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The Budyko water balance is a fundamental concept in hydrology that links aridity to how precipitation
is divided between evapotranspiration and streamflow. While the model is powerful, its ability to
explain temporal changes and the influence of human activities and climate change is limited. Here we
introduce a causal discovery algorithm to explore deviations from the Budyko water balance,
attributing them to human interventions such as agricultural activities and snow dynamics. Our
analysis of 1342 catchments across the U.S. and Great Britain reveals distinct patterns: in the U.S.,
snow fraction and irrigation alter the Budyko water balance predominantly through changes in aridity-
streamflow relationships, while in Great Britain, deviations are primarily driven by changes in
precipitation-streamflow relationships, notable in catchments with high cropland percentage. By
integrating causal analysis with the Budyko water balance, we enhance understanding of how human
activities and climate dynamics affect water balance, offering insights for water management and

sustainability in the Anthropocene.

The water-energy balance is a cornerstone concept in hydrology,
encapsulating the intricate interplay between water and energy fluxes
within a catchment'. Understanding this balance is critical, as it governs
the partitioning of precipitation (P) into evapotranspiration (E) and
streamflow (Q)*’. The equilibrium between incoming precipitation and
the energy available for evaporation underpins the hydrological cycle,
influencing water availability, ecosystem health, and human water use”.
However, the catchment water balance is not static; the distribution is
uneven across Earth’s surface, driven by climatic patterns and human
activities. Recognizing the factors that disrupt the catchment water bal-
ance is essential for managing water resources sustainably and mitigating
the impacts of climate change and anthropogenic pressures on hydro-
logical systems™™.

Central to the study of the water-energy balance is the Budyko curve'’,
a framework that describes the relationship between climate aridity and the
partitioning of P into E and Q (hereafter, when we mention the water-energy
balance, we are referring to the equilibrium estimated by the Budyko curve
—See Fig. 1a). Developed in the mid-20th century, the Budyko curve pro-
vides a simple and powerful tool to predict the long-term average behavior
of catchments under varying climatic conditions''*. According to the
Budyko curve, the proportion of precipitation that evaporates versus

contributes to streamflow is primarily determined by the dryness index (¢),
a ratio of potential evapotranspiration to precipitation. This framework
offers a valuable tool for comparing normalized observations across a wide
spectrum of climatic conditions, enabling the identification of secondary
controls on a catchment’s water balance'*".

While the Budyko curve has been instrumental in advancing our
understanding of catchment hydrology'"'*", it has some limitations".
Many Budyko-based studies often rely on temporal averages over multiple
years to assess dominant controls of catchment water partitioning'"'*"'**,
omitting a substantial amount of hydrological information and the interplay
of various factors that could influence water balance at finer temporal
scales™. This is particularly evident when considering elasticity analyses,
which often assume E and Q follow the Budyko curve, though this
assumption may be less accurate during the timeframes when a catchment
establishes a new equilibrium®*’. Such limitations are particularly relevant
when considering the significant influence of human activities, such as
agriculture and irrigation, and climatic factors like snow fraction, which
alter the water-energy balance and contribute to deviations from the Budyko
curve’s predictions. In fact, climate change and human activities lead to new
prevailing conditions and cause deviations from the Budyko curve
predictions'*'>**°, These deviations underscore the need to refine our
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Fig. 1 | Schematic representation of water cycle changes. Schematic representation of changes in the water cycle. a a standard water-energy balance equilibrium as per the
Budyko hypothesis. b the changes in the water-energy balance due to agriculture (I) irrigation (II), and changes in snow fraction (III).

models and approaches to account for climate change and anthropogenic
influences on the water-energy balance, particularly at finer time scales.

Among human activities, agriculture, in particular, has a profound
impact on the water-energy balance’*** (Fig. 1b, I). As the largest consumer
of freshwater globally, agricultural practices account for approximately 72%
of global water withdrawals™, altering the natural flow and storage of water
through agricultural crop expansion, irrigation, and land management™”.
The expansion of agricultural lands and the intensification of water use for
irrigation modify the surface albedo, soil moisture, and vegetation cover,
influencing evapotranspiration rates and the partitioning of precipitation®.
Global estimates of water utilized for crops span from 2217 to 3185 km® per
year’>”, while additional crop evapotranspiration encompasses a range of
927-1530 km® per year™. Although agricultural expansion sustains food
security, at the same time, it exacerbates water scarcity and affects down-
stream water availability’>’. The abstraction of water for agriculture/irri-
gation from surface and groundwater sources can lead to substantial
alterations in water-energy balance (Fig. 1b, II). For example, the US
Ogallala Aquifer has seen a dramatic groundwater extraction due to agri-
cultural activities”*. Hence, understanding the magnitude and mechan-
isms of agriculture’s impact by water sources on the water-energy balance is
crucial for developing strategies to mitigate its effects and ensure the sus-
tainable management of water resources.

Changes in snow fraction, the proportion of precipitation falling as snow,
also play a critical role in altering the water-energy balance™ (Fig. 1b, I1I). Snow
fraction acts as a temporary storage for precipitation, releasing water into the
system through snowmelt at different times of the year®*. This seasonal storage
and release mechanism can influence the dynamics between precipitation,
aridity, and streamflow. Research on streamflow elasticity in snowy catch-
ments consistently demonstrates low elasticity values, indicating the buffering
effect of snow on streamflow response to precipitation*”. Additionally,
changes in snow cover affect the energy balance through its albedo, reflecting a
large portion of incoming solar radiation and thus influencing the timing and
rate of snowmelt and evapotranspiration®”. Studies show that a decrease in
albedo due to climate change-induced snowmelt is particularly pronounced
during the spring and autumn transition periods, leading to a significant
increase in net shortwave solar radiation absorbed by the surface. The
decreased albedo due to a reduction of snow fraction results in an increase in
evapotranspiration and thereby a decrease in streamflow™”*.

A comprehensive understanding of the water-energy balance enhances
our evaluation of freshwater resources and enables us to understand global
water security threats more effectively. On a global scale, climate change has

been identified as a primary driver of water-energy changes®”’. None-
theless, at the regional scale the water-energy balance is not solely shaped by
climate dynamics™**™’; it is also influenced by other human interferences
like agriculture'>*"**. Shifts within the Budyko space are associated with
changes in climate such as snow-to-rain ratio"*” and distinct human
activities, including the construction of reservoirs™*, forestry practices”*,
agricultural expansion, and changes inland cover'>**". Despite the essential
role of agriculture and climatic factors other than precipitation and eva-
potranspiration in shaping the hydrological cycle, assessing the global
impact of all these factors remains challenging. This is due to the lack of a
standardized approach to quantify the impact of several controlling vari-
ables at a fine temporal scale, uncertainties associated with factors such as
agricultural area delineation, hydrological modelling, and critical local
parameters, including soil hydraulic characteristics, and the relation of these
factors to water availability®.

To address these challenges, we combine the Budyko curve with a causal
discovery algorithm®** to enhance our understanding of the water-energy
balance. By integrating the Budyko curve with the Peter-Clark Momentary
Conditional Independence Plus (PCMCI+) causal algorithm**, we aim to
study how catchments deviate from the Budyko water-energy balance and
what causes these deviations. Our approach initially examines deviations from
the Budyko curve and their relationships to alterations in causal links among
precipitation, aridity, and streamflow. Subsequently, our investigation focuses
on factors disturbing the causal links. By examining the causal relationships
between these components, we gain a deeper understanding of the dynamics
shaping catchment hydrology and water availability.

In hydrometeorology, causality analysis is a burgeoning field in model
simulations but is still rarely used in observational studies. To the best of our
knowledge, this study offers a novel perspective on interpreting deviations
from the Budyko curve equilibrium (i.e., causality) by focusing on obser-
vational data”*. We employ the PCMCI+ algorithm™*®“—a recent
advancement in Earth System sciences—to systematically explore causal
relationships among hydroclimatic variables. PCMCI+ integrates a variant
of the PC algorithm with the momentary conditional independence (MCI)
measure to identify both contemporaneous and time-lagged causal links in
high-dimensional, autocorrelated time series. Unlike correlation analysis,
PCMCI+ can exclude dependencies caused by common drivers or indirect
paths through conditional independence tests.

By applying PCMCI+- to an extensive dataset of catchments, this study
uncovers the impacts of agriculture and snow fraction on the water-energy
balance, enhancing our understanding of hydrological processes. It also
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Fig. 2 | Long-term observed data of studied catchments within the Budyko fra-
mework. The long-term observed data are placed within the framework of the
Budyko hypothesis for the US and GB datasets, as depicted in (a, b), respectively (See

Method section for further information on the equations that were used). The
colours indicate the distance from the Budyko curve.

provides a framework for predicting the effects of future climatic and
anthropogenic changes on water resources. Our analysis focuses on 1342
Catchment Attributes and Meteorology for Large-sample Studies
(CAMELS) catchments located across the contiguous United States (US)
and Great Britain (GB) from 1980 to 2014. We investigate the role of
agriculture by a spatial (between-catchment) comparison of the long-term
partitioning of precipitation into evaporation and streamflow due to the lack
of CL% time series. We also examine alterations in the strength of causal
links and its relation to snow fraction and/or the cropland percentage (CL%;
as an agriculture proxy), shedding light on the effect of these factors on
altering the water-energy balance. For this purpose, we analyze temporal
changes of individual responses at the seasonal time scale’*””. Our exam-
ination focuses on three key factors influencing streamflow (Q): precipita-
tion (P), aridity (AR), and snow fraction (SF)**"*”". This approach allows for
an investigation into how various components influence water partitioning
by examining the water-energy balance from a new perspective—focusing
on the equilibrium between water and energy components, which has not
been previously explored.

Results

The long-term observations of 671 US catchments within the context of the
Budyko hypothesis'’ are shown in Fig. 2a. Overall, the average absolute
deviation of the normalized mean streamflow anomaly in the US stands at
0.1, with most deviations occurring below the curve. The streamflow
anomaly is calculated as the difference between Budyko-predicted value and
an actual Q/P value. Catchments below the curve exhibit an average
anomaly of —0.14, contrasting with an anomaly of 0.07 for those above the
curve. Analysis of catchments in GB as shown in Fig. 2b, reveals an average
absolute streamflow anomaly of 0.08. Notably, most catchments fall above
the curve, with an average anomaly of 0.09, while those below the curve
exhibit an anomaly of —0.06.

To further investigate the deviations from the Budyko curve, we ana-
lyze their relationships with alterations in water-energy balance as shown in
Fig. 3a, b for the US and GB, respectively. The z-axis illustrates streamflow
anomalies from the Budyko curve, while the x- and y-axes represent the
causal relationships between streamflow-precipitation and streamflow-
aridity, respectively, reflecting the water-energy balance of the catchments.
The causal strength is measured based on the MCI test statistic value, and
allows the ranking of causal links in a meaningful way*”. MCI test statistic
value ranges from —1 to 1, with +1 denoting the strongest positive link,
while —1 represents the strongest link with a negative impact. The

observations are then projected over the x- and y-axes in panels (c) and (e) of
Fig. 3 for the US and panels (d) and (f) for GB.

In the US, the projection over y-axis as shown in Fig. 3e demonstrates a
significant correlation (Spearman p = —0.51) between deviation from the
Budyko curve (i.e., streamflow anomaly) and changes in the causal strength.
This indicates that AR-Q predominantly influences deviations from the
Budyko curve in the US. In GB, projection over x-axis in Fig. 3d highlights a
significant correlation (Spearman p = —0.54) between streamflow anomaly
and P-Q. This suggests that changes in P-Q mainly govern deviations from
the Budyko curve in GB.

To ensure that our findings are not unduly influenced by the wide range
of aridity indices present in the US catchments, we conducted an additional
analysis focusing solely on humid catchments in the US (PET/P < 1). The
overall pattern of correlation between streamflow anomalies and causal rela-
tionships remains consistent when considering only humid US catchments
(See Supplementary Fig. 1). Specifically, the correlation between streamflow
anomaly and AR-Q causal strength decreased slightly from Spearman p of
—0.51 for all US catchments to Spearman p of —0.46 for humid US catch-
ments. Both correlations are statistically significant, indicating that our con-
clusions are robust even when focusing solely on humid catchments.

The percentage of cropland and snow fraction may explain cer-
tain deviations from the Budyko curve
We further investigate the impact of changes in CL% and snow fraction (SF)
on the causal dynamics between P-Q and AR-Q. This exploration can partly
explain deviations from the Budyko curve. Similar to Fig. 3, the long-term
observations of catchments within the Budyko framework are projected
over x- and y-axes in Fig. 4, stratified by the snow fraction impact (i.e., SF-Q)
in panels (a) and (b) for the US and GB, respectively. Panels (c) and (d)
display the influence of the long-term CL% for the US and GB, respectively.
Examining Fig. 4a, ¢ reveals that both snow fraction and CL% play
crucial roles in influencing deviations from the Budyko curve by altering
AR-Q causal relationship. The snow fraction impact strengthens as points
move below the Budyko curve, demonstrating a significant association with
the AR-Q relationship (Spearman p =—0.48) for catchments below the
curve. The heightened influence of snow fraction is associated with the AR-
Q causal relationship, contributing to increased deviations from the Budyko
curve. Regarding CL%, catchments above the Budyko curve generally
exhibit higher CL%. The CL% is significantly associated with the AR-Q
causal relationship (Spearman p =—0.53). The elevated role of aridity,
associated with higher CL%, amplifies deviations from the Budyko curve.
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Fig. 3 | Analysis of long-term observed anomalies from the Budyko curve. The
long-term observed anomalies from the Budyko curve are analyzed through a water-
energy balance for the US and GB, as depicted in (a, b), respectively. The z-axis
depicts anomalies from the Budyko curve, while the x- and y-axes display the causal

strengths between streamflow-precipitation and streamflow-aridity, respectively,
reflecting the water-energy balance of the catchments. The projections of the
observations over the x- and y-axes are shown in (c) and (e) for the US and panels (d)
and (f) for GB.

In contrast, as there is barely any snow in the GB’s catchments, the role
of snow fraction is negligible. Instead, CL% plays a pivotal role in altering the
P-Q relationship, revealing a strong association between CL% and the P-Q
relationship (Spearman p =—0.89). Higher CL% weakens the strength of
the P-Q causal relationship, linked to more pronounced deviations from the
Budyko curve (See Supplementary Fig. 3 for a better understanding of the
varied effect of agriculture on the causal relationships). The geographical

distribution of the individual CAMELS catchments and the corresponding
percentages of crop area are shown in Supplementary Figs. 4 and 5. It is
worth noting that while other researchers may propose (slightly) different
equations to describe the Budyko curve, the conclusions regarding the
impact of agriculture remain consistent no matter which equation is used
(See Supplementary Fig. 6). The same consistency applies to the conclusion
regarding snow fraction.

Communications Earth & Environment| (2024)5:733


www.nature.com/commsenv

https://doi.org/10.1038/s43247-024-01891-w

Article

(). (b).

0.4 T T T T -
> >&
T T
gd | g¢&
o ® o ®©
e = = 3
R R
2 © {4 20
o T O ©
= Q = g
€5 € G
83 1 83
& s =

'-0.6 -0.4 -0.2 0 0.2 0.4 0.6
Causal strength between

(©. streamflow and aridity (MCl) @.

0.4 T T T - .

0.2} 1
>& >&
© ~ © =
e9d of { ¢
o ®© @ o ®©
[ =i | = =
] < g
£ o2 f2:
= o = o
£ 5 E B
@ T -04 4 § 2
&5 58

-0.6 1

-0.8 : ' o 8 :

-0.6 -0.4 -0.2 0 0.2 0.4 0.6

Causal strength between
streamflow and aridity (MCI)

Fig. 4 | Impact of Snow fraction and cropland percentage on water-energy bal-
ance. The analysis of snow fraction (SF) and cropland percentage (CL%) and their
associations with casual relationships between streamflow-aridity-precipitation.
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blue and red colors across the first and second rows to distinguish between the
impacts of SF and CL%. The y-axes represent the deviations from the Budyko curve
(i.e., streamflow anomalies), while x-axes indicate the causal strength between
aridity/precipitation and streamflow. Only significant patterns are presented here
for brevity, and additional details can be found in Supplementary Figs. 2 and 3.

Causal relationships suggest that agriculture in the US and GB
rely on different water sources
The preceding analysis implies different impacts of agriculture on the interplay
among streamflow, precipitation, and aridity. In GB, causal analysis reveals a
direct impact of agriculture on P-Q relationships, indicating that the weakening
of P-Q causal relationship is associated with increases in CL% in a catchment.
However, this is not observed in the US, where the impact of agriculture on the
AR-Q relationship is more pronounced. As shown in Fig. 4 and Supplemen-
tary Fig. 2, the percentage of crops has a strong relationship with the causal
strength between precipitation and streamflow in GB, indicating that pre-
cipitation is the primary source of agriculture in these areas. This is evidenced
by a strong Spearman correlation coefficient of —0.89, with a 95% confidence
interval spanning from —0.90 to —0.87. Conversely, in the US, Supplementary
Fig. 3 reveals a weak correlation between CL% and the causal strength between
precipitation and streamflow, as indicated by a Spearman correlation coeffi-
cient of 0.12 with a 95% confidence interval ranging from 0.05 to 0.2.
Hence, to better understand the sources of water for agriculture in the
US, we partition streamflow into two components: direct flow (Qd;
immediate runoff-fed component) and baseflow (Qb; groundwater-fed
component™’*) utilizing a one-parameter low-pass filter'"'**7* (See
“method” section for details). We examine the relationship between the rate
of change in the annual baseflow (i.e., groundwater-sustained river flows)
and the CL% to understand the impact of CL% on the changes in the
baseflow—Please consult Supplementary Figs. 7 and 8 for a detailed analysis
of the connections between variations in baseflows, groundwater levels, and
their relationship with CL% in selected US catchments.

Agricultural catchments in the US experience decreases in
baseflow, suggesting groundwater is the main source of
agricultural water

In Section “Causal relationships suggest that agriculture in the US and GB rely
on different water sources”, we identified distinct patterns between the US and
GB catchments: in GB, changes in the P-Q relationship were significantly
influenced by CL%, whereas in the US, the AR-Q relationship showed stronger
associations with agricultural practices. To further investigate the underlying
mechanisms driving these differences, Section “Agricultural catchments in the
US experience decreases in baseflow, suggesting groundwater is the main
source of agricultural water” focus on baseflow dynamics, hypothesizing that
the contrasting behaviors of P-Q-AR relationships might stem from differ-
ences in water sources for agriculture. We calculate the linear regression trend
of normalized annual baseflows (TNB) over the study period and examine its
relationship with the percentage of crop cover in the agricultural catchments.

Figure 5 summarizes these findings, with the y-axis representing TNBs
and the x-axis denoting CL%. Panels (a) and (b) display the results for the
US and GB, respectively. The TNBs are determined through a simple linear
regression trend, with dashed lines indicating the significance level (ie.,
regression trend) at p-value = 0.05.

In the US, a strong correlation emerges between the rate of change in
baseflow and crop cover, with a Spearman correlation coefficient of —0.45
and a 95% confidence interval spanning from —0.52 to —0.38. Notably, 42%
of catchments in the US exhibit negative trends, with 7.1% being statistically
significant. Conversely, in GB, the relationship between TNBs and crop
cover appears to be relatively weak, indicated by a Spearman correlation
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Fig. 5 | Trends in normalized baseflows in relation to cropland percentage.
Analysis of change in the normalized baseflows for the catchments in the US and GB,
which contain at least 1% of cropland as a percentage of the total basin area shown in
(a, b), respectively. The dashed lines demonstrate the significance level (i.e., the
threshold for regression trend) for p-value = 0.05. The significance threshold is
defined to detect instances of significant negative trends in baseflows. The y-axis is
the linear regression trend of the normalized baseflow, and the x-axis is the
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percentage of catchment covered by crops. In the US, the regression trend of the
baseflow is highly correlated with CL% (Spearman p = —0.45), with 7.1% of catch-
ments showing significantly negative trends. In GB, however, the linear regression
trend in the baseflow is barely correlated with CL% (Spearman p = —0.16), with only
2.3% of catchments showing significantly negative trends. To account for the sen-
sitivity of the results to the cropland percentage, we repeat the analysis for the
catchments with a 5% cropland percentage—See Supplementary Fig. 11.

coefficient of —0.16, with a 95% confidence interval spanning from —0.26 to
—0.06. A mere 13.2% of agricultural catchments in GB display negative
trends in baseflow, with only 2.4% being statistically significant not attri-
butable to agricultural practices. It is worth noting that we also conducted a
trend analysis for precipitation, suggesting no significant decrease in annual
precipitation at a significance level of 0.05 (p-value = 0.05) for the catch-
ments over the studied period (See Supplementary Figs. 9 and 10).

Discussion

Improving our understanding of changes in streamflow and its attribution
to human intervention and climate is important, as unravelling drivers of
changes is vital for water resources management and planning. Previous
work has focused on the Budyko framework to analyze the sensitivity of
streamflow to changes in a few controlling variables. The Budyko frame-
work is useful in explaining spatial differences in streamflow across natural
catchments, but it is limited in explaining temporal changes in streamflow
within catchments, particularly in the face of climate change and human
activities. Additionally, its use for analyzing water availability sensitivity at
finer temporal scales is debatable due to space-time asymmetry”. Conse-
quently, the extent to which human interventions and climate control water
availability remain uncertain, especially at finer temporal resolutions. This
study addresses this gap by employing the PCMCI+ causal discovery
algorithm (1) to explain how alterations in the water-energy balance can
explain deviations from the Budyko curve and (2) to associate these
alterations with climate and human intervention.

Our findings highlight that alterations in water-energy balance con-
tribute to deviations from the Budyko curve, showcasing unique patterns in
the US and GB. This pattern can first be attributed to the primary sources of
water for agriculture and the distinct hydroclimatic conditions prevailing in
each country. In the US, particularly in water-limited catchments,
groundwater is a significant source of water for agriculture’””. In these
catchments, crop cover percentage (CL%) is significantly associated with the
aridity-streamflow (AR-Q) relationship (Supplementary Fig. 3). The rela-
tionship between CL% and the AR-Q relationship indicates that higher crop
cover in one catchment is associated with a stronger and negative rela-
tionship between aridity and streamflow. This is because groundwater

pumping for irrigating more percentage of crop cover in one catchment can
enhance evapotranspiration, reducing surface streamflow in catchments
where water is primarily sourced from groundwater’"**~*. This aligns with
previous literature, such as studies demonstrating the substantial impact of
groundwater-fed irrigation in the US High Plains on evapotranspiration and
alterations in water-energy balance®. For instance, it is demonstrated that
groundwater-fed irrigation in the US High Plains, contributes more than
half of the increase in evapotranspiration from the period of 1940-1975 to
1976-2010", leading to alteration in the water-energy balance. Our findings
related to the role of groundwater-fed agriculture in deviations from the
Budyko water-energy balance through changing AR-Q relationship are also
confirmed in other research, indicating that the theoretical relationship
between dryness and evaporative index is more likely impacted by
groundwater losses or gains™***.

It is also revealed that groundwater losses affect streamflow and eva-
potranspiration across the US*. The role of irrigated cropland in changing
water-energy ~ balance  is  highlighted  through  changing
evapotranspiration®™®. It is demonstrated that energy fluxes and evapo-
transpiration were significantly affected by crop development™***, con-
firming the effect of cropland in altering energy balance. However, the P-Q
relationship in the US is not significantly associated with CL% in agricultural
catchments (Fig. 4), possibly due to the predominant reliance on ground-
water rather than direct precipitation for agricultural needs. This aligns with
other research in the literature, indicating that increases in streamflow
intermittency may be primarily observed in regions with ongoing storage
losses due to pumping-induced groundwater in the US"**.

Conversely, in GB, where catchments are energy-limited, and pre-
cipitation is the main source of water for agriculture, alterations in water-
energy balance primarily stem from changes in the strength of causal
relationships between streamflow and precipitation (P-Q). Unlike the US,
where agriculture is linked to AR-Q relationships, in GB, the CL% shows a
strong association with the P-Q relationship (Fig. 4 and Supplementary
Fig. 3). As CL% increases, the P-Q relationship decreases, indicating that
higher crop cover is linked to reduced streamflow. This can be attributed to
increased evapotranspiration and water uptake by plants, which is more
pronounced in catchments where agriculture depends heavily on
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precipitation®*”. The lack of correlation between CL% and the AR-Q
relationship in GB can be attributed to the relatively humid climate, where
aridity is less of a limiting factor for streamflow than the US™”. Studies in
GB show that high levels of water use by crops could result in less repartition
of precipitation in favor of evapotranspiration rather than runoff***"*.

Besides agriculture, snow fraction also plays a role in perturbing water-
energy balance in US catchments, influencing the AR-Q relationship. As the
influence of snow fraction intensifies, deviations from the Budyko curve
become more prominent, with points moving below the curve (Fig. 4). This
corresponds with existing findings that highlight the significance of snow
fraction in controlling streamflow and its association with deviations from
the Budyko curve in the US™. Studies reveal that a reduction in albedo from
snow loss and the resulting increase in solar radiation absorption are the
primary causes of increased evapotranspiration, which in turn causes a
decrease in streamflow in snowy catchments™”*’. Research on streamflow
elasticity in snowy catchments consistently demonstrates low elasticity
values, indicating the buffering effect of snow on streamflow response to
precipitation and solar energy absorption**”. This confirms our findings
regarding the low strength of causal relationships between streamflow and
precipitation in snowy catchments (See Supplementary Fig. 12e). The results
of this study are based on the CAMELS datasets. However, potential eva-
potranspiration can be calculated using various methods, which may affect
the study’s outcomes™*. Further research is required to assess the impact of
different PET calculation methods on the results.

In summary, this study revealed the role of agriculture, specifically CL
%, and snow fraction on altering water-energy balances in both the US and
GB, as supported by findings from others in the literature. The distinct
associations with AR-Q and P-Q relationships underscore the unique
agricultural practices and hydroclimatic conditions prevalent in each region.
While our analysis primarily focused on the deviations from the Budyko
curve due to alterations in water-energy balance caused by agriculture and
snow fraction, there are additional influential factors, such as climatic
variables (e.g., climate variability and change), anthropogenic activities (e.g.,
drainage and groundwater extraction for domestic and industrial use), and
catchment characteristics, that can also exert influence on the regional and
global hydrological patterns. For instance, in the Southeast region of GB,
where the majority of agricultural activities take place, there are instances of
low runoff coefficient values during rainfall-runoff events in chalk catch-
ments characterized by high permeability”. In these areas, lateral subsurface
flow in chalk catchments is a factor to consider. However, given that the
water involved would likely travel quickly through the saturated zone and
subsequently would contribute to flow over the course of months””, its
presence or absence does not significantly impact the arguments presented
in this paper.

In attributing the water-energy balance to CL% as a proxy for agri-
culture, there is an opportunity for further research into the interplay of
human and natural hydrological dynamics. For instance, a more compre-
hensive investigation of precipitation-streamflow in GB can provide insights
into the relationship between changes in the hydrologic cycle, CL%, and the
implementation of field drainage in the 1970s and early 1980s™. This, in
turn, can unveil how agricultural practices aimed at reducing waterlogged
conditions have impacted crop yield, transpiration, and water storage
capacity within the upper soil profile, leading to runoff changes™'*. These
multifaceted interactions warrant continued exploration and consideration
in our ongoing efforts to address water-related challenges and secure a more
sustainable future.

Data and method

Data

The analyzed watersheds come from two distinct datasets, one covering the
US and the other focusing on GB. In the US dataset, catchments are chosen
from the CAMELS dataset'”', encompassing discharge, meteorological data,
and various attributes for 671 catchments spanning the contiguous US.
These catchments are distributed across the contiguous US and vary in size,
ranging from 4 to 25,817 km?. The dataset includes daily time series data

from 1980 to 2015, encompassing precipitation, temperature, potential
evaporation, and streamflow. Potential evapotranspiration is estimated by
N15 meteorological forcing data—an extension of the Newman et al."”
dataset—using Priestley-Taylor formulation calibrated for each catchment.
The streamflow data can be directly extracted from the HCDN-2009
network'”. This data is accessible via the USGS website (https://waterdata.
usgs.gov/nwis, last accessed on 12 August 2023). Additionally, percentage
cropland extent percentage (CL%), a designated area of land specifically
utilized for cultivation, planting, and harvesting of crops, was derived from
the global cropland map'®. The groundwater-level data are available from
the US Geological Survey (https://waterdata.usgs.gov/nwis/inventory).

For GB, the catchment data is sourced from the CAMELS-GB
dataset'”, which offers hydrometeorological and attribute information for
671 catchments across GB. These catchments exhibit diverse sizes, ranging
from 1.6 to 9930 km?, and the dataset provides daily time series data for
various variables, including temperature, precipitation, potential evapo-
transpiration, and streamflow, covering the period from 1970 to 2015. In
CAMELS-GB, daily potential evapotranspiration time series were derived
from the Climate Hydrology and Ecology research Support System
Potential Evapotranspiration dataset (CHESS-PE'”) using Penman-
Monteith equation. The cropland percentage values can be directly
obtained from CAMELS-GB dataset. Detailed explanations of the CAMELS
datasets are available in Coxon et al.'” and Addor et al."”".

Primary climatic streamflow drivers

To apply the PCMCI+ algorithm and gain a deeper understanding of the
factors affecting water balance, we must identify the primary drivers of
streamflow variations. In this context, we focus on three crucial factors that
impact streamflow (Q): precipitation (P), aridity (AR), and snow fraction
(SF) time series. The selection of these variables is based on their well-
documented importance as climatic factors influencing streamflow, sup-
ported by previous research®'”~'"". However, to ensure that aridity was the
best choice, we conducted a comparative analysis using potential evapo-
transpiration (PET) to evaluate its effectiveness relative to aridity in
explaining streamflow changes (See Supplementary Figs. 13 and 14). The
results indicated that the aridity index can better explain streamflow var-
iations than PET, confirming the suitability of aridity as a primary driver in
our study.

Although the Budyko framework traditionally represents streamflow
anomalies as deviations in Q/P, we chose to focus our causal analysis on Q
alone. This decision is because Q, as the direct hydrological output of the
catchment, is more sensitive to and reflective of the climatic drivers we aim
to investigate. Additionally, the aridity index (AR or PET/P) already
incorporates P in its denominator, and including Q/P as the dependent
variable alongside AR would introduce redundancy and complicate the
interpretation of the causal relationships. Precipitation (P) is a dynamic
input that directly influences Q, and analyzing Q allows for a clearer
understanding of the causal mechanisms. By contrast, Q/P normalizes the
streamflow by precipitation, which can obscure the direct influence of these
drivers. Thus, focusing on Q provides a more interpretable approach for
uncovering the causal relationships driving streamflow variability, con-
sistent with the objectives of this study and supported by previous
researchl4,20,l(]7,l12—114.

Precipitation and aridity data are directly sourced from the Camels
datasets. To determine the portion of precipitation that falls as snow (Snow
Fraction; SF), a simple temperature-based threshold was utilized. If the
average temperature for a given day was below 1° Celsius, all precipitation
was classified as snowfall'“. Conversely, when temperatures exceeded 1°
Celsius, the precipitation was categorized as rainfall. An alternative
threshold of 0° Celsius’’ is also explored, with consistent results, regardless of
the chosen method for estimating snowfall. To run the PCMCI+- algorithm,
the daily time series are then aggregated into seasonal time series.

To run the PCMCI+- algorithm, the daily time series are aggregated
into seasonal time series. This decision is rooted in the recognition that
seasonal data captures key hydrological interactions that occur over shorter
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time scales, which are often missed in Budyko-based studies that rely on
long-term temporal averages™'. By analyzing the data at a seasonal scale, we
account for the in-phase and out-of-phase dynamics of water (precipitation)
and energy inputs (aridity and snowmelt), which are critical in shaping
streamflow variability'">"'*. These dynamics are masked at annual scales but
become evident in seasonal analyses, providing a clearer understanding of
the causal relationships between streamflow and its climatic drivers. Fur-
thermore, while finer temporal scales (e.g., daily or monthly) may offer
additional insights, they introduce complexity, such as the need for time lag
adjustments in processes, making the seasonal scale the most appropriate
for this study.

Budyko framework
The research utilizes the Budyko framework, a widely accepted method for
examining the interactions between streamflow elements, climate, and
catchment features in the long-term water balance'®'"". This framework
formalizes the partitioning of precipitation (P) into evapotranspiration (ET)
and runoff (Q) as a function of aridity through the Budyko curve. It serves as
a valuable tool for assessing the primary controlling factors of water balance
components. By examining the deviations of catchments with specific
characteristics from the Budyko curve, we can assess how and to what extent
these attributes influence the water balance components beyond the aridity
index (¢)"**".

The Budyko curve used for normalizing long-term water balances of
catchments is represented by the following equation'”:

1%?/?) = %tanh <E%> (1 — exp (— E—;)) 1

where Q, P, and Ep denote the long-term mean values for streamflow,
precipitation, and potential evaporation.

We employed the non-parametric Budyko curve due to its robustness
and ability to capture complex hydrological responses across heterogeneous
regions without imposing arbitrary parameters. This approach aligns with
our exploratory analysis goals, allowing for consistent comparisons between
catchments in the US and UK, regardless of local calibration. The non-
parametric curve avoids the limitations of parametric formulations, such as
potential inaccuracies and the speculative nature of parameter values, while
maintaining the generality and facilitating a meaningful exploration of
hydrological differences influenced by agricultural practices.

Causal discovery algorithm

Using the Budyko hypothesis, we examine the spatial impact of agriculture
on the water cycle across catchments. This approach, however, does not
account for the influence of precipitation changes on streamflow compo-
nents, and spatial differences in water balance can be attributed to different
factors. Additionally, most studies of statistical attribution of changes in
streamflow typically employ qualitative reasoning, sensitivity-based analysis
and/or correlation-based techniques to show consistency between changes
detected and typically a single driver with little effort to systematically
quantify the assumed cause-effect relationship'**'”. To enhance our
understanding, a fundamental question is how these variables causally
interact with each other. This requires the identification of directional
dependencies based on conditional independence relations in data series.
Here, having the observed time series, we can exploit the temporal infor-
mation of the observations for identifying causal graph'™®.

Formally, we consider a variable X LT as part of a multivariate sto-
chastic process X, where i is the variable index (e.g., ie{Q, P, AR, SF},and t is
the time index. A variable that causally affects another is termed as the
driver, while the affected variable is the target. Unlike bivariate correlation
analysis, causal discovery algorithms can exclude dependencies between two
variables that arise from common drivers Xj_, < X} . — X; or indirect
paths (X;_, — bl 5= X}), where S is a conditioning set and 7 is a time
lag. For instance, when estimating the effect of P on Q and SF on Q using

bivariate measures (e.g., using bivariate correlation or sensitivity analysis),
one might obtain misleading results to unaccounted drivers like surface air
temperature, as the common driver and mediator (indirect path). A causal
discovery graph algorithm can exclude such dependencies using conditional
independence tests, denoted as CI({X LT, XLT |S}), where S is a
conditioning set.

Two key methods for assessing directional dependencies are Granger
causality and transfer entropy. Both methods can be used to test for con-
ditional independence. However, in their original bivariate forms, they do
not account for third variables, and extending transfer entropy to multi-
variate cases is challenging due to the curse of dimensionality'”, and low link
detection power for limited sample size, as is the case in our application®.

To address these issues and understand how factors like snow fraction,
aridity, and precipitation'“*""*”" impact streamflow across different catch-
ments in the US and GB, we utilized Peter-Clark Momentary Conditional
Independence Plus Algorithm (PCMCI+)***"**"*!, PCMCI+ addresses the
challenges of identifying contemporaneous and time-lagged causal links in
autocorrelated high-dimensional time series”. It employs a two-step
approach that combines a variant of the PC algorithm'* and the MCI
measure” to assess the causal structure of a multivariate dataset or process X
by estimating its time series graph.

Here, we make the following assumptions for the time series: con-
temporaneous causal effects, causal stationarity, faithfulness, and causal
sufficiency (See Runge'). The faithfulness and causal Markov assumptions
relate the underlying physical causal mechanisms to the statistical relations
observed in the data. Causal sufficiency implies that all the variables include
all common causes, following the principle'”. These assumptions relate
conditional independence to d-separation in the graph under this dis-
tribution: Xd — sepY|Z<=X L Y|Z, where the forward and backward
effects are associated with the causal Markov and causal faithfulness
assumptions, respectively. Pearl” states that two nodes are d-separated given
Z if and only if Z blocks all pathways between them. The situation in which
X influences Y by two opposing and mutually exclusive effects is ruled out
by the causal faithfulness assumption. According to the causal sufficiency
assumption, any common cause of two or more variables X' € X is included
in X. Causal stationarity refers to the existence of links over time.

The causal sufficiency assumption, which suggests that all common
drivers are included in the analysis, is inherently challenging to test and
conceptualize, particularly in catchment hydrology'**'*. This complexity
arises due to data constraints and the intricate nature of environmental
systems'*°. While factors like topography influence various processes, it is
often impractical to account for every impactful variable. Recognizing these
limitations allows us to interpret our findings within the context of available
data, while understanding that unobserved variables could influence the
results'”.

PCMCI offers a robust approach for handling such challenges com-
pared to many other methods'*. It uses momentary conditional inde-
pendencies to detect causal relationships and can partially account for
unobserved confounders by observing changes in dependence structures.
While no method is perfect, PCMCT’s ability to provide causal inference by
incorporating temporal dynamics and refining causal graphs provides
valuable insights, making it particularly effective in dealing with the com-
plexities of real-world data where not all influencing factors can be directly
measured”®' ",

The PCalgorithm starts with a directed acyclic graph (DAG) to identify
causal links between variables. The graphical representation in Fig. 6a—c
outlines the causal structure of the system, where variables x;, (k=
1, ..., 4)arerepresented by nodes and causal interactions are indicated by
directed edges. The PCMCI+- technique was used to construct the DAG™®.
There are two phases to the algorithm. Initially, the PC;, a Markov set
discovery algorithm based on the Peter-Clark PC-stable algorithm'*, starts
with a fully connected graph (See Fig. 6a). This algorithm assumes that
causal links are stationary.

PC algorithm then examines for the removal of links between variables
iteratively by conditioning sets of increasing cardinalities (See Fig. 6b). The
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Fig. 6 | Overview of the PCMCI+ causal discovery graph algorithm. Overview of
the PCMCI+- causal discovery graph algorithm. The variables x; (k = 1, ..., 4) are
depicted by nodes and causal interactions are indicated by directed edges. It includes
two main steps (PC algorithm) and MCI tests. PC; starts with a fully connected
graph as shown in (a). It then tests for the elimination of links between variables
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iteratively by conditioning sets of increasing cardinalities as shown in (b). MCI tests
use the estimated conditions found in step one to infer a causal link—See (c). The
node colors indicate the level of auto-dependency (auto-MCI) of each component
and link colors indicate the interdependency strength (cross-MCI) between
variables.

conditional independence tests, CI ({Xﬁ_r, X,|S}), are the fundamental
components of PC,. They are used to evaluate {X'__, X}|S} given a con-
ditioning set S. It considers expanding cardinality conditioning sets while
iteratively testing for conditional independence under a growing number of
conditions. In order to estimate CI({X!__, X}|S}) efficiently, it is imperative
that the conditioning set S be as small as possible, including only relevant
conditions. This enables us to separate out the unique impact of X} __ on X,
To further eliminate false links and enhance detection power, the method
iterates over contemporaneous conditions using MCI tests for all
ordered pairs.

Here, we employ the partial correlation (ParCorr) conditional inde-
pendence test to determine independence. Partial correlations and the ¢ test
serve as the foundation for the ParCorr conditional independence test.
Partial correlations and the ¢ test serve as the foundation for the ParCorr
conditional independence test. With the independence test’s significance
threshold set at 0.05, the PC algorithm can only converge to a small number
of relevant conditions.

MCI tests. Using the estimated conditions found in step one, the MCI
test infers a causal relationship in the second step—See Fig. 6¢. MCI is
indeed the causal discovery step that assigns a p-value and strength to
each possible link. While the primary goal of the PCMCI+ algorithm is to
detect the causal graph, MCI partial correlation values can be used to
represent link strengths of causality”, with the significance level set to
0.05 in the ¢ test and is given by:

MCL: X, L X}|p(X)IXI_ ), p(Xi_,) )

where ((X}) and G(X:_ ) represent the parents of X, and X __ identified in
the previous PC step, respectively; ‘' means precluding X! __ from ((X).
In case of ParCorr, the strength, ranges from —1 to 1, is represented by
the partial correlation value. In practice, ParCorr can also effectively detect
non-linear relationships. When the linear component is particularly pro-
minent compared to the non-linear aspects, ParCorr might outperform
non-linear independence tests in terms of detection accuracy®. The Python

software for estimating the causal network can be obtained from https://
tocsy.pik-potsdam.de/tigramite.php.

To further validate the PCMCI+ algorithm prior to its application to
real-world data, we tested it using an artificial dataset incorporates
4-dimensional (4D) stochastic linear vector autoregressive model with only
one lag:

Xy = —0.5x5, + &y (3)

Xy = —0.3%, + £2J+1 4)

X341 = 0.5—04x,, + 53¢+1 (5)

X1 =02+0.7x3, + e (6)

where the four time series x; (k = 1, ..., 4) conceptually represent the four

variables (SF, AR, P, Q), and the term &, represents dynamical normal
random noises in these four variables (£, ~ N(0, 1)). By construction, we
have one cycle, ie, x; — x, = x; — x; and x5 drives x, (ie., x; — X,).

Note that this test model is not designed to accurately represent
observed processes; it is solely meant to evaluate the procedure. We gen-
erated artificial time series, each having a length equal to the studied time
series. Here, we conducted a comparison between lagged correlation ana-
lysis and PCMCI+ on four generated time series, with the results presented
in Fig. 7. Panel (a) depicts all potential connections among the four variables.
Panel (b) shows the correlation coefficient matrix. Panels (c) and (d) display
the PCMCIH+ analysis outcomes, where (c) illustrates the causal graph and
(d) presents the maximum path coefficients (MCI values). Only significant
causal links with a p-value of 0.05 are highlighted in shades of blue and red. It
is evident that the correlation analysis often fails to reveal true connections,
instead highlighting a spurious relationship between x, and x,. In contrast,
PCMCI+ accurately uncovers the true causal relationships among variables.
These false correlations can complicate the analysis, leading to incorrect
conclusions and misleading hypotheses.
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Fig. 7 | Comparison of PCMCI+ performance with correlation analysis. Over-
view of PCMCI+ performance compared to correlation analysis. Artificial datasets
are generated with a prescribed interaction structure (Eqs. 3-6). a shows all possible
links between the four variables. Here for the four generated time series, we com-
pared the results of lagged correlation analysis and PCMCI+. b presents the matrix
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of correlation coefficients. ¢, d display the results of PCMCI+ analysis, with (c)
showing the causal graph and (d) illustrating the maximum path coefficients (MCI
values). Only causal links at a significance level of p-value = 0.05 are shown in shades
of blue and red.

Decomposition of streamflow

To further explore the analysis of water sources for agriculture, we utilized a
one-parameter low-pass filter method developed by Lyne and Hollick™,
commonly used in the literature””*'”’ to effectively decompose streamflow
into its constituent components, namely baseflow and direct flow. This
method relies on temporal filtering principles, wherein the streamflow
hydrograph undergoes convolution with a smoothing function defined by a
filter parameter, often referred to as the recession constant («). We applied
the recursive filter iteratively three times (forward-back-forward) to filter off
flood peaks from the original streamflow time series, configuring the filter
parameter (set as 0.925; a widely accepted value in hydrological
studies'””>’*'). The resulting separation let us to discern the slow,
groundwater-derived baseflow from the rapid, rainfall-induced direct flow.
To account for the inherent uncertainty of streamflow partitioning", we
repeated our analysis using the Lyne Holick one-pass configuration, which
yielded quite similar results.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability

Daily hydro-meteorological timeseries and landscape attributes for 671
catchments across Great Britain (CAMELS-GB) are available from
Environmental Information Data Centre available at https://catalogue.

ceh.ac.uk/documents/8344e4f3-d2ea-44f5-8afa-86d2987543a9. The daily
hydrometeorological time series along with the catchment attributes for
the United States (CAMELS) are available from Geoscience Data
Exchange Centre of National Science Foundation at https://gdex.ucar.
edu/dataset/camels.html. The source data used to generate the figures in
this manuscript are available at Zenodo: https://doi.org/10.5281/zenodo.
13974112.

Code availability

The code used in this study to estimate the causal network is accessible
through the Potsdam Institute for Climate Impact Research (PIK) at the
following URL: https://github.com/jakobrunge/tigramite. Access to the
code is unrestricted, allowing for replication and further development of the
methods presented in this paper.
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