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Abstract. The Liang—Kleeman Information Flow (LKIF) framework has been increasingly used to identify
causality in Earth—system dynamics in recent years. Yet, uncertainties remain regarding how the causal graph
changes when mediators and confounders (conditioners) are introduced, i.e., divergence between the bivariate
and conditioned forms. A controlled synthetic experiment shows that LKIF preserves correct causal directions
under hidden confounding, while differences between bivariate and multivariate estimates still occur. We charac-
terize these differences using time-varying LKIF and introduce several quantifiers, including Conditioner Dom-
inance Index, Moderation Gain, Conditioning Pressure, and Convergence Rate, to evaluate the contributions of
conditioners. This is illustrated in an application to soil moisture (SM) and vapor pressure deficit (VPD) cou-
plings with vegetation (leaf area index (LAI) and gross primary productivity (GPP)) in humid forest regions of
Southeast China and the Amazon Basin, using satellite-derived and reanalysis data over 1981-2018. We find that
the influence of SM on LAI remains consistently stable and shows little sensitivity to the selected conditioners,
whereas its influence on GPP and that of VPD on vegetation exhibit substantial divergence between bivariate and
multivariate estimates. This divergence peaks under compound dry-hot conditions, with VPD and temperature
emerging as dominant conditioners. These results demonstrate that bivariate and multivariate LKIF can yield
markedly different conclusions across time and space, especially under compound environmental stress. More
importantly, even for the same variables in a causal graph, the same conditioners can affect the temporal evolu-
tion of the causal relationships very differently at different locations. This highlights how stationary assumptions
may oversimplify causal structure by masking relevant temporal transitions, particularly under compound envi-
ronmental stress.
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1 Introduction

Land-atmosphere interactions are essential for modulating
the flow of energy, water, and carbon between the surface
of the land and the atmosphere, and they are especially re-
sponsive to extreme climate events. The soil-vegetation—
atmosphere coupling continuum is central to these interac-
tions, influencing and responding to changes in environmen-
tal conditions (Piao et al., 2020; Cui et al., 2020). Extreme
events, like droughts and heatwaves, disrupt these interac-
tions by depleting soil moisture (SM) and increasing va-
por pressure deficit (VPD) — two key drivers of vegetation
stress (Novick et al., 2016; Liu et al., 2020; Zhong et al.,
2023). While SM regulates the quantity of water accessi-
ble for plant absorption (Sperry et al., 2017), VPD indicates
the atmospheric demand for water, affecting plant transpi-
ration and stomatal function (Zhou et al., 2019). The co-
occurrence of restricted water supply and heightened evap-
orative demand during extreme conditions can significantly
stress plants, leading to a decrease in photosynthesis and hin-
dering growth (Green et al., 2019; Liu et al., 2020). This
has significant implications for food and water security, es-
pecially in water-scarce regions. It is, therefore, vital to un-
derstand how vegetation responds to variations in SM (rep-
resenting moisture supply) and VPD (representing mois-
ture demand) during extreme events for assessing ecosys-
tem vulnerability/resilience and to improve the prediction of
vegetation—climate feedbacks. However, accurate predictions
require observing and quantifying/representing these events
to better understand them, unhindered by relative sensitivi-
ties in climate and weather models.

Most existing studies have investigated the relationships
among SM, VPD, and vegetation using conventional statis-
tical techniques such as correlation and regression (Yuan et
al., 2019; Zhong et al., 2023). While these approaches can
reveal co-variability, they identify symmetrical relationships
that do not imply causation or directionality (Stips et al.,
2016; Docquier et al., 2023). As a result, utilizing basic sta-
tistical methods makes it challenging to differentiate cause
from effect. To address these limitations, several causal infer-
ence techniques, such as Granger Causality (GC) and Peter
and Clark Momentary Conditional Independence (PCMCI),
have been suggested to investigate complex land—atmosphere
interactions (Papagiannopoulou et al., 2017; Krich et al.,
2020; Dubey and Ghosh, 2023). In land—atmosphere stud-
ies, these methods have been used to infer lagged direc-
tional links among hydroclimatic and vegetation variables,
to reconstruct process or causal networks, and to disentangle
more direct dependencies from indirect pathways and ob-
served common drivers; for example, information-theoretic
process-network approaches have been applied to ecohydro-
logical systems, and PCMCI has also been used to estimate
biosphere—atmosphere causal networks (Ruddell and Kumar,
2009; Krich et al., 2020). Although these methods allow us
to retrieve causal relationships, they continue to encounter
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challenges such as inconsistent or method-dependent causal
estimates, strong sensitivity to assumptions (e.g., stationar-
ity), difficulty in representing multiscale feedbacks, and lim-
ited robustness in the presence of hidden or time-varying
confounders (Docquier et al., 2024; Shao et al., 2024). Re-
cently, the Liang—Kleeman Information Flow (LKIF) has
surfaced as an encouraging formalism to quantify cause—
effect relationships (Liang, 2013, 2014, 2016, 2021). In
land—atmosphere applications, LKIF has been used to quan-
tify directional SM influences on precipitation and tempera-
ture, and to diagnose evolving coupling strength in nonsta-
tionary systems (Hagan et al., 2019; Liu and Pu, 2019; Sun
et al., 2025; Takaya et al., 2025). The LKIF framework dif-
fers from causal measures introduced primarily through sta-
tistical association, prediction, or conditional-independence
criteria because its information flow rate is derived from the
entropy evolution of an underlying dynamical system (Liang,
2016). Specifically, the information flow (Tx_.y) is obtained
by decomposing the rate of change of the marginal entropy of
Y into the entropy tendency arising when the influence of X
is instantaneously excluded and the contribution transferred
from X. This derivation yields the principle of nil causality
as a theorem: if the evolution law of Y is independent of X,
then Tx_,y = 0.

In contrast, GC and transfer entropy define influence
through improved prediction, while PCMCI identifies causal
links through iterative conditional-independence testing
among lagged variables. LKIF provides a directional, signed
rate of entropy transfer grounded in dynamical systems rather
than only a measure of statistical dependence (Liang, 2016;
Docquier et al., 2024). Its time-varying and multivariate ex-
tensions allow this rate to evolve through time and to be es-
timated while accounting for other observed variables. Nev-
ertheless, the empirical estimator remains dependent on the
assumed dynamical representation, sampling characteristics,
and adequacy of the variables included in the analysis.

Originally, LKIF assumed stationarity (Liang, 2013,
2014), such that causal relationships were considered con-
stant over time. However, in reality, interactions like
vegetation—climate are fundamentally non-stationary pro-
cesses, such that assuming stationarity could restrict our un-
derstanding by overlooking important temporal variations,
especially when anomalous events arise. To address this is-
sue, Hagan et al. (2019) adapted the bivariate LKIF frame-
work to handle non-stationarity, which was further extended
by Zhou et al. (2024) (Z24 hereafter) into a multivariate, non-
stationary form, building on the multivariate LKIF approach
by Liang (2021). Z24’s multivariate approach allows for the
inclusion of mediating and/or confounding variables, provid-
ing deeper insights into causal links. Here, a variable is a me-
diator (M) if it lies on the causal pathway between a driver
X1 and aresponse X, (X1 — M — X»). Conditioning on M
in the multivariate LKIF framework helps separate the direct
information flow X| — X5 from indirect contributions trans-
mitted through M. Meanwhile, a confounder is a variable
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C that influences both X; and X, (C — X; and C — X»);
omitting C can bias the estimated coupling by inducing a
spurious information flow between X and X;. Z24 demon-
strated through theoretical experiments that both the multi-
variate and bivariate LKIF approaches are valuable for un-
derstanding land—atmosphere interactions, even in the pres-
ence of mediators and confounders. In this study, we consider
both mediators and confounders under the same terminology,
i.e., “conditioners”.

While the LKIF has been successfully applied to many
problems in geoscience, uncertainties remain regarding the
physical limitations of using the bivariate and multivariate
forms, especially when applied to land—atmosphere interac-
tions. For instance, Z24 noted that the multivariate and bi-
variate forms yield similar results in the presence of exter-
nal variables but did not provide conclusive criteria for when
the bivariate LKIF may be compromised or less reliable,
and more importantly, did not clarify the physical limita-
tions leading to their differences. Meanwhile, Docquier et al.
(2023) showed that, in a time-invariant LKIF analysis, omit-
ting a key state variable can make bivariate and multivari-
ate estimates diverge substantially. Furthermore, interactions
in, say, the land—atmosphere continuum are tightly coupled
with overlapping drivers; for example, vegetation responses
may be shaped simultaneously by SM, VPD, and tempera-
ture (Novick et al., 2016; Green et al., 2017; Liu et al., 2020).
In such cases, neglecting important variables could lead to
inflated or misleading causal strength and variability. More-
over, the influence of these variables is not static but depends
on the prevailing land—atmosphere state, where different en-
vironmental conditions shape how strongly additional vari-
ables contribute to the estimated causal relationships.

This motivates a key question which we explore in this
study: under which conditions do the bivariate and multivari-
ate LKIFs differ? More precisely, why would they differ in
different locations for the same time period, or differ over
time for the same location, even when the same variables are
used? This raises the question of how the influence of “con-
ditioners” varies in space and time in the causal estimation
based on LKIF, especially under a nonstationary assumption.
In this study, we investigate the importance of conditioners in
estimating vegetation responses, based on gross primary pro-
ductivity (GPP) and leaf area index (LAI), to SM and VPD
using the Z24 framework. Indications from Z24 suggest that
the influence of conditioners may rely on the level of depen-
dency between the cause and the effect variables. Thus, in
this study, we leverage this idea to further explore the condi-
tions under which there would be more relevance for condi-
tioners in the LKIF estimation. Understanding these dynam-
ics is critical for accurately studying vegetation responses to
hydroclimatic drivers.

https://doi.org/10.5194/esd-17-1551-2026

2 Materials and Methods

2.1 Causality Formalism

The causal inference method applied here is based on the
LKIF causality analysis formalism, which is rigorously de-
rived and formulated from first principles (Liang, 2014,
2016, 2021). In this context, the causality from one time se-
ries (X»2) to another (X1) is quantified by the rate at which
information flows from X5 to X;. Liang (2021) extended this
approach to a d—dimensional space to include the influence
of potential confounding factors that may impact the rela-
tionship between X, and X . In a system with d time series,
the information flow from X, to X, while accounting for
conditioning variables, is expressed as (Eq. 1):

1 d Cn

Tos113,4,..d = o C Zj=1A2jCj,d1 Cn (1)
where T>_,1)3,4,....4 1s the LKIF from X, to X taking into
account the influence of X3, ..., X4z on X1, C is the sample
covariance matrix, and det C is its determinant. Aj; denotes
the cofactor of C. C; 41 represents the sample covariance be-
tween X ; and the temporal derivative dX/d¢ using Euler’s
forward differencing, C1; is the sample covariance between
X1 and X5 and Cq; is the sample variance of X (for details
see Liang, 2021).

Recently, Z24 extended Liang’s multivariate information
flow framework by incorporating the Kalman filter to address
non-stationarity, resulting in the Multivariate Time-varying
Liang—Kleeman Information Flow method. This approach al-
lows for the dynamic tracking of causality between multiple
time series variables. Within this framework, the Kalman fil-
ter estimates the covariance matrix at each time step, which is
then used for calculating the time-varying causality between
the system’s variables. The key equation for Z24 is (Eq. 2):

1

d
. Ppp
T N=—=>" AP 2
2513,4,..,d(1) detP,'zl 2 Prdi 5 (2)

where T7_,13,4,....4 is the LKIF from X5to X taking into
account the influence of X3, ..., X4 on X1, P is the resulting
covariance matrix estimated by the Kalman filter and updated
at each time step, and det P denotes its determinant. A,- j are
the cofactors of the matrix P. And P; 4 are the resulting
covariance between X ; and the temporal derivative dX,/dt.
Py, is the covariance between X; and X, and Pj; is the
variance of X (for details, see Z24 (Zhou et al., 2024)).

In this study, the time-varying covariance matrix was es-
timated using a square-root Kalman filter within the Z24
framework. The Kalman gain was computed recursively
within the filter from the evolving covariance estimates. The
process-noise covariance matrix Q and measurement-noise
covariance matrix R were estimated from the input series us-
ing a moving-window procedure. Specifically, the input vec-
tor was first smoothed using an unweighted moving average
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(UWMA) with a window length of 24 months, and covari-
ance estimation was then performed over a lookback window
of 90 months. The filter was initialized using the smoothed
signal as the initial a posteriori state estimate and identity
matrices as the initial covariance factors.

In the present implementation, the Z24 framework tracks
evolving covariance structure through a Kalman-filter-based
formulation and therefore relies on a linear approximation
over short temporal intervals. This approximation is useful
for resolving time-varying behaviour in nonstationary sys-
tems, but it may not fully represent strongly nonlinear re-
sponses. In land—atmosphere systems, such behaviour may
arise under strongly varying or extreme environmental con-
ditions. Accordingly, the inferred time-varying information
flow (IF) should be interpreted in light of this approximation.

To evaluate the statistical significance of the LKIF at each
time step, the information flow estimate is treated as ap-
proximately normally distributed. Its uncertainty is obtained
from the maximum-likelihood parameter covariance (inverse
Fisher information matrix), and the flow is considered signif-
icant when the absolute information flow exceeds the corre-
sponding significance threshold at the chosen level. A con-
trolled synthetic experiment demonstrating the behavior of
time-varying LKIF under hidden confounding is provided
in Appendix A. The results show that LKIF accurately re-
covers the correct causal directions and structure even as
the strength of unobserved confounding increases. However,
differences between bivariate and multivariate IF estimates
may arise, reflecting the influence of unobserved condition-
ers. These findings demonstrate that, while LKIF maintains
directional fidelity, conditioning is essential for isolating di-
rect effects and avoiding misinterpretation of causal strength.

In this study, the LKIF from SM and VPD to LAI/GPP is
quantified, while also accounting for the influence of multi-
ple conditioning variables (i.e., SM/VPD, temperature (T),
and surface solar radiation (SSR)). This directional focus re-
flects the roles of SM and VPD as terrestrial water supply
and atmospheric water demand, respectively, and the study
does not aim to provide an exhaustive bidirectional analysis
of all variable pairs. We interpret LKIF as a signed rate of di-
rected information transfer from a source variable to a target
variable. A statistically significant nonzero LKIF indicates a
directed causal influence of the source on the target, while the
absolute magnitude of LKIF characterizes the strength of the
directed influence. When LKIF is positive (41F), this sug-
gests that variability in the source increases the variability of
the target. In contrast, a negative LKIF (—IF) value indicates
that variability in the source decreases the variability of the
target (Liang, 2014; Docquier et al., 2024).

2.2 Differential Information Flow (AIF) Calculation

To assess how the causal influence of individual variables
(SM or VPD) on vegetation (LAI/GPP) changes in the pres-
ence of conditioners, the differential Information Flow (AIF)
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is computed. AIF is the signed difference between the bivari-
ate (T") and the multivariate (T™) IF (Eq. 3). The abso-
lute value of this difference is given by |AIF|. Applied to the
physical problem here (Egs. 4-5), this metric quantifies the
change in IF from SM/VPD to the vegetation (bivariate form)
and its multivariate form (taking into account the influences
from VPD/SM, T and SSR). Thus, AIF of SM and VPD is
calculated using the following equations:

Ap(t) = TP(1) — T™ (1) 3)
ASM(t) — TSM—>LAI/GPP(t) _ TSMﬁLAI/GPP\VPD,T,SSR(t) (4)

Avpp (1) = TVPD—LAI/GPP () _ TVPD—LAI/GPPISM.T.SSR (1) (5)

Based on the computed |AIF| values, we assess the condi-
tions under which the multivariate IF diverges (converges)
from (to) the bivariate form. A small |AIF| indicates that
the bivariate form is very similar to the multivariate one. In
such cases, the inclusion of additional variables does not no-
tably alter the overall estimated causal influence. However,
this similarity does not establish causal sufficiency or imply
that individual conditioners are unimportant, because oppos-
ing pathway contributions may compensate and yield a small
overall difference. Conversely, a large | AIF| suggests that the
causal influence is substantially modified when additional
variables are introduced, indicating a more complex causal
relationship. In this case, conditioners provide additional sig-
nificant information that reshapes the apparent causal struc-
ture. It is essential to note that the change in causal structure
by incorporating other variables does not necessarily imply
that the bivariate form is incorrect in isolating dependencies,
but rather that the quantitative information gathered is not
accurate. As discussed in Vannitsem et al. (2024), in a sim-
plified setting, the addition of observables can indeed modify
the amplitude or sign of the influence but not the importance
of the considered variable in the causal relationship uncov-
ered. The emergence of spurious LKIF is, however, possible
as illustrated in Docquier et al. (2023).

To assess the statistical significance of the AIF between
paired conditions (e.g., with vs. without a conditioner), a
paired two-tailed Student’s z-test was applied at each time
step using the set of grid-cell IF estimates within the study
region. A 95 % confidence interval (CI) for the difference in
means was computed, and AIF was considered statistically
significant when the CI did not include zero (equivalent to
p < 0.09).

To evaluate the sensitivity of this significance assessment
to the choice of testing framework, we additionally per-
formed a paired spatial block bootstrap at each monthly time
step. The bivariate-multivariate IF differences were resam-
pled using contiguous 3 x 3 grid-cell blocks, while preserv-
ing the pairing between the two estimates. This block re-
sampling retains local spatial dependence among neighbor-
ing grid cells rather than treating individual cells as fully in-
dependent resampling units. The bootstrap-based 95 % confi-
dence intervals identified the same significant periods as the
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paired t-test, and the bootstrap is therefore used here as a
complementary sensitivity assessment of the t-test-based sig-
nificance pattern.

Because significance was assessed repeatedly across
monthly time steps, we further applied the Benjamini—
Hochberg false discovery rate (FDR) procedure to the result-
ing monthly p-values to control the expected proportion of
false discoveries associated with multiple testing (Benjamini
and Hochberg, 1995; Wilks, 2016). The FDR correction did
not alter the temporal pattern of significant AIF.

The bootstrap is performed separately at each monthly
time step, with the spatial ensemble of grid cells provid-
ing the resampling dimension; temporally successive obser-
vations are therefore not treated as independent bootstrap
replicates. Nevertheless, successive IF estimates may retain
temporal dependence because they are derived from tempo-
rally filtered series. In addition, spatial block resampling re-
tains local dependence among neighboring grid cells but may
not fully capture longer-range spatial dependence. The re-
sulting confidence intervals may show some sensitivity to
the assumed block size. These confidence intervals should
therefore be interpreted as approximate regional uncertainty
bounds rather than exact pointwise significance tests.

2.3 Information-based Correlations (rlF)

In some cases, large differences may exist between the mul-
tivariate and bivariate forms; however, the correlations be-
tween their time-varying estimates could be very high, im-
plying that they capture the same physical process but at
different magnitudes. Therefore, we also assess the Pearson
correlation (rIF) between the time-varying bivariate IF and
the time-varying multivariate one. This allows us to obtain a
more holistic view of the conditions for divergence between
the bivariate and multivariate IFs. For regime-specific behav-
ior, rIF is restricted to the subset of months belonging to a
defined regime (Eq. 6):

tIF = |corr(Ty (1), va(t))regime| (6)

In this study, we use the absolute correlation (|rIF|), fo-
cusing on the strength of the temporal covariation. Here, we
bin the time series of SM and VPD into four quantile-based
regimes, yielding a 4 x 4 grid of combined regimes, corre-
sponding to the combinations of SM and VPD quartiles (Q1,
Q2, Q3, Q4 for each). The SM quartiles range from Ql,
representing the driest conditions, to SM at Q4, represent-
ing the wettest conditions. Meanwhile, VPD quartiles range
from Q1 (lowest demand) to Q4 (highest demand). For each
quartile, we calculate rIF and the median of |AIF|. Quar-
tiles were selected as a practical compromise between re-
solving hydroclimatic gradients and retaining sufficient sam-
ples within each joint SM—VPD regime. Terciles provide a
coarser partition that can obscure intermediate state depen-
dence, whereas quintiles increase sparsity in some regime
combinations (Fig. S4).
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2.4 Conditioner-Based Decomposition of Information
Flow Divergence

Understanding why 7™ diverges from T leads us to deriv-
able measures to quantify the relevance of the conditioners.
To determine how individual conditioners, modify the in-
ferred causal influence between each driver—target pair, the
differential Information Flow signal AIF(¢) was decomposed
into contributions (Eqgs. 7-9) from progressively expanded
conditioning sets. Let Tbi(t) denote the bivariate IF from the
driver (SM or VPD) to the target variable (LAI or GPP) and
let 7™ |m(t) denote the corresponding multivariate IF condi-
tioned on a conditioner set (m1, m>, m3). For a coupling and
a sequence of conditioners, the decomposition follows,

ATFm (1) = T°(t) — T m (1) 7
ATFmy(t) = T ' m (1) — T |my, ma(r) (8)
ATFm3(t) = TOmy, mo(t) — T%|my, ma, m3(1) )

This decomposition allows us to examine which condi-
tioner contributes most to the divergence, and in what di-
rection. From here, we summarize how each conditioner
contributes to the restructuring of Information Flow based
on four indices (Eqs. 10-13) computed from the tempo-
ral components A IFm(#). To assess the order sensitivity
of the sequential decomposition, we repeated the analysis
across all permutations of the conditioner-entry order for
each pathway. The results for the individual permutations are
shown in Fig. S8, while their mean values and corresponding
minimum—maximum ranges are summarized in Fig. S9.

In this study, we introduce four diagnostic indices: Con-
ditioner Dominance Index (CDI), Moderation Gain (MQG),
Conditioning Pressure (CP), and Convergence Rate (CR), to
characterize complementary aspects of divergence between
bivariate and multivariate IF. These indices are derived from
the sequential decomposition of AIF and together provide
a unified description of how conditioning variables modify
the inferred coupling. Specifically, MG and CP represent the
positive and negative components of the decomposition, cor-
responding to decreases and increases in the inferred IF after
conditioning, respectively, while CDI quantifies the relative
contribution of each conditioner to the total magnitude of re-
structuring. CR, in contrast, summarizes the overall degree
of agreement between the bivariate and fully conditioned es-
timates.

2.4.1 Conditioner Dominance Index (CDI)

The Conditioner Dominance Index (CDI) quantifies the rela-
tive contribution of the conditioner (m) to the total magnitude
of information flow restructuring (Eq. 10):

AIF,, (¢
cpL — _ LA
D2 |AIE; (1)
Large CDIy, values identify conditioners that dominate the
divergence between bivariate and multivariate couplings.

(10)
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2.4.2 Moderation Gain (MG)

Moderation Gain (MG) shows how strongly the IF decreases
after including the conditioner (). The gain is defined as
(Eq. 11);

MG, = Ztmax(O, AIF,, (1)), 1rn

High MG,, values indicate that the IF before inclusion of
the conditioner is higher than the corresponding IF after con-
ditioning.

2.4.3 Conditioning Pressure (CP)

Conditioning Pressure (CP) measures how strongly the IF
increases after including conditioner (m) and is given in
Eq. (12);

CPy = Y max(0, — AIF,, (1) (12)

Large CP,, values indicate that conditioning increases the
inferred IF.

2.4.4 Convergence Rate (CR)

Convergence Rate (CR) quantifies how often the bivariate es-
timate is close to the fully conditioned estimate. We define
the CR using the absolute divergence threshold €,ps (Eq. 13);

1
CR = ﬁZjVGAIF(I)' < €abs) (13)

Here €,p is chosen as a fixed tolerance reflecting a physi-
cally meaningful scale of information-flow variation (e.g. the
10th percentile of AIF across all couplings). High CR val-
ues indicate that the bivariate coupling is sufficiently close
to the multivariate form during a large fraction of the ana-
lyzed period. In the main analysis, CR was computed using
€abs = 0.02; a threshold-sensitivity analysis using alternative
fixed tolerances is shown in Fig. S7.

2.5 Data

The gross primary productivity (GPP) data, reflecting photo-
synthetic activity of plants, and leaf area index (LAI), rep-
resenting vegetation greenness, utilized in this study, are
obtained from the Global Land Surface Satellite (GLASS)
dataset (Liang et al., 2021). Both the LAI and GPP datasets
cover the period 1981-2018 and have a spatial resolution of
0.05° and a temporal resolution of 8 d. For consistency with
other variables in the analysis, the datasets are resampled
to a spatial resolution of 0.25° x 0.25° (longitude x latitude)
using bilinear interpolation and then aggregated to monthly
timescales. The monthly data on volumetric soil moisture,
2 m air temperature, and surface solar radiation used in this
study are obtained from the European Centre for Medium-
Range Weather Forecasts’ (ECMWF) datasets, with soil
moisture taken from ERAS5-Land and temperature and SSR
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from ERAS5 global atmospheric reanalysis products. The
weighted average of soil moisture, computed between 0 and
289 cm (all four layers of soil moisture), is used here, with
the weights corresponding to the thickness of each layer (0-
7, 7-28, 28-100, and 100-289 cm). The original resolution
of the soil moisture data (0.1° x 0.1°) is subsequently re-
gridded at a horizontal resolution of 0.25° x 0.25°. Vapor
pressure deficit (VPD) is estimated using ERAS’s 2 m mini-
mum and maximum temperature and 2 m dewpoint tempera-
ture (Upreti and Ojha, 2017). The monthly anomalies for all
variables are computed over the corresponding analysis peri-
ods by subtracting the respective climatological means from
the original data. To ensure temporal consistency with the
vegetation records, these variables are used over the period
from 1981 to 2018.

LKIF estimation is performed from 1981 to 2018 for both
the LAI- and GPP-based analyses. However, given the uncer-
tainties associated with the earlier vegetation products and to
ensure adequate preceding observations for the Kalman filter
estimation, only the results from 2004 to 2018 are presented
and interpreted in this study.

3 Results

3.1 Real-world applications in land—atmosphere
interactions

Figure 1 illustrates the information flow from SM/VPD to
LAI (panels a-b) and from SM/VPD to GPP (panels c—d),
estimated via LKIF, for two humid forest biomes: Southeast
China (114.25-117.25°E, 25.25-28.25° N) and the Amazon
Basin (54-60° W, 10-15°S), over the period from 2004 to
2018. The locations of these study regions are shown in
Fig. S1. Across both regions, the LKIF analysis captures the
temporal evolution of vegetation response to hydroclimatic
variability and reveals when conditioning on other variables
(VPD, T, SSR) alters or preserves the estimated causal path-
ways. The results presented in this study are based on these
two humid forest regions; however, they hold broader lessons
that are relevant to stationary assumptions and the inclusion
of conditioners in LKIF.

3.1.1 Role of Conditioners in the Couplings between
Soil Moisture/Vapor Pressure Deficit and
Vegetation

In the Southeast China region (Fig. la, top panel), the
SM — LAI coupling is weak and mostly insignificant during
2004-2008. From 2008 onward, the IF increased noticeably,
peaking in 2011 with significant positive IF, demonstrating
the increasing importance of SM for the structural variability
of vegetation during this period. Conditioning on other vari-
ables (SM — LAI | VPD; SM — LAI | VPD, T'; SM — LAI
| VPD, SSR; SM — LAI | VPD, T, SSR) produces only mi-
nor changes in magnitude, showing that the bivariate signal
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Figure 1. Time series of the information flow for Southeast China and the Amazon Basin (2004 to 2018) for both bivariate and multivariate
forms. Each lettered panel contains two regional subpanels, with Southeast China shown above and the Amazon Basin below. (a) From SM
to LAL (b) From VPD to LAI (¢) From SM to GPP, (d) From VPD to GPP. Dotted lines represent the overall IF, while solid lines indicate
statistically significant IF. (LAl =Leaf Area Index, GPP= Gross Primary Productivity, SM= Soil Moisture, VPD = Vapor Pressure Deficit,

T = Temperature, SSR = Surface Solar Radiation).

is not strongly conditioned by the atmospheric factors used
here because the SM influence dominates. The overall posi-
tive IF suggests that variability in SM tends to increase LAI
variability in the region.

In the Amazon Basin (Fig. la, bottom panel), the
SM — LAI pathway shows broadly similar temporal vari-
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ability in both the bivariate and multivariate estimates, in-
dicating a generally strong hydrological influence on canopy
structure. However, the bivariate estimate remains larger than
the multivariate estimates throughout the whole period (ex-
cept in 2014-2015, when values are very similar), indicat-
ing the conditioning influence of other drivers. From 2004
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to 2009, IF gradually declined toward negative values with a
small fluctuation in 2007, suggesting a tendency for variabil-
ity in SM to reduce vegetation structural variability, though
IF remains statistically insignificant throughout this period.
Between 2010 and 2014, IF increased sharply, indicating
a shift towards heightened vegetation structural variability
driven by moisture variability. The bivariate IF becomes
significant after 2012, reflecting an apparent strengthening
of the SM — LAI relationship. However, after condition-
ing (SM — LAI | VPD; SM — LAI | VPD, T; SM — LAI |
VPD, SSR; SM — LAI | VPD, T, SSR), this significance dis-
appears. The loss of significance indicates an overestimation
of the directional coupling in the bivariate form. In the years
after 2014, the IF decreases, suggesting that the influence of
SM on LAI variability becomes less pronounced. Account-
ing for the conditioners results in only minor adjustments to
IF magnitude, showing that removing atmospheric influences
does not substantially alter the SM — LAI coupling. Over-
all, although atmospheric variables exert secondary effects,
soil moisture remains the primary driver of canopy structural
variability.

Figure 1b shows the VPD — LAI IFs in the two regions.
The top and bottom panels show rather different tempo-
ral behaviors in the bivariate and multivariate IFs compared
to Fig. la. In this case, introducing conditioning variables
(VPD — LAI | SM; VPD — LAI | SM, T; VPD — LAI |
SM, SSR; VPD — LAI | SM, T, SSR) substantially modi-
fies the coupling behavior. However, this behavior remains
time-dependent, after 2007, conditioning on the other vari-
ables leads to a stronger modification, with the divergence
between the bivariate and multivariate forms increasing in
both regions. In Southeast China, we even find different IF
signs between the bivariate and multivariate forms from 2010
to 2016. From 2016 onwards, both regions show greater
variability in IF signs across the multivariate forms. These
suggest more complex VPD-driven couplings for vegeta-
tion structure than SM-driven couplings. Some of these sign
differences may reflect conditioning effects, although under
strongly nonlinear environmental transitions, they may also
be influenced by the linear approximation underlying the
present Z24 implementation.

Figure 1c—d show IFs of SM/VPD to GPP, and their mul-
tivariate forms for both regions. For the SM — GPP cou-
pling, conditioning produces a pronounced change in South-
east China (Fig. 1c, top panel). The bivariate SM — GPP IF
is statistically significant in only 13 out of the 180 months
(7.2 %), whereas conditioning on VPD increases the num-
ber of significant months to 116 (64.4 %). Conditioning on
VPD and T, or VPD and SSR, or VPD, T and SSR also pro-
vides a large number of significant months (105, 115 and 105
months, respectively; Table S1). Thus, conditioning substan-
tially modifies the inferred SM — GPP coupling in South-
east China, particularly the frequency with which the esti-
mated IF is statistically significant (Supplement Sect. S1). In
contrast, the Amazon Basin (Fig. 1c, bottom panel) shows
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a decrease in the number of significant SM — GPP months,
from 73 out of 180 months (40.6 %) in the bivariate form
to 41 months (22.8 %) in the fully conditioned form (Ta-
ble S2 in the Supplement). This contrasting behavior indi-
cates that the influence of conditioners on the SM — GPP
coupling is region-dependent, even when the same set of
variables is considered. Pronounced differences between the
bivariate and multivariate estimates are also observed for the
VPD — GPP couplings (Fig. 1d), showing their greater sen-
sitivity to the selected conditioning variables. These results
reveal that dependency on conditioners is both spatially and
temporally sensitive, given the same variables. The changes
towards positive or negative IF are strongly impacted by
ecosystem stress, here more consistent with drought occur-
rences in the region (Sun and Yang, 2012; Feldpausch et
al., 2016). These results reveal that dependency on condi-
tioners is both spatially and temporally sensitive, given the
same variables. Thus, the influence of conditioning variables
should not be assumed to remain stationary across time or
space.

To assess whether the temporal evolution of LKIF could be
attributed to changes in the underlying variable variances, we
additionally evaluated the time-resolved means and variances
of all variables included in the analysis (SM, VPD, LAI,
GPP, T, and SSR; Fig. S2). Although some periods show
co-variation between LKIF and individual-variable variance,
no consistent correspondence is observed across pathways,
time, and regions. This indicates that changes in individ-
ual variances alone do not explain the temporal evolution of
LKIF.

3.2 When are Conditioners Important?
A-Information-Flow Analysis

To further explore the conditions under which greater di-
vergence/convergence (large/small AIF) between bivariate
and multivariate estimates occurs in the application above,
we further analyze the temporal evolution of AIF for both
SM/VPD — LAI and the SM/VPD — GPP pathways across
Southeast China and the Amazon Basin. AIF indicates the
degree of convergence/divergence between the bivariate and
multivariate IFs. Here, for the multivariate form, we include
all confounding variables used in this study. Figure 2a, d
show the AIF of SM/VPD — LAI (ASM: blue plots, AVPD:
red plots), and Fig. 2g, j shows the same as Fig. 2a, d
but for GPP. Figure 2a, d consistently shows high conver-
gence in ASM in both regions across all times, while AVPD
shows more time-dependent divergence. The ability of the
724 to capture immediate changes in IF plays a pivotal role
in shaping these differences. These results indicate strong
similarity between the bivariate and multivariate SM — LAI
coupling, as ASM is very small, with negligible influence
from conditioners, reflecting a strong hydrological control
on canopy structure in these biomes. In contrast, AVPD ex-
hibits marked fluctuations and alternates between positive
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and negative phases. Generally, atmospheric water demand
(VPD) would depend on land water supply (SM), clear skies
(increased SSR), and how these increase or decrease T, to
impact vegetation density (Ficklin and Novick, 2017; Yuan
et al., 2019; Zhou et al., 2019). Furthermore, VPD is very
sensitive to changes in these conditioners, especially the at-
mospheric ones, making it more responsive to their impacts.
This sensitivity explains why conditioning on these variables
changes the apparent strength of VPD’s impact, thereby cor-
recting bivariate bias and providing a more refined IF esti-
mate. The GPP effect-based AIF shows largely different pat-
terns compared to the LAI effect-based AIF. Firstly, while
Fig. 2a, d show consistently convergent patterns across the
whole time period for ASM in both regions, we find time-
varying changes in ASM in Fig. 2g, j, although this is more
distinct in Southeast China than in the Amazon Basin. This
implies that SM — LAI shows greater bivariate-multivariate
similarity than SM — GPP. On the other hand, AVPD shows
rather different patterns across both regions. In Southeast
China, AVPD shows continuously high convergence during
most of the time period; however, as with ASM, it is char-
acterized by fluctuations and alternates between positive and
negative phases. Thus, VPD — GPP coupling shows greater
similarity between the bivariate and multivariate estimates in
Southeast China than in the Amazon Basin.

Figure 2a, d, g, j show that regions with rich/strong cou-
pling/feedback, particularly the Amazon Basin, exhibit large
differences in AIF, indicating substantial divergence between
the bivariate and multivariate pathways.

To dig deeper into the potential reasons for these nuanced
patterns of AIF, we illustrate the causal graphs for (1) a time
point where AIF is large (stronger divergence) and (2) a time
point where AIF is small (stronger convergence) for both
regions (Fig. 2b—c, e—f, h—i, k-1). The results suggest that
stronger divergence is associated with richer coupling/feed-
back time points, while stronger convergence occurs when
there are fewer couplings. These results agree with a previ-
ous study, which suggested that couplings/feedback reduce
under drought conditions (Ruddell and Kumar, 2009). This
could also explain why AVPD converges in Southeast China
around the neighborhood time of 2011, since these periods
were marked by recurrent droughts in the region (Sun and
Yang, 2012). Under such drier conditions, VPD becomes
a more dominant driver of vegetation, consistent with the
findings of a recent study (Yuan et al., 2019). These results
illustrate how AIF variability translates into shifts in the
underlying causal structure. High-AIF years correspond to
more complex, conditioner-driven pathway configurations,
whereas low-AIF years reflect simpler causal structure with
fewer couplings.

The selected time points were chosen to illustrate contrast-
ing cases of pronounced large and small | AIF|. For the large-
| AIF| cases, the selection also considered the documented
hydroclimatic and ecological conditions during the corre-
sponding periods. In Southeast China, the selected 2011 pe-
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riod coincided with the persistent and severe winter—spring
drought reported by Sun and Yang (2012). In the Amazon,
the selected 2014 time point occurred during a period in
which changes in forest recovery dynamics have been re-
ported, with Van Passel et al. (2024) identifying an increas-
ing critical-slowing-down trend from around 2014 onward
and relating slowing-down patterns to increased drought oc-
currence. The selected graphs are intended as illustrative ex-
amples of contrasting AIF conditions rather than statistically
representative composites of all high- and low-| AIF| periods.
Because the presence, direction, and strength of individual
causal links vary through time, combining multiple periods
into a composite graph could average or obscure distinct and
potentially opposing causal links.

The causal graphs are obtained from the corresponding
five-variable multivariate systems and therefore also contain
directional influences other than the SM/VPD — LAI/GPP
pathways examined in detail here. These additional links are
shown to illustrate the broader causal structure at the selected
time points but are not analyzed individually in the present
study. Further analyses will be required to systematically dis-
entangle these additional directional connections.

3.3 State-Dependent Patterns of Changes in
Information Flow

To further assess when and where bivariate and multivari-
ate IF estimates diverge, we computed the absolute differen-
tial information flow (]AIF], Sect. 2.2) and the information-
based correlation (|rIF|, Sect. 2.3). To jointly visualize the
two diagnostics across the combined regimes, we use the
split-triangle heatmap layout. For each 4 x4 panel, we over-
lay grid lines, label the axes by SM and VPD quartiles, and
hatch any cells with zero samples using diagonal stripes; this
immediately flags regimes where no robust causal inference
is possible. This is routinely repeated for all four couplings,
focusing on southern China, to show how |AIF| and |rIF| be-
tween bivariate and multivariate IF depend jointly on SM and
VPD regimes.

The SM — LAI pathway (Fig. 3a) exhibits uniformly high
[rIF| and low | AIF| across nearly all SM—VPD quartile com-
binations. This concentrated pattern demonstrates that the
SM-LALI coupling has consistently minimal differences be-
tween bivariate and multivariate IF estimates. The uniformity
across hydroclimatic states indicates that vegetation struc-
tural responses to soil moisture in humid forests are sta-
ble and largely insensitive to atmospheric variables. In con-
trast, the SM — GPP (Fig. 3c) shows high correlation and
larger |AIF| values. Although the SM-GPP coupling re-
mains strong across quartiles (as revealed by the large cor-
relation), the pronounced difference in information flow be-
tween the bivariate and multivariate forms indicates that con-
ditioner inclusion alters the estimated causal strength more
substantially than in the SM — LAI case. This reflects the
higher complexity of productivity (GPP) responses relative
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Figure 2. Time series of differential Information Flow (AIF) for Southeast China and the Amazon Basin (2004-2018). (a, d) for SM/VPD
to LAI and (g, j) from SM/VPD to GPP. Solid lines denote periods where AIF is statistically significant (p < 0.05); dotted lines indicate
non-significant values. Shaded bands represent the 95 % confidence intervals. (ASM = Tsy — LAT/GPP—TSM — LAI/GPP|VPD> 1> SSR and
AVPD = Typp - LAI/GPP—TVPD — LAI/GPP|SM- I» SSR). Vertical tick marks on the x axes denote the time points selected for causal
graph construction. Summary of the causal graphs for years exhibiting large and small IF divergence for LAI (b—c, e—f), and for GPP (h—i,
k-1). The selected years are annotated in each panel according to the magnitude of IF divergence (AIF), indicating whether the bivariate
and multivariate estimates strongly diverge or converge. Stronger AIF corresponds to years with richer coupling and feedback structure,
whereas smaller AIF reflects periods with fewer couplings/feedback. The causal graphs are constructed from the corresponding five-variable
multivariate estimates. (LAl =Leaf Area Index, GPP = Gross Primary Productivity, SM= Soil Moisture, VPD = Vapor Pressure Deficit,
T = Temperature, SSR = Surface Solar Radiation).
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to canopy structure (LAI); GPP integrates more processes
and is therefore more sensitive to the removal of atmospheric
confounding.

The VPD — LAI and VPD — GPP pathways (Fig. 3b, d)
show wider variability in both |rIF| and | AIF|. Correlations
range from weak to strong, and |AIF| spans small to large
magnitudes across quartiles. This broad spread highlights the
more nonlinear and state-dependent behavior of VPD-driven
couplings. Figure S3a—c show the detailed |AIF| structure
across regimes of water supply and atmospheric demand for
all conditioning levels.

Overall, Fig. 3 shows that SM-based couplings (a, c) ex-
hibit much greater uniformity than VPD-based couplings (b,
d). The SM panels display consistent correlation strength
and |AIF| patterns, whereas the VPD panels show substan-
tial variation in both metrics. This suggests that VPD-driven
interactions are more sensitive to environmental conditions
and may require additional conditioning variables to achieve
the stability seen in SM-driven couplings. Sensitivity tests
using tercile- and quintile-based regime definitions yielded
the same main qualitative conclusions and are provided in
Fig. S4.

3.4 ANOVA of Regime-dependent Changes in
Information Flow

This ANOVA framework (Appendix B) provides a variance-
partitioning approach to quantify how variability in |AIF] is
associated with individual hydroclimatic factors and their in-
teractions.

3.4.1 Two-way ANOVA: moisture—demand control of
|AIF|

Across all four pathways (SM— LAI, VPD— LAI,
SM — GPP, VPD — GPP), the two-factor ANOVA parti-
tions variability in | AIF| among the main effects of SM and
VPD and their interaction (Fig. 4a). For the SM-driven path-
ways, the SM main effect dominates, whereas the VPD main
effect contributes very little to | AIF| for these pathways.

For VPD-driven pathways, the SM x VPD interaction is
the only dominant component, showing that the magnitude
of the difference between the bivariate and multivariate IF
estimates is more strongly associated with the combined
moisture—demand regime rather than with either factor in-
dependently. The explained SD values are generally smaller
for the LAI pathways and substantially larger for the GPP
pathways.

3.4.2 Thermal modulation: SM x VPD x T structure

When temperature is included as a third factor, the
SMxVPDxT interaction becomes the dominant compo-
nent of the variance partitioning across all four pathways
(Fig. 4b), whereas the main effects and two-way interactions
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contribute comparatively little. This dominance indicates a
strongly non-additive relationship, in which variability in
| AIF| is associated with the joint SM—VPD-T regimes rather
than with consistent marginal associations of SM, VPD, or T
individually.

3.4.3 Radiative modulation: SM x VPD x SSR structure

When SSR is included as a third factor, a similar pattern
emerges, with the SM x VPD x SSR interaction becoming
the dominant component of the variance partitioning across
all four pathways (Fig. 4c), while the main effects and two-
way interactions contribute comparatively little. This indi-
cates that variability in |AIF| is primarily associated with
the joint SM—VPD-SSR regimes rather than with consistent
marginal associations of SM, VPD, or SSR individually. The
corresponding variance fractions (w2) for each pathway are
shown in Fig. S5.

Altogether, the ANOVA results show that variability in
| AIF| is strongly associated with interactions among the hy-
droclimatic factors, with the three-way interactions domi-
nating when T or SSR is included. Although the explained
SD values are substantially larger for the GPP pathways
than for LAI (Fig. 4), the relative variance fractions (0?)
show broadly similar patterns across pathways (Fig. S5). The
larger explained SD for GPP therefore largely reflects its
larger overall |AIF| variability and does not imply a corre-
spondingly greater relative contribution of the individual fac-
tors or interactions. Overall, these results indicate that vari-
ation in |AIF| depends strongly on the joint hydroclimatic
regime, rather than on consistent effects of individual fac-
tors alone. Sensitivity analyses based on tercile- and quintile-
based partitions show that the dominant higher-order interac-
tion structure remains consistent (Fig. S6). Additional details
on the ANOVA formulation and robustness considerations
are provided in Appendix B.

3.5 Diagnosing the importance of Conditioners

Based on the results so far, we provide four indices that
could be used to summarize how individual conditioners re-
shape the couplings by examining: (1) conditioner domi-
nance index (CDI), (2) moderation gain (MG), (3) condition-
ing pressure (CP), and (4) convergence rate (CR). Here, we
select the SM-driven couplings in Southeast China to sim-
plify the demonstration. We thus highlight why SM — LAI
and SM — GPP couplings behave so differently in terms of
AIF. We note that for the purposes of this study, all the defi-
nitions provided here are strictly with respect to the LKIF.
CDI (Fig. 5a) quantifies the relative share of |AIF| at-
tributable to each conditioner. VPD emerges as the dominant
conditioner for both pathways, but especially for SM — GPP.
For SM — LAI, VPD accounts for roughly two-thirds of the
total | AIF|, while the remainder is distributed between 7' and
SSR. This indicates that although VPD is the primary con-
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Figure 3. Differences (AIF) and correlations (rIF) between bivariate and multivariate Information Flow across SM and VPD quartiles
(Q1-Q4) for Southeast China. (a) SM — LAI, (b) VPD — LAI (¢) SM — GPP, and (d) VPD — GPP. Each cell is divided into an upper
triangle (|rIF|: magnitude of Pearson correlation between bivariate and multivariate IF) and a lower triangle (|AIF|: absolute difference
between bivariate and multivariate IF). Colour intensities are scaled independently for each triangle using separable colormaps. Dark upper
and lower triangles indicate similar temporal evolution (|rIF|) but large magnitude (|AIF|) differences between bivariate and multivariate
IF. Light upper and lower triangles indicate small differences in both temporal behaviour and magnitude. Dark upper triangles with light
lower triangles indicate similar temporal evolution with small magnitude differences, whereas light upper triangles with dark lower triangles
indicate differences in both temporal behaviour and magnitude under conditioning. Blank upper triangles, such as that for SM(Q1)-VPD(Q1),
indicate quartile combinations for which only two paired observations (n = 2) were available; in these cases, |rIF| was not reported because
Pearson correlation is not statistically informative with n = 2, while the corresponding | AIF| value was retained. Cross-hatched cells indicate
quartile combinations with no data. (SM = Soil Moisture, VPD = Vapor Pressure Deficit, LAl =Leaf Area Index, GPP= Gross Primary
Productivity).

tributor, AIF for SM — LALI still reflects multiple environ-
mental influences. In contrast, the SM — GPP pathway is al-
most entirely driven by VPD-related restructuring, with CDI
close to 1 and only minor contributions from temperature
and radiation. This concentration reveals that the discrepancy
between bivariate and multivariate SM — GPP couplings is
predominantly determined by VPD co-variation. This domi-
nant VPD contribution is also consistent with the change in
statistical significance described in Sect. 3.1, where adding
VPD as a conditioner produces the largest increase in the oc-
currence of statistically significant SM — GPP IF (Table S1).

MG (Fig. 5b) captures the sum of positive AIF values, rep-
resenting decreases in IF across the conditioning sequence.

Earth Syst. Dynam., 17, 1551-1572, 2026

For SM — LAI, MG is small for all conditioners, increas-
ing slightly from VPD to T and reaching its largest value
for SSR. This pattern indicates that 7 and SSR contribute
larger decreases in IF than VPD, although these changes re-
main small for this pathway. In contrast, SM — GPP exhibits
much larger MG dominated by temperature, with 7 produc-
ing a considerably larger moderation gain than VPD or SSR.
This indicates that 7 contributes the largest decrease in IF
relative to the preceding conditioning step, while SSR con-
tributes a smaller decrease and VPD contributes little to the
positive AIF component.

CP (Fig. 5c) measures the accumulated negative AIF and
identifies cases in which conditioning increases the inferred
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Figure 4. ANOVA results showing the explained standard deviation (v AEV) of | AIF| for Southeast China. Columns represent the four path-
ways: SM — LAI, VPD — LAI, SM — GPP, and VPD — GPP. (a) Two-way ANOVA with factors SM and VPD. (b) Three-way ANOVA
including SM, VPD, and T. (¢) Three-way ANOVA including SM, VPD, and SSR. Bars show the explained SD for each factor or fac-
tor interaction; error bars indicate the 95 % confidence interval. (SM = Soil Moisture, VPD = Vapor Pressure Deficit, T = Temperature,
SSR = Surface Solar Radiation). Note that the y-axis range differs in each panel to better see the different values.

IF. SM — LAl displays very low CP, indicating little increase
in IF after conditioning. SM — GPP, however, shows much
larger accumulated CP, indicating that conditioning produces
a larger increase in the inferred IF. This is consistent with
Fig. 1c, where the bivariate SM — GPP estimate is gen-
erally lower than the corresponding conditioned estimates.
This confirms that the bivariate representation of SM — GPP
can markedly understate the inferred IF relative to the condi-
tioned coupling.

CR (Fig. 5d) quantifies the percentage of time windows
in which |AIF| remains below a small threshold and thus re-
flects how often the bivariate and fully conditioned estimates
are close to each other. SM — LAI has a CR near 100 %,
indicating that the bivariate and multivariate IF estimates al-
most always agree and that conditioning on additional vari-
ables rarely leads to substantial changes in the inferred IF. In
contrast, SM — GPP shows a much lower CR, meaning that
the bivariate estimate frequently diverges from the multivari-
ate one, and conditioning is essential for an accurate causal
representation. Although CR varies with €4, the main inter-
pretation remains unchanged, with SM — LAI showing con-
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sistently high convergence and SM — GPP remaining more
threshold-sensitive and less convergent overall (Fig. S7).

A permutation test of the sequential decomposition
showed that CDI and MG are sensitive to the order in which
the conditioners are introduced (Fig. S8). Despite this order
dependence, the permutation-averaged CDI retained VPD as
the dominant conditioner for both SM—LAI and SM—GPP,
whereas MG exhibited pronounced order-related variability,
most notably for 7" in the SM—GPP pathway (Fig. S9 in the
Supplement). For SM — LAI, the relative ranking of VPD
and SSR varies across permutations, suggesting that con-
ditioner dominance for this pathway is order-sensitive. For
SM — GPP, VPD remains a leading and often dominant con-
tributor across the tested permutations, although the exact
CDI and MG values vary with order. In contrast, CR re-
mained unchanged across permutations, and the aggregated
CP also remained unchanged in the present application. The
sensitivity and robustness of these indices to noise and record
length are further evaluated in the Supplement (Table S3;
Fig. S10).
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Figure 5. Importance of conditioning variables for | AIF| based on (a) Conditioner Dominance Index (CDI), (b) Moderation Gain (MG), (c)
Conditioning Pressure (CP), and (d) Convergence Rate (CR), for the SM — LAI and SM — GPP couplings in Southeast China. In panel (c),
CP is shown as the accumulated value across conditioners for each pathway.

Figure 5 demonstrates a clear structural-functional di-
vide in vegetation—climate coupling. The SM — LAI path-
way shows weak sensitivity to the selected additional vari-
ables: conditioning effects are small, conditioning pressure is
negligible, and bivariate and multivariate IF show consistent
agreement. In contrast, the SM — GPP pathway is strongly
conditioner-dependent. VPD remains a leading contributor
to its AIF structure across permutations, while temperature
and radiation contribute to the divergence, and SM — GPP
exhibits much larger accumulated CP than SM — LAL
These findings show that some vegetation couplings (e.g.,
SM — LAI) are robust to the selected conditioners, whereas
other pathways, such as SM — GPP, depend critically on
accounting for conditioner effects to correctly characterize
their causal behavior. The corresponding SM—VPD quartile-
specific results are shown in Fig. S11.

4 Discussion

Understanding  cause—effect relationships in  land—
atmosphere systems remains challenging because interacting
drivers and shared variability obscure direct and indirect
influences. Several causal methods have been used to
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identify directional relationships, although they differ in
how they handle conditioning variables. GC infers lagged
directional dependence through autoregressive predictability
and can be extended to conditional or multivariate forms,
yet its ability to control conditioning depends on explicitly
including additional variables and can weaken as dimension-
ality increases (Papagiannopoulou et al., 2017; Krich et al.,
2020). Information-theoretic approaches, such as transfer
entropy and process-network frameworks, can capture
nonlinear dependencies and feedback structures, but their
multivariate application is limited by data demands and the
curse of dimensionality (Ruddell and Kumar, 2009; Krich et
al., 2020). PCMCIT addresses this more explicitly by using
conditional independence tests to remove indirect pathways
and the influence of observed common drivers, although
it still relies on assumptions such as causal sufficiency
and stationarity, leaving potential sensitivity to hidden or
time-varying confounders (Krich et al., 2020; Docquier et
al., 2024). LKIF provides a physically grounded asymmetric
measure of directed influence and has been applied in
land—atmosphere studies of SM impacts on temperature and
precipitation (Liu and Pu, 2019; Hagan et al., 2019; Takaya
et al., 2025; Sun et al., 2025), with recent multivariate
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extensions allowing explicit conditioning on additional
variables (Liang, 2021; Zhou et al., 2024). However, at-
tempts to understand how conditioners may influence its
causal structures are still limited. Here, using the differences
between bivariate and multivariate LKIF (AIF), we explore
the impact of conditioners on its causal estimations. We
find that this difference is physically informative, such that
the divergence between the two identifies when apparent
driver-response relationships are robust to conditioning and
when they depend on additional variables.

In addition to these methodological differences, the tem-
poral resolution and lag structure used in LKIF are impor-
tant for interpreting the estimated information flow. In the
present study, the temporal derivative of the target variable
for each information-flow direction is approximated by first-
order differencing over the monthly sampling interval (df = 1
month). This monthly temporal step enters the LKIF estima-
tion through the discrete approximation of the target-variable
tendency but differs from an explicit lagged analysis in which
the source variable is shifted relative to the target. Previ-
ous applications have shown that LKIF estimates can vary
with both lag structure and temporal resolution. Introducing
lagged variables can reveal causal relationships that are weak
or absent in contemporaneous analyses, while temporal av-
eraging and sampling frequency can modify the magnitude
and structure of the estimated information flow (Docquier et
al., 2023, 2024). Our results should therefore be interpreted
within the monthly temporal framework used here. A sys-
tematic assessment of different temporal resolutions and lag
structures therefore represents an important direction for fu-
ture work.

Building on this framework, AIF provides a direct mea-
sure of how strongly conditioning alters the inferred path-
way. In the present application, AIF is not uniformly large or
small, but varies systematically across couplings and envi-
ronmental regimes. The influence of SM on LAI shows per-
sistently low AIF and strong agreement between bivariate
and multivariate estimates, whereas the influence of SM on
GPP and the VPD-driven pathways exhibits much larger and
more variable divergence, particularly under dry, high VPD,
hot, and high radiation conditions. This indicates that the role
of conditioning is state-dependent, such that under some con-
ditions, the bivariate estimate captures the dominant path-
way, whereas under others, the inferred relationship changes
substantially once additional variables are included. Such
state dependence is particularly relevant in land—atmosphere
systems, where interactions among moisture, energy, and at-
mospheric demand intensify under compound stress.

This state dependence is particularly evident for the
SM — GPP coupling in Southeast China, where condition-
ing on VPD substantially increases the temporal persistence
of statistically significant IF compared to the bivariate form
(Sect. 3.1; Table S1). This behavior is consistent with the
joint regulation of vegetation productivity by soil water sup-
ply and atmospheric demand; low SM restricts plant wa-
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ter supply, whereas high VPD increases atmospheric wa-
ter demand and can induce stomatal closure, thereby reduc-
ing photosynthetic carbon uptake (Novick et al., 2016; Yuan
et al., 2019). Because SM and VPD covary through land-
atmosphere interactions, distinguishing their individual influ-
ences on GPP in a bivariate analysis can be challenging. In
our analysis, the bivariate SM — GPP pathway is significant
primarily around the 2011 drought (Sun and Yang, 2012).
Under such dry conditions, increasing soil water limitation
can constrain stomatal conductance and photosynthetic car-
bon uptake, thereby increasing the sensitivity of GPP to SM
(Fu et al., 2022). This may help explain why the SM — GPP
relationship becomes detectable even without conditioning.
Conversely, the VPD-conditioned coupling remains signifi-
cant over a much larger fraction of the record. This contrast
is consistent with partial masking of the SM-related contribu-
tion by shared SM—VPD variability in the bivariate represen-
tation, whereas accounting for VPD allows the SM-related
contribution to be detected more consistently. Temperature
and SSR may further modulate this separation through their
influence on atmospheric demand and photosynthetic energy
availability, consistent with the higher-order hydroclimatic
interactions identified in Sect. 3.4. The Amazon Basin shows
the opposite significance response (Sect. 3.1; Table S2), in-
dicating that the effect of conditioning on the statistical sig-
nificance of SM — GPP is region-dependent and can operate
in either direction.

The four proposed indices (Sect. 3.5; CDI, MG, CP, and
CR) are important because they make this divergence di-
agnostically interpretable and comparable across pathways.
ATF indicates whether conditioning matters, but not whether
its effect is pathway-specific, concentrated under particular
environmental conditions, or associated with convergence
between simpler and more complete formulations. The in-
dices provide a compact framework for resolving these di-
mensions systematically. They allow the analysis to move
beyond detecting divergence to identifying when bivariate
and conditioned representations are very similar, when addi-
tional variables materially alter inference, and where causal
refinement is most needed. In this way, they strengthen the
methodological contribution of the LKIF framework by mak-
ing pathway sensitivity to conditioning explicit and compa-
rable across couplings.

These findings also point to a broader application of
the framework in model evaluation. Because the framework
identifies when inferred pathways are stable and when they
are strongly conditioning dependent, it offers a means to
assess how land-atmosphere interactions are represented in
Earth system models. Applied to climate model simulations,
including Coupled Model Intercomparison Project Phase 6
(CMIP6), these diagnostics could test whether models re-
produce not only the magnitude of vegetation—climate cou-
pling, but also its sensitivity to co-varying drivers and its re-
organization under compound stress. This would provide a
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more process-based benchmark than evaluations based only
on mean states or correlations.

Several limitations should be considered when interpreting
these results. First, the analysis is based on a time-varying
linear formulation of the LKIF framework, which may not
fully capture nonlinear feedbacks and state-dependent shifts
under extreme conditions. Second, the inferred causal struc-
ture depends on the selected conditioning variables. Al-
though SM, VPD, T, and SSR represent dominant environ-
mental controls, omitted variables may still influence the es-
timated relationships. Third, the proposed indices depend on
the conditioning design and should therefore be interpreted
as diagnostic summaries of pathway sensitivity, rather than
as universal causal measures. Fourth, uncertainties in obser-
vational and reanalysis datasets, together with the aggrega-
tion to monthly temporal scales, may affect both the magni-
tude and variability of the estimated information flows. Fi-
nally, the real-world application is limited to two humid for-
est biomes and therefore does not capture the broader range
of hydroclimatic variability across global ecosystems. Veg-
etation responses in drylands are more directly constrained
by SM deficits, whereas high-latitude systems are more
strongly influenced by temperature and radiation limitations
(D’Orangeville et al., 2018; Liu et al., 2020; Xie et al., 2024).
These differences may alter both the magnitude and structure
of LKIF, as well as the relative importance of conditioners.
Extending the framework across a broader range of biomes,
incorporating additional conditioning variables, and explor-
ing nonlinear extensions of the method, therefore, represent
important directions for future work.

5 Conclusion

This study investigated when and why conditioners may alter
information flow pathways. We achieved this by analyzing
divergence between the bivariate and multivariate formula-
tions of Liang—Kleeman Information Flow (LKIF), and how
these differences reflect the contribution of the condition-
ers to an application in land—atmosphere interactions. A syn-
thetic validation (Appendix A) showed that LKIF preserves
directional fidelity under hidden confounding, though differ-
ences between bivariate and multivariate estimates still oc-
cur.

A real-world application (Sect. 3) revealed that the im-
pacts of conditioners on causal structures vary across time
and space, demonstrating that spatial and temporal averag-
ing could mask the relevance of conditioners. In our study,
SM — LALI, representing vegetation structure, showed con-
sistently high similarity between the bivariate and multi-
variate estimates across locations and time, with minimal
conditioner influence and a high convergence rate. In con-
trast, SM — GPP, representing vegetation function, exhibited
strong conditioner dependence, substantial divergence, and
marked temporal variability. These differences were particu-
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larly pronounced during periods of compound stress, when
atmospheric demand, temperature, or radiation jointly al-
tered the inferred causal pathway. VPD emerged as the domi-
nant conditioner shaping AIF for SM — GPP, while temper-
ature showed the largest decrease in IF when included as a
conditioner. Together, these patterns demonstrate that condi-
tioning variables produce much larger modifications in the
functional pathways than in the structural ones.

We also found that the physical states of the driver vari-
ables further controlled the degree of divergence. SM-driven
couplings showed stable behavior across supply—demand
states, whereas VPD-driven couplings displayed wide vari-
ability in both rIF and AIF. ANOVA confirmed that the
largest departures occurred under combinations of dryness,
high VPD, and elevated T/SSR conditions known to inten-
sify plant stress. These state-dependent effects explain why
conditioners appear intermittently, because their influence
strengthens only when climatic conditions amplify depen-
dencies among drivers. Importantly, similarity between bi-
variate and conditioned estimates should not be interpreted
as evidence of causal sufficiency, because relevant condi-
tioner effects may offset one another or important variables
may remain unobserved. In contrast, under more complex or
compound-stress conditions, conditioning can substantially
modify the inferred coupling, including its magnitude and
statistical significance. These conclusions are drawn from
two humid forest regions, Southeast China and the Ama-
zon Basin, and should therefore not be generalized across
all biomes. In drier or colder ecosystems, the relative impor-
tance of conditioners may differ because vegetation is regu-
lated by different dominant constraints.

While this work does not include all potential condition-
ers, the selected variables represent dominant environmen-
tal controls and yield physically interpretable causal sig-
nals. Nevertheless, the inferred pathways remain conditional
on the variables included, the linear formulation used here,
and the sampling characteristics of the observations. In par-
allel with observation-based causal analysis, future work
should therefore use targeted process-based numerical ex-
periments to evaluate the identified pathways and condition-
ing effects under controlled changes in omitted processes,
nonlinear interactions, and sampling characteristics. Such
complementary modelling analyses would help assess the
physical robustness of the inferred conditioning effects. To
better capture complex feedbacks that arise during extreme
events, nonlinear extensions of the LKIF framework (Pires
et al., 2024; Vannitsem et al., 2025) should also be explored.
The present analysis does not evaluate lag-specific driver-
response relationships. Given that land—atmosphere interac-
tions may exhibit memory over weeks to months, future work
should investigate how the inferred information flows and the
influence of conditioning variables vary across different tem-
poral lags.

Our findings provide conceptual and practical frameworks
for deciding when conditioning is necessary and highlight
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the importance of considering conditioners in future applica-
tions of Information Flow to land—atmosphere systems. Fur-
thermore, this framework may also support feature selection
in machine learning by identifying drivers with an inferred
directional causal influence and revealing when inferred re-
lationships are strongly affected by conditioning, an applica-
tion that remains to be explored.

Appendix A: Synthetic data experiments

We begin by demonstrating how hidden confounders influ-
ence information-flow estimation through a controlled syn-
thetic experiment. The goal is to assess whether LKIF can
still recover a faithful causal structure when parts of the
underlying system are unobserved, a situation frequently
encountered in Earth-system applications. The experiment
uses a five-dimensional, linear, stable Vector Autoregressive
(VART1) process defined as (Eq. Al);

X =Ax;_1+€.,€6~N(0, X), (A1)

where x; = (xl,,,xz,,,163,,,164,,,165,,2)—r are the five different
time series and ¥ = diag (b}, b3, b3, b3, b2), with b; being
the stochastic perturbation amplitudes The coefficient matrix
Ais (Eq. A2);

¢ 1 1y O
cn ¢ ¢ y O
A=l 0 0 ¢ 0 0 (A2)
0 0 0 ¢ g
0 0 0 0 ¢

encodes all causal interactions, where ¢ =0.25,cp] =
0.05, c31 = 0.55,c32 =0.12,c12 = 0.45, n =0.70, and y is
a parameter that varies between 0 and 0.8. The innova-
tion scales are (b1, by, b3, b4, bs) =(0.6,0.5,0.5,0.6,0.6).
Expanding (VARI) by rows gives (Eq. A3);

X1 =@X1 -1+ C21X2,1—1 +C31X3,1—1 + VX411 + €1,

X2t = X211+ C12X1,1—1 + C302X31—1 + VX4 —1 + €21

X3 = X311+ €3 (A3)
X4 = PXa—1 +NX5—1 + €4,

X5t =@x5:—1+€5;.

This structure separates the system into observable and
hidden components. Only xp,x2,x3 are assumed observ-
able and are used for the IF estimation, whereas x4 and
x5 act as hidden confounders. The causal design includes a
bidirectional interaction between x| and xj, unidirectional
influences x3 — x1 and x3 — xp, and a hidden driver x4
that drives both x; and x;. A deeper, nested confounder
x5 drives x4 (Fig. Ala). This nested confounding structure
aims to mimic realistic Earth-system conditions where unob-
served processes can influence, or even generate, additional
confounders. To examine how confounding strength affects
IF estimation, we vary the parameter y € {0.0,0.1,...,0.8},
which controls the influence of the hidden confounder x4 on
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the observable variables x; and x;. For each y, multiple in-
dependent realizations of length N = 3000 are generated.
For every y value, we compute the bivariate information
flows TI(E)Z and TI(EI)S each using only the two variables in-
volved, and the multivariate (conditioned) information flows
Tl(ivz)\ 3 and T](f‘;)lz where one additional observed variable is
included as a conditioning variable. To evaluate how condi-
tioning alters the estimated causal strength, we compute the
differential information flows using Eq. (3) as (Eqs. A4—AS5);

(bi) (mv)
AlF 52 =T 5 — Ty (A4)

-
ATFy 5 =T, - 7™, (%)

Across 80 realizations, we compute bootstrap mean bands
for each y using B = 1000 resamples, and percentile ribbons
at the 95 % range. A significance mask marks AIF (or T)
as significant when the bootstrap band excludes zero. These
estimations are repeated for x3 — x», as well to also quantify
the influence of the mediator x;.

The results are summarized in Fig. Al, which illustrates
the causal structure and clearly distinguishes observed and
hidden components. The green region highlights the observ-
able variables (x1, x2, x3) used to compute IF. The grey re-
gions contain the hidden confounders x4 and x5, which in-
fluence the system but are deliberately excluded from the es-
timation. The hidden confounder x4 injects shared variabil-
ity into both x; and x,, while the additional variable x5 in-
troduces a deeper causal layer, creating a confounder-of-a-
confounder structure. As y increases, the influence of the
hidden confounder x4 on the observed variables becomes
stronger, amplifying the confounding pressure that cannot be
removed through conditioning on observed variables alone.
This ensures that the observable system is subjected to in-
creasing and unresolvable confounding, allowing the experi-
ment to test whether IF remains reliable under such challeng-
ing conditions.

Figure Alb shows that the IF from x; — x3 remains es-
sentially zero across all y values. This behavior is fully con-
sistent with the underlying system, which contains no direct
causal link from x; to x3. Both the bivariate and multivariate
IF estimates demonstrate that the presence of hidden con-
founders does not induce spurious causal inference in these
couplings. In contrast, the causal pathway x| — x; is consis-
tently detected, although it strengthens as y increases. The
IF values for this pathway show a rise with increasing hidden
confounder strength, reflecting the fact that x4 amplifies the
coupling between x; and x» since x4 increases the feedback
between x| and x;. Importantly, the bivariate and multivari-
ate IF curves for x; — x; remain nearly indistinguishable
throughout the entire y range, indicating that conditioning on
x3 provides only a negligible adjustment for this pathway. In
contrast, for x3 — x7, conditioning on x; changes the mag-
nitude of the estimated IF, while the inferred causal direc-
tion remains unchanged (Fig. Alc). These results show that
the response to conditioning differs between the pathways
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Figure A1. Toy-model experiment illustrating the effect of hidden confounders on Liang—Kleeman Information Flow (LKIF). (a) Causal
graph for a five-variable system with three observed variables (x, x>, x3) and two hidden confounders (x4, x5). Directed arrows show the
true causal pathways; blue arrows represent pathways originating from hidden confounders, the red arrow denotes the bidirectional coupling
between x1 and x;, and the pink arrows denote the causality of x3 — x| and x3 — x;. Estimated bivariate (solid lines) and multivariate
(dashed lines) IF for (b) x; — xp and x; — x3 and (c) x3 — xp under increasing confounder strength y, with the brown line showing the
normalized difference (right y-axis). The shaded band shows the 95 % confidence intervals.

considered in the synthetic experiment. The present syn-
thetic configuration, however, does not exhibit conditioning-
induced transitions in statistical significance between the bi-
variate and multivariate estimates. Because conditioning can
affect not only IF magnitude but also its statistical signifi-
cance, we performed an additional 3-variable controlled ex-
periment specifically designed to examine this transition.
With a fixed direct pathway, progressively strengthening an
opposing common-driver pathway causes the bivariate esti-
mate to become statistically non-significant, while the corre-
sponding conditioned estimate remains significant (Sect. S1;
Fig. S13).

Overall, this theoretical experiment demonstrates that
LKIF retains directional fidelity under increasing and nested
hidden confounding. True causal connections, such as x; —
X7, are consistently recovered, while nonexistent connections
remain near zero. This result is consistent with the findings
in Vannitsem et al (2024).

The reduction of IF after conditioning in Fig. Alc reflects
the particular pathway configuration prescribed in this syn-
thetic experiment and is not a general requirement of con-
ditional information flow. To examine the reverse case, we
repeated the experiment with the sign of the x; — x, coef-
ficient reversed from Cip = 0.45 to C1p = —0.45, while re-
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taining all other model parameters. This makes the direct
x3 — xo pathway and the indirect pathway through x; act
in opposite directions. Under this configuration, the condi-
tioned IF x3 — x21 consistently exceeds the corresponding
bivariate x3 — x, estimate, yielding negative AIF across the
full range of confounder strengths (Fig. S12). Thus, condi-
tioning can either reduce or enhance the estimated IF depend-
ing on the structure and signs of the interacting pathways.
The present synthetic experiment is intended as a con-
trolled assessment of LKIF under the specific hidden-
confounding structure considered here and does not consti-
tute a systematic benchmark across all possible causal struc-
tures. In particular, configurations involving hidden medi-
ators, colliders, observable forks, joint conditioning struc-
tures, or parallel pathways with compensating effects are not
systematically evaluated. This distinction is important for in-
terpreting |AIF|. A small |AIF| indicates that the bivariate
and multivariate estimates are very similar for the specified
conditioning set but does not establish causal sufficiency. For
example, different pathways may make individually impor-
tant contributions with opposing signs and similar magni-
tudes, resulting in a small overall difference. Similarly, when
a relevant mediator is unobserved, the present experiment
does not establish that its contribution can be uniquely sep-
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arated within the observed subsystem. A systematic assess-
ment of LKIF under these different causal structures repre-
sents an important direction for future work.

Appendix B: ANalysis Of Variance (ANOVA)

ANalysis Of Variance (ANOVA) was applied to the |AIF|
values to quantify how their variability is structured across
different hydroclimatic regimes. Monthly SM, VPD, T, and
SSR were each partitioned into quartiles (Q1-Q4) using em-
pirical quantiles. These quartile categories were then treated
as factors in the ANOVA, which reports variance components
across quartiles rather than individual quartile means. Three
experimental designs were used:

1. atwo-way ANOVA: SMq x VPDgq.
2. athree-way thermal ANOVA: SMq x VPDq x Tgq.
3. athree-way radiative ANOVA: SMq x VPDq x SSR.

These designs represent water supply (SM), atmospheric de-
mand (VPD), and energy constraint (Temperature or SSR)
regimes.

For each design, ANOVA decomposed the variability in
| AIF| according to the general multi-factor model (Eq. B1),

Y=p+4ai+Bj+yk+l+(@B)ij+ (ay)ik
+BY)jk+ (@By)ijk+---+e€ijkl, (B1)

In this model, Y denotes the |AIF| values for each com-
bination of SM, VPD, and 7/SSR quartiles. The term pu is
the grand mean, while «i, Bj, yk and 8/ represent the main
effects of SM, VPD, T, and SSR quartiles. The interaction
terms aBij, ayik, Byjk, and (¢By)ijk capture how combi-
nations of these factors jointly modify | AIF| beyond their in-
dividual effects. The residual €ijkl accounts for unexplained
variability.

In Eq. (B2), the total variability was partitioned into sums
of squares using

N —
SStow =) _,_, (vt =)’ (B2)

Here, yt represents each |AIF| value, y is the overall mean
across all | AIF| values, and SSto, measures the total vari-
ability in | AIF| before attributing it to any factor or interac-
tion.

In Eq. (B3),

SSy = Zim‘(ﬁ—y)z (B3)

SSx quantifies the amount of | AIF| variability explained by
a specific factor X (SM, VPD, temperature, SSR). Here, yi
is the mean |AIF]| for level i of factor X, ni is the number
of observations in that level, and y is the overall mean. The
same structure applies to interaction terms (e.g., SSsSMxVPD),
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where the means yi j correspond to pairs (or triples) of factor
levels.
The residual variability is (Eq. B4),

SSEmor = SSTowl — ) SSx (B4)

represents the portion of | AIF| not accounted for by any main
factor or interaction term.

To characterize the strength of each regime effect, the bias-
corrected omega-squared statistic was used (Eq. BYS),

2 SSX - deMSError

CL)X:
SSTotal + MSError

(B5)

This equation defines omega-squared for factor X, which
measures the proportion of the variance in |AIF| that is at-
tributable to that factor after correcting for bias. SSy is the
sum of squares explained by factor X, and dfy is the degrees
of freedom associated with it. MSgor iS the mean square
of the residual error and equal to MSgror = SSError/dfError-
SSotal s the total sum of squares of |AIF).

Omega-squared provides a bias-corrected estimate of the
fraction of total |AIF| variability explained by factor X.
Larger values of a)g( indicate that the environmental regime
represented by X plays a stronger role in shaping |AIF|.

The corresponding physically interpretable magnitude was
given by the explained standard deviation (Eq. B6),

SDy =0y v wy? (B6)

expressed in the same units as |AIF|, where o, is the stan-
dard deviation of |AIF| and w,? is the variance explained by
factor X. Bootstrap resampling within each SM x VPD (or
SM x VPD x T/SM x VPD x SSR) regime provided 95 %
confidence intervals for both w? and SD.

While ANOVA provides a useful framework for partition-
ing variability in | AIF| across hydroclimatic regimes, it is im-
portant to note that its classical assumptions may not be fully
satisfied in this context. The |AIF| values are derived from
monthly time series and may therefore retain temporal de-
pendence, meaning that observations are not strictly indepen-
dent. In addition, the use of quantile-based regime definitions
can lead to unequal variance across bins (heteroscedasticity),
particularly in extreme or sparsely populated regime combi-
nations. In this study, ANOVA is therefore interpreted pri-
marily as a variance-partitioning and effect-size diagnostic,
rather than as a strict inferential test under ideal assumptions.
To assess robustness, we complement the analysis with alter-
native regime definitions (terciles and quintiles; Fig. S6). The
main qualitative conclusions, particularly the dominant role
of higher-order interactions, remain consistent across these
tests, although some weaker two-way effects show greater
sensitivity to binning choice.
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