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Abstract 
Global mean surface air temperature (GMST) is one of the most well-known and 

robust measures of global climate change both contemporarily as well as through deep 

time. In contemporary climate science, the most often discussed causes of GMST change 

are referred to as external radiative forcings, which are considered to be exogenous to 

the atmosphere-ocean-land system and which impose a radiative energy imbalance (N) 

at the top of the earth’s atmosphere. Examples of external radiative forcings include 

changes in well-mixed greenhouse gas concentrations, changes in volcanic or 

anthropogenic aerosol loading, anthropogenic changes in land use, and changes in 

incoming solar radiation. The climate system can also produce unforced variability in 

GMST that spontaneously emerges from the internal dynamics of the land-atmosphere-

ocean system. Unforced GMST variability can emerge via a vertical redistribution of 

heat within the climate system. For example, there can be a net transport of energy from 

below the ocean’s mixed layer to the surface during an El-Niño event. Additionally, 

unforced GMST variability can be due to an unforced change in N. For example, an 

internally generated change in the strength of an ocean circulation could alter the extent 

of sea ice and thus change the Earth’s albedo. 

Understanding the magnitude and mechanisms underlying unforced GMST 

variability is relevant for both the attribution of past climate change to various causes, as 
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well to the prediction of future changes on policy-relevant timescales. However, the 

literature on unforced GMST variability, particularly at interdecadal and longer 

timescales, is inconsistent and there is significant disagreement on its magnitude, on its 

primary geographic origins, and on the physical mechanisms that are most responsible. 

This dissertation seeks to advance the scientific understanding of unforced 

GMST variability by addressing seven primary scientific goals: 1) To identify the 

geographic locations (and by proxy modes of variability) that are most responsible for 

unforced GMST variability in both the instrumental record and in coupled atmosphere-

ocean general circulation models (AOGCMs). 2) To identify the primary reasons why 

AOGCMs disagree on the magnitude of interdecadal unforced GMST variability. 3) To 

quantify the magnitude of unforced GMST variability in observations over the 

instrumental record as well as in multiproxy reconstructions over the past millennium. 

4) To quantify the degree to which unforced GMST variability is influenced by internally 

generated N energy imbalances. 5) To understand how anomalous N fluxes can 

influence large scale modes of surface temperature variability that affect GMST, such as 

the Atlantic Multidecadal Oscillation (AMO). 6) To understand the nature of the 

restoring force responsible for returning a perturbed GMST anomaly back to 

equilibrium; and 7) To understand how the magnitude and mechanisms of GMST 

variability might change in the future as the climate warms.  
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This research relies on the analysis of AOGCMs that participated in Phase 5 of 

the Coupled Model Intercomparison Project (CMIP5), satellite observations of the 

Earth’s energy budget from the Clouds and Earth’s Radiant Energy System (CERES), 

instrumental surface temperature observations from NASA GISS Surface Temperature 

Analysis (GISTEMP), atmospheric reanalysis data from the European Center for 

Medium-Range Weather Forecasts interim reanalysis (ERA-I) and surface temperature 

reconstructions over the past millennium from numerous multiproxy archives. 

This work has yielded six primary conclusions: I) Dynamics over the tropical 

Pacific Ocean represent the primary contributor to unforced GMST variability at 

interdecadal and longer timescales with lesser contributions from dynamics in the 

subpolar north Atlantic and Southern Ocean. II) AOGCMs tend to underestimate the 

magnitude of unforced GMST variability at interdecadal and longer timescales relative 

to both instrumental and reconstructed surface temperature datasets.  III) N imbalances 

tend to significantly enhance interdecadal GMST variability. IV) N imbalances can 

significantly enhance internal modes of variability such as the AMO. V) GMST is able to 

restore equilibrium after an internally generated perturbation via the transport of energy 

to high-latitude locations and via the rearrangement the atmospheric circulation; both of 

which allow for much more efficient release of outgoing longwave radiation (OLR) than 

would otherwise be expected.; and VI) The magnitude of interdecadal GMST variability 

is likely to decline and the generating mechanisms of such variability may be 
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fundamentally altered as climate warms over the 21st century. These results advance our 

fundamental understanding of unforced GMST variability and they have implications 

for attribution studies and may inform projections of climate change on interdecadal 

timescales.  
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List of commonly used terms, notation and 
abbreviations 

SAT – Surface air temperature (degrees Kelvin) 

GMST – Global mean surface air temperature (degrees Kelvin) 

Forced variability – Climatic variability, on annual to centennial timescales, that 

results from an agent that imposes a top-of-atmosphere radiative energy 

imbalance on the ocean-atmosphere-land system. 

Unforced variability – Climatic variability, on annual to centennial timescales, 

that emerges from the internal dynamics of the ocean-atmosphere-land system.  

TOA – Top of atmosphere 

N – Net anomalous top of atmosphere radiative imbalance (W/m2), positive 

down. Throughout this document, N is often decomposed into four linearly 

additive components (N = (clear SW) + (clear LW) + (CRE SW) + (CRE LW)) 

where clear SW is the clear-sky shortwave component, clear LW is the clear-sky 

longwave component, CRE SW is the cloud radiative effect shortwave 

component and CRE LW is cloud radiative effect longwave component.  

OLR – Outgoing longwave radiation (W/m2) 

TLR – Trapped longwave radiation (W/m2) 

RSW – Reflected shortwave radiation (W/m2) 

ASW – Absorbed shortwave radiation (W/m2) 
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1. Introduction  
Global mean surface air temperature (GMST) is one of the most recognized 

metrics of global climate change on a range of timescales. Changes in GMST can result 

from both external radiative forcings (Bindoff, 2013) as well as from internally generated 

unforced variability (Hasselmann, 1976; Hawkins and Sutton, 2009; Leith, 1978). 

External radiative forcings change GMST by imposing an energy imbalance at the top of 

the atmosphere (TOA) and include both anthropogenic (e.g., changes in greenhouse gas 

concentration, aerosols and land use) as well as natural (e.g., changes in solar radiation 

and volcanic aerosols) influences. Unforced variability in GMST emerges out of the 

internal dynamics of the ocean-atmosphere-land system, typically involving a vertical 

redistribution of heat within the climate system (e.g., the movement of heat between the 

ocean at depth and the atmosphere) (Meehl et al., 2013; Trenberth et al., 2002) and/or a 

change in the Earth's TOA energy balance (N) which affects the total amount of heat in 

the Earth system (Chapter 4; Palmer and McNeall, 2014).  

It is well-established that the observed centennial-scale warming of GMST since 

the industrial revolution has been primarily caused by external forcings, and increased 

greenhouse gas concentrations in particular (Bindoff, 2013). Equally well-established is 

that non-seasonal variability in GMST, on subdecadal timescales, tends to be dominated 

by unforced variability (Brown et al., 2012; Easterling and Wehner, 2009; Hawkins and 
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Sutton, 2009). The primary exception to this is the several-year cooling response 

following the injection of aerosols into the stratosphere after a major volcanic eruption.  

At interdecadal to centennial timescales, however, the magnitude of unforced 

GMST variability are still quite uncertain. This is exemplified by the ongoing debate 

concerning the relative importance of forced vs. unforced influences on interdecadal 

variability in the rate of warming over the 20th century (i.e., strong warming from the 

1910s to 1940s, steady temperatures until the 1970s, strong warming until the late 1990s). 

Several studies have argued that this variability (superimposed on top of long term 

forced warming) was a result of corresponding variability in external radiative forcings 

(Hansen et al., 2005; Stott et al., 2006; Stott et al., 2000; Wilcox et al., 2013; Wild, 2009). 

Alternatively, many studies suggest that these fluctuations have been caused by changes 

in sign of unforced modes of variability internal to the climate system (Chylek et al., 

2014; Crowley et al., 2014; England et al., 2014; Meehl and Teng, 2014; Swanson and 

Tsonis, 2009; Tung and Zhou, 2013; Wu et al., 2011). 

Even within the literature that attributes 20th century interdecadal GMST 

variation to unforced variability, there is substantial disagreement on what modes of 

variability (and thus geographic regions) are most associated with GMST changes. The 

two regions that are most often evoked as being particularly influential on interdecadal 

GMST variability are the North Atlantic Ocean and the Pacific Ocean. The North 

Atlantic is typically thought to influence GMST via the Atlantic Multidecadal Oscillation 
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(AMO; Kerr, 2000) and the Pacific Ocean is usually thought to influence GMST via low 

frequency variability in the El-Nino/Southern Oscillation (ENSO; Vimont, 2005; Zhang et 

al., 1997), the Interdecadal Pacific Oscillation (IPO; Power et al., 1999) or the Pacific 

Decadal Oscillation (PDO; Mantua et al., 1997). Most studies do not agree on the relative 

influence of these regions on GMST, and tend to emphasize either the North Atlantic’s 

influence (Chen and Tung, 2014; Chylek et al., 2014; DelSole et al., 2010; Delworth and 

Knutson, 2000; Hunt, 2011; Keenlyside et al., 2008; Kravtsov and Spannagle, 2008; 

McGregor et al., 2014; Muller et al., 2013; Schlesinger and Ramankutty, 1994; Semenov et 

al., 2010; Swanson et al., 2009; Tung and Zhou, 2013; Wu et al., 2011; Wyatt and Curry, 

2013; Zhang et al., 2007) or the Pacific’s influence (England et al., 2014; Huber and 

Knutti, 2014; Kosaka and Xie, 2013; Meehl et al., 2013; Meehl and Teng, 2014; Risbey et 

al., 2014; Trenberth and Fasullo, 2013). 

In addition to uncertainty in the magnitude and geographic origin of unforced 

GMST variability, there is large uncertainty on the source of the energy imbalance 

necessary to modulate GMST. Recent studies have mostly focused on unforced GMST 

variability associated with the efficiency of heat transport into the ocean below the 

mixed layer (Balmaseda et al., 2013; England et al., 2014; Guemas et al., 2013; Meehl et 

al., 2011; Meehl et al., 2013; Trenberth and Fasullo, 2013). This type of unforced GMST 

variability results primarily from a change in the distribution of heat within the climate 

system. However, unforced variability can also work to alter N via internal changes in 
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clouds, water vapor, lapse rate, and/or sea ice, which could affect GMST and the total 

amount of heat in the climate system (Palmer and McNeall, 2014; Trenberth et al., 2014). 

Understanding the magnitude and generating mechanisms of unforced GMST 

variability is critical for understanding past and predicting future climate change. For 

example, the attribution of 20th century climate change to an enhanced greenhouse effect 

(or any external radiative forcing) is generally done with coupled atmosphere-ocean 

general circulation models (AOGCMs). However, in order to have confidence in such an 

attribution, it is a prerequisite that the AOGCMs accurately simulate baseline unforced 

variability for the purpose of statistical hypothesis testing. Furthermore, projecting 

climate change at the interdecadal timescale requires a full understanding of the 

processes and modes that contribute most to unforced GMST variability.  

With the above issues in mind, this dissertation seeks to investigate the following 

questions: What geographic locations, and by proxy modes of variability, contribute 

most to unforced variability in GMST in both instrumental observations and in 

AOGCMs (Chapter 2)? Why do AOGCMs disagree on the magnitude of unforced GMST 

variability (Chapter 3)? What do instrumental observations over the 20th century and 

proxy reconstructions of over the past millennium tell us about the magnitude of 

unforced GMST variability and how does this magnitude compare to that simulated by 

AOGCMs (Chapter 2 and Chapter 4)? Does all unforced variability in GMST come about 

due to a redistribution of energy within the climate system or is some portion of 
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unforced GMST variability due to internally generated changes in N (Chapter 5)? Do 

large spatial scale modes of variability, like the Atlantic Multidecadal Oscillation, result 

entirely from the retribution of heat within the climate system or can they also be 

enhanced by N (Chapter 6)? If N imbalances do enhance regional and global surface 

temperature changes, how does the climate system restore equilibrium after an 

internally generated perturbation (Chapter 7)? Should we expect the magnitude and 

generating mechanisms of unforced GMST variability to remain the same as the 

underlying climate warms over the 21st century (Chapter 8)? 

This research makes substantial use of state-of-the-science AOGCMs that 

participated in Phase 5 of the Coupled Model Intercomparison Project (CMIP5) (Taylor 

et al., 2011). I use externally forced experiments in some instances (Chapter 2, 4 and 

Chapter 8) but focus primarily on the unforced control run experiments (Chapter 2-8). 

These experiments provide a unique laboratory to study the magnitude and 

mechanisms of GMST variability without the presence of external radiative forcings that 

potentially contaminate all observed and reconstructed datasets. Additionally, unforced 

control runs allow for the study of variability on interdecadal to centennial timescales 

which is not possible in many of the available observational datasets. Finally, AOGCMs 

allow for full accounting of the energy budget changes associated with GMST 

variability, which is also beyond the capabilities of our current observational archives. 
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Despite these advantages, unforced GMST variability in AOGCMs is an 

emergent property of the simulations and there is no assurance that this simulated 

variability will be realistic. Indeed, GMST variability on interannual timescales is 

heavily influenced by the El-Nino/Southern Oscillation (ENSO) (Risbey et al., 2014; 

Trenberth et al., 2002) and many AOGCMs still struggle with the precise magnitude and 

spectral characteristics of ENSO variability (Bellenger et al., 2013). Additionally, several 

studies have suggested that AOGCMs may systematically underestimate the magnitude 

of interdecadal unforced variability in the real climate system (Chapter 2; Chen and 

Tung, 2014; Fu, 2011; Kravtsov et al., 2014; Laepple and Huybers, 2014; Swanson et al., 

2009; Wyatt and Peters, 2012). Therefore, any inference made with a AOGCM must be 

checked against the best available observations. For surface temperature over the 

instrumental era, I rely on NASA GISS Surface Temperature Analysis (Chapter 2 and 

Chapter 4) because it has the most complete spatial coverage of the main instrumental 

datasets. In order to investigate variability at longer timescales and over time periods 

that do not overlap with the strong anthropogenic radiative forcing of the instrumental 

period, I utilize 15 multiproxy reconstructions of surface temperature that span the years 

1000 to 1850 (Chapter 4). In order to investigate observed top-of-atmosphere radiation 

variability, I utilize satellite observations of the Earth’s energy budget from the Clouds 

and Earth’s Radiant Energy System (Chapter 7) (Wielicki et al., 1996). Finally, in order to 
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track energy flows through the climate system over the recent past, I utilize data from 

the European Center for Medium-Range Weather Forecasts interim reanalysis (ERA-I). 
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2. Modes of Variability Responsible for Unforced GMST 
Variability 

2.1 Introduction 

This chapter investigates the geographic origin (and, by proxy, modes of 

variability) that drive unforced GMST change in both AOGCMs and over the 

instrumental record. Specifically, I investigate whether AOGCMs lend more support to 

the notion that interdecadal variability in GMST is associated with surface air 

temperature (SAT) variability in the North Atlantic or the Pacific. I also investigate 

whether there are other locations that influence interdecadal GMST variability in some 

AOGCMs and whether AOGCMs accurately simulate the magnitude of interdecadal 

GMST variability. Finally, I investigate the first-order physical processes that contribute 

to GMST variability in AOGCMs and whether there is any relationship between the 

magnitude of simulated GMST variability and the underlying modes associated with 

that variability. 

2.2 Regions of Significant Influence on GMST in Observations 
and AOGCMs 

Changes in GMST do not typically result from globally coherent variations in 

SAT. For example, it is well known that dynamics associated with the El Niño–Southern 

Oscillation (ENSO) can affect GMST (Foster and Rahmstorf, 2011; Privalsky and Jensen, 

1995; Trenberth et al., 2002; Wigley, 2000), but this effect is heavily influenced by SAT 
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anomalies in the central/eastern equatorial Pacific rather than emerging from a coherent, 

globally uniform change in SAT (Deser et al., 2010; Messié and Chavez, 2011; Trenberth 

et al., 2002). Therefore, it is reasonable to expect that SAT variation (and by proxy, 

modes of variability) will be more or less associated with GMST change depending on 

the region. 

In order to quantify the influence of various modes of variability on GMST, 

predefined climatic indices are sometimes compared to GMST via regression/correlation 

analysis. For example, Muller et al. (2013) performed cross-correlation analysis between 

various climate indices and land GMST, while others have used ENSO indices or the 

AMO as predictors of GMST in multiple linear regression analysis (Chylek et al., 2014; 

Foster and Rahmstorf, 2011; Zhou and Tung, 2012). Such methodology can be 

problematic if the climate index does not fully capture the underlying physical mode's 

influence on GMST. For example, the AMO is sometimes defined as the detrended, basin 

mean, sea surface temperature of the Atlantic from 0°N to 60°N (Enfield et al., 2001). 

However, temperatures do not necessarily vary coherently within this domain 

(Delworth et al., 2007; Deser et al., 2010; Zhang and Wang, 2013). If only part of this 

domain has a strong association with GMST, then the act of averaging over the entire 

domain will obscure this relationship. This is especially true in the case of the IPO and 

PDO indices which have positive and negative temperature anomalies incorporated into 

their characteristic pattern (Mantua et al., 1997; Power et al., 1999). Furthermore, an 
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underlying physical mode may work to influence GMST through complex 

teleconnections and feedbacks that may not be represented by a given index. 

To avoid the aforementioned difficulties, I refrain from using a priori defined 

climatic indices to represent modes of variability. Instead, I allow each AOGCM to 

present the global SAT patterns most associated with its unforced GMST variability. 

This general strategy has been successful at identifying the IPO as a primary mode 

responsible for interdecadal GMST variability in at least one AOGCM (Meehl et al., 2011, 

2013), but here I extend this strategy to 34 AOGCMs. In my methodology, I regress local 

SAT at each global grid location against GMST in each of the AOGCM's unforced control 

runs, at both the subdecadal and interdecadal timescales. Additionally, I define Regions 

of Significant Influence (ROSIs) on GMST, which are grid points that, at a given 

timescale, had the following characteristics: 

1) Local SAT and GMST had a statistically significant correlation (at 95% 

confidence level) at zero time lag, suggesting high coherence between a physical climatic 

mode at the given location and GMST. Statistical significance was calculated with a 

Monte Carlo method that accounted for persistence in the time series data. 

2) Local SAT change preceded GMST changes, suggesting that local dynamics 

were primarily influencing, rather than responding to, changes in the global climate. The 

lead-lag relationship was obtained by identifying the time lag with the highest cross-

correlation value between the local SAT time series and the GMST time series with a 
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maximum lag of ±6 months for the subdecadal timescale and ±24 months for the 

interdecadal timescale. Results are not overly sensitive to the maximum lag size. 

3) The linear regression coefficient (at zero time lag) between local SAT and 

GMST (“a” in Eq. (2.1)) was greater than 1, indicating that local SAT had larger-

magnitude variability than GMST 

SAT = a ∙ GMST + b.                                                                                                                  (2.1) 

This condition ensured that ROSIs would be regions where local SAT variability 

worked to enhance the magnitude of GMST variability. A regression coefficient less than 

1, even with a perfect correlation, would imply that local SAT variability worked to 

reduce the magnitude of GMST variability. However, results are not overly sensitive to 

the inclusion/exclusion of this criterion in the ROSI definition. 

The goal of imposing these constraints was to identify the locations over the 

globe that were most responsible for GMST variability while disregarding those 

locations that primarily responded to global variability or tended to damp GMST 

variability. 

It should be noted that other definitions of ROSIs are possible and the present 

definition excludes certain variability that could justly be argued to be “influential” on 

GMST. For example, local modes of variability may lag GMST in time but still play a 

major role in maintaining a GMST anomaly. Additionally, even if a local mode leads 

GMST, it may lead by a longer amount of time than the maximum lag length imposed in 
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the ROSI definition. For example, the North Atlantic Oscillation has been shown to lead 

Northern Hemisphere mean temperature by 15–20 years (Li et al., 2013). In this case the 

ROSI would not identify the “original cause” of the large-scale variability but rather a 

more proximate cause of the large-scale variability. 

2.3 Unforced Variability in AOGCMS and in Observations 

In order to identify the geographic locations that have the largest association 

with unforced GMST variability, it was necessary to isolate the unforced component of 

variability from both observations and AOGCMs. For AOGCMs, I utilized preindustrial 

control runs that incorporated no external radiative forcings, and thus, all variability 

was necessarily unforced. I used 34 of these runs (first 2400 months, deseasonalized) 

from the CMIP5 multimodel ensemble (Taylor et al., 2011) and removed any long-term 

model drift (via linear detrending at each global grid location) that may have been due 

to incomplete model spin-up. 

For observations I used the monthly GISTEMP analysis (Hansen et al., 2010) 

from 1880 to 2013. In order to obtain unforced variability from the observational record, 

it was necessary to remove the component of variability that resulted from external 

radiative forcings. This was done in two separate ways, referred to below as Method (1) 

and Method (2). 

In Method (1), unforced variability was obtained by subtracting the CMIP5 

“Historical” (1900–2005) and “RCP 6.0” (2006–2013) experiment ensemble mean 
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(representing externally forced variability) from the observational data set at each point 

in space and time (see Ting et al. (2009) for a detailed explanation of this method). Only 

those AOGCMs that participated in both the Historical and RCP 6.0 experiments were 

incorporated in the ensemble mean to avoid any discontinuities that might arise from 

different AOGCMs participating in each experiment. Method (1) presumes that the 

CMIP5 ensemble mean accurately represents the temporal and spatial structure of 

forced variability over the contemporary climate record. However, some studies have 

implied that the time-varying aerosol forcing in the CMIP5 historical experiment (which 

has a high degree of uncertainty (Hansen et al., 2011; Otto et al., 2013; Suzuki et al., 

2013)) has been “overfit” to interdecadal variations in GMST over parts of the twentieth 

century (Chylek et al., 2014; DelSole et al., 2010; Tung and Zhou, 2013; Wu et al., 2011), 

and thus, it masks some interdecadal unforced variability over that time (“overfitting” 

masks unforced variability by mistakenly attributing it to time-varying external 

forcings). To allow for this possibility, I also obtain unforced variability in the 

observational record via Method (2), in which time series were detrended with empirical 

mode decomposition (Huang et al., 1998) at every grid point. This method is similar in 

concept to a linear detrend except that it allows for the slope of the secular component 

(representing forced change) to vary in time, and thus, it is better suited than linear 

detrending for isolating unforced variability (Wu et al., 2011, 2007). 
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Once the unforced variability was obtained, both in AOGCMs and in 

observations, variations were decomposed into subdecadal and interdecadal 

components. The interdecadal component was identified with a low-pass filter (Locally 

Weighted Scatterplot Smoothing (Cleveland, 1979)) that passed variability on the 

timescale of 120 months (10 years) and longer (results are not particularly sensitive to the 

use of different low-pass filters or different cutoff timescales). The subdecadal 

component was defined as the residual of a given time series after the interdecadal 

component was subtracted. Grid level SAT time series as well as GMST time series were 

both decomposed into subdecadal and interdecadal components prior to subsequent 

analysis. 

2.4 AOGCM-by-AOGCM ROSIs 

2.4.1 Subdecadal Timescale Variability 

As stated above, a variety of methodologies have established that ENSO 

variability has an impact on GMST at subdecadal timescales (Foster and Rahmstorf, 

2011; Privalsky and Jensen, 1995; Trenberth et al., 2002; Wigley, 2000). However, 

Banholzer and Donner (2014) recently suggested that central Pacific El Niño events (i.e., 

Dateline El Niño or El Niño Modoki events (Ashok et al., 2007; Trenberth and Stepaniak, 

2001)) may have a much weaker influence on GMST than traditional eastern Pacific El 

Niño events. This result illustrates that there is still much to learn about the specific 

causes of unforced GMST variability, even at the subdecadal timescale, and thus, it is 
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useful to document the regions most associated with subdecadal GMST variability in 

CMIP5 AOGCMs. 

In all 34 AOGCMs, as well as in both observational estimates using different 

techniques to isolate unforced variability, there is a positive relationship between 

tropical Pacific SAT and GMST at the subdecadal timescale (Figure 2.1) and tropical 

Pacific SAT tends to lead GMST in time. Additionally, in every AOGCM but two (MRI-

CGCM3 and inmcm4), and in both observational estimates, the ROSI extended to the 

west coast of South America which supports the notion that traditional, eastern Pacific 

ENSO events have the largest impact on GMST (Banholzer and Donner, 2014). Most 

AOGCMs also had relatively large regression coefficients (a in Eq. (2.1)) in the Polar 

Regions and in the tropical Atlantic and Indian Ocean. These regions, however, were 

characterized by SAT variability that tended to lag behind the GMST, and thus, they 

were not classified as ROSIs. 
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Figure 2.1: Local unforced SAT regressed against unforced GMST at the subdecadal 
timescale. ROSIs are represented with stippling. Panels are arranged from top left to 

bottom right by the standard deviation of their subdecadal GMST time series (rankings 
are displayed in the panel headings). The red-framed panels correspond to observations. 
For observations, only those locations with continuous time series available from 1880 to 

2013 are colored. 

The standard deviations of the two observed subdecadal GMST time series were 

ranked seventeenth and eighteenth out of 36 (Figure 2.1), which suggests that there is 

not a systematic GMST magnitude bias in the multimodel ensemble (despite large biases 

from individual AOGCMs). Also, the fact that the two observational standard deviations 



 

17 

were so similar (~0.124 K for both Method (1) and Method (2)) indicates that this result is 

relatively insensitive to the method used to isolate unforced variability. 

2.4.2 Interdecadal Timescale Variability 

The eastern equatorial Pacific has been identified as a primary influence on 

subdecadal timescale GMST in numerous other studies with independent 

methodologies. Thus, the agreement of the ROSI methodology with these previous 

findings (Section 2.4.1) suggests that it may be useful for illuminating the locations most 

associated with unforced GMST variability on the interdecadal timescale as well. 

Figure 2.2 shows the regression coefficients between local SAT and GMST as well 

as the ROSIs at the interdecadal timescale. The AOGCMs display a much more diverse 

range of patterns for the interdecadal timescale than for the subdecadal timescale. 

Additionally, ROSIs tend to be more spatially heterogeneous and dispersed across the 

globe instead of being concentrated exclusively in a single region. 
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Figure 2.2: Same as Figure 2.1 but at the interdecadal timescale. Note that the panels are 
reordered by the standard deviation of their interdecadal component of GMST. The 

cluster assignment is discussed in section 2.5.1. 

Despite the large diversity of patterns apparent in Figure 2.2, only a few 

AOGCMs highlight the North Atlantic as a large ROSI (MIROC5, inmcm4, and GISS-E2-

R-p3), although many show positive regression coefficients there: ACCESS1-0, MIROC5, 

IPSL-CM5B-LR, CNRM-CM5, CSIRO-Mk3-6-0, GFDL-ESM2M, GISS-E2-R-p3, IPSL-

CM5A-LR, inmcm4, HadGEM2-CC, GFDL-ESM2-G, CMCC-CMS, and IPSL-CM5A-MR. 
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Many AOGCMs with large positive regression coefficients in the North Atlantic do not 

have ROSIs there because local SAT tends to lag, rather than lead GMST change. 

It is interesting to note, however, that even if the North Atlantic is not identified 

as a ROSI, dynamics in this region may affect unforced GMST variability through global 

teleconnections. In particular, relative warmth of the North Atlantic has been suggested 

to intensify the Pacific Walker Circulation and induce a negative IPO pattern in the 

Pacific (Chikamoto et al., 2012; Hong et al., 2013; Kucharski et al., 2011; McGregor et al., 

2014) which, in turn, is usually associated with unforced GMST cooling (Huber and 

Knutti, 2014; Kosaka and Xie, 2013; Meehl et al., 2011, 2013; Risbey et al., 2014; Trenberth 

and Fasullo, 2013). Under this paradigm, we may expect to see negative regression 

coefficients between North Atlantic SAT and GMST because a relatively cool North 

Atlantic should induce a weaker Pacific Walker Circulation, warmer central/eastern 

Pacific SATs, and warmer GMST overall. Several AOGCMs produce patterns 

reminiscent of this description (bcc-csm1-1, CMCC-CESM, CanESM2, and NorESM1-

MECESM1-BGC) but the majority do not. 

Most AOGCMs do indicate a large ROSI over the equatorial Pacific Ocean 

(ACCESS1-0, MIROC5, CNRM-CM5, CESM1-CAM5, CMCC-CESM, CSIRO-Mk3-6-0, 

MPI-ESM-PGMST, MIROC-ESM, IPSL-CM5A-MR, MPI-ESM-LR, MIROC-ESM-CHEM, 

ACCESS1, CanESM2, NorESM1, CESM1-WACCM, NorESM1, CESM1-BGC, CCSM4, 

CESM1-FASTCHEM, and inmcm4) which supports the results of a number of recent 
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studies (Huber and Knutti, 2014; Kosaka and Xie, 2013; Meehl et al., 2011, 2013; Risbey et 

al., 2014; Trenberth and Fasullo, 2013). However, some AOGCMs have very few ROSIs 

in the Pacific (or North Atlantic) and instead have ROSIs scattered across the globe 

(HadGEM2-CC and GFDL-ESM2G) or concentrated over the Southern Ocean/Antarctica 

(bcc-csm1-1-m, GFDL-CM3, bcc-csm1-1, GISS-E2-H-p3, MRI-AOGCM3, and GISS-E2-H-

p2). The diversity of patterns across the AOGCMs indicates that the results obtained 

from any single-model study should be interpreted with caution. 

Ideally, it would be possible to robustly assess AOGCM performance by 

comparing the regression patterns in Figure 2.2 to observations. Unfortunately, this task 

is challenging because the observational regression pattern and ROSI distribution are 

highly sensitive to the method used to isolate unforced variability at the interdecadal 

timescale (red-framed panels in Figure 2.2). When Method (1) is used, the Pacific's SAT 

field stands out as being particularly influential on unforced GMST; however, when 

Method (2) is used, the North Atlantic's SAT field appears to be more associated with 

GMST. The difference between the two methods is also quite apparent in the GMST time 

series (red-framed panels in Figure 2.3). Method (2) produces a large downward 

fluctuation from the early 1940s to the late 1970s and a subsequent upward fluctuation 

until the mid-2000s, consistent with the unforced oscillation identified in Swanson et al. 

(2009), Tung and Zhou (2013), and Wu et al. (2011). Conversely, Method (1) produces 

very little interdecadal unforced variability throughout the middle of the twentieth 
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century and then produces a large downward trend from the late 1990s to the present 

which corresponds to the recent AOGCM overestimation of global warming (Fyfe et al., 

2013). The disagreement between the two methods exemplifies the uncertainty of 

whether this interdecadal SAT variability, particularly over the North Atlantic region, 

can be attributed to time-varying aerosol forcing (Booth et al., 2012; Mann et al., 2014) or 

to unforced variability (Chylek et al., 2014; Ting et al., 2009; Tung and Zhou, 2013; Wu et 

al., 2011; Zhang et al., 2013). In particular, Method (1) attributes more twentieth century 

North Atlantic SAT variability to external aerosol forcings because of the region's 

proximity to strong aerosol emissions in the AOGCMs. However, it is possible that the 

aerosol forcing in some AOGCMs may be overfit to observations, and thus, Method (1) 

may mistake some unforced variability for forced variability (Zhang et al., 2013). This 

remains an unsettled issue, and the purpose of the present work is not to resolve it. 

Instead, I simply note that observational estimates of unforced interdecadal variability 

are highly sensitive to the method used to remove the forced component of variability. 

Additionally, the modeled regression patterns and ROSI distributions over the Southern 

Ocean and Antarctica are very difficult to compare to observations due to lack of data 

coverage until the latter part of the twentieth century. These factors combine to make it 

exceedingly difficult to assess the performance of the AOGCMs at this timescale. 

Furthermore, there is little difference between simulated interdecadal variability 

between AOGCMs that closely matched observed subdecadal variability and AOGCMs 
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that did not (Figure 2.4) indicating that subdecadal timescale skill is a poor constraint on 

interdecadal timescale features. 

 

Figure 2.3: Unforced GMST time series for 34 AOGCMs (first 2400 months of unforced 
control run) as well as for observations from 1880 to 2013 (using two different methods 
to remove the forced component of variability). The red-framed panels correspond to 

observations. 
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Figure 2.4: Comparison of interdecadal features for AOGCMs separated by their skill at 
reproducing the observational SAT vs. GMST regression pattern at the subdecadal 

timescale. a) Mean interdecadal SAT vs. GMST regression pattern for AOGCMs with 
good skill at reproducing the observed SAT vs. GMST regression pattern at the 

subdecadal timescale. b) Mean interdecadal SAT vs. GMST regression pattern for 
AOGCMs with poor skill at reproducing the observed SAT vs. GMST regression pattern 

at the subdecadal timescale. c) Comparison of the GMST standard deviation between 
AOGCMs with good (left) and poor (right) skill at reproducing the observed SAT vs. 

GMST regression pattern at the subdecadal timescale. 

Despite the differences in the phasing of the observed unforced interdecadal 

GMST variability between Method (1) and Method (2), Figure 2.3 indicates that the 

magnitude of unforced GMST variability is relatively consistent. The two observational 

GMST time series had similar standard deviations (0.09 K for Method (1) and 0.1 K for 

Method (2)) and were ranked third and fourth out of 36. This suggests that the simulated 

interdecadal GMST variability in the CMIP5 multimodel ensemble may be biased low on 
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average (this finding is also supported by the spectral comparison shown in Figure 2.5). 

In particular, the low bias appears to be a due mostly to reduced interdecadal variability 

simulated over most of the world oceans relative to observations (Figure 2.6). It should 

be noted, however, that the recent downward fluctuation apparent in the Method (1) 

time series might be inflated if the increase in radiative forcings has been overestimated 

over the past decade (Fyfe et al., 2013; Schmidt et al., 2014). 

 

Figure 2.5: Power spectral density (K2/month) of GMST for unforced AOGCM runs 
(black lines) and estimates of the unforced component from observations (Method 1: 

blue line, Method 2: red line). The green dashed line marks the 10-year period and thus 
separates the subdecadal from the interdecadal timescale. Despite the differences in 

phasing between the unforced variability obtained from Method 1 and Method 2 (Figure 
2.3), both methods indicate that most AOGCMs underestimate the magnitude of 

unforced variability at the longest periods (lowest frequencies). 
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Figure 2.6: Spatial pattern of the AOGCM (shortened to GCM in the figure) mean 
standard deviation of SAT at both timescales (top) and the difference between the GMST 
mean standard deviation of SAT and observations using Method 1 (middle) and Method 

2 (bottom) to remove forced variability. 

2.5 Patterns Across the Multimodel Ensemble 

2.5.1 Multimodel Mean Regression Patterns 

Figure 2.7 shows the AOGCM mean regression relationship between local SAT 

and GMST at both the subdecadal and interdecadal timescales (Figures 2.7a–2.7c) as well 

as the cumulative spatial distribution of ROSIs (i.e., the number of AOGCMs that 

identified a given grid location as a ROSI) (Figures 2.7d–2.7f). For the interdecadal 

timescale, there was sufficient diversity among SAT versus GMST regression patterns 
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(Figure 2.2) to support separating the AOGCMs into categories prior to averaging across 

models. Separating the AOGCMs into two categories with k-means clustering (Mucha, 

1986) was useful in this regard as it divided the AOGCMs with a large Southern Ocean 

emphasis in their SAT versus GMST regression pattern from those with more of an 

emphasis on the Pacific Ocean (the cluster assignment for each AOGCM is shown in 

Figure 2.2). In order to gain insight on the underlying physical processes responsible for 

the simulated unforced GMST variability, AOGCM mean maps of anomalous sea level 

pressure (SLP, Figures 2.7g–2.7i), surface upward energy flux (Qsfc, Figures 2.7j–2.7l), 

and top-of-atmosphere downward radiative flux (N, Figures 2.7m–2.7o) regressed 

against GMST are also shown (a positive sign for either Qsfc or N indicates anomalous 

energy flux into the atmosphere). SLP is useful for assessing how large-scale 

atmospheric circulation and mass change with GMST, while Qsfc and N give insight into 

the geographic locations of anomalous energy flow into and out of the atmosphere 

associated with GMST variation. In order to identify the most robust patterns, I focus 

here on the AOGCM mean results across the three categories (Subdecadal Timescale, 

Interdecadal Timescale Cluster 1, and Interdecadal Timescale Cluster 2). 



 

27 

 

Figure 2.7: Local surface air temperature (SAT), sea level pressure (SLP), net upward 
surface energy flux (Qsfc), and net downward top-of-atmosphere radiative flux (N) 

regressed against GMST for each AOGCM and then averaged across AOGCMs for the 
(a, d, g, j, and m) subdecadal and interdecadal timescales ((b, e, h, k, and n) Cluster 1 and 
(c, f, i, l, and o) Cluster 2). The total number of ROSIs (summed across the AOGCMs) at 
each grid location is shown in the second row. The cluster assignment of each AOGCM 

at the interdecadal timescale is shown in Figure 2.3. 

 

2.5.1.1 Subdecadal Timescale 

At the subdecadal timescale, the central equatorial Pacific represents a 

particularly influential location on GMST (Figures 2.7a and 2.7d). GMST tends to be 
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anomalously high (low) when there is anomalously high (low) SLP over the western 

Pacific Ocean and Indian Ocean (Figure 2.7g). Such a SLP pattern is associated with 

weakened (strengthened) easterly equatorial trade winds and an anomalously warm 

(cool) eastern Pacific due partly to decreased (increased) upwelling from below the 

thermocline as well as the advection of anomalously warm (cool) surface water from the 

western (eastern) Pacific (Neelin et al., 1998). 

The relationship between Qsfc in the equatorial Pacific and GMST indicates that a 

large portion of unforced variability in GMST can be traced to the anomalous 

sequestration (La Niña) and release (El Niño) of heat over the equatorial Pacific Ocean 

(Figure 2.7j). There is also a large positive Qsfc anomaly in the north-central Pacific on 

subdecadal timescales which comes about because El Niño (La Niña) events are 

associated with enhanced (reduced) convection at the equator (Trenberth et al., 1998) 

and a quasi-stationary Rossby wave response that causes a stronger (weaker) Aleutian 

Low. The change in the Aleutian Low strength implies anomalous northerly (southerly) 

winds over the north-central Pacific and thus anomalously positive (negative) Qsfc 

(Alexander, 1990; Alexander et al., 2002; Emery and Hamilton, 1985; Lau and Nath, 1994; 

Wang et al., 2012). The opposite is the case along the west coast of North America, which 

gives rise to the “horseshoe-like” dipole pattern in North Pacific SAT (Figure 2.7a). 

Positive (negative) GMST anomalies are also associated with anomalously positive 

(negative) downward N imbalances over the equatorial Pacific (Figure 2.7m). These 
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imbalances are likely due to the ENSO shortwave heat flux feedback (Bellenger et al., 

2013; Bony et al., 1997) in the eastern equatorial Pacific and changes in outgoing 

longwave radiation (due to changes in convection and atmospheric water vapor) in the 

western equatorial Pacific (Figure 2.8). These anomalous imbalances are partially offset 

by anomalies of the opposite sign over the subsident regions of the circulation in the 

subtropical Pacific in both hemispheres (Chapter 7). 

 

Figure 2.8: Local net downward top of atmosphere radiative flux (N), absorbed 
shortwave radiation (ASW), and negative outgoing longwave (trapped longwave 
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radiation: TLR) regressed against GMST for each AOGCM and then averaged across 
AOGCMs for the subdecadal (left column) and interdecadal (right column) timescales. 

2.5.1.2 Interdecadal Timescale 

At the interdecadal timescale, Cluster 1's SAT regression pattern (Figure 2.7b) 

and ROSI distribution (Figure 2.7e) are suggestive of a large influence from low-

frequency ENSO variability and/or the IPO on GMST. For Cluster 1, anomalously high 

(low) SLP over the western Pacific and Indian Ocean (Figure 2.7h) implies relaxed 

(enhanced) easterly trade winds which can cause the circulation of the Pacific shallow 

overturning cells to weaken (strengthen), leading to anomalously low (high) subsidence 

of warm water (England et al., 2014; Meehl et al., 2013) and anomalously high (low) Qsfc 

over the western equatorial Pacific (Figure 2.7k). For Cluster 2, the SAT regression 

pattern (Figure 2.7c) and ROSI distribution (Figure 2.7f) are suggestive of a large 

influence from low-frequency variability over the Southern Ocean. The SLP anomalies 

over much of the midlatitudes are of the same sign but less intense than in Cluster 1 

(Figure 2.7i), except over the Southern Ocean and Antarctica where the positive 

relationship between SLP (e.g., the Southern Annular Mode) and GMST is much 

stronger. 

High (low) GMST in both interdecadal clusters is associated with anomalously 

high (low) Qsfc over parts of the Southern Ocean (Figures 2.7k and 2.7i). For Cluster 1, 

this may be due to a teleconnection between the sea ice extent over the Pacific-facing 

Southern Ocean and interdecadal ENSO variability (Okumura, 2013; Yuan, 2004). For 
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Cluster 2, the large magnitude and spatial extent of the Qsfc versus GMST regression 

pattern over the Southern Ocean suggest that dynamics involving variability in 

Antarctic Bottom Water formation and sea ice feedbacks may play a critical role in 

GMST variability in these AOGCMs (Latif et al., 2013; Martin et al., 2013). 

Both Cluster 1 and Cluster 2 appear to receive at least some GMST variability 

from the Atlantic Ocean. In particular, when GMST is high (low), the North Atlantic 

Oscillation (Hurrell, 1995) tends to be positive (negative) (Figures 2.7h and 2.7i), and Qsfc 

over the subpolar North Atlantic tends to be anomalously positive (negative), indicating 

a large anomalous flux of energy into (out of) the atmosphere (Figures 2.7k and 7i). This 

would suggest that high (low) GMST occurs during periods of high (low) oceanic heat 

convergence associated with corresponding changes in the Atlantic Meridional 

Overturning Circulation (AMOC) (Gulev et al., 2013). However, since there is not a 

significant ROSI count over the subpolar North Atlantic (Figures 2.7e and 2.7f), the 

AMOC influence on GMST in these AOGCMs may be nonlocal (i.e., the AMOCs 

influence may not be communicated through its effect on local SAT). This is consistent 

with the finding that variability in the AMOC is not independent from IPO variability in 

at least one AOGCM (Meehl et al., 2013). 

Anomalous N flux also plays a role in interdecadal GMST variability for both 

clusters (investigated further in Chapter 4, and 7). Specifically, anomalously high (low) 

GMST is associated with anomalously positive (negative) N flux over the central and 
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eastern Pacific in Cluster 1 (Figure 2.7n). The eastern equatorial Pacific is characterized 

by large-scale atmospheric subsidence, relatively cool surface temperatures (for the 

latitude) and marine stratiform clouds (Klein and Hartmann, 1993) that have a net 

cooling effect on the surface (Hartmann et al., 1992). Therefore, a decrease (increase) in 

these clouds due to SAT warming (cooling) and increased (decreased) convection should 

cause a positive (negative) N anomaly (Sun et al., 2003; Wallace et al., 1989) which can 

enhance (suppress) the initial SAT anomaly (Figure 2.8). In the western Pacific, SAT 

warming (cooling) is associated with increased (decreased) deep convective towers and 

atmospheric water vapor that can reduce (increase) OLR sufficiently to cause a positive 

(negative) N anomaly (Figure 2.8). Anomalously high GMST is also associated with 

anomalously positive N over the Weddell Sea in both clusters (more so in Cluster 2 

(Figure 2.7o) than in Cluster 1 (Figure 2.7n)). This provides evidence that many 

AOGCMs may have positive feedbacks on their unforced GMST variability that involve 

sea ice (investigated further in Chapter 3). 

2.5.2 Relationship Between the Magnitude of GMST Variability and Its 
Underlying SAT, SLP, Qsfc, and N Regression Patterns 

Figures 2.1 and 2.2 are ordered in terms of the standard deviation of GMST at 

their respective timescales. From visual inspection, AOGCMs with more variable GMST 

tend to have different SAT versus GMST regression patterns than AOGCMs with less 

variable GMST. For example, at the subdecadal timescale (Figure 2.1), several of the 

AOGCMs with the most variable GMST (top left of Figure 2.1) have a higher positive 
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SAT versus GMST regression coefficient over the tropical eastern Pacific and a more 

negative SAT versus GMST regression coefficient over the midlatitude western Pacific in 

both hemispheres. This leads to the supposition that the magnitude of a AOGCM's 

GMST variability may be related to its underlying SAT versus GMST regression pattern. 

In order to investigate this, I regressed the local SAT versus GMST pattern for each 

AOGCM against the corresponding standard deviation of each AOGCM's GMST. 

Regression coefficients were calculated across AOGCM space in a manner similar to an 

analysis performed by Soden and Vecchi (2011). The intermodel regression slopes are 

mapped in Figure 2.9 along with analogous calculations applied to the regression 

coefficients of SLP versus GMST, Qsfc versus GMST, and N versus GMST. 
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Figure 2.9: Across-model regression of the regression coefficient of the listed variable 
versus GMST against the standard deviation of GMST at that timescale. Positive 

(negative) values indicate that AOGCMs with higher (lower) regression coefficients 
between the listed variable and that AOGCM's GMST tend to have a more (less) variable 

GMST at that timescale. Statistical significance of the across-model linear regression is 
stippled. 

The subdecadal (SAT versus GMST) versus STDEV(GMST) plot (Figure 2.9a) 

indicates that AOGCMs with more variable GMST tend to have a more emphasized 

ENSO-like pattern with larger SAT versus GMST regression coefficients in the tropical 

Pacific as well as over Alaska and the southeast Pacific. Additionally, AOGCMs with 

more variable subdecadal GMST tend to have smaller SAT versus GMST regression 
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coefficients over much of North America, Eurasia, and Antarctica. This indicates that 

there is less land and polar amplification of ENSO SAT response in AOGCMs with more 

variable GMST. On the other hand, at the interdecadal timescale, AOGCMs with more 

variable GMST tend to have a less emphasized ENSO/IPO SAT versus GMST regression 

pattern (Figure 2.9b). Instead, AOGCMs with more variable GMST have a much 

stronger SAT versus GMST regression slope over the Weddell Sea and the Indian and 

Atlantic sectors of the Southern Ocean. 

The subdecadal (SLP versus GMST) versus STDEV(GMST) pattern also indicates 

that ENSO-like variability is emphasized more in AOGCMs with large GMST variance. 

In particular, SLP tends to decrease more in the eastern Pacific and increase more over 

the Indian Ocean per degree of GMST warming (Figure 2.9c) for AOGCMs with more 

variable GMST. On the other hand, the opposite pattern is found at the interdecadal 

timescale where AOGCMs with more variable GMST tend to have a less-positive 

regression coefficient between SLP and GMST over the Indian Ocean and a less-negative 

regression coefficient over the eastern Pacific (Figure 2.9d). 

At the subdecadal timescale, the (Qsfc versus GMST) versus STDEV(GMST) plot 

(Figure 2.9e) indicates that larger anomalous heat fluxes over the tropical Pacific and 

northwest Pacific (per degree of GMST change) are associated with more variable 

GMST. Additionally, the subdecadal (N versus GMST) versus STDEV(GMST) (Figure 

2.9g) looks similar to the N versus GMST pattern (Figure 2.7m) which indicates that 
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larger positive TOA feedbacks in the central equatorial Pacific are associated with more 

variable GMST. 

At the interdecadal timescale, the (Qsfc versus GMST) versus STDEV(GMST) and 

the (N versus GMST) versus STDEV(GMST) (Figures 2.9f and 2.9h) are relatively noisy, 

and there are only a few locations with statistically significant intermodel regressions. It 

is the case that more N and Qsfc flux (per degree of GMST change) over parts of the 

Southern Ocean near Antarctica is associated with more variable GMST. In particular, 

AOGCMs with more variable GMST tend to have larger changes in absorbed shortwave 

radiation in these regions (Figure 2.10), implicating positive feedbacks involving sea ice. 

This may imply that AOGCMs that simulate the type of variability described in Latif et 

al. (2013) and Martin et al. (2013) are more likely to produce large-magnitude 

interdecadal GMST variability (investigated further in Chapter 3). More variable GMST 

is also associated with less N flux (per degree of GMST) over the tropical eastern Pacific, 

which further supports the notion that AOGCMs with more variable GMST tend to have 

less of an emphasis on the IPO and more of an emphasis on dynamics in the Southern 

Ocean. 
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Figure 2.10: Same as Figure 2.9 but with N broken down into components from 
absorbed shortwave radiation (ASW) and the negative of outgoing longwave radiation 

(trapped longwave radiation: TLR). 

2.6 Summary 

I have performed a regression analysis between local SAT and GMST variability 

in both AOGCMs and instrumental observations in order to document the geographic 

locations that are most associated with unforced GMST variability at both the 

subdecadal and interdecadal timescales. I defined Regions of Significant Influence 
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(ROSIs) on GMST which are locations that had statistically significant SAT versus GMST 

correlations, had SAT that led GMST in time, and had a SAT versus GMST regression 

coefficient greater than 1 meaning that local SAT variability tended to enhance rather 

than damp GMST variability. 

This chapter confirms that almost all CMIP5 AOGCMs act in accordance with the 

established finding that subdecadal timescale GMST variability is associated with ENSO 

activity. In particular, GMST variability tends to be associated with equatorial Pacific 

SAT anomalies that extend to the west coast of South America supporting recent 

observationally based findings (Banholzer and Donner, 2014). It was shown that the 

anomalous energy necessary to change subdecadal GMST comes primarily from the 

tropical and northern Pacific Ocean (with contributions from positive feedbacks at the 

top of the atmosphere in the equatorial Pacific). Additionally, the magnitude of 

AOGCM-simulated subdecadal variability was not systematically biased (i.e., there were 

roughly an equal number of AOGCMs that overestimated the magnitude as 

underestimated the magnitude compared to observations). At the subdecadal timescale, 

higher amplitude ENSO-like spatial patterns (per degree of GMST change) were shown 

to be associated with more variable GMST across the AOGCMs. 

On the interdecadal timescale, the CMIP5 AOGCMs are relatively inconsistent in 

the spatial patterns that are most responsible for variability in GMST, and thus, any 

results from single-model studies should be interpreted with caution. Overall, most 
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AOGCMs display a ROSI pattern that emphasizes the Pacific Ocean and is reminiscent 

of the Interdecadal Pacific Oscillation (IPO). The North Atlantic (i.e., AMO) does not 

stand out as being particularly influential on GMST in most AOGCMs. Interestingly, 

SAT over the Southern Ocean especially near the Weddell Sea does have a strong 

association with GMST variability in many AOGCMs. Interdecadal GMST variability 

tends to be enhanced due to anomalous heat flux at the ocean surface (over the western 

equatorial Pacific, the Southern Ocean, and the subpolar North Atlantic) as well as at the 

top of the atmosphere (over the equatorial and eastern Pacific, over the Weddell Sea, and 

over Baffin Bay and the Greenland Sea). 

For interdecadal variability, observational regression patterns between SAT and 

GMST as well as the ROSI distribution were very sensitive to the method used to 

remove the forced variability from the record, making it difficult to validate the 

AOGCMs. The magnitude of unforced interdecadal GMST variability in observations, 

however, was relatively insensitive to the method used to remove the forced variability. 

The magnitude of observed unforced GMST variability was larger than in 32 AOGCMs 

(out of 34), which indicates that the AOGCM ensemble may systematically 

underestimate unforced GMST variability at the interdecadal timescale. AOGCMs with 

more variable GMST tend to have less of an emphasis on their tropical Pacific SAT 

versus GMST pattern and more of an emphasis on their Southern Ocean SAT versus 
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GMST pattern indicating that AOGCMs with more vigorous Southern Ocean variability 

may be better able to simulate the correct magnitude of GMST variability. 
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3. The Large Disagreement on the AOGCM-simulated 
Magnitude of Unforced GMST Variability 

3.1 Introduction 

AOGCMs provide a potentially useful tool for studying the magnitude of 

unforced GMST variability at the interdecadal timescale. As was seen in Chapter 2, 

however, the current generation of climate models (CMIP5 (Taylor et al., 2011)) exhibits 

an approximate factor-of-four spread in the magnitude of simulated interdecadal GMST 

variability and thus they provide little help in constraining the possible magnitude of 

GMST variability in the true climate system (Figure 2.3). The purpose of the present 

chapter is to identify the geographic locations and first-order physical mechanisms 

responsible for this large spread. All the analysis of this chapter is in regards to 

interdecadal variability but I will often neglect the term interdecadal for brevity. The 

results of this chapter may lead to the identification of AOGCMs that simulate the most 

realistic GMST variability, and they may help inform future model development. 

3.2 Methods 

3.2.1 Data Preprocessing 

All CMIP5 output was regridded from each model’s native grid to a common 

2° × 2° grid via bilinear interpolation so that values could be compared at the same 

locations. All time series were linearly detrended at the grid level prior to subsequent 

analysis so as to avoid contamination from unphysical model drift. Detrending with 

cubic polynomials does not alter the conclusions of this chapter.  
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3.2.2 Convergence of vertically integrated atmospheric energy 
transport 

In the analysis that follows, I define an estimate of the convergence of the 

vertically integrated atmospheric energy transport (AET): 

-∇·AET(θ,ϕ)=-1(N(θ,ϕ)+Qsfc(θ,ϕ)),                                                                                       (3.1) 

(Trenberth et al., 2002). I use this variable to illustrate the amount of energy flux 

variability at a given location originating simultaneously from the upper and lower 

borders of the atmospheric column.  

3.3 Geographic origin of the across-model spread in GMST 
variability magnitude 

Numerous recent studies have suggested that GMST variability is primarily 

generated by dynamics centered on the equatorial Pacific Ocean (Chapter 2; England et 

al., 2014; Huber and Knutti, 2014; Kosaka and Xie, 2013; Liu et al., 2016; Maher et al., 

2014; Meehl et al., 2011; Meehl et al., 2013b; Middlemas and Clement, 2016; Risbey et al., 

2014; Roberts et al., 2015; Trenberth and Fasullo, 2013; Watanabe et al., 2014). Therefore, 

a reasonable hypothesis might be that the large across-model spread in the magnitude of 

GMST variability can be explained by the across-model spread in the magnitude of 

unforced variability in local SAT over certain regions in the tropical Pacific Ocean. 

Under this hypothesis, models would disagree on the magnitude of the dynamics that 

are most responsible for generating GMST variability in the first place. I test this 
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hypothesis by performing across-model regressions of the magnitude (temporal 

standard deviation) of GMST variability against the magnitude of SAT variability 

averaged over several standard regions typically used to characterize Pacific Ocean 

variability: the Niño 1+2 region (0-10°S, 90°W-80°W), the Niño 3 region (5°N-5°S, 150°W-

90°W), the Niño 3.4 region (5°N-5°S, 170°W-120°W), and the Niño 4 region (5°N-5°S, 

160°E-150°W). I find that the across-model spread in the magnitude of SAT variability 

over these four regions can only explain a trivial fraction of the across-model spread in 

the magnitude of GMST variability (r2 values of 0.08, 0.04, 0.03, and 0.03 for the 

respective Niño regions, Figure 3.1) and that none of the relationships are statistically 

significant at the 95% confidence level (P values of 0.1, 0.23, 0.32, 0.36, for the respective 

Niño regions). This indicates that the regions that are likely most responsible for 

generating GMST variability in these AOGCMs do not tend to be the regions responsible 

for creating the large spread in the simulated magnitude of GMST variability. 
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Figure 3.1: Across-model regression coefficient of the magnitude (temporal standard 
deviation) of SAT variability averaged over the labeled region against the magnitude of 

GMST variability. Each dot represents a model and the ordinary least-squares line of 
best fit is shown. r2 and P-values are shown in the title of each panel. Results are similar 

when sea surface temperature is used rather than surface air temperature. 

 

Rather than testing predefined regions to see if their SAT variability magnitude 

might have explanatory power on the spread of the GMST variability magnitude, we 

can identify the regions with the most influence on the GMST variability spread by 

performing the same across-AOGCM regressions discussed above (magnitude of SAT 

variability against the magnitude of GMST variability, across model-space) at every grid 
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location (Figure 3.2a). This procedure indicates that the dominant contribution to the 

across-model spread in the magnitude of GMST variability originates from the spread in 

the magnitude of SAT variability over high-latitude regions. There is some influence 

originating over the North Pacific, Western North America, and other sporadic regions, 

but the Southern Ocean (SO, ocean south of ~55°S) and the Subpolar North Atlantic 

(SNA, Atlantic Ocean between ~50°N and ~70°N) stand out as being principally 

responsible for the spread in the magnitude of GMST variability. 

 

Figure 3.2: Across-model characteristics of SAT variability. a, Across-model regression 
coefficient of the magnitude of SAT variability against the magnitude of GMST 

variability. Positive (negative) values indicate where AOGCMs with larger-magnitude 
GMST variability tend to have larger (smaller) - magnitude SAT variability. Stippling 

represent statistical significance at the 95% confidence level. b, Multi-model mean of the 
climatological magnitude of SAT variability. c, 90th Percentile minus the 10th percentile 
of the across-model distribution of the magnitude of SAT variability. d, 90th Percentile 

divided by the 10th percentile of the across-model distribution of the magnitude of SAT 
variability. 
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The considerable explanatory power of SAT variability magnitude in the SO and 

SNA may be due to the large climatological magnitude of SAT variability in these 

regions (Figure 3.2b). This is because the impact of the across-model spread on GMST 

variability will naturally be enhanced where the climatological magnitude of 

temperature variability is highest. This phenomenon is exemplified by the similarity in 

the spatial pattern of the climatological SAT variability magnitude (Figure 3.2b) and the 

spatial pattern of the absolute width of the across-model spread in SAT variability 

magnitude (width defined here as the difference between the 90th and 10th percentile of 

the inter-model distribution of the SAT variability temporal standard deviation at each 

grid point, Figure 3.2c).  

However, even a normalized measure of the across-model width of the SAT 

variability distribution (the ratio of the 90th to the 10th percentile of the distribution in 

SAT variability temporal standard deviation at each grid point, Figure 3.2d) produces 

local maxima over the SO and SNA. This indicates that the large climatological 

magnitude of SAT variability over the SO and SNA is not the entire explanation for the 

prominence of these regions in explaining the GMST variability spread; there is also 

particular inter-model disagreement on the magnitude of SAT variability in these 

regions. 
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3.4 Generating mechanisms of high-latitude SAT variability and 
its relationship with GMST variability 

In order to understand the inter-model disagreement in SO/SNA SAT variability 

magnitude, it is important to understand the mechanisms that generate SAT variability 

in these regions. SAT variability over deep/bottom water formation regions is heavily 

influenced by anomalous oceanic convection, overturning, and air-sea heat exchange 

(Buckley and Marshall, 2016). This is corroborated by the finding that the SO and SNA 

are characterized by particularly large interdecadal sea surface height variability (Figure 

3.3f) and mixed layer depth variability (Figure 3.3e) in these models. Sea surface height 

can be considered a proxy for column-integrated ocean heat content (Behrens et al., 

2016) and mixed layer depth can be considered a proxy for oceanic convection (Behrens 

et al., 2016). The SO and SNA are also characterized by large climatological sea-ice extent 

variability (Figure 3.3d) which can enhance surface heat flux variability (Figure 3.3b) by 

altering the portion of the ocean that is physically isolated from the atmosphere, as well 

as by affecting oceanic convection by changing sea surface salinity/density (Behrens et 

al., 2016). Additionally, sea ice variability influences albedo and thus variability in the 

TOA energy budget (Figure 3.3a). The combined influence of surface and TOA energy 

flux variability can be seen through the convergence of atmospheric energy transport 

(Figure 3.3c). This measure indicates that the SO and SNA are both key regions 

contributing to interdecadal variability in the global atmospheric energy budget in 

CMIP5 models. 
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Figure 3.3: Multi-model mean of the magnitude of the labeled variable’s climatological 
interdecadal variability. The temporal standard deviation of the interdecadal component 
of variability was calculated individually for each model and then averaged together to 

produce the plots. 

 

I now turn my attention to the 1st-order physical mechanisms responsible for the 

SO/SNA influence on GMST variability (as opposed to the influence on the spread in the 

simulated magnitude of GMST variability as discussed above). Previous studies have 

shown that positive GMST anomalies are associated with anomalously positive upward 

surface heat flux anomalies over both the SO and the SNA (Figure 4k and 4l in (Brown et 
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al., 2015)) and that positive GMST anomalies are also associated with anomalously 

vigorous Antarctic Bottom Water Formation (AABW) and North Atlantic Deep Water 

(NADW) formation (Meehl et al., 2013b). These same studies indicate that GMST 

variability is primarily driven by variability centered on the tropical Pacific. Therefore, it 

must be emphasized that the high-latitude contribution to GMST variability is not 

independent from the contribution of the tropical Pacific in these models. Further study 

is needed to assess the teleconnection between the tropical Pacific and dynamics at high 

latitudes as even the primary direction of causality is debated (Okumura, 2013; Yuan, 

2004). 

In order to obtain a better sense of the temporal relationship between SO/SNA 

variability and GMST variability, I perform cross-regressions between a number of 

relevant variables averaged over the boxes shown in Figure 3.2a against GMST 

(calculated for each model individually but then averaged across models). I split the SO 

into a Weddell Sea region (box 1 in Figure 3.2a) and a Ross Sea region (box 3 in Figure 

3.2a) since the physical mechanisms controlling variability in these locations may be 

different (Talley, 2013). I note that the character and physics of internal modes of 

variability can be drastically different from model to model (Chapter 2), but that the 

present chapter is concerned with the aggregate behavior of the CMIP5 ensemble and 

thus I emphasize model-mean behavior in order to highlight the most robust 

mechanisms being simulated.  
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Table 3.1: AOGCMs and variables used in this chapter. Different models in the CMIP5 
archive have different variables available for download. Thus, calculations in this study 

are performed using only the models that have archived a given variable. 

 

The Weddell Sea has recently been underscored as a region that displays large-

magnitude, persistent, variability in regional temperature due to variability in oceanic 

convection and sea ice feedbacks in AOGCMs (Behrens et al., 2016; Latif et al., 2013; 

Martin et al., 2013; 2015; Pedro et al., 2016) and thus I choose to focus on the Weddell Sea 

region in this chapter. I find that, over the Weddell Sea, both SAT (Figure 3.4a) and the 

anomalous divergence of atmospheric energy transport (AET, Figure 3.4h) tend to lead 

GMST variability in time, indicating that dynamics in this region may help drive GMST 
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variability in many models (likely in conjunction with variability in the tropical Pacific). 

The other temporal relationships displayed in Figure 3.4 support the mechanisms 

proposed in previous work on Weddell Sea variability (Behrens et al., 2016; Latif et al., 

2013; Martin et al., 2013; 2015; Pedro et al., 2016) but on a generally shorter timescale. 

Specifically, southward flowing NADW tends to deposit relatively warm, salty water at 

intermediate depths in the Weddell Sea. Heat can build up there over years to decades 

as convection is initially inhibited due to the presence of surface sea ice (Figure 3.4c) that 

obstructs air-sea heat exchange (Figure 3.4e). Eventually, stochastic forcing via wind 

stress or salinity anomalies cause the onset of convection (Figure 3.4f and 3.4d). During 

convection, saltier water from mid-depth is transported to the surface where a rise in 

salinity occurs (Figure 3.4i). As convection continues, heat is transferred upward to the 

upper ocean (Figure 3.4g) and there is an anomalous heat flux from the ocean to the 

atmosphere (Figure 3.4e). As the ocean column-integrated heat is depleted, sea surface 

height decreases (Figure 3.4d). The anomalous surface heat flux is not damped to space 

locally (Figure 3.4b) primarily because the loss of sea ice albedo (Figure 3.4c) causes 

anomalous downward net shortwave flux at the TOA (resulting in the divergence of 

AET, Figure 3.4h). Eventually, the anomalous oceanic heat reservoir becomes depleted 

and increased precipitation and sea ice melt lowers the surface density sufficiently to 

halt convection. Figures 3.5 and 3.6 show that the first-order physical relationships are 

similar over the SNA (box 2 in Figure 3.2a) and over the Ross Sea (box 3 in Figure 3.2a): 
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Anomalously high GMST is preceded by the divergence of AET in both regions (Figures. 

3.5h and 3.6h) as heat is transferred from the ocean to the atmosphere (Figures 3.5d, 3.5e 

3.6d, and 3.6e) but not damped to space locally (Figures 3.5b, 3.6b) primarily because of 

sea ice albedo feedback (Figures 3.5c and 3.6c). 

 

Figure 3.4: Multi-model means of cross-regressions of the labeled variable against GMST 
variability. The variables are averaged over the Weddell Sea (Box 1 in Figure 3.2a). The 

solid line is the multi-model mean of the cross-regression coefficient and the shaded area 
in the across-model standard deviation of the regression coefficients. 
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Figure 3.5: Same as Figure 3.4 but using data averaged over the Subpolar North Atlantic 
(Box 2 in Figure 3.2a, 50°N - 70°N, 70°W - 0°W). 
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Figure 3.6: Same as Figure 3.4 but using data averaged over a region near the Ross Sea 
(Box 3 in Figure 3.2a, 65°S - 80°S, 165°E - 110°W). 

3.5 Discussion 

Given that GMST variability seems to be influenced not only by dynamics in the 

tropical Pacific but also by air-sea heat exchange over the SO/SNA, we may expect that 

the simulated magnitude of GMST variability would be related to the simulated 

magnitude of energy flux variability in these regions. Figure 3.7 shows that indeed, 

AOGCMs with more GMST variability tend to have higher variability in the 

convergence of AET over the SNA and SO (Figure 3.7c) which originates from enhanced 
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variability in both the net upward surface flux (Qsfc, Figure 3.7b) and the net downward 

TOA flux (N, Figure 3.7a). Additionally, models with more GMST variability tend to 

have more sea surface height (Figure 3.7f), mixed layer depth (Figure 3.7e) and sea ice 

extent (Figure 3.7d) variability over portions of the SO and SNA. Variability in the 

Atlantic Meridional Overturning Circulation (AMOC) is intimately tied to high-latitude 

air-sea heat exchange in both hemispheres and I find that models with more 

interdecadal variability in their Atlantic overturning stream function tend to have 

larger-magnitude GMST variability (Figure 3.7g). This emphasizes the importance of 

recent projects that have attempted to quantify the magnitude of AMOC variability in 

observations (Cunningham et al., 2007).  
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Figure 3.7: Across-model regression coefficient of the magnitude of the labeled 
variable’s interdecadal variability against the magnitude of GMST variability. Positive 

(negative) values indicate where models with higher-magnitude GMST variability tend 
to have higher (lower) magnitude local variability in the given variable. Panel g shows 

results for the zonally averaged Atlantic meridional overturning mass stream function ψ 
(shaded) and the multi-model mean of the ψ climatology (contoured). Stippling in all 

panels represent statistical significance at the 95% confidence level. 
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In this chapter I have demonstrated that the spread in the magnitude of GMST 

variability across AOGCMs is not primarily explained by the spread in their simulated 

tropical Pacific temperature variability. This does not imply that models do not have an 

association between tropical Pacific temperature variability and GMST variability. 

Indeed, Chapter 2 indicates that many of them do. Rather, my findings here imply that 

the magnitude of variability over high-latitude oceanic regions have particular influence 

on the large spread in the simulated magnitude of GMST variability both because mean 

SAT variability magnitude is large in these regions and because there is particular inter-

model disagreement on that magnitude. Thus, my results indicate that future attempts 

to reduce the across-model spread in GMST variability should focus on improving the 

simulation of oceanic convection, overturning and sea ice formation variability over the 

SO and SNA. Improving the simulation of dynamics in these regions could advance our 

fundamental understanding of global climate variability and could appreciably improve 

our ability to forecast global warming on policy-relevant interdecadal timescales.  

 



 

58 

4. Estimating the magnitude of unforced GMST 
variability using multiproxy reconstructions of the past 
millennium 

4.1 Introduction 

 In the context of societal concerns regarding global warming, it can be useful to 

consider the component of GMST change that is due to external radiative forcings as the 

‘signal’ and the component due to chaotic unforced variability as ‘noise’ and thus I adopt 

this convention in this chapter. Several recent studies have compared observed GMST 

anomalies (and trends) with the forced signal and envelope of unforced noise (EUN, the 

statistical range of unforced variability) produced by an ensemble of AOGCM runs 

(Easterling and Wehner, 2009; Fyfe, et al., 2013; Risbey et al., 2014; Santer et al., 2011). The 

observed GMST anomaly in 2013 was near the lower boundary of the 5-95% EUN 

simulated by the AOGCMs (Flato, 2013) (Figure 4.1). This has been interpreted as evidence 

that the AOGCM-simulated forced signal may be increasing too rapidly, possibly because 

the increase in external forcings have been overestimated (Estrada, 2013; Fyfe et al., 2013; 

Santer et al., 2014; Schmidt, et al., 2014), and/or because the AOGCMs are oversensitive to 

external forcings (Aldrin et al., 2012; Lewis, 2013). However, it has also been noted that 

when the AOGCMs’ EUN is considered, the recently observed rate of warming may still 

be consistent with the forced signal produced from the AOGCMs (Fyfe et al., 2013; Huber 

and Knutti, 2014; Kosaka and Xie, 2013; Meehl, et al., 2014; Risbey et al., 2014; Schmidt et 

al., 2014). Hypothetically, if the observed GMST anomaly were to fall below the AOGCM-
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produced EUN, it would not necessarily indicate that the forced signal was increasing too 

rapidly. Instead, it could indicate that the AOGCM-produced EUN is not large enough 

(i.e., that AOGCMs underestimate the magnitude of unforced noise but not the magnitude 

of the forced rate of warming). On the other hand, if the AOGCM-produced EUN is too 

large (i.e., if AOGCMs overestimate the magnitude of unforced noise compared to reality), 

then recent observations may already confirm that the forced signal over the 21st century 

is increasing too rapidly.  

 

Table 4.1: CMIP5 AOGCMs used in this chapter. ‘X’ marks indicate that a particular 
AOGCM run was incorporated into the ensemble mean (representing the forced signal) 
in the given experiment. Also shown are the hemispheric-to-global variability scaling 
factors that were applied to the low frequency component of unforced hemispheric 

surface temperature reconstructions (Figure 4.2c) to convert them to representations of 
GMST variability (Figure 4.2d). One preindustrial control run was used for each 

AOGCM to obtain the hemisphere to global scaling factor. 
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Figure 4.1: AOGCM produced forced global warming signal (black line) and the 
AOGCM produced 5-95%, 2.5-97.5% and 0.5-99.5% EUNs (grey shading) of GMST 

anomaly values from the CMIP5 multi-model ensemble. The forced signal follows the 
‘historical’ experiment through 2005 and the RCP 6.0 emissions scenario from 2005-2030. 

The GISTEMP observations (as well as their 2σ uncertainty) are shown in yellow. 

 

AOGCMs are the most common tools used to estimate how vigorous unforced 

GMST variability is. However, Chapter 2 showed that AOGCMs may underestimate 

GMST variability relative to observations. Thus, in this chapter I create an empirical 

estimate of unforced GMST variability that is statistically based on instrumental and 

reconstructed surface temperature datasets over the past millennium. I then use this 

estimate to revisit two topics that are relevant to the interpretation of recent climate 

change: 1) Is the interdecadal variability in the rate of global warming over the 20th century 
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(i.e., warming from the 1910s-1940s, a hiatus from the 1940s-1970s and resumed warming 

from the 1970s-2000s) large enough so that it necessitates corresponding changes in 

external radiative forcings? Alternatively, could this variability be the result of unforced 

noise superimposed on a more-or-less constantly increasing forced signal? 2) Does the 

reduced rate of global warming over the beginning of the 21st century indicate that the 

AOGCM-produced forced signal is increasing too rapidly or are hiatus periods like this 

more-or-less inevitable? 

For the purpose of answering these questions, I create an Ensemble of Stochastic 

Realizations of Unforced Noise (ESRUN) which is a collection of thousands of synthetic 

time series produced using 2nd order autoregressive, AR(2), noise models. The high 

frequency (interannual to interdecadal) variability in these time series is based on the 

instrumental GMST record, which extends from the present to the late 19th century. 

Unfortunately, the instrumental record may be insufficient to serve as the basis for low 

frequency (interdecadal to centennial) variability in the ESRUN because it is too short to 

properly characterize this variability. Additionally, the instrumental record overlaps with 

the era of strong anthropogenic radiative forcing. This overlap has created ambiguity as 

to whether observed interdecadal variability in GMST during the 20th century is 

attributable to corresponding variations in external forcings or to unforced noise. Some 

studies emphasize the role of time-varying external forcings (Hansen et al., 2005; Mann, 

et al., 2014; Stott et al., 2006; Stott et al., 2000; Wild, 2009) while others stress the role of 
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unforced noise (Chen and Tung, 2014; DelSole, et al., 2010; Hansen et al., 2007; Hunt, 2011; 

Kravtsov and Spannagle, 2008; Kravtsov et al., 2014; Meehl, et al., 2013; Swanson et al., 

2009; Tsonis et al., 2007; Tung and Zhou, 2013; Wu et al., 2011). For these reasons, the 

ESRUN combines high frequency variability based on the instrumental record with low 

frequency variability based on reconstructions of surface temperature from the year 1000 

to 1850.  

Surface temperatures from 1000 to 1850 were influenced less by external radiative 

forcings than the surface temperatures during the industrial era but they nevertheless 

contain an externally forced component (Crowley, 2000; Schurer et al., 2013). Therefore, 

any variability that is attributable to external forcings must be removed from the 

reconstructions before they can serve as a basis for the low frequency component of the 

ESRUN. Removal of the forced signal could theoretically be achieved by simply 

subtracting an estimate of the forced signal (represented by an energy balance climate 

model or the mean of a AOGCM ensemble) from the reconstructed temperature time 

series (Crowley, 2000; Mann et al., 2014). However, some forced temperature changes 

(e.g., those due to large volcanic eruptions) can be underestimated in reconstructions 

(Mann et al., 2012; Schurer et al., 2013). In this case, subtraction of a model-calculated 

forced signal from a reconstruction would cause some forced variability to leak into the 

resulting estimate of unforced noise. In order to avoid this problem, I remove the forced 

component of variability from reconstructions with Multiple Linear Regression (Figure 
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4.2a, 4.2b, and 4.2c; Figure 4.3a, 4.3b, and 4.3c) which effectively scales the forced response 

to the surface temperature dataset. Although many aspects of the climate system are 

fundamentally non-linear, several studies have indicated that the GMST response to 

external radiative forcings is indeed nearly linear and thus the removal of the forced signal 

with linear regression is justified (Crowley et al., 2014; Lovejoy, 2014a; Rohde, 2012; Tung 

and Zhou, 2013; Zhou and Tung, 2012). 

 

Figure 4.2: Steps involved in the creation of the low frequency component of the 
ESRUN. (a), External radiative forcing estimates over the period of 1000–1850 broken 

down into components from volcanic aerosols (2 estimates), greenhouse gas 
concentration (1 estimate), total solar irradiance (7 estimates) and land-use albedo (2 

estimates). Note that combining these forcing reconstructions yields 2×1×7×2 = 28 
possible estimates of total radiative forcing over this period. (b), 15 reconstructions of 

surface temperature (both hemispheric and global) over the period 1000–1850 with three 
arbitrary reconstructions colored. (c), Estimates of the unforced component of variability 
over the time period (Urecon) which were obtained after Multiple Linear Regression was 

used to remove the forced variability from the reconstructions. The same three arbitrary 
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reconstructions are colored. Because there were 28 forcing estimates and 15 surface 
temperature estimates, there were 28×15 = 420 different Urecon estimates. (d), A sample of 
the low frequency component of the Urecon time series after all hemispheric estimates of 

unforced noise had been converted to estimates of unforced GMST noise. The same 
three arbitrary reconstructions are colored. (e), The ESRUN, which combines AR(2)-
simulated low frequency variability (based on the time series in panel d) with AR(2)-

simulated high frequency variability based on the instrumental record (Figure 4.3). The 
grey shading in the ESRUN represents the width of the EUN at the three percentile 

intervals labeled in the panel. Three arbitrary realizations of GMST from the ESRUN are 
colored. Note that the timescale in panel e has changed because the ESRUN only needs 
to be 150 years long in order to study GMST change between 1900 and 2050 (Figure 4.7 

and Figure 4.8). 

 

 

Figure 4.3: Removal of the forced variability from the instrumental record from 1880-
2011 and the decomposition of the unforced variability into its Intrinsic Mode Functions 
(IMFs). (a), External radiative forcing estimates from 1880-2011, updated from Hansen, 
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et al. (2006). (b), Instrumental (GISTEMP) GMST from 1880-2011. (c), Unforced 
component of variability over the time period (Uinst) which was obtained after Multiple 

Linear Regression was used to remove the forced variability from the instrumental 
record (Eq. 4.3 and 4.1). (d), Intrinsic Mode Functions (IMFs) that result from Empirical 

Mode Decomposition applied to the Uinst time series. Only those IMFs with a mean 
wavelength of 15 years or less are used in the creation of the ESRUN (red box) whereas 

the ESRUN bases its lower frequency variability off of reconstructions of surface 
temperature from the years 1000-1850 (Figures 4.2 and 4.5). 

 

There is considerable uncertainty around both the reconstructed surface 

temperature anomalies as well as the reconstructed forcings from the year 1000 to 1850. I 

account for this uncertainty by sampling different combinations of estimated forcing 

(Figure 4.2a) and surface temperature (Figure 4.2b) time series in my creation of different 

estimates of historical unforced GMST noise (Urecon time series) (Figure 4.2c). Additionally, 

many reconstructions of surface temperature over the past millennium are limited to a 

single hemisphere and there are few reconstructions of GMST. However, analysis of 

AOGCMs indicates that information on GMST variability can be gleaned from the 

variability of a single hemisphere (Figure 4.4). In particular, these AOGCMs indicate that 

GMST variability tends to originate relatively coherently from both hemispheres (often 

due to the Interdecadal Pacific Oscillation which spans both the northern and southern 

Pacific Ocean). Therefore, larger variability in one hemisphere tends to imply larger 

GMST variability (Figure 4.4). Thus, I use the information from the hemispheric 

reconstructions to infer GMST variability by converting hemispheric estimates of 

unforced noise into estimates of unforced GMST noise with scaling factors derived from 
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AOGCMs (Table 4.1). Sampling uncertainty in the reconstructed surface temperatures, 

reconstructed forcings, and the conversion of hemispheric to global variability, yielded an 

ensemble of 15,120 Urecon time series, each representing a different possible progression of 

low frequency unforced GMST anomalies from the years 1000 to 1850 (a representative 

sample of these Urecon time series are shown in Figure 4.2d). The ESRUN consisted of AR(2) 

models that simulated low frequency variability based on each of the 15,120 Urecon time 

series and combined that with AR(2) models that simulated high frequency variability 

based on the instrumental record (Figure 4.5). The ESRUN was then used to create a EUN 

characterized by the 0.5-99.5%, 2.5-97.5%, and 5-95% GMST ranges across all of the 

stochastic time series as a function of time (Figure 4.2e).  
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Figure 4.4: Hemispheric and global variability (standard deviation) for the CMIP5 
unforced preindustrial control runs. (a), Relationship between the magnitude of 

interdecadal variability of Northern Hemispheric mean surface temperature and the 
magnitude of GMST variability. (b), Same as (a) but comparing Southern Hemispheric 

variability to GMST variability. In both cases there is a statistically significant correlation 
(P values shown in the panels) indicating that information on unforced GMST variability 

can be gleaned from hemisphere mean surface temperature variability albeit with 
substantial uncertainty. The ratio of the y-value to the x-value, for each model, is the 

scaling factor listed in Table 4.1. 
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Figure 4.5: Combining low frequency IMFs from reconstructions with high frequency 
IMFs from the instrumental record to create a stochastic realization of unforced GMST 

noise. (a), Intrinsic Mode Functions (IMFs) that result from Empirical Mode 
Decomposition applied to a particular Urecon time series (b), IMFs that result from 

Empirical Mode Decomposition applied to the Uinst time series (also shown in Figure 
4.3d). (c), High frequency IMFs from the instrumental record lined up with low 
frequency IMFs from the reconstructed record. At this point the low frequency 

variability has been converted to a representation of GMST. (d), AR(2) simulated IMFs 
that attempt to emulate the approximate magnitude and frequency, but not necessarily 

the phase, of the corresponding IMFs in column c. 
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4.2 Methods Details 

4.2.1 The Ensemble of Stochastic Realizations of Unforced Noise 
(ESRUN) 

The ESRUN is an ensemble of 15,120 unique time series that represent 

hypothetical realizations of unforced GMST noise over an arbitrary 150-year period. The 

ESRUN is thus analogous to an ensemble of AOGCM runs that differ in their initial 

conditions and other model parameters that might affect the characteristics of unforced 

noise. Unlike a AOGCM ensemble, however, the ESRUN simulates variability that is 

empirically based on the instrumental record as well as reconstructed surface 

temperatures over the past millennium. The time series that make up the ESRUN are 

stochastic since they are based on 2nd order autoregressive, AR(2), noise models that 

incorporate random number generation. Therefore, the time series in the ESRUN are 

intended to simulate the characteristics (i.e., magnitude and spectral features) of 

unforced modes of variability apparent in the instrumental and reconstructed surface 

temperature time series but they are not expected to be in phase with any historical 

variability.  

The AR(2) models that make up the time series in the ESRUN are fit to Intrinsic 

Mode Functions (IMFs) that result from Empirical Mode Decomposition (Huang et al., 

1998) being applied to the instrumental and reconstructed surface temperature datasets. 

Time series were split into their component IMFs so that the AR(2) models could 

simultaneously simulate the high frequency variability apparent in the instrumental 
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record and the low frequency variability apparent in reconstructed time series. High 

frequency variability was defined as any IMF with a mean wavelength of 15 years or less 

(two or more zero crossings per 15 year period on average) and low frequency 

variability was defined as any IMF with a mean wavelength larger than 15 years (less 

than 2 zero crossings per 15 year period on average). I chose 15 years as the division 

between high and low frequency variability because this serves as a natural division 

between ENSO variability (which has a characteristic timescale of ~3-7 years) and slower 

evolving modes of variability such as the Atlantic Multidecadal Oscillation and 

Interdecadal Pacific Oscillation which have timescales of multiple decades (Deser et al., 

2010). See section 4.4. 

I base high frequency variability in the ESRUN on the instrumental record 

because the instrumental record represents the highest quality data available and it is of 

sufficient length to statistically characterize variability at timescales of 15 years and less. 

However, the instrumental record may be of insufficient length to statistically 

characterize some modes of low frequency variability. Additionally, there is ambiguity 

as to whether some low frequency variability apparent in the instrumental record is 

attributable to unforced modes or to time-varying external radiative forcings. For these 

reasons, the low frequency variability in the ESRUN is based on reconstructions of 

surface temperature from the year 1000 to 1850. The specific steps involved in creating 

the ESRUN are described below and illustrated in Figure 4.6. 
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Figure 4.6: Steps concerning the reconstructed surface temperatures and forcings are in 
blue while steps concerning the surface temperatures and forcings over the instrumental 

era are in red. Steps dealing with combing of information from reconstructions and 
instrumental data are in green. 

 

4.2.1.1 Isolating Unforced Variability via Multiple Linear Regression 

We make the simplifying assumption that the instrumental (Tinst) and 

reconstructed (Trecon) surface temperature time series are linear combinations of forced 

(Finst, Frecon) and unforced (Uinst, Urecon) variability, 

	T./01 = F./01 + U./01,                                                                                                                  (4.1) 

T4567/ = F4567/ + U4567/.                                                                                                           (4.2) 
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The forced component of variability is represented as the linear combination of various 

external forcings, 

F./01 = a×F97:6;/7 + b×F<455/=7>05	<;0 + c×F07:;4 + d×F:;/A	>05 + e×F;/1=47	;54707:,        (4.3) 

F4567/ = a×F97:6;/7 + b×F<455/=7>05	<;0 + c×F07:;4 + d×F:;/A	>05,                                      (4.4) 

where the coefficients a, b, c, d, and e are obtained by fitting the forcing time series 

(Figure 4.2a and Figure 4.3a) to Tinst and Trecon using Multiple Linear Regression (MLR) 

via ordinary least squares. Uinst and Urecon are then obtained by subtracting Finst and Frecon 

from Tinst and Trecon, respectively (Figure 4.2b and Figure 4.3b). Therefore, the variability 

that is not explained by the forcings (the residual in the MLR procedure) is considered to 

be the unforced variability (Figure 4.2c and Figure 4.3c). Removing the forcing with 

MLR rather than using physical models allows for the forcing to be scaled to the 

temperature and thus prevents forced variability from leaking into the estimate of the 

unforced variability. This methodology seems justified since several studies have 

indicated that the large-scale surface temperature response to external radiative forcings 

is nearly linear and thus the forced signal should be able to be removed from the 

instrumental and reconstructed datasets with MLR (Crowley et al., 2014; Lovejoy, 2014a; 

Rohde, 2012; Tung and Zhou, 2013; Zhou and Tung, 2012).  

In order to sample the uncertainty in both Frecon and Trecon, 28 different global 

external forcing time series combinations (Figure 4.2a) from Schmidt et al. (2011) and 15 

different Trecon time series from Wahl et al. (2010) (Figure 4.2b) were used to create 
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15×28=420 Urecon estimates via Eqs. (4.2) and (4.4). The 28 Frecon time series represented all 

possible Frecon time series from Schmidt et al. (2011) and the 15 Trecon time series 

represented all Trecon time series from Wahl et al. (2010) with at least hemispheric spatial 

scale and annual temporal resolution. I did not sample uncertainty over the instrumental 

time period (Finst and Tinst) because GMST uncertainty is much smaller (shown in yellow 

shading in Figure 4.7) over the instrumental time period than it is in the reconstructions 

from 1000-1850 and the high frequency component of variability (red box in Figure 4.3) 

is not sensitive to uncertainty in forcings over the instrumental time period. This is 

because most of the uncertainty in the forcing over the instrumental time period is 

associated with the slowly-changing anthropogenic aerosol forcing which does not 

project onto the variability at timescales of 15 years or less. 

4.2.1.2 Decomposing Variability by Timescale 

Urecon and Uinst were both split into their Intrinsic Mode Functions (IMFs) via 

Empirical Mode Decomposition (EMD)(Huang et al., 1998; Wu et al., 2011; Wu et al., 

2007). It was necessary to split the time series into their IMFs so that the ESRUN would 

be able to simultaneously simulate low frequency variability based on the Urecon time 

series and high frequency variability based on the Uinst time series (Figure 4.5). EMD also 

had the additional benefit of being able to conserve multiple modes of variability at a 

single time. This is advantageous because the real climate system will have several 
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internal modes effecting GMST at any given time (e.g., the Atlantic Multidecadal 

Oscillation and the Interdecadal Pacific Oscillation).  

4.2.1.3 Inferring GMST Variability from Hemispheric Variability 

Figure 4.4 indicates that information on GMST variability can be inferred from 

the variability of a single hemisphere, albeit with an added element of uncertainty. Since 

this work is concerned with GMST variability, any low frequency Urecon IMFs that 

represented hemispheric rather than global variability were scaled to convert them into 

representations of GMST variability. Thirty-six scaling factors were obtained via an 

investigation of the ratio of hemispheric to GMST variability (measured with the 

standard deviation) in 36 CMIP5 AOGCM unforced control runs (Table 4.1 and Figure 

4.4). The spread of these 36 scaling factors represents uncertainty in the conversion from 

hemispheric to global variability. In order to sample this uncertainty, each Urecon time 

series was converted to global variability once for each of the 36 scaling factors, making 

420×36 = 15,120 total Urecon time series of low frequency GMST (Figure 4.2d). If a Urecon 

time series was already global in coverage, then 36 scaling factors of 1 were used so that 

the time series would maintain the same proportion in the resulting ensemble of 15,120 

that it had in the original ensemble of 420 time series.  

4.2.1.4 AR(2) Noise Modeling of Unforced GMST Variability 

AR(2) noise models were fit (using the Yule-Walker method) to each low 

frequency IMF of each of the 15,120 Urecon time series,  
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X1 . = θEX1FE + θGX1FG + Z1 . ,                                                                                                                                         (4.5) 

where Xt is the IMF value for any given year; Xt-1, Xt-2 are the IMF values for the 

previous two years; θ1 and θ2 are autoregressive coefficients, Zt is a normal random 

variable and the subscript i indicates the particular IMF that the AR(2) model was fit to 

(Figure 4.5).  

Similarly, AR(2) noise models were fit to each high frequency IMF of the single 

Uinst time series (Figure 4.5). 15,120 high frequency stochastic AR(2) time series were 

created but since they were all fit to the same three Uinst IMFs they were not sampling 

uncertainty in forcings and temperatures and only differed in their Zt values. 

The low frequency AR(2) IMF simulations based on the Urecon series and the high 

frequency AR(2) IMF simulations based on the Uinst series were then summed to produce 

stochastic realizations of unforced GMST variability, 

U45;:. = X./
.IE ,                                                                                                            (4.6) 

where n is the number of high frequency instrumental IMFs (3, Figure 4.3 and 

4.5) plus the number of low frequency reconstruction IMFs that had at least 1 full 

oscillations over the domain length (1000 – 1850). AR(2) models did not simulate IMFs 

without at least 1 full oscillation because this would represent a nonstationary process at 

the time scale of examination (Figure 4.5). This means that the ESRUN was unable to 

represent variability that had wavelengths approaching the length of the 

reconstructions. 
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AR(2) models were chosen because they are of relatively low order but still 

appeared capable of simulating the primary characteristics of IMF variability at the 

variety of timescales (Figure 4.5). Additionally, assigning a constant autoregressive 

model order kept the methodology simpler than it otherwise would be.  

4.2.1.5 Unforced Noise Superimposed on Forced Signal Over the 20th and 21st 
Centuries 

The 15,120 unforced GMST noise time series resulting from Eq. (4.6) make up the 

ESRUN.  These estimates of unforced GMST variability were added to estimates of the 

AOGCM-produced forced signal over the 20th and 21st centuries in order to provide 

context for the comparison between the forced signal and observations over that time 

period (Figure 4.7 and Figure 4.8). Figure 4.7’s gray boundaries mark the 0.5-99.5%, 2.5-

97.5%, and 5-95% boundaries of the ESRUN which I refer to as the Envelope of Unforced 

Noise (EUN) superimposed on the forced signal. I refer to individual realizations of 

GMST that combine forced signal and unforced noise as Treali time series (Figure 4.7). 
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Figure 4.7: Empirical EUN superimposed on various forced signals (black lines) over the 
20th and 21st centuries. (a), Forced signal originating from the multi-model mean of the 

CMIP5 ‘historical experiment’ from 1900 to 2005 and RCP 6.0 from 2005 to 2013. (b), 
Hypothetical forced signal represented by a linear trend fit to observations during 1900 

to 2013. (c), (d) and (e), Same as (a) but with forced signals corresponding to the RCP 4.5, 
RCP 6.0 and RCP 8.5 emissions scenarios extended to 2050. Uncertainty in the AOGCM-

produced forced signals is represented by ±2 standard errors calculated across all 
AOGCM realizations (light blue shading surrounding the black line) and the EUN 
ranges are expanded by this uncertainty. Note that the light blue shading does not 

represent the uncertainty in the radiative forcings themselves but rather the uncertainty 
in the forced GMST signal given an assumed radiative forcing trajectory. Three arbitrary 
realizations of GMST from the ESRUN (superimposed on the forced signals) are shown 
in each panel (labeled Treali 1, Treali 2 and Treali 3). In all plots the observed GMST (as well 

as its 2σ uncertainty), is shown in yellow. All anomalies are defined relative to the 
average from 1961–1990. 
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Figure 4.8: Probabilities of observing trends of indicated lengths and magnitudes 
associated with the AOGCM-produced forced signals incorporating the RCP 4.5, RCP 
6.0 and RCP 8.5 emission scenarios. (a), (b) and (c) show the probability of observing a 
linear trend of a given length and within the given magnitude bin from 1993 to 2050 as 

indicated by superimposing the ESRUN on the RCP 4.5, RCP 6.0 and RCP 8.5 forced 
signals respectively. The yellow line represents the observed trends in the GISTEMP 
dataset ending in 2013 and progressing backwards in time for the length of the trend 

(e.g., the yellow star associated with the 15-year trend length represents the linear trend 
from 1998 to 2013). This comparison helps indicate whether or not the observed rate of 
warming from 1993–2013 is consistent with the mean rate of warming from 1993–2050 
expected from the 3 AOGCM-produced forced signals. (d), Cancellation Timescale (see 

text for definition) at 0.5%, 2.5% and 5% for RCP 4.5, RCP 6.0 and RCP 8.5 (e), 
probability of observing at least 1 negative linear trend of the given length over the 

period 1993–2050. The red dashed line in both (d) and (e) represents the negative 11-year 
trend that was observed in GISTEMP from 2002 to 2013. All trends were calculated with 

an ordinary least squares procedure. 
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4.2.2 Test of methodology 

Because the methodology for constructing the ESRUN has not been implemented 

previously, it was necessary to subject some of the fundamental concepts to basic tests in 

order to determine if the method was sound. For this task, a single AOGCM was utilized 

(CSIRO-Mk3-6-0) because it had a large number of ensemble members (10) for the 

‘historical’ experiment. I did not use the ‘last millennium’ experiment because no 

AOGCMs had a large number of ensemble members for this experiment. For the 

following three demonstrations of concept, I treat the output of this AOGCM as the 

"true" climate system. 

 

Figure 4.9: Time series, multi-taper power spectra and autocorrelation function 
comparisons associated with methodological tests described in the text. Top row, 

Comparison of CSIRO-MK3-6-0 unforced control run (True U) and the unforced GMST 
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variability produced from EMD and IMF AR(2) simulation of the same CSIRO-MK3-6-0 
unforced control run (Synthetic U). Middle, Comparison of CSIRO-MK3-6-0 control run 
(True U) and synthetic unforced GMST produced from the methodology applied to 10 

GMST simulations associated with forced runs of CSIRO-MK3-6-0 over the period 1880–
2011. Bottom, Comparison of CSIRO-MK3-6-0 control run (True U) and synthetic 

unforced GMST produced from the methodology applied to 10 Northern Hemispheric 
simulations associated with forced runs of CSIRO-MK3-6-0 over the period 1880–2011. 

In each time series comparison (left column), a single synthetic unforced GMST 
realization is shown that had a standard deviation representative of the average. The 

time series have been shifted on the vertical axis so that they may be visually compared. 

 

4.2.2.1 Conserving physical modes of unforced variability 

The ability of EMD (and subsequent AR(2) modeling of IMFs) to conserve 

physical modes of unforced variability on a variety of time scales was tested. This was 

done by simply decomposing CSIRO-MK3-6-0's unforced preindustrial control run with 

EMD, simulating the IMFs with AR(2) models, and summing the AR(2) simulations to 

create a stochastic realization of unforced GMST variability. This process was performed 

100 times and the resulting synthetic time series were compared to the original unforced 

control run that they were attempting to emulate (considered the “true” unforced GMST 

variability in this experiment). The synthetic unforced GMST time series produced in 

this manner had a similar standard deviation (Figure 4.9a), mean power spectra (Figure 

4.9b), and mean autocorrelation function (Figure 4.9c) compared to the true unforced 

variability produced by the control run. This result indicates that the physical modes of 

variability in a AOGCM's control run were conserved by the described methodology. 
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4.2.2.2 Ability of Multiple Linear Regression to remove the forced signal 

It has been suggested that external forcings may excite and/or modulate modes 

of unforced variability. This might mean that GMST could have a nonlinear response to 

external radiative forcings. Therefore, it was necessary to test whether it was reasonable 

to use Multiple Linear Regression to remove the forced signal from temperature 

datasets. This was done by utilizing 10 forced runs of CSIRO-MK3-6-0 over the period 

from 1880-2011 (historically forced from 1850-2005 and forced with RCP 6 from 2006 to 

2011). In this experiment, the observed temperature was represented by GMST 

realizations associated with individual forced ensemble members of CSIRO-MK3-6-0 

and the external radiative forcings were the same as those shown in Figure 4.3. 

Application of Multiple Linear Regression to each of the ensemble members then 

produced 10 unforced GMST time series that were used to produce 100 synthetic 

unforced GMST realizations (10 for each) according to the ESRUN methodology. This 

ensemble of 100 synthetic unforced GMST realizations was compared to the “true” 

unforced GMST variability of the AOGCM’s unforced control run. Note that the 

synthetic unforced GMST realizations produced in this experiment were blind to the 

“true” unforced variability of the AOGCMs control run that they are attempting to 

emulate. These 100 synthetic unforced GMST time series had a similar standard 

deviation (Figure 4.9d) mean power spectra (Figure 4.9e), and mean autocorrelation 

function (Figure 4.9f) compared to the “true” unforced variability produced by the 
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control run. This similarity indicates that Multiple Linear Regression is able to remove 

the forced component of variability from the record while leaving the unforced 

variability behind.  

4.2.2.3 Conversion of unforced hemispheric temperature variation to GMST variation 

The conversion from unforced hemispheric mean surface temperature variability 

to unforced GMST variability was also tested. This test was conducted in a similar 

manner to experiment 2 (Section 4.3.2). In this experiment, however, the observed GMST 

was represented by Northern Hemisphere mean surface temperature realizations 

associated with individual forced ensemble members of CSIRO-MK3-6-0. Application of 

Multiple Linear Regression then produced 10 unforced time series that were again used 

to produce 100 synthetic unforced realizations (10 for each) using the ESRUN 

methodology. In this case, however, the IMFs were converted from hemispheric 

variability to GMST variability with a conversion factor of 0.77 (the mean Northern 

Hemisphere-to-GMST conversion factor in the CMIP5 ensemble (Table 4.1)). These 100 

synthetic unforced GMST realizations were then compared to the “true” unforced GMST 

variability of the unforced control run. Note that, as in experiment 2 (Section 4.3.2), the 

synthetic unforced GMST realizations produced in this experiment were blind to the 

“true” unforced variability of the AOGCMs unforced control run that they are 

attempting to emulate. The 100 synthetic unforced GMST time series produced in this 

manner had a similar standard deviation (Figure 4.9g), mean power spectra (Figure 
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4.9h), and mean autocorrelation function (Figure 4.9i) compared to the “true” unforced 

GMST variability produced by the control run. This similarity indicates that the 

conversion from Hemispheric to GMST unforced variability may be achieved through a 

simple scaling factor. 

4.2.3 The Division between High and Low Frequency Variability 

Figure 4.10 compares the power spectral density of unforced GMST estimated 

from the instrumental record and unforced GMST estimated from the reconstructions. 

Reconstructions where not used for the simulation of high frequency variability in the 

ESRUN because the instrumental record is of sufficient length to characterize such 

variability and because many reconstructions obviously underestimate high frequency 

variability (probably to due temporal resolution limitations of several proxies). On the 

other hand, it is valuable to estimate low frequency variability using the reconstructions 

because they are of longer length than the instrumental record and they are from a time 

period characterized by weaker external forcing.  
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Figure 4.10: Power spectrum of unforced GMST from the instrumental record compared 
to the 15,120 unforced GMST estimates from the reconstructions. The single 

instrumental power spectrum is shown in red while the individual reconstructed power 
spectra are shown in black. The mean across all reconstructions is shown in green. The 

power spectra were calculated using a multi-taper method with adaptive weighing. 
Only those timescales where instrumental and reconstructed variability overlap are 

shown. The vertical dashed line delineates where the division is made between high and 
low frequency variability: the ESRUN uses the instrumental record for high frequency 

variability (left of the blue dashed line) and uses the reconstructed records for low 
frequency variability (right of the blue dashed line). 

We chose 15 years as the division between high and low frequency variability 

because this serves as a natural division between ENSO-like variability (which has a 

characteristic timescale of ~3-7 years) and slower moving modes of variability such as 

the Atlantic Multidecadal Oscillation and Pacific Decadal Oscillation which have 

timescales of multiple decades. Also the 15-year division allowed the first three IMFs 

from the instrumental record (Figure 4.3d) to be included in creation of the ESRUN. The 



 

86 

timescales of variability for these first three IMFs indicate that they likely arose from 

unforced internal dynamics. On the contrary, the 4th instrumental IMF (Figure 4.3d) 

cools from the late 1800s to ~1910 and then warms from ~1910 to ~1940. It is possible that 

this variability in particular is due to external forcings that have not been completely 

removed by the Multiple Linear Regression procedure. Because of ambiguity between 

forced and unforced variability in the instrumental record at this and longer timescales, 

it is valuable to use additional estimates of low frequency variability provided by the 

reconstructions.  

4.3 Discussion of Results 

Figure 4.7a shows the empirical EUN (from Figure 4.2e) superimposed on the 

forced signal produced by the CMIP5 ‘historical experiment’ multi-model mean 

(extended to 2013 with RCP6.0). The observed GMST values fall mostly within the 2.5–

97.5% superimposed EUN over the course of the 20th century, indicating that 

observations are consistent with the ‘historical experiment’ representation of the forced 

signal. However, the ESRUN also illustrates how different the observed GMST 

progression might have been over the 20th century if unforced modes of variability had 

been in different phases. In particular, the EUN is large enough so that the early century 

interdecadal variability (i.e., accelerated warming from the 1910s to the 1940s and a 

global warming hiatus from the 1940s to the 1970s) could have come about mostly due 

to unforced noise. For example, the path of an arbitrary synthetic time series from the 
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ESRUN (Treali 2) shows a possible progression of cooling from the late 1920s through the 

mid-1940s and then sizeable warming from the mid-1940s through the 1970s and 

beyond. 

In contrast to the decadally-varying forced signal produced in the CMIP5 

‘historical experiment’ (Figure 4.7a), some studies have suggested that the forced signal 

over the twentieth century increased in a relatively steady and monotonic manner. This 

would have been possible if the negative forcing from anthropogenic aerosols 

proportionately offset the rapid increase in the positive forcing from greenhouse gasses 

since the mid-20th century. Under this view, the observed multidecadal GMST variability 

would be attributed to unforced noise instead of variability in the forced signal. The 

empirical EUN produced in this chapter can be used to test if this description of the 

forced signal is consistent with the observed GMST progression. In Figure 4.7b I display 

the EUN superimposed on a linear trend fit to observed GMST (ordinary least squares) 

during the period of 1900–2013. In this case, the observed GMST again falls mostly 

within this 2.5–97.5% EUN. Five out of 113 years, or ~4% fall outside the 2.5–97.5% EUN, 

which is about the proportion expected by random chance. This suggests that the 

stepwise acceleration of GMST warming over the 20th century (i.e., acceleration from 

~1910–1940, deceleration until ~1975, acceleration until ~2000) does not necessarily 

require corresponding deviations in the rate of increase of the forced signal and could 

have come about due to unforced noise. This is consistent with the notion that a non-
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trivial portion of the GMST warming between the mid-1970s and mid-2000s may have 

been due to unforced noise. 

Most radiative forcing scenarios project a monotonic increase in the global 

warming signal throughout the 21st century. However, the unforced noise revealed in 

this analysis would leave open the possibility of significant deviations from this long-

term GMST ascent. Figures 4.7c, 4.7d, and 4.7e show the empirical EUN superimposed 

on the CMIP5 multi-model mean incorporating Representative Concentration Pathways 

(RCPs) 4.5, 6.0 and 8.5 respectively. It should be noted that RCP 4.5 actually increases at 

a faster rate than RCP 6.0 over the first half of the 21st century. It is apparent that despite 

the monotonically increasing forced signal, the ESRUN illustrates that large deviations 

from the forced signal can persist for more than a decade. For example, Treali 1 shows a 

cooling trend from 2016 to 2028 and Treali 3 shows a warming rate from 2013 to 2024 that 

is more than double that attributable to the forced signal. These deviations illustrate that 

GMST trends calculated over a decade or two may say very little about the underlying 

forced signal and thus should be interpreted with caution. 

Despite the notable magnitude of unforced variability apparent in the ESRUN, 

the year 2013 in the observational record lies near the lower boundary of the 2.5–97.5% 

EUN for all three RCP scenarios. Note that GISTEMP was used to represent observations 

because it has the most extensive spatial coverage of the three main surface temperature 

datasets and thus is least affected by the shortage of observations in the Arctic. The exact 
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location of the EUN border relative to observations, however, is somewhat dependent 

on the arbitrarily chosen time period over which the anomalies are defined (in this case 

1961–1990). Therefore, a more meaningful way to assess the recently observed GMST 

progression relative to the AOGCM-produced forced signals would be to compare 

recent GMST trends to the probability distribution of trends that occurred within the 

ESRUN superimposed on the forced signals. All three forced signals (corresponding to 

the three main RCP forcing scenarios) are included in this analysis as it is possible that 

the recent forced signal could have followed any of their trajectories. This is primarily 

because of large uncertainty in the magnitude of negative anthropogenic aerosol forcing. 

Figures 4.8a, 4.8b, and 4.8c show the linear trend distributions of the ESRUN 

superimposed on the three RCP forced signals, as a function of trend length. These 

distributions account for all overlapping trends of a given length between the years 

1993–2050. 1993 was chosen as the start year in order to extend the analysis as far back 

as possible while still avoiding any major volcanic eruptions and 2050 was chosen as the 

end year to avoid the post-2050 reduction in the rate of increase of the RCP 4.5 forced 

signal. These trend distributions are compared to the recently observed trends 

calculated on the GISTEMP dataset from 1993–2013, 1994–2013, … , 2010–2013. The goal 

of this comparison is to see if observed trends over the 1993–2013 period are consistent 

with the mean rate-of-increase of the AOGCM-produced forced signals between 1993–

2050. 
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No trend calculated on the observational record between 1993 and 2013 fell 

outside the 2.5–97.5% trend EUNs for any of the three forced signals (Figure 4.8a, 4.8b, 

and 4.8c). If we consider the trend EUNs to be null distributions and the observed trends 

to be test statistics, then this result indicates that we would not be able to reject any of 

the forced signals at the 95% significance level. However, trends from 8–20 years in 

length are all near or outside the 5–95% trend EUN for the RCP 8.5 forced signal, 

indicating that over the beginning of the 21st century, it was unlikely that we 

experienced an increase in the forced signal as steep as the mean rate-of-increase of the 

forced signal for RCP 8.5 between 1993–2050. 

Over the years 2002–2013, a linear trend fit to GISTEMP resulted in a slightly 

negative slope (Figure 4.8a, 4.8b, 4.8c). Because special attention is often given to cooling 

episodes embedded in the long-term global warming signal, it is valuable to quantify the 

likelihood of such events occurring. To serve this purpose, I define the Cancellation 

Timescale, which is the longest period of time where there is at least a small chance (5%, 

2.5% or 0.5%) that the positive trending forced signal could be completely ‘canceled out’ 

by a negative unforced fluctuation, resulting in a flat trend line. The Cancellation 

Timescale in Figures 4.8a, 4.8b and 4.8c is the highest point on the vertical axis (i.e., 

longest timescale) where the 5th, 2.5th and 0.5th percentile lines cross the vertical zero-

magnitude line. The Cancellation Timescales for all three RCPs are shown in Figure 4.8d. 

The 11-year negative trend in observations from 2002–2013 would need to extend until 
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2015 before it would be considered outside the 5th percentile of trends associated with 

the RCP 6.0 forced signal, indicating that it would have been premature to conclude that 

the forced signal was increasing at a slower rate than the RCP 6.0 forced signal (Figure 

4.8d). However, a negative trend of 11 years matched the 2.5% Cancellation Timescale 

and exceeded the 5% Cancellation Timescale (8 years) associated with the RCP 8.5 forced 

signal, indicating that we could have rejected this rate of forced warming at the 97.5% 

confidence level. For the RCP 8.5, 6.0, and 4.5 forced signals, the 0.5% Cancelation 

Timescales are 19 years, 27 years and 23 years respectively. This would indicate that the 

global warming hiatus would have needed to continue for 8–16 years beyond 2013 

before it could be said with over 99% confidence that the true forced signal was not 

increasing as quickly as these AOGCM-produced forced signals. 

The null distributions in Figures 4.8a, 4.8b, and 4.8c give us information about 

how likely a trend of a given length and magnitude would be if it were randomly 

selected from the ESRUN superimposed on the forced signals. However, the most recent 

negative trend was not randomly selected. Instead, the lack of observed warming from 

2002–2013 helped motivate this study in the first place. This could introduce a selection 

bias as we may have waited for an extreme trend to occur before we calculated how 

likely the extreme trend was in the first place. Because extremes are inevitable in the 

long run, this would increase the chance of committing a type – 1 error (i.e., the null 

hypothesis is mistakenly rejected). Thus, in addition to the Cancellation Timescale, a 
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complimentary measure of the likelihood of the warming hiatus is the chance of 

observing at least 1 negative linear trend over the entire period from 1993–2050 (Figure 

4.8e). I find that a negative linear trend of 11 years is not extremely unlikely in any of the 

forced signal trajectories over this time period. In fact, for the RCP 6.0 forced signal, 

there is a ~70% chance of seeing at least one negative linear trend of 11 years or longer 

between 1993–2050. On the other hand, there is only a ~30% chance of seeing at least one 

negative linear trend of 11 years or longer for the RCP 8.5 forced signal over the same 

period. This further supports the notion that the lack of warming observed over the 

beginning of the 21st century was not inconsistent with the RCP 6.0 forced signal but that 

it was unlikely to have occurred under the RCP 8.5 forced signal. This may be because 

the external forcings did not increase as fast over the beginning of the 21st century as was 

assumed in the RCP 8.5 emission scenario. 

4.4 Summary 

In this chapter I created a very large ensemble of stochastic realizations of 

unforced GMST noise that were based empirically on the instrumental record and 

reconstructions of surface temperature over the past millennium. I used this ensemble to 

create an empirical estimate of the EUN and used it in the comparison between 

observations and the forced signal produced by AOGCMs over the 20th and 21st 

centuries. I found that the interdecadal variability in the rate of global warming over the 

20th century (i.e., acceleration from ~1910–1940, deceleration until ~1975, acceleration 
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until ~2000) was within the 2.5–97.5% EUN, even if the forced signal was represented as 

a linear trend, indicating that this observed interdecadal variability in the rate of 

warming did not necessarily require interdecadal variability in the rate-of-increase of the 

forced signal. I also found that observed GMST values over the beginning of the 21st 

century, as well as trends, were near the lower bounds of the EUN for a forced signal 

corresponding to the RCP 8.5 emissions scenario but that observations were not 

inconsistent with a forced signal corresponding to the RCP 6.0 emissions scenario. 
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5. N contribution to unforced GMST variability 

5.1 Introduction 

Many recent studies have focused on unforced GMST variability associated with 

the efficiency of heat transport into the deep ocean (Balmaseda et al., 2013; England et 

al., 2014; Guemas et al., 2013; Meehl et al., 2011; Meehl et al., 2013; Trenberth and 

Fasullo, 2013). This type of unforced GMST variability results primarily from a change in 

the distribution of heat within the climate system. However, unforced variability can 

also work to alter the net energy balance at the top of the atmosphere (N) via internally 

generated changes in clouds, water vapor, lapse rate, and/or sea ice, which could affect 

GMST and the total amount of heat in the climate system (Palmer and McNeall, 2014; 

Trenberth et al., 2014). The latter type of unforced variability has been studied at the 

interannual timescale (Kato, 2009; Loeb et al., 2012; Susskind et al., 2012; Trenberth and 

Fasullo, 2012), but there has been little work done at the interdecadal timescale, 

primarily because the best available satellite record, the Clouds and the Earth's Radiant 

Energy System (Wielicki et al., 1996), is only ~15 years in length. 

In the present chapter I utilize 36 AOGCM preindustrial control runs (2400 

months, deseasonalized) from the CMIP5 multimodel ensemble (Taylor et al., 2011), to 

assess the relative influence of interdecadal N variability on GMST and to shed light on 

the physical processes primarily responsible for interdecadal N variability. 
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5.2 Conceptual Framework 

In this chapter I utilize a common energy balance model to make a first-order 

quantification of the effect of unforced N on interdecadal GMST change in CMIP5 

models. In this framework, GMST change results from an energy imbalance (Qnet) on the 

coupled system composed of the Earth's land/atmosphere plus the upper ocean's mixed 

layer (Baker and Roe, 2009; Dickinson, 1981; Geoffroy et al., 2012; Held et al., 2010; 

Wigley and Raper, 1990; Wigley and Schlesinger, 1985). An energy imbalance can be 

created at this system's upper boundary, via changes in N and/or it can be created at the 

system's lower boundary, via the redistribution of heat vertically across the bottom of 

the ocean's mixed layer (QBML, positive upward), 

CK
A(MNOP)

A1
= Q/51 = QSNT + N,                                                                                               (5.1) 

where Cm is the effective heat capacity of the system and depends mostly on the depth of 

the ocean's mixed layer. 

For centennial timescales, QBML is typically represented as a simple diffusive 

process (Baker and Roe, 2009; Geoffroy et al., 2012; Held et al., 2010; Wigley and Raper, 

1990; Wigley and Schlesinger, 1985) and can be thought of as a negative feedback on 

forced GMST change (Baker and Roe, 2009). However, on the interdecadal timescale, 

unforced changes in vertical entrainment and Ekman pumping are also important 

components of QBML (Deser et al., 2010) and QBML flux can actively cause both positive 

and negative GMST change rather than simply acting as a negative feedback. 
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A linear decomposition of the full top-of-atmosphere (TOA) energy budget is 

N = F - λΔ(GMST) + ε, where F represents external radiative forcings, λ is the climate 

feedback parameter, λΔ(GMST) represents the effects of fast feedbacks (clouds, ice 

albedo, water vapor, and lapse rate), and ε is spontaneous variability in the TOA 

radiation budget that is not caused by GMST change or external radiative forcing 

(Forster and Gregory, 2006; Trenberth et al., 2010). In this chapter I utilize unforced 

control runs in which F = 0 and thus, 

N = −λΔ(GMST) + ε.                                                                                                                 (5.2) 

Therefore, the unforced N imbalances studied here are often themselves the 

result of GMST change (i.e., due to fast feedbacks in the climate system, λΔ(GMST)), but 

this study is not concerned with distinguishing between feedback related imbalances 

(λΔ(GMST)) and other unforced imbalances (ε). 

In this chapter, I am particularly interested in the fractional N contribution to 

interdecadal scale GMST change (i.e., how much of a given change in GMST can be 

attributable to the net energy flux at the TOA?). This can be estimated by rearranging 

Eq. (5.1) to form the ratio of a given N flux to the total energy flux necessary for a 

simulated GMST change to have occurred, 

fractional	N	contribution	to	GMST	change = 	 e
fghije

= e

kl
m(nopq)

mr

.                                       (5.3) 

This formulation makes use of conservation of energy and thus any GMST 

change that is not caused by N is attributable to QBML (which does not require explicit 



 

97 

calculation and is treated as a residual). Therefore, a negative (positive) N flux does not 

necessarily imply cooling (warming) as QBML may be of the opposite sign as N and with 

a larger magnitude. In fact, the fractional N contributions can be positive (if N enhances 

GMST change) or negative (if N damps GMST change). 

In reality, a given net energy flux into the Earth's land/atmosphere/ocean mixed 

layer system may manifest itself in ways other than changing the temperature (e.g., by 

melting ice), but these terms are relatively small (Church et al., 2011) and thus they do 

not preclude Eq. (5.3) from providing a first-order estimate of unforced N influence on 

GMST. The primary uncertainty in Eq. (5.3) comes from Cm (Baker and Roe, 2009; 

Geoffroy et al., 2012), but the results of this chapter are robust to various representations 

of Cm (see Section 5.3.1). 

5.3 N Contribution to Unforced interdecadal GMST Fluctuations 

Figure 5.1 compares mean energy fluxes and surface temperature trends over 

large decade-scale GMST warming and GMST cooling events over the course of the 

unforced control runs (the two largest-magnitude warming and two largest-magnitude 

cooling decades were selected from each of the 36 control runs). Warming decades were 

associated with mean N of ~ 0.06 W/m2 (Figure 5.1f), indicating that the entire climate 

system tended to experience an increase in energy over these periods. Conversely, 

cooling decades showed a mean N of ~ -0.06 W/m2 (Figure 5.1f), indicating that the 

climate system tended to lose energy during these periods. This implies that a portion of 
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the energy surplus (deficit) during warming (cooling) decades comes from N and thus 

the change in GMST is not only a result of a vertical redistribution of heat within the 

climate system (this result is supported by the recent study by Palmer and McNeall 

(2014) that shows a positive correlation between unforced decadal GMST trends and 

Earth system energy uptake). The surface net upward energy flux (Qsfc) shows the 

opposite sign and same approximate magnitude of N for both warming and cooling 

decades (Figure 5.1e), which indicates that much of the energy surplus (deficit) 

experienced at the TOA was also experienced at the surface (consistent with the 

atmosphere having a relatively small heat capacity (Trenberth, 2009) compared to the 

rest of the climate system). 

 

Figure 5.1: (a–f) Global magnitude (either linear trend or mean flux as indicated in the 
panels) of temperature and energy variables over warming and cooling decades (OLR: 
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outgoing longwave radiation, RSW: reflected shortwave radiation, GMST trend: rate of 
change of global mean surface temperature, Niño 3 T trend: rate of change of surface air 

temperature over the Niño 3 region, Qsfc, -N). The values of the two decades with the 
largest magnitude of GMST warming and the two decades with the largest magnitude of 

GMST cooling from each of the 36 CMIP5 AOGCM unforced control runs were 
incorporated into the average. Error bars represent standard errors across the 72 values 

(36 control runs multiplied by two warming/cooling decades per run). Similar results are 
obtained when more than two decades are chosen from each control run but the 

magnitude of the values decreases with increased decade number. 

N was also decomposed into outgoing longwave (OLR) and reflected shortwave 

(RSW) components. Mean OLR was not significantly different between the warming and 

cooling decades (Figure 5.1a) and thus almost all the difference in mean N was 

attributable to differences in mean RSW (reduced albedo during warming decades and 

enhanced albedo during cooling decades, Figure 5.1b). Linear trends in surface air 

temperature over the Niño 3 region (5°S–5°N and 150°W–90°W) are of the same sign 

(Figure 5.1d), but approximately twice as large as GMST trends (Figure 5.1c) indicating 

that warming (cooling) decades are associated with a transition to a more El Niño (La 

Niña) like state (on this timescale such variability is attributable more to the Interdecadal 

Pacific Oscillation (IPO) than to the El Niño–Southern Oscillation (ENSO) (Power et al., 

1999; Salinger et al., 2001)). 

The distributions of fractional N contribution to interdecadal warming/cooling 

episodes (Eq. (5.3)) are shown in Figure 5.2. The average fractional N contributions were 

similar for both warming and cooling decades (0.5 for warming decades and 0.53 for 

cooling decades), meaning that about half of the energy flux required for the simulated 
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changes in GMST is attributable to N (the average fractional N contribution to GMST 

change ranges from 0.44 to 0.68 depending on how Cm is treated, Section 5.3.1). The 

range of the fractional N contribution is large from individual decade to decade with 

some instances above 1 (13% of warming decades and 15% of cooling decades) and some 

instances below 0 (15% of warming decades and 13% of decades). A fractional 

contribution above 1 would imply that during that decade, N provided more than 

enough net energy flux for the simulated GMST change to have occurred and thus QBML 

must have countered the effect of N. On the other hand, an instance below 0 would 

imply that during that decade, N worked to damp the simulated change in GMST and 

thus QBML must have provided more than enough of the necessary energy flux. Most of 

the decades studied here (72% of both warming and cooling decades) have fractional N 

contributions between 0 and 1 indicating that N and QBML tend to work cooperatively, 

both contributing positively to the simulated GMST change. 
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Figure 5.2: Normalized histograms (pooled across all AOGCMs) of the fractional N 
contribution to the simulated unforced GMST fluctuations (Eq. (5.3)). The solid black 
lines delineate the 0 and 1 values while the red dashed line indicates the mean of the 
distribution. For these calculations, N was the average global flux (in W/m2) over the 

simulated decade, and d(GMST)/dt was the mean rate of change of GMST in kelvins/s 
over the decade (calculated by least squares linear regression). 

5.3.1 Calculation of Cm 

The effective heat capacity of the climate system (in Eq. 5.1 and 5.3) can be 

calculated by, 

Cm=0.7*ρCpD,                                                                                                                             (5.4) 

where ρ is the density of sea water (1030 kg/m3), Cp is the specific heat of water (4180 

J/kg/K) and D is the depth of the ocean’s mixed layer (Baker and Roe, 2009; Geoffroy et 

al., 2012; Held et al., 2010). To a first order, the heat capacity of the land surface, ice and 
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atmosphere can be neglected and thus the term 0.7 accounts for the proportion of Earth’s 

surface covered by water. For the purpose of estimating the effective heat capacity of the 

climate system in this framework, previous work has deemed that D should be ~75 

meters (with a 1 σ range of ± 25 meters) (Baker and Roe, 2009). Additionally, the 

effective heat capacities of 15 CMIP5 models have been calculated on a AOGCM-by-

AOGCM basis by Geoffroy et al. (2012) (they found a AOGCM mean value of D=77 

meters). For Figure 5.2 I use heat capacities from Geoffroy et al. (2012) for those 

AOGCMs that overlap with those used in this chapter and I calculate Cm with D=75 

meters for those AOGCMs which do not overlap with those used in this chapter. The 

impact of assigning D=100 meters and D=50 meters for AOGCMs that did not overlap 

with Geoffroy et al. (2012) as well as a version that included only AOGCMs from 

Geoffroy et al. (2012) are shown in Figure 5.3. 
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Figure 5.3: Sensitivity of fractional N contribution to GMST change to various strategies 
for representing AOGCM heat capacities. 

5.4 Change in Energy Flux During Warming and Cooling 
Decades 

The warming and cooling decades in the unforced control runs are associated 

with significant changes in energy fluxes in both space and time. Figure 5.4 illustrates 
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the composite global mean behavior of TOA radiation variables, as well as surface net 

upward energy flux and surface temperature both globally and over the Niño 3 region, 

while Figure 5.5 shows the mean spatial behavior of these variables over the same 

decades. The shading in Figure 5.4 represents the standard deviation across all decades, 

while the stippling in Figure 5.5 shows locations where more than 75% of the simulated 

decades experienced the same sign of the given value. The relatively large standard 

deviations in Figure 5.4 as well as the relatively small area stippled in Figure 5.5 indicate 

that the patterns simulated in individual decades can vary substantially from the mean 

pattern across all decades. 

 

Figure 5.4: Composite energy flux (-N, RSW, OLR, and surface net upward energy) and 
surface temperature anomalies (GMST and surface temperature over the Niño 3 region) 

over the same warming and cooling decades described in Figures 5.1 and 5.2. The 
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shading denotes the standard deviation of each value across all decades. All variables 
are expressed as anomalies relative to their mean over the entire control run. Fourteen 
years are shown but calculations in Figures 5.1, 5.2, and 5.5 are only preformed on the 

decade enclosed by the vertical black lines. 

 

Figure 5.5: Rates of change and anomalies of energy flux variables and surface 
temperatures over the same warming and cooling decades discussed in Figures 5.1, 5.2 
and 5.4. Stippling delineates the grid points where over 75% of the decades experienced 

the same signed value. 

As was implied by Figure 5.1, warming (cooling) decades tend to be associated 

with locally enhanced warming (cooling) over the central equatorial Pacific which 

implies a shift from negative (positive) phase to positive (negative) phase in the IPO 
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(Power et al., 1999; Salinger et al., 2001) (Figure 5.5). The AOGCM-mean warming 

(cooling) is distributed nearly globally, with notable exceptions over the western Pacific 

midlatitude regions in both the Northern and Southern Hemispheres (Figure 5.5), 

consistent with the typical spatial pattern associated with the IPO (Power et al., 1999) 

and/or the Pacific Decadal Oscillation (Deser et al., 2010; Mantua et al., 1997). The 

warming (cooling) is particularly strong in the high latitudes which may be a result of 

energy surpluses (deficits) over the tropical Pacific being transferred to the poles 

through large shifts in meridional atmospheric energy transport (investigated further in 

Chapter 7). 

As GMST increases (decreases) over the course of the decade, OLR also tends to 

increase (decrease) globally (Figure 5.4), which is, to the first order, due to the basic 

Stefan-Boltzmann response (i.e., “Planck response” or “Blackbody response”) of the 

climate system (Forster and Taylor, 2006). All else being equal, this OLR change would 

quickly eliminate any initial imbalance in N and would work to stabilize GMST. These 

simulated GMST changes, however, appear to be sustained, in part, by changes in 

albedo that work to counteract the changes in OLR (Figure 5.4). During warming 

(cooling) decades, the largest decrease (increase) in RSW radiation occurs over the 

central/eastern equatorial Pacific, off the east coast of Australia and over the Southern 

Ocean, particularly over the Weddell Sea (Figure 5.5). In the Pacific, the RSW change 

displayed in Figure 5.5 suggests a distinct shift in the location of the South Pacific 
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Convergence Zone which has been noted to occur in conjunction with a phase shift in 

the IPO (Folland et al., 2002). 

The RSW and OLR changes are of opposite sign over much of the Earth, 

consistent with a reorganization of convective cloud regimes in which local RSW 

changes tend to be cancelled at the TOA by counteracting changes in OLR (Kato, 2009; 

Kiehl and Ramanathan, 1990). The cancellation is not perfect everywhere, however, as 

warming (cooling) decades are associated with a negative (positive) change in N over 

much of the middle and high latitudes where change in OLR is greater than any 

counteracting change in RSW. This enhanced (reduced) OLR eventually contributes to 

the demise of the warming (cooling) period by driving N from positive (negative) to 

negative (positive) (Figure 5.4). However, warming (cooling) periods may be enhanced 

in both duration and magnitude by reinforcing changes in RSW over the central 

equatorial and eastern Pacific. In these regions, warming (cooling) surface temperatures 

tend to be associated with decreased (increased) RSW, which is not fully cancelled by 

changes in OLR (Figure 5.5). The reason for this is likely that the eastern equatorial 

Pacific is characterized by more large-scale atmospheric subsidence, relatively cool 

surface temperatures and marine stratiform clouds (Klein and Hartmann, 1993). Marine 

stratiform clouds have a net cooling effect on the surface (i.e., their presence increases 

RSW more than it reduces OLR) (Hartmann et al., 1992). Therefore, a breakup of these 

clouds due to surface warming will reduce RSW without a wholly compensating 
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increase in OLR (Sun et al., 2003; Wallace et al., 1989). This is consistent with the result 

that most AOGCMs exhibit positive cloud feedback primarily due to a reduction in low 

clouds when the surface warms (Soden et al., 2008). The lack of complete cancellation 

between OLR and RSW in the central and eastern Pacific allows for N to contribute to 

ENSO via the “shortwave heat flux feedback” (Bony et al., 1997), and thus, it is 

reasonable that it would also play a role in longer timescales as part of the IPO. 

5.5 Discussion and Summary 

The present chapter supports previous work that has attributed a significant 

component of interdecadal scale unforced variability in GMST to low frequency ENSO 

variability and/or the IPO (Kosaka and Xie, 2013; Meehl et al., 2011; Meehl et al., 2013; 

Trenberth and Fasullo, 2013). However, my results differ from most previous studies in 

that I show that energy imbalances at the TOA can enhance unforced GMST change 

rather than GMST change being exclusively due to the redistribution of energy within 

the climate system. I show that these TOA imbalances come about because albedo 

changes are able to temporarily counteract the climate system's outgoing longwave (i.e., 

Stefan-Boltzmann) response to GMST change. It should be noted that since ENSO and 

the IPO also affect GMST via large vertical redistributions of heat (i.e., changes in QBML) 

(Meehl et al., 2013; Trenberth et al., 2002a), the simulated N imbalances are likely to be 

dominated by the feedback component (λΔ(GMST)) rather than being spontaneously 

generated by the atmosphere (ε) (Trenberth et al., 2010). 
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It is worthwhile to attempt to interpret the present results in the context of 

contemporary climate change. From the years 1955 to 2010, 0–2000 m ocean heat content 

accumulation suggested that the mean N over this period was ~0.27 W/m2 (due mostly 

to external radiative forcings, F) (Levitus et al., 2012). This chapter has shown that in 

extreme episodes of decadal-scale unforced GMST change, mean N imbalances were on 

the order of ± ~0.06 W/m2 averaged across all AOGCMs (the most extreme imbalances 

observed were ± ~0.2 W/m2). This would imply that in certain circumstances, unforced 

variability in N may have been able to modulate the long-term forced imbalance by 

~22% (~74% in the most extreme circumstances) over the course of a given decade. 

Currently, however, measurements indicate that the energy imbalance at the TOA is 

between 0.5 and 1.0 W/m2 (Abraham et al., 2013; Trenberth et al., 2014). At this 

magnitude, unforced N variability would only be able to modulate the background 

forced imbalance by ~6–12% (~20–40% in the most extreme circumstances) over the 

entirety of a given decade. 

It is interesting to note that the best available inventories of total climate system 

heat content suggest that the slowdown in GMST warming at the beginning of the 21st 

century was not accompanied by a decrease in the net energy imbalance at the TOA 

(Balmaseda et al., 2013; Trenberth et al., 2014). This indicates that the fractional N 

contribution to unforced GMST change over this period might have been close to 0% or 

less (i.e., QBML may have accounted for 100% or more of the net energy flux necessary for 
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the observed change in GMST progression to have occurred). Indeed, there is a growing 

consensus that the early 21st century slowdown in the increase in GMST was due to 

increased heat storage in the ocean below the mixed layer (Balmaseda et al., 2013; 

England et al., 2014; Meehl et al., 2011; Meehl et al., 2013; Trenberth and Fasullo, 2013). 

The present chapter indicates that fractional N contributions to GMST change below 0% 

(during cooling decades) are not typical as they occurred in nine out of 72 (12.5%) 

decades investigated (Figure 5.2). Therefore, if AOGCMs correctly simulate the 

relationship between unforced GMST change and N, the “warming hiatus” may be an 

aberration in that we should expect most unforced decadal changes in GMST to be 

enhanced by the N imbalance. 

Because unforced variability in the tropical Pacific appears to be a major driver of 

interdecadal scale unforced variability in GMST and N, accurate AOGCM simulation of 

internal modes such as ENSO are of upmost importance. This is particularly true given 

that lower frequency modes of variability like the IPO and PDO may depend on 

accurate simulation of ENSO (Schneider and Cornuelle, 2005). The CMIP5 multimodel 

ensemble saw an improvement in ENSO simulation over the previous generation of 

AOGCMs, particularly in their ability to accurately produce a spectral peak in sea 

surface temperature variability within the 2–7 year range (Flato et al., 2013). Despite this, 

many AOGCMs still have significant biases in their simulation of physical processes 

(such as deep convection, trade wind strength and clouds) key to ENSO dynamics (Flato 
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et al., 2013; Jiang et al., 2012). In particular, the shortwave heat flux feedback associated 

with ENSO may be critical for the accurate representation of N variability but it remains 

poorly simulated in current AOGCMs (Bellenger et al., 2013). Of particular relevance is 

the recent study by England et al. (2014) which showed that current AOGCMs do not 

accurately simulate the magnitude of observed unforced variability in trade wind 

strength which has enhanced deep ocean heat uptake (i.e., QBML) over the recent past. It 

is quite possible that similar errors may exist when it comes to the simulated 

relationship between unforced N and GMST. For example, the shortwave feedback due 

to low-level clouds, which this chapter suggests plays an important role in unforced 

GMST variability, has a very large intermodel spread (Sherwood et al., 2014). Going 

forward, addressing these issues may lead to improved AOGCM performance on 

interdecadal timescales which would be valuable for “decadal prediction” of climate 

change on policy relevant timescales (Meehl et al., 2009). 
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6. N contribution to a large-scale mode of surface 
temperature variability: The Atlantic Multidecadal 
Oscillation 

6.1 Introduction 

Chapter 5 showed that the net energy imbalance at the top of the atmosphere 

could contribute positively to unforced GMST variability. In this chapter I investigate 

how net TOA energy imbalances can contribute to the Atlantic Multidecadal Oscillation 

(AMO), a major mode of variability in the climate system.  

The Atlantic Multidecadal Oscillation (AMO) (Enfield et al., 2001) is second only 

to the El Niño–Southern Oscillation in terms of its contribution to global sea surface 

temperature (SST) variability over the observational record (Messié and Chavez, 2011). 

As such, the AMO has been implicated as a strong influence on several aspects of global 

climate such as Atlantic hurricane activity (Goldenberg et al., 2001; Knight et al., 2006; 

Zhang and Delworth, 2006), North American and European climate (Enfield et al., 2001; 

Sutton and Hodson, 2005), Sahel and Amazonian rainfall (Folland et al., 1986; Knight et 

al., 2006; Martin et al., 2014), Arctic sea ice extent (Mahajan et al., 2011; Zhang, 2015), and 

GMST (Chapter 2; Chylek et al., 2014; Schlesinger and Ramankutty, 1994). While the 

AMO's far-reaching influence on the climate system is well appreciated, the 

fundamental physics of the AMO remain uncertain and a matter of debate. 

Current physical explanations for the AMO differ in several aspects, but most 

rest on the underlying premise that the AMO is the proximate result of interdecadal 
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variability in the strength of the Atlantic Meridional Overturning Circulation (AMOC) 

(Ba et al., 2014; Delworth and Mann, 2000; Knight et al., 2005; McCarthy et al., 2015; 

Medhaug and Furevik, 2011). AMOC variability itself is often attributed to changes in 

North Atlantic Deep Water (NADW) formation due to anomalous Arctic freshwater 

fluxes (Jungclaus et al., 2005) and/or atmospheric modes such as the North Atlantic 

Oscillation (Buckley and Marshall, 2016; Latif et al., 2006; Latif and Keenlyside, 2011; Li 

et al., 2013; Sun et al., 2015). Despite the indirect role for the atmosphere, the physical 

connection between the AMOC and the AMO is typically described in terms of oceanic 

processes alone: since the AMOC transports heat northward over the entire Atlantic, an 

increase in NADW formation should increase the strength of the AMOC, thus increasing 

oceanic meridional heat transport (MHT) convergence in the North Atlantic, resulting in 

a basin-scale warming of SSTs (Knight et al., 2005). 

A challenge to this canonical view has recently materialized, as several studies 

have suggested that AMOC variability is not simultaneously meridionally coherent 

across the entire North Atlantic (Bingham et al., 2007; Lozier, 2010, 2012; Lozier et al., 

2010). Additionally, Zhang and Zhang (2015) showed that the AMOC-induced 

convergence of MHT anomalies is much weaker in the tropical North Atlantic (TNA; 

defined here as the Atlantic between the equator and 34°N) than it is in the extratropical 

North Atlantic (ENA; defined here as the Atlantic between 34°N and 65°N), suggesting 

that a mechanism other than direct AMOC-induced changes in MHT convergence is 
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required for linking the AMOC variability at northern high latitudes with the emergence 

of a basin-scale AMO. In this chapter I present modeling evidence that N imbalances via 

cloud feedbacks are a crucial component of this mechanism. 

6.2 Methods and Definitions 

Uncovering the physical explanation for the AMO has been a challenge due to 

the short observational record relative to its characteristic time scale (Ting et al., 2009), 

the uncertain influence of externally forced versus internally generated SST variability 

over the observational record (Booth et al., 2012; Zhang et al., 2013), difficulty in the 

quantification of surface and top-of-atmosphere energy fluxes over the observational 

record (Trenberth et al., 2009), and the lack of any direct AMOC observations until 

relatively recently (Cunningham et al., 2007; Rayner et al., 2011). Considering these 

challenges, it has been fruitful to study the physics underlying the AMO in unforced 

control runs of coupled atmosphere-ocean general circulation models (AOGCMs) and I 

adopt that strategy in this chapter. 

6.2.1 CMIP5 and GFDL CM2.1 Control Runs 

In this chapter I utilized 11 unforced CMIP5 AOGCM control runs (Figure 6.1) 

and an unforced Geophysical Fluid Dynamics Laboratory (GFDL) CM2.1 run (Delworth 

et al., 2006). Analysis was conducted on the first 200 years of each AOGCM's control run.  
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6.2.2 GFDL CM2.1 Control Run Without Cloud Feedback 

In the analysis below I utilize a GFDL CM2.1 control run without cloud feedback. 

This experiment was identical to the fully coupled GFDL CM2.1 run, except that the 

three prognostic cloud properties (total cloud liquid in each grid box, total cloud ice in 

each grid box, and the fraction of each grid box covered by cloud) were prescribed over 

the global domain at each time step and repeated for each year of the simulation. These 

prescribed cloud properties came from one arbitrary year in the GFDL CM2.1 unforced 

simulation but were adjusted to have the same climatological monthly means as the 

GFDL CM2.1 run with cloud feedback so that the simulated ocean and atmosphere 

climatology was similar in both runs. See Zhang et al. (2010) for further details on the 

experiment. 

6.2.3 Data Preprocessing 

All CMIP5 output were regridded from each AOGCM's native grid to a common 

2° × 2° grid via bilinear interpolation so that values could be compared at the same 

locations. All time series were anomalized by subtracting the climatological mean of the 

variable from each year in the time series. Additionally, all time series were linearly 

detrended so that any remaining model drift was discarded. Figures 6.6a–6.6c show the 

periodogram for unsmoothed annual time series, but all other time series were 

smoothed with a 15 year Lowess (Cleveland, 1979) filter prior to subsequent analysis so 
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that the interdecadal component of variability could be investigated. Conclusions of this 

chapter are robust to smoothing at the 30 year time scale (not shown). 

6.2.4 AMO Index 

I define the AMO as the low-pass filtered (15 year Lowess (Cleveland, 1979)) 

spatially weighed mean SST from 7.5°W to 75°W and 0°N to 65°N over the Atlantic 

Ocean. The AMO indices for each AOGCM investigated are shown in Figures 6.1 and 

6.2. 

 

Figure 6.1: AMO Index for each of the CMIP5 AOGCMs used in this study. The 15-year 
smoothed time series (used as input for Figure 6.3) are shown in red. 
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Figure 6.2: Local low pass filtered SSTs regressed against the AMO index for each of the 
CMIP5 AOGCMs used in this chapter. 

6.2.5 AMOC Index 

The strength of the AMOC in the two GFDL CM2.1 experiments was 

approximated as the low-pass filtered time series (15 year Lowess (Cleveland, 1979)) of 

the maximum zonally integrated Atlantic meridional overturning stream function at 

45°N in density space. 
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6.2.6 Meridional Heat Transport and Meridional Heat Transport 
Convergence 

The meridional heat transport (MHT) was defined as the zonally integrated 

northward heat transport across the entire Atlantic at each latitude, and the MHT 

convergence was defined as the negative of the latitudinally weighed meridional 

derivative of the MHT. 

6.2.7 Use of Cloud Radiative Effect 

In this chapter (and in chapters 7 and 8) I utilize the change in cloud radiative 

effect (CRE) with surface temperature to investigate the radiative impact of cloud 

variability. The CRE is a measure of the impact of clouds on the radiation budget 

relative to a cloudless atmosphere (Ramanathan et al., 1989). Thus, a change in the CRE 

with SST is not a direct measure of cloud feedback since CRE changes can results from a 

change in cloud properties or a change in the clear-sky radiation budget (Soden et al., 

2004), leaving some ambiguity for the cloud effect over regions with large changes in the 

clear-sky energy budget. 

6.3 Heat Flux and the AMO in AOGCMs 

I first examine the structure of the AMO and its associated anomalous heat flux 

in output from CMIP5 AOGCMs. I focus on multimodel mean relationships in order to 

emphasize features that are robust across the ensemble, but results from individual 

models are shown in Figure 6.1–6.2. The analysis confirms that AOGCMs tend to 

simulate a basin-scale AMO with simultaneously coherent interdecadal SST variability 



 

119 

between the ENA and the TNA (Figures 6.3a and 6.3f) (Ba et al., 2014). AOGCMs 

indicate that the positive phase of the AMO is associated with anomalous negative 

(upward) Qsfc over large portions of the ENA, in conjunction with the AMO (Figure 6.3b) 

and preceding the AMO peak for several years (Figures 6.3g and 6.4b). On the contrary, 

the AMO positive phase is associated with substantial areas of anomalously positive 

(downward) Qsfc over the TNA, in conjunction with the AMO (Figure 6.3b) and 

preceding the AMO peak for several years (Figures 6.3g and 6.4b). (In this chapter I 

define Qsfc as positive downward since sea surface temperatures rather than surface air 

temperatures are the primary topic of investigation.) These contrasting relationships 

indicate that over the ENA, the anomalous Qsfc tends to damp the AMO-related 

interdecadal SST variability (Gulev et al., 2013; O'Reilly et al., 2016), while over the TNA, 

the anomalous Qsfc tends to enhance the AMO-related interdecadal SST variability. Note 

that the amplitude of the anomalous Qsfc flux is much smaller over the TNA than it is 

over the ENA (Figures 6.3b and 6.3g). Additionally, Figures 6.4a and 6.4b indicate that 

over most of the TNA, the Qsfc flux contributes to the SST tendency associated with the 

AMO, while the Qsfc flux tends to oppose the SST tendency associated with the AMO 

over large portions of the ENA. 
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Figure 6.3: (a–e) The simultaneous regression with the AMO index and (f–j) the cross 
regression of the North Atlantic zonal mean time series with the AMO index. All energy 

fluxes are positive downward. Stippling represents where over 80% of the AOGCMs 
agree on the sign of the regression coefficient. Figures 6.1 and 6.2 show spatial plots for 

the individual CMIP5 AOGCM used in this chapter. 

 

Figure 6.4: CMIP5 multi-model means of the linear regression coefficient between (a) the 
low pass filtered local SST tendency and the AMO index 4 years later and, (b), the net 

surface heat flux (positive down) and the AMO index 4 years later. In (a), positive values 
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indicate that warming tendency in these regions is associated with a positive AMO 
anomaly 4 years later. In (b), positive values indicate that positive net surface heat flux 

in these regions is associated with a positive AMO anomaly 4 years later. Therefore, 
positive net surface heat flux contributes to some of the AMO variability in these 

regions. On the contrary, negative values in (b) indicate that negative net surface heat 
flux in these regions is associated with a positive AMO anomaly 4 years later. Therefore, 

the rapid warming tendency seen in the ENA in (a) must be driven by oceanic heat 
convergence rather than net surface heat flux. 

An examination of the anomalous N radiative flux associated with the AMO 

(Figures 6.3d and 6.3i) indicates that changes in radiatively active constituents of the 

atmosphere result in anomalous surface radiative fluxes (Figures 6.3c and 6.3h) that 

enhance AMO magnitude and variability over large portions of both the ENA and the 

TNA. The importance of cloud feedback has previously been identified for unforced 

Atlantic SST variability (Bellomo et al., 2015; Evan et al., 2012; Yuan et al., 2016), as well 

as for the Atlantic SST response to an abrupt AMOC weakening (Zhang et al., 2010). 

Furthermore, cloud feedback associated with local unforced surface temperature 

variability have been shown to be positive over the majority of the world's oceans 

(Chapter 7). These studies lead us to suspect that clouds might play a role in modulating 

heat flux variability associated with the AMO. Indeed, the spatial pattern of the 

anomalous CRE over much of the North Atlantic (Figures 6.3e and 6.3j) indicates that 

changes in clouds have a positive feedback on AMO variability over most of the basin in 

CMIP5 models. Decomposition of the radiation budget reveals that the cloud 

components (Figures 6.5c, 6.5g, 6.5d, and 6.5h) play a leading role but that there are also 

amplifying effects in the clear-sky portion of the budget, both in the longwave, 
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presumably via water vapor feedback (Figures 6.5a and 6.5e), and in the shortwave, 

presumably via sea ice feedback (Figure 6.5b and 6.5f). 

 

Figure 6.5: Spatiotemporal structure of the components of the top-of-atmosphere energy 
flux associated with the AMO in CMIP5 unforced control runs (a-h) and in the GFDL 

CM2.1 run with cloud feedback (i-p). 

6.4 The Necessity of Cloud Feedback for a Basin-Scale AMO 

To quantify the impact of cloud feedback on the AMO, I compare the 

relationship between the AMOC, heat fluxes, and SSTs in a fully coupled control 

simulation of GFDL CM2.1 (henceforth referred to as the run “with cloud feedback”) to 

the relationship in a GFDL CM2.1 simulation without a multiyear cloud feedback 



 

123 

(henceforth referred to as the run “without cloud feedback”). See section 6.2.2 for more 

details. 

A comparison of the two simulations reveals that cloud feedback greatly 

enhances the magnitude of interdecadal North Atlantic SST variability (Figure 6.6a), as 

well as interdecadal SST variability over the ENA (Figure 6.6b). Cloud feedback does not 

cause a clear enhancement of interdecadal SST variability over the TNA (Figure 6.6c). 

However, the cloud feedback greatly enhances the meridional coherence of SST 

variability in the North Atlantic (cf. Figures 6.6d and 6.6e). Specifically, in the run with 

cloud feedback, ENA and TNA SST variability each lag AMOC variability by ~4 years, 

consistent with previous studies (Ba et al., 2014; Zhang and Zhang, 2015). Without cloud 

feedback, ENA SSTs still show significant correlation with the AMOC at a 4 year lag; 

however, the correlation between the AMOC and TNA SSTs at that lag drops to zero 

(Figure 6.6e). Thus, the enhanced AMO variability in the run with cloud feedback is 

attributed to the enhanced ENA SST variability (~54% increase in the low-frequency 

ENA SST standard deviation) and to the enhanced coherence between ENA and TNA 

SST variabilities. 
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Figure 6.6: SST variability and its meridional coherence with and without cloud 
feedback in GFDL CM2.1. (a) Power spectral density of the North Atlantic SST (0–65°N) 
in the model configuration with (black line) and without (red line) cloud feedback. (b) 
Same as in (a) but applied to SSTs over the ENA. (c) Same as in (a) but applied to SSTs 

over the TNA. The power spectral density curves are smoothed with a nine-period 
running mean (von Storch and Zwiers, 2003). (d) Cross correlation between the AMOC 
index and SSTs over different domains in the North Atlantic in the model with cloud 

feedback. (e) Same as in (d) but in the model without cloud feedback. The vertical 
dashed lines in (a)–(c) demark the 15 year time scale where time series were smoothed 

prior to the calculations shown in (d) and (e). In (d) and (e), vertical dashed lines 
indicate the time lag of maximum correlation. Note that the maximum correlation 
between the AMOC and TNA SST in the no cloud feedback case occurs at −8 years 
because without cloud feedback, ENA and TNA SSTs are out of phase, and thus, 

positive TNA SSTs occur during the previous iteration of the cycle. In (d) and (e) the 
error ranges mark the 5th and 95th significance levels (as calculated via a Monte Carlo 

method). 
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Figures 6.7 and 6.8 illustrate how cloud feedback alters the relationship between 

the AMOC, North Atlantic SSTs, and surface energy fluxes. With cloud feedback, a 

positive AMOC anomaly is associated with anomalously positive SSTs over almost the 

entire North Atlantic ~4 years later (Figures 6.7a and 6.8a) except for the negative SST 

anomaly over the Gulf Stream region that emerges due to local oceanic meridional heat 

transport (MHT) divergence (Zhang and Zhang, 2015). The source of heat for the 

positive SST anomalies over the northern ENA is mostly oceanic MHT convergence that 

persists from ~7 years prior to ~4 years following the AMOC maximum (Figure 6.7g). 

The net surface heat flux over the ENA tends to be negative both in conjunction with the 

AMOC (Figure 6.8d) and surrounding it in time for several years (Figure 6.7c), 

indicating surface damping of the SST anomalies over the ENA. The situation is quite 

different over the TNA where there tends to be a weak MHT divergence for ~10 years 

prior to and persisting for several years following the AMOC maximum (Figure 6.7g). 

Despite this MHT divergence, zonal mean TNA SST anomalies become positive at all 

latitudes ~4 years after the AMOC peak (Figures 6.7a and 6.8a), due to persistently 

positive net surface heat fluxes (Figure 6.7c and 6.8d). The anomalously positive net 

surface heat fluxes over the TNA are partially explained by anomalously positive net 

surface radiative flux (Figure 6.7e) but are also affected by positive turbulent energy 

fluxes, discussed further in Section 6.5. 
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Figure 6.7: Impact of cloud feedback on SST and surface heat flux anomalies associated 
with AMOC variability. (a, c, e, and g) Least squares cross-regression coefficients 

between zonal mean time series of the labeled variable over the North Atlantic and the 
AMOC index in the GFDL CM2.1 model with cloud feedback. (b, d, f, and h) Same as in 

(a), (c), (e), and (g) but in the model without cloud feedback. Note that the AMOC 
variability itself is largely unaffected by cloud feedback. All energy fluxes are positive 
downward. Stippling represents statistical significance using a Monte Carlo technique. 

The horizontal solid line separates the ENA from the TNA. Conclusions are not sensitive 
to the latitude where the AMOC index is defined. 
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Figure 6.8: Least squares linear regression coefficient between the labeled variable and 
the AMOC index in the GFDL CM2.1 run with and without cloud feedback. (a–c) The 
regression coefficients are lagged 4 years because the AMO fully emerges 4 years after 
the AMOC peak (Figures 6.6d and 6.6e). (d–f) The regression coefficients are calculated 

simultaneous to the AMOC index so that their effect on the SST tendency is highlighted. 
For example, the negative net surface heat flux anomaly over the ENA in (d) and (e) 
tends to damp the positive ENA SST anomaly in (a) and (b) and is a response to the 

positive ocean heat transport convergence anomaly (Figures 6.7g and 6.7h). On the other 
hand, the positive net surface heat flux anomaly over the TNA in (d) can be interpreted 
as contributing to the positive TNA SST anomaly 4 years later (a). Stippling represents 

statistical significance using a Monte Carlo technique. Net surface energy fluxes are 
positive downward. 

 

The model run without cloud feedback shows an AMOC-SST-surface energy flux 

relationship that is fundamentally altered. ENA SSTs still vary due to MHT convergence 

(Figure 6.7h), but much of the TNA experiences anomalously negative SSTs ~4 years 

after the AMOC peak, producing a dipole pattern over the North Atlantic (Figures 6.7b 

and 4b). Contrary to the run with cloud feedback, the run without cloud feedback shows 
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that from ~10 years prior to ~3 years after the AMOC peak, the net surface heat flux is 

mostly negative over the TNA (Figures 6.7d and 6.8e) contributing to the emergence of 

the negative SST anomaly there. Thus, the cloud feedback produces an enhancement of 

SST variation over the ENA and it reverses the sign of AMOC-induced SST variability 

(due to MHT divergence) over the TNA, allowing for the emergence of the basin-scale 

AMO (Figures 6.8a–6.8c). 

In supplement to the calculations shown in Figure 6.6, 6.7 and 6.8, I show an 

additional metric of the cloud feedback influence on North Atlantic SST coherence in 

Figure 6.9. There, I regress the local SST at each location against the mean SST over the 

ENA and the local SST at each location against the mean SST over the TNA in both the 

GFDL CM2.1 run with and without cloud feedback. In the run with cloud feedback, 

anomalously warm (cool) SSTs over the ENA are associated with anomalously warm 

(cool) SSTs over the TNA (Figure 6.9a) and anomalously warm (cool) SSTs over the TNA 

are associated with anomalously warm (cool) SSTs over the ENA (Figure 6.9c). On the 

other hand, in the GFDL CM2.1 run without cloud feedbacks, anomalously warm (cool) 

SSTs over the ENA are associated with anomalously cool (warm) SSTs over the TNA 

(Figure 6.9b) and anomalously warm (cool) SSTs over the TNA are associated with 

anomalously cool (warm) SSTs over the ENA (Figure 6.9c). 
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Figure 6.9: Mean SST in the designated box regressed against the local SST for the GFDL 
CM2.1 model with cloud feedback (left column) and the GFDL CM2.1 model with no 

cloud feedback (right column). 

6.5 Discussion and Conclusion 

The apparent mechanisms responsible for the basin-scale AMO in the GFDL 

CM2.1 run with cloud feedback are summarized in Figure 6.10. A positive AMO is 

associated with a positive SST anomaly in the ENA (due to MHT convergence), which 

causes anomalously low sea level pressure (SLP) and anomalous cyclonic surface winds 

over the North Atlantic (Figure 6.10a) (Yuan et al., 2016). SSTs over the TNA warm 

partially because the anomalous cyclonic winds induced by the ENA SST anomaly 

weaken the northeasterly trades and induce anomalously positive turbulent heat fluxes 
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(Figure 6.10c) in a manner similar to that described in the wind-evaporation-SST (WES) 

feedback (Xie and Philander, 1994). Additionally, during positive AMO, the large-scale 

atmospheric response induces reduced low-level cloud fraction (Figure 6.10d), which 

may be associated with reduced atmospheric subsidence (Figure 6.10b) and thus 

reduced marine boundary layer inversion strength (Myers and Norris, 2013). This 

reduction in low-cloud fraction produces compensating effects in the shortwave (Figure 

6.10g) and the longwave (Figure 6.10h) but results in an overall surface CRE response 

that is mostly positive over the basin (Figure 6.10f) (Yuan et al., 2016). 

 

Figure 6.10: Least squares linear regression coefficient between the labeled variable and 
the AMO index in the GFDL CM2.1 run with cloud feedback. All energy fluxes are 
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positive downward. Stippling represents statistical significance calculated using a 
Monte-Carlo technique. 

Thus, the cloud feedback directly induces a surface radiative heat flux response 

that enhances the AMO-related SST variability over most of the North Atlantic. This 

enhanced SST variability supports SLP and surface wind responses that are sufficiently 

large to produce an anomalously positive TNA turbulent heat flux (Figure 6.10c). In 

addition, the AMO-related SST variability over the TNA may be amplified by feedback 

involving SSTs and African dust (Martin et al., 2014; Wang et al., 2012; Yuan et al., 2016). 

As mentioned above, atmospheric processes have previously been invoked as 

one of the physical explanations of NADW formation and thus AMOC variability (Latif 

et al., 2006; Latif and Keenlyside, 2011; Li et al., 2013; Sun et al., 2015). However, AMOC 

variability has traditionally been linked to the AMO through oceanic processes alone. In 

contrast, it was recently suggested that the AMO in AOGCMs might emerge without 

AMOC variability since slab ocean models produce similar AMO SST patterns and 

power spectra as AOGCMs (Clement et al., 2015). My results indicate that AMOC 

variability is critical to the production of the AMO in AOGCMs but that the AMOC-

AMO connection is not solely attributable to oceanic processes. Specifically, I show that 

the ENA portion of the AMO is driven primarily by AMOC-induced OHC convergence 

but that N imbalances via cloud feedback provides a necessary teleconnection 

mechanism for the emergence of the coherent TNA portion of the AMO. This result is 
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primarily based on an investigation of the effects of cloud feedback in a single AOGCM 

(GFDL CM2.1), and thus, it would be valuable test this mechanism in other AOGCMs. 

Quantifying the cloud response to external forcing has long been recognized as a 

key path forward for narrowing the uncertainties in long-term projections of global 

warming. This chapter supports the notion that cloud feedback mechanisms may also be 

crucial for the emergence of large-scale internal modes of variability. Thus, progress 

toward understanding the role of clouds in the climate system should also improve our 

ability to predict regional and global climate on interdecadal time scales. 
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7. The restoring force for unforced GMST variability 

7.1 Introduction 

When the climate system is unperturbed by external radiative forcings, it is 

expected that GMST would be stable on long timescales predominantly because of the 

Planck response, or the direct blackbody radiative response to a uniform temperature 

change of the surface and the atmosphere (Bony et al., 2006; Dessler 2012; Hallberg and 

Inamdar 1993; Ingram 2013). In the global mean sense, the Planck response suggests that 

positive GMST anomalies tend to be associated with enhanced OLR, which would cause 

negative N, and thus an eventual return of GMST to its equilibrium value (Chapter 4; 

Dessler 2012; Koumoutsaris 2013; Trenberth et al., 2015). Indeed, both satellite 

observations and Atmosphere-Ocean General Circulation Models (AOGCMs) show this 

negative N vs. GMST relationship for interannual variability (Figure 7.1a).  
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Figure 7.1: Sign difference between the global mean vs. and the local N(θ, ϕ) vs SAT 
(abbreviated as T(θ, ϕ) above) relationship. (a) Linear least squares relationship between 

annual mean and annual mean pooled across 27 CMIP5 AOGCMs (black), and in 
CERES/ERA-I observations from 2001–14 (red). (b) Map of the multimodel means of the 

linear least squares regression coefficients between annual anomalous N(θ, ϕ) and 
annual anomalous SAT. The zero isopleth is contoured in blue and stippling represents 
where at least 90% of the models agree on the sign of the regression coefficient. (c) As in 
(b), but for CERES/ERA-I observations from 2001–14. (d) Zonal mean of (b) and (c) with 
gray shading representing the across-AOGCM standard deviation of the zonal mean of 

the regression values. 

This negative N vs. GMST relationship represents the primary restoring force for 

GMST variability. It may be tempting to suppose that this negative N vs. GMST global 

relationship should hold at the local spatial scale as well, but it was recently pointed out 

that the N(θ,ϕ) vs. SAT relationship (where (θ,ϕ)=(latitude, longitude)) is in fact positive 

in observations over much of the Earth (Trenberth et al., 2015). Indeed, the same 

observations and AOGCMs that demonstrate the negative N vs. GMST relationship 
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(Figure 7.1a) indicate that the N(θ,ϕ) vs. SAT relationship tends to be positive over most 

of the surface of the planet (Figure 7.1b, 7.1c and 7.1d). The underlying reasons for the 

spatial distribution of the N(θ,ϕ) vs. SAT relationship as well as the cause of the 

relationship’s sign reversal at the global scale are the primary topics of investigation in 

this chapter. Elucidating these relationships will improve our physical understanding of 

the restoring forced on GMST variability.  

7.2 Data, preprocessing, and definitions 

7.2.1 AOGCM data 

In this chapter I focus on the relationship between unforced anomalous annual 

mean SAT and unforced anomalous annual mean energy fluxes in 27 CMIP5 AOGCMs 

(Table 7.1). As with previous chapters, I used the first 200 years of each AOGCMs 

preindustrial control run and linearly detrended all analyzed variables so that the 

analysis was not contaminated by possibly unphysical model drift (Figure 7.2).  
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Table 7.1: Model details for the 27 CMIP5 AOGCMs utilized in this chapter. 

 

Model&Name Institution Atmosphere&
Component&Name

Atmosphere&Resolution
Atmosphere&
Chemistry&

Component&Name&

Land&Surface&
Component&Name

Ocean&Component&
Name

Ocean&Resolution
Ocean&Biogeo>

Chemistry&Component&
Name

Sea&Ice&Component&
Name

&&&&ACCESS1>0

Commonwealth

Scientific/and/Industrial

Research/Organization

(CSIRO)/and/Bureau/of

Meteorology/(BOM),

Australia

Included/(as/in

HadGEM2/(r1.1))
192/×/145/N96 N/A MOSES2.2

ACCESSMOM/

(MOM4p1)

primarily/1°/latitude/longitude

tripolar/with/enhanced/resolution

near/equator/and/at/high/latitudes

N/A CICE4.1

&&&&ACCESS1>3

Commonwealth

Scientific/and/Industrial

Research/Organization

(CSIRO)/and/Bureau/of

Meteorology/(BOM),

Australia

Included/(similar/to

UK/Met/Office/Global

Atmosphere/1.0)

192/×/145/N96 N/A CABLE
ACCESSMOM/

(MOM4p1)

primarily/1°/latitude/longitude

tripolar/with/enhanced/resolution

near/equator/and/at/high/latitudes

N/A CICE4.1

&&&&CanESM2
Canadian/Center/for

Climate/Modelling/and

Analysis

Included Spectral/T63 Included CLASS/2.7;/CTEM Included 256/×/192 CMOC Included

&&&&CCSM4 US/National/Centre/for

Atmospheric/Research
CAM4 0.9º/×1.25º N/A

Community/Land

Model/4/(CLM4)

POP2/with/

modifications

Nominal/1°/(1.125°/in/longitude,

0.27–0.64°/variable/in/latitude)
N/A

CICE4/with

modifications

&&&&CESM1>BGC NSFMDOEMNCAR CAM4 0.9º/×1.25º N/A
Community/Land

Model/4/(CLM4)

POP2/with/

modifications

Nominal/1°/(1.125°/in/longitude,

0.27–0.64°/variable/in/latitude)

Biogeochemical

Elemental/Cycling/(BEC)

CICE4/with

modifications

&&&&CESM1>CAM5 NSFMDOEMNCAR CAM5 0.9º/×1.25º N/A
Community/Land

Model/4/(CLM4)

POP2/with/

modifications

Nominal/1°/(1.125°/in/longitude,

0.27–0.64°/variable/in/latitude)
N/A

CICE4/with

modifications

&&&&CESM1>FASTCHEM NSFMDOEMNCAR
/Included,

CAM4MCHEM
0.9º/×1.25º

Included,/CAMM

CHEM

Community/Land

Model/4/(CLM4)

POP2/with/

modifications

Nominal/1°/(1.125°/in/longitude,

0.27–0.64°/variable/in/latitude)
N/A

CICE4/with

modifications

&&&&CESM1>WACCM NSFMDOEMNCAR WACCM4 1.9o/×/2.5o included
Community/Land

Model/4/(CLM4)

POP2/with/

modifications

Nominal/1°/(1.125°/in/longitude,

0.27–0.64°/variable/in/latitude)
N/A

CICE4/with

modifications

&&&&CMCC>CESM
Centro/EuroMMediterraneo

per/I/Cambiamenti

Climatici

ECHAM5 3.75°/×/3.75°/(T31) N/A SILVA OPA8.2
2°/average,/0.5°/at/the/equator

(ORCA2)
N/A LIM2

&&&&CNRM>CM5

Centre/National/de

Recherches/Meteorologiques

and/Centre

Europeen/de/Recherche

et/Formation/Avancees/en

Calcul/Scientifique.

ARPEGEMClimat TL127
(3MD/linear/ozone

chemistry/model)

SURFEX/(Land/and

Ocean/Surface)
NEMO 0.7°/on/average/ORCA1 PISCES

Gelato5/(Sea

Ice)

&&&&CSIRO>Mk3>6>0

Queensland/Climate/Change/

Centre/of/Excellence/and/

Commonwealth/Scientific/and/

Industrial/Research/

Organisation

Included
~1.875º/×/1.875º

(spectral/T63)
N/A Included Modified/MOM2.2 ~0.9/×/1.875 N/A Included

&&&&GFDL>CM3 NOAA/Geophysical

Fluid/Dynamics/Laboratory
Included ~200/km/C48L48

Atmospheric

Chemistry
Included MOM4.1 1°/tripolar360/×/200L50 N/A SIS

&&&&GFDL>ESM2G NOAA/Geophysical

Fluid/Dynamics/Laboratory
Included

2.5°/longitude,/2°

latitude/M45L24
N/A Included GOLD 1°/tripolar/360/×/2/10L63 TOPAZ SIS

&&&&GFDL>ESM2M NOAA/Geophysical

Fluid/Dynamics/Laboratory
Included

2.5°/longitude,/2°

latitude/M45L25
N/A Included MOM4.1 1°/tripolar/360/×/200L50 TOPAZ SIS

&&&&inmcm4 Russian/Institute/for

Numerical/Mathematics
Included

2/×1.5°/in/longitude

and/latitude/

latitudelongitude

N/A Included Included

1/×/0.5°/in/longitude/and

latitude/generalized/spherical

coordinates/with/poles/displaced

outside/ocean

Included Included

&&&&IPSL>CM5A>LR
Institut/Pierre/Simon

Laplace
LMDZ5

96/×/95/equivalent

to/1.9°/×/3.75°/LMDZ96

×/95

N/A Included Included 2/×/2M0.5°/ORCA2 PISCES LIM2

&&&&IPSL>CM5A>MR
Institut/Pierre/Simon

Laplace
LMDZ5

144/×/143/equivalent

to/1,25°/×/2.5°/LMDZ144

×/143

N/A Included Included 3/×/2M0.5°/ORCA2 PISCES Included

&&&&IPSL>CM5B>LR
Institut/Pierre/Simon

Laplace
LMDZ5

96/×/95/equivalent

to/1.9°/×/3.75°/LMDZ96

×/95

N/A Included Included 4/×/2M0.5°/ORCA2 PISCES Included

&&&&MIROC5

University/of/Tokyo,

National/Institute/for

Environmental/Studies,

and/Japan/Agency/for

MarineMEarth/Science/and

Technology

CCSR/NIES//FRCGC

AGCM6

1.40625/×/1.40625°

T85
N/A MATSIRO COCO4.5

1.4°/(zonally)/×/0.5–1.4°

(meridionally)
N/A Included

&&&&MIROC>ESM

University/of/Tokyo,

National/Institute/for

Environmental/Studies,

and/Japan/Agency/for

MarineMEarth/Science/and

Technology

MIROCMAGCM 2.8125/×/2.8125°/T42 N/A MATSIRO COCO3.4
1.4°/(zonally)/×/0.5–1.4°

(meridionally)
NPZDMtype Included

&&&&MIROC>ESM>CHEM

University/of/Tokyo,

National/Institute/for

Environmental/Studies,

and/Japan/Agency/for

MarineMEarth/Science/and

Technology

MIROCMAGCM 2.8125/×/2.8125°/T43 CHASER MATSIRO COCO3.5
1.4°/(zonally)/×/0.5–1.4°

(meridionally)
NPZDMtype Included

&&&&MPI>ESM>LR Max/Planck/Institute/for

Meteorology
ECHAM6 approx./1.8°/T63 N/A JSBACH MPIOM average/1.5°/GR15 HAMOCC Included

&&&&MPI>ESM>MR Max/Planck/Institute/for

Meteorology
ECHAM6 approx./1.8°/T63 N/A JSBACH MPIOM approx./0.4°/TP04 HAMOCC Included

&&&&MPI>ESM>P Max/Planck/Institute/for

Meteorology
ECHAM6 approx./1.8°/T63 N/A JSBACH MPIOM average/1.5°/GR15 HAMOCC Included

&&&&MRI>CGCM3 Meteorological

Research/Institute
MRIMAGCM3.3 320/×/160/TL159 N/A HAL MRI.COM3 1/×/0.5 N/A

Included/(MRI.

COM3)

&&&&NorESM1>M Norwegian/Climate

Centre
CAM4MOslo

Finite/Volume/1.9°

latitude,/2.5°/longitude
CAM4MOslo CLM4 NorESMMOcean 1.125°/along/the/equator N/A CICE4

&&&&NorESM1>ME
Norwegian/Climate

Centre
CAM4MOslo

Finite/Volume/1.9°

latitude,/2.5°/longitude
CAM4MOslo CLM4 NorESMMOcean 1.125°/along/the/equator HAMOCC5 CICE4
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Figure 7.2: Global mean surface temperature (GMST, K) and net TOA radiation (N, 
W/m2) for the 27 AOGCM preindustrial control runs used in this this chapter. Time 

series of GMST are black and time series of N are blue. 

In this chapter, I focus the analysis on multi-model mean values (e.g., the mean 

of the AOGCMs’ N(θ,ϕ)  vs. SAT linear regression coefficients) in order to highlight the 

most robust relationships across the ensemble. However, AOGCM spread about these 

mean values is shown where appropriate and I indicate model agreement with stippling 

that denotes where more than 90% of AOGCMs agree on the sign of the regression 

coefficients.  
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7.2.2 Observational data 

I supplement the AOGCM analysis of this chapter with TOA radiation 

measurements from the Clouds and Earth's Radiant Energy System (CERES; Wielicki et 

al., 1996) Energy Balanced and Filled (EBAFv2.8) product and cloud area fraction from 

the CERES-MODIS product (Minnis et al., 2011). Additionally, I use the European 

Center for Medium-range Weather Forecasts interim reanalysis (ERA-I; Dee et al., 2011) 

to provide historical estimates of SAT, sea level pressure (SLP) and surface heat flux 

(Qsfc). I use annual mean values for these datasets over the 14-year period in which they 

overlap (2001-2014). For simplicity I refer to both ERA-I and CERES data as 

“observations” even though ERA-I output represents observations assimilated into a 

weather forecast model. It should be noted that the historical record contains a 

combination of both forced and unforced variability which are difficult to disentangle 

but over the relatively short time period of investigation (2001-2014) unforced variability 

accounts for a substantial majority of the observed variation (Dessler 2010; Trenberth et 

al., 2010).  

7.2.3 AOGCM and observed cloud climatology  

The purpose of this chapter is to use both AOGCMs and observations to gain 

physical insight on the covariability between N and GMST. Therefore; it is not my intent 

to rigorously compare AOGCMs to observations in order to assess model performance. 

Nevertheless, AOGCMs are known to struggle with the simulation of clouds, and thus it 
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is useful to keep in mind that there are some large differences between AOGCM-

modeled and observed cloud climatologies (Figure 7.3). See also Dolinar et al. (2015) for 

further discussion. 

 

Figure 7.3: (a,d,g,j) Multi-model and time-mean cloud fraction, CRE, CRESW and CRELW 
respectfully for CMIP5 AOGCMs. (b, e, h, k) same as (a,d,g,j) but for the time-mean of 

CERES observations. (c, f, i, j) difference between first and second column. 

 

Figures 7.3 compares the multi-model and time-mean of AOGCM cloud 

variables to the time-mean of cloud variables in the CERES observational dataset. Both 

observations and AOGCMs produce a qualitatively similar geographic distribution for 

cloud fraction (cf. Figure 7.3a and 7.3b), CRE (cf. Figure 7.3d and 7.3e), CRESW (cf. Figure 

7.3g and 7.3h) and CRELW (cf. Figure 7.3j and 7.3k). The AOGCMs underestimate global 
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mean cloud fraction by 2.5% on average relative to observations (Figure 7.3c). The 

largest underestimates are between 15% and 20% and occur over tropical and 

subtropical marine boundary layer cloud regions off the west coasts of North/South 

America and Australia. Underestimates of cloud fraction off the west coast of North and 

South America lead to positive biases of CRE in these regions near 20 W/m2 (Figure 7.3f) 

primarily due to positive biases in CRESW (Figure 7.3i). Similarly, there is an AOGCM 

underestimate of cloud fraction over the Southern Ocean which is partially responsible 

for an overestimates of CRE between 5 and 15 W/m2 there, mostly due to a positive 

CRESW bias (Figure 7.3i). Cloud fraction over much of the equatorial Pacific and the 

western Indian Ocean is overestimated (Figure 7.3C) which causes a negative AOGCM 

bias in CRESW (Figure 7.3i) and CRE (Figure 7.3f) relative to observations.  

In the global mean, the AOGCMs have a negative CRESW bias of 1.95 W/m2 

relative to observations (Figure 7.3i). This is partially compensated for by a positive 

CRELW longwave bias 0.24 W/m2 (Figure 7.3l) resulting in a net negative CRE bias of 1.72 

W/m2 (Figure 7.3f). These biases should be considered when interpreting the results of 

this chapter. It should be noted, however, that the AOGCM runs were conducted under 

perpetual 1860 conditions while the observations were over the years 2001-2014. 

Therefore, differences in the boundary conditions may be responsible for some of the 

noted differences in the cloud variables. 
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7.2.4 Atmospheric energy transport 

As in chapter 3, I follow (Trenberth et al., 2002a; Trenberth et al., 2002b) to define 

an estimate of the convergence of the vertically integrated Atmospheric Energy 

Transport (AET),  

−∇ ∙ AET θ, ϕ = −1 ∙ (N θ, ϕ + Qwxy θ, ϕ ).                                                                        (7.1) 

For observations, both Qsfc(θ,ϕ) and N(θ,ϕ) in Eq. (7.1) came from ERA-I (rather than 

using N(θ,ϕ) from CERES) so that potentially disparate datasets were not mixed. This 

approximation ignores any atmospheric storage of heat, which was assumed to be small. 

7.2.5 Linear regression relationships 

In the sections below I will make use of the following notation to denote a variety 

of different linear least-squares regression relationships between climatic variables (α) 

and SAT both on the local (SAT) and global (GMST) scales.  

 The regression coefficient between any global mean variable (α) and GMST is 

denoted as,  

γ| =
}|

}(MNOP)
.                                                                                                                              (7.2) 

The corresponding regression coefficient at the local spatial scale is denoted as,  

γ|(θ, ∅) =
} |(�,∅)
} O�P

.                                                                                                                     (7.3) 

Note that the global mean of the regression coefficients calculated on the local scale 

(γ|(θ, ∅)) is not the same quantity as the regression coefficient calculated on global 

means (γ|) as Figure 7.1 demonstrates.  
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 Finally, the linear relationship between a variable defined at the local spatial 

scale and GMST is denoted as,  

ζ| θ, ∅ = }(| �,∅ )
}(MNOP)

.                                                                                                                    (7.4) 

7.2.6 Feedbacks 

In this chapter I follow the convention by referring to the linear relationship 

between a TOA radiative flux anomaly and SAT as a “feedback” (Bellomo et al., 2015; 

Colman and Power 2010; Dessler 2012; Koumoutsaris 2013; Trenberth et al., 2015). This 

language can give the impression that we know the change in SAT is the “cause” and 

the change in TOA flux is the effect. It is safe to assume this direction of causality when 

an external forcing is obviously responsible for the SAT change but the direction of 

causality is more ambiguous in the unforced climate state where all variability is 

spontaneously generated by the system itself. Undoubtedly there are instances where 

changes in the TOA flux (e.g., atmospheric circulation induced changes in clouds over 

land) lead to the SAT anomaly (Trenberth and Shea 2005). Therefore, I caution that I use 

the term “feedback” to be consistent with other contemporary work on this subject but I 

do not wish to convey that the direction of causality is necessarily known in all cases. 

7.3 Spatiotemporal N vs. SAT relationship 

Figure 7.1 demonstrates that the relationship between N and SAT must vary as a 

function of spatial scale but it does not indicate at what scale the sign of the relationship 

reverses. It is also conceivable that the N vs. SAT relationship varies according to 
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temporal scale in the context of unforced variability. In an effort to study how the N vs. 

SAT relationship varies as a function of spatial as well as temporal scale, I calculated N 

vs. SAT regression coefficients according to the steps outlined below (visualized in 

Figure 7.4). Observations were neglected in this portion of the analysis because of a lack 

of sufficient data. 

1) A spatial scale (incrementing from 2.5°×2.5° latitude/longitude up to 80°×80° 

latitude/longitude) and a temporal scale (incrementing from 1 year to 190 years) were 

selected. Every possible space-time scale combination was selected once. 

2) 100 samples at the selected scales were randomly chosen from the each 

AOGCM’s three-dimensional space-time (latitude-longitude-time) array. 

3) Average SAT and average N values were calculated for each of the 100 

samples of 27 AOGCM runs (2,700 total values). 

4) The 2,700 N values were regressed against the 2,700 SAT values and the 

regression coefficient as a function of space and time was recorded.   

The results of this method are shown in Figure 7.5. It can be seen that the 

relationship between N and SAT does not vary strongly as a function of timescale in the 

unforced AOGCM runs but that it does vary strongly as a function of spatial scale. After 
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about 70% of the Earth’s surface is included in the calculation, the relationship switches 

sign from positive to negative.  

 

Figure 7.4: Schematic of how the calculation was conducted to produce Figure 7.5. 
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Figure 7.5: In-phase regression coefficients between N and SAT as a function of 
temporal and spatial scales. 

7.4 The geographic distribution of the γN(θ, ϕ) relationship 

I first investigate the local relationships between N and SAT (γN(θ,ϕ), eq. (7.3)) 

with the intent of uncovering the physical processes underlying these relationships as 

well as how these physical processes differ by geographic location. Figure 7.6 maps 

γα(θ,ϕ) for a number of variables in both AOGCMs (Figure 7.6a-k) and observations 

(Figure 7.6l-v). γ�:5;4T�(θ, ∅) (Figure 7.6e and 7.6p) is affected by the lapse-rate 
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feedback, the water-vapor feedback, and the Planck response (Colman and Power 2010; 

Crook et al., 2011) but over most of the surface of the Earth, the Planck response 

dominates this component and there is enhanced OLR(θ,ϕ) to space during elevated 

SAT. (Note that OLR(θ,ϕ) via the Planck response is more heavily influenced by 

tropospheric mean temperature than by SAT itself but that SAT and tropospheric mean 

temperature are positively correlated on these timescales (Trenberth et al., 2015)). In the 

AOGCMs, the primary exception to this enhanced OLR(θ,ϕ) with warm SAT is over the 

Indo-Pacific warm pool where higher climatological surface temperatures allow for a 

water vapor response that is strong enough to overwhelm the Planck response (Allan et 

al., 1999; Inamdar and Ramanathan 1994; Larson and Hartmann 2003; Pierrehumbert 

1995; Ramanathan and Collins 1991; Su et al., 2006). In this region, anomalous warmth is 

also associated with enhanced convection and cloud fraction (Figure 7.6k) but since the 

shortwave (Figure 6.7c) and longwave (Figure 7.6f) CRE components mostly cancel 

(Figure 7.6i) (Kiehl 1994), it is the water vapor feedback (Figure 7.6e) that is primarily 

responsible for the positive γN(θ,ϕ) relationship there. Note that the strength of the 

water vapor response also depends on enhanced convection as moistening of the middle 

and upper troposphere is crucial for its large magnitude in this region (Hallberg and 

Inamdar 1993). 
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Figure 7.6: Multimodel mean of the annual linear least squares regression coefficients of 
(a) N(θ, ϕ), (b) ClearSW(θ, ϕ), (c) CRESW(θ, ϕ), (d) SAT(θ, ϕ), (e) ClearLW(θ, ϕ), (f) 

CRELW(θ, ϕ), (g) SLP(θ, ϕ), (h) S(θ, ϕ), (i) CRE(θ, ϕ), (j) , and (k) cloud fraction at (θ, ϕ), 
all regressed against local SAT. The spatially weighed global mean value is displayed 

above each panel. The zero isopleth is contoured black in each panel. All fluxes are 
positive into the atmospheric column. Stippling in (a)–(k) represents where over 90% of 

the AOGCMs agreed on the sign of the regression coefficient. (l)–(v) As in (a)–(k), but for 
observations. Note that (a) and (l) are the same as Figures 7.1b and 7.1c respectively but 

are reproduced here for convenience. 

 

 Observations tell a similar story except that γ�:5;4T�(θ, ∅) is negative over the 

central portion of the Indo-Pacific warm pool (Figure 7.6p). This disagreement may be 

because satellites are only able to sample ClearLW(θ,ϕ) in regions that are actually cloud-

free (unlike AOGCMs which calculate ClearLW(θ,ϕ) at all grid points and at every time 

step regardless of the simulated cloud cover). A consequence of this is that the 
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ClearLW(θ,ϕ) measurement from satellites will disproportionately represent the cloudless 

areas with less humidity and less of a water vapor greenhouse effect. 

Over most of the remainder of the surface, with the exception of the subpolar 

latitudes, the positive γN(θ,ϕ) relationship is due mostly to the γ���O�(θ, ∅) component 

(Figures 7.6c and 7.6n) associated with a reduction in cloud fraction (Figure 7.6k and 

7.6v) and an overall positive γ���(θ, ∅) (Figure 7.6i and 7.6t). This is consistent with the 

shortwave cloud feedback that has been noted in regions characterized by high-albedo, 

low level stratiform clouds in particular (Evan et al., 2012; Park et al., 2005). In these 

regions, elevated SAT is associated with increased convection and destabilization of the 

boundary layer (Bellenger et al., 2013) as well as a lack of sufficient increase in 

evaporation to maintain the boundary layer cloudiness (Webb and Lock 2013).  The 

surface albedo component also plays an important role in the positive γN(θ,ϕ) 

relationship over the Southern Ocean, near the Arctic sea-ice margin, and over the high 

altitude Rocky and Himalayan mountain ranges (Figure 7.6b and 7.6m) where warm 

years are associated with less snow or sea ice.  

The γN(θ,ϕ) relationship (Figure 7.6a and 7.6i) tends to be negative near both 

poles and over some specific continental regions (e.g., equatorial South America, 

equatorial Africa, Australia and northern Eurasia). In these areas, the γ�:5;4O�(θ, ∅) 

(Figure 7.6b and 7.6m) and γ���(θ, ∅) (Figure 7.6i and 7.6t) components of γN(θ,ϕ) are 

near zero. Since atmospheric water vapor in these locations is limited compared to the 
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tropical ocean, the Planck response (embedded within the γ�:5;4T�(θ, ∅) component, 

Figure 7.6e and 7.6p) is able to emerge as the dominant influence on γN(θ,ϕ).  

Figure 7.6 also maps the γQsfc(θ,ϕ) relationship (positive upward in this chapter, 

Figure 7.6h and 7.6s) which tends to be positive over the equatorial ocean where natural 

variability in the thermocline heat budget can cause persistent, large-magnitude SAT 

anomalies (Deser et al., 2010). In this part of the globe, γQsfc(θ,ϕ) is much larger than 

γN(θ,ϕ) indicating that it dominates the local energy budget. Furthermore, both the 

γQsfc(θ,ϕ) and the γN(θ,ϕ) relationships are positive over much of the equatorial ocean 

(Figure 7.6a/7.6h and 7.6l/7.6s), indicating that SAT anomalies in these location cannot be 

damped locally and tend to be associated with anomalous atmospheric energy transport 

which communicates local anomalous Qsfc(θ,ϕ) to higher latitudes (Kosaka and Xie 

2013). The γF∇∙��P(θ, ∅) relationship (Figure 7.6j and 7.6u) shows that warm SAT 

anomalies over the equatorial ocean and portions of the subtropics are associated with 

net anomalous export of energy while warm SAT anomalies over many continental and 

high latitude regions are associated with the net anomalous import of energy from other 

locations.  

 

7.5 Dependency of the γN(θ,ϕ) relationship on climatological SAT 

The geographic distribution apparent in Figure 7.6 suggests that the physics of 

the γN(θ,ϕ) relationship may depend fundamentally on the climatological value of SAT 
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(Tclim) as well as whether the location is over land or ocean. Figures 7.7 and 7.8 illustrate 

how the variables shown in Figure 7.6 vary as a function of Tclim and anomalous SAT 

over land (Figure 7.7) and ocean (Figure 7.8) grid points. Panels a and l in Figures 7.6 

and 7.7 label four regimes (Regime I with Tclim values below 255K, Regime II with Tclim 

values from 255K to 273K, Regime III with Tclim values from 273K to 300K and Regime IV 

with Tclim values above 300K) that were chosen to highlight noteworthy shifts in the 

underlying physical mechanisms of the N(θ,ϕ) vs. SAT relationship.  

 

Figure 7.7: Bivariate plots over land grid points for the same variables from Figure 7.6 
plotted as a function of climatological SAT (T(θ, ϕ)Clim) and SAT anomaly (T(θ, ϕ) 

anomaly). Regimes discusses in the text are labeled in (a) and (l) and are delineated in 
the plots with vertical dashed lines. These panels are produced by sampling every grid 
point and every year, pooling the data into two-dimensional histograms, and averaging 
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over the pooled values to produce the number displayed (in the observations and 
AOGCMs separately). White areas had no values to calculate an average. 

 

 

Figure 7.8: Same as Figure 7.7 but over ocean grid points.  

  

All four regimes indicate that over land, elevated SAT anomalies are associated 

with a negative ClearLW(θ,ϕ) contribution to N(θ,ϕ) (Figure 7.7e and 7.7p) via the Planck 

response. Over the ocean, however, the strong water vapor feedback overwhelms the 

Planck response near 300K in the AOGCMs (Figure 7.8e), but this feature is not present 

in observations (Figure 7.8p) as was discussed in Section 7.4. Since there is no water 

vapor runaway greenhouse effect over land, the anomalous N(θ,ϕ) vs. SAT relationship 
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(Figure 7.7a and 7.7l) is governed by the ability of the surface albedo (Figure 7.7b and 

7.7m) and CRE(θ,ϕ) components (Figure 7.7i and 7.7t) to overwhelm the ClearLW(θ,ϕ) 

component.  

Over Regime I, cold climatological SAT values, which are well below the freezing 

point of water, produce semi-permanent ice that is not prone to variation. Consequently, 

there is little shortwave variability in this regime over land or ocean from either 

ClearSW(θ,ϕ) (Figure 7.7b, 7.7m, and Figure 7.8b, 7.8m) or CRESW(θ,ϕ) (Figure 7.7c, 7.7n, 

and Figure 7.8c, 7.8n). Additionally, the shortwave components of variability make less 

of an impact in this regime because these locations are at high latitudes and experience 

less annually averaged incoming solar radiation than the rest of the planet. Anomalous 

warmth in regime I is associated with increased cloud fraction (Figure 7.7k, 7.7v, and 

Figure 7.8k, 7.8v) and a positive CRELW(θ,ϕ) and CRE(θ,ϕ) anomaly (Figure 7.7i, 7.7t, 

and Figure 7.8i, 7.8t), however, this effect is not large enough to overwhelm the 

ClearLW(θ,ϕ) response (Figure 7.7e, 7.7p, and Figure 7.8e, 7.8p). This implies that 

anomalous warmth over Antarctica and the polar Arctic Ocean (likely caused by 

anomalous convergence of AET (Figure 7.7j, 7.7u and Figure 7.8j, 7.8u)) will tend to be 

strongly damped by the Planck Response.  

Unlike Regime I, Regime II experiences anomalously positive N(θ,ϕ) during 

positive SAT anomalies. Regime II is characterized by Tclim values near the freezing point 

of water so positive SAT anomalies are associated with significant reductions in surface 
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albedo over land and ocean (Figure 7.7b, 7.7m, and Figure 7.8b, 7.8m). These reductions 

in surface albedo are larger than the negative ClearLW(θ,ϕ) response (Figure 7.7e, and 

7.8e, 7.8p), except in observations over land where the ClearLW(θ,ϕ) mostly overwhelms 

the ClearSW(θ,ϕ) component (Figure 7.7l) but this may be an artifact of a limited number 

of observations.  

Regime III also tends to experience anomalously positive N(θ,ϕ) during positive 

SAT anomalies. Regime III, is generally above the freezing point of water and thus it is 

the CRESW(θ,ϕ) component that is primarily responsible (Figure 7.7c, 7.7n, and Figure 

7.8c, 7.8n) for the positive N(θ,ϕ) vs. SAT relationship. In this regime, anomalous 

warmth is associated with a reduction in cloud fraction (Figure 7.7k, 7.7v, and Figure 

7.8k, 7.8v) that causes a larger reduction in cloud albedo (Figure 7.7c, 7.7n, and Figure 

7.8c, 7.8n) than cloud greenhouse effect (Figure 7.7f, 7.7q, and Figure 7.8f, 7.8q). The 

direction of causality is particularly ambiguous in this regime since reduced cloudiness 

leads to warmth (Trenberth and Shea 2005). 

Over land, where the water vapor supply is limited, SAT warmth in Regime IV is 

associated with anomalously negative N(θ,ϕ) (Figure 7.7a, 7.7l). In this regime, 

anomalous warmth is associated with decreased precipitation (Trenberth and Shea 2005) 

and cloud fraction (Figure 7.7k, 7.7v), however, due to longwave and shortwave 

cancellation, the CRE(θ,ϕ) response is relatively small (Figure 7.7i, 7.7t). Also, since the 

Tclim is well above the freezing point of water, the ClearSW(θ,ϕ) response is near zero. 
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These factors allow the Planck response (embedded in Figure 7.7e and 7.7p) to dominate 

the total response (Figure 7.7a, 7.7l). Like Regime I, Regime IV over land tends to be an 

area of AET convergence during anomalous SAT warmth (Figure 7.7j and 7.7u). 

7.6 The negative 𝜸𝑵 relationship 

Having established some of the underlying physics governing the geographic 

distribution of the local N(θ,ϕ) vs. SAT relationship, I now turn my attention to the 

problem of reconciling the mostly positive local N(θ,ϕ) vs. SAT relationship (Figure 

7.1b/7.1c/7.1d, Figure 7.6a/7.6l) with the negative N vs. GMST (γe) relationship (Figure 

7.1a). One possible way to square these seemingly paradoxical results would be through 

the specific spatial pattern of SAT anomalies associated with changes in GMST (i.e., ζSAT, 

Eq. (7.4)). Specifically, I showed in Section 7.4 that certain locations on the surface of the 

planet are better able to damp SAT anomalies to space than others. For example, 

anomalous warmth over Antarctica and the polar Arctic Ocean will tend to be 

effectively damped by the Planck response (Figure 7.1b/7.1c/7.1d, Figure 7.6a/7.6l). 

Therefore, if ζSAT was distributed such that most of the anomalous warmth was in high 

latitude regions characterized by a negative γN(θ,ϕ) relationship, then the apparent 

contradiction of Figure 7.1a and Figure 7.1b/7.1c/7.1d might be resolved.  

Figure 7.9 displays the ζSAT pattern (Figure 7.9d, 7.9o) as well as the 

corresponding, ζα(θ,ϕ) for all the other variables shown in Figure 7.6. On the interannual 

timescale, variability in GMST is dominated by the El Niño/Southern Oscillation (ENSO; 
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Wigley 2000), which has a distinct ζSAT pattern (Chapter 2). Importantly, the ζSAT pattern 

does include large positive values at high latitudes where γN(θ,ϕ) tends to be negative 

and the ζSAT pattern includes negative values over some locations with locally positive 

γN(θ,ϕ) relationship (cf. Figure 7.9d/7.9o with Figure 7.6a/7.6l). The high latitude 

amplification in the characteristic ζSAT pattern is partly a result of a large surface energy 

flux (ζQsfc(θ,ϕ), Figure 7.9h, 7.9s) from the tropical Pacific which is transferred to high 

latitudes by the atmosphere where convergence occurs (Figure 7.9j and 7.9u). The 

negative ζSAT values in the north Pacific (Figure 7.9d, 6o) occur due to an atmospheric 

circulation response to enhanced convection at the equator during El Niño (Trenberth et 

al., 1998) which strengthens the Aleutian Low (Figure 7.9g, 7.9r). The deeper Aleutian 

Low implies anomalous northerly (southerly) winds over the north-central (north-

eastern) Pacific and thus anomalously negative (positive) ζSAT (Alexander et al., 2002; 

Emery and Hamilton 1985; Lau and Nath 1994). There is also an anomalously cool 

region in the South Pacific off the coast of Australia which arises primarily due to a shift 

in the South Pacific Convergence Zone (SPCZ) during El Niño (Folland et al., 2002). 
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Figure 7.9: As in Figure 7.6, but local variables are regressed against GMST (Eq. (7.4)), 
rather than local SAT. Note that the magnitude of the response for observations is larger 

than that for AOGCMs and that this is partially because differences in the location of 
sharp gradients in the AOGCMs will result in smaller absolute values when the average 

is taken. (The global mean of each map is the L = 0 value in Figure 7.13 and the global 
mean of (a) and (l) is represented in Figure 7.1a.) 

 

These surface temperature features play a role in the production of the negative 

N vs. GMST relationship. In AOGCMs, -0.4 W/m2/K of the -0.8 W/m2/K ζe(θ, ϕ) 

originates from locations with that are warm when the global mean is warm and have a 

negative local feedback (i.e., positive ζO�P(θ, ϕ) and negative γe(θ, ϕ)) like Antarctica 

(Figure 7.10). Also, -0.5 W/m2/K of the -0.8 W/m2/K ζe(θ, ϕ) originates from locations 

that are cool when the global mean is warm but have a positive local feedback (i.e., 
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negative ζO�P(θ, ϕ) and positive γe(θ, ϕ)) like the northwestern Pacific (Figure 7.10). 

Similarly, in observations -1.2 W/m2/K of the -2.4 W/m2/K ζe(θ, ϕ) originates from 

locations with positive ζO�P(θ, ϕ) and negative γe(θ, ϕ) while -1.3 W/m2/K originates 

from locations with negative ζO�P(θ, ϕ) and positive γe(θ, ϕ) (Figure 7.10). This is 

consistent with the finding that AOGCMs with more Arctic amplification in their 

subdecadal ζO�P(θ, ϕ) pattern have less variable GMST (Chapter 4) due to more of the 

GMST weighting being in regions where energy can be easily damped to space. 

However, the ζN(θ,ϕ) spatial pattern (Figure 7.9a, 7.9l) has other unique characteristics 

(Dessler 2012; Koumoutsaris 2013; Trenberth et al., 2010) that are not explained by the 

superposition of ζSAT (Figure 7.9d, 7.9o) and γN(θ,ϕ) (Figure 7.6a, 7.6l). 

 

Figure 7.10: Values of ζN(θ,ϕ) (Eq. (7.4); Figures 7.9a,l) averaged over locations with the 
indicated properties of ζSAT(θ,ϕ) (Eq. (7.4); Figures 7.9d,o) and γN(θ,ϕ) (Eq. (7.3); Figures 
7.6a,l). Units for all values are W m−2K−1. Colors give an indication of relative magnitude 

with reds representing positive values and blues representing negative values. 

 

In order to quantify the component of ζN(θ,ϕ) that is not explained by the surface 

temperature pattern associated with GMST variability, I follow a procedure similar to 

Armour et al. (2012) where I multiply the local feedback relationships γα(θ,ϕ) (Figure 
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7.6) by the characteristic surface temperature pattern associated with GMST variability, 

ζSAT (Figure 7.9d, 7.9o),  

κ|(θ, ∅) = γ|(θ, ∅) ∙ ζO�P(θ, ∅).                                                                                               (7.5) 

This calculation, shown in Figure 7.11, illustrates what ζα(θ,ϕ) would be if local 

SAT explained 100% of the variance in local α(θ,ϕ). For AOGCMs the κN(θ,ϕ)	pattern is 

qualitatively similar to the ζN(θ,ϕ) pattern (cf. Figure 7.9a and Figure 7.11a). In 

particular, both ζN(θ,ϕ) and κN(θ,ϕ) have strong positive values over the tropical Pacific 

and more negative values over the anomalously cool subtropical Pacific, continents, and 

high latitudes. However, the surface temperature pattern by itself significantly under-

predicts the OLR damping of GMST anomalies. In particular, κ�:5;4T�(θ, ∅) = -1.1 W/m2 

(Figure 7.11e), is less negative than ζ�:5;4T�(θ, ∅) = -1.9 W/m2 (Figure 7.9e), and 

κ���T�(θ, ∅) = 1.7 W/m2 (Figure 7.11f) is far more positive than ζ���T�(θ, ∅) = 0.2 W/m2 

(Figure 7.9f). For observations, there is less qualitative similarity between the 

κN(θ,ϕ)	and ζN(θ,ϕ) patterns (cf. Figure 7.9l and Figure 7.11l). It is not surprising that the 

patterns in the observations contain less coherent structure than the corresponding 

patterns in the AOGCMS given that the observed regression coefficients are based on 14 

years while the AOGCM regression coefficients are based on 5,400 years (200 years each 

for 27 AOGCMs). Nevertheless, observations also show that the surface temperature 

pattern times the local feedback underestimates the OLR damping of GMST anomalies. 
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This results from κ�:5;4T�(θ, ∅) = -1.5 W/m2 (Figure 7.11p) being less negative than 

ζ�:5;4T�(θ, ∅) = -2.6 W/m2 (Figure 7.9p).  

 

Figure 7.11: The portion of the ζα(θ, ϕ) pattern (Figure 7.9) due to the characteristic 
surface temperature pattern associated with GMST variability (ζSAT(θ, ϕ); Figures 7.9d,o) 

multiplied by the local feedback pattern (γα(θ, ϕ); Figure 7.6); see Eq. (7.5). 

 

For both AOGCMs and observations, κe(θ, ∅) is positive (1.1 W/m2, Figure 7.11a 

and 0.9 W/m2 Figure 7.11l) indicating that the superposition of the characteristic surface 

temperature pattern associated with GMST variability and the local feedback would, by 

itself, produce a positive γe and would be indicative of an unstable climate system. This 

implies that the mechanisms other than the characteristic surface temperature pattern 
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associated with GMST variability must crucial for stabilizing GMST to internal 

perturbations. To highlight the contribution from these other mechanisms I subtract 

κ|(θ, ∅) (Figure 7.11) from the directly simulated/observed relationship ζα(θ,ϕ) (Figure 

7.9),  

ω|(θ, ∅) = ζ|(θ, ∅) − κ|(θ, ∅),                                                                                                 (7.6) 

and plot these values in Figure 7.12.  

 

Figure 7.12: The portion of the ζα(θ, ϕ) pattern (Figure 7.9) that is not due to the 
characteristic surface temperature pattern associated with GMST variability (ζSAT(θ, ϕ); 

Figures 7.9d,o) multiplied by the local feedback pattern (γα(θ, ϕ); Figure 7.6); see Eq. 
(7.6). 

 

This calculation reveals that κ|(θ, ∅) greatly under-predicts the magnitude of 

negative N values over much of the surface of the planet, particularly over the Pacific 
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tropics and subtropics (Figure 7.12a, 7.12l). It is well known that positive GMST (and 

thus positive ENSO) is associated with a great amount of heat flux from the Pacific 

Ocean to the atmosphere (Trenberth et al., 2002b; Figure 7.9h and 7.9s). This anomalous 

heat flux causes a large reorganization of the atmospheric circulation that leads to a 

strengthening of the Hadley cell over the Pacific and alters the Walker circulation 

leading to anomalous subsidence over Indonesia (Klein et al., 1999). Figure 7.12 indicates 

that these ENSO-specific atmospheric features are not heavily tied to the characteristic 

SAT pattern. In particular, the patterns of ζQsfc(θ,ϕ)	(Figure 7.9h and 7.9s) and 

ζSLP(θ,ϕ)	(Figure 7.9g and 7.9r) are very similar to their corresponding patterns of 

ωQsfc(θ,ϕ)	(Figure 7.12h and 7.12s) and ωSLP(θ,ϕ)	(Figure 7.12g and 7.12r).  

These ENSO-caused shifts in Qsfc and large-scale atmospheric circulation have a 

profound impact on the ωN(θ,ϕ) pattern (Figure 7.12a and 7.12l). In particular, the large 

negative ωN(θ,ϕ) values over Indonesia and the equatorial Atlantic are associated with 

anomalously high ωSLP(θ,ϕ) (Figure 7.12g, 7.12r) indicating that these are regions of 

anomalous subsidence during positive GMST that are not caused by the local SAT 

anomaly. This subsidence is associated with reduced cloud fraction (Figure 7.12k and 

7.12v) and a negative ωCRE(θ,ϕ)	response (Figure 7.12i and 7.12t) due mostly to a 

negative ω���T�(θ, ∅) response (Figure 7.12f and 7.12q). The negative ω���T�(θ, ∅) 

values in these regions may also be influenced by reduced cloud height (Allan et al., 

2002; Cess et al., 2001). Additionally, there is a circulation-induced negative 
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ω�:5;4T�(θ, ∅) response in these regions (Figure 7.12e and 7.12p) associated with drying 

of the of the mid to upper troposphere during ENSO events (Colman and Power 2010; 

Dessler 2012; Koumoutsaris 2013; Nilsson and Emanuel 1999; Pierrehumbert 1995). The 

decoupling of TOA net radiation from the surface temperature pattern in this region is 

consistent with previous findings showing that OLR in the tropics is controlled much 

more by middle and upper tropospheric water vapor than by local surface temperature 

(Allan et al., 1999).  

The analysis above demonstrates that at the peak of an unforced GMST anomaly, 

the negative N vs. GMST relationship results largely from mechanisms other than the 

spatial distribution of the characteristic surface temperature pattern associated with the 

GMST anomaly (Figure 7.12a/7.12l). However, the above analysis has not indicated 

when, over the course of an unforced GMST anomaly, the decoupling between the 

actual TOA radiation response (i.e., γe ) and that expected from the characteristic surface 

temperature pattern (i.e., κe(θ, ∅) ) takes place. I investigate this question by calculating 

regressions of global mean variables, α, against GMST at time lags of L years,  

γ(L)| = } |(T)
} MNOP(TI�)

,                                                                                                           (7.7) 

and comparing these with the corresponding values that would be expected if the local 

feedback, γα(θ,ϕ), and the characteristic surface temperature pattern, ζSAT, explained 

100% of the variability,  

κ(L)| = E
�

a.N
. ∙ γ|(θ, ∅, L = 0) ∙ ζO�P(θ, ∅, L) ..                                                                (7.8) 



 

163 

The comparison of Eq. 7.7 and Eq. 7.8 is shown in Figure 7.13. Many years are 

required to perform robust cross-regressions so I omit the observational data from this 

portion of the analysis. Figure 7.13 shows that from three to one year prior to a typical 

GMST maximum, a positive net TOA energy imbalance (γ(L)e) develops, reaching a 

maximum of 0.87 W/m2/K the year before the GMST maximum (Figure 7.13b). The 

development of this positive γ(L)e anomaly is largely due to the characteristic surface 

temperature pattern (ζSAT(θ,ϕ,L)) itself since κ(L)e nearly matches γ(L)e from L=-3 to L=-

1 (Figure 7.13b). The positive net TOA energy imbalance (γ(L)e) is associated with a 

negative net surface heat flux imbalance (γ(L)f0�6) at L = -1 indicating that the ocean 

tends to be absorbing net energy from space in the year leading up to the maximum in 

GMST (Figure 7.13c).  
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Figure 7.13: Cross regression between global mean values and GMST (Eq. 7.7), as well as 
the cross regression that would be expected if the ζSAT(θ, ϕ) pattern and the local γα(θ, ϕ) 

feedback explained 100% of the variability (Eq. 7.8). This analysis was conducted for 
AOGCMs only. Shading represents the across-AOGCM standard deviation of the 

regression values. 

 

The positive progression of the net TOA energy imbalance (γ(L)e) from L= -3 to 

L= -1 is largely due to the cloud radiative effect component (γ(L)��� ) which ascends in 

accord with expectations based on the characteristic surface temperature pattern 

(ζSAT(θ,ϕ,L), Figure 7.13g). Since ENSO variability leads GMST variability in time 

(Trenberth et al., 2002b), it is likely that the positive γ(L)���O� and γ(L)���T� at L = -1 
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represent positive cloud feedbacks operating in conjunction with local ENSO activity in 

the Pacific (Radley et al., 2014). 

Between L=-1 and L=0, the net surface heat flux imbalance (γ(L)f0�6) switches 

sign from negative to positive, indicating a large release of energy from the ocean to the 

atmosphere (Trenberth et al., 2014). It is over this period that the ζSAT(θ,ϕ,L) pattern 

predicts an increase in the net TOA energy imbalance ( γ(L)e ) (i.e. an increase in κ(L)e) 

but AOGCMs actually simulate a drop in γ(L)e from positive to negative (Figure 7.13b, 

7.9a and 7.1a). The ζSAT(θ,ϕ,L) pattern nearly perfectly predicts the γ(L)�:5;4O� ice albedo 

component (Figure 7.13f and 7.12b) but it underestimates the magnitude of the negative 

γ(L)�:5;4T� component (Figure 7.13e and 7.12e) and greatly overestimates the positive 

γ(L)���T� component. The implication is that during the peak of a positive GMST 

anomaly (i.e., an El Niño event), there is a great amount of heat flux from the ocean to 

the atmosphere where it can more easily be emitted to space in the form of OLR. 

Additionally, ENSO dynamics cause a large scale rearrangement of atmospheric 

circulation that causes more efficient OLR (Figure 7.13e, 7.13h) due to drying and 

reduced cloud fraction over large portions of Indo-Pacific tropics and subtropics. 

Overall, this causes the net TOA energy imbalance (γ(L)e ) to reduce to a negative value 

at L=0 despite κ(L)e continuing in its positive ascent (Figure 7.13b). 

A year after the maximum in GMST, γ(L)�:5;4O�  remains positive (Figure 7.13f) 

but a negative γ(L)�:5;4T� (Figure 7.13e) and a negative γ(L)���T� (Figure 7.13h) help 
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γ(L)e remain negative despite the tendency of the characteristic surface temperature 

pattern (ζSAT(θ,ϕ,L)) to induce a positive TOA net radiation imbalance (κ(L)e , Figure 

13b). This negative TOA net radiation imbalance, acts as a restoring force, causing the 

GMST anomaly to return to its equilibrium value. 

7.7 Summary 

In order for the unforced climate system to be stable in the long run, it is 

expected that the global mean TOA net radiation imbalance, N, will exhibit a negative 

relationship with unforced global mean surface temperature anomalies, GMST. 

However, Chapters 5 and 6 indicate that N can enhance surface temperature variability 

at both the global and local spatial scale. In the present chapter, I show that a negative N 

vs. GMST relationship exists in both contemporary observations as well as in AOGCMs. 

However, at the local spatial scale, the simultaneous relationship between N(θ,ϕ) and 

SAT tends to be positive over most of the surface of the planet. The reasons for the 

positive relationship differ by geographic location and have a strong dependence on the 

climatological mean SAT. The locally positive relationship is mostly due to the surface 

shortwave component (i.e., ice albedo feedback) for regions with Tclim values near the 

freezing point of water, mostly due to the shortwave cloud radiative effect component 

over regions with intermediate to high Tclim values (from ~273K to ~300K), and mostly 

due to the longwave water vapor feedback over oceanic regions with the highest Tclim 

values.  



 

167 

The mostly positive N(θ,ϕ) vs. SAT relationship at the local spatial scale can be 

reconciled with the globally negative N vs. GMST relationship when anomalous 

atmospheric energy transport, the characteristic surface temperature pattern, and 

adjustments in the large scale atmospheric circulation are considered. In particular, 

positive GMST anomalies are associated with El Niño events in which there is large 

anomalous heat flux from the Pacific Ocean into the atmosphere where the local N(θ,ϕ) 

vs. SAT relationship is positive. This leads to significant horizontal divergence of 

atmospheric energy transport over the tropical Pacific, and convergence of atmospheric 

energy transport at high latitudes and specific continental regions. This redistribution of 

energy helps create a characteristic SAT vs. GMST pattern with a substantial amount of 

warmth at high latitudes (characterized by a locally negative N(θ,ϕ) vs. SAT 

relationship) where the temperature anomaly can be more easily damped to space. 

Additionally, the characteristic SAT vs. GMST pattern contains anomalously cool SAT 

regions where a locally positive N(θ,ϕ) vs. SAT relationship promotes a locally negative 

N(θ,ϕ). 

However, the characteristic SAT vs. GMST pattern by itself cannot explain the 

negative N vs. GMST relationship because a multiplication of the local N(θ,ϕ) vs. SAT 

map by the SAT vs. GMST map produces a positive estimate of the N vs. GMST 

relationship. This indicates that atmospheric circulation changes associated with 

unforced interannual GMST variability are crucial in the explanation of the negative N 
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vs. GMST relationship. In particular, a GMST maximum is preceded, a year prior, by a 

positive N that is consistent with expectations based on the SAT vs. GMST pattern. 

However, simultaneous to the GMST peak, a great rearrangement of large-scale 

atmospheric circulation causes reduced cloud cover and subsidence-induced drying in 

broad regions of the tropical and subtropical Indo-Pacific. This circulation change allows 

for much more efficient release of OLR energy than would otherwise be expected from 

the SAT vs. GMST pattern alone. Because the short-timescale relationship between N 

and GMST is heavily influenced by large-scale atmospheric circulation changes 

(opposed to local feedbacks), this chapter supports the notion that there may be very 

little relationship between the climate feedback parameter (i.e., γN) diagnosed from 

annual or sub-annual timescale variability and 2XCO2 equilibrium climate sensitivity. 
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8. Change in the Magnitude and Mechanisms of 
unforced GMST variability with warming 

8.1 Introduction 

Three principal methodologies are typically used to surmise information on the 

physics and statistics of contemporary unforced GMST variability: 1) Unforced 

variability is studied using the output from AOGCMs run under perpetual preindustrial 

boundary conditions (Chapter 2, 3, 5, 7; Huber and Knutti, 2014; Middlemas and 

Clement, 2016; Palmer and McNeall, 2014; Roberts et al., 2015), 2) Unforced variability is 

studied using observed or reconstructed datasets spanning the most recent century to 

the past millennium or so (Chapter 4; Crowley, 2000; Crowley et al., 2014; Jones et al., 

2013; Mann et al., 2014; Muller et al., 2013; Schurer et al., 2013), 3) Unforced variability is 

studied in climate model experiments that incorporate historical and projected estimates 

of time-varying external radiative forcings (Hawkins and Sutton, 2009; Maher et al., 

2014; Meehl et al., 2014; Risbey et al., 2014; Roberts et al., 2015; Santer et al., 2011). In 

such studies, it is often tacitly assumed that unforced GMST variability is more-or-less 

independent of the climatological GMST. This assumption is readily apparent in 

strategies 1 and 2 where variability under past cooler conditions is often thought to 

provide information regarding current or future variability. Although less obvious, the 

independence assumption can also underlie strategy 3. This is because it is common 

practice to remove the climatological GMST from historically forced runs before 

subsequent analysis (e.g., Figure 9.8a in (Flato, 2013)). Thus, when modeled variability is 
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compared to observations (e.g., Figure 9.33b in (Flato, 2013)), it is usually not 

emphasized that differences in variability could be due to differences between modeled 

and observed climatological GMST which can be as large as several degrees Kelvin 

(Flato, 2013; Mauritsen et al., 2012).  

Given that many relevant features of the climate system are not independent of 

absolute temperature, the notion that the physics and statistics of GMST variability 

might be conserved across a wide range of climatological GMST values is worth 

questioning. For example, a warmer climate will likely be characterized by changes 

mean sea ice extent (Collins, 2013), hydrology (Collins, 2013), ocean stratification (de 

Lavergne et al., 2014), and energy budget partitioning (Joshi et al., 2007) that could all 

impact GMST variability.  

Previous work has emphasized changes in local SAT variability with warming 

(Boer, 2009; Huntingford et al., 2013; Räisänen, 2002; Rind et al.; Sakai et al., 2009; 

Stouffer and Wetherald, 2007) but the purpose of the present chapter is to examine how 

the magnitude and physical mechanisms responsible for GMST variability may or may 

not change as the underlying climate warms. I preform detailed analysis on an 

experiment utilizing the fully coupled GFDL CM3 AOGCM and I supplement this with 

results from an atmosphere-only GFDL AM3 experiment as well as results from other 

CMIP5 AOGCMs. I focus on the interdecadal variability by smoothing time series with a 

15-year lowess smooth. 



 

171 

 

8.2 Methods 

8.2.1 Removal of model drift.  

All data discussed in this chapter was detrended at the grid level with Empirical 

Mode Decomposition (EMD, Huang et al., 1998; Wu et al., 2007) so that any nonphysical 

model drift did not contaminate the analysis of variability.  

8.2.2 Preindustrial vs. 2×CO2 runs of the coupled GFDL CM3 model.  

Below I will make use of the GFDL CM3 coupled AOGCM with dynamic ocean, 

atmosphere, sea ice (Griffies and Greatbatch, 2012) and land (Milly and Shmakin, 2002; 

Shevliakova et al., 2009) components (Delworth et al., 2006; Donner et al., 2011; Griffies 

et al., 2011). The ocean model has a 1° tripolar 360×200 horizontal resolution, with 50 

levels in the vertical (Griffies and Greatbatch, 2012). The atmospheric model utilizes a 

200 km horizontal resolution (C48L48) with 48 vertical levels up to 0.01 hPa (Donner et 

al., 2011). The coupled model features interactive aerosol (Levy et al., 2013) and 

atmospheric chemistry (Austin and Wilson, 2006) but does not simulate ocean 

biogeochemistry or ice sheet dynamics. I investigate changes in unforced variability 

between GFDL CM3’s preindustrial control run and a run that has experienced a 

doubling of CO2 (1%/year) from preindustrial values and has reached a new equilibrium 

state. I use the last 860 years of each run in order to ensure that the models were near 

equilibration. This meant that I omitted the first 220 years from the preindustrial control 
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run I omitted the first to 1,920 years of the 1%/year 2×CO2 run so as not to include the 

transient warming phase and the subsequent slow equilibration to the new boundary 

conditions.  

8.2.3 Atlantic Multidecadal Oscillation (AMO).  

I define the AMO as the interdecadal component of the spatially weighted mean 

SST between 7.5°W and 75°W and 0 and 65°N in the Atlantic Ocean. 

8.2.4 Current SST vs. uniform +4K SST of the GFDL AM3 model.  

In order to isolate the role of atmospheric/surface process from the role ocean-

atmosphere-sea ice processes, I utilized an experiment set where the atmospheric 

component of GFDL CM3 (AM3) is forced by prescribed SSTs and sea ice climatology. I 

compare a run forced with a climatological seasonal cycle of SSTs and sea ice (Hurrell et 

al., 2008) repeated annually to an identical run but with a uniform +4K increase of SSTs. 

Sea ice and vegetation were identical between the two runs. I investigate 200 years of 

variability in this experiment set. Note that GMST change in the uniform SST warming 

run (4.6K) is very similar to the magnitude of the GMST change between the 

preindustrial control and 2×CO2 coupled model runs (4.8K).  

8.2.5 CMIP5 runs.  

Below, I supplement the study of the GFDL CM3 model with results from the 

CMIP5 archive. The CMIP5 experiment design did not include equilibrated runs under a 

2×CO2 condition and thus it was not possible to directly compare results between the 
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GFDL CM3 experiment and other CMIP5 models. However, as a substitution for a direct 

comparison, I investigate how unforced interdecadal variability changed in the CMIP5 

runs over the course of the historically forced + RCP8.5 experiment. In order to isolate 

unforced variability from forced variability, I removed the multi-model mean of the SAT 

response (at every point in space and time) (as in Chapter 2) and further detrended the 

residual with Empirical Mode Decomposition (Huang et al., 1998; Wu et al., 2007). I then 

compared variability between the periods of 2000-2100 and 1861-1961 (Figure 8.9 and 

Figure 8.11). 

8.2.6 Global summer and global winter.  

In this chapter, global summer (winter), refers to the global temperature anomaly 

originating from the summer (winter) half-year for both hemispheres simultaneously, 

GMST0>KK54 =
O�P�h����

�� 	jO�P�����h
��

G
,																																										(8.1)	

GMST�./154 =
O�P�h����

�� 	jO�P�����h
��

G
,																																											(8.2)	

where SAT is the hemispheric surface air temperature anomaly, the superscripts 

NH and SH refer to the Northern Hemisphere and Southern Hemisphere respectively, 

the subscript ONDJFM represents the months of October through March and the 

subscript AMJJAS represents the months of April through September. 

8.2.7 Confidence intervals for cross-regressions. 

In order to create the confidence intervals for the cross-regression coefficients 

shown in Figure 8.3/8.4, I used the Monte Carlo method described in the steps below:  
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1. At each time lag, AR(2) noise models were fit to both sub-samples of the time 

series under consideration using Akaike Information Criterion (AIK).  

2. 10,000 synthetic time series were created for each of the two input samples.  

3. All time series were smoothed using a 15-year lowess filter.  

4. 10,000 regressions coefficients were calculated between the two groups of 

synthetic time series. 

5. The 5th/95th percentile range of the regression coefficients was used as the range 

of the confidence interval. 

8.2.8 Statistical significance of changes in local regression 
coefficients against GMST. 

In order to identify statistically significant changes in the regression coefficients 

against GMST between GFDL CM3’s preindustrial and 2×CO2 runs (Figure 8.7), I used 

the Monte Carlo method described in the steps below:  

1. AR(2) noise models were fit to both time series under consideration for both runs 

(4 noise models in total) using Akaike Information Criterion (AIK).  

2. 10,000 synthetic time series were created for each of the two input time series for 

each run (40,000 times series in total). 

3. Time series were smoothed using a 15-year lowess filter.  

4. 10,000 regression coefficients were calculated between the two time series for 

each run (20,000 regression coefficients in total).  

5. A distribution of the difference between the regression coefficients was created. 
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6. The 5th and 95th percentiles of the difference distribution were noted.  

If the measured difference in the regression coefficients was less than the 5th 

percentile or greater than the 95th percentile of the synthetic distribution, that difference 

was deemed to be significantly significant.  

8.2.9 Standard errors accounting for spatial autocorrelation 

Figures 8.12c and 8.12d display standard errors of the mean differences between 

the model runs for a number of variables. These standard errors were calculated so that 

they accounted for spatial autocorrelation in the following way: 

1. For a given variable (e.g., sensible heat flux), the map of the difference between 

the two runs was considered.  

2. At each latitude between 70°N and 70°S, the decorrelation length scale in the 

zonal direction was computed. The decorrelation length scale was defined as the 

number of grid points that it took for the spatial autocorrelation function to drop 

below 1/e. 

3. The map-mean decorrelation length scale was calculated by averaging together 

the zonal decorrelation length scales with cosine weights.  

4. The effective number of independent grid points on the map (Neff) was then 

calculated as the original number of grid points divided by the map-mean 

decorrelation length scale.  

5. Neff was then used in the calculation of the standard error. 
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8.3 Response of GMST variability to GMST warming 

First I compare multiple centuries of variability in the fully coupled GFDL CM3 

model run under perpetual preindustrial radiative boundary conditions to variability in 

the same model after the climate system has equilibrated to a doubling of atmospheric 

CO2 concentration (any residual climate drift was removed from both runs). The 

warming of the climatological GMST (4.8K) produces a 57% reduction in the temporal 

standard deviation of unforced interdecadal GMST variability (cf. green lines in Figure 

8.1a and 8.1b). The reduction in variability is not dependent on the specific definition of 

interdecadal timescale but is common to virtually all timescales longer than a decade 

(Figure 8.1c).  

 

Figure 8.1: Change in the magnitude and geographic origin of GMST variability between 
the GFDL CM3 preindustrial control and 2×CO2 runs. a, Annual mean time series of 

GMST variability (black) in the preindustrial control run with the interdecadal 
component (15-year Lowess smooth) shown in green. b, As in a but in the 2×CO2 run. 

The time series in a and b are displayed as anomalies relative to their own GMST 
climatology but this climatology is 4.8K warmer in the 2×CO2 run. c, Power spectral 
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density (smoothed with a 9-period running mean) of the two time series shown in a and 
b with 1σ confidence intervals displayed. d, Local interdecadal SAT variability regressed 
against the normalized interdecadal component of GMST variability in the preindustrial 

control run. e, As in d but for the 2×CO2 run. Stippling in d and e represent Regions of 
Significant Influence (Chapter 2) which highlight the locations (and by proxy modes of 

variability) that have the most influence on GMST variability. 

 

Not only is there a large change in the magnitude of unforced interdecadal 

GMST variability between the GFDL CM3 preindustrial control and 2×CO2 runs, there is 

also an alteration in the internal modes associated with GMST variability. Figures 8.1d 

and 1e show the local SAT regression against normalized GMST variability, which 

highlights the region’s most responsible for unforced GMST variability. Stippling 

represents “Regions of Significant Influence” (ROSIs, Chapter 2) on GMST variability 

which are locations that have a statistically significant relationship with GMST, have 

local variability that tends to lead GMST variability in time, and have local variability 

that tends to enhance the magnitude of GMST. In the preindustrial control run, 

interdecadal GMST variability is primarily associated with SAT variability over the 

Southern Ocean and Antarctica (Figure 8.1d). In the 2×CO2 run, however, the origin of 

GMST variability shifts to be almost exclusively northern hemispheric in origin (Figure 

8.1e). In particular, GMST variability becomes much more associated with the model’s 

Atlantic Multidecadal Oscillation (AMO) in the 2×CO2 run (r2=0.62) compared to the 

preindustrial control run (r2=0.36), even though the magnitude of AMO variability does 

not change appreciably between the two runs (Figure 8.2). 
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Figure 8.2: (a) time series of the Atlantic Multidecadal Oscillation (AMO, spatially 
weighed mean SST from 7.5W-75W and 0N to 65N) and GMST for the GFDL CM3 

preindustrial control run. (b) as in (a) but for the GFDL CM3 2XCO2 run. Time series are 
offset from 0 to allow for visual comparison. 

8.4 Mechanisms underlying the change in GMST variability 

Unforced variability in GMST can result from an internally generated exchange 

of heat between the ocean and atmosphere (Chen and Tung, 2014; Drijfhout et al., 2014; 

England et al., 2014; Meehl et al., 2013), and/or an internally generated change in the 

earth’s top-of-atmosphere (TOA) energy budget (Chapter 4; Hall, 2004; Palmer and 
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McNeall, 2014; Xie et al., 2016). Therefore, insight on the physical explanation for 

unforced GMST variability can be gained by investigating lagged regression coefficients 

(cross-regressions) between GMST and the net anomalous TOA energy flux (N, positive 

down, Figure 8.3) as well the net anomalous surface energy flux (Qsfc, positive up, Figure 

8.4). 

 

Figure 8.3: Relationship between GMST and the TOA budget components (positive 
down) in the GFDL CM3 preindustrial control and 2×CO2 runs. Cross regression (lagged 
linear least-squares regression coefficients) between the interdecadal component of the 
labeled variables and the normalized interdecadal component of GMST. Analysis is on 

the preindustrial control run (top row) and the 2×CO2 run (bottom row). Note that the Y 
axis spans a smaller range in the 2×CO2 run indicating that the magnitude of variability 

tends to be smaller. The dashed black line is GMST regressed against normalized GMST. 
The thickness of the confidence intervals represents the 2σ range of regression 
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coefficients between time series with similar autocorrelation but with no relation to one 
and other. 

 

Figure 8.4: As in Figure 8.3 but with components of the surface energy budget (positive 
up). 

 

In the preindustrial control run, positive N anomalies tend to precede positive 

GMST anomalies in time (black line in Figure 8.3a) and negative Qsfc anomalies tend to 

precede positive GMST anomalies in time (black line in Figure 8.4a) indicating a 

tendency for net flow of energy from space to the ocean concurrent with unforced GMST 

warming events. This relationship suggests that N tends to enhance unforced GMST 

variability rather than N acting as a damping mechanism. Of the four linearly additive 
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components of N, only the clear-sky longwave component (clr LW) damps GMST 

variability in the preindustrial control run (red line in Figure 8.3a). Both the longwave 

and shortwave cloud radiative effect components (CRE LW, CRE SW) enhance GMST 

variability, but the largest amplifying contribution comes from the clear-sky shortwave 

component (clr SW, blue dashed line Figure 8.3a). The shortwave components of the 

energy budget, both at the TOA and the surface (blue dashed line in Figure 8.4a), tend to 

lead GMST variability in time and thus appear to partially drive GMST perturbations in 

the preindustrial control run. 

Seasonally, the summer half-year is primarily responsible for producing the 

energy imbalances that enhance GMST variability in the preindustrial control run. At 

the TOA, the clear-sky longwave cooling and cloud radiative effect components are not 

heavily dependent on season, so the difference between the summer and winter half-

year is primarily attributable to the clear-sky shortwave component which is much more 

positive in the summer (cf. blue dashed line Figures 8.3c and 8.3e). This relationship is 

also apparent at the surface, where the difference between winter and summer Q is 

primarily due to the net shortwave component (cf. blue dashed line Figures 8.4c and 

8.4e). 

An examination of the spatial distribution of anomalous energy fluxes reveals 

that the Southern Ocean is a key region responsible for producing the N variability that 

enhances GMST variability in the preindustrial control run. The dynamics of this 
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Southern Ocean variability appear to be consistent with those expounded upon in 

previous studies (Behrens et al., 2016; Latif et al., 2013; Martin et al., 2013; 2015; Pedro et 

al., 2016) and discussed in Chapter 3. Specifically, it has been shown that southward 

flowing North Atlantic Deep Water can deposit relatively warm, salty water at 

intermediate depths in the Southern Ocean. A large reservoir of heat can build up if 

convection is initially inhibited due to a relatively fresh surface layer and/or the presence 

of surface sea ice that obstructs air-sea heat exchange. Eventually, stochastic forcing via 

wind stress or salinity anomalies can cause the onset of convection. During convection, 

saltier water from mid-depth is transported to the surface where a rise in salinity occurs. 

As convection continues, substantial anomalous surface heat flux from the high-latitude 

Southern Ocean to the atmosphere occurs (Figure 8.5b) due primarily to the sensible and 

latent heat flux components (Figure 8.5c and 8.5d). The excess energy is not damped to 

space locally as a large reduction in sea ice extent causes a positive anomalous TOA 

clear-sky shortwave flux (Figure 8.6c), especially in the summer (Figure 8.6i), and a net 

positive N over the Southern Ocean (Figure 8.6b).  
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Figure 8.5: Regression of labeled variables against normalized GMST (not time lagged) 
in the GFDL CM3 preindustrial control run. The zero isopleth is contoured. 
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Figure 8.6: As in Figure 8.5 but with top of atmosphere radiative flux (N) and its 
components. 

 

In the 2×CO2 run, the relationship between GMST, N and Qsfc is fundamentally 

altered. Specifically, in the 2×CO2 run, anomalous GMST warmth tends to be preceded 

for several years by negative N values, in direct contrast to the preindustrial control run. 

This alteration of the relationship between GMST and anomalous energy flow can be 

traced primarily to changes in the summer half-year (Figures 8.3 and 8.4). In particular, 

the 2×CO2 run experiences a large reduction in the TOA clear-sky shortwave 

component’s contribution to GMST change (cf. blue dashed line in Figure 8.3a and 8.3b, 



 

185 

noting that the Y-axis spans a smaller range in Figure 8.3b than in Figure 8.3a), which is 

primarily due to a reduction in its summertime magnitude (cf. blue dashed line in 

Figures 8.3c and 8.3d). This effect is also apparent in the net surface shortwave 

component (cf. blue dashed line in Figure 8.4c and 8.4d).  

 

Figure 8.7: Change in the TOA energy budget association with GMST variability 
between the GFDL CM3 preindustrial control and 2×CO2 runs. a-f, Change in the local 

regression against normalized GMST for the labeled variables. The global mean value of 
the variable (AVG) is displayed for each panel. Stippling in panels represents 

statistically significant differences in regression coefficients calculated using a Monte 
Carlo technique. 
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The reduction in the contribution of N to GMST variability between the 

preindustrial and 2×CO2 runs is heavily influenced by changes over the Southern Ocean 

(Figure 8.7b). In particular, over the Southern Ocean, climatological GMST warming is 

associated with a reduction in the climatological sea ice extend and associated 

climatological albedo (Figure 8.8c). This causes a reduced propensity for clear-sky 

shortwave (Figure 8.7c) and thus N variability. Seasonally, the summer half-year 

produces most of the radiative change (cf. Figures 8.7i and 8.7o) because of the vast 

seasonal difference in incident solar radiation at high latitudes. 

 

Figure 8.8: Change in annual mean climatological surface air temperature (a) net TOA 
flux (b) and the 4 linearly additive components of TOA flux (c-f). g-l, as in a-f but for 

global summer. m-r, as in a-f but for global winter. 
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Additionally, GMST warming has been shown to be associated with stratification 

of the Southern Ocean and a reduced propensity for the type of sustained open-ocean 

convection that appeared to influence GMST variability in the preindustrial control run 

(de Lavergne et al., 2014). Indeed, the 2×CO2 runs shows a reduction in Southern Ocean 

convection, latent heat flux, and sensible heat flux associated with GMST variability. 

The changes in the magnitude and mechanisms of GMST variability apparent in 

the GFDL CM3 model are qualitatively reproduced in aggregate results of other CMIP5 

models when they are subjected to warming. Specifically, I find that model-mean 

unforced interdecadal GMST variability decreases by 16% as the climatological GMST 

warms over the course of the historical + RCP8.5 emissions scenario (Figure 8.9). These 

CMIP5 models show a positive relationship between GMST variability and sea ice extent 

variability (Huntingford et al., 2013; Figure 8.10a) as well as GMST variability and clear-

sky shortwave flux variability (Figure 8.10b). Thus, as sea ice declines over the course of 

the historical + RCP8.5 runs, there is less of a contribution of SAT variability over high-

latitude oceanic regions to GMST variability (Figure 8.11c), similar to the GFDL CM3 

model. 
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Figure 8.9: Interdecadal unforced GMST variability (temporal standard deviation) in 
CMIP5 models over the years 1861-1961 (historical simulations) and 2000-2100 (historical 

+ RCP8.5). The reduction in the ensemble mean standard deviation was statistically 
significant at the 90th percentile (P value = 0.0659) in a one-sided student’s t-test 

assuming unequal variance. 
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Figure 8.10: a, Across-model relationship between GMST variability and sea ice area 
extend variability in CMIP5 preindustrial control runs. b, across-model relationship 

between GMST variability and variability in clear-sky reflected shortwave radiation in 
CMIP5 preindustrial control runs. 
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Figure 8.11: a, CMIP5 multi-model mean of the local SAT regression coefficient against 
normalized GMST for unforced interdecadal variability between 1861 and 1961 in the 

historical experiment. b, same as a but for 2000-2100 in the historical + RCP 8.5 
experiments. c, difference between b and a. d, CMIP5 multi-model mean of the local 

temporal standard deviation of unforced interdecadal SAT variability between 1861 and 
1961 in the historical experiment. e, same as d but for 2000-2100 in the historical + RCP 

8.5 experiments. f, difference between e and d. 

8.5 Changes in local surface temperature variability 

Previous studies have indicated that SAT variability may increase over certain 

locations with warming (Boer, 2009; Räisänen, 2002; Rind et al.; Sakai et al., 2009; 

Stouffer and Wetherald, 2007). Therefore, it is of interest to investigate whether the 

noted decrease in GMST variability apparent in GFDL CM3 and the CMIP5 ensemble 

applies evenly to the entirety of the Earth’s surface or if there is substantial spatial 
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heterogeneity. Figure 8.12a shows the change in local interdecadal SAT variability 

between the 2×CO2 and preindustrial control runs of GFDL CM3. Consistent with the 

results above, there is a large decrease in local variability over the Arctic and Southern 

Oceans associated with the reduction in climatological sea ice extent. The reduction of 

sea ice should reduce local SAT variability not only because it reduces the propensity for 

albedo variability but also because open ocean represents greatly enhanced surface heat 

capacity compared to sea ice (Stouffer and Wetherald, 2007).  
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Figure 8.12: Change in local temperature variability. a, Change in the local temporal 
standard deviation of interdecadal SAT between the GFDL CM3 2×CO2 run and the 

preindustrial control run. b, As in a but change between the GFDL AM3 +4K SST and the 
observed SST run. c, Change in the climatological energy flux over land regions that 
experienced an increase in SAT variability (red) and land regions that experienced a 

decrease in SAT variability (black) between the GFDL CM3 2×CO2 run and the 
preindustrial control run. d As in c but change between the GFDL AM3 +4K SST and 

observed SST run. In c and d SH is upward sensible heat flux, LE is upward latent heat 
flux, Rs is the net downward radiation, and LP is the latent heat of vaporization times 

the precipitation. LP is shaded grey to indicate that it is not formally part of the energy 
budget but is used here as a proxy for water available for latent heat flux. The vertical 
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error bars represent the standard error across all grid points accounting for spatial 
autocorrelation. 

In contrast to the reduced SAT variability at high latitudes, a large fraction of 

tropical and subtropical land areas actually experience an increase in variability between 

the preindustrial control and 2×CO2 runs. A similar effect is also seen in the 

supplementary model run where a free running atmosphere is forced with a uniform 

+4K increase in sea surface temperatures (Figure 8.12b) as well as the CMIP5 ensemble 

over the course of the historical + RCP8.5 runs (Figure 8.11f). The consistency of this 

effect between these different sets of experiments indicates that the enhancement of local 

SAT variability over some land regions is primarily due to the overall warming of the 

climate system rather than being dependent on specific changes in large-scale ocean-

atmosphere-sea-ice modes of variability or in the spatial pattern of sea surface 

temperature (SST) warming.  

In order to illuminate the first order causes of locally increased land SAT 

variability, I compare mean changes in the surface energy budget between land 

locations that experienced an increase in interdecadal SAT variability with warming and 

land locations that experienced a decrease in interdecadal SAT variability with warming 

in the two GFDL model experiments (Figure 8.12c and 8.12d). In both experiments there 

is no sizable distinction between the climatological radiative surface energy availability 

(Rs) between the locations where SAT variability increases and the locations where SAT 

variability decreases (i.e., Rs changes similarly in Figure 8.12c and Rs changes similarly in 
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8.12d). However, in both experiments, climatological latent heating (LE) increases more 

over locations where SAT variability decreases than it does over locations where SAT 

variability increases (Figure 8.12c and 8.12d). Additionally, climatological sensible 

heating (SH) increases significantly over locations where SAT variability increases but 

changes little where SAT variability decreases (Figure 8.12c and 8.12d). This can be 

partially explained by moisture availability (approximated here as precipitation 

multiplied by the latent heat of vaporization, LP) increasing significantly over regions 

where SAT variability decreases but remaining approximately constant over locations 

where SAT variability increases (Figure 8.12c and 8.12d). Thus, land regions where local 

SAT variability increases tend to be regions where moisture availability declines with 

warming and proportionately more incident radiation is converted to sensible heat flux 

compared to latent heat flux. It is over these locations where variability in incident 

radiation can exert a larger impact on SAT variability (Berg et al., 2015). Many low to 

mid-latitude land regions should fit this description since land amplification of warming 

is likely to cause a reduction in land moisture availability (Berg et al., 2016; Byrne and 

O'Gorman, 2013; Joshi et al., 2007; Sherwood and Fu, 2014). 

 

8.6 Discussion 

I showed here that the magnitude and mechanisms of unforced GMST variability 

are dramatically altered in the GFDL CM3 climate model after a doubling of CO2 from 
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preindustrial levels and that the reduction in variability is largely attributable to the 

reduction of summertime surface albedo variability especially over the Southern Ocean. 

It should be noted that the GFDL CM3 model has both unusually large GMST variability 

in its preindustrial control run (Chapter 2) as well as unusually large 2×CO2 climate 

sensitivity (Flato, 2013) compared to other CMIP5 models. Taken together, these features 

may indicate that the reduction of GMST variability with a doubling of CO2 may be 

exaggerated in GFDL CM3 compared to reality. As discussed above, CMIP5 models as a 

whole show a less dramatic reduction in GMST variability by the end of the century 

(Figure 8.9). Therefore, I emphasize that the results from GFDL CM3 should not be 

interpreted as a robust quantitative forecast of future variability change. Rather, the 

results from GFDL CM3, along with other CMIP5 models serve to illustrate the point 

that GMST variability seems to depend to a large extent on climatological GMST and 

thus the traditional means of inferring information about GMST variability (e.g., using 

preindustrial control runs or reconstructions of past variability) may be problematic. 

Although these results indicate that GMST variability decreases when the GMST 

climatology warms, the findings corroborate past work that indicates an increase in local 

SAT variability with warming over many low latitude land regions. In the GFDL 

models, the reason for this appears to be an increase in climatological sensible heat flux 

relative to latent heat flux in these regions, which allows incident net radiation 

variability to exert a larger influence on SAT variability. These results indicate that in a 
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warmer climate, temperatures over tropical and subtropical land areas may become 

more erratic precisely where much of humanity and the world’s biodiversity reside. 
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9. Conclusions 
Many variables of physical, ecological, and societal importance, scale with 

surface temperature and thus GMST is considered to be one of the most representative 

measures of the state of the Earth’s climate at a given time. Changes in GMST can be 

forced from agents exogenous to the ocean-atmosphere-land system or they can 

unforced, generated from the chaotic internal dynamics of the ocean-atmosphere-land 

system. Unforced variability in GMST can obscure or exaggerate contemporary global 

warming on interdecadal timescales and thus understanding both the precise magnitude 

and generating mechanisms of such variability is of critical importance for both 

attribution studies as well as decadal climate prediction. This dissertation has focused 

on quantifying the magnitude and discovering the mechanisms responsible for unforced 

GMST variability using state-of-the-science AOGCMs, instrumental and satellite 

observations, atmospheric reanalysis products, and multiproxy reconstructions. The 

main findings of this dissertation are summarized below.  

In Chapter 2, I documented the geographic regions where local variability is 

most associated with unforced GMST variability in CMIP5 AOGCM preindustrial 

control runs at both the subdecadal and interdecadal timescales. For this purpose, 

“Regions of Significant Influence” on GMST were defined as locations that have a 

statistically significant correlation between local SAT and GMST (with a regression slope 

greater than 1), and where local SAT variation leads GMST variation in time. In both 
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AOGCMs and instrumental observations, subdecadal timescale GMST variability was 

found to be most associated with SAT variation over the eastern equatorial Pacific. At 

the interdecadal timescale, GMST variability was also linked with SAT variation over 

the Pacific in many AOGCMs, but the particular spatial patterns were found to be 

AOGCM-dependent, and several AOGCMs indicated a primary association between 

GMST and SAT over the Southern Ocean. I found that it was difficult to validate 

AOGCM behavior at the interdecadal timescale because the pattern derived from 

instrumental observations was highly dependent on the method used to remove the 

forced variability from the record. The magnitude of observed GMST variability was 

near the CMIP5 ensemble median at the subdecadal timescale but well above the CMIP5 

median at the interdecadal timescale. I found that AOGCMs with a stronger subdecadal 

relationship between GMST and SAT over the Pacific tended to have more-variable 

subdecadal GMST while AOGCMs with a stronger interdecadal relationship between 

GMST and SAT over parts of the Southern Ocean tend to have more-variable GMST. 

In Chapter 3 I investigated the cause of the large spread in the AOGCM-

simulated magnitude of unforced interdecadal GMST variability that was pointed out in 

Chapter 2. Recently, a preliminary consensus has emerged that SAT variability over the 

tropical Pacific Ocean is particularly influential on GMST variability and thus, a 

reasonable hypothesis might be that the large spread in the magnitude of GMST 

variability across AOGCMs would be explained by the spread in the magnitude of 
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simulated tropical SAT variability. Perhaps surprisingly, I showed that this hypothesis is 

mostly false. Instead, I showed that the spread in the magnitude of simulated unforced 

GMST variability is linked much more strongly to the spread in the magnitude of SAT 

variability over high-latitude regions characterized by significant variability in oceanic 

convection, sea ice concentration, and energy flux at both the surface and the top of the 

atmosphere. These findings indicate that efforts to constrain the simulated range of 

GMST variability would be best served by focusing on air-sea interaction at high 

latitudes. 

In Chapter 4, a statistical model of unforced GMST variability was derived that 

was based empirically on instrumental and reconstructed surface temperature records. 

This effort was motivated by the apparent AOGCM underestimation of interdecadal 

GMST variability (Chapter 2). I used this empirical-statistical model to revisit several 

pressing questions concerning the rate of global warming over the 20th and 21st centuries. 

The results showed that unforced GMST variability is large enough such that the 

interdecadal variability in the rate of global warming over the 20th century (persistent 

warming from the 1910s to the 1940s, a hiatus from the 1940s to the 1970s, and persistent 

warming from the 1970s to the 2000s) did not necessarily require corresponding 

variability in the rate-of-increase of the forced signal. The empirical model also indicated 

that the reduced rate of GMST warming over the beginning of the 21st century was 
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consistent with a middle emission scenario’s forced signal (RCP 6.0), but was likely 

inconsistent with the steepest emission scenario’s forced signal (RCP 8.5). 

Chapter 5 investigated the relationship between unforced variability in GMST 

and the Earth's top-of-atmosphere energy balance (N) in CMIP5 models. I showed that 

large decadal-scale variations in GMST tend to be significantly enhanced, rather than 

damped, by N. This indicates that unforced interdecadal variability in GMST is not only 

caused by a redistribution of heat within the climate system, as it is often assumed, but 

can also be associated with unforced changes in the total amount of heat in the climate 

system. I showed that the internally generated N imbalances result mostly from changes 

in albedo associated with the Interdecadal Pacific Oscillation that temporarily counteract 

the climate system's outgoing longwave (i.e., Stefan-Boltzmann) response to GMST 

change. 

In Chapter 6 I investigated whether the positive relationship between N and 

surface temperature, discussed in Chapter 5, also applied to a large-scale regional mode 

of surface temperature variability: the Atlantic Multidecadal Oscillation (AMO). The 

AMO has traditionally been interpreted as the surface signature of variability in oceanic 

heat convergence (OHC) associated with the Atlantic Meridional Overturning 

Circulation (AMOC). This view has been challenged by recent studies that show that 

AMOC variability is not simultaneously meridionally coherent over the North Atlantic 

and that AMOC-induced interdecadal variability of OHC is weak in the tropical North 
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Atlantic. My results indicate that the AMO-related surface temperature variability over 

the extratropical North Atlantic results directly from anomalous OHC associated with 

the AMOC but that the emergence of the coherent multidecadal surface temperature 

variability over the tropical North Atlantic requires positive N flux due to a cloud 

feedback. These results identify atmospheric processes as a necessary component for the 

existence of a basin-scale AMO, thus amending the canonical view that the AMOC-

AMO connection is solely attributable to oceanic processes. 

Chapter 7 investigated how GMST is able to restore equilibrium after an 

internally generated perturbation. This analysis was motivated by the results of 

Chapters 5 and 6 which indicated that N imbalances can enhance, rather than damp 

surface temperature variability both regionally and globally. In agreement with the 

findings of Chapters 5 and 6, Chapter 7 shows that the positive relationship between 

local N and SAT exists over most of the surface of the planet (with the notable 

exceptions of high latitudinal and specific continental regions). I show that this occurs 

mainly because warm SAT anomalies are accompanied by anomalously low surface 

albedo near sea ice margins and over high elevations, low cloud albedo over much of the 

middle and low latitudes, and a large water vapor greenhouse effect over the deep Indo-

Pacific. I show that, despite the locally positive N vs. SAT relationship over most of the 

surface, at the global level, the N vs. GMST relationship is indeed negative. This 

negative relationship arises because warm GMST anomalies are associated with large 
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divergence of atmospheric energy transport over the tropical Pacific (where the N vs. 

SAT relationship tends to be positive) and convergence of atmospheric energy transport 

at high latitudes (where the N vs. SAT relationship tends to be negative). Additionally, 

the characteristic surface temperature pattern associated with GMST variability contains 

anomalously cool regions where a positive local N vs. SAT relationship helps induce 

negative N. Finally, I show that large-scale atmospheric circulation changes play a 

critical role in the production of the negative global N vs. GMST relationship as they 

drive cloud fraction reduction and atmospheric drying over large portions of the tropics 

and subtropics, which allows for greatly enhanced OLR. 

Chapter 8 examined if the current tools used to study unforced GMST variability 

are sufficient for studying how GMST may vary in the future. This is relevant because 

much research on unforced GMST variability (both in this dissertation and elsewhere) 

has used modeled and observed/reconstructed variability associated with cooler past 

climates to make inferences regarding GMST variability in general. I showed modeling 

evidence that indicates that the magnitude and mechanisms of interdecadal unforced 

GMST variability depends heavily of the climatological GMST. Specifically, I showed 

that interdecadal GMST variability is likely to decline in a warmer climate and that the 

generating mechanisms of such variability may be fundamentally altered. These results 

indicate that unforced GMST variability is dependent on the background climatological 
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GMST and that the methods currently used to make inferences about climate variability 

may have limited relevance for understanding the variability of the future. 

Overall the findings of this dissertation help advance our understanding of 

natural unforced GMST variability which should lead to more accurate attribution 

studies and better informed projections of global warming on decadal timescales.  



 

204 

References 

Aldrin, M., M. Holden, P. Guttorp, R. B. Skeie, G. Myhre, and T. K. Berntsen, 2012: 
Bayesian estimation of climate sensitivity based on a simple climate model fitted to 
observations of hemispheric temperatures and global ocean heat content. Environmetrics, 
23, 253-271. 

Alexander, M., 1990: Simulation of the response of the North Pacific Ocean to the 
anomalous atmospheric circulation associated with El Niño. Climate Dynamics, 5, 53-65. 

Alexander, M. A., I. Bladé, M. Newman, J. R. Lanzante, N.-C. Lau, and J. D. Scott, 2002: 
The Atmospheric Bridge: The Influence of ENSO Teleconnections on Air–Sea Interaction 
over the Global Oceans. Journal of Climate, 15, 2205-2231. 

Allan, R. P., A. Slingo, and M. A. Ringer, 2002: Influence of Dynamics on the Changes in 
Tropical Cloud Radiative Forcing during the 1998 El Niño. Journal of Climate, 15, 1979-
1986. 

Allan, R. P., K. P. Shine, A. Slingo, and J. A. Pamment, 1999: The dependence of clear-sky 
outgoing long-wave radiation on surface temperature and relative humidity. Quarterly 
Journal of the Royal Meteorological Society, 125, 2103-2126. 

Allan, R. P., C. Liu, N. G. Loeb, M. D. Palmer, M. Roberts, D. Smith, and P.-L. Vidale, 2014: 
Changes in global net radiative imbalance 1985–2012. Geophysical Research Letters, n/a-
n/a. 

Armour, K. C., C. M. Bitz, and G. H. Roe, 2012: Time-Varying Climate Sensitivity from 
Regional Feedbacks. Journal of Climate, 26, 4518-4534. 

Ashok, K., S. K. Behera, S. A. Rao, H. Weng, and T. Yamagata, 2007: El Niño Modoki and 
its possible teleconnection. Journal of Geophysical Research: Oceans, 112, C11007. 

Austin, J., and R. J. Wilson, 2006: Ensemble simulations of the decline and recovery of 
stratospheric ozone. Journal of Geophysical Research: Atmospheres, 111. 

Ba, J., and Coauthors, 2014: A multi-model comparison of Atlantic multidecadal 
variability. Climate Dynamics, 1-16. 

Baker, M. B., and G. H. Roe, 2009: The Shape of Things to Come: Why Is Climate Change 
So Predictable? Journal of Climate, 22, 4574-4589. 



 

205 

Balmaseda, M. A., K. E. Trenberth, and E. Källén, 2013: Distinctive climate signals in 
reanalysis of global ocean heat content. Geophysical Research Letters, 40, 1754-1759. 

Banholzer, S., and S. Donner, 2014: The influence of different El Niño types on global 
average temperature. Geophysical Research Letters, 41, 2014GL059520. 

Behrens, E., G. Rickard, O. Morgenstern, T. Martin, A. Osprey, and M. Joshi, 2016: 
Southern Ocean deep convection in global climate models: A driver for variability of 
subpolar gyres and Drake Passage transport on decadal timescales. Journal of 
Geophysical Research: Oceans. 

Bellenger, H., E. Guilyardi, J. Leloup, M. Lengaigne, and J. Vialard, 2013: ENSO 
representation in climate models: from CMIP3 to CMIP5. Climate Dynamics, 1-20. 

Bellomo, K., A. Clement, T. Mauritsen, G. Rädel, and B. Stevens, 2014: Simulating the role 
of subtropical stratocumulus clouds in driving Pacific climate variability. Journal of 
Climate. 

Bellomo, K., A. C. Clement, T. Mauritsen, G. Rädel, and B. Stevens, 2015: The Influence of 
Cloud Feedbacks on Equatorial Atlantic Variability. Journal of Climate, 28, 2725-2744. 

Berg, A., K. Findell, B. Lintner, A. Giannini, S. Seneviratne, and B. van den Hurk, 2016: 
Land-atmosphere feedbacks amplify aridity increase over land under global warming. 
Nature Clim. Change. 

Berg, A., and Coauthors, 2015: Interannual Coupling between Summertime Surface 
Temperature and Precipitation over Land: Processes and Implications for Climate 
Change. Journal of Climate, 28, 1308-1328. 

Bindoff, N. e. a., 2013a: IPCC AR5, CH 10: Detection and Attribution of Climate Change: 
from Global to Regional. 

Bindoff, N. L., P.A. Stott, K.M. AchutaRao, M.R. Allen, N. Gillett, D. Gutzler, K. Hansingo, 
G. Hegerl, Y. Hu, S. Jain, I.I. Mokhov, J. Overland, J. Perlwitz, R. Sebbari and X. Zhang, 
2013b: Detection and Attribution of Climate Change: from Global to Regional. In: Climate 
Change 2013: The Physical Science Basis. 

Bingham, R. J., C. W. Hughes, V. Roussenov, and R. G. Williams, 2007: Meridional 
coherence of the North Atlantic meridional overturning circulation. Geophysical Research 
Letters, 34, L23606. 



 

206 

Boer, G. J., 2009: Changes in Interannual Variability and Decadal Potential Predictability 
under Global Warming. Journal of Climate, 22, 3098-3109. 

Boer, J. G., G. Flato, and D. Ramsden: A transient climate change simulation with 
greenhouse gas and aerosol forcing: projected climate to the twenty-first century. Climate 
Dynamics, 16, 427-450. 

Bony, S., K. M. Lau, and Y. C. Sud, 1997a: Sea Surface Temperature and Large-Scale 
Circulation Influences on Tropical Greenhouse Effect and Cloud Radiative Forcing. 
Journal of Climate, 10, 2055-2077. 

Bony, S., K.-M. Lau, and Y. C. Sud, 1997b: Temperature and Large-Scale Circulation 
Influences on Tropical Greenhouse Effect and Cloud Radiative Forcing. Journal of 
Climate, 10. 

Booth, B. B. B., N. J. Dunstone, P. R. Halloran, T. Andrews, and N. Bellouin, 2012: Aerosols 
implicated as a prime driver of twentieth-century North Atlantic climate variability. 
Nature, 484, 228-232. 

Box, G. E. P. G. M. J. G. C. R., 1994: Time Series Analysis: Forecasting and Control. 3 ed.  
Prentice Hall. 

Brown, P. T., E. C. Cordero, and S. A. Mauget, 2012: Reproduction of twentieth century 
intradecadal to multidecadal surface temperature variability in radiatively forced coupled 
climate models. Journal of Geophysical Research: Atmospheres, 117, D11116. 

Brown, P. T., M. S. Lozier, R. Zhang, W. Li, 2016: The necessity of cloud feedback for a 
basin-scale Atlantic Multidecadal Oscillation. Geophysical Research Letters, 
10.1002/2016GL068303. 

Brown, P. T., W. Li, and S.-P. Xie, 2015a: Regions of significant influence on unforced 
global mean surface air temperature variability in climate models. Journal of Geophysical 
Research: Atmospheres, 2014JD022576. 

Brown, P. T., W. Li, L. Li, and Y. Ming, 2014: Top-of-Atmosphere Radiative Contribution 
to Unforced Decadal Global Temperature Variability in Climate Models. Geophysical 
Research Letters, 2014GL060625. 

Brown, P. T., W. Li, E. C. Cordero, and S. A. Mauget, 2015b: Comparing the model-
simulated global warming signal to observations using empirical estimates of unforced 
noise. Sci. Rep., 5, 10.1038/srep09957. 



 

207 

Brown, P. T., W. Li, J. H. Jiang, and H. Su, 2016: Unforced surface air temperature 
variability and its contrasting relationship with the anomalous TOA energy flux at local 
and global spatial scales. Journal of Climate, 10.1175/JCLI-D-15-0384.1. 

Buckley, M. W., and J. Marshall, 2016: Observations, inferences, and mechanisms of the 
Atlantic Meridional Overturning Circulation: A review. Reviews of Geophysics. 

Byrne, M. P., and P. A. O'Gorman, 2013: Link between land-ocean warming contrast and 
surface relative humidities in simulations with coupled climate models. Geophysical 
Research Letters, 40, 5223-5227. 

Cess, R. D., M. Zhang, B. A. Wielicki, D. F. Young, X.-L. Zhou, and Y. Nikitenko, 2001: The 
Influence of the 1998 El Niño upon Cloud-Radiative Forcing over the Pacific Warm Pool. 
Journal of Climate, 14, 2129-2137. 

Chen, X., and K.-K. Tung, 2014: Varying planetary heat sink led to global-warming 
slowdown and acceleration. Science, 345, 897-903. 

Chikamoto, Y., M. Kimoto, M. Watanabe, M. Ishii, and T. Mochizuki, 2012: Relationship 
between the Pacific and Atlantic stepwise climate change during the 1990s. Geophysical 
Research Letters, 39, L21710. 

Church, J. A., and Coauthors, 2011: Revisiting the Earth's sea-level and energy budgets 
from 1961 to 2008. Geophysical Research Letters, 38, L18601. 

Chylek, P., J. D. Klett, G. Lesins, M. K. Dubey, and N. Hengartner, 2014: The Atlantic 
Multidecadal Oscillation as a dominant factor of oceanic influence on climate. 
Geophysical Research Letters, 2014GL059274. 

Clement, A., K. Bellomo, L. N. Murphy, M. A. Cane, T. Mauritsen, G. Rädel, and B. 
Stevens, 2015: The Atlantic Multidecadal Oscillation without a role for ocean circulation. 
Science, 350, 320-324. 

Cleveland, W. S., 1979: Robust Locally Weighted Regression and Smoothing Scatterplots. 
Journal of the American Statistical Association, 74, 829-836. 

Collins, M., R. Knutti, J. Arblaster, J.-L. Dufresne, T. Fichefet, P. Friedlingstein, X. Gao, 
W.J. Gutowski, T. Johns, G. Krinner, M. Shongwe, C. Tebaldi, A.J. Weaver and M. Wehner, 
2013: Long-term Climate Change: Projections, Commitments and Irreversibility. In: 
Climate Change 2013: The Physical Science Basis. Contribution of Working Group I to the 
Fifth Assessment Report of the Intergovernmental Panel on Climate Change. 



 

208 

Colman, R., and S. Power, 2010: Atmospheric radiative feedbacks associated with 
transient climate change and climate variability. Climate Dynamics, 34, 919-933. 

Crook, J. A., P. M. Forster, and N. Stuber, 2011: Spatial Patterns of Modeled Climate 
Feedback and Contributions to Temperature Response and Polar Amplification. Journal 
of Climate, 24, 3575-3592. 

Crowley, T. J., 2000: Causes of Climate Change Over the Past 1000 Years. Science, 289, 270-
277. 

Crowley, T. J., S. P. Obrochta, and J. Liu, 2014: Recent global temperature “plateau” in the 
context of a new proxy reconstruction. Earth's Future, 2, 281-294. 

Cunningham, S. A., and Coauthors, 2007: Temporal Variability of the Atlantic Meridional 
Overturning Circulation at 26.5°N. Science, 317, 935-938. 

de Lavergne, C., J. B. Palter, E. D. Galbraith, R. Bernardello, and I. Marinov, 2014: 
Cessation of deep convection in the open Southern Ocean under anthropogenic climate 
change. Nature Clim. Change, 4, 278-282. 

Dee, D. P., and Coauthors, 2011: The ERA-Interim reanalysis: configuration and 
performance of the data assimilation system. Quarterly Journal of the Royal 
Meteorological Society, 137, 553-597. 

DelSole, T., M. K. Tippett, and J. Shukla, 2010: A Significant Component of Unforced 
Multidecadal Variability in the Recent Acceleration of Global Warming. Journal of 
Climate, 24, 909-926. 

Delworth, T., S. Manabe, and R. J. Stouffer, 1993: Interdecadal Variations of the 
Thermohaline Circulation in a Coupled Ocean-Atmosphere Model. Journal of Climate, 6, 
1993-2011. 

Delworth, T. L., and T. R. Knutson, 2000: Simulation of Early 20th Century Global 
Warming. Science, 287, 2246-2250. 

Delworth, T. L., R. Zhang, and M. E. Mann, 2013: Decadal to Centennial Variability of the 
Atlantic from Observations and Models. Ocean Circulation: Mechanisms and Impacts—
Past and Future Changes of Meridional Overturning, American Geophysical Union, 131-
148. 

Delworth, T. L., and Coauthors, 2006: GFDL's CM2 Global Coupled Climate Models. Part 
I: Formulation and Simulation Characteristics. Journal of Climate, 19, 643-674. 



 

209 

Deser, C., M. A. Alexander, S.-P. Xie, and A. S. Phillips, 2010: Sea Surface Temperature 
Variability: Patterns and Mechanisms. Annual Review of Marine Science, 2, 115-143. 

Dessler, A. E., 2010: A Determination of the Cloud Feedback from Climate Variations over 
the Past Decade. Science, 330, 1523-1527. 

——, 2012: Observations of Climate Feedbacks over 2000–10 and Comparisons to Climate 
Models*. Journal of Climate, 26, 333-342. 

Dickinson, R. E., 1981: Convergence Rate and Stability of Ocean-Atmosphere Coupling 
Schemes with a Zero-Dimensional Climate Model. Journal of the Atmospheric Sciences, 
38, 2112-2120. 

Dickson, R., J. Lazier, J. Meincke, P. Rhines, and J. Swift, 1996: Long-term coordinated 
changes in the convective activity of the North Atlantic. Progress in Oceanography, 38, 
241-295. 

Donner, L. J., and Coauthors, 2011: The Dynamical Core, Physical Parameterizations, and 
Basic Simulation Characteristics of the Atmospheric Component AM3 of the GFDL Global 
Coupled Model CM3. Journal of Climate, 24, 3484-3519. 

Donohoe, A., and D. S. Battisti, 2011: Atmospheric and Surface Contributions to Planetary 
Albedo. Journal of Climate, 24, 4402-4418. 

Drijfhout, S., E. Gleeson, H. A. Dijkstra, and V. Livina, 2013: Spontaneous abrupt climate 
change due to an atmospheric blocking–sea-ice–ocean feedback in an unforced climate 
model simulation. Proceedings of the National Academy of Sciences. 

Drijfhout, S. S., A. T. Blaker, S. A. Josey, A. J. G. Nurser, B. Sinha, and M. A. Balmaseda, 
2014: Surface warming hiatus caused by increased heat uptake across multiple ocean 
basins. Geophysical Research Letters, 41, 7868-7874. 

Easterling, D. R., and M. F. Wehner, 2009: Is the climate warming or cooling? Geophysical 
Research Letters, 36, L08706. 

Emery, W. J., and K. Hamilton, 1985: Atmospheric forcing of interannual variability in the 
northeast Pacific Ocean: Connections with El Niño. Journal of Geophysical Research: 
Oceans, 90, 857-868. 

Enfield, D. B., A. M. Mestas-Nuñez, and P. J. Trimble, 2001: The Atlantic Multidecadal 
Oscillation and its relation to rainfall and river flows in the continental U.S. Geophysical 
Research Letters, 28, 2077-2080. 



 

210 

England, M. H., and Coauthors, 2014: Recent intensification of wind-driven circulation in 
the Pacific and the ongoing warming hiatus. Nature Clim. Change. 

Estrada, F., P. Perron, and B. Martinez-Lopez, 2013: Statistically derived contributions of 
diverse human influences to twentieth-century temperature changes. Nature Geosci, 6, 
1050-1055. 

Evan, A. T., R. J. Allen, R. Bennartz, and D. J. Vimont, 2012: The Modification of Sea 
Surface Temperature Anomaly Linear Damping Time Scales by Stratocumulus Clouds. 
Journal of Climate, 26, 3619-3630. 

Flato, G., J. Marotzke, B. Abiodun, P. Braconnot, S.C. Chou, W. Collins, P. Cox, F. 
Driouech, S. Emori, V. Eyring, C. Forest, P. Gleckler, E. Guilyardi, C. Jakob, V. Kattsov, C. 
Reason and M. Rummukainen, 2013b: Evaluation of Climate Models. Climate Change 
2013: The Physical Science Basis. Contributions of Working Group I to the Fifth 
Assessment Report of the Intergovernmental Panel on Climate Change, Cambridge 
University Press. 

——, 2013c: Evaluation of Climate Models. In: Climate Change 2013: The Physical Science 
Basis. Contribution of Working Group I to the Fifth Assessment Report of the 
Intergovernmental Panel on Climate Change. 

Folland, C. K., T. N. Palmer, and D. E. Parker, 1986: Sahel rainfall and worldwide sea 
temperatures, 1901-85. Nature, 320, 602-607. 

Folland, C. K., J. A. Renwick, M. J. Salinger, and A. B. Mullan, 2002: Relative influences of 
the Interdecadal Pacific Oscillation and ENSO on the South Pacific Convergence Zone. 
Geophysical Research Letters, 29, 21-21-21-24. 

Forster, P. M. F., and K. E. Taylor, 2006: Climate Forcings and Climate Sensitivities 
Diagnosed from Coupled Climate Model Integrations. Journal of Climate, 19, 6181-6194. 

Forster, P. M. F., and J. M. Gregory, 2006: The Climate Sensitivity and Its Components 
Diagnosed from Earth Radiation Budget Data. Journal of Climate, 19, 39-52. 

Foster, G., and S. Rahmstorf, 2011: Global temperature evolution 1979–2010. 
Environmental Research Letters, 6, 044022. 

Fu, C. Q. C. Z. W., 2011: Projection of global mean surface air temperature changes in next 
40 years: Uncertainties of climate models and an alternative approach. Science China 
Earth Sciences, 54, 1400-1406. 



 

211 

Fu, R., A. D. D. Genio, W. B. Rossow, and W. Timothy Liu, 1992: Cirrus-cloud thermostat 
for tropical sea surface temperatures tested using satellite data. Nature, 358, 394-394. 

Fyfe, J. C., N. P. Gillett, and F. W. Zwiers, 2013: Overestimated global warming over the 
past 20 years. Nature Clim. Change, 3, 767-769. 

Geoffroy, O., D. Saint-Martin, D. J. L. Olivié, A. Voldoire, G. Bellon, and S. Tytéca, 2012: 
Transient Climate Response in a Two-Layer Energy-Balance Model. Part I: Analytical 
Solution and Parameter Calibration Using CMIP5 AOGCM Experiments. Journal of 
Climate, 26, 1841-1857. 

Griffies, S. M., and R. J. Greatbatch, 2012: Physical processes that impact the evolution of 
global mean sea level in ocean climate models. Ocean Modelling, 51, 37-72. 

Griffies, S. M., and Coauthors, 2011: The GFDL CM3 Coupled Climate Model: 
Characteristics of the Ocean and Sea Ice Simulations. Journal of Climate, 24, 3520-3544. 

Guemas, V., F. J. Doblas-Reyes, I. Andreu-Burillo, and M. Asif, 2013: Retrospective 
prediction of the global warming slowdown in the past decade. Nature Clim. Change, 3, 
649-653. 

Gulev, S. K., M. Latif, N. Keenlyside, W. Park, and K. P. Koltermann, 2013: North Atlantic 
Ocean control on surface heat flux on multidecadal timescales. Nature, 499, 464-467. 

Hall, A., 2004: The Role of Surface Albedo Feedback in Climate. Journal of Climate, 17, 
1550-1568. 

Hallberg, R., and A. K. Inamdar, 1993: Observations of Seasonal Variations in 
Atmospheric Greenhouse Trapping and Its Enhancement at High Sea Surface 
Temperature. Journal of Climate, 6, 920-931. 

Hansen, J., R. Ruedy, M. Sato, and K. Lo, 2010: GLOBAL SURFACE TEMPERATURE 
CHANGE. Reviews of Geophysics, 48, RG4004. 

Hansen, J., M. Sato, P. Kharecha, and K. von Schuckmann, 2011: Earth's energy imbalance 
and implications. Atmos. Chem. Phys. Discuss., 11, 27031-27105. 

Hansen, J., and Coauthors, 2005: Earth's Energy Imbalance: Confirmation and 
Implications. Science, 308, 1431-1435. 

Hansen, J., and Coauthors, 2007: Climate simulations for 1880–2003 with GISS modelE. 
Climate Dynamics, 29, 661-696. 



 

212 

Hartmann, D. L., M. E. Ockert-Bell, and M. L. Michelsen, 1992: The Effect of Cloud Type 
of Earth's Energy Balance: Global Analysis. Journal of Climate, 5. 

Hasselmann, K., 1976: Stochastic climate models Part I. Theory. Tellus, 28, 473-485. 

Haughton, N., G. Abramowitz, A. Pitman, and S. Phipps, 2014: On the generation of 
climate model ensembles. Climate Dynamics, 43, 2297-2308. 

Hawkins, E., and R. Sutton, 2009: The Potential to Narrow Uncertainty in Regional 
Climate Predictions. Bulletin of the American Meteorological Society, 90, 1095-1107. 

Held, I. M., M. Winton, K. Takahashi, T. Delworth, F. Zeng, and G. K. Vallis, 2010: Probing 
the Fast and Slow Components of Global Warming by Returning Abruptly to 
Preindustrial Forcing. Journal of Climate, 23, 2418-2427. 

Hong, S., I.-S. Kang, I. Choi, and Y.-G. Ham, 2013: Climate responses in the tropical pacific 
associated with atlantic warming in recent decades. Asia-Pacific J Atmos Sci, 49, 209-217. 

Huang, N. E., and Coauthors, 1998: The empirical mode decomposition and the Hilbert 
spectrum for nonlinear and non-stationary time series analysis. Proceedings of the Royal 
Society of London. Series A: Mathematical, Physical and Engineering Sciences, 454, 903-
995. 

Huber, M., and R. Knutti, 2014: Natural variability, radiative forcing and climate response 
in the recent hiatus reconciled. Nature Geosci. 

Hunt, B. G., 2011: The role of natural climatic variation in perturbing the observed global 
mean temperature trend. Climate Dynamics, 36, 509-521. 

Huntingford, C., P. D. Jones, V. N. Livina, T. M. Lenton, and P. M. Cox, 2013: No increase 
in global temperature variability despite changing regional patterns. Nature, 500, 327-330. 

Hurrell, J. W., 1995: Decadal Trends in the North Atlantic Oscillation: Regional 
Temperatures and Precipitation. Science, 269, 676-679. 

Hurrell, J. W., J. J. Hack, D. Shea, J. M. Caron, and J. Rosinski, 2008: A New Sea Surface 
Temperature and Sea Ice Boundary Dataset for the Community Atmosphere Model. 
Journal of Climate, 21, 5145-5153. 

Inamdar, A. K., and V. Ramanathan, 1994: Physics of Greenhouse Effect and Convection 
in Warm Oceans. Journal of Climate, 7, 715-731. 



 

213 

Ingram, W., 2013: Some implications of a new approach to the water vapour feedback. 
Climate Dynamics, 40, 925-933. 

Jiang, J. H., and Coauthors, 2012: Evaluation of cloud and water vapor simulations in 
CMIP5 climate models using NASA “A-Train” satellite observations. Journal of 
Geophysical Research: Atmospheres, 117, D14105. 

Jones, G. S., P. A. Stott, and N. Christidis, 2013: Attribution of observed historical near‒
surface temperature variations to anthropogenic and natural causes using CMIP5 
simulations. Journal of Geophysical Research: Atmospheres, 118, 4001-4024. 

Joshi, M. M., J. M. Gregory, M. J. Webb, D. M. H. Sexton, and T. C. Johns, 2007: 
Mechanisms for the land/sea warming contrast exhibited by simulations of climate 
change. Climate Dynamics, 30, 455-465. 

Kato, S., 2009: Interannual Variability of the Global Radiation Budget. Journal of Climate, 
22, 4893-4907. 

Keenlyside, N. S., M. Latif, J. Jungclaus, L. Kornblueh, and E. Roeckner, 2008: Advancing 
decadal-scale climate prediction in the North Atlantic sector. Nature, 453, 84-88. 

Kerr, R. A., 2000: A North Atlantic Climate Pacemaker for the Centuries. Science, 288, 
1984-1985. 

Kiehl, J. T., 1994: On the Observed Near Cancellation between Longwave and Shortwave 
Cloud Forcing in Tropical Regions. Journal of Climate, 7, 559-565. 

Kiehl, J. T., and V. Ramanathan, 1990: Comparisonof Cloud Forcing Derived From the 
Earth Radiation Budget Experiment With That Simulatedby the NCAR Community 
Climate Model. Journal of Geophysical Research, 95. 

Klein, S. A., and D. L. Hartmann, 1993: The seasonal cyle of low stratiform clouds. Journal 
of Climate, 6. 

Klein, S. A., B. J. Soden, and N.-C. Lau, 1999: Remote Sea Surface Temperature Variations 
during ENSO: Evidence for a Tropical Atmospheric Bridge. Journal of Climate, 12, 917-
932. 

Knight, J. R., C. K. Folland, and A. A. Scaife, 2006: Climate impacts of the Atlantic 
Multidecadal Oscillation. Geophysical Research Letters, 33, L17706. 



 

214 

Kosaka, Y., and S.-P. Xie, 2013: Recent global-warming hiatus tied to equatorial Pacific 
surface cooling. Nature, 501, 403-407. 

Koumoutsaris, S., 2013: What can we learn about climate feedbacks from short-term 
climate variations? 2013, 65. 

Kravtsov, S., and C. Spannagle, 2008: Multidecadal Climate Variability in Observed and 
Modeled Surface Temperatures*. Journal of Climate, 21, 1104-1121. 

Kravtsov, S., M. G. Wyatt, J. A. Curry, and A. A. Tsonis, 2014: Two contrasting views of 
multidecadal climate variability in the 20th century. Geophysical Research Letters, 
2014GL061416. 

Kucharski, F., I. S. Kang, R. Farneti, and L. Feudale, 2011: Tropical Pacific response to 20th 
century Atlantic warming. Geophysical Research Letters, 38, L03702. 

Laepple, T., and P. Huybers, 2014: Ocean surface temperature variability: Large model–
data differences at decadal and longer periods. Proceedings of the National Academy of 
Sciences. 

Larson, K., and D. L. Hartmann, 2003: Interactions among Cloud, Water Vapor, Radiation, 
and Large-Scale Circulation in the Tropical Climate. Part I: Sensitivity to Uniform Sea 
Surface Temperature Changes. Journal of Climate, 16, 1425-1440. 

Latif, M., and N. S. Keenlyside, 2011: A perspective on decadal climate variability and 
predictability. Deep Sea Research Part II: Topical Studies in Oceanography, 58, 1880-1894. 

Latif, M., T. Martin, and W. Park, 2013: Southern Ocean Sector Centennial Climate 
Variability and Recent Decadal Trends. Journal of Climate, 26, 7767-7782. 

Latif, M., and Coauthors, 2006: Is the Thermohaline Circulation Changing? Journal of 
Climate, 19, 4631-4637. 

Lau, N.-C., and M. J. Nath, 1994: A Modeling Study of the Relative Roles of Tropical and 
Extratropical SST Anomalies in the Variability of the Global Atmosphere-Ocean System. 
Journal of Climate, 7, 1184-1207. 

Leith, C. E., 1978: Predictability of climate. Nature, 276, 352-355. 

Levy, H., L. W. Horowitz, M. D. Schwarzkopf, Y. Ming, J.-C. Golaz, V. Naik, and V. 
Ramaswamy, 2013: The roles of aerosol direct and indirect effects in past and future 
climate change. Journal of Geophysical Research: Atmospheres, 118, 4521-4532. 



 

215 

Lewis, N., 2013: An Objective Bayesian Improved Approach for Applying Optimal 
Fingerprint Techniques to Estimate Climate Sensitivity*. Journal of Climate, 26, 7414-7429. 

Li, J., C. Sun, and F.-F. Jin, 2013: NAO implicated as a predictor of Northern Hemisphere 
mean temperature multidecadal variability. Geophysical Research Letters, 40, 
2013GL057877. 

Liu, W., S.-P. Xie, and J. Lu, 2016: Tracking ocean heat uptake during the surface warming 
hiatus. Nat Commun, 7. 

Loeb, N., and Coauthors, 2012: Advances in Understanding Top-of-Atmosphere 
Radiation Variability from Satellite Observations. Surv Geophys, 33, 359-385. 

Lovejoy, S., 2014a: Scaling fluctuation analysis and statistical hypothesis testing of 
anthropogenic warming. Climate Dynamics, 42, 2339-2351. 

——, 2014b: Return periods of global climate fluctuations and the pause. Geophysical 
Research Letters, 41, 2014GL060478. 

Lozier, M. S., 2010: Deconstructing the Conveyor Belt. Science, 328, 1507-1511. 

——, 2012: Overturning in the North Atlantic. Annual Review of Marine Science, 4, 291-
315. 

Lozier, M. S., V. Roussenov, M. S. C. Reed, and R. G. Williams, 2010: Opposing decadal 
changes for the North Atlantic meridional overturning circulation. Nature Geosci, 3, 728-
734. 

Mahajan, S., R. Zhang, and T. L. Delworth, 2011: Impact of the Atlantic Meridional 
Overturning Circulation (AMOC) on Arctic Surface Air Temperature and Sea Ice 
Variability. Journal of Climate, 24, 6573-6581. 

Maher, N., A. S. Gupta, and M. H. England, 2014: Drivers of decadal hiatus periods in the 
20th and 21st centuries. Geophysical Research Letters, 41, 5978-5986. 

Mann, M. E., J. D. Fuentes, and S. Rutherford, 2012: Underestimation of volcanic cooling 
in tree-ring-based reconstructions of hemispheric temperatures. Nature Geosci, 5, 202-205. 

Mann, M. E., B. A. Steinman, and S. K. Miller, 2014: On Forced Temperature Changes, 
Internal Variability and the AMO. Geophysical Research Letters, 2014GL059233. 



 

216 

Mantua, N. J., S. R. Hare, Y. Zhang, J. M. Wallace, and R. C. Francis, 1997: A Pacific 
Interdecadal Climate Oscillation with Impacts on Salmon Production. Bulletin of the 
American Meteorological Society, 78, 1069-1079. 

Martin, E. R., C. Thorncroft, and B. B. B. Booth, 2014: The Multidecadal Atlantic SST—
Sahel Rainfall Teleconnection in CMIP5 Simulations. Journal of Climate, 27, 784-806. 

Martin, T., W. Park, and M. Latif, 2013: Multi-centennial variability controlled by Southern 
Ocean convection in the Kiel Climate Model. Climate Dynamics, 40, 2005-2022. 

——, 2015: Southern Ocean forcing of the North Atlantic at multi-centennial time scales 
in the Kiel Climate Model. Deep Sea Research Part II: Topical Studies in Oceanography, 
114, 39-48. 

Mauritsen, T., and Coauthors, 2012: Tuning the climate of a global model. Journal of 
Advances in Modeling Earth Systems, 4, M00A01. 

McCarthy, G. D., I. D. Haigh, J. J. M. Hirschi, J. P. Grist, and D. A. Smeed, 2015: Ocean 
impact on decadal Atlantic climate variability revealed by sea-level observations. Nature, 
521, 508-510. 

McGregor, S., A. Timmermann, M. F. Stuecker, M. H. England, M. Merrifield, F.-F. Jin, 
and Y. Chikamoto, 2014: Recent Walker circulation strengthening and Pacific cooling 
amplified by Atlantic warming. Nature Clim. Change. 

Medhaug, I., and T. Furevik, 2011: North Atlantic 20th century multidecadal variability in 
coupled climate models: sea surface temperature and ocean overturning circulation. 
Ocean Sci., 7, 389-404. 

Meehl, G. A., and H. Teng, 2014: CMIP5 multi-model hindcasts for the mid-1970s shift 
and early 2000s hiatus and predictions for 2016–2035. Geophysical Research Letters, 41, 
2014GL059256. 

Meehl, G. A., M. Wheeler, and W. M. Washington, 1994: Low-frequency variability and 
CO2 transient climate change. Part 3. Intermonthly and interannual variability. Climate 
Dynamics, 10, 277-303. 

Meehl, G. A., H. Teng, and J. M. Arblaster, 2014: Climate model simulations of the 
observed early-2000s hiatus of global warming. Nature Clim. Change, 4, 898-902. 



 

217 

Meehl, G. A., J. M. Arblaster, J. T. Fasullo, A. Hu, and K. E. Trenberth, 2011: Model-based 
evidence of deep-ocean heat uptake during surface-temperature hiatus periods. Nature 
Clim. Change, 1, 360-364. 

Meehl, G. A., A. Hu, J. M. Arblaster, J. Fasullo, and K. E. Trenberth, 2013a: Externally 
Forced and Internally Generated Decadal Climate Variability Associated with the 
Interdecadal Pacific Oscillation. Journal of Climate, 26, 7298-7310. 

Meehl, G. A., and Coauthors, 2009: Decadal Prediction. Bulletin of the American 
Meteorological Society, 90, 1467-1485. 

Meehl, G. A., and Coauthors, 2013b: Decadal Climate Prediction: An Update from the 
Trenches. Bulletin of the American Meteorological Society, 95, 243-267. 

Meinshausen, M., and Coauthors, 2011: The RCP greenhouse gas concentrations and their 
extensions from 1765 to 2300. Climatic Change, 109, 213-241. 

Messié, M., and F. Chavez, 2011: Global Modes of Sea Surface Temperature Variability in 
Relation to Regional Climate Indices. Journal of Climate, 24, 4314-4331. 

Middlemas, E., and A. M. Y. Clement, 2016: Spatial patterns and frequency of unforced 
decadal-scale changes in global mean surface temperature in climate models. J. Clim. 

Milly, P. C. D., and A. B. Shmakin, 2002: Global Modeling of Land Water and Energy 
Balances. Part I: The Land Dynamics (LaD) Model. Journal of Hydrometeorology, 3, 283-
299. 

Minnis, P., and Coauthors, 2011: CERES Edition-2 Cloud Property Retrievals Using 
TRMM VIRS and Terra and Aqua MODIS Data&#x2014;Part I: Algorithms. Geoscience 
and Remote Sensing, IEEE Transactions on, 49, 4374-4400. 

Mucha, H. J., 1986: Späth, H.: Cluster dissection and analysis: theory, FORTRAN 
programs, examples. (Translator: Johannes Goldschmidt.) Ellis Horwood Ltd Wiley, 
Chichester 1985. 226 pp. £25. Biometrical Journal, 28, 182-182. 

Muller, R. A., and Coauthors, 2013: Decadal variations in the global atmospheric land 
temperatures. Journal of Geophysical Research: Atmospheres, 118, 5280-5286. 

Neelin, J. D., D. S. Battisti, A. C. Hirst, F.-F. Jin, Y. Wakata, T. Yamagata, and S. E. Zebiak, 
1998: ENSO theory. Journal of Geophysical Research: Oceans, 103, 14261-14290. 



 

218 

Nilsson, J., and K. A. Emanuel, 1999: Equilibrium atmospheres of a two-column radiative-
convective model. Quarterly Journal of the Royal Meteorological Society, 125, 2239-2264. 

Okumura, Y. M., 2013: Origins of Tropical Pacific Decadal Variability: Role of Stochastic 
Atmospheric Forcing from the South Pacific*. Journal of Climate, 26, 9791-9796. 

Otto, A., and Coauthors, 2013: Energy budget constraints on climate response. Nature 
Geosci, 6, 415-416. 

Palmer, M. D., and D. J. McNeall, 2014: Internal variability of Earth’s energy budget 
simulated by CMIP5 climate models. Environmental Research Letters, 9, 034016. 

Park, S., C. Deser, and M. A. Alexander, 2005: Estimation of the Surface Heat Flux 
Response to Sea Surface Temperature Anomalies over the Global Oceans. Journal of 
Climate, 18, 4582-4599. 

Pedro, J. B., T. Martin, E. J. Steig, M. Jochum, W. Park, and S. O. Rasmussen, 2016: Southern 
Ocean deep convection as a driver of Antarctic warming events. Geophysical Research 
Letters, 43, 2192-2199. 

Pierrehumbert, R. T., 1995: Thermostats, Radiator Fins, and the Local Runaway 
Greenhouse. Journal of the Atmospheric Sciences, 52, 1784-1806. 

Power, S., T. Casey, C. Folland, A. Colman, and V. Mehta, 1999: Inter-decadal modulation 
of the impact of ENSO on Australia. Climate Dynamics, 15, 319-324. 

Privalsky, V. E., and D. T. Jensen, 1995: Assessment of the influence of ENSO on annual 
global air temperatures. Dynamics of Atmospheres and Oceans, 22, 161-178. 

Radley, C., S. Fueglistaler, and L. Donner, 2014: Cloud and Radiative Balance Changes in 
Response to ENSO in Observations and Models. Journal of Climate, 27, 3100-3113. 

Räisänen, J., 2002: CO2-Induced Changes in Interannual Temperature and Precipitation 
Variability in 19 CMIP2 Experiments. Journal of Climate, 15, 2395-2411. 

Ramanathan, V., and W. Collins, 1991: Thermodynamic regulation of ocean warming by 
cirrus clouds deduced from observations of the 1987 El Nino. Nature, 351, 27-32. 

Ramanathan, V., R. D. CESS, E. F. HARRISON, P. MINNIS, B. R. BARKSTROM, E. 
AHMAD, and D. HARTMANN, 1989: Cloud-Radiative Forcing and Climate: Results from 
the Earth Radiation Budget Experiment. Science, 243, 57-63. 



 

219 

Rayner, D., and Coauthors, 2011: Monitoring the Atlantic meridional overturning 
circulation. Deep Sea Research Part II: Topical Studies in Oceanography, 58, 1744-1753. 

Rind, D., R. Goldberg, and R. Ruedy: Change in climate variability in the 21st century. 
Climatic Change, 14, 5-37. 

Risbey, J. S., S. Lewandowsky, C. Langlais, D. P. Monselesan, T. J. O/'Kane, and N. 
Oreskes, 2014: Well-estimated global surface warming in climate projections selected for 
ENSO phase. Nature Clim. Change. 

Robert Rohde, R. A. M., Robert Jacobsen, Elizabeth Muller, Saul Perlmutter, Arthur 
Rosenfeld, Jonathan Wurtele, Donald Groom, Charlotte Wickham, 2012: A New Estimate 
of the Average Earth Surface Land Temperature Spanning 1753 to 2011. Geoinformatics 
& Geostatistics: An Overview. 

Roberts, C. D., M. D. Palmer, D. McNeall, and M. Collins, 2015: Quantifying the likelihood 
of a continued hiatus in global warming. Nature Clim. Change, 5, 337-342. 

Sakai, D., H. Itoh, and S. Yukimoto, 2009: Changes in the Interannual Surface Air 
Temperature Variability in the Northern Hemisphere in Response to Global Warming. 
Journal of the Meteorological Society of Japan. Ser. II, 87, 721-737. 

Salinger, M. J., J. A. Renwick, and A. B. Mullan, 2001: Interdecadal Pacific Oscillation and 
South Pacific climate. International Journal of Climatology, 21, 1705-1721. 

Santer, B. D., and Coauthors, 2014: Volcanic contribution to decadal changes in 
tropospheric temperature. Nature Geosci, 7, 185-189. 

Santer, B. D., and Coauthors, 2011: Separating signal and noise in atmospheric 
temperature changes: The importance of timescale. Journal of Geophysical Research: 
Atmospheres, 116, D22105. 

Schlesinger, M. E., and N. Ramankutty, 1994: An oscillation in the global climate system 
of period 65-70 years. Nature, 367, 723-726. 

Schmidt, G. A., D. T. Shindell, and K. Tsigaridis, 2014: Reconciling warming trends. 
Nature Geosci, 7, 158-160. 

Schmidt, G. A., and Coauthors, 2011: Climate forcing reconstructions for use in PMIP 
simulations of the last millennium (v1.0). Geosci. Model Dev., 4, 33-45. 



 

220 

Schneider, N., and B. D. Cornuelle, 2005: The Forcing of the Pacific Decadal Oscillation*. 
Journal of Climate, 18, 4355-4373. 

Schurer, A. P., G. C. Hegerl, M. E. Mann, S. F. B. Tett, and S. J. Phipps, 2013: Separating 
Forced from Chaotic Climate Variability over the Past Millennium. Journal of Climate, 26, 
6954-6973. 

Semenov, V. A., M. Latif, D. Dommenget, N. S. Keenlyside, A. Strehz, T. Martin, and W. 
Park, 2010: The Impact of North Atlantic–Arctic Multidecadal Variability on Northern 
Hemisphere Surface Air Temperature. Journal of Climate, 23, 5668-5677. 

Sherwood, S., and Q. Fu, 2014: A Drier Future? Science, 343, 737-739. 

Shevliakova, E., and Coauthors, 2009: Carbon cycling under 300 years of land use change: 
Importance of the secondary vegetation sink. Global Biogeochemical Cycles, 23. 

Smith, D. M., S. Cusack, A. W. Colman, C. K. Folland, G. R. Harris, and J. M. Murphy, 
2007: Improved Surface Temperature Prediction for the Coming Decade from a Global 
Climate Model. Science, 317, 796-799. 

Smith, D. M., and Coauthors, 2015: Earth's energy imbalance since 1960 in observations 
and CMIP5 models. Geophysical Research Letters, 42, 1205-1213. 

Soden, B. J., and G. A. Vecchi, 2011: The vertical distribution of cloud feedback in coupled 
ocean-atmosphere models. Geophysical Research Letters, 38, L12704. 

Soden, B. J., A. J. Broccoli, and R. S. Hemler, 2004: On the Use of Cloud Forcing to Estimate 
Cloud Feedback. Journal of Climate, 17, 3661-3665. 

Soden, B. J., I. M. Held, R. Colman, K. M. Shell, J. T. Kiehl, and C. A. Shields, 2008: 
Quantifying Climate Feedbacks Using Radiative Kernels. Journal of Climate, 21, 3504-
3520. 

Solomon, S., D. Qin, M. Manning, R.B. Alley, T. Berntsen, N.L. Bindoff, Z. Chen, A. 
Chidthaisong, J.M. Gregory, G.C. Hegerl, M. Heimann, B. Hewitson, B.J. Hoskins, F. Joos, 
J. Jouzel, V. Kattsov, U. Lohmann, T. Matsuno, M. Molina, N. Nicholls, J. Overpeck, G. 
Raga, V. Ramaswamy, J. Ren, M. Rusticucci, R. Somerville, T.F. Stocker, P. Whetton, R.A. 
Wood and D. Wratt,, 2007: Climate Change 2007: The Physical Science Basis. Contribution 
of Working Group I to the Fourth Assessment Report of the Intergovernmental Panel on 
Climate Change. 



 

221 

Stephens, G. L., 2005: Cloud Feedbacks in the Climate System: A Critical Review. Journal 
of Climate, 18, 237-273. 

Stott, P. A., S. F. B. Tett, G. S. Jones, M. R. Allen, J. F. B. Mitchell, and G. J. Jenkins, 2000: 
External Control of 20th Century Temperature by Natural and Anthropogenic Forcings. 
Science, 290, 2133-2137. 

Stott, P. A., G. S. Jones, J. A. Lowe, P. Thorne, C. Durman, T. C. Johns, and J.-C. Thelen, 
2006: Transient Climate Simulations with the HadGEM1 Climate Model: Causes of Past 
Warming and Future Climate Change. Journal of Climate, 19, 2763-2782. 

Stouffer, R. J., and R. T. Wetherald, 2007: Changes of Variability in Response to Increasing 
Greenhouse Gases. Part I: Temperature. Journal of Climate, 20, 5455-5467. 

Su, H., W. G. Read, J. H. Jiang, J. W. Waters, D. L. Wu, and E. J. Fetzer, 2006: Enhanced 
positive water vapor feedback associated with tropical deep convection: New evidence 
from Aura MLS. Geophysical Research Letters, 33, L05709. 

Sun, C., J. Li, and F.-F. Jin, 2015: A delayed oscillator model for the quasi-periodic 
multidecadal variability of the NAO. Climate Dynamics, 45, 2083-2099. 

Sun, D., J. T. Fasullo, T. Zhang, and A. Roubicek, 2003: On the Radiative and Dynamical 
Feedbacks over the Equatorial Pacific Cold Tongue. Journal of Climate, 16. 

Susskind, J., G. Molnar, L. Iredell, and N. G. Loeb, 2012: Interannual variability of 
outgoing longwave radiation as observed by AIRS and CERES. Journal of Geophysical 
Research: Atmospheres, 117, D23107. 

Sutton, R. T., and D. L. R. Hodson, 2005: Atlantic Ocean Forcing of North American and 
European Summer Climate. Science, 309, 115-118. 

Suzuki, K., J. C. Golaz, and G. L. Stephens, 2013: Evaluating cloud tuning in a climate 
model with satellite observations. Geophysical Research Letters, 40, 4464-4468. 

Swanson, K. L., and A. A. Tsonis, 2009: Has the climate recently shifted? Geophysical 
Research Letters, 36, L06711. 

Swanson, K. L., G. Sugihara, and A. A. Tsonis, 2009: Long-term natural variability and 
20th century climate change. Proceedings of the National Academy of Sciences, 106, 
16120-16123. 



 

222 

Talley, L. D., 2013: Closure of the global overturning circulation through the Indian, 
Pacific, and Southern Oceans: Schematics and transports. Oceanography, 26, 80–97. 

Taylor, K. E., R. J. Stouffer, and G. A. Meehl, 2011: An Overview of CMIP5 and the 
Experiment Design. Bulletin of the American Meteorological Society, 93, 485-498. 

Timmermann, A., M. Latif, R. Voss, and A. Grötzner, 1998: Northern Hemispheric 
Interdecadal Variability: A Coupled Air–Sea Mode. Journal of Climate, 11, 1906-1931. 

Ting, M., Y. Kushnir, R. Seager, and C. Li, 2009: Forced and Internal Twentieth-Century 
SST Trends in the North Atlantic*. Journal of Climate, 22, 1469-1481. 

Trenberth, K., and J. Fasullo, 2012: Tracking Earth’s Energy: From El Niño to Global 
Warming. Surv Geophys, 33, 413-426. 

Trenberth, K. E., 2009: An imperative for climate change planning: tracking Earth's global 
energy. Current Opinion in Environmental Sustainability, 1, 19-27. 

Trenberth, K. E., and D. P. Stepaniak, 2001: Indices of El Niño Evolution. Journal of 
Climate, 14, 1697-1701. 

Trenberth, K. E., and D. J. Shea, 2005: Relationships between precipitation and surface 
temperature. Geophysical Research Letters, 32. 

——, 2006: Atlantic hurricanes and natural variability in 2005. Geophysical Research 
Letters, 33, L12704. 

Trenberth, K. E., and J. T. Fasullo, 2013: An apparent hiatus in global warming? Earth's 
Future. 

Trenberth, K. E., D. P. Stepaniak, and J. M. Caron, 2002a: Interannual variations in the 
atmospheric heat budget. Journal of Geophysical Research: Atmospheres, 107, AAC 4-1-
AAC 4-15. 

Trenberth, K. E., J. T. Fasullo, and J. Kiehl, 2009: Earth's Global Energy Budget. Bulletin of 
the American Meteorological Society, 90, 311-323. 

Trenberth, K. E., J. T. Fasullo, and M. A. Balmaseda, 2014: Earth’s Energy Imbalance. 
Journal of Climate. 

Trenberth, K. E., J. M. Caron, D. P. Stepaniak, and S. Worley, 2002b: Evolution of El Niño–
Southern Oscillation and global atmospheric surface temperatures. Journal of 
Geophysical Research: Atmospheres, 107, AAC 5-1-AAC 5-17. 



 

223 

Trenberth, K. E., J. T. Fasullo, C. O'Dell, and T. Wong, 2010: Relationships between tropical 
sea surface temperature and top-of-atmosphere radiation. Geophysical Research Letters, 
37, L03702. 

Trenberth, K. E., Y. Zhang, J. T. Fasullo, and S. Taguchi, 2015: Climate variability and 
relationships between top-of-atmosphere radiation and temperatures on Earth. Journal of 
Geophysical Research: Atmospheres. 

Trenberth, K. E., G. W. Branstator, D. Karoly, A. Kumar, N.-C. Lau, and C. Ropelewski, 
1998: Progress during TOGA in understanding and modeling global teleconnections 
associated with tropical sea surface temperatures. Journal of Geophysical Research: 
Oceans, 103, 14291-14324. 

Trzaska, S., A. W. Robertson, J. D. Farrara, and C. R. Mechoso, 2007: South Atlantic 
Variability Arising from Air–Sea Coupling: Local Mechanisms and Tropical–Subtropical 
Interactions. Journal of Climate, 20, 3345-3365. 

Tsonis, A. A., K. Swanson, and S. Kravtsov, 2007: A new dynamical mechanism for major 
climate shifts. Geophysical Research Letters, 34, L13705. 

Tung, K.-K., and J. Zhou, 2013: Using data to attribute episodes of warming and cooling 
in instrumental records. Proceedings of the National Academy of Sciences, 110, 2058-2063. 

Vimont, D. J., 2005: The Contribution of the Interannual ENSO Cycle to the Spatial Pattern 
of Decadal ENSO-Like Variability*. Journal of Climate, 18, 2080-2092. 

Wahl, E. R., and Coauthors, 2010: An archive of high-resolution temperature 
reconstructions over the past 2+ millennia. Geochemistry, Geophysics, Geosystems, 11, 
Q01001. 

Wallace, J. M., T. P. Mitchell, and C. Deser, 1989: The influence of sea-surface temperature 
on surface wind in the eastern equatorial Pacific: Seasonal and interannual variability. 
Journal of Climate, 2. 

Wang, C., S. Dong, A. T. Evan, G. R. Foltz, and S.-K. Lee, 2012a: Multidecadal Covariability 
of North Atlantic Sea Surface Temperature, African Dust, Sahel Rainfall, and Atlantic 
Hurricanes. Journal of Climate, 25, 5404-5415. 

Wang, H., A. Kumar, W. Wang, and Y. Xue, 2012b: Influence of ENSO on Pacific Decadal 
Variability: An Analysis Based on the NCEP Climate Forecast System. Journal of Climate, 
25, 6136-6151. 



 

224 

Watanabe, M., H. Shiogama, H. Tatebe, M. Hayashi, M. Ishii, and M. Kimoto, 2014: 
Contribution of natural decadal variability to global warming acceleration and hiatus. 
Nature Clim. Change, 4, 893-897. 

Webb, M. J., and A. Lock, 2013: Coupling between subtropical cloud feedback and the 
local hydrological cycle in a climate model. Climate Dynamics, 41, 1923-1939. 

Wielicki, B. A., B. R. Barkstrom, E. F. Harrison, R. B. Lee, G. Louis Smith, and J. E. Cooper, 
1996: Clouds and the Earth's Radiant Energy System (CERES): An Earth Observing 
System Experiment. Bulletin of the American Meteorological Society, 77, 853-868. 

Wigley, T. M. L., 2000: ENSO, volcanoes and record-breaking temperatures. Geophysical 
Research Letters, 27, 4101-4104. 

Wigley, T. M. L., and M. E. Schlesinger, 1985: Analytical solution for the effect of 
increasing CO2 on global mean temperature. Nature, 315, 649-652. 

Wigley, T. M. L., and S. C. B. Raper, 1990: Natural variability of the climate system and 
detection of the greenhouse effect. Nature, 344, 324-327. 

Wilcox, L. J., E. J. Highwood, and N. J. Dunstone, 2013: The influence of anthropogenic 
aerosol on multi-decadal variations of historical global climate. Environmental Research 
Letters, 8, 024033. 

Wild, M., 2009: How well do IPCC-AR4/CMIP3 climate models simulate global 
dimming/brightening and twentieth-century daytime and nighttime warming? Journal of 
Geophysical Research: Atmospheres, 114, D00D11. 

Wu, Z., N. E. Huang, S. R. Long, and C.-K. Peng, 2007: On the trend, detrending, and 
variability of nonlinear and nonstationary time series. Proceedings of the National 
Academy of Sciences, 104, 14889-14894. 

Wu, Z., N. Huang, J. Wallace, B. Smoliak, and X. Chen, 2011: On the time-varying trend 
in global-mean surface temperature. Climate Dynamics, 37, 759-773. 

Wyatt, M., and J. Curry, 2013: Role for Eurasian Arctic shelf sea ice in a secularly varying 
hemispheric climate signal during the 20th century. Climate Dynamics, 1-20. 

Wyatt, M. G., and J. Peters, 2012: A secularly varying hemispheric climate-signal 
propagation previously detected in instrumental and proxy data not detected in CMIP3 
data base. SpringerPlus, 1, 68. 



 

225 

Xie, S.-P., and S. G. H. Philander, 1994: A coupled ocean-atmosphere model of relevance 
to the ITCZ in the eastern Pacific. Tellus A, 46, 340-350. 

Xie, S.-P., Y. Kosaka, and Y. M. Okumura, 2016: Distinct energy budgets for anthropogenic 
and natural changes during global warming hiatus. Nature Geosci, 9, 29-33. 

Yuan, T., and Coauthors, 2016: Positive low cloud and dust feedbacks amplify tropical 
North Atlantic multidecadal oscillation. Geophysical Research Letters. 

Yuan, X., 2004: ENSO-related impacts on Antarctic sea ice: a synthesis of phenomenon 
and mechanisms. Antarctic Science, 16, 415-425. 

Zhang, J., and R. Zhang, 2015: On the evolution of Atlantic Meridional Overturning 
Circulation Fingerprint and implications for decadal predictability in the North Atlantic. 
Geophysical Research Letters, 2015GL064596. 

Zhang, L., and C. Wang, 2013: Multidecadal North Atlantic sea surface temperature and 
Atlantic meridional overturning circulation variability in CMIP5 historical simulations. 
Journal of Geophysical Research: Oceans, 118, 5772-5791. 

Zhang, R., 2015: Mechanisms for low-frequency variability of summer Arctic sea ice 
extent. Proceedings of the National Academy of Sciences, 112, 4570-4575. 

Zhang, R., T. L. Delworth, and I. M. Held, 2007: Can the Atlantic Ocean drive the observed 
multidecadal variability in Northern Hemisphere mean temperature? Geophysical 
Research Letters, 34, L02709. 

Zhang, R., S. M. Kang, and I. M. Held, 2010: Sensitivity of Climate Change Induced by the 
Weakening of the Atlantic Meridional Overturning Circulation to Cloud Feedback. 
Journal of Climate, 23, 378-389. 

Zhang, R., and Coauthors, 2013: Have Aerosols Caused the Observed Atlantic 
Multidecadal Variability? Journal of the Atmospheric Sciences, 70, 1135-1144. 

Zhang, Y., J. M. Wallace, and D. S. Battisti, 1997: ENSO-like Interdecadal Variability: 1900–
93. Journal of Climate, 10, 1004-1020. 

Zhou, J., and K.-K. Tung, 2012: Deducing Multidecadal Anthropogenic Global Warming 
Trends Using Multiple Regression Analysis. Journal of the Atmospheric Sciences, 70, 3-8. 



 

226 

Biography 
Patrick Brown was born on April 3rd, 1986 in Minneapolis, Minnesota. He 

received a Bachelor of Science degree in Atmospheric and Oceanic Sciences from the 

University of Wisconsin, Madison in 2008. In 2012, he graduated with a Master of 

Science degree in Meteorology and Climate Science from San Jose State University. He 

began his studies at Duke University in 2012 and earned a PhD in the division of Earth 

and Ocean Sciences in 2016.  

Including work currently undergoing review/revision, Patrick is the lead author 

on 10 scholarly articles and is a coauthor on an additional 2 studies. His work has been 

covered by a wide range of media outlets including NPR, Accuweather, The Economic 

Times and Science Daily. He was the winner of the 2016 Duke Graduate School 

Fellowship for Outstanding Performance, the 2015 Nicholas School of the Environment 

Dean’s Award for the Best Graduate Student Manuscript, and won 2nd place in the 

Climanosco international launch challenge. Patrick has accepted a postdoctoral research 

position at the Carnegie Institution for Science at Stanford University.   

 


