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Detecting human fingerprints in the climate system is crucial for assessing the vulnerability10

of our planet to anthropogenic influences. Here we identify a human fingerprint in North11

Atlantic surface temperature, a region with large climate impacts affecting precipitation and12

extreme weather in the Northern Hemisphere1–6. The fingerprint includes warming of the13

entire North Atlantic except at midlatitudes, a pattern known as the North Atlantic warm-14

ing hole6–13. Our analysis, carried out using satellite-based observations and state-of-the-art15

climate models, unambiguously demonstrates that an anthropogenic fingerprint has recently16

emerged from the internal variability of the climate system, and can be attributed to green-17

house gas emissions. We further show that a declining northward oceanic heat flux, which18

has been linked to this surface temperature pattern11, 13, is also of anthropogenic origin.19
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Identifying a human fingerprint in the climate system is an integral part in the line of evidence20

of the effects of human activity on climate. Given the large variability of the climate system,21

detecting such fingerprints involves separating the internal variability of the system from its forced22

response to anthropogenic emissions. Here we focus on identifying a human impact on North23

Atlantic sea surface temperatures (SSTs), since they play a major role in the climate of the Northern24

Hemisphere1–6. Unlike previous studies which have focused on linking the SST patterns in the25

North Atlantic to changes in the oceanic circulation3, 7–9, 11–16, we here preform a formal detection-26

attribution analysis in order to identify the human fingerprint.27

We start by illustrating the recent (1982-2017) North Atlantic SST trends (Fig. 1). Two28

satellite-based SSTs datasets (the high-resolution NOAA SST17 and HadISST18, Methods) show29

stronger warming at high and low latitudes than at midlatitudes, resulting in the so-called “North30

Atlantic Warming Hole” pattern6–12 (Fig. 1a and b). We focus here on the most recent 36 years31

in order to include at least one high-resolution observational product (the high-resolution NOAA32

SST is only available since 1982), and because this warming hole pattern in the North Atlantic33

is absent prior to the 1980’s (Supplementary Fig. 1). As a first step to determining if the ob-34

served trends constitute the system’s forced response to anthropogenic emission, we compare the35

observed SST trends with the 1982-2017 mean trends from two ensembles of model simulations:36

the Community Earth System Model 40-members Large Ensemble (CESM-LE)19 and the Max37

Planck Institute Earth System Model 100-members Grand Ensemble (MPI-GE)20 (Methods). Re-38

call that all simulations are subjected to the same Historical forcing from 1850 to 2005, and the39

same Representative Concentration Pathway 8.5 (RCP8.5) through 2100. To the degree that the40
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models realistically capture the behavior of the climate system, and provided the ensemble size is41

sufficiently large, the mean of the ensemble members represents the system’s response to external42

forcings, as the internal variability is eliminated by averaging across the members of the ensemble.43

(Methods).44

The forced response of the SST in the mean of the CESM-LE and MPI-GE (Fig. 1c and d)45

show a pattern similar to the observed one, with warming at high and low latitudes and weak cool-46

ing trend at midlatitudes12. One reason for the stronger cooling at midlatitudes in the mean of47

the ensembles vs. the observations might be that internal variability obscures part of the system’s48

forced response to external forcings. Another reason could be biases in these two models that pre-49

vent them from accurately simulating the behavior of the climate system. To address this we also50

analyze 35 model simulations from the phase 5 of the Coupled Model Intercomparison Program21
51

(CMIP5, Methods). These simulations also run under the Historical and RCP8.5 scenarios, but52

each simulation is carried out with a different model. Thus, the CMIP5 multi-model mean not only53

removes the internal variability, but also the spread due to the different model formulations. Fig. 1e54

shows the 1982-2017 SST trends from the mean of the CMIP5 ensemble, which also produces a55

similar pattern of a warming hole. Unlike the CESM-LE and MPI-GE the warming hole in the56

CMIP5 mean is weaker owing to the averaging across models with different patterns. Nonetheless,57

the warming hole is clearly present in the CMIP5 mean.58

Given the similarity between the observed and forced model-mean SST patterns, can one59

formally detect the externally forced signal in the observed SST? To answer that we follow pre-60

vious studies22–25 and use a standard fingerprint detection analysis over the North Atlantic region,61
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based on computing the signal-to-noise ratio (SNR) (Methods). First, the externally forced fin-62

gerprint is defined using the leading empirical orthogonal function (EOF) of the 1982-2017 North63

Atlantic SST anomalies (defined relative to the 1982-2017 climatology) in the mean of each en-64

semble (Fig. 2a-c). These fingerprints explain most of the SST variability (∼ 90%), and are very65

similar to the forced SST trends in the respective model ensembles (Fig. 1c-e). Second, the sig-66

nal is defined by computing trends of increasing lengths of the projection of the observed SST67

anomalies onto these fingerprints. The fact that these projections increase with time indicates that68

the observed SST become progressively more similar to the externally forced fingerprints (Supple-69

mentary Fig. 2). The noise is defined in a similar way, but using the SST from the preindustrial70

control runs (where the anthropogenic forcing is absent, and only the internal variability of the71

climate system is present) rather than the observed SST. The externally forced fingerprint is then72

detected in the observation once the signal exceeds the 5% significance threshold relative to the73

noise (Methods). This SNR calculation can be done not only for the observations but also for each74

realization in the three ensembles.75

Fig. 2d-f shows the SNR calculated from observations (green and orange lines) and from76

each ensemble member in the CESM-LE, MPI-GE and CMIP5 (gray lines), along with the 5%77

significance threshold (horizontal blue lines). The externally forced fingerprints from each of the78

ensembles are clearly detectable in the two satellite-based observations. These fingerprints emerge79

from the internal variability of the system around the year 2000. Furthermore, the fingerprint is80

detectable in nearly all members of each ensemble after the year 2000, implying that the models81

well capture the observed SST pattern changes.82
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Are the externally forced fingerprints that we detect in the observations anthropogenic or nat-83

ural? To answer that we make use of four large ensembles of model simulations nearly identical to84

the CESM-LE, but with one forcing agent kept constant: greenhouse gases (LE-fixGHG), aerosols85

(LE-fixAER), biomass burning (LE-fixBMB) and land use/land change (LE-fixLUC) (Methods).86

Fig. 3a-d shows the fingerprints of the 1982-2017 SST anomalies in each of these ensembles.87

When the greenhouse gases are fixed, the CESM-LE fingerprint disappears (compare Fig. 3a and88

Fig. 2a). In contrast, when fixing the aerosols, biomass burning or land use/land change the CESM-89

LE fingerprint persists, attesting that the detectable fingerprints in the observation can be attributed90

to greenhouse gas emissions. Having attributed the North Atlantic warming hole to greenhouse91

gases, one is led to ask how this SST pattern will evolve in the 21st century, where greenhouse92

gases are projected to constantly increase. The recent SST patterns in the three ensembles persist93

through the end of the 21st century7, 12–14 (Fig. 1f-h), implying that they are indeed related to the94

ongoing anthropogenic emissions.95

Finally we ask, can one also attributes the mechanisms that are responsible for the formation96

of the forced SST fingerprint to greenhouse gas emissions? To answer this we first quantify the97

relative roles of each process that might affect the SST pattern. We analyze the CESM-LE mixed-98

layer temperature tendency equation for the North Atlantic midlatitudes over the warming hole99

region (20◦W − 40◦W and 45◦N− 55◦N). We use the CESM-LE, rather than the MPI-GE or100

CMIP5, since the model output needed for calculating the mixed-layer temperature equation is only101

available for that ensemble. According to the mixed-layer temperature tendency equation (Eq. 1,102

Methods26), four terms govern its temporal behavior; air-sea heat fluxes, zonal and meridional103
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advection, and vertical heat transfers.104

The annual mean time evolution of the four terms governing the mixed-layer temperature105

tendency equation for the North Atlantic midlatitudes shows that throughout the 21st century the106

main balance in the CESM-LE simulations is between air-sea heat fluxes and meridional heat107

advection (Fig. 4a-d). Increasing greenhouse gasses drive an increasing trend in air-sea heat flux108

(Fig. 4a), which acts to warm the SST. However, since the early 90’s, meridional heat advection109

drives a cooling trend by transferring less heat to midlatitudes (Fig. 4c). This shows that the CESM-110

LE fingerprint (Fig. 2a) is due to a decline in meridional heat advection, confirming previous111

studies3, 7–9, 11–16. The other two terms (zonal and vertical heat transfers) do not contribute to the112

formation of the warming hole in the CESM-LE (Fig. 4b and d).113

Lastly, to examine whether the decline in meridional heat advection stems from greenhouse114

gas emissions we compare its 1982-2017 trends in the CESM-LE to the trends in LE-fixGHG, LE-115

fixAER, LE-fixBMB and LE-fixLUC in Fig. 4e. As with the SST fingerprint in Fig. 3, the recent116

meridional heat advection decline is again mostly associated with greenhouse gas emissions: in117

comparison to the other forcings, only fixing greenhouse gases results in a lack of forced decline118

in meridional heat advection.119

In conclusion, we note that recent and projected North Atlantic warming hole is, at first120

glance, a surprising feature, since one naively expects SSTs to warm with increasing greenhouse121

gases. What we have shown here is that the reduced warming in the North Atlantic at midlatitudes122

is indeed caused by anthropogenic emissions of greenhouse gases, and is related by changes in the123

oceanic circulation. And if the human influence on North Atlantic SST documented in this study124
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continues in coming decades, it is likely to further impact the climate of the many regions of the125

Northern Hemisphere, including the U.S., Europe and parts of Africa1–6.126
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Methods127

Observations128

Two satellite-based data sets of sea surface temperature are used: the high resolution NOAA SST17
129

and the Hadley Centre HadISST18. The NOAA SST is derived using the Advanced Very High130

Resolution Radiometer (AVHRR). The data is produced daily with 0.25◦ grid resolution since131

1982. The HadISST is taken from the Met Office Marine Data Bank and is produced monthly with132

1◦ grid resolution since 1870.133

Large Ensembles134

Two ensembles of ocean-atmosphere coupled model simulations are used; the Community Earth135

System Model 40-members Large Ensemble (CESM-LE)19, and the Max Planck Institute for Me-136

teorology 100-members Grand Ensemble (MPI-GE)20. The CESM-LE is conducted using the137

CESM127 and includes 40 simulations (members) running from 1920-2100. From 1920-2005 all138

members are subjected to the Historical forcing, and from 2006-2100 to the Representative Con-139

centration Pathway 8.5 forcing (RCP8.5). The MPI-GE is conducted using the Max Planck Insti-140

tute Earth System Model (MPI-ESM1.1) and includes 100 simulations (members) running from141

1850-2100 under the same Historical and RCP8.5 scenarios. For disentangling the forced response142

and the internal climate variability each member in the ensembles is initialized with different initial143

conditions. The mean of each ensemble averages out the internal variability, thus represents the144

forced response of the system. Additional multi-century preindustrial control runs, using constant145

1850 forcing, are used for each model, where the coupled CESM1 runs for 1800 years, and the146

MPI-ESM for 2000 years. The constant forcing in these simulations enables accounting only the147
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internal climate variability.148

Finally, for attributing the detectable fingerprint to a specific forcing agent we make use of149

four ensembles that are identical to the CESM-LE, but each ensemble excludes the time evolution150

of one forcing agent: greenhouse gases (LE-fixGHG, include 20 members), aerosols (LE-fixAER,151

include 20 members), biomass burning (LE-fixBMB, include 15 members), and land use/land152

change (LE-fixLUC, include 5 members).153

CMIP5154

We also analyze 35 models that participate in the Coupled Model Intercomparison Project Phase155

521 (CMIP5), and select the ’r1i1p1’ member between 1850-2100 with the Historical and RCP8.5156

scenarios (Supplementary Table 1). The last 200 years of each model’s preindustrial control run157

are used for the fingerprint analysis, as discussed below.158

Fingerprint analysis159

To assess whether a forced fingerprint is statistically identifiable in the observations we follow160

previous studies22–25, and employ a standard fingerprint detection method using a signal-to-noise161

ratio approach. In this approach, one quantifies that the pattern similarity between the observations162

and the fingerprint increases with time (the signal) and emerges out of the internal variability of the163

system (the noise). This analysis is conducted over the North Atlantic region, shown in the figures164

in the manuscript, between 83◦W − 8◦E and 26◦N− 67◦N. First, the forced fingerprint (FP) is165

defined as the leading empirical orthogonal function (EOF) of the 1982-2017 annual mean North166

Atlantic SST anomalies (relative to the 1982-2017 climatology) in the mean of each ensemble. As167

discussed above, the mean of the ensembles averages out the internal variability, thus accounts only168
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the forced response of the system. Although we here analyze only the observed period, the 1982-169

2017 fingerprints based on the ensembles continue throughout the 21st century (Supplementary170

Fig. 3).171

Second, the annual mean observed SST’s anomalies (OB) are projected onto the fingerprints172

yielding a time series, S(t) = Σ
x
OB(x, t)·FP(x), where x represents the grid points and t the years.173

All fields used in the analysis are regridded to the same 1◦×1◦ grid, and are area-weighted by mul-174

tiplying each field by the square root of the cosine latitude. Supplementary Fig. 2 shows these time175

series using the two satellite-based SSTs and the three model fingerprints (the three ensembles).176

The “signal” is then defined by calculating trends over different lengths in each projection. The177

trends are first calculated over 5 years (from 1982 to 1986) and then over consecutive lengths of178

trends (from 1982 to 1987,1988...2017).179

Finally, to determine whether the forced fingerprint is statistically identifiable in the observa-180

tions, the signal (the trends with different lengths) is compared to Gaussian distributions of trends181

with the same lengths from a pre-industrial control run. The sole presence of internal variability of182

the climate system in the control run allows one to verify whether the fingerprint emerged out of183

the internal variability. The trends from the control run are calculated in the same manner as in the184

observations, but by projecting the annual mean SST’s anomalies from the control run onto the fin-185

gerprints. This is done for the CESM-LE and MPI-GE using all overlapping trends from all years186

from their control runs, and for the CMIP5, following previous studies23–25, by concatenating the187

last 200 years of the control run of each model (total of 7000 years). In each control run, the mean188

value of the annual mean SST’s is first removed, and the data is detrended at each grid point in189
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order to avoid any drifts. The noise is then defined as one standard deviation (σ) of the distribution190

of each length of trends from the control run of each data set. The forced fingerprint is statistically191

identifiable in the observations once the signal exceeds a significance threshold (p-value) relative192

to the noise of 5% (1.645σ, using one-sided student’s t-test).193

Mixed layer temperature equation194

The mixed layer temperature equation26 can be written as follows,195

ρcph
∂SST
∂t

= Qair − ρcph (ug + uτ )
1

a cos θ
∂SST
∂φ
− ρcph (vg + vτ )

1
a
∂SST
∂θ

−ρcphw ∂SST
∂z

+ ρcphwQtur

(1)

where, t is time, φ and θ are longitude and latitude, respectively, a = 6371 ·103 m is Earth’s radius,196

ρ = 1027kgm−3 is sea-water density, cp = 3985 Jkg−1K−1 is the ocean specific heat capacity,197

h = 100 m is a reference North Atlantic mixed layer depth28, Qair represents the air-sea heat fluxes198

(i.e., radiative longwave and shortwave fluxes, as well sensible and latent heat fluxes), ug and199

vg are the zonal and meridional geostrophic velocities, respectively, and uτ and vτ are the zonal200

and meridional Ekman velocities, respectively. The geostrophic velocities are calculated based201

on geostrophic balance, Vg= g
f
×∇hSSH, where Vg is the horizontal geostrophic velocity vector,202

g = 9.81 ms−2 is gravity, f = 2Ω sin θ is the Coriolis parameter, where Ω = 7.292 · 10−5 s−1 is203

Earth’s rotation rate and SSH is the sea surface height. The Ekman transport in the mixed layer is204

calculated as hVτ =
∫
Vτdz = − 1

ρf
× τ , where Vτ is the horizontal Ekman velocity vector and τ is205

the wind stress. The two rightmost terms on the right hand side of Eq. 1 represent any vertical heat206

transfers (advection, entrainment at the base of the mixed layer and turbulent mixing), where w is207

the vertical velocity and Qtur is vertical heat transfer through turbulent mixing. Because the last208

two terms (vertical heat transfers) are not available, and in order to close the budget, these terms209
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are calculated as the residual between the SST tendency (left hand side of Eq. 1) and the air-sea210

heat fluxes and horizontal advection terms.211
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Figure 1: Annual mean sea surface temperature trends (Kyr−1). The 1982-2017 SST trends

from satellite-based observations in a, NOAA, and b, HadISST. The 1982-2017 simulated SST

trends from the mean of c, CESM-LE, d, MPI-GE, and e, CMIP5. The 1982-2100 simulated SST

trends from the mean of f, CESM-LE, g, MPI-GE, and h, CMIP5. The small black crosses show

where the SST trends are statistically insignificant based on a student t-test (p-value>0.05).
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Figure 2: Fingerprints and signal-to-noise analysis. The leading mode (fingerprint) of the 1982-

2017 North Atlantic SST anomalies in a, CESM-LE, b, MPI-GE, and c, CMIP5. The percentage

in each panel represents the variability explained by each mode. Signal-to-noise ratio for North

Atlantic SST as a function of the length of trends since 1982 using the fingerprint and noise from

d, CESM-LE, e, MPI-GE, and f, CMIP5. The signal in the green and orange lines is calculated

using the satellite-based observations in NOAA, and HadISST, respectively. The signal in the gray

lines in each panel is calculated using each realization in the CESM-LE, MPI-GE, and CMIP5

datasets. The blue horizontal line marks the 5% significance threshold.
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Figure 3: Attribution analysis for North Atlantic SST. The leading mode (fingerprint) of the

1982-2017 North Atlantic SST anomalies in the four CESM ensembles with a, fixed greenhouse

gases (LE-fixGHG), b, fixed aerosols (LE-fixAER), c, fixed biomass burning (LE-fixBMB), and

d, fixed land use/change (LE-fixLUC). The percentage in each panel represents the variability

explained by each mode.
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Figure 4: Attribution analysis for the North Atlantic SST fingerprint mechanism. The CESM-

LE annual mean mixed-layer temperature tendency equation anomalies (Wm−2, Eq. 1, Methods),

relative to the 1920-1960 period, averaged over the warming hole region (see text); a, Surface

air-sea heat fluxes. b, Zonal heat advection. c, Meridional heat advection. d, Vertical heat trans-

fers. The gray and black lines represent all CESM-LE members and their mean, respectively.

e, the 1982-2017 meridional heat advection trends in five CESM ensembles with all forcing agents

(CESM-LE), fixed greenhouse gases (LE-fixGHG), fixed aerosols (LE-fixAER), fixed biomass

burning (LE-fixBMB), and fixed land use/change (LE-fixLUC).
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