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Abstract. The rate (or velocity) of the hydrological cycle affects water availability for agriculture, energy 

production, and planning for droughts or floods. Therefore, acceleration in the velocity of the hydrological cycle is 10 

likely to impact multiple hydrological domains and management practices. Previous work has primarily studied 

hydrological cycle velocity and acceleration through the lens of flux magnitudes and their change. Motivated to 

expand this definition to characterize temporal coupling between stages in the hydrological cycle, we introduce a 

novel definition of hydrological cycle velocity and acceleration derived from the concept of drought propagation. 

We define the hydrological cycle velocity as the response time between the 1-month Standardized Precipitation 15 

Index (SPI) and the 1-month Standardized Soil Moisture Index (SSI) and define acceleration as the change in 

response time between an early time period and a late period. Using gridded reanalysis data over the conterminous 

United States (CONUS) from 1951-2020, we analyzed the summer period (June, July, August) to minimize the 

lagging-effects of cold-season processes. Response times exceeded 100 days in southwestern CONUS (indicating a 

slower hydrological cycle velocity), but were substantially shorter elsewhere, 10-20 days, indicating a faster 20 

hydrological cycle velocity. A Random Forest variable importance analysis revealed strong negative associations of 

response time and mean annual flux magnitudes, with higher precipitation and evaporation associated with shorter 

response times. Regarding potential acceleration between an earlier (1951-1985) and later (1986-2020) period, 48.47 

% of reanalysis grid cells experienced a deceleration (lengthening of response time) of their local summer 

hydrological cycle, while 39.32 % of grid cells experienced an acceleration (shortening of response time). However, 25 

a false detection rate correction found a lack of robust field significance (aFDR=0.05), a finding reinforced by a 

regional decadal trend analysis. By framing hydrological cycle acceleration in terms of propagation of 

meteorological anomalies to land surface anomalies, we expand the conceptual basis for diagnosing changes in the 

hydrological cycle. 

1 Introduction 30 

Hydrological cycle change has been a prominent feature of the last century. Altered precipitation intensity (Contractor 

et al., 2021; Giorgi et al., 2011), drought characteristics (Dai, 2013; Williams et al., 2020; Yuan et al., 2023), runoff 

trends (Dai, 2016; Xiao et al., 2018), and atmospheric demand (Vicente-Serrano et al., 2022) are among the notable 
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observed changes. Changes in the rate (velocity) of hydrological processes can have widespread impacts on water 

availability and water resource planning (Musselman et al., 2017; Vicente-Serrano et al., 2014; Wang et al., 2023), 35 

motivating growing interest in whether the hydrological cycle is accelerating. Approaches have largely fallen into 

three categories: quantifying changes in the magnitude of a single hydrological flux or variable (Ohmura and Wild, 

2002; Yeh and Wu, 2018), analyzing changes in the magnitude of a combination of hydrological fluxes or variables 

(Feng et al., 2017; Huntington et al., 2018; Vargas Godoy and Markonis, 2023), or calculating changes to the residence 

time of water in a hydrological storage component (Held and Soden, 2006; Kao et al., 2018; Li et al., 2011; Wang et 40 

al., 2023). However, a gap remains in understanding whether the temporal coupling between stages in the hydrological 

cycle is changing. To address this gap, we expand on the lag characteristic of drought propagation (Van Loon et al., 

2012) to introduce a novel metric of hydrological cycle acceleration. Basing our approach on the physical assumption 

that hydrological anomalies in the atmosphere typically precede anomalies on the land surface, we define hydrological 

cycle acceleration as a decrease in the time it takes meteorological anomalies to propagate into soil moisture 45 

anomalies. Using drought indices to quantify these anomalies, our approach seeks to provide a meaningful 

contribution to the question of hydrological cycle acceleration in terms of indices already familiar to land managers 

(Hawkes et al., 2018; Svoboda et al., 2002). 

1.1 Existing definitions of hydrological cycle acceleration 

Many terms exist to describe the types of hydrological change we are interested in, with intensification and 50 

acceleration among the most common. Although sometimes used interchangeably by researchers, we distinguish them 

here for clarity. We define intensification as changes in the magnitude of hydrological fluxes (Huntington et al., 2018), 

and acceleration as changes in the degree of temporal coupling between stages of the hydrological cycle, quantified 

through metrics such as the residence time of water in the soil (Gimeno et al., 2021; Kao et al., 2018; Li et al., 2011; 

Wang et al., 2023). Because metrics of intensification and acceleration do not always change in tandem (discussed in 55 

Sect. 1.1.3), distinguishing them is important to gain a clearer understanding of hydrological cycle change. This study 

focuses on acceleration. We use the term velocity to describe a static, intra-period temporal metric, and acceleration 

to describe the inter-period change in a temporal metric. 

1.1.1 Changes in a single flux 

The simplest way to quantify hydrological cycle change is by examining trends in individual hydrological fluxes. This 60 

approach is appealing due to its straightforward interpretability and the reduced uncertainty provided by the relatively 

long, reliable observational records available for certain fluxes, i.e., precipitation (P) and runoff. However, changes in 

a particular term of the water balance do not necessarily reflect changes in the entire hydrological cycle. For example, 

runoff in the Upper Colorado River Basin declined by 16.5% from 1916-2014 despite a slight increase in precipitation 

(Xiao et al., 2018).  65 

Theoretically, increases in global temperature are expected to enhance both P and evapotranspiration (E) through 

Clausius-Clapeyron scaling and changes in the tropospheric energy balance (Allen and Ingram, 2002; Held and Soden, 

2006). For precipitation, this expectation is generally supported by model- and observation-based studies (Hobeichi 
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et al., 2022; Liu and Allan, 2013; Trenberth, 2011), although Adler et al. (2017) found no global trend during the 

satellite era. Regional variability is substantial in these studies. Evidence for evapotranspiration trends is more 70 

uncertain due to limited direct observations, leading to greater regional variability and inter-study disagreements in 

both the magnitude and direction of change (Hobeichi et al., 2022; Jung et al., 2010; Zhang et al., 2016). Although 

single-flux analyses are practical and intuitive, they provide only a partial view of hydrological cycle change and, 

under our definitions, primarily represent measures of intensification rather than acceleration. 

1.1.2 Change in water cycle intensity 75 

A more comprehensive approach to characterizing hydrological change combines multiple fluxes, most commonly P 

and E. Including additional terms provides a more complete accounting of hydrological change but also introduces 

more uncertainty, particularly given the poor observational record of E. Huntington et al. (2018) coined the term Water 

Cycle Intensity (WCI), defined as P+E, to investigate hydrological cycle intensification, finding a generally positive 

(although often statistically insignificant at the regional level) trend across the conterminous United States (CONUS) 80 

from 1945-2014. They posit that when paired with a water balance equation, understanding changes in WCI and its 

components over land enables insights into changing soil moisture storage and runoff. Other studies have used P+E 

as an indicator of hydrological cycle acceleration, characterizing increases in global P+E across four reanalysis 

datasets as evidence of hydrological cycle acceleration (Vargas Godoy and Markonis, 2023). Feng et al. (2017) 

analyzed the spatial trends in P+E over land, finding that approximately 32% of global land surfaces experienced an 85 

accelerating hydrological cycle from 1982-2011, while 10% of the global land surface experienced a decelerating 

hydrological cycle. Differences between acceleration and intensification are not delineated in those studies. Changes 

in P+E provide useful information about hydrological change, but because it represents the total flux in and out of the 

land surface, it is best categorized as intensification rather than acceleration under our definitions.  

An alternative metric, HY-INT (Giorgi et al., 2011), defines hydroclimatic intensity as the product of the mean 90 

precipitation intensity and mean annual dry spell length. As such, it does not fall cleanly within our definitions of 

intensification or acceleration. Increasing HY-INT was a consistent global signature from 1970-2000, indicating 

higher hydroclimatic intensity (Giorgi et al., 2011). A key strength of HY-INT is that it recognizes the contribution of 

both dryness and wetness to hydroclimatic intensity. However, the resulting index lacks interpretability and does not 

measure the coupling of hydrological cycle stages, the goal of this work. 95 

1.1.3 Changes in residence times 

Perhaps the most appropriate existing characterization of hydrological cycle acceleration is the change in water 

residence time, or the average length of time water spends in a stage of the hydrological cycle. Shortening residence 

times indicate hydrological cycle acceleration. Lengthening residence times indicate deceleration. Highlighting the 

need to distinguish intensification and acceleration, residence times can contradict metrics of hydrological 100 

intensification. For example, the residence time of atmospheric water vapor is increasing (deceleration), despite 

increases in the hydrological fluxes into (E) and out of (P) the atmosphere (intensification) (Bosilovich et al., 2005; 

Gimeno et al., 2021; Kao et al., 2018; Li et al., 2011). This phenomenon occurs due to a larger increase in E than P. 
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However, the contrast may not carry over to terrestrial systems. Between 2001-2020, soil water residence time in the 

top meter of soil water decreased alongside increased P+E, suggesting a coupling of intensification and acceleration 105 

(Wang et al., 2023). A key advantage of residence times is that they provide a measure of temporal coupling between 

hydrological cycle stages. However, this integration is non-specific and combines multiple pathways. For example, 

soil water residence time cannot distinguish between water that ultimately contributes to streamflow and water that is 

returned to the atmosphere through evaporation. Furthermore, their calculation over land requires multiple flux and 

storage variables, introducing uncertainty compared to simpler metrics like WCI. As opposed to more interpretable 110 

metrics such as changes in P or even WCI, the implications of changing residence times may be more challenging to 

communicate to stakeholders such as land managers. 

1.2 A novel metric to quantify hydrological cycle acceleration 

In response to the lack of a metric of hydrological cycle acceleration that focuses on the explicit coupling of different 

stages of the hydrological cycle, we introduce a novel metric of hydrological cycle acceleration. In contrast to previous 115 

studies that define hydrological cycle acceleration using flux magnitudes (Feng et al., 2017; Huntington et al., 2018; 

Ohmura and Wild, 2002; Vargas Godoy and Markonis, 2023; Yeh and Wu, 2018) or residence times (Wang et al., 

2023), we base our definition of acceleration in the lag component of drought propagation. Drought propagation 

describes the transfer of deficits—typically measured in anomaly space using drought indices—from meteorological 

(precipitation) to agricultural (soil moisture) to hydrological (streamflow) (Van Loon et al., 2012). The lag represents 120 

the time delay between meteorological drought and subsequent agricultural or hydrological drought. Here, we focus 

on the lag between meteorological anomalies and subsequent soil moisture anomalies. By including both positive and 

negative anomalies, rather than drought events alone, we extend the concept of drought propagation to achieve a 

complete picture of anomaly propagation from atmosphere to land surface. We apply this metric to understand 

hydrological cycle acceleration over the CONUS domain from 1951-2020, offering a unique contribution to the study 125 

of hydrological cycle acceleration and impacts. 

 2 Materials and methods 

We introduce a novel metric of hydrological cycle acceleration based on the response time of a Standardized Soil 

Moisture Index (SSI) to the Standardized Precipitation Index (SPI) and apply it to understand whether the hydrological 

cycle has accelerated over CONUS from 1951-2020. The process of calculating time series of SPI and SSI is described 130 

in Sect. 2.1. The experimental design for quantifying and comparing response times between the two drought indices 

is described in Sect. 2.2. A variable importance framework to understand how explanatory hydroclimate variables 

may influence the response time is outlined in Sect. 2.3. Finally, descriptions of the data used, and additional data 

processing steps are described in Sect. 2.4. 
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2.1 Using drought indices to quantify meteorological and soil moisture anomalies 135 

Drought indices provide a standardized framework to monitor and study drought by assigning a numerical value to 

drought severity (Svoboda and Fuchs, 2016). Typically representing a single type of drought (e.g. meteorological or 

agricultural), the simplest form of a drought index resembles a standardized anomaly (Z-score) of recent conditions 

relative to a historical climatology. Many drought indices include a user-chosen accumulation period, allowing 

conditions to be aggregated over preceding weeks or months to capture drought processes at different temporal scales.  140 

We start with the SPI as a measure of meteorological drought (McKee et al., 1993) because drought propagation 

generally begins with a rainfall deficit (Van Loon et al., 2012). SPI was specifically chosen as it is perhaps the most 

widely used drought index, given its low data requirements, ease of calculation, and straightforward interpretability. 

For reference, the World Meteorological Organization has recommended that SPI be the standard meteorological 

drought index (Hayes et al., 2011).  145 

Daily SPI is calculated at each reanalysis grid cell (see Sect. 2.4 for a description of datasets used) over CONUS 

following McKee (1993). Precipitation is converted to a daily rolling sum corresponding to the chosen accumulation 

period. We chose relatively short accumulation periods for SPI to target sub-seasonal to seasonal anomalies rather 

than multi-seasonal or interannual anomalies. While common accumulation periods for SPI are 1-, 3-, 6-, and 12-

months, previous work has demonstrated 1- and 3-month accumulations for SPI correlate most strongly with soil 150 

moisture anomalies and reflect the shortest of the common SPI accumulations (Cammalleri et al., 2024). In this 

analysis, we focus on 30-day and 90-day accumulations (SPI-30 and SPI-90), with the 30-day accumulation of SPI 

serving as the only accumulation used in most of the analyses in this work (additional justification provided in Sect. 

3.1.) For each day of the year, a two-parameter gamma distribution is fit to the historical rolling sums of precipitation 

on that day of the year using maximum likelihood estimation. Cumulative probabilities of each day’s rolling sum of 155 

precipitation are retrieved from the gamma distribution and transformed into a standardized score using an inverse 

normal function.  

The choice to use a soil moisture drought index was also based on the accepted order of drought propagation, from 

meteorological to agricultural (Van Loon et al., 2012). Currently, no broad consensus exists regarding the optimal 

procedure for calculating a standardized soil moisture index or quantifying anomalies in soil moisture (Cammalleri et 160 

al., 2024; Carrão et al., 2016; Hao and AghaKouchak, 2013; Lema et al., 2025; Mo, 2011; Xu et al., 2018). We chose 

to prioritize consistency and apply the SPI framework to calculate SSI, following the example of Hao and 

AghaKouchak (2013). A 30-day averaging (replacing accumulation) period is used for the calculation of SSI, to reflect 

sub-seasonal anomalies, and to match the 30-day accumulation of SPI used as the primary SPI accumulation. To align 

with previous work analyzing soil water residence time, we calculate SSI for the top meter of soil (Wang et al., 2023). 165 

For both SPI and SSI, the total number of full years available at the time of calculation, 1950-2023, are used for fitting 

the two-parameter gamma probability distributions for precipitation and soil moisture, respectively. 
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2.2 Experimental design 

2.2.1 Quantifying the velocity of the hydrological cycle 

The core goal of this paper is to introduce a new approach to quantify acceleration, or changes in velocity, of the 170 

hydrological cycle. Recall, we define the velocity as the time it takes hydrological anomalies—as measured through 

drought indices—to propagate from meteorological anomalies to soil moisture anomalies. We quantify the velocity 

of anomaly propagation as the response time of SSI to SPI, calculated at a grid cell level using a maximized correlation 

approach. Specifically, the lag time (SSI-30 lagging behind SPI) that maximizes the Pearson correlation coefficient 

(r) between the two time series is taken as the response time. Similar maximized correlation approaches are well-175 

documented in drought propagation literature (Cammalleri et al., 2024; Jeong et al., 2024; Lema et al., 2025; Zhou et 

al., 2024). This response time serves as our measure of the velocity of the local hydrological cycle. To avoid issues 

with frozen soil and snow water storage, we consider only the summer—June, July, August (JJA)—time series of SSI-

30 (from here on referred to as JJA SSI-30). An example of how the response time is calculated for a single grid cell 

for both SPI-90 and SPI-30 is shown in Fig. 1. The shorter, 30-day accumulation period of SPI results in a longer 180 

response time and lower correlation at the response time (Fig. 1a, b) as compared to the longer, 90-day accumulation 

period (Fig. 1c, d). The Pearson correlation was chosen here, although our testing indicates that the choice of Spearman 

or Pearson correlation results in negligible differences in response time. Short response times indicate that anomalies 

in SPI are quickly matched by anomalies in SSI, i.e., a higher velocity hydrological cycle, and long response times 

indicate slower propagation—a lower velocity hydrological cycle. Thus, a decrease in response time between two time 185 

periods represents an accelerating hydrological cycle and vice versa.  
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Figure 1: Example calculation of response time between SPI and SSI at 42° N, -84° W. (a) Time series of SPI-30 and SSI-
30 from 2014-2016 (note that response time labelled in (b,d) is calculated for full time series, 1951-2020). Green shaded 
areas represent June, July, and August months for which the response time is calculated. Solid blue line tracks SPI-30 time 190 
series, black dashed line tracks SSI-30 time series. (b) Correlogram for SPI-30 and SSI-30 time series showing the 
correlation coefficient value between SPI-30 and SSI-30 for different lags. Arrow and label mark the lag of SSI-30 that 
maximizes the correlation between both time series, taken as the response time, or velocity, of hydrological cycle. Blue 
vertical shaded area represents 95% confidence interval of lag that maximizes correlation. Grey shaded areas represent 
95% confidence interval of correlation coefficient values. (c) Same as (a), but for SPI-90 and SSI-30. Solid red line tracks 195 
SPI-90 time series. (d) Same as (b), but for SPI-90 and SSI-30. Data is from ERA5-Land, with a more detailed description 
in Sect. 2.4. 

To understand the spatial distribution of response time of SSI-30 to SPI (both SPI-30 and SPI-90) across CONUS, we 

calculate a response time during the period 1951-2020 at every grid cell for the SSI-30 time series.  Only lags of up 

to 300 days are tested, and response times are calculated beginning in 1951 to allow for SPI lags of up to 300 days. 200 

2.2.2 Bootstrapping to assess significance of correlation peak at response time 

We assess the significance of the correlation peak at each grid cell’s calculated response time (Sect. 2.2.1) by testing 

whether its r-value significantly exceeds the r-value at zero days of lag. Following the approach of Efron and 

Tibshirani (1994), a moving blocks bootstrapping approach is used to address autocorrelation present in the time 

series. Moving block bootstrapping considers contiguous blocks of a chosen time length as candidates for resampling, 205 

rather than individual data points (i.e., individual days). Since we only analyze the JJA (three months per year) time 

series of SSI-30, we employ an equivalent block size of three months to ensure functional independence between 

blocks. We generate 1000 resampled (with replacement) time series from the original JJA SSI-30 time series, with 
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1000 chosen to stabilize resulting bootstrapped distributions (Efron and Tibshirani, 1994). Computing the correlation 

with the SPI times series at zero lag for all 1000 resamples allows for the construction of a one-sided 95% confidence 210 

interval around the r value at zero lag. The null hypothesis (H0) that the r at the response time is not significantly 

different from zero lag r is rejected (significance achieved at α = 0.05) if the r at the response time falls outside this 

interval. 

2.2.3 Quantifying the acceleration of the hydrological cycle 

We primarily assess the long-term acceleration of the hydrological cycle through the change in response time between 215 

an early (1951-1985) and late (1986-2020) time period. For each grid cell, we calculate response time between SPI-

30 and JJA SSI-30 (Sect. 2.2.1) for both time periods. A decrease in response time in the late time period relative to 

the early time period indicates an acceleration of the hydrological cycle.  

We evaluate significant changes in response time using a moving blocks bootstrap approach, with the same 3-month 

block size and number of resamples (1000) as in Sect. 2.2.2. Here, only the early time period is resampled, and a 220 

bootstrapped distribution of 1000 resampled response times is generated using resampled SSI time series and the SPI 

time series. For each grid cell, the calculated response time in the later period is compared against this bootstrapped 

distribution of response times to generate one p-value per grid cell, representing the result of a two-sided hypothesis 

test with an H0 of no change in response time from early to late period (Efron and Tibshirani, 1994). We apply the 

false discovery rate (FDR) procedure (Benjamini and Hochberg, 1995), outlined in S1, to the set of significance tests 225 

to account for the multiple comparison test problem. This problem arises when many individual (local) hypothesis 

tests are conducted, which can result in many Type 1 errors (i.e., incorrectly rejected H0). The FDR procedure limits 

the rate of Type 1 errors. Here, we use ⍺FDR = 0.05, which limits the expected rate of Type 1 errors to 5% of the total 

number of rejected local null hypotheses (Benjamini and Hochberg, 1995; Wilks, 2016, 2019).  

We recognize that shorter-term variability may be important and present a secondary analysis in which we investigate 230 

regional changes in response time at a decadal time scale to test how robust observed changes are to choices in time 

period and spatial scale. We aggregate total precipitation and volumetric soil water content in the top one meter of soil 

across the nine climate regions defined by the National Center for Environmental Information (NCEI) (Karl and Koss, 

1984), resulting in nine time series of regional daily total precipitation and soil moisture. Daily regional SPI-30 and 

JJA SSI-30 values are calculated for each region (Sect. 2.2.1), and the response time of JJA SSI-30 to SPI-30 is 235 

calculated by decade for each region. 

2.3 Evaluating the role of hydroclimate variables on changes in response time 

The roles of different hydroclimatic variables on response times are investigated with a Random Forest (RF) regression 

(Breiman, 2001). RF regression was chosen for its ability to capture non-linearities and integrate complex relationships 

among variables while reducing overfitting (Zhang and Ma, 2012). We fit two RF models to identify hydroclimate 240 

drivers of response times across CONUS during the period 1951-2020, using predictors from ERA5-Land (Tables 1 

and 2). We employ permutation importance to evaluate which variables drive prediction skill, while partial dependence 

plots visualize the marginal effect of the most important variables on predicted response time. 
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2.3.1 Random Forest (RF) fitting 

The RF algorithm and hyperparameters are described in S2. Both of our RF models consisted of 1000 trees with a 245 

maximum depth of 10, considering one-third of predictor variables at each split. The resulting RF can predict response 

times at grid cells based on these predictors, however we use it to evaluate variable importance. Thus, predictions are 

done only to evaluate model performance on test data. 

The first model is trained on variables (Table 1) chosen to represent the water inputs to the land surface (precipitation), 

while E and potential evapotranspiration (PET) represent atmospheric demand. Temperature (T) serves as a general 250 

climate indicator. All variables are considered as both annual and seasonal averages to determine if specific seasons 

disproportionately influence summer response times. The seasonal divisions used are MAM (March, April, May), JJA 

(June, July, August), SON (September, October, November), and DJF (December, January, February). Additionally, 

the seasonal percentage of annual precipitation and evaporation is included as another indicator of seasonality.  
Table 1: Representative variables and clusters for single-variable random forest regression. The random forest models are 255 
trained using the representative variables (left-hand column), which are chosen to represent the effect of some grouping of 
correlated variables (right-hand column). Except where noted as percentages, all variables are annual or seasonal means. 

Representative variable Other variables included in cluster (if applicable) 
Percent P in MAM  

Percent E in MAM  

Percent P in SON  

Percent E in SON  

Summer mean temp  

P in DJF  
Annual soil moisture Soil moisture in MAM, JJA, SON, and DJF (all were highly correlated)  
Annual E E in SON, E in MAM 
P in JJA E in JJA 
Annual P P in MAM, P in SON 
Annual PET PET in MAM, JJA, SON, and DJF (all were highly correlated) 
Annual T E in DJF, soil moisture in MAM, JJA, SON, and DJF (all were highly correlated) 
Percent E in JJA Percent of E in DJF 

 

The second RF model is trained on hydroclimatic variables derived from ERA5-Land outputs (Table 2). We chose 

P+E to analyze the relationship between response time and the WCI (Huntington et al., 2018), while P-E serves an 260 

indicator of both the atmospheric and terrestrial water budget (Bosilovich et al., 2005). Including an aridity index 

(PET/P) (Budyko and Miller, 1974) allows us to understand the potential effect of aridity on response times. The 

residence time of soil water (RT) serves as a terrestrial analogue for the atmospheric hydrological cycle velocity 

(Wang et al., 2023). Equation 2 describes the residence time calculation (Wang et al., 2023), where P is total 

precipitation and S is the average soil moisture in the top meter of soil for a given period of time: 265 

𝑅𝑇 = S/P (2) 

The calculation of residence time using a volume (S) and flux (P) assumes a steady state and mass conservative system, 

making it an approximation of the true residence time.  
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Table 2: Representative variables and clusters for random forest regression model built on derived, multi-variate 
hydroclimatic indicators. The random forest models are trained using the representative variables (left-hand column), 270 
which are chosen to represent the effect of some grouping of correlated variables (right-hand column). All variables are 
annual or seasonal means. 

Representative variable Other variables included in cluster (if applicable) 
PET/P in DJF  

P-E in JJA  

P+E in DJF RT in DJF 
Annual PET/P PET/P in MAM, SON 
Annual RT RT in MAM, SON 
Annual P+E P+E in MAM, SON 
P+E in JJA PET/P in JJA, RT in JJA 
Annual P-E P-E in MAM, SON, DJF 

 

The performance of both RF models is measured through R2, using a standard 5-fold cross-validation approach (Hastie 

et al., 2009). We adjust the 5-fold cross validation to include a spatial-blocking approach (procedure described in S5) 275 

to minimize the impact of spatial overfitting in performance metrics (Roberts et al., 2017; Valavi et al., 2018).  

 

2.3.2 Assessing influence of hydroclimatic variables on response time 

We identify potential hydroclimatic drivers of our novel metric of hydrological cycle velocity—response time of JJA 

SSI-30 to SPI—by calculating the permutation importance (Zhang and Ma, 2012) of hydroclimatic predictor variables. 280 

As opposed to common impurity based metrics (Hastie et al., 2009), permutation importance measures a variable’s 

influence in the prediction of unseen test data rather than its importance in model training. After training an RF 

regression on each of the five training datasets (Sect. 2.3.1), we measured the predictive performance (R2) against the 

complementary test datasets. The decline in predictive performance after randomly permuting a variable—while 

keeping all other variables fixed—is the permutation importance score. Permuting important variables should decrease 285 

predictive performance more than unimportant variables. We permute each variable 10 times, calculating a median 

(Pedregosa et al., 2011) permutation importance score for each variable in each training/testing split. The resulting set 

of 5 median permutation importance scores per variable is used to assess variable importance. 

Because correlated variables can ‘share’ variable importance and obscure drivers of predictive skill (Zhang and Ma, 

2012), we follow a solution outlined by the creators of the Python predictive data science package, scikit-learn 290 

(Pedregosa et al., 2011). The procedure, outlined in S3, hierarchically clusters variables and retains one variable from 

each cluster to represent the effect of that cluster (Tables 1 and 2). The RF regression is trained using only those 

representative variables. Importance is assigned to the representative variable (and implicitly, the cluster). 

2.3.3 Visualizing partial dependence of response time on hydroclimatic variables 

Partial dependence plots (PDPs) illustrate the interaction between response time and the top four most important 295 

variables for each model. A PDP for variable X visualizes how the average predicted response time varies along with 
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varying values of X. The algorithm to produce PDPs is described in S4. Due to the multi-dimensional interactions 

captured by an RF, the resulting PDP visualization is simply an average, and not a deterministic measure of how 

predicted response times vary with varying values of X in every scenario.  

2.4 Reanalysis data used to calculate drought indices and analyze variable importance 300 

The primary categories of hydroclimate data needed for this study are atmospheric (P, T, PET, E) and land surface 

(soil moisture to a depth of one meter). These data serve as inputs for calculating drought indices and the RF regression 

analysis. While using observational data may be ideal, these datasets often suffer from limited spatial and temporal 

coverage, particularly for key states and fluxes such as soil moisture and evapotranspiration. To ensure physical 

consistency across all variables, we use reanalysis data for all data inputs. Reanalysis data effectively bridges the gap 305 

between purely observational and purely modeled datasets by assimilating observations into a physically based model. 

The ERA5-Land reanalysis, available through the European Centre for Medium Range Weather Forecasting 

(ECMWF), is chosen as a physically consistent reanalysis constrained to observations, with coverage from 1950 to 

present and soil moisture at depths of up to 2 meters (Muñoz-Sabater et al., 2021). ERA5-Land was chosen due to its 

relatively fine spatial resolution (gridded to 0.1°, with a native resolution of 9 km) and lengthy temporal coverage 310 

(1950-present) compared to other hydroclimatic datasets. ERA5-Land consists of a land surface model (H-TESSEL) 

forced with downscaled ERA5 outputs (Hersbach et al., 2020). The downscaled ERA5 precipitation is used 

extensively in this analysis. ERA5 temperature and precipitation exhibit high correlations with observations across 

Canada and CONUS and perform comparably to observation-based datasets when used as forcing for hydrological 

models, achieving median KGE scores of approximately 0.75 across 3,138 catchments (Tarek et al., 2020). As ERA5 315 

has no direct assimilation of precipitation observations pre-1979 (Bell et al., 2021), precipitation outputs may have 

reduced reliability pre-1979. The evapotranspiration, PET, and soil moisture terms used here are entirely model-

derived in ERA5-Land, with no assimilation of observational data. Validation of ERA5-Land soil moisture against in-

situ observations over North America shows acceptable skill (Muñoz-Sabater et al., 2021). Comparison studies show 

ERA5-Land to have comparable or superior soil moisture skill to other reanalysis products (Beck et al., 2021; Zheng 320 

et al., 2024). Validations of ERA5-Land evapotranspiration and potential evapotranspiration are limited in quantity 

and study area. Jin et al. (2024) compared four evapotranspiration products to an ‘actual terrestrial evapotranspiration 

dataset’ developed using the complementary evapotranspiration method. ERA5-Land performed best, with correlation 

coefficients exceeding 0.96. A separate evaluation of ERA5-Land PET over mainland China found ERA5-Land to 

have mean correlation coefficients of 0.75 when compared to observed pan evaporation (Xu et al., 2024). PET in 325 

ERA5-Land is computed as open water evaporation using the bulk aerodynamic method (ECMWF, 2025). 
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3 Results 

3.1 Distribution of response times across CONUS 

We report the distribution of response times of JJA SSI-30 to both SPI-30 and SPI-90 across CONUS to explore how 

response time varies spatially across CONUS and between different SPI accumulations (Fig. 2a,d). Using the 330 

maximized correlation approach (Sec. 2.2.1), response times of JJA SSI-30 to both SPI accumulations ranged from 

zero days to the maximum tested response time, 300 days. For reference, Fig. S1 shows a histogram of the response 

times for each accumulation. However, the mean (median shown in parentheses) response times for SPI-90 and SPI-

30 were 38 (17) days and 24 (4) days, respectively (Fig. S1). Spatial patterns of response times were generally similar 

between both accumulations of SPI. Shorter response times prevailed in the eastern half of the domain, on the order 335 

of 10-20 days for SPI-30 and 0-10 days for SPI-90. Longer response times dominated in the western US, with response 

times exceeding 100 days in much of the southwest and parts of the northwest.  

The correlation between JJA SSI-30 and SPI also showed similar patterns between the two accumulations of SPI (Fig. 

2b,e). The highest correlations were in the eastern half of the domain, greater than 0.8 for SPI-90 and between 0.6 and 

0.8 for SPI-30. Correlation coefficients were consistently smaller in the west, with most grid cells falling between 0.6 340 

to 0.8 for SPI-90 and 0.4-0.6 for SPI-30. Patterns of correlation and response time appeared to have an inverse 

relationship: longer response times were associated with lower peak correlations. We conducted local one-sided 

significance tests (⍺=0.05) at the grid cell level to test whether the peak correlation (at the calculated response time) 

was significantly greater than the correlation at no lead time for SPI (Fig. 2c,f). Over 93% of grid cells had significant 

peaks for SPI-30, as opposed to under 14% for SPI-90. Given that negative lags of SSI-30 were not considered, the 345 

presence of a defined peak at a non-zero response time is essential to analyzing both hydrological cycle acceleration 

and deceleration across CONUS. As only a low percentage of grid cells showed a significant non-zero peak for SPI-

90 (Fig. 2f), SPI-30 is used in subsequent analyses to allow for an exploration of both acceleration and deceleration. 

Although using SPI-30 comes at the cost of lower overall correlations, we believe the tradeoff is necessary.  
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 350 
Figure 2: Distribution of response times between SPI and summer (JJA) SSI-30 across CONUS for the time period 1951-
2020 using ERA5-Land data. (a) Response times between SPI-30 and SSI-30, calculated by a maximized correlation 
approach between the two time series. (b) Pearson’s correlation coefficient between JJA SSI-30 and lagged SPI-30 for the 
calculated response time. (c) Significance of the correlation peak at the response time. Significance of the peak is determined 
by calculating whether correlation at peak is significantly different (⍺=0.05) from the correlation between the unlagged 355 
time series, using a moving blocks bootstrap approach. (d-f) same as (a-c), but for SPI-90 and SSI-30. Procedures used to 
generate plots can be found in Sect 2.2.1 and 2.2.2, while a description of data used can be found in Sect. 2.4. 

3.2 Influence of hydroclimatic variables on response time 

We evaluated potential individual hydroclimatic drivers of response time of JJA SSI-30 to SPI-30 through permutation 

importance analysis of an RF regression model, shown in Fig. 3. To limit the impact of highly correlated variables on 360 

the permutation importance measurements, we used representative variables from variable clusters when building the 

model (Table 1). The median R2 value from 5-fold spatially blocked cross-validation was 0.83, indicating adequate 

model performance to assess variable importance. We identified the four most important representative variables, each 

representing one variable cluster (see Sect. 2.3.1 and Table 1), ranked by median permutation importance scores across 

10 members and 5 cross-validation test sets. The most important representative variable was mean annual precipitation 365 

(variable cluster also includes mean SON and MAM precipitation), followed by mean JJA precipitation (variable 

cluster also includes mean JJA evaporation), mean annual evaporation (variable cluster also includes mean SON and 

MAM evaporation), and mean DJF precipitation (not clustered with any other variable). Mean DJF precipitation was 

substantially less important than the top three. Median R2 drops of the top three variables were between 0.13 and 0.28, 
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while all other variables had a median R2 drop below 0.05 (Fig. 3b). Partial dependence plots indicated that the 370 

marginal relationship between response time and the top three variables was negative (left three plots of Fig. 3c), 

meaning higher levels of mean annual precipitation, mean JJA precipitation, and mean annual evaporation result in 

lower predicted response times. The relationships were non-linear, with sharp changes in response times occurring at 

the lower end of changes to variable values, as shown in the left-hand portion of the panels of Fig. 3c. 

 375 
Figure 3: Random Forest model performance, variable importance, and partial dependence plots for individual 
hydroclimatic variables. RF model was trained to predict the response time of JJA SSI-30 to SPI-30 in the time period 1951-
2020 given a set of hydroclimatic variables downloaded from ERA5-Land data. (a) Predictive skill of the RF, measured 
through the R2 of predicted vs. observed response time in each of the 5 test datasets produced by 5-fold spatially blocked 
cross-validation. Median R2 was 0.83.  (b) Permutation importance score for the representative variables used to build the 380 
RF. ∆R2 refers to the drop in predictive skill of the model on testing data when a given variable is permuted. Boxplots 
represent the distribution of ∆R2 across the 5 test datasets, with 10 permutations per variable, giving 50 ∆R2 scores per 
variable. (c) Partial dependence plots of the top four variables, representing the average marginal dependence of response 
time on each of the top four variables. Data is from ERA5-Land, with a more detailed description in Sect. 2.3 and 2.4. 

 385 

 A second RF regression analyzed the importance and influence of derived multivariate hydroclimatic variables on 

the response time, shown in Fig. 4. A separate model avoids distributing importance between derived hydrological 

variables and their original components (such as P and P+E). As many of the multivariate hydroclimatic variables are 

often used as indicators of hydrological velocity (see Sect. 1.1), this model allows a comparison between response 

time and those metrics. The multi-variable model performed similarly to the single-variable model, with a median R2 390 

value of 0.80 across 5-fold spatially blocked cross-validation. Permutation importance identified JJA mean P+E 
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(representative of mean JJA PET/P and mean JJA soil water residence time), annual mean P+E (representative of SON 

and MAM mean P+E), annual mean P-E (representative of MAM, SON, and DJF mean P-E), and winter mean P+E 

(representative of DJF soil water residence time) as the most influential variables. The JJA mean P+E and annual 

mean P+E had median R2 drops of 0.40 and 0.20 respectively. No other variable had a median R2 drop above 0.1. Like 395 

the partial dependence in the single-variable model, the influence of the top three variables was negative, meaning 

higher levels of JJA mean P+E, annual mean P+E, and annual mean P-E result in lower predicted response times while 

winter mean P+E had no clear relationship. This indicates that larger flux magnitudes here (and in Fig. 3c), correspond 

with a higher velocity hydrological cycle. The relationships were again non-linear, with sharp changes in response 

times occurring at the lower end of changes to variable values. 400 

 
Figure 4: Random forest model performance, variable importance, and partial dependence plots for multi-variable 
hydroclimatic variables. RF model was trained to predict the response time of JJA SSI-30 to SPI-30 in the full time period 
1951-2020 given a set of multi-variable hydroclimatic variables derived from ERA5-Land data. (a) Predictive skill of the 
RF, measured through the R2 of predicted vs. observed response time in each of the 5 test datasets produced by 5-fold 405 
spatially blocked cross-validation. Median R2 was 0.80. (b) Permutation importance score for the representative variables 
used to build the RF. ∆R2 refers to the drop in predictive skill of the model on testing data when a given variable is permuted. 
Boxplots represent the distribution of ∆R2 across the 5 test datasets, with 10 permutations per variable, giving 50 ∆R2 scores 
per variable. (c) Partial dependence plots of the top four variables, representing the average marginal dependence of 
response time on each of the top four variables. Data is from ERA5-Land, with a more detailed description in Sect. 2.3 and 410 
2.4. 
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3.3 Analyzing hydrological cycle acceleration between an early and late period 

We calculated the change in response time between SPI-30 and JJA SSI-30 from an early to late time period (see Sect. 

2.2.2) to investigate potential hydrological cycle acceleration/deceleration between 1951-2020 (Fig. 5a-b). As defined 

earlier, a decrease in the response time denotes an accelerating hydrological cycle, i.e., quicker anomaly propagation, 415 

while an increase denotes a decelerating hydrological cycle, i.e., slower anomaly propagation. The significance of the 

change in response time is also reported, both before the FDR correction (Fig. 5c, a=0.05), and after the FDR 

correction (Fig. 5d, aFDR=0.05). More grid cells experienced an increase in response time (deceleration): 48.47% of 

grid cells. Grid cells with decreased response time (acceleration) comprised 39.32% of the data. Overall, 12.21% of 

grid cells had no change in response time. The central and northern Great Plains experienced the most spatially 420 

coherent acceleration, along with central Texas and the mid-Atlantic coast (Fig. 5b). The most coherent regions of 

deceleration were in much of the northern Midwest, South, and west coast of CONUS (Fig. 5b). While pockets of the 

observed accelerations and decelerations were deemed significant prior to the FDR correction (Fig. 5c), no CONUS 

grid cells were found to have a significant acceleration or deceleration after applying the FDR procedure (Fig. 5d).  

As opposed to relatively coherent areas of increasing and decreasing response times found in eastern and central 425 

CONUS, changes in response times across southwestern and western CONUS were noisy (Fig. 5b). Small areas of 

large coherent change in both directions were found, but meaningful signals were difficult to separate from apparent 

noise. This western US region, which is known for extremes in hydroclimate, had both the longest response times 

(100-200 days) and the largest changes in response time. Increases and decreases greater than 35 days occurred in 

close proximity. 430 

 

 
Figure 5: Change in response time of JJA SSI-30 to SPI-30 across CONUS between time periods 1951-1985 and 1986-2020. 
(a) Response time calculated for early time period (1951-1985). (b) Change in response time from early to late period. 
48.47% of grid cells had an increased response time, 39.32% had decreased response time, 12.21% had no change in 435 
response time. (c) Areas with significant increases or significant decreases in response time between periods (a=0.05), prior 
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to FDR correction. 5.25% of grid cells had a significant increase in response time, 5.49% had a significant decrease, and 
89.26% had no significant change in response time. Significance measured by comparing response time in 1986-2020 to two 
one-sided confidence intervals around the response time from 1951-1985. Confidence intervals were generated using a 
moving blocks bootstrap. (d) No areas showed significant increases or significant decreases in response time between 440 
periods after FDR correction (aFDR=0.05). Significance calculated in the same manner as (c), but with FDR procedure (Sect. 
2.2.3) applied. Data is from ERA5-Land, with a more detailed description in Sect. 2.4. 

3.4 Regional trends in response time 

We analyzed decadal trends in response time from 1951 to 2020 by NCEI climate region to understand whether local 

trends in response time translated into regional signals (Fig. 6). Mann-Kendall testing revealed no significant trend in 445 

any of the regions, with the smallest p-value being ~0.22 for the positive trend in response time in the Northwest. 

While the low sample size (n=7) of decadal response times per region limits the power of the significance test to detect 

a trend, Mann-Kendall testing using 5-year intervals (not shown) also identified no statistically significant regional 

trend.  

 450 
Figure 6: Decadal variation in response time by NCEI climate region from 1951-2020. Response times are the response of 
JJA SSI-30 to SPI-30. SPI and SSI time series were generated by averaging daily precipitation and soil moisture across 
individual regions and then applying SPI framework to resulting time series. Central map shows NCEI climate regions and 
CONUS state borders. Arrows point from NCEI regions to corresponding line plots of decadal changes in response time. 
Clockwise from top left, regions are (a)Northwest, (b)Northern Rockies and Plains, (c)Upper Midwest, (d)Northeast, 455 
(e)Ohio Valley, (f)Southeast, (g)South, (h)Southwest, (i)West. Data is from ERA5-Land, with a more detailed description 
in Sect. 2.4. 

The West and Southwest NCEI regions (Fig. 6h and 6i) exhibit large increases in decadal response time between 1971-

2000, but no significant monotonic trend. Although the mechanisms driving these increases are not fully explored in 

this study, they may be related to the structure of the correlograms in these regions (Fig. 7a-d). These correlograms 460 

are characterized by relatively flat shapes with less prominent and lower peaks in correlation than other regions (e.g. 

Fig. 7b vs 7f), and multiple local maxima at similar correlation values (Fig. 7b-d). Together, these features suggest 

that summer soil moisture anomalies in the West and Southwest are weakly dependent on precipitation anomalies at 
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any single lag time and instead reflect modest correlations across a broad range of lag times. Under such conditions, 

small shifts in precipitation patterns (e.g. sequences of wet or dry winters) may result in large apparent changes in 465 

decadal response time.  

This sensitivity is illustrated in the Southwest, where the estimated response time shifted from 234 days in 1981-1990 

to 14 days in 2001-2010 (Fig. 7a,b). In both decades, a local correlation peak occurs at a lag of 14 days, with only a 

modest increase in correlation from 1981-1990 (r=0.44) to 2001-2010 (r=0.532). However, the second prominent 

peak in correlation at longer lag time decreased in both magnitude and timing from r=0.65 at 234 days of lag in 1981-470 

1990 to r=0.53 at 142 days of lag in 2001-2010. The relatively small changes in the correlation at both peaks 

nonetheless produce a large shift in response time from 234 days to 14 days. Although the timing of the second peak 

does shift from 243 days in 1981-1990 to 142 days in 2001-2010, the calculated shift in response time instead reflects 

a shift between local peaks rather than the shift in the timing of a local peak. As a result, large decadal changes in 

response time may arise from subtle changes in correlation structure rather than the specific type of change in 475 

hydrological cycle velocity that this metric was designed to capture, limiting the utility of response time as a robust 

indicator of hydrological cycle velocity in the West and Southwest.  

In contrast, the relationship between SPI-30 and JJA SSI-30 in eastern part of the domain is characterized by shorter 

response times and clear, prominent peaks in correlation (Fig. 7d,f). Although some decades in eastern CONUS 

showed evidence of a second local peak at higher lag times (Fig. 7f,  peak at 276 days), the relative prominence of the 480 

primary peak (Fig. 7f, peak at 18 days) provides us with more confidence in the response time as a metric of 

hydrological cycle velocity in these regions. 
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Figure 7: Correlograms in the Southwest, West, and Upper Midwest NCEI climate divisions for two decades: 1981-1990 
and 2001-2010. Correlograms display the correlations of SPI-30 and SSI-30 time series at different lags of SPI-30 for given 485 
NCEI climate regions. The peak of the correlogram is used as the response time between the two time series. Correlograms 
for two decades are displayed: (a) Southwest, 1981-1990, response time 234 days), (b) Southwest, 2001-2010, response time 
of 14 days, (c) West, 1981-1990, response time of 247 days, (d) West, 2001-2010, response time of 135 days, (e) Upper 
Midwest, 1981-1990, response time of 20 days, (f) Upper Midwest, 2001-2010, response time of 18 days. Correlation refers 
to the r between the JJA time series of SSI-30 and various lagged time series of SPI-30. 1981-1990 was selected as it is the 490 
decade with the highest response times in the West and Southwest. 2001-2010 was chosen as the decade both the West and 
Southwest return to shorter response times. Data is from ERA5-Land, with a more detailed description in Sect. 2.4. 

4 Discussion 

The central tendency of response times of JJA SSI to SPI-30 across CONUS were longer than the response to SPI-90, 

with respective median response times of 17 and 4 days (Fig. 2a, 2d). Response times displayed spatial variability for 495 

both accumulations of SPI, with large response times exceeding 100 days found in southwestern CONUS, and much 
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shorter response times in eastern CONUS. In general, longer response times were associated with lower correlations 

and less prominent peaks in correlation at the response time. Although Cammalleri et al. (2024) only tested lags of 

one or multiple dekads (10-day periods), our results align in two key ways: (i) shorter accumulations of SPI obtain 

maximized correlation with soil moisture drought indices at longer lag times, and (ii) SPI-90 generally results in higher 500 

maximum correlations across CONUS. Gevaert et al. (2018) used a different procedure to calculate a drought 

propagation time, but also found much longer propagation times between SPI and SSI for summer droughts in 

southwestern and western CONUS. Despite the higher correlations found when using SPI-90 (Fig. 2b,e), we used SPI-

30 for subsequent analyses because of the large area with a significant non-zero response time.  

4.1 Influence of flux magnitudes on response time 505 

We built two RF models to examine the potential influence of hydroclimate variables on the response time between 

SPI-30 and SSI-30 (Figs. 3 and 4). We are not aware of any studies that have previously explored explanatory factors 

for the response time observed between SPI and SSI, although several studies have analyzed potential controlling 

factors in propagation dynamics between SPI and other forms of drought (Barker et al., 2016; Gevaert et al., 2018). 

Our single-variable RF analysis (Fig. 3) revealed that the group of variables represented by the mean annual 510 

precipitation was the most important to explaining differences in model skill, followed by JJA mean precipitation and 

annual mean evaporation (Fig. 3b). Partial dependence plots (Fig. 3c) showed that the marginal relationship between 

all three of those top variables and response time was negative, meaning the RF model predicted lower response times 

as their values increased. This aligns with studies on drought propagation dynamics from meteorological drought to 

hydrological drought (as opposed to soil moisture drought studied here), which have found that wetter areas have 515 

shorter drought propagation times (Barker et al., 2016; Gevaert et al., 2018). The partial dependence plot for all three 

variables was non-linear (Fig. 3c), with the most change seen at lower values. This finding implies that measures of 

wetness may be tied to the large-scale regional differences in response time, such as those seen between the arid 

southwest and the rest of the domain.  

In the RF regression trained on derived multivariate hydroclimatic variables (Fig. 4), the group of variables represented 520 

by JJA P+E was by far the most important in terms of model skill, followed by mean annual P+E (Fig. 4b). Higher 

rates of P+E were associated with lower response times (Fig. 4c). The slope of the summer P+E curve was non-linear 

(Fig. 4c), albeit with a slightly gentler transition between high response times and lower response times than seen for 

annual mean precipitation in the single-variable model (Fig. 3b). While we found no clear parallels in the literature to 

an analysis of the relationship of P+E and drought propagation characteristics, it is not surprising that relationships 525 

that exist between response times and precipitation would carry over into relationships of response time and P+E. 

A potential explanation for the strong association between higher flux magnitudes and lower response times may lie 

in soil moisture physics. The state of soil moisture is determined by two processes: wetting and drying. The wetting 

process occurs more rapidly than the drying process (McColl et al., 2017b). Within the drydown process, the rate of 

drying is highest initially, and decreases over time (McColl et al., 2017a; Rondinelli et al., 2015; Shellito et al., 2016). 530 

Combined with the knowledge that dry soil moisture anomalies tend to persist longer than wet soil moisture anomalies 

(Brubaker and Entekhabi, 1996), it follows that response times in wet regions will be shorter than response times in 
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dry regions. In wet areas, the relationship between precipitation and soil moisture will likely depend more on wetting 

events and the earlier (quicker) phases of drydown (Livneh et al., 2024). Conversely, the relationship in dry areas will 

depend less on wetting events, and more on the (slower) tail of the drydown curve given their greater prevalence. This 535 

would result in a longer response time of anomalies in soil moisture to anomalies in precipitation. 

4.2 Changing velocity of the hydrological cycle 

We analyzed accelerations and decelerations of the hydrological cycle over CONUS by calculating the difference in 

response time of SSI-30 (JJA time series only) to SPI-30 between 1951-1985 and 1986-2020 (Fig. 5). Overall, a 

slightly larger proportion of CONUS grid cells experienced a deceleration (48.47 %) in their hydrological cycle than 540 

acceleration (39.32 %). However, after applying the FDR procedure to local significance tests, no grid cells were 

shown to have experienced a significant acceleration or deceleration in their hydrological cycle between the two 

periods. This is in contrast to recent studies investigating hydrological cycle acceleration over land, which have found 

substantially larger percentages of area experiencing acceleration than deceleration (Feng et al., 2017; Wang et al., 

2023). However, these studies did not conduct a false discovery correction procedure and were also performed at a 545 

global scale and analyzed shorter, more recent time periods, making their conclusions not directly comparable to ours. 

We did not calculate a mean change across grid cells due to the large spatial variability in both overall response times 

and changes in response time. We found spatially coherent areas of hydrological cycle acceleration in the Great Plains 

and mid-Atlantic, and spatially coherent areas of deceleration in the Upper Midwest, South and West Coast (Fig. 5b), 

although none of these changes passed significance by the FDR procedure (Fig. 5d). While southwestern CONUS had 550 

large regions of dramatic change, the lack of spatial coherence lowers our confidence in the ability of our method to 

detect a regional trend if one did exist.  

There were no significant decadal trends at ⍺ = 0.05 in response time at the NCEI climate regions (Fig. 6). This lack 

of regional significance is somewhat comparable to previous results. Huntington et al. (2018) found only two out of 

nine regions (defined through a clustering procedure) with significant annual trends in WCI (P+E) from 1945-2014 at 555 

⍺ = 0.05.  

Decadal response times displayed large increases in the Southwest and West NCEI regions between 1970-2000. While 

initially disconcerting, this result is perhaps not entirely unexpected given the structure of the lagged correlation 

relationship between SPI and SSI, including the presence of multiple peaks in correlation and lack of prominence in 

those peaks (Fig. 7). A potential explanation for the multiple peaks in correlation could lie in the reemergence of soil 560 

moisture anomalies from previous seasons. Soil moisture anomalies that arise due to precipitation in one year may be 

“stored” in deeper layers and reemerge in the subsequent year (Kumar et al., 2019). Soil moisture in the top meter 

would then be correlated with both recent and earlier precipitation, creating a lagged-correlation relationship with 

multiple peaks. In the southwestern and western US, the reemergence in the root zone (0-0.4 m) was reported to 

happen on the order of 6-12 months when looking at JJA soil moisture anomalies using the NCAR Community Land 565 

Model (Kumar et al., 2019), aligning reasonably well with the secondary or even tertiary peaks we observed (Fig. 7a-

d). As discussed in Sect. 3.4, large shifts in the response time between decades may represent the calculated response 

time shifting between two local peaks, rather than a shift in timing of one individual peak in correlation. Despite this 
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explanation, this presence of multiple peaks in correlation and lack of prominence in those peaks raises valid questions 

about the usefulness of the response time definition of hydrological cycle acceleration in the arid southwest. 570 

4.3 Limitations 

The temporal domain of our analysis may obscure or overemphasize certain changes. For example, Huntington et al 

(2018) found that two out of nine regions showed significant trends in WCI from 1945-2014, but that six out of nine 

showed significant trends from 1900-2014. Uncertainty can also arise in the decision of how to split the temporal and 

spatial domain. Our primary analysis (Fig. 5) splits the data into an early and late period, as response time appears to 575 

need longer time periods to stabilize. We analyzed at the grid-cell level, treating each model grid cell as an independent 

hydrological unit. However, comparing between an early and late period and at such a fine spatial resolution may 

highlight changes specific to those spatial and temporal domains. We attempted to account for spatial and temporal 

uncertainties by analyzing the decadal trend in response times at the NCEI regional level (Fig. 6). That exposition 

provided important contextualization to our results, as no region had a significant trend in response. 580 

Additionally, our choice to avoid frozen soils by using only the JJA time series of SSI limits the interpretation of our 

results to the summer hydrological cycle. Important accelerations or decelerations may be happening at other times in 

the hydrological cycle, such as earlier and slower snowmelt (Musselman et al., 2017).  

Our choices of drought indices, while the product of a reasoned decision to measure the response time between 

meteorological and soil moisture anomalies, are not the only possible choices. For example, the Standardized 585 

Precipitation and Evapotranspiration Index (Vicente-Serrano et al., 2010), or SPEI, has emerged as a popular 

alternative to the SPI to measure atmospheric/meteorological drought and may produce different response times with 

SSI. Future work could also apply our definition of hydrological cycle velocity to other anomaly types, such as the 

response time between meteorological anomalies and streamflow anomalies.  

While the RF analysis was crucial to identifying factors associated with the spatial distribution of response time, the 590 

results must be interpreted cautiously. Permutation importance scores and partial dependence plots do not establish 

causality. Rather, they indicate which variables most influence model performance and summarize average model 

behavior. Despite our clustering technique, several predictors remain strongly correlated (e.g. mean annual 

precipitation and mean summer precipitation). Although RF predictive skill is generally robust to multicollinearity, 

correlated predictor variables can share explanatory power, distributing variable importance across correlated 595 

variables and complicating the interpretation of individual importance scores.  

A key gap that remains is an understanding of potential drivers of the change in response time between time periods. 

Attempts to apply our RF approach to predict temporal changes in response time yielded insufficient predictive skill. 

This may indicate that important drivers of response time change are missing from our model. Future work 

incorporating variables such as precipitation intermittency, precipitation extremes and land cover change could open 600 

the door to a better understanding of response time changes. 

Our application of moving blocks bootstrapping and FDR corrections to test the significance of changes in response 

times (Fig. 5c-d) follows established best practices. However, these procedures may reduce statistical power: the 

ability of a statistical test to pick up a significant signal where one exists. The FDR procedure seeks to limit the amount 
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of Type I errors (incorrectly rejected null hypotheses), thus reducing statistical power. To contextualize this limitation, 605 

we present non-FDR-corrected significance results (Fig. 5c). The temporal autocorrelation addressed by the moving 

blocks bootstrapping may also constrain statistical power. The use of a 90-day block size reduces the early time period 

to effectively 35 true resample units, i.e., one sample per year, potentially limiting sensitivity. While we consider 90 

days to be the appropriate block size, alternative block sizes could result in meaningfully different levels of statistical 

significance. 610 

A final source of uncertainty in our conclusions is the reliance on the ERA5-Land dataset. Reanalysis products provide 

a physically consistent and spatially complete framework for assessing hydrological change. Yet, they are inherently 

uncertain, and different reanalysis products can produce distinct representations of hydrological cycle changes (Vargas 

Godoy and Markonis, 2023). ERA5-Land does not directly assimilate land surface observations, relying instead on 

the CHTESSEL land surface model (Muñoz-Sabater et al., 2021). Although ERA5-Land generally compares favorably 615 

to available observations (Sect. 2.4), validation is somewhat constrained by the sparse and inconsistent measurement 

of key variables such as soil moisture. Despite the relatively fine spatial resolution (~0.1°) of ERA5-Land, sub-

resolution heterogeneity in soil and vegetation characteristics has the potential to modulate local acceleration. A future 

evaluation of whether spatial patterns in response time identified here are consistent across multiple data products 

would be useful to evaluate the robustness of response time as a metric of hydrological acceleration. 620 

5 Conclusions 

We introduce a new metric of hydrological cycle velocity based on the response time of JJA SSI-30 to SPI-30. 

Calculated using ERA5-Land reanalysis data from 1950-2020, response times were longest in southwestern CONUS 

(on the order of 100-200 days), and shortest in the Great Plains and eastern CONUS (on the order of 10-20 days). 

Random forest variable importance analysis indicates that mean annual precipitation and evapotranspiration were 625 

strongly associated with spatial patterns in response times. Areas with lower flux magnitudes tend to exhibit longer 

response times, whereas areas with higher flux magnitudes tend to exhibit shorter response times. 

Defining hydrological cycle acceleration as the change in response time of JJA SSI-30 to SPI-30, between an early 

(1951-1985) and late (1986-2020) time period, we showed that a slightly larger proportion of CONUS grid cells 

experienced a deceleration (48.47 %) than acceleration (39.32 %). Acceleration was most evident in the Great Plains 630 

and mid-Atlantic, while deceleration was most evident in the upper Midwest and South, despite none of these passing 

FDR significance. In the Southwest, substantial spatial variability and large changes in response time complicate the 

identification of coherent regional trends. At the scale of NCEI climate regions, no significant decadal trends in 

acceleration or deceleration were detected, reinforcing the finding that observed changes between 1951-1985 and 

1986-2020 were not statistically significant. 635 

Importantly, we wish to clarify that the absence of significant changes in response time between the two periods should 

not be interpreted as definitive evidence that such trends do not exist or will not emerge in the future. Comparable 

studies have found stronger signals of hydrological cycle change in more recent, or future, time periods (Feng et al., 

2017; Wang et al., 2023), potentially due to improved data reliability or increased warming signals. 
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Future work should further evaluate how shifts reflect broader changes to the hydrological cycle. Extending this 640 

framework to later stages of drought propagation—such as the lag between meteorological and streamflow 

anomalies—could provide insights into different elements of hydrological cycle acceleration. Incorporating additional 

variables, including precipitation intermittency, extremes, and land cover change may improve understanding of 

mechanisms underlying shifts in response time. Finally, assessing the robustness of our results across alternative data 

sources and temporal domains will be critical to understand the transferability of our results.  645 

Overall, while we find some evidence of hydrological acceleration and deceleration across CONUS, we report no 

statistically significant signal. If significant changes were to be found, they would have practical implications for land 

and water managers. In the context of drought early warning systems, an accelerating hydrological cycle may reduce 

the early warning value SPI for agricultural drought, while a decelerating cycle may enhance it. By framing 

hydrological acceleration in terms of the coupling of hydrological systems, this study offers an important perspective 650 

to assessments of hydrological cycle changes over recent decades. 
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