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S1 – Effective radiative forcing timeseries 
 
The effective radiative forcing timeseries shown in figure 2 are taken from Smith et al. (2020a)1, with 
the methodology from Dessler and Forster (2018)2 used to sample individual timeseries to produce 
an ensemble. 
 
Smith et al. (2020a) produces aerosol ERF timeseries using the approach outlined in Smith et al. 
(2020b)3, where energy budget constraints are used to produce an observationally constrained 
aerosol ERF timeseries. Greenhouse gas (GHG) and other minor contributing ERFs are produced by 
averaging ERF timeseries outputted using concentration timeseries using the global relationships 
and approach outlined in the Supplementary Material of Chapter 7 in IPCC’s AR6.  
 
Aerosol forcing is sub-split into aerosol radiation interactions (direct interactions between aerosol 
particulates and radiation; ARI) and aerosol cloud interactions (aerosol induced changes to cloud 
properties; ACI). While ARI are approximately linear to first order, ACI have saturation effects that 
mean globally averaged estimates require different relationships between aerosol precursor 
emissions and resulting forcing for regions with low/high aerosol loading4. While this saturation 
must occur locally where aerosol loading is particularly high, higher concentrations still can result in 
higher aerosol levels further away, offsetting some of the local saturation. Bellouin et al. (2020) 
considered these saturation effects in estimates of aerosol radiative forcing4.  
 
In the Dessler and Forster (2018) methodology individual best-estimate timeseries of ERF 
components are sampled to cover an assessed present day likely range for each component. Then 
the individual components are combined to produce an ensemble of anthropogenic ERFs using linear 
combinations of the individual components, assuming no correlation between individual ERFs. The 
present day likely range for each ERF component is taken from AR6. 
 
Trends in ERF components are estimated in the main text using a 10-year rolling linear regression. 
Figure S1 shows an alternative methodology for deriving the trends (gaussian smoothing with a 5-
year kernel). We also consider a forward-differencing gradient, (X[n] – X[n-1])/(t[n]-t[n-1]), averaged 
over a 12-month centred mean (not shown). All the derived trends show the same approximate 
form, with the increase in anthropogenic trends over the two decades since 2000 arising primarily as 
a result of aerosol trend changes.  
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Figure S1: Trends in ERF components as in figure 1 of main text. Trends are smoothed using Gaussian 
smoothing with a 5-year kernel. 

 
S2 – Linear regression for trend lines in figures 6 and 8 
 
In figures 6 and 8 blue trend lines are fit to the anomalies to estimate the decadal linear trends using 
Generalised Least Squares regression, assuming autocorrelated residuals in an AR(1) process. We 
use generalised least squares because of the potentially significant modes of variability in both the 
dependent and independent variables in these fits (GMST and TOA flux anomalies demonstrate 
significant modes of natural variability). We also consider the impact of autocorrelation in the 
timeseries (whereby noise processes have a relaxation timescale within the timeseries). We find an 
AR(1) process adequately models the impact of this in the residual to the fit, having considered the 
Partial Autocorrelation of the residuals (PACF) of each fit.  
 
For the fit we use a piecewise linear regression, with a breakpoint in 2012 (considered the end of the 
pause in global warming period9). The regression combines three components: a constant term, a 
constant gradient line, and a split trend line (in 2012). These are fit onto the individual CERES 
timeseries, producing a best estimate combination and standard deviation for each line component. 
The shaded uncertainty range on the linear fit is found using a 10,000-member ensemble produced 
by resampling combinations of the lines from the fit parameter distributions. The uncertainty ranges 
show the 5-95th percentile range, with the central blue line showing the best estimate fit. 
  



S3 – Determining the anthropogenic temperature anomaly using OLS regression 
 

 
Figure S2: Histograms of the scaling factors for aerosol, GHG and natural temperature responses fits to GMST 
using OLS regression in figure 5 of the main text. Red line shows the median value. Bottom right panel shows 
the correlation between GHG and aerosol scaling factors. 

Figure S3: Present day anthropogenic warming level and trend correlation scatterplot. Each point is taken from 
a fit using 3-way attribution of aerosols, GHGs and natural forcings onto observed GMST, plotted in figure 5 of 
the main text. 



Figure S4: Warming response trend and level correlation for individual components. Contributions from 
aerosols (orange), GHGs (red) and natural (blue) temperature responses to the overall anthropogenic warming 
level and trend, using the results of a three-way attribution shown in figure 5. 

 
 
 
 
 
S4 – TOA flux timeseries 
 
The CMIP6 model output from figure 6 in the main text can be used to calculate LW, SW and net 
feedback parameters for each GCM. These best-estimate fit for each model is shown in figure S5, 
following a simple linear regression approach for each models (N-F vs. T) output.  

Figure S5: Net, SW, and LW feedback parameters fit for each of the 5 CMIP6 models for which we have 
available RFMIP transient ERF runs. 

  



S5 – Definitions of AOD regions 
 
The regions defined in figure 7 are defined using rectangular regions in latitude-longitude. They are 
defined in table S1 below and are shown in figure S6. 
 

Name Abbreviation Latitude (° N/S) Longitude (° E/W) 

Southern Africa SAf 10N:50S 0E:60E 
Northern Africa NAf 5N:35N 20W:40E 

Europe EU 35N:60N 20W:40E 

Middle East ME 10N:45N 20E:70E 

Central Asia CA 30N:60N 40E:150E 

South East Asia SEA 0N:30N 60E:150E 

Australia AU 0N:60S 110E:180E 

South America SA 25N:70S 110W:30W 

North America NA 20N:60N 140W:60W 

 
Table S1: Latitude and longitude definitions of regional boxes for figure 7 of main text. 
 

Figure S6: Regional boxes defined for figure 7 of main text. 
 
 
  



S6 – CMIP6 AOD and RF trends 
 
 
 

 
Figure S7: AOD anomalies (top three panels) and ERF anomalies (bottom panel) for the 5 CMIP6 models 
considered in figure 8 of the main text.  
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