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Abstract: Precipitation is the largest flux of the global land hydrological cycle and is 

widely regarded as the dominant contributor to catchment streamflow. For decades, 

it has been the primary basis for attributing streamflow variability at annual to decadal 

timescales. Yet, the relative importance of other hydrological processes in controlling 

streamflow across different timescales remains unclear. As a measure of the 

sensitivity of streamflow to changes in its driving variables, streamflow elasticity has 

been used to quantify streamflow sensitivity to environmental changes. Here, using 

data from 1628 catchments distributed across the globe, we show that the elasticity of 

streamflow to precipitation at monthly and seasonal scales is far smaller than the 

annual elasticity because groundwater storage substantially buffers streamflow 

variability at subannual timescales, especially in water-limited regions. Therefore, 

groundwater storage must be considered alongside precipitation and potential 

evaporation to provide a comprehensive understanding of streamflow responses to 

climate variability and change. Our results underscore the important need for 

improving modeling of groundwater storage variability for robust projections of 

hydrological impacts under a changing climate.  

  Keywords: streamflow; groundwater; storage; subannual variability; catchment 

1. Introduction 

Water crisis is one of the most consequential global risks, and is closely related to climate change and social-

economic growth [1–7] over the next several decades. For sustainable development in regions under water stress [8], 

it is crucial to identify the major drivers contributing to water availability change and understand the catchment 

resilience for characterizing the response of riverine ecosystems to external disturbances and the related 

socioeconomic impact [1,6,9–13]. 

The resilience of catchment streamflow to climate variability and change can be assessed using the concept 

of streamflow elasticity, which quantifies the sensitivity of streamflow to climate drivers such as precipitation and 

potential evaporation. With smaller elasticity, streamflow sensitivity to climate is lower, indicating a stronger 

ability of the catchment to buffer external changes and hence, stronger catchment resilience [14,15]. 

Among all the hydroclimate drivers controlling streamflow variability, precipitation is widely considered the 

dominant factor because of its large contribution to streamflow. This notion was reinforced by previous studies 

attributing streamflow variation at annual to decadal timescale with little consideration of the effect of groundwater 
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storage [16–18]. Annual streamflow elasticity has been used to quantify the impacts of climate on streamflow for 

several decades [11,13,17–19]. During precipitation events, portions of the precipitation are stored in the pores 

and fractures of the subsurface media as groundwater storage, which gradually contributes baseflow to the total 

catchment streamflow. These hydrological processes suggest that groundwater storage buffers streamflow 

response to high frequency climate variability, enhancing streamflow resilience to climate change (Supporting 

Information, Figure S1). Although the buffering effect of groundwater storage on hydrologic response is already 

known [20–26], the relative contributions of groundwater storage and climate factors to streamflow variability 

remain unknown across monthly, seasonal, and annual timescales. 

Considering the impacts of both climate and groundwater storage, we investigate streamflow variability 

within a data-driven framework by attributing three dominant drivers (two climate drivers of precipitation and 

potential evaporation, and groundwater storage) of streamflow variability at different timescales. This framework 

is built on the concept of elasticity of streamflow [17,18]. We use 1628 small catchments widely distributed across 

the globe, each having more than 20 years of daily observations, and a combination of 15 approaches to estimate 

groundwater storage and potential evaporation. This results in probabilistic estimates of elasticities of streamflow 

with respect to the two climate drivers and groundwater storage, accounting for uncertainties in the approach and 

variations across catchments (see Methods). Using the estimated elasticities, we appraise the relative contributions 

of precipitation, potential evaporation, and groundwater storage to streamflow variability. 

2. Data 

2.1. Meteorological and Albedo Data 

Daily precipitation, air temperature, vapor pressure, shortwave downward radiation, longwave downward 

radiation and wind speed were obtained from the 0.25-degree resolution Princeton Global Forcing (PGF) dataset 

for the period of 1948 to 2015 [27,28]. 

Three potential evaporation datasets were derived from the Priestley-Taylor [29], Penman [30] and Morton’s 

method for wet environment areal evaporation [31] by using air temperature, vapor pressure, shortwave downward 

radiation, longwave downward radiation, wind speed, obtained from the PGF dataset. We used albedo obtained 

from the MODIS MOD43C1 product (https://www.umb.edu/spectralmass/terra_aqua_modis/modis_user_guide_ 

v004/mod43c1_cmg_albedo_product, accessed on 5 December 2021) to calculate the net shortwave radiation. The 

original 500m resolution albedo was resampled to 0.25-degree resolution using the nearest-neighbour sampling 

approach to match the PGF dataset. We used monthly mean albedo obtained from 2000 to 2006 for each catchment. 

The albedo for each grid cell was area-weight averaged for catchment albedo. 

2.2. Streamflow Data 

The streamflow data used in this study were collated from two studies [32,33] that obtained data from four 

sources: Global Runoff Data Centre (GRDC, located in Germany, http://www.bafg.de/GRDC/EN/Home/homepage_ 

node.html, accessed on 20 August 2018); the Geospatial Attributes of Gages for Evaluating Streamflow (GAGES)-

II database [34], the Australian Bureau of Meteorology (http://www.bom.gov.au/water/hrs/, accessed on 30 

September 2017), and the Chinese Academy of Sciences. To solidly attribute streamflow variation, we setup the 

following selection criteria for selecting high quality streamflow data: (1) unregulated without major dam 

regulations, diversions and local withdrawals; (2) small with catchment area less than <10,000 km2 to minimize 

the impact of streamflow routing process on baseflow separation [35]; and (3) more than 20 years of daily 

observations in the period of 1948 to 2015. At the end, this study selected 1628 unregulated small catchments for 

our analysis, for which there are 591, 885 and 152 catchments located in dry regions, equitant regions and wet 

regions, respectively. Classification of the catchments is detailed in Section 3.1. 

To exclude regulated catchments, major dam locations were obtained from four sources: (i) the Global 

Reservoir and Dam (GRanD) database (v1.1) [36]; (ii) International Commission of Large Dams; (iii) Meridian 

World Data (http://www.meridianworlddata.com/, accessed on 20 May 2019) and (iv) National Land and Water 

Resources Audit of Australia (http://www.nlwra.gov.au/, accessed on 1 July 2022). 
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3. Methods 

3.1. Overall Framework 

We start a conceptual framework for hydrological processes for a particular catchment. Fundamentally, 

catchment water source comes from atmospheric precipitation (P). When P reaches the catchment, it is partitioned 

into three parts: evaporation, surface runoff and soil water. Evapotranspiration is water evaporated to atmosphere 

from land surface by soil evaporation, vegetation transpiration, and evaporation from intercepted water by the 

canopy. Surface runoff is the flow over land surface contributing to river flow. Soil water is the water infiltrating 

into soil. Part of the soil water is returned to the atmosphere through soil evaporation and transpiration; the rest is 

partitioned into two parts: inter-flow contributing to streamflow (Q) and recharge into groundwater storage. The 

discharge from groundwater into the stream is called baseflow. 

The conceptualized hydrograph in Figure 1 shows that the total streamflow comprises of three components: 

surface runoff, inter-flow and baseflow. The baseflow can be separated from the hydrograph by the numerical 

approaches. A linear reservoir model [36,37] is generally considered as a good approximation of the relationship 

between baseflow and groundwater storage [38–40]. Hence, once the variability in baseflow is known, the 

groundwater storage variability can be estimated reversely. 

 

Figure 1. Conceptual diagram of hydrological processes at the catchment scale and the estimate of storage on the 

basis of observed streamflow record. In the diagram, PET is the potential evaporation, which is a function of net 

radiation (Rn), air temperature (Ta), vapor pressure (Vp) and wind speed (u); α is the recession constant. 

For better understanding the role of groundwater storage in moderating streamflow availability, we partition 

the catchments into different climate regimes defined by the aridity index (mean annual potential evaporation 

divided by mean annual precipitation, AI). The higher AI is drier the catchment. Based on the recommendation 

from McVicar et al. (2012) [31], we grouped the catchments into three categories: water-limited regions (dry 

regions with aridity index >1.35), equitant regions with aridity index of 0.76–1.35, and energy-limited regions 

(wet/cold regions with aridity index <0.76). 

3.2. Modelling Framework for Attributing Streamflow Variation 

To assess the effect of temporal scale on variation of Q, for a given catchment, the variation of streamflow is 

investigated at monthly (January to December), seasonal (three-month aggregated) and annual (sum of the 12 

months) scales. At the annual scale, the variation of Q is the difference between the streamflow of a given calendar 

year and that of the long-term mean: 
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∆𝑄𝑖 = 𝑄𝑖 − 𝑄, (1) 

where Qi is the annual streamflow at the ith year, ∆Qi is the annual streamflow variability at the ith year, and 𝑄 is 

the mean annual streamflow. At monthly or seasonal scale, the variation of Q is: 

∆𝑄𝑖,𝑗 = 𝑄𝑖,𝑗 − 𝑄̅𝑗  with  𝑄𝑖 = ∑ 𝑄𝑖,𝑗
𝑛
𝑗=1  𝑎𝑛𝑑 ∆𝑄𝑖 = ∑ ∆𝑄𝑖,𝑗

𝑛
𝑗=1 , (2) 

where Qi,j is the monthly (or seasonal) streamflow at the jth month (or season) and ith year, ∆Qi,j is the monthly (or 

seasonal) streamflow variability at the jth month (or season) and ith year, 𝑄̅𝑗 is the mean monthly or seasonal 

streamflow at the jth month (or season), n is the number of months (=12) or number of seasons (=4). The variation 

of the forcing variables is defined the same way as that of streamflow. 

For all three temporal scales, the forcing variables considered include P, potential evaporation (PET) and 

catchment groundwater storage (S). The Q, P and PET are the flux variables and aggregated from the entire 

temporal scale. In comparison, S is the state variable and therefore is obtained from its magnitude at the start date 

of each month (for monthly scale), start date of each season (for seasonal scale) or start date of each year (for 

annual scale). The variation of streamflow is decomposed as a function of P, PET and S: 

∆𝑄

𝑄
= 𝜀𝑃

∆𝑃

𝑃
+𝜀𝑃𝐸𝑇

∆𝑃𝐸𝑇

𝑃𝐸𝑇
+ 𝜀𝑆

∆𝑆

𝑆
+ 𝜖, (3a) 

or 

∆𝑄𝑗

𝑃̅𝑗
= 𝜀𝑃,𝑗

∆𝑃𝑗

𝑃̅𝑗
+𝜀𝑃𝐸𝑇𝑗

∆𝑃𝐸𝑇𝑗

𝑃̅𝑗
+ 𝜀𝑆,𝑗

∆𝑆𝑗

𝑆𝑗
+ 𝜖𝑗, (3b) 

where 𝑃 is the mean annual precipitation, 𝑃𝐸𝑇 is the mean annual potential evaporation, 𝑃̅𝑗 the mean monthly 

(or seasonal) precipitation at the jth month (or season), 𝑃𝐸𝑇̅̅ ̅̅ ̅̅
𝑗  is the mean monthly (or seasonal) potential 

evaporation at the jth month (or season), 𝜖 denotes systematic errors, which are assumed to be relatively smaller 

and are taken as residues. 

Considering only the three driving variables, we can define the Relative Contribution (RC): 

𝑅𝐶𝑃 + 𝑅𝐶𝑃𝐸𝑇 + 𝑅𝐶𝑆 = 1 or 𝑅𝐶𝑃,𝑗 + 𝑅𝐶𝑃𝐸𝑇𝑗
+ 𝑅𝐶𝑆,𝑗 = 1, (4a) 

where, 

𝑅𝐶𝑋 =
𝐶𝑋

𝐶𝑃+𝐶𝑃𝐸𝑇+𝐶𝑆
  or 𝑅𝐶𝑋,𝑗 =

𝐶𝑋,𝑗

𝐶𝑃,𝑗+𝐶𝑃𝐸𝑇𝑗
+𝐶𝑆,𝑗

, (4b) 

where CP, CPET, and CS are the contribution of P, PET, and S respectively. 

3.3. Estimating Potential Evaporation and Catchment Storage 

Three models were used to calculate the potential evaporation for the catchments, which include the Priestley-

Taylor [29], Penman [30] and Morton’s method for wet environment areal evaporation [31]. The expressions of 

the three models are shown at Equations (5a)–(5c), respectively. 

𝑃𝐸𝑇 = 𝜆
∆

∆+𝛾
(𝑅𝑛 − 𝐺) + 6.43𝜆

∆

∆+𝛾
(1 + 0.537𝑢2)(𝑒𝑠 − 𝑒𝑎), (5a) 

1.26𝜆
∆

∆ + 𝛾
(𝑅𝑛 − 𝐺), (5b) 

𝑃𝐸𝑇 = 𝜆 (14 + 1.2
∆

∆+𝛾
𝑅𝑛), (5c) 

where, 𝑃𝐸𝑇 is the potential evaporation (mm/d), Rn is the net radiation (MJ/m2/d), G is soil heat flux (MJ/m2/d), 

∆ is the slope of the saturation vapor pressure curve (kPa/°C), γ is the Psychrometric constant (kPa/°C), u2 is wind 

speed at 2 m (m/s), es and ea are saturated and actual vapor pressure (kPa), λ is the vaporization latent heat of water 

(=2.45 MJ/kg). 

Estimation of the groundwater storage uses the assumption that the discharge (baseflow, Qb) from the aquifer 

is linearly proportional to its storage [38–40], which is expressed as: 

𝑄𝑏 = 𝛼𝑆,  (6) 

This linear reservoir assumption leads to the model of an exponential baseflow recession (with recession 

constant of 𝛼) during periods without recharging to groundwater, which is tested to be rational for a large number 
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of catchments according to the observed streamflow records. To estimate the storage of the catchment, we first 

estimate the groundwater discharge by separating the baseflow from the available daily streamflow data, and then 

use the estimated baseflow to derive the corresponding groundwater storage according to Equation (6). 

We used five baseflow separation approaches, including four recursive digital filter approaches and one 

standard Institute of Hydrology algorithm [41]. The four recursive digital filter approaches are proposed by Lyne 

and Hollick [42], Boughton [43], Chapman and Maxwell [38] and Eckhardt [44], which are expressed respectively 

in Equations (7a)–(7d): 

𝑄𝑏(𝑡) = 𝛼 ∙ 𝑄𝑏(𝑡 − 1) +
1 − 𝛼

2
[𝑄(𝑡) + 𝑄(𝑡 − 1)], (7a) 

𝑄𝑏(𝑡) =
𝛼

1 + 𝐶
∙ 𝑄(𝑡 − 1) +

𝐶

1 + 𝐶
𝑄(𝑡), (7b) 

𝑄𝑏(𝑡) =
𝛼

2 − 𝛼
∙ 𝑄𝑏(𝑡 − 1) +

1 − 𝛼

2 − 𝛼
𝑄(𝑡), (7c) 

𝑄𝑏(𝑡) =
(1−𝐵𝐹𝐼𝑚𝑎𝑥)∙𝛼∙𝑄𝑏(𝑡−1)+(1−𝛼)∙𝐵𝐹𝐼𝑚𝑎𝑥∙𝑄(𝑡)

1−𝛼∙𝐵𝐹𝐼𝑚𝑎𝑥
. (7d) 

where Q(t) is the streamflow at time t (here t is for a particular date), Qb(t) is the baseflow at time t, 𝛼 is the 

recession constant, C is a constant and set to be 0.15; BFImax is a parameter representing the maximum ratio of 

baseflow to total runoff. As suggested by [44], we set BFImax = 0.80 for perennial streams with porous aquifers, 

BFImax = 0.50 for ephemeral streams with porous aquifers, and BFImax = 0.25 for perennial streams with hard 

rock aquifers. The recession constant in this study is estimated by using the master depletion curve derived using 

the matching strip method [45] in the HydroFlow software (version 1.0). 

As mentioned above, this study used three approaches to estimate PET [29–31] and five approaches 

(Boughton-Chapman method, Chapman-Maxwell, Eckhard, Lyne and Hollick, and Standard BFI) to separate 

baseflow from observed streamflow, which is further used to estimate catchment storage variation. Therefore, we 

obtained different combinations of PET and S using 15 approaches. 

3.4. Quantifying Precipitation Variability Change Impact on Streamflow Variability Change 

To investigate streamflow variability change caused by a change in precipitation variability (∆𝑃), we evaluate 

22 scenarios for ∆𝑃 increasing by 1% to 100% of 𝑃 (i.e., ∆P/𝑃 increased by 1%, 2.5%, 5%, 10%, 15%, ⋯, 

100%). For each scenario, ∆P is randomly partitioned to each month. Using precipitation alone, the change in 

annual streamflow variability (∆𝑄𝑐) can be estimated annually (Equation (8a) and cumulatively (Equation (8b)): 

∆𝑄𝑐 = 𝜀𝑃∆ (
∆𝑃

𝑃
) 𝑄, (8a) 

or 

∆𝑄𝑐 = ∑ 𝜀𝑃,𝑗∆ (
∆𝑃𝑗

𝑃̅𝑗
) 𝑄̅𝑗, (8b) 

where 𝜀𝑃  refers to the elasticity of streamflow Q with respect to precipitation, ∆(∆𝑃/𝑃)  is the annual 

precipitation change scenario, ∆ (
∆𝑃𝑗

𝑃̅𝑗
) is the jth monthly (or jth season) precipitation change scenario. 

The consistency of results obtained from Equations (8a) and (8b) can be evaluated using: 

𝑅𝑎𝑡𝑖𝑜 =
∑ 𝜀𝑃,𝑗∆(

∆𝑃𝑗

𝑃̅𝑗
)𝑄̅𝑗

𝜀𝑃∆(
∆𝑃

𝑃
)𝑄

, (9) 

If the Ratio approaches one, the mean of 𝜀𝑃,𝑗  is similar to 𝜀𝑃, and therefore the change of the monthly 

cumulative streamflow variability is similar to the change of annual streamflow variability. For the Ratio far less 

than 1, 𝜀𝑃,𝑗  is largely less than 𝜀𝑃, and therefore the change of monthly (seasonal) cumulative streamflow 

variability is far less than the change of annual streamflow variability. 

  



Zhang et al.   Hydrol. Water Resour 2025, 1(1), 2 

  6 of 15  

3.5. Comparison with Global Hydrological Modelling 

To use the data-driven framework fairly evaluating global hydrological modelling results, monthly simulated 

groundwater recharge and monthly forcing data of precipitation and potential evaporation data were obtained from 

each of four widely used global hydrological models (HBV-SIMREG [46], LISFLOOD [47], PCR-GLOBWB [48], 

and SURFEX-trip [49] through a Water Cycle Integrator portal (WCI, wci.earth2observe.eu) [28]. The global dataset 

covers the period of 1979–2012 at the spatial resolution of 0.5 degree. The gridded data were aggregated to each 

catchment using area-weighted average (i.e., ratio of grid cell within catchment multiplied by grid cell area). 

3.6. Probability Diagram 

We employed ternary diagrams to characterize the relative contributions of P, PET, and S. The ternary space 

ensures that the three components sum to unity, thus each point represents a unique hydroclimatic state. The plots 

were generated using the R package ggtern [50]. Probability contour lines are shown at the 10%, 30%, 50%, 70%, 

and 90% levels, denoting cumulative highest density regions, which are implemented by the stat_prob_2d function 

in the R package gg.layers (see Figures in Section 4). For example, the 10% contour encloses the most densely 

populated region, indicating that the highest-density 10% of points fall within this area, while broader contours 

progressively include larger proportions of the data with lower density. The red bold lines are drawn from the 50% 

position of each coordinate axis as perpendiculars to the opposite side, thereby partitioning the triangle into three 

regions. Each region corresponds to a distinct dominant control factor: the lower-left area is dominated by S, the 

lower-right area by P, and the upper area by PET. 

4. Results 

4.1. Streamflow Elasticities 

For all three temporal (monthly, seasonal and annual) scales, the three drivers together explain >68% and >53% 

of the streamflow variability for 50% and 75% of the catchments, respectively (Supporting Information, Figure 

S1). Furthermore, the annual streamflow variability estimated at the three temporal scales for the three drivers 

corresponds well with the observations (Supporting Information, Figure S2). This indicates that the three drivers 

can largely explain the variability of streamflow at multiple temporal scales and perform similarly and provide us 

with confidence for the following analysis. 

The elasticities of streamflow to precipitation and groundwater storage vary at different temporal scales. The 

𝜀𝑃 increases from monthly to annual scales (Figure 2a). In contrast, storage elasticity decreases from monthly to 

annual scales (Figure 2b). Potential evaporation elasticity of streamflow shows little temporal dependence with 

marginal differences between the monthly, seasonal, and annual timescales (Figures S3–S5). These results indicate 

that monthly (or seasonal) streamflow is more resilient to precipitation changes than annual streamflow. 

With the higher resilience at monthly scale, the ratio of the streamflow variability change estimated using 

monthly 𝜀𝑃 to that estimated using annual 𝜀𝑃 (see Equations (8) and (9)) varies from 0.2 to 0.7 (Figure 2c). This 

suggests that policy makers will substantially overestimate monthly streamflow changes if they simply use annual 

𝜀𝑃 to predict monthly streamflow variability caused by climate change. These findings shown in Figure 2 suggest 

that groundwater storage reduces the sensitivity of streamflow to precipitation change and hence enhances 

catchment resilience to climate change. This buffering effect of storage [51,52] is more noticeable at shorter scales 

(i.e., monthly and seasonal) and becomes negligible at annual scale. 
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Figure 2. Temporally dependent precipitation elasticity of streamflow. (a) Comparison of precipitation elasticity 

of streamflow (𝜀𝑃 ) between monthly and annual scales. (b) Comparison of groundwater storage elasticity of 

streamflow (𝜀𝑆) between monthly and annual scales. (c) The ratio of cumulative monthly streamflow variability 

(Equations (8) and (9)) estimated using monthly 𝜀𝑃  to annual streamflow variability estimated using 

annual 𝜀𝑃 under different precipitation changes (annual precipitation variability (∆𝑃) divided by the mean annual 

precipitation (𝑃)). The space enclosed by each contour in Figure 2a,b corresponds to the probability of the elasticity 

values considering uncertainties in the methods and variations across catchments. The range between the 10th and 

90th percentiles is shown in green and the median in dark blue. Data are from 1628 catchments using 15 approaches 

(three potential evaporation approaches multiplying five groundwater storage approaches). 

4.2. Attributing Streamflow Variability 

The relative contributions of precipitation, catchment storage and potential evaporation to streamflow 

variability are quantified for all 1628 catchments, which further demonstrate the substantial discrepancy between 

the temporal scales and the role of groundwater storage (Figure 3). At annual scale, precipitation is the dominant 

contributor of streamflow variability, with relative contribution (RC) of more than 50% for 77.2% of catchments 

(Figure 3c). In comparison, the impacts of the other two factors are smaller, both with RC > 50% for only less than 

2.5% of catchments (Figure 3b,c). On a monthly scale, the contribution of groundwater storage is prominent for a 

large fraction of catchments, with RC > 50% for 30.9% of catchments. The contribution of precipitation is 

correspondingly smaller than that at the annual scale (with RC > 50% for 47.6% of catchments). The impacts of 

potential evaporation are small for most catchments. The relative contributions of precipitation at seasonal scale 

are in between those at monthly and annual scales (Supporting Information, Figures S3–S6). In general, at a longer 

temporal scale, the importance of precipitation in controlling streamflow variability increases while the effect of 

catchment storage in controlling streamflow variability fades. 
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Figure 3. Relative contributions (%) of precipitation (P), groundwater storage (S) and potential evaporation (PET) 

to streamflow variability at monthly (a), seasonal (b), and annual (c) scales. The space enclosed by the contours 

corresponds to 10%, 30%, 50%, 70% and 90% probability, with the number of points (count) indicated using a 

filled color in each hexagon bin. Data are from 1628 catchments using 15 approaches. 

For different climate regimes, the contribution of groundwater storage is stronger in water-limited regions 

(dry regions with aridity index > 1.35) than in energy-limited regions (wet/cold regions with aridity index < 0.76) 

(Figure 4). In comparison, the contribution of precipitation is stronger in energy-limited regions than in water-

limited regions. The contrasting effect of precipitation and groundwater storage increases with temporal scale, 

with the effect of precipitation decreasing from annual to seasonal and to monthly scales. The behavior of the 

equitant regions (between water-limited and energy-limited) for precipitation and groundwater storage lies 

between the two regimes (Figure 4 and Supporting Information, Figure S7). The contribution of potential 

evaporation does not noticeably change with different climate regions. These results suggest that for the dry and 

equitant regions, groundwater storage is vital to the resilience of streamflow under changing climate. 

 

Figure 4. Use of aridity index to stratify the relative contributions of precipitation (P), groundwater storage (S) and 

potential evaporation (PET) to streamflow variability. Black, blue and green boxes represent annual, seasonal and 

monthly scales, respectively. Three climatic regions are defined: energy-limited (aridity index, AI < 0.76), equitant 

(0.76 ≤ AI ≤ 1.35) and water-limited (AI > 1.35). Data are from 1628 catchments using 15 approaches. For each 

boxplot, the bottom, middle, and top of the box are the 25th, 50th, and 75th percentiles, and the bottom and top 

whiskers show the 5th and 95th percentiles. 

4.3. Spatial Pattern 

There is a distinct geographic pattern across the globe where streamflow resilience is enhanced by 

groundwater storage, which is indicated by the streamflow elasticities and the corresponding contributions of 

precipitation, groundwater storage and potential evaporation to streamflow variability (Figure 5). At annual scale, 
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most catchments located in Australia, Europe and the eastern United States are highly sensitive to precipitation, 

which is the largest contributor to streamflow variability. However, groundwater storage and potential evaporation 

are dominant in eastern China, the western United States, and western Canada. At seasonal scale, precipitation is 

still dominant in the eastern United States and some European and Australian catchments, but groundwater storage 

plays a major role in the western United States and Eastern China. At monthly scale, groundwater storage 

outweighs precipitation in most catchments, except for those located in parts of the eastern United States where 

precipitation continues to dominate the streamflow variation. Analysis using different potential evaporation and 

groundwater storage methods shows very similar spatial patterns (Supporting Information, Figures S8–S21). 

 

Figure 5. The largest contributing factor to the variability of streamflow. (a) monthly scale. (b) seasonal scale. (c) 

annual scale. Cyan, blue and red are for precipitation, storage and potential evaporation, respectively. Energy-

limited (aridity index, AI < 0.76), equitant (0.76 ≤ AI ≤ 1.35) and water-limited (AI > 1.35) regions are represented 

by light grey, grey, and dark grey. The result is obtained from one approach that uses Lyne-Hollick storage and 

Penman potential evaporation. 
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4.4. Evaluating Global Model Performance 

The above sections are obtained from the data-driven framework. Since many global hydrological or earth 

system models used in climate change projections represent groundwater fluxes using simple groundwater models, 

it is pertinent to ask whether these models may be used to investigate streamflow elasticity from monthly to annual 

scales. To address this question, we use the monthly, seasonal and annual groundwater recharge estimated from 

four global hydrological models [28] together with their forcing data of precipitation and potential evaporation to 

repeat the analysis of attributing streamflow variations to precipitation, potential evaporation, and groundwater 

storage (see Methods section). Using groundwater storage from global models produces similar attribution of 

streamflow variations at annual and seasonal scales as our earlier analysis based entirely on observations, but lower 

fractions of streamflow variations are now explained at monthly and seasonal scales (Supporting Information, 

Figures S22 and S23). It is interesting to note that using the global model results strengthens the finding that the 

contribution of groundwater storage is stronger in water-limited regions than in energy-limited regions (Supporting 

Information, Figure S28). However, global models cannot identify the increasing precipitation elasticity and the 

decreasing storage elasticity from monthly to annual scales (Supporting Information, Figures S24–S28). This 

demonstrates that the current generation of global models cannot be used to reliably simulate monthly streamflow 

variability and the response of monthly streamflow to environmental changes [53,54]. 

Our research therefore suggests an urgent need to improve global land surface models used in global climate 

models for more realistic modeling of monthly groundwater recharge when simulating the hydrological 

consequence of climate variability [11,55,56]. It will be essential to test these models against monthly streamflow 

observations at many gauges around the world. Our analysis provides guidance on the regions where this is most 

important. Improving groundwater modeling will allow land surface models to be more useful for supporting 

climate adaptation strategies [57,58]. 

5. Discussion 

Precipitation is ultimately the source of catchment streamflow. This is especially true at longer temporal 

scales from annual to decades as the changes in groundwater storage tend to be small [59]. At subannual temporal 

scale, the hydrological behavior of catchment is more tangibly regulated by storage [12,21,22,24,51,60], which is 

the underlying cause of the scale-dependent precipitation elasticity of streamflow. Streamflow resilience with 

respect to climate variation assessed using annual-scale elasticity could overestimate the impact of precipitation 

change on monthly or seasonal streamflow. This is because not all precipitation turns into streamflow instantly 

after a storm event. Quite the contrary, a proportion of the rainfall recharges the aquifer and is subsequently 

released gradually as baseflow after the event. Even though at a longer period, the storage sourced from 

precipitation and its contribution to streamflow are amalgamated into the total precipitation contribution, the 

storage contribution to streamflow could be as important as the direct contribution from precipitation in governing 

short-term streamflow. 

There are other types of surface storage that might affect the observed streamflow variation in some study 

catchments, including lakes, snow, and ice. We acknowledge that these surface storages might influence the 

performance of our analysis framework, particularly in catchments where storage by lakes, snow, and ice is more 

significant than groundwater storage. However, it is expected to have little impact on our conclusion since overall, 

our framework performs almost equally well at the three temporal scales (Supporting Information, Figure S1). 

As groundwater storage plays an essential role in shaping streamflow resilience to climate variability at 

monthly scale, it is critical to improve monitoring and management of that storage [61,62]. The streamflow 

resilience can be enhanced by increasing catchment storage during the wet season. This is particularly crucial for 

catchments with storage deficits and that are subject to seasonal drought threats. For these catchments, options 

such as artificial flood recharge could be considered to increase storage and enhance resilience. In adaptation to 

climate change, water planners could increase infiltration in urbanized area with a high degree of impervious 

surface coverage and compacted soils [63–65] by recharging ponds and planting vegetation that enhances the 

connectivity between the surface and ground water [24,66,67]. 

6. Conclusions 

There are numerous studies carried out to investigate streamflow variation at annual to decadal timescales. It 

remains unclear how the streamflow variability at subannual scales is influenced by different drivers. This study 

estimates streamflow elasticities to three drivers (precipitation, potential evaporation and groundwater storage) 

and streamflow variability at monthly to annual scales using the elasticity framework. Using data from 1628 

unregulated catchments distributed across the globe, we find that the elasticity of streamflow to groundwater 
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storage at monthly and seasonal scales is far larger than the annual elasticity, especially in water limited regions. 

The temporal scale effect of groundwater storage causes smaller elasticity of streamflow to precipitation at 

subannual scales than at annual scale. Therefore, groundwater storage must be combined with precipitation and 

potential evaporation to provide a comprehensive perspective of the streamflow response to climate variability and 

change. Our research therefore suggests an urgent need to improve global land surface models used in global 

climate models for more realistic modeling of monthly groundwater recharge when simulating the hydrological 

consequence of climate variability. 

Supplementary Materials 

The additional data and information can be downloaded at: https://media.sciltp.com/articles/others/25091115 

16060582/HWR-2508000002-SI-FC.pdf. Figure S1: Summary of the performance of the multi-temporal 

framework for attributing streamflow variation in all 1628 catchments, for each of the 15 approaches used. Figure 

S2: Comparisons of observed annual streamflow variability (∆𝑄, in mm/year) with that estimated (mm/year) from 

all three drivers (precipitation, groundwater storage and potential evaporation) and at three temporal scales (annual, 

seasonal and monthly). The ∆𝑄𝑖  is taken as the sum of ∆Q𝑖,𝑗where i is for the ith year and j is for the jth month (or 

season) (see Equation (2)). Data are obtained from all 1628 catchments and 15 approaches. Figure S3: 

Comparisons of streamflow elasticity between monthly and annual scales and comparisons of the relative 

contributions of the three variables obtained from 15 methods. (a). Precipitation elasticity of streamflow (𝜖𝑃) 

between monthly and annual scales. (b). Groundwater storage elasticity of streamflow (𝜖𝑆) between monthly and 

annual scales. (c). Potential evaporation elasticity of streamflow (𝜖𝑃𝐸𝑇) between monthly and annual scales. (d). 

Relative contribution of precipitation between monthly and annual scales. €. Relative contribution of groundwater 

storage between monthly and annual scales. (f). Relative contribution of potential evaporation between monthly 

and annual scales. Each closed contour indicates the probability of occurrence of the variables being compared in 

(a–f). Figure S4: Same as Figure S3, but for comparisons between seasonal and annual scales. Figure S5: Same as 

Figure S3, but for the comparisons between monthly and seasonal scales. Figure S6: Comparisons between relative 

contribution of catchment storage (RCS) and relative contribution of precipitation (RCp) at three temporal scales: 

monthly, seasonal and annual. Figure S7: Relative contribution (%) of precipitation (P), groundwater storage (S) 

and potential evaporation (PET) to streamflow variability at monthly (a,d,g), seasonal (b,e,h) and annual (c,f,i) 

scales for different climate regimes (top three panels (a–c) for energy-limited, middle three panels (d–f) for equitant, 

bottom three panels (g–i) for water-limited) and for all combinations of catchments and approaches (1268 

catchments × 15 approaches). The space enclosed by the contours corresponds to 10%, 30%, 50%, 70% and 90% 

probability. The number of points (count) is indicated using a filled color in each hexagon bin. The sum of the 

three contributions is 100%. Figure S8: The largest contribution factor to the streamflow variability. a. monthly 

scale. b. seasonal scale. b. annual scale. Cyan, blue and red are for precipitation, storage and potential evaporation, 

respectively. Energy-limited (aridity index, AI < 0.76), equitant (0.76 ≤ AI ≤1.35) and water-limited (AI >1.35) 

regions are represented by light grey, grey, and dark grey. The results are obtained from one approach that uses 

Boughton-Chapman storage and Penman potential evaporation. Figure S9: Same as Figure S8, but obtained from 

the method using Chapman-Maxwell storage and Penman potential evaporation. Figure S10: Same as Figure S8, 

but obtained from the method using Eckhard storage and Penman potential evaporation. Figure S11: Same as 

Figure S8, but obtained from the method using Standard storage and Penman potential evaporation. Figure S12: 

Same as Figure S8, but obtained from the method using Boughton-Chapman storage and Priestley-Taylor potential 

evaporation. Figure S13: Same as Figure S8, but obtained from the method using Chapman-Maxwell storage and 

Priestley-Taylor potential evaporation. Figure S14: Same as Figure S8, but obtained from the method using 

Eckhard storage and Priestley-Taylor potential evaporation. Figure S15: Same as Figure S8, but obtained from the 

method using Lyne-Hollick storage and Priestley-Taylor potential evaporation. Figure S16: Same as Figure S8, 

but obtained from the method using Standard storage and Priestley-Taylor potential evaporation. Figure S17: Same 

as Figure S8, but obtained from the method using Boughton-Chapman storage and Morton potential evaporation. 

Figure S18: Same as Figure S8, but obtained from the method using Chapman-Maxwell storage and Morton 

potential evaporation. Figure S19: Same as Figure S8, but obtained from the method using Eckhard storage and 

Morton potential evaporation. Figure S20: Same as Figure S8, but obtained from the method using Lyne-Hollick 

storage and Morton potential evaporation. Figure S21: Same as Figure S8, but obtained from the method using 

Standard storage and Morton potential evaporation. Figure S22: Same as Figure S1, but obtained from groundwater 

recharge simulated from four global hydrological models together with their forcing data of precipitation and 

potential evaporation in 1351 catchments. Note that there are 277 of 1628 catchments without the global 

hydrological model outputs and therefore they were eliminated for the analysis. Figure S23: Same as Figure S2, 

but ∆Q obtained from groundwater recharge simulated from four global hydrological models together with their 

forcing data of precipitation and potential evaporation in 1351 catchments. There are total of 4 combinations 

obtained from the four global hydrological models. Figure S24: Same as Figure S2, but the elasticity obtained 

from groundwater recharge simulated from four global hydrological models together with their forcing data of 

precipitation and potential evaporation in 1351 catchments. There are total of 4 combinations obtained from the 

four global hydrological models. Figure S25: Same as Figure S24, but for the comparisons between seasonal and 
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annual scales. Figure S26: Same as Figure S24, but for the comparisons between monthly and seasonal scales. 

Figure S27: Same as Figure S6, but the relative contributions obtained from groundwater recharge simulated from 

four global hydrological models together with their forcing data of precipitation and potential evaporation in 1351 

catchments. There are total of 4 combinations obtained from the four global hydrological models. Figure S28: 

Same as Figure S7 for monthly (a,d,g), seasonal (b,e,h) and annual (c,f,i) scales and for different climate regimes 

(top three panels (a–c) for energy-limited, middle three panels (d–f) for equitant, bottom three panels (g–i) for 

water-limited), but the relative contributions obtained from precipitation, potential evaporation, and groundwater 

recharge simulated from four global hydrological models in 1628 catchments. There are total of 4 combinations 

obtained from the four global hydrological models. 
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