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ABSTRACT

ARTICLE HISTORY

In the current paper, the efficiency of three new standalone data-mining algorithms [M5 Prime (M5P),
Random Forest (RF), M5Rule (M5R)] and six novel hybrid algorithms of bagging (BA-M5P, BA-RF and BAM5R) and Attribute Selected Classifier (ASC-M5P, ASC-RF and ASC-M5R) for streamflow prediction were
assessed and compared with an autoregressive integrated moving average (ARIMA) model as
a benchmark. The models used precipitation (P) and streamflow (Q) data from the period 1979–2012
for training and validation (70% and 30% of data, respectively). Different input combinations were
prepared using both P and Q with different lag times. The best input combination proved to be that in
which all of the the data were used (i.e. R and Q – with lag times). Overall, employing Q with different lag
times proved to be more effective than using only P as input for streamflow prediction. Although all
models showed very good predictive power, BA-M5P outperformed the other models.
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1 Introduction
Accurate streamflow predictions provide water resource man
agers and hydrologists with the support to undertake sustainable
flood control and mitigation efforts, to carry out agriculture and
irrigation operations, and to design water infrastructure projects.
Rainfall-runoff modelling dates back almost 50 years, to when
attempts were first made to predict streamflow based on rainfall
events using different regression approaches (Rogers 1972, Todini
1988, Beven 2001). More recently, streamflow predictive models
have been developed that are designed to provide quantitative
information for water resource management (e.g. flood protec
tion, water usage optimization, agricultural considerations)
(Demirel et al. 2015, Yaseen et al. 2016). Moreover, attempts
have been made to incorporate knowledge of physical processes
into hydrological models (Beven 2005, Bahat et al. 2009).
According to an extensive review carried out by Kirchner
(2006), these models are particularly suited for addressing spatial
differences in catchments’ hydrological processes, physical prop
erties and boundary conditions. Recent advances in computa
tional models and the availability of data at high spatiotemporal
resolutions have driven the development of advanced computer
simulation of hydrological processes (Weng 2001, Verbeiren et al.
2012, Habib et al. 2014, Hengl et al. 2017).
As coupling physically based hydrological processes with spa
tially explicit representations of catchment-scale hydrological
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processes poses some challenges, particularly with respect to
their increasing demand for costly but essential data (Wood and
Al 2012), the application of physically based models remains
limited to short-term streamflow prediction. Moreover, the com
plex datasets needed for the parameterization of such models (e.g.
subsurface soil physical data) are often only available for small
catchments, precluding the application of such models to larger
river basins. Their application is further limited by high computa
tional costs, particularly when uncertainty estimations are
required to run multiple models through an ensemble prediction
model strategy (Clark et al. 2017). Consequently, conceptual
models primarily have seen continued use for operational predic
tion (Kundzewicz et al. 2014, Herrnegger et al. 2018).
In an effort to address these stumbling blocks, fully datadriven mechanistic models (Young and Beven 1994) using
regression models, artificial neural networks (ANNs), neurofuzzy (NF) models (Dehghani, Riahi-Madvar et al. 2019), and
adaptive neuro-fuzzy inference systems (ANFIS) have been
explored and developed for hydrological and streamflow mod
elling (Jeong and Kim 2005, Srinivasulu and Jain 2006,
Mallikarjuna et al. 2009, Nourani et al. 2009, 2011, Solaimani
2009, Lohani et al. 2010, Kisi et al. 2012, Chang et al. 2017,
Nourani 2017, Tongal and Booij 2017, 2018). The advantages
of data-driven artificial intelligence (AI) models are their abil
ity to handle large datasets and accept data at different scales,

Department of Watershed Management Engineering, Faculty of Natural Resources and Environment, Ferdowsi

1458

K. KHOSRAVI ET AL.

and the fact that they are not sensitive to missing data (Yaseen
et al. 2016). These models find the optimum relationship
between inputs and output and use it to predict. The unique
capability of ANNs to mimic extremely complicated and nonlinear dynamic systems has been recognized for its application
in predicting streamflow since their development in the mid1990s (Hsu et al. 1995, Minns and Hall 1996, Dawson and
Wilby 1998, Furundzic 1998). This application continues in
the present (Gautam et al. 2000, Srinivasulu and Jain 2006).
The challenge of transferring catchment model parameters,
where runoff and meteorological data are available, to areas with
limited data (He et al. 2011, Contreras et al. 2018) along with the
complex and abstruse nature of the parameters involved, has led
to data-based models being proposed as alternatives to fully
distributed physically based models. The interactive effects of
the spatio-temporal factors involved in the prediction of stream
flow promote the labelling of these systems as complex (Nayak
et al. 2004). Due to the non-linearity of the streamflow process,
statistical time series modelling [e.g. autoregressive integrated
moving average models (ARIMAs)] cannot provide adequate
simulation (Mishra et al. 2018). The black box architecture in
AI models, along with their capacity to serve as strong, selfadaptive, and self-learning function approximators, their capacity
to handle non-linear features using non-linear functions, and
their ability to analyse multiple inputs with varying attributes,
has led to their widespread use in non-linear hydrological time
series modelling.
These features have encouraged a wider application of AI
models in the simulation of hydrological variables, such as
streamflow; however, despite their flexible nature, several chal
lenges come with handling complex hydrological signals. The
most widely used AI model, the ANN algorithm (Mellit et al.
2010, Ömer Faruk 2010, Melesse et al. 2011, Long et al. 2014,
Çelik et al. 2016, Xue 2017) nonetheless suffers from poor pre
dictive power when the data series used in the learning phase is
not a sufficiently long, or when values in the validation dataset are
not within the range of those of the learning dataset, and has
a low convergence speed (Melesse et al. 2011). While these
limitations can be addressed by coupling ANNs with fuzzy logic
to create ANFIS, these, in turn, suffer from a weakness in deter
mining the weights of membership functions, thereby limiting
the models’ predictive power (Bui et al. 2018a, 2018b, Chen et al.
2019). A lack of transparency in the results constitutes the main
disadvantage of other AI models, such as the support vector
machine (SVM), which employs non-parametric techniques
(Auria and Moro 2009). To be solved correctly, the SVM algo
rithm requires many kernels and several parameters to be set,
making it complex to perform (Burgess 1998). Accordingly,
researchers are still exploring novel, robust, and reliable improve
ments in soft computing models.
In light of these issues, data-mining models are presently
considered to offer a more reliable approach to solving regression
problems in various scientific realms. Accordingly, models such as
Random Forest (RF), random tree, Reduced Error Pruning Tree
(REPTree), random committee, M5 Prime (M5P), and instancebased k-nearest neighbours (IBK) have increasingly been used in
the fields of hydrology, climatology, and hydraulics, including
quantifying suspended sediment transport (Khosravi et al. 2018,
Salih et al. 2019), simulating solar radiation (Voyant et al. 2017),

simulating reference evaporation (Khosravi et al. 2019a), estimat
ing fluoride contamination (Khosravi et al. 2019b), predicting
climate change (Olaiya and Adeyemo 2012), drought modelling
(Mehdizadeh et al. 2020), rainfall forecasting (Bhuiyan et al. 2019,
Danandeh Mehr et al. 2019, Baez-Villanueva et al. 2020), and
predicting reservoir streamflow (Zamani Sabzi et al. 2017). The
primary goal of the current study is to assess and compare the
ability of three newly developed standalone AI data-mining algo
rithms [i.e. M5P, RF, M5Rule (M5R)] and six new hybrid models
of bagging (BA-M5P, BA-RF and BA-M5R and Attribute Selected
Classifier (ASC-M5P, ASC-RF and ASC-M5R) to predict stream
flow in the mountainous Taleghan-Rud River basin of Iran. Water
resource management plans (e.g. for flood prediction, control, and
mitigation, and for reservoir operation) are implemented based on
streamflow (Honorato et al. 2018). In developing countries like
Iran, which suffer from inadequate availability of suitable data,
especially for mountainous areas (e.g. long-term data on evapora
tion, humidity and soil texture), streamflow prediction is one of
the most critical and vital tasks. Moreover, developing a predictive
model with the lowest information requirement possible is of
interest where including defective input variables (i.e. missing
and/or uncertain data) may result in an inaccurate model.
The M5P, M5R and RF models have rarely been used for
streamflow simulation. Shortridge et al. (2016) employed multi
ple regression and machine learning approaches (including gen
eralized additive models, multivariate adaptive regression splines,
ANNs, RF, and M5 cubist models) to simulate monthly stream
flow for five highly seasonal rivers in the highlands of Ethiopia
and compared their performance in terms of predictive accuracy,
error structure and bias, model interpretability, and uncertainty
when faced with extreme climate conditions. However, applica
tion of the hybridized algorithms of BA and ASC models with
standalone models of M5P, M5R, and RF is a completely novel
approach in geosciences and particularly in the field of stream
flow prediction. Following a literature review, we propose that
hybridization enhances model performance due to increasing
model flexibility. Also, in the current study, the effect of different
input variables on the accuracy of predictions is investigated.
Moreover, the results of the present study are compared with
the results of Dodangeh et al. (2018, 2019), who predicted
streamflow using IHACRES (a lumped hydrological model)
and Hydrologic Simulation Program-Fortran (HSPF) (a semidistributed hydrological model), and with those of Noor et al.
(2014), who used the Soil and Water Assessment Tool (SWAT;
a semi-distributed hydrological model) with the same dataset.
The outcomes of this study will bring new insights and possible
improvements in the modelling of streamflow.

2 Study area
The Taleghan catchment in northern Iran is a mountainous
catchment, with an area of 800 km2, a mean altitude of
2750 m, and an overall slope of 40.5% (Fig. 1). The average
annual precipitation and streamflow during the period
1979–2012 were 500 mm and 11.75 m3 s−1, respectively.
Minimum and maximum discharges during the dry season
(summer) and wet season (spring) are 0 and 115 m3 s−1,
respectively. This region is known for a Mediterranean cli
mate, with 79% of the precipitation falling from November
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Figure 1. Taleghan catchment, with locations of hydrometric and raingauge stations.
DEM: Digital elevation model.

to April. The annual maximum daily precipitation takes
place with a frequency of 33% in fall, 42% in winter, and
25% in spring. The mean annual temperature is 9.5°C, and
the average maximum and minimum temperatures are 27.5°
C and −11.3°C, respectively. The land use/land cover con
sists of poor rangeland (about 85%), dry farmland, orchards
(close to the river), and bare land (Dodangeh et al. 2019).
The Taleghan-Rud River, the largest river of the catchment,
originates from the Kandovan mountains in the north of Tehran.
Recently, flood events have affected the study area, causing sig
nificant damage to infrastructure including bridges, rural build
ings, main roads, water and gas pipelines and the agricultural
sector. For example, in April 2015, a flood event destroyed rural

homes and gas pipelines, resulting in an estimated US$86 million
in financial losses (Dodangeh et al. 2017). Therefore, developing
an accurate streamflow predictive model is necessary for flood
control and water resource management and planning in the area.

3 Methodology
3.1 Data collection and preparation
Daily precipitation (P) time series data were assembled from
four weather stations equipped with rainfall gauges located
within the Taleghan catchment (Fig. 1). The Thiessen polygon
approach was used to derive spatially averaged values of P to
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serve as model input (Melesse et al. 2011). Streamflow (Q) was
recorded at the Galinak hydrometric station from 1979 to
2012. In this study, we used P and Q information from past
days to predict Q at current time (Qt ). Although hydrometeor
ological (e.g. air temperature and evaporation) and land use
change (e.g. the expansion of agricultural areas) variables may
also affect the streamflow values, we considered only P and Q
variables for two reasons. First, developing an accurate pre
dictive model using limited information is of interest, particu
larly in regions where data (i.e. meteorological data) are
unavailable or defective (i.e. missing value), or the quality of
the data is inappropriate. Second, the study area is located in
a mountainous region with a mean annual temperature of 9.5°
C. So, temperature and its dependent variable (evaporation)
might not play a significant role in streamflow prediction. For
both P and Q, 70% of each dataset was employed for training
(from 1979 to 2002) and 30% (2003–2012) was employed for
validation. Although no universal guidelines for dataset divi
sion exist, 70:30 is a commonly used ratio for training and
validation datasets (Ayele et al. 2017). Since the data were not
normally distributed, all input datasets were normalized to
enhance the prediction capability of applied models using the
following formula:
xi0 ¼

xi xmin
xmax xmin

(1)

where
xi is the ith untransformed datum of the non-normally
distributed data;
xi0 is the ith transformed datum of the normalized data;
xmax is the maximum value of the non-normally distributed
data; and
xmin is the minimum value of the non-normally distributed
data.

3.2 Input/output formulation
In addition to model structure, input combinations have
a meaningful effect on the model’s efficiency. Accordingly,
the Pearson correlation coefficient (PCC) between individual
input variables and the output [present-day Q (xmin )] served as
the criterion in selecting 15 different single or combined input
combinations to predict Qt at the Galinak hydrometric station.
Selected combinations of input variables at different lags (n in
days – e.g. Pt n and Qt n ), along with present-day precipita
tion (Qt n ), included:
● seven precipitation-only combinations: ½Pt �

½Pt ; Pt 1 �
½Pt ; Pt 1 ; Pt 2 � ½Pt ; Pt 1 ; Pt 2 ; Pt 3 ½Pt ; Pt 1 ; Pt 2 ;
Pt 3 ; Pt 4 � ½Pt ; Pt 1 ; Pt 2 ; Pt 3 ; Pt 4 ; Pt 5 � ½Pt ; Pt 1 ;
Pt 2 ; Pt 3 ; Pt 4 ; Pt 5 ; Pt 10 �
● six streamflow-only combinations: ½Qt 1 � ½Qt 1 ; Qt 2 �
½Qt 1 ; Qt 2 ; Qt 3 � ½Qt 1 ; Qt 2 ; Qt 3 ; Qt 4 � ½Qt 1 ;
Qt 2 ; Qt 3 ; Qt 4 ; Qt 5 � ½Qt 1 ; Qt 2 ; Qt 3 ; Qt 4 ; Qt 5 ;
Qt 10 �
● two combinations including both precipitation and
streamflow. ½Qt 1 � ½Qt 1 ; Qt 2 � ½Qt 1 ; Qt 2 ; Qt 3 �

½Qt 1 ; Qt 2 ; Qt 3 ; Qt 4 � ½Qt 1 ; Qt 2 ; Qt 3 ; Qt 4 ;
Qt 5 � ½Qt 1 ; Qt 2 ; Qt 3 ; Qt 4 ; Qt 5 ; Qt 10 �

3.3 Determination of optimal input and operator values
For each of the developed data-mining algorithms, first the best
input combinations and then optimal values for different opera
tors (or model parameters) were determined, by trial and error
(Kisi et al. 2012, Kisi and Parmar 2016, Khosravi et al. 2018) using
the Waikato Environment for Knowledge Analysis (WEKA 3.9)
software. For identifying the best input combination, all applied
models performed with fixed operator values but different input
combinations, and the best combination was determined based on
the smallest root mean square error (RMSE) values for the valida
tion/testing dataset. Afterwards, the optimum parameter values of
each model were also determined using RMSE values.

3.4 Model development
In the current research, three different kinds of data-mining
algorithms, including decision tree algorithms (M5P and RF),
a rule algorithm (M5R) and ensemble algorithms (Bagging and
Attribute Selected Classifier) were applied for streamflow pre
diction at the outlet of the Taleghan catchment. Their indivi
dual and relative accuracies were determined and compared.
Moreover, the statistical time series modelling, the ARIMA
model, was also applied to compare the performance of the
employed data-mining models.
3.4.1 M5P
The M5P algorithm is an upgraded version of the M5 algo
rithm introduced by Quinlan (1992), The M5P method can
deal with large datasets and is reported to be efficient in
handling datasets with missing data. The input space is com
posed of different subspaces
� (Fig. 2).
Data from the Xi ; Xj space can be categorized into Si
subspaces. Linear regression approaches are then employed
to reduce variation, generate several nodes, and create a treelike structure. The validation of errors to increase the perfor
mance of each node is carried out using the standard deviation
reduction (SDR; Quinlan 1992):
SDR ¼ σ S

i¼n
X
Si
� σ Si
j
Sj
i¼1

(2)

where
S is the input data received by each node,
Si is the ith of n subspaces, and
σ is the standard deviation.
After this step, a smoothing process, which integrates all
models from the root to the leaf (i.e. all models related to each
subspace), is applied to prevent issues of overtraining. At this
stage, the final model of the leaf is created. Finally, the results
of the leaf data are combined with the linear regression output
for that node, and the estimated value,E0 , is passed on to the
next higher node (Quinlan 1992, Wang and Witten 1997):
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Figure 2. A schematic diagram of the M5P input space and subspaces.

E0 ¼

ne þ ka
nþk

learning.” The RF model ranks variables based on their impor
tance in classification or regression problems. In general, this
method greatly improves the performance of the model, albeit
with some loss of interpretability and a slight increase in bias. Four
basic factors must be optimized to obtain the best overall model:
the number of trees, the number of features that contain randomly
chosen attributes, the maximum depth of the tree, and the number
of execution slots. More comprehensive explanations of RF theory
are provided by Ho (1995) and Breiman (2001). Figure 3 presents
a simple flowchart for the RF model. The model’s architecture is
designed to ensure efficient, flexible, and robust classification and
regression compared to conventional decision trees.

(3)

where
a is the predicted/estimated value,
e is the predicted/estimated value passed on to the current
node,
k is a constant value, and
n is the number of training/learning steps in the model
building.
3.4.2 Random forest (RF)
RF was proposed by Ho (1995) and improved by Breiman (2001).
RF is categorized as an ensemble machine learning method. It is
composed of multiple trees, where each tree is constructed from
bootstrap samples (Breiman et al. 1984). This algorithm is one of
the most popular among machine learning algorithms that
employ an off-the-shelf procedure to conduct “tree-based

3.4.3 M5Rules
M5R is a simple method that generates a set of rule-based algo
rithms from the M5 model (Ayaz et al. 2015). The M5Rules
algorithm (Fig. 4) begins by generating a list of decisions using
the separate-and-conquer method. M5Rules works based on

Start
Variable subset

training dataset

training dataset

Sample data

For each tree

Stop condition
holds at each
node?

No

No

Stop condition
holds at each
node?

Sort by the
variable

To compute the
Gini index

To build the next
split
Yes

Yes

For each variable
To Calculate the prediction error

Choose the best
split

Figure 3. A simple flowchart describing the RF method (Liaw and Wiener 2002).
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Figure 4. The algorithm of M5Rules.

replacing the purity heuristic of the decision tree algorithm with
a detector that quantifies the reduction in variance. It employs
a tree learner on training samples and builds a pruned tree. This
process is repeated and next a model tree (i.e. a decision tree with
linear models in the leaf) is constructed using the M5 model tree
for each repetition, and the best leaf is made a rule. Accordingly,
this step transforms the desired leaf into a rule. Further, the tree
structure is neglected. In the next step, all samples that have been
covered by the rule are removed from the records. When all of the
instances are confirmed by one rule, this procedure stops.
This technique is known as a straightforward method for
extracting rules from model trees, which benefits from tree
learners as an essential part of its structure.
3.4.4 Attribute Selected Classifier (ASC)
Before utilizing a learning algorithm, a vital pre-processing stage
must be undertaken to decrease the attribute space and simplify
the visualization method. Reducing the amount of data by gen
erating a reduced attribute space eliminates unnecessary features,
and minimizes the number of traits. It also ensures that the
probability distribution of the datasets differs as much as possible
from the first distribution. This classifier considers the weight of
the essential subset attributes by evaluating the individual predic
tion progress of every attribute (Altman 1992). ASC compares
each attribute to reach similarity to output. Accordingly, attributes
look forward to find the contribution value with the class attribute.
This step eliminates attributes to find effective attributes. The elite
attributes from the ASC algorithm have been employed in the

maximal frequent pattern (MFP) method to reach a considerable
reduction with the desired minimum support value. In the attri
bute selection method, there is a need to select M attributes out of
N, complying with the constraint M ≤ N. Attribute selection
increases the data quality for the training and testing.
The attribute selection phase contains two main activities:
finding an attribute subset and evaluating the subset that is
found. Finding an attribute subset is performed using three
main algorithms: exponential, random, and sequential algorithms
(Boz 2002, Liu and Motoda 2012). Two main approaches can be
employed for the validation of the attribute subset: filter and
wrapper approaches. Both techniques are independent of finding
the attribute subset phase, and they are characterized by their
degree of dependence regarding the classification algorithm
(Bala et al. 1996). Figure 5 presents a simple flowchart for the
ASC algorithm. In the current study, the ASC classifier algorithm
is integrated with M5P, RF, and M5R to develop three new hybrid
algorithms.
3.4.5 Bagging
Bootstrap aggregating or so-called bagging is considered an
ensemble meta-algorithm. Through bagging, the model seeks to
enhance the prediction power of machine learning algorithms in
various regression and classification tasks (see Fig. 6). This algo
rithm helps to avoid overfitting by reducing the variance of pre
dicted values. Bagging was initially applied to complement
decision trees, and it can be combined with any other intelligent
computational method. This method is considered to be
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Figure 5. A simple flowchart describing the ASC algorithm modified after (Roject 2009).

Figure 6. The Bagging algorithm [b) train a base classifier Ci → b) train a base classifier Ci].

a particular case of the model averaging approach. In general, for
N observations with M features, bootstrapping randomly chooses
sample observations. Then the selected sample of observations
creates the model in the presence of the subset of features. The best
split of the training data helps in choosing the feature from the
subset. This cycle continues to make robust models that are
trained in parallel. Integrating bagging with a decision tree reduces
the overfitting of the training data. This makes the characteristics
of sub-models essential factors when combining predictions by
bagging.

Using the bagging algorithm leads to an improvement of
machine learning model stability, e.g. ANNs, regression trees,
and classifications (Breiman 1996). In the current study, the
integrated bagging classifier algorithm is used with M5P, RF,
and M5R to develop three new hybrid algorithms.
3.4.6 Autoregressive integrated moving average (ARIMA)
The ARIMA time series model was introduced by Box and
Jenkins (1970). In this model, the univariate time series (i.e.
streamflow time series) is considered linear and follows
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a normal distribution (Box and Jenkins 1970). The main idea is
that time series can be decomposed into present values, past
values, and random errors. Hence, ARIMA is a combination of
auto-regression [AR(p): an additive linear function of p past
observations], moving average [MA(q): q random errors], and
d, which is an integer that causes a series to be stationary.
A general non-seasonal ARIMA model can be written as fol
lows (Box and Jenkins 1970):
Xp
Xq
Δd yðtÞ ¼ c þ
α
�
y
ð
t
j
Þ
þ
ε
ð
t
Þ
þ
β � εðt jÞ
j
j¼1
j¼1 j
(4)
where Δ ¼ ð1 BÞ, B is the “Backward” operator and
Byðt Þ ¼ yðt 1Þ, yðtÞ represents the observation data at time
t, t is the constant, α1 ; . . . ; αp are the auto-regressive para
meters, εðt Þ is the white noise at time t, and β1 ; . . . ; βq are the
moving average coefficients.
The raw streamflow time series was transformed to be
stationary by differencing it d times (i.e. d = 1). The parameters
p and q of the ARIMA (p, d, q) structure were estimated by
trial and error, and the best parameters were selected when the
lowest Akaike information criterion (AIC) value was obtained
in the training period (Shibata 1976). Therefore, the ARIMA
(2, 1, 1) was applied to train the streamflow prediction model.
3.5 Model validation and comparison
As previously stated, each model was built and trained using the
best input combination. Model training employed 70% of the data
(training dataset) and led to the determination of optimal values
for each operator. Model validation used the remaining 30% of the
data (validation dataset). To evaluate each model’s predictive
power, some commonly used statistical criteria (Table 1) were
applied: RMSE, the coefficient of determination (R2), the bias
(BIAS), the mean absolute error (MAE), the Nash-Sutcliffe effi
ciency (NSE), and the Kling-Gupta efficiency (KGE). Different
model validation metrics are required as each has its advantages

and disadvantages. R2 normalizes for differences between mean
and variance of measured and estimated values, but it is sensitive
to outliers and should not be used alone for model validation
(Legates and McCabe 1999). RMSE shows how differences
between measured and predicted data spread out. The main
advantage of RMSE and MAE is that they quantify the error in
the same unit as for the variables. MAE considers the linear
scouring rule and calculates the mean magnitude of the error
regardless of direction. NSE is the most widely used metric for
measuring and weighing the performance of predictive models.
NSE has some advantages, such as: (1) it is not very sensitive to
systematic model overestimation or underestimation, (2) it is
most widely used and useful in model validation since its dimen
sional form allows the comparison of performances in different
periods and to some extent in different catchments, and (3) it is
recommended by the American Society of Civil Engineering,
ASCE (1993). However, the main disadvantage of NSE is that
squared differences between observed and predicted values are
calculated and, hence, large values are more important than low
values in this criterion (Legates and McCabe 1999). The main
advantage of BIAS is that it shows overestimation/underestima
tion alongside model performance. KGE uses a decomposition
into a correlation term, a bias term, and a variability term and is
strongly recommended, particularly in hydrological modelling
(Gupta et al. 2009, Kling et al. 2012).
Besides statistical criteria, two graphical approaches, namely
scatter and box plots, were used to visually compare model perfor
mances. A scatter plot can be used to visually estimate the model’s
predictive power, where data clustered closest to the 1:1 line (less
scattered data points) have the greatest predictive power. The box
plot shows the median, quantiles (i.e. first and third), and maximum
and minimum predicted values. This approach allows for better
judgement regarding which models have the highest accuracy when
predicting extreme values.

4 Results and discussion
4.1 Most effective input variables

Table 1. Characteristics of performance indicators for the prediction of presentpred
day streamflow (Qt ), where Qobs
are the ith observed/measured (target)
ti and Qti
pred
and predicted/estimated (output) values of Qpred
is the mean
ti , respectively; Qt
predicted/estimated value of Qt ; ; N is the number of data points; β is the bias
ratio (β); γ is the variability ratio (CVpred =CVobs ); and CV is the coefficient of
variation.
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Analysis of correlations between precipitation and streamflow
at different lag times and present-day streamflow (Qt ) data
(Table 2) showed that streamflow values are clearly more
effective in modelling Qt than precipitation data are. The
input Qt 1 , with a correlation coefficient of 0.96, and inputs
Pt 3 ; Pt 4 ; and Pt 5 , with correlation coefficients of 0.1,
represent, respectively, the inputs with the most and least
accurate streamflow predictions. As expected, the larger the
lag time, the smaller the correlation coefficient.
4.2 Determination of the best input combination
The tested input combinations served to determine the best set of
input variables for streamflow modelling (Table 3). The training
and validation stage performances of the models (i.e. M5P, RF,
M5R, and their hybrid versions using ASC and BA) for different
input combinations were assessed based on the RMSE metric. As
model inputs, time-lagged streamflows had the highest impact on
modelled streamflow (Qt ), while precipitation alone had the least
effect. Although streamflow cannot be produced without
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Table 2. PCC values between different inputs and output variables.
Parameters
Pt
Pt 1
Pt 2
Pt 3
Pt 3
Pt 5
Pt 10
Qt 1
Qt 2
Qt 3
Qt 3
Qt 5
Qt 10

PCC
0.19
0.15
0.11
0.10
0.10
0.10
0.11
0.96
0.93
0.91
0.90
0.89
0.82

precipitation, and precipitation is the dominant source of stream
flow generation in the study area, streamflow cannot be modelled
using precipitation alone, especially for large-scale catchments.
Therefore, combined inputs of the same-day and lagged precipi
tation, along with lagged streamflow, should be considered.
Several studies showed that applying many input variables does
not guarantee a higher predictive power. However, in the current
study, for all developed models except ASC, the best input com
bination
(lowest
RMSE)
was
composed
of
Pt ; Pt 1 ; Pt 2 ; Pt 3 ; Pt 4 ; Pt 5 ; Pt 10 ; Qt 1 ; Qt 2 ;
Qt 3 ; Qt 4 ; Qt 5 ; Qt 10 . For the ASC model, the best combina
tion was Pt and Qt 1 . While using a combination of all lagged and
non-lagged P and Q values, to achieve the best Qt prediction, does
not follow the principle of parsimony, this approach serves to
maximize the accuracy of predictions, which was of greater
importance in the current study. In most cases, results showed
that antecedent Q has the largest impact on streamflow prediction
(Yaseen et al. 2015, 2016). As Q is a product of precipitation,
considering both antecedent precipitation and discharge may
enhance the results. Testing the various input combinations can
be considered a sensitivity analysis, where an input variable is
removed from the modelling process each time and the RMSE is
calculated. Differences in RMSE can indicate the impact of the
removed variable. Based on this procedure, Qt 1 had the highest
impact on the M5P- and M5R-predicted streamflow.
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Generally, the type of precipitation and its distribution in terms
of skewness can have a strong effect on the accuracy of streamflow
prediction (Kisi and Parmar 2016). Since the precipitation dataset
shows skewness in the present study (whole dataset = 1.25, train
ing dataset = 1.15, and testing dataset = 1.31), precipitation alone
does not have the ability to predict streamflow accurately. Another
factor that affects the hydrological behaviour of the catchment is
that a small part of the precipitation at high altitudes occurs in the
form of snow, which results in a different rainfall-runoff response.
The results showed that the streamflow generation needs
some time for concentration; hence, considering precipitation
with lag time (Qt 1 , Pt 2 and so on) is much more effective
than considering precipitation without any lag time (P). Our
result is in accordance with Adnan et al. (2019), who stated
that with only precipitation data, streamflow cannot be pre
dicted with good accuracy. The results also revealed that gen
erally, streamflow with a lag time (Qt 1 ; Qt 2 and so on) is
much more effective than precipitation with a lag time (Pt 1 ,
Pt 2 and so on) for streamflow prediction. When using only the
streamflow with 1 d lag time, we can achieve good results for
streamflow prediction (Table 3, combination no. 8).

4.3 Model validation
For the validation period, the time series plot of observed and
model-predicted streamflow values (Fig. 7) suggests that although
all applied algorithms have a high prediction power in overall
streamflow prediction, BA-RF and ASC-RF was not able to pre
dict peak values accurately. As hydrographs were unable to cap
ture all aspects of model performance, additional model validation
criteria were implemented. Given identical input combinations,
differences in model prediction power and accuracy can be linked
to differences in model structure and complexity.
Scatter plots of observed vs. model-predicted streamflow for
the validation phase (Fig. 8) show that the BA-M5P model with an
pred
R2 of 0.95 and a fitted linear regression equation Qt ¼
pred
0:96Qt þ 0:61 and the ASC-M5P model with an R2 of 0.94
pred
pred
and a fitted linear regression equation Qt ¼ 0:96Qt þ 0:61

Table 3. Best model input combinations during the training and validation phases based on the RMSE (m3 s−1). ALLPQ = Pt ; Pt 1 ; Pt 2 ; Pt 3 ; Pt 4 ; Pt 5 ; Pt
Qt 2 ; Qt 3 ; Qt 4 ; Qt 5 ; Qt 10 .

10 ;

Qt 1 ;

Model validation phase RMSE (m3 s−1)
M5P
Model Inputs
Pt ; Pt 1 ; Pt 2 ; Pt 3 ; Pt 4 ; Pt 5 ; Pt 10 ; Qt 1 ; Qt 2 ; Qt 3 ; Qt 4 ; Qt 5 ; Qt
Pt ; Pt 1
Pt ; Pt 1 ; Pt 2
Pt ; Pt 1 ; Pt 2 ; Pt 3
Pt ; Pt 1 ; Pt 2 ; Pt 3
Pt ; Pt 1 ; Pt 2 ; Pt 3 ; Pt 4 ; Pt 5
Pt ; Pt 1 ; Pt 2 ; Pt 3 ; Pt 4 ; Pt 5 ; Pt 10
Qt 1
Qt 1 ; Qt 2
Qt 1 ; Qt 2 ; Qt 3
Qt 1 ; Qt 2 ; Qt 3
Qt 1 ; Qt 2 ; Qt 3 ; Qt 4 ; Qt 5
Qt 1 ; Qt 2 ; Qt 3 ; Qt 4 ; Qt 5 ; Qt 10
Pt ; Qt 1
AllPandQ

10

RF

M5R

ASC

Bagging

TRAIN. VALID. TRAIN. VALID. TRAIN. VALID. TRAIN. VALID. TRAIN. VALID.
14.0
14.7
13.8
14.9
14.0
14.7
14.0
14.7
13.9
14.7
13.9
14.7
12.9
15
13.9
14.7
13.9
14.7
13.5
14.7
13.9
14.6
12.1
14.9
13.9
14.6
13.9
14.6
13.3
14.7
13.8
14.6
11.4
15.1
13.8
14.6
13.9
14.6
13.1
14.7
13.8
14.6
10.7
15.1
13.8
14.6
13.8
14.6
13.0
14.7
13.8
14.5
10.0
15.0
13.8
14.5
13.8
14.5
12.8
14.7
13.7
14.5
9.3
15.0
13.7
14.5
13.7
14.5
12.6
14.6
3.7
4.3
2.4
4.7
3.7
4.3
3.7
4.3
3.4
4.4
3.5
4.4
1.6
4.5
3.6
4.4
3.7
4.3
3.3
4.3
3.6
4.4
1.5
4.5
3.7
4.4
3.7
4.3
3.1
4.3
3.6
4.4
1.4
4.5
3.5
4.5
3.7
4.3
4.3
4.2
3.6
4.4
1.4
4.4
3.6
4.5
3.7
4.3
4.2
4.2
3.7
4.4
1.4
4.4
3.6
4.4
3.6
4.2
3.1
4.4
3.3
4.2
1.7
4.4
3.2
4.3
3.3
4.2
3.0
4.1
3.3
3.9
1.2
4.0
3.3
3.9
3.2
4.3
2.7
4.0
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Figure 7. Validation period streamflow: blue = observed/measured; orange = model-predicted/estimated.
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Figure 7. (Continued).
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Figure 8. Scatter plots of model-predicted/estimated vs. observed/measured streamflow values (Qpred
and Qpred
, respectively) in the validation period.
t
t

have less scattered estimates than other models, indicating pre
dicted values closer to the observed values. The standalone model
with almost identical R2 values shows the most scattered estimated
streamflow values, i.e. further from observed values compared to
the BA- and ASC-based models.
pred
Values of Qobs
t and Qt (for each model) plotted as a box plot
(Fig. 9) show the median (Q50), first quartile (Q25), and third
pred
quartile (Q75) of Qt values to be similar to those of the Qobs
t values.
The main difference between the model predictions and observed

data was in the data range (minimum and maximum values), as all
applied models were incapable of correctly predicting extreme
observed Qt values.
Statistical performance indices for model predictive
power evaluation in the validation period are presented in
Table 4. AI and physically based models have a very good
performance when NSE > 0.75, according to the model
performance classification recommended by Moriasi et al.
(2007). In this study, the BA-M5P model, with an RMSE of
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Figure 8. (Continued).

Figure 9. Box plot of observed/measured and predicted/estimated streamflow values for the validation period.

3.23 m3 s−1, MAE of 1.34 m3 s−1, NSE of 0.933 and KGE of
0.954, gave the best performance. Also, all developed algo
rithms have a higher prediction capability than physically
based models (i.e. section 4.4).

Overall, M5P (RMSE = 4.32 m3 s−1, MAE = 1.45 m3 s−1,
NSE = 0.904, KGE = 0.927 and BIAS = −0.263) outperformed
the other standalone models in terms of predictive power.
Although M5P had difficulty predicting extremely high flows,
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this model was found to predict extremely low and average
streamflows much better than the other models applied.
Results show that the performance of the hybrid algorithms
depends on the base algorithm. Generally, the BA-based mod
els outperform the ASC-based models. This may be due to the
fact that the bagging model combines multiple weak learners,
which leads to a stronger learner than the ASC model.
Therefore, it often outperforms the single weak learners, such
as M5P, or other models applied.
The BA-M5R model, followed by the ASC-RF, ASC-M5P,
ASC-M5R, BA-M5R, M5P, RF and M5R (in that order), had
the highest predictive power after BA-M5P according to KGE
and was most accurate in its predictions. The main benefit of
the M5P model is that it has the ability to efficiently handle
many datasets with many attributes and dimensions. As the
minimization of the standard deviation in the intra-subset
class values is used as the splitting criterion for the M5P
model in contrast to other decision tree algorithms, in which
maximization of information gain is the splitting criterion
(Hashmi et al. 2015), this model can predict the streamflow
with high accuracy.
The calculated BIAS values for the developed models,
except for BA-RF, ASC-M5P, ASC-RF and ASC-M5R, were
negative, indicating an overestimation of streamflow values
using these algorithms.
The ability of the developed data-mining models over the
statistical time series modelling, the ARIMA model, was also
compared to predict streamflow. The results of the ARIMA
model for the validation period are given in Table 4. The
ARIMA model achieved the lowest accuracy (R2 = 0.883,
NSE = 0.868, KGE = 0.913) and highest error
(RMSE = 5.16 m3 s−1 and MAE = 1.93 m3 s−1), not only
compared to the standalone M5P, RF and M5R but also

compared to their hybrid counterparts. The time series plot
of the observed and ARIMA-predicted streamflow (Fig. 10(a))
shows that the ARIMA model cannot predict the peak values
of the streamflow. The scatter plot of observed vs. ARIMApredicted streamflow for the validation phase (Fig. 10(b))
shows that the predicted streamflow through the stochastic
ARIMA model is most scattered than the observed values.
Therefore, it can be concluded that the developed nonlinear
data-mining models are more capable of predicting the
streamflow values compared to the stochastic time series mod
els. Moreover, the results of the ARIMA model confirm that
rainfall is an important variable in predicting streamflow and
that accurate Qt prediction using only the lag times of the
streamflow is impossible.
4.4 Comparison with the literature
Dodangeh et al. (2018, 2019) predicted the streamflow of the
Taleghan catchment using the lumped model IHACRES and
the HSPF model with the same data as in the present study.
Comparing their results with ours shows that the data-mining
algorithms examined here have higher predictive power than
the conceptual-based models IHACRES (NSE = 0.75; present
study NSE = 0.95) and HSPF (R2 = 0.83; present study
R2 = 0.954). The lower performance of the latter is due to the
fact that snowfall and snowmelt runoff were not considered in
their studies, while data-mining algorithms could find the best
model based on the inputs and output and implicitly taking
snowfall and melt processes into account.
Noor et al. (2014) implemented the SWAT model in the
same study area and reported that the SWAT model (with
R2 = 0.82 and NSE = 0.80) gave a reasonable performance
and, overall, underestimated streamflow values. They reported

Table 4. Comparison of the model performance using statistical criteria.
Model
M5P
RF
M5R
BA-M5P
BA-RF
BA-M5R
ASC-M5P
ASC-RF
ASC-M5R
ARIMA
Dodangeh et al. 2018 (IHACRES)
Dodangeh et al. 2019 (HSPF)
Noor et al. 2014 (SWAT)

R2
0.917
0.915
0.917
0.954
0.927
0.937
0.944
0.925
0.932
0.883
Not reported
0.83
0.82

RMSE (m3 s−1)
4.32
4.40
4.36
3.23
4.00
3.77
3.80
4.11
3.91
5.16
Not reported
Not reported
Not reported

MAE (m3 s−1)
1.45
1.56
1.48
1.34
1.42
1.42
1.39
1.42
1.38
1.93
Not reported
Not reported
Not reported

Figure 10. (a) Time series and (b) scatter plots of the observed and ARIMA-predicted streamflow (m3 s−1).

NSE
0.904
0.901
0.900
0.933
0.925
0.917
0.931
0.914
0.916
0.868
0.75
Not reported
0.80

KGE
0.927
0.924
0.921
0.954
0.943
0.953
0.950
0.952
0.948
0.913
Not reported
Not reported
Not reported

BIAS
−0.26
−0.18
−0.07
−0.70
0.15
−0.11
0.33
0.22
0.43
−0.34
Not reported
Not reported
Not reported
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that based on the literature, the SWAT model underestimates
streamflow in mountainous catchments where snowmelt plays
a key role in streamflow generation. This happens due to the
simple temperature-index method in snowpack and snowmelt
modelling that is used in the SWAT model (Akhavan et al.
2010, Pradhanang et al. 2011). The simultaneous occurrence of
snowmelt and spring rainfall in a mountainous catchment like
Taleghan can cause a high maximum discharge, and hence, to
achieve the best performance through physically based models,
these hydrological processes must be considered (directly or
indirectly) in the modelling process.
Also, the Taleghan catchment is located in a semi-arid
region of Iran and therefore, has a relatively fast hydrologic
response to precipitation occurrences. Models with a linear
structure like IHACRES cannot provide accurate predictions
for this type of catchment, particularly predictions of high
discharges, while AI algorithms due to their non-linear struc
ture have a higher prediction capability, thus, application of
physically based models for streamflow prediction, particularly
during winter for mountainous catchments similar to
Taleghan, is not recommended when snow characteristics
and runoff from snow melting are not included in the model.
Previous researchers have modelled streamflow using AI, and
their results can be compared to those of the current study. Kisi et al.
(2013) modelled streamflow in Turkey using gene expression pro
gramming (GEP), ANFIS, ANN, and multiple linear regression
models and the results were very good to reasonable, with R2 values
of 0.97, 0.93, 0.80 and 0.70, respectively. Modelling daily flows in
two large catchments and five smaller catchments in India, Rajurak
et al. (2004) compared operational ANN hydrological models pre
viously used in India by the World Meteorological Organization
and found the best model achieved an R2 of 0.92 and an NSE of 0.70.
Also, their results showed that Q with lag time enhanced the
models’ predictive power. Rezaie-Balf et al. (2017) employed
ANNs, a model tree algorithm, and multivariate adaptive regression
splines to predict streamflow in northern Iran’s Tajan catchment
using rainfall, discharge, evaporation, morning relative humidity,
noon relative humidity, evening relative humidity, wind velocity,
maximum temperature, and minimum temperature, with and
without lag time as input. The study focused on the effects of
input size, the number of effective input variables for the streamflow
prediction as well as the length of data time-series on the quality of
streamflow simulations by the applied algorithms. They found that
data-mining algorithms outperformed the ANN and Multivariate
adaptive regression spline (MARS) models. Similarly, the datamining approaches developed in the current research (Table 4)
were satisfactory to highly successful in predicting streamflow
values (0.90 < NSE < 0.93). Also, Rezaie-Balf et al. (2017) found
that the best input variables are a combination of rainfall and
discharge variables, which is also confirmed in the current study.
Models differ in terms of complexity and structure, and,
consequently, each model has distinct advantages and disad
vantages for a given context. A wide range of data intelligence,
data mining, and physically based models have been imple
mented in many studies on simulating hydrological variables
such as streamflow. In many cases, these models were found to
exhibit a high predictive power for streamflow. Ultimately, it is
recommended that streamflow be predicted using a variety of
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strong physically based models (e.g. SWAT, Wetspa,
Hydrologic Engineering Center-Hydrologic Modeling System
(HEC-HMS)), and that their outputs are compared to those of
the proposed data-mining algorithms. Based on the model
complexity, data requirements, and accuracy, an optimal
model can be recommended for the given context.
There are several limitations inherent in predicting
hydrological times series with AI models. For each
model, optimal input combinations and optimal values
for each operator apply only to the present catchment.
To model other catchments, all modelling steps must be
performed again, from start to finish. Another limitation
is that AI models cannot predict streamflow with high
accuracy using precipitation, evaporation, or soil informa
tion, unless antecedent streamflow is also used as an input
to the model. This phenomenon is primarily due to weak
relationships between streamflow as dependent data, and
precipitation, evaporation, and soil as independent data
(Tongal and Booij 2018). For future research, we recom
mend investigating the efficiency of the developed models
in other catchments with different hydro-meteorological
conditions. We also recommend investigating the capabil
ity of the models with input variables from neighbouring
hydrometric stations in the catchment.

5 Conclusions
Given the complex and nonlinear nature of streamflow, modelling
streamflow has remained a challenge for hydrologists. Although
there are no universal guidelines for streamflow predictions, to date
many algorithms have been developed and used for this purpose. In
the present study, several new standalone and hybrid data-mining
algorithms were implemented for streamflow prediction in Iran’s
Taleghan catchment. The main findings can be summarized as
follows:
● Streamflow for preceding days is more effective in predicting

current streamflow than precipitation is.
● Due to the different structures of the AI models, the best input

combinations are not the same for all applied models.
● The BA-M5P model outperformed the other models in

●

●
●
●

terms of accuracy. It was followed by (in descending
order) ASC-RF, ASC-M5P, ASC-M5R, BA-M5R, M5P,
RF, M5R, and ARIMA.
The BIAS values show that the BA-RF, ASC-M5P,
ASC-RF and ASC-M5R algorithms overestimated
streamflow and the other models underestimated
streamflow.
According to the box plots, none of the applied models
have the ability to predict extreme flow values.
Hybrid algorithms can enhance the predictive power of
standalone models.
AI algorithms gave a higher performance than the phy
sically based models IHACRES, SWAT and HSPF for the
Taleghan catchment.

The findings of the current study have practical value for water
resource managers, hydrologists, the Iranian Water Resources
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Management Bureau, and other decision-makers for presentday and future flood management.
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