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Abstract
This study evaluates paleoclimate sensitivity over the past 800,000 years from proxy-based
reconstructions of changes in global temperature, ice sheets and sea level, vegetation, dust, and
greenhouse gases. This analysis uses statistical methods that are not biased by the variable
(heteroscedastic) uncertainty in the reconstructions, and applies a Monte Carlo-style probabilistic framework to quantify several sources of measurement and structural uncertainty. Not
addressing the heteroscedastic uncertainty would result in regression results that underestimate
paleoclimate sensitivity by over 30%, and not using a probabilistic framework could underestimate the credible interval by fivefold. A comparison of changes in global temperature (ΔT)
and changes in radiative forcing from greenhouse gases, ice sheets, dust, and vegetation
(ΔR[GHG,LI,AE,VG]) over the past 800 kyr finds that the two are closely coupled across glacial
cycles with a correlation of 0.81 (0.6 to 0.9, 95% credible interval). The variation of ΔT with
ΔR over the past 800 kyr is non-linear, with lower correlation and lower responsiveness at
colder temperatures. The paleoclimate sensitivity parameter estimates (S[GHG,LI,AE,VG]) are 0.84
°C/W/m2 (0.20 to 1.9 °C/W/m2, 95% interval) for interglacial periods and intermediate glacial
climates and 0.53 °C/W/m2 (0.08 to 1.5 °C/W/m2, 95% interval) for full glacial climates, 37%
lower at the median. The estimates of S[GHG,LI,AE,VG] and the pattern of state dependence are
similar across glacial cycles over the past 800 kyr. This analysis explicitly includes several
sources of uncertainty and is still able to provide a strong upper bound for the paleoclimate
sensitivity parameter for interglacial periods and intermediate glacial climates: over 1.5 °C/W/
m2 is < 10% probability, 1.7 °C/W/m2 is < 5% probability, and over 1.9 °C/W/m2 is < 2.5%
probability.
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1 Introduction
Climate sensitivity is a useful summary metric that describes the aggregate behavior of the
Earth system, specifically the change in global temperature in response to changes in radiative
forcing. Climate sensitivity summarizes several internal feedbacks that result in a net effect of
amplifying the global temperature response. There are several key components of the definition of climate sensitivity: (1) climate state, (2) the initial stimuli that global temperature is
responding to, (3) the scope of feedbacks included, and (4) the time frame of the response.
More precisely, equilibrium climate sensitivity (ECS) is the equilibrium global average surface
temperature change in response to a doubling of the atmospheric concentration of carbon
dioxide from preindustrial levels (IPCC 2013). In estimating equilibrium climate sensitivity,
the following climate feedbacks are allowed to occur over time until a new equilibrium global
temperature is achieved: changes in water vapor, lapse rate, sea ice, snow cover, ocean
temperature, and clouds. The following climate feedbacks are held constant: changes in ice
sheets, vegetation, dust, and greenhouse gases. Thus, climate sensitivity does not include any
assessment of carbon-cycle feedbacks. As defined, equilibrium climate sensitivity is something
that can only be estimated within a climate model where certain feedbacks can be turned on,
others can be turned off, and atmospheric concentrations can be held constant. In reality, the
Earth’s climate system is constantly evolving and never at equilibrium with multiple feedbacks
interacting across multiple timescales. Climate feedbacks may occur on different time scales,
some are faster and some are slower, see figure 1 of PALAEOSENS (2012), but both fast and
slow feedbacks interact and impact global temperature.
Although the precise definition of equilibrium climate sensitivity is not applicable to a
study of past climates, the general concept of climate sensitivity is still a useful coarse
metric that can be used to explore comparisons of paleoclimate reconstructions to climate
model simulations and comparisons across different periods of time in the Earth’s history
(Knutti et al. 2017; PALAEOSENS 2012). To avoid confusion with the precise equilibrium climate sensitivity definition, PALAEOSENS (2012) proposed new terminology of
“specific climate sensitivity,” defined as the ratio between deviations in global temperature
from the present state and deviations in radiative forcing from the present state. For
paleoclimate research, they further specified a “paleoclimate sensitivity parameter”
(S[GHG,LI,AE,VG]),1 where change in global mean surface air temperature (ΔT) is a function
of change in radiative perturbation (ΔR[GHG,LI,AE,VG]) multiplied by S[GHG,LI,AE,VG]. It is
useful to note that paleoclimate researchers also have developed another sensitivity
concept that includes a greater number of feedbacks, including those that operate at longer
timescales. Earth System Sensitivity (Hansen et al. 2008; Hansen et al. 2007; MartinezBoti et al. 2015; Pagani et al. 2010; Royer et al. 2012; Snyder 2016b) summarizes the
feedback behavior of the Earth’s climate system, where ice sheets, vegetation, and dust are
also included as internal feedbacks that are summarized by millennial-scale paleoclimate
sensitivity. Using the PALAEOSENS (2012) framework, Earth System Sensitivity is equal
to the multiplication of the change in radiative forcing from a doubling of carbon dioxide
with either S[CO2] or S[GHG], depending on the study.
In the terminology of PALAEOSENS (2012): “GHG stands for the impact of changes in all non-water natural
greenhouse gases (notably, CO2, CH4, and N2O)”; “LI represents the radiative impact of global land ice-volume
changes”; “AE indicates the radiative impact of aerosol changes”; and “VG stands for the radiative impact of
global vegetation cover changes.”
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Fig. 1 Reconstructions of ΔR and ΔT over the past 800 kyr. ΔR (W/m2) from changes in (a) greenhouse gases in
orange, (b) ice sheets and sea level in cyan, (c) atmospheric dust in gray, (d) vegetation in green, and (e) sum of
(a)–(d) in purple. (f) ΔT (°C) in blue (Snyder 2016b). The black lines are median estimates, and the shaded areas
are 95% intervals

The key differences of S[GHG,LI,AE,VG] with equilibrium climate sensitivity using the four
major categories outlined previously are as follows: (1) Climate state: S[GHG,LI,AE,VG] is a partial
derivative or functional relationship of global temperature changes in response to changes in
radiative forcing more broadly and is not specific to changes from present day. (2) Initial
stimuli: S[GHG,LI,AE,VG] is also not specific to changes in carbon dioxide concentrations or to a
specific magnitude of change in radiative forcing. (3) The scope of the feedbacks included:
S[GHG,LI,AE,VG] is defined to mirror the assumptions of equilibrium climate sensitivity, and thus,
any ΔR from changes in vegetation, ice sheets, sea level, dust, and greenhouse gases must be
separately accounted for to remove their influences from the estimated paleoclimate sensitivity.
(4) Time frame of the response: S[GHG,LI,AE,VG] is a functional relationship between two
interactive time series, not an equilibrium response to a specific single forcing. The
paleoclimate reconstructions tend to represent time averaging across hundreds to thousands
of years. While the causes of the glacial-interglacial quasi-cycles of the late Pleistocene
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continue to be debated in the literature, most theories include iterative feedbacks among
temperature, ice sheets, greenhouse gases, and other key climate features regardless of the
initial trigger (Abe-Ouchi et al. 2013; Clark et al. 2006; Ganopolski and Calov 2011; Huybers
2006; Huybers and Wunsch 2004; Imbrie et al. 2011; McClymont et al. 2013; Raymo 1997;
Tziperman and Gildor 2003).
Analyzing paleoclimate reconstructions to estimate paleoclimate climate sensitivity faces
several challenges (Knutti et al. 2017; PALAEOSENS 2012; Snyder 2010). Analyses of
paleoclimate reconstructions estimate relationships between different climate variables without
identifying causation. Indeed, as discussed above, regardless of the specific trigger, multiple
changes likely interacted with each other to drive climate changes over the past million years.
In estimating paleoclimate sensitivity from relationships between different paleoclimate reconstructions of ΔT and ΔR, researchers effectively assume a linear energy balance model
framework where a single value or function can summarize the relationship between ΔT and
ΔR (Knutti and Rugenstein 2015; Knutti et al. 2017; Sherwood et al. 2015). Because climate
sensitivity is an aggregated metric, it does not provide process-based decomposition of the
relative contribution of different feedback mechanisms. This framework assumes that different
sources of changes in radiative forcing add linearly and that climate sensitivity is independent
of the source of radiative forcing. Moreover, the radiative forcing estimates are estimates of
global averages, but the spatial, altitudinal, and seasonal distributions of radiative forcing may
be important for climate sensitivity-relevant feedback mechanisms (Edwards et al. 2007;
Hansen et al. 2005; Knutti and Rugenstein 2015; Knutti et al. 2017; Rohling et al. 2012).
Although these assumptions have been used in most previous paleoclimate research on climate
sensitivity due to the limited availability of paleoclimate reconstructions (e.g., Friedrich et al.
2016; Genthon et al. 1987; Hansen et al. 2008; Hansen et al. 2013; Köhler et al. 2015; Köhler
et al. 2017; Lea 2004; Lorius et al. 1990; Martinez-Boti et al. 2015; PALAEOSENS 2012;
Rohling et al. 2012; von der Heydt et al. 2014), it is important to highlight that the uncertainty
introduced by these assumptions is unknown and may be large.
Most previous paleoclimate sensitivity research focused on reconstructing single points
in time, such as the Last Glacial Maximum (LGM, ~ 21,000 years (kyr) ago), see Edwards
et al. (2007), PALAEOSENS (2012), and IPCC (2013) for reviews. However, multiple
time points are highly valuable for better characterizing our uncertainty in estimates of
functional relationships among paleoclimate reconstructions (Rohling et al. 2012; Shakun
et al. 2012) and for investigating the state dependence of paleoclimate sensitivity. There is
a growing body of research that investigates paleoclimate sensitivity using time series
from the paleoclimate record (Friedrich et al. 2016; Genthon et al. 1987; Hansen et al.
2008; Hansen et al. 2013; Köhler et al. 2015; Köhler et al. 2017; Lea 2004; Lorius et al.
1990; Martinez-Boti et al. 2015; PALAEOSENS 2012; Rohling et al. 2012; von der Heydt
et al. 2014). This study builds upon that previous research where paleoclimate sensitivity
is estimated by performing regression analyses on time series of paleoclimate reconstructions of ΔT and ΔR. ΔR from changes in ice sheets, atmospheric dust, and vegetation are
estimated using paleoclimate reconstructions thought to be closely correlated with the ΔR
of interest and then the reconstructions are scaled to ΔR using estimates of change in ΔR at
the LGM (Hansen et al. 2008; Hansen et al. 2013; Köhler et al. 2010). Such an approach is
limited by the accuracy of the LGM ΔR estimates as well as by the assumption that the
chosen paleoclimate proxy is closely correlated with ΔR: the possible temporal dynamics
of radiative forcing could be very different from the paleoclimate proxy records used to
estimate them.
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This study adds the following new elements to previous research. First, many previous
studies either applied strong assumptions for change in global temperature as a linear scaling of
a single proxy record, such as 50% of the change in Antarctic temperature, or used a single
model to estimate temperature. This research uses a spatially weighted proxy reconstruction of
global temperature over the past 2 million years estimated from a multiproxy database of over
20,000 sea surface temperature point reconstructions (Snyder 2016b) (Fig. 1f). Secondly,
previous studies were highly variable in their quantification of uncertainty. This research
quantifies the following four sources of uncertainty in estimating ΔR: uncertainty in the proxy
reconstructions from both measurement of the proxy itself (e.g., isotopes) and uncertainty
estimated in the transfer function used to estimate the reconstruction (e.g., from isotopes to
changes in sea level), dating uncertainty for the proxy reconstructions, uncertainty from the
LGM ΔR estimates and transfer functions used to estimate ΔR from the proxy reconstructions,
and the uncertainty introduced by using different available proxy reconstructions for the
variable of interest (I use four different proxy reconstructions for estimating ΔR[LI], four for
ΔR[AE], and five for ΔR[VG]). Lastly, due to the variable (heteroscedastic) uncertainty in the
reconstructions, this research applies simulation extrapolation regression methods to remove
potential bias in the statistical estimators (Cook and Stefanski 1994). By using a probabilistic
Monte Carlo-style framework, the estimated empirically fit frequency distributions for the
paleoclimate sensitivity parameter reflect the combined effects of the full set of uncertainties
included.

2 Methods
2.1 Reconstructions of change in global radiative forcing (ΔR)
To estimate ΔR from changes in ice sheets, atmospheric dust, and vegetation, this analysis
follows previous research by using paleoclimate reconstructions thought to be closely correlated with the ΔR of interest and then scaling them to ΔR by using estimates of change in ΔR at
the LGM (Friedrich et al. 2016; Hansen et al. 2008; Hansen et al. 2013; Köhler et al. 2010;
Köhler et al. 2015; Martinez-Boti et al. 2015; Mix et al. 2001; PALAEOSENS 2012; Rohling
et al. 2012; von der Heydt et al. 2014). A literature review is used to estimate subjective
probability distributions for ΔR at the LGM. These intervals are not frequencies of observations, but rather subjective representations of current uncertainty. I estimate a linear scalar for
each proxy record by comparing the change in the record (e.g., in sea level) at the LGM to the
change in ΔR at the LGM, using the average value across 0–5 kyr ago for present and 19–
23 kyr ago for the LGM. I use the estimated scalar to translate the proxy record to a record of
change in ΔR (e.g., from meters of sea level change to ΔR[LI] in W/m2). The Supplemental
Material describes the different ΔR, the proxy reconstructions, and the rationale for the
subjective probability distributions for ΔR at the LGM, and Table 1 summarizes this
information.
As discussed above, this research quantifies several sources of uncertainty in estimating ΔR
using a Monte Carlo-style probabilistic framework. I take the uncertainty in the proxy
reconstructions from the source literature. To estimate the uncertainty introduced from uncertain age scales (Haam and Huybers 2010; Lin et al. 2014), I use the method presented by
Snyder (2016a) to interpolate each reconstruction to a common 1-kyr timescale and to estimate
the uncertainty introduced from matching which parts of each record occurred at the same

Climatic Change
Table 1 Summary of methods for reconstruction changes in global radiative forcing (ΔR)
Drivers of
ΔR

Proxy reconstruction used3

• Carbon dioxide (Bereiter et al.
2015): 805 kyr
• Methane (Loulergue et al. 2008;
Parrenin et al. 2013): 799 kyr
• Nitrous oxide (Schilt et al. 2010):
791 kyr
Ice sheets
• Sea level (Grant et al. 2014): 492 kyr
and sea
• Sea level (Rohling et al. 2014):
level
533 kyr
(ΔR[LI])
• Sea level (Elderfield et al. 2012):
1.6 Myr
(Fig. 1b)
• Sea level: median estimate from ten
different reconstructions (Bates
et al. 2014): 3.9 Myr
Atmospheric • Eastern tropical Pacific ocean dust
dust
flux (Winckler et al. 2008): 437 kyr
(ΔR[AE])
• Central tropical Pacific ocean dust
flux (Winckler et al. 2008): 477 kyr
(Fig. 1c)
• Logarithm of iron mass
accumulation rates from the
Southern Atlantic ocean
(Martínez-Garcia et al. 2011):
4 Myr
• Logarithm of Antarctic dust flux
from Dome Concordia (Lambert
2008): 800 kyr
Vegetation
• Global temperature (Snyder 2016b):
(ΔR[VG])
2 Myr
• Sea level rise: same four inputs as
(Fig. 1d)
above for ΔR[LI]
Greenhouse
gases
(ΔR[GHG])
(Fig. 1a)

Transfer function used to estimate ΔR LGM ΔR
(W/m2)
• Equations from Köhler et al. (2010) Not applicable
and Hansen et al. (2013)

− 3.2 W/m2
• Linear with Δ sea level (Hansen
et al. 2008; Hansen et al. 2013;
(− 2.2 to
Martinez-Boti et al. 2015; Rohling
− 4.2 W/m2,
et al. 2012)
95% interval)
• Δ Sea level to an exponent of 0.8
(Hansen et al. 2008)
• Δ sea level to a third-order polynomial (Köhler et al. 2015)
− 1.2 W/m2
• Linear for Δ dust from tropical
oceans, but logarithm for other
(+ 0.1 to
two sources
− 3 W/m2,
95% interval)

• Linear with both ΔT and Δ sea level − 1.1 W/m2
(− 0.3 to
− 1.9 W/m2,
95% interval)

3 Note

that the greenhouse gas paleoclimate reconstructions are not proxy reconstructions as they are direct
measurements of gas concentrations from air bubbles in ice cores.

point in time. This method results in larger reconstruction uncertainty during periods of rapid
change than during periods of stability, thus reflecting the varying potential impact of dating
uncertainty. I follow the method of Snyder (2016a) and define “deviation from present” as the
difference between a value and the mean of 0–5 kyr ago due to data availability limitations and
to ensure consistent comparisons across reconstructions. I run thousands of iterations by
randomly sampling from the potential proxy reconstruction values (including proxy uncertainty and dating uncertainty) and randomly sampling from the subjective probability distributions for ΔR at the LGM and then repeating for each of the proxy reconstructions in Table 1
(Fig. 1a–d). The final resulting estimate of ΔR[GHG,LI,AE,VG] is estimated by summing single
time series that are randomly sampled from each ensemble of ΔR time series and is an
ensemble of 50,000 time series (Fig. 1e).
Changes in orbital geometry over the past 800 kyr have caused important seasonal and
latitudinal redistributions of radiation and are likely the pacemaker of the glacial-interglacial
cycles (IPCC 2013), but the total ΔR change is small and well within the uncertainty bands
estimated by this analysis. For example, orbital changes caused a ΔR increase of only 0.1 W/
m2 at the LGM (Hansen et al. 2008; Hewitt and Mitchell 1997).
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2.2 Regression analyses
This analysis uses Monte Carlo-style iterations to estimate empirically fit frequency distributions of climate sensitivity, randomly sampling from the iteration ensembles of ΔT and ΔR
thousands of times. To estimate the paleoclimate sensitivity parameter, S[GHG,LI,AE,VG], I
perform a regression of ΔT as a function of ΔR. The different ΔR time series (Fig. 1a–d) are
highly correlated, creating multicollinearity that causes a multivariate regression to be highly
unstable. Therefore, I investigate ΔT as a function of the combined ΔR[GHG,LI,AE,VG]. I use
weighted least squares regressions without an intercept (Köhler et al. 2017), because both ΔT
and ΔR reconstructions are deviations from present, where present is defined as the mean value
over the last 5 kyr. Due to the variable (heteroscedastic) uncertainty in the reconstructions, it is
necessary to use simulation extrapolation (SIMEX) regression methods to remove potential
bias in the statistical estimators (Cook and Stefanski 1994). To compare potential bias
introduced by heteroscedastic uncertainty, I also regress ΔR as a function of ΔT.
As in Snyder (2016b), I also investigate an autoregressive model for estimating ΔT as a
function of ΔR across the past 800 kyr, because autocorrelation can cause potential underestimation of error in the regression coefficients (Abraham and Ledolter 2006) and there is high
autocorrelation in most paleoclimate reconstructions. The autoregressive model does increase
the estimated standard error of the regression coefficient from 2.1 to 5.5% of the median value,
but the regression standard error is an insignificant contribution to the overall uncertainty
estimate of roughly 20%.
To explore the potential state dependence of paleoclimate sensitivity, I test a quadratic
relationship of ΔT as a function of ΔR[GHG,LI,AE,VG] without an intercept. I use an ANOVA test
to assess whether the quadratic function is an improved fit over the linear function. I also
explore whether a piecewise or breakpoint regression would estimate two different
paleoclimate sensitivity parameters: one for deep glacial conditions and one for interglacial
periods and intermediate glacial conditions per von der Heydt et al. (2014). I explore two
methods to identify the potential appropriate ΔT breakpoint. I use the chngpt package (Fong
et al. 2017) to estimate discontinuous single-breakpoint, weighted linear regression models,
called segmented models, using a bootstrap estimation approach with multiple iterations.2 I
also explore potential ΔT breakpoints between − 2 and − 5 °C in 0.1 °C increments and use the
ANOVA test to determine whether the quadratic function continues to be an improved fit over
a single linear relationship. To investigate potential changes in paleoclimate sensitivity over
time, the regression analysis is repeated for 200-kyr-long segments of the record every 5 kyr.
Because the uncertainties in the reconstructions increase greatly before 450 kyr ago, analyses
were repeated for both the full time series of 800 kyr and with only the past 450 kyr.

2.3 Data and code availability
The supplementary methods include R code for key methods described in the paper: the
creation of the ΔR reconstructions and the regression analyses. The supplementary
dataset includes the new ΔR reconstruction at summary quantiles of 2.5%, 5%, 25%,
50%, 75%, 95%, and 97.5% likelihood values as well as a random subset of the ΔR
2

Note that the regression for the warmer half of the last 800 kyr continues to have a linear model without an
intercept, but per the specification of a segmented model, the piecewise regression model allows an intercept for
the colder part of the last 800 kyr.
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ensemble. The Supplementary dataset also includes all the reconstructions used in
creating the ΔR reconstructions.

3 Results
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This study scales proxy reconstructions to estimate changes in radiative forcing (ΔR) from
changes in GHGs, ice sheets and sea level, vegetation, and dust over the past 800 kyr (Fig. 1a–
e). As discussed above, the estimate of ΔR[GHG,LI,AE,VG] includes several potential sources of
uncertainty, and the rough relative contributions to the overall uncertainty are as follows: ~
25% from uncertainty in the proxy reconstructions from proxy measurement, proxy transfer
functions, and from dating uncertainty; ~ 50% from the uncertainty introduced by using
different available proxy reconstructions for the variable of interest; and ~ 25% from uncertainty in the LGM ΔR estimates used to estimate ΔR from the proxy reconstructions.
A comparison of ΔR[GHG,LI,AE,VG] and ΔT over the past 800 kyr finds that the two are
closely coupled across glacial cycles with a correlation of 0.81 (0.6 to 0.9, 95% credible
interval, hereafter ‘interval’) (Fig. 2). Prior to about 450 kyr ago, the uncertainty in both
ΔT and ΔR[GHG,LI,AE,VG] grow due to the reduced number of source proxy reconstructions
available that extend that far back in time and to increases in dating uncertainty. For
example, the estimated correlation of 200-kyr-long time series drops by roughly a third
prior to 450 kyr ago (Fig. 3a), which can be seen in the greater mismatch between the time
series in Fig. 2. During some periods of global cooling, ΔT appears to lead ΔR (Fig. 2).
However, the lead/lag differences are well within the dating and reconstruction uncertainty

800

600
400
200
Time (thousands of years before present)

0
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Fig. 3 The relationship between ΔT and ΔR[GHG,LI,AE,VG] is compared in 200-kyr-long segments every 5 kyr to
produce empirically estimated frequency distributions for a the correlation between ΔT and ΔR and b the
paleoclimate sensitivity parameter (S[GHG,LI,AE,VG]) for interglacial periods and intermediate glacial climates.
The solid blue line shows the median estimates with the blue- and gray-shaded areas showing the 50% and 95%
intervals, respectively

and thus are not statistically significant. Another consideration is that ice sheets prior to
the mid-Brunhes event (~ 430 kyr ago) likely had different aspect ratios than during the
quasi-100 kyr cycles of the last 400 kyr and thus potentially different patterns of radiative
forcing relative to sea level reconstructions.
An investigation of the relationship of ΔT as a function of ΔR[GHG,LI,AE,VG] over the past
800 kyr finds a non-linear relationship with attenuation at colder temperatures (Fig. 4).
Past research applied two approaches to quantifying such state dependence of paleoclimate
sensitivity. One is to fit a quadratic function without an intercept (Köhler et al. 2017), and I
find that the estimated quadratic relationship is a significant improvement over a simple
linear function (median ANOVA test p value of 0.0005; Table S1). A second approach is to
explore whether a piecewise or breakpoint regression would estimate two different
paleoclimate sensitivity parameters: one for deep glacial states and one for intermediate
glacial states and interglacial periods per von der Heydt et al. (2014). Two different
methods were used to identify the potential appropriate ΔT breakpoint. A bootstrap
method for estimating discontinuous single-breakpoint, weighted linear regression models
(Fong et al. 2017) estimated a most likely ΔT breakpoint of − 3.7 °C. Investigation of
potential ΔT breakpoints between − 2 and − 5 °C in 0.1 °C increments (Table S2) finds that
a quadratic relationship becomes a significant improved fit (as estimated by median
ANOVA test p-values) at around − 4.1 °C. For this analysis, I have applied a ΔT
breakpoint of − 3.5 °C, because it is a round number that is similar to the above results
and also splits the data set of ΔT values from the past 800 kyr in half (thus preventing a
potential sample size bias in comparing above and below the ΔT breakpoint). In comparing
results from using different potential ΔT breakpoints, the estimates of paleoclimate
sensitivity parameter are very similar across a large range of ΔT breakpoint values:
breakpoints of − 2.7 to − 5 °C all produce median estimates within 5% of − 3.5 °C
(Table S2). The paleoclimate sensitivity parameter estimates (S [GHG,LI,AE,VG] ) are
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Fig. 4 Relationship between ΔT and ΔR[GHG,LI,AE,VG] from the past 800 kyr. a Each point represents a point in
time sampled from the ensemble of possible ΔT (Snyder 2016b) and total ΔR estimates, for interglacial periods
and intermediate glacial climates (ΔT > − 3.5 °C) in red and for full glacial climates (ΔT < − 3.5 °C) in blue. The
dashed line shows the median estimated relationship between ΔT and ΔR for interglacial periods and intermediate
glacial climates and the dotted line for full glacial climates. b Empirically estimated frequency distribution for the
paleoclimate sensitivity parameter (S[GHG,LI,AE,VG]) for interglacial periods and intermediate glacial climates in the
red, dashed line and for full glacial climates in the blue, dotted line (Note that the scatter plot is a useful visual but
is an oversimplification of the regression methods used in this analysis, because the scatter plot loses the
information that each of these points come from time series and that the regression estimates come from
regression analyses between two time series of ΔT and ΔR rather than a plot of all possible pairs of ΔT and ΔR.)

0.84 °C/W/m2 (0.20 to 1.9 °C/W/m2, 95% interval) for ΔT > − 3.5 °C (described here as
“interglacial periods and intermediate glacial climates”) and 0.53 °C/W/m2 (0.08 to 1.5 °C/
W/m2, 95% interval) for ΔT < − 3.5 °C (described here as “full glacial climates”) (Fig. 4;
Table S1).
To investigate the stability of these observed relationships over the past 800 kyr, the
regression analysis is repeated for 200-kyr-long segments of the record every 5 kyr. The state
dependence of paleoclimate sensitivity is remarkably consistent over the past 800 kyr, as seen
in the estimates of paleoclimate sensitivity for interglacial periods and intermediate glacial
climates (Fig. 3b). This consistency is in contrast to the correlation between ΔT and
ΔR[GHG,LI,AE,VG], which drops significantly prior to 450 kyr ago (Fig. 3a), as discussed
previously. Because the uncertainties in the reconstructions increase greatly before 450 kyr
ago, the regression analyses also are repeated for both the full time series of 800 kyr and for
only the past 450 kyr, and the results are similar (Table S3).
In contrast to previous studies, this analysis uses statistical methods that are not biased
by the variable (heteroscedastic) uncertainty in the reconstructions (Cook and Stefanski
1994). One way of testing such a bias is estimating S[GHG,LI,AE,VG] from both regressions of
ΔT as a function of ΔR[GHG,LI,AE,VG] and regressions of ΔR[GHG,LI,AE,VG] as a function of ΔT.
The simulation extrapolation (SIMEX) regression method used in this paper produces
similar estimates for both approaches (within 5%; Table S1). In contrast, the traditional
weighted least-squares regressions have median estimates that differ by 64% from each
other (Fig. 5; Table S1). If traditional weighted least-squares regressions were used, then
paleoclimate sensitivity would be underestimated by over 30%.
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Fig. 5 Comparison of different regression methods for empirically estimating frequency distribution for the
paleoclimate sensitivity parameter (S[GHG,LI,AE,VG]) for interglacial periods and intermediate glacial climates. The
solid black line shows the regression results from simulated extrapolation (SIMEX), the dashed orange line is
from weighted least squares of ΔT as a function of ΔR, and the dotted purple line is from weighted least squares of
ΔR as a function of ΔT

Instead of using the probabilistic Monte Carlo-style framework from this research, one
could alternatively use the median and standard deviation estimates from the ensembles of
possible ΔT and ΔR time series and perform a single regression. The results from such an
approach have the same bias due to the heteroscedastic uncertainty in the reconstructions as
described above. Moreover, such an approach does not adequately propagate the underlying
uncertainty in the ΔT and ΔR reconstructions and produces uncertainty distributions for the
estimates of the paleoclimate sensitivity parameter that are only 20% the width of the results in
this paper.
Sensitivity analysis is used to test the dependence of the estimates of paleoclimate sensitivity on the ΔR reconstructions. Figure 6 shows the differences in estimates of correlation and
S[GHG,LI,AE,VG] for each of the four sea level proxy reconstructions used to estimate ΔR[LI] (Fig.
6a, e), for the three possible transfer functions for estimating ΔR[LI] from sea level (Fig. 6b, f),
for the four dust reconstructions used to estimate ΔR[AE] (Fig. 6c, g), and for the five
reconstructions used to estimate ΔR[VG] (Fig. 6d, h). The largest variation is seen across the
sea level proxy reconstructions used to estimate ΔR[LI] and specifically the lower correlation
and lower estimates of the paleoclimate sensitivity parameter from the Elderfield et al. (2012)
sea level reconstruction compared to the other reconstructions. If the results are repeated
without the Elderfield et al. (2012) sea level reconstruction, then the estimate of S[GHG,LI,AE,VG]
for interglacial periods and intermediate glacial climates is 0.93 °C/W/m2 (0.42–2.0 °C/W/m2,
95% interval), which is a 11% increase in the median estimate and a doubling of the 2.5%
likelihood value.
The paleoclimate sensitivity results in this paper are dependent on the subjective probability
distributions for ΔR at the LGM that are used for scaling the proxy reconstructions to estimates
of ΔR. In addition, this research produces estimates of S[GHG,LI,AE,VG] from methods using
different values of ΔR at the LGM (Fig. 7). One would expect that the estimated relationship of
S[GHG,LI,AE,VG] as a function of the assumed values of ΔR at the LGM should also be an inverse
relationship or a linear approximation of such a relationship. A linear relationship is estimated,
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Fig. 6 Empirically estimated frequency distributions for correlation and the paleoclimate sensitivity parameter
(S[GHG,LI,AE,VG]) for interglacial periods and intermediate glacial climates. Variations due to a, e the four sea level
proxy reconstructions used to estimate ΔR[LI]; b, f the three possible transfer functions for estimating ΔR[LI] from
sea level; c, g the four dust reconstructions used to estimate ΔR[AE]; and d, h the five reconstructions used to
estimate ΔR[VG]. The solid black line shows the results from the full ΔR ensemble

but the relationship is weak with adjusted R2 values of only 6–17% and the ballpark
relationship is a decrease of 0.15 to 0.2 °C/W/m2 in S[GHG,LI,AE,VG] for every 1 W/m2 increase
in the magnitude of ΔR at the LGM (Table S4). The low R2 values are consistent with the
previous summary of sources of uncertainty in the ΔR reconstructions, which estimated that
the estimated ΔR at the LGM used to scale the proxy reconstructions was only ~ 25% of the
total uncertainty in the ΔR reconstructions.
The results of this analysis are generally consistent with recent paleoclimate sensitivity
analyses but have larger uncertainty ranges than most publications. Previous research similarly
estimated lower S[GHG,LI,AE,VG] for deep glacial states relative to intermediate glacial states and
interglacial periods: a reduction of 33% (Köhler et al. 2015; Köhler et al. 2017), 40% (von der
Heydt et al. 2014), and 64% (Friedrich et al. 2016). Hansen et al. (Hansen et al. 2008; Hansen
et al. 2013) estimated similar median S[GHG,LI,AE,VG] of 0.81 ± 0.3 °C/W/m2. von der Heydt
et al. (2014) estimated similar median S[GHG,LI,AE,VG] for ΔT > − 2.7 °C of 0.87 ± 0.08 °C/W/m2
when using an LGM cooling of − 5.8 °C. Köhler et al. (2015, 2017) estimated a higher median
S[GHG,LI,AE,VG] for ΔR[CO2, LI] > − 3.5 W/m2 of 1.0 °C/W/m2 (0.45 to 1.75 °C/W/m2). Friedrich
et al. (2016) estimated a higher median S[GHG,LI,AE,VG] for ΔT > − 1.7 °C of 1.32 °C/W/m2 (1.16
to 1.47 °C/W/m2).
As another test of the impact of the assumed values of ΔR at the LGM, this analysis is
repeated with the same values from Köhler et al. (2010): ΔR[LI] at the LGM of − 3.7 ± 0.7
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Fig. 7 Relationships of estimates of ΔR at the LGM with estimates of the paleoclimate sensitivity parameter
(S[GHG,LI,AE,VG]) for interglacial periods and intermediate glacial climates. Variations due to a ΔR[LI,AE,VG] at the
LGM, b ΔR[LI] from ice sheets at the LGM, c ΔR[AE] from dust at the LGM, and d ΔR[VG] from vegetation at the
LGM. Regression results for dashed lines in Table S4

(1σ) W/m2, ΔR[AE] at the LGM of − 1.88 ± 0.94 (1σ) W/m2, and ΔR[VG] at the LGM of −
1.1 ± 0.6 (1σ) W/m2. The resulting median estimate of ΔR[LI,AE,VG] at the LGM is larger by
− 1.18 W/m2, and thus, the resulting estimate of S[GHG,LI,AE,VG] is lower: 0.74 °C/W/m2
(0.17 to 1.7 °C/W/m2, 95% interval) for interglacial periods and intermediate glacial
climates.
Köhler et al. (2018) find that it is important to exclude periods of decreasing obliquity
(when there can be strong divergence of temperature and carbon dioxide) in evaluations of
climate sensitivity from proxy-based paleoclimate reconstructions. Therefore, the above analyses are repeated separately for periods of declining vs. increasing obliquity using Laskar et al.
(2004). Results from periods of declining obliquity and periods of increasing obliquity are both
similar to those from the full record: correlation between ΔT and ΔR are similar (median
estimates are within 8%) and the estimates of paleoclimate sensitivity are similar (median
estimates are within 6%) (Tables S5).
Stap et al. (2019) estimate that the efficacy for the radiative forcing from changes in ice
sheets (ε[LI]) is 0.45 (0.25 to 0.79, ± 1σ range). They find that implementing their estimated
ε[LI] results in paleoclimate sensitivity estimates that are 50% higher. Therefore, the above
analyses are repeated implementing their estimated uncertainty range for ε[LI], and the resulting
estimate of S[GHG,LI,AE,VG] is increased: 1.1 °C/W/m2 (0.31 to 2.7 °C/W/m2, 95% interval) for
interglacial periods and intermediate glacial climates. The median estimate increases by 30%,
and the overall 95% uncertainty range increases by 40%. Interestingly, the correlation between
ΔT and ΔR remains very similar.
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4 Discussion
Of the three major methodology changes highlighted in this study, all three are found to
have large impacts on the resulting estimates of paleoclimate sensitivity. Using the
assumption of 50% of the change in Antarctic temperature rather than Snyder’s (Snyder
2016b) updated proxy reconstruction of global temperature results in temperature changes
that are over 20% smaller and a 10% underestimation of the paleoclimate sensitivity
parameter: S[GHG,LI,AE,VG] for interglacial periods and intermediate glacial climates would
be 0.76 °C/W/m2 (0.21–1.7 °C/W/m2, 95% interval). Secondly, as shown in Figs. 6 and 7
and discussed above, incorporating multiple potential sources of uncertainty has an
important impact on the resulting estimated distribution for paleoclimate sensitivity.
Previous research often neglected the uncertainty introduced from the dependence upon
a single model or single proxy reconstruction as well as the inherent uncertainty in the
proxy reconstructions and their age scales. Lastly, not addressing the variable
(heteroscedastic) uncertainty in the reconstructions will result in regression results that
likely will underestimate paleoclimate sensitivity by over 30%.
Paleoclimate sensitivity is not necessarily constant over time and across different states of
the climate system (IPCC 2013; Knutti et al. 2017; PALAEOSENS 2012). This analysis
provides an empirical paleo-data test for the current debate over the state dependence of
paleoclimate sensitivity—whether paleoclimate sensitivity increases or decreases with
warming. Previous results appear to be highly model dependent: many model experiments
have found that climate sensitivity is higher for warmer periods than colder periods, but some
find the opposite (Crucifix 2006; Hansen et al. 2005; Hargreaves et al. 2007; Hewitt and
Mitchell 1997; IPCC 2013; von der Heydt et al. 2016; Yoshimori et al. 2011). This analysis of
the last 800 kyr finds that paleoclimate sensitivity is lower in deep glacial conditions in
comparison to warmer intermediate glacial conditions and interglacial periods, consistent with
recent proxy-based research (Friedrich et al. 2016; Köhler et al. 2015; Köhler et al. 2017; von
der Heydt et al. 2016; von der Heydt et al. 2014). Plausible mechanisms to explain how the
warmer half of the last 800 kyr could be more sensitive are related to increased positive (or
decreased negative) feedbacks from water vapor and clouds (Crucifix 2006; Hansen et al.
2005; Hargreaves et al. 2007). Moreover, the state dependence of paleoclimate sensitivity is
remarkably consistent over time over the past 800 kyr (Fig. 3b). PALAEOSENS (2012)
similarly found paleoclimate sensitivity to be state dependent but found much larger fluctuations in estimates of S[CO2,LI] on a year-to-year basis even after applying a 100-kyr running
mean (as seen in their Fig. 2c). PALAEOSENS (2012) assessed individual time points in
isolation and thus were more vulnerable to dating uncertainties and did not account for the
structure of uncertainty along continuous time series.
Despite decades of research, significant uncertainty remains in estimates of climate sensitivity. For example, the global climate models in the 2013 IPCC report have climate sensitivity
values ranging from 0.6 to 1.2 °C/W/m2 (IPCC 2013; PALAEOSENS 2012). The majority of
the variation in the climate sensitivity of different models is caused by differences in how
clouds are parameterized and the resulting amount of cloud feedback (IPCC 2013; Vial et al.
2013). Several approaches have been used to constrain our uncertainty in climate sensitivity
based on observed climate change, models, feedback analysis, and paleoclimate evidence
(IPCC 2013; Knutti et al. 2017; PALAEOSENS 2012). Based on the variety of evidence, the
most recent IPCC report (2013) concluded that climate sensitivity is likely (~ 66%) in the
range 0.4 to 1.2 °C/W/m2, extremely unlikely (~ 5%) less than 0.3 °C/W/m2, and very unlikely
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(~ 10%) greater than 1.6 °C/W/m2. The upper bound of climate sensitivity remains difficult to
constrain (IPCC 2013; Knutti et al. 2017).
The question then is what insights and relevance can research like this study on
paleoclimate sensitivity have for research about climate sensitivity in a world warmer than
today. Any application of paleoclimate sensitivity estimates from this research to the future
would face many limitations. The first is that this analysis is limited to the temperature and
greenhouse gas values from the past 800 kyr, and future anthropogenic warming will be
outside those ranges. Any application of these results to the future is an extrapolation beyond
the dataset. A related limitation is that this research finds that paleoclimate sensitivity can be
strongly state-dependent. Therefore, the climate sensitivity of a warmer world could be
different than the relationships from the past 800 kyr. However, this research also finds that
paleoclimate sensitivity does not increase with temperature for the warmer half of the last
800 kyr (interglacial periods and intermediate glacial climates) and thus might be relevant for
some warmer climate states. Another limitation is that future warming from anthropogenic
emissions of greenhouse gases has a very different driver than the glacial-interglacial quasicycles of the last 800 kyr. That is why the definition of equilibrium climate sensitivity focuses
on temperature changes resulting for a doubling of carbon dioxide. For paleoclimate sensitivity
estimates to be relevant, the aggregate relationships of internal climate feedbacks would need
to be roughly the same for different causal triggers—namely, regardless of the initial source of
change to the global energy balance (such as changes in orbital forcing, ice sheets, temperature, or greenhouse gases), the resulting internal feedbacks iterate until they converge on the
same aggregate temperature response. Because anthropogenic climate change is due to
different causal triggers, the climate system may respond with different aggregate dynamics
despite the consistency of those dynamics over the past 800 kyr.
With those important limitations in mind, the following discussion compares the
paleoclimate sensitivity results from this paper to the broader literature on climate sensitivity.
The median paleoclimate sensitivity parameter estimate (S[GHG,LI,AE,VG]) of 0.84 °C/W/m2 and
the 67% likelihood range of 0.69 to 1.0 °C/W/m2 for interglacial periods and intermediate
glacial climates is consistent with most estimated ranges for climate sensitivity, recent syntheses, and the sensitivity of the 2013 IPCC climate models. Probabilistic estimates of climate
sensitivity can have difficulty constraining the upper bound of possible climate sensitivity
values (Edwards et al. 2007; IPCC 2013; Knutti et al. 2017; PALAEOSENS 2012), including
potential 95% intervals for a climate sensitivity parameter over 2.7 °C/W/m2 (Stainforth et al.
2005). Studies have needed to employ expert opinion priors for climate sensitivity, assume
independence of several sources of information, or have limited explorations of possible
structural uncertainties, such as model uncertainty, analytical assumptions, or proxy biases
(IPCC 2013; Knutti et al. 2017). This difficulty has driven a debate over whether it is even
possible to further constrain uncertainty in climate sensitivity (IPCC 2013; Roe and Baker
2007). However, recent syntheses have converged on a constrained upper bound summarized
by the 2013 IPCC report (2013) as very unlikely (~ 10%) greater than 1.6 °C/W/m2. This
analysis explicitly includes several sources of uncertainty and is still able to provide a similar
strong upper bound for the paleoclimate sensitivity parameter (S[GHG,LI,AE,VG]) for interglacial
periods and intermediate glacial climates: over 1.5 °C/W/m2 is < 10% probability, 1.7 °C/W/
m2 is < 5% probability, and over 1.9 °C/W/m2 is < 2.5% probability.
The paleoclimate record presents a useful additional line of evidence for characterizing the
uncertainty in our understanding of the Earth’s system dynamics. Despite the important
limitations discussed above in drawing insights from paleoclimate sensitivity for future
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warming, confidence in climate research continues to be improved when there are convergent
conclusions from multiple independent approaches.
Acknowledgments I thank S. Schneider, R. Dunbar, C. Tebaldi, and C. Warshaw for critical discussions and
reading drafts of the manuscript.
Funding information This research was supported by a National Science Foundation Graduate Research
Fellowship.

Compliance with ethical standards
Disclaimer This activity is not conducted in connection with the United States Government or the United States
Environmental Protection Agency (US EPA). The author is not doing this work in any governmental capacity.
The views expressed in this article are the author’s own and do not necessarily represent those of the USA or the
US EPA.

References
Abe-Ouchi A, Saito F, Kawamura K, Raymo ME, Okuno J, Takahashi K, Blatter H (2013) Insolation-driven 100,
000-year glacial cycles and hysteresis of ice-sheet volume. Nature 500:190–193
Abraham B, Ledolter J (2006) Introduction to regression modeling. Duxbury Press, Belmont
Bates SL, Siddall M, Waelbroeck C (2014) Hydrographic variations in deep ocean temperature over the midPleistocene transition. Quat Sci Rev 88:147–158
Bereiter B, Eggleston S, Schmitt J, Nehrbass-Ahles C, Stocker TF, Fischer H, Kipfstuhl S, Chappellaz J (2015)
Revision of the EPICA Dome C CO2 record from 800 to 600kyr before present. Geophys Res Lett 42:542–
549
Clark PU, Archer D, Pollard D, Blum JD, Rial JA, Brovkin V, Mix AC, Pisias NG, Roy M (2006) The middle
Pleistocene transition: characteristics, mechanisms, and implications for long-term changes in atmospheric
pCO2. Quat Sci Rev 25:3150–3184
Cook JR, Stefanski LA (1994) Simulation-extrapolation estimation in parametric measurement error models. J
Am Stat Assoc 89:1314–1328
Crucifix M (2006) Does the Last Glacial Maximum constrain climate sensitivity? Geophys Res Lett 33:L18701
Edwards TL, Crucifix M, Harrison SP (2007) Using the past to constrain the future: how the palaeorecord can
improve estimates of global warming. Prog Phys Geogr 31:481–500
Elderfield H, Ferretti P, Greaves M, Crowhurst S, McCave I, Hodell D, Piotrowski A (2012) Evolution of ocean
temperature and ice volume through the mid-Pleistocene climate transition. Science 337:704–709
Fong Y, Huang Y, Gilbert PB, Permar SR (2017) chngpt: threshold regression model estimation and inference.
BMC Bioinf 18:454
Friedrich T, Timmermann A, Tigchelaar M, Elison Timm O, Ganopolski A (2016) Nonlinear climate sensitivity
and its implications for future greenhouse warming. Sci Adv 2:e1501923
Ganopolski A, Calov R (2011) The role of orbital forcing, carbon dioxide and regolith in 100 kyr glacial cycles.
Clim Past 7:1415–1425
Genthon C, Barnola JM, Raynaud D, Lorius C, Jouzel J, Barkov NI, Korotkevich YS, Kotlyakov VM (1987)
Vostok ice core: climatic response to CO2 and orbital forcing changes over the last climatic cycle. Nature
329:414–418
Grant KM, Rohling EJ, Ramsey CB, Cheng H, Edwards RL, Florindo F, Heslop D, Marra F, Roberts AP,
Tamisiea ME, Williams F (2014) Sea-level variability over five glacial cycles. Nat Commun 5
Haam E, Huybers P (2010) A test for the presence of covariance between time-uncertain series of data with
application to the Dongge Cave speleothem and atmospheric radiocarbon records. Paleoceanography 25
Hansen J, Sato M, Kharecha P, Beerling D, Berner R, Masson-Delmotte V, Pagani M, Raymo M, Royer DL,
Zachos JC (2008) Target atmospheric CO2: where should humanity aim? Open Atmos Sci J 2:217–231
Hansen J, Sato M, Kharecha P, Russell G, Lea DW, Siddall M (2007) Climate change and trace gases. Philos
Trans R Soc A Math Phys Eng Sci 365:1925–1954
Hansen J, Sato M, Ruedy R, Nazarenko L, Lacis A, Schmidt GA, Russell G, Aleinov I, Bauer M, Bauer S, Bell
N, Cairns B, Canuto V, Chandler M, Cheng Y, Del Genio A, Faluvegi G, Fleming E, Friend A, Hall T,

Climatic Change
Jackman C, Kelley M, Kiang N, Koch D, Lean J, Lerner J, Lo K, Menon S, Miller R, Minnis P, Novakov T,
Oinas V, Perlwitz J, Perlwitz J, Rind D, Romanou A, Shindell D, Stone P, Sun S, Tausnev N, Thresher D,
Wielicki B, Wong T, Yao M, Zhang S (2005) Efficacy of climate forcings. J Geophys Res 110:1–45
Hansen J, Sato M, Russell G, Kharecha P (2013) Climate sensitivity, sea level and atmospheric carbon dioxide.
Philos Trans R Soc London Ser A 371
Hargreaves JC, Abe-Ouchi A, Annan JD (2007) Linking glacial and future climates through an ensemble of
GCM simulations. Clim Past 3:77–87
Hewitt CD, Mitchell JFB (1997) Radiative forcing and response of a GCM to ice age boundary conditions: cloud
feedback and climate sensitivity. Clim Dyn 13:821–834
Huybers P (2006) Early Pleistocene glacial cycles and the integrated summer insolation forcing. Science 313:
508–511
Huybers P, Wunsch C (2004) A depth-derived Pleistocene age model: uncertainty estimates, sedimentation
variability, and nonlinear climate change. Paleoceanography 19
Imbrie JZ, Imbrie-Moore A, Lisiecki LE (2011) A phase-space model for Pleistocene ice volume. Earth Planet
Sci Lett 307:94–102
IPCC (2013) Climate change 2013: the physical science basis. Contribution of Working Group I to the Fifth
Assessment Report of the Intergovernmental Panel on Climate Change. Cambridge University Press,
Cambridge and New York
Knutti R, Rugenstein MAA (2015) Feedbacks, climate sensitivity and the limits of linear models. Philos Trans R
Soc London Ser A 373:20150146
Knutti R, Rugenstein MAA, Hegerl GC (2017) Beyond equilibrium climate sensitivity. Nat Geosci 10:727
Köhler P, Bintanja R, Fischer H, Joos F, Knutti R, Lohmann G, Masson-Delmotte V (2010) What caused Earth’s
temperature variations during the last 800,000 years? Data-based evidence on radiative forcing and
constraints on climate sensitivity. Quat Sci Rev 29:129–145
Köhler P, de Boer B, von der Heydt AS, Stap LB, van de Wal RSW (2015) On the state dependency of the
equilibrium climate sensitivity during the last 5 million years. Clim Past 11:1801–1823
Köhler P, Knorr G, Stap LB, Ganopolski A, de Boer B, van de Wal RSW, Barker S, Rüpke LH (2018) The effect
of obliquity-driven changes on paleoclimate sensitivity during the Late Pleistocene. Geophys Res Lett 45:
6661–6671
Köhler P, Stap LB, von der Heydt AS, de Boer B, van de Wal RSW, Bloch-Johnson J (2017) A state-dependent
quantification of climate sensitivity based on paleodata of the last 2.1 million years. Paleoceanography 32:
1102–1114
Lambert F (2008) Dust-climate couplings over the past 800,000 years from the EPICA Dome C ice core. Nature
452:616–619
Laskar J, Robutel P, Joutel F, Gastineau M, Correia ACM, Levrard B (2004) A long-term numerical solution for
the insolation quantities of the Earth
Lea DW (2004) The 100 000-yr cycle in tropical SST, greenhouse forcing, and climate sensitivity. J Clim 17:
2170–2179
Lin L, Khider D, Lisiecki LE, Lawrence CE (2014) Probabilistic sequence alignment of stratigraphic records.
Paleoceanography 29:976–989
Lorius C, Jouzel J, Raynaud D, Hansen J, Letreut H (1990) The ice-core record: climate sensitivity and future
greenhouse warming. Nature 347:139–145
Loulergue L, Schilt A, Spahni R, Masson-Delmotte V, Blunier T, Lemieux B, Barnola JM, Raynaud D, Stocker
TF, Chappellaz J (2008) Orbital and millennial-scale features of atmospheric CH4 over the past 800,000
years. Nature 453:383–386
Martinez-Boti MA, Foster GL, Chalk TB, Rohling EJ, Sexton PF, Lunt DJ, Pancost RD, Badger MPS, Schmidt
DN (2015) Plio-Pleistocene climate sensitivity evaluated using high-resolution CO2 records. Nature 518:49–
54
Martínez-Garcia A, Rosell-Melé A, Jaccard SL, Geibert W, Sigman DM, Haug GH (2011) Southern Ocean dustclimate coupling over the past four million years. Nature 476:312–315
McClymont EL, Sosdian SM, Rosell-Melé A, Rosenthal Y (2013) Pleistocene sea-surface temperature evolution:
early cooling, delayed glacial intensification, and implications for the mid-Pleistocene climate transition.
Earth-Sci Rev 123:173–193
Mix AC, Bard E, Schneider R (2001) Environmental processes of the ice age: land, oceans, glaciers (EPILOG).
Quat Sci Rev 20:627–657
Pagani M, Liu Z, LaRiviere J, Ravelo AC (2010) High Earth-system climate sensitivity determined from
Pliocene carbon dioxide concentrations. Nat Geosci 3:27–30
PALAEOSENS (2012) Making sense of palaeoclimate sensitivity. Nature 491:683–691

Climatic Change
Parrenin F, Masson-Delmotte V, Köhler P, Raynaud D, Paillard D, Schwander J, Barbante C, Landais A, Wegner
A, Jouzel J (2013) Synchronous change of atmospheric CO2 and Antarctic temperature during the last
deglacial warming. Science 339:1060–1063
Raymo ME (1997) The timing of major climate terminations. Paleoceanography 12:577–585
Roe GH, Baker MB (2007) Why is climate sensitivity so unpredictable? Science 318:629–632
Rohling EJ, Foster GL, Grant KM, Marino G, Roberts AP, Tamisiea ME, Williams F (2014) Sea-level and deepsea-temperature variability over the past 5.3 million years. Nature 508:477–482
Rohling EJ, Medina-Elizalde M, Shepherd JG, Siddall M, Stanford JD (2012) Sea surface and high-latitude
temperature sensitivity to radiative forcing of climate over several glacial cycles. J Clim 25:1635–1656
Royer DL, Pagani M, Beerling DJ (2012) Geobiological constraints on Earth system sensitivity to CO2 during
the Cretaceous and Cenozoic. Geobiology 10:298–310
Schilt A, Baumgartner M, Blunier T, Schwander J, Spahni R, Fischer H, Stocker TF (2010) Glacial–interglacial
and millennial-scale variations in the atmospheric nitrous oxide concentration during the last 800,000 years.
Quat Sci Rev 29:182–192
Shakun JD, Clark PU, He F, Marcott SA, Mix AC, Liu Z, Otto-Bliesner B, Schmittner A, Bard E (2012) Global
warming preceded by increasing carbon dioxide concentrations during the last deglaciation. Nature 484:49–
54
Sherwood SC, Bony S, Boucher O, Bretherton C, Forster PM, Gregory JM, Stevens B (2015) Adjustments in the
forcing-feedback framework for understanding climate change. Bull Am Meteorol Soc 96:217–228
Snyder CW (2010) The value of paleoclimate research in our changing climate. Clim Chang 100:407–418
Snyder CW (2016a) Bayesian hierarchical regression analysis of variations in sea surface temperature change
over the past million years. Paleoceanography 31:1283–1300
Snyder CW (2016b) Evolution of global temperature over the past two million years. Nature 538:226–228
Stainforth DA, Aina T, Christensen C, Collins M, Faull N, Frame DJ, Kettleborough JA, Knight S, Martin A,
Murphy JM, Piani C, Sexton D, Smith LA, Spicer RA, Thorpe AJ, Allen MR (2005) Uncertainty in
predictions of the climate response to rising levels of greenhouse gases. Nature 433:403–406
Stap LB, Köhler P, Lohmann G (2019) Including the efficacy of land ice changes in deriving climate sensitivity
from paleodata. Earth Syst Dyn 10:333–345
Tziperman E, Gildor H (2003) On the mid-Pleistocene transition to 100-kyr glacial cycles and the asymmetry
between glaciation and deglaciation times. Paleoceanography 18:1–8
Vial J, Dufresne J-L, Bony S (2013) On the interpretation of inter-model spread in CMIP5 climate sensitivity
estimates. Clim Dyn 41:3339–3362
von der Heydt AS, Dijkstra HA, van de Wal RSW, Caballero R, Crucifix M, Foster GL, Huber M, Köhler P,
Rohling E, Valdes PJ, Ashwin P, Bathiany S, Berends T, van Bree LGJ, Ditlevsen P, Ghil M, Haywood AM,
Katzav J, Lohmann G, Lohmann J, Lucarini V, Marzocchi A, Pälike H, Baroni IR, Simon D, Sluijs A, Stap
LB, Tantet A, Viebahn J, Ziegler M (2016) Lessons on climate sensitivity from past climate changes. Current
Climate Change Reports 2:148–158
von der Heydt AS, Köhler P, van de Wal RSW, Dijkstra HA (2014) On the state dependency of fast feedback
processes in (paleo) climate sensitivity. Geophys Res Lett 41:6484–6492
Winckler G, Anderson RF, Fleisher MQ, McGee D, Mahowald N (2008) Covariant glacial-interglacial dust
fluxes in the equatorial Pacific and Antarctica. Science 320:93–96
Yoshimori M, Hargreaves JC, Annan JD, Yokohata T, Abe-Ouchi A (2011) Dependency of feedbacks on forcing
and climate state in physics parameter ensembles. J Clim 24:6440–6455
Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

