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Abstract

Multi-decadal observations of major ocean circulation systems reveal contrasting
trends and complex inter-basin connectivity patterns that challenge traditional
conceptualizations of global ocean circulation. Using non-parametric trend anal-
ysis, multi-method causality testing, and wavelet coherence techniques, we
analyzed volume transport time series spanning 1984-2023 for the Indonesian
Throughflow (ITF), Agulhas Current system, and Atlantic Meridional Over-
turning Circulation (AMOC). The ITF demonstrates statistically significant
strengthening, with geostrophic and salinity components increasing by 0.79 and
0.28 Sv decade™?!, respectively (p < 0.05). Conversely, the AMOC exhibits
robust weakening of —1.61 Sv decade™! (p < 0.0001), while Agulhas transport
shows no significant long-term trends despite substantial interannual variabil-
ity. Causality analysis reveals four statistically significant pathways linking ITF
components to Agulhas variability with lag times of 0-18 months, supported
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by consensus across maximum cross-correlation, convergent cross mapping, and
transfer entropy methods. However, no direct causal connections emerge between
either Indo-Pacific system and the AMOC, indicating regional forcing domi-
nance over global-scale coupling on observable timescales. Wavelet coherence
analysis identifies dominant annual-scale coupling (0.87-1.30 years) in ITF-
Agulhas relationships, with enhanced coherence during major climate events
including the 1997-98 El Nifio. These findings suggest that contemporary ocean
circulation responds primarily to regional forcing mechanisms—intensified Mar-
itime Continent rainfall driving ITF strengthening and weakened North Atlantic
convection controlling AMOC decline—rather than operating as a tightly cou-
pled global conveyor belt. The identified statistical relationships provide critical
observational constraints for ocean circulation models and highlight the need
for sustained monitoring as anthropogenic forcing continues to reshape ocean
gateway dynamics.

Keywords: Agulhas Current, Atlantic Meridional Overturning Circulation,
Indonesian Throughflow, Ocean transport variability, Statistical causality

1 Introduction

The ocean’s meridional overturning circulation constitutes Earth’s primary mecha-
nism for redistributing heat from equatorial to polar regions, fundamentally shaping
global climate patterns and regional weather systems. This vast circulation net-
work, comprising interconnected currents across all ocean basins, has emerged as a
critical focus of climate research due to mounting evidence of ongoing changes in
response to contemporary climate forcing. Understanding the variability and trends of
major ocean currents—particularly the Atlantic Meridional Overturning Circulation
(AMOC), the Indonesian Throughflow (ITF), and the Agulhas Current system—has
become essential for characterizing the evolution of the global ocean circulation system.

The modern understanding of ocean circulation rests upon theoretical foundations
established over seven decades ago. Stommel (1948) provided the first mathematical
explanation for the westward intensification of ocean currents, demonstrating that
the latitudinal variation of the Coriolis parameter causes powerful western bound-
ary currents such as the Gulf Stream and Kuroshio Current. This fundamental
insight explained why ocean gyres exhibit asymmetric circulation patterns, with swift,
narrow currents on western boundaries and broad, diffuse return flows in ocean interi-
ors. Subsequently, Stommel (1961) demonstrated that thermohaline circulation could
exist in multiple stable states, introducing the concept that ocean circulation might
exhibit different equilibrium modes—a theoretical foundation that continues to inform
contemporary ocean circulation research.

Building upon Stommel’s theoretical framework, Broecker (1987) conceptualized
the global ocean circulation as a “great ocean conveyor belt”, a metaphor that cap-
tured both scientific and public imagination. This paradigm, elaborated in Broecker
(1991), visualized ocean circulation as a continuous loop transporting warm surface
waters poleward and cold deep waters equatorward, connecting all ocean basins in
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a coherent overturning circulation (Fig. 1). While subsequent research has revealed
greater complexity than this simplified model suggests (Gordon 1986), the conveyor
belt concept established important links between ocean circulation variability and
climate changes recorded in paleoclimate archives. The schematic representation in
Fig. 1 illustrates this interconnected circulation system, highlighting the three major
current systems—the AMOC, ITF, and Agulhas Current—that facilitate inter-basin
exchange and maintain planetary-scale heat redistribution.

10000 -7500 -5000 -2500 0 2500 5000
Elevation

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 current
systems that facilitate inter-ocean exchange and maintain the planetary-scale redistri-
bution of heat and salt. The ITF represents the sole low-latitude pathway connecting
the Pacific and Indian Oceans, with significant implications for Indo-Pacific climate
dynamics. Early quantitative estimates by Wyrtki (1961) established the seasonal
variability of ITF transport, while subsequent observations revealed its role as a ”mix
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master” transforming Pacific waters through intense tidal mixing (Gordon 2005). The
landmark INSTANT program provided the first simultaneous measurements across
all ITF passages, establishing a mean transport of approximately 15 Sverdrups (1 Sv
= 10% m?® s7!) with significant interannual variability (Sprintall et al. 2009). Recent
studies have documented ITF variability in response to intensified rainfall patterns
(Hu and Sprintall 2017), with Feng et al. (2018) synthesizing evidence for long-term
changes linked to both regional and global climate forcing.

The Agulhas Current system, Earth’s most powerful western boundary current,
plays an equally important role in the global circulation through its unique retroflec-
tion process. Lutjeharms and van Ballegooyen (1988) provided the seminal description
of how the Agulhas Current dramatically turns back upon itself south of Africa, shed-
ding massive rings that carry warm, salty Indian Ocean water into the Atlantic. This
7 Agulhas leakage” constitutes an important component of the global thermohaline
circulation, potentially influencing Atlantic overturning by supplying salt that affects
North Atlantic water mass properties (Gordon 1986; Biastoch et al. 2008). Obser-
vational programs have revealed the Agulhas Current extends to depths exceeding
2200 meters with transport around 70 Sv, though recent evidence suggests broaden-
ing rather than strengthening of the current system (Beal and Elipot 2016). Climate
model simulations indicate that poleward shifts in Southern Hemisphere westerlies
could modify Agulhas leakage, with potential impacts on Atlantic circulation (Biastoch
et al. 2009; Durgadoo et al. 2017).

The AMOC has emerged as a component of global ocean circulation showing signif-
icant response to contemporary climate change. Building upon theoretical predictions
and modeling studies (Rahmstorf 1995), observational evidence now indicates changes
in AMOC strength. Caesar et al. (2018) identified a characteristic sea surface tem-
perature pattern associated with AMOC variability, suggesting approximately 15%
weakening since the mid-twentieth century. This finding has been corroborated by
proxy reconstructions indicating that current AMOC strength represents relatively
weak conditions compared to the past millennium (Thornalley et al. 2018; Caesar
et al. 2021).

Recent assessments of AMOC variability have employed diverse methodological
approaches. Lenton et al. (2008) identified the AMOC among several components of
the Earth system that could undergo significant transitions. Boers (2021) analyzed
multiple AMOC proxy records, examining statistical indicators of circulation changes.
van Westen et al. (2024) used climate model simulations to investigate AMOC stability,
identifying freshwater transport at 34°S as a relevant diagnostic indicator. Ditlevsen
and Ditlevsen (2023) applied statistical methods to project potential future AMOC
evolution, though their specific timelines remain subject to scientific discussion.

Despite theoretical advances and expanding observational evidence, quantifying
ocean circulation changes remains challenging. Direct observations of ocean currents
are spatially and temporally limited, necessitating reliance on indirect proxies and
model-based reconstructions. The inherent variability of ocean circulation on mul-
tiple timescales—f{rom seasonal to multidecadal—complicates detection of long-term
trends. Furthermore, systematic differences between climate models and observations,
particularly in representing freshwater transport and water mass formation processes,
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introduce uncertainty in projections. Inter-basin connections through both oceanic
pathways and atmospheric teleconnections add complexity, as changes in one region
can influence the global circulation system (McGregor et al. 2014; Sun and Thompson
2020).

Given the critical importance of ocean circulation for global climate and the need
to better understand ongoing changes, comprehensive statistical analysis of variabil-
ity and trends in major ocean currents has become essential. This study presents an
integrated examination of the ITF, Agulhas Current system, and AMOC, employing
multiple statistical techniques to quantify long-term trends and investigate poten-
tial relationships between these systems. By analyzing these current systems within
a unified statistical framework, we aim to characterize their temporal evolution over
recent decades through robust trend analysis, identify and quantify statistical causal
pathways and teleconnections between ocean basins, examine the time-frequency
characteristics of inter-basin coupling, and assess the degree of connectivity within
the global ocean circulation system. Through systematic application of complemen-
tary analytical methods—including non-parametric trend detection, multi-method
causality analysis, and wavelet coherence—this study provides empirical evidence for
understanding how major ocean currents respond to contemporary climate forcing and
interact across basin scales.

2 Data and Methods

2.1 Data

Monthly AMOC volumetric transport data were obtained from the Ocean Monitoring
Indicator (OMI) of the Copernicus Marine Environment Monitoring Service (CMES),
specifically the AMOC timeseries at 26°N from Reanalysis (E.U. Copernicus Marine
Service Information (CMEMS) 2024a) spanning January 1993 to December 2023. The
monthly mean values from this dataset were utilized for the analysis. This product
had been derived using a multi-product approach that combined four distinct ocean
reanalyses to construct ensemble-based Ocean Monitoring Indicators for the AMOC.
The ensemble approach utilized the Global Ocean Reanalysis and Simulation version
2 volume 4 (GLORYS2V4) from Mercator Ocean (Lellouche et al. 2013), the Coper-
nicus Global Ocean Reanalysis (C-GLORS) from the Centro Euro-Mediterraneo sui
Cambiamenti Climatici (CMCC) (Storto et al. 2016), Ocean Reanalysis System 5
(ORAS5) from the European Centre for Medium-Range Weather Forecasts (ECMWF)
(Zuo et al. 2017), and the Global Seasonal forecasting system version 5 (GloSea5)
(MacLachlan et al. 2015). These four reanalyses were employed to calculate time series
of the AMOC maximum transport and climatological mean profiles, which were sub-
sequently combined to form the Global Ocean Ensemble Physics Reanalysis (E.U.
Copernicus Marine Service Information (CMEMS) 2024b) with an ensemble mean and
spread calculated as twice the ensemble standard deviation in comparison with the
RAPID observational AMOC data (Moat et al. 2025; Duchez et al. 2016).

All four reanalysis products were based on the Nucleus for European Modelling
of the Ocean (NEMO) model (Madec and NEMO team 2015) implemented on the
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ORCA025 grid (0.25° horizontal resolution), with GLORYS2V4 using NEMO ver-
sion 3.1 with the Louvain-la-Neuve Sea Ice Model version 2 (LIM2) (Rousset et al.
2015; Vancoppenolle et al. 2012) and 75 vertical levels, while C-GLORS and ORAS5
employed NEMO version 3.4 with LIM2, and ORAS5 additionally incorporated ver-
sion 3.4.1 with surface wave forcing. The models were forced at the sea surface using
the ECMWEF Re-Analysis Interim (ERA-Interim) (Dee et al. 2011) and bulk formu-
lae, with ERA5 (Hersbach et al. 2020) implemented after 2019, and GLORYS2V4
specifically using Turbulent Kinetic Energy (TKE) altimetry from 1993-2015. Data
assimilation methodologies varied across products: GLORYS2V4 employed the Singu-
lar Evolutive Extended Kalman (SEEK) filter (Pham et al. 1998) within the Sistema
de Asimilacién de Mercator version 2 (SAM2) with a 7-day assimilation window; C-
GLORS used the three-dimensional variational (3Dvar) (Barker et al. 2004) using
the OceanVar system (Dobricic and Pinardi 2008) with a 7-day window; and ORAS5
implemented the NEMO variational data assimilation system (NEMOVAR) (Waters
et al. 2015) with 3Dvar multivariate assimilation and a 5-day window. All systems
assimilated sea surface temperature (SST), sea level anomalies (SLA), and in situ tem-
perature and salinity profiles T/S(z), with specific SST products including Reynolds
SST for GLORYS2V4 and C-GLORS, and Hadley Centre Sea Ice and Sea Surface
Temperature version 2 (HadISSTv2) (Rayner et al. 2006) for ORAS5, while sea ice
concentrations (SIC) were assimilated using surface nudging techniques in C-GLORS
and ORASS.

ITF volumetric transport data were obtained from the updated estimates of Guo
et al. (2023), specifically the monthly time series of total ITF geostrophic transport
(ITF-G), temperature component (ITF-T), and salinity component (ITF-S) at the
IX1 section between Indonesia and Australia spanning January 1984 to December
2017. The monthly mean values from these datasets were utilized for the analysis.
These transport estimates were derived from expendable bathythermograph (XBT)
deployments and complementary observational data including mechanical bathyther-
mographs, conductivity-temperature-depth profiles, bottle samples, moored buoys,
gliders, and Argo floats, totaling 764,481 profiles with comprehensive bias corrections
applied following Cheng et al. (2014) for XBT data and Gouretski and Cheng (2020)
for mechanical bathythermograph data.

The ITF transport components were calculated using geostrophic principles
through dynamic height integration from a 700 m reference level, with cross-sectional
velocities computed via the geostrophic relationship:

Va Dy — D) (1)

o f 6L(
, where L represents the distance between neighboring grid boxes and f denotes the
Coriolis parameter. The salinity effect was incorporated using two versions of the Insti-
tute of Atmospheric Physics (IAP) monthly gridded salinity datasets (Cheng et al.
2020; Tian et al. 2022), which employed feed-forward neural networks and Monte
Carlo dropout approaches to reconstruct three-dimensional salinity fields from in situ
observations, sea surface temperature, surface winds, and altimeter-derived sea sur-
face height. The transport estimates were decomposed linearly into temperature and
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salinity components through separate dynamic height calculations, with uncertainty
quantification performed using Monte Carlo simulations generating 100 ensemble
realizations to propagate data uncertainties into the final transport estimates.

Agulhas Current volume transport data were derived from the comprehensive
dataset of Beal and Elipot (2016), who developed 22-year proxy time series spanning
September 26, 1992, to December 21, 2014, with 10-day temporal resolution. The
transport estimates were constructed by combining three years of in situ measure-
ments from the Agulhas Current Time-series (ACT) mooring array deployed across the
current at 34°S with coincident along-track satellite altimeter data from the TOPEX/-
Poseidon, Jason-1, and Jason-2 missions. Two distinct transport metrics were utilized:
the streamwise jet transport (hereafter referred to as Agulhas Jet), representing the
southwestward component integrated to the first maximum beyond the half-width of
the mean jet at 110 km offshore, and the boundary layer transport (hereafter referred
to as Agulhas Box), representing the net transport integrated across the full 219 km
width of the current system.

The proxy time series were generated through nine linear regression models that
related local sea surface slope derived from satellite altimetry to transport per unit dis-
tance at each ACT mooring location, subsequently interpolated using shape-preserving
piecewise cubic Hermite polynomials and integrated horizontally to obtain total trans-
ports. The in situ ACT array consisted of seven full-depth current-meter moorings and
four current- and pressure-sensor-equipped inverted echo sounders (CPIES), provid-
ing comprehensive velocity measurements through acoustic Doppler current profilers,
Aquadopp current meters, and geostrophic velocity estimates from CPIES pairs. The
resulting proxy estimates explained 55% of the variance for Agulhas Jet and 61% of
the variance for Agulhas Box during the three-year validation period, with mean trans-
port values of —84 + 24 Sv for the jet transport and —77 + 32 Sv for the boundary
layer transport, where negative values indicate southwestward flow. The original 10-
day data were preprocessed and aggregated into monthly means to ensure consistent
temporal resolution with the ITF and AMOC datasets for comparative analysis.

Figure 2 presents the complete time series of volume transport data used in this
study, spanning the period from 1984 to 2022. Figure 2 (upper panel) displays the
ITF components, which exhibit substantial interannual and decadal variability with
magnitudes typically ranging between -10 and +20 Sv. The middle panel shows the
Agulhas Current transport metrics, where both the Agulhas Box and Agulhas Jet
demonstrate strong southwestward flow with mean values around -80 to -100 Sv and
notable variability throughout the record period. The bottom panel illustrates the
AMOC strength, characterized by generally positive values between 10 and 25 Sv with
pronounced fluctuations and some evidence of decadal-scale trends. All datasets have
been processed to monthly resolution to enable direct comparison.

2.2 Methods
2.2.1 Descriptive Statistical Analysis

Comprehensive descriptive statistics were computed for all oceanic volume transport
time series to characterize their distributional properties and variability patterns. The
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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),
pandas (McKinney 2011), and SciPy (Virtanen et al. 2020) libraries.

For each transport variable, measures of central tendency and dispersion were
calculated to characterize the typical values and variability. The arithmetic mean ()
and median (%) were computed as:

= —le, (2)

- ) Tmg1)/2s if n is odd,

T =19 2t o (3)
%, if n is even,
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where x; represents individual transport observations and n is the sample size. The
standard deviation (o) was calculated as:

LS (i — ). (4)

n—1:4
=1

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

IQR = @3 — @1, (5)

where )7 and Q)3 represent the first and third quartiles, respectively.

To account for potential outliers and provide outlier-resistant estimates, robust sta-
tistical measures were employed. The median absolute deviation (MAD) was calculated
using the SciPy’s median_abs_deviation function:

MAD = median(|z; — Z|). (6)

Trimmed means at 10% (Zo.1) and 20% (Zg.2) levels were computed using the SciPy’s
trim_mean function, which removes the specified proportion of extreme values from
both tails before calculating the mean:

n—|na|

To = ﬁ Z T(i)s (7)

i=|nal+1

where a represents the trimming proportion (0.1 or 0.2) and z(;) denotes the i-th order
statistic.

Distribution shape parameters were assessed to understand the symmetry and tail
behavior of the transport distributions. The skewness (1) and excess kurtosis (72)
were calculated using the SciPy’s skew and kurtosis functions:

_ % Z?:1(37i - j)3

Y1 o3 ) (8)
5 2 (wi = 7)*
V2 = & 2_10_4 —3. (9)
The coefficient of variation (CV) was computed as:
o
7]

Percentile analysis was conducted to characterize the distribution of volume trans-
port values across their full range. Percentiles P for k € {1,5,10,25,75,90, 95,99}
were calculated using the pandas’ quantile method, where Py represents the value
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below which k% of the observations fall. For each time series, the minimum and max-
imum values were identified along with their corresponding temporal occurrences to
characterize extreme transport events.

All statistical computations were performed after removing missing values (NaN)
from the datasets. The distributional characteristics were assessed through the com-
bination of classical parametric measures (mean, standard deviation) and robust
non-parametric statistics (median, MAD, trimmed means) to provide a comprehen-
sive understanding of the transport variability patterns. The skewness values were
interpreted as symmetric (]71] < 0.5), moderately skewed (0.5 < |y1] < 1.0), or highly
skewed (|y1| > 1.0), while kurtosis values indicated platykurtic (72 < 0), mesokurtic
(72 = 0), or leptokurtic (2 > 0) distributions.

2.2.2 Annual Cycle Analysis

The seasonal variability of volume transport was characterized through annual cycle
analysis performed on all time series. Monthly climatological statistics were computed
to quantify the seasonal modulation of transport volumes and identify peak transport
periods. The analyses were implemented using pandas groupby operations (McKinney
2011) and NumPy array computations (Harris et al. 2020).

For each transport variable, the monthly climatological mean (Z,,) was calculated
by grouping observations by calendar month:

R
Tn = — O Tm.i, (11)
[t

where m denotes the month (1-12), n,, is the number of observations in month m,
and x,, ; represents the i-th observation in month m. The monthly standard deviation
(o0m) was computed as:

Nm

Om = ! Z(l‘rmi - i‘m)2~ (12)

Ny, — 1
m i=1

To quantify the uncertainty in the monthly climatological means, the standard
error (SE,,) was calculated for each month:

Om
—

This measure provides confidence bounds for the monthly mean estimates, accounting
for both the variability within each month and the sample size.

The annual mean transport (Xannual) Wwas computed as the average of the twelve
monthly climatological means:

SE, =

(13)

1 12
Xannual = E Z Tm. (14)
m=1

10
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The seasonal amplitude (Agseasonal), representing the range of seasonal variation, was
calculated as:
Aseasonal - mﬂ%X(i'm) - mnizn(i.m)? (15)

where max,, and min,, denote the maximum and minimum values across all twelve
monthly means, respectively.

To assess the relative strength of seasonal variability, the coefficient of variation
for the seasonal cycle (C'Vicasonal) Was computed:

C‘/;easonal = M; X]-OO% (16)
Xannual

where 0,,0nthiy is the standard deviation of the twelve monthly climatological means:

12
1 _
Omonthly = 11 § (i'm - Xannual)Q- (17)

m=1

The timing of maximum and minimum transport was identified by determining
the months corresponding to the highest and lowest climatological mean values. These
extrema provide insight into the seasonal forcing mechanisms affecting each current
system. The annual cycle analysis was performed after parsing temporal information
from the datasets using pandas datetime functionality, with missing values excluded
from all calculations. The resulting monthly climatologies characterize the mean sea-
sonal behavior of each transport component, while the standard errors quantify the
inter-annual variability within each month.

2.2.3 Trend Analysis

Long-term trends in volumetric transport were quantified using the Theil-Sen esti-
mator (Theil 1950; Sen 1968), a robust non-parametric regression method that is
resistant to outliers and does not assume normally distributed residuals. The Theil-Sen
regression was implemented using scikit-learn’s TheilSenRegressor (Pedregosa et al.
2011) with 300 maximum iterations and a tolerance of 10~2. Statistical significance
of the trends was assessed using the Mann-Kendall test, a non-parametric method for
monotonic trend detection (Mann 1945; Kendall 1975).

The Theil-Sen estimator calculates the slope (S1s) as the median of all pairwise
slopes between data points:

Brs = median {g;] — } ) (18)
i<j

J ? 7

where x; and x; are transport observations at times ¢; and ¢;, respectively, for all pairs
where i < j. The intercept (arg) is then computed as:

ars = median{x; — Brst;}. (19)

11
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The statistical significance of detected trends was evaluated using the Mann-
Kendall test. The test statistic .S is calculated as:

n—1 n
S = Z Z sgn(x; — z;), (20)

i=1 j=i+1

where sgn(-) is the sign function. Under the null hypothesis of no trend, the variance
of S is: 12 .
Var(s) = n(n — 1); n+5)
, where n is the number of observations. The standardized test statistic Z is computed
as:

(21)

S—1 :
T if § >0,
Z =0, if § =0, (22)

£l ifS<0.
Var(S)

The two-tailed p-value for the Mann-Kendall test was calculated using the standard
normal distribution implemented in SciPy:

p=2x(1-2(2]), (23)

where ®(+) is the cumulative distribution function of the standard normal distribution.
Trends were considered statistically significant at the « = 0.05 level. For each transport
time series, the linear trend was expressed both as an annual rate of change (Sv/year)
and as a decadal trend.

The analysis was performed on all available data points after removing missing
values, with the temporal coverage varying among different transport components. All
trends were visualized over a standardized time axis spanning 1984-2023 to facilitate
inter-comparison, though actual data availability differed among the time series. The
combination of robust regression through the Theil-Sen estimator and non-parametric
significance testing via the Mann-Kendall test provides a comprehensive assessment
of long-term trends that is resistant to outliers and does not rely on parametric
assumptions about the data distribution.

2.2.4 Statistical Causality Analysis

The statistical causal relationships between ocean transport systems were investigated
using a multi-method approach to identify robust teleconnections across the ITF-
Agulhas-AMOC pathway. Three complementary causality metrics were employed to
capture both linear and nonlinear dependencies (Runge et al. 2019), with statistical
significance assessed through block bootstrap resampling that preserves the autocor-
relation structure inherent in oceanographic time series (Politis and Romano 1994).
Prior to causality analysis, all transport time series were aligned to their common tem-
poral overlap period to ensure consistent comparison. The alignment procedure was
implemented using pandas datetime functionality, with linear interpolation applied
to fill minor gaps (maximum three consecutive values) followed by removal of any
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remaining missing values. This preprocessing step was essential to maintain temporal
correspondence across the different ocean basins while preserving the integrity of the
causal signal propagation.

The maximum cross-correlation (MCC) method was employed to identify linear
lagged relationships between transport time series (Bretherton et al. 1992). For two
standardized time series z(t) and y(t), the cross-correlation function at lag 7 is defined
as:

1 n—r /s /
e 2 Ty E+7), T =0,
rzy(T) = 1 sL ! 12 2 (24)
e i1 T (WY (E+7), T <O,
where 2/(t) = (2(t) — &) /0, and ¥/ (t) = (y(t) —y)/oy represent the standardized series.
The maximum cross-correlation and corresponding optimal lag were determined as:

MCC = max |72y (7)) (25)

TE [_Tmaxﬂ—max]

Topt = arg max |72y (7)) (26)

€= Tmax,Tmax

where T.x = 24 months was selected to capture seasonal to interannual propaga-
tion timescales. Positive lags indicate that variations in x lead those in ¥, consistent
with downstream signal propagation. The MCC analysis was implemented using
NumPy’s correlation functions, providing a computationally efficient assessment of lin-
ear teleconnections. This method is particularly effective for detecting coherent phase
relationships in ocean transport, though it may underestimate causality in systems
with significant nonlinear dynamics.

To capture nonlinear causal relationships that may be missed by correlation-based
methods, convergent cross mapping (CCM) was implemented following the framework
of Sugihara et al. (2012). CCM tests whether historical values of time series « can be
reconstructed from the attractor manifold of time series y, indicating that x causally
influences y. The method employs time-delay embedding to reconstruct the system’s
attractor:

y(t) = (), y(t — 7),y(t — 27), ooyt — (E = 1)7)], (27)
where E is the embedding dimension and 7 is the delay. For each embedded point
yE(t), the E+1 nearest neighbors are identified in the reconstructed state space, with
predictions of x(t) generated through distance-weighted averaging:

E+1

B(t|My) = Z wiz (i), (28)

where w; = exp(—d;)/ >, exp(—d;) are exponential weights based on Euclidean dis-
tances d; in the embedded space, and M, denotes the attractor manifold of y. The
CCM strength is quantified as the correlation between predicted and observed values:

pocm = cor[E(t[My), x(t)]. (29)

The analysis employed E = 3 based on false nearest neighbor analysis (Kennel et al.
1992) and 7 = 1 month, with library sizes ranging from 10% to 90% of the time series
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length to test for convergence. The implementation utilized NumPy for array opera-
tions and custom neighbor-finding algorithms optimized for the moderate-dimensional
embedded spaces. CCM is particularly powerful for detecting causality in coupled non-
linear systems like ocean circulation, where feedback loops and threshold behaviors
may obscure linear relationships (Ye et al. 2015).

Information-theoretic causality was assessed using transfer entropy (TE), which
quantifies the reduction in uncertainty about the future of y given knowledge of the
past of z beyond what is already known from the past of y itself (Schreiber 2000).
The TE from z to y is defined as:

P(Yit1 |yfv xf)
TE, .= P(Yri1,yp, xf ) log =L L2 (30)
Y 2 © P(es1lyf)

yt+1;yfﬂi?

where y¥ = [ys,yi—1, .., Yt—rs1] and ¥ = [z4, 241, ..., 74_p11] represent the k-length
history vectors. In practice, this can be rewritten using mutual information:

TEqyy = I(yey1; 25 |yf).- (31)

The continuous transport values were discretized into 10 bins using pandas’ cut func-
tion with equal-frequency binning to ensure adequate sampling of each state. The
mutual information terms were calculated using scikit-learn’s mutual_info_score,
with k£ = 1 to capture direct monthly influences. To account for differences in signal
complexity, the TE values were normalized by the entropy of the target variable:

—_— TE,
TEyyy = 22V 32
oY H (yt+1) (32)
where H(y;41) = — >, p(yi)logp(y;) is the Shannon entropy. This normalization

facilitates comparison across transport components with different variability charac-
teristics. TE provides a model-free measure of directional information flow, making
it particularly suitable for detecting causal relationships in complex ocean circulation
systems where the underlying dynamics may be unknown or highly nonlinear (Palus
and Vejmelka 2007).

The statistical significance of all causality metrics was assessed using block
bootstrap resampling, which preserves the temporal dependence structure critical
in oceanographic time series (Efron and Tibshirani 1994). The block length was
adaptively determined based on the decorrelation timescale:

Tdecorr = mln{t L Pz (t) < 671}7 (33)
where p,.(t) is the autocorrelation function. The block length was set as Lpjock =
min(30, max (5, 274ecorr)) to balance preservation of correlation structure with suffi-

cient randomization. For each causality metric, 500-1000 surrogate time series were
generated by block permutation of the target series while keeping the source series
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fixed. The empirical p-value was calculated as:

Ng
1 surr
p= N Z ]I[Msurr,i 2 Mobs]a (34)
surr ;T

where My, is the observed metric value, Mg,y ; is the metric for the i-th surrogate,
and I[-] is the indicator function. Statistical significance was assessed at the o = 0.05
level, with additional notation for highly significant results (o = 0.01).

To identify robust causal pathways, a consensus approach was implemented com-
bining evidence from all three methods. For each tested pathway, a consensus score
was calculated as:

C= > I[p,, < 0.05], (35)

me{MCC, CCM, TE}

ranging from 0 (no significant evidence) to 3 (unanimous significant evidence). Path-
ways with C' > 2 were considered dominant, indicating robust causality supported
by multiple independent methodological approaches. This multi-method consensus
framework provides greater confidence in identifying genuine ocean teleconnections
while reducing the likelihood of spurious detections that might arise from any single
method’s limitations or assumptions (Runge et al. 2019).

2.2.5 Wavelet Coherence Analysis

To further investigate the time-frequency characteristics of the statistically signifi-
cant causal pathways identified in the previous analysis, wavelet coherence analysis
was performed following the theoretical framework of Torrence and Compo (1998)
and Grinsted et al. (2004). This method extends traditional coherence analysis into
the time-frequency domain, enabling identification of transient and scale-dependent
relationships between ocean transport time series.

The continuous wavelet transform (CWT) emerges from the need to analyze non-
stationary signals where frequency content varies with time. Beginning with the
Fourier transform:

w) = / T ahe (36)

we recognize its limitation in providing no temporal localization. The short-time
Fourier transform addresses this through windowing, but suffers from fixed time-
frequency resolution. The wavelet transform overcomes this limitation through
scale-dependent windowing.

The continuous wavelet transform of a time series x(t) € L?(R) with respect to a
mother wavelet ¢(t) is defined as:

Welor) = (oburh == [ atow (557 )t (37)

, where s > 0 is the scale parameter, 7 € R is the translation parameter, and ¥* denotes
the complex conjugate. The normalization factor 1/4/s ensures energy preservation
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43 across scales:

>

11 [t—7\]?
lourt? = [~ |0 (S5)| ae=twi (39)
264 For this analysis, the analytic Morlet wavelet was employed:
w(t) — 7T_1/46iw0t6_t2/2 (39)

w5, where wy is the central frequency. To satisfy the admissibility condition:

Cy = /000 de < 00, (40)

w

w6 which requires 1[)(0) = 0, a correction term is needed. However, for wg > 5, the cor-
w7 rection becomes negligible (Farge 1992). The Fourier transform of the Morlet wavelet
a8 1S:

D(w) = 74 (wmwo)*/2, (41)
269 Setting wg = 6 provides optimal balance between time and frequency localization.
s The time-frequency resolution follows the Heisenberg uncertainty principle:

1
an where for the Morlet wavelet:
s 1
At=—, Aw=—. 43
V2 Va5 )
a2 The relationship between scale s and Fourier period A for the Morlet wavelet is:
4drs
A= ————. (44)
wo + /2 + w?
az For wy = 6, this simplifies to A ~ 1.03s.
4 The cross-wavelet transform between two time series z(t) and y(¢) is:
Way(s,7) = Wa(s, )W, (s,7) = \ny(s,T)|ei¢Iy(s’T), (45)
as where the cross-wavelet power is [Wy, (s, 7)|? and the phase is:
1 ([ S(Way(s, 7))
= W, =tan ! [ ) 46
b (5,7) = (Way (5,7)) = b (s (16)
476 The wavelet coherence requires smoothing to achieve statistical stability. Following
« Torrence and Webster (1999), we define the smoothed wavelet spectra:
(Wa(s, 7)) = Ss(5:(Wa (s, 7)), (47)
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s where the time smoothing operator is:

o0
St (W(s, 7)) = / W (s, 7")Ge(1 — 75 8)d7’, (48)
a9 with Gaussian kernel: ]
Gi(t;s) = = /e, 49
480 The scale smoothing operator is:
Ss(W(s, 7)) = / W (s, m)1(s,s")ds’, (50)
0

w1 where I, is a boxcar function:

(s, ) = {06 19— =035 (51)
’ 0, otherwise
482 The wavelet coherence is then:
W, 2
RQ(S,’T) —_ |< y(877)>| (52)

(Wa(s, 1)) Wy (s, 7)2)

@ which satisfies 0 < R?(s,7) < 1 by the Cauchy-Schwarz inequality.
a8 Statistical significance testing employs Monte Carlo methods with surrogate data.
s Assuming the time series follow AR(1) processes:

Ty = Qx¢—1 + €, (53)

@ where ¢, ~ N(0,02) and the lag-1 autocorrelation is:

N-1

o = 2t=1 (f}t*i’)(ﬂ?tﬂ —7) (54)
> (v — 2)?
ag7 The theoretical power spectrum of an AR(1) process is:
o%(1 —a?)
Pary(f) = [T = qe 2mifAarp’ (55)

s where At is the sampling interval. The expected wavelet power spectrum is:

BW, (s, )Y = ZLARDS) (50
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The significance level is determined by generating M surrogate pairs (x(m), y(m))
and computing:

M
1
Pls.7) = 12 D0 IR o (5.7) > B (s 7). (57)
m=1

where I[-] is the indicator function.
The cone of influence accounts for edge effects where the wavelet extends beyond
the data boundaries. For a time series of length T, the COI at each edge is:

COL(t) = ﬁ;max, (58)
0

where 19 = 7'/4 for the Morlet wavelet. Inside the COI, the wavelet transform is
computed with zero-padding, introducing artifacts. The e-folding time for edge effects
is:

Te(s) = V/2s. (59)

Phase relationships provide crucial dynamical information. The relative phase:
Aguy(s,T) = dy(s,7) = ¢u(s, 7), (60)
indicates lead-lag relationships. In the complex plane representation:
Wy (8,7) = [Way (s, 7)|[cos(Agyy) + i sin(Adyy )] (61)

For physical interpretation:

Apgy € (—m/2,m/2): x leads y

Apgy € (1/2, 1)U (=7, —7/2): y leads x
|A¢y,y| < m/4: approximately in-phase
|A¢y, — 7| < 7/4: approximately anti-phase

The instantaneous time lag is:

At(s,T) = SA%;in(S’T) (62)

The global wavelet coherence spectrum:

— 1
2(¢) — 2
R2(s) Nt T;COIR (s,7), (63)

where Nyaliq is the number of points outside the COI, reveals dominant periods of
coherent variability.
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The scale-averaged wavelet coherence over a band [sq, so]:

J2

— ot R2(s;,T)
RQscae = = 47 64
to(7) Cs Z 55 (64)
J=J1
where Cs = 0.776 for the Morlet wavelet with wg = 6, provides a time series of

band-integrated coherence.

The analysis was implemented using MATLAB® R2023b wavelet toolbox. The
wcoherence function implements equations (37) through (52) with optimized algo-
rithms. Prior to analysis, time series were standardized:

#(t) = M’ (65)
Oz
where p, and o, are the mean and standard deviation, ensuring comparable power
across different transport components.

The wavelet coherence analysis was applied specifically to ocean transport path-
ways with consensus scores > 2 from the causality analysis, providing time-frequency
decomposition of established causal relationships. This approach reveals: (1) temporal
evolution of coupling strength, (2) scale-dependent phase relationships, (3) identifi-
cation of transient versus persistent coherence, and (4) dominant periods of ocean
teleconnections.

3 Results

3.1 Descriptive Statistics of Ocean Volume Transport

The descriptive statistical analysis reveals distinct distributional characteristics across
the three major ocean circulation systems examined in this study (Fig. 3). For the
ITF components, ITF-G exhibits a mean transport of 5.996 Sv with a standard devi-
ation of 6.034 Sv, yielding the highest coefficient of variation (100.65%) among the
ITF components. The distribution shows near-symmetric properties with skewness of
0.102 and slightly negative kurtosis (-0.216). The robust statistics indicate a median
of 5.958 Sv and median absolute deviation (MAD) of 4.060 Sv. Extreme values range
from -9.657 Sv (April 2010) to 22.330 Sv (September 2001), with the 5th-95th per-
centile range spanning -3.968 to 16.066 Sv. ITF-T demonstrates a mean transport of
5.508 Sv with lower variability (SD = 5.109 Sv, CV = 92.76%) compared to ITF-G.
The distribution exhibits slight negative skewness (-0.124) and light-tailed characteris-
tics (kurtosis = -0.515). The median value of 5.627 Sv closely approximates the mean,
with trimmed means at 10% and 20% levels (5.614 Sv and 5.711 Sv, respectively) indi-
cating minimal influence from outliers. The transport ranges from -6.977 Sv (April
1992) to 20.547 Sv (July 2000). ITF-S shows the smallest absolute transport values
but the highest relative variability (CV = 118.02%) among all components. The mean
transport is 1.666 Sv with a standard deviation of 1.966 Sv. The distribution displays
moderate negative skewness (-0.569), indicating a left-skewed pattern. The interquar-
tile range of 2.546 Sv and the difference between median (2.009 Sv) and mean values
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further confirm this asymmetry. Transport values range from -4.775 Sv (March 2007)
to 5.872 Sv (August 2008).
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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-
tems, with a mean of 17.182 Sv and the lowest coefficient of variation (18.08%). The
distribution exhibits near-symmetric properties (skewness = -0.122) with moderate
positive kurtosis (0.563), indicating heavy-tailed behavior. The standard deviation of
3.107 Sv and MAD of 1.887 Sv reflect relatively low variability. Transport values range
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from 6.078 Sv (March 2013) to 25.938 Sv (October 1995), with the 5th-95th percentile
range spanning 12.495 to 22.052 Sv.

The comparative analysis of robust versus classical statistics reveals consistent
patterns across all transport components. Trimmed means at 10% and 20% levels show
minimal deviation from arithmetic means (typically less than 2%), suggesting limited
influence from extreme values despite the presence of outliers in several time series.
The MAD values are consistently lower than standard deviations by factors ranging
from 1.49 (ITF-S) to 1.65 (AMOC), reflecting the robust estimator’s resistance to
outliers. Interquartile ranges provide additional outlier-resistant measures of spread,
with values of 8.102 Sv (ITF-G), 7.779 Sv (ITF-T), 2.546 Sv (ITF-S), 24.808 Sv
(Agulhas Box), 19.482 Sv (Agulhas Jet), and 3.753 Sv (AMOC).

3.2 Annual Cycle Characteristics

Seasonal patterns of oceanic volume transport reveal pronounced variability across
different current systems, with distinct timing and magnitude of seasonal extrema
(Fig. 4). The ITF components display strong seasonal cycles with considerable vari-
ation in their timing and amplitude. ITF-G reaches its peak transport of 13.017 Sv
in September, while its minimum occurs in April at -0.257 Sv, resulting in a seasonal
amplitude of 13.274 Sv. The annual mean transport stands at 5.996 Sv, with seasonal
variations accounting for 74.09% of the mean (coeflicient of variation). ITF-T exhibits
the largest seasonal amplitude among the ITF components at 14.114 Sv. Maximum
transport occurs in July (11.722 Sv), with the minimum in April (-2.393 Sv). Despite
similar annual mean transport to ITF-G (5.508 Sv), ITF-T shows stronger seasonal
modulation with a coefficient of variation of 83.29%. ITF-S demonstrates the most pro-
nounced relative seasonal variability, with a coefficient of variation reaching 103.48%.
Although its absolute seasonal amplitude is smaller (5.525 Sv), this represents a sub-
stantial fraction of its annual mean transport of 1.666 Sv. Peak transport occurs in
September (4.028 Sv), while the minimum is observed in February (-1.497 Sv).

The Agulhas Current system shows consistent seasonal patterns between its two
measurement approaches, though with different magnitudes. Agulhas Box transport
reaches its weakest southwestward flow of -75.268 Sv in July and strongest flow of
-97.927 Sv in March, yielding a seasonal amplitude of 22.659 Sv. The annual mean
transport is -85.982 Sv, with relatively modest seasonal variation (coefficient of varia-
tion of -9.22%). Agulhas Jet measurements follow a similar seasonal pattern but with
stronger mean flow and slightly reduced amplitude. The weakest southwestward trans-
port occurs at -85.879 Sv in July, while the strongest flow of -103.185 Sv is observed
in March, producing a seasonal amplitude of 17.306 Sv. The annual mean of -95.097
Sv combined with this amplitude results in a coefficient of variation of -5.71%, the
smallest relative seasonal variation among the ITF and Agulhas components.

The AMOC exhibits the most stable seasonal behavior of all systems examined.
Transport varies from a minimum of 15.195 Sv in April to a maximum of 18.722
Sv in November, creating a modest seasonal amplitude of 3.528 Sv. With an annual
mean of 17.182 Sv, this translates to a coefficient of variation of just 7.07%, indicating
relatively weak seasonal modulation compared to other current systems.
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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 minimum
values, appearing in the seasonal minima for ITF-G, ITF-T, and AMOC. For the Agul-
has components, March marks the period of strongest southwestward flow, while July
shows the weakest flow. September represents peak transport for ITF-G and ITF-S.
The timing of these extrema, combined with the varying amplitudes and coefficients of
variation, highlights the diverse seasonal characteristics inherent to each ocean circu-
lation system. Standard errors around monthly means, visualized as shaded regions in
Fig. 4, provide measures of interannual variability within each calendar month. These
uncertainties vary both seasonally and between transport components, with generally
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larger standard errors observed during months of maximum transport, particularly
evident in the ITF components.

3.3 Long-term Trends

Analysis of multi-decadal transport trends using the Theil-Sen estimator reveals sig-
nificant changes in half of the examined current systems, with the Mann-Kendall test
confirming statistical significance at the p < 0.05 level (Fig. 5).
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Fig. 5 Long-term trends in oceanic volume transport from 1984-2023. Top panel: ITF components
(ITF-G inred, 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 0.079
Sv per year, equivalent to an increase of 0.79 Sv per decade over its 1984-2017 mea-
surement period. This trend proves statistically significant (p = 0.012), suggesting a
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robust strengthening of transport through this pathway. Similarly, ITF-S exhibits a
significant positive trend of 0.028 Sv per year (p = 0.007), corresponding to a decadal
increase of 0.28 Sv. In contrast, ITF-T displays a weaker positive trend of 0.024 Sv
per year that fails to reach statistical significance (p = 0.374), indicating considerable
uncertainty in the long-term behavior of this component.

The Agulhas Current system presents no statistically significant trends during the
1993-2015 observation period. Agulhas Box measurements show a minimal positive
trend of 0.021 Sv per year (p = 0.876), which would represent a slight weakening of
the southwestward flow if real, though the high p-value suggests this apparent trend
could easily arise from natural variability alone. The Agulhas Jet data indicates a more
substantial positive trend of 0.229 Sv per year, implying a potential weakening of 2.29
Sv per decade in southwestward transport. However, this trend also lacks statistical
significance (p = 0.136), preventing firm conclusions about long-term changes in the
Agulhas system.

The AMOC stands out as exhibiting the most pronounced and statistically robust
trend among all systems analyzed. The negative trend of -0.161 Sv per year is highly
significant (p < 0.0001), indicating a decline of 1.61 Sv per decade over the 1993-
2024 measurement period. This represents the only significant negative trend detected
across all transport components and suggests a substantial weakening of the Atlantic
overturning circulation during recent decades.

The analysis encompasses different time periods for each current system, reflecting
data availability constraints. The ITF components provide the longest records (1984-
2017), while the Agulhas measurements cover a shorter span (1993-2015). The AMOC
data extends most recently, reaching through 2023. Despite these varying temporal
coverages, all trend analyses are plotted on a consistent 1984-2023 axis to facilitate
visual comparison.

Overall, three of the six transport time series demonstrate statistically signifi-
cant long-term trends: strengthening flows through ITF-G and ITF-S, and weakening
circulation in the AMOC. The remaining components show trends that, while poten-
tially meaningful in magnitude, cannot be distinguished from natural variability at the
95% confidence level. The Theil-Sen method’s resistance to outliers provides robust
trend estimates even in the presence of extreme events visible in several time series,
particularly the substantial variability evident in the Agulhas Current measurements.

3.4 Statistical Causal Relationships Between Current Systems

The statitical causality analysis reveals multiple significant connections linking the
Indonesian Throughflow, Agulhas system, and Atlantic Meridional Overturning Circu-
lation across 264 months of observations (January 1993 to December 2014). Among the
eleven pathways tested, four demonstrate robust causal relationships with consensus
support from at least two independent methods (Table 1).

The geostrophic component of the ITF emerges as a key driver of Agulhas vari-
ability through two distinct pathways. The ITF-G to Agulhas Box connection exhibits
significant negative correlation (r = -0.280, p < 0.01) with an 18-month lead time,
accompanied by moderate nonlinear coupling (p = 0.237, p < 0.05). In contrast, the
ITF-G influence on Agulhas Jet transport occurs almost instantaneously, showing
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strong positive correlation (r = 0.264, p < 0.01) at just one month lag and the highest
CCM strength among all pathways (p = 0.302, p < 0.01).

Temperature and salinity components of the ITF also display significant causal
influences on Agulhas Box transport, though with markedly different temporal char-
acteristics. The temperature signal shows immediate impact with zero lag (r = 0.223,
p < 0.05) and strong nonlinear causality (p = 0.241, p < 0.01). Meanwhile, the salinity
component requires 12 months to manifest its influence, producing the highest lin-
ear correlation among dominant pathways (r = 0.265, p < 0.05) alongside significant
CCM detection (p = 0.193, p < 0.05).

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) (p) (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 to
0.192 normalized bits, with the ITF-T to Agulhas Jet pathway showing the highest
information flow despite lacking statistical significance. Notably, no significant causal
relationships emerge between the Agulhas system and AMOC in either direction, with
all consensus scores remaining at zero. Direct connections from ITF components to
AMOC similarly fail to achieve significance in any metric, despite moderate TE values
that suggest some information transfer may occur.

The temporal structure of the statistical causal relationships varies considerably
among pathways. Lead times range from near-instantaneous coupling (0-1 months) for
temperature and jet-related pathways to extended propagation periods (12-18 months)
for salinity and box transport connections. This diversity in lag times persists even
when comparing different ITF components affecting the same Agulhas metric, suggest-
ing distinct physical mechanisms may govern each interaction. The block bootstrap
procedure confirms these patterns remain robust when accounting for the inherent
autocorrelation structure present in monthly ocean transport time series.
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3.5 Wavelet Coherence of Significant Causal Pathways

Wavelet coherence analysis was performed on the four ocean transport pathways iden-
tified as statistically significant in the causality analysis (consensus score > 2). The
analysis encompasses 268 data points spanning 22.25 years (1992.67 to 2014.92) with
a monthly sampling interval of 0.085 years. Figure 6 presents the wavelet coherence
scalograms for the four pathways, with periods ranging from 0.2 to 8.3 years.
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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. (¢) 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 across
all time-frequency space is 0.315, with 6.8% of the region exhibiting coherence values
above 0.7. The five most dominant periods show average coherence values ranging
from 0.545 to 0.599, with the strongest occurring at 1.23 years (0.599), followed by
1.16 years (0.595), 1.30 years (0.579), 1.09 years (0.574), and 1.03 years (0.545). High
coherence (;0.7) at the 1.23-year period appears during three distinct intervals: 1995.3-
1997.4, 1999.7-2004.2, and 2012.1-2014.9. The average phase angle in high-coherence
regions is -0.11 radians (-6.5 degrees), indicating approximately in-phase behavior.
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The ITF Temperature-Agulhas Box pathway (Fig. 6b) displays an average coher-
ence of 0.293, with 5.9% of the analyzed region showing coherence above 0.7. The
dominant periods cluster around the annual cycle, with the strongest coherence at
0.97 years (0.604), followed by 1.03 years (0.603), 0.92 years (0.596), 1.09 years
(0.595), and 1.16 years (0.577). High coherence at the 0.97-year period occurs dur-
ing 1995.9-2002.5, briefly during 2004.4-2004.6, and again during 2012.0-2014.9. The
average phase angle of 0.09 radians (5.3 degrees) in high-coherence regions indicates
approximately in-phase relationships.

The ITF Geostrophic-Agulhas Jet pathway (Fig. 6¢) exhibits an average coherence
of 0.348, with 6.4% of the time-frequency space exceeding the 0.7 coherence threshold.
The dominant periods show similar annual-scale preferences: 1.09 years (0.600), 1.03
years (0.599), 0.97 years (0.590), 1.16 years (0.590), and 0.92 years (0.575). High
coherence at the 1.09-year period manifests during two main intervals: 1995.4-1998.2
and 1999.8-2004.1. The average phase angle in high-coherence regions is 0.18 radians
(10.4 degrees), remaining within the in-phase classification.

The ITF Geostrophic-Agulhas Box pathway (Fig. 6d) shows an average coher-
ence of 0.317, with 6.2% of the analyzed domain displaying coherence above 0.7. The
dominant periods exhibit the strongest coherence values among all pathways: 0.97
years (0.616), 0.92 years (0.613), 1.03 years (0.612), 1.09 years (0.600), and 0.87 years
(0.598). High coherence at the 0.97-year period persists through extended intervals:
1996.2-2004.8 and 2011.7-2014.9. The average phase angle of 0.03 radians (1.6 degrees)
represents the smallest phase offset among all analyzed pathways.

Cross-panel comparison reveals five periods that maintain coherence above 0.5
across all four pathways. These common periods center on the annual cycle: 1.09
years (average coherence 0.592), 1.03 years (0.590), 1.16 years (0.586), 0.97 years
(0.581), and 1.23 years (0.567). The concentration of dominant periods between 0.87
and 1.30 years across all pathways indicates systematic annual-scale coupling between
ITF components and Agulhas transport variability.

All pathways display approximately in-phase behavior in their high-coherence
regions, with phase angles ranging from 1.6 to 10.4 degrees. The temporal distribu-
tion of high coherence shows notable clustering during three periods: the mid-to-late
1990s (approximately 1995-1998), an extended period from the late 1990s through
early 2000s (approximately 1999-2004), and a recent period from 2012 to the end of
the record in 2014. These intervals of enhanced coherence appear consistently across
multiple pathways, though with slight variations in exact timing and duration.

4 Discussion

The analysis of multi-decadal ocean transport time series reveals significant trends and
teleconnections within the global circulation system, with important implications for
understanding climate variability and change. Our findings demonstrate strengthening
of the ITF, weakening of the AMOC, and robust statistical causal connections between
the ITF and Agulhas Current system, though notably without direct linkages to the
AMOC.
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The observed strengthening trends in ITF-G (0.79 Sv per decade) and ITF-S (0.28
Sv per decade) align remarkably well with recent observational evidence. Hu and
Sprintall (2017) reported ITF strengthening linked to rainfall intensification over the
Maritime Continent, while Feng et al. (2018) documented a centennial strengthening
trend of approximately 1 Sv per decade. Our results fall within this range, though
slightly lower than the 1.33 Sv per decade reported for more recent periods. The
dominance of the geostrophic component in driving the overall trend suggests that
large-scale pressure gradient changes, rather than local wind forcing, control the long-
term ITF evolution. This finding has profound implications for understanding how
regional climate changes translate into basin-scale ocean circulation adjustments.

The strong seasonal variability observed across all ITF components, with peak
transports occurring during the Southeast Monsoon period, corroborates the estab-
lished understanding of monsoonal control on ITF variability (Gordon 2005). What
makes our findings particularly striking is the coefficient of variation exceeding 100%
for ITF-G and ITF-S, indicating that interannual variability rivals the mean trans-
port. This extreme variability, consistent with strong ENSO modulation documented
by Sprintall et al. (2009), suggests that detecting long-term trends requires careful
consideration of natural climate oscillations superimposed on anthropogenic signals.

Turning to the Atlantic sector, the highly significant weakening trend of -1.61 Sv
per decade in the AMOC represents one of the most robust findings in this study.
This decline exceeds the -1.0 Sv per decade reported from the RAPID array for 2004-
2023 (McCarthy et al. 2025), raising questions about either an acceleration of the
weakening or methodological differences between reanalysis products and direct obser-
vations. Caesar et al. (2018) identified a 15% weakening since the mid-20th century
using fingerprint analysis, which translates to approximately 2-3 Sv total decline—a
figure consistent with our findings when extrapolated over similar timescales. The
relatively low coefficient of variation for AMOC compared to other transport compo-
nents indicates a more stable baseline state, making the detection of long-term trends
particularly robust. This stability, combined with the high statistical significance of
the trend, provides compelling evidence for systematic AMOC weakening during the
recent warming period.

The identification of four dominant causal pathways from ITF components to
Agulhas transport reveals complex, scale-dependent teleconnections operating through
the Indian Ocean. The varying lag times—from instantaneous coupling for ITF-T to
Agulhas Box, to 18-month lags for ITF-G to Agulhas Box—suggest multiple physi-
cal mechanisms at play. While Durgadoo et al. (2017) demonstrated that ITF waters
require 10-20 years to reach the Agulhas retroflection region via the classical oceanic
pathway, our shorter lag times likely reflect faster, upper-ocean pathways or atmo-
spheric teleconnections that modify both systems coherently. The opposite signs of
correlation between ITF-G and the two Agulhas metrics reveal an intriguing dynamic:
increased ITF transport may enhance the Agulhas Current core velocity while broad-
ening the current, thereby reducing the integrated transport across the fixed Box
section. This interpretation aligns with theoretical predictions by Biastoch et al. (2009)
who showed that enhanced ITF can modify the Agulhas Current structure through
changes in Indian Ocean thermocline depth.
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Perhaps most intriguing is the complete absence of statistically significant causal
connections between either ITF or Agulhas components and the AMOC. This null
result challenges simple conceptual models of a continuous global conveyor belt where
enhanced ITF would directly influence Atlantic overturning. Several factors may
explain this unexpected finding. The oceanic pathway from the Indian to Atlantic
Ocean involves complex transformations, with Biastoch et al. (2008) demonstrat-
ing that Agulhas leakage waters undergo substantial modification in the South
Atlantic through mixing and air-sea interaction that obscures source water proper-
ties. Additionally, Weijer et al. (2019) showed that AMOC variability is dominated
by high-latitude processes in the North Atlantic, potentially overwhelming far-field
influences from the Indo-Pacific sector.

This lack of direct connections does not preclude indirect influences operating
through atmospheric teleconnections. Recent work by McGregor et al. (2014) demon-
strated that Atlantic warming can influence Pacific climate through atmospheric
bridges, suggesting similar processes might operate in reverse. Furthermore, Sun
and Thompson (2020) found centennial-scale connections between ITF and AMOC
in model simulations, indicating that our 22-year analysis period may be insuffi-
cient to detect these longer-timescale relationships. The ocean’s memory at these
timescales extends far beyond our observational window, highlighting the critical need
for sustained observations and paleoceanographic reconstructions.

The concentration of significant wavelet coherence at periods between 0.87-1.30
years across all ITF-Agulhas pathways reveals a fundamental annual-scale coupling
mechanism. This coherence likely reflects the monsoon system’s pervasive influence on
both the ITF and Indian Ocean circulation (Schott et al. 2009). The approximately in-
phase relationships, with phase angles ranging from merely 1.6 to 10.4 degrees, suggest
near-simultaneous responses to common forcing. This timing is more consistent with
basin-scale atmospheric forcing than with slow oceanic wave propagation, which would
introduce substantial phase lags. The temporal clustering of high coherence during
specific periods—1995-1998, 1999-2004, and 2012-2014—coincides with major climate
events including the 1997-98 El Nino, the early 2000s Indo-Pacific regime shift, and
the 2014-16 warming event. This episodic coherence suggests that the strength of ITF-
Agulhas coupling varies dramatically with the background climate state, potentially
explaining some of the complexity in the causal relationships we observe.

The multi-method causality approach employed here provides robust detection of
ocean teleconnections while accounting for both linear and nonlinear relationships. By
combining MCC, CCM, and TE, we capture different aspects of dynamical coupling
that single methods might miss. The consensus requirement reduces false positive rates
inherent in multiple testing, while the application of block bootstrap methods pre-
serves the autocorrelation structure critical for oceanographic time series (Sugihara
et al. 2012). However, several limitations warrant consideration. The varying temporal
coverage of different datasets introduces potential biases in trend estimates and limits
the overlap period for causality analysis. The monthly resolution, while appropriate for
detecting seasonal to interannual relationships, may miss higher-frequency coupling
mechanisms that could reveal additional dynamical pathways. Additionally, the use of
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different measurement approaches—geostrophic calculations for ITF, satellite altime-
try for Agulhas, and reanalysis for AMOC—introduces methodological uncertainties
that complicate inter-basin comparisons.

Our results support a view of the global ocean circulation as a complex, multi-scale
system rather than a simple conveyor belt. The simultaneous strengthening of ITF
and weakening of AMOC, yet their apparent dynamical decoupling on the timescales
analyzed, suggests that regional processes dominate over global-scale connections.
Enhanced rainfall and wind forcing in the Maritime Continent drive ITF changes (Hu
and Sprintall 2017), while weakened deep convection in the North Atlantic controls
AMOC variability (Thornalley et al. 2018). These regional drivers appear to over-
whelm any direct inter-basin coupling, at least on the timescales accessible to current
observations.

The robust ITF-Agulhas connections indicate that changes in Pacific-Indian Ocean
exchange do propagate into the South Atlantic gateway, potentially preconditioning
the Atlantic for longer-term changes. The 12-18 month lag times for some pathways
suggest that ITF variations could provide predictability for Agulhas transport and
potentially South Atlantic climate. This predictability, if properly harnessed, could
improve seasonal to interannual forecasts for regions influenced by Agulhas leakage,
including South Atlantic hurricane development and Benguela upwelling dynamics.
As the climate continues to warm and these circulation systems evolve, monitoring
these critical ocean gateways becomes increasingly important for understanding and
predicting changes in global ocean circulation and regional climate impacts. Future
work should focus on extending these time series to detect longer-period variabil-
ity, investigating atmospheric teleconnections between ocean basins, and developing
process-based understanding of the mechanisms underlying the statistical relationships
identified here.

5 Conclusions and Future Work

This comprehensive statistical analysis of ocean transport variability reveals fun-
damental characteristics of the global ocean circulation system and its response
to contemporary climate forcing. Through systematic application of non-parametric
trend analysis, multi-method causality testing, and wavelet coherence examination,
we identified contrasting behaviors across ocean basins: significant strengthening of
the ITF, robust weakening of the AMOC, and stable but highly variable Agulhas
Current transport. The causality analysis uncovered multiple statistically significant
pathways linking ITF components to Agulhas transport variability, yet notably absent
were any direct connections to the AMOC, challenging traditional paradigms of a
tightly coupled global conveyor belt. The dominant annual-scale coherence in ITF-
Agulhas coupling, with episodic strengthening during major climate events, indicates
that monsoon-driven atmospheric forcing provides the primary teleconnection mecha-
nism rather than slow oceanic advection. These findings support a paradigm wherein
regional forcing mechanisms—enhanced Maritime Continent rainfall for ITF and weak-
ened North Atlantic convection for AMOC—dominate over global-scale connectivity
on observable timescales.
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Future investigations should expand this statistical framework through comprehen-
sive spatio-temporal climate field analysis to identify coherent patterns of variability
across ocean basins and elucidate whether the identified connections manifest as
propagating subsurface anomalies or atmospheric forcing patterns. Process-oriented
modeling experiments with controlled perturbations could distinguish between oceanic
and atmospheric teleconnection pathways, while paleoclimate analog studies, particu-
larly of the mid-Pliocene Warm Period and Heinrich events, may reveal precedents for
the simultaneous ITF strengthening and AMOC weakening observed in the contem-
porary ocean. Extended temporal analyses combining proxy reconstructions and long
model simulations are essential to detect potential centennial-scale inter-basin connec-
tions beyond our current observational window. As anthropogenic forcing continues to
perturb the climate system, understanding both the regional responses and evolving
connectivity of ocean currents becomes increasingly critical for projecting future cli-
mate trajectories and informing adaptation strategies, with the framework developed
here providing a robust approach for monitoring these changes as they unfold.
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