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Abstract. Atmospheric water vapour is shaped by both sustained global warming (GW) and El Niño–Southern Oscillation

(ENSO), but how these two climate influences are expressed in the water-vapour field and how their coupling changes under

accelerated warming remain poorly quantified. Here we comprehensively characterize the links between global GNSS-derived

precipitable water vapour (PWV), a vertically integrated measure of atmospheric moisture, and both GW and ENSO by inte-

grating Independent Component Analysis (ICA) and Convergent Cross Mapping (CCM). Warming-related and ENSO-related5

PWV signals are extracted from the GNSS PWV field using ICA and are denoted as PWVGW and PWVENSO, respec-

tively. PWVGW is closely associated with GW (r = 0.79), and CCM supports dominant GW → PWVGW coupling. By

contrast, PWVENSO responds to ENSO with an approximately 12-month lag (r = 0.77), and extended CCM indicates bidi-

rectional coupling between ENSO and PWVENSO. After the transition to accelerated warming around 2013, the sensitivity

of PWVGW to temperature increases markedly, consistent with enhanced thermodynamic moistening. At the same time, the10

ENSO→ PWVENSO coupling weakens despite stronger ENSO variability. These findings suggest that accelerated warming

shifts the balance between long-term thermodynamic moistening and interannual ENSO-related variability in the atmospheric

water vapour field.

1 Introduction

El Niño–Southern Oscillation (ENSO), the dominant mode of interannual climate variability, reorganizes tropical convection15

and large-scale atmospheric circulation, thereby modulating moisture transport and producing widespread variations in atmo-

spheric water vapour (Curtis, 2008; Li et al., 2021). On longer timescales, global warming imposes a thermodynamic constraint

on atmospheric moisture. According to the Clausius–Clapeyron relation, the moisture-holding capacity of the atmosphere in-

creases by approximately 7% per kelvin of warming, linking temperature rise to increases in atmospheric water vapour through

a well-established physical mechanism (Martínková and Kyselý, 2020; Ali et al., 2021; Nayak and Takemi, 2025). Because20

water vapour is the most abundant greenhouse gas and plays a central role in the global energy and water cycles (Sherwood
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et al., 2010; Wang et al., 2018; Patel and Kuttippurath, 2023; Edström and Dahlbäck, 2024), separating ENSO-related dynam-

ical variability from warming-related thermodynamic moistening is essential for understanding how the atmospheric branch

of the hydrological cycle responds to a changing climate. However, the relative contributions of these two processes to ob-

served global land water-vapour variability, and the extent to which their coupling changes under accelerated warming, remain25

insufficiently constrained.

Ground-based Global Navigation Satellite System (GNSS) networks provide continuous, all-weather observations of pre-

cipitable water vapour (PWV), a measure of vertically integrated atmospheric water vapour (Yuan et al., 1993; Rocken et al.,

1993; Nilsson and Elgered, 2008; Jin et al., 2008; Zhang et al., 2024; Kelsey et al., 2022). GNSS-derived PWV is obtained from

signal propagation delays and has become an important independent source of atmospheric moisture information (Bevis et al.,30

1992, 1994; Rocken et al., 1995; Tregoning et al., 1998; Basili et al., 2001; He et al., 2020). The long-term stability, high tem-

poral resolution, and broad spatial coverage of GNSS records make them particularly suitable for investigating climate-scale

variations in land atmospheric moisture (Zhang et al., 2015). Nevertheless, identifying specific large-scale climate signals from

GNSS PWV remains challenging because the observed time series contain a mixture of long-term trends, seasonal variations,

interannual variability, regional circulation effects, and local hydrometeorological noise.35

Previous studies have used decomposition and covariance-based methods, including Empirical Orthogonal Functions (EOF)

(Lu et al., 2020), Singular Spectrum Analysis (SSA) (Zhang et al., 2015; Baldysz et al., 2021; Wang and Ren, 2025), Multivari-

ate Singular Spectrum Analysis (MSSA) (Zhao et al., 2020), and Maximum Covariance Analysis (MCA) (Ding and Fu, 2018),

to investigate climate-related signals in GNSS-derived PWV. These methods have provided useful evidence for ENSO-related

water-vapour variability, but they generally emphasize linear covariance structures, orthogonality, or variance maximization.40

Such assumptions may be restrictive when different climate signals are statistically mixed, non-Gaussian, or not organized

according to maximum variance (Jutten and Herault, 1991; Aires et al., 2000). As a result, ENSO-related PWV signals may

be partially mixed with other modes of variability, leading to weak or ambiguous interpretations of the ENSO imprint in the

atmospheric water-vapour field (Wang et al., 2018; Zhao et al., 2020). Moreover, most previous analyses have relied mainly

on correlation or regression, which can quantify statistical association but provide limited information on the direction and45

strength of dynamical coupling. It therefore remains unclear whether ENSO primarily acts as an external driver of PWV vari-

ability, whether water vapour feeds back onto ENSO-related dynamics, or whether the strength of this coupling has changed

as the climate system has warmed.

A further unresolved issue is how accelerated warming modifies the relationship between long-term thermodynamic moist-

ening and interannual ENSO-related variability. Recent increases in global temperature indicate that the climate system has50

entered a period of more rapid warming (Shu et al., 2024; Bevacqua et al., 2024; Gebrechorkos et al., 2025; Fischer et al.,

2025; Foster and Rahmstorf, 2026). Under such conditions, the background thermodynamic control on atmospheric moisture

may strengthen, potentially altering the sensitivity of PWV to temperature and changing the apparent influence of ENSO on

water-vapour variability. However, observational evidence for such a shift remains limited, especially from long-term, globally

distributed ground-based PWV records.55
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Here, we analyse monthly PWV from 627 globally distributed GNSS stations from January 2003 to December 2025. We

use Independent Component Analysis (ICA) to separate statistically independent PWV components associated with global

warming and ENSO, hereafter denoted as PWVGW and PWVENSO. The temporal evolution of these components is com-

pared with standard climate indices to characterize the corresponding lead–lag relationships, while their spatial fingerprints are

examined to identify the geographic patterns of PWV responses associated with global warming and ENSO. To move beyond60

correlation-based interpretation, we apply Convergent Cross Mapping (CCM) to evaluate the direction and strength of coupling

between each climate index and its associated PWV component. We further use the Bayesian Estimator of Abrupt Change,

Seasonal Change, and Trend (BEAST) to identify a structural breakpoint in global mean temperature and to examine whether

the PWV–climate coupling differs between the earlier and accelerated warming periods. Finally, changes in thermodynamic

PWV sensitivity and ENSO variability are quantified to interpret the coupling results in a physical context.65

This study aims to answer three questions: (1) Can warming-related and ENSO-related signals be separated from the global

GNSS-observed land PWV field? (2) What are the lead–lag relationships and the direction and strength of coupling between

these PWV components and their associated climate forcings and modes? (3) Has accelerated warming altered the balance

between long-term thermodynamic moistening and interannual ENSO-related water-vapour variability? By addressing these

questions, we provide observational evidence for how global land atmospheric water vapour responds jointly to sustained70

warming and ENSO-related climate variability.

2 Data and Methods

2.1 Global GNSS PWV Dataset

Monthly PWV records were obtained from the global GNSS PWV dataset archived at PANGAEA (https://doi.pangaea.de/10.

1594/PANGAEA.982476) (Wang et al., 2025), which covers the period from November 2001 to December 2021. This dataset75

provides station-level PWV estimates derived from GNSS tropospheric delay products using a unified processing strategy and

standardized quality-control procedures. To ensure that the selected records were suitable for climate-scale variability analysis,

we applied strict station-selection criteria. First, daily PWV was calculated as the mean of all available hourly values only for

days with at least six valid hourly observations; otherwise, the daily value was treated as missing. Second, stations with a daily

missing-data rate greater than 20% over the available record were excluded to preserve temporal continuity and to reduce the80

influence of long data gaps on subsequent decomposition analyses. After applying these criteria, 627 stations distributed across

the mainland regions were retained (Fig. 1).

Because the PANGAEA dataset ends in December 2021, the selected station records were extended to December 2025

using GNSS tropospheric products from the Nevada Geodetic Laboratory (NGL, https://geodesy.unr.edu/), where available

for the retained stations. The PANGAEA and NGL records are based on the same physical quantity, namely GNSS-derived85

atmospheric delay converted to PWV, but potential inconsistencies between the two products were minimized by applying the

same temporal aggregation and quality-control procedures before merging. Daily PWV values were aggregated into monthly

means, and a monthly value was retained only when at least 10 valid daily values were available. This threshold was used to
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Figure 1. Global distribution of 627 GNSS stations by latitude band.

limit sampling-related biases in monthly means while retaining sufficient temporal coverage. The PANGAEA and NGL records

were then combined to form a continuous monthly PWV dataset covering January 2003 to December 2025, with 276 monthly90

time steps.

Remaining gaps in the monthly series were filled using an iterative SSA method (Yi and Sneeuw, 2021), which estimates

missing values from the dominant temporal structures of each station time series while preserving the observed values. This step

was applied only after the monthly aggregation and station screening procedures, because ICA and CCM require temporally

continuous input series and can be sensitive to artificial discontinuities.95

The monthly global mean surface temperature anomaly was obtained from the GISTEMP v4 dataset (Lenssen et al., 2024),

and the Oceanic Niño Index (ONI) was obtained from the NOAA Climate Prediction Center (https://www.cpc.ncep.noaa.gov/).

Both climate indices were used at monthly resolution to match the temporal resolution of the GNSS PWV records.

2.2 Independent Component Analysis

To separate climate-related signals embedded in the global GNSS PWV field, we applied ICA to the monthly PWV anomaly100

matrix constructed from 627 GNSS stations and 276 monthly time steps from January 2003 to December 2025. PWV is

influenced by multiple processes operating on different timescales, such as long-term thermodynamic moistening, ENSO-

related circulation changes, and regional moisture transport. Previous studies have shown that ENSO-related PWV variability

can exhibit nonlinear temporal behaviour, making simple linear covariance-based decomposition insufficient for fully isolating

ENSO-related water-vapour variability (Wang et al., 2018; Zhao et al., 2020; Aires et al., 2000). ICA decomposes the observed105
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data into statistically independent source signals (Comon, 1994; Hyvärinen and Oja, 2000). This makes ICA suitable for

separating mixed climate influences in GNSS PWV records. Unlike EOF analysis, which identifies orthogonal modes that

maximize explained variance, ICA seeks statistically independent components by minimizing mutual information. ICA is

therefore used here to isolate physically interpretable PWV components rather than to rank modes by variance contribution.

Before ICA, the monthly PWV records were preprocessed in three steps. First, the seasonal cycle at each station was removed110

by subtracting the long-term mean for each calendar month (Sun and Lan, 2021). Second, the deseasonalized anomalies were

smoothed using a three-point 1-2-1 binomial filter to reduce month-to-month noise (Wang et al., 2012). Third, a low-pass filter

was applied to suppress high-frequency fluctuations and emphasize large-scale climate variability (Chen et al., 2018, 2024).

Following Chen et al. (2024), different cut-off frequencies were tested, and the final cut-off frequency was set to 8.5 because it

provided the clearest separation of the warming- and ENSO-related PWV components.115

Mathematically, ICA decomposes the preprocessed PWV anomaly matrix X ∈ RM×T , where M = 627 and T = 276, into

spatial loadings and independent temporal components:

X=AS (1)

where A ∈ RM×P contains the spatial loading of each component, and S ∈ RP×T contains the corresponding independent

temporal components. The FastICA algorithm was used to estimate the independent components (Bingham and Hyvärinen,

2000; Chen et al., 2024). The number of retained components was set to P = 6, allowing the dominant large-scale PWV120

signals to be separated while avoiding excessive fragmentation of physically interpretable modes.

Components associated with ENSO and global warming were identified using their peak lagged correlations with ONI

and GMST, respectively, together with the physical consistency of their spatial loadings. These components are denoted as

PWVENSO and PWVGW . Because the sign of each ICA component is arbitrary, the sign of each selected component was

adjusted so that positive temporal amplitudes correspond to the positive phase of the associated climate index at the identified125

peak lag. The spatial loading then indicates whether PWV increases or decreases during that phase. This sign convention is

used only for phase interpretation, while directional coupling is assessed separately using CCM.

2.3 Global GNSS PWV Dataset

To investigate nonlinear causal interactions between climate variability and atmospheric water vapour, CCM was employed to

quantify the directional coupling between the climate indices (GW , ENSO) and the extracted PWV components (PWVGW130

and PWVENSO) (Sugihara et al., 2012). CCM is based on state-space reconstruction theory and provides a data-driven frame-

work for detecting causality in nonlinear dynamical systems (Takens, 1981). Unlike conventional correlation analysis, CCM

determines whether information about one variable is embedded in the reconstructed state-space manifold of another variable,

thereby distinguishing causal interactions from simple statistical associations.
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2.3.1 State-Space Reconstruction135

According to Takens’ embedding theorem (Takens, 1981), the dynamics of a nonlinear system can be reconstructed from a

single observed variable through time-delay embedding. For a given time series Y (t), the shadow manifold MY is reconstructed

as

MY (t) = [Y (t), Y (t− τ), . . . , Y (t− (E− 1)τ)], (2)

where E denotes the embedding dimension and τ is the time delay. The embedding dimension determines the number of

reconstructed coordinates used to represent the system dynamics, while τ controls the temporal spacing between adjacent140

coordinates.

To ensure the fidelity of phase-space reconstruction, the embedding parameters (E and τ ) were optimized independently for

each variable pair and study period. Specifically, the embedding dimension E was determined using the False Nearest Neigh-

bors (FNN) algorithm (Kennel et al., 1992), and the smallest value corresponding to either an FNN percentage below 5% or

the global minimum was selected. The optimal time delay τ was estimated from the first local minimum of the Average Mutual145

Information (AMI) function (Fraser and Swinney, 1986). This combined approach ensures that the reconstructed coordinates

are sufficiently independent to capture the underlying system dynamics while minimizing redundant information.

If variable X causally influences variable Y , then information associated with X is expected to be encoded within the

reconstructed manifold MY (Sugihara et al., 2012; Ban et al., 2025). Consequently, the historical states of X can be estimated

from the neighboring trajectories on MY .150

2.3.2 Cross Mapping and Convergence

For each target point on the reconstructed manifold MY , the E+1 nearest neighbors are identified according to Euclidean

distance:

di = ∥MY (t)−MY (ti)∥ , (3)

where di represents the distance between the target point and its neighboring states. The corresponding values of X associated

with these neighboring states are then used to estimate X̂(t) through weighted averaging:155

X̂(t) =

E+1∑

i=1

wiX(ti), (4)

where the weights are calculated as

wi =
exp(−di/d1)∑E+1

j=1 exp(−dj/d1)
, (5)

and d1 is the minimum neighbor distance used for normalization.
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The cross-map skill is quantified using the Pearson correlation coefficient between the reconstructed series X̂(t) and the

observed series X(t):

ρ= corr
(
X(t), X̂(t)

)
. (6)

A causal relationship is inferred when the cross-map skill increases and gradually converges with increasing library size L160

Bonotto et al. (2022); Ban et al. (2025). In this context, convergence indicates that the reconstructed manifold contains stable

dynamical information about the causal variable rather than random statistical similarity.

2.3.3 Significance Testing

To evaluate the robustness of the inferred causal relationships, statistical significance was assessed using 1,000 phase-randomized

surrogate series (Theiler et al., 1992; Ebisuzaki, 1997). Each surrogate was generated by randomizing the Fourier phases while165

preserving the amplitude spectrum, thereby retaining the original power spectrum and autocorrelation structure while remov-

ing deterministic coupling between variables. CCM analysis was repeated for all surrogate realizations, and the significance

level was estimated by comparing the observed cross-map skill with the surrogate distribution. The p value was defined as the

fraction of surrogate ρ values exceeding the observed ρ. Causal relationships were considered statistically significant when

p < 0.05.170

2.4 Extended Convergent Cross Mapping

Standard CCM can identify whether two variables are dynamically coupled through state-space reconstruction (Sugihara et al.,

2012). However, Ye et al. (2015) pointed out that standard CCM may not reliably distinguish true bidirectional causality from

generalized synchrony induced by strong unidirectional forcing. In strongly coupled systems, significant cross-map skills may

appear in both directions because the response variable becomes synchronized with the driver. Therefore, standard CCM alone175

may not fully resolve the temporal direction of causality.

To address this limitation, we further applied the extended CCM framework proposed by Ye et al. (2015), which evaluates

the lag-dependent cross-map skill between variables. Specifically, the reconstructed manifold of one variable is used to estimate

the temporally shifted state of the other variable:

X(t)→ Y (t+ δ), (7)

where δ denotes the temporal offset between the two variables. By systematically varying δ, the temporal structure of the causal180

interaction can be examined.

Following Ye et al. (2015), the lag corresponding to the maximum cross-map skill is defined as the optimal lag:

δopt = argmax
δ

ρ(δ). (8)

The sign of the optimal lag δopt provides a diagnostic criterion for distinguishing true delayed causality from generalized

synchrony. For a true causal relationship in which X drives Y , the maximum cross-map skill is expected to occur at a negative
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optimal lag (δopt < 0), indicating that the present state of the response variable Y contains information about the past state of185

the driver X . In contrast, positive optimal lags are more consistent with generalized synchrony or delayed synchronization due

to strong forcing rather than with genuine bidirectional coupling.

The statistical significance of the lag-dependent CCM results was evaluated using the same phase-randomized surrogate

approach described in the previous subsection. Results were considered statistically significant when p < 0.05. Because both

GW and PWVGW are strongly influenced by long-term monotonic trends and exhibit pronounced nonstationary character-190

istics, additional preprocessing was required prior to CCM analysis. For the full-period CCM and extended CCM analyses,

the long-term trends were removed to reduce the influence of shared low-frequency variability and to avoid inflated cross-map

skill arising from common trends.

To further investigate how the coupling evolves under different warming conditions, the full record was subsequently divided

into shorter subperiods. However, CCM analysis is no longer suitable for the segmented GW and PWVGW series. The shorter195

records substantially reduce the available low-frequency variability, and detrending further weakens the remaining dynamical

structure, particularly during the weak-warming phase, where the residual signals become easily dominated by noise. Under

these conditions, the reconstructed manifolds no longer contain sufficient nonlinear information to support reliable CCM

inference. Therefore, instead of segmented CCM analysis, linear regression was applied to the original subperiod series to

quantify the sensitivity of PWVGW to temperature changes under different warming regimes.200

2.5 BEAST Breakpoint Detection and Subperiod Analysis

To detect structural changes in the global warming rate, we applied the BEAST algorithm to the global mean temperature

series (Zhao et al., 2019). BEAST decomposes a time series into seasonal, trend, and noise components within a Bayesian

framework while simultaneously identifying potential changepoints. In this study, we focused on the trend component T (t),

which represents the long-term evolution of global mean temperature.205

The trend was modeled as a piecewise polynomial. For a model with k changepoints located at τ1, τ2, . . . , τk, the trend can

be expressed as

T (t) =

k∑

j=0

βj(t)I
(
t ∈ [τj , τj+1)

)
, (9)

where I(·) is an indicator function and βj(t) is a polynomial of order p (here p= 1, i.e., piecewise linear) within each segment.

Rather than solving for a single best set of changepoints, BEAST treats both the number k and the locations τ as random

variables and samples their posterior distribution via Markov Chain Monte Carlo. The final trend estimate is obtained by210

averaging over all sampled models:

T̂ (t)≈ 1

N

N∑

i=1

T (t,Mi), (10)
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where Mi denotes the ith sampled model in the posterior ensemble and N is the total number of sampled models. This

averaging process yields a posterior changepoint probability at each time step, where a sharp peak in the posterior probability

distribution P (τ | y) indicates a robust structural break.

Applied to the global mean temperature series, BEAST identifies the most probable breakpoint at October 2013 (posterior215

probability = 0.81), separating a slow-warming phase (P1) from an accelerated-warming phase (P2). Based on this division, the

PWV components (PWVGW and PWVENSO) and climate indices were segmented accordingly. Within each subperiod, we

repeat both the lagged-correlation and CCM analyses to determine whether coupling strength and directionality shift between

these warming phases.

3 Result220

3.1 Separated warming and ENSO signals in global GNSS PWV

The ICA-derived warming-related component (PWVGW ) exhibits a clear long-term increase over the study period (Fig. 2c),

closely following the rise in global mean temperature. The lag-correlation analysis shows a peak correlation of r = 0.79 at

zero lag, indicating a nearly synchronous relationship between PWVGW and global mean temperature. This synchronous

behaviour is consistent with a thermodynamic control on atmospheric moisture, as expected from the Clausius–Clapeyron225

relationship. The spatial loading pattern of PWVGW provides further support for this interpretation (Fig. 2a). Because the

temporal evolution of PWVGW is positively correlated with global mean temperature, the predominantly positive loadings

indicate that GNSS-observed land PWV generally increases during the positive phase of the warming-related component. The

predominantly positive and spatially coherent loading pattern suggests that PWVGW captures a large-scale warming-related

moistening signal in the global land PWV field.230

Unlike PWVGW , PWVENSO is dominated by interannual variability rather than a long-term trend (Fig. 2d). Its fluctuations

closely follow those of the ONI, with a peak correlation of r = 0.77 reached when ONI leads PWVENSO by 12 months. This

lagged relationship indicates that ENSO-related SST variability is followed by a delayed adjustment in the GNSS-observed

PWV field. The spatial loading pattern of PWVENSO differs markedly from that of PWVGW (Fig. 2b). Significant loading

values are predominantly found in tropical regions, where the water vapour response to sea surface temperature (SST) anoma-235

lies is most direct and pronounced. This behavior is physically consistent with the large-scale influence of ENSO on tropical

SST and atmospheric circulation (Diaz et al., 2001). Through these coupled ocean-atmosphere variations, ENSO can substan-

tially affect the distribution and variability of atmospheric moisture, leading to pronounced PWV anomalies in the tropics.

Thus, PWVENSO represents an interannual water-vapour signal linked to ENSO-related dynamical variability rather than to

the long-term thermodynamic moistening captured by PWVGW .240

Together, these results indicate that warming-related thermodynamic moistening and ENSO-related interannual variability

are expressed as distinct components in the global GNSS PWV record, providing a basis for the coupling analyses below.
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(a) (b)

(c)

(d)

Figure 2. Spatial patterns and temporal evolution of the ICA-derived PWV modes associated with global warming and ENSO. (a)–(b) Spatial

loading patterns of PWVGW and PWVENSO . (c)–(d) Temporal evolution of PWVGW with global warming (GW ) and PWVENSO with

the ONI, respectively. For visual comparison, the ONI series in (d) is shifted forward by 12 months, corresponding to the lag at which ONI

leads PWVENSO .

3.2 Directional coupling between climate variability and PWV components

To investigate the directional interactions between the extracted PWV components and the corresponding climate indices,

CCM analysis was performed for the full 2003–2025 period. In CCM, causal influence is inferred from the convergence of the245

cross-map skill (ρ) with increasing library size together with statistical significance, rather than from the absolute magnitude

of ρ. As shown in Fig. 3 and Fig. 4, the warming and ENSO modes exhibit markedly different causal behaviors.

For the warming-related mode, both directions exhibit convergence as the library size increases (Fig. 3a). Here, the notation

X → Y denotes cross mapping from the reconstructed manifold of Y to estimate the states of X , which is interpreted as the

causal influence of X on Y . The cross-map skill for GW → PWVGW converges to ρ= 0.84 and passes the 95% significance250

test based on phase-randomized surrogates (p= 0.001; Fig. 3b). In contrast, although the reverse direction PWVGW →GW

also shows convergence with a cross-map skill of ρ= 0.55, it does not reach the 95% significance level (p= 0.135; Fig. 3c).

These results indicate a significant causal influence of global warming on PWVGW . These results indicate a significant causal

influence of global warming on PWVGW , whereas the reverse direction is not statistically robust within the CCM framework.
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Figure 3. CCM analysis between GW and PWVGW . (a) Convergence of cross-map skill (ρ) with increasing library size for both directions.

(b)–(c) Phase-randomized surrogate significance tests for GW → PWVGW and PWVGW →GW , respectively. The red line denotes the

observed cross-map skill, and the dashed line indicates the 95% surrogate threshold.
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Figure 4. CCM analysis between ENSO and PWVENSO . (a) Convergence of cross-map skill (ρ) with increasing library size for both

directions. (b)–(c) Phase-randomized surrogate significance tests for ENSO → PWVENSO and PWVENSO → ENSO, respectively.

The red line denotes the observed cross-map skill, and the dashed line indicates the 95% surrogate threshold.
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Figure 5. Extended CCM analysis between GW and PWVGW . (a) Lag-dependent cross-map skill (ρ) for both directions over lags from

−18 to +18 months. Large filled circles indicate lags passing the 95% surrogate significance test, black circles denote the optimal lag

with maximum cross-map skill, and dashed lines represent the corresponding 95% surrogate thresholds. (b)–(c) Convergence of cross-map

skill with increasing library size at the optimal lag for GW → PWVGW and PWVGW →GW , respectively. (d)–(e) Phase-randomized

surrogate significance tests at the optimal lag for each direction.

This asymmetric relationship is consistent with the thermodynamic dependence of atmospheric moisture on temperature and255

agrees with the established water vapour–radiation feedback mechanism (Schneider et al., 1999; Yang and Tan, 2020; Orth,

2021).

In contrast, the ENSO-related mode shows different CCM characteristics in the two directions (Fig. 4). The cross-map

skill for PWVENSO → ENSO converges to ρ= 0.91 and is statistically significant (p= 0.001; Fig. 4c). By comparison, the

ENSO→ PWVENSO direction shows weaker convergence with ρ= 0.73 and does not pass the 95% significance thresh-260

old (p= 0.900; Fig. 4b). These results suggest that PWVENSO contains dynamical information related to ENSO evolution,

whereas the reverse direction is not supported by the CCM significance test. This apparent asymmetry does not necessarily
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contradict the expected influence of ENSO-related SST anomalies on atmospheric water vapour. Instead, it suggests that the

inferred coupling may depend on the temporal offset between ENSO variability and the PWV response. This interpretation is

consistent with the lead–lag analysis, which shows that ONI leads PWVENSO by approximately 12 months. Therefore, an265

extended CCM analysis is needed to examine whether ENSO exerts a delayed influence on the ENSO-related PWV component.

Extended CCM analyses were further performed over lags from −18 to +18 months to examine the lag dependence of

the coupling. Fig. 5 shows the results for global warming and PWVGW . Significant cross-map relationships are identified

over a broad range of lags in both directions (Fig. 5a). The maximum cross-map skill for GW → PWVGW occurs at l =−8

months, with ρ= 0.831 (Fig. 5b), and the corresponding surrogate test confirms statistical significance (p= 0.001; (Fig. 5d).270

In contrast, the PWVGW →GW direction reaches its maximum cross-map skill at l = 10 months with ρ= 0.642 (Fig. 5c)

and also passes the significance test (p= 0.035; Fig. 5e).

According to the extended CCM framework proposed by Ye et al. (2015), negative optimal lags are generally consistent with

causal forcing from the driving variable to the response variable, whereas positive optimal lags are more commonly associated

with generalized synchrony under strong unidirectional forcing. In this study, the strongest GW → PWVGW relationship275

occurs at a negative lag, indicating that changes in global temperature tend to precede the adjustment of atmospheric water

vapour. This result is physically consistent with the thermodynamic dependence of atmospheric water vapour on temperature.

By comparison, the positive optimal lag in the reverse direction suggests that the apparent PWVGW →GW relationship is

more likely related to synchronization effects rather than an independent influence from atmospheric water vapour to global

temperature. Overall, the extended CCM results support a dominant warming-to-PWV coupling, with PWVGW primarily280

reflecting a delayed atmospheric-moisture response to global warming.

Fig. 6 presents the extended CCM results for ENSO and PWVENSO. The maximum cross-map skill for ENSO→
PWVENSO occurs at l =−11 months, with ρ= 0.901 (Fig. 6b), and is statistically significant (p= 0.046; Fig. 6d). The

PWVENSO → ENSO direction reaches its maximum at l =−7 months with ρ= 0.949 (Fig. 6c) and also passes the sig-

nificance test (p= 0.001; Fig. 6e). The optimal lags in both directions are negative, consistent with bidirectional coupling285

within the extended CCM framework of Ye et al. (2015). Combined with the approximately 12-month lead of ONI relative

to PWVENSO identified in the time-series analysis (Fig. 2d), these results further support that ENSO-related SST anomalies

exert a delayed influence on large-scale atmospheric water vapour variability. Meanwhile, the significant negative lag in the

PWVENSO → ENSO direction suggests that atmospheric water vapour variability may also contain feedback-related infor-

mation on ENSO evolution. Overall, the extended CCM results suggest that the ENSO–PWVENSO interaction involves both290

the delayed response of atmospheric water vapour to ENSO forcing and a possible feedback effects from atmospheric water

vapour to ENSO (Tian et al., 2026).

3.3 Causal Evolution Under Accelerated Warming

The BEAST analysis identifies a pronounced breakpoint in the global mean temperature series around October 2013 (Fig. 7a),

separating the record into a slow-warming period (P1: January 2003–October 2013) and an accelerated-warming period295

(P2: November 2013–December 2025). The estimated warming rate increases markedly from 0.06◦C/decade during P1 to
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Figure 6. Extended CCM analysis between ENSO and PWVENSO . (a) Lag-dependent cross-map skill (ρ) for both directions over lags

from −18 to +18 months. Large filled circles indicate lags passing the 95% surrogate significance test, black circles denote the optimal lag

with maximum cross-map skill, and dashed lines represent the corresponding 95% surrogate thresholds. (b)–(c) Convergence of cross-map

skill with increasing library size at the optimal lag for ENSO → PWVENSO and PWVENSO → ENSO, respectively. (d)–(e) Phase-

randomized surrogate significance tests at the optimal lag for each direction.

0.32◦C/decade during P2, indicating a substantial intensification of global warming after 2013. The breakpoint is used here to

define two observational periods for subsequent comparison.

The corresponding PWV components exhibit distinct behaviors across the two warming regimes (Fig. 7b,c). During P1,

both GW and PWVGW display relatively weak variability and limited long-term change. In contrast, P2 is characterized300

by larger amplitudes and more coherent long-term variations in both series, consistent with the accelerated warming trend.

By comparison, the oscillatory behavior of ONI and PWVENSO remains evident throughout both periods, indicating that

ENSO-related variability persists under different warming backgrounds.

The relationship between GW and PWVGW shows a clear dependence on the warming background. Over the full study

period, the two variables exhibit their strongest correlation at near-zero lag (r = 0.79), indicating an approximately synchronous305
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Figure 7. BEAST-based warming-stage segmentation and temporal evolution of climate indices and ICA-derived PWV components. (a)

BEAST decomposition of global mean temperature, showing a major breakpoint in October 2013 separating slow-warming (P1) and

accelerated-warming (P2) stages, with linear trends indicated by blue lines. (b)–(c) Temporal evolution of GW and PWVGW during P1

and P2. (d)–(e) Temporal evolution of ONI and PWVENSO during P1 and P2.

relationship. However, during P1, the correlation weakens substantially and does not pass the significance test (r = 0.21), likely

because the warming trend during this stage is relatively weak. During P2, the correlation strengthens and remains centered

near zero lag (r = 0.50, p < 0.05). The stronger and statistically significant relationship during P2 indicates that the warming-

related PWV component becomes more tightly linked to global temperature when the background warming is more rapid.

For the ENSO-related mode, the strongest lagged correlation consistently occurs when PWVENSO lags ONI by approxi-310

mately 12 months (Fig. 7d,e). Over the full 2003–2025 period, the maximum lagged correlation reaches r = 0.77. Comparable

lag structures are observed in both subperiods, with peak correlations of r = 0.80 during P1 and r = 0.76 during P2. The per-

sistence of this approximately 12-month lag suggests that the delayed PWV response to ENSO-related SST variability remains

temporally stable across the transition to accelerated warming.

To examine how the warming-related relationship changes under different warming backgrounds, the relationship between315

GW and PWVGW is analysed separately for the two subperiods. Because the segmented GW and PWVGW series are

strongly trend-dominated and exhibit limited low-frequency variability after detrending, CCM analysis is not suitable for these

15

https://doi.org/10.5194/egusphere-2026-3934
Preprint. Discussion started: 11 August 2026
c© Author(s) 2026. CC BY 4.0 License.



(a) (b)

Figure 8. Enhanced sensitivity of atmospheric water vapour to global warming during the accelerated-warming stage. (a) Regression rela-

tionship between GW and PWVGW for the two subperiods. (b) Bootstrap distributions of the regression slopes for P1 and P2.
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Figure 9. Extended CCM results for the ENSO–PWVENSO coupling during the two warming stages. (a) Lag-dependent cross-map skill

for P1. (b) Lag-dependent cross-map skill for P2. Large filled circles indicate lags passing the 95% significance test, black circles denote

the optimal lag corresponding to the maximum cross-map skill, and dashed lines represent the corresponding 95% surrogate significance

thresholds for each direction.
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Figure 10. Convergence characteristics of the extended CCM analyses for the ENSO–PWVENSO coupling under different warming stages.

(a)–(b) Convergence of cross-map skill with increasing library size at the optimal lag during P1 and P2, respectively. (c) Comparison of the

maximum cross-map skill between the two subperiods for both causal directions.

subperiod records. Therefore, linear regression is used to quantify the sensitivity of the warming-related PWV component to

temperature change during P1 and P2.

Fig. 8 shows the regression relationships between GW and PWVGW for the two subperiods. The regression slope increases320

substantially from 0.61 during P1 to 1.71 during P2 (Fig. 8a), indicating a pronounced enhancement in the sensitivity of

PWVGW to warming during the accelerated-warming stage. Bootstrap resampling with 1,000 iterations further confirms the

robustness of this change. The slope distributions for P1 and P2 exhibit only minimal overlap (Fig. 8b), and a two-sample

Z-test indicates that the difference between the mean slopes is highly significant (p < 0.0001). The ratio between the two mean

slopes reaches approximately 2.83.325

The enhanced sensitivity during P2 suggests that atmospheric water vapour responds more strongly to warming under a

warmer climate background. This behavior is consistent with the Clausius–Clapeyron relationship, under which a warmer

atmosphere can retain more water vapour for a given temperature increase. As a result, accelerated warming is accompanied

not only by a faster rise in global temperature, but also by an enhanced sensitivity of atmospheric water vapour to temperature

change.330

The evolution of the ENSO–PWVENSO coupling under different warming backgrounds is further examined using the

extended CCM for P1 and P2 separately (Fig. 9). In both subperiods, the optimal cross-map lags remain negative in the
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two directions, consistent with bidirectional coupling according to the extended CCM framework of Ye et al. (2015). Dur-

ing P1, the maximum cross-map skill for ENSO → PWVENSO occurs at l =−12 months, whereas the optimal lag for

PWVENSO → ENSO is l =−8 months (Fig. 9a). Both directions pass the significance test based on phase-randomized335

surrogates. During P2, the optimal lag structure remains nearly unchanged, with peak cross-map skills occurring at l =−11

months for ENSO→ PWVENSO and l =−8 months for PWVENSO → ENSO (Fig. 9b). The persistence of similar nega-

tive optimal lags across the two warming stages indicates that the lag-dependent ENSO–PWV interaction is largely preserved

under accelerated warming.

Fig. 10 shows the convergence behavior at the optimal lags. During P1, both directions exhibit clear convergence with340

increasing library size, and the maximum cross-map skills reach ρ= 0.989 for ENSO→ PWVENSO and ρ= 0.966 for

PWVENSO → ENSO (Fig. 10a,c). During P2, the maximum cross-map skill for PWVENSO → ENSO increases slightly

to ρ= 0.979, suggesting a modest strengthening of the atmospheric water vapour feedback to ENSO (Fig. 10b,c). In contrast,

the cross-map skill for ENSO→ PWVENSO decreases to ρ= 0.931. Although the observed cross-map skill remains close

to the 95% surrogate significance threshold, the convergence curve still increases steadily with library size, suggesting that the345

ENSO influence on atmospheric water vapour remains detectable during the accelerated-warming stage.

Overall, the segmented extended CCM analyses suggest that the bidirectional coupling structure between ENSO and atmo-

spheric water vapour persists across different warming backgrounds, although the relative strength of the two directions changes

during the accelerated-warming period. In particular, the ENSO→ PWVENSO pathway weakens during P2, whereas the

PWVENSO → ENSO pathway remains comparatively robust. These results suggest that accelerated warming may alter the350

relative balance of the ENSO–atmospheric water-vapour coupling while preserving its overall lag-dependent interaction pat-

tern.

4 Discussion

This study shows that global GNSS-derived PWV contains separable water vapour signals associated with sustained global

warming and ENSO-related interannual variability. The ICA results indicate that these two signals differ not only in their355

temporal behavior, but also in their spatial expression and coupling structure. This separation is important because atmospheric

water vapour is affected simultaneously by long-term thermodynamic moistening, ocean–atmosphere variability, and regional

moisture transport. The results therefore suggest that long-term GNSS PWV observations provide independent ground-based

evidence for how atmospheric moisture responds to both forced warming and natural climate variability.

The warming-related component has the clearest physical interpretation. Its near-synchronous relationship with global mean360

temperature, predominantly positive spatial loading pattern, and dominant GW → PWVGW coupling all indicate that this

component mainly represents the thermodynamic moistening of the atmosphere under global warming. The stronger regression

slope during the accelerated-warming period further suggests that the PWV response to temperature becomes more pronounced

under a warmer background climate. This behaviour is consistent with Clausius–Clapeyron thermodynamic scaling, under
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(a) (b)

Figure 11. ENSO variability under different warming stages. (a) Probability density distributions of ONI during P1 and P2. (b) Frequencies

of El Niño and La Niña events under different ONI intensity thresholds for the two subperiods.

which a warmer atmosphere can hold more water vapour for a given temperature increase. Thus, accelerated warming appears365

to strengthen the thermodynamic control of temperature on global land atmospheric moisture.

The ENSO-related component exhibits a more complex, lag-dependent coupling structure. The approximately 12-month lead

of ONI relative to PWVENSO, together with the extended CCM results, supports a delayed influence of ENSO-related SST

variability on large-scale atmospheric water vapour. At the same time, the significant PWVENSO → ENSO pathway suggests

that water-vapour variability may contain feedback-related information on ENSO evolution or reflect shared coupled ocean–370

atmosphere dynamics. This suggests that the ENSO-related PWV signal reflects not only a delayed atmospheric response to

ENSO forcing, but also a broader lag-dependent coupling with ENSO-related ocean–atmosphere variability.

A key implication of the segmented analysis is that accelerated warming changes the relative balance between thermo-

dynamic moistening and ENSO-related variability in the PWV field. Although the lag structure of the ENSO–PWVENSO

relationship remains broadly stable across the two warming periods, the ENSO→ PWVENSO cross-map skill weakens dur-375

ing the accelerated-warming stage. This weakening is unlikely to result from reduced ENSO activity, because ONI variability

remains strong during P2: the ONI standard deviation increases from 0.704 in P1 to 0.884 in P2, the frequency of strong and

extreme El Niño events also increases, and the ONI distributions differ significantly between the two periods according to the

Kolmogorov–Smirnov test (p= 0.037; Fig. 11). A more plausible explanation is that the strengthened warming-related moist-

ening signal increases the thermodynamic contribution to PWV variability, thereby reducing the relative imprint of ENSO-380

driven variability in the global land PWV field. In this sense, accelerated warming may alter the behavior of atmospheric water

vapour by increasing the dominance of long-term thermodynamic forcing over interannual dynamical variability.

Several limitations should be noted. The GNSS PWV record spans slightly more than two decades, which limits the robust-

ness of nonlinear coupling analysis, especially after segmentation into two warming periods. In addition, the heterogeneous

land-based distribution of GNSS stations means that the results mainly represent GNSS-observed land PWV rather than the385
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full global water-vapour field. Finally, although ICA and CCM provide useful diagnostics for separating climate-related PWV

signals and assessing directional coupling, residual signal mixing and uncertainties in causal interpretation may remain.

Despite these limitations, the results demonstrate that global GNSS PWV observations provide physically meaningful evi-

dence for changes in the state and behaviour of atmospheric moisture under sustained warming and ENSO-related variability.

The findings suggest that accelerated warming strengthens the thermodynamic control on atmospheric water vapour while re-390

ducing the relative dominance of ENSO-related variability in the global land PWV field. This indicates that the atmospheric

water-vapour response to climate forcing and interannual variability is not stationary, but evolves as the background climate

becomes warmer.

5 Conclusions

This study investigated the coupling between global GNSS-derived PWV and large-scale climate variability over 2003–2025395

by combining ICA, CCM, extended CCM, and BEAST-based warming-stage detection. Two climate-related PWV components

were identified: a warming-related component (PWVGW ) and an ENSO-related component (PWVENSO).

The results show that sustained warming and ENSO-related variability leave separable signals in the GNSS-observed land

PWV field. PWVGW exhibits a coherent long-term increase and is closely linked to global mean temperature, with a peak

correlation of r = 0.79 at zero lag. In contrast, PWVENSO is dominated by interannual variability and lags ONI by approxi-400

mately 12 months, with a peak correlation of r = 0.77. These findings indicate that long-term GNSS PWV observations provide

independent ground-based evidence for distinct warming-driven and ENSO-related water-vapour variability. Previous GNSS-

based PWV studies have mainly examined regional PWV variability, long-term trends, or ENSO-related correlations using

covariance-based methods such as EOF/PCA. By using ICA to better account for the non-Gaussian nature of ENSO-related

variability, this study may provide the first global-scale, robust separation of both warming-related and ENSO-related PWV405

signals from long-term GNSS observations.

The coupling analyses show that PWVGW responds primarily to global warming, consistent with the thermodynamic de-

pendence of atmospheric moisture on temperature. By contrast, PWVENSO exhibits lag-dependent bidirectional coupling,

indicating a delayed atmospheric water-vapour response to ENSO-related SST variability and a possible feedback link be-

tween atmospheric moisture and ENSO evolution. This advances previous correlation-based interpretations by showing that410

the ENSO–PWV relationship is not only statistically associated, but also strongly lag-dependent and directionally asymmetric.

After the transition to accelerated warming around 2013, the sensitivity of PWVGW to temperature increases substantially,

with the regression slope rising from 0.61 during P1 to 1.71 during P2. Meanwhile, the ENSO→ PWVENSO cross-map

skill weakens during P2 despite sustained ENSO variability, with the ONI standard deviation increasing from 0.704 to 0.884.

These findings suggest that accelerated warming strengthens the thermodynamic contribution to atmospheric water vapour and415

reduces the relative dominance of ENSO-related variability in the global land PWV field. This provides new observational

evidence that the relative influence of forced warming and interannual ENSO variability on atmospheric moisture can shift as

the background climate warms.
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Several limitations should be acknowledged. The GNSS record is still relatively short for segmented nonlinear coupling

analysis, and the station network mainly represents land areas with heterogeneous spatial coverage. These factors may introduce420

some uncertainty in the estimated coupling strength, but they do not change the overall consistency among the ICA, lead–lag,

CCM, and physical interpretation results. In addition, ICA and CCM provide diagnostic evidence for signal separation and

directional coupling, although residual signal mixing and uncertainties in causal interpretation may remain. Future work using

longer GNSS records and improved station coverage would help extend this framework and further clarify how atmospheric

moisture behaviour evolves under continued warming.425

Overall, this study provides observational evidence that the atmospheric water-vapour response to sustained warming and

ENSO-related interannual variability is not stationary but evolves as the background climate warms. The results imply that

atmospheric moisture is becoming increasingly shaped by warming-driven thermodynamic control, with important implications

for understanding the changing state and behaviour of atmospheric moisture and the future evolution of the atmospheric branch

of the global water cycle.430
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