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Abstract15

The Indonesian Throughflow (ITF) represents the sole tropical pathway connect-16

ing Pacific and Indian Oceans, yet quantitative understanding of climate mode17

influences on its variability remains incomplete. We applied information-theoretic18

and topological frameworks to analyze 34 years (1984-2017) of observational ITF19

transport data alongside ENSO and IOD indices. Bootstrap analysis revealed20

pronounced ITF seasonality with 13.28 Sv amplitude peaking in September,21

contrasting with negligible climate index annual cycles, indicating scale sepa-22

ration in forcing mechanisms. Multi-method extrema detection identified 36-4123

extreme events per variable, with 23.1% coincidence between ENSO and IOD24

high extrema confirming known co-occurrence patterns. Ensemble information-25

theoretic metrics demonstrated ENSO exerts moderately stronger influence on26

ITF (mean score 0.524) compared to IOD (0.500), with component-specific27

optimal lag relationships ranging 4-9 months. Transfer entropy quantified direc-28

tional information flow with causality ratios of 0.528-0.571. Topological analysis29

through persistent homology identified stable second homology features (7-30

11 voids) across climate states, suggesting robust dynamical constraints. Two31

regime shifts were detected with 100% accuracy and 2.3-month average lead32
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time during near-neutral climate conditions. Extended predictive lead times (22-33

33 months) indicate gradual phase space reorganization preceding transport34

anomalies. These findings demonstrate nonlinear analytical frameworks reveal35

climate-ocean coupling mechanisms obscured by traditional approaches, with36

implications for improving ITF projections under changing climate.37

Keywords: Climate variability, Indonesian Throughflow, Information theory,38

Persistent homology, Transfer entropy39

1 Introduction40

The Indonesian Throughflow (ITF) represents the sole tropical oceanic pathway con-41

necting the Pacific and Indian Oceans, serving as a critical chokepoint in the global42

ocean circulation system [1, 2]. This unique inter-basin exchange transfers approxi-43

mately 15 Sverdrups in 3-year period (1 Sv ≡ 106 m3 s−1) of warm, relatively fresh44

Pacific waters into the Indian Ocean through a complex network of straits and passages45

within the Indonesian Archipelago [3, 4] (Figure 1). The ITF plays a fundamental role46

in the global climate system by redistributing heat, salt, and nutrients between ocean47

basins, thereby influencing regional climate patterns, monsoon systems, and marine48

ecosystems across the Indo-Pacific region [5, 6].49
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Fig. 1 The ITF region showing major passages and mean transport estimates. Black arrows indicate
the primary ITF pathways through the Indonesian Archipelago, with transport values (in Sv) shown
for key straits: Makassar Strait (11.6 Sv), Lifamatola Passage (11.5 Sv), Lombok Strait (2.6 Sv),
Ombai Strait (4.9 Sv), and Timor Passage (7.5 Sv). Values represent multi-year mean transports from
the International Nusantara Stratification and Transport (INSTANT) program [3] and subsequent
monitoring efforts. Map created using PyGMT [7] with SRTM15+V2.7 bathymetry and topography
data [8]. Figure modified from Feng et al. [9].

Recent observational and modeling studies have demonstrated that ITF variability50

is strongly modulated by large-scale climate modes, particularly the El Niño-Southern51

Oscillation (ENSO) and the Indian Ocean Dipole (IOD) [10–12]. During El Niño52

events, relaxation of trade winds leads to reduced Pacific-to-Indian Ocean pressure gra-53

dients, resulting in weakened ITF transport, while La Niña conditions drive enhanced54

throughflow [6, 13]. Similarly, positive IOD events, characterized by cooler sea sur-55

face temperatures in the eastern Indian Ocean, can modulate ITF transport through56

altered regional wind patterns and thermocline depth variations [14, 15]. However,57

the complex interplay between these climate modes and their combined influence on58

ITF dynamics remains incompletely understood, particularly regarding the relative59

contributions of temperature vs. salinity-driven transport components.60
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Despite significant advances in ITF observations through programs such as61

INSTANT (2004-2006) and ongoing monitoring efforts [3, 16], critical gaps remain62

in our understanding of ITF behavior. First, the nonlinear interactions between63

ENSO and IOD in modulating ITF transport have not been systematically quanti-64

fied using advanced mathematical frameworks. Second, the directional information65

flow and causal relationships between climate forcing and ITF response across mul-66

tiple timescales remain poorly constrained. Third, the potential for detecting regime67

shifts and predicting ITF state transitions using novel analytical approaches has not68

been explored. These knowledge gaps limit our ability to project future ITF changes69

under evolving climate conditions and to understand the throughflow’s role in regional70

climate feedbacks.71

Traditional analyses of ITF variability have primarily relied on linear statistical72

methods such as correlation analysis, regression models, and empirical orthogonal73

functions [17, 18]. While these approaches have provided valuable insights into mean74

transport patterns and seasonal cycles, they may not fully capture the complex, non-75

linear dynamics inherent in the climate-ocean system. Recent advances in information76

theory and topological data analysis offer powerful new tools for examining complex77

systems, revealing hidden patterns and relationships that conventional methods might78

overlook [19? ].79

Information-theoretic approaches, particularly transfer entropy and mutual infor-80

mation analyses, can quantify directional information flow between climate indices and81

ocean transport without assuming linear relationships [20, 21]. These methods have82

been successfully applied to climate dynamics in other contexts, revealing causal path-83

ways and feedback mechanisms [22, 23]. Similarly, topological data analysis (TDA)84

using persistent homology provides a framework for characterizing the geometric and85

topological properties of high-dimensional dynamical systems, potentially identifying86

regime transitions and critical thresholds [24, 25]. The application of these cutting-87

edge methodologies to ITF dynamics represents a novel approach that could yield88

fundamental new insights into climate-ocean interactions.89

This study presents the first comprehensive application of integrated information-90

theoretic and topological frameworks to analyze climate-driven ITF variability. We91

employ a multi-pronged methodological approach combining: (1) bootstrap-based92

climatological analysis to robustly quantify seasonal cycles with uncertainty esti-93

mates; (2) ensemble extrema detection using eight complementary methods to identify94

anomalous events; (3) comprehensive information-theoretic quantification using ten95

entropy-based metrics to measure directional coupling between climate modes and96

ITF components; and (4) topological data analysis through persistent homology to97

characterize phase space dynamics and detect regime transitions. This innovative ana-98

lytical framework is applied to a 34-year observational record (1984-2017) of ITF99

transport estimates derived from improved XBT measurements [26], alongside con-100

current ENSO and IOD index time series. Through this novel synthesis of advanced101

mathematical techniques, we aim to uncover the fundamental mechanisms governing102

climate-ITF coupling and provide new pathways for understanding and predicting103

tropical ocean-climate system behavior.104
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2 Data and Methods105

2.1 Data106

The present study employed three primary datasets to investigate the topological107

and information-theoretic characteristics of climate-driven ITF dynamics. The Dipole108

Mode Index (DMI) quantifies the intensity of the IOD, calculated as the difference109

in sea surface temperature anomalies between the western equatorial Indian Ocean110

(50◦E-70◦E, 10◦S-10◦N) and the southeastern equatorial Indian Ocean (90◦E-110◦E,111

10◦S-0◦S) [27]. Monthly DMI values derived from the Hadley Centre Sea Ice and112

Sea Surface Temperature dataset version 1.1 (HadISST v1.1) were obtained through113

the NOAA Physical Sciences Laboratory (PSL) data portal (https://psl.noaa.gov/114

data/timeseries/month/DMI/). The HadISST v1.1 dataset provides globally complete115

monthly sea surface temperature fields from 1870 to present at 1◦×1◦ spatial resolution116

[28].117

The Multivariate ENSO Index version 2 (MEI v2) represents the leading com-118

bined empirical orthogonal function of five atmospheric and oceanic variables: sea119

level pressure, zonal and meridional components of surface wind, sea surface tempera-120

ture, and outgoing longwave radiation over the tropical Pacific [29, 30]. Monthly MEI121

v2 values were acquired from the NOAA PSL repository (https://psl.noaa.gov/data/122

timeseries/month/DS/MEIV2/). The MEI v2 extends from 1979 to present and pro-123

vides a comprehensive characterization of ENSO variability by integrating multiple124

physical variables rather than relying solely on sea surface temperature anomalies.125

ITF transport estimates were obtained from Guo et al. [26], with the data126

archived at the Institute of Oceanology, Chinese Academy of Sciences repository127

(http://doi.org/10.12157/IOCAS.20221214.001). The ITF dataset comprises three128

components: the total geostrophic transport (ITF-G), temperature-driven transport129

(ITF-T), and salinity-driven transport (ITF-S). These estimates are based on expend-130

able bathythermograph (XBT) measurements along the IX1 transect, with improved131

bias corrections following Cheng et al. [31] and incorporation of observational salin-132

ity data products from the Institute of Atmospheric Physics [32, 33]. The ITF-G133

represents the vertically integrated (0-700 m) geostrophic volume transport, while134

ITF-T and ITF-S isolate the contributions from temperature and salinity gradients,135

respectively, through linear decomposition of the dynamic height field.136

All three datasets were standardized to monthly temporal resolution for the period137

1984-2017, constrained by the availability of the ITF observations. This 34-year analy-138

sis window captured multiple ENSO and IOD events, including the extreme 1997-1998139

El Niño and the strong positive IOD events of 1997, 2006, and 2015 [34, 35]. Monthly140

anomalies were computed by removing the climatological seasonal cycle, and all time141

series were subjected to quality control procedures to identify and address any spurious142

values or discontinuities. The temporal alignment of these datasets enabled compre-143

hensive investigation of the coupling mechanisms between large-scale climate modes144

and ITF variability across multiple timescales.145

5

https://psl.noaa.gov/data/timeseries/month/DMI/
https://psl.noaa.gov/data/timeseries/month/DMI/
https://psl.noaa.gov/data/timeseries/month/DMI/
https://psl.noaa.gov/data/timeseries/month/DS/MEIV2/
https://psl.noaa.gov/data/timeseries/month/DS/MEIV2/
https://psl.noaa.gov/data/timeseries/month/DS/MEIV2/
http://doi.org/10.12157/IOCAS.20221214.001


2.2 Methods146

2.2.1 Bootstrap-Based Annual Cycle Computation147

The annual cycle characteristics of the ITF components and climate indices were148

quantified using a bootstrap resampling approach to derive robust monthly climatolo-149

gies with associated uncertainty estimates. The analysis employed a non-parametric150

bootstrap methodology [36, 37] to compute confidence intervals for monthly means,151

accounting for the inherent temporal autocorrelation and non-Gaussian distribution152

of oceanographic time series.153

For each variable X (representing ITF-G, ITF-T, ITF-S, MEI, or DMI), the154

monthly observations were aggregated as:155

Xm = {xi,m : i ∈ Y,m ∈ {1, 2, ..., 12}}, (1)

where xi,m denotes the observation in month m of year i, and Y represents the set of156

years spanning 1984-2017.157

The bootstrap procedure for each calendar month m was implemented as fol-158

lows. Let nm = |Xm| denote the number of observations for month m. The bootstrap159

distribution of the monthly mean was constructed through:160

µ̂(b)
m =

1

nm

nm∑
j=1

x
∗(b)
j , (2)

where x
∗(b)
j represents the j-th element of the b-th bootstrap sample drawn with161

replacement from Xm, and b ∈ {1, 2, ..., B} with B = 20, 000 iterations.162

The empirical bootstrap distribution {µ̂(1)
m , µ̂

(2)
m , ..., µ̂

(B)
m } provided estimates of the163

sampling distribution of the monthly mean. The point estimate and (1 − α)100%164

confidence intervals were computed as:165

µ̄m =
1

B

B∑
b=1

µ̂(b)
m , (3)

166

CIm,α =
[
µ̂(⌈Bα/2⌉)
m , µ̂(⌈B(1−α/2)⌉)

m

]
, (4)

where µ̂
(k)
m denotes the k-th order statistic of the bootstrap distribution, and α = 0.05167

for 95% confidence intervals.168

The large number of bootstrap iterations (B = 20, 000) ensured Monte Carlo169

error remained negligible compared to sampling variability, following recommendations170

by Hall [38] and DiCiccio and Efron [39]. This approach provided distribution-free171

inference without assumptions of normality or specific parametric forms, particularly172

advantageous for climate indices that exhibit skewed distributions during extreme173

events.174
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The computational implementation utilized NumPy [40] for array operations and175

random sampling, with the numpy.random.choice function providing efficient boot-176

strap resampling with replacement. Statistical moments and percentile calculations177

employed NumPy’s optimized algorithms for numerical stability.178

For subsequent analyses, the annual cycles were normalized to facilitate inter-179

variable comparisons:180

x̃m =
µ̄m − 1

12

∑12
k=1 µ̄k√

1
12

∑12
k=1(µ̄k − µ̄)2

, (5)

where µ̄ = 1
12

∑12
k=1 µ̄k represents the annual mean.181

Statistical significance of the annual cycles was assessed using one-way analysis182

of variance (ANOVA) following Sokal and Rohlf [41], with the null hypothesis H0 :183

µ1 = µ2 = ... = µ12 tested against the alternative of at least one differing monthly184

mean. The F-statistic was computed using SciPy’s [42] stats.f oneway function,185

which implements Welch’s ANOVA for unequal variances.186

Phase relationships between ITF components and climate indices were quantified187

through Pearson correlation coefficients applied to the normalized annual cycles:188

rXY =

∑12
m=1(x̃m − ¯̃x)(ỹm − ¯̃y)√∑12

m=1(x̃m − ¯̃x)2
∑12

m=1(ỹm − ¯̃y)2
, (6)

where x̃m and ỹm represent the normalized monthly means for variables X and Y ,189

respectively.190

Temporal phase lags between climate forcing and ITF response were computed as:191

∆ϕXY = (argmax
m

{µ̄Y,m} − argmax
m

{µ̄X,m}) mod 12, (7)

where argmaxm{µ̄X,m} denotes the month of maximum mean value for variable X.192

The modulo operation ensures phase differences remain within the annual cycle period.193

All statistical computations adhered to reproducibility standards by setting ran-194

dom number generator seeds, with results validated through comparison with paramet-195

ric methods where applicable. The pandas library [43] facilitated data manipulation196

and temporal aggregation operations.197

2.2.2 Multi-Method Extrema Detection and Composite Scoring198

A comprehensive extrema detection framework was implemented to identify and char-199

acterize extreme events in the ITF and climate indices time series. The analysis200

employed an ensemble approach integrating eight complementary methods, ranging201

from classical extreme value theory to contemporary machine learning algorithms, to202

ensure robust identification of anomalous observations [44, 45].203

The foundational approach utilized percentile-based thresholds to identify extrema204

as observations exceeding predetermined quantiles of the empirical distribution. For205
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each time series x = {xt}Nt=1, the lower and upper thresholds were defined as:206

τL = F−1
x (α/100), τU = F−1

x (1− α/100), (8)

where F−1
x denotes the empirical quantile function and α = 5 for the 5th and 95th207

percentiles. Extrema were subsequently classified as:208

EL = {t : xt < τL}, EU = {t : xt > τU}. (9)

Complementing the threshold approach, the block maxima method partitioned the209

time series into non-overlapping blocks of size b = 30 months, extracting maximum210

and minimum values from each block [46, 47]. For the i-th block, the maxima and211

minima were computed as:212

Mi = max
(i−1)b<t≤ib

xt, mi = min
(i−1)b<t≤ib

xt. (10)

The asymptotic distribution of these block maxima follows the Generalized213

Extreme Value (GEV) distribution with cumulative distribution function:214

G(z;µ, σ, ξ) = exp

{
−
[
1 + ξ

(
z − µ

σ

)]−1/ξ
}
, (11)

where µ, σ > 0, and ξ represent location, scale, and shape parameters, respectively.215

Parameters were estimated using maximum likelihood estimation implemented in216

SciPy’s genextreme.fit function [42]. For block minima, the negated values {−mi}217

were fitted to the GEV distribution following the transformation property of extreme218

value distributions [48].219

The peak-over-threshold (POT) approach provided a more efficient utilization of220

extreme observations by identifying exceedances beyond high quantiles [49, 50]. For a221

threshold u corresponding to the θ-th percentile (θ = 90), exceedances were defined as:222

Y+
u = {xt − u : xt > u}, Y−

u = {u′ − xt : xt < u′}, (12)

where u′ = F−1
x ((100− θ)/100) represents the lower threshold. This method captured223

extreme behavior in the tails of the distribution while maintaining statistical efficiency.224

Local extrema detection employed a sliding window approach with window size225

w = 30 months to identify scale-dependent extreme behavior. An observation xt was226

classified as a local maximum if:227

xt = max
i∈[t−w/2,t+w/2]

xi, (13)

with an analogous definition for local minima. This method captured temporal228

neighborhood characteristics essential for identifying sustained extreme conditions229

[51].230

8



Statistical outlier detection methods complemented the extreme value approaches.231

The standardized Z-score method identified extrema based on deviations from the232

mean in units of standard deviation:233

zt =
xt − x̄

sx
, (14)

where x̄ and sx denote the sample mean and standard deviation. Observations with234

|zt| > ζ were classified as extrema, with threshold ζ = 2 following Grubbs [52].235

Enhanced robustness against outliers was achieved through the modified Z-score,236

which employed the median absolute deviation (MAD) as a scale estimator [53, 54]:237

MAD = mediani(|xi −medianj(xj)|). (15)

The modified Z-score was subsequently calculated as:238

Mt =
0.6745(xt −median(x))

MAD
, (16)

where the constant 0.6745 ensures consistency with the standard normal distribution.239

Extrema were identified when |Mt| > 3.5, following recommendations by Iglewicz and240

Hoaglin [55].241

Machine learning approaches provided complementary perspectives on anomaly242

detection. The Isolation Forest algorithm [56, 57] detected anomalies through recursive243

partitioning of the feature space, constructing an ensemble of isolation trees where the244

expected path length to isolate an observation served as the anomaly score:245

s(x, n) = 2−
E(h(x))

c(n) , (17)

where E(h(x)) represents the expected path length for observation x, and c(n) nor-246

malizes by the average path length of unsuccessful searches in binary search trees.247

The implementation utilized scikit-learn’s IsolationForest class with contamination248

parameter ν = 0.1 [58].249

The Local Outlier Factor (LOF) algorithm [59] quantified the local deviation of250

density for each observation relative to its neighbors:251

LOFk(x) =

∑
o∈Nk(x)

lrdk(o)
lrdk(x)

|Nk(x)|
, (18)

where Nk(x) denotes the k-nearest neighbors of x, and lrdk represents the local reach-252

ability density. Parameters were set to k = 20 neighbors with contamination ν = 0.1,253

implemented using scikit-learn’s LocalOutlierFactor [58].254

The integration of these diverse methods required a principled ensemble approach.255

A weighted composite scoring system combined results from individual methods to256

produce robust extrema identification. For each observation, separate scores for high257
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and low extrema were computed as:258

Shigh(t) =
∑

m∈M
wm · Im,high(t), Slow(t) =

∑
m∈M

wm · Im,low(t), (19)

where M represents the set of methods, wm denotes the weight for method m, and259

Im,high/low(t) indicates whether observation t was classified as an extremum by method260

m.261

Weight assignment reflected method reliability and complementarity: statistical262

threshold (w = 1.0), Z-score (w = 1.0), modified Z-score (w = 1.5), Isolation Forest263

(w = 1.2), LOF (w = 1.2), and moving window (w = 0.8). The composite scores264

underwent normalization by the total weight sum:265

S̄high/low(t) =
Shigh/low(t)∑

m∈M wm
. (20)

Final extrema identification employed the 90th percentile of the composite score266

distribution as the threshold, ensuring selection of the most robust extreme events267

across all methods. This multi-method ensemble approach provided resilience against268

method-specific biases and enhanced detection reliability for diverse extrema types [?269

]. Statistical computations utilized NumPy [40] for array operations, SciPy [42] for270

distribution fitting and statistical functions, and scikit-learn [58] for machine learning271

algorithms. The pandas library [43] facilitated time series manipulation and indexing272

operations throughout the analysis pipeline.273

2.2.3 Information-Theoretic Quantification of Climate-ITF274

Coupling275

The quantification of directional information flow and nonlinear dependencies between276

climate indices and ITF components employed a comprehensive suite of information-277

theoretic measures. This multi-entropy framework captured diverse aspects of statisti-278

cal coupling, from shared information content to causal influence dynamics, providing279

a holistic characterization of climate-ocean interactions [60, 61].280

Prior to entropy calculations, all time series underwent standardization to ensure281

comparability across different physical units and magnitudes. For each variable X ∈282

{MEI,DMI, ITF-G, ITF-T, ITF-S}, the normalized form was computed as:283

X̃t =
Xt − µX

σX
, (21)

where µX and σX denote the temporal mean and standard deviation, respectively.284

This transformation was implemented using scikit-learn’s StandardScaler [58].285

The foundational measure employed was Shannon entropy, which quantifies the286

information content of each time series. For a discretized variable with probability287
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distribution p(x), Shannon entropy was calculated as:288

H(X) = −
n∑

i=1

p(xi) log2 p(xi), (22)

where the probability distribution was estimated through histogram binning with n =289

20 bins, following recommendations by Scott [62] for optimal bandwidth selection.290

Mutual information quantified the shared information content between climate291

indices and ITF components, measuring statistical dependence without assumptions292

of linearity. For two variables X and Y , mutual information was computed as:293

I(X;Y ) =

n∑
i=1

n∑
j=1

p(xi, yj) log2
p(xi, yj)

p(xi)p(yj)
, (23)

where p(xi, yj) represents the joint probability distribution estimated through two-294

dimensional histogram binning [63].295

Transfer entropy provided a model-free measure of directional information transfer,296

quantifying the reduction in uncertainty about future values of one variable given the297

past of another [20]. The transfer entropy from variable X to Y with lag τ was defined298

as:299

TX→Y (τ) =
∑

p(yt+τ , y
(k)
t , x

(l)
t ) log2

p(yt+τ |y(k)t , x
(l)
t )

p(yt+τ |y(k)t )
, (24)

where y
(k)
t = (yt, yt−1, ..., yt−k+1) and x

(l)
t = (xt, xt−1, ..., xt−l+1) denote the past300

states of length k and l, respectively. Implementation used k = l = 1 for computational301

efficiency while capturing first-order dynamics [64].302

The causality ratio integrated bidirectional transfer entropy measurements across303

multiple lags to provide a normalized measure of directional influence:304

CX→Y =

∑τmax

τ=1 TX→Y (τ)∑τmax

τ=1 [TX→Y (τ) + TY→X(τ)]
, (25)

where τmax = 12 months captured annual cycle influences. Values approaching unity305

indicated dominant influence from X to Y , while values near 0.5 suggested symmetric306

coupling [22].307

Permutation entropy assessed the complexity of ordinal patterns in time series,308

providing a computationally efficient measure robust to noise [65]. For embedding309

dimension m = 3 and delay δ = 1, the permutation entropy was calculated as:310

Hp(m) = −
∑

π∈Πm

p(π) log2 p(π), (26)

where Πm denotes the set of all m! possible ordinal patterns, and p(π) represents the311

relative frequency of pattern π. Normalization by log2(m!) yielded values in [0, 1] for312

cross-variable comparison.313
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Sample entropy quantified time series regularity through the conditional proba-314

bility that patterns similar for m points remain similar for m + 1 points [66]. Given315

tolerance r = 0.2 · σX and pattern length m = 2, sample entropy was computed as:316

SampEn(m, r,N) = − ln
Am(r)

Bm(r)
, (27)

where Bm(r) represents the number of template matches of length m within tolerance317

r, and Am(r) denotes matches of length m+ 1. The logarithmic formulation ensured318

numerical stability for finite samples [67].319

Approximate entropy, a precursor to sample entropy, included self-matches in the320

counting procedure:321

ApEn(m, r,N) = ϕ(m)− ϕ(m+ 1), (28)

where ϕ(m) = 1
N−m+1

∑N−m+1
i=1 lnCm

i (r), and Cm
i (r) represents the fraction of322

patterns within tolerance r of template i [68].323

Multiscale entropy extended sample entropy analysis across multiple temporal324

scales through coarse-graining procedures [69]. For scale factor τ , the coarse-grained325

time series was constructed as:326

y
(τ)
j =

1

τ

jτ∑
i=(j−1)τ+1

xi, 1 ≤ j ≤ ⌊N/τ⌋. (29)

Sample entropy was subsequently calculated for each coarse-grained series across scales327

τ ∈ {1, 2, ..., 10}, revealing complexity characteristics at different temporal resolutions.328

Conditional entropy quantified the remaining uncertainty in one variable given329

knowledge of another:330

H(Y |X) = H(X,Y )−H(X) = −
∑
i,j

p(xi, yj) log2 p(yj |xi), (30)

where H(X,Y ) denotes the joint entropy. Lower values indicated stronger predictive331

relationships between variables [70].332

The Kullback-Leibler divergence, or relative entropy, measured the information-333

theoretic distance between probability distributions:334

DKL(P ||Q) =

n∑
i=1

pi log2
pi
qi
, (31)

where P and Q represent the empirical distributions of two variables. This asymmetric335

measure quantified information loss when approximating one distribution by another336

[71].337
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Cross entropy provided the average number of bits required to encode samples338

from distribution P using an optimal code for distribution Q:339

H(P,Q) = −
n∑

i=1

pi log2 qi = H(P ) +DKL(P ||Q), (32)

establishing its relationship to both Shannon entropy and relative entropy [72].340

The integration of these diverse entropy measures required a principled ensemble341

approach. An weighted composite score synthesized individual metrics to provide a342

robust quantification of climate-ITF coupling strength. For each climate-ITF pair,343

normalized metrics were combined as:344

Sensemble =

K∑
k=1

wk · m̂k, (33)

where m̂k represents the normalized value of metric k ∈ {1, ...,K}, and weights345

wk reflected relative importance: mutual information (w1 = 0.3), transfer entropy346

(w2 = 0.3), causality ratio (w3 = 0.2), conditional entropy (w4 = 0.1), and sample347

entropy difference (w5 = 0.1). Normalization procedures ensured commensurability348

across metrics with different natural scales and ranges.349

All entropy calculations utilized NumPy [40] for numerical operations, with special-350

ized implementations leveraging established information theory principles to ensure351

computational efficiency and numerical stability. The pandas library [43] facilitated352

time series manipulation and lagged variable construction throughout the analysis353

pipeline.354

2.2.4 Topological Data Analysis of ITF Phase Space Dynamics355

The characterization of ITF dynamical states and their climate-driven modulation356

employed topological data analysis (TDA) to extract robust geometric and topological357

features from the reconstructed phase space. This approach provided a coordinate-358

free framework for identifying flow regime transitions and quantifying climate-ocean359

coupling strength through persistent homology computations [24, 73].360

Phase space reconstruction transformed the univariate time series into a multi-361

dimensional dynamical system representation. Following Takens’ embedding theorem362

[74], the ITF state vector at time t was constructed as:363

v(t) =

G̃(t)

T̃ (t)

S̃(t)

 , (34)
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where G̃(t), T̃ (t), and S̃(t) represent the normalized geostrophic, temperature-driven,364

and salinity-driven transport components, respectively. Normalization followed:365

X̃(t) =
X(t)− ⟨X⟩t

σX
, (35)

where ⟨·⟩t denotes temporal averaging and σX represents the standard deviation.366

Prior to phase space analysis, data preprocessing employed a three-point moving367

average filter to suppress high-frequency noise while preserving mesoscale variability:368

X̄(t) =
1

3

1∑
i=−1

X(t+ i). (36)

Optimal window size determination balanced multiple criteria to ensure robust369

topological feature extraction. The autocorrelation decay criterion assessed temporal370

independence within windows through:371

ρ(τ) =
⟨(G̃(t)− ⟨G̃⟩)(G̃(t+ τ)− ⟨G̃⟩)⟩

σ2
G̃

, (37)

where the decorrelation time τd satisfied ρ(τd) = e−1. The optimization score for372

window size w was computed as:373

Sacf(w) = exp

(
− (w/τd − 2.5)2

2

)
, (38)

targeting windows approximately 2.5 times the decorrelation scale.374

Topological stability quantified the variance of homological features across multiple375

window samples. For N non-overlapping windows of size w, the coefficient of variation376

of first Betti numbers provided:377

Stopo(w) = exp

(
− std({β(i)

1 }Ni=1)

mean({β(i)
1 }Ni=1)

)
, (39)

where β
(i)
1 denotes the first Betti number for window i.378

Climate signal preservation ensured windows captured sufficient variability:379

Sclimate(w) = min

(
1,

⟨Varw(MEI)⟩
Var(MEI)

)
, (40)

where Varw represents variance within windows. The composite optimization score380

integrated all criteria:381

S(w) = 0.4Sacf(w) + 0.4Stopo(w) + 0.2Sclimate(w), (41)
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with the optimal window size w∗ = argmaxw S(w).382

Persistent homology analysis constructed a filtration of simplicial complexes from383

the point cloud data. Given a finite set of phase space points P = {v1,v2, ...,vn}384

within a temporal window, the Vietoris-Rips complex at scale ϵ was defined as:385

VRϵ(P) = {σ ⊆ P : d(vi,vj) ≤ ϵ for all vi,vj ∈ σ}, (42)

where d(·, ·) denotes the Euclidean distance and σ represents a simplex.386

The nested sequence of complexes for increasing scale parameters 0 = ϵ0 < ϵ1 <387

... < ϵm formed a filtration:388

∅ = VRϵ0(P) ⊆ VRϵ1(P) ⊆ ... ⊆ VRϵm(P). (43)

Homology groups Hk(VRϵ(P)) captured k-dimensional topological features: H0 for389

connected components, H1 for loops, and H2 for voids. The rank of the k-th homology390

group defined the k-th Betti number:391

βk(ϵ) = rank(Hk(VRϵ(P))). (44)

Persistence diagrams tracked the birth and death of topological features across the392

filtration. A k-dimensional feature born at scale ϵb and dying at scale ϵd contributed393

the point (b, d) = (ϵb, ϵd) to the persistence diagram Dgmk. The persistence of a feature394

quantified its topological significance:395

pers(b, d) = d− b. (45)

Climate state classification partitioned temporal windows based on average index396

values within each window. For window Wi, the climate state si was determined by:397

si =



El Niño if ⟨MEI⟩Wi > 0.5

La Niña if ⟨MEI⟩Wi < −0.5

+IOD if ⟨DMI⟩Wi > 0.5

-IOD if ⟨DMI⟩Wi < −0.5

Normal otherwise

. (46)

The Topological Coupling Index (TCI) quantified climate influence on ITF398

topology through controlled perturbation experiments. For a baseline phase space399

configuration P0, climate-perturbed configurations were constructed as:400

PMEI = {vi +∆vMEI,i}ni=1, (47)
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where the perturbation incorporated normalized climate signals:401

∆vMEI,i =

0.3 ·MEI(ti)/σMEI

0.2 ·MEI(ti)/σMEI

0

 . (48)

The TCI measured topological changes induced by climate perturbations:402

TCIMEI =

2∑
k=1

ωk|#Dgmk(PMEI)−#Dgmk(P0)|, (49)

where #Dgmk denotes the number of features in the k-th persistence diagram, and403

weights ω1 = 1, ω2 = 2 reflected the relative importance of loops vs. voids.404

Regime shift detection employed a sliding window approach to track temporal evo-405

lution of topological features. The persistence distance between consecutive windows406

quantified structural changes:407

dpers(Dgmt,Dgmt+∆t) =

2∑
k=1

[
|#Dgm

(t)
k −#Dgm

(t+∆t)
k |+Wk(Dgm

(t)
k ,Dgm

(t+∆t)
k )

]
,

(50)
where Wk denotes a Wasserstein-like metric incorporating feature lifetimes:408

Wk(Dgm1,Dgm2) = |⟨pers⟩1 − ⟨pers⟩2|+
1

2
|σpers,1 − σpers,2|, (51)

with ⟨pers⟩ and σpers representing mean and standard deviation of feature persistences.409

Regime shifts were identified when the topological distance exceeded a threshold:410

T = {t : dpers(t) > µd + 2σd}, (52)

where µd and σd denote the mean and standard deviation of the distance time series.411

Additional validation employed local maxima detection with constraints on minimum412

peak height and separation.413

Predictive capability assessment evaluated whether TCI elevations preceded regime414

shifts. For each detected shift at time ts, the lead time was computed as:415

τlead = ts −min{t : t < ts,TCI(t) > TCI90}, (53)

where TCI90 represents the 90th percentile threshold. Detection rate and average lead416

time metrics quantified predictive performance.417

All topological computations were implemented using custom algorithms based on418

established computational topology principles [75, 76]. The Union-Find data struc-419

ture efficiently tracked connected components, while simplicial homology calculations420

employed boundary matrix reductions. NumPy [40] provided array operations, pan-421

das [43] facilitated data manipulation, and SciPy [42] supplied interpolation routines422

for temporal alignment of computed metrics.423
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3 Results424

3.1 Annual Cycle Characteristics425

The bootstrap analysis of monthly climatologies reveals distinct seasonal patterns in426

ITF components while climate indices exhibit minimal annual variability. Figure 2427

presents the computed annual cycles with 95% confidence intervals derived from 20,000428

bootstrap iterations, demonstrating robust seasonal modulation of ITF transport429

contrasted with relatively stable climate index values throughout the year.430

Fig. 2 Annual cycles of ITF components and climate indices. Top panel: ITF-G, ITF-T, and ITF-
S transport components with 95% bootstrap confidence intervals shown as shaded regions. Second
panel: MEI annual cycle with confidence interval. Third panel: DMI annual cycle with confidence
interval. Bottom panel: Normalized annual cycles for all variables facilitating direct comparison of
phase relationships, with ITF components shown as solid lines and climate indices as dashed lines.
All confidence intervals computed from 20,000 bootstrap iterations.

The geostrophic transport component displays pronounced seasonality character-431

ized by maximum values of 13.02 ± 1.26 Sv occurring in September with 95% CI432

spanning 11.77–14.33 Sv, while minimum values reach −0.26± 1.64 Sv in April (95%433

CI: −1.89–1.39 Sv), yielding a substantial seasonal amplitude of 13.28 Sv. The annual434

17



mean transport equals 5.99 ± 4.25 Sv, with marked seasonal partitioning showing435

strongest transport during austral winter (JJA) averaging 10.85 Sv, followed by austral436

spring (SON) at 6.94 Sv, austral summer (DJF) at 5.02 Sv, and weakest flow during437

austral autumn (MAM) at merely 1.16 Sv. This seasonal progression demonstrates438

a clear annual cycle with transport intensification beginning in June, reaching peak439

values in September, and subsequently declining through the austral summer months.440

Temperature-driven transport exhibits the largest seasonal amplitude among all441

ITF components at 14.11 Sv, with peak values reaching 11.72± 0.90 Sv in July (95%442

CI: 10.86–12.65 Sv) and minimum values of −2.39±0.96 Sv occurring in April (95% CI:443

−3.35–−1.39 Sv). The annual mean of 5.51± 4.39 Sv closely parallels ITF-G, though444

the seasonal distribution shows subtle differences with JJA averaging 10.17 Sv, DJF at445

6.51 Sv, SON at 4.83 Sv, and MAM at 0.53 Sv. Notably, ITF-T reaches its maximum446

two months earlier than ITF-G, suggesting differential responses to seasonal forcing447

mechanisms between the temperature-driven and total geostrophic components.448

In contrast to the dominant geostrophic and temperature components, salinity-449

driven transport demonstrates a distinct seasonal cycle with reduced amplitude but450

consistent positive values through most of the year. Maximum values of 4.03 ± 0.28451

Sv occur in September (95% CI: 3.75–4.30 Sv), coinciding with the ITF-G peak, while452

minimum values of −1.50 ± 0.27 Sv appear in February (95% CI: −1.78–−1.23 Sv),453

producing a seasonal range of 5.52 Sv. The annual mean equals 1.67 ± 1.65 Sv, with454

a markedly different seasonal distribution compared to other components: positive455

transport during MAM (2.00 Sv) and SON (3.23 Sv), near-neutral values during JJA456

(1.96 Sv), and negative transport in DJF (−0.52 Sv). This pattern indicates that457

salinity-driven transport partially compensates for reduced temperature-driven flow458

during transitional seasons.459

The climate indices display minimal seasonal variation compared to ITF compo-460

nents, with MEI ranging from −0.035 ± 0.053 in January (95% CI: −0.341–0.290)461

to −0.069 ± 0.052 in March (95% CI: −0.378–0.254), yielding an annual mean of462

−0.053 ± 0.008. Seasonal means show negligible variation: −0.044 (DJF), −0.062463

(MAM), −0.058 (JJA), and −0.050 (SON), indicating no preferential seasonal occur-464

rence of ENSO events within the analyzed period. Similarly, DMI exhibits slightly465

larger but still minimal seasonal variation, ranging from −0.037 ± 0.036 in January466

(95% CI: −0.108–0.036) to −0.118± 0.054 in June (95% CI: −0.225–−0.012), with an467

annual mean of −0.073± 0.025 and seasonal means of −0.046 (DJF), −0.065 (MAM),468

−0.092 (JJA), and −0.091 (SON).469

Statistical significance testing using one-way ANOVA confirms highly significant470

annual cycles for all ITF components with F-statistics of 35.71 (p = 1.09× 10−52) for471

ITF-G, 102.86 (p = 9.44× 10−109) for ITF-T, and 86.63 (p = 3.78× 10−98) for ITF-S,472

while neither MEI (F = 0.002, p = 1.00) nor DMI (F = 0.23, p = 0.996) exhibits sta-473

tistically significant annual cycles. Phase timing analysis reveals synchronized peaks474

in ITF-G and ITF-S during September, while ITF-T peaks two months earlier in475

July, with both climate indices reaching maximum values in January, resulting in an476

eight-month lag between climate index peaks and maximum ITF transport. Corre-477

lation analysis between normalized annual cycles shows no significant relationships478

at the 0.05 level, with the strongest correlations appearing between ITF-S and MEI479
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(r = −0.453, p = 0.139) and between ITF-S and DMI (r = −0.426, p = 0.168), sug-480

gesting that while ITF components exhibit robust seasonality, this variation operates481

independently of the annual cycles in large-scale climate modes.482

3.2 Extrema Evaluation483

The comprehensive extrema evaluation employed an ensemble of eight detection meth-484

ods to identify and characterize extreme events across the ITF components, ENSO,485

and IOD time series. Figure 3 presents the multi-method extrema analysis results,486

displaying time series with identified extrema, composite scores, method comparisons,487

and distribution analyses for each variable.488

Fig. 3 Comprehensive extrema evaluation for ITF, ENSO, and IOD. First row: time series with
identified high extrema (red triangles) and low extrema (blue triangles). Second row: composite
score time series with high extrema (red) and low extrema (blue) thresholds shown as dashed lines.
Third row: bar charts comparing extrema counts across detection methods. Fourth row: normalized
density distributions with kernel density estimates and statistical thresholds (5th and 95th percentiles)
marked as vertical dashed lines.

The ITF mean transport (averaged across G, T, and S components) exhibited489

36 high extrema events and 41 low extrema events over the analysis period, rep-490

resenting 8.82% and 10.05% of the total observations, respectively. The composite491

scoring approach, which integrated results from statistical threshold (5th and 95th492
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percentiles), block maxima, peak-over-threshold, Z-score, modified Z-score, Isolation493

Forest, Local Outlier Factor, and moving window methods, identified extrema with494

composite score thresholds of 0.179 for high extrema and 0.224 for low extrema. The495

statistical threshold method determined lower and upper thresholds at -1.302 Sv and496

10.322 Sv, identifying 21 events in each category. Block maxima analysis over 13 blocks497

yielded GEV shape, location, and scale parameters of 0.172, 10.239 Sv, and 1.479 Sv,498

respectively. Peak-over-threshold analysis with 90th percentile thresholds detected 41499

high exceedances above 9.024 Sv and 41 low exceedances below -0.227 Sv. The Z-score500

method identified 19 extrema with a maximum Z-score of 2.568, while the modified501

Z-score method using median absolute deviation detected no extrema due to its more502

conservative threshold of 3.5. Machine learning approaches (Isolation Forest and Local503

Outlier Factor) each identified 41 anomalies with contamination parameter set to 0.1.504

The maximum composite scores reached 0.776 for high extrema and 0.627 for low505

extrema.506

The ENSO time series demonstrated asymmetric extrema distribution with 39507

high extrema events (9.56% of observations) and 23 low extrema events (5.64% of508

observations), both identified using a composite score threshold of 0.179. Statistical509

analysis revealed mean MEI of -0.053 with standard deviation 0.968, positive skewness510

of 0.438, and near-zero kurtosis of -0.025. The 5th and 95th percentile thresholds were511

established at -1.390 and 1.920, respectively, each capturing 21 events. Block maxima512

analysis yielded GEV parameters of 0.362 (shape), 0.968 (location), and 0.819 (scale),513

indicating a heavy-tailed distribution for extreme El Niño events. The peak-over-514

threshold method with 90th percentile cutoffs identified 41 high exceedances above515

1.266 and 40 low exceedances below -1.180. Z-score analysis detected 27 extrema with516

maximum Z-score reaching 2.755, corresponding to the exceptional 1997-1998 El Niño517

event. The modified Z-score method again found no extrema, while both machine518

learning algorithms identified 41 anomalous observations. Maximum composite scores519

achieved 0.776 for high extrema and 0.627 for low extrema.520

The IOD exhibited 36 high extrema events (8.82% of observations) and 28 low521

extrema events (6.86% of observations) with composite score thresholds of 0.179522

for both categories. The DMI time series displayed mean -0.073, standard deviation523

0.316, skewness 0.272, and kurtosis 0.886. Statistical thresholds at the 5th and 95th524

percentiles were -0.567 and 0.456, respectively, each identifying 21 extrema. Block max-525

ima analysis revealed GEV parameters of -0.068 (shape), 0.322 (location), and 0.230526

(scale). Peak-over-threshold analysis found 41 exceedances above 0.296 and 41 below -527

0.448. The Z-score method detected 20 extrema with maximum Z-score of 4.292, while528

modified Z-score identified only one high extremum. Machine learning methods each529

found 41 anomalies. The maximum composite score for high extrema reached 1.000,530

occurring during the November 1997 positive IOD event coincident with the strong El531

Niño, while low extrema maximum score was 0.627.532

Cross-variable extrema analysis revealed important coincidence patterns among533

the three systems. No events were identified where all three variables (ITF, ENSO,534

and IOD) simultaneously exhibited high extrema. However, 4 coincident high extrema535

events occurred between ITF and ENSO, representing 11.1% of ITF high extrema and536

10.3% of ENSO high extrema. Only 1 coincident high extremum was found between537
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ITF and IOD (2.8% of ITF events, 2.8% of IOD events), suggesting weaker direct538

extrema coupling. Notably, 9 coincident high extrema occurred between ENSO and539

IOD, representing 23.1% of ENSO high extrema and 25.0% of IOD high extrema,540

confirming the known tendency for positive IOD events to co-occur with El Niño541

conditions. The temporal distribution of extrema showed clustering during major542

climate events, with the 1997-1998 period exhibiting the highest concentration of543

extreme values across all three variables. The ITF demonstrated a tendency for low544

extrema (negative transport anomalies) during April-May and high extrema (positive545

anomalies) during June-September, consistent with the seasonal cycle findings. ENSO546

extrema occurred without clear seasonal preference, while IOD extrema concentrated547

during the June-November period corresponding to the typical IOD development and548

peak season.549

3.3 Information-Theoretic Analysis550

The information-theoretic framework deployed ten distinct entropy-based metrics551

to quantify directional information flow and statistical dependencies between cli-552

mate indices and ITF components. The weighted ensemble scoring methodology553

integrated mutual information (weight=0.3), transfer entropy (0.3), causality ratio554

(0.2), conditional entropy (0.1), and sample entropy difference (0.1) to generate com-555

posite coupling quantifications ranging from 0.481 to 0.531 across the six analyzed556

climate-ITF pairs, as visualized in Figure 4.557

Fig. 4 Ensemble coupling scores quantifying information-theoretic relationships between climate
indices and ITF components. Values represent weighted composite scores integrating mutual informa-
tion (weight=0.3), transfer entropy (0.3), causality ratio (0.2), conditional entropy (0.1), and sample
entropy difference (0.1). Higher scores indicate stronger coupling, with the inferno colormap spanning
from deep purple (weakest) to bright yellow (strongest coupling).

The ensemble scoring matrix presented in Figure 4 reveals that the MEI→ITF-S558

pair achieved the maximum ensemble score of 0.531, classified as ”Strong Coupling”559
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with mutual information of 0.559 bits, mean transfer entropy of 0.657 bits/time, and560

maximum transfer entropy reaching 0.782 bits at the optimal lag of 9 months. The561

causality ratio of 0.534 indicated 53.4% directional influence from MEI to ITF-S.562

Conditional entropy H(ITF-S|MEI) measured 3.245 bits, representing the resid-563

ual uncertainty in ITF-S given MEI knowledge. Relative entropy DKL(MEI||ITF-S)564

reached 1.159 bits—the highest among all pairs—while cross entropy H(MEI,ITF-S)565

required 4.876 bits for optimal encoding.566

The MEI→ITF-G coupling, also depicted in Figure 4, yielded an ensemble score of567

0.524, with mutual information quantified at 0.567 bits—the highest shared informa-568

tion content among all pairs. Transfer entropy analysis revealed mean information flow569

of 0.736 bits/time, peaking at 0.818 bits with a 4-month optimal lag—the shortest lag570

for MEI relationships. The causality ratio of 0.528 indicated 52.8% directional influ-571

ence from climate to ocean. Conditional entropy measured 3.359 bits, while relative572

entropy remained low at 0.070 bits and cross entropy totaled 3.933 bits.573

For MEI→ITF-T, the ensemble score reached 0.516 with mutual information of574

0.547 bits. Transfer entropy averaged 0.715 bits/time, maximizing at 0.800 bits after575

7 months. The causality ratio of 0.534 matched that of MEI→ITF-S, suggesting con-576

sistent directional influence patterns. Conditional entropy H(ITF-T—MEI) equaled577

3.322 bits, with relative entropy of 0.160 bits and cross entropy of 4.011 bits.578
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Fig. 5 Transfer entropy analysis showing directional information flow between climate indices and
ITF components across lag times of 1-12 months. Solid lines with circles represent climate-to-ITF
transfer entropy, while dashed lines with squares show ITF-to-climate feedback. Vertical dotted lines
mark optimal lag times where information transfer peaks. Gray boxes highlight the optimal lag value
for each panel.

The DMI→ITF-T configuration produced an ensemble score of 0.515, nearly579

matching MEI→ITF-T despite lower mutual information of 0.421 bits. Transfer580

entropy averaged 0.525 bits/time with maximum 0.598 bits at 7-month lag, coincid-581

ing with the MEI→ITF-T optimal lag. The causality ratio reached 0.547—indicating582

54.7% directional influence from DMI—while conditional entropy measured 3.448 bits.583

Relative entropy remained modest at 0.203 bits with cross entropy of 3.614 bits.584

DMI→ITF-G coupling generated an ensemble score of 0.504 with mutual infor-585

mation of 0.427 bits. Transfer entropy analysis yielded mean flow of 0.616 bits/time,586

peaking at 0.680 bits after 9 months—matching the MEI→ITF-S lag period. Notably,587

this pair exhibited the highest causality ratio of 0.571, representing 57.1% directional588

influence from climate index to throughflow component. Conditional entropy reached589

3.498 bits, relative entropy measured 0.321 bits, and cross entropy totaled 3.732 bits.590

The DMI→ITF-S relationship demonstrated the weakest coupling with ensemble591

score 0.481, classified as ”Moderate Coupling”—the sole pair failing to achieve the592

0.5 threshold for strong coupling designation evident in Figure 4. Mutual information593

equaled 0.426 bits, marginally below other DMI pairs. Transfer entropy averaged 0.473594

bits/time—the lowest among all configurations—maximizing at 0.554 bits with 4-595

month lag, matching the MEI→ITF-G optimal delay. The causality ratio of 0.538596
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indicated 53.8% directional influence. Conditional entropy measured 3.378 bits, while597

relative entropy reached 0.491 bits and cross entropy required 3.902 bits.598

Transfer entropy temporal evolution, comprehensively illustrated in Figure 5,599

revealed systematic patterns across the 12-month lag analysis. MEI→ITF relation-600

ships demonstrated monotonic increases from lag 1 through their respective optimal601

lags, followed by gradual decay. The MEI→ITF-G transfer entropy rose from 0.489602

bits at 1-month lag to peak at 0.818 bits (4 months), while reverse flow ITF-G→MEI603

increased from 0.274 to 0.642 bits. MEI→ITF-T showed similar progression from 0.554604

to 0.800 bits (7 months) against feedback rising from 0.346 to 0.688 bits. MEI→ITF-S605

exhibited the most gradual ascent from 0.617 to 0.782 bits (9 months) with reciprocal606

flow increasing from 0.275 to 0.697 bits.607

DMI transfer entropy patterns displayed greater variability and earlier plateaus,608

as evident in the bottom panels of Figure 5. DMI→ITF-G fluctuated between 0.466609

and 0.680 bits before stabilizing, while ITF-G→DMI varied from 0.302 to 0.540 bits.610

DMI→ITF-T demonstrated smoother evolution from 0.462 to 0.598 bits against feed-611

back ranging 0.359 to 0.520 bits. DMI→ITF-S showed rapid initial increase from 0.422612

to 0.554 bits by month 4, then declined to 0.387 bits by lag 12, while reverse flow613

oscillated between 0.302 and 0.467 bits.614

Fig. 6 Multiscale sample entropy profiles for climate indices and ITF components across scales 1-10.
Each panel compares the complexity of a climate index (MEI or DMI) with an ITF component at
multiple temporal resolutions. Higher entropy values indicate greater irregularity and unpredictability
in the time series. Scale 1 represents the original monthly resolution, with increasing scales corre-
sponding to progressively coarser temporal averaging.
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Multiscale entropy analysis, presented in Figure 6, quantified complexity degra-615

dation across temporal scales 1 through 10. At scale 1, ITF-G exhibited maximum616

sample entropy of 1.121, followed by DMI at 1.265, ITF-S at 1.186, MEI at 0.892,617

ITF-T at 0.819. Progressive coarse-graining revealed distinct decay patterns: MEI618

entropy decreased to 0.179 (scale 10), representing 80.0% reduction. ITF-G declined619

to 0.244 (78.2% reduction), while ITF-T dropped to 0.323 (60.6% reduction) and ITF-620

S reached 0.354 (70.1% reduction). DMI demonstrated the steepest decay to 0.178621

(85.9% reduction).622

Scale-specific convergence emerged between paired variables as shown in Figure 6.623

MEI and ITF-G entropy curves intersected at scale 2 (both 0.780), maintaining paral-624

lel decay through scale 7 before diverging. MEI-ITF-T pairs showed initial divergence625

(scale 1-3) followed by convergence around scale 6 ( 0.300) and subsequent parallel626

evolution. MEI-ITF-S demonstrated persistent separation until scale 8, where both627

approached 0.350. DMI pairs exhibited different patterns: DMI-ITF-G maintained628

consistent 0.2-0.3 entropy separation across scales 2-8. DMI-ITF-T converged at scale629

5 ( 0.430) with crossover at scale 7. DMI-ITF-S showed early convergence (scale 3)630

followed by sustained proximity through scale 10.631

Additional entropy metrics provided complementary quantifications. Shannon632

entropy values: ITF-G (4.217 bits), ITF-T (4.203 bits), ITF-S (4.189 bits), MEI (4.156633

bits), DMI (4.082 bits). Permutation entropy (embedding dimension 3, delay 1): MEI634

(0.876), DMI (0.843), ITF-G (0.891), ITF-T (0.868), ITF-S (0.854). Sample entropy635

(pattern length 2, tolerance 0.2σ): MEI (0.642), DMI (0.718), ITF-G (0.923), ITF-T636

(0.897), ITF-S (0.885). Approximate entropy yielded similar rankings with marginally637

higher absolute values.638

Conditional entropy quantified prediction improvements. H(ITF-G|MEI) = 3.359639

bits vs. H(ITF-G) = 4.217 bits represented 20.3% uncertainty reduction. H(ITF-640

T|MEI) = 3.322 bits against H(ITF-T) = 4.203 bits yielded 21.0% reduction.641

H(ITF-S|MEI) = 3.245 bits from H(ITF-S) = 4.189 bits gave 22.5% improvement.642

DMI conditioning produced smaller reductions: H(ITF-G|DMI) = 3.498 bits (17.1%643

reduction), H(ITF-T|DMI) = 3.448 bits (18.0% reduction), H(ITF-S|DMI) = 3.378644

bits (19.4% reduction).645

The ensemble scoring synthesis ranked climate-ITF coupling strength: MEI→ITF-646

S (0.531), MEI→ITF-G (0.524), MEI→ITF-T (0.516), DMI→ITF-T (0.515),647

DMI→ITF-G (0.504), DMI→ITF-S (0.481). Average ENSO influence computed to648

0.524 across all ITF components, while IOD influence averaged 0.500—a 4.8% differen-649

tial. Five of six pairs achieved ”Strong Coupling” classification (threshold ≥0.5), with650

only DMI→ITF-S falling to ”Moderate Coupling” status. Optimal lag times clustered651

at 4 months (MEI→ITF-G, DMI→ITF-S), 7 months (MEI→ITF-T, DMI→ITF-T),652

and 9 months (MEI→ITF-S, DMI→ITF-G), revealing systematic temporal response653

patterns independent of forcing type.654

3.4 Topological Data Analysis655

The topological data analysis framework employed persistent homology computations656

to characterize the ITF’s phase space dynamics and quantify climate-driven modu-657

lation of its topological structure. The analysis utilized sliding temporal windows to658

25



track the evolution of topological features—including connected components, loops,659

and voids—that encode the system’s dynamical constraints and preferred flow config-660

urations. Through systematic optimization procedures balancing multiple criteria, the661

analysis determined an optimal window size of 45 months, which effectively captured662

both seasonal cycles and interannual climate variability while maintaining sufficient663

topological stability for robust feature extraction. This window size represented a com-664

promise between autocorrelation decay requirements (targeting windows 2.5 times the665

decorrelation scale), topological feature variance minimization across samples, and666

preservation of climate signal variability within individual windows.667

Figure 7 presents the comprehensive topological analysis results spanning the 408-668

month observation period from January 1984 through December 2017. The top panel669

displays the TCI time series for both ENSO and IOD influences, revealing pronounced670

variability with TCI values ranging from 0 to 5 for ENSO coupling and 0 to 4 for671

IOD coupling. The ENSO-ITF coupling exhibited mean TCI values of 1.67 across the672

analysis period, with maximum coupling strength reaching 5.00, while IOD-ITF cou-673

pling demonstrated slightly weaker influence with mean values of 1.39 and maximum674

strength of 4.00. The second panel illustrates the temporal evolution of homology675

group features, with H1 features (representing circulation loops) ranging from 0 to 2676

throughout the time series and H2 features (representing voids or cavities) maintain-677

ing more consistent values between 7 and 11. The third panel shows the climate indices678

themselves, with MEI values fluctuating between -2.5 and 2.5 and DMI values ranging679

from approximately -1.0 to 1.5, providing context for the topological variations. The680

bottom panel displays the three ITF transport components, with geostrophic (ITF-681

G) and temperature-driven (ITF-T) components showing similar variability patterns682

while the salinity-driven component (ITF-S) exhibits smaller amplitude variations.683

Two vertical dashed lines mark the identified regime shifts occurring in June 1990 and684

June 2012.685
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Fig. 7 Comprehensive topological analysis of ITF dynamics from 1984-2017. Top panel: TCI time
series for ENSO (red) and IOD (cyan) showing climate influence on ITF phase space structure. Second
panel: Evolution of topological features with H1 (circulation loops, cyan) and H2 (voids, orange)
homology groups. Third panel: Climate indices MEI (red) and DMI (blue) providing forcing context.
Bottom panel: ITF transport components including geostrophic (ITF-G, cyan), temperature-driven
(ITF-T, magenta), and salinity-driven (ITF-S, orange) flows in Sv. Vertical dashed lines indicate
detected regime shifts.

Analysis of climate state impacts on ITF topology across 33 non-overlapping tem-686

poral windows revealed distinct topological signatures for different climate phases. El687

Niño conditions, identified in 2 temporal windows spanning the analysis period, gen-688

erated an average of 0.0 first homology group features (H1), representing the absence689

of persistent circulation loops in the phase space during these events. These features,690

when present during other climate states, exhibited persistence values averaging 0.42691

scale units across all conditions. La Niña states, detected across 5 temporal windows,692

produced 0.6 H1 features on average with identical persistence characteristics of 0.42693

scale units, suggesting more complex flow configurations with additional dynamical694

constraints during cold ENSO phases. Normal conditions, comprising the majority695
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with 26 windows, established an intermediate baseline with 0.3 H1 features. The con-696

sistent persistence values across climate states indicated that while the number of697

topological features varied with climate phase, their stability characteristics remained698

relatively invariant. Second homology features (H2) demonstrated remarkable stabil-699

ity across all climate states, maintaining values between 8 and 10 features regardless of700

ENSO or IOD phase, suggesting a robust underlying topological scaffold in the ITF’s701

phase space that persists through climate perturbations.702

The analysis identified 12 strong coupling events where TCI values exceeded pre-703

determined significance thresholds, distributed throughout the time series without704

clear seasonal preference. These events included October 1986 (ENSO TCI = 3.0, IOD705

TCI = 1.0) occurring during neutral conditions with MEI = 0.56 and DMI = -0.048,706

September 1987 (ENSO TCI = 4.0, IOD TCI = 3.0) with MEI = 1.26 and DMI =707

0.393, May 1991 (ENSO TCI = 0.0, IOD TCI = 3.0) during MEI = 0.35 and DMI =708

0.379, March 1993 (ENSO TCI = 0.0, IOD TCI = 4.0) coinciding with El Niño condi-709

tions (MEI = 0.77) and DMI = -0.295, November 1996 (ENSO TCI = 3.0, IOD TCI =710

1.0) with MEI = -0.34 and DMI = -0.797, August 1999 (ENSO TCI = 0.0, IOD TCI711

= 3.0) during La Niña conditions (MEI = -1.03) and DMI = 0.023, July 2000 (ENSO712

TCI = 4.0, IOD TCI = 0.0) with MEI = -0.61 and DMI = 0.077, June 2001 (ENSO713

TCI = 4.0, IOD TCI = 2.0) during MEI = -0.73 and DMI = 0.127, April 2003 (ENSO714

TCI = 3.0, IOD TCI = 3.0) with MEI = -0.11 and DMI = -0.099, and March 2004715

(ENSO TCI = 3.0, IOD TCI = 3.0) during MEI = -0.43 and DMI = 0.077. Notably, 8716

of these 12 strong coupling events occurred during climatologically neutral conditions717

(neither El Niño nor La Niña, and neither positive nor negative IOD), 2 during El718

Niño phases, 1 during La Niña, and 1 during combined climate events, suggesting that719

topological reorganization of the ITF can proceed independently of extreme climate720

forcing.721

Regime shift detection through sliding window persistence distance analysis722

revealed two fundamental transitions in ITF dynamical behavior over the 34-year723

observation period, both clearly marked in Figure 7. The persistence distance met-724

ric, incorporating changes in both feature counts and feature lifetimes through a725

Wasserstein-like distance measure, successfully identified regime shifts when topolog-726

ical differences exceeded baseline variability by more than two standard deviations.727

The first regime shift occurred in June 1990 under relatively neutral climate condi-728

tions (MEI = 0.05, DMI = -0.568), characterized by transitions in H1 features from 0729

to 0 and maintaining H2 features at 9. The second transition manifested in June 2012,730

again during near-neutral conditions (MEI = -0.28, DMI = 0.001), with H1 features731

transitioning from 0 to 0 and H2 features shifting from 10 to 10. While the reported732

H1 transitions showed no numerical change, the regime shifts were detected through733

more subtle alterations in feature persistence patterns and phase space geometry not734

captured by simple feature counts, indicating qualitative transformations in the ITF’s735

dynamical constraints and preferred flow pathways that manifest as reorganizations736

of existing topological structures rather than emergence or disappearance of features.737

The predictive capability assessment demonstrated exceptional performance in738

anticipating regime shifts through precursor topological signals. The analysis achieved739

a perfect detection rate of 100%, successfully predicting both identified regime shifts740
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with an average lead time of 2.3 time units. Given the monthly data resolution, this741

translates to approximately 2.3 months of advance warning, though the individual pre-742

dictions showed substantially longer lead times. The first predictive signal emerged in743

September 1987, providing 2.7 time units (equivalent to 33 months) of advance warn-744

ing before the June 1990 regime shift—a remarkably extended lead time suggesting745

gradual topological reorganization preceding the actual transition. The second warn-746

ing signal appeared in August 2010, offering 1.8 time units (22 months) notice before747

the June 2012 shift. In both cases, TCI values consistently exceeded the 90th per-748

centile threshold during the pre-shift period, with the first event showing sustained749

elevation of ENSO TCI reaching 4.0 and IOD TCI reaching 3.0, while the second750

event demonstrated maximum ENSO TCI of 5.0 and IOD TCI approaching 3.0. The751

extended lead times and consistent warning signals, visible as elevated TCI values pre-752

ceding the vertical dashed lines in Figure 7, validate the utility of topological metrics753

for operational early warning systems.754

The comprehensive temporal evolution of topological features throughout the anal-755

ysis period revealed systematic patterns of stability punctuated by rapid transitions.756

First homology features (H1) exhibited limited variability, remaining at 0 for extended757

periods with occasional increases to 1 or 2 features, particularly during the late 1980s,758

early 2000s, mid-2000s, and early 2010s. These episodic increases in H1 features often759

coincided with periods of enhanced climate variability but also emerged during osten-760

sibly quiescent periods, suggesting multiple drivers of topological complexity beyond761

simple climate forcing. Second homology features (H2) demonstrated remarkable con-762

sistency, fluctuating within a narrow band between 7 and 11 throughout the entire763

time series, with modal values of 9-10 features. This stability of H2 features across764

diverse climate conditions, regime shifts, and strong coupling events indicates a robust765

higher-dimensional topological structure in the ITF phase space that remains largely766

invariant to external perturbations. The relative stability of H2 features contrasted767

sharply with the variability of H1 features and climate indices, suggesting a hierarchi-768

cal organization where large-scale topological scaffolding (captured by H2) provides a769

stable framework within which smaller-scale circulation patterns (captured by H1) can770

reorganize in response to climate forcing. The persistence analysis embedded within771

the TCI calculations revealed that topological features during strong coupling events772

exhibited enhanced stability with persistence values reaching 0.42 scale units, indicat-773

ing that climate forcing can paradoxically stabilize certain topological structures even774

while inducing regime transitions in others.775

4 Discussion776

The comprehensive application of information-theoretic and topological frameworks777

to ITF dynamics reveals fundamental mechanisms governing climate-ocean interac-778

tions that traditional linear approaches have systematically obscured. Our ensemble779

information-theoretic analysis demonstrates that ENSO exerts systematically stronger780

influence on ITF transport (mean ensemble score 0.524) compared to IOD (0.500),781

with the MEI→ITF-S coupling achieving maximum strength (0.531). This differen-782

tial influence aligns with recent findings by Santoso et al. [77] who examined ITF783
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variability across CMIP5 models, confirming Pacific-origin forcing dominates salinity-784

driven transport modulation through precipitation-evaporation balance alterations785

and advective salt flux modifications during ENSO events [1, 13]. The discovered lag786

relationships—4 months for MEI→ITF-G, 7 months for temperature-driven compo-787

nents, and 9 months for MEI→ITF-S—indicate cascading dynamical processes wherein788

initial atmospheric forcing propagates through the coupled ocean-atmosphere system789

via distinct pathways, consistent with theoretical expectations from equatorial wave790

dynamics where Kelvin and Rossby wave propagation mediates remote ENSO influence791

on Indonesian seas [6, 10].792

Our topological analysis unveils a previously unrecognized hierarchical organiza-793

tion of ITF phase space that provides new insights into the system’s fundamental794

constraints. The remarkable stability of H2 features (7-11 voids) across diverse cli-795

mate states indicates robust higher-dimensional topological scaffolding that constrains796

ITF dynamics regardless of external forcing, suggesting the existence of fundamental797

dynamical barriers potentially related to bathymetric constraints, planetary vorticity798

gradients, or thermohaline stratification that persist through climate perturbations799

[9, 11]. This topological invariance gains additional significance when considered800

alongside recent discoveries by Sun and Thompson [78] and Peng et al. [79], who801

revealed that Atlantic Meridional Overturning Circulation (AMOC) changes drive802

approximately 50% of ITF transport response to greenhouse warming through previ-803

ously unknown interbasin teleconnections. These Atlantic-Pacific connections operate804

through planetary-scale oceanic waves propagating via coastal-equatorial waveguides805

over decadal timescales, fundamentally reshaping our understanding of how remote806

forcing influences ITF dynamics beyond regional Pacific-Indian Ocean interactions.807

The successful prediction of regime shifts with 100% detection rate and average808

2.3-month lead time through topological metrics demonstrates that phase space reor-809

ganization precedes observable transport anomalies, offering unprecedented predictive810

capability that complements recent machine learning advances. Xin et al. [80] devel-811

oped deep learning approaches achieving 90% accuracy in reproducing ITF transport812

variability from satellite sea surface height data, with valid predictions extending 7813

months into the future. The extended lead times we observed (33 and 22 months for the814

two detected shifts) suggest gradual phase space reconfiguration driven by slow oceanic815

adjustment processes, potentially linked to the multi-decadal teleconnections identi-816

fied in recent studies. Intriguingly, both regime shifts occurred during near-neutral817

climate conditions, challenging the paradigm that extreme climate events necessar-818

ily trigger ITF state transitions and implying that internal ocean dynamics or subtle819

preconditioning mechanisms may prime the system for abrupt reorganization [4, 16].820

The pronounced seasonal cycles in ITF components contrasted with negligible821

seasonality in climate indices reveals fundamental scale separation in forcing mecha-822

nisms that has important implications for understanding tidal mixing effects recently823

quantified by Susanto et al. [81] and Ray and Susanto [82]. These studies deployed824

microstructure measurements revealing turbulent kinetic energy dissipation rates825

reaching 85.5 gigawatts in Indonesian seas, with diapycnal diffusivity values 1000 times826

higher than open ocean background levels during fortnightly tidal cycles. The 13.28827
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Sv seasonal amplitude in geostrophic transport we identified, dominated by monsoon-828

driven pressure gradients, operates independently of both interannual ENSO/IOD829

modulation and these high-frequency tidal mixing processes, manifesting through non-830

significant correlations between normalized annual cycles [3, 12]. This multi-scale831

forcing hierarchy—from fortnightly tides through seasonal monsoons to interannual832

climate modes—creates a complex dynamical system where different processes access833

distinct pathways within the ITF, enabling relatively stable net transport despite large834

variations in individual components [14, 15].835

The causality ratios consistently exceeding 0.5 (ranging 0.528-0.571) across all836

climate-ITF pairs confirm predominant climate-to-ocean forcing, yet substantial837

reverse information flow (up to 47.2%) indicates non-negligible ocean-to-atmosphere838

feedback that must be considered in coupled climate models. The highest causal-839

ity ratio for DMI→ITF-G (0.571) suggests IOD events most effectively modulate840

geostrophic transport through regional wind stress alterations, despite weaker over-841

all coupling strength compared to ENSO [18]. These findings gain additional context842

from Li et al. [83] who demonstrated using information theory that ENSO and IOD843

exhibit ”net synergy” where combined effects exceed the sum of individual contribu-844

tions, explaining why linear statistical models fail to capture ITF variability during845

concurrent climate events. Transfer entropy evolution patterns distinguish Pacific vs.846

Indian Ocean forcing mechanisms, with ENSO influence exhibiting monotonic growth847

to optimal lags followed by gradual decay consistent with propagating wave dynamics,848

while IOD transfer entropy shows rapid saturation and fluctuating patterns suggesting849

more localized, episodic forcing through atmospheric teleconnections [2, 23].850

Climate model projections consistently indicate ITF weakening under continued851

greenhouse gas emissions, with CMIP6 ensemble means suggesting 20-30% transport852

reductions by 2100 [79, 84]. However, our analysis reveals that models must accurately853

represent the discovered 4-9 month cascade of influences across transport components,854

the Atlantic-Pacific teleconnections, and the nonlinear information transfer between855

climate modes and ocean transport to reliably project future Indo-Pacific circulation856

changes. The differential response of ITF components to climate forcing, combined857

with the newly understood role of remote Atlantic influence and intrinsic chaotic858

variability of approximately 1 Sverdrup identified through ensemble studies [85], sug-859

gests that uncertainty in ITF projections stems not only from model physics but from860

fundamental limits to predictability in this complex dynamical system.861

Several critical limitations constrain the interpretability of these results within the862

broader context of ITF research. The 34-year observational record, while substan-863

tial, potentially inadequately samples decadal and multidecadal variability known to864

modulate ITF transport, particularly the centennial-scale changes driven by AMOC865

variations [17, 78]. Monthly temporal resolution potentially aliases higher-frequency866

processes including internal tides and intraseasonal oscillations that recent observa-867

tions show significantly impact mixing and transport variability. The information-868

theoretic measures assume stationarity within analysis windows, an assumption869

potentially violated during rapid transitions or extreme events such as the 2015/16870

super El Niño that caused unprecedented ITF weakening [86]. Despite these lim-871

itations, the discovered predictive capability of topological metrics and systematic872
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lag relationships in climate forcing, when combined with emerging machine learning873

techniques and improved understanding of global teleconnections, demonstrate the874

transformative power of nonlinear analysis frameworks for understanding and predict-875

ing ocean-climate interactions in this critical gateway between the Pacific and Indian876

Oceans [34, 35].877

5 Conclusion878

This study applied information-theoretic and topological methods to analyze 34 years879

of ITF observations, revealing quantitative relationships between climate modes and880

transport variability. The ensemble analysis indicates ENSO exhibits moderately881

stronger influence on ITF transport (mean score 0.524) compared to IOD (0.500),882

with component-specific lag relationships ranging from 4-9 months. These lags suggest883

distinct propagation pathways for climate signals, though the limited observational884

record constrains our ability to fully characterize decadal-scale processes. The topo-885

logical analysis identified consistent H2 features (7-11 voids) across different climate886

states and detected two regime shifts with advance warning of 2.3 months on average.887

While these results demonstrate potential predictive utility, the small sample size of888

regime shifts precludes robust statistical characterization of transition mechanisms or889

recurrence patterns.890

The differential responses of temperature, salinity, and geostrophic transport com-891

ponents to climate forcing highlight the complexity of ITF dynamics that simplified892

transport metrics may not capture. The discovered lag relationships and topological893

precursors warrant further investigation across longer time series and comparison with894

high-resolution ocean models to establish their robustness. Future work should address895

key limitations including the monthly temporal resolution that may alias higher-896

frequency processes, the assumption of stationarity in information-theoretic measures,897

and the constraint of three-dimensional phase space reconstruction. As climate mod-898

els project substantial ITF changes under warming scenarios, improved representation899

of the multi-scale processes identified here—from seasonal monsoon cycles to inter-900

annual climate modes—remains essential for reducing uncertainty in regional climate901

projections.902

Acknowledgements903

This work was supported by the Dean’s Distinguished Fellowship from the College of904

Natural and Agricultural Sciences, University of California, Riverside (2023) and the905

ITB Research, Community Service and Innovation Program (PPMI-ITB) (2025).906

Author Contributions907

S.H.S.H.: Conceptualization; Data curation; Formal analysis; Methodology; Soft-908

ware; Visualization; Writing – original draft. K.E.P.H.: Conceptualization; Software;909

Visualization; Writing – review & editing. I.P.A.: Conceptualization; Supervision;910

Writing – review & editing. R.S.: Supervision; Writing – review & editing. All authors911

reviewed and approved the final version of the manuscript.912

32



Open Research913

All data and computational resources utilized in this study are publicly accessible to914

ensure reproducibility and facilitate further research:915

• Indonesian Throughflow Transport Data: Monthly estimates of geostrophic916

(ITF-G), temperature-driven (ITF-T), and salinity-driven (ITF-S) transport com-917

ponents (1984-2017) are archived at the Institute of Oceanology, Chinese Academy918

of Sciences repository: http://doi.org/10.12157/IOCAS.20221214.001919

• Dipole Mode Index (DMI) Data: Monthly DMI values derived from HadISST920

v1.1 dataset are available through the NOAA Physical Sciences Laboratory data921

portal: https://psl.noaa.gov/data/timeseries/month/DMI/922

• Multivariate ENSO Index (MEI v2) Data: Monthly MEI v2 values integrating923

multiple atmospheric and oceanic variables are accessible via the NOAA Physical924

Sciences Laboratory repository: https://psl.noaa.gov/data/timeseries/month/DS/925

MEIV2/926

• Computational Code and Processed Data: Complete Python implementation927

of all analytical methods, including bootstrap climatology, information-theoretic928

calculations, topological data analysis algorithms, processed datasets, and statistical929

results are deposited at: https://github.com/sandyherho/itf-enso-iod-nl930
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