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Abstract. A mechanistic understanding of internal variability of the climate is crucial as internal variability has a strong in-

fluence on regional to local climate projections throughout the 21st century. The Atlantic Meridional Overturning Circulation

(AMOC) strongly impacts regional to local climate and geological evidence suggests (multi-)centennial AMOC variability

(mCAV) is a feature of the Mid- to Late Holocene climate. However, our understanding of the spatio-temporal aspects and

underlying mechanisms of mCAV is very limited. Understanding the mechanisms behind Holocene mCAV requires a method-5

ology that isolates spatio-temporal patterns of variability and is applicable to both climate model output and the geological

archive. Multi-channel singular spectrum analysis (MSSA) has been successfully applied to climate model output to identify

and isolate basin-wide spatio-temporal modes of variability. However, it remains unclear if the correct modes can be identified,

and if these modes retain their spatio-temporal coherence, when based on input data that is constrained by relatively sparse

locations where proxy records are available. Here, we explore this issue in a transient Late Holocene simulation of an earth10

system model of intermediate complexity that is known to contain mCAV. Our results show that under constrained input data

MSSA can be used to identify robust modes of simulated mCAV and that the modes retain their spatio-temporal coherence

within at least the northern and eastern North Atlantic. These findings suggest MSSA can be a suitable tool to extract basin-

wide modes of variability and associated spatio-temporal patterns from geological reconstructions. This motivates further work

that incorporates uncertainties associated with geological reconstructions into the MSSA methodology. Furthermore, our find-15

ings motivate the identification and clustering of temperature based phase-relationships in different climate models that contain

different mechanisms of mCAV.
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1 Introduction

The evolution of the climate system occurs naturally through combinations of changes that are either externally forced or20

changes that arise through internal variability, or combinations of both. In addition to natural variability, anthropogenic green-

house gas emissions impose increasingly strong forcings on the climate system. On regional spatial scales, the effects of natural

variability can outweigh the effects of anthropogenic climate change in the coming decades (Deser et al., 2012a, b). On local

scales, the effects of internal variability remain a significant source of uncertainty in climate projections for 2100 (Lehner

and Deser, 2023). As natural variability forms an important source of uncertainty in sub-global scale climate projections that25

inform policymakers, it is important that it is accurately represented in climate models. However, climate models typically

underestimate the natural variability on regional and smaller spatial scales at timescales longer than ∼50 years compared to

observational and proxy evidence (Lovejoy et al., 2013; Laepple and Huybers, 2014; Ellerhoff and Rehfeld, 2021; Zhu et al.,

2019; Hébert et al., 2022; Laepple et al., 2023). A proposed cause for the model-data mismatch is the absence or underestima-

tion of low-frequency modes of internal variability in climate models (Lovejoy et al., 2013; Ellerhoff and Rehfeld, 2021).30

(Multi-)centennial variability of the Atlantic Meridional Overturning Circulation (AMOC) is a potential candidate for such

a mode of low-frequency variability. The AMOC is a set of large scale upper ocean currents that transport heat and salt

from the Southern Hemisphere to the Northern Hemisphere, and deep ocean currents that return southwards. The AMOC

system is known to be strongly variable on timescales ranging from (sub-)seasonal (Kanzow et al., 2010; Marotzke, 2023)

to millennial (e.g., Dansgaard et al., 1993) and strongly impacts North Atlantic climate through its northward heat transport.35

Furthermore, the North Atlantic has been identified as a region of interest regarding (multi-)centennial variability (Taricco

et al., 2015; Askjær et al., 2022). It has also been shown that such low-frequency variability likely originates from the oceans

and modulates the local terrestrial higher frequency variability (Hébert et al., 2022). (Multi-)centennial AMOC variability

(mCAV) related to purely internal dynamics has been shown to be a feature of climate models ranging from the conceptual

level (Winton, 1995; Sévellec et al., 2006; Li and Yang, 2022; Yang et al., 2024a) to fully coupled Earth System Models (ESMs)40

(e.g., Meccia et al., 2023; Jiang et al., 2021; Waldman et al., 2021; Yang et al., 2024b; Mehling et al., 2024). However, other

CMIP5 and CMIP6 era ESMs either do not show significant mCAV or lack sufficiently long simulations to identify (multi-

)centennial oscillations (Mehling et al., 2024). Analyses of models with mCAV have reported different potential mechanisms,

with associated variability originating in different regions, such as the tropical North Atlantic (Vellinga and Wu, 2004), North

Atlantic sub-polar region (Yang et al., 2024b), Arctic Ocean (Jiang et al., 2021; Meccia et al., 2023; Mehling et al., 2024), or45

Southern Ocean (Delworth and Zeng, 2012; Park and Latif, 2008; Latif et al., 2013; Martin et al., 2015). While models can

suggest potential mechanisms of mCAV, providing evidence for which of the proposed mechanisms aligns with the real world

necessarily relies on the geological record.

There is widespread qualitative evidence of Holocene (multi-)centennial variability in geological proxy records that are

associated with the AMOC through archives that reconstruct sea surface temperatures (SSTs) or through archives that represent50

aspects of the bottom limb of the AMOC (e.g., sortable silt, δ13C) (Moffa-Sánchez et al., 2019). Ayache et al. (2018) applied

a principal component analysis (PCA) to Holocene SST records and connected the second empirical orthogonal function
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(EOF) to climate variability on multi-centennial timescales. Taricco et al. (2015) performed univariate and multivariate spectral

analyses on extratropical Northern Hemisphere temperature records from the Common Era, identifying significant hemisphere-

wide (multi-)centennial modes of variability with particular power around the North Atlantic region. Similarly, in a univariate55

approach, Askjær et al. (2022) showed Holocene SST records from the Atlantic Ocean contain significant spectral power at

(multi-)centennial timescales. While proxy-evidence suggest mCAV exists in the Holocene, thus far it remains unclear how to

use the geological record to infer relevant information that could explain the mechanisms behind mCAV.

To address this issue we propose to adopt the framework of Mechanistic Indicators (Te Raa et al., 2004; Dijkstra et al., 2006).

The framework is based on the principle that a specific mechanism associated with a mode of variability is characterised by60

a propagation pattern. Propagation can be described by distinct spatio-temporal relations. For example, Dijkstra et al. (2006)

showed phase differences between temperature time-series of different Atlantic Ocean regions can function as mechanistic

indicator for a specific mechanism of multi-decadal AMOC variability. In the context of mCAV, models could provide hy-

potheses based on spatio-temporal relations associated to a mechanism of mCAV. Such hypotheses may then be falsified with

data from the geological record. To connect models and the geological archive through spatio-temporal mechanistic indicators65

requires a shared methodology that can identify coherent spatio-temporal patterns associated with modes of variability in both

models and geological data.

Spatio-temporal modes of variability have previously been studied successfully in geo-spatial time series with the multivari-

ate spatio-temporal pattern recognition technique multi-channel singular spectrum analysis (MSSA) (e.g., Plaut and Vautard,

1994; Jiang et al., 1995; Schmeits and Dijkstra, 2000; Groth et al., 2017). However, the application of MSSA to the geological70

record remains limited to Taricco et al. (2015) and is inherently paired with an orders of magnitude reduction in input data

compared to the application of MSSA to model or satellite data. It remains unclear if the correct modes can be identified, and if

these modes retain their spatio-temporal coherence, when based on input data that is constrained by relatively sparse locations

where proxy records are available.

The primary aim of this study is to explore this issue in the context of (multi-)centennial AMOC variability from the75

perspective of the perfect modelling world. A secondary aim is to introduce the paleoclimate community to MSSA, show

how the method can be applied to study climate variability, and show what steps are necessary to obtain robust results. Here,

we simulate the transient climate of the Late Holocene using iLOVECLIM and identify modes of (multi-)centennial AMOC

variability using conventional spectral methods and MSSA. We extract locations of potentially relevant proxy records from the

Common Era and Holocene, and use these locations to subsample the iLOVECLIM grid. We explore the effect of sub-sampling80

the model grid on the ability of MSSA to identify the modes of mCAV that are present in the full model grid. Additionally, we

explore if modes of mCAV identified from the sub-sampled grid are coherent in space and time with modes of mCAV extracted

from the full model grid. If successful, this motivates future work where MSSA is applied to identify spatio-temporal modes

of mCAV in the geological record and to falsify model-based hypotheses.
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2 Methods85

2.1 Data and Model simulations

2.1.1 iLOVECLIM

The iLOVECLIM (version 1.1.3) is a fully coupled earth system model of intermediate complexity and represents a code

branch from the LOVECLIM version 1.2, described by Goosse et al. (2010). The iLOVECLIM, and its precursors based on

the coupling of ECBILT-CLIO, have previously shown to simulate (multi)-centennial AMOC variability under a variety of90

conditions (e.g., Schulz et al., 2007; Friedrich et al., 2010; Kessler et al., 2020; Bakker et al., 2022), making it a suitable tool

for the purposes of this study.

The activated components in our model simulation include models for the ocean and sea-ice, atmosphere, vegetation, and

ocean carbon cycle. The ocean and sea-ice component (CLIO) has a free-surface with horizontal resolution of 3◦ and 20 vertical

layers of increasing thickness downwards (Goosse et al., 2010). Isopycnal mixing and the Gent and McWilliams (1990) eddy95

parametrisation are used. Open ocean convection is enforced by increasing the vertical diffusivity for water columns that are

unstable over at least 100 metres (Goosse et al., 2010). The overflow waters are parametrised such that dense shelf waters

flow downslope to depths of equal density (Campin and Goosse, 1999). The ocean carbon cycle model is from Bouttes et al.

(2015), and includes the Pa/Th module from Missiaen et al. (2020). The atmospheric component ECBILT is a quasi-geostrophic

model with a ∼5.6◦ horizontal resolution resolved at 800, 500, and 200 hPa. The VECODE component models vegetation and100

terrestrial carbon fluxes (Brovkin et al., 1997).

To more closely capture the dynamics that affected proxy records during the mid-late Holocene, we simulate the transient

climate between 6000 to 0 yr before present (BP). The simulation is a spin-off from a 3000 yr equilibrium simulation with

constant forcings of 6000 yr BP. The forcings include greenhouse gas forcings (CO2, CH4, N2O) derived from ice cores

(Raynaud et al., 2000; Schilt et al., 2010) and insolation forcings related to the variations in orbital configuration (Berger,105

1978). The ice-sheets are kept at their fixed pre-industrial conditions. Similarly, we do not include variable solar and volcanic

forcings in the simulation. Even though both forcings have been suggested to influence (multi-)centennial variability (Sarnthein

et al., 2003; Salzer et al., 2014; Anchukaitis et al., 2017; Moffa-Sánchez et al., 2014; Slawinska and Robock, 2018; Zhong et al.,

2011), we deem our approach an appropriate simplification as a data-model comparison is outside the scope of this study. In

this work, we use the final 3000 yr of the transient simulation. We use decadally averaged temperature and salinity fields110

to reduce computational costs and limit the analysis to the Atlantic and Arctic basins (Fig. 1). Decadal averages may mask

high-frequency variability but we do not expect it to impact the identification of (multi-)centennial oscillatory processes as a

decadal sampling rate remains well within the Nyquist frequency.

2.1.2 Proxy location data

To identify the location of potentially relevant proxy-records, we extract the latitude and longitude from marine temperature115

proxy reconstructions included in the PAGES 2k temperature database (PAGES2k Consortium et al., 2017) (version 2.2.0)

4

https://doi.org/10.5194/egusphere-2026-2794
Preprint. Discussion started: 11 June 2026
c© Author(s) 2026. CC BY 4.0 License.



Benguela

Gulf of Mexico

West N. Atl

Beaufort

East N. Atl

S-GIN

N-GIN

Irminger

Full Grid
Proxy Grid
Land
Ocean

Full Grid
Proxy Grid
Land
Ocean

Figure 1. iLOVECLIM grid. The Full Grid area reflects the MSSA input data and is limited to the Atlantic Ocean (north of 34.5 ◦S) and

Arctic Ocean. The land and remaining ocean cells are not used in the MSSA analysis. The Proxy Grid reflects the 35 ocean grid cells where

geological data is available that satisfies the criteria described in Sect. 2.1.2. The white boxes and annotations outline the boundaries of the

sectors that are used to compute time-series (see Sect. 3.5).

and the temperature 12k database (Kaufman et al., 2020) (version 1.0.0). We only use the locations of temperature records

from marine sediments located within the Arctic Ocean or Atlantic Ocean north of 30◦S. We add an additional constraint of

a maximum average sampling interval of 100 yr as a first order criteria to select records that could potentially contribute to

detection of (multi-)centennial variability. After removal of duplicates, 61 locations remain (Tables. A1,A2,A3), which fall120

within 35 ocean grid cells of the iLOVECLIM grid (Fig. 1). These grid cells are used in further analysis and are referred to as

the Proxy Grid.

2.2 Analysis methods

2.2.1 MSSA: conceptual explanation

Multi-channel singular spectrum analysis is a relatively unknown methodology within paleoclimate research. It can be useful125

to think of MSSA as a combination of the more known singular spectrum analysis (SSA) and principal component analysis

(PCA). In this section we qualitatively cover the different use cases and advantages of the three methods in the context of

climate variability. In the next section (Sect. 2.2.2), we provide a more detailed mathematical introduction to MSSA to those
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who are interested. To provide an explanation of the similarities and differences between SSA, PCA and MSSA the methods

are applied within the context of the El Niño Southern Oscillation (ENSO) (Fig. 2). All three methods have previously been130

applied to ENSO, e.g., SSA Rasmusson et al. (1990); Keppenne and Ghil (1992), PCA Ashok et al. (2007), and MSSA Jiang

et al. (1995). We use monthly SSTs from HadISST (1.1) from 1951-1994 over the tropical Pacific Ocean (20◦N - 20◦S,

150◦E - 80◦W) (Rayner et al., 2003). Prior to application, we detrend the data with a second order polynomial followed by

standardisation to z-scores.

SSA is a method that is applied to single time-series to identify and filter the temporal patterns (Broomhead and King,135

1986a, b; Vautard and Ghil, 1989). These patterns are associated with specific frequencies, making SSA function as a spectral

analysis method. If multiple oscillations at different frequencies are identified, these can be considered distinct modes of

variability. E.g., when applied to the Niño3 index (Fig. 2a), there are pairs of eigenvalues (blue markers) around the frequencies

∼0.02 and 0.04 months−1 (Fig. 2b), which are indicative of oscillations (Allen and Smith, 1996). Section 2.2.2 contains a more

detailed description on identification of oscillations in (M)SSA spectra. The ∼0.02 and 0.04 months−1 modes correspond to140

periods of ∼46 and 26 months and are linked to the quasi-quadrennial and quasi-biennial modes of ENSO (Keppenne and Ghil,

1992; Rasmusson et al., 1990). Aside from identifying modes, SSA can be used to reconstruct filtered versions of the time-

series that correspond to the identified oscillation. E.g., the blue line in Figure 2a is the filtered Niño3 time-series associated

with the quasi-quadrennial mode. An inherent limitation of SSA is that it is univariate and can therefore not be used to infer

spatial or spatio-temporal information.145

Within the context of climate variability, PCA is applied to a set of geospatial time-series to identify the spatial patterns that

explain most of the variance (Preisendorfer and Mobley, 1988). Additionally, PCA is used to determine the temporal evolution

of the amplitude of the spatial patterns. E.g., when applied to equatorial Pacific SST anomalies (Fig. 2c), PCA identifies the

spatial pattern shown in Fig. 2f, which represents the classical ENSO mode (e.g., Ashok et al., 2007; Rasmusson and Carpenter,

1982). Figure 2g shows the temporal evolution associated with the amplitude of the spatial pattern. In theory, combining the150

spatial pattern and its temporal evolution gives a set of geospatial time-series that reflect how the spatial pattern changes

in amplitude over time. However, as the spatial-pattern is fixed this approach only provides limited information about the

underlying mechanisms of the variability. Another limitation of PCA is that different modes of variability cannot be separated

if the modes have spatial features in common.

MSSA overcomes the limitations of SSA and PCA when used to study modes of climate variability. MSSA is applied to a155

set of geospatial time-series to identify patterns in space and time (Broomhead and King, 1986a, b; Vautard and Ghil, 1989;

Plaut and Vautard, 1994). Like in SSA, the patterns are associated with specific frequencies which can lead to identification

of distinct modes of variability. E.g., when applied to equatorial Pacific SST anomalies (Fig. 2c), there are significant pairs

of eigenvalues around the frequencies 0.02 and 0.04 (Fig. 2d), which are linked to the quasi-quadrennial and quasi-biennial

modes of ENSO (Jiang et al., 1995). Aside from identifying modes in multivariate datasets, MSSA can be used to reconstruct160

filtered versions of the set of geospatial time-series that correspond to the identified patterns. E.g., Fig. 2e shows the evolution

in space and time of the filtered signal associated with the quasi-quadrennial mode. Critically, the filtered spatio-temporal
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patterns evolve in both amplitude and structure over time and are therefore suitable to study the mechanisms of the mode of

variability.

2.2.2 MSSA: mathematical explanation165

Here, we introduce the mathematical foundation behind SSA, PCA and MSSA, and show how MSSA combines the advantages

of both SSA and PCA. The three methods are based on the same mathematical principle. The methods solve an eigenvalue

problem, where a covariance matrix C is diagonalised to obtain eigenvectors E and eigenvalues Λ (Preisendorfer and Mobley,

1988; Broomhead and King, 1986a, b; Allen and Robertson, 1996), i.e.,

Λ = ETCE (1)170

where ET indicates the transpose of matrix E. The structure of the covariance matrix differs between the methods, resulting

in eigenvectors that contain different statistical information while the eigenvalues are always a measure of the amount of

variance that is explained by their associated eigenvectors. We first introduce how the covariance matrices for SSA and PCA

are built, and then show how the MSSA covariance matrix is based on aspects of SSA and PCA. Additionally, we show how

the information contained in the eigenvectors of the three methods differs and how they are typically used in the context of175

climate variability.

SSA is typically used to identify and filter the leading temporal patterns of a time-series, such as trends or oscillations. SSA

is applied to a single time-series x of length N (xn:1,N ), e.g., Niño3 (Fig. 2a). SSA is based on a sliding window approach to

build a trajectory matrix XSSA of size (N ′×M ) built with N ′ =N −M +1 lagged copies of time-series x, where each copy

is of a window size M (Broomhead and King, 1986a, b; Allen and Robertson, 1996), giving180

XSSA =




xn=1 xn+1 xn+2 . . . xM

xn+1 xn+2 xn+3 . . . xM+1

...
...

...
. . .

...

xN ′=N−M+1 xN ′+1 xN ′+2 . . . xN




(2)

The M x M lag-covariance matrix CSSA = XTX
N ′ is determined and diagonalised according to Eq. (1). The eigenvectors are

known as time empirical orthogonal functions (T-EOFs) and represent temporal patterns captured within the window M .

Projecting the time-series x onto the T-EOFs yields time-principal components (T-PCs), which indicate the amplitude of the

temporal pattern within the sliding window N ′ (Ghil et al., 2002). A Fourier analysis can be used to estimate the dominant185

frequency of each T-EOF. The eigenvalue of each T-EOF is combined with its associated frequency to construct the SSA

spectrum. E.g., the SSA spectrum for the Niño3 time-series (Fig. 2b) shows eigenvalues of the T-EOFs plotted against their

associated frequency.

There are three criteria to identify potential oscillations in a SSA spectrum (Plaut and Vautard, 1994; Allen and Smith, 1996)

and these criteria also apply to MSSA spectra (Allen and Robertson, 1996). First, oscillations are characterised by a pair of190
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SSA

MSSA PCA/EOF

Figure 2. Example of the methods SSA, PCA, and MSSA applied within the context of ENSO. a) Raw Niño3 time-series in grey (SSA

input data) and SSA filtered quasi-quadrennial time-series (T-RC 1-2, blue) associated with the T-EOF pair at 48 months in panel b. b) SSA

spectrum, where the eigenvalues are plotted against the dominant frequency of the associated eigenvector. Oscillations are indicated by pairs

of T-EOFs that meet the frequency, quadrature, and power criteria (section 2.2.2), such as the T-EOF pair at a period of 48 months. c) Pacific

SST anomalies that represent an example of PCA and MSSA input data at different timesteps. Each grid cell represents a channel d in matrix

P (Eq. (3)). d) MSSA spectrum, where the eigenvalues are plotted against the dominant frequency of the associated eigenvector. Red bars

indicate the 95% confidence intervals from the red noise based significance test. Oscillations are indicated by pairs of significant T-EOFs

that meet the frequency, quadrature, and power criteria (Sect. 2.2.2). e) Filtered quasi-quadrennial signal (ST-RC 1-2) associated with T-EOF

pair 1-2 at 48 months in panel d. f) pattern from the PCA analysis (S-EOF 1), representing the spatial features of ENSO that explain most

variance. g) Temporal evolution that reflects how the amplitude of the associated spatial pattern in panel f changes over time.
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T-EOFs that share the same dominant frequency. Second, there is a phase shift between the two T-EOFs that equals a quarter

of the period, known as being in quadrature. Third, the two T-EOFs have similar power, meaning a similar eigenvalue. These

criteria can most easily be understood when a T-EOF pair is though of as a sine-cosine pair. By definition, such a pair shares

the same frequency and is in quadrature. If the amplitudes of the pair remain constant over time, both will have the same

amplitude, explain the same variance, and hence have the same power. However, differences in power between members of195

a T-EOF pair may form due to e.g., amplitude modulation or intermittency. Note that T-EOFs are not constrained by specific

wave shapes and can therefore capture non-linear behaviour (Vautard and Ghil, 1989; Ghil et al., 2002). Additionally, T-EOFs

are not constrained by predetermined frequencies and (M)SSA will only find T-EOFs at frequencies where variance exists in

the data.

As an example, we apply the oscillatory criteria to the SSA spectrum for the Niño3 index (Fig. 2b), where we find T-EOF200

pairs of equal frequency at frequencies of e.g., ∼0.02, 0.04 months−1. The two pairs are associated with periods of ∼46 and

26 months, and are both in quadrature (not shown). The 26 month pair is not of the exact same power, though the difference is

relatively small. These T-EOF pairs have previously been linked to the quasi-quadrennial and quasi-biennial modes of ENSO

(e.g., Rasmusson et al., 1990; Keppenne and Ghil, 1992). Once a T-EOF pair has been identified as a mode of variability, it

can be used to compute the time reconstructed component (T-RC), which is a filtered version of the original time-series. E.g.,205

we select T-EOF 1-2 associated with the 46 month period and compute T-RC 1-2, which represents the filtered time-series

associated with the quasi-quadrennial ENSO mode (Fig. 2a).

In the context of climate variability, principal component analysis is often used to identify the leading spatial patterns within

a set of geo-spatial time-series. The set of geo-spatial time-series can be represented by a matrix P of size N ×D, where

D represents the amount of time-series (or locations) and N the length of the time-series (e.g., the Pacific SST anomalies in210

Fig. 2c) (Preisendorfer and Mobley, 1988). In the context of general PCA use, the locations of the time-series (D) are the

"variables" and the timesteps (N) are the "samples". The matrix P given by

P =




xn=1,d=1 xn=1,d=2 xn=1,d=3 . . . xn=1,d=D

xn=2,d=1 xn=2,d=2 xn=2,d=3 . . . xn=2,d=D

xn=3,d=1 xn=3,d=2 xn=3,d=3 . . . xn=3,d=D

...
...

...
. . .

...

xn=N,d=1 xn=N,d=2 xn=N,d=3 . . . xn=N,d=D




(3)

is used to compute the covariance matrix CPCA = PTP
N−1 . The diagonalization of CPCA (Eq. ( 1)) yields eigenvectors referred

to as space empirical orthogonal functions (S-EOFs). In terms of a general PCA, the S-EOFs are the "loadings" that explain215

how the locations (variables) co-vary. S-EOFs thus represent spatial patterns that explain most variance in the dataset. E.g.,

PCA applied to equatorial Pacific SST anomalies results in the spatial pattern S-EOF-1 (Fig. 2f) associated with the classical

ENSO mode (e.g., Ashok et al., 2007; Rasmusson and Carpenter, 1982). Projection of P onto the S-EOFs yields the associated

space principal components (S-PCs). In terms of a general PCA, the S-PCs are the "scores" that explain how strong a spatial
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pattern is at each timestep (sample) (Fig. 2g). S-PCs thus describe the temporal evolution associated with the amplitude of the220

S-EOFs. While the S-PC captures the temporal evolution of the S-EOF, the spatial pattern of a S-EOF always remains fixed.

Consequently, PCA provides limited information about the underlying mechanisms of variability. Additionally, PCA does not

identify distinct modes in frequency-space as no lags are considered in the construction of the covariance matrix. Consequently,

if multiple modes exist that share similar spatial features they cannot be separated with PCA.

MSSA combines the ability of SSA to identify specific modes of variability in frequency space with the ability of PCA225

to analyse a full set of geo-spatial time-series, and hence include spatial information. Additionally, once a mode has been

identified, MSSA can be used to reconstruct the filtered set of geospatial time-series related to the identified mode. MSSA uses

a set of geo-spatial time-series as input data (e.g., matrix P (Eq. ( 3)), similar to PCA. MSSA is the multi-variate extension of

SSA which is reflected in the application of a sliding window in the construction of the trajectory matrix. In MSSA, this matrix

is built by creating D trajectory matrices X̃SSA(d) (Eq. 2) for each time-series 1≤ d≤D (Broomhead and King, 1986a, b;230

Allen and Robertson, 1996). The individual matrices X̃SSA(d) are stacked horizontally resulting in a matrix

XMSSA =
[
X̃SSA(d=1) X̃SSA(d=2) . . . X̃SSA(d=D)

]

of size (N ′,M ×D). The computation of the spatio-temporal covariance matrix CMSSA depends on the rank of the trajectory

matrix XMSSA (Allen and Robertson, 1996), according to

Full rank :N ′ >M ×D : CMSSA =
XTX

N ′235

Rank-deficient :N ′ <M ×D : CMSSA =
XXT

MD

Aside from eigenvalues, the diagonalisation of CMSSA (Eq. (1)) yields eigenvectors known as space-time EOFs (ST-EOFs)

in the full rank case, and T-EOFs in the rank-deficient case. The other EOFs can always be obtained through projection of

XMSSA onto the already obtained eigenvectors (Allen and Robertson, 1996). Alternatively, a singular value decomposition of240

XMSSA can yield the T-EOFs, ST-EOFs, and singular values (Λ1/2) directly.

The T-EOFs and eigenvalues can be used to make the MSSA spectrum, where the signal is split in frequency-space and

potential modes of variability can be identified. Like in SSA, potential oscillations are characterised by T-EOF pairs that meet

the frequency, quadrature, and power criteria (Allen and Smith, 1996; Allen and Robertson, 1996). E.g., the MSSA spectrum

for the equatorial Pacific SST anomalies (Fig. 2d) shows several T-EOF pairs of the same frequency and of roughly similar245

power at periods of ∼11, 13, 22, 48, 56 months and more. Three out of the five pairs are in quadrature (not shown) but these

criteria are not yet sufficient to identify the three modes as oscillatory signal, as similar structures can result from noise (Allen

and Smith, 1996). To reduce the chance of identifying false positives, Allen and Smith (1996) and Allen and Robertson (1996)

developed a Monte Carlo (MC) significance test for (M)SSA, which was later improved by Groth and Ghil (2015).

The MC-significance test is based on a null-hypothesis that states that each of the D input channels is generated through250

a first order autoregressive model (AR1), commonly known as a red noise process (Allen and Smith, 1996). In a red noise

process, the next value of a time-series is based on a combination of the previous value and of a purely stochastic value. A red
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noise time-series is characterised by increasing spectral power at lower frequencies, and is a good fit for mid-latitude SST fields

(Hasselmann, 1976; Frankignoul and Hasselmann, 1977). In the MC-significance test, red noise parameters are estimated for

each eigenvector and used to create ensembles of surrogate data. The ensemble of surrogate data is used to construct confidence255

intervals for each eigenvector, which can be compared to the data eigenvalue (Allen and Robertson, 1996; Allen and Smith,

1996; Groth and Ghil, 2015). When the MC significance test is applied to the MSSA spectrum, only the T-EOF pairs 1-2 and

14-16 associated with periods of 48 and 22 months remain significant (Fig. 2d). These eigenvector pairs match the additional

criteria of frequency, quadrature (not shown), and power and can therefore be considered modes of variability. The 48 and 22

month modes are associated with the quasi-quadrennial and quasi-biennial modes of ENSO (Jiang et al., 1995).260

Upon a selection of an eigenvalue pair, the associated ST-EOFs are used to compute the space-time principal components

(ST-PCs) and reconstructed components (ST-RCs) (see Ghil et al. (2002) for details). The ST-RCs represent the filtered mode

of variability in the dimensions of the original dataset P . E.g., the ST-RC pair 1-2 shown in Fig. 2e are filtered geospatial

time-series from the original SST-anomalies shown in Fig. 2c related to the quasi-quadrennial T-EOF pair 1-2 from the MSSA

spectrum in Fig. 2d. The ST-RCs vary in amplitude and structure over time and can therefore be a powerful method to study265

the mechanism of the spatio-temporal behaviour of a mode.

2.2.3 MSSA: pre-processing and analysis choices

Here, we describe the specific pre-processing and analysis choices that we apply to the iLOVECLIM data to study mCAV

using MSSA. Prior to analysis, we detrend each time-series with a second order polynomial as the forcings in the transient

simulation change over time. However, note that detrending is not strictly required prior to MSSA as trends can be identified270

by eigenvectors within the analysis (e.g., Groth et al., 2017). It is standard practice to standardise the time-series to z-scores

and to perform an initial PCA analysis in which a number of leading S-PCs are retained to reduce dimensionality and impose

orthogonality (Allen and Robertson, 1996; Groth and Ghil, 2015). However, selecting too few S-PCs can lead to failed identi-

fication of signals within the significance testing procedure (Groth and Ghil, 2015). To prevent unnecessary false negatives, we

follow the recommendation by Groth et al. (2017) and use the maximum number of available S-PCs. Together, the S-PCs form275

the input matrix P . MSSA can be applied to several variables at the same time to explore how the variables covary together

in space and time. In such a joint MSSA, we perform the initial PCA analysis separately for both variables and then stack the

S-PCs from both variables together into a single input matrix P .

An important consideration in any application of MSSA is the choice of window size M . With a larger window, MSSA can

better resolve separate peaks that are close together in the spectrum (Plaut and Vautard, 1994). However, increased spectral280

resolution comes at the cost of temporal resolution resulting in spatio-temporal patterns that are temporally less precise (Plaut

and Vautard, 1994). Additionally, with a larger window size the confidence in the statistical test decreases as there are less

repetitions of the patterns captured in M throughout the time-series N , reflected by the ratio N/M (Ghil et al., 2002). Recent

studies have used minimum N/M ratios of ∼3.5 and 4 (Groth et al., 2017; Manta et al., 2024), hence we adopt a similar

minimum ratio of 3.5. A final consideration in choosing M is the period of interest, as MSSA cannot robustly detect oscillations285

longer than the window size M (Plaut and Vautard, 1994). Here, we choose the initial window size based on a standard spectral
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analysis of the AMOC time-series and follow the suggestion from Plaut and Vautard (1994) to choose M such that the period

of interest lies in the interval covered by [M/5,M ]. It is important to consider that MSSA results can be sensitive to the chosen

window size. Of particular importance are eigenvector pairs that are separated in the MSSA spectrum by a frequency distance

of 1/M , which cannot directly be considered separate modes (Allen and Robertson, 1996; Ghil et al., 2002). Therefore, it is290

important to determine the sensitivity of the MSSA based identification of potential eigenvalue pairs to the chosen window

size by repeating the analysis with different values for M (e.g., Allen and Robertson, 1996; Allen and Smith, 1996; Ghil et al.,

2002; Schmeits and Dijkstra, 2000; Manta et al., 2024).

Generally, the criteria of frequency, quadrature, and power are interpreted from plots such as the MSSA spectrum. To retain

consistency across analysing a large amount of MSSA spectra, we automate the process in a heuristic way. First, we identify295

pairs of equal frequency that consist of two significant T-EOFs. For each significant T-EOF, we consider combinations with the

next 5 significant T-EOFs. To meet the criterium, both T-EOFs must fall within the frequency interval [1/(Tav ± 0.025×Tav)],

where Tav is the average period of the two considered T-EOFs. To meet the power criterium, both members of the T-EOF

pair must fall within the interval [λav ± 0.025λav], where λav is the average eigenvalue of the two T-EOFs. To meet the

quadrature criterium, the phase shift Φ between the two T-EOFs must fall within the interval [Φlower,Φupper] indicated by300

[0.25±0.025×Tav]. However, the [Φlower,Φupper] requires an additional constraint to ensure there is at least a 1-index range

considered as quadrature in the decadally averaged data, which is achieved through a floor and ceiling function.

Φlower =min




0.25− 0.025×Tav

floor( 0.25×Tav

10 )× 10

Φupper =max




0.25+0.025×Tav

ceiling( 0.25×Tav

10 )× 10
305

In addition, the standard MSSA algorithm is complemented with the varimax rotation from Groth and Ghil (2011) to increase

the separability of modes. The varimax rotation is applied to all ST-EOFs that explain more than 1% of the variance. Also,

the Groth and Ghil (2015) significance test is applied, which includes a scaled Procrustes target rotation to the T-EOFs, a

modification of the original significance test (Allen and Robertson, 1996; Allen and Smith, 1996). Unless mentioned otherwise,

the significance test is based on 1000 Monte Carlo realisations and T-EOFs are considered significant if they exceed the 99th310

percentile of the surrogate data.

2.2.4 Standard spectral analysis

Here, spectral analyses of the annual AMOC time-series are based on the multi-taper method (MTM) (Percival and Walden,

2020; Thomson, 1982) and wavelet analysis (Torrence and Compo, 1998). The MTM contains a significance test based on a null

hypothesis of a red noise spectrum, which is fit to the median-smoothed data power spectrum (∆fsmooth = 0.05 year−1 (Mann315

and Lees, 1996). The wavelet analysis uses a Morlet wavelet (ω =6) and the Liu et al. (2007) bias correction for oceanic data

is applied to the power spectrum. The wavelet analysis also contains a significance test based on a red noise power spectrum,
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which is fit on the lag-1 autocorrelation coefficient of the time-series. In the wavelet analysis, significance is determined based

on a χ2 distribution with 2 degrees of freedom (Torrence and Compo, 1998). For both spectral analyses, we first detrend the

data with a second order polynomial, and then standardise the data to z-scores.320
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3 Results

3.1 (Multi-)centennial AMOC variability

We determine the presence and periodicities of the AMOC variability in the late Holocene simulations by applying spectral

analyses directly to the AMOC time-series. The spectral analyses inform the choice of the MSSA window size M and act as a

baseline to compare the MSSA results to.325

The AMOC strength (Fig. 3a), defined as the maximum meridional overturning in the North Atlantic between 45 ◦N - 65
◦N and below 500 m, in the late Holocene simulation has a mean strength of 15.9 Sv (106m3/s), which is slightly lower

than the initial PI spin-up simulation (17 Sv, not shown). The 50-yr low-pass filtered time-series shows pronounced variability

on (multi)-centennial timescales, with an 1.6 Sv standard deviation and peak-to-peak excursions in the range of 1-7 Sv. The

multi-taper spectrum of the raw annual AMOC time-series shows that periods longer than 105 yr contain significant power330

at the 99% confidence level (Fig. 3b). The broad (multi-)centennial band is characterised by local peaks at periods in the

ranges of 130-170 and 200-270 yr, while the highest power is located between periods of 350-600 yr. Additionally, the multi-

taper spectrum shows evidence of significant higher-frequency variability at multi-decadal (∼70-80 yr) and decadal (∼15 yr)

timescales. The broad (multi)-centennial variability is also reflected in the wavelet power spectrum (Fig. 3c), where at times the

full range between 140-600 yr is significant at the 95% confidence level. The lower-frequency (∼500 yr) variability appears335

as a significant signal throughout the simulation, while the 140-250 yr variability is significant between 2000-1500 yr BP

and from 900 yr BP onwards. The wavelet spectrum also shows evidence of increased, but not significant, variability in the

multi-decadal to bi-centennial ranges. Sporadically, the wavelet spectrum shows significant power at decadal timescales.

3.2 Modes of AMOC variability: zonally averaged perspective

We first apply joint MSSA to the zonally averaged temperature and salinity fields as we expect the signal-to-noise ratio of the340

mCAV to be highest in the latitude - depth domain (Te Raa and Dijkstra, 2003). We consider joint temperature and salinity

fields as buoyancy anomalies are a combination of thermal and haline anomalies. We choose an initial window size M = 500

yr to cover a large range of periodicities (100-500 yr, see Sect. 2.2.3) of the identified (multi-)centennial AMOC variability

(Fig. 3).

Figure 4a shows the the MSSA spectrum of the joint zonally averaged salinity and temperature analysis. Five pairs of T-345

EOFs with the same frequency are significant above the 99% percentile with associated periodicities of ∼440, 280, 200, 140,

and 105 yr. The ST-PC pair 5-7 associated with the 200-yr mode is shown in Fig. 4b. ST-PC 5 leads ST-PC 7 by a quarter

phase throughout most of the model years, indicating the pair is in quadrature. The other T-EOF pairs are also in quadrature

(not shown) and all the pairs are of similar power except for T-EOF 3-6 associated with the 280-yr mode. Notably, the T-EOF

pairs associated with the 200 and 140-yr modes are separated by a distance of 1/M as indicated by the black horizontal line350

(Fig. 4a). Consequently, these T-EOF pairs cannot be considered as distinct modes, unless they are robust for different window

sizes (e.g., Allen and Robertson, 1996).
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Figure 3. AMOC behaviour during the transient Late Holocene simulation. a) Annually averaged AMOC time-series (grey) and 50-yr

low-pass filtered time-series (black). b) Multi-taper power spectrum associated with the AMOC time-series. 99% confidence level indicated

by red-dashed line. Shaded areas indicate ranges of significant power. c) Wavelet power spectrum associated with the AMOC time-series.

Regions that exceed the 95% confidence level are outlined by black contours. Regions that are affected by edge effects are indicated by the

hatched areas (Torrence and Compo, 1998). The AMOC strength shows clear (multi-)centennial variability as indicated by the significant

spectral power at (multi-)centennial timescales in panels b) and c).
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Figure 4. a) MSSA spectrum for the joint zonally averaged temperature and salinity fields with M = 500 yr. T-EOFs are plotted at their

associated frequency versus their eigenvalues, which indicate power. Red-lines show the 1-99% confidence intervals from the red-noise based

significance test. Significant T-EOFs are indicated by filled markers, where the numbers indicate the corresponding T-EOF. The horizontal

black line indicates the distance 1/M in frequency space (Sect. 2.2.3). If T-EOF pairs are separated by 1/M they cannot be considered as

separate modes. Panel a) shows 5 pairs of significant T-EOF of the same frequency, where only T-EOF pair 3-6 does not have the same

power. b) Temporal evolution of the ST-PCs associated with the T-EOF pair 5-7 with a periodicity of 200-yr. When one of the ST-PCs (or

T-EOFs) leads the other by a quarter phase, the pair is considered to be in quadrature. Panel b) shows this is the case for ST-PC pair 5-7,

which therefore meets the quadrature criterium (Sect. 2.2.2).
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To determine the robustness of the potential modes we repeat the analysis with window sizes M of 400, 600, 700, and 800

yr and summarise the results in Fig. 5a. The 200 and 140-yr modes are consistently present across the different window sizes

and always meet the frequency and quadrature criteria. The 140-yr mode also meets the power criterium in 4 out of 5 window355

sizes, while the 200-yr mode never meets the power criterium. However, visual inspection of the MSSA spectrum for M = 500

yr (Fig. 4a) suggests the T-EOF pair associated with the 200-yr mode are of nearly equal power. This suggests the automated

method to determine the power criterium (Sect. 2.2.3) may be too strict. There is evidence of a potential higher frequency mode

(105 yr) in 3 out of 5 window sizes, where at least the frequency and quadrature criteria are met. There is some evidence of

lower frequency modes (280, 340, 440 yr), but these modes only meet the frequency and quadrature criteria in 1 or 2 out of360

the 5 window sizes. We also analyse the zonally averaged temperature and salinity fields separately. MSSA applied only to the

zonally averaged salinity field shows evidence of a 280, 200, and 140-yr mode that meet the frequency and quadrature criteria

for at least 4 out of 5 window sizes (Fig. A1a). MSSA applied only to the zonally averaged temperature field shows evidence

of a 200, 140, and 105-yr mode that meet the frequency and quadrature criteria for at least 4 out of 5 window sizes (Fig. A1b).

Additionally, the 280-yr mode is present for 3 out of 5 window sizes and meets the frequency and quadrature criteria.365

In short, the 200 and 140-yr modes are consistent features in the zonally averaged salinity, zonally averaged temperature,

and joint zonally averaged salinity and temperature MSSA spectra across different window sizes. Both modes consistently

meet the frequency and quadrature criteria, and the 140-yr mode generally also meets the power criterium. The periodicities

of the modes also align with local peaks in the multi-taper power spectrum of the AMOC time-series (Fig. 3b). Therefore, we

consider both the 200 and 140-yr modes as robust modes of variability, where the 140-yr mode is most robust, as it generally370

also meets the power criterium. The 280-yr mode is sensitive to the window size parameter but there is evidence of the mode in

the zonally averaged salinity, zonally averaged temperature, and joint zonally averaged salinity + temperature MSSA spectra.

The sensitivity to the window size limits the robustness of this mode, but we consider it likely the mode is a feature of mCAV

as it has a haline and thermal component and aligns well with the lower frequency variability in the power spectra (Fig. 3b,c).

While there is evidence of a potential 105-yr mode in the zonally averaged temperature and joint zonally averaged salinity375

and temperature MSSA spectra, the mode is identified in only 1 out of 5 window sizes in the zonally averaged salinity spectra

(Fig. A1a). We do not consider this as a robust mode of mCAV, as such a mode is expected to be present in both the temperature

and salinity fields. The MSSA results show some evidence of lower-frequency modes associated with periods of 340 and 440

yr and these periodicities aligns well with the multi-taper and wavelet power spectra (Figs. 3b,c). However, these modes are

inconsistent across different window sizes and there is no evidence of these modes in the zonally averaged temperature analyses380

(Fig. A1b). Consequently, we do not consider these lower-frequency modes as robust features of mCAV. We did not investigate

potential modes associated with (multi-)decadal frequencies as the focus is on (multi)-centennial variability.

A key strength of MSSA is the possibility to reconstruct the filtered spatio-temporal patterns associated with the identified

modes (Sect. 2.2.1, 2.2.2). We reconstruct the spatio-temporal pattern from MSSA for a window size M = 500 yr and focus

on the 140-yr mode as it is most robust. Therefore, we select T-EOF pair 11-12 (M=500 yr, Fig. 5a) and compute ST-RC385

11-12 for the zonally averaged temperature and salinity fields. Figure 5b shows the spatio-temporal temperature evolution of

approximately half a cycle of the 140-yr mode in 20-yr intervals.
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Figure 5. a) Overview of the MSSA spectra for the joint zonally averaged temperature and salinity fields for varying window sizes. For a

given window-size M (y-axis), the significant eigenvector pairs that have the same frequency are extracted from the MSSA Spectra. Markers

indicate which oscillation criteria are satisfied by the eigenvector pairs. The marker colour indicates the percentage of variance explained by

the eigenvector pair. Horizontal black lines indicates the distance 1/M in frequency-space. E.g., The MSSA spectra of Fig. 4a is summarised

in panel a) at M=500 yr. b) Spatio-temporal evolution of temperature anomalies associated with the 140-yr mode over 20-yr intervals. The

140-yr mode is based on ST-RC pair 11-12, retrieved from the joint zonally averaged salinity and temperature analysis (M = 500, panel a).
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The strongest temperature signal (up to ∼0.5◦C) is in the Arctic north of 80◦N. At 1000 yr BP, there is a warm anomaly

above ∼1500 m sitting on top of a weaker, cold anomaly. Over the next 40 yr, the warm anomaly intensifies and deepens.

Meanwhile, the cold anomaly aggregates at 2500 m depth around 70◦ N (980 BP), and potentially moves along the overflow390

pathways over the Greenland-Scotland ridge (960 BP). After 60 yr, the initial state is approximately reversed with a cold

anomaly in the upper 1000 m north of 80◦N and warm anomalies below. There is also a clear temperature signal around

the deep water formation latitudes 50-70◦N. At 1000 yr BP the warm anomalies are spread throughout the water column.

During the next 40 yr the warm anomalies at a depth of 1.5-3 km propagate southward. The propagation of anomalies in the

lower AMOC limb suggests these modes are associated with the AMOC. By 940 yr BP, the initial state is reversed with cold395

anomalies dominating the water column around 60◦N. A final region of interest is the (sub)tropical North Atlantic between

100-1500 m depth, where a cold anomaly aggregates between 1000 and 980 yr BP. By 960 BP, the cold anomaly has breached

the surface around 30◦N and weakened. At the same time, a strong cold anomaly has formed in the upper 500 m layer around

60◦N. It is unclear if this cold anomaly is associated with an advective process from the subtropical subsurface, from the Arctic,

or from other processes such as surface ocean-atmosphere interactions. By 940 BP, a warm temperature anomaly has formed400

in the subtropical subsurface, reversing the phase of the oscillation. The spatio-temporal behaviour of the 200-yr mode is very

similar to the 140-yr mode (Fig. A4a). There are small differences, with the 200-yr mode showing a more uniform pattern in

the Arctic and the (sub)tropical subsurface anomalies extending more clearly to the South Atlantic (sub)tropics.

3.3 Modes of AMOC variability: surface and upper ocean perspective

While the zonally averaged temperature and salinity fields are useful to identify the modes of AMOC variability, marine proxy405

reconstructions typically better reflect surface or upper ocean temperatures. Therefore, we also apply MSSA to the SST and

the upper ocean temperature fields, here defined as the average temperature taken over the upper 300 metres. Additionally, we

apply MSSA separately to the salinity fields and in a joint MSSA with temperature to test the robustness of the modes.

The MSSA spectra for the upper ocean temperature analyses show potential modes with periods of 200, 140, and 105 yr that

meet the frequency and quadrature criteria for all window sizes Fig. (6a). Similar to the zonally averaged analysis, the 140-yr410

mode also consistently meets the power criterium. There is also evidence of a 280 and 440-yr mode for 3 out of 5 window sizes

where the frequency and quadrature criteria are met. Including both upper ocean temperature and salinity fields into a joint

MSSA leads to robust identification of the 280, 200, 140, and 105-yr modes (Fig. A2a). However, when only the upper ocean

salinity field is considered, the 280, 140, and 105-yr modes are less robust (Fig. A2b).

We also perform the analyses for the SST and SSS fields to determine if the results are sensitive to the definition of the415

latitude-longitude field. The 280, 200, and 140-yr modes are robust features of the SSS, SST, and joint SSS + SST MSSA

spectra (Fig. A3). The joint SSS + SST spectra also consistently show evidence of the 105-yr mode, but this mode is only

present in 1 out of 5 window sizes for the SST spectra. Similarly, the SSS spectra show evidence of a 340-yr mode in 4 out of

5 window sizes (Fig. A3b), but the mode is not present for any window size in the SST spectra (Fig. A3c).

The spatio-temporal evolution of the 140-yr mode is characterised by upper ocean temperature anomalies (∼1◦C) in the420

subpolar North Atlantic, Greenland, Iceland, and Norwegian (GIN) Seas, and the Arctic Ocean, particularly the Barents Sea
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Figure 6. a) Overview of the MSSA spectra for the upper 300 m ocean temperature field for varying window sizes. Figure as in Fig. 5a.

b) Spatio-temporal evolution of temperature anomalies associated with the 140-yr mode over 20-yr intervals. The 140-yr mode is based on

ST-RC pair 7-8 retrieved from the upper ocean temperature analysis (M = 500 yr, panel a).
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(Fig. 6b). Anomalies in the subpolar North Atlantic and the GIN seas show stationary behaviour, while anomalies in the Arctic

show propagative behaviour. At 1000 yr BP, there are warm temperature anomalies in the Barents Sea, which spread eastward

towards the Beaufort Sea and Baffin Bay during the next 60 yr. By 940 yr BP, there are cold anomalies in the Barents Sea

and the reverse phase of the oscillation begins. A notable feature of the mode is the horseshoe-like pattern at 960 yr BP with425

warm anomalies in the subpolar North Atlantic, flanked by cold anomalies in the north, east, and south, often associated with

Atlantic Multidecadal Variability (Kushnir, 1994). South of 30◦N, the temperature anomalies associated with the mode are

smaller, though distinct and often opposing anomalies can be identified in the Gulf Stream region and the subtropical gyre.

The spatio-temporal behaviour of the 200-yr mode is qualitatively similar to that of the 140-yr mode (Fig. A4b). The spatio-

temporal patterns in the 200 and 140-yr modes of the SSTs are largely similar to those of the upper ocean temperatures, though430

there are two key differences (Fig. A6). Compared to the upper ocean temperature modes, the SST modes show anomalies in

the Barents Sea that are of opposite sign and there is no indication that the Barents Sea SST anomalies propagate around the

Arctic. Additionally, south of 30◦N, there is no clear SST signal in the Gulf Stream region, while there is a signal in this region

in the upper ocean temperature modes (Fig. 6b).

3.4 Modes of AMOC variability: Proxy Grid435

Thus far, we have used input data for MSSA that covers the Arctic and Atlantic Ocean in the latitude-longitude or latitude-

depth space, reflecting data in the order of ∼103 degrees of freedom. We have shown two key strengths of MSSA, namely the

ability to identify modes of variability from a set of geo-spatial time series, and the ability to reconstruct the spatio-temporal

patterns associated with the identified modes. However, data availability is among the main limiting factors when researching

past climates and it is unclear how this affects MSSA performance. Therefore, it is interesting to explore if the strengths of440

MSSA are retained when the input data more realistically reflects the degrees of freedom of geological proxy reconstructions.

We again apply MSSA to the upper ocean temperatures, but now include only cells of the Proxy Grid (Sect. 2.1.2), which

contains just 35 ocean grid-cells (Fig. 1). We apply MSSA to the input data constrained by the Proxy Grid and explore the

ability of MSSA to identify the three most robust modes (280, 200, 140-yr) identified in analyses of Sect. 3.2, and 3.3. We

may also expect to find evidence of the less robust 440 and 105-yr modes, which are features of the Full Grid upper ocean445

temperature MSSA results (Fig. 6a). Salinity fields are not included in the analysis as salinity proxy reconstructions are very

rare.

The Proxy Grid upper ocean temperature MSSA results are summarised in Fig. 7a. There is evidence of a 140-yr mode that

meets at least the frequency and quadrature criteria in 3 out of 5 window sizes. There is also evidence of a 280-yr mode in

3 out of 5 window sizes, though one of the oscillatory pairs does not meet the quadrature criterium. There is no evidence of450

T-EOF pairs associated with the 200-yr mode. Compared to the Full Grid analyses, the Proxy Grid MSSA evidence of the 280

and 140-yr modes is less robust and the 200-yr mode is not identified at all. This may suggest the signal-to-noise ratio in the

Proxy Grid is too low to robustly identify the modes that are present in the upper ocean temperature fields. Nonetheless, the

evidence of the 280, and 140-yr modes suggest mCAV is present within the data constrained by the Proxy Grid.
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Figure 7. a) Overview of the MSSA spectra for the upper 300 m ocean temperature field when the input data is constrained by the Proxy

Grid. Figure as in Fig. 5a. b) Relative frequency histograms that summarise the results of the MC75 experiment. Colours indicate different

window sizes. The histograms indicate the percentage of MC realisations where an oscillatory mode is identified at a given period (x-axis).

To be considered as an oscillatory mode a T-EOF pair must be significant and satisfy the frequency, quadrature, and power criteria.

In an attempt to extract the signal from the noise, we increase the parameter space of the problem by applying MSSA to455

many different combinations of grid cells that are part of the Proxy Grid. Specifically, we further subsample the Proxy Grid and

randomly select 75% of the grid cells (26 out of 35) and apply MSSA with a red-noise surrogate test based on 100 realisations.

From the MSSA spectrum, we store eigenvalue pairs that exceed the 99th percentile of the surrogate test and meet the oscillatory

criteria of frequency, quadrature, and power. For each window size (M = 400, 500, 600, 700, 800 yr), we repeat this process

1000 times in a Monte Carlo approach and refer to this experiment as MC75. We summarise the results by creating relative460

frequency histograms that indicate how often a mode is identified within the 1000 realisations (Fig. 7b).
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In the MC75 experiment there are five potential modes that are identified across the different window sizes. The 280, 200,

and 140-yr modes are the three most commonly identified modes independent of window size. These modes align with the

three most robust modes of mCAV identified in the analyses on the zonally averaged salinity and temperature fields (Sect.

3.2). The identification rate of the 140-yr mode is between ∼12-50%, while identification rates of the 280 and 200-yr modes465

have upper bounds of ∼25% and 20% respectively, and similar lower bounds of ∼10%. The fourth most commonly identified

mode falls in the 95-105-yr bin with identification rates between the ∼3-11%. This mode reflects the ∼105-yr mode that is

also present in the Full Grid upper ocean temperature analysis (Fig. 6a). There is some evidence of a potential 340-yr mode,

though the mode has very low identification rates (∼2-4%). This potential 340-yr mode is not a common feature of the Full

Grid analysis on temperature fields, but is a robust feature of the Full Grid SSS field (Fig. A3b) and the upper ocean salinity470

field (Fig. A2b).

In the literature, the power criterium is sometimes relaxed or not applied (e.g., Manta et al., 2024; Seitola et al., 2015).

Furthermore, the heuristic implementation of the power criterium in this study may be too strict (3.2). Therefore, we perform

an additional sensitivity experiment where only the frequency and quadrature criteria are applied. The same 280, 200, and 140-

yr modes are most commonly identified, but at higher identification rates (∼22-72%) (Fig. A10a). However, in the sensitivity475

experiment there is also more evidence of non-robust modes associated with periods of 120, 180, and 340-yr. Next, we further

constrain the input data and repeat the Monte Carlo Proxy Grid subsampling experiment by randomly subsampling 50%

(MC50, 17 grid-cells) and 25% (MC25, 8 grid-cells) of the Proxy Grid. Both the MC50 and MC25 experiment lead to the

same conclusion as MC75, where the 280, 200, and 140-yr modes are the three most commonly identified modes independent

of window size (Fig. A10b,c). While the identification rate of the 200-yr mode is relatively insensitive to the amount of input480

data, the 280 and 140-yr modes are affected. The upper bounds of the identification rate of the 140-yr mode decrease from

∼52% (MC75) to ∼23% (MC25), largely due to a decrease in the identification rate in window sizes M = 400 and 500 yr. The

280-yr mode is affected in the opposite way, with the upper bound increasing from ∼25% (MC75) to ∼37%, largely due to an

increase in the identification rate in window sizes M=700 and 800 yr.

3.5 Spatio-temporal coherence485

The Monte Carlo Proxy Grid subsampling procedure shows MSSA remains a powerful way to determine modes of variability

when input data is realistically constrained. In this section, we explore if MSSA retains its second strength of reconstructing

filtered spatio-temporal patterns related to the modes when the input data is constrained. More specifically, we determine if the

modes identified from the MC Proxy Grid experiments are coherent in space and time compared to the modes identified from

the Full Grid.490

We use the filtered spatio-temporal upper ocean temperature anomalies related to the 140-yr mode from the Full Grid

analysis (Fig. 6b) to compute time-series over the sectors indicated in Fig. 1. Next, we determine the phase relationship with

respect to the Irminger sector. Specifically, we retain the phase lead associated with the maximum correlation coefficient within

the range of [0,Tav], where Tav represents the dominant period of the mode. We compare with respect to the Irminger sector

as it contains the most proxy locations, which likely makes the sector the least sensitive to subsampling. We repeat this process495
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for each of the realisations of the MC Proxy Grid ensembles (M = 500 yr) that finds a significant 140-yr mode that meets the

frequency, quadrature, and power criteria. We use the distribution of phase leads of the MC Proxy Grid ensembles to construct

the histograms in Fig. 8. We describe the spatio-temporal coherence between the 140-yr mode of the Full Grid and the MC

experiments with a measures of accuracy and precision. The measures are based on the mean and standard deviation of the

distribution of phase leads associated with a specific region and MC experiment. Accuracy is indicated by the distance between500

the Full Grid phase lead and the MC experiment mean phase lead (meanθ). Precision is indicated by the phase lead standard

deviation (stdθ). We calculate the mean and standard deviation based on circular statistics (Mardia and Jupp, 1999) because we

are analysing oscillatory modes.

To exemplify the spatio-temporal signals in the MC-Proxy Grid ensembles, Fig. 8 shows the two sectors where the signals

are most coherent and (among the) least coherent. For the Full Grid 140-yr mode, the southern GIN (S-GIN) sector is in phase505

(0 yr lead) with the Irminger sector, as indicated by the orange line in Fig. 8a. We consider this 0 yr phase lead as baseline and

use it as comparison for the phase leads of the 140-yr modes identified in the MC Proxy Grid ensembles. For each realisation

of the MC75 ensemble that contains a 140-yr mode, nearly 100% show the same in phase relationship between the S-GIN

and Irminger sector (Fig. 8a). This results in a circular mean phase lead very close to the lead of the Full Grid, indicating

high accuracy. Additionally, the spread of the MC75 ensemble is very small (stdθ ∼ 1 yr), indicating high precision. Further510

reducing the input data size to the MC50 and MC25 ensembles has a negligible effect on the accuracy, while the precision

decreases slightly. Overall, reducing the input data size only has a small effect on the spatio-temporal coherence between the

S-GIN and the Irminger sector. Other sectors with high accuracy and precision are the East North Atlantic, West North Atlantic,

and northern GIN (N-GIN) (Fig. A7). In these sectors, decreasing the input data size to MC50 and MC25 also has a negligible

effect on the accuracy while decreasing the precision.515

The Full Grid ST-RCs associated with the 140-yr mode show the Beaufort sector leads the Irminger sector by 60 yr (Fig.

8b). The MC75 realisations with a 140-yr mode show a the Beaufort sector has a circular mean phase lead of ∼55 yr, making

it reasonably accurate. However, only ∼20% of the realisations fall within the 60-yr lead bin, and there is a relatively large

spread (stdθ ∼ 11 yr), highlighting the lower precision in the reconstructed spatio-temporal pattern. Further reducing the input

data size to the MC50 and MC25 shifts the mean lead towards longer timescales and decreases the precision further. The Gulf520

of Mexico and Benguela are other sectors with a lower accuracy and lower precision (Fig. A7) compared to the regions in the

North Atlantic.

We repeat the analysis of the spatio-temporal coherence for the 200 and 280-yr modes. Results for the 200-yr mode are

largely similar compared to the 140-yr mode, with two exceptions (Fig. A8). In the 200-yr mode, the West North Atlantic

region shows much lower accuracy and precision, and becomes the least coherent sector. Additionally, the Gulf of Mexico525

shows relatively higher accuracy and precision in the 200-yr mode.

Results for the 280-yr mode indicate the S-GIN and East North Atlantic remain among the modes with highest accuracy and

precision (Fig. A9), similar to the 140-yr mode. The Gulf of Mexico, Benguela, and Beaufort sector also perform relatively

well in terms of accuracy and precision, marking a clear difference with the 140-yr mode. In the 280-yr mode, the N-GIN and

West North Atlantic show the lowest spatio-temporal coherence with low accuracy and precision.530
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Figure 8. Spatio-temporal coherence of the 140-yr mode between the Full Grid (orange) and the MC experiments (shades of pink) for a

window size M = 500 yr. Panels show the phase lead of the time-series computed over a) the S-GIN sector, and b) the Beaufort sector,

relative to the Irminger Sector. The phase lead of the Full Grid is indicated by the orange vertical line. The relative frequency histograms

illustrate the distribution of the leads from the Monte Carlo Proxy Grid ensembles for each realisation that contains a 140-yr mode and

contains grid cells in both the given sector and the Irminger sector. The circular mean phase leads (meanθ) for the MC experiments are

indicated by the dashed vertical lines. The text insets show the number of realisations that are included in the histogram and statistics, as well

as the circular standard deviation of the phase leads (stdθ) for the MC experiments. Results for other sectors are shown in Fig. A7.
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4 Discussion & Conclusions

We introduced the paleoclimate community to MSSA and showcased a conventional use case where we identified robust modes

of simulated mCAV from unconstrained input data. Next, we used the perfect model perspective to explore the potential appli-

cability of MSSA to geological reconstructions by constraining the simulated data by the location and amount of potentially

available geological reconstructions relevant to mCAV. We successfully used MSSA to trace the most robust modes of vari-535

ability under the applied constraints. In a final step, we showed that modes identified with MSSA can be coherent in space and

time between modes identified from unconstrained and constrained input data, though the coherence appears to depend on the

region.

4.1 Identification of modes

The MSSA spectra summarised in Fig. 7a,b indicate the identification of modes based on the constrained input data is strongly540

dependent on the combination of cells from the Proxy Grid that form the input data. Exploring different combinations of input

data with a Monte Carlo procedure resulted in the identification of the 280, 200, 140, 105-yr modes, and potentially a 340-yr

mode. The MC75, MC50, and MC25 experiments consistently showed the 280, 200, and 140-yr modes as the modes with

the highest identification rates. This shows the Monte Carlo procedure can extract the modes of mCAV we consider as most

robust based on the zonally averaged salinity and temperature analyses (Sect. 3.2). Furthermore, there was limited evidence of545

identification of non-robust modes, which increases our confidence in the Monte Carlo procedure. The non-robust modes are

likely limited due to the conditions that potential T-EOF pairs must satisfy to be considered as modes, namely to be significant,

meet the frequency, quadrature, and power criteria, as well as be present across the different window sizes (Sect. 3.4).

It is possible that the strongly reduced size of the input data makes the analysis more susceptible to noisy time-series that

distort the signal. However, we were unable to identify any grid-cell in the Proxy Grid that was less likely than others to be550

included in a MC realisation where we identify at least one of the 280, 200, or 140-yr modes (not shown). Therefore, we

deem it likely that the signal-to-noise ratio is lower in the Proxy Grid based input data compared to the Full Grid, which

makes the identification of modes more sensitive to input data and analysis choices. Our results highlight the importance of

varying parameters in the application of MSSA, such as the window size and potentially the input data, particularly when the

signal-to-noise ratio becomes very small.555

4.2 Spatio-temporal coherence of modes

When a mode of the same period is identified from both the unconstrained and the constrained input data, the spatio-temporal

coherence between the modes is generally high in the N-GIN, S-GIN, and East North Atlantic (Sect. 3.5). Additionally, the

Monte Carlo subsampling approach shows the precision of the spatio-temporal coherence decreases with decreasing amounts

of input data. While hardly surprising, it highlights the importance of finding a balance between a low number of high quality560

reconstructions or a larger number of reconstructions of lower average quality (e.g., Christiansen and Ljungqvist, 2017; Jaume-

Santero et al., 2020). The spatio-temporal coherence is generally lower for regions that are located further away from the North
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Atlantic, such as the Benguela and Beaufort regions. Coincidentally, the Beaufort and Benguela regions are also amongst the

regions with the least grid cells in the Proxy Grid, which could negatively impact the spatio-temporal coherence because the

anomalies cannot be averaged over multiple grid-cells. However, in the MC25 experiment all regions are statistically likely to565

contain just 1 or 2 grid cells and the Beaufort and Benguela region have among the lowest coherence in the MC25 experiment

of the 140-yr mode (Fig. 8b, A7). Consequently, the amount of proxy-grid cells per region is not likely to be the dominant

explaining factor for the low coherence. Alternative explanations for the lower coherence may be that these regions are not

linked directly to AMOC dynamics, may be influenced by other local processes, or the centennial timescales may be too short

for advective signals to emerge (e.g., Bakker et al., 2026). Indeed, the relative spatio-temporal coherence of the Benguela and570

Beaufort region compared to the other regions is higher for the 280-yr mode compared to the 140-yr mode.

A notable region is the West North Atlantic, which showed high precision for the 140-yr mode, but the lowest precision

for the 200 and 280-yr modes (Figs. A7, A8, A9). This suggests the boundaries of the West North Atlantic as defined in

this study (Fig. 1) may be unsuitable for extracting spatio-temporally coherent signals. The proxy reconstructions in the West

North Atlantic region are located in an area that is influenced by the warm Gulf Stream and cold Labrador Current. The spatio-575

temporal behaviour of the 200 and 280-yr modes is much more heterogeneous in this region compared to the 140-yr mode (i.e.,

compare Figs. 6b and A4b, A5b), which may be related to these currents. However, the interactions between the Gulf Stream

and Labrador Current are poorly represented by iLOVECLIM due to the low resolution and the exclusion of Newfoundland as

a land mass in the ocean grid. Consequently, it is unlikely that our assessment of the spatio-temporal coherence in this region is

accurate. Potentially, the spatio-temporal coherence could be improved by splitting the West North Atlantic sector into regions580

that are dominantly affected by either the Gulf Stream or the Labrador Current.

4.3 Potential effects of proxy uncertainties

Our research is limited by the methodological choice not to consider the variety of uncertainties that are associated with

geological proxy reconstructions. In the context of mCAV, the climate signal may be relatively weak compared to analytical

and calibration uncertainties, which may hinder the identification of multi-centennial modes with MSSA. In a first order585

estimate, Bakker et al. (2026) have shown the SST signal associated with 100-200 yr AMOC variability may only be detectable

relative to analytical and calibration uncertainties in the region around Iceland and in a part of the subpolar gyre. However, this

estimate assumes a mCAV amplitude of 8% (relative to the mean AMOC strength) based on previous mCAV model studies.

As climate models typically underestimate regional climate variability on (multi-)centennial timescales (Lovejoy et al., 2013;

Ellerhoff and Rehfeld, 2021; Zhu et al., 2019; Hébert et al., 2022; Laepple et al., 2023), the 8% estimate could very well590

be an underestimation compared to the real climate system. Bioturbation could further distort the multi-centennial signal by

smoothing the signal (Berger and Heath, 1968; Hutson, 1980; Löwemark, 2025).

Age uncertainties associated with marine sedimentary archives form another potential obstacle in detecting modes of vari-

ability. In Holocene marine sediments, age uncertainties associated with carbon dating are typically in the range of several

decades (Anchukaitis and Tierney, 2013). Bioturbation can also influence age uncertainty related to the age-heterogeneity of595

the sediment (Andree, 1987; Lougheed et al., 2020; Löwemark, 2025). Age uncertainties could also negatively impact the
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spatio-temporal coherence of identified modes. Consequently, it is essential that age uncertainties are included in any analysis

on phase relationships between different marine sediment proxy reconstructions (Franke and Donner, 2019; Anchukaitis and

Tierney, 2013). MSSA requires further development to include proxy-uncertainties but MSSA is readily applicable to archives

with high temporal resolution and less influenced by age uncertainties, such as records from tree rings. Indeed, Taricco et al.600

(2015) applied MSSA to 26 (17) mostly annually resolved Northern Hemisphere extratropical temperature reconstructions that

cover the last millennium (last two millennia). They found multi-decadal and (multi-)centennial modes and were able to infer

propagative behaviour between latitude belts. It is plausible that the modes identified by Taricco et al. (2015) are related to

AMOC variability because the identified signal was particularly high around the North Atlantic and terrestrial variability on

these timescales is typically ocean-driven (Hébert et al., 2022).605

4.4 iLOVECLIM mCAV

We identified robust 280, 200, and 140-yr modes of mCAV in the Late Holocene iLOVECLIM simulation (3.2). The modes

display very similar spatio-temporal patterns, where the temperature signal is strongest in the Arctic Ocean and the subpolar

North Atlantic (Figs. 5b, 6b, A4, A5). This suggests the iLOVECLIM mCAV mechanism may be similar across the modes and

can act on different timescales. Other modelling studies have suggested the mCAV in their simulations is driven by processes610

in the Arctic (Jiang et al., 2021; Meccia et al., 2023; Mehling et al., 2023; Mehling, 2024) or subpolar North Atlantic (Yang

et al., 2024b; Cao et al., 2023). As these regions show a strong signal in our analysis these processes could also play a role in

the iLOVECLIM simulation.

In several of the MSSA spectra we found evidence of potential lower frequency modes with periodicities of 340 yr (e.g.,

Figs. A2b, A3b) or 440-yr (Fig. 6a). These potential modes align well with the spectral analysis of the AMOC (Fig. 3b,c),615

which suggests these modes may be relevant features of the mCAV in the simulation. It is possible that the strongly quasi-

oscillatory low frequency variability becomes aliased into different low-frequency eigenvectors depending on exact MSSA

configuration (e.g., Taricco et al., 2015). However, this is speculative and these low-frequency modes cannot be considered

robust due to their sensitivity to window size and/or dominant presence in either the temperature or salinity fields. Nonetheless,

we showed that the AMOC strength in the simulation is characterised by a broad multi-centennial spectrum (Fig. 3b) and620

multiple distinct modes. Several modern ESMs (e.g., CanESM5, IPSL-CM6A-LR, EC-Earth3, and UKESM1-0-LL) also show

multi-taper spectra of AMOC time-series with a broad multi-centennial power spectrum (Mehling et al., 2024). Our results

imply that the mCAV in these models may also be characterised by several distinct modes, which has thus far typically not

been considered in mCAV research.

4.5 Outlook625

In this study we showed it is possible to identify robust modes of simulated (multi-)centennial AMOC variability under strongly

constrained input data that more realistically reflects the geological record in terms of location and number of records. Further-

more, we showed that the modes identified based on the constrained input data generally retain their spatio-temporal coherence

within the northern and eastern North Atlantic. These findings suggest MSSA can be a suitable tool to extract modes of variabil-
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ity and associated spatio-temporal patterns from geological reconstructions. Consequently, we believe MSSA can function as630

the key methodology in the Mechanistic Indicators framework to construct hypotheses of mechanisms of mCAV in models and

to use the geological record to falsify such hypotheses. This motivates further work that incorporates uncertainties associated

with geological reconstructions into the MSSA methodology, which is a necessary step if phase-relationships are inferred from

geological reconstructions (Franke and Donner, 2019; Anchukaitis and Tierney, 2013). From the dynamical oceanography per-

spective, the Mechanistic Indicators framework motivates the identification and clustering of phase relationships in different635

models that may contain different mechanisms of mCAV. In this context, our results highlight the importance of considering

the possibility that a broad multi-centennial AMOC spectrum can contain multiple distinct modes of variability that could be

related to different mechanisms. Furthermore, even though salinity anomalies typically play a dominant role in mechanisms

of mCAV (e.g., Jiang et al., 2021; Yang et al., 2024b; Meccia et al., 2023; Mehling et al., 2024), we highlight it is critical to

include temperature fields in the study of mechanisms of mCAV as evidence of phase relationships from the geological record640

necessarily depends on temperature, and not salinity, reconstructions.
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Code and data availability. The iLOVECLIM output and the processed data required to create figures are available through Zenodo 10.5281/zen-

odo.20122669 (Bense, 2026a). The notebooks to create the figures are available at

https://github.com/tbense/Bense_ea_2026_Extracting_coherent_spatio and archived through Zenodo 10.5281/zenodo.20201057 (Bense, 2026b).

The HadISST dataset is available through NSF NCAR GDEX https://doi.org/10.5065/XMYE-AN84 (Hadley Centre for Climate Prediction645

and Research//Ministry of Defence/United Kingdom and Office, 2000). The temperature 12k database (Kaufman et al., 2020) is available

through WDS-NOAA https://doi.org/10.25921/4ry2-g808. The PAGES 2k temperature database (PAGES2k Consortium et al., 2017) is also

available through WDS-NOAA https://doi.org/10.25921/ycr3-7588.

The MSSA analysis is largely based on an adjusted version of the mssakit python package by Saraswati and de Viron (2023)

(https://github.com/anitasaraswati/MSSAkit/). The MTM analysis was performed using code from Mehling (2024)650

(https://github.com/omehling/centennial-variability-CMIP6). The wavelet analysis was performed using the PyCWT package from Krieger

and Freij (2025)(https://github.com/regeirk/pycwt). Linear colour maps are based on Crameri et al. (2020) and can be obtained through

Zenodo 10.5281/zenodo.1243862.
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Figure A1. Overview of the MSSA spectra for a) the zonally averaged salinity field, and b) the zonally averaged temperature field. Figure as

in Fig. 3a.
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Figure A2. Overview of the MSSA spectra for a) the joint upper 300 m ocean salinity and temperature fields, and b) the upper 300 m ocean

salinity field. Figure as in Fig. 3a.
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Figure A3. Overview of the MSSA spectra for a) the joint SSS and SST fields, b) the SSS field, and c) the SST field. Figure as in Fig. 3a.
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Figure A4. Spatio-temporal evolution of temperature anomalies associated with the 200-year mode over 30-year intervals. a) The zonally

averaged mode is based on ST-RC 5-7 from the MSSA spectrum based on the joint zonally averaged salinity and temperature field and M =

500 yr (Fig. 5a). b) The upper 300 m mode is based on ST-RC 5-6 from the MSSA spectrum based on the upper 300 m ocean temperature

field and M = 500 yr (Fig. 6a).
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Figure A5. Spatio-temporal evolution of temperature anomalies associated with the 280-year mode over 40-year intervals. a) The zonally

averaged mode is based on ST-RC 3-6 from the MSSA spectrum based on the joint zonally averaged salinity and temperature field and M =

500 yr (Fig. 5a). b) The upper 300 m mode is based on ST-RC 3-4 from the MSSA spectrum based on the upper 300 m ocean temperature

field and M = 500 yr (Fig. 6a).
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Figure A6. Spatio-temporal evolution of SST anomalies associated with the a) 140-year mode, and b) the 200-year mode from the MSSA

spectrum based on the SST field and M = 500 yr. The 140-year mode in panel a) is based on ST-RC 7-8, and the 200-year mode in panel b)

on ST-RC 4-6 (Fig. A3c).

36

https://doi.org/10.5194/egusphere-2026-2794
Preprint. Discussion started: 11 June 2026
c© Author(s) 2026. CC BY 4.0 License.



140 120 100 80 60 40 20 0
Lead vs Irminger sector (yr)

0

20

40

60

80

100

R
el

at
iv

e 
co

un
t (

%
)

n = 505

Std =   3.5 yr

n = 374

Std =   4.7 yr

n = 154

Std =   5.6 yr

N-GIN

MC75
MC50
MC25

140 120 100 80 60 40 20 0
Lead vs Irminger sector (yr)

n = 501

Std =   3.9 yr

n = 341

Std =   4.7 yr

n = 133

Std =   4.8 yr

West N. Atl.

Full Grid
Mean

140 120 100 80 60 40 20 0
Lead vs Irminger sector (yr)

0

20

40

60

80

100

R
el

at
iv

e 
co

un
t (

%
)

n = 505

Std =   1.6 yr

n = 370

Std =   3.2 yr

n = 110

Std =   4.7 yr

East N. Atl.

140 120 100 80 60 40 20 0
Lead vs Irminger sector (yr)

n = 505

Std =   5.1 yr

n = 384

Std =   9.7 yr

n = 155

Std =   14.8 yr

Gulf of Mexico

140 120 100 80 60 40 20 0
Lead vs Irminger sector (yr)

0

20

40

60

80

100

R
el

at
iv

e 
co

un
t (

%
)

n = 462

Std =   8.8 yr

n = 286

Std =   12.7 yr

n = 66

Std =   14.2 yr

Benguela

140 yr mode

Figure A7. Spatio-temporal coherence of the 140-year mode between the Full Grid (orange) and the MC experiments (shades of pink) for a

window size M = 500 yr. Panels show the phase lead of the time-series computed over: the N-GIN, West N. Atlantic, East N. Atlantic, Gulf

of Mexico, and Benguela sector. Figure as in Fig. 8.
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Figure A8. Spatio-temporal coherence of the 200-year mode between the Full Grid (orange) and the MC experiments (shades of pink) for a

window size M = 500 yr. Panels show the phase lead of the time-series computed over the different sectors as defined in Fig. 1). Figure as

in Fig. 8.
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Figure A9. Spatio-temporal coherence of the 280-year mode between the Full Grid (orange) and the MC experiments (shades of pink) for a

window size M = 500 yr. Panels show the phase lead of the time-series computed over the different sectors as defined in Fig. 1). Figure as

in Fig. 8.
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Figure A10. Relative frequency histograms that summarise the results for the MC experiments. Colours indicate different window sizes.

The histograms indicate the percentage of MC realisations where an oscillatory mode is identified at a given period (x-axis). a) Sensitivity

experiment where T-EOF pairs from MC75 are considered as oscillatory modes when the frequency and quadrature criteria are satisfied.

Panels b) and c) summarise the results for MC50 (b) and MC25 (c) where T-EOF pairs must also satisfy the power criterium in addition to

the frequency and quadrature criteria, similar to Fig. 7b.
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