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Abstract18

Multi-decadal observations of major ocean circulation systems reveal contrasting19

trends and complex inter-basin connectivity patterns that challenge traditional20

conceptualizations of global ocean circulation. Using non-parametric trend anal-21

ysis, multi-method causality testing, and wavelet coherence techniques, we22

analyzed volume transport time series spanning 1984–2023 for the Indonesian23

Throughflow (ITF), Agulhas Current system, and Atlantic Meridional Over-24

turning Circulation (AMOC). The ITF demonstrates statistically significant25

strengthening, with geostrophic and salinity components increasing by 0.79 and26

0.28 Sv decade−1, respectively (p < 0.05). Conversely, the AMOC exhibits27

robust weakening of −1.61 Sv decade−1 (p < 0.0001), while Agulhas transport28

shows no significant long-term trends despite substantial interannual variabil-29

ity. Causality analysis reveals four statistically significant pathways linking ITF30

components to Agulhas variability with lag times of 0–18 months, supported31
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by consensus across maximum cross-correlation, convergent cross mapping, and32

transfer entropy methods. However, no direct causal connections emerge between33

either Indo-Pacific system and the AMOC, indicating regional forcing domi-34

nance over global-scale coupling on observable timescales. Wavelet coherence35

analysis identifies dominant annual-scale coupling (0.87–1.30 years) in ITF-36

Agulhas relationships, with enhanced coherence during major climate events37

including the 1997–98 El Niño. These findings suggest that contemporary ocean38

circulation responds primarily to regional forcing mechanisms—intensified Mar-39

itime Continent rainfall driving ITF strengthening and weakened North Atlantic40

convection controlling AMOC decline—rather than operating as a tightly cou-41

pled global conveyor belt. The identified statistical relationships provide critical42

observational constraints for ocean circulation models and highlight the need43

for sustained monitoring as anthropogenic forcing continues to reshape ocean44

gateway dynamics.45

Keywords: Agulhas Current, Atlantic Meridional Overturning Circulation,46

Indonesian Throughflow, Ocean transport variability, Statistical causality47

1 Introduction48

The ocean’s meridional overturning circulation constitutes Earth’s primary mecha-49

nism for redistributing heat from equatorial to polar regions, fundamentally shaping50

global climate patterns and regional weather systems. This vast circulation net-51

work, comprising interconnected currents across all ocean basins, has emerged as a52

critical focus of climate research due to mounting evidence of ongoing changes in53

response to contemporary climate forcing. Understanding the variability and trends of54

major ocean currents—particularly the Atlantic Meridional Overturning Circulation55

(AMOC), the Indonesian Throughflow (ITF), and the Agulhas Current system—has56

become essential for characterizing the evolution of the global ocean circulation system.57

The modern understanding of ocean circulation rests upon theoretical foundations58

established over seven decades ago. Stommel (1948) provided the first mathematical59

explanation for the westward intensification of ocean currents, demonstrating that60

the latitudinal variation of the Coriolis parameter causes powerful western bound-61

ary currents such as the Gulf Stream and Kuroshio Current. This fundamental62

insight explained why ocean gyres exhibit asymmetric circulation patterns, with swift,63

narrow currents on western boundaries and broad, diffuse return flows in ocean interi-64

ors. Subsequently, Stommel (1961) demonstrated that thermohaline circulation could65

exist in multiple stable states, introducing the concept that ocean circulation might66

exhibit different equilibrium modes—a theoretical foundation that continues to inform67

contemporary ocean circulation research.68

Building upon Stommel’s theoretical framework, Broecker (1987) conceptualized69

the global ocean circulation as a “great ocean conveyor belt”, a metaphor that cap-70

tured both scientific and public imagination. This paradigm, elaborated in Broecker71

(1991), visualized ocean circulation as a continuous loop transporting warm surface72

waters poleward and cold deep waters equatorward, connecting all ocean basins in73
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a coherent overturning circulation (Fig. 1). While subsequent research has revealed74

greater complexity than this simplified model suggests (Gordon 1986), the conveyor75

belt concept established important links between ocean circulation variability and76

climate changes recorded in paleoclimate archives. The schematic representation in77

Fig. 1 illustrates this interconnected circulation system, highlighting the three major78

current systems—the AMOC, ITF, and Agulhas Current—that facilitate inter-basin79

exchange and maintain planetary-scale heat redistribution.80

Fig. 1 Schematic representation of the global ocean conveyor belt circulation system, modified from
Broecker (1991), overlaid on global topographic and bathymetric relief. Red pathways indicate warm
surface currents while blue pathways represent cold deep water circulation. The three major current
systems analyzed in this study are labeled: the Atlantic Meridional Overturning Circulation (AMOC),
the Indonesian Throughflow (ITF), and the Agulhas Current system. Base map constructed from
SRTM15+V2.7 global relief data at 32 km resolution (Tozer et al. 2019) and rendered using PyGMT
(Wessel et al. 2019). This simplified representation illustrates the interconnected nature of the global
ocean circulation system, wherein changes in one basin can influence circulation patterns across the
entire ocean network.

The global overturning circulation depends critically on three major current81

systems that facilitate inter-ocean exchange and maintain the planetary-scale redistri-82

bution of heat and salt. The ITF represents the sole low-latitude pathway connecting83

the Pacific and Indian Oceans, with significant implications for Indo-Pacific climate84

dynamics. Early quantitative estimates by Wyrtki (1961) established the seasonal85

variability of ITF transport, while subsequent observations revealed its role as a ”mix86
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master” transforming Pacific waters through intense tidal mixing (Gordon 2005). The87

landmark INSTANT program provided the first simultaneous measurements across88

all ITF passages, establishing a mean transport of approximately 15 Sverdrups (1 Sv89

≡ 106 m3 s−1) with significant interannual variability (Sprintall et al. 2009). Recent90

studies have documented ITF variability in response to intensified rainfall patterns91

(Hu and Sprintall 2017), with Feng et al. (2018) synthesizing evidence for long-term92

changes linked to both regional and global climate forcing.93

The Agulhas Current system, Earth’s most powerful western boundary current,94

plays an equally important role in the global circulation through its unique retroflec-95

tion process. Lutjeharms and van Ballegooyen (1988) provided the seminal description96

of how the Agulhas Current dramatically turns back upon itself south of Africa, shed-97

ding massive rings that carry warm, salty Indian Ocean water into the Atlantic. This98

”Agulhas leakage” constitutes an important component of the global thermohaline99

circulation, potentially influencing Atlantic overturning by supplying salt that affects100

North Atlantic water mass properties (Gordon 1986; Biastoch et al. 2008). Obser-101

vational programs have revealed the Agulhas Current extends to depths exceeding102

2200 meters with transport around 70 Sv, though recent evidence suggests broaden-103

ing rather than strengthening of the current system (Beal and Elipot 2016). Climate104

model simulations indicate that poleward shifts in Southern Hemisphere westerlies105

could modify Agulhas leakage, with potential impacts on Atlantic circulation (Biastoch106

et al. 2009; Durgadoo et al. 2017).107

The AMOC has emerged as a component of global ocean circulation showing signif-108

icant response to contemporary climate change. Building upon theoretical predictions109

and modeling studies (Rahmstorf 1995), observational evidence now indicates changes110

in AMOC strength. Caesar et al. (2018) identified a characteristic sea surface tem-111

perature pattern associated with AMOC variability, suggesting approximately 15%112

weakening since the mid-twentieth century. This finding has been corroborated by113

proxy reconstructions indicating that current AMOC strength represents relatively114

weak conditions compared to the past millennium (Thornalley et al. 2018; Caesar115

et al. 2021).116

Recent assessments of AMOC variability have employed diverse methodological117

approaches. Lenton et al. (2008) identified the AMOC among several components of118

the Earth system that could undergo significant transitions. Boers (2021) analyzed119

multiple AMOC proxy records, examining statistical indicators of circulation changes.120

vanWesten et al. (2024) used climate model simulations to investigate AMOC stability,121

identifying freshwater transport at 34◦S as a relevant diagnostic indicator. Ditlevsen122

and Ditlevsen (2023) applied statistical methods to project potential future AMOC123

evolution, though their specific timelines remain subject to scientific discussion.124

Despite theoretical advances and expanding observational evidence, quantifying125

ocean circulation changes remains challenging. Direct observations of ocean currents126

are spatially and temporally limited, necessitating reliance on indirect proxies and127

model-based reconstructions. The inherent variability of ocean circulation on mul-128

tiple timescales—from seasonal to multidecadal—complicates detection of long-term129

trends. Furthermore, systematic differences between climate models and observations,130

particularly in representing freshwater transport and water mass formation processes,131
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introduce uncertainty in projections. Inter-basin connections through both oceanic132

pathways and atmospheric teleconnections add complexity, as changes in one region133

can influence the global circulation system (McGregor et al. 2014; Sun and Thompson134

2020).135

Given the critical importance of ocean circulation for global climate and the need136

to better understand ongoing changes, comprehensive statistical analysis of variabil-137

ity and trends in major ocean currents has become essential. This study presents an138

integrated examination of the ITF, Agulhas Current system, and AMOC, employing139

multiple statistical techniques to quantify long-term trends and investigate poten-140

tial relationships between these systems. By analyzing these current systems within141

a unified statistical framework, we aim to characterize their temporal evolution over142

recent decades through robust trend analysis, identify and quantify statistical causal143

pathways and teleconnections between ocean basins, examine the time-frequency144

characteristics of inter-basin coupling, and assess the degree of connectivity within145

the global ocean circulation system. Through systematic application of complemen-146

tary analytical methods—including non-parametric trend detection, multi-method147

causality analysis, and wavelet coherence—this study provides empirical evidence for148

understanding how major ocean currents respond to contemporary climate forcing and149

interact across basin scales.150

2 Data and Methods151

2.1 Data152

Monthly AMOC volumetric transport data were obtained from the Ocean Monitoring153

Indicator (OMI) of the Copernicus Marine Environment Monitoring Service (CMES),154

specifically the AMOC timeseries at 26◦N from Reanalysis (E.U. Copernicus Marine155

Service Information (CMEMS) 2024a) spanning January 1993 to December 2023. The156

monthly mean values from this dataset were utilized for the analysis. This product157

had been derived using a multi-product approach that combined four distinct ocean158

reanalyses to construct ensemble-based Ocean Monitoring Indicators for the AMOC.159

The ensemble approach utilized the Global Ocean Reanalysis and Simulation version160

2 volume 4 (GLORYS2V4) from Mercator Ocean (Lellouche et al. 2013), the Coper-161

nicus Global Ocean Reanalysis (C-GLORS) from the Centro Euro-Mediterraneo sui162

Cambiamenti Climatici (CMCC) (Storto et al. 2016), Ocean Reanalysis System 5163

(ORAS5) from the European Centre for Medium-Range Weather Forecasts (ECMWF)164

(Zuo et al. 2017), and the Global Seasonal forecasting system version 5 (GloSea5)165

(MacLachlan et al. 2015). These four reanalyses were employed to calculate time series166

of the AMOC maximum transport and climatological mean profiles, which were sub-167

sequently combined to form the Global Ocean Ensemble Physics Reanalysis (E.U.168

Copernicus Marine Service Information (CMEMS) 2024b) with an ensemble mean and169

spread calculated as twice the ensemble standard deviation in comparison with the170

RAPID observational AMOC data (Moat et al. 2025; Duchez et al. 2016).171

All four reanalysis products were based on the Nucleus for European Modelling172

of the Ocean (NEMO) model (Madec and NEMO team 2015) implemented on the173
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ORCA025 grid (0.25◦ horizontal resolution), with GLORYS2V4 using NEMO ver-174

sion 3.1 with the Louvain-la-Neuve Sea Ice Model version 2 (LIM2) (Rousset et al.175

2015; Vancoppenolle et al. 2012) and 75 vertical levels, while C-GLORS and ORAS5176

employed NEMO version 3.4 with LIM2, and ORAS5 additionally incorporated ver-177

sion 3.4.1 with surface wave forcing. The models were forced at the sea surface using178

the ECMWF Re-Analysis Interim (ERA-Interim) (Dee et al. 2011) and bulk formu-179

lae, with ERA5 (Hersbach et al. 2020) implemented after 2019, and GLORYS2V4180

specifically using Turbulent Kinetic Energy (TKE) altimetry from 1993-2015. Data181

assimilation methodologies varied across products: GLORYS2V4 employed the Singu-182

lar Evolutive Extended Kalman (SEEK) filter (Pham et al. 1998) within the Sistema183

de Asimilación de Mercator version 2 (SAM2) with a 7-day assimilation window; C-184

GLORS used the three-dimensional variational (3Dvar) (Barker et al. 2004) using185

the OceanVar system (Dobricic and Pinardi 2008) with a 7-day window; and ORAS5186

implemented the NEMO variational data assimilation system (NEMOVAR) (Waters187

et al. 2015) with 3Dvar multivariate assimilation and a 5-day window. All systems188

assimilated sea surface temperature (SST), sea level anomalies (SLA), and in situ tem-189

perature and salinity profiles T/S(z), with specific SST products including Reynolds190

SST for GLORYS2V4 and C-GLORS, and Hadley Centre Sea Ice and Sea Surface191

Temperature version 2 (HadISSTv2) (Rayner et al. 2006) for ORAS5, while sea ice192

concentrations (SIC) were assimilated using surface nudging techniques in C-GLORS193

and ORAS5.194

ITF volumetric transport data were obtained from the updated estimates of Guo195

et al. (2023), specifically the monthly time series of total ITF geostrophic transport196

(ITF-G), temperature component (ITF-T), and salinity component (ITF-S) at the197

IX1 section between Indonesia and Australia spanning January 1984 to December198

2017. The monthly mean values from these datasets were utilized for the analysis.199

These transport estimates were derived from expendable bathythermograph (XBT)200

deployments and complementary observational data including mechanical bathyther-201

mographs, conductivity-temperature-depth profiles, bottle samples, moored buoys,202

gliders, and Argo floats, totaling 764,481 profiles with comprehensive bias corrections203

applied following Cheng et al. (2014) for XBT data and Gouretski and Cheng (2020)204

for mechanical bathythermograph data.205

The ITF transport components were calculated using geostrophic principles206

through dynamic height integration from a 700 m reference level, with cross-sectional207

velocities computed via the geostrophic relationship:208

VG =
1

f

∂

∂L
(D2 −D1) (1)

, where L represents the distance between neighboring grid boxes and f denotes the209

Coriolis parameter. The salinity effect was incorporated using two versions of the Insti-210

tute of Atmospheric Physics (IAP) monthly gridded salinity datasets (Cheng et al.211

2020; Tian et al. 2022), which employed feed-forward neural networks and Monte212

Carlo dropout approaches to reconstruct three-dimensional salinity fields from in situ213

observations, sea surface temperature, surface winds, and altimeter-derived sea sur-214

face height. The transport estimates were decomposed linearly into temperature and215
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salinity components through separate dynamic height calculations, with uncertainty216

quantification performed using Monte Carlo simulations generating 100 ensemble217

realizations to propagate data uncertainties into the final transport estimates.218

Agulhas Current volume transport data were derived from the comprehensive219

dataset of Beal and Elipot (2016), who developed 22-year proxy time series spanning220

September 26, 1992, to December 21, 2014, with 10-day temporal resolution. The221

transport estimates were constructed by combining three years of in situ measure-222

ments from the Agulhas Current Time-series (ACT) mooring array deployed across the223

current at 34◦S with coincident along-track satellite altimeter data from the TOPEX/-224

Poseidon, Jason-1, and Jason-2 missions. Two distinct transport metrics were utilized:225

the streamwise jet transport (hereafter referred to as Agulhas Jet), representing the226

southwestward component integrated to the first maximum beyond the half-width of227

the mean jet at 110 km offshore, and the boundary layer transport (hereafter referred228

to as Agulhas Box), representing the net transport integrated across the full 219 km229

width of the current system.230

The proxy time series were generated through nine linear regression models that231

related local sea surface slope derived from satellite altimetry to transport per unit dis-232

tance at each ACT mooring location, subsequently interpolated using shape-preserving233

piecewise cubic Hermite polynomials and integrated horizontally to obtain total trans-234

ports. The in situ ACT array consisted of seven full-depth current-meter moorings and235

four current- and pressure-sensor-equipped inverted echo sounders (CPIES), provid-236

ing comprehensive velocity measurements through acoustic Doppler current profilers,237

Aquadopp current meters, and geostrophic velocity estimates from CPIES pairs. The238

resulting proxy estimates explained 55% of the variance for Agulhas Jet and 61% of239

the variance for Agulhas Box during the three-year validation period, with mean trans-240

port values of −84 ± 24 Sv for the jet transport and −77 ± 32 Sv for the boundary241

layer transport, where negative values indicate southwestward flow. The original 10-242

day data were preprocessed and aggregated into monthly means to ensure consistent243

temporal resolution with the ITF and AMOC datasets for comparative analysis.244

Figure 2 presents the complete time series of volume transport data used in this245

study, spanning the period from 1984 to 2022. Figure 2 (upper panel) displays the246

ITF components, which exhibit substantial interannual and decadal variability with247

magnitudes typically ranging between -10 and +20 Sv. The middle panel shows the248

Agulhas Current transport metrics, where both the Agulhas Box and Agulhas Jet249

demonstrate strong southwestward flow with mean values around -80 to -100 Sv and250

notable variability throughout the record period. The bottom panel illustrates the251

AMOC strength, characterized by generally positive values between 10 and 25 Sv with252

pronounced fluctuations and some evidence of decadal-scale trends. All datasets have253

been processed to monthly resolution to enable direct comparison.254

2.2 Methods255

2.2.1 Descriptive Statistical Analysis256

Comprehensive descriptive statistics were computed for all oceanic volume transport257

time series to characterize their distributional properties and variability patterns. The258
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Fig. 2 Time series of oceanic volume transport data from 1984 to 2022. Upper panel: ITF com-
ponents including Geostrophic (ITF-G, blue), Salinity (ITF-S, purple), and Temperature (ITF-T,
orange) transports. Middle panel: Agulhas Current transports showing Agulhas Box (red) and Agul-
has Jet (purple) components. Lower panel: AMOC (green). All data are presented at monthly
resolution with transport units in Sv. For ITF, positive values indicate transport toward the Indian
Ocean. For Agulhas Current, negative values represent the characteristic southwestward flow. For
AMOC, values indicate the strength of the meridional overturning circulation.

statistical analyses were performed using Python with the NumPy (Harris et al. 2020),259

pandas (McKinney 2011), and SciPy (Virtanen et al. 2020) libraries.260

For each transport variable, measures of central tendency and dispersion were261

calculated to characterize the typical values and variability. The arithmetic mean (x̄)262

and median (x̃) were computed as:263

x̄ =
1

n

n∑
i=1

xi, (2)

264

x̃ =

{
x(n+1)/2, if n is odd,
xn/2+x(n/2)+1

2 , if n is even,
(3)
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where xi represents individual transport observations and n is the sample size. The265

standard deviation (σ) was calculated as:266

σ =

√√√√ 1

n− 1

n∑
i=1

(xi − x̄)2. (4)

Additionally, the interquartile range (IQR) was computed as:267

IQR = Q3 −Q1, (5)

where Q1 and Q3 represent the first and third quartiles, respectively.268

To account for potential outliers and provide outlier-resistant estimates, robust sta-269

tistical measures were employed. The median absolute deviation (MAD) was calculated270

using the SciPy’s median abs deviation function:271

MAD = median(|xi − x̃|). (6)

Trimmed means at 10% (x̄0.1) and 20% (x̄0.2) levels were computed using the SciPy’s272

trim mean function, which removes the specified proportion of extreme values from273

both tails before calculating the mean:274

x̄α =
1

n(1− 2α)

n−⌊nα⌋∑
i=⌊nα⌋+1

x(i), (7)

where α represents the trimming proportion (0.1 or 0.2) and x(i) denotes the i-th order275

statistic.276

Distribution shape parameters were assessed to understand the symmetry and tail277

behavior of the transport distributions. The skewness (γ1) and excess kurtosis (γ2)278

were calculated using the SciPy’s skew and kurtosis functions:279

γ1 =
1
n

∑n
i=1(xi − x̄)3

σ3
, (8)

280

γ2 =
1
n

∑n
i=1(xi − x̄)4

σ4
− 3. (9)

The coefficient of variation (CV) was computed as:281

CV =
σ

|x̄|
. (10)

Percentile analysis was conducted to characterize the distribution of volume trans-282

port values across their full range. Percentiles Pk for k ∈ {1, 5, 10, 25, 75, 90, 95, 99}283

were calculated using the pandas’ quantile method, where Pk represents the value284
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below which k% of the observations fall. For each time series, the minimum and max-285

imum values were identified along with their corresponding temporal occurrences to286

characterize extreme transport events.287

All statistical computations were performed after removing missing values (NaN)288

from the datasets. The distributional characteristics were assessed through the com-289

bination of classical parametric measures (mean, standard deviation) and robust290

non-parametric statistics (median, MAD, trimmed means) to provide a comprehen-291

sive understanding of the transport variability patterns. The skewness values were292

interpreted as symmetric (|γ1| < 0.5), moderately skewed (0.5 ≤ |γ1| < 1.0), or highly293

skewed (|γ1| ≥ 1.0), while kurtosis values indicated platykurtic (γ2 < 0), mesokurtic294

(γ2 ≈ 0), or leptokurtic (γ2 > 0) distributions.295

2.2.2 Annual Cycle Analysis296

The seasonal variability of volume transport was characterized through annual cycle297

analysis performed on all time series. Monthly climatological statistics were computed298

to quantify the seasonal modulation of transport volumes and identify peak transport299

periods. The analyses were implemented using pandas groupby operations (McKinney300

2011) and NumPy array computations (Harris et al. 2020).301

For each transport variable, the monthly climatological mean (x̄m) was calculated302

by grouping observations by calendar month:303

x̄m =
1

nm

nm∑
i=1

xm,i, (11)

where m denotes the month (1-12), nm is the number of observations in month m,304

and xm,i represents the i-th observation in month m. The monthly standard deviation305

(σm) was computed as:306

σm =

√√√√ 1

nm − 1

nm∑
i=1

(xm,i − x̄m)2. (12)

To quantify the uncertainty in the monthly climatological means, the standard307

error (SEm) was calculated for each month:308

SEm =
σm√
nm

. (13)

This measure provides confidence bounds for the monthly mean estimates, accounting309

for both the variability within each month and the sample size.310

The annual mean transport (X̄annual) was computed as the average of the twelve311

monthly climatological means:312

X̄annual =
1

12

12∑
m=1

x̄m. (14)
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The seasonal amplitude (Aseasonal), representing the range of seasonal variation, was313

calculated as:314

Aseasonal = max
m

(x̄m)−min
m

(x̄m), (15)

where maxm and minm denote the maximum and minimum values across all twelve315

monthly means, respectively.316

To assess the relative strength of seasonal variability, the coefficient of variation317

for the seasonal cycle (CVseasonal) was computed:318

CVseasonal =
σmonthly

X̄annual
,×100% (16)

where σmonthly is the standard deviation of the twelve monthly climatological means:319

σmonthly =

√√√√ 1

11

12∑
m=1

(x̄m − X̄annual)2. (17)

The timing of maximum and minimum transport was identified by determining320

the months corresponding to the highest and lowest climatological mean values. These321

extrema provide insight into the seasonal forcing mechanisms affecting each current322

system. The annual cycle analysis was performed after parsing temporal information323

from the datasets using pandas datetime functionality, with missing values excluded324

from all calculations. The resulting monthly climatologies characterize the mean sea-325

sonal behavior of each transport component, while the standard errors quantify the326

inter-annual variability within each month.327

2.2.3 Trend Analysis328

Long-term trends in volumetric transport were quantified using the Theil-Sen esti-329

mator (Theil 1950; Sen 1968), a robust non-parametric regression method that is330

resistant to outliers and does not assume normally distributed residuals. The Theil-Sen331

regression was implemented using scikit-learn’s TheilSenRegressor (Pedregosa et al.332

2011) with 300 maximum iterations and a tolerance of 10−2. Statistical significance333

of the trends was assessed using the Mann-Kendall test, a non-parametric method for334

monotonic trend detection (Mann 1945; Kendall 1975).335

The Theil-Sen estimator calculates the slope (βTS) as the median of all pairwise336

slopes between data points:337

βTS = median

{
xj − xi
tj − ti

}
i<j

, (18)

where xi and xj are transport observations at times ti and tj , respectively, for all pairs338

where i < j. The intercept (αTS) is then computed as:339

αTS = median{xi − βTSti}. (19)
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The statistical significance of detected trends was evaluated using the Mann-340

Kendall test. The test statistic S is calculated as:341

S =

n−1∑
i=1

n∑
j=i+1

sgn(xj − xi), (20)

where sgn(·) is the sign function. Under the null hypothesis of no trend, the variance342

of S is:343

Var(S) =
n(n− 1)(2n+ 5)

18
(21)

, where n is the number of observations. The standardized test statistic Z is computed344

as:345

Z =


S−1√
Var(S)

, if S > 0,

0, if S = 0,
S+1√
Var(S)

if S < 0.

(22)

The two-tailed p-value for the Mann-Kendall test was calculated using the standard346

normal distribution implemented in SciPy:347

p = 2× (1− Φ(|Z|)) , (23)

where Φ(·) is the cumulative distribution function of the standard normal distribution.348

Trends were considered statistically significant at the α = 0.05 level. For each transport349

time series, the linear trend was expressed both as an annual rate of change (Sv/year)350

and as a decadal trend.351

The analysis was performed on all available data points after removing missing352

values, with the temporal coverage varying among different transport components. All353

trends were visualized over a standardized time axis spanning 1984-2023 to facilitate354

inter-comparison, though actual data availability differed among the time series. The355

combination of robust regression through the Theil-Sen estimator and non-parametric356

significance testing via the Mann-Kendall test provides a comprehensive assessment357

of long-term trends that is resistant to outliers and does not rely on parametric358

assumptions about the data distribution.359

2.2.4 Statistical Causality Analysis360

The statistical causal relationships between ocean transport systems were investigated361

using a multi-method approach to identify robust teleconnections across the ITF-362

Agulhas-AMOC pathway. Three complementary causality metrics were employed to363

capture both linear and nonlinear dependencies (Runge et al. 2019), with statistical364

significance assessed through block bootstrap resampling that preserves the autocor-365

relation structure inherent in oceanographic time series (Politis and Romano 1994).366

Prior to causality analysis, all transport time series were aligned to their common tem-367

poral overlap period to ensure consistent comparison. The alignment procedure was368

implemented using pandas datetime functionality, with linear interpolation applied369

to fill minor gaps (maximum three consecutive values) followed by removal of any370
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remaining missing values. This preprocessing step was essential to maintain temporal371

correspondence across the different ocean basins while preserving the integrity of the372

causal signal propagation.373

The maximum cross-correlation (MCC) method was employed to identify linear374

lagged relationships between transport time series (Bretherton et al. 1992). For two375

standardized time series x(t) and y(t), the cross-correlation function at lag τ is defined376

as:377

rxy(τ) =

{
1

n−τ
∑n−τ
t=1 x

′(t)y′(t+ τ), τ ≥ 0,
1

n+τ

∑n
t=1−τ x

′(t)y′(t+ τ), τ < 0,
(24)

where x′(t) = (x(t)−x̄)/σx and y′(t) = (y(t)− ȳ)/σy represent the standardized series.378

The maximum cross-correlation and corresponding optimal lag were determined as:379

MCC = max
τ∈[−τmax,τmax]

|rxy(τ)|, (25)

380

τopt = arg max
τ∈[−τmax,τmax]

|rxy(τ)|, (26)

where τmax = 24 months was selected to capture seasonal to interannual propaga-381

tion timescales. Positive lags indicate that variations in x lead those in y, consistent382

with downstream signal propagation. The MCC analysis was implemented using383

NumPy’s correlation functions, providing a computationally efficient assessment of lin-384

ear teleconnections. This method is particularly effective for detecting coherent phase385

relationships in ocean transport, though it may underestimate causality in systems386

with significant nonlinear dynamics.387

To capture nonlinear causal relationships that may be missed by correlation-based388

methods, convergent cross mapping (CCM) was implemented following the framework389

of Sugihara et al. (2012). CCM tests whether historical values of time series x can be390

reconstructed from the attractor manifold of time series y, indicating that x causally391

influences y. The method employs time-delay embedding to reconstruct the system’s392

attractor:393

yE(t) = [y(t), y(t− τ), y(t− 2τ), ..., y(t− (E − 1)τ)], (27)

where E is the embedding dimension and τ is the delay. For each embedded point394

yE(t), the E+1 nearest neighbors are identified in the reconstructed state space, with395

predictions of x(t) generated through distance-weighted averaging:396

x̂(t|My) =

E+1∑
i=1

wix(ti), (28)

where wi = exp(−di)/
∑
j exp(−dj) are exponential weights based on Euclidean dis-397

tances di in the embedded space, and My denotes the attractor manifold of y. The398

CCM strength is quantified as the correlation between predicted and observed values:399

ρCCM = cor[x̂(t|My), x(t)]. (29)

The analysis employed E = 3 based on false nearest neighbor analysis (Kennel et al.400

1992) and τ = 1 month, with library sizes ranging from 10% to 90% of the time series401
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length to test for convergence. The implementation utilized NumPy for array opera-402

tions and custom neighbor-finding algorithms optimized for the moderate-dimensional403

embedded spaces. CCM is particularly powerful for detecting causality in coupled non-404

linear systems like ocean circulation, where feedback loops and threshold behaviors405

may obscure linear relationships (Ye et al. 2015).406

Information-theoretic causality was assessed using transfer entropy (TE), which407

quantifies the reduction in uncertainty about the future of y given knowledge of the408

past of x beyond what is already known from the past of y itself (Schreiber 2000).409

The TE from x to y is defined as:410

TEx→y =
∑

yt+1,ykt ,x
k
t

p(yt+1, y
k
t , x

k
t ) log

p(yt+1|ykt , xkt )
p(yt+1|ykt )

, (30)

where ykt = [yt, yt−1, ..., yt−k+1] and x
k
t = [xt, xt−1, ..., xt−k+1] represent the k-length411

history vectors. In practice, this can be rewritten using mutual information:412

TEx→y = I(yt+1;x
k
t |ykt ). (31)

The continuous transport values were discretized into 10 bins using pandas’ cut func-413

tion with equal-frequency binning to ensure adequate sampling of each state. The414

mutual information terms were calculated using scikit-learn’s mutual info score,415

with k = 1 to capture direct monthly influences. To account for differences in signal416

complexity, the TE values were normalized by the entropy of the target variable:417

TEx→y =
TEx→y

H(yt+1)
, (32)

where H(yt+1) = −
∑
i p(yi) log p(yi) is the Shannon entropy. This normalization418

facilitates comparison across transport components with different variability charac-419

teristics. TE provides a model-free measure of directional information flow, making420

it particularly suitable for detecting causal relationships in complex ocean circulation421

systems where the underlying dynamics may be unknown or highly nonlinear (Paluš422

and Vejmelka 2007).423

The statistical significance of all causality metrics was assessed using block424

bootstrap resampling, which preserves the temporal dependence structure critical425

in oceanographic time series (Efron and Tibshirani 1994). The block length was426

adaptively determined based on the decorrelation timescale:427

τdecorr = min{t : ρxx(t) < e−1}, (33)

where ρxx(t) is the autocorrelation function. The block length was set as Lblock =428

min(30,max(5, 2τdecorr)) to balance preservation of correlation structure with suffi-429

cient randomization. For each causality metric, 500-1000 surrogate time series were430

generated by block permutation of the target series while keeping the source series431
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fixed. The empirical p-value was calculated as:432

p =
1

Nsurr

Nsurr∑
i=1

I[Msurr,i ≥Mobs], (34)

where Mobs is the observed metric value, Msurr,i is the metric for the i-th surrogate,433

and I[·] is the indicator function. Statistical significance was assessed at the α = 0.05434

level, with additional notation for highly significant results (α = 0.01).435

To identify robust causal pathways, a consensus approach was implemented com-436

bining evidence from all three methods. For each tested pathway, a consensus score437

was calculated as:438

C =
∑

m∈{MCC, CCM, TE}

I[pm < 0.05], (35)

ranging from 0 (no significant evidence) to 3 (unanimous significant evidence). Path-439

ways with C ≥ 2 were considered dominant, indicating robust causality supported440

by multiple independent methodological approaches. This multi-method consensus441

framework provides greater confidence in identifying genuine ocean teleconnections442

while reducing the likelihood of spurious detections that might arise from any single443

method’s limitations or assumptions (Runge et al. 2019).444

2.2.5 Wavelet Coherence Analysis445

To further investigate the time-frequency characteristics of the statistically signifi-446

cant causal pathways identified in the previous analysis, wavelet coherence analysis447

was performed following the theoretical framework of Torrence and Compo (1998)448

and Grinsted et al. (2004). This method extends traditional coherence analysis into449

the time-frequency domain, enabling identification of transient and scale-dependent450

relationships between ocean transport time series.451

The continuous wavelet transform (CWT) emerges from the need to analyze non-452

stationary signals where frequency content varies with time. Beginning with the453

Fourier transform:454

x̂(ω) =

∫ ∞

−∞
x(t)e−iωtdt, (36)

we recognize its limitation in providing no temporal localization. The short-time455

Fourier transform addresses this through windowing, but suffers from fixed time-456

frequency resolution. The wavelet transform overcomes this limitation through457

scale-dependent windowing.458

The continuous wavelet transform of a time series x(t) ∈ L2(R) with respect to a459

mother wavelet ψ(t) is defined as:460

Wx(s, τ) = ⟨x, ψs,τ ⟩ =
1√
s

∫ ∞

−∞
x(t)ψ∗

(
t− τ

s

)
dt (37)

, where s > 0 is the scale parameter, τ ∈ R is the translation parameter, and ψ∗ denotes461

the complex conjugate. The normalization factor 1/
√
s ensures energy preservation462
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across scales:463

∥ψs,τ∥2 =

∫ ∞

−∞

∣∣∣∣ 1√
s
ψ

(
t− τ

s

)∣∣∣∣2 dt = ∥ψ∥2. (38)

For this analysis, the analytic Morlet wavelet was employed:464

ψ(t) = π−1/4eiω0te−t
2/2 (39)

, where ω0 is the central frequency. To satisfy the admissibility condition:465

Cψ =

∫ ∞

0

|ψ̂(ω)|2

ω
dω <∞, (40)

which requires ψ̂(0) = 0, a correction term is needed. However, for ω0 ≥ 5, the cor-466

rection becomes negligible (Farge 1992). The Fourier transform of the Morlet wavelet467

is:468

ψ̂(ω) = π−1/4e−(ω−ω0)
2/2. (41)

Setting ω0 = 6 provides optimal balance between time and frequency localization.469

The time-frequency resolution follows the Heisenberg uncertainty principle:470

∆t ·∆ω ≥ 1

2
, (42)

where for the Morlet wavelet:471

∆t =
s√
2
, ∆ω =

1√
2s
. (43)

The relationship between scale s and Fourier period λ for the Morlet wavelet is:472

λ =
4πs

ω0 +
√

2 + ω2
0

. (44)

For ω0 = 6, this simplifies to λ ≈ 1.03s.473

The cross-wavelet transform between two time series x(t) and y(t) is:474

Wxy(s, τ) =Wx(s, τ)W
∗
y (s, τ) = |Wxy(s, τ)|eiϕxy(s,τ), (45)

where the cross-wavelet power is |Wxy(s, τ)|2 and the phase is:475

ϕxy(s, τ) = arg(Wxy(s, τ)) = tan−1

(
ℑ(Wxy(s, τ))

ℜ(Wxy(s, τ))

)
. (46)

The wavelet coherence requires smoothing to achieve statistical stability. Following476

Torrence and Webster (1999), we define the smoothed wavelet spectra:477

⟨Wx(s, τ)⟩ = Ss(St(Wx(s, τ))), (47)
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where the time smoothing operator is:478

St(W (s, τ)) =

∫ ∞

−∞
W (s, τ ′)Gt(τ − τ ′; s)dτ ′, (48)

with Gaussian kernel:479

Gt(t; s) =
1√

2πs/2
e−t

2/(2(s/2)2). (49)

The scale smoothing operator is:480

Ss(W (s, τ)) =

∫ ∞

0

W (s′, τ)Πs(s, s
′)ds′, (50)

where Πs is a boxcar function:481

Πs(s, s
′) =

{
1

0.6s , |s− s′| ≤ 0.3s

0, otherwise
. (51)

The wavelet coherence is then:482

R2(s, τ) =
|⟨Wxy(s, τ)⟩|2

⟨|Wx(s, τ)|2⟩⟨|Wy(s, τ)|2⟩
, (52)

which satisfies 0 ≤ R2(s, τ) ≤ 1 by the Cauchy-Schwarz inequality.483

Statistical significance testing employs Monte Carlo methods with surrogate data.484

Assuming the time series follow AR(1) processes:485

xt = αxt−1 + ϵt, (53)

where ϵt ∼ N (0, σ2) and the lag-1 autocorrelation is:486

α =

∑N−1
t=1 (xt − x̄)(xt+1 − x̄)∑N

t=1(xt − x̄)2
. (54)

The theoretical power spectrum of an AR(1) process is:487

PAR(1)(f) =
σ2(1− α2)

|1− αe−2πif∆t|2
, (55)

where ∆t is the sampling interval. The expected wavelet power spectrum is:488

E[|Wx(s, τ)|2] =
σ2PAR(1)(1/s)

2
. (56)
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The significance level is determined by generating M surrogate pairs (x(m), y(m))489

and computing:490

p(s, τ) =
1

M

M∑
m=1

I[R2
surr(m)(s, τ) > R2

obs(s, τ)], (57)

where I[·] is the indicator function.491

The cone of influence accounts for edge effects where the wavelet extends beyond492

the data boundaries. For a time series of length T , the COI at each edge is:493

COI(t) =

√
2smax

ψ0
, (58)

where ψ0 = π1/4 for the Morlet wavelet. Inside the COI, the wavelet transform is494

computed with zero-padding, introducing artifacts. The e-folding time for edge effects495

is:496

τe(s) =
√
2s. (59)

Phase relationships provide crucial dynamical information. The relative phase:497

∆ϕxy(s, τ) = ϕy(s, τ)− ϕx(s, τ), (60)

indicates lead-lag relationships. In the complex plane representation:498

Wxy(s, τ) = |Wxy(s, τ)|[cos(∆ϕxy) + i sin(∆ϕxy)]. (61)

For physical interpretation:499

• ∆ϕxy ∈ (−π/2, π/2): x leads y500

• ∆ϕxy ∈ (π/2, π) ∪ (−π,−π/2): y leads x501

• |∆ϕxy| < π/4: approximately in-phase502

• |∆ϕxy − π| < π/4: approximately anti-phase503

The instantaneous time lag is:504

∆t(s, τ) =
s∆ϕxy(s, τ)

2π
. (62)

The global wavelet coherence spectrum:505

R2(s) =
1

Nvalid

∑
τ /∈COI

R2(s, τ), (63)

where Nvalid is the number of points outside the COI, reveals dominant periods of506

coherent variability.507
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The scale-averaged wavelet coherence over a band [s1, s2]:508

R2
scale(τ) =

δt

Cδ

j2∑
j=j1

R2(sj , τ)

sj
, (64)

where Cδ = 0.776 for the Morlet wavelet with ω0 = 6, provides a time series of509

band-integrated coherence.510

The analysis was implemented using MATLAB® R2023b wavelet toolbox. The511

wcoherence function implements equations (37) through (52) with optimized algo-512

rithms. Prior to analysis, time series were standardized:513

x̃(t) =
x(t)− µx

σx
, (65)

where µx and σx are the mean and standard deviation, ensuring comparable power514

across different transport components.515

The wavelet coherence analysis was applied specifically to ocean transport path-516

ways with consensus scores ≥ 2 from the causality analysis, providing time-frequency517

decomposition of established causal relationships. This approach reveals: (1) temporal518

evolution of coupling strength, (2) scale-dependent phase relationships, (3) identifi-519

cation of transient versus persistent coherence, and (4) dominant periods of ocean520

teleconnections.521

3 Results522

3.1 Descriptive Statistics of Ocean Volume Transport523

The descriptive statistical analysis reveals distinct distributional characteristics across524

the three major ocean circulation systems examined in this study (Fig. 3). For the525

ITF components, ITF-G exhibits a mean transport of 5.996 Sv with a standard devi-526

ation of 6.034 Sv, yielding the highest coefficient of variation (100.65%) among the527

ITF components. The distribution shows near-symmetric properties with skewness of528

0.102 and slightly negative kurtosis (-0.216). The robust statistics indicate a median529

of 5.958 Sv and median absolute deviation (MAD) of 4.060 Sv. Extreme values range530

from -9.657 Sv (April 2010) to 22.330 Sv (September 2001), with the 5th-95th per-531

centile range spanning -3.968 to 16.066 Sv. ITF-T demonstrates a mean transport of532

5.508 Sv with lower variability (SD = 5.109 Sv, CV = 92.76%) compared to ITF-G.533

The distribution exhibits slight negative skewness (-0.124) and light-tailed characteris-534

tics (kurtosis = -0.515). The median value of 5.627 Sv closely approximates the mean,535

with trimmed means at 10% and 20% levels (5.614 Sv and 5.711 Sv, respectively) indi-536

cating minimal influence from outliers. The transport ranges from -6.977 Sv (April537

1992) to 20.547 Sv (July 2000). ITF-S shows the smallest absolute transport values538

but the highest relative variability (CV = 118.02%) among all components. The mean539

transport is 1.666 Sv with a standard deviation of 1.966 Sv. The distribution displays540

moderate negative skewness (-0.569), indicating a left-skewed pattern. The interquar-541

tile range of 2.546 Sv and the difference between median (2.009 Sv) and mean values542
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further confirm this asymmetry. Transport values range from -4.775 Sv (March 2007)543

to 5.872 Sv (August 2008).544

Fig. 3 Kernel density estimation (KDE) distributions of oceanic volume transport for all analyzed
components. Top panel: ITF components showing ITF-G (red), ITF-T (green), and ITF-S (blue).
Middle panel: Agulhas Current transports displaying Agulhas Box (purple) and Agulhas Jet (orange).
Bottom panel: Atlantic Meridional Overturning Circulation (AMOC, cyan). The distributions illus-
trate the probability density of transport values, with ITF and AMOC showing positive transport
values and Agulhas Current exhibiting negative values indicative of southwestward flow.

The AMOC demonstrates the most stable transport characteristics among all sys-545

tems, with a mean of 17.182 Sv and the lowest coefficient of variation (18.08%). The546

distribution exhibits near-symmetric properties (skewness = -0.122) with moderate547

positive kurtosis (0.563), indicating heavy-tailed behavior. The standard deviation of548

3.107 Sv and MAD of 1.887 Sv reflect relatively low variability. Transport values range549
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from 6.078 Sv (March 2013) to 25.938 Sv (October 1995), with the 5th-95th percentile550

range spanning 12.495 to 22.052 Sv.551

The comparative analysis of robust versus classical statistics reveals consistent552

patterns across all transport components. Trimmed means at 10% and 20% levels show553

minimal deviation from arithmetic means (typically less than 2%), suggesting limited554

influence from extreme values despite the presence of outliers in several time series.555

The MAD values are consistently lower than standard deviations by factors ranging556

from 1.49 (ITF-S) to 1.65 (AMOC), reflecting the robust estimator’s resistance to557

outliers. Interquartile ranges provide additional outlier-resistant measures of spread,558

with values of 8.102 Sv (ITF-G), 7.779 Sv (ITF-T), 2.546 Sv (ITF-S), 24.808 Sv559

(Agulhas Box), 19.482 Sv (Agulhas Jet), and 3.753 Sv (AMOC).560

3.2 Annual Cycle Characteristics561

Seasonal patterns of oceanic volume transport reveal pronounced variability across562

different current systems, with distinct timing and magnitude of seasonal extrema563

(Fig. 4). The ITF components display strong seasonal cycles with considerable vari-564

ation in their timing and amplitude. ITF-G reaches its peak transport of 13.017 Sv565

in September, while its minimum occurs in April at -0.257 Sv, resulting in a seasonal566

amplitude of 13.274 Sv. The annual mean transport stands at 5.996 Sv, with seasonal567

variations accounting for 74.09% of the mean (coefficient of variation). ITF-T exhibits568

the largest seasonal amplitude among the ITF components at 14.114 Sv. Maximum569

transport occurs in July (11.722 Sv), with the minimum in April (-2.393 Sv). Despite570

similar annual mean transport to ITF-G (5.508 Sv), ITF-T shows stronger seasonal571

modulation with a coefficient of variation of 83.29%. ITF-S demonstrates the most pro-572

nounced relative seasonal variability, with a coefficient of variation reaching 103.48%.573

Although its absolute seasonal amplitude is smaller (5.525 Sv), this represents a sub-574

stantial fraction of its annual mean transport of 1.666 Sv. Peak transport occurs in575

September (4.028 Sv), while the minimum is observed in February (-1.497 Sv).576

The Agulhas Current system shows consistent seasonal patterns between its two577

measurement approaches, though with different magnitudes. Agulhas Box transport578

reaches its weakest southwestward flow of -75.268 Sv in July and strongest flow of579

-97.927 Sv in March, yielding a seasonal amplitude of 22.659 Sv. The annual mean580

transport is -85.982 Sv, with relatively modest seasonal variation (coefficient of varia-581

tion of -9.22%). Agulhas Jet measurements follow a similar seasonal pattern but with582

stronger mean flow and slightly reduced amplitude. The weakest southwestward trans-583

port occurs at -85.879 Sv in July, while the strongest flow of -103.185 Sv is observed584

in March, producing a seasonal amplitude of 17.306 Sv. The annual mean of -95.097585

Sv combined with this amplitude results in a coefficient of variation of -5.71%, the586

smallest relative seasonal variation among the ITF and Agulhas components.587

The AMOC exhibits the most stable seasonal behavior of all systems examined.588

Transport varies from a minimum of 15.195 Sv in April to a maximum of 18.722589

Sv in November, creating a modest seasonal amplitude of 3.528 Sv. With an annual590

mean of 17.182 Sv, this translates to a coefficient of variation of just 7.07%, indicating591

relatively weak seasonal modulation compared to other current systems.592
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Fig. 4 Monthly climatological mean volume transport for all ocean current components. Top panel:
ITF components (ITF-G in orange, ITF-T in teal, ITF-S in blue). Middle panel: Agulhas Current
transports (Agulhas Box in green, Agulhas Jet in purple). Bottom panel: Atlantic Meridional Over-
turning Circulation (AMOC in red). Shaded areas represent standard errors around the monthly
means. All values are in Sv.

Across all transport components, April emerges as a common month for minimum593

values, appearing in the seasonal minima for ITF-G, ITF-T, and AMOC. For the Agul-594

has components, March marks the period of strongest southwestward flow, while July595

shows the weakest flow. September represents peak transport for ITF-G and ITF-S.596

The timing of these extrema, combined with the varying amplitudes and coefficients of597

variation, highlights the diverse seasonal characteristics inherent to each ocean circu-598

lation system. Standard errors around monthly means, visualized as shaded regions in599

Fig. 4, provide measures of interannual variability within each calendar month. These600

uncertainties vary both seasonally and between transport components, with generally601
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larger standard errors observed during months of maximum transport, particularly602

evident in the ITF components.603

3.3 Long-term Trends604

Analysis of multi-decadal transport trends using the Theil-Sen estimator reveals sig-605

nificant changes in half of the examined current systems, with the Mann-Kendall test606

confirming statistical significance at the p < 0.05 level (Fig. 5).607

Fig. 5 Long-term trends in oceanic volume transport from 1984-2023. Top panel: ITF components
(ITF-G in red, ITF-T in cyan, ITF-S in blue). Middle panel: Agulhas Current transports (Agulhas Box
in purple, Agulhas Jet in orange). Bottom panel: AMOC (cyan). Individual monthly data points are
shown with Theil-Sen regression trends over the available data periods. Solid lines indicate statistically
significant trends (p < 0.05), dashed lines indicate non-significant trends. All transport values in Sv.

Among the ITF components, ITF-G shows the strongest upward trend at 0.079608

Sv per year, equivalent to an increase of 0.79 Sv per decade over its 1984-2017 mea-609

surement period. This trend proves statistically significant (p = 0.012), suggesting a610
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robust strengthening of transport through this pathway. Similarly, ITF-S exhibits a611

significant positive trend of 0.028 Sv per year (p = 0.007), corresponding to a decadal612

increase of 0.28 Sv. In contrast, ITF-T displays a weaker positive trend of 0.024 Sv613

per year that fails to reach statistical significance (p = 0.374), indicating considerable614

uncertainty in the long-term behavior of this component.615

The Agulhas Current system presents no statistically significant trends during the616

1993-2015 observation period. Agulhas Box measurements show a minimal positive617

trend of 0.021 Sv per year (p = 0.876), which would represent a slight weakening of618

the southwestward flow if real, though the high p-value suggests this apparent trend619

could easily arise from natural variability alone. The Agulhas Jet data indicates a more620

substantial positive trend of 0.229 Sv per year, implying a potential weakening of 2.29621

Sv per decade in southwestward transport. However, this trend also lacks statistical622

significance (p = 0.136), preventing firm conclusions about long-term changes in the623

Agulhas system.624

The AMOC stands out as exhibiting the most pronounced and statistically robust625

trend among all systems analyzed. The negative trend of -0.161 Sv per year is highly626

significant (p < 0.0001), indicating a decline of 1.61 Sv per decade over the 1993-627

2024 measurement period. This represents the only significant negative trend detected628

across all transport components and suggests a substantial weakening of the Atlantic629

overturning circulation during recent decades.630

The analysis encompasses different time periods for each current system, reflecting631

data availability constraints. The ITF components provide the longest records (1984-632

2017), while the Agulhas measurements cover a shorter span (1993-2015). The AMOC633

data extends most recently, reaching through 2023. Despite these varying temporal634

coverages, all trend analyses are plotted on a consistent 1984-2023 axis to facilitate635

visual comparison.636

Overall, three of the six transport time series demonstrate statistically signifi-637

cant long-term trends: strengthening flows through ITF-G and ITF-S, and weakening638

circulation in the AMOC. The remaining components show trends that, while poten-639

tially meaningful in magnitude, cannot be distinguished from natural variability at the640

95% confidence level. The Theil-Sen method’s resistance to outliers provides robust641

trend estimates even in the presence of extreme events visible in several time series,642

particularly the substantial variability evident in the Agulhas Current measurements.643

3.4 Statistical Causal Relationships Between Current Systems644

The statitical causality analysis reveals multiple significant connections linking the645

Indonesian Throughflow, Agulhas system, and Atlantic Meridional Overturning Circu-646

lation across 264 months of observations (January 1993 to December 2014). Among the647

eleven pathways tested, four demonstrate robust causal relationships with consensus648

support from at least two independent methods (Table 1).649

The geostrophic component of the ITF emerges as a key driver of Agulhas vari-650

ability through two distinct pathways. The ITF-G to Agulhas Box connection exhibits651

significant negative correlation (r = -0.280, p < 0.01) with an 18-month lead time,652

accompanied by moderate nonlinear coupling (ρ = 0.237, p < 0.05). In contrast, the653

ITF-G influence on Agulhas Jet transport occurs almost instantaneously, showing654
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strong positive correlation (r = 0.264, p < 0.01) at just one month lag and the highest655

CCM strength among all pathways (ρ = 0.302, p < 0.01).656

Temperature and salinity components of the ITF also display significant causal657

influences on Agulhas Box transport, though with markedly different temporal char-658

acteristics. The temperature signal shows immediate impact with zero lag (r = 0.223,659

p < 0.05) and strong nonlinear causality (ρ = 0.241, p < 0.01). Meanwhile, the salinity660

component requires 12 months to manifest its influence, producing the highest lin-661

ear correlation among dominant pathways (r = 0.265, p < 0.05) alongside significant662

CCM detection (ρ = 0.193, p < 0.05).663

Table 1 Summary of causality analysis for ocean transport pathways. MCC values with
optimal lag, CCM strength, TE, and consensus scores are shown. Bold entries indicate
dominant pathways with consensus ≥ 2.

Pathway MCC Lag CCM TE Consensus
(r) (months) (ρ) (bits) Score

ITF-G → Agulhas Box -0.280** -18 0.237* 0.182 2
ITF-G → Agulhas Jet 0.264** -1 0.302** 0.180 2
ITF-T → Agulhas Box 0.223* 0 0.241** 0.168 2
ITF-S → Agulhas Box 0.265* -12 0.193* 0.173 2
ITF-T → Agulhas Jet 0.196 0 0.186 0.192 0
ITF-S → Agulhas Jet 0.145 -18 0.124 0.162 0
Agulhas Box → AMOC 0.113 0 0.152 0.171 0
Agulhas Jet → AMOC 0.178 -6 0.146 0.175 0
ITF-G → AMOC 0.142 0 0.167 0.185 0
ITF-T → AMOC 0.097 -12 0.114 0.168 0
ITF-S → AMOC 0.156 -18 0.138 0.177 0
*p < 0.05, **p < 0.01 based on block bootstrap testing (500-1000 surrogates)

TE values remain relatively uniform across all pathways, ranging from 0.162 to664

0.192 normalized bits, with the ITF-T to Agulhas Jet pathway showing the highest665

information flow despite lacking statistical significance. Notably, no significant causal666

relationships emerge between the Agulhas system and AMOC in either direction, with667

all consensus scores remaining at zero. Direct connections from ITF components to668

AMOC similarly fail to achieve significance in any metric, despite moderate TE values669

that suggest some information transfer may occur.670

The temporal structure of the statistical causal relationships varies considerably671

among pathways. Lead times range from near-instantaneous coupling (0-1 months) for672

temperature and jet-related pathways to extended propagation periods (12-18 months)673

for salinity and box transport connections. This diversity in lag times persists even674

when comparing different ITF components affecting the same Agulhas metric, suggest-675

ing distinct physical mechanisms may govern each interaction. The block bootstrap676

procedure confirms these patterns remain robust when accounting for the inherent677

autocorrelation structure present in monthly ocean transport time series.678
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3.5 Wavelet Coherence of Significant Causal Pathways679

Wavelet coherence analysis was performed on the four ocean transport pathways iden-680

tified as statistically significant in the causality analysis (consensus score ≥ 2). The681

analysis encompasses 268 data points spanning 22.25 years (1992.67 to 2014.92) with682

a monthly sampling interval of 0.085 years. Figure 6 presents the wavelet coherence683

scalograms for the four pathways, with periods ranging from 0.2 to 8.3 years.684

Fig. 6 Wavelet coherence between ITF components and Agulhas transport metrics. (a) ITF Salinity
and Agulhas Box transport. (b) ITF Temperature and Agulhas Box transport. (c) ITF Geostrophic
and Agulhas Jet transport. (d) ITF Geostrophic and Agulhas Box transport. The magnitude-squared
coherence is shown by the color scale (0-1), with warmer colors indicating stronger coherence. Black
arrows indicate phase relationships, displayed only where coherence exceeds 0.7. Rightward arrows
indicate in-phase behavior, leftward arrows indicate anti-phase relationships, and vertical arrows
indicate quadrature. The white dashed lines delineate the cone of influence where edge effects become
significant.

For the ITF Salinity-Agulhas Box pathway (Fig. 6a), the average coherence across685

all time-frequency space is 0.315, with 6.8% of the region exhibiting coherence values686

above 0.7. The five most dominant periods show average coherence values ranging687

from 0.545 to 0.599, with the strongest occurring at 1.23 years (0.599), followed by688

1.16 years (0.595), 1.30 years (0.579), 1.09 years (0.574), and 1.03 years (0.545). High689

coherence (¿0.7) at the 1.23-year period appears during three distinct intervals: 1995.3-690

1997.4, 1999.7-2004.2, and 2012.1-2014.9. The average phase angle in high-coherence691

regions is -0.11 radians (-6.5 degrees), indicating approximately in-phase behavior.692
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The ITF Temperature-Agulhas Box pathway (Fig. 6b) displays an average coher-693

ence of 0.293, with 5.9% of the analyzed region showing coherence above 0.7. The694

dominant periods cluster around the annual cycle, with the strongest coherence at695

0.97 years (0.604), followed by 1.03 years (0.603), 0.92 years (0.596), 1.09 years696

(0.595), and 1.16 years (0.577). High coherence at the 0.97-year period occurs dur-697

ing 1995.9-2002.5, briefly during 2004.4-2004.6, and again during 2012.0-2014.9. The698

average phase angle of 0.09 radians (5.3 degrees) in high-coherence regions indicates699

approximately in-phase relationships.700

The ITF Geostrophic-Agulhas Jet pathway (Fig. 6c) exhibits an average coherence701

of 0.348, with 6.4% of the time-frequency space exceeding the 0.7 coherence threshold.702

The dominant periods show similar annual-scale preferences: 1.09 years (0.600), 1.03703

years (0.599), 0.97 years (0.590), 1.16 years (0.590), and 0.92 years (0.575). High704

coherence at the 1.09-year period manifests during two main intervals: 1995.4-1998.2705

and 1999.8-2004.1. The average phase angle in high-coherence regions is 0.18 radians706

(10.4 degrees), remaining within the in-phase classification.707

The ITF Geostrophic-Agulhas Box pathway (Fig. 6d) shows an average coher-708

ence of 0.317, with 6.2% of the analyzed domain displaying coherence above 0.7. The709

dominant periods exhibit the strongest coherence values among all pathways: 0.97710

years (0.616), 0.92 years (0.613), 1.03 years (0.612), 1.09 years (0.600), and 0.87 years711

(0.598). High coherence at the 0.97-year period persists through extended intervals:712

1996.2-2004.8 and 2011.7-2014.9. The average phase angle of 0.03 radians (1.6 degrees)713

represents the smallest phase offset among all analyzed pathways.714

Cross-panel comparison reveals five periods that maintain coherence above 0.5715

across all four pathways. These common periods center on the annual cycle: 1.09716

years (average coherence 0.592), 1.03 years (0.590), 1.16 years (0.586), 0.97 years717

(0.581), and 1.23 years (0.567). The concentration of dominant periods between 0.87718

and 1.30 years across all pathways indicates systematic annual-scale coupling between719

ITF components and Agulhas transport variability.720

All pathways display approximately in-phase behavior in their high-coherence721

regions, with phase angles ranging from 1.6 to 10.4 degrees. The temporal distribu-722

tion of high coherence shows notable clustering during three periods: the mid-to-late723

1990s (approximately 1995-1998), an extended period from the late 1990s through724

early 2000s (approximately 1999-2004), and a recent period from 2012 to the end of725

the record in 2014. These intervals of enhanced coherence appear consistently across726

multiple pathways, though with slight variations in exact timing and duration.727

4 Discussion728

The analysis of multi-decadal ocean transport time series reveals significant trends and729

teleconnections within the global circulation system, with important implications for730

understanding climate variability and change. Our findings demonstrate strengthening731

of the ITF, weakening of the AMOC, and robust statistical causal connections between732

the ITF and Agulhas Current system, though notably without direct linkages to the733

AMOC.734
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The observed strengthening trends in ITF-G (0.79 Sv per decade) and ITF-S (0.28735

Sv per decade) align remarkably well with recent observational evidence. Hu and736

Sprintall (2017) reported ITF strengthening linked to rainfall intensification over the737

Maritime Continent, while Feng et al. (2018) documented a centennial strengthening738

trend of approximately 1 Sv per decade. Our results fall within this range, though739

slightly lower than the 1.33 Sv per decade reported for more recent periods. The740

dominance of the geostrophic component in driving the overall trend suggests that741

large-scale pressure gradient changes, rather than local wind forcing, control the long-742

term ITF evolution. This finding has profound implications for understanding how743

regional climate changes translate into basin-scale ocean circulation adjustments.744

The strong seasonal variability observed across all ITF components, with peak745

transports occurring during the Southeast Monsoon period, corroborates the estab-746

lished understanding of monsoonal control on ITF variability (Gordon 2005). What747

makes our findings particularly striking is the coefficient of variation exceeding 100%748

for ITF-G and ITF-S, indicating that interannual variability rivals the mean trans-749

port. This extreme variability, consistent with strong ENSO modulation documented750

by Sprintall et al. (2009), suggests that detecting long-term trends requires careful751

consideration of natural climate oscillations superimposed on anthropogenic signals.752

Turning to the Atlantic sector, the highly significant weakening trend of -1.61 Sv753

per decade in the AMOC represents one of the most robust findings in this study.754

This decline exceeds the -1.0 Sv per decade reported from the RAPID array for 2004-755

2023 (McCarthy et al. 2025), raising questions about either an acceleration of the756

weakening or methodological differences between reanalysis products and direct obser-757

vations. Caesar et al. (2018) identified a 15% weakening since the mid-20th century758

using fingerprint analysis, which translates to approximately 2-3 Sv total decline—a759

figure consistent with our findings when extrapolated over similar timescales. The760

relatively low coefficient of variation for AMOC compared to other transport compo-761

nents indicates a more stable baseline state, making the detection of long-term trends762

particularly robust. This stability, combined with the high statistical significance of763

the trend, provides compelling evidence for systematic AMOC weakening during the764

recent warming period.765

The identification of four dominant causal pathways from ITF components to766

Agulhas transport reveals complex, scale-dependent teleconnections operating through767

the Indian Ocean. The varying lag times—from instantaneous coupling for ITF-T to768

Agulhas Box, to 18-month lags for ITF-G to Agulhas Box—suggest multiple physi-769

cal mechanisms at play. While Durgadoo et al. (2017) demonstrated that ITF waters770

require 10-20 years to reach the Agulhas retroflection region via the classical oceanic771

pathway, our shorter lag times likely reflect faster, upper-ocean pathways or atmo-772

spheric teleconnections that modify both systems coherently. The opposite signs of773

correlation between ITF-G and the two Agulhas metrics reveal an intriguing dynamic:774

increased ITF transport may enhance the Agulhas Current core velocity while broad-775

ening the current, thereby reducing the integrated transport across the fixed Box776

section. This interpretation aligns with theoretical predictions by Biastoch et al. (2009)777

who showed that enhanced ITF can modify the Agulhas Current structure through778

changes in Indian Ocean thermocline depth.779
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Perhaps most intriguing is the complete absence of statistically significant causal780

connections between either ITF or Agulhas components and the AMOC. This null781

result challenges simple conceptual models of a continuous global conveyor belt where782

enhanced ITF would directly influence Atlantic overturning. Several factors may783

explain this unexpected finding. The oceanic pathway from the Indian to Atlantic784

Ocean involves complex transformations, with Biastoch et al. (2008) demonstrat-785

ing that Agulhas leakage waters undergo substantial modification in the South786

Atlantic through mixing and air-sea interaction that obscures source water proper-787

ties. Additionally, Weijer et al. (2019) showed that AMOC variability is dominated788

by high-latitude processes in the North Atlantic, potentially overwhelming far-field789

influences from the Indo-Pacific sector.790

This lack of direct connections does not preclude indirect influences operating791

through atmospheric teleconnections. Recent work by McGregor et al. (2014) demon-792

strated that Atlantic warming can influence Pacific climate through atmospheric793

bridges, suggesting similar processes might operate in reverse. Furthermore, Sun794

and Thompson (2020) found centennial-scale connections between ITF and AMOC795

in model simulations, indicating that our 22-year analysis period may be insuffi-796

cient to detect these longer-timescale relationships. The ocean’s memory at these797

timescales extends far beyond our observational window, highlighting the critical need798

for sustained observations and paleoceanographic reconstructions.799

The concentration of significant wavelet coherence at periods between 0.87-1.30800

years across all ITF-Agulhas pathways reveals a fundamental annual-scale coupling801

mechanism. This coherence likely reflects the monsoon system’s pervasive influence on802

both the ITF and Indian Ocean circulation (Schott et al. 2009). The approximately in-803

phase relationships, with phase angles ranging from merely 1.6 to 10.4 degrees, suggest804

near-simultaneous responses to common forcing. This timing is more consistent with805

basin-scale atmospheric forcing than with slow oceanic wave propagation, which would806

introduce substantial phase lags. The temporal clustering of high coherence during807

specific periods—1995-1998, 1999-2004, and 2012-2014—coincides with major climate808

events including the 1997-98 El Niño, the early 2000s Indo-Pacific regime shift, and809

the 2014-16 warming event. This episodic coherence suggests that the strength of ITF-810

Agulhas coupling varies dramatically with the background climate state, potentially811

explaining some of the complexity in the causal relationships we observe.812

The multi-method causality approach employed here provides robust detection of813

ocean teleconnections while accounting for both linear and nonlinear relationships. By814

combining MCC, CCM, and TE, we capture different aspects of dynamical coupling815

that single methods might miss. The consensus requirement reduces false positive rates816

inherent in multiple testing, while the application of block bootstrap methods pre-817

serves the autocorrelation structure critical for oceanographic time series (Sugihara818

et al. 2012). However, several limitations warrant consideration. The varying temporal819

coverage of different datasets introduces potential biases in trend estimates and limits820

the overlap period for causality analysis. The monthly resolution, while appropriate for821

detecting seasonal to interannual relationships, may miss higher-frequency coupling822

mechanisms that could reveal additional dynamical pathways. Additionally, the use of823
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different measurement approaches—geostrophic calculations for ITF, satellite altime-824

try for Agulhas, and reanalysis for AMOC—introduces methodological uncertainties825

that complicate inter-basin comparisons.826

Our results support a view of the global ocean circulation as a complex, multi-scale827

system rather than a simple conveyor belt. The simultaneous strengthening of ITF828

and weakening of AMOC, yet their apparent dynamical decoupling on the timescales829

analyzed, suggests that regional processes dominate over global-scale connections.830

Enhanced rainfall and wind forcing in the Maritime Continent drive ITF changes (Hu831

and Sprintall 2017), while weakened deep convection in the North Atlantic controls832

AMOC variability (Thornalley et al. 2018). These regional drivers appear to over-833

whelm any direct inter-basin coupling, at least on the timescales accessible to current834

observations.835

The robust ITF-Agulhas connections indicate that changes in Pacific-Indian Ocean836

exchange do propagate into the South Atlantic gateway, potentially preconditioning837

the Atlantic for longer-term changes. The 12-18 month lag times for some pathways838

suggest that ITF variations could provide predictability for Agulhas transport and839

potentially South Atlantic climate. This predictability, if properly harnessed, could840

improve seasonal to interannual forecasts for regions influenced by Agulhas leakage,841

including South Atlantic hurricane development and Benguela upwelling dynamics.842

As the climate continues to warm and these circulation systems evolve, monitoring843

these critical ocean gateways becomes increasingly important for understanding and844

predicting changes in global ocean circulation and regional climate impacts. Future845

work should focus on extending these time series to detect longer-period variabil-846

ity, investigating atmospheric teleconnections between ocean basins, and developing847

process-based understanding of the mechanisms underlying the statistical relationships848

identified here.849

5 Conclusions and Future Work850

This comprehensive statistical analysis of ocean transport variability reveals fun-851

damental characteristics of the global ocean circulation system and its response852

to contemporary climate forcing. Through systematic application of non-parametric853

trend analysis, multi-method causality testing, and wavelet coherence examination,854

we identified contrasting behaviors across ocean basins: significant strengthening of855

the ITF, robust weakening of the AMOC, and stable but highly variable Agulhas856

Current transport. The causality analysis uncovered multiple statistically significant857

pathways linking ITF components to Agulhas transport variability, yet notably absent858

were any direct connections to the AMOC, challenging traditional paradigms of a859

tightly coupled global conveyor belt. The dominant annual-scale coherence in ITF-860

Agulhas coupling, with episodic strengthening during major climate events, indicates861

that monsoon-driven atmospheric forcing provides the primary teleconnection mecha-862

nism rather than slow oceanic advection. These findings support a paradigm wherein863

regional forcing mechanisms—enhanced Maritime Continent rainfall for ITF and weak-864

ened North Atlantic convection for AMOC—dominate over global-scale connectivity865

on observable timescales.866
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Future investigations should expand this statistical framework through comprehen-867

sive spatio-temporal climate field analysis to identify coherent patterns of variability868

across ocean basins and elucidate whether the identified connections manifest as869

propagating subsurface anomalies or atmospheric forcing patterns. Process-oriented870

modeling experiments with controlled perturbations could distinguish between oceanic871

and atmospheric teleconnection pathways, while paleoclimate analog studies, particu-872

larly of the mid-Pliocene Warm Period and Heinrich events, may reveal precedents for873

the simultaneous ITF strengthening and AMOC weakening observed in the contem-874

porary ocean. Extended temporal analyses combining proxy reconstructions and long875

model simulations are essential to detect potential centennial-scale inter-basin connec-876

tions beyond our current observational window. As anthropogenic forcing continues to877

perturb the climate system, understanding both the regional responses and evolving878

connectivity of ocean currents becomes increasingly critical for projecting future cli-879

mate trajectories and informing adaptation strategies, with the framework developed880

here providing a robust approach for monitoring these changes as they unfold.881
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Durgadoo JV, Rühs S, Biastoch A, Böning CWB. Indian Ocean sources of Agulhas955

leakage. J Geophys Res Oceans. 2017;122(4):3481–3499. https://doi.org/10.1002/956

2016JC012676.957

Efron B, Tibshirani RJ. An Introduction to the Bootstrap. New York: Chapman and958

Hall/CRC; 1994. https://doi.org/10.1201/9780429246593.959

E U Copernicus Marine Service Information (CMEMS).: Atlantic Meridional Over-960

turning Circulation AMOC timeseries at 26N from Reanalysis. Marine Data Store961

(MDS); 2024. https://doi.org/10.48670/moi-00232 (Accessed on May 28, 2025).962

E U Copernicus Marine Service Information (CMEMS).: Global Ocean Ensemble963

Physics Reanalysis. Marine Data Store (MDS); 2024. https://doi.org/10.48670/964

moi-00024 (Accessed on May 28, 2025).965

Farge M. Wavelet Transforms and Their Applications to Turbulence. Annual Review966

of Fluid Mechanics. 1992;24(1):395–458. https://doi.org/10.1146/annurev.fl.24.967

010192.002143.968

Feng M, Zhang N, Liu Q, Wijffels S. The Indonesian throughflow, its vari-969

ability and centennial change. Geosci Lett. 2018;5:3. https://doi.org/10.1186/970

s40562-018-0102-2.971

Gordon AL. Interocean exchange of thermocline water. J Geophys Res Oceans.972

1986;91(C4):5037–5046. https://doi.org/10.1029/JC091iC04p05037.973

Gordon AL. Oceanography of the Indonesian Seas and their throughflow. Oceanog-974

raphy. 2005;18(4):14–27. https://doi.org/10.5670/oceanog.2005.01.975

Gouretski V, Cheng L. Correction for Systematic Errors in the Global Dataset of Tem-976

perature Profiles from Mechanical Bathythermographs. J Atmos Ocean Technol.977

33

https://doi.org/10.1002/qj.828
https://doi.org/10.1038/s41467-023-39810-w
https://doi.org/10.1038/s41467-023-39810-w
https://doi.org/10.1038/s41467-023-39810-w
https://doi.org/10.1016/j.ocemod.2008.01.004
https://doi.org/10.1016/j.ocemod.2008.01.004
https://doi.org/10.1016/j.ocemod.2008.01.004
https://doi.org/10.1007/s00382-015-2918-1
https://doi.org/10.1002/2016JC012676
https://doi.org/10.1002/2016JC012676
https://doi.org/10.1002/2016JC012676
https://doi.org/10.1201/9780429246593
https://doi.org/10.48670/moi-00232
https://doi.org/10.48670/moi-00024
https://doi.org/10.48670/moi-00024
https://doi.org/10.48670/moi-00024
https://doi.org/10.1146/annurev.fl.24.010192.002143
https://doi.org/10.1146/annurev.fl.24.010192.002143
https://doi.org/10.1146/annurev.fl.24.010192.002143
https://doi.org/10.1186/s40562-018-0102-2
https://doi.org/10.1186/s40562-018-0102-2
https://doi.org/10.1186/s40562-018-0102-2
https://doi.org/10.1029/JC091iC04p05037
https://doi.org/10.5670/oceanog.2005.01


2020;37(5):841–855. https://doi.org/10.1175/JTECH-D-19-0205.1.978

Grinsted A, Moore JC, Jevrejeva S. Application of the cross wavelet transform and979

wavelet coherence to geophysical time series. Nonlinear Processes in Geophysics.980

2004;11(5/6):561–566. https://doi.org/10.5194/npg-11-561-2004.981

Guo Y, Li Y, Cheng L, Chen G, Liu Q, Tian T, et al. An Updated Estimate of982

the Indonesian Throughflow Geostrophic Transport: Interannual Variability and983

Salinity Effect. Geophys Res Lett. 2023;50(13):e2023GL103748. https://doi.org/10.984

1029/2023GL103748.985

Harris CR, Millman KJ, van der Walt SJ, Gommers R, Virtanen P, Cournapeau986

D, et al. Array programming with NumPy. Nature. 2020 09;585(7825):357–362.987

https://doi.org/10.1038/s41586-020-2649-2.988

Hersbach H, Bell B, Berrisford P, Hirahara S, Horányi A, Muñoz-Sabater J, et al.989
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