
Supplementary Information
Tree Ring Data Analysis

The dendrochronological series were extracted from the PAGES2k database1. The tree ring width 
(TRW) timeseries are the most abundant type, with 353 timeseries from the northern hemisphere. In
addition, there are 58 maximum latewood density (MXD) timeseries, mostly located in North 
America. The spectral estimates were computed on the original TRW and MXD timeseries before 
calibrating them for temperature (in kelvins) using the closest instrumental record. The calibration 
was carried out in the spectral domain by making the power spectral density of the 
dendrochronological spectra equal to the closest instrumental spectral estimates across their shared 
timescales.

Temperature calibrated dendrochronological MXD and TRW timeseries provide strong support for 
our interpretation of climate variability over land derived from the instrumental record and the 
pollen-based reconstructions, albeit with more restricted spatial coverage. The resulting average 
spectra for the MXD and TRW timeseries both scale with β≈0.9 over 20-200 years. For Δt≥200 
years, the MXD-based spectrum follows the pollen-based result, while the TRW-based spectrum 
loses power, a bias expected from the growth-trend removal2. On the other end, for Δt≤20 years, the
shape of the MXD-based spectrum flattens in agreement with the instrumental data, while the TRW-
based spectrum starts to exhibit a red bias, as previously recognized by Franke et al. (2013)3, which 
probably stems from the temporal autocorrelation induced by the biological response of the tree 
growth to changing climatic conditions4. 

In agreement with previous studies, our analysis also supports that MXD is indeed a more reliable 
temperature proxy than TRW5. While both the instrumental and pollen-based show lower variability
over the 30-100 years timescale band compared to the tree rings, this could merely be the result of 
data type-specific biases. In the first case, it is possible that, for stochastic reasons, the natural 
variability contained in the instrumental temperature record of the last 150 years is simply smaller 
than the expected mean multi-decadal variability of the last millennium. Furthermore, any natural 
variability correlated with CO2 forcing was removed by the detrending of anthropogenic effects (see
Methods). Regarding the spectrum of the pollen-based reconstructions, it is possible that resilience 
in the vegetation composition to changing climatic conditions, i.e. its characteristic response time, 
contributes to the steepening observed for Δt≤100 years.

Energy-Balance Equations

We consider a simple energy-balance model such as MAGICC6 which has been shown to have the 
capacity to emulate complex GCMs for global average temperature6. In this formulation, the Earth’s
atmosphere is divided into 4 compartments, two over land and two over the ocean (one per 
hemisphere). The ocean itself is then divided into a number of layers, distinct for each hemisphere, 
which can store energy. The over-land atmospheric box in the Northern Hemisphere is connected to 
the over-ocean atmospheric box in the same hemisphere, which is in turn connected to the mixed-



layer (oceanic surface layer) in the Northern Hemisphere and the over-ocean atmospheric box in the
Southern Hemisphere.

Following Geoffroy et al. (2015)7 and Frederiksen and Rypdal (2017)8, we assume that the 
temperature over the ocean in the Northern Hemisphere ΔTO is only proportional to the mixed-
layer temperature in the Northern Hemisphere ΔTSST, i.e. ΔT O=aΔT SST , thereby neglecting any 

cross-equatorial atmospheric heat transport. The proportionality constant a accounts for the greater 
warming in the atmosphere with respect to the mixed-layer; it is also greatly influenced by the 
amount of sea-ice cover9. The temperature evolution over land in the northern hemisphere ΔTL can 
thus be written as :

CL

d ΔT L(t )
dt

=−λLΔT L(t)+FL (t)+k (μ aΔT SST (t)−ΔT L (t))

where CL is the heat capacity of the atmosphere over land, λL is the land feedback parameter, FL(t) 
is the forcing over land, k is a coefficient for the heat exchange between land and ocean which also 
accounts for atmospheric (radiative) feedbacks, and μ is the asymmetric heat exchange coefficient 
between land and ocean. Given that the heat capacity over land is small, we can write an 
approximate expression assuming CL=0:

ΔT L (t)=SL FL (t)+ΩSL ΔT SST (t)

where we defined a new land sensitivity coefficient SL
−1

=k+λL and a land-ocean coupling 

coefficient Ω=k aμ . If the coupling coefficient k is weak (k→0), then the oceanic term vanishes 
altogether, whereas if the coupling is strong (k→∞), the forcing term vanishes and only the oceanic 
term matters. The forcing over land FL(t) is generally taken as a random white noise forcing due to 
the relatively fast atmospheric processes10. Assuming zero heat capacity over land, the white noise 
forcing directly translates into a flat spectrum (β=0) for the inter-annual macroweather variability. 
In practice, the small over-land heat capacity introduces a memory which explains the weak inter-
annual scaling of the local temperature spectra (β≈0-0.3)11. The average land temperature in the 
Northern Hemisphere can therefore be described as a linear combination of an instantaneous 
response to random forcing and a component proportional to the SST.

By taking the squared Fourier transform of both sides we obtain an expression for the power 
spectrum :
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If the forcing over land is independent from the SST, then the mixed term vanishes and we are left 
with the power spectrum of the temperature over land as a linear combination of the power spectra 
of the forcing term and the SST:
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