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Abstract

Understanding of runoff response changes (RRC) is essential for water resource
management decisions. However, there is a limited understanding of the effects of
climate and landscape properties on RRC behavior. This study explored RRC behavior
across controls and predictability in 1003 catchments in the contiguous United States
(CONUS) using catchment classification and machine learning. Over 1000+

catchments are grouped into ten classes with similar hydrological behavior across
1



CONUS. Indices quantifying RRC were constructed and then predicted within each
class of the 10 classes and over the entire1 000+ catchments using two machine learning
models (random forest and CUBIST) based on 56 indicators of catchment attributes
(CA) and 16 flow signatures (FS). This enabled the ranking of the important influential
factors on RRC. We found that (i) CA/FS-based clusters followed the ecoregions over
CONUS, and the impact of climate on RRC seemed to overlap with physiographic
attributes; (i1) CUBIST outperforms the random forest muu~l voth within the cluster
and over the whole domain, with a mean improvement of 3% (depending on clusters)
within clusters. Runoff sensitivity was better pr<dic.>d than runoff changes; (iii) FS
related to runoff ratio, average, and high flov a'e the most important for RRC, whereas
climate (evaporation and aridity) is . s:co..dary factor; and (iv) RRC patterns are
substantial in the dominant fa-tor space. High total changes and catchment
characteristic-induced changes oc ~v.red mainly at 100°west longitude. The elasticity
of climate and catchment . haracteristics was found to be high in spaces with high
evaporation and low .uno1: ratios and low in spaces with low evaporation and high
runoff ratios. Uncerta 1ties existed in the number of catchments between clusters which
was verified using a fuzzy clustering algorithm. We recommend that future research
that clarifies the impact of uncertainty on hydrological or catchment behavior should
be conducted.

Keywords: hydrological behavior; climate change; dominant controls; random forests;

CUBIST; uncertainty analysis



1. Introduction

Water resources are facing significant changes due to climate alteration and
anthropogenic activities (Shao et al. 2020, Maftouh et al. 2023). Estimates of this
change are essential for supporting policies and planning decisions. Understanding the
hydrological response to climate change/human modifications is one of the ways to
accomplish this aim. A lot of recent studies have focused on the spatial patterns of
hydrological responses, particularly runoff responses (W». ¢ ar. 2017, Yi et al. 2017,
Wang et al. 2018, Forbes et al. 2019). However, the < is little understanding of the
physical significance behind the spatial patterns ~t hy {rological responses, and a clear
vision of this would be helpful for developin s r ydrological models and make decisions
in water resource management (Andrcassian et al. 2016; Wang &Ni, 2023; Wang et
al.,2023).

Runoff is a sensitive component ¢ F F ydrological recycling (Balha et al., 2023). Runoff
sensitivity and its changes (e to climate change and/or human activities are referred
to as runoft response . anges (RRC). This is usually used to capture past changes in
runoff behavior and 1)r evaluation of estimating future water resources (Zhang et al.
2008, Wang and Hejazi 2011; Abra et al.,2023;Wang et al.,2023). Numerous studies
have focused on the spatial variability of the RRC across region, basin, and globally
(Shahid et al.,2021; Bajirao et al.,2022; Bharat & Mishra,2021). For example, Wang
and Hejazi (2011) used a decomposition method based on the Budyko framework
(Budyko,1974) to quantify the impact of precipitation, potential evaporation, and direct

human activity on mean annual streamflow over 413 watersheds in the contiguous



United States (CONUS). Li et al. (2022) employed a statistical regression method to
investigate the variations in streamflow in the Jialing River Basin, China. At the
beginning of this century, Sankarasubramanian et al. (2001) explored the pattern of
precipitation elasticity across the CONUS, revealing a contour map of precipitation
elasticity that tended to be high for basins with water and radiation inputs seasonally
out of phase with one another. Recently, Gong et al. (2022) built a relationship between
the RRC and hydrometeorological factors (e.g., annual rai.. 'l and aridity index) over
the CONUS. However, there is still a limited undersiandiig of why RRC presents a
unique pattern and the physical reasons behind it Jna >rstanding RRC behavior related
to dominant factors and predictability i ».nportant for exploring the physical
mechanisms behind RRC spatial patt.rm. (Y:n et al.,2023; Slater et al.,2023; Fang &
Pomeroy,2023). Capturing futurc changes in streamflow in the context of climate
change, in addition to correcting t1e bias of the runoff-rainfall model, also requires an
understanding of RRC beha 1or (Andréassian et al. 2016, D1 et al. 2017;Gao et al.,2019;
Ghamariadyan & Imf.a 2021).

Each catchment is a sy 1thetic system driven by a combination of climate and landscape,
which makes it difficult to identify and capture the hydrological behavior within a
catchment (Addor et al. 2017; Bloschl et al., 2019; Beevers et al.,2021). Catchment
classification is a useful tool for exploring the laws and patterns of this behavior within
a catchment (Sivapalan, 2003; Cinkus et al.,2023). Generally, catchments are grouped
based on measures of similar seasonality, such as physiographic and meteorological

characteristics; however, these measures tend to be weak for large-scale catchments



(Burn, 1997; Wagener et al., 2007). Recently, datasets comprising a large number of
catchments and hundreds of attributes have become available worldwide, enabling the
capture of new insights into hydrological behavior (Addor et al. 2017, Alvarez-Garreton
et al. 2018; Newman et al., 2014; O'Sullivan et al.,2023). Jehn et al. (2020) used eight
hydrological signatures to classify more than 600 catchments from the CAMELS
dataset over the CONUS. To explore the physical controls of the spatial patterns of flow
signatures (FSs). Kuentz et al. (2017) used sixteen FS+: cna thirty-five catchment
attributes (CAs) to classify over 30000 catchments ‘n Furope. To the best of our
knowledge, no large sample study has used CA< anu FSs with good predictability to
explore the spatial patterns of the RRC basec o’. method of catchment classification. In
addition, the difference in the number 1 ¢ atci.ments between classes cannot be reduced
using traditional classification 1.othods (Kuentz et al. 2017), and there is little
knowledge about how this un‘ertainty in the number of catchments impacts
hydrological behavior.

Machine learning (M), mcwnod is robust and performs well in prediction, data mining,
and model parameter1. -ation in hydrological field (Shen, 2018; Zhao et al., 2019; Ma et
al., 2021; Tsai et al., 2021). ML has multiple advantages in data analysis: (i) it allows
multiple predictors and non-linear relationships; (ii) there is no need to know the
underlying mechanism between the input and output; and (iii) there is no problem of
data overfitting. Addor et al. (2018) employed random forest to explore the
predictability of signatures in more than 600 catchments over the CONUS. Cheng et al.

(2022) used a boosted regression tree to model the partitioning of precipitation into



runoff and evaporation based on the Budyko framework. As most of MLs are “black
box model”, they are weak in straightforwardly quantifying the underlying
relationships between inputs and outputs. Fortunately, interpretable artificial
intelligence can overcome this problem (Basagaoglu et al., 2022). The accumulated
local effect (ALE), a robust and advanced global diagnostic algorithm, can rank features
based on dependent variables (Gao et al.,2023; Apley et al.,2020). This can thus let
modeler identify dominant factors of dependent variable, «na influence the process
between predictors and dependent variable, thus vis.aliz ng “black model” clearly.
Most previous studies focusing on the identif cation of the dominant factors of
hydrological variables in hydrology modellir g ' end to use regression trees that consider
linear controls (Padron et al., 2017; Zr.«a et '.,2023; Basri et al.,2023), and only a few
studies have interpreted the inte. or relationship between inputs and outputs while
considering non-linear relationsh n< (Bai et al. 2019; Chang et al.,2023; Haddad&
Rahman,2023). In addition *o the dominant factors, it is necessary to investigate the
predictability of RRC u.*ng the ML method as the need for water resource management
in ungauged basins, e pecially to understand whether or how catchment classification
with similar catchment behavior improves the predictive skill of the ML model.

In this study, catchment classification and two MLs (random forest and CUBIST) were
used to explore the physical mechanisms of the RRC behavior. Firstly, 1003 catchments
across the CONUS were grouped into 10 classes based on 56 CAs in terms of climate,
topography, geology, hydrology, and soil properties, and 16 FSs with good

predictability in space. Thereafter, two MLs were used to investigate the predictability



of the RRC, and subsequently, ALE was used to identify the dominant factors
considering the non-linear relationship over the entire domain and within each cluster.
The primary goals of present study were to: (i) classify catchments of GAGE-II dataset
based on 56 CAs and 16 FSs, respectively, and investigate catchment behavior within
each cluster; (ii) to predict RRC within each cluster and over whole domain, and
understand how this catchment classification determine predictability of RRC
compared to modelling over whole domain where all catchr.ic. ts as a input; (iii) identify
which of 56 CAs and 16 FSs were the key factors co trol ing RRC; and (iv) explore
what patterns of RRC is in the space of domin=nt 1 ctors. Compared with previous
studies related to RRC, our novelty is that tk¢ « ombination of catchment classification
and ML was used to explore RRC beb .vior (Cominant controls and predictability) with
consideration of non-linear relatio.>ships over large scale domains.

2. Methodology and Data

2.1. Budyko Framewoi,

The Budyko framewu..- 15 a simple computational formulation that relates the ratio
between actual evapiration and precipitation [E/P] to the ratio between potential
evaporation and precipitation [ PE/P], and the shape parameter representing catchment
properties (Budyko, 1958). The equation of Yang et al. (2008), a commonly used
Budyko-type form, uses parameter n to represent the shape parameter. This form is
expressed in Eq. (1):

PEXP
~ (PEn+pPM)L/n (1)

where E is the long-term actual evapotranspiration (mm), P is the long-term



average annual precipitation (mm), PE is the long-term average potential evaporation
(mm), and #n is the catchment characteristic that represents the interaction between
climate, soil, and plants.
If Budyko's equation is defined as /=(PE, P, n), its differential form is expressed
as follows:
dE =2Lap + L dPE +ZLan )
In the long term, the change in the average soil wate" >. rage was approximately
zero for catchment areas >1000 km? and long-time se-ies >11 years). Therefore, Eq.
(2) can be rewritten as follows:
dQ = (1—g—£dP)dP—;TfEdPE—§Eon 3)
where Q is the average runoff depu. (m.n), which is the long-term average value
from 1941-2015 in the present stu'v.
By dividing the left and richt <ives of Eq. (3) using @, the relative runoff change
(%) can be obtained as fo.'ows:
%zspd;+8,b‘:—f+eni—n 4)
Where €,, €pg, &, is the precipitation, potential evaporation, and catchment
characteristic elasticity respectively, that is, runoft sensitiveness in this study.
A non-parametric method was used to estimate the temperature elasticity,
considering the large scale of the study area and the lack of meteorological series in

terms of relative humidity, wind speed, and radiation. This method has been proven to

have low bias and is non-parametric (Yang et al., 2008). Its form is expressed by Eq.

(%):



_ XIXi-X(Qi-Q)
70 saxe )

where X;, Q; is climatic variable values and runoff depth in the i-th year,
respectively, and ¢ is climate elasticity.

The potential evaporation was estimated using the Penman-Monteith temperature
(PMT) method (Moratiel et al., 2020). Although there is a deviation from the results
calculated using the Penman-Monteith FAO-56 equation, some scholars have shown
that the deviation is negligible, particularly for potential evaporaion on an annual scale
(Moratiel et al., 2020; Senatore et al., 2020).

2.2 Catchments classification

We used a hierarchical minimum-variance ¢ cering method to group catchments, as
done by Kuentz et al. (2017) and J.1 «t a.. (2018), which combined the k-means
algorithm (Hartigan and Wong, 1779) and Ward’s minimum-variance method (Ward,
1963). Kuentz et al. (2017) suege ‘ted that 10 or 11 is a reasonable number of clusters
using the elbow and two oti.>r methods who grouped more than 35000 catchments over
Europe based on catclu. =n. descriptors. Furthermore, Jehn et al. (2020) recommended
that 10 clusters are m« re appropriate than the CONUS. Therefore, we used ten clusters
for our dataset without validation. Before the classification, we used principal
component analysis to reduce the problem of information correlation for the flow
signatures. This enabled the resulting FSs to account for at least 60% of the total
variance in the original flow signatures. As for the 56 CAs, there is no significant
correlation between them (Figure S8 in Supporting Information S1), and CAs cover

varied types of catchment properties; principal components cannot comprehensively



represent them; thus, we use all of them to classify our catchments.

2.3 Machine Learning

2.3.1 Random Forest

A random forest, which comprises an ensemble of regression trees, can predict
dependent variables as regression tools and classify discrete variables as classification
machines (Pal, 2005). This method is commonly used in various fields of geoscience
and engineering (Booker & Woods, 2014; Chaney et w., 2ul6). Breiman (2001)
provides detailed description for the method. We used ‘his nachine learning model for
data mining of a large-scale set for five reasons. " 'hes> included, (i) allowing multiple
predictors and non-linear relationships. Hydrolie gical behavior is usually determined by
multiple catchment attributes, and a sir glc rei.tionship between the RRC and catchment
attributes tends to be weak (Beck «* al.,2015). In addition, the hydrological response to
catchment attributes tended to be nrn-linear. Random forests are more useful for the
above task because they w''ow for multiple predictors and non-linear relationships
because they consist 71 ~ suries of thresholds compared to classical regression models.
(i1) There is no need t+ know the underlying mechanism between the input and output.
Random forests can reveal the relationship without the assumption of the physical
principles of hydrological processes, and the output can be explained well by the
interpretable machine learning method. (iii) Reduced risk of data overfitting. The
ensemble of regression trees of random forests enables predictions to be absent from
the influence of specific predictors; and (iv) transparency and interpretability in the

importance of predictors. Random forests can rank the importance of predictors on
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response variables, and lastly (v) perform well in the prediction and provide reliable
uncertainty estimates.

We used 500 trees to predict each RRC based on 56 CAs and 16 FSs and allowed each
tree to grow freely, making random forests very robust. Generally, 500 trees would
produce a good prediction (Addor et al., 2018). The predictions were evaluated through
ten-cross-validation, which also determined the number of variables at each split (mtry).
We used 70% of the catchments as the training set and the c.maiader as the testing set.
This procedure was repeated nine times. The accuracy of t1e model was evaluated by
determining the coefficient of determination (R?) All , rocedures were completed using
the “randomForest” package in R (James et -.1. 2013).

2.3.2 CUBIST

Traditional classification and reg. ~ssion trees (CART) use the average of all training
values at the final leaf node for sa nr le prediction, which leads to a significant bias for
the new sample set ana makes it difficult to achieve ideal prediction results
(Breiman,1984). CULIT1 s a segmented linear tree model developed from the M5
model tree (Quinlan, 1992; Viscarra et al., 2019), that can efficiently overcome the
disadvantages of CART. The advantage of CUBIST is that the leaf node of the tree is a
linear regression model, and a series of segmented linear models are combined to form
a CUBIST regression tree that can effectively solve problems related to non-linearity.
In addition, the training rules of CUBIST are simple, effective, and fast, and the
segmentation of the input space is automatically performed by an algorithm that can
handle high-dimensional problems (Time et al.,2016).

11



CUBIST divides the input sample space into rectangular areas with parallel edges. In
each layer of the model tree, the attribute with the strongest recognition power acts as
the root node of the subtree, and the samples are divided into several subsets according
to the root node (J.F.A.,1914). To prevent excessive growth, multiple constraints are set
for node growth: the ratio or difference in the standard deviation of the target attribute
between the node sample and population sample is less than a certain threshold, or the
number of samples of the node is less than a certain threshu. ¥ (x’ernandez-Delgado, et
al.,2018). After establishing the preliminary model tree it is necessary to prune the tree,
that is, merge some miscellaneous subtrees and rerlacc them with leaf nodes to improve
the efficiency and conciseness of CUBIST (Fe +.¢al.,2021). Finally, smoothing methods
must be used to compensate for the di’co itincous rows of leaf nodes after pruning.

CUBIST optimizes the modelling “w setting the number of rules (0-100) and instances
(0-9). The number of rules refer tc thie number of models that must be used in the tree
model, and the instances 1. fer 10 the number of samples that must be referenced to
correct the results dur... turecasting. A higher number of rules does not imply a higher
accuracy of the mode1 (Khaledian & Miller,2020). To avoid overfitting and improve the
stability and accuracy of the model, parameter optimization is necessary before training
the model. The parameters in CUBIST were obtained through ten-fold cross-validation
by minimizing the Mean Square Error (MSE) (Viscarra et al., 2019). In the present
study, the maximum number of rules was set to 5, the extrapolation factor was 10, and
the committee models (1,2, 3), and the number of neighbouring observations (1, 2) were
different for each RRC. In CUBIST, feature importance can be evaluated by the

12



percentage of models in which each variable is used, that is, the usage of variables [%].
2.4 Data

The CA and daily discharge data in this study were obtained from the GAGES-II dataset
proposed by the United States Geological Survey (USGS;
http://esapubs.org/Archive/ecol/E091/045/default.htm)(Falcone et al,  2011).
Geospatial catchment data encompass climate, hydrology, landform, land use/cover,
geology, and human activities (Falcone et al., 2011). J.u ocur study, six catchment
attribute types were considered, including topograph . g¢ ology, climate, hydrology,
land use/cover, and soil characteristics (the list of C A, details on methods, and data
sources used to estimate them are provided i1 »able S1 in Supporting Information S1).
Topographic features such as mean el-va ion and slope were extracted from the USGS
database; geological features such s the proportion of geological types and catchment
area were obtained from the USG.\: climatic characteristics such as mean precipitation
(rainfall and snow) and ari'ity were computed using hydrometeorological daily time
series from Paramete -'evation Regressions on Independent Slopes Model (PRISM);
hydrological characte “istics (baseflow ratio, topographic wetness index, etc.) were
obtained from the corresponding database; land use/land cover such as fraction of forest
and developed area were retrieved from U.S. Department of Agriculture (USDA); soil
characteristics such as average permeability and average value of bulk density were
extracted from USGS. These catchment attributes were selected to quantitatively
describe the impact of landscape characteristics on hydrological processes as much as

possible (Addor et al., 2017a, 2017b). Daily discharge at the GAGES-II hydrological
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sites was obtained from the USGS Water Information System
(https://waterdata.usgs.gov/nwis/). Completeness and length of discharge of at least 20
years, and 80% completeness were considered for daily discharge (Falcone et al., 2011).
We considered the period from 1941 to 2015 as the study period, and sites with a runoff
ratio less than one, and8 finally selected 1003 sites for our study. FS were selected to
represent the different characteristics of hydrographs across different time scales and
have been widely used to quantify the sensitivity to hydr~iurical processes occurring
across scales. FSs were estimated by daily discharge « ata, and details on the methods
and descriptions have been provided in Table S° in Supporting Information S1. The
criteria for selecting the FSs followed thcse of Westerberg and McMillan (2015).
Generally, an FS should satisfy the¢ equirements of determination, robustness,
consistency, representativeness, ai.1 discrimination. In this study, 16 FSs were selected
on the basis of these criteria. Mas of watershed boundaries were obtained from the
U.S. Department of Agric 'lture-Natural Resources Conservation Service, USDA-
NRCS) (https://www .. ~s.usda.gov/wps/portal/nrcs/main/national/water/watersheds/).
Meteorological time series including daily precipitation as well as maximum and
minimum daily temperatures were obtained from the PRISM dataset (PRISM Climate
Group, 2016). The original grid resolution of the PRISM dataset was 800 m, but it was
filtered to a 4 km resolution for ease of download and manipulation. The framework of

this study is illustrated in Figurel.
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3. Results

3.1. Main Features of Catchment Classification

catchments is up to 4000 km, which is almost the north-south
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Catchments located within one cluster could be very far apart in space (Fig.2); for
example, the distance between catchments in cluster 5 CA-based and FS-based
distance of CONUS
(Fig.2¢). This implies that varied climatic conditions may produce similar catchment

behavior represented by CA and FS (Fig.2d), also demonstrates the importance of



regional studies in hydrological field (McCabe and Wolock 2014). Furthermore, the
influence of human disturbance can also result in substantial alterations in catchment
behavior (Alvarez-Garreton et al. 2018, Zhang et al. 2021). Hydrological modelling and
data driven conceptual frameworks have been commonly used to separate climate
change from anthropogenic influences that affect the water balance (Yang et al.,2008;
Gong et al.,2022; Zhang et al.,2023; Nury et al., 2023). Some catchments in our study
have suffered disturbances from human activities, such a- com construction (Falcone
et al., 2011). Interestingly, the spatial pattern of clus ers icross ecoregions over the
CONUS can enable the separation of the effect o” climate change on catchment
behavior from human activities as unique c.tc.oment behavior within each class, and
relatively little human disturbance ov.r « corcgions (Dennison et al. 2014, Auch et al.
2016, Jehn et al. 2020). Hydrologioal behavior within clusters over ecoregions could be

considered to be impacted solely | v catchment behavior without human influence.

Cluster

@ |{n=i1) .
. Clusler Se3ng

@ 2(n=133) o 1120158
© 3(n=08) © 20-173)
0 1(n=56) @ 3{n=110}
o B(=120) @ 1{n=81}
O G{(n=156) @ 5{n=164)
© T(n=8] @ G{n=141}
@ S(n=101) O 7{n=y3}
: T;‘:’:Him (a) Cluster Catchment Attributes-Based & 8 (b) Cluster Flow Signature-Based
{n-148) O 00=17)
Central Plains South Eastern Coastal Plain
. : South East Plains
Last Ilighlands Wu, Mountains
Mix F ¢ estern opntdm:\
IX Forests Western Plains
NorthEast Western Drought

Figure 2. Spatial patterns of catchment clusters over Continental U.S. based on (a)
catchment attribute (CA); (b) flow signature (FS).
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We summarized the spatial patterns of each class and typical features within each
class (Table 1), box plots of the features in each CA/FS-based cluster are shown in
Figures S1 and S2 in Supporting Information S1. We can infer that catchment
classification based on CA and/or FS can improve the understanding of catchment and
hydrological behaviors captured by CA and FS. Catchment behavior is mainly
controlled by climate. For instance, cluster 1 CA-based (7%) is characterized by a low
topographic wetness index, which is mainly in the west.i.. mountains where heavy
rainfall has occurred in winter which falls as ice and sr.ow; 1t the same time, the region
has a higher summer runoff and runoff ratio as larre a\ 10unts of snow melts to generate
runoff in late spring and early summer (Rice i al. 2016). Cluster 4 CA-based (6%),
however, is characterized by high torog. api.’c wetness, which is mainly in southeast
plains where there is high annuai -ainfall (> 1000 mm per year on average), uniform
distribution, and high potential evaroration. Meanwhile, climate also control the flow
signature behavior, the FS-rased cluster 1 (13%) has the typical feature of an earlier
mean half-flow date, . icu 1s distributed in the northeast and southeast plains. Cluster
3 FS-based is, which is represented by a later mean half-flow date, in the western
mountains. Furthermore, landscape surface processes such as vegetation and land
use/land cover also dominate the catchment/hydrological behavior (Table 1); CA-based
clusters 5-6 in the northeast have characteristics of low bulk density and high soil
material compared to CA-based cluster 8 in western regions of CONUS; FS-based
clusters 1-2 in the southeast are represented by earlier mean half-flow-date and later

half-flow-date; however, compared to cluster 3 in western regions.
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Table 1. Typical features of each cluster. Catchments are classified based on

catchments attributes (CA) and flow signature (FS) respectively. Typical features in

each cluster are defined by the lowest coefficient of variation among all features

within the cluster.

Cluster Number for Number for Main region Main region Typical feature Typical
CA FS for CA for FS for CA feature for FS
classification  classification  classification  classification lassification classification
1 74 129 Western Northeas. and vLow Earlier Mean
mountains s rth east topograph-ic half flow-date
p'ains wetness index
2 133 175 Wers .ern Central plains High depth to Earlier Mean
. “ountains and south east seasonally half flow-date
plains high water
table
3 98 14v Western Western High depth to Later Mean
drought mountains seasonally half flow-date
high water
table
4 56 81 South east Mixed regions High High  runoff
plains topograph-ic ratio

18
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5 12 164 Northeast Northeast and Low bulk Earlier Mean
southeast density half flow-date
plains

6 156 141 Northeast and Central plains Low bulk Later Mean

east highland and western density half flow-date
drought

7 28 93 South east Central plain. ig. total soil Later Mean

coastal plain and w stern thickness half flow-date
pl«ins

8 104 62 Western Western plains  High soil Earlier Mean

plair material with <  half flow-date
3 inches
9 86 17 Sc ath east Western plains Low Low flow
plains topograph-ic
wetness index
10 148 Central plain High bulk
and south east - density -

plains

A clear split of the clusters along the center of the CONUS is shown in Figure2.
Generally, clusters 1-4 CA-based were in the west, and the others are in the east. FS-
based clusters 5-10, were mainly in the east, whereas the remaining clusters were in the

west.
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We further explored the cluster pattern in climate index space, as Knoben et al.
(2018), using three dimensionless indices of climate in terms of aridity, seasonality, and
the fraction of precipitation falling as snow to explore climate controls. As shown in
Figure 3, the resulting clusters, both CS-based and FS-based, did not appear to be a split
of classes in space, as observed by Knoben et al. (2018). Jehn et al. (2020) related this
to the classification approach and further inferred that either the climate is overlapped
by other catchment attributes, or that dynamic changes in cu..ate cannot be adequately
captured in a single catchment. In fact, neither catch.nent behavior nor hydrological
behavior is simply determined by a single factor the 7 seem to be climatic originally,
but are shaped through landscapes (Carmon-. e. al. 2014, Vano et al. 2015, Stein et al.
2021). For example, FS-based cluster » 1 cuaracterized by low flow, which is usually
affected by a combination of clima*e, topography, soil, and geology (Kam and Sheffield
2015, Floriancic et al. 2018, 11 et a'. 2018). Although the classification methodology
can improve the understan. ng of catchment/flow behavior through similarity theory,
this does not mean tha. there is only one catchment attribute/flow signature within a
cluster, as shown in “igure7 and Figure S7 in Supporting Information S1, in fact
catchments within a single cluster were controlled by many aspects of influence, and

we only considered the dominant aspect within the cluster.
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Figure 3. Clusters in climate index space based on (a) CA, (b) FS. Single dots
represent catchments and are colored by hydrological cluster. There is no linkage

between the numbering of the catchment classes for two classifications.
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3.2. Predictability of runoff response changes in the whole dataset and

within clusters

The ability to accurately predict hydrological behavior is the key for future risk
evaluation and policymaking, which is a severe test (Crawford and Linsley,1966). Most
studies referring to the ability to predict hydrological behavior have shown that ML has
a better skill than conceptual methods to do so (Addor et al. 2018). In this study, we
used two machine learning models (random forest and CUGi1, to predict the RRC in
all catchments over whole domain and within each cluter, and the performance of the
models was evaluated by determining the creftiient R2. The CUBIST model
performed better in predicting most RRCs acco-s the entire dataset than random forests
(apart from precipitation and potenti-u «vaporation induced changes), especially for
total changes (0.36 of random fo. st vs 0.66 of CUBIST), catchment characteristics-
induced changes (0.38 vs 0.65). a d catchment characteristic elasticity (0.53 vs 0.94).
Runoff sensitivity can be ~etter predicted than runoff changes, which is expected
because it is relativei, 1uuependent of the influence of forcing in a single basin
(Sankarasubramanian et al. 2001). We found that RRC affected by a combination of
factors tended to be better predicted. For example, the performance of CUBIST for total
changes and catchment characteristic elasticity had the highest R? with 0.66 and 0.94
respectively. However, the runoff response to temperature (temperature-induced
changes and temperature elasticity) had the lowest predictability (<0.3). We inferred
that the influence of many factors (climate, vegetation, soil, and land use/land cover)

may assimilate RRCs, which leads to significant autocorrelation in space and thus high
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predictability, whereas RRCs with low predictability were independent of each other in
space. Addor et al. (2018) considered that flow signatures with low predictability
usually present a low global Moran’s index in space, which represents autocorrelation
with each other in space and tends to be a predictor of the predictability of flow

signatures.

1
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0
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Figure 4. Performance comparisc.: “etv/een random forest (RF) and CUBIST model for
predicting runoff response cl anges over whole domain and within CA and FS based
clusters. Performance of ni >del within cluster for each of RRC is evaluated by the
highest R?> <mo.o all clusters. RF whole domain, RF flow cluster,
RF attributes_cluster refers to random model performance over whole domain, within
FS-based and CA-based clusters, respectively. Similarly, CUBIST whole domain,
CUBIST flow_cluster, and CUBIST attributes cluster, represent CUBIST model
performance.

Ten models were built for each RRC, yielding a total of 900 models for nine RRC
components for each ML model. We chose the model with the best performance (i.e.,

the highest R?) in all clusters for each RRC (Figures 4-5). It was observed that the
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classification of either CA-based or FS-based models can substantially improve model
performance compared to the general model built in the entire domain, with a mean
improvement of 39% in model performance (Figures 4-5). The CUBIST model
presented better predictive skills than the random forest model within clusters. For
example, for the random forest model, the highest R? in the CA-based classes was 0.71.
While 0.89 for the CUBIST model for total runoff changes. We must acknowledge that
either the random forest or CUBIST model has few diffr.c. ces between CA and FS
based clusters (only the highest performance has been higl lighted), which is expected
because different clusters have different dominant fea. ires, and varied RRCs tend to be
controlled by different factors that determin - 1 (¢ predictability of the RRC. This may
be the reason why there is no obvious (. in the model performance for the CA-based
and FS-based clusters.

We chose the CUBIST model te analyze the difference in the predictability of RRC
between clusters because ¥ its better predictive skill. We manually divided model
performance into four ic 7e1s based on R%: “extreme” [>0.8], “high” [0.6,0.8], “moderate”
[0.4,0.6], and “low’ [<0.4]. As shown in Figure 5, the predictability of the RRC
between classes, either CA-based- or FS-based, exhibited substantial differences. For
example, model performance in eight classes (except for class 5 and 7) CA-based was
“Extreme” (R*>0.8) for catchment characteristic elasticity, while there was no class
within which model performance belonging to “High” (R?>>0.6) for precipitation,
temperature-induced changes and temperature elasticity. FS-based clusters exhibited a

slightly better performance than CA-based clusters, which is expected because this
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classification was based directly on flow behavior.

(a) cluster catchment attributes-based (b) cluster flow signature-based
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Figure 5. Performance of CUBIST model for pr.iicting runoff response changes
within each class and over the entire domain, catch.ents classified based on (a) CA,
and (b) FS. Model performance is evaluate 1 ;- 2. Rtotal, RP, RET, RT, Rn represents
total changes of runoff, precipitation, *.otential evaporation, temperature, catchment
characteristic-induced changes o, "o, respectively. Elas P, Elas ET, Elas T, and Elas
n is the runoff sensitivity tc the corresponding factors. Deeper the color, better the
model performance.
3.3. Dominant ~oi.*rcls on runoff response changes in the whole dataset

and within clusters

The CUBIST model enables the evaluation of the importance of factors to RRC
through attribute usage (importance), that is, the percentage of models where each RRC
was used. We excluded the attributes where usage was less than 30% in the model over
the whole domain (importance< 30%); the ranked importance of the attributes is shown
in Figure 6. This analysis provided two insights: the difference in scores between a

single attribute and the difference between classes. FS is the most important factor for
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the RRC over whole domain, excluding temperature-induced changes, with the rate of
the flow duration curve, annual runoff, and runoff ratio being the first three important
factors. The total changes were dominated by FS, topography, and soil characteristics,
the first seven attributes were all related to them. The same is true for catchment-
characteristic-induced changes. Climate plays an important role in the remains, but is
less important for total changes and catchment characteristic-induced changes.
However, temperature-induced changes were dominated by, .ow precipitation duration.
It should be noted that gauge longitude is a non-neglig ble factor for RRC and may be
a cue for the spatial pattern of RRC over the CONUS ‘Patterson et al. 2013).

Influences on runoff sensitivity can be cl: ssified into two types: FS and climate,
with the runoff ratio and annual 0. ¥ 1cr FSs and the energy gradient (actual
evaporation) for climate. Previou. studies have shown that runoff is more sensitive to
precipitation in arid regions (Sar k2:asubramanian et al. 2001, Fu et al. 2007). This
finding is consistent with o.~ results.

To understand .~ controls on RRC within the clusters, we selected the RRC
whose model perform ince at least belongs to “High” level (R?>0.6) as the accuracy of
importance is directly determined by the model performance. Resulting the first five
attributes were selected based on their scores within each cluster. Considering that there
is no substantial discrepancy in model performance between CA-based and FS-based
classifications, for simplicity, we selected the CA-based classification (FS-based
important features within clusters as seen in Figure S7 in Supporting Information S1).

This procedure resulted in R? >0.6 in clusters 6,7,8,9 and10 for total changes, 4 and 8
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for potential evaporation-induced changes, 5,6,8,9 and 10 for catchment characteristic-
induced changes, 4,5,6,8 and10 for elasticity of precipitation and potential evaporation,
and lastly 1,2,3,4,5,6,8,9 and10 for catchment characteristic elasticity; yet no cluster for
precipitation, temperature-induced changes, and temperature elasticity (Figure7). We
summarized the typical features for each RRC within the corresponding clusters in
Table 2; where RRCs with R?<0.6 in clusters was not shown. On an average, the runoff
ratio, annual runoff, 95th percentile runoff, and evaporatic. .7e1¢ the dominant factors
for RRC through the catchment classification metl od. However, factors such as
hydrology, soil, and topography should not be n<gle.ted either. In addition, there are
some differences in the order of importance oe.ween CA-based and FS-based clusters
as well as over the entire domain (Figuw. 2 6 and Figure 7), which may be caused by
differences in model performance “etween them.

Table 2 Dominant attributes f w QRC that satisfied selection criteria within clusters
where model performance at ieast belongs to “High” level (R*>0.6). Dominant
attributes here refer tc .= catchment attributes and flow signatures that have the highest
importance to corresg onding RRC. Number in each column is the cluster, “R total”,
“RET”, “Rn”, “Elas.P”, “Elas.ET”, “Elas.n” is total changes, potential evaporation-
induced changes, catchment characteristic-induced changes, precipitation elasticity,
potential evaporation elasticity, and catchment characteristic elasticity, respectively.
‘-’indicates that model performance within the corresponding cluster is less than 0.6,

and not shown.
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It should also be noted that climate tended to have a secondary effect on RRC over

the entire dataset. This has been illustrated by Jehn et al. (2020), who linked this to the
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climate across catchments with high overlapped with other catchment attributes, such

as vegetation and human intensification, thus resulting in a less clear role of climate on

the RRC over the whole domain. In fact, the co-interaction between climate and

landscape attributes produces a complex ecosystem in which a series of runoff

generation processes exist (Gupta et al. 2014, Yin et al. 2017). Climate is the most

important hydrological process in large-scale basins (Gupta et al. 2014), whereas

geology and soil are important for small-scale basins (Trocii «* ai. 2013, Li et al. 2018).
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Figure 7. Importance o1 “eatures evaluated by CUBIST model within CA-based

clusters, features are <. o1ed by catchment attribute and flow signature types. Clusters

in the figure have hig h or extreme R? (>0.6). Results of FS-based clusters are shown

in Figure S7 in Supporting Information S1.

3.4. Runoff response changes pattern in dominant factors space

We explored the patterns of RRC in the space of dominant factors, as in the work

of Knoben et al. (2018). Dominant factors in this study are defined as the top two

important factors for RRC (with R>>0.4 across the whole domain. Therefore, the RRC

in terms of temperature-induced changes and temperature elasticity was excluded
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because their R? <0.4. As shown in Figure 8, the rate of flow duration curve and gauge
longitude are the dominant factors for total changes, which are mainly located in west
of the CONUS, while total changes tend to be independent of the rate of flow duration
curve (Figure 8a), which is consistent with the findings of Gong et al. (2022). The sum
of the precipitation and potential evaporation-induced changes are climate-induced
runoff changes (Arrigoni et al. 2010, Ahn and Merwade 2014). As shown in Figure 8 b
and c, the impact of the geographical gradient on climate -u. tuced changes was clear,
and high positive changes tended to be in the east, which we s also explored by Arrigoni
et al. (2010). The patterns of climate-induced chaage: tended to be independent of the
runoff ratio. The role of human activities (.o struction of power sites) on potential
evaporation-induced changes is wor'a . oticing (Kotz et al. 2021). The pattern of
catchment characteristic-induced changes is consistent with the total changes, which is
reasonable because the shape jarameter in the Budyko framework reflects the
combined effects of landsc. res and climate (Wu et al. 2017).

The runoft sensii, ‘ty ¢xhibited a clear pattern across the dominant factors space.
Climate elasticity (pre sipitation and potential evaporation elasticity) tends to be high in
spaces of high evaporation and low runoff ratio and low in spaces of low evaporation
and high runoff ratio. The pattern of catchment characteristic elasticity was consistent
with climate elasticity, and the dominant factor space was the annual runoff and runoff
ratio. Similar patterns of runoff sensitivity were expected because their dominant
factors were correlated with each other. For example, the correlation between

evaporation and runoff ratio was -0.6, and 0.7 for annual runoff and runoff ratio (Figure
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S8 in Supporting Information S1).
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Figure 8. Runoff resp ~use changes in dominant factors space. (a) total changes (R total),

(b) precipitation-induced changes (RP), (c) potential evaporation-induced changes

(RET), (d) catchment attributes-induced changes (Rn), (e) precipitation elasticity (Elas

P), (f) potential evaporation elasticity (Elas ET), (g) catchment properties elasticity

(Elas n). Dominant factors have been defined by importance of factors evaluated by

CUBIST model over whole domain (Figure 6).
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4. Discussion
4.1. Uncertainty in the number of catchments between clusters

Catchments are synthetic systems in which the interaction between climatic and
landscape processes produces a co-evolution of hydrological processes (Coopersmith
et al., 2012;). Therefore, it is difficult to identify the dominant cause of alterations in
hydrological response (Trancoso et al., 2017). Catchment classification may be a useful
tool for distinguishing the dominant cause from the combir.c. impact of various factors
on hydrological behavior. However, there is large unci rtainty in the number of
catchments between clusters (Coopersmith et al. 201}, Kuentz et al. 2017, Jehn et al.
2020), as shown in Table 1. In the present sturly. (or example, there were 175 catchments
in Cluster 2 that were FS-based, whe.ea: ow'y one catchment was in Cluster 10. We
attributed this difference to two factors: the uncertainty of large-scale databases, which
may sometimes even be misinto mative at high resolutions (Donnelly et al., 2012;
Kauffeldt et al., 2013; Kuc~tz et al.,2017). This uncertainty may further obscure the
classification of catclu.euws over large-scale domains, and thus present ambiguous
hydrological behavioir In addition, some strong externals, such as human alteration,
that substantially affect hydrological variability have usually been ignored owing to
their inability to access or difficult quantification. Hence, there is a need to investigate
the impact of human activities on hydrological behavior. The catchments in the present
study were mainly clustered in mountains, droughts, and plains (Table 1), similar to the
results of Kuentz et al. (2017) and Jehn et al. (2020), where complex influences from

climate, topography, geology, land use/land cover, and vegetation overlapped. One
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class has two or more features, instead of one important feature that controls the
hydrological behavior over the CONUS (Table 1), which may be another possible cause
of this indistinct behavior. For example, drought regions are usually represented by high
energy and little rainfall, while dominant features for mountains and/or plains are not
easily identified as several mixed influences, such as snowpacks, climate seasonality,
land use change, and groundwater interaction govern it (Trancoso et al., 2017; Yang et
al.,2022). Therefore, it is somewhat difficult for hydrolrg. ts to build homogenous
groups of catchments with a single dominant attribute 1» ex )lore hydrological behavior
because, apart from overlapping influences, catclime.'ts would also self-organize due
to the co-evolution of climate, vegetation, ar a randscape attributes (Burn, 1997).

To our knowledge, the impact of .a1: dui“erence in number of catchments between
clusters on capturing of hydrolog~al behavior is still ambiguous. To investigate the
influence, we here used fuzzv c¢ ustering method to try to archive the aim, which
maximizes the similarity bc'ween objects divided into the same cluster and minimizes
the similarity betwee . (*ficrent clusters, in other words, the degree of membership is
used to indicate the d¢ gree to which a sample belongs to a certain category.

Clusters from fuzzy clustering approach tend to be scattered over CONUS
compared to agglomerative hierarchical algorithm in present study (see Fig. 2 and
Figure S9 in Supporting Information S1), the patterns might be not following the
ecoregions across CONUS. For example, both cluster 5 CA-based and 1 FS-based are
scattered across different ecoregions (Figure S9 in Supporting Information S1). Which

is different from previous classification results over CONUS. Jehn et al. (2020) found
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the clusters can follow the ecoregions well over CONUS, who used our method to
divide 671 catchments into 10 classes. It is noted that fuzzy clustering also produced
uncertainty in number of catchments between clusters, and this uncertainty is larger
than when using agglomerative hierarchical method (see Table A1 where four clusters
CA-based have <35 catchments, which are large difference compared to other clusters
with >100 catchments, while two clusters CA-based <50 catchments for agglomerative
hierarchical approach in Table 1). Therefore, we can infer tlial this uncertainty might be
a cause of poor ability in capturing variety of hydrolo rica) behavior over CONUS, as
following ecoregions is a signal of a good classificaticn (Jehn et al., 2020). In addition,
this uncertainty may also induce less ccar:ction between clusters and average
catchment attributes. Some clusters ca'x 11 'usu ate well mean catchment attributes, while
others cannot. For example, class : CA-based has clear connection to low precipitation
duration compared to others; whii= -1l clusters of ten have poor connection to climate
seasonality (Figures S1-S4 .n Supporting Information S1).

Even though unr, “anuy in numbers of catchments for clusters, typical features in
each class tend to be robust. Most clusters CA/FS-based from either our method or
fuzzy clustering have same typical features (Tables 1 and Al, details for catchment
attributes and flow signatures in each class see Figures S1-S4 in Supporting Information
S1). For example, the typical features of classes CA-based are related to soil
characteristic, while mean half flow-date for classes FS-based. Therefore, it is not
difficult to understand why there is same predictability of RRC between classes using
agglomerative hierarchical and fuzzy algorithm (Fig.4 and Figure S5 in Supporting
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Information S1).

Previous studies have pointed that fuzzy algorithm may solve the uncertainty in
number of catchments between classes (Jehn et al. 2020). We here demonstrated that,
however, fuzzy clustering caused same typical features and predictability of RRC as
our method, but numbers of catchment within clusters still, and classification from
fuzzy clustering method tend to be poor. However, no matter classification based on
either agglomerative hierarchical or fuzzy method, the res ... caa archive our needs of
capturing dominant hydrological behavior, as the aim »f h rdrological classification is
to distinguish hydrological behavior between clusters.

4.2. Understanding of runoff response c¢r.anges with poor predictability

The response of runoff to temper-.cu. 2 he.d the poorest predictability in the present
study, but the results were robust  our large-sample study. Andréassian et al. (2016)
demonstrated that the physical rasons for spatial patterns in runoff sensitivity are
difficult to identify. We bel. “ve tnat a better understanding of the poor predictability of
RRCs would improv. he reliability of the predictions and be useful for assessing
whether hydrological nodels can correctly capture streamflow behavior or not(Vano et
al., 2015).

Sankarasubramanian et al. (2001) linked spatial variations in precipitation
elasticity to the climate gradient, which was also reported by Fenta et al. (2017).
Andréassian et al. (2016) inferred that the absence or presence of large groundwater
aquifers can impact the spatial patterns of runoff response; however, more detailed

comparative studies are still needed to explore the physical mechanism. In this study,
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we linked the runoff response to catchment attributes and flow signatures, but
ambiguity still prevailed for some RRCs (e.g., temperature elasticity and temperature-
induced changes). For those RRCs, neither the random forest nor the CUBIST model
could capture their dominant factors. One explanation is that the non-parametric
method for computing the response of runoff to temperature results in outliers when
there is a very limited span of climatic factor anomalies (Andréassian et al., 2016), even
though it is robust compared with other methods (Sankaras’.u. "manian et al. 2001, Yang
et al. 2008). However, this is inevitable in our large-s: mpl  study, and either process-
based methods (e.g., SIMHYD, ABCD, and AWR M n.»dels) or empirical methods (e.g.,
non-parametric and regression methods) have shortcomings in computing the runoff
response and resulting outliers (Andréass an (t al., 2016).

However, this does not impi, that poorly predictable RRCs should be neglected.
In contrast, we suggest that thev sk »°ld be used carefully to capture the runoff response.
Addor et al. (2018) found ti.~t low-flow metrics have the poorest predictability in space
using random forest Lt .ow flow is important for the ecology and simulation of
rainfall-runoff relatior ships. In addition, the co-variation of different climatic factors is
a problem in empirical (data-based) elasticity assessments. This makes it difficult to
attribute streamflow changes to a single cause (Fu et al. 2007). Therefore, a better
understanding of the driving processes is required.
5. Conclusions
This study explored the RRC behavior in terms of predictability and control over the

entire dataset and within clusters through use method of catchment classification and
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ML. RRC refers to the total changes, precipitation, potential evaporation, temperature,
and catchment characteristic-induced changes in runoff, as well as the sensitivity of
runoff to precipitation, potential evaporation, temperature, and catchment
characteristics. Hydrological classification was used to group 1003 catchments into 10
clusters with similar catchment/flow behavior based on 56 CAs in terms of climate,
topography, geology, hydrology, and soil properties, and 16 FSs with good
predictability in space. Two MLs, random forest and u.> CUBIST model, were
developed and compared in terms of model performai ce vsithin clusters and over the
whole domain. The optimal model was chosen to inv. stigate the dominant controls of
RRC within the clusters and over the entire d at- set. Finally, we conclude the following:
1. Catchment classification can substuni'ally improve the understanding of catchment
behavior. 1003 catchments cai. he grouped into 10 clusters with similar flow and/or
catchment behavior across thc CONUS. Clusters based on either CA or FS partly
follow the ecological re.ions in the U.S.. However, catchments with similar CA/FS
behaviors can be y.'te distant from each other. The patterns of the CA-based and
FS-based clusters 'n the climate index space are similar. Differences in the signals
of forcing climate in catchment behavior may explain why catchments tend to show
surprisingly similar behavior across many different climatic and landscape
properties and why the most hydrologically similar catchment can be hundreds of
kilometers away.
2. The CUBIST model was superior to the random forest model, either within or over

the entire domain, and catchment classification substantially improved the
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predictability of RRC across the CONUS (with a mean improvement of 39% in
model performance, depending on clusters). On an average, the CUBIST model,
with a mean R? of 0.56 is better than the random forest model with 0.41for
predicting RRC over the whole domain, while 0.78 for CUBIST vs. 0.55 for random
forest within clusters. The predictability of the RRC between clusters, either CA-
based- or FS-based, exhibits relative differences. Runoff sensitivity can be predicted
better than changes in runoff.

3. The flow signatures and climate were the dominant ‘actc rs for RRC. There are some
differences in the order of importance betwecn ti ¢ CA/FS-based clusters and the
entire domain. On an average, the runoff a .0, annual runoff, and evaporation were
the dominant factors for the RRC. 7 nc roic of climate tended to be significant within
a cluster, whereas it appeared .~ overlap over the entire domain. This is because the
model performance was better within clusters than across the entire domain. Second,
the signal of climatic fo.~ing is superimposed more by other catchment attributes.

4. The RRC patterr, - wie dominant factor space are substantial. The patterns of
runoff sensitivity were more obvious than those of runoft changes. High total
changes/catchment characteristic-induced changes were mainly observed at
100°west longitude. Highly positive climate-induced changes tended to occur in the
east. Climate/catchment characteristic elasticity tended to be high in spaces of high
evaporation and low runoff ratios and low in spaces of low evaporation and high
runoff ratios.

We found that clusters derived from both flow signatures and catchment attributes
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partly follow the ecoregions over the CONUS, and catchments within each cluster have
approximately similar river flow regimes; thus climate or flow signatures are the
dominant factors for the hydrological behavior of most catchments. This is of
significance for water resource management and ecosystem protection, as
policymaking and detailed actions generally need to be pointed out at the critical
problem of the aim, which is the main contribution of our study. Ecosystems across
regions are affected not only by landscape features, but al.u v ,unoff behaviors, such
as root zone water storage, which determines the watei upt: ke of plants, and baseflow,
which restricts water quantity for humans and p-ote. ts the water demand of aquatic
organisms. We also found that the CUBIST nodel had better skills than the random
forest model in predicting the RRC. ZU3I>T predicts response variables using non-
linear relationships, and a series ¥ segmented linear models in each leaf node of the
model tree are combined to solv.: ronlinear problems effectively. However, random
forest makes predictions u.'ng the mean of all training results at the final leaf node,
which leads to bias ir . now test set. The performance of CUBIST can be a reference
for exploring regionil variations in non-linear and non-monotonic controls on
hydrological behavior and model structure, and thus can predict future hydrological
regimes more accurately. Moreover, the methods and conclusions from this large-scale
sample study could serve as a guide for investigating climate controls on hydrological
regimes over Mediterranean regions, where climate seasonality is dominant, as well as
for roles of geology and/or soil characteristics over small-scale catchments in other

parts of the world.
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We acknowledge that our results are dependent on the uncertainty of the classification
of catchments, catchment attributes, the flow signatures considered, and the machine
learning model used. Although the GAGES-II dataset provided excellent descriptions
of different climatic and topographical characteristics for different catchment types,
flow signatures with high spatial predictability resulted in meaningful clusters that
could describe multiple aspects of the flow regime over different time scales. However,
comprehensive datasets such as GAGES-II are still wean in obtaining conclusive
clusters of catchments. In addition, methods such as fuzzy clustering cannot reduce
uncertainty in the number of catchments between clusters. Therefore, for future
research, we recommend examining a single cruster in greater depth and investigating
the interaction between climate, topograply, and soil over a single catchment,
especially co-evolution. In addition, it is necessary to embed physical principles in
machine learning models, especi ll; when applying the model to ungauged basins,
because the black box is w.ak 1n interpreting relationships between input and output,
and requires a large a7, 1. of data to calculate and test the parameters.
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Table A1 Typical features of catchments classification. Catchments are classified by
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fuzzy cluster algorithm based on catchments attributes (CA) and flow signatures (FS)

respectively. Typical feature refers to the signature and/or attribute of the cluster with

the lowest coefficient of variation. Main regions of each cluster have not being

highlighted as clusters did not follow ecoregions.

Cluster Number for CA Number for FS Typical feature for CA Typical feature for FS
classification classification classification classification
1 222 152 Low bulk densit, Later mean half flow-
date
2 32 70 Low ulk ¢ :nsity High 95™ percentile flow
3 102 5 P.gr precipitation Low flow
Juration
4 69 164 Low bulk density Low 95 percentile flow
5 157 107, Low bulk density High 95™ percentile flow
6 299 | High precipitation  Low 95th percentile flow
duration
7 59 168 Low bulk density Later mean half flow-
date
8 18 35 Low bulk density High 95™ percentile flow
9 21 12 High soil thickness High runoff ratio
10 24 130 Low bulk density Later mean half flow-

date
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