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ABSTRACT19

This study provides a statistical characterization of surface oceanography in the Indonesian Maritime
Continent (IMC) during the Last Glacial Maximum (LGM; 23–19 ka) and Late Holocene (LH; 4–0 ka).
Using the lgmDA v2.1 paleoclimate data assimilation product, we analyze sea surface temperature
(SST), sea surface salinity (SSS), and seawater δ 18O. Results indicate the LGM was significantly cooler,
saltier, and isotopically enriched, with reduced spatial heterogeneity compared to the LH. Comprehensive
nonparametric testing confirms these differences reflect fundamental changes in distributional properties,
not merely mean-state shifts. The findings suggest a major oceanographic regime shift, likely driven by
lower sea levels, a weakened ITF, enhanced stratification, and a drier regional climate during the LGM.
This work offers a statistical framework for understanding IMC sensitivity to glacial-interglacial forcing.
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1 INTRODUCTION31

The Indonesian Maritime Continent (IMC) represents one of the most critical choke points in the global32

ocean circulation system. Situated at the heart of the tropical warm pool, the IMC serves as the primary33

conduit for heat and freshwater exchange between the Pacific and Indian Oceans through the Indonesian34

Throughflow (ITF) (Gordon, 2005). This interbasin transfer not only influences regional climate patterns35

but also modulates global thermohaline circulation, making the IMC a pivotal component of Earth’s36

climate machinery.37

The complex archipelagic geometry of the modern IMC, however, represents a geologically transient38

state. During the Last Glacial Maximum (LGM) approximately 23,000 to 19,000 years ago, global39

sea level stood approximately 120 meters lower than present due to the expansion of continental ice40

sheets (Clark et al., 2009). This eustatic lowstand exposed the vast continental platform of the Sunda41

Shelf, creating an extensive landmass known as Sundaland that connected Sumatra, Java, and Borneo42

to mainland Asia (Voris, 2000; Solihuddin, 2014). The paleogeographic reconstruction by Voris (2000)43



demonstrates how this emergence radically altered coastline configuration and drainage patterns across44

the region.45

The progressive flooding of Sundaland during the deglacial period represented a fundamental reorga-46

nization of the region’s physical geography. Hanebuth et al. (2000) documented the rapid inundation of47

the Sunda Shelf, identifying meltwater pulse 1A at approximately 14,000 years BP as a particularly rapid48

phase of transgression. This drowning process continued through the Holocene, with Solihuddin (2014)49

proposing a five-stage model that culminated in a mid-Holocene highstand approximately 4,000 years50

ago. The restoration of maritime connections between ocean basins during this transgression necessarily51

reconfigured surface oceanographic pathways and processes.52

While Indonesia’s tectonic framework is characterized by active margins and complex plate boundaries53

(Hall, 2009), the core of the Sunda Shelf has remained relatively stable over the Quaternary period (Tjia54

and Liew, 1996). This tectonic stability makes the region an ideal natural laboratory for isolating the55

oceanographic signatures of eustatic sea-level change from tectonic influences. The region’s classification56

as a ”far-field” location relative to former ice sheets further minimizes complications from glacio-isostatic57

adjustments (Lambeck et al., 2002), allowing for clearer interpretation of sea-level proxies.58

Existing proxy-based studies provide valuable insights into LGM conditions in the IMC. DiNezio59

et al. (2018) used climate model simulations to suggest enhanced zonal SST gradients and strengthened60

trade winds during the LGM, while Larasati et al. (2024) documented cooler temperatures and higher61

salinities in the Makassar Strait based on marine sediment cores. However, these discrete proxy records,62

while invaluable, cannot fully characterize the region-wide statistical structure of oceanographic fields or63

quantitatively describe the nature of distributional changes between climatic states.64

The emergence of paleoclimate data assimilation products represents a significant advancement65

in paleoceanographic reconstruction. By synthesizing spatially heterogeneous proxy networks with66

the dynamical constraints of general circulation models, these products generate physically consistent,67

spatially complete reconstructions of past climate states (Tierney et al., 2020). The LGM Data Assimilation68

product (lgmDA v2.1; (Tierney and Osman, 2022)) provides an especially powerful tool for investigating69

the IMC’s glacial-interglacial oceanographic evolution.70

This study leverages the lgmDA v2.1 product to conduct a comprehensive statistical characterization71

of IMC surface oceanography during the LGM (23-19 ka) and Late Holocene (LH; 4-0 ka). We move72

beyond conventional mean-state comparisons to analyze the complete probability distributions of sea73

surface temperature (SST), sea surface salinity (SSS), and seawater δ 18O. Through the application of74

nonparametric hypothesis testing, effect size quantification, and information-theoretic metrics, we test75

for a fundamental regime shift in the IMC’s oceanographic character between glacial and interglacial76

states, linking statistical evidence to the interplay of ice-volume forcing, paleogeographic change, and77

throughflow reorganization.78

2 DATA AND METHODS79

2.1 Paleoclimate Data Assimilation Product80

We utilized annual mean of SST, SSS, and seawater oxygen isotope composition (δ 18Osw) fields from the81

lgmDA v2.1 (Tierney and Osman, 2022; Tierney et al., 2020). We extracted two temporal slices—the LGM82

and LH—over the IMC region (15◦S–10◦N, 91◦E–150◦E) to characterize regional oceanic conditions83

across the last deglaciation.84

The lgmDA product synthesizes marine geochemical proxy data with isotope-enabled climate model85

simulations through offline ensemble data assimilation (Tierney et al., 2020). The methodology imple-86

ments an ensemble square-root Kalman filter (Whitaker and Hamill, 2002) to merge N = 956 (LGM) and87

N = 879 (LH) globally distributed marine proxy records—alkenone unsaturation index (UK′
37), TEX86,88

planktic foraminiferal Mg/Ca, and δ 18Oc—with spatially complete fields from the isotope-enabled Com-89

munity Earth System Model version 1.2 (iCESM1.2; Brady et al. 2019). This offline approach yields90

dynamically consistent, full-field climate estimates under observational constraints while mitigating91

spatial sampling biases inherent to heterogeneously distributed proxy networks (Hakim et al., 2016; Tardif92

et al., 2019). Bayesian proxy-system models (Tierney and Tingley, 2018, 2014; Tierney et al., 2019;93

Malevich et al., 2019) account for seasonal biases and non-climatic influences in proxy formation through94

explicit forward modeling.95

The model prior ensemble consisted of 50-year climatological means from iCESM1.2 time-slice96

experiments (preindustrial, 3 ka, 18 ka, 21 ka) configured with PMIP4 boundary conditions (Kageyama97
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et al., 2017). iCESM1.2 explicitly simulates stable water isotope tracers (H18
2 O, HDO) throughout the98

hydrological cycle (Brady et al., 2019), enabling direct assimilation of δ 18Oc proxies without empirical99

δ 18Osw-salinity relationships. Version 2.1 reverted to preindustrial boundary conditions without prognostic100

phenology for the LH slice after v2.0 generated unrealistic Southern Ocean sea ice distributions (Tierney101

and Osman, 2022). The assimilation applied covariance localization with 12,000 km cutoff radius (Gaspari102

and Cohn, 1999) to eliminate spurious long-range correlations, and set proxy observation uncertainties103

to one-fifth of global proxy-system model residual variance based on systematic validation (Tierney104

et al., 2020). The posterior ensemble (N = 1,000 realizations) demonstrated substantial skill against105

independent ice core and speleothem δ 18Op records (R2 = 0.64), validating the assimilated climate106

state. We analyzed ensemble-mean annual SST, SSS, and δ 18Osw fields on the native iCESM ocean grid107

representing time-mean LGM (23–19 ka) and LH (4–0 ka) conditions.108

2.2 Probability Density Estimation109

We employed nonparametric kernel density estimation (KDE) to characterize the probability density110

functions of SST, SSS, and seawater δ 18Osw for both paleoclimate epochs (Silverman, 1998; Scott, 2015).111

KDE provides a smooth, continuous estimate of the underlying probability density function without112

imposing parametric assumptions about the distributional form. This approach is particularly well-suited113

for exploring the structure of paleoclimate data, which may exhibit multi-modality, skewness, or other114

departures from standard parametric families.115

For a sample {xi}n
i=1 of n observations drawn from an unknown probability density f (x), where x ∈R116

represents the variable of interest (SST, SSS, or δ 18Osw), the kernel density estimator is defined as:117

f̂h(x) =
1

nh

n

∑
i=1

K
(

x− xi

h

)
, (1)

where K : R → R+ denotes the kernel function, a symmetric probability density function satisfying118

the normalization condition
∫

∞

−∞
K(u)du = 1, and h > 0 represents the bandwidth parameter, which119

controls the degree of smoothing applied to the density estimate. The bandwidth h plays a critical role120

in determining the bias-variance tradeoff: smaller values produce undersmoothed estimates with high121

variance and low bias, while larger values yield oversmoothed estimates with low variance but high bias.122

The quantity xi denotes the i-th observation in the sample, and x represents the evaluation point at which123

the density is estimated.124

We utilized the Gaussian (normal) kernel, which is the most commonly employed kernel function due125

to its mathematical tractability and optimal efficiency properties:126

K(u) =
1√
2π

exp
(
−u2

2

)
, (2)

where u = (x−xi)/h represents the standardized distance between the evaluation point x and the data point127

xi, scaled by the bandwidth h. The exponential decay ensures that observations closer to the evaluation128

point receive greater weight in the density estimate, with the influence of distant observations diminishing129

rapidly.130

The bandwidth was optimally selected via Scott’s rule (Scott, 2015), a widely-used automatic band-131

width selection method that balances bias and variance under the assumption of approximate normality:132

hScott = n−1/(d+4)
σ̂ , (3)

where d = 1 represents the dimensionality of the data (univariate case for each variable analyzed sepa-133

rately), n is the sample size, and σ̂ =
√

n−1 ∑
n
i=1(xi − x̄)2 denotes the sample standard deviation, with134

x̄ = n−1
∑

n
i=1 xi representing the sample mean. The exponent −1/(d + 4) reflects the optimal rate of135

bandwidth decay as sample size increases, ensuring consistency of the density estimator. While Scott’s136

rule assumes approximate normality, it provides robust performance even for moderately non-normal137

distributions and serves as a sensible default choice for exploratory density estimation.138
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To facilitate direct visual comparison of density shapes across the two paleoclimate epochs (LGM139

and LH) despite potential differences in peak heights, each density estimate was normalized to unity140

maximum:141

f̃ (x) =
f̂h(x)

supx∈R f̂h(x)
, (4)

where f̃ (x) ∈ [0,1] represents the normalized density, f̂h(x) is the original kernel density estimate from142

Equation 1, and supx∈R f̂h(x) denotes the supremum (maximum value) of the density estimate over143

the real line, which for the Gaussian kernel occurs at one of the data points or in regions of high144

data concentration. This normalization ensures that the maximum density value equals unity for all145

distributions, enabling direct comparison of distributional shapes, modes, and spread without confounding146

effects from differences in absolute density scales.147

All KDE computations were implemented using the scipy.stats.gaussian kde function from148

the SciPy library (Virtanen et al., 2020), which provides an efficient and numerically stable implementation149

of Gaussian KDE with automatic bandwidth selection. Density evaluations were performed on uniform150

grids spanning the data range [min{xi},max{xi}] with 200 equally-spaced evaluation points, where151

min{xi} and max{xi} denote the minimum and maximum values in the sample, respectively. This grid152

resolution was chosen to provide smooth density curves while maintaining computational efficiency.153

2.3 Distributional Normality Assessment154

Prior to conducting parametric hypothesis tests or making distributional assumptions, we rigorously155

assessed the normality of our paleoclimate data distributions using a comprehensive battery of five156

complementary statistical tests. The assessment of normality is critical for determining the appropriateness157

of parametric versus nonparametric statistical methods, as many classical tests assume normally distributed158

data. By employing multiple tests with different sensitivities to various types of departures from normality159

(e.g., skewness, kurtosis, tail behavior), we ensured a robust and comprehensive evaluation.160

Let {xi}n
i=1 denote a random sample of n observations with hypothesized distribution F0 ∼ N (µ,σ2),161

where N (µ,σ2) represents a normal (Gaussian) distribution with mean µ ∈ R and variance σ2 > 0. The162

null hypothesis for all normality tests is H0 : F = F0, stating that the true underlying distribution F of the163

data is normal, against the alternative hypothesis H1 : F ̸= F0, indicating departure from normality.164

2.3.1 Shapiro-Wilk Test165

The Shapiro-Wilk test (Shapiro and Wilk, 1965) is widely regarded as one of the most powerful omnibus166

tests for detecting departures from normality, particularly in small to moderate samples (n ≤ 5000). The167

test evaluates the correlation between the ordered sample values and the expected values of order statistics168

from a standard normal distribution. The test statistic is constructed as:169

W =

(
∑

n
i=1 aix(i)

)2

∑
n
i=1(xi − x̄)2 , (5)

where x(i) denotes the i-th order statistic (the i-th smallest value when the sample is arranged in ascending170

order, such that x(1) ≤ x(2) ≤ ·· · ≤ x(n)), x̄ = n−1
∑

n
i=1 xi is the sample mean, and the coefficients ai for171

i = 1, . . . ,n are weights derived from the expected values, variances, and covariances of order statistics172

from a standard normal distribution. These weights are computed through a complex algorithm involving173

the inverse of the covariance matrix of normal order statistics. The numerator of W represents the174

squared correlation between the ordered data and expected normal order statistics, while the denominator175

represents the total sample variance.176

Under the null hypothesis H0 : F = F0, the test statistic satisfies W ∈ (0,1], with values close to177

unity (W ≈ 1) indicating strong agreement with normality. Departures from normality in either tail178

behavior, skewness, or kurtosis cause W to decrease. The null hypothesis of normality is rejected when179

W <Wα , where Wα represents the critical value corresponding to the chosen significance level α (typically180

α = 0.05). Critical values are determined from the empirical sampling distribution of W under normality,181

which depends on the sample size n.182
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2.3.2 Anderson-Darling Test183

The Anderson-Darling test (Anderson and Darling, 1952) provides a weighted modification of the184

Kolmogorov-Smirnov test that places greater emphasis on discrepancies in the distribution tails, making it185

particularly sensitive to departures from normality in the extremes of the distribution. This characteristic186

is valuable for paleoclimate data where tail behavior often carries important scientific meaning. The test187

employs a weighted empirical distribution function (EDF) statistic defined through the integral form:188

A2 = n
∫

∞

−∞

[Fn(x)−F0(x)]2

F0(x)[1−F0(x)]
dF0(x), (6)

where n is the sample size, Fn(x) = n−1
∑

n
i=1 I(xi ≤ x) is the empirical cumulative distribution function189

(CDF), with I(·) denoting the indicator function (equal to 1 when the condition is true and 0 otherwise),190

F0(x) represents the hypothesized normal CDF, and the weighting function [F0(x)[1−F0(x)]]−1 in the191

denominator amplifies deviations in the tails where F0(x) approaches 0 or 1. The integration with respect192

to dF0(x) ensures that the test gives appropriate weight across the entire support of the distribution.193

For the case of complete specification with estimated parameters, where F0(x) = Φ
( x−x̄

σ̂

)
is the CDF194

of a normal distribution standardized using the sample mean x̄ and sample standard deviation σ̂ , and Φ(·)195

denotes the standard normal CDF, the computational form becomes:196

A2 =−n− 1
n

n

∑
i=1

(2i−1)
[
lnΦ(z(i))+ ln(1−Φ(z(n+1−i)))

]
, (7)

where z(i) = (x(i)− x̄)/σ̂ are the standardized order statistics (the ordered sample values transformed197

to have mean zero and unit variance), i indexes the position in the ordered sample, ln(·) denotes the198

natural logarithm, and the term (n+1− i) creates a symmetric pairing that efficiently captures both tail199

behaviors. The factor (2i− 1) weights observations according to their position in the ordered sample.200

When population parameters are estimated from the data rather than specified a priori, modified critical201

values must be employed to account for the additional uncertainty introduced by parameter estimation202

(Stephens, 1974), as standard critical values would lead to conservative tests with reduced power.203

2.3.3 Kolmogorov-Smirnov Test204

The one-sample Kolmogorov-Smirnov test (Kolmogorov, 1933; Smirnov, 1948) provides a nonparametric205

goodness-of-fit test based on the maximum absolute vertical distance between the empirical and hypothe-206

sized cumulative distribution functions. Unlike the Anderson-Darling test, the KS test weights all regions207

of the distribution equally. The test statistic quantifies the supremum (maximum) deviation:208

Dn = sup
x∈R

|Fn(x)−F0(x)|, (8)

where Dn ∈ [0,1] represents the maximum absolute difference between the empirical CDF Fn(x) and the209

hypothesized CDF F0(x), with the supremum taken over all possible values x in the real line R. Larger210

values of Dn indicate greater discrepancy between the observed and hypothesized distributions.211

For composite hypotheses where the parameters µ and σ of the normal distribution are not specified a212

priori but rather estimated from the data using the sample mean µ̂ = x̄ and sample standard deviation σ̂ ,213

we employ the modified statistic:214

D∗
n = sup

x∈R

∣∣∣∣Fn(x)−Φ

(
x− µ̂

σ̂

)∣∣∣∣ , (9)

where Φ(·) is the standard normal CDF as defined previously, and the parameters µ̂ and σ̂ are estimated215

from the sample data. When testing composite hypotheses with estimated parameters, the standard216

Kolmogorov-Smirnov critical values are no longer appropriate because parameter estimation from the217

data makes the empirical CDF artificially closer to the fitted distribution. Therefore, adjusted critical218

values or p-values must be obtained via the Lilliefors correction (Lilliefors, 1967), which accounts for the219

increased uncertainty and provides appropriate significance levels for the test with estimated parameters.220
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2.3.4 D’Agostino-Pearson Omnibus Test221

The D’Agostino-Pearson test (D’Agostino, 1971; D’Agostino and Pearson, 1973) provides an omnibus222

test for normality by combining separate tests for skewness (asymmetry) and kurtosis (tail heaviness) into223

a single test statistic. This approach recognizes that departures from normality can manifest through either224

asymmetry in the distribution shape or through heavier or lighter tails than expected under normality. The225

omnibus test statistic combines these two aspects:226

K2 = Z2√
b1
+Z2

b2
, (10)

where Z√
b1

and Zb2 are transformed versions of the sample skewness and sample kurtosis, respectively,227

that have been specifically designed through normalizing transformations to follow approximately standard228

normal distributions N (0,1) under the null hypothesis of normality. By squaring these standardized229

statistics and summing them, we obtain a chi-squared distributed test statistic. The sample skewness
√

b1230

and sample kurtosis b2 are defined as:231

√
b1 =

m3

m3/2
2

, b2 =
m4

m2
2
, (11)

mk =
1
n

n

∑
i=1

(xi − x̄)k, (12)

for k = 2,3,4, where mk denotes the k-th central moment (the k-th moment about the mean), m2 = σ̂2 is232

the sample variance, m3 measures asymmetry, and m4 measures tail weight. The skewness
√

b1 equals233

zero for symmetric distributions and takes positive or negative values for right-skewed or left-skewed234

distributions, respectively. The kurtosis b2 equals 3 for normal distributions, with b2 > 3 indicating235

heavier tails (leptokurtic) and b2 < 3 indicating lighter tails (platykurtic) than the normal distribution.236

Under the null hypothesis of normality H0, the combined statistic follows a chi-squared distribution237

with two degrees of freedom asymptotically: K2 ∼ χ2
2 as n → ∞. The two degrees of freedom correspond238

to the two independent components being tested (skewness and kurtosis). This test requires a minimum239

sample size of n ≥ 8 observations to ensure that the moment estimates are sufficiently stable for reliable240

inference.241

2.3.5 Jarque-Bera Test242

The Jarque-Bera test (Jarque and Bera, 1980, 1987) provides an alternative omnibus approach to testing243

normality by combining skewness and kurtosis into a single test statistic. While conceptually similar244

to the D’Agostino-Pearson test, it employs a simpler functional form that does not require the complex245

normalizing transformations. The test statistic is:246

JB =
n
6

(
S2 +

(K −3)2

4

)
, (13)

where n is the sample size, S =
√

b1 is the sample skewness as defined in Equation 11, and K = b2 is the247

sample kurtosis. The term (K −3) represents the excess kurtosis, which measures the deviation from the248

normal distribution’s kurtosis of 3. The coefficients 6 and 4 in the denominator are chosen such that under249

the null hypothesis of normality, JB follows asymptotically a chi-squared distribution with two degrees250

of freedom: JB ∼ χ2
2 as n → ∞. Large values of JB indicate significant departures from normality in251

either skewness, kurtosis, or both. The test is particularly useful for large samples where the asymptotic252

distribution provides good approximation to the finite-sample distribution.253

All normality tests were implemented via built-in SciPy functions (Virtanen et al., 2020): shapiro254

for the Shapiro-Wilk test, anderson for the Anderson-Darling test, kstest for the Kolmogorov-255

Smirnov test with Lilliefors correction, normaltest for the D’Agostino-Pearson test, and jarque bera256

for the Jarque-Bera test. For each variable and epoch combination, we evaluated normality at the con-257

ventional significance level α = 0.05 and considered the data to exhibit non-normal characteristics if the258

majority (> 50%, i.e., at least three out of five) of the tests indicated statistically significant departure from259

normality (i.e., p < 0.05). This conservative criterion based on test concordance reduces the likelihood of260

falsely rejecting normality due to Type I errors from individual tests while ensuring robust detection of261

genuine non-normality.262
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2.4 Nonparametric Hypothesis Testing263

Given the potential for non-normal distributions in paleoclimate proxy data, we assessed differences264

between LGM and LH distributions using a comprehensive suite of seven nonparametric hypothesis tests.265

Nonparametric tests make minimal assumptions about the underlying probability distributions and are266

robust to outliers, skewness, and heavy tails, making them well-suited for paleoclimate reconstructions267

where distributional assumptions may be violated. The use of multiple complementary tests with different268

sensitivities to location, scale, and shape differences ensures comprehensive detection of distributional269

changes between epochs.270

Let X = {Xi}n1
i=1

i.i.d.∼ F and Y = {Yj}n2
j=1

i.i.d.∼ G denote two independent samples of sizes n1 and n2,271

respectively, drawn from the LGM and LH epochs, where the notation i.i.d.∼ indicates that observations are272

independent and identically distributed according to their respective (unknown) cumulative distribution273

functions F and G. The subscript i indexes observations from the LGM sample (i = 1, . . . ,n1) and274

j indexes observations from the LH sample ( j = 1, . . . ,n2). The fundamental null hypothesis for all275

two-sample tests is H0 : F = G, stating that the two distributions are identical, against various alternative276

hypotheses depending on the specific test.277

2.4.1 Mann-Whitney U Test278

The Mann-Whitney U test (Mann and Whitney, 1947), also known as the Wilcoxon rank-sum test in some279

contexts, is one of the most widely used nonparametric tests for comparing two independent samples. It280

tests the null hypothesis H0 : F = G against the one-sided or two-sided alternative that one distribution is281

stochastically larger than the other, meaning that a randomly selected observation from one population282

tends to be larger than a randomly selected observation from the other population. The test statistic counts283

the number of times observations from one sample exceed observations from the other sample:284

U =
n1

∑
i=1

n2

∑
j=1

I(Xi > Yj) = n1n2 +
n1(n1 +1)

2
−R1, (14)

where I(·) is the indicator function that equals 1 when the condition Xi >Yj is true and 0 otherwise, n1 and285

n2 are the sample sizes for the LGM and LH samples respectively, and R1 = ∑
n1
i=1 ri represents the sum of286

ranks assigned to all observations in sample X when both samples are pooled and ranked together from287

smallest to largest. The rank ri denotes the position of observation Xi in the combined ordered sample288

of size n1 +n2. The alternative computational formula relates U to the rank sum, providing numerical289

stability and computational efficiency.290

Under the null hypothesis H0 : F = G, the test statistic U has a known discrete distribution that can be291

approximated by a continuous normal distribution for sufficiently large samples. The standardized test292

statistic is:293

Z =
U −µU

σU
, µU =

n1n2

2
, σ

2
U =

n1n2(n1 +n2 +1)
12

, (15)

where µU represents the expected value (mean) of U under the null hypothesis, σ2
U represents the variance294

of U under the null hypothesis (assuming no tied ranks), and Z is the standardized statistic. As the295

smaller sample size min(n1,n2)→ ∞, the distribution of Z converges in distribution to a standard normal296

distribution N (0,1) by the central limit theorem, enabling the use of standard normal critical values for297

hypothesis testing. We employed a two-sided test to detect differences in either direction, testing whether298

|Z| exceeds the critical value zα/2 for significance level α .299

2.4.2 Wilcoxon Rank-Sum Test300

The Wilcoxon rank-sum test (Wilcoxon, 1945) is mathematically equivalent to the Mann-Whitney U test301

but formulated in terms of the sum of ranks rather than pairwise comparisons. The test statistic is defined302

as:303

W = R1 =
n1

∑
i=1

ri, (16)
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where W is the Wilcoxon rank-sum statistic, R1 is the sum of all ranks assigned to the first sample304

(LGM), and ri denotes the rank of the i-th observation Xi in the combined sample of size N = n1 +n2305

observations pooled from both groups and ranked from 1 (smallest) to N (largest). The mathematical306

relationship between the Mann-Whitney U statistic and the Wilcoxon rank-sum statistic W is given by307

U = W − n1(n1 + 1)/2, which ensures that the two tests are algebraically equivalent and will always308

yield identical p-values and conclusions. Under the null hypothesis H0 : F = G, the expected value and309

variance of W are:310

ZW =
W −E[W ]√

Var(W )
, E[W ] =

n1(n1 +n2 +1)
2

, Var(W ) =
n1n2(n1 +n2 +1)

12
, (17)

where E[W ] denotes the expected value (mean) of the rank sum W when both samples are drawn from311

identical distributions, Var(W ) denotes the variance of W under the null hypothesis, and ZW is the312

standardized test statistic that asymptotically follows a standard normal distribution for large samples.313

2.4.3 Kruskal-Wallis H Test314

The Kruskal-Wallis test (Kruskal and Wallis, 1952) provides a nonparametric generalization of the one-315

way analysis of variance (ANOVA) that can accommodate k ≥ 2 independent groups. Although designed316

for multiple groups, it reduces to a test equivalent to the Mann-Whitney/Wilcoxon tests when applied to317

k = 2 groups. The test is based on rank-based analysis of variance and detects differences in the central318

tendency across groups. For k = 2 groups (LGM and LH), the test statistic is:319

H =
12

N(N +1)

k

∑
j=1

R2
j

n j
−3(N +1), (18)

where N = n1 +n2 is the total sample size combining both groups, k = 2 is the number of groups being320

compared, R j = ∑
n j
i=1 r ji represents the sum of ranks for group j (where r ji denotes the rank of the i-th321

observation in group j within the combined sample), and n j is the sample size of group j. The constants322

12 and 3 are chosen such that under the null hypothesis H0 : F = G (all groups have identical distributions),323

the statistic H asymptotically follows a chi-squared distribution with k−1 degrees of freedom: H ∼ χ2
k−1324

as n j → ∞ for all j.325

When tied ranks are present in the data (multiple observations with identical values), the test statistic326

must be corrected to account for the reduced variance in the rank sums. The tie-corrected statistic is:327

Hc =
H

1− ∑
g
i=1(t

3
i −ti)

N3−N

, (19)

where g denotes the number of distinct groups of tied values in the pooled sample, ti represents the number328

of observations tied at the i-th tied value (the size of the i-th tied group), and the denominator correction329

factor accounts for the reduction in variance caused by ties. The correction increases the test statistic H to330

maintain appropriate Type I error rates when ties are present, as ties reduce the variability in possible rank331

configurations.332

2.4.4 Mood’s Median Test333

Mood’s median test (Mood, 1954) provides an extremely robust nonparametric test for comparing the334

central tendencies of two or more groups based on the median rather than means or ranks. The test335

is particularly resistant to outliers and extreme values because it only considers whether observations336

fall above or below the grand median, discarding information about the magnitude of deviations. The337

procedure constructs a 2×2 contingency table based on the grand median M of the pooled sample, defined338

as the middle value (or average of two middle values) when all N = n1 +n2 observations are arranged339

in order. The contingency table records the number of observations from each group falling above and340

below this grand median:341

Xi ≤ M Xi > M
LGM a b
LH c d

(20)
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where a denotes the number of LGM observations less than or equal to the grand median, b denotes the342

number of LGM observations greater than the grand median, c denotes the number of LH observations343

less than or equal to the grand median, and d denotes the number of LH observations greater than the344

grand median. Note that by definition, a+b = n1, c+d = n2, and a+b+ c+d = N.345

The test statistic follows Pearson’s chi-squared form for testing independence in a 2×2 contingency346

table:347

χ
2 =

N(ad −bc)2

(a+b)(c+d)(a+ c)(b+d)
, (21)

where N = a+ b+ c+ d is the total sample size, ad − bc represents the cross-product difference (a348

measure of association in the 2×2 table), and the denominator contains the product of the four marginal349

totals. Under the null hypothesis that the medians of the two populations are equal, H0: median(F) =350

median(G), the test statistic asymptotically follows a chi-squared distribution with one degree of freedom:351

χ2 ∼ χ2
1 as N → ∞. The test is particularly useful when extreme observations or outliers may unduly352

influence rank-based tests.353

2.4.5 Kolmogorov-Smirnov Two-Sample Test354

The two-sample Kolmogorov-Smirnov test (Smirnov, 1948) extends the one-sample KS test to the two-355

sample setting, providing a nonparametric test for the equality of two continuous probability distributions.356

Unlike tests focused on location or scale, the KS test is sensitive to any differences between distributions,357

including differences in location (central tendency), dispersion (spread), and shape (skewness, kurtosis,358

multimodality). The test quantifies the maximum absolute vertical distance between the two empirical359

cumulative distribution functions:360

Dn1,n2 = sup
x∈R

|Fn1(x)−Gn2(x)|, (22)

Fn1(x) =
1
n1

n1

∑
i=1

I(Xi ≤ x), Gn2(x) =
1
n2

n2

∑
j=1

I(Yj ≤ x), (23)

where Dn1,n2 ∈ [0,1] is the KS test statistic representing the supremum (maximum) deviation between361

the two empirical CDFs, Fn1(x) is the empirical CDF of the LGM sample (the proportion of LGM362

observations less than or equal to x), Gn2(x) is the empirical CDF of the LH sample (the proportion of LH363

observations less than or equal to x), and I(Xi ≤ x) is the indicator function equal to 1 if observation Xi364

is less than or equal to the evaluation point x and 0 otherwise. The supremum is taken over all possible365

values x ∈ R, meaning we find the x value where the vertical distance between the two step functions is366

largest.367

Under the null hypothesis of distributional equality H0 : F = G, the asymptotic distribution of the368

appropriately scaled KS statistic is given by the Kolmogorov distribution:369

lim
n1,n2→∞

P
(√

n1n2

n1 +n2
Dn1,n2 ≤ z

)
= 1−2

∞

∑
k=1

(−1)k−1e−2k2z2
, (24)

where the scaling factor
√

n1n2/(n1 +n2) is the harmonic mean of the sample sizes and ensures con-370

vergence to the limiting distribution, z > 0 is the argument of the cumulative distribution function, and371

the infinite series ∑
∞
k=1(−1)k−1e−2k2z2

defines the Kolmogorov distribution. This limiting distribution is372

valid when both n1 and n2 tend to infinity, and it provides the theoretical basis for computing asymptotic373

p-values for the test. The two-sample KS test is distribution-free, meaning its null distribution does not374

depend on the specific form of F and G as long as they are continuous.375

Epps-Singleton Test The Epps-Singleton test (Epps and Singleton, 1986) provides a powerful omnibus376

test for distributional equality based on the empirical characteristic function rather than the empirical377

distribution function. The characteristic function is the Fourier transform of the probability density378

function and uniquely characterizes the distribution. By comparing characteristic functions rather than379
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CDFs, the Epps-Singleton test can detect differences in all aspects of the distribution simultaneously with380

good power properties. The test statistic is defined as:381

W =
n1n2

n1 +n2

∫
∞

−∞

∣∣φ̂n1(t)− φ̂n2(t)
∣∣2 w(t)dt, (25)

where W ≥ 0 is the test statistic measuring the weighted integrated squared difference between em-382

pirical characteristic functions, n1 and n2 are the sample sizes, φ̂n(t) = n−1
∑

n
j=1 eitX j is the empirical383

characteristic function of sample X evaluated at frequency t ∈ R (where i =
√
−1 is the imaginary unit384

and eitX j = cos(tX j)+ isin(tX j) by Euler’s formula), φ̂n1(t) and φ̂n2(t) are the empirical characteristic385

functions for the LGM and LH samples respectively, | · | denotes the complex modulus (absolute value),386

and w(t) is a suitable weight function that ensures integrability and places emphasis on frequencies where387

the characteristic functions are most reliably estimated.388

In practice, the integral in Equation 25 is approximated by a discrete sum over a finite set of frequencies.389

The computational form uses discrete approximation:390

Wn =
n1+n2−1

∑
k=1

wk
∣∣φ̂n1(tk)− φ̂n2(tk)

∣∣2 , (26)

where Wn is the numerically computed test statistic, the sum runs over n1 +n2 −1 evaluation frequencies,391

tk for k = 1, . . . ,n1 +n2 −1 are the discrete frequencies at which the empirical characteristic functions are392

evaluated (typically chosen based on the data scale and spacing), and wk are the corresponding discrete393

weights that approximate the continuous weight function w(t). The specific choices of tk and wk are394

determined by the implementation algorithm. Under the null hypothesis H0 : F = G, the statistic W395

(or Wn) has a known asymptotic distribution that can be approximated through resampling methods or396

asymptotic theory, enabling computation of p-values. The test is particularly powerful for detecting shape397

differences that may be subtle in the CDF but pronounced in the characteristic function domain.398

2.4.6 Effect Size: Cliff’s Delta399

To quantify the magnitude of distributional differences between epochs independent of sample size and400

statistical significance, we computed Cliff’s δ (Cliff, 1993), a nonparametric effect size measure analogous401

to the probability of superiority in receiver operating characteristic analysis. Unlike standardized mean402

differences (such as Cohen’s d), Cliff’s δ makes no assumptions about the distributions and is robust to403

outliers. The measure is defined as:404

δ =
1

n1n2

n1

∑
i=1

n2

∑
j=1

sgn(Xi −Yj) =
#(Xi > Yj)−#(Xi < Yj)

n1n2
, (27)

where δ ∈ [−1,1] is Cliff’s delta effect size, sgn(z) = I(z > 0)− I(z < 0) is the sign function that equals405

+1 when z > 0, −1 when z < 0, and 0 when z = 0, #(Xi > Yj) denotes the number of pairs where the406

LGM observation exceeds the LH observation, #(Xi < Yj) denotes the number of pairs where the LGM407

observation is less than the LH observation, and the denominator n1n2 represents the total number of408

possible pairwise comparisons. The effect size δ = 1 indicates complete separation with all LGM values409

exceeding all LH values, δ = −1 indicates complete separation in the opposite direction, and δ = 0410

indicates no systematic difference (equal probability of Xi > Yj and Xi < Yj).411

Interpretation of effect size magnitude follows the guidelines established by Romano et al. (2006):412

|δ | < 0.147 indicates a negligible effect (little practical difference between distributions), 0.147 ≤413

|δ |< 0.330 indicates a small effect, 0.330 ≤ |δ |< 0.474 indicates a medium effect (moderate practical414

importance), and |δ | ≥ 0.474 indicates a large effect (substantial practical significance). These thresholds415

provide context for interpreting the scientific importance of statistically significant differences.416

All hypothesis tests were implemented using established functions from the SciPy library (Virtanen417

et al., 2020): scipy.stats.mannwhitneyu for the Mann-Whitney U test, scipy.stats.ranksums418

for the Wilcoxon rank-sum test, scipy.stats.kruskal for the Kruskal-Wallis H test,419
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scipy.stats.median test for Mood’s median test, scipy.stats.ks 2samp for the two-420

sample Kolmogorov-Smirnov test, and scipy.stats.epps singleton 2samp for the Epps-421

Singleton test. For each pairwise comparison between LGM and LH distributions, statistical significance422

was evaluated at the conventional threshold α = 0.05 (corresponding to a 95% confidence level). Fol-423

lowing a conservative approach to minimize false positive conclusions, we defined strong evidence for424

distributional differences as present when ≥ 70% of the seven tests reached statistical significance (i.e.,425

when at least five out of seven tests yielded p < 0.05), ensuring robust detection of genuine distributional426

shifts while accounting for potential variations in test power and sensitivity.427

2.5 Information-Theoretic Complexity Measures428

We quantified the complexity, regularity, and variability structure of paleoclimate distributions using429

complementary information-theoretic and statistical dispersion measures (Cover and Thomas, 2006).430

These metrics provide dimensionless, scale-independent characterizations of distributional properties that431

enable cross-variable and cross-epoch comparisons despite differences in measurement units and ranges.432

2.5.1 Shannon Entropy433

For discretized probability distributions, Shannon entropy (Shannon, 1948) provides a fundamental434

measure of information content, uncertainty, and distributional complexity. The entropy quantifies the435

average information required to describe a randomly selected observation from the distribution, with436

higher entropy indicating greater uncertainty and more uniform probability mass distribution. For a437

discrete probability mass function p = {pi}m
i=1 obtained through histogram binning with m bins, where438

pi ≥ 0 represents the probability mass (relative frequency) in bin i and ∑
m
i=1 pi = 1, Shannon entropy is439

defined as:440

H(p) =−
m

∑
i=1

pi log2 pi, (28)

where H(p)≥ 0 is measured in bits (when using logarithm base 2), the summation runs over all m bins,441

and we adopt the standard convention 0log0 = 0 to handle empty bins where pi = 0 (based on the limit442

limx→0+ x logx = 0). The entropy achieves its minimum value H = 0 bits for a deterministic distribution443

(all probability mass concentrated in a single bin) and its maximum value H = log2 m bits for a uniform444

distribution (equal probability mass pi = 1/m in all bins).445

For a continuous random variable X with probability density function f (x), the analogous concept is446

differential entropy, defined as h(X) =−
∫

∞

−∞
f (x) log2 f (x)dx, which we approximate through histogram447

binning of the continuous data. We employed m = 50 bins with equal width spanning the data range448

to discretize each continuous distribution. The probability mass in each bin was computed via density449

normalization: pi = hi/∑
m
j=1 h j, where hi denotes the count (number of observations) falling in bin i and450

the denominator ensures ∑
m
i=1 pi = 1. Higher entropy values indicate distributions with greater complexity,451

more spread, or more uniform probability distribution across the variable’s range, while lower entropy452

indicates distributions with probability mass concentrated in fewer bins.453

2.5.2 Approximate Entropy454

Approximate entropy (ApEn) (Pincus, 1991) provides a complementary measure of regularity and455

predictability in sequential data, originally developed for physiological time series but applicable to any456

ordered sequence of observations. ApEn quantifies the logarithmic likelihood that sequences of patterns457

that are close to each other will remain close when one additional observation is added. Lower ApEn458

values indicate greater regularity, predictability, and deterministic structure in the sequence, while higher459

values indicate more complex, irregular, or random behavior.460

For a sequence u = {u(i)}N
i=1 of N observations (where i indexes the position in the sequence), ApEn461

is computed using an embedding dimension m ∈ N (typically m = 2) and a tolerance threshold r ∈ R+462

that defines closeness:463
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ApEn(m,r,N) = Φ
m(r)−Φ

m+1(r), (29)

Φ
m(r) =

1
N −m+1

N−m+1

∑
i=1

logCm
i (r), (30)

Cm
i (r) =

#{ j ∈ [1,N −m+1] : d[xm(i),xm( j)]≤ r}
N −m+1

, (31)

where ApEn(m,r,N)≥ 0 is the ApEn value (with units depending on the logarithm base), Φm(r) represents464

the average logarithm of the correlation integral at embedding dimension m, Cm
i (r) is the correlation465

integral measuring the fraction of m-dimensional patterns similar to the pattern starting at position i,466

xm(i) = [u(i),u(i+ 1), . . . ,u(i+m− 1)]⊤ ∈ Rm denotes the m-dimensional delay embedding vector (a467

vector formed by m consecutive observations starting at position i), d[a,b] = maxk=1,...,m |ak − bk| is468

the Chebyshev distance (also called maximum or L∞ distance), which measures the maximum absolute469

difference across all m components between vectors a and b, #{·} denotes the cardinality (count) of the470

set, and [1,N −m+1] denotes the integer interval of valid starting positions for m-dimensional patterns.471

The tolerance parameter r determines how similar two patterns must be to be considered ”close.”472

Following standard guidelines (Pincus, 1991), we employed m = 2 for the embedding dimension and473

r = 0.2× SD(X) for the tolerance, where SD(X) =
√

n−1 ∑
n
i=1(xi − x̄)2 is the standard deviation of474

the sequence u. The choice r = 0.2× SD(X) provides a scale-independent tolerance that adapts to475

the variability of each dataset. Lower ApEn values (approaching 0) indicate highly regular, predictable476

sequences where similar patterns consistently repeat, while higher ApEn values indicate irregular, complex477

sequences where patterns are less predictable and the addition of one observation substantially changes478

the pattern structure.479

2.6 Normalized Variability Measures480

To enable direct comparison of variability across variables measured in different units and with different481

central tendencies (e.g., temperature in °C, salinity in PSU, isotope ratios in ‰), we computed three482

complementary scale-invariant dispersion metrics. These dimensionless measures normalize absolute483

dispersion by measures of central tendency, providing relative variability metrics:484

CV(X) =
σ̂X

X̄
, (32)

RSD(X) =
IQR(X)

median(X)
, (33)

NR(X) =
max(X)−min(X)

median(X)
, (34)

where CV(X) denotes the coefficient of variation (a dimensionless ratio of standard deviation to mean),485

σ̂X =
√

n−1 ∑
n
i=1(xi − X̄)2 is the sample standard deviation of variable X , X̄ = n−1

∑
n
i=1 xi is the sample486

mean, RSD(X) denotes the robust spread dispersion metric based on the interquartile range relative to the487

median, IQR(X) = Q3(X)−Q1(X) is the interquartile range (the difference between the third quartile488

Q3 and first quartile Q1, encompassing the middle 50% of the data), median(X) is the sample median489

(the 50th percentile or middle value when data are ordered), NR(X) denotes the normalized range, and490

max(X)−min(X) is the sample range (the difference between maximum and minimum values).491

The coefficient of variation CV is particularly useful for comparing the relative variability of variables492

with different means, but it can be sensitive to outliers and is undefined or unstable when the mean is near493

zero. The robust spread dispersion RSD provides a more outlier-resistant alternative based on quantiles494

rather than moments, measuring the relative spread of the central 50% of the data. The normalized range495

NR quantifies the full spread of the data relative to the central tendency but is highly sensitive to extreme496

values. Together, these three metrics provide complementary perspectives on distributional variability: CV497

for parametric mean-based relative variability, RSD for robust central-region relative variability, and NR498

for total range relative variability. All three ratios are dimensionless (unitless), enabling direct comparison499

across variables with different measurement scales.500
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Entropy calculations were implemented using custom Python algorithms following the specifications of501

Pincus (1991) for ApEn computation, with Shannon entropy computed using the scipy.stats.entropy502

function from the SciPy library (Virtanen et al., 2020), which handles the discrete probability mass function503

and applies appropriate conventions for zero probabilities. All statistical computations, array operations,504

and data manipulations employed NumPy (Harris et al., 2020) for efficient numerical computing, Pandas505

(McKinney, 2010) for tabular data structures and statistical functions, and xarray (Hoyer and Hamman,506

2017) for labeled multi-dimensional array operations on gridded paleoclimate datasets.507

3 RESULTS508

All three oceanographic variables exhibited strongly non-normal distributions in both epochs, with all509

five normality tests (Shapiro-Wilk, Anderson-Darling, Kolmogorov-Smirnov, D’Agostino-Pearson, and510

Jarque-Bera) rejecting normality at p < 0.001 for both LGM and LH populations. Figure 1 displays the511

probability density distributions and statistical dispersion for all three variables. SST during the LGM512

exhibited a mean of 25.639°C (median: 25.708°C, SD: 0.887°C), substantially lower than the LH mean513

of 28.427°C (median: 28.526°C, SD: 0.583°C), yielding a mean cooling of 2.788°C. The LGM SST514

distribution showed greater absolute spread (range: 6.183°C) compared to LH (range: 3.787°C), but lower515

relative variability (coefficient of variation: 0.035 vs 0.021). SSS demonstrated a reversed pattern, with516

LGM values (mean: 33.777 PSU, median: 34.012 PSU, SD: 0.668 PSU) exceeding LH values (mean:517

32.893 PSU, median: 33.517 PSU, SD: 1.664 PSU) by 0.884 PSU. The LH SSS distribution exhibited518

substantially greater variability, with a range of 11.389 PSU compared to the LGM range of 4.164 PSU.519

For δ 18Osw, the LGM showed uniformly enriched values (mean: 0.803‰, median: 0.842‰, SD: 0.208‰)520

relative to LH (mean: -0.198‰, median: -0.033‰, SD: 0.439‰), with a mean difference of 1.001‰. The521

LGM δ 18Osw distribution was markedly more constrained (range: 1.320‰) than LH (range: 3.015‰).522

Figure 1. Probability density distributions and statistical dispersion of oceanographic variables during
the LGM (orange) and LH (blue). (a-c) Kernel density estimates normalized to unity maximum for SST,
SSS, and δ 18Osw, with shaded regions indicating the probability density. (d-f) Box-and-whisker plots
showing median (horizontal line), mean (diamond), interquartile range (box), and full data range
excluding outliers (whiskers) for each variable. Black circles indicate outlier values beyond 1.5 times the
interquartile range from the box boundaries. LGM exhibits cooler SST, higher SSS, and enriched δ 18Osw
relative to LH, with distinct distributional characteristics for each variable.
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Spatial patterns of SST reveal coherent basin-wide cooling during the LGM (Figure 2). LGM523

temperatures ranged from 20.832°C to 27.015°C, with minimum values occurring at 0.93°S, 129.31°E and524

maximum values at 0.67°N, 127.06°E. LH temperatures were uniformly warmer, spanning 26.112°C to525

29.898°C, with extrema at 14.87°S, 91.06°E and 0.13°S, 107.94°E, respectively. The LGM-LH anomaly526

field showed cooling throughout the domain, ranging from -7.910°C to -1.354°C, with strongest cooling527

in the eastern warm pool region and weakest cooling in the western Philippine Sea.528

Figure 2. Spatial distribution of SST across the Indo-Pacific warm pool. (a) LGN SST field showing
temperatures between 25.5°C and 29.5°C with cooler conditions in the eastern warm pool. (b) LH SST
field displaying uniformly warm temperatures between 26.0°C and 29.5°C across the basin. (c) LGM
minus LH anomaly field revealing basin-wide cooling of 2-8°C, with strongest cooling in the central and
eastern warm pool regions. Stippling indicates land areas. Color scales are optimized to highlight spatial
gradients within each epoch and in the anomaly field.

SSS spatial patterns demonstrated substantial heterogeneity between epochs (Figure 3). During the529

LGM, salinity ranged from 30.532 PSU to 34.696 PSU, with the freshest waters at 5.80°N, 109.06°E and530

most saline waters at 0.67°S, 149.56°E. The LH exhibited a broader salinity range (22.968-34.357 PSU),531

with extreme freshening at 2.27°S, 107.94°E and highest salinity at 14.87°S, 146.19°E. The anomaly field532

revealed complex spatial structure, with positive anomalies (LGM saltier) dominating most of the domain533

but negative anomalies in localized regions. Anomaly magnitudes ranged from -0.831 PSU to +4.114534

PSU, with the maximum positive anomaly occurring at 6.01°S, 105.69°E.535
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Figure 3. Spatial distribution of SSS across the Indo-Pacific warm pool. (a) LGM SSS field showing
relatively uniform salinity between 27 and 35 PSU with fresher conditions in northern regions. (b) LH
SSS field displaying strong spatial gradients with pronounced freshening in the Java Sea and eastern
Indonesian archipelago (27-34 PSU) and elevated salinity in the southeastern warm pool. (c) LGM minus
LH anomaly field showing predominantly positive values (LGM saltier) across most of the domain, with
localized negative anomalies (LGM fresher) reaching -4 PSU in limited regions. Stippled regions indicate
land masses. The LH exhibits substantially greater spatial variability than the LGM.

The δ 18Osw field showed systematic enrichment during the LGM throughout the entire domain536

(Figure 4). LGM values ranged from -0.166‰ to 1.155‰, with depletion at 5.80°N, 109.06°E and537

enrichment at 14.87°S, 146.19°E. LH values were substantially more depleted, spanning -2.792‰ to538

0.223‰, with extrema at 2.27°S, 107.94°E and 14.87°S, 146.19°E. The anomaly field exhibited exclusively539

positive values, ranging from 0.505‰ to 1.730‰, indicating ubiquitous LGM enrichment. The spatial540

pattern of enrichment was relatively uniform, with maximum anomalies occurring at 6.01°S, 105.69°E541

and minimum anomalies at 5.80°N, 109.06°E.542
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Figure 4. Spatial distribution of δ 18Osw across the Indo-Pacific warm pool. (a) LGM δ 18Osw field
showing enriched values between 0.0‰ and 2.0‰ VSMOW with relatively uniform spatial distribution.
(b) LH δ 18Osw field displaying substantially more depleted values between -2.0‰ and 0.0‰ VSMOW,
with strong depletion in the Java Sea and fresher regions. (c) LGM minus LH anomaly field revealing
uniformly positive anomalies (LGM enriched) throughout the domain, ranging from 0.5‰ to 1.7‰
VSMOW. Stippled regions indicate land masses. The consistent positive anomaly reflects both global ice
volume effects and regional hydrological changes.

Table 1 summarizes the descriptive statistics for all three variables across both epochs. The com-543

prehensive nonparametric statistical testing revealed highly significant differences between LGM and544

LH distributions for all variables. All six nonparametric tests (Mann-Whitney U, Wilcoxon rank-sum,545

Kruskal-Wallis H, Mood’s median, Kolmogorov-Smirnov two-sample, and Epps-Singleton) yielded546

p < 0.001 for SST, SSS, and δ 18Osw, indicating strong evidence for distributional differences. Effect size547

quantification via Cliff’s delta revealed large effects for SST (δ =−0.993) and δ 18Osw (δ = 0.994), with548

a medium effect for SSS (δ = 0.469). The direction of effects indicated that LGM exhibited lower SST549

values, higher SSS values, and higher δ 18Osw values relative to LH.550
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Table 1. Descriptive statistics for oceanographic variables during the LGM and LH across the
Indo-Pacific warm pool domain (n = 1,872 grid points per epoch).

Variable Epoch Mean Median SD Min Max

SST [°C]
LGM 25.639 25.708 0.887 20.832 27.015
LH 28.427 28.526 0.583 26.112 29.898

∆ (LGM-LH) −2.788 −2.707 0.615 −7.910 −1.354

SSS [PSU]
LGM 33.777 34.012 0.668 30.532 34.696
LH 32.893 33.517 1.664 22.968 34.357

∆ (LGM-LH) 0.884 0.494 1.331 −0.831 4.114

δ 18Osw [‰ VSMOW]
LGM 0.803 0.842 0.208 −0.166 1.155
LH −0.198 −0.033 0.439 −2.792 0.223

∆ (LGM-LH) 1.001 0.875 0.356 0.505 1.730

Information-theoretic complexity analysis quantified distributional structure differences between551

epochs (Table 2). Shannon entropy indicated that LH SST exhibited greater distributional complexity552

(3.350 bits) than LGM SST (3.248 bits), while LGM exhibited higher complexity for both SSS (3.215553

vs 2.719 bits) and δ 18Osw (3.254 vs 2.795 bits). ApEn measures revealed that LGM SST displayed554

greater regularity (ApEn = 0.650) compared to LH (ApEn = 0.742), while LH showed greater regularity555

for SSS (ApEn = 0.486 vs 0.545) and δ 18Osw (ApEn = 0.504 vs 0.526). Coefficient of variation values556

demonstrated that LGM exhibited higher relative variability for SST (0.035 vs 0.021) and δ 18Osw (0.258557

vs −2.216), while LH showed substantially greater relative variability for SSS (0.051 vs 0.020).558

Table 2. Information-theoretic complexity measures and variability metrics for oceanographic variables
during the LGM and LH.

Shannon Entropy [bits] Approximate Entropy Coefficient of Variation

Variable LGM LH ∆ LGM LH LGM LH
SST 3.248 3.350 −0.102 0.650 0.742 0.035 0.021
SSS 3.215 2.719 0.497 0.545 0.486 0.020 0.051
δ 18Osw 3.254 2.795 0.460 0.526 0.504 0.258 −2.216

4 DISCUSSION559

Our statistical characterization reveals a fundamental reorganization of the IMC’s oceanography between560

the LGM and the LH. The robust, non-parametric tests and large effect sizes (Cliff’s δ ) for SST, SSS, and561

δ 18Osw confirm that these are not merely shifts in the mean state, but represent profound changes in the562

underlying distributional properties of the oceanographic fields. The LGM was characterized by a cooler,563

saltier, and more isotopically enriched ocean with reduced spatial heterogeneity, while the LH presents a564

warmer, fresher (in key regions), and markedly more variable regime. These changes can be interpreted565

through the interplay of global forcings and regional dynamics, including ice volume, sea level, and the566

intensity and vertical structure of the ITF.567

The ∼2.8◦C of glacial cooling and the ∼1.0‰ enrichment of δ 18Osw are consistent with global-scale568

LGM boundary conditions, primarily the expansion of continental ice sheets (Clark et al., 2009). Our569

findings align closely with proxy reconstructions from the Makassar Strait, which show LGM SSTs were570

∼2–3◦C cooler and SSS was 0.82–1.13 PSU higher than in the LH (Larasati et al., 2024). The spatial571

pattern of SST change, with strongest cooling in the eastern warm pool, points to regional atmospheric and572

oceanic controls. This pattern is suggestive of a strengthened zonal SST gradient and enhanced easterly573

trade winds during the LGM, which could have intensified upwelling in the eastern IMC (DiNezio et al.,574

2018).575

The drastically reduced spatial variability of both SSS and δ 18Osw during the LGM indicates a576

weakening of the strong hydrological gradients that define the modern IMC. This implies a significant577

reduction in the freshwater inputs that today create pronounced low-salinity plumes. A primary mechanism578

for this change was the ∼120 meter lower sea level, which exposed the Sunda and Sahul continental579
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shelves (Hanebuth et al., 2009), altering coastline geometry and displacing the mouths of major rivers580

(Hendrizan et al., 2021). This is corroborated by proxy evidence showing a larger south-north SSS581

gradient in the Makassar Strait during the LGM (23.2–24.2 ka), attributed to reduced freshwater runoff582

from Kalimantan into the southern strait (Larasati et al., 2024).583

The co-occurrence of higher glacial SSS and enriched δ 18Osw suggests a regional hydrological shift584

towards drier conditions, supported by paleoclimatic records from Borneo, Sulawesi, and Java (Konecky585

et al., 2016; Wicaksono et al., 2017). This aridity has been linked to a weakened Asian monsoon and a586

southward shift of the Intertropical Convergence Zone (ITCZ) (Schröder et al., 2018; Hendrizan et al.,587

2021).588

The observed oceanographic changes are inextricably linked to the intensity and vertical structure of589

the Indonesian Throughflow (ITF). Our results are consistent with a weaker glacial ITF, particularly in590

its surface layers. A weaker ITF would have reduced the inflow of fresh, warm water from the western591

Pacific, allowing local evaporation to dominate the surface salinity budget (Gordon et al., 2012). This is592

supported by proxy data from the Makassar Strait, where a larger south-north SST gradient during the593

LGM (e.g., 0.5–1◦C around 23-24 ka) is interpreted as a direct indicator of weakened surface ITF intensity594

(Larasati et al., 2024; Fan et al., 2018). Model simulations from the CCSM4 model further illuminate595

the complex spatial pattern of this change, indicating that while the ITF was generally weaker during the596

LGM, its strength relative to the Pre-Industrial (PI) period varied across pathways. The model shows a597

more robust ITF in the eastern pathway (Banda Sea) during the LGM compared to the PI, suggesting a598

redistribution of flow within the archipelago under glacial boundary conditions (Rachmayani et al., 2025).599

The analysis of thermocline water temperature (TWT) gradients provides critical insight into the600

vertical structure of the ITF. The predominantly negative S-N TWT gradients in the Makassar Strait during601

the LGM indicate cooler southern waters, consistent with reduced advection of warm Pacific waters602

and a shallower, more stratified thermocline (Rachmayani et al., 2025; Xu et al., 2008). This enhanced603

stratification and reduced vertical mixing would have further contributed to the preservation of the strong604

surface gradients observed in the proxy records (Larasati et al., 2024). The weaker ITF has been linked to605

a persistent, “El Niño-like” mean state in the Pacific during the LGM, which weakens trade wind stress606

and reduces the pressure gradient driving the throughflow (Ding et al., 2013; Fan et al., 2018; Rachmayani607

et al., 2025).608

While the lgmDA v2.1 product provides a powerful, dynamically consistent framework for paleocli-609

mate reconstruction, several inherent limitations must be considered when interpreting our results. First,610

the spatial reconstruction is inherently constrained by the heterogeneous distribution of the underlying611

proxy network (Tierney et al., 2020). Although the assimilation mitigates spatial sampling biases, the612

IMC’s complex topography and oceanography may be under-resolved, particularly for the LGM when613

terrestrial proxy records are more abundant than marine ones. Our finding of reduced spatial variability614

during the LGM is a robust large-scale signal, but the product may struggle to fully capture the fine-scale615

heterogeneity that characterizes the modern IMC. Second, the reconstruction’s fidelity is contingent on616

the accuracy of the prior model (iCESM1.2) and the proxy system models that translate geochemical617

measurements into climate variables. Biases in the model’s representation of key regional processes, such618

as the ITF, monsoonal rainfall, or diurnal cycles, would propagate into the posterior estimates (Brady et al.,619

2019; Tierney et al., 2020). Finally, while the offline ensemble Kalman filter approach is computationally620

efficient, it may not fully capture non-Gaussian uncertainties or non-linear error growth, potentially621

leading to an over-confident or overly smoothed reconstruction in a region known for its strong non-linear622

feedbacks.623

Our information-theoretic analysis provides a quantitative measure of this regime shift. The higher624

Shannon entropy for LH SST indicates a more complex and heterogeneous spatial distribution, consistent625

with the modern, dynamic state of the IMC. In contrast, the lower ApEn (greater regularity) of LGM SST626

reflects a more uniform and predictable spatial pattern, reinforcing the interpretation of a climatically627

“locked” or less dynamic glacial state with a weakened and reconfigured ITF.628

In summary, the stark statistical differences between the LGM and LH oceanographic distributions629

are signatures of a different climate mode. The glacial IMC was dominated by global ice age conditions630

that led to a cooler, saltier, and more homogenous ocean, driven by a weakened ITF, lower sea levels631

that disrupted freshwater pathways, a drier regional climate, and a more stratified water column. The632

transition to the LH saw the establishment of the modern, highly dynamic regime characterized by strong633

ITF influence, complex hydrology, and greater spatial heterogeneity.634
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5 CONCLUSION635

Our statistical analysis suggests a fundamental reorganization of IMC oceanography between the LGN636

and LH, characterized by distributional shifts that may extend beyond simple mean-state changes. The637

LGM ocean appears to have been substantially cooler, saltier, and isotopically enriched relative to the LH,638

with markedly reduced spatial heterogeneity across all three oceanographic variables. Nonparametric639

hypothesis testing confirmed highly significant differences across multiple independent tests, with large640

effect sizes indicating that these likely represent profound changes in underlying distributional properties641

rather than mere shifts in central tendency. These patterns possibly reflect the integrated effects of a weak-642

ened Indonesian Throughflow, lower sea level that exposed continental shelves and disrupted freshwater643

pathways, enhanced vertical stratification, and a drier regional climate regime potentially associated with644

weakened monsoon circulation and southward displacement of the ITCZ. Information-theoretic complex-645

ity measures suggest that the LGM may have represented a more uniform, climatically “locked” state with646

reduced spatial variability, whereas the LH exhibits the dynamic, spatially heterogeneous oceanography647

that characterizes the modern system. This statistical framework could provide useful constraints for648

validating paleoclimate model simulations and may help improve understanding of the sensitivity of649

tropical Indo-Pacific circulation to glacial-interglacial boundary conditions, with potential implications650

for projecting future responses of this critical oceanic gateway to altered throughflow dynamics under651

anthropogenic climate change.652
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