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ABSTRACT
Accurate assessments of future climate impacts require realistic simulation of interannual–century-scale temperature and precipitation variability. Here, well-constrained paleoclimate data and the latest generation of Earth
system model data are used to evaluate the magnitude and spatial consistency of climate variance distributions
across interannual to centennial frequencies. It is found that temperature variance generally increases with time
scale in patterns that are spatially consistent among models, especially over the mid- and high-latitude oceans.
However, precipitation is similar to white noise across much of the globe. When Earth system model variance is
compared to variance generated by simple autocorrelation, it is found that tropical temperature variability in Earth
system models is difficult to distinguish from variability generated by simple autocorrelation. By contrast, both
forced and unforced Earth system models produce variability distinct from a simple autoregressive process over
most high-latitude oceans. This new analysis of tropical paleoclimate records suggests that low-frequency variance
dominates the temperature spectrum across the tropical Pacific and Indian Oceans, but in many Earth system
models, interannual variance dominates the simulated central and eastern tropical Pacific temperature spectrum,
regardless of forcing. Tropical Pacific model spectra are compared to spectra from the instrumental record, but the
short instrumental record likely cannot provide accurate multidecadal–centennial-scale variance estimates. In the
coming decades, both forced and natural patterns of decade–century-scale variability will determine climaterelated risks. Underestimating low-frequency temperature and precipitation variability may significantly alter our
understanding of the projections of these climate impacts.

1. Introduction
Supplemental information related to this paper is available at
the Journals Online website: https://doi.org/10.1175/JCLI-D-160863.s1.

Corresponding author: Luke A. Parsons, lukeaparsons@email.
arizona.edu

Many instrumental and paleoclimate records suggest
that the spectrum of climate variations can be described
by power-law scaling (e.g., Blender and Fraedrich 2003;
Fraedrich and Blender 2003; Ditlevsen et al. 1996;
Pelletier 1998; Pelletier and Turcotte 1997; Huybers and
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Curry 2006; Franke et al. 2013; Laepple and Huybers
2013, 2014a,b; Ault et al. 2013b, 2014). A power-law
relationship implies that variations in climate (i.e.,
temperature or precipitation) exhibit higher (or lower)
amplitudes at lower frequencies (Huybers and Curry
2006). However, comparative studies among climate
model and observation data have indicated that there
may be up to an order of magnitude mismatch between
proxy and simulated temperature and precipitation variability at decade–century time scales (e.g., Ault et al.
2013a,b; Franke et al. 2013; Laepple and Huybers 2014b).
Understanding variability at these time scales is important for studies of climate change, including analyses
of detection and attribution of climate change impacts.
Additionally, understanding variability at these time
scales is important for simulation of abrupt change
(Valdes 2011; Shuman 2012), prolonged drought (Pelletier
and Turcotte 1997; Ault et al. 2013b, 2014), and lowerfrequency climate variations (e.g., Thornalley et al. 2009).
If climate models underestimate variability on decadal–
centennial time scales, they will underestimate the likelihood of abrupt change, megadrought, and other extreme
climate events.
Beyond climate prediction, understanding the true
shape of local precipitation and temperature spectra is
integral to our understanding of climate itself. For instance,
where is long-period variability based on coupled dynamics, and where does variability arise solely from autocorrelation and smoothing of weather noise? Manabe and
Stouffer (1996) showed that dampened weather noise can
explain much of the shorter-period temperature variability
in a coupled atmosphere–ocean model. However, ocean
circulation may lead to significant longer-period (centennial scale) regional temperature variability (Bjerknes 1964;
Manabe and Stouffer 1996).
Here we expand the analysis of the continuum of
climate variability to multiple models from phase 5 of
the Coupled Model Intercomparison Project (CMIP5)
and paleoclimate records. We test whether the latest
Earth system models generate local low-frequency
temperature and precipitation variability greater than
variability expected from a simple autocorrelated process. The tendency for many climate variables to exhibit
some degree of ‘‘redness’’ (i.e., increased variance at
longer time scales) is well documented (Kutzbach and
Bryson 1974; Blender and Fraedrich 2003; Fraedrich and
Blender 2003; Ditlevsen et al. 1996; Pelletier 1998;
Pelletier and Turcotte 1997; Huybers and Curry 2006;
Franke et al. 2013; Laepple and Huybers 2013; Ault et al.
2013b). In its simplest form, this tendency may arise
from the large thermal capacity of the oceans and
cryosphere, which integrate high-frequency ‘‘white noise’’
forcings, including weather, interannual variations,
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and even short-lived cooling from volcanic eruptions
(Hasselmann 1976; Newman et al. 2003; Newman et al.
2016; Sigl et al. 2015). We evaluate the distribution of
temperature and precipitation variance simulated by
coupled Earth system models against the null hypothesis
that low-frequency variations are generated exclusively
from a monthly lag-1 autocorrelated [AR(1)] process (e.g.,
ocean damping of weather noise). We also test whether
pre-anthropogenic external forcings of the last millennium
significantly influence modeled variance distributions.

2. Data and methods
a. CMIP5 simulations
We used gridded surface temperature (TS) and precipitation (PR) model output from 10 all-forcing CMIP5
last millennium (CMIP5 LM) and 10 all-forcing NCAR
CESM1.1(CAM5) last millennium ensemble (CESM
LME) simulations (Taylor et al. 2012; Schmidt et al.
2012; Otto-Bliesner et al. 2015). In addition to the allforcing CESM LME simulations, we used one control
run and 17 single-forcing simulations from the CESM
LME, including volcanic (N 5 5), solar (N 5 3),
greenhouse gas (N 5 3), orbital (N 5 3), and land-use
and land-cover changes (N 5 3) to examine the influence
of external forcing on low-frequency climate variability.
We also compared all available NASA GISS-E2-R last
millenium (LM) simulations with and without volcanic
forcing. We only compared last millennium forcing
scenarios in CESM and GISS-E2-R because these were
the only simulations available at the time of our analysis.
The LM experiment typically spans the period 850–2005
Common Era (CE), but here we limited our analysis to
model data covering the time period 850–1850 CE to
exclude the influence of anthropogenic warming on
long-period variability. We also used CMIP5 preindustrial control (CMIP5 PIC) simulations (Taylor
et al. 2012) that span at least 500 yr to estimate unforced
interannual–centennial-scale variability from the same
modeling groups that conducted the LM experiment
(Table 1). Finally, we used CMIP5 historical (CMIP5
HIST) simulations to estimate forced interannual–
centennial-scale temperature variability during the time
period 1850–2005 CE. Although we calculated b for all
models and ensemble members listed in Table 1, we
show only three representative ensemble member maps
from the CESM LME in the main text to highlight our
results. We also show results from the 10 CMIP5 LM
members and the same 10 CMIP5 PIC models in the
main text to highlight the forcing versus control differences; additional results are included in the supplemental material.
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TABLE 1. CMIP5 simulations, experiment types, run lengths, and variables used in our analysis. NCAR CESM1(CAM5) last millennium ensemble (total of 29 simulations), CMIP5 last millennium (past 1000), and CMIP5 preindustrial (predin) control runs. Boldface font
indicates the 10 preindustrial control runs used in mean maps in Fig. 8; these are the same models that ran the last millennium experiment.
The remainder of the CMIP5 preindustrial control simulation results are shown in the supplemental material. (Expansions of acronyms
are available online at http://www.ametsoc.org/PubsAcronymList.)
Model and run
NCAR CESM1(CAM5)
BCC_CSM1.1
NCAR CCSM4
CSIRO Mk3L-l-2
FGOALS-g1.0
FGOALS-s2
GISS-E2-R (r1i1p121)
GISS-E2-R (r1i1p1221)
GISS-E2-R (r1i1p122)
GISS-E2-R (r1i1p123)
GISS-E2-R (r1i1p124)
GISS-E2-R (r1i1p125)
GISS-E2-R (r1i1p126)
GISS-E2-R (r1i1p127)
HadCM3
IPSL-CM5A-LR
MPI-ESM-P
MRI-CGCM3
BCC_CSM1.1
ACCESS1.0
ACCESS1.3
BNU-ESM
NCAR CCSM4
NCAR CESM1(BGC)
CNRM-CM5
CSIRO MK3.6.0
CanESM2
FGOALS-g2
FGOALS-s2
FIO-ESM
GFDL-ESM2G
GFDL-ESM2M
GISS-E2-H
GISS-E2-R
HadCM3
HadGEM2-ES
INM-CM4.0
IPSL-CM5A-LR
MIROC5
MPI-ESM-LR
MPI-ESM-MR
MPI-ESM-P
MRI-CGCM3
NorESM1-M

Experiment
LME
Past 1000
Past 1000
Past 1000
Past 1000
Past 1000
Past 1000
Past 1000
Past 1000
Past 1000
Past 1000
Past 1000
Past 1000
Past 1000
Past 1000
Past 1000
Past 1000
Past 1000
piControl
piControl
piControl
piControl
piControl
piControl
piControl
piControl
piControl
piControl
piControl
piControl
piControl
piControl
piControl
piControl
piControl
piControl
piControl
piControl
piControl
piControl
piControl
piControl
piControl
piControl

Forcing

Start year

End year

N (yr)

TS

PR

Full
Full
Full
Full
Full
Full
Full
Full
Full
No volcanic
Full
Full
No volcanic
Full
Full
Full
Full
Full
Preind
Preind
Preind
Preind
Preind
Preind
Preind
Preind
Preind
Preind
Preind
Preind
Preind
Preind
Preind
Preind
Preind
Preind
Preind
Preind
Preind
Preind
Preind
Preind
Preind
Preind

850
850
850
850
1000
850
850
850
850
850
850
850
850
850
850
850
850
850
1
300
250
1450
250
101
1850
1
2015
201
1850
401
1
1
1180
3331
800
1859
1850
1800
2000
1850
1850
1850
1851
700

1849
1850
1849
1850
1999
1850
1850
1850
1850
1850
1850
1850
1850
1850
1850
1850
1850
1850
500
799
749
2008
1300
600
2699
500
3010
900
2350
1100
500
500
2949
4530
2000
2435
2349
2799
2699
2849
2849
3005
2350
1200

1000
1001
1000
1001
1000
1001
1001
1001
1001
1001
1001
1001
1001
1001
1001
1001
1001
1001
500
500
500
559
1051
500
850
500
996
700
501
700
500
500
780
850
1200
576
500
1000
670
1000
1000
1156
500
501

x
x
x
x
x
x
x

x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x

b. Power spectra estimation
We estimated power spectra from model output for
each grid box on the model’s native grid structure to
avoid the smoothing effects of regridding. We then calculated the power-law scaling parameter b [from powerlaw relationship for frequency f and variance S( f ),
where S( f ) } f 2b], using the methodology of Huybers

x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x

and Curry (2006) and Ault et al. (2013b). We first calculated the annual mean for each gridbox time series
(Figs. 1a,b). We then standardized all temperature and
precipitation (using a modified version of the inverse
Rosenblatt transform; Van Albada and Robinson 2007)
time series to exhibit unit variance. We next estimated
the power spectrum for each nondetrended time series
using Thomson’s multitaper method and specified 2 as
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FIG. 1. Simulated temperature and precipitation time series and estimated spectra. Example of conversion of
(top) annual time series to estimated (middle),(bottom) power spectra (thin lines), spectral slope (heavy solid black
line), and b value for data from (a),(c),(e) one grid box in the North Atlantic (408N, 208W) and (b),(d),(f) one grid
box in the tropical Pacific (28S, 1208W) in the CESM LME. In (a),(b), black lines indicate surface temperature (left
y axis) and green lines indicate precipitation (right y axis). Time series in (a) and (b) are shown prior to normalization, which was done for all calculations before calculation of spectral estimation in (c)–(f). In (c)–(f), dashed
lines delineate upper and lower 95% confidence bounds on spectral estimates. We used a chi-squared approach to
obtain the 95% confidence bounds on the spectra.

the time–bandwidth product (Slepian sequences) used
as data windows (Thomson 1982). We then binned the
spectra in evenly spaced frequency bins (spaced at equal
0.2 log intervals) to avoid overemphasizing high-frequency
variance in regression calculations. We calculated a least
squares fit line for log-transformed spectral power and

frequency between interannual- (1/2 yr) and centennialscale (1/500 yr) frequencies. The slope of this line in log–
log space equals the value of b that we mapped in all
figures (Figs. 1c–f).
We refer to a time series as ‘‘red’’ if its spectrum has
increasing variance at lower frequencies (a negative
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FIG. 2. (a)–(d) Maps of b calculated for surface temperature variability in all-forcing simulations from the CESM LME. Individual run
b maps are numbered in (a)–(c); the 10-member multirun mean b map is shown in (d) (blue to red shading indicates b). Stippling in
individual run maps marks regions with b values that fall outside 95% of AR(1) process b values (see text for methods). Vertical hatching
in individual run maps marks regions where the linear regression used to calculate b is nonsignificant (power-law scaling is a poor fit;
p value . 0.01 in calculation of b). Cross symbols (3) in mean map mark regions where at least 8 out of 10 simulations agree on the sign of b.

slope in log–log space), such as surface temperature in
CESM in the North Atlantic (Fig. 1c). We refer to a
time series as ‘‘blue’’ if its spectrum has decreasing
variance at lower frequencies (a positive slope in log–
log space), such as surface temperature in CESM in
the tropical Pacific (Figs. 1d,f). Although certain regions appear blue on many of the maps of b, the
spectral shape in these regions is generally not appropriately described by a linear fit owing to the large
interannual variance peak (Figs. 1d,f). Therefore, although power-law behavior can be used to derive expected return times for extreme events (e.g., Roe and
Baker 2016; Ault et al. 2013b), the apparent negative
scaling in the tropics should not be used to calculate
return times for extreme events owing to the lack of
negative power-law scaling behavior in this region. We
refer to a given time series as ‘‘white’’ if it roughly had
equal variance at all frequencies and had a flat slope
(between 20.2 and 0.2) (Ault et al. 2013b) in log–log
space, such as precipitation over the North Atlantic in
CESM (Fig. 1e).
After power spectra estimation and slope b calculation
for each native grid box, we then interpolated all data
onto a ;28 horizontal grid for plotting and averaging
among different models. If multiple runs from the same
model were available, we calculated the multirun mean
before averaging with other models. We calculated

mean b values for a given model and across models for a
given experiment to find regions of model agreement
(Figs. 2–4). We chose to use b because this parameter
allowed us to compare the relative powers of variability
across the spectrum, as opposed to individually analyzing standard deviations of various frequencies,
which would only allow us to compare distinct portions
of the spectrum.
We replicated our analysis with near-surface air
temperature (SAT; or reference height temperature) in
CESM LME, and there was minimal difference from
TS (‘‘skin’’ temperature) b values. We also calculated
temperature b between 1/2- and 1/100-yr frequencies
and found slight differences in magnitude, but no difference in the spatial patterns of our results. Additionally, we repeated our analysis for the CESM LME
experiments after removing the linear trend from all the
time series, and our b value results did not significantly
change (Fig. 5).
For the CMIP5 LM and CMIP5 PIC experiments, we
excluded all models with a global mean trend (model
drift) greater than 18C per millennium (GFDL CM3,
MIROC-ESM, HadGEM2-AO) after finding a relationship between preindustrial control simulations
with a large global temperature drift and global mean
temperature b values. Once we removed models with a
temperature drift greater than 18C per millennium, the
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FIG. 3. Maps of surface temperature scaling b from CMIP5 last millennium all-forcing simulations. Temperature b maps from individual
simulations are shown; (bottom right) 10-member multimodel mean b map is shown (blue to red shading indicates b). (top left) The GISSE2-R b map reflects a multirun mean. Stippling in individual run maps marks regions with b values that fall outside 95% of AR(1) process
b values (see text for methods). Stippling in mean map marks regions where at least 8 out of 10 simulations agree on the sign of b.

relationship between global mean temperature trend
and global mean b in CMIP5 PIC was greatly reduced.
There is some degree of regional drift in many of the
remaining models that slightly increases our estimates of
low-frequency variability, but as in Fredriksen and
Rypdal (2016), we find that removing the full time series
linear trend in CMIP5 PIC models minimally impacts
the distribution of b (Fig. 5).

c. Surface temperature observations
We compared CMIP5 surface temperature spectra
to spectra calculated from gridded temperature data
in the Niño-3.4 (58S–58N, 1708–1208W), North Atlantic
(458–558N, 508–208W), South Atlantic (508–408S, 508–
208W), and North Pacific (208–408N, 1508–1308W) regions. We used the full, nondetrended time series from
four instrumentally based data products: HadCRUT4
extends back to 1850 CE (Morice et al. 2012), HadISST to
1870 CE (Rayner et al. 2003), Kaplan SST to 1856
CE (Kaplan et al. 1998), and NOAA ERSST.v4 to
1854 CE (Huang et al. 2015). SST observations are

increasingly sparse farther back in time, and data
coverage is particularly problematic in the South Atlantic and tropical Pacific before the mid-twentieth
century (e.g., Deser et al. 2010). The SST data products statistically fill in missing observations with interpolated values based on particular methodologies
that are described in the original references (e.g.,
Smith et al. 1996; Rayner et al. 2003; Huang et al.
2015). We show results using these data products in
Figs. 6 and 7.
In Fig. 6, we show the model and observation spectra
for the four ocean regions. We did not standardize these
time series prior to spectral estimation so we could directly compare the magnitude of variance at a given
frequency among the observed and simulated datasets.
We calculated the annual mean anomalies for each time
series, estimated the power spectrum for each time series, and averaged the individual spectra for each grid
box to calculate the regional mean spectrum. We show
the average spectrum (and 95% confidence bounds) from
the four observation datasets for each region in Fig. 6.
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FIG. 4. Maps of surface temperature scaling b from CMIP5 preindustrial control simulations that span at least 500 yr. Temperature
b maps from individual simulations are shown; (bottom right) the 26-member multimodel mean b map is shown (blue to red shading
indicates b). Here, we show the control b maps for the individual models that conducted the last millennium experiment for better
comparison to the CMIP5 LM mean map (Fig. 3). Stippling in individual run maps marks regions with b values that fall outside 95% of
AR(1) process b values (see text for methods). Stippling in mean map marks regions where at least 20 out of 26 simulations agree on the
sign of b (remainder of PIC panels shown in the supplemental material).

d. Coral data
We compared CESM LME and CMIP5 temperature
b to a network of Indo-Pacific coral records. We selected
all tropical Indian and Pacific Ocean centennial-scale
coral records available from the Past Global Changes
2000 yr (PAGES 2k) network (Ahmed et al. 2013) and the
NOAA paleoclimate coral data archive in the spring of
2016 (http://www.ncdc.noaa.gov/paleo/coral/coral_data.
html). We excluded coral records with less than 100 yr
of continuous data to ensure our analysis would begin to
resolve centennial-scale variability in our calculations of b
(see Table 2 coral record information). We first binned
the monthly coral data into annual (January–December)
mean bins, and then we calculated b [(1/2) 2 (1/record
length frequencies)] for each (nondetrended) coral record. We shaded the coral b in a circle using the same
color bar as the model data at the corresponding latitude
and longitude of the coral sample location (Fig. 8). If

multiple coral records at least 100 yr in length were
available from the same location, we averaged their
b values before plotting. We chose to show the coral b on
both model mean temperature and precipitation maps
because these records can be sensitive to both sea surface
temperatures and sea surface salinity; salinity often reflects changes in evaporation, precipitation, or runoff. We
estimated values of coral-record b across multiple frequency ranges (1/2–1/500 and 1/2–1/100 yr) and found that
all coral records show some degree of power-law scaling
across frequency ranges. Although each coral record’s
b changes slightly if a new frequency range is selected, the
mean b of all coral sites effectively does not change between the two frequency ranges mentioned above. Additionally, we calculated b for all pre-twentieth-century
coral records with at least 100 yr of data in this time period to test whether the low-frequency variability in coral
records is solely an artifact of twentieth-century anthropogenic forcing. Although the pre-twentieth-century
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lower confidence limits for AR(1) b values (Fig. 9b). A
simple autoregressive process can generate a wide range of
b values, but the AR(1) spectrum flattens at decadal–
multidecadal scales, and a power-law fit is only a rough
approximation of AR(1) scaling (Fig. 9) (Ault et al. 2013b).
An AR(1) process with monthly lag-1 autocorrelation less
than 0.6 typically generates a nearly flat spectrum, with
b values rarely greater than 0.2 (Fig. 9). The mean lag-1
autocorrelation of monthly temperature in CMIP5 is 0.56
(60.27), whereas precipitation is essentially white noise
with a lag-1 autocorrelation mean of 0.08 (60.1).

g. Global impacts of the temperature scaling in the
Niño-3.4 region
FIG. 5. Distribution of temperature values of b for all grid boxes
in the CESM LME and CMIP5 PIC models. Temperature values of
b calculated from raw normalized time series; linear trend removed
from all normalized time series prior to calculation of b in detrended time series.

b value changed slightly for each coral record, we found a
minimal difference in the mean b of all the coral records
(Table 2).

e. Coral d18O forward modeling
We estimated spectra from observed proxy coral d18O
and model-derived (NCAR CCSM4) ‘‘pseudocoral’’
d18O at the PAGES 2k network coral sites (PAGES 2k
d18O records highlighted with bold font in Table 2). We
used the Thompson et al. (2011) forward model, which
applies a linear regression to combine temperature and
salinity variability, to calculate forward-modeled pseudocoral d18O. We used the temperature and salinity data
from the CCSM4 last millennium and historical simulations at the PAGES 2k network d18O coral sites. For each
coral site, we used the model data from the ocean grid box
closest to the coral proxy site and the model data that
overlapped temporally with the coral proxy data.

f. Monte Carlo simulations of climate variability
We used a Monte Carlo procedure to test if model
b values were significantly different than b values generated by a simple autoregressive process. Here we are
testing the null hypothesis grid point by grid point; in the
climate system, there is a spatially coherent structure to
variability, and we are not applying a multivariate approach to our analysis that takes into account the spatial
autocorrelation in the climate system (Newman et al.
2016). We first generated 10 000 time series with AR(1)
set to the autocorrelation for each model grid box
monthly time series (after removing the annual cycle).
We then calculated the b values for each of these time
series (as with the actual data) to provide upper and

We compared simulated values of b for Niño-3.4 SST
to decadal–multidecadal drought frequency in El Niño–
Southern Oscillation (ENSO) teleconnected regions in
CMIP5 LM. We calculated drought frequency using a
‘‘running mean method’’: we defined a drought as a
unique instance when the 11- (decadal drought) or 35-yr
(multidecadal drought) running mean of the normalized
precipitation time series passed the 20.5 standard deviation threshold below the full time series mean (Ault
et al. 2014). We then calculated the mean drought count
(per century) over land for the following regions: western
North America (WNA; 268–508N, 1258–1008W), Australia (AUS; 408–108S, 1128–1548E), northern Amazonia
(AMAZ; 128S–108N, 708–358W), and the northern Middle
East and central Asia (MIDEAST; 308–458N, 358–708E).
We picked these regions based on strong ENSO teleconnections in CMIP5 models and in observations.
We also compared tropical Pacific temperature variability to global temperature variability in CMIP5 LM.
We calculated the mean temperature b from all nontropical Pacific grid boxes and compared this average to
the b of the Niño-3.4 index. Additionally, we compared
the mean simulated Niño-3.4 b to the value of b from the
first mode of surface temperature variability in each
CMIP5 LM model. We calculated the modes of variability
after removing the linear trend from all grid boxes. We
also tested the degree to which local temperature b is
related to the magnitude of the local ENSO teleconnection in the CESM LME control simulation; we calculated
the local r value of the ENSO temperature teleconnection
and regressed the magnitude of this relationship with
ENSO against the local temperature b value.

3. Results
a. Temperature
We find that CMIP5 temperature spectral shapes
(values of b) vary regionally (consistent with Henriksson
et al. 2015; Fredriksen and Rypdal 2016). We observe the
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FIG. 6. Temperature spectra computed from CMIP5 and observations over four ocean regions. In all panels, the smooth dark red line
shows the theoretical AR(1) spectrum for each region. CMIP5 LM simulations are shown in green and CMIP5 PIC shown in purple with
thin lines showing the individual runs. Temperature spectra were averaged over the (a) Niño-3.4 (58S–58N, 1708–1208W), (b) North
Atlantic (458–558N, 508–208W), (c) South Atlantic (508–408S, 508–208W), and (d) North Pacific (208–408N, 1508–1308W) regions. Solid
black lines indicate mean of observation spectra and dashed black lines outline minimum and maximum 95% confidence bounds of
observation spectra. Thin brown lines outline Monte Carlo–derived upper and lower 95% confidence bounds of AR(1) spectrum. The
monthly autocorrelation values used to generate the 95% AR(1) confidence bounds in each ocean region are 0.88 (Niño-3.4), 0.81 (North
Atlantic), 0.79 (South Atlantic), and 0.84 (North Pacific). We used a chi-squared approach to obtain the 95% confidence bounds of the
observation spectra and show the minimum and maximum 95% confidence bounds among the four instrumental datasets in each panel.
Note that time series used to estimate the power spectra for this figure were not normalized prior to spectral estimation for better
comparison across datasets.

lowest temperature b values in the tropics and the highest
b values over mid- and high-latitude oceans (Figs. 2–4).
CMIP5 temperature spectra in the tropical Pacific tend to
have the most power at interannual frequencies, whereas
over higher-latitude oceans the temperature spectra
exhibit more power at lower frequencies (Fig. 6)
(Fredriksen and Rypdal 2016). Although the tropical

Pacific and Indian Oceans appear to be blue, the spectral
shape in these regions is not appropriately described by a
linear fit due to the large interannual variance peak
(Figs. 1d and 2; consistent with Henriksson et al. 2015;
Fredriksen and Rypdal 2016).
Last millennium and control simulations show similar
patterns. In CESM LME, temperature values of b are
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FIG. 7. Map of coral locations and distribution of temperature values of b at coral locations by longitude, from west to east. Values of
b in corals (dark red circles), observations (gray boxplots), CMIP5 historical simulations (orange boxplots), and CMIP5 LM simulations
(green boxplots). (a) Map of instrumental era (Kaplan SST data, 1856–2014 CE) temperature values of b and nineteenth- to twentiethcentury coral b mapped on the same color scale. (b) Historical era (1850–2015 CE) temperature values of b at coral locations calculated
from gridded observation datasets, coral records, and CMIP5 historical runs (1850–2005 CE). (c) Temperature values of b at the same
locations calculated from CMIP5 LM (850–1850 CE) simulations, coral records (calculation of b from full paleoclimate record length),
and CMIP5 historical runs (1850–2015 CE). Numbers in (c) correspond to coral locations on map in (a). Temperature values of
b calculated between 1/2- and 1/100-yr frequencies on time series without removing trend. We used three data products (HadISST, Kaplan
SST, and NOAA ERSSTv4) to calculate b, all of which use EOF-based methods to fill in missing data among observations that are
increasingly sparse before the late twentieth century (see data and methods).

b
1.01
0.58
0.95
0.96
0.99
0.98
0.97
0.46
1.03
1.45
0.89
0.93
0.92
0.99
0.62
0.71
0.59
0.63
1.24
0.84
0.71
0.22
0.84
0.56
0.74
0.95
0.89
0.94
0.80
1.08
1.07
0.85
0.75
0.98
0.73
0.58
0.65

Location

Mafia Archipelago, Tanzania
Mafia Archipelago, Tanzania
Malindi Marine Park, Kenya
Malindi Marine Park, Kenya
Ifaty Reef, Madagascar
Comoro Archipelago
Comoro Archipelago
Antongil Bay, Madagascar
Antongil Bay, Madagascar
St. Gilles, La Réunion
Mahe Island, Seychelles
Mentawai, Sumatra, Indonesia
Houtman Abrolhos Islands, Australia
Ningaloo Reef, Australia
Bali, Indonesia
Bunaken, Sulawesi, Indonesia
Palau
Palau
Guam
Laing, Papua New Guinea
Madang, Papua New Guinea
Havannah, Australia
New Ireland, Papua New Guinea
Rabaul, Papua New Guinea
Abraham Reef, Australia
Nauru
Sabine Bank, Vanuatu
Amédddée Island, New Caledonia
Amédddée Island, New Caledonia
Espiritu Santo Island, Vanuatu
Maiana Atoll, Kiribati
Fiji
Fiji
Fiji
Palmyra, Northern Line Islands
Palmyra, Northern Line Islands
Palmyra, Northern Line Islands

1.07
—
—
—
0.52
—
—
—
0.81
1.21
—
—
0.95
—
0.78
—
0.93
—
0.99
—
—
0.09
—
—
0.50
—
—
0.96
1.04
—
—
0.26
0.47
0.98
—
—
—

b (pre-20th C)
28.28
28.28
23.28
238
223.28
212.78
212.78
215.868
215.868
2218
24.58
08
228.38
221.98
28.38
1.58
7.38
7.38
138
248
25.28
2188
22.58
248
222.18
20.58
215.98
2228
222.58
2158
18
217.58
217.58
216.98
5.98
5.98
5.98

Lat

Proxy

Record

Temp
39.58
d18O
39.58
d18O
Temp
40.18
d18O
Rainfall
408
d18O
Temp
Temp
43.58
d18O
45.18
d18O, Sr/Ca Temp, salinity, P 2 E
45.18
d18O
Temp
50.318
Mn/Ca
River runoff
50.318 Luminescence River runoff
558
d18O
SOI, temp, salinity
558
d18O
Temp
Temp
98.58
d18O
113.78
d18O
Temp
113.98
d18O
Temp
115.58
d18O
Temp
Temp
124.88
d18O
134.258
d18O
Temp
134.258
d18O
Temp
Temp, salinity
1458
d18O
1458
d18O
Temp
145.88
d18O
Temp, salinity
1478
Luminescence Rainfall
150.58
Sr/Ca, Ba/Ca Thermocline
1528
d18O
Temp
1538
d18O
Temp, salinity
1668
d18O
Temp
Salinity
1668
d18O
1668
d18O
Temp
166.58
Sr/Ca
Temp
1678
d18O
Temp
1738
d18O
Temp
1788
d18O
Temp
1788
Sr/Ca
Temp
179.28
d18O
Temp
1988
d18O
Temp
1988
d18O
Temp
1988
Sr/Ca
Temp

Lon
1622
1896
1886
1801
1660
1881
1865
1904
1708
1833
1846
1846
1794
1878
1782
1860
1793
1899
1790
1884
1880
1639
1823
1867
1638
1895
1842
1657
1649
1806
1840
1617
1780
1776
1318
1886
1887

1722
1998
2002
1994
1996
1994
1993
2006
2008
1996
1995
1998
1994
1994
1990
1990
2008
2008
2000
1993
1993
1981
1997
1997
1983
1995
2007
1992
1999
1979
1995
2001
1997
2001
1464
1998
1998

100
102
116
193
336
113
128
102
300
163
149
152
200
116
208
130
215
109
210
109
113
342
174
130
345
100
165
335
350
173
155
384
217
225
146
111
111

Start year End year Length
(CE)
(CE)
(yr)

Damassa et al. 2006
Damassa et al. 2006
Nakamura et al. 2009
Cole et al. 2000
Zinke et al. 2004
Zinke et al. 2008
Zinke et al. 2009
Grove et al. 2013
Grove et al. 2013
Pfeiffer et al. 2004
Charles et al. 1997
Abram et al. 2008
Kuhnert et al. 1999
Kuhnert et al. 2000
Charles et al. 2003
Charles et al. 2003
Osborne et al. 2014
Osborne et al. 2014
Asami et al. 2005
Tudhope et al. 2001
Tudhope et al. 2001
Lough 2011
Alibert and Kinsley 2008
Quinn et al. 2006
Druffel and Griffin 1999
Guilderson and Schrag 1999
Gorman et al. 2012
Quinn et al. 1998
DeLong et al. 2012
Quinn et al. 1996
Urban et al. 2000
Linsley et al. 2006
Linsley et al. 2004
Bagnato et al. 2005
Cobb et al. 2003
Cobb et al. 2001
Nurhati et al. 2011

Original data source

TABLE 2. Tropical Indian and Pacific Ocean century-length coral data. List of all coral record locations b proxy data type, climate variable reconstructed, record start year, record end
year, record length, and original data source (negative latitudes denote SH and ‘‘pre-20th C’’ is pre-twentieth century). Italic font indicates multiple centennial-scale records were
available and averaged for final b shaded on Fig. 13. We chose all available coral records at least 100 yr in length from the PAGES 2k network and the NOAA paleoclimate coral data
archive in the spring of 2016 (http://www.ncdc.noaa.gov/paleo/coral/coral_data.html). We excluded coral records with less than 100 yr of continuous data to ensure our analysis would
begin to resolve centennial-scale variability in our calculations of b (methods). PAGES 2k d18O coral records used in Fig. 14 marked with boldface font.
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235
235
126
138
101
392
277
1996
1996
2000
1990
1994
1992
1984
1761
1761
1874
1852
1893
1600
1707
Temp
Temp
Temp
Temp
Temp
Temp
Rainfall
d18O
Sr/Ca
d18O
d18O
d18O
d18O
d18O
2008
2008
2008
210.18
2518
268.88
277.58
2218
2218
2218
217.58
10.258
20.48
7.98
0.93
0.88
—
—
—
0.55
0.78
0.77
0.30
0.91
1.00
0.94
1.15
0.93
0.47
0.80
0.85
0.22
Rarotonga, Cook Islands
Rarotonga, Cook Islands
Rarotonga, Cook Islands
Moorea
Clipperton Atoll
Urvina Bay, Galapagos
Secas Island, Panama
Mean
Sigma

Original data source
Start year End year Length
(CE)
(CE)
(yr)
Record
Proxy
Lon
Lat
b (pre-20th C)
b
Location

TABLE 2. (Continued)

Linsley et al. 2004
Linsley et al. 2004
Linsley et al. 2006
Boiseau et al. 1998
Linsley et al. 2000b
Dunbar et al. 1994
Linsley et al. 1994
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typically positive across the globe, except in the tropical
Pacific and Indian Oceans and in some parts of the
Southern Ocean (Fig. 2). CMIP5 LM temperature
values of b are also positive across the globe except in
the tropical Pacific and some regions in the Southern
Ocean in certain models (Fig. 3). CMIP5 PIC temperature values of b are slightly lower than CMIP5 LM
values, but the spatial patterns remain consistent between the LM and PIC forcing, with the highest values at
higher latitudes over the oceans and lower values near
the tropics (Figs. 4 and 10).

b. Precipitation
Simulated temperature values of b exhibit both higher
amplitudes (positive and negative) and greater consistency in the sign of b than precipitation b across models
and experiments (Figs. 11–13). Simulated precipitation
is nearly white at most locations across the globe
(Fig. 1e), and the sign of precipitation b is much more
variable than the sign of temperature b (Fig. 1f), even
among different ensemble members of the same model
with identical forcing (Fig. 11). However, the sign of
CMIP5 precipitation b tends to loosely follow the sign of
temperature b; the tropical Pacific tends to have low
values of b for both variables (Figs. 1d,f), and many
regions over high-latitude oceans are consistently
slightly red for both variables (Fig. 10).
In CESM LME, there is agreement among different
ensemble members that precipitation spectra over the
Indian Ocean, the central and eastern tropical Pacific,
and land in the tropics are dominated by interannual
variability. By contrast, precipitation spectra over the farwestern tropical Pacific, isolated patches of the South and
North Pacific gyres, North Atlantic, and Southern
Ocean regions are all slightly red in CESM LME
(Fig. 11). CMIP5 LM models also show that precipitation b values are low over the tropical Pacific and
slightly positive over much of the Atlantic Ocean and
polar oceans (Fig. 12). Similarly, many CMIP5 PIC
models agree that precipitation is dominated by interannual variability in the tropical Pacific and by lowfrequency variability over the high-latitude oceans
(Fig. 13). The largest disagreement among different
models, in terms of the magnitude of precipitation b, is
in the North Atlantic (Figs. 14d,f).

c. Testing against an AR(1) null hypothesis
Some degree of redness in the climate system
may arise from ocean damping of weather noise
(Hasselmann 1976; Newman et al. 2003, 2016). Here
we evaluate the magnitude of CMIP5 b values against
the null hypothesis that increasing variability with
time scale is generated exclusively from smoothing of
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FIG. 8. CMIP5 multimodel mean scaling compared to tropical Indian and Pacific Ocean coral scaling b. Colors indicate b values for
annual (left) annual surface temperature and (right) precipitation of (a),(b) 10 all-forcing simulations of NCAR CESM LME, (c),(d) 10
all-forcing CMIP5 LM simulations, and (e),(f) 10 CMIP5 PIC simulations. The shaded dots represent the locations and b values of tropical
Pacific and Indian Ocean coral records (same color bar as mapped model b).

high-frequency forcing. We find that CMIP5 temperature b values are distinct from b values generated by a
simple autocorrelated [AR(1)] process over most of
the high-latitude oceans and continents, where temperature b values exceed ;0.15 (Figs. 2–4). However,
over much of the central and eastern tropical Pacific
and Southern Oceans, CMIP5 LM models do not
generate temperature b values distinct from AR(1)
b values. The low-latitude area with low b values expands in unforced CMIP5 models; most CMIP5 PIC
models do not generate b values distinct from b values
generated by an AR(1) process across most of the
tropics. In fact, much of the midlatitude temperature
variability in many CMIP5 PIC models is difficult to
distinguish from variability generated by an AR(1)
process (Fig. 4).
Our results indicate that most CMIP5 models generate temperature variability distinct from monthly

autocorrelation over high-latitude oceans (Fig. 6)
(Manabe and Stouffer 1996). These model-based results
support the assertion that Hasselmann-type processes
can explain much of CMIP5 models’ unforced temperature behavior over low-to-midlatitude oceans
(Hasselmann 1976; Manabe and Stouffer 1996; Ault
et al. 2013a). However, although an AR(1) process can
generate b values that are similar in magnitude to the
tropical Pacific CMIP5 temperature b values, the shape
of the spectrum in the cold tongue region differs from
an AR(1) spectrum in many CMIP5 models (Fig. 6a).
Although there is some degree of surface ocean memory
process (lag-1 monthly autocorrelation of ;0.88) in the
tropical Pacific, the mechanisms that generate interannual variability include well-described coupled ocean–
atmosphere interactions (e.g., Zebiak and Cane 1987),
and an AR(2) model more accurately describes this
variability (e.g., Neumaier and Schneider 2001).
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FIG. 9. AR(1) spectra and b value distributions. Examples of (left) mean AR(1) spectra and (right) associated
b value distributions to illustrate the effect of different monthly lag-1 autocorrelations on the spectrum of variability and associated b values. Mean spectra were calculated from 10 000 iterations of each AR(1) process.

Most CMIP5 models generate precipitation variability that falls outside the variability expected from a
simple autocorrelated process in isolated midlatitude
and high-latitude regions (Figs. 11–13). However, not all
CMIP5 models show this behavior in the same geographic locations, even among different ensemble
members of the same model (Fig. 11). We find that
;15% of all CMIP5 LM and PIC precipitation b values
fall outside the 95% confidence interval (greater than
the statistically expected 5% and far less than the ;75%
of grid boxes for simulated TS in CMIP5 LM). Based on
these results, we suggest simulated precipitation variability is effectively white in most geographic locations,
but local ocean–atmosphere coupling or other climate
variability can influence precipitation b. For example, in
the tropical Pacific where sea surface temperature and
precipitation tend to be coupled, interannual variance
dominates the spectrum in both temperature and precipitation (Figs. 1d,f). However, in other regions with
low-frequency temperature variability, precipitation
variability remains white (Figs. 1c,e).

d. Coral comparison
CMIP5 models generally show that the variance
spectra of central and eastern tropical Pacific temperature and precipitation are white or dominated by interannual variability (Figs. 1, 2–4, and 11–13). However,
when we estimate b from coral paleoclimate records
across the tropical Indo-Pacific Oceans, we find that
none of these records reproduce this spectral pattern
(Fig. 8). All of the coral records analyzed here show red

spectra, and there is no interannual variance peak dominating the spectrum or disrupting the continuum of
variability. In fact, all coral records we analyze suggest
power-law scaling behavior in the tropical Pacific and
Indian Oceans (mean coral b 5 0.85 6 0.23). This finding
is consistent regardless of our use of temperature-, precipitation-, or salinity-sensitive coral records or of our use
of skeletal d18O, Sr/Ca, or luminescence records. In other
words, these high values of tropical Pacific and Indian
Ocean coral b are robust regardless of coral record type
or location, suggesting that either CMIP5 models tend to
underestimate the magnitude of b in this region or that
corals are incorporating a nonclimatic red noise signal.

e. External forcing in CMIP5 LM
External forcings used in the CESM LME experiments include orbital, well-mixed greenhouse gases,
land use and land cover, volcanic forcing of stratospheric
aerosols, and solar variations (Schmidt et al. 2012). We
compare the impact of preindustrial era forcing on b in
the CESM LME and find greenhouse gas, land-use and
land-cover, orbital, and solar variability have minimal
impacts on LM variance distributions (Fig. 15). The
volcanic-only forcing in the CESM LME is the only
external forcing that appreciably increases b values in
simulated temperature (Fig. 15b). This volcanically
forced increase in temperature b is particularly strong in
the tropics in CESM (land only) and in GISS-E2-R (land
and ocean) (Figs. 10 and 16). We observe a similar signal
when we compare the CMIP5 LM (all forcing, including
volcanic forcing) and CMIP5 PIC simulations: a large
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FIG. 10. CMIP5 zonal mean temperature and precipitation scaling b. Zonal mean (a) surface temperature and
(b) precipitation b in NCAR CESM last millennium ensemble (black) and NASA GISS-E2-R last millennium (red)
in volcanically forced simulations (solid lines) and non-volcanically forced simulations (dashed lines). Zonal mean
(c) surface temperature and (d) precipitation b values in CESM LME (all forcing only, black lines), CMIP5 LM
(green lines), and CMIP5 PIC (blue lines). Note black vertical line marks mean white noise spectral slope, and gray
outline delineates b values that are indistinguishable from white noise (lag-1 autocorrelation of zero) from Fig. 9.

increase in temperature b, particularly over the tropics
(Figs. 8c, 8e, and 10c). Although volcanic forcing
impacts the temperature spectrum in CESM and GISSE2-R, external, preindustrial forcing has little impact on the modeled precipitation spectrum (Figs. 8d,
8f, and 10d). Precipitation b values in volcanically
forced CMIP5 simulations are only slightly higher than
b values in unforced CMIP5 simulations (Figs. 10, 12,
and 13).

4. Discussion
We provide an overview of temperature and precipitation scaling in multicentury simulations of the
latest (CMIP5/IPCC AR5) Earth system models, under both unforced and pre-industrially forced conditions.

Similar to Fredriksen and Rypdal (2016), we find that
temperature scaling in these models is highly variable
regionally, particularly weak over the tropical IndoPacific, and stronger over the high-latitude oceans.
Precipitation scaling is similarly weak over much of
the tropical Indo-Pacific and is dominated largely by
interannual variability in the central and eastern
tropical Pacific. We focus on the tropical Indo-Pacific
for data–model comparison, where corals provide an
unusually widespread and unsmoothed paleoclimate
record that indicates consistently strong power-law
(red) behavior. Preindustrial external forcing is insufficient to bring model and paleodata results into
agreement for decadal and longer variability estimates. Here we address specific issues raised by these
discrepancies.
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FIG. 11. As in Fig. 2, but for precipitation and no vertical hatching where power-law behavior b is a poor fit.

a. Intermodel variance disagreements in CMIP5
Among different CMIP5 models, we see large differences in the magnitudes of temperature b. These
disagreements are regionally focused, with the largest
differences in the Southern, tropical Pacific, and
North Atlantic Oceans (Fig. 14). Although we removed CMIP5 models with large global temperature
drifts from our analysis, local climate drift over the
Southern Ocean could contribute to temperature
b disagreement in this region (Sen Gupta et al. 2013).
Additionally, this disagreement could be due to internal variability in climate behavior; the length of the
model runs (5001 yr) may not capture the full spectrum of variance (e.g., Wittenberg 2009). Disagreement among models could also result from differences
in how internal variability is modeled in key parts of
the global climate system [e.g., Atlantic overturning
circulation (MacMartin et al. 2013), Southern Ocean
circulation (Russell et al. 2006), and Pacific dynamics
(Bellenger et al. 2014)].
The largest magnitude of precipitation b disagreement among different models is in the North Atlantic
(Fig. 14). This disagreement could be due to the differences in the simulation of Atlantic overturning circulation among CMIP5 models (MacMartin et al.
2013) and the impact of differing local low-frequency
temperature variability on the precipitation spectrum.
Models that tend to have high temperature b in the

North Atlantic also tend to have high precipitation b
(r 5 0.74).

b. Possible causes of scaling behavior over
high-latitude oceans
Our results indicate that most CMIP5 models generate temperature variability distinct from monthly autocorrelation over high-latitude oceans (Fig. 6) (Manabe
and Stouffer 1996). Although ocean circulation and
coupled dynamics are prime candidates for generating
low-frequency variability in CMIP5 models, scaling behavior can be present in high-latitude oceans even
without fully coupled, complex deep ocean circulation.
For example, Barsugli and Battisti (1998) find that
coupling between the atmosphere and ocean can explain
the increase in low-frequency variability observed in
Manabe and Stouffer (1996), even in the absence of
oceanic circulation. Studies have also shown that adding
deeper ocean circulation and various mixed layer depths
to the simple Hasselmann (1976) model can increase
low-frequency variability (e.g., Fraedrich et al. 2004;
Barsugli and Battisti 1998; Frankignoul and Hasselmann
1977; Lemke 1977). Therefore, although CMIP5 temperature b over the high-latitude oceans may not be consistent
with a simple Hasselmann-type model, this apparent increase in low-frequency variability with time scale may be
consistent with a two-layer Hasselmann-type model with
atmospheric forcing (e.g., Fraedrich et al. 2004).
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FIG. 12. As in Fig. 3, but for precipitation.

c. Discrepancies among variance estimates in models,
proxies, and instrumental observations
The coral records analyzed here indicate power-law
scaling behavior across the tropical Pacific and Indian
Oceans, but the instrumental record b does not always
agree with historical-era coral b (Figs. 7a,b). Coral and
instrumental records tend to agree that low-frequency
variability defines the temperature spectrum across
much of this region. However, instrumental records
show no such behavior in the cold tongue region of the
eastern equatorial Pacific (Fig. 7a), and CMIP5 spectra
agree quite well with the short observation record
(Fig. 6a). The two coral records in or near this region
(Galapagos and Palmyra) show stronger scaling than the
instrumental record (Fig. 7a). Yet the observation record of tropical Pacific temperatures is extremely sparse
as recently as 1955 CE, and the record loses consistent
coverage before ;1975 CE (e.g., Fairbanks et al. 1997;
Deser et al. 2010). Furthermore, these statistically infilled instrumental data depend on stationary relationships between poorly and better-observed ocean regions
and therefore may not accurately resolve multidecadal–
centennial-scale spectral estimates. Additionally, different sea surface temperature (SST) datasets disagree on

the magnitude of long-term trend in the Pacific and thus
may disagree on low-frequency variability estimates
(Deser et al. 2010). The observation record therefore
cannot rule out low-frequency climate variability in the
tropical Pacific.
Paleoclimate records show that the magnitude of
ENSO variance has changed throughout the Holocene
(e.g., Cobb et al. 2013; McGregor et al. 2013), and
multicentury coral records indicate that decadal-scale
tropical Pacific variability was stronger before the midtwentieth century (Damassa et al. 2006; Ault et al. 2009).
Similarly, long climate model simulations show intervals
of stronger and weaker interannual ENSO variability
(e.g., Wittenberg 2009). However, lower-frequency
variability in both temperature and precipitation appears considerably different in CMIP5 models (weak) as
compared to paleoclimate data (strong) (Fig. 8).
We further examine the coral–CMIP5 tropical temperature spectral discrepancies by forward modeling
coral d18O at the PAGES 2k network d18O coral sites,
using SST and salinity from the historical and last millennium CCSM4 simulations to create pseudocoral records (Thompson et al. 2011). We find a general
agreement in interannual–decadal pseudocoral and observed coral d18O variability. However, observed coral
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FIG. 13 As in Fig. 4, but for precipitation.

d18O shows more variance at multidecadal–century time
scales than pseudocoral d18O (Fig. 17). Similarly, the
interannual instrumental temperature variance at these
sites agrees well with CCSM4 SST variance, but the
model and mean instrumental spectra begin to deviate
at multidecadal time scales. However, the least variable
of the observation-based data products (HadISST and
Kaplan SST) agrees with multidecadal temperature
variability in CCSM4 (Fig. 17).
Outside the tropics, CMIP5 models and instrumental
observations agree that temperature variance increases
with time scale (Fig. 6). However, even if the overall
shape of the instrumental and the simulated spectra are
similar, many models are considerably more variable
than the instrumental record across the spectrum in regions such as the North Atlantic (Fig. 6b) (Laepple and
Huybers 2014a). In other regions, such as the South
Atlantic, many models overestimate interannual variability and underestimate multidecadal variability
(Fig. 6c) (Laepple and Huybers 2014a).

d. Possible explanations for proxy–model mismatch
Possible reasons for the proxy–model mismatch include biases in paleoclimate proxies, shortcomings in

Earth system models, and uncertainties in the last millennium forcing reconstructions (Schmidt et al. 2012).
Potential model shortcomings include insufficient energy
cascades in models (Ferrari and Wunsch 2009), modeled
ocean–atmosphere interactions that are too weak (e.g.,
Cane 1998), or lack of modeled slow climate feedbacks
related to carbon cycling or ice sheets (e.g., Lovejoy et al.
2013; Bakker et al. 2017). In terms of coral biases, environmental stress may alter biological fractionation of stable isotopes in some corals (Damassa et al. 2006), and few
observations exist to calibrate coral records over centuryplus time scales. Moreover, proxies may track multiple
climate variables. For example, coral isotope records
reflect a mixed signal of temperature and salinity, which
have distinct spectra of variability. Combining SST and
sea surface salinity (SSS) in forward models shows that
trends (one possible source of apparent low-frequency
variability) in coral d18O are consistent with modeled
twentieth-century trends (Thompson et al. 2011).
The shape of the CMIP5-derived pseudocoral spectra
closely resembles the shape of CMIP5 SST spectra, and
local SSS is even more white than SST at the same
geographic locations (Fig. 17). Therefore, including
modeled SSS in our calculations does not resolve the
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FIG. 14. Variability in the scaling b of simulated temperature and precipitation. Standard deviation of b values (blue, yellow, and red
shading) in (a),(b) CESM LME, (c),(d) CMIP5 LM, and (e),(f) CMIP5 PIC simulations .500 yr in length that conducted the last millennium experiment for (left) surface temperature b and (right) precipitation b.

coral–CMIP5 spectral mismatch. Although forward
modeling of proxies using climate model data decreases
much of the interannual paleo-model frequency disagreement, neither proxy forward modeling (e.g., Dee
et al. 2017) nor inverse modeling (Laepple and Huybers
2014b) can remove the low-frequency (centennial–
millennial scale) proxy–model mismatch. However,
the proxy forward models used in these studies may
exclude processes that influence low-frequency climate variability.
The mismatch between coral and modeled variance
spectra may result from biases at either end of the frequency spectrum. Our coral analysis suggests that
CMIP5 models may overestimate relative high- versus
low-frequency variability in the tropical Pacific, consistent with previous work (e.g., Guilyardi et al. 2009; Ault
et al. 2013a; Bellenger et al. 2014; Henriksson et al.
2015). However, individual proxy records of surface

temperature indicate that CMIP5 models may underestimate local low-frequency temperature variability
(Laepple and Huybers 2014b). Despite the presence of
low-frequency internal processes in climate models,
such as centennial-scale variations in Pacific SST, deep
ocean circulation, and multicentury variability in interhemispheric ocean transport (Manabe and Stouffer
1996; Delworth and Zeng 2012; Karnauskas et al. 2012),
paleodata show local low-frequency temperature variability that is up to 100 times stronger (Laepple and
Huybers 2014b). This mismatch suggests that unless we
are misinterpreting paleoclimate records, the latest
generation of climate models substantially underrepresents low-frequency processes.
Additionally, missing or inaccurate external forcing
estimates used in the CMIP5 LM experiment could explain part of the paleo-model mismatch. Although there
is a short satellite record of solar activity, prior to the
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FIG. 15. Maps of mean temperature scaling b from the CESM last millennium ensemble. Shading indicates mean
surface temperature b maps of (a) all-forcing (N 5 10), (b) volcanic (N 5 5), (c) greenhouse gas (pre-1850) (N 5 3),
(d) land use (N 5 3), (e) orbital (N 5 3), (f) solar (N 5 3), and (g) control (N 5 1) runs of this ensemble.

satellite era, proxy and geophysical measurements
must be used to reconstruct solar activity, and the
magnitude of this presatellite era solar activity is not
well known (Schmidt et al. 2012). Furthermore, volcanic
eruptions drive stratospheric aerosol concentrations
in the last millennium experiment; these aerosols
block solar radiation from reaching Earth’s surface
and help drive short-lived cooling in CMIP5 models
(Masson-Delmotte et al. 2013). Various methods have
been used to infer the pre-instrumental concentration of
aerosols in the stratosphere; these methods often disagree in the magnitude of this forcing and each has

particular errors and uncertainties (Gao et al. 2008;
Crowley et al. 2008).

e. Role of external forcing in temperature variance
distributions
External forcing, such as solar and orbital variability,
is well expressed in multimillennial paleoclimate reconstructions (Masson-Delmotte et al. 2013). However,
in a comparison of individual forcing runs over the past
millennium in the CESM LME, solar and orbital forcing
do not appreciably change the relative strength of
low- versus high-frequency variance (Figs. 15e,f). An
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FIG. 16. Maps of temperature scaling b for CESM LME and NASA GISS-E2-R volcanically and non-volcanically
forced simulations. Surface temperature b maps of (left) CESM LME and (right) GISS-E2-R LM mean (a),(b)
volcanically forced, (c),(d) non-volcanically forced, and (e),(f) b anomaly (volcanic 2 nonvolcanic) maps. The map
in (a) includes the all-forcing (N 5 10) and the volcanic-only forcing (N 5 5) simulations. The map in (c) includes
the control (N 5 1), solar (N 5 3), orbital (N 5 3), land-use and land-cover (N 5 3), and greenhouse gas (N 5 3)
simulations. The map in (b) includes simulations (N 5 5) that also include solar, land-use and land-cover, greenhouse gas, and orbital forcing. The map in (d) includes simulations (N 5 2) that use solar, land-use and land-cover,
greenhouse gas, and orbital forcing.

underestimation of the magnitude of solar forcing in the
last millennium experiment, or the climate system’s
sensitivity to such forcing, could contribute to this paleomodel mismatch.
Various CMIP5 models also indicate that volcanic
forcing increases long-period temperature variability in
the climate system over both the last millennium and the
instrumental era (Zhong et al. 2011; Laepple and
Huybers 2014b; Henriksson et al. 2015; Vyushin et al.
2004; Vyushin and Kushner 2009). Indeed, the volcaniconly forcing in the CESM LME is the only external
forcing that seems to appreciably increase simulated
temperature b values (Fig. 15).
Although external (volcanic) forcing appears to increase low-frequency temperature variance in the
tropics in CMIP5, this forcing does not increase model
temperature b above AR(1) b values in the Pacific cold
tongue region (Figs. 6a, 2, and 3). We suggest that simulated interannual ENSO variance dominates the spectrum in ‘‘strong ENSO’’ models (such as BCC_CSM1.1,

CCSM4, CESM, and FGOALS) and that external natural forcing is insufficient to overpower the simulated highfrequency tropical internal variability (Ault et al. 2013a).
By contrast, ENSO variance plays a smaller role in
the overall spectrum in ‘‘weak ENSO’’ models (such as
GISS-E2-R). In these models, integration of shortlived volcanic forcing leads to a larger impact on temperature b in the tropics (Figs. 6, 10, and 16). Outside
the tropics, volcanic eruptions have a weaker impact on
temperature values of b in most CMIP5 models
(Fig. 6), likely because 1) the temperature impact of
eruptions is small compared to the large internal variability of temperature at high latitudes, and 2) lowfrequency internal variability already dominates the
spectrum at high latitudes in CMIP5 PIC (Fig. 6), so
volcanic forcing does not change the relationship of
low- versus high-frequency variance.
The nonvolcanic, preindustrial forcings do not appreciably impact the b values of temperature (Fig. 15).
If the forcing estimates and the modeled climate
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FIG. 17. (a) Instrumental and simulated SST; (b) simulated SST, SSS, and pseudocoral d18O; and (c) observed coral d18O and simulated
pseudocoral d18O spectra at PAGES 2k network coral d18O sites. Pseudocoral, temperature, and salinity data are from the NCAR CCSM4
LM and HIST simulation years that overlap with the PAGES 2k coral data. CCSM4 pseudocoral d18O calculated using the Thompson et
al. (2011) forward model, which applies a linear regression to combine temperature and salinity variability. Time series were not normalized prior to spectral estimation, so pseudocoral d18O (purple) and proxy d18O (dashed black line) can be directly compared. CCSM4
temperature (red) and instrumental temperature (black) spectra can also be directly compared. The salinity spectrum (blue) is in different
units, so only the shape of the estimated spectra can be compared to the other variables. Light colors denote maximum and minimum
spectral power across locations (see Table 2 for specific PAGES 2k site information), and dark lines denote mean of all sites. Instrumental
temperature datasets listed in section 2.

sensitivity to the forcing are correct, then this result
suggests that volcanic forcing is the primary external
forcing of simulated temperature of the preindustrial era
in the last millennium (850–1850 CE). By contrast, paleoclimate records suggest that solar (and internal)
variability influence decadal–centennial-scale temperature variability (Masson-Delmotte et al. 2013) and that
temperature impacts of volcanic forcing are limited to
interannual–decadal scales over the past 2000 yr
(Masson-Delmotte et al. 2013; Sigl et al. 2015).

f. Role of external forcing in precipitation variance
distributions
Although volcanic forcing impacts the temperature
spectrum in CESM and GISS-E2-R, external, preindustrial forcing has less impact on the modeled precipitation spectrum (Figs. 10d and 8d,f). Precipitation
b values in volcanically forced CMIP5 simulations are
slightly higher than b values in unforced simulations in
the tropics and at higher latitudes in the Northern
Hemisphere (Fig. 10). However, this result should be
interpreted cautiously. Previous work suggests that in
models, ENSO and the monsoon respond to volcanic
forcing in the opposite direction of that indicated by
paleoclimate records (Ault et al. 2013a; Anchukaitis

et al. 2010). This ambiguity contrasts with the impacts of
volcanic eruptions on temperature; paleoclimate data
agree with models that volcanic aerosols cause at least
short-lived cooling.

g. Global impact of tropical Pacific variance
Paleoclimate records from the tropical Pacific suggest
that low-frequency temperature variability should
dominate across the tropics, whereas CMIP5 models and
the relatively short observation record suggest the
temperature spectrum is either flat or dominated by
interannual variance in the cold tongue region (Fig. 8).
Tropical Pacific temperature variability has a near-global
climate imprint (e.g., Trenberth et al. 1998); power-law
behavior in the tropical Pacific therefore has the potential to impact variability in many regions. To examine
this possibility, we compare models that simulate weak
and strong low-frequency variability in the tropical Pacific. The models that simulate a tropical Pacific dominated by high-frequency variability tend to experience
less decadal–multidecadal drought in ENSO-teleconnected
regions (Figs. 18a–d), whereas prolonged drought is
more common in the models that simulate stronger lowfrequency Pacific variability. We also compare tropical
Pacific temperature variability to global temperature
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FIG. 18. Global impacts of CMIP5 LM Niño-3.4 region temperature scaling b. Scatterplots of mean Niño-3.4 region surface temperature
b value and mean per century 11- and 35-yr drought count in (a) WNA, (b) AUS, (c) AMAZ, and (d) MIDEAST in 10 CMIP5 LM
simulations (850–1850 CE). Scatterplots of mean Niño-3.4 region surface temperature b value and (e) global non-Niño-3.4 temperature
b and (f) global surface temperature EOF1 b. The R2 values from least squares fit line are displayed in legend boxes (see section 2).

variability in CMIP5 LM and find a strong correlation
between b values in the Niño-3.4 region and global
temperatures (Figs. 18e and 18f, respectively). Recent
work related to the slowdown of recent atmospheric
temperature increase supports our findings that Pacific
climate variability influences global atmospheric temperature variability (e.g., Trenberth and Fasullo 2013; Dai
et al. 2015; Thompson et al. 2015).

Although we observe a strong relationship among
tropical Pacific b and global temperature (and precipitation) b, correlation does not imply causation;
tropical Pacific temperature b may not directly impact
global temperature and precipitation variance distributions. These different parts of the climate system may all
experience low-frequency variability due to a combination of external forcing and internal dynamics that
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increases low-frequency variability globally and does
not necessarily originate in the tropical Pacific. Nonetheless, maps of CESM temperature b are strikingly
similar to ENSO-teleconnection maps in this model. In
fact, when we compare the absolute magnitude of the
local ENSO temperature teleconnection to local b from
the same CESM simulation, we find a strong relationship (r 5 20.60). This finding suggests that interannual
tropical Pacific variability can play an important role in
shaping temperature variance distributions in ENSOteleconnected regions, and ENSO biases in models may
impact regions far from the tropical Pacific.

5. Summary and conclusions
Accurate estimates of the spectrum of climate variability are essential to understanding the background
dynamics of climate itself. Low-frequency climate variability likely arises from a combination of physical
modes of variability and smoothing of weather noise by
oceans (Manabe and Stouffer 1996). One outcome of
our work is that we can identify where simulated climate
variability could arise solely from local autocorrelation
and where other factors also help determine the shape of
the spectrum.
Our analysis of CMIP5 precipitation and temperature
variability suggests that simulated precipitation is effectively atmospheric noise with little internal memory
or low-frequency variability, regardless of forcing, except over isolated patches of mid- and high-latitude
ocean regions (Figs. 12 and 13). By contrast, simulated
temperature is slightly red on interannual–century time
scales over most of the globe outside the tropics (Figs. 3
and 4) (Fredriksen and Rypdal 2016). Unforced CMIP5
models produce internally generated, significant lowfrequency temperature variability over most of the highlatitude oceans (Manabe and Stouffer 1996; Fredriksen
and Rypdal 2016). However, unforced CMIP5 temperature scaling is difficult to distinguish from a simple AR(1)
process across most of the tropics and midlatitudes;
outside the central and eastern tropical Pacific much of
this variability could arise from an integration of weather
noise by thermal inertia in the oceans. In forced CMIP5
simulations of the last millennium, low-frequency temperature variability, especially in the tropics, appears to
arise from the persistence of short-lived cooling from
volcanic eruptions.
Many CMIP5 models suggest that the variance spectrum of tropical temperature and precipitation is dominated by interannual variability. By contrast, many
paleoclimate records, including multicentennial coral records that should be robust at decade–century time scales,
suggest that low-frequency variability dominates the last
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millennium across the tropical oceans. Although the
tropical Pacific temperature spectrum in CMIP5 matches
well with the spectrum from the instrumental record over
interannual–decadal scales, the instrumental record is too
short to accurately resolve multidecadal–centennial-scale
frequencies, so we cannot independently test whether
paleoclimate records or climate models are more accurately representing the low-frequency behavior of
the climate system (Fig. 6a). The proxy–model mismatch could be attributed either to an unknown aspect
of the proxy system or to model variance that is
too strong on interannual scales and/or too weak on
multidecadal–millennial scales (Laepple and Huybers
2014b), perhaps due to model and/or forcing issues.
Clearly, CMIP5 models and paleoclimate data paint
drastically different pictures of the natural variability of
tropical climate. Especially in the near term, the natural
patterns of decade–century-scale variability will determine future climate and related risks. Understanding
and anticipating these risks requires a deeper knowledge
of the internal dynamics that lead to the apparent red
continuum of climate variability.
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