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Abstract Internal modes of climate variability, such as El Niño and the North Atlantic Oscillation (NAO),
can have strong influences upon distant weather patterns, effects that are referred to as “teleconnections.” The
extent to which anthropogenic climate change has and will continue to affect these teleconnections, however,
remains uncertain. Here, we employ a covariance fingerprinting approach to demonstrate that shifts in
teleconnection patterns affecting monthly temperatures between the periods 1960–1990 and 1990–2020 are
attributable to anthropogenic forcing. We further apply multilinear regression to assess the regional
contributions and statistical significance of changes in five key climate modes: the El Niño‐Southern
Oscillation, NAO, Southern Annular Mode, Indian Ocean Dipole, and the Pacific Decadal Oscillation. In many
regions, observed changes exceed what would be expected from natural variability alone, further implicating an
anthropogenic influence. Finally, we provide projections of how these teleconnections will alter in response to
further changes in climate.

Plain Language Summary Large‐scale patterns in the climate system, such as El Niño and the North
Atlantic Oscillation, can have strong influences upon distant weather patterns, effects that are referred to as
“teleconnections.” However, it is unclear to what degree anthropogenic climate change is altering these
teleconnections. We show that shifts in these climate connections between 1960–1990 and 1990–2020 cannot
be explained by natural variability alone and can be attributed to human influence. We examine five major
climate modes and find that their effects on remote regional temperatures have already changed, impacting
many parts of the world. Finally, we provide projections showing how these climate teleconnections are likely to
further evolve in a warming future.

1. Introduction
Modes of internal variability such as the El Niño‐Southern Oscillation (ENSO), North Atlantic Oscillation
(NAO), Southern Annular Mode (SAM), Indian Ocean Dipole (IOD), and the Pacific Decadal Oscillation (PDO)
are recurring large‐scale oceanic and atmospheric patterns. These patterns influence local and remote tempera-
tures, precipitation, and extreme weather events (Alexander et al., 2002; Casanueva et al., 2014; Casselman
et al., 2023; Hobeichi et al., 2024; Karoly, 1989; Reboita et al., 2021; Simon Wang et al., 2015; Wallace &
Gutzler, 1981; Wang & Schimel, 2003; Yeh et al., 2018) with significant environmental, social, and economic
impacts (Hardiman et al., 2020; Kurths et al., 2019; Wang & Schimel, 2003; Zebiak et al., 2015). Projecting
changes to the effects of these modes in a warmer future climate is critical for adaptation efforts (Gillett
et al., 2003; King et al., 2010; Paeth & Pollinger, 2010).

Teleconnections are typically induced by atmospheric Rossby waves (Casselman et al., 2023; Hardiman
et al., 2020; Hoskins & Karoly, 1981; Reboita et al., 2021) that are triggered by anomalies of sea surface tem-
perature or surface heat fluxes, often via the mediation effects of atmospheric convection. The teleconnection
pattern of a given variability mode (e.g., ENSO) can change between events because differences in the state of the
ocean and atmosphere can affect wave propagation, including due to other modes that can exert a modulating
effect on the teleconnections (Gershunov & Barnett, 1998; Hardiman et al., 2020; Joshi et al., 2021). Previous
studies (Yeh et al., 2018) found indications of changes in teleconnection patterns since the 1990s, including in the
effect of ENSO on North American precipitation (Simon Wang et al., 2015) and the effects of the Indian Ocean
warming on the NAO (Hoerling et al., 2004). As climate change continues, such teleconnections may be further
affected, as suggested for ENSO (Beverley et al., 2024; Lieber et al., 2024). Some modes and the relation between
them may change in the future, as projected for the NAO and AO under extensive climate warming (Hamouda
et al., 2021).
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Observational analyses, detection–attribution studies, and climate model projections indicate that anthropogenic
forcing is modifying not only the mean state of the climate system but also the structure, strength, and spatial
patterns of climate teleconnections. Early attribution work emphasized that spatial patterns in the response to
anthropogenic forcing are subject to substantial uncertainty (Jones et al., 2016), yet more recent studies show
growing evidence that teleconnections are being reshaped by anthropogenic climate change (Bilbao et al., 2019;
Deser et al., 2017). For example, changes in the Walker circulation and tropical convection under warming have
already altered ENSO variability and its global teleconnections, with both historical amplification and robust end‐
of‐century increases in ENSO‐driven precipitation anomalies emerging across models (Cai et al., 2023; Power
et al., 2013; Xie et al., 2010). Similarly, global‐scale analyses demonstrate that warming reorganizes atmospheric
bridges and storm‐track pathways through which variability modes influence remote regions (Burke et al., 2017).
Outside the tropics, Arctic amplification and sea‐ice loss have been linked to the evolution of Arctic–midlatitude
teleconnection pathways, with causal‐network approaches revealing modified dynamical links between high‐
latitude variability, the polar vortex, and midlatitude circulation patterns in recent decades (Galytska
et al., 2023). These studies suggest that anthropogenic forcing can influence both the amplitude and spatial
expression of teleconnections, motivating a systematic evaluation of how forced changes compare to internal
variability within the climate system.

Attribution of systematic shifts in global teleconnection patterns via covariance matrices of monthly mean
temperature has not, to our knowledge, been addressed in the literature. Below, we first apply a covariance
fingerprinting framework, projecting observed changes in temperature covariance onto model‐simulated patterns
of covariance change under greenhouse gas forcing. This approach allows us to formally attribute changes in
global teleconnection structure to anthropogenic climate change. We later apply a second, complementary
attribution approach that is based on a point‐wise multilinear regression analysis.

2. Results
2.1. Global Analysis of Climate Change Impacts on Teleconnections of Internal Variability Modes

We first examine the change in global teleconnection patterns using the covariance matrix of monthly average
temperature anomalies. Given Ti as the monthly temperature anomaly at grid point i, the covariance matrix is
C = {cij} = 〈TiTj〉 where angle brackets indicate time averaging. Therefore, row i of the covariance matrix
corresponds to the covariance of the monthly temperatures at the geographical location corresponding to this
index with all other locations, and can be plotted as a map. We compose such covariance matrices of the monthly
average temperature anomalies among all grid cells between 60°N and 60°S for the observations (Rohde &
Hausfather, 2020) and the model control and historical runs (Danabasoglu et al., 2020; Kay et al., 2015) (see
Methods). To visualize the covariance change, we plot maps of the temperature covariance during 1960–1990 and
1990–2020, as well as the difference between them in Figure 1 as follows. Note that the left and middle columns
display most of the well‐established teleconnections (discussed in Supporting Information S1), such as the
positive correlation between ENSO and Australia. To focus on ENSO teleconnection changes, for example, we
average the rows of the covariance matrix corresponding to all i points within the NINO3.4 region and plot the
resulting average as a map. Similarly, the changes to the IOD and PDO teleconnections are depicted as appro-
priate averages over the corresponding regions, as discussed in the Methods section (Equation 3 in Supporting
Information S1). For the effect of GMST, we average all rows, weighted by cosine latitude. Because the
covariance fingerprint is constructed from surface temperature covariances, SAM and NAO are excluded. Note
that changes in teleconnections may include spatial shifts, changes in frequencies, amplitude, or the relation
between variability modes. Our focus here is on the changes to spatial patterns (of monthly temperatures) and
their amplitude as seen through the covariance matrix.

Various changes in covariance are seen in the results plotted in the right column of Figure 1, which shows the
difference between the periods of 1990–2020 and 1960–1990. For example, Figure 1f shows that ENSO tele-
connections become stronger in Australia, as indicated by the red color there. Figures 1d and 1e show that when El
Niño events occur, the monthly temperatures over Australia increase. The panels on the right hand side (e.
g., Figure 1f) then show the change in the teleconnection. Teleconnection may change for two reasons. First, a
change in the sensitivity to the remote influence, where a positive difference then implies that during the latter
period, 1990–2020, the response of monthly temperatures to El Niño events is stronger than during the preceding
period. Second, covariance differences that show an intensified pattern (e.g., for ENSO and Australia) could be
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because ENSO variability itself increased. Covariance fingerprinting analyses do not separate between these two
possible reasons for the change in teleconnection, but the regression analysis in the following section does provide
this information, as discussed there.

In some cases, the sign of the ENSO teleconnection changes, which clearly implies a change in sensitivity. For
example, temperatures switch from increasing with El Niño (positive teleconnection) to decreasing when El Niño
occurs (negative) in Northeast Africa. ENSO teleconnection signs also switch over South Asia and Western
Europe (Figure 1f).

To briefly review some other teleconnections changes, covariance with GMST shows increased warming over
Africa, Asia, South America, and Eastern North America relative to other parts of the world (Figure 1c). For the
IOD (Figures 1g–1i), we see a change in the amplitude and structure of teleconnections in Australia, Africa, Asia,
and the Middle East. Finally, for the PDO (Figures 1j–1l), we observe a sign switch in Western Europe and
Eastern North America, as well as a change in amplitude in Africa, Australia, and South America.

To test if changes in global teleconnection patterns are attributable to anthropogenic climate change, we use a
covariance fingerprinting approach (see Methods) that is similar to the standard fingerprinting methods (Has-
selmann, 1979; Hegerl et al., 1996; Ribes et al., 2009) but involves projecting the observed change in covariance
onto that obtained from climate model simulations forced by historical changes in greenhouse gasses, aerosols,
land use, and solar variability. We calculate a scalar measure of this projection, referred to as Sobs,

Sobs =
⟨ΔCobs,ΔCmodel

forced⟩F

‖ΔCmodel
forced‖

2
F

. (1)

S quantifies how strongly the observed change in covariance projects onto the model's forced pattern of changes in
covariance, normalized by the square of the latter. The subscript F refers to the Frobenius norm, or the square root
of the sum of the squares of all elements. S inherently contains all modes, including GMST. Intuitively, if the
covariance matrices are identical, S = 1. If they share the same sign pattern, S is larger than 0. Conversely, if the
sign pattern is opposite, S becomes negative. Thus, S provides a scalar measure of the similarity between
covariance matrices.

Figure 1. Covariance changes across 30‐year epochs. The left column shows covariance averaged over all grid cells (top row), the Niño3.4 region (second row), the
Indian Ocean Dipole region (third row), and the Pacific Decadal Oscillation (PDO) region (bottom row) for 1960–1990. The middle column is the same as the left
column, but for the 1990–2020 period, and the right column shows the difference between the two periods. Note, the PDO covariance values in the bottom row are
divided by 4 to facilitate the use of the same color range as the rest of the panels.
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Figure 2 compares Sobs against 1,000 realizations of Snull, a covariance
fingerprint calculated between randomly selected pairs of 30‐year periods in
the CESM2 control run (Danabasoglu et al., 2020; Kay et al., 2015). Snull
samples random changes in covariance due to natural variability. We find that
all realized values of Snull are smaller than Sobs. This calculation thus indicates
that changes in global teleconnections are inconsistent with being solely the
result of internal variability and, instead, are attributable to anthropogenic
climate change.

The covariance fingerprinting method used here is a statistical analysis that
tests for changes across all modes and locations and therefore captures the
significance of the global change. It does not, however, provide regional
specificity. The next section presents a complementary analysis that focuses
on regional aspects.

2.2. Spatially Resolved Significance of Changes in Teleconnections

Using the covariance fingerprinting approach, we find that global tele-
connection patterns changed between 1960–1990 and 1990–2020 in response
to anthropogenic climate change. In this section, we complement the above
global analysis by examining point‐wise changes to teleconnections for

GMST and each of the five modes: ENSO, NAO, SAM, PDO, and IOD. Note that we now include the NAO and
SAM, whose indices are defined in reference to sea‐level pressure patterns, as opposed to temperature patterns.
Our approach is based on multilinear regression (Methods, Equation 4 in Supporting Information S1), which
examines the differences between 1960–1990 and 1990–2020 in relation to anthropogenic climate change by
comparing observations to a large ensemble of model results (Kay et al., 2015). To stabilize the multilinear
regression, the modes are orthogonalized and standardized (see Methods).

Before proceeding to a point‐wise attribution analysis of the difference between the two periods, we examine the
contribution of each mode and GMST to monthly average global temperature anomalies over 1950–2020 (Figure
SI1 in Supporting Information S1), finding well‐known patterns that are listed explicitly in Supporting Infor-
mation S1 (Anderson et al., 2017; Cai et al., 2011, 2020; Kumar et al., 2017; Linderholm et al., 2011; Roy
et al., 2016; Saji et al., 2005; Sandler et al., 2024; Shi et al., 2019; Yang & DelSole, 2012; Zhou et al., 2024).
Differences in regression coefficients between 1960–1990 and 1990–2020 are shown in Figure 3. The patterns of
the temperature‐based modes (GMST, ENSO, and IOD shown in Figures 3a, 3b, and 3f) share features in common
with the covariance‐based results (shown in Figures 1c, 1f, and 1i), with pattern correlations of 0.77, 0.98, and
0.59, respectively. In addition to the aforementioned changes in the response to GMST, we see strong Arctic
amplification (Figure 3a), indicating a greater response of monthly temperatures in this region to GMST during
recent decades. The regression approach, unlike covariance fingerprinting, however, shows that GMST is
associated with the well‐known cooling pattern in the East Pacific (Kosaka & Xie, 2013) and that ENSO is anti‐
correlation with Arctic temperatures. Differences arise between our two approaches because the regression‐based
approach isolates the component of temperature variability attributable to each mode after removing shared in-
fluences among GMST, ENSO, and IOD. In contrast, the covariance maps reflect the full co‐variability between
regional and base‐region temperatures, including common signals from inter‐mode correlations. Furthermore, the
regression approach uses standardized amplitudes of each mode.

We focus on regions where changes in regression coefficients are statistically significant, as tested via boot-
strapping (Figure SI4 in Supporting Information S1). These changes are not explained by internal variability in
the CESM2 control run (P < 0.05, Figures SI4 and SI7 in Supporting Information S1) and are consistent with
those found in the CESM2‐LE historical runs (P > 0.05, Figure SI6 in Supporting Information S1). In general, 5%
of grid points may be expected to pass a significance test at a 95% significance level. The fraction of grid points
that pass, however, is significantly higher for GMST (28%), ENSO (20%), PDO (9.8%), and IOD (15%) tele-
connection changes (Figure 3). Values are more comparable to those expected by chance for the NAO (3.4%) and
SAM (4.0%), reflecting primarily that the observed changes do not correspond with those produced by the
CESM2 historical run. Note that for the NAO and SAM, large portions of the domain do not show statistically
significant differences between the two periods when evaluated against the bootstrapped data.

Figure 2. Covariance fingerprint. Sobs (red line) is larger than any of 1,000
realizations of Snull (histogram). Sobs is the observed covariance difference
between 1960–1990 and 1990–2020 projected onto that produced by CESM2‐
LE historical runs. Each Snull realization is the same as Sobs but is computed
using pairs of 30‐year periods that are randomly drawn from the CESM2 long
control run.
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Returning to the two reasons that may lead to teleconnection changes, Table SI2 in Supporting Information S1
shows the variance of each index used in the regression analysis for each of the two periods. While the GMST
variance has increased as expected due to the acceleration of warming in the latter period, the variance of other
modes is basically unchanged. Note that the PDO time scale is decadal, and a 30‐year period is insufficient to
obtain a robust estimate of its variance. Based on these results, one may conclude that the teleconnection changes
presented here and in the previous section arise not from changes in the modes themselves (e.g., ENSO), but from
changes in the atmospheric medium through which these teleconnections propagate. This interpretation is sup-
ported by the fact that the time series of each mode (Figure SI10 in Supporting Information S1) shows no major
shifts in behavior over the past 3 decades.

2.3. Projected Changes in Teleconnections

Finally, we examine how the teleconnections of these modes may further change in a warmer future climate by
applying our multilinear regression analysis to the CESM2 large ensemble (Kay et al., 2015) under the RCP 8.5
scenario (Riahi et al., 2011). Maps of regression coefficient differences between 1960–1990 and 2070–2100 for
the mean of the large ensemble are shown in Figure 4. Hatched regions represent locations where results are
statistically insignificant (the 5–95 percentile range calculated over all ensemble members includes the zero
value; note that this hatching represents a different meaning from that in Figure 3, hence the different hatching
pattern and color used; see a complementary presentation of the same results in Figure SI15 in Supporting In-
formation S1). The effects of GMST on monthly temperature increases, reflecting that a greater rate of warming is
anticipated under RCP 8.5 in 2070–2100 relative to 1960–1990. We use the extreme RCP 8.5 scenario to
maximize signal‐to‐noise ratio, but further examination of teleconnection changes for more modest—and perhaps
more realistic—warming scenarios is warranted.

Projections of changes to ENSO teleconnections (Figure 4b) show amplification of some observed trends over the
past decades, but the pattern of change is neither uniform nor simple. Positive teleconnections in Australia and
Northern South America become stronger, as does a negative teleconnection in Southern South America (Figures
SI11–SI13 in Supporting Information S1). The pattern over much of the Americas, however, generally weakens
or changes. Other mode changes can be seen in the other panels of Figure 4. We also note that the effects of the

Figure 3. Point‐wise attribution. Differences in regression coefficients between 1960–1990 and 1990–2020 for five internal variability modes and GMST. Positive
values indicate increased co‐variation of monthly temperatures with the corresponding mode. Locations where the differences between the periods can be attributed to
anthropogenic climate change are indicated by pink crosses.
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NAO on monthly temperatures become less strong over Europe, hence, the difference is negative; that the PDO
dipole structure in the North Pacific strengthens, and that the influence of the IOD dipole on monthly temperatures
weakens locally as well as in South Asia and North Africa.

3. Summary and Discussion
We find statistically significant changes to teleconnection patterns of the major internal climate variability modes
using two complementary attribution approaches. The monthly temperature‐based covariance was found to
change between 1960–1990 and 1990–2020 based on a covariance fingerprinting approach. To verify the
robustness of these results, we applied two formulations: one that captures both the spatial pattern and amplitude
of the covariance matrix (Figure 2), and an alternative formulation that evaluates the matrices in a manner more
analogous to a correlation (Figure SI17 in Supporting Information S1). Both approaches yield consistent out-
comes, capturing the historical changes in the covariance structure. Results are confirmed and extended to modes
that are defined based on sea level pressure rather than temperature (NAO and SAM) using a point‐wise attri-
bution approach. This point‐wise analysis suggests that ENSO teleconnections were altered by anthropogenic
climate change in more than 20% of global grid cells. Similarly, IOD teleconnections have changed in over 15% of
grid locations. Some teleconnections that pass the statistical significance test, such as the IOD effects on the
Northern Hemisphere—would benefit from a more mechanistic understanding of the change to increase confi-
dence in their patterns, although equivalent effects of the IOD were pointed out previously (Annamalai
et al., 2007). Forced climate simulations that are found to capture historical changes (Figures 2 and 3) indicate that
monthly temperature covariations will continue to change under a warming climate (Figure 4). This highlights
that the effects of climate change on temperature go beyond global or regional averages and also alter the patterns
of internal variation across most of the globe.

Conflict of Interest
The authors declare no conflicts of interest relevant to this study.

Data Availability Statement
The Niño 3.4 time series is available here: https://psl.noaa.gov/data/timeseries/monthly/Niño34.

The NAO and SAM time series are available here: https://psl.noaa.gov/data/20thC_Rean/timeseries.

The PDO time series is available here: https://psl.noaa.gov/pdo/.

Figure 4. Climate change projections. Similar to Figure 3, but for the difference in regression coefficients between 1960–
1990 and 2070–2100 using simulations. Temperatures and mode indices are from CESM2‐LE simulations. In this case,
locations where results are statistically insignificant are indicated by gray hatching.
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The IOD time series is available here: https://psl.noaa.gov/data/timeseries/month/DMI/.

The SAM time series is available here: https://psl.noaa.gov/data/20thC_Rean/timeseries/monthly/SAM/.

The GMST time series is available here: https://www.ncei.noaa.gov/products/land‐based‐station/noaa‐global‐
temp.

Post‐processed data of CESM2‐LE control run, historical run, and future RCP 8.5 run are available at https://
www.earthsystemgrid.org/dataset/ucar.cgd.cesm2le.output.html.
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Data and Methods13

Data14

All the data we use is publicly available in the following locations: The Niño 3.415

time series is available here: https://psl.noaa.gov/data/timeseries/monthly/Niño34.16

The NAO and SAM time series are available here: https://psl.noaa.gov/data/20thC Rean/timeseries.17

The PDO time series is available here: https://psl.noaa.gov/pdo/18

The IOD time series is available here: https://psl.noaa.gov/data/timeseries/month/DMI/19

The SAM time series is available here: https://psl.noaa.gov/data/20thC Rean/timeseries/monthly/SAM/20

The GMST time series is available here: https://www.ncei.noaa.gov/products/land-based-21

station/noaa-global-temp22

Post-processed data of CESM2-LE control run, historical run, and future RCP 8.5 run23

are available at https://www.earthsystemgrid.org/dataset/ucar.cgd.cesm2le.output.html24

For the forced and future model runs, we use the entire model ensemble.25

Covariance fingerprinting26

Consider data vectors zi of monthly SST anomaly at all grid points arranged in27

the matrix Z:28

Z = (z1, · · · , zN ),

and the covariance matrix C,29

C = ZZT /(N − 1).

We consider several specific covariance matrices. First, from greenhouse forced sim-30

ulations for the two periods, 1960–1990, 1990–2020: Cmodel
forced,1990(j) and Cmodel

forced,2020(j).31

The index j corresponds to the ensemble member in the large ensemble of such forced32

runs; here, we use the full ensemble of 100 members. Similarly, for observations for these33

two periods, Cobs
1990 and Cobs

2020. Finally, taking two consecutive 30-year periods from a long34

control run, denoting each pair of such periods with an index i, we have two such ma-35

trices Cmodel
ctr (i, 1) and Cmodel

ctr (i, 2). We wish to test if the difference between the two ob-36

served covariance matrices is due to climate change.37

To answer the above question, we define the differences between covariance matri-38

ces,39

∆Cmodel
ctr (i) = Cmodel

ctr (i, 2)− Cmodel
ctr (i, 1)

∆Cmodel
forced = mean(Cmodel

forced,2020(j)− Cmodel
forced,1990(j))

∆Cobs = Cobs
2020 − Cobs

1990.

Next, we define a fingerprinting measure that quantifies the similarity of the model and40

observational change in covariance,41

Sobs =

〈
∆Cobs,∆Cmodel

forced

〉
F

∥∆Cmodel
forced∥2F

. (1)

Note that we are interested in both the pattern of ∆C and in its amplitude. For exam-42

ple, if the observed change in covariance has exactly the same pattern as predicted by43

the models but is twice as large as, we want S to reflect this. This can be compared to44

a distribution based on the control run,45

Snull
i =

〈
∆Cmodel

ctr (i),∆Cmodel
forced

〉
F

∥∆Cmodel
forced∥2F

.

–2–
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Where we have used Frobenius inner product: ⟨A,B⟩ =
∑

ij AijBij = tr(ATB), and46

the Frobenius norm (squared) is: ∥A∥2F =
∑

ij A
2
ij . Then we compare the value of the47

Sobs to the distribution of Snull
48

To ensure the robustness of our results, we also tested an alternative formulation49

that evaluates the matrices in a manner more analogous to a correlation—emphasizing50

the spatial pattern of covariance changes while remaining insensitive to their amplitude.51

Sobs
alternative =

〈
∆Cobs,∆Cmodel

forced

〉
F

∥∆Cobs∥F · ∥∆Cmodel
forced∥F

. (2)

The results for the alternative approach are shown in Fig. SI17.52

Contour plots of the weighted covariance. Define a weight wi for each grid point53

in a relevant domain, say Niño3.4. The index i goes over all grid points (all latitudes and54

longitudes). We average the rows of the covariance matrix corresponding to each mode55

of variability using,56

Cj =

∑
i wiCij∑

i wi
(3)

For the GMST, we choose the weights to be wi, the cosine of the corresponding latitude.57

For Niño3.4, we choose the weight to be 1 over the equatorial Niño3.4 region, and zero58

elsewhere. For the PDO, we select the rectangle between the southwest corner (20N, 130E)59

and the northeast corner (62N, 260E). We then set the weight wi to the temperature sig-60

nal corresponding to the PDO, as seen in Figure SI1 (panel e), within the specified rect-61

angle, multiplied by the cosine of the corresponding latitude. Grid points that are not62

significant in that figure are masked and are not used for the averaging. A similar pro-63

cedure is followed for the IOD, using the southwest corner (10S, 50E) and the northeast64

corner (10N, 108E).65

Regional covariance fingerprinting. We also calculate the S measure on a regional66

basis, to test the significance of changes to the covariance structure of individual inter-67

nal variability modes such as ENSO. For that purpose, we can define, for example,68

Sobs
ENSO =

〈
∆Cobs,∆Cmodel

forced

〉ENSO

F(
∥∆Cmodel

forced∥ENSO
F

)2 ,

where the ENSO superscripts indicate that we are summing the Frobenius norm and prod-69

uct only over the Niño3.4 region,70

⟨A,B⟩ENSO
F =

∑
i

∑
j

MENSO
i AijBij ,(

∥A∥ENSO
F

)2
=

∑
i

∑
j

MENSO
i A2

ij ,

MENSO
i =

{
1 if i ∈ Nino3.4

0 elsewhere

In the expression for the inner product, for example, we are summing only over rows of71

the covariance matrix in the Niño3.4 region (given the mask which is nonzero only for72

i ∈ Niño3.4) with global monthly temperatures (all values of j). For the IOD we use73

50°E–70°E, 10°S–10°N and 90°E–110°E, 10°S–0°.74

In other words, it represents the covariance-weighted relationship between the in-75

dex region and each grid point of the global temperature field T.76
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Comparison of covariance fingerprinting and multiple linear regression. This test77

evaluates the pattern correlation between the covariance fingerprinting and MLR results.78

In this context, X corresponds to the covariance fingerprinting results, Y to the MLR79

results, and i, j represent longitude and latitude, respectively. Given two fields as a func-80

tion of latitude and longitude, Xij and Yij , we examine their pattern correlation:81

CXY =

∑
ij X

′
ijY

′
ij(∑

ij X
′2
ij

)1/2 (∑
ij Y

′2
ij

)1/2

where primed quantities indicate those after removing the mean. The pattern correla-82

tion between the covariance fingerprinting patterns obtained by averaging over the ap-83

propriate grid points and the multi linear regression results. The pattern correlation anal-84

ysis are: CGMST=0.7746, CENSO=0.9764, and CIOD=0.5888. These relatively high val-85

ues indicate that the two analysis approaches are closely related, but not identical.86

Multi linear regression. To compute the contribution of each internal variabil-87

ity mode, we employ multilinear regression, which uses several explanatory variables to88

predict the outcome of a response variable. For example, we use the GMST and the mode89

time series to explain the average temperature anomaly.90

Tavg(t, x) = a+ c1(x)T (t) + c2(x)Nino3.4(t) + c3(x)NAO(t)

+ c4(x)SAM(t) + c5(x)PDO(t) + c6(x)IOD(t) (4)

Coefficients are obtained that minimize the LHS minus the RHS squared over the years91

of our analysis. The indices on the RHS are standardized (mean removed, divided by92

std) and orthogonalized using the Gram-Schmidt method. The orthogonalization turns93

the geometry of multiple regression into “independent axes,” which simplifies interpre-94

tation, inference, and computation without changing the fitted values (Montgomery et95

al., 2021). The approach that we take is to evaluate orthogonalized versions of the in-96

dices. We begin with the GMST without any changes, and then remove GMST covari-97

ation from the ENSO index. We similarly proceed by removing covariation with fore-98

going modes for the NAO, SAM, PDO, and IOD. We address GMST and ENSO first,99

as these modes account for the greatest amount of temperature variability, though note100

that the listing of others is somewhat arbitrary. When orthogonalization is omitted, the101

results change only slightly, consistent with the weak inter-mode correlations (Figure SI16).102

An alternative approach is to apply SVD to the data matrix composed of 6 modes (GMST,103

ENSO, NAO, SAM, PDO, and IOD) and 60 years of monthly data. We find that the sin-104

gular values for the period beginning in 1960 are 25.3, 20.1, 19.3, 19.0, 15.6, 11.7. Sin-105

gular values for the period beginning in 199 are 22.3, 21.4, 19.4, 18.8, 16.9, 13.6. The North106

test (North et al., 1982) indicates that, for the 1960–1990 period, mode 1 is distinct, modes107

2–4 form a degenerate group, and modes 5 and 6 are distinct. For the 1990–2020 period,108

SVD shows that modes 1–2 form a degenerate pair, modes 3–4 form a second degener-109

ate pair, and modes 5 and 6 remain distinct. Given the presence of degenerate modes110

in both periods, orthogonalization is required to ensure a consistent basis for compar-111

ing the spatial patterns across time. We prefer the sequential removal of covariation in112

order to allow for physically-meaningful interpretation of actual climatic changes, as op-113

posed to rotations within degenerate subspaces. This method has been used to calcu-114

late the contribution of the modes to the average temperature anomaly. When apply-115

ing the Gram–Schmidt orthogonalization, part of the shared variance among indices is116

removed. For instance, the correlation between ENSO and PDO (0.469) is eliminated.117

To test if the results are significant, we randomize the response variable 1000 times118

(bootstrapping) and calculate the regression coefficients; then, we compare the results119

to the 5th and 95th percentiles. In this case, we subtract the coefficients between the two120

periods. We randomize the response variable 1000 times for each period, calculate the121

contribution coefficients, and then subtract the coefficients between the periods. We also122
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tested the effect of randomizing the response variable in the phase diagram. The ran-123

domized test produced results similar to the main analysis (compare Fig. SI1 with Fig.124

SI18).125

The teleconnections of the GMST and the five internal variability modes126

Before examining the effects of climate change, we examine the contribution of each127

Internal Variability Mode to the monthly average global temperature anomalies by cal-128

culating the MLR between the monthly indices of the GMST, ENSO, NAO, SAM, PDO,129

and IOD to the monthly average temperature between the years 1950–2020. The six pan-130

els in Fig. SI1 show the regression coefficients that multiply each internal mode standard-131

ized index (see Method section). Positive values indicate co-variation of the monthly tem-132

perature at this location and the corresponding index. The hatching represents locations133

where the correlation is not statistically significant (see Methods section). The regres-134

sion coefficient corresponding to the GMST is positive almost everywhere, with the Arc-135

tic warming amplification evident.136

In addition to the obvious positive correlation in the equatorial Pacific Ocean, ENSO’s137

coefficient is positive over Australia, South America, South Africa, India, and Western138

North America, indicating a warming trend during El Niño events or cooling during La139

Niña events. The negative signature over Greenland, Southern North America, the Arc-140

tic, and locations in mid-northern Asia indicates an anti-correlation between the monthly141

temperature there and the ENSO index.142

The regression coefficient corresponding to the GMST is positive almost everywhere,143

with the Arctic warming amplification evident. In addition to the obvious positive cor-144

relation in the equatorial Pacific Ocean, ENSO’s coefficient is positive over Australia,145

South America, South Africa, India, Australia, and Western Northern America, indicat-146

ing a warming there during El-Niño events or cooling during La Niña events. The neg-147

ative signature over Greenland, Southern North America, the Arctic, and locations in148

mid-northern Asia indicates an anti-correlation between the monthly temperature there149

and the ENSO index. Some of these ENSO teleconnections are well-established, such as150

the positive correlation of the NINO3.4 index and the surface temperature over Australia151

(Cai et al., 2011; Yang & DelSole, 2012), and similarly, correlations with South Amer-152

ica (Cai et al., 2020; Anderson et al., 2017; Yang & DelSole, 2012), South Africa (Yang153

& DelSole, 2012), India (Yang & DelSole, 2012; Roy et al., 2016), North Asia (Yang &154

DelSole, 2012), and southern North America (Yang & DelSole, 2012). The other IVMs155

show the known regional results, such as NAO dipole between Greenland and Northwest-156

ern Europe (Hurrell, 1995), SAM anti-correlation to Antarctica (Thompson & Wallace,157

2000; Marshall, 2003), PDO correlation with Northwestern North America (Mantua et158

al., 1997), and the IOD anti-correlation with Australia (Saji et al., 1999). In addition,159

there are also interesting remote correlations, such as NAO anti-correlation with the Sa-160

hara Desert in Africa (Zhou et al., 2024) and the Middle East (Kumar et al., 2017; San-161

dler et al., 2024), positive correlation with East Asia (Linderholm et al., 2011), SAM pos-162

itive correlation with locations in the Northern Hemisphere(Shi et al., 2019), PDO cor-163

relation with northern Australia and some locations in Africa, and the IOD positive cor-164

relation with southern South America (Saji et al., 2005). Some modes exhibit stronger165

or weaker teleconnections when examined seasonally. For example, the NAO has a more166

pronounced influence over Europe during DJF (Hurrell, 1995), and positive IOD events167

have been linked to colder temperatures over North America in winter (Hou et al., 2024).168

Climate change attribution process for the periods 2020:1990–1960:1990169

We next examine whether these statistically significant changes between 1960–1990170

and 1990–2020 are better explained by natural variability or anthropogenic climate change.171

For this, we use the Community Earth System Model Version 2 Large Ensemble runs172
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