. The EER index and the hemispheric asymmetry index are weakly related (correlation of 20.41),
indicating that the use of linear combinations of EOFs
needed to create the distinct patterns results in largely but
not entirely independent indices (Fig. 3).
The dependence of each index on mean warming is
weak (correlations of ,0.3), indicating that structural differences between models are a larger source of the range in
the spatial pattern of normalized warming than the mean
warming over the Pacific. This suggests that the assumption behind normalizing the fields is reasonable.
We do not decompose the rainfall signal into dynamic
and thermodynamic contributions (Seager et al. 2010), but
rather examine the correlation of the normalized rainfall
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FIG. 2. Projected change in surface temperature in the Pacific Ocean over the twenty-first century (linear trend 2006–2100) under
RCP8.5: (a) multimodel mean, (b) zonal average over the domain for 38 CMIP5 models, (c) first and second EOFs of the model range in
the zonal average, and (d) linear combination of EOFs used to characterize the EER (solid) and hemispheric asymmetry (dashed).

response to the rainfall climatology and the temperature
response. These correlations are taken as a general indication of the relative strength of the wet-get-wetter response and the warmer-get-wetter response respectively.
We compare model mean state and past trends to the
Hadley Centre Sea Ice and Sea Surface Temperature
dataset version 1.1 (HadISST; Rayner et al. 2003), the
Kaplan extended SST version 2 (Kaplanv2; Kaplan et al.
1998), and the National Oceanic and Atmospheric Administration (NOAA) extended reconstructed SST version 3b (ERSSTv3b; Smith et al. 2008). We compare the
model precipitation in the current climate to the Climate
Prediction Center (CPC) Merged Analysis of Precipitation (CMAP) dataset (Xie and Arkin 1997), noting
that there are large differences between observational
datasets in the tropical Pacific region (Yin et al. 2004).

3. Results
No model has a negative hemispheric asymmetry index, indicating that all models have greater warming in

the Northern Hemisphere compared to the southern.
One model has a negative EER index (INM-CM4.0),
where the equatorial region warms less quickly than
other regions. The maximum equatorial warming occurs
at different longitudes in different models (see Fig. S1
in the supplemental material), with one model showing the maximum EER in the western Pacific (CSIRO
Mk3.6.0). There are east–west features in the ΔSAT
pattern in some models that are not captured by the
EER and hemispheric asymmetry components, such
as an enhanced warming in the northwest region
(GFDL-ESM2M, GFDL-ESM2G, NorESM1-M, and
NorESM1-ME).
Models with a more pronounced EER tend to have
a greater spatial correlation between the temperature
response and rainfall response (Fig. 4a), indicating
a stronger warmer-get-wetter pattern. The EER score
explains 41% of the variance between models of this
spatial correlation in a linear regression framework ( p ,
0.01; Fig. 4a). The correlations between projected
warming and projected precipitation response for
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FIG. 3. EER and HA index values in 38 CMIP5 models.

individual models are low (,0.65); however, this is expected because while SST pattern change is the dominant driver of precipitation change in the tropical
Pacific, the relationship is nonlinear because of a convective threshold (Johnson and Xie 2010; Chadwick
et al. 2014; Watanabe et al. 2014).
In addition, there is a weak (R2 5 0.23) but significant
( p , 0.01) negative linear relationship between the
EER index and the correlation of the precipitation response to the rainfall climatology in the current climate
(Fig. 4b). This suggests that models with a weak EER
exhibit a greater wet-get-wetter–type response. Correlations of the precipitation response to precipitation
climatology in the current climate in each model are
generally low or in some cases negative, indicating that
the wet-get-wetter mechanism is not strong in any
model.
In contrast to the EER, there are no statistically significant relationships across the range of models between
the hemispheric asymmetry index and the correlation between rainfall response and either the spatial pattern of
warming (R2 5 0.02, p 5 0.44) or the rainfall climatology
(R2 5 0.02, p 5 0.36). This indicates that the gradients associated with the hemispheric asymmetry do not influence
the presence of a warmer-get-wetter response.
Across the range of models, the EER index has
a positive relationship to projected rainfall change at the
equator and in the northern tropical Pacific (Fig. 5a).
That is, models with a higher EER index tend to show
a greater increase in rainfall in these regions. The high
correlation in the western Pacific is particularly influenced by the outlier CSIRO Mk3.6.0 model, which
shows particularly strong warming and rainfall increase
there. However, the correlations are similar at the
equator and southern tropics even with the six largest

FIG. 4. Relationship between models of the EER index and the
(a) warmer-get-wetter and (b) wet-get-wetter responses. The EER
index in each CMIP5 model (x axis) is plotted against the correlation of the total precipitation response and temperature response
( y axis).

outliers removed (not shown). There is also a significant
negative relationship of the EER index to the rainfall
trend in the South Pacific convergence zone (SPCZ) and
the northwest tropical Pacific (Fig. 5a). The asymmetry
index has a statistically significant negative relationship
to rainfall trend in the south central Pacific, and a positive relationship in some regions of the equator and the
northeast (Fig. 5b).
To illustrate the impact of a possible constraint based
on these indices, composites of the normalized rainfall
response for the 10 models at each end of the range of
indices compared to the multimodel mean (Figs. 6 and 7).
The multimodel mean rainfall response of CMIP5 shows
high model agreement for rainfall increase near the
equator but no strong agreement on the sign of change
in much of the southern tropics (Fig. 6a). The largest
diversions from this mean in each of the composites are
in the regions where the relationships are strongest in
Fig. 5.
A composite of the 10 models with the lowest EER
indices (Fig. 6b) shows lower rainfall increase along the
equatorial Pacific and a projected rainfall increase in the
SPCZ and northern Australia. This pattern shows a
slightly lower dominance of the warmer-get-wetter
pattern and so bears some more resemblance to a wetget-wetter response than the multimodel mean. The
composite of models with the strongest EER (Fig. 6c)
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FIG. 5. Correlation between indices and projected rainfall trend across the range of models:
(a) EER index and (b) HA index. Stippling indicates a statistically significant correlation.

shows a greater rainfall decrease across much of the
SPCZ and a greater rainfall increase at the equator
than the multimodel mean. This composite shows
a predominance of the warmer-get-wetter response and

minimal wet-get-wetter–type response (also indicated
by the models’ position in Fig. 4a). Many of the differences between the two composites (Fig. 6d) are very
unlikely by chance (assuming the same distribution and

FIG. 6. Composites of the precipitation response (linear trend in 2006–2100, RCP8.5) of
(a) 38 CMIP5 models, (b) 10 models with the lowest EER indices, and (c) 10 models with the
highest EER indices; stippling indicates where 8 out of 10 models agree on the sign of change.
(d) The difference between the composites in (b) and (c); stippling shows where at least 8 out of
10 models in one set are show changes that are larger than the 8th largest model in the other set.
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FIG. 7. As in Fig. 6, but for HA indices.

models are independent, stippling would only appear in
;2.5% of the grid area by chance).
The 10 models with the lowest hemispheric asymmetry show a consistent region of rainfall increase in the
southern central tropical Pacific and rainfall decrease in
the some parts of the northeastern subtropics (Fig. 7b).
In contrast, the 10 models with the highest asymmetry
show regions of consistent decrease in the southern
subtropics (Fig. 7c). Some of these differences are significant, especially in the central southern Pacific
(Fig. 7d). The groups also have a different magnitude of
rainfall increase in the western equatorial Pacific.
All model composites show a similar wet-get-wetter
seasonal cycle in the zonal mean precipitation response
that combines to form the warmer-get-wetter response
in annual mean (Fig. 8), consistent with Huang et al.
(2013). However, the magnitude of rainfall increase
within the tropics and the direction of rainfall change
south of 108S differ in each composite. Models with the
lowest EER or asymmetry index show a weaker band of
rainfall increase and a rainfall increase in the southern
tropics throughout the year, whereas models with
a strong EER or asymmetry show a greater increase
near the equator and a rainfall decrease to the south
throughout the year. However, changes south of 108S
show no strong model agreement. This disagreement
may be related to large model biases in the location of
the SPCZ in CMIP5 models (Brown et al. 2013).

None of the three observational SST datasets analyzed shows the development of a distinct EER over the
period 1900–2005 (Figs. 9a–c) or over the better sampled
period of 1950–2005 (Figs. 9e–g). However, an EER is
present over both these periods in the CMIP5 multimodel mean trend in SAT (Figs. 9d,h). However, there
are some large differences between observational datasets and the trends in the multimodel mean are not
significantly different from all three observed datasets
(shown by lack of stippling). Also, there are no clear and
consistent asymmetries in trends in the CMIP5 mean in
the twentieth century (Figs. 9d,h).
There is no significant relationship between the
models’ projection of the EER and past trends in the
EER index over either the 1900–2005 or 1950–2005
period. This indicates that the sensitivity in this feature
in the recent climate does not have a simple relationship
to projected change in the EER and other factors may
be involved (e.g., recent trends may not be dominated by
greenhouse forcing and internal variability may mask
the forced signal). There is also no significant correlation
between asymmetry in the past trends and asymmetry in
future warming.
Furthermore, the projected change in the indices is
not significantly related to bias in the zonal mean surface
temperature in the current climate. The root-meansquare error (RMSE) of the zonal mean temperature
in 1950–2005 compared to HadISST in each model

Unauthenticated | Downloaded 01/09/23 07:21 AM UTC

9132

JOURNAL OF CLIMATE

VOLUME 27

FIG. 8. Seasonal cycle of precipitation response (linear trend in 2006–2100, RCP8.5) zonally averaged across the Pacific domain of
(a) the ensemble mean, (b) 10 models with the lowest EER index, (c) 10 models with the highest EER index, (d) 10 models with the lowest
asymmetry index, and (e) 10 models with the highest asymmetry index. Stippling shows where 8 out of 10 models agree on the sign of
change.

shows no significant correlation to the projected change
of the EER (correlations are ,0.2). There is one model
where a large bias in current surface temperature is
coincident with a large projected change in the western
equatorial Pacific, CSIRO Mk3.6.0 (see the supplemental material); however, other models with high
RMSE do not have a high EER. This suggests that
within the full range of models there is no clear relationship between the bias in this feature of zonal mean
SST in the recent climate and projected change, but
there may be a relationship for some individual models.
Similarly, there is no strong relationship between the
RMSE of the zonal mean surface temperature and the
projected strength of the hemispheric asymmetry (correlations are ,0.3). The implications of the presence
and absence of various relationships described here are
further discussed below.

4. Discussion
In this study we have examined the effect of two key
patterns of change in surface temperature on the

precipitation response in the tropical Pacific, focusing on
the spread across the CMIP5 ensemble rather than on
the multimodel mean. We find that indices of the enhanced equatorial response (EER) in warming, and to
a lesser extent the hemispheric asymmetry, are useful in
categorizing the range of responses of SST and precipitation across CMIP5 for the tropical Pacific. These
indices could be used to constrain regional rainfall
projections for Pacific countries, if the more physically
plausible projection of the EER and asymmetry can be
identified.

a. Wet-get-wetter versus warmer-get-wetter response
The strength of the EER has an important influence
on the dominance of the warmer-get-wetter response in
rainfall (Fig. 4). This is expected since an EER contributes to greater SST gradients and greater increased
convective mass flux over the equator, leading to an
increase in precipitation along the equator (Liu et al.
2005; Xie et al. 2010; Chadwick et al. 2013). The CMIP5
models considered here all have a predominant warmerget-wetter–type response, confirming the finding of
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FIG. 9. Linear trend in SST over the tropical Pacific (K century21) in 1900–2005 for
(a) HadISST, (b) Kaplanv2, (c) NOAA ERSSTv3b, and (d) the CMIP5 multimodel mean;
and in 1950–2005 for (e) HadISST, (f) Kaplanv2, (g) NOAA ERSSTv3b, and (h) the
CMIP5 multimodel mean. Stippling in observations show trends that are significantly
above/below zero, and stippling for CMIP5 multimodel mean indicates where the models
are significantly different than all observed datasets.
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Chadwick et al. (2013) that the thermodynamic response
is relatively unimportant in determining simulated
rainfall changes in the tropical Pacific. However, models
with virtually no EER show some presence of a wet-getwetter response (e.g., CNRM-CM5 and CCSM4), compared to those with a strong EER (e.g., MRI-CGCM3).
Therefore, constraining the plausible magnitude of the
projected EER index is useful for constraining the most
likely balance of these two responses.
All model groups examined show the typical band of
rainfall increase that varies by season, immediately
equatorward of the current precipitation maximum
found by Huang et al. (2013). The models with the
lowest EER and the weakest asymmetry show a band of
rainfall increase that is wider and less sharply delineated
than those with high indices (Fig. 8). This is consistent
with a weaker anchoring of the rainfall increase to the
equator associated with decreased convective mass flux.

b. Regional rainfall projections
If we were able to reliably restrict projections to either
end of the spectrum of the EER index results, this would
have fundamental implications for the regional rainfall
projections of many Pacific nations. In the subset of 10
models with the lowest EER indices there is a consistently smaller rainfall increase over the equator and
rainfall increases in regions within the 108–208 latitude
bands, including in the SPCZ and the northwestern
Pacific (Fig. 6b). In contrast, the projection from the 10
models with the highest EER indices (and a greater
dominance of the warmer-get-wetter response) shows
a marked rainfall increase in the equatorial Pacific, but
a decrease in the SPCZ and also in the northwestern
Pacific (Fig. 6c). For nations in the SPCZ such as Vanuatu, Fiji, Tonga, and Niue, and also for East Timor,
this represents a difference in the sign of the projected
mean rainfall change from an increase to a decrease.
Similarly, for nations along the equator such as Nauru and
Kiribati, this represents a difference between a moderate
increase in mean rainfall and a large increase.
A constraint to either end of the spectrum of hemispheric asymmetry index results has implications for the
regional rainfall projection in some regions of the central southern tropical Pacific such as French Polynesia.
A low asymmetry implies a rainfall increase in the
southern central Pacific (Fig. 7b) whereas a high asymmetry implies a stronger rainfall increase in the equatorial western Pacific and a rainfall decrease in the
southern Pacific (Fig. 7c).

c. Prospects for constraining projections
The EER in particular explains a significant proportion of the spread in rainfall response across models
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in the western Pacific. If it is possible to identify the most
plausible and physically consistent projection of this
feature, then it may be possible to constrain the range of
the CMIP5 rainfall projections for the Pacific island
nations. This constraint could be applied by weighting or
rejecting models according to their EER score, or otherwise adjusting the projection distribution.
A distinct EER developed over the twentieth century
in CMIP5 historical simulations, but not in any observational datasets examined here (Fig. 9). This suggests
that models with a strong EER may not have a realistic
simulation of SST trends at centennial scales. Further
evidence that many models may not simulate internal
variability or forced responses realistically at these time
scales in this region comes from differences in the decadal to centennial variability in the Niño-3.4 index between CMIP5 millennial simulations and paleoclimate
reconstructions (Ault et al. 2013). However, there are
two complicating factors. First, centennial-scale trends
in SST in the equatorial Pacific in the early part of the
record are uncertain due to a lack of observations early
in the twentieth century (Deser et al. 2010), and over
shorter time scales the aliasing of large multidecadal
variability can produce SST trends that are unrelated to
external forcing. This makes the comparison of models
and observations problematic in regards to this question.
Recent work found that some enhanced warming over
the equator may be present in 1950–2009 when examining dataset based only on bucket measurements
(Tokinaga et al. 2012). Second, in CMIP5 there is no
significant correlation between the past trends and future trends in the EER. This means that past trends in
EER cannot be used with confidence in a simple emergent constraint framework.
Bias in the current climate is also a potential factor to
help constrain projections. A large equatorial cold
tongue bias in the western Pacific in the current climate
is likely to affect the potential for equatorial warming.
For example, the CSIRO Mk3.6.0 model has a particularly marked cold tongue bias located in the western
Pacific (see the supplemental material) and shows
a correspondingly large increase in surface temperature
in the same region. In this case, the particularly strong
EER response is influenced by bias in the current climate. Further, it has been shown more generally that
warming to the east of the western Pacific warm pool is
greater in models with a greater bias in the shape of the
edge of the warm pool (Brown et al. 2014; Brown et al.
2014, manuscript submitted to Deep-Sea Res.). However,
we find no significant relationship across full range of
models between bias in the zonal mean surface temperature and the projection of the EER. That is, a very strong
bias may have an effect on projections, but there is not
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a relationship across the range of bias. Also, this study
used only zonal means, but the east–west dimension appears to be important. This suggests that the strength of
the cold tongue bias may be used as a basis to reject
models but not as a constraint across the whole range.
While there is no simple emergent constraint linking
either past trends or biases in surface temperature to
EER, a constraint may be found by looking at the contributing processes. Because we are attempting to constraint based on a single climate feature, it is possible to
look at the physical processes and feedbacks involved in
that feature. In this case, the exact balance of upwelling
damping, thermocline feedback, zonal advection and
evaporative damping that contribute to the EER (Xie
et al. 2010) is of interest. However, determining the most
plausible balance of processes is complicated by fundamental uncertainties with modeling convective processes in the tropics in all models, which can be
illustrated by looking at simpler model runs. In aquaplanet simulations with prescribed surface temperature
warming, there is a wide range of cloud and precipitation
response in the tropics, ranging from a very distinct to
a much less distinct peak at the equator (Medeiros et al.
2008). This reflects the uncertainties in the coupling of
water and circulation that depend on finescale processes
such as moist convection and cloud formation that must
be parameterized (Möbis and Stevens 2012; Stevens and
Bony 2013). Further model complexity in fully coupled
ocean–atmosphere models only add further uncertainty
to climate simulations. Therefore, we suggest that an
analysis of the fundamental representation of processes
such as convection and cloud formation is needed to
confidently assess what is the most plausible magnitude
of the EER.

d. Wider application
Since spatial patterns of warming in the Pacific have farreaching impacts (e.g., Kosaka and Xie 2013), such a constraint would have wider impact for global projections. For
example, in the models with the highest EER score (and
also asymmetry), there is a decline in mean annual rainfall
in some regions of Australia. This may be linked to the
teleconnection between the Pacific and Indian Ocean
temperatures and rainfall projections for Australia in
CMIP3 described by the Pacific–Indian Ocean dipole index of ΔSST by Watterson (2012). That study found that
the higher warming in the equatorial Pacific to the
northeast of Australia is associated with the driest rainfall
projections for Australia. So a framework to constrain
projections based on these two features may also be applicable in regions other than the western Pacific.
The multimodel mean projection is often used to
represent the best estimate of projections (e.g., Collins
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et al. 2013; IPCC 2013), and this model mean contains a strong EER in both surface temperature and
rainfall and assigned high confidence based on high
model agreement. However, if the model range could
confidently be constrained to the lower end of the
EER or asymmetry range, the multimodel mean
would not be a good representation of the most likely
change.

5. Conclusions
A simple index of the enhanced equatorial response
(EER) and to a lesser extent and index of the hemispheric asymmetry in projected surface warming of the
Pacific provide a useful framework for categorizing
rainfall projections in CMIP5. Groups of models at each
end of the range in these indices show important differences in precipitation response compared to the
multimodel mean projection in many regions, including
along the equator and in the convergence zones.
Moreover, models with stronger EER have a greater
dominance of dynamically forced rainfall changes and
a warmer-get-wetter response. Thus, constraining the
most plausible intensity of the enhanced equatorial
warming over the twenty-first century using these indices would provide a constraint on regional rainfall
projections and on the dominance of the warmer-getwetter response. This in turn would be very valuable
for the use of projections in climate change planning
and adaptation work. While we find no simple emergent constraint in past trends or in model bias, a deeper
look at model processes and feedbacks could provide
this useful outcome.
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APPENDIX

GISS-E2-H

Expansions for CMIP5 Models Listed in Table 1
ACCESS1.0
ACCESS1.3
BCC_CSM1.1
BCC_CSM1.1
(m)
BNU-ESM
CanESM2
CCSM4
CESM1-BGC
CESM1CAM5
CMCC-CESM

CMCC-CM

CMCC-CMS

CNRM-CM5

CSIRO
Mk3.6.0
EC-EARTH
FIO-ESM
GFDL CM3
GFDLESM2G

GFDLESM2M

Australian Community Climate and
Earth System Simulator, version 1.0
Australian Community Climate and
Earth System Simulator, version 1.0
Beijing Climate Center, Climate System Model, version 1.1
Beijing Climate Center, Climate System Model, version 1.1 (moderate
resolution)
Beijing Normal University–Earth
System Model
Second Generation Canadian Earth
System Model
Community Climate System Model,
version 4
Community Earth System Model,
version 1–Biogeochemical
Community Earth System Model,
version 1 (Community Atmosphere
Model, version 5)
Centro Euro-Mediterraneo sui
Cambiamenti Climatici Carbon
Cycle Earth System Model
Centro Euro-Mediterraneo sui
Cambiamenti Climatici Climate
Model
Centro Euro-Mediterraneo sui
Cambiamenti Climatici Climate
Model with a resolved stratosphere
Centre National de Recherches
Météorologiques Coupled Global
Climate Model, version 5
Commonwealth Scientific and Industrial Research Organisation
Mark 3.6.0
EC-Earth Consortium Earth System
Model
First Institute of Oceanography Earth
System Model
Geophysical Fluid Dynamics Laboratory Climate Model, version 3
Geophysical Fluid Dynamics Laboratory Earth System Model with
Generalized Ocean Layer Dynamics (GOLD) component
Geophysical Fluid Dynamics Laboratory Earth System Model with
Modular Ocean Model 4 (MOM4)
component

GISS-E2-HCC

GISS-E2-R

GISS-E2-RCC

HadGEM2AO
HadGEM2CC
HadGEM2-ES
INM-CM4.0
IPSL-CM5ALR
IPSL-CM5AMR
IPSL-CM5BLR
MIROC-ESM
MIROC-ESMCHEM
MIROC5
MPI-ESM-LR
MPI-ESMMR
MRI-CGCM3

NorESM1-M
NorESM1-ME

VOLUME 27

Goddard Institute for Space Studies
Model E2, coupled with the Hybrid Coordinate Ocean Model
(HYCOM)
Goddard Institute for Space Studies
Model E2, coupled with HYCOM
and interactive terrestrial carbon
cycle
Goddard Institute for Space Studies
Model E2, coupled with the Russell
ocean model
Goddard Institute for Space Studies
Model E2, coupled with the Russell
ocean model and interactive terrestrial carbon cycle
Hadley Centre Global Environment
Model, version 2–Atmosphere and
Ocean
Hadley Centre Global Environment
Model, version 2–Carbon Cycle
Hadley Centre Global Environment
Model, version 2–Earth System
Institute of Numerical Mathematics
Coupled Model, version 4.0
L’Institut Pierre-Simon Laplace
Coupled Model, version 5A, low
resolution
L’Institut Pierre-Simon Laplace
Coupled Model, version 5A, mid
resolution
L’Institut Pierre-Simon Laplace
Coupled Model, version 5B, low
resolution
Model for Interdisciplinary Research
on Climate, Earth System Model
Model for Interdisciplinary Research
on Climate, Earth System Model,
Chemistry Coupled
Model for Interdisciplinary Research
on Climate, version 5
Max Planck Institute Earth System
Model, low resolution
Max Planck Institute Earth System
Model, medium resolution
Meteorological Research Institute
Coupled Atmosphere–Ocean General Circulation Model, version 3
Norwegian Earth System Model, version 1 (intermediate resolution)
Norwegian Earth System Model, version 1 (intermediate resolution)
with carbon cycling
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