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Abstract Lack of stationarity in most of the hydroclimatic variables is no longer a topic of debate rather a
reality. It may be hypothesized that alternative methodologies are needed to deal with such
nonstationarity and to improve the skill of hydroclimatic modeling/prediction. We propose the concept of
temporal networks in hydroclimatic modeling as a potential solution to this problem. As a typical case,
complex association among different hydroclimatic variables and streamflow is considered as an illustrative
problem. Evolution of temporal networks over time, obtained through Graphical Modeling (GM), depicts
the changes in the model inputs as well as model parameters over time. The proposed concept indicates that
the time interval after which the model needs to be updated/recalibrated, referred to as Optimum
Recurrence Interval (ORI), is problem specific and is optimized to achieve the best model performance. The
proposed concept not only depicts a notable change in the potential predictors for the high and low flow
months, but also establishes the different extent of temporal variability for different months, and hence the
ORI of model recalibration. As compared to its time‐invariant counterpart, the temporal networks‐based
approach shows higher efficacy in capturing the extreme flow events due to its inherent time‐varying
characteristics. We recommend the concept of temporal networks to be promising in the context of climate
change to capture the time‐varying association. In general, the concept can be applied to other hydroclimatic
variables where a time‐varying association is expected due to various reasons including the impacts of
climate change.

1. Introduction

The hydrologic cycle is a complex system and spatiotemporal variation of hydrologic variables is generally
governed by multiple hydroclimatic processes under a dynamic terrestrial environment and changing cli-
mate. As a consequence, the stationarity assumption, i.e., the system responses fluctuate within an unchan-
ging envelope of variability, was found questionable in many hydroclimatic processes (Betterle et al., 2017;
Gibbs et al., 2018; Hwang et al., 2018; Milly et al., 2008; Wagener et al., 2010). A model trained under a ques-
tionable stationarity assumption is bound to become obsolete over time, or to perform suboptimally at best,
or to fail catastrophically at worst (Ditzler, 2015). Given the increasingly common applications that are dri-
ven by nonstationary processes, there is a need for effective and efficient algorithms for learning from (and
adapting to) temporally changing terrestrial environment and climate (Ahn et al., 2017; Ferguson et al., 2018;
Fowler et al., 2018; Hwang et al., 2018; Mirus et al., 2017).

Considering the hydroclimatic prediction of streamflow, it is well‐established that numerous input variables
influence the streamflow variation to different extents and their role may vary over both space and time
(Carter & Steinschneider, 2018). The hydroclimatic variables that are associated with the streamflow varia-
tions may include rainfall, precipitable water, cryospheric processes, soil moisture, atmospheric pressure,
relative humidity, potential evapotranspiration, air temperature to name a few (Liu et al., 2017; Maity
et al., 2010; Maity & Kashid, 2011; Palmroth et al., 2010; Ramadas et al., 2015; Tschinkel, 1963; Western
et al., 1999; Yang et al., 2012; Ye et al., 2013). As the possible number of influencing variables is (unknow-
ingly) very large and interdependent among themselves, it is difficult to identify and quantify the underlying
dependence among the influencing variables and streamflow variation. This lack of knowledge on the inher-
ent dependence structure often forces to consider the entire pool of the influencing variables, which leads to
dimensionality issues in the modeling (Hao et al., 2018; Kim & Park, 2015; Maity & Kashid, 2011; Phatak
et al., 2011; Prasad et al., 2010; Traveria et al., 2010). Moreover, there is chance of redundant information
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from multiple associated variables or missing out important variables due to the incomplete knowledge on
the complex nature of association. Thus, complete information on the conditional independence structure is
essential in order to obtain a well‐defined set of influencing variables as the potential predictors.

We use the potential of Graphical Modeling (GM) to ascertain the conditional independence structure and to
identify the directly associated variables (Bang‐Jensen & Gutin, 2007; Ihler et al., 2007; Jordan, 2004;
Whittaker, 2009). The conditional independence structures, also referred to as graph or network structures or
simply networks, consist of vertices (representing the variables) and edges (representing the association
between the connecting variables). Some recent studies in the field of hydrology and hydroclimatology have
utilized the concepts of network structures (Avilés et al., 2016; Bracken et al., 2018; Dyer et al., 2014;Morrison
& Stone, 2014; Nagarajan et al., 2010; Robertson & Wang, 2009). Tsonis et al. (2006) showed that network
structures can be effectively used to understand the behaviors of interactive systems like the climatic system.
Networks identified by GMwere applied in the hydroclimatic analysis of streamflow and droughts (Ramadas
et al., 2015; Ramadas & Govindaraju, 2015). Halverson and Fleming (2015) and Phillips et al. (2015) estab-
lished the utility of representing regional streamflow data as a spatial network structure. These structures
help to understand, predict, and optimize the behavior of complex systems (Holme & Saramäki, 2012).

Inherently, the existing predictionmodels focus on static networks whose links offer permanent (time‐invar-
iant) connections between their nodes. However, nonstationarity poses a question on the permanency of
such connections. The recent evidences of time‐varying association among the hydroclimatic variables show
that all the connections/edges may not be always active/present in a nonstationary system. For example,
considering the streamflow prediction problem, during high flow months, rainfall is quite continuous in
time and the catchment mainly responds to rainfall variation. Thereby, it is quite probable that rainfall is
strongly associated with streamflow during high flow months. However, during the low flow months, the
influence of memory‐dominated processes, like soil moisture and streamflow from the previous time‐step,
increases as the rainfall is limited. Furthermore, the dynamic terrestrial environment and changing climate
alter the complex interactions between the hydroclimatic variables resulting from the changes in the
processes/factors behind streamflow variations, such as temperature, potential evapotranspiration, relative
humidity, and soil moisture.

Thereby, the networks may change over time (edges may appear, disappear/reappear, or it may change in
terms of connection strengths) and the network structure needs to be updated to deal with the nonstationar-
ity within the system (Bracken et al., 2018; Li et al., 2017). Such networks are known as temporal networks.
The changes that may lead to such temporal variations are not always punctuated by a clear beginning or
end, particularly in cases where multiple variables control the system, such as the hydroclimatic processes.
Based on the studies carried in other fields, such as image processing, pattern recognition, biochemistry, and
social sciences, it is increasingly recognized that most natural and social systems are best described as “tem-
poral” networks, with links existing only intermittently (Holme & Saramäki, 2012; Huang & Yu, 2017;
Kivelä et al., 2018; Li et al., 2017). The concept of temporal networks is comparatively new and not yet
applied in the field of hydroclimatology, barring a few (Dutta & Maity, 2018; Han et al., 2018). Thereby, lim-
itations related to hydrologic models under a changing terrestrial environment and climate call for
time‐varying modeling techniques to deal with the nonstationarity within the hydroclimatic system. This
forms the motivation of the study.

The objective of this study is to propose the concept of temporal networks in hydroclimatic modeling. It will
help to deal with the nonstationarity arising due to time‐varying characteristics of the hydroclimatic vari-
ables due to changing terrestrial environment and climate. Monthly variation of streamflow is considered
as an illustrative problem and a hydroclimatic prediction model is developed based on the proposed concept
of temporal networks. The existing streamflow prediction models inadvertently suffer due to their inability
to capture such temporal evolution in the association with the causal variables. Many of the models have no
or limited ability to handle the time‐varying relations inherent in the hydrological processes, particularly
under changing conditions. Some modeling techniques address these issues to certain extent by updating
the parameters of the model; however, it is vital to study the time‐varying association between the
inputs/casual variables and the target variable, which is a challenging task (Mirus et al., 2017).

Two types of nonstationarities are in the focus: first, the nonstationarity owing to strong seasonality/
periodicity, also known as cyclostationarity that varies cyclically with time (Olsen et al., 2010; Pierce et al.,
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2014; Tsoukalas et al., 2018), and second, the nonstationarity that results from the gradual change over the
years in terms of relevant predictors and/or associated conditional probabilities in a specific model for a
given month. Whereas the first kind of nonstationarity is dealt by creating separate predictive models for
each of the 12 months in the year. The second kind of nonstationarity is captured by the proposed
time‐varying modeling technique (referred to as time‐varying prediction models), where the input
variables and model parameters are updated based on the association among the variables.

2. Methodology

A schematic diagram of the proposed temporal networks‐based approach is shown in Figure 1. In a nutshell,
the overall approach is as follows: first, a network structure (represented as G ¼ 1 in Figure 1) is identified
using GM‐based Bayesian Networks (BNs) that provides the association among multiple interacting vari-
ables (details in section 2.1). Second, a series of such network structures, referred to as temporal networks
(represented as G¼ 1, 2, …, τ in Figure 1), is developed considering a moving development period to capture
the time‐varying association (nonstationary) among the variables (details in section 2.2). Lastly, the directly
influencing variables, also referred to as the parent(s) of the target variable, are identified from the temporal
networks to be used in the time‐varying prediction models (details in section 2.3). Since the flowmechanism
may differ significantly from high flow months (or period of the year) to low flow months, conditional inde-
pendence structures and the models are developed separately for different months of the year considering
cyclostationarity. Details of the steps involved and algorithms employed for development of the proposed
approach are presented in the following subsections.

2.1. Identification of the Network Structure (for a Fixed Development Period)

In order to identify a network structure, GM‐based BNs are utilized and implemented using bnlearn pack-
age, in the R‐Software (Scutari, 2017a). The BNs are directed graphs/network structures that represent prob-
abilistic dependencies among multiple interacting variables through a set of nodes and edges (Cooper, 1990;
Heckerman et al., 1995; Witten et al., 2005). Each node represents one random variable, while each directed

Figure 1. Methodological outline showing the development of the prediction model based on the concept of temporal
networks. The development period is considered as a moving window of 30 years and the following n years (which
needs to be optimized) are considered as the testing period. The network structures and model parameters are updated
after a fixed time interval (optimum value of n) referred to as the ORI of model recalibration (τ).
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edge indicates causal relations between the variables at its ends. Development of the graph/network struc-
ture, referred to as structure learning in BN, can be classified into two categories, namely, score‐based algo-
rithm and constraint‐based algorithm (Scutari, 2017b). In this study, Hill‐Climbing (HC) greedy search
(Chickering, 2002), a score‐based learning algorithm is used to identify the network structure. In HC greedy
search, initially, a random network structure consisting of nodes (representing the variables) and edges
(representing the link/association between two variables) is considered and a score (representing the fit of
a model to the data) is evaluated for the network. Iteratively, the graph structure is randomized (modified
randomly) by adding, removing, or reversing an edge and the network score is reevaluated in each iteration.
Themodifications that improve the score in each iteration are accepted. Several score functions are available
to be used in the HC algorithm. In this study, the Bayesian Information Criterion (BIC) score has been used
for model selection. The BIC score is evaluated as follows:

BIC ¼ ∑
n

i¼1
logpD xi paG Xið Þjð Þ − d

2
logN ; (1)

where the subscript G refers to the graph structure among the variables; the subscript D represents the
data set; PD is the joint probability distribution, associated with the data set D; and |paG(Xi) is the parent
set of variable Xi in the graph G, d is the number of parameters of the global distribution and N is the
length of data set. As the score represents the model fit: higher the BIC score indicates better the model
fit. Thereby, the graph structure with the maximum score is finally selected. The structure learning algo-
rithm is applicable to data sets that follow normal distribution. Hence, a statistical test to check whether
the data follow a normal distribution is carried out for each variable and, if not satisfied, it is transformed
to a standard normal distribution by Cumulative Distribution Function (CDF) transformation or through
some standard transformation methodology, e.g., Box and Cox transformation (Box & Cox, 1964).

After identification of the graph structure, the next step is to analyze the strength of association between any
pair of variables (nodes) joined by an edge. This strength of association is known as edge strength, as it pro-
vides the strength of dependence between two variables. This strength is measured as the BIC score gained
(lost), when a particular edge, for which the strength is being evaluated, is included (excluded) from the
structure. The difference between the BIC scores of two network structures, one without and another with
the edge, is the edge strength of that particular edge. Negative values of the edge strength correspond to a
decreased network score due to the absence of that particular edge. Thus, more negative difference indicates
a stronger relationship between the nodes.

2.2. Development of Temporal Networks

It may be reiterated that the methodology discussed in the previous section is used for the development of
the network structure based on the data from a specific model development period. This network structure
needs to be updated after a fixed time interval, resulting into a series of network structures, which is the con-
cept of temporal networks (Dutta & Maity, 2018; Li et al., 2017). The fixed time interval after which the net-
work structure needs to be updated is referred to as Optimum Recurrence Interval (ORI) of model
recalibration (represented by τ). This value is ascertained through the best possible prediction performance
of the probabilistic model, based on the identified network structures. The central idea is based on the fact
that the prediction performance may gradually drop down over time, and owing to the possible temporal
changes, the identified network structure becomes gradually ineffective over time.

Length of model development period and optimization of the ORI for model recalibration are described as
follows: It may be noted that the moving window of model development periods should be long enough
to obtain a stable network structure and short enough to successfully capture the time‐varying association
between the input and target variables. Since 30 years period can be safely considered as climatological per-
iod, the model development period is considered as a moving 30‐year window. Next, considering ORI to be n
years, the first model development period is considered from 1971 to 2000 (just as an example of a 30‐year
window, availability of data is mentioned later) and the model testing period is from 2001 to 2001 +
(n − 1). As the model is recalibrated after n years, the next model development period is shifted by n years,
i.e., from 1971 + n to 2000 + n, and the model testing period is from (2000 + n) + 1 to (2000 + n)
+ 1 + (n − 1). The process continues over the entire time period of the study. Now the value of n is
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optimized to ascertain ORI (τ) such that the time‐varying prediction model is capable of capturing major
temporal variations in association but, at the same time, avoids too frequent model recalibrations without
adding a significant improvement in prediction performance. To identify the value of τ, the procedure is
repeated for n ¼ 1, 2, …, k years, where k is sufficiently large to capture τ, and to be suitably decided by
the modeler. The model performance during all the contiguous model testing periods, which is essentially
the entire period of 2001 to 2013, is evaluated for different values of n. The value of n, for which the best per-
formance is achieved, is selected as τ. Different performance statistics, namely, Correlation coefficient (R),
Index of agreement (Dr), Nash‐Sutcliffe Efficiency (NSE), and Coefficient of determination (R2) are used
to judge the model performance.

2.3. Development of Prediction Model From the Network Structures

The parent variables identified from the series of network structures are used to develop the time‐varying
prediction models through factorization of the networks and parameter learning. The prediction model is
the joint probability distribution associated with a given network structure. It is obtained as a product of
functions associated with a subset of nodes (variables). The function turns out to be the conditional probabil-
ity of a variable given its parent variables (Ihler et al., 2007). Let X1, X2, …, XN be N random variables with a
known network structure. The joint probability distribution, also known as the global probability distribu-
tion, depends on a set of local probability distributions, one for each node/variable. It can be expressed as
follows:

p X1;X2;…;XNð Þ ¼ ∏
n

i¼1
p Xi paG Xið Þjð Þ; (2)

where p(Xi|paG(Xi)) is the local conditional probability associated with node i. A specific form of the fac-
torization, given by the Markov property of BNs (Korb & Nicholson, 2004), states that every random vari-
able Xi directly depends only on its parents. Thereby, the conditional probability of any variable Xi, given
rest of the variables, is expressed as

p Xi restjð Þ ¼ p Xi paG Xið Þjð Þ: (3)

In order to identify the local probability distribution, also referred to as parameter learning, two methods,
namely, Bayesian parameter estimation and maximum likelihood parameter estimation, can be utilized
(Scutari, 2010, 2017b). In this study, Maximum Likelihood Estimation (MLE) is used to learn the para-
meter set Θ of the joint probability distribution function of the variables. The joint probability distribution
is expressed as

p X1;X2; :…;XN Θjð Þ ¼ ∏
n

i¼1
p Xi paG Xið Þ; θijð Þ; (4)

where θi is the vector of parameters for the conditional distribution of Xi and Θ ¼ (θ1,…, θN). Given the
training data X ¼ {x1,…, xM}, where Xl ¼ (xl1,…, xlN)

T and M are the number of observations for each vari-
able, the log‐likelihood of Θ with rest to X is computed as

log Θ Xjð Þ ¼ Σ
M

l¼1
Σ
N

i¼1
log p Xli paG Xið Þ; θijð Þ: (5)

The likelihood function, as given in Equation 5, decomposes according to the network structure, thereby,
the MLEs for each node are computed independently (Neapolitan & Jiang, 2007). The prediction model is
ready once the parameters are estimated. Next, the prediction of the target variable is carried out by plug-
ging in the new values for the “parents of the target variable” (henceforth referred to as potential predic-
tors) in the local probability distribution of the target variable, i.e., the conditional distribution of the
target variable given its parents. It may be noted that the methodology mentioned in this section is
repeated for each network structure in the series of temporal networks.

2.4. Comparison With Other Approaches

Performance of the proposed temporal networks‐based model is compared with six existing models, with
and without time‐varying characteristics. These are (i) a time‐invariant counterpart of the proposed
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networks‐based model; (ii) a time‐varying Support Vector Regression
(SVR) model; (iii) a time‐invariant SVR model; (iv) a time‐varying
Multiple Linear Regression (MLR) model, aka ordinary least square
(OLS); (v) a time‐invariant MLR model; and (vi) a conceptual model,
namely, HYdrological MODel (HYMOD) that is based on dynamic
parameterization. Detailed descriptions of all these models are pro-
vided in Appendix A.

3. Study Area, Data, and Data Preprocessing

Bhadra basin, a part of the Tungabhadra river Basin, up to the Bhadra
Dam is considered as the study area. The river originates at
Gangamoola in Varaha Parvatha in the Western Ghats range of
Karnataka in India, flows eastward initially and then turns north‐
east. The Bhadra Dam, built across the river Bhadravathi, has a catch-
ment area of 1,968 km2. The catchment area is physio‐graphically
characterized by dense forest with steep slopes and grasslands. The
average elevation of the basin is about 1,198 m above msl with an

average slope of 6%. The basin is of seventh order and has a dendritic pattern. The drainage density of the
watershed indicates that drainage texture is very coarse (Prasad, 1987). Topography of the area ranges from a
very steep gradient to a winding course through emerging rocks. Soil of the catchment areas is red loam
type. It is generally granular and porous, with high draining capacity. The basin receives an average
rainfall of 2,320 mm mostly during the monsoon and postmonsoon months (June through November).
The south‐west monsoon (June to September) contributes 90% of the total rainfall, whereas the remaining
10% rainfall occurs during the north‐east monsoon (October to November) (https://www.aciwrm.org/
resources/brochures/).

Inflow data into the Bhadra reservoir are used as observed streamflow. Based on the data availability, the
time period of the study is considered from January 1971 to December 2013. The streamflow data are
obtained from Karnataka Niravari Nigam Limited (KNNL) divisional office located at Bhadra dam site.
The pool of input variables is selected based on the physical understanding of the hydroclimatic forcings
as established in the literature (Maity et al., 2010; Maity & Kashid, 2010, 2011; Meenu et al., 2013;
Pichuka et al., 2017; Ramadas et al., 2015; Rehana &Mujumdar, 2014). The input variables include the stan-
dardized anomaly values of temperaturet (TEt), precipitable watert (PWt), potential evapotranspirationt (PEt),
pressuret (PRt), relative humidityt (RHt), soil moisturet (SMt), rainfallt (RAt), and streamflowt (SFt), where
superscript t indicates the time step. The target variable is the streamflowt + 1 (SFt + 1) at the time step
(t + 1). Month‐wise standardized anomaly values are obtained by subtracting each data series from their
respective monthly mean and dividing by the respective standard deviation of that month.

Daily rainfall data for the study area are obtained from India Meteorological Department (IMD) (Rajeevan
et al., 2008). Daily rainfall data at each grid point are converted to monthly rainfall depth by accumulating it
over the month. Temperature and potential evapotranspiration data are obtained from Climatic Research
Unit (CRU) Time‐Series (TS) gridded data (Harris et al., 2013). The data set is prepared based on the records
from 4,000 individual weather stations around the globe. Many of the input records are also homogenized.
Soil moisture is obtained from the Climate Prediction Centre (CPC) of the National Oceanic and
Atmospheric Administration (NOAA) (CPC, 2014; Fan & van den Dool, 2004), evaluated using a land sur-
face model (one‐layer bucket water balance model), and rest of the variables are obtained from
NCEP/NCAR Reanalysis 1 project using historical data to present (Kalnay et al., 1996). Gridded data are
obtained from the above‐mentioned sources and the data are taken from the grid points lying within the
study basin.

4. Results and Discussion

Basic statistics of month‐wise streamflow, i.e., mean, standard deviation, coefficient of variation, and
range of standardized streamflow anomaly are shown in Table 1. These statistics indicate a high degree of
variation between months and a strong seasonality. In general, the high flows occur during the months of

Table 1
Month‐Wise Mean, Standard Deviation, Coefficient of Variation, and Range of
Standardized Anomaly for the Observed Streamflow Data

Month
Mean
(m3/s)

Standard
deviation (m3/

s)
Coefficient of
variation

Range of
standardized
anomaly

January 11.74 5.18 0.44 3.33
February 6.84 3.52 0.51 0.73
March 4.81 2.71 0.56 1.22
April 5.27 2.74 0.52 3.36
May 7.21 4.43 0.62 3.69
June 108.09 60.95 0.56 2.16
July 296.59 111.79 0.38 4.63
August 293.22 108.75 0.37 2.78
September 109.24 42.82 0.39 4.74
October 77.99 34.07 0.44 3.94
November 38.95 22.50 0.58 4.67
December 20.22 6.34 0.31 4.79
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June–October and low flows occur from November–May. The range of average monthly streamflow is as
high as 296.6 m3/s during the high flowmonths to 4.8 m3/s in the low flowmonths. Considering this, 12 par-
allel models, one for each month, are separately developed. This will also help in analyzing the variation in
the causal factors between months, particularly between high flow and low flow months.

Available data set is divided into two periods: development and testing. For all the time‐invariant
approaches mentioned in the methodology, the development and testing periods are considered from
1971 to 2000 and 2001 to 2013, respectively. On the other hand, for the proposed time‐varying concept‐based
approaches, data from 1971 to 2000 are considered as the first development period and thereafter recursively
recalibrated after each τ years (ORI, as mentioned in the methodology section) to obtain the series of net-
works that form the temporal networks.

4.1. Network Structure

To depict the network structure and their month‐wise variation, the first model development period
(1971–2000) is picked out. Figure 2 shows the network structures obtained for each month. Considering a
typical high flow month, say July, the network structure indicates that the potential predictors (parents)
of streamflow are rainfall, potential evapotranspiration, and relative humidity (all from June). July stream-
flow is conditionally independent of June streamflow, given June rainfall. June streamflow is directly asso-
ciated with rainfall, soil moisture, and precipitable water (all from the same month, i.e., June). During the
monsoon season (June to September) and in October, it is expected that the moderately sized catchment will
almost be in a stationary state as the precipitation is quite continuous over time. Thus, the streamflow var-
iations will respond mainly to precipitation variation in time. Potential evapotranspiration of the previous
month also shows direct association with the current month's streamflow. Precipitable water is directly asso-
ciated with relative humidity and conditionally independent of rainfall given relative humidity. A possible
reason for the indirect connection between rainfall and precipitable water could be the multiple factors
affecting precipitation quantity like atmospheric water vapor, degree of saturation, and the presence of
dynamic mechanisms which provide the cooling necessary to produce saturation (Tuller, 1973; Ye et al.,
2014). Potential evapotranspiration and pressure show a direct association with temperature. It is also
noticed that the months of high streamflow (June through November) show very similar network structures.

Next, the potential predictors of streamflow in February, a typical low flow month, are identified as relative
humidity, soil moisture, and streamflow (all from January). For this month, streamflow is conditionally
independent of the remaining variables. Contrary to the high flow months, the previous month's rainfall
and precipitable water are furthest away from the current month's streamflow in the network since the rain-
fall magnitude during the low flow months is very low. Furthermore, the potential evapotranspiration and
pressure exhibit a direct association with temperature, whereas rainfall is directly associated with precipita-
ble water. Considering all the low flow months (January, February, and March), in general, the association
among the considered variables remains fairly similar. However, it is clearly noticed that the potential pre-
dictors, as well as the network structures obtained for each month, are distinctly different.

The benefit of identifying month‐wise network structure is further investigated by developing another net-
work structure considering all the months together as a single time series (last cell of Figure 2). The resulting
network structure reveals that, in general, the strongest association of the current month's streamflow
(SFt + 1) is with the previous month's streamflow (SFt), rainfall (RAt), and relative humidity (RHt), which
are identified as potential predictors. Strongest association with the previous month's streamflow supports
with our general knowledge based on typical rainfall‐streamflow model. However, it may also be noted that
7 (November to May, Table 1) out of 12 months are low flowmonths that dominate the overall outcome. For
high flow/monsoon months, other inputs are more informative than the previous month's streamflow.
However, the individual network structure for each month clearly reveals variation in the potential predic-
tors betweenmonths, particularly between high flow and low flowmonths. Thereby, separatemodels for dif-
ferent months are recommended in case of strongly seasonal/periodic variables. Moreover, we further argue
that the network structures and/or relevant predictors (i.e., for a given month) may change over time due to
slow moving climate change and it may be possible to capture these changes through temporal networks.
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4.2. Identification of ORI of Model Recalibration

In order to develop the propose temporal networks‐based approach, it is necessary to obtain the ORI of
model recalibration. Toward this, a range of fixed time intervals, starting from 1 to 6 years (i.e., n ¼ 1, 2,
…, 6 years), are utilized. For each case, the model development periods are considered as moving 30‐year
windows. The network structure is developed for each model development period. Next, the probabilistic
model is developed using the network structure to predict standardized streamflow anomaly during the
model testing period. Finally, the prediction results are obtained for all the testing periods that consists of
13 years (2001–2013) using the proposed approach. As mentioned before, the analysis is carried out for all
values of n, and τ is identified based on the obtained performance statistics (R, RMSE, NSE, Dr, R2). The var-
iation in performance statistics, comparing the observed and the predicted streamflow, for different values of
n are obtained for all the months separately (Figure 3). The figure clearly depicts that themodel performance
notably deteriorates beyond a certain value of n considering the different months of analysis.

While investigating any possible correspondence between month‐wise basic statistics (Table 1) and possible
values of τ, the values of mean and standard deviation show a clear correspondence with the values of τ for
differentmonths. It is noticed that τ is lower for themonths with highermean and standard deviation as com-
pared to same in the months with lower mean and standard deviation. For instance, the best performance is
achieved for the value of n around 1–2 years for the months of June, July, August, and September (i.e., “mon-
soon season”). The same is found to be around 2–3 years for the months of October/November/December/
January (henceforth “winter season”) and 3–4 years for the months of February/March/April/May (hence-
forth “summer season”). The model performance notably deteriorates beyond these values of n. The value
of n is finally selected toward the higher side, considering the fact that the ORI of model recalibration should
be long enough not to update the model too frequently and short enough not to compromise the model per-
formance. In general, it is noticed that the temporal networks need to be updated more (less) frequently for
the months with higher (lower) mean and standard deviation. Summarizing the findings, the value of τ is
ascertained to be 2 years for the months in themonsoon season, 3 years for the months in the winter season,
and 4 years for the months in the summer season. These values of τ are encircled (red) in Figure 3.

4.3. Temporal Networks

Considering the aforementioned values of τ, the different model development periods, corresponding testing
periods, and the details of the potential predictors obtained from the network structures for each month are

Figure 2. Typical network structure obtained for each month considering the first model development period. The last cell shows the network structure obtained
using all the months as a single time‐series. Notations for the variables are as follows: Temperaturet (TEt), Precipitable Watert (PWt), Potential
Evapotranspirationt (PEt), Pressuret (PRt), Relative Humidityt (RHt), Soil Moisturet (SMt), Rainfallt (RAt), and Streamflowt (SFt) are the input variables and
Streamflowt + 1 (SFt + 1) is the target variable. The links between the input and target variables selected as the potential predictors are shown in red.
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shown in Table 2. For a typical month in the summer season, say May (Table 2), streamflow for the first
model development period is found to be directly dependent on RHt, SMt, RAt, and SFt (parents of SFt + 1)
and conditionally independent or independent of other inputs. Thereby, the model suggests that the
information of streamflow, soil moisture, rainfall, and relative humidity (all from April) are perhaps
sufficient for the prediction of streamflow in May. It is noticed that as the model development period is
shifted by 4 years (ORI of model recalibration), the network structure‐based model gets modified to some
extent. Considering the second model development period, three out of four directly influencing variables
remain the same. However, for the third model development period, another input variable (PEt) is also
found to directly influence streamflow in May, in addition to the other variables (PWt, SMt, RAt, and SFt).
Furthermore, it is also noticed that in and around the same time period, considering the other months in
the summer season, the current month's streamflow (SFt + 1) shows direct dependence on the previous
month's potential evapotranspiration (Table 2). Before this time period, the previous month's soil
moisture was sufficient for explaining the variability in the monthly streamflow. A possible reason for the
increasing influence of potential evapotranspiration may be due to a change in the terrestrial condition.
Additionally, change in climatic factors, such as high/low vapor pressure and increased/decreased
radiation in the surrounding region, may also affect the influence of potential evapotranspiration over
time (Ellenburg et al., 2018). Lastly, for the fourth model development period, streamflow, soil moisture,
potential evapotranspiration, and temperature (all from April) are identified as the potential predictors.
Previous months' rainfall, which is showing direct dependence with streamflow in May for the first three
model development periods, shows conditionally independent relation for the last model development
period. A probable reason might be the reduced streamflow magnitude for the month of May during the
1980s. As the streamflow magnitude is low, information on the previous month's streamflow, soil
moisture, and potential evapotranspiration are mostly sufficient for streamflow prediction, as observed in
the case of other low flow months like February and March. Similar observations are noticed for the
month of April also.

Next, considering a typical month in the monsoon season, say July (Table 2), streamflow for the first model
development period is found to be directly dependent on rainfall, relative humidity, and potential evapotran-
spiration (all from June). As the model development period is updated after every 2 years (ORI of model

Figure 3. Variation of performance statistics for different values of n (1 to 6 years). The values of n in years and Statistics Value (SV) are shown along the x and y
axes, respectively, and the Performance Statistics (PS) are mentioned in the legend. The ORI of model recalibration (value of τ) for each month is encircled
in red. The PTH value for which all or most of the PS show best performance is selected as the value of τ for a particular month.
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recalibration), the potential predictors identified for the final model development period are rainfall,
precipitable water, relative humidity, and potential evapotranspiration (all from June). It is interesting to
note that over the entire study period, PWt appears and disappears from the set of directly influencing
input variables with a constant influence of RAt and RHt. Similar observations are also made in the other
monsoon months of August and September. Possible reasons for such observations may be due to the
stronger influence of atmospheric moisture and convective activity during the monsoon months.
However, the change in precipitation, resulting from changes in the factors, such as temperature and
saturation vapor pressure, is the most influencing causative variable affecting streamflow, especially
during the monsoon season. Furthermore, changes in the factors, such as evaporation and soil moisture
storage, are also likely to influence the streamflow variation, while altering the terrestrial environment of
the natural systems. A combined effect of all the above factors results in a shift in the directly influencing
input variables over the years. Furthermore, it may also be observed that during this season, the previous
month's temperature has very little to no influence on the variation of the current month's streamflow
(SF t + 1). Thereby, the current month's streamflow is conditionally independent of the previous month's
temperature given potential evapotranspiration and relative humidity.

Lastly, considering the winter season, the streamflow in the months of December and January are influ-
enced by RAt and SFt, almost throughout the entire study period. On the other hand, for the month of
October and November, only RAt appears as a primary influencing variable. The pattern of monthly rainfall
in the study area can be strongly associated with such differences in the set of potential predictors.
Furthermore, for the months of December and January, potential evapotranspiration and relative humidity
(both from the previous month) appear/disappear from the set of directly influencing variables around the
same time period as observed during the summer season. Similar reasons, such as changes in the terrestrial
condition, change in climatic factors, e.g., high/low vapor pressure and increased/decreased radiation, and
change in air temperature in the surrounding region may result in the changing influence of potential eva-
potranspiration. Thus, the changes in the climatic factors and terrestrial conditions in combination are asso-
ciated with such variations.

Table 2
Details of the Temporal Networks‐Based Models Obtained From the Network Structure for all the Months

Development period (testing period)

Temporal networks‐based models

Monsoon season (ORI: 2 years)

June July August September

1971–2000 (2001–2002) f(y|PWt, PEt, RAt) f(y|PEt, RHt, RAt) f(y|TEt, PWt, RHt, RAt ) f(y|PWt, RAt)
1973–2002 (2003–2004) f(y|PWt, PEt, PRt, RAt) f(y|TEt, PWt, RHt, RAt) f(y|PWt, RHt, RAt) f(y|PWt, PEt, PRt, RAt)
1975–2004 (2005–2006) f(y|PWt, PRt, RAt) f(y|PWt, RHt, RAt) f(y|PWt, RHt, RAt) f(y|PRt, RHt, RAt)
1977–2006 (2007–2008) f(y|PWt, PEt, RAt) f(y|PWt, PEt, RHt, RAt) f(y|TEt, PEt, RHt, RAt) f(y|PWt, PEt, RAt)
1979–2008 (2009–2010) f(y|TEt, PEt, RHt, RAt) f(y|PRt, RHt, RAt) f(y|TEt, PWt, PEt, RAt) f(y|PWt, PEt, RHt, RAt)
1981–2010 (2011–2012) f(y|PWt, PEt, RHt, RAt) f(y|PEt, PRt, RHt, RAt) f(y|PWt, PEt, RAt) f(y|PEt, RHt, RAt)
1983–2012 (2013) f(y|PWt, PEt, RHt, RAt) f(y|PWt, PEt, RHt, RAt) f(y|PEt, PRt, RHt, RAt) f(y|TEt, PEt, RHt, RAt)
Development period (testing period) Winter season (ORI: 3 years)

October November December January
1971–2000 (2001–2003) f(y|PWt, RAt) f(y|PEt, RAt) f(y|PWt, PRt, RAt, SFt) f(y|PEt, SMt, SFt)
1974–2003 (2004–2006) f(y|PWt, RHt, RAt) f(y|PWt, PEt, RAt) f(y|PWt, RHt, RAt) f(y|PWt, RHt, SMt, RAt, SFt)
1977–2006 (2007–2009) f(y|PEt, RHt, RAt) f(y|PWt, PRt, RAt) f(y|PWt, RHt, RAt, SFt) f(y|PWt, PEt, SMt, RAt, SFt)
1980–2009 (2010–2012) f(y|TEt, PWt, RAt ) f(y|PWt, PRt, RHt, RAt) f(y|PWt, PEt, RHt, RAt, SFt) f(y|PEt, SMt, RAt, SFt)
1983–2012 (2013) f(y|PWt, RHt, RAt) f(y|TEt, PEt, RHt, RAt) f(y|PEt, RHt, RAt, SFt) f(y|RHt, SMt, RAt, SFt)
Development period (testing period) Summer season (ORI: 4 years)

February March April May
1971–2000 (2001–2004) f(y|RHt, SMt, SFt) f(y|TEt, SMt, SFt) f(y|PWt, PEt, SMt, SFt) f(y|RHt, SMt, RAt, SFt)
1975–2004 (2005–2008) f(y|RHt, SMt, SFt) f(y|TEt, PEt, SMt, SFt) f(y|PEt, RHt, SMt, RAt, SFt) f(y|PWt, SMt, RAt, SFt)
1979–2008 (2009–2012) f(y|TEt, PEt, RHt, SMt, SFt) f(y|TEt, PEt, RHt, SMt, SFt) f(y|PEt, RHt, SMt, SFt) f(y|PWt, PEt, SMt, RAt, SFt)
1983–2012 (2013) f(y|TEt, PEt, SMt, SFt) f(y|PWt, RHt, SMt, SFt) f(y|TEt, SMt, SFt) f(y|TEt, PEt, SMt, SFt)

Note. The number of model development period for each season varies with the identified ORI of model recalibration. Notations for the variables are as follows:
Temperaturet (TEt), Precipitable Watert (PWt), Potential Evapotranspirationt (PEt), Pressuret (PRt), Relative Humidityt (RHt), Soil Moisturet (SMt), Rainfallt (RAt),
and Streamflowt (SFt) are the input variables and Streamflowt + 1 (y) is the target variable.
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Next, we investigate the gradual temporal variability in the strength of association (in terms of edge strength)
between the input and the target variables over the years. The results are shown in Figure 4. The association
between the current month's streamflow and each input variable from previous months is categorically
depicted based on the individual network structure. For instance, the streamflow in December has a stronger
association with the previous month's streamflow as compared to the previous month's soil moisture. In fact,
it is true for all the low flow months, i.e., November to May, when the most dominating predictor is the pre-
vious month's streamflow, indicating a memory dominating process. However, for high flow months, the
dominating predictors are precipitable water, rainfall, and relative humidity (all from the previous month).
This indicates a forcing‐dominated process for the high flow months. It is further noticed for the high flow
months that the current month's streamflow is conditionally independent of the previousmonth's soil moist-
ure, if the previous month's rainfall is available. However, it does not dilute the importance of soil moisture.
Rather, it is found in an additional analysis that the previous month's soil moisture is being identified as a
potential predictor if the previous month's rainfall is removed from the set of input variables, i.e., not avail-
able. It is perhaps because the soil moisture at its near saturated condition becomes less sensitive as com-
pared to rainfall in the high flow months. Other input variables, such as temperature and pressure (both
from the previous month), also appear as potential predictors for certain months. Overall, a unique set of
potential predictors is identified for different months considering the different development periods.
Thereby, it is interesting to note that the association among the hydroclimatic variables and streamflow
changes with time, and consideration of such time‐varying characteristics in the prediction model will
improve the performance of the model.

Before discussing the performance of temporal networks‐based models, the benefit of network structure to
identify the potential predictors against the correlation‐based approach is investigated. The potential predic-
tors identified through correlation analysis for eachmonth separately are shown in Figure S1 in the support-
ing information. Results indicate that, in general, the number of potential predictors is higher in case of
correlation analysis as compared to network structure‐based approach. Thus, the network structure‐based
approach not only leads to a parsimonious model, but it may also provide a better performance avoiding
the presence of potentially “unwanted” or “conditionally independent” variables in the input set.

4.4. Performance of the Temporal Networks‐Based Approach

The month‐wise predicted streamflow obtained using the proposed temporal networks‐based approach is
compared with the observed streamflow (m3/s) for the entire testing period (Figure 5). It is clearly observed
that the temporal networks‐basedmodel is able to capture the nature of variation and observedmagnitude of
streamflow for both the high and low flow months. Specifically, in themonsoon season, the proposed model
appropriately shows the peaks in the flow. Even in the summer and winter seasons, the modulations in the
flow are well captured using the proposed approach. Next, the performance of the temporal networks‐based
model is contrasted with its time‐invariant counterpart. In case of the time‐invariant network‐based model,
one network structure is developed using the first 30‐year data (1971–2000) and the corresponding predic-
tion model is used for the entire testing period (2001–2013). Results are shown in Figure 5 in green dashed
line. It shows that the predicted streamflow using the temporal networks‐based approach closely follows the
observed streamflow, whereas the time‐invariant model is unable to capture the variation for almost all the
months. In general, the high flow months are better predicted using the temporal network‐based models as
compared to the low flowmonths. However, in general, the nature of association among the influencing and
target variables varies with time and the poorer performance of the time‐invariant model is due to its inabil-
ity to capture such variations.

Next, Figure 6 shows the comparison between mean, range, and outliers of the standardized anomaly of the
observed (thick black line) and predicted streamflow using temporal networks‐based model (thin red line)
and using time‐invariant model (dashed green line) for each month separately. It is observed that the pro-
posed temporal networks‐based model almost precisely reproduces the range of standardized anomaly
and the mean flow for months lying in all the seasons. Even the months with comparatively higher range
like September and October are very well represented using the temporal networks‐based model.
Comparing time‐invariant and time‐varying approaches, Figure 6 clearly shows that the proposed model
is able to capture the range and mean in a much better way as compared to the time‐invariant model. The
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performance of the time‐invariant model is comparatively poorer for the summer seasons as the model is
unable to capture the range of standardized anomaly.

4.5. Comparison of Temporal Networks‐Based Model Output With Other Approaches

The observed and predicted streamflow for all the months are shown as time series plots and scatter plots
(Figure 7) to compare the prediction performance of the proposed temporal networks‐based model with
other approaches. Different performance statistics are computed and shown in Table 3 for all the models
under comparison. The performance statistics for the proposed model (Figure 7a) between the observed
and predicted streamflow are as follows: R ¼ 0.92, RMSE ¼ 42.59 m3/s, NSE ¼ 0.87, Dr ¼ 0.84, and
R2 ¼ 0.84. It is noticed from Figure 7a that the proposed model performs satisfactorily in capturing both
the low and high flow magnitudes. However, the model performance is not equally good for all the months.
Higher model errors are noticed in the low flow months. When representing all the months together, due to
the nature of the representation, such differences are not clearly visible. Furthermore, the peak streamflow
events for the years 2007 and 2008 were underestimated and the same for the years 2011 and 2012 were over-
estimated by almost all the models. Rainfall being the dominant potential predictor in the high flowmonths,
the overprediction/underprediction of streamflow may be accounted to the higher/lower than average rain-
fall received in the respective years. However, variation in rainfall and streamflow may not always synchro-
nize due to the influences of other factors, such as wetness state of the system, change in land use land cover
(LULC), and terrestrial environment over time. For example, the strength of association between rainfall
and streamflow is lesser when the system is drier and vice versa. Second, relatively slow changing LULC
and terrestrial environment may also influence the strength of association over time, leading to a
time‐varying association. Furthermore, alterations in soil moisture, evaporation, relative humidity, and
other climatic factors are also expected to change the degree of synchronicity.

Figure 7b shows the prediction performance of the network‐based time‐invariant model. The performance
statistics comparing the observed and predicted streamflow obtained using the time‐invariant network‐
based model are as follows: R¼ 0.80, RMSE¼ 60.20 m3/s,NSE¼ 0.59, Dr¼ 0.71, and R2¼ 0.63. It is noticed
that the time‐invariant model is able to capture the low flow events almost with equal potential as that
of temporal networks‐based approach. However, the latter (proposed temporal networks‐based approach)
is much better in capturing the high flow magnitudes. Thereby, the overall efficacy of temporal
networks‐based approach is better considering both the high and low flows as compared to the traditional
time‐invariant model. This is very useful in the context of nonstationarity, and given that the interannual

Figure 4. Association of streamflow with different input variables for all the model development periods (MDP) considering each month based on the identified
ORI of model recalibration. Details of the model development period, testing period, and the values of τ are given in Table 2. Notations of the input variables
are Temperaturet (TEt), Precipitable Watert (PWt), Potential Evapotranspirationt (PEt), Pressuret (PRt), Relative Humidityt (RHt), Soil Moisturet (SMt), Rainfallt

(RAt), and Streamflowt (SFt).
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variation of streamflow is no longer stationary in many basins, the proposed concept of temporal networks
may serve as a potential alternative.

Next, the performance of the proposed network‐based approach is also compared with SVR, MLR, and
HYMOD. Both time‐varying and time‐invariant concepts are implemented in the case of SVR and MLR.
Results for SVR are shown in the third (time‐varying; Figure 7c) and the forth (time‐invariant; Figure 7d)
panels, and the same for MLR are shown in the fifth (time‐varying; Figure 7e) and the sixth (time‐invariant;
Figure 7f) panels of Figure 7d. It is found that both SVR and MLR with time‐varying approaches perform
better as compared to their respective time‐invariant counterparts. In particular, the time‐varying SVR
shows an acceptable performance for normal and low flowmonths but notably fails to capture the high flow
magnitudes. In the case of time‐invariant SVR model (Figure 7d), the model performance further deterio-
rates. It is also noted from Table 3 that the time‐invariant network‐based approach (Figure 7b) provides bet-
ter performance as compare to time‐invariant SVR model (Figure 7d). The performance statistics for all the

Figure 5. Month‐wise comparison of observed streamflow with the predicted streamflow obtained using the temporal networks‐based (time‐varying) and
time‐invariant network‐based (time‐invariant) models for the entire testing period (2001–2013).
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four models are shown in Table 3 for an easy comparison. Overall comparison among different approaches
leads to a strong favor for the proposed temporal networks‐based approach.

In the case of HYMOD, continuous optimization of the model parameters over time is carried out through
DYNIA (Appendix A6). This helps to capture temporal variability in the hydrologic processes for the best
possible prediction performance (de Vos et al., 2010; Toledo et al., 2015; Wagener et al., 2003). Results are
shown in Figure S2 in the supporting information and the corresponding prediction performance is shown
in the last panel of Figure 7g. The performance statistics between the observed and predicted streamflow
obtained using HYMOD are as follows: R ¼ 0.62, RMSE ¼ 107.19 m3/s, NSE ¼ 0.14, Dr ¼ 0.63, and
R2 ¼ 0.14. The results indicate that the performance of HYMOD is inferior to the other approaches and it
is very close to the performance of previously presented MLR. In particular, the HYMOD is unable to appro-
priately capture the high flow magnitudes. However, it performs better for the low flow months in compar-
ison to the high flow months. This can be due to the fact that only two inputs (precipitation and potential
evapotranspiration) are considered in HYMOD and it does not consider the effect of other meteorological
factors (e.g., relative humidity, precipitable water, temperature, and pressure) and their time‐varying asso-
ciation with streamflow. Even though the parameters of HYMOD are continuously optimized and

Figure 6. Performance of the network‐based prediction models for the entire testing period (2001–2013). The observed
standardized streamflow anomaly is compared with the predicted standardized streamflow anomaly obtained using
the proposed temporal networks‐based approach (M1) and the time‐invariant network‐based approach (M2).
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Figure 7. Comparison between observed and predicted streamflow obtained from (a) proposed temporal networks‐based
approach, (b) time‐invariant network‐based approach, (c) time‐varying SVR approach, (d) time‐invariant SVR‐based
approach, (e) time‐varying MLR approach, (f) time‐invariant MLR‐based approach, and (g) HYMOD during entire model
testing period (2001–2013).

Table 3
Performance Statistics During Model Testing Period (2001–2013) for Different Models

Performance
statistics

Model used

Proposed temporal
networks‐based approach

Time‐invariant
network approach

Time‐varying
SVR approach

Time‐invariant
SVR approach

Time‐varying
MLR approach

Time‐invariant
MLR approach

HYMOD
(conceptual
model)

R 0.92 0.80 0.83 0.66 0.71 0.62 0.62
RMSE (m3/s) 42.59 60.20 70.85 100.64 75.66 108.33 107.19
NSE 0.87 0.59 0.62 0.25 0.54 0.15 0.14
Dr 0.84 0.71 0.77 0.65 0.69 0.62 0.63
R2 0.84 0.63 0.62 0.25 0.46 0.35 0.14
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updated using DYNIA, it is quite probable that only these two variables are not sufficient to capture the var-
iation in streamflow. However, for the low flow months, due to less uncertainty, the performance is com-
paratively better. These results are in the line with the recent findings of Yaghoubi et al. (2019), where
SVR outperforms HYMOD.

Summarizing all the results, it is established that the association among the hydroclimatic variables is time‐
varying. Since the time‐invariant model maintains a constant relationship between the target and input vari-
ables, its performance is bound to be inferior. On the other hand, the true association among the variables
should be ascertained for better model performance. The superior performance of the proposed temporal
networks‐based approach ascertains these facts. The benefit of the proposed approach based on the concept
of temporal networks is apparent from this study and recommended as a potential alternative in a changing
climate when stationarity is questionable.

5. Conclusions

This study proposes the concept of temporal networks as an effective approach in hydroclimatic modeling to
capture the time‐varying characteristics of a nonstationary system involving multiple associated factors.
Assumption of stationarity in many traditional approaches for modeling is very common. However, the
time‐varying characteristics, induced by the dynamic terrestrial conditions and changing climate, have pro-
ven to impart nonstationarity in many hydroclimatic systems. This study introduced and established the
effectiveness of the proposed temporal networks‐based approach in hydroclimatic modeling. The temporal
networks‐based time‐varying predictive models are developed using the potential of GM‐based BNs.

Hydroclimatic modeling of streamflow, associated with a large pool of influencing variables in complex
ways, is considered as a typical problem for illustration of the proposed approach. The network structures,
obtained using the proposed approach, appropriately represent the dependencies among the associated vari-
ables. The network structure reveals that the current month's streamflow for the low flow months has a
strong association with the previous month's streamflow, however the same for the high flow months exhi-
bits an insignificant association with the previous month's streamflow, given other more informative vari-
ables to serve as dominant predictors, e.g., precipitable water, relative humidity, and rainfall (all from the
previous month).

It was further hypothesized that these network structures may change with time due to the inherent
time‐varying characteristics. Thereby, in the proposed approach, the network structures and the parameters
of the predictionmodel are updated after a fixed time interval (ORI of model recalibration) in order to impart
the time‐varying characteristics. The temporal networks obtained for each month of analysis reveal that the
potential predictors and the parameters need to be updated after a fixed time interval (ORI). The value of
ORI is identified as 2 years for the monsoon season (June to September), 3 years for the winter season
(October to January), and 4 years for the summer season (February to May). The results obtained using
the proposed temporal networks‐based approach are much better as compared with its time‐invariant coun-
terparts, and the proposed temporal networks‐based approach appropriately captures the high and low flow
events.

Performance of the proposed temporal networks‐based approach is further compared with other
models/approaches, such as time‐varying and time‐invariant SVR‐based models, time‐varying and
time‐invariant MLR‐based models, and a conceptual model, HYMOD, based on dynamic parameterization.
In general, the time‐varying concept‐based approaches perform better as compared to their time‐invariant
counterparts. This observation establishes the benefit and need of the time‐varying approaches, and the pro-
posed temporal networks‐based model provides the best performance. This is due to the ability of the tem-
poral networks‐based approach to capture the time‐varying association among the hydroclimatic variables,
which is beneficial in dealing with the shortcomings of the time‐invariant models. As the proposed model
captures both the high and low flow magnitudes very well, it can also be highly helpful in better manage-
ment of water resources. The proposed approach seems to be promising for many similar studies as a poten-
tial alternative in a changing climate when stationarity is questionable. Further analysis may also be carried
out to study the time‐varying association between other hydroclimatic variables at other spatial and tem-
poral scales.
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Appendix A: Details of Existing Approaches for Comparison
Performance of the proposed temporal networks‐based approach is compared with a wide range of com-
monly used modeling framework in the field of hydrology. To start with, a time‐invariant counterpart of
the temporal networks‐based approach is used. Next, a machine learning technique, namely, Support
Vector Regression (SVR), is utilized in both time‐varying and time‐invariant framework. Followed by that,
a Multiple Linear Regression (MLR)‐based model is developed, again in both the time‐varying and
time‐invariant framework. Lastly, a conceptual model, HYMOD, is utilized for comparison. Details of all
these six models are presented in the following subsections.

A1. Time‐Invariant Network‐Based Model

First, the proposed approach is compared with its time‐invariant counterpart (henceforth referred to as the
time‐invariant network‐based model). The procedure explained in the methodology section remains the
same but only one network structure is developed using first 30‐year data. Next, the developed prediction
model is used for the entire testing period without the concept of temporal networks that are updated after
fixed time interval (ORI), explained in section 2.2.

A2. Time‐Varying SVR

In this model, the time‐varying concept is used but concept of network structure is not utilized. The SVR is a
machine learning technique utilized in different hydroclimatic studies (Ardabili et al., 2019; Cristianini &
Shawe‐Taylor, 2000; Maity et al., 2010; Raghavendra & Deka, 2014). Inputs for the SVR model are identified
through correlation analysis as followed traditionally. However, in this comparison, the SVR‐based model is
developed with the time‐varying concept and thus the inputs and the parameters of the SVR model are
updated after a fixed time interval (ORI), as in the proposed temporal networks‐based approach.

A3. Time‐Invariant SVR

Next, the traditionally used time‐invariant SVR model is also used for comparison. In this model, the inputs
identified from the development period are retained throughout the testing period without updating them as
followed in traditional SVR model. It may be noted that for fair comparison, the development period of this
SVR model is considered same as the first development period of the proposed temporal networks‐based
approach. The time‐varying and time‐invariant SVR models help to establish the benefit of the network
structures to ascertain the complex association among input variables.

A4. Time‐Varying MLR

In this MLR model, the time‐varying concept is used but neither the concept of network structure is utilized
nor are the input variables pruned down. MLR is a commonly used basic modeling technique with wide
range applications in the field of hydroclimatology and its details can be found in the literature
(Dar, 2017; Maity, 2018; Naoum & Tsanis, 2004). In the time‐varying MLR model, all the inputs are used
for model development and the model is developed with the time‐varying concept. Thereby, the parameters
of the MLR model are updated after a fixed time interval (ORI), same as the concept discussed in the pro-
posed temporal networks‐based approach.

A5. Time‐Invariant MLR

Next, the traditionally used time‐invariant MLR model is also used for comparison. In this model, the first
model development period of the proposed temporal networks‐based approach is used for identification of
the model parameters. These parameters are later utilized during the entire model testing period. The
time‐varying and time‐invariant MLR models help to establish a valid baseline for model comparison as it
is the simplest form of a statistical model.

A6. HYdrological MODel (HYMOD)

HYMOD is a daily step conceptual rainfall‐runoff model based on the probability‐distributed principle
(Moore, 1985). It is a five‐parameter model and takes potential evapotranspiration, rainfall, and streamflow
rate as the inputs. To apply HYMOD, the basin is divided into infinitely small noninteracting areas. Each
area is considered to have a specific soil moisture storage capacity (C) and is filled by storing rainfall. If
the stored water in an area exceeds C, then the excess water flows from that area in the form of surface
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runoff. The frequency distribution function for the different soil moisture storage capacities within the basin
can be expressed as

F Cð Þ ¼ 1 − 1 −
C tð Þ
Cmax

� �bexp

; 0 ≤ C tð Þ ≤ Cmax; (A1)

where Cmax is the maximum soil moisture storage capacity in the catchment and bexp controls the degree
of spatial variability of the soil moisture storage capacity. The model consists of two modules: (i) soil
moisture accounting module and (ii) surface flow routing module (Vrugt et al., 2008). A schematic dia-
gram of the model is given in Figure A1.

The first module converts rainfall excess into inflow for the second module. This inflow is divided into quick
and slow flow based on the partitioning factor α. In the routing module, the flow is routed through the three
quick flow tanks and a parallel slow flow tank. The flow rates are determined by the recession coefficients Rq

and Rs for the quick and slow flow tanks, respectively. Cmax, bexp, α, Rq, and Rs are the five parameters of the
model and details for the same are provided in Table A1. The optimum values for these parameters were
determined using Dynamic Identifiability Analysis (DYNIA) (Toledo et al., 2015; Wagener et al., 2003).

The SAFE (Sensitivity Analysis For Everybody) toolbox, available inMATLAB, is used to study the influence
of model parameters over the predictive accuracy to carry out parameter optimization and model calibration
(Pianosi et al., 2015). The conceptual model‐based approach helps to set‐up a baseline for comparing the pre-
diction performance of the proposed temporal networks‐based approach and other statistical approaches. As
the comparison is carried out at monthly scale and HYMOD provides output at daily scale, the output from
HYMOD is aggregated to obtain streamflow at monthly scale. Further description of this model can be found

in various literature (Ajami et al., 2007; Boyle et al., 2001; de Vos
et al., 2010; Kim et al., 2018; Roy, 2017; Smith et al., 2008; Vrugt
et al., 2003; Wagener et al., 2001; Zhang & Al‐Asadi, 2019).

Data Availability Statement

Daily streamflow data are collected from the Water Resources
Information System in India online (http://www.india-wris.nrsc.
gov.in/). Daily rainfall data are obtained from India Meteorological
Department (IMD). The climatic variables are obtained from the
Climatic Research Unit (CRU) Time‐Series (TS) gridded data,

Figure A1. Conceptual structure of the HYMOD (adapted from Vrugt et al., 2003).

Table A1
Model Parameters Considered in the HYMOD

Parameters Unit Range Description

Cmax mm 0–400 Maximum soil moisture storage capacity
bexp ‐ 0–2 Spatial variability of soil moisture capacity
Α ‐ 0–1 Quick/slow flow distribution factor
Rs day 0–0.1 Recession coefficient for slow flow tank
Rq day 0.1–1 Recession coefficient for quick flow tank
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available at https://climatedataguide.ucar.edu/climate-data (accessed in January 2020), Climate Prediction
Centre (CPC) of the National Oceanic and Atmospheric Administration (NOAA) at https://www.cpc.ncep.
noaa.gov/ (accessed in January 2020), and NCEP/NCAR Reanalysis 1 project at https://psl.noaa.gov/data/
gridded/data.ncep.reanalysis.html (accessed in January 2020).
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