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Abstract— Investigation of river flow volume in different conditions as a function of
temperature and rainfall variables can be quite effective in understanding the hydrological
and hydro-climatic conditions of the watershed. Multiple linear regression models were
applied in estimating river flow in several studies due to their straightforwardness and
appropriate interpretation of results. In this study, to overcome the limitations of the
multiple linear regression model, the Bayesian quantile regression model was used to
estimate the river flow volume as a function of rainfall and temperature, and the results
were compared. The data and information used for the Qareh-Sou basin in northern Iran
are of substantial environmental and socio-economic importance. Five data series,
including spring, summer, autumn, winter, and annual series, were created and used for this
study. It was found that the Bayesian quantile regression model has considerable flexibility
to model the volume of flow for different quantiles, predominantly upper and lower
quantiles, and can be used to model high and low flows. With increasing the values of
quantiles, a limited decreasing pattern in the effect of rainfall on the volume of flow was
identified, which can be due to increasing the effect of other factors in the formation of
extreme flows of the river. For summer data in high quantiles, the effect of rainfall on river
flow volume shows an increasing pattern. This pattern is different from the other studied
series, which may be due to the low base flow in summer. The results confirm that the
application of Bayesian quantile regression compared to multiple linear regression leads to
much more valuable information on the impact of rainfall and temperature on river flow
volume.
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1. Introduction

One of the critical components of the hydrological cycle is river flow (Ansarifar
et al., 2020a). This component can interact with other components such as
groundwater (Ansarifar et al., 2020b). Surface water, which is the result of
rainfall-runoff responses in a basin, is a potential source that, if properly managed,
can meet agricultural (Steinfeld et al., 2020), industrial (More et al., 2020), and
environmental (Karimi et al., 2021) demands. The increase in water demand in
different regions, especially in arid and semi-arid regions, shows the need for
optimal water resources management. Therefore, the estimation of river flow
resulting from climatic factors is the basis for studying many different plans to
develop and exploit water resources (Bahrami et al., 2019). Estimating river flow
in a basin is a complex one, in which human knowledge, understanding, and
knowledge of the physical laws governing it are incomplete. Several factors affect
the river flow pattern in the basin area (Salarijazi and Ghorbani, 2019). These
factors include topographic features, river morphology, rainfall dynamics,
temperature, and human activities. Estimating river flow under the influence of
hydroclimatic variables is possible using different approaches (Mudbhatkal et al.,
2017). In general, there are two major approaches to modeling river flow. The
first approach is knowledge-based, known as modeling, based on the basin area's
characteristics and physical laws (Kavian et al., 2020). This approach requires a
wide range of different information and data that, in most cases, may not be
available (Bahremand et al., 2021). In most parts of the world, especially in
developing countries, this approach is limited. The second approach is data-
driven, which involves analyzing the data set recorded over a historical period
(Chadalawada et al.,2017). There is a need for more limited data and information
in this approach than the first approach (Nourani et al., 2019). The use of data-
driven models has developed in recent years (Sezen et al., 2019). Although
Modeling with a data-driven approach may not be sufficient to interpret the
physical processes within the basin, it can accurately estimate the amount of river
flow (Mishra et al., 2018: The multiple linear regression model is one of the basic
and well-known models in the data-driven approach (Niedzielski et al., 2019).
This model has several advantages. The multiple linear regression model is fast
and straightforward and leads to specific mathematical equations. Also, by
interpreting these equations, we can understand the effect of each of the model
inputs on the output (Cho and Lee, 2018: A multiple linear regression model has
been used in meteorology, climatology, hydrology, and water resources due to the
stated advantages (Niu et al., 2019: Using data from 33 catchments in Iowa,
Schilling and Walter (2005) used multiple linear regression modes to predict total
flow, base-flow, and flood flow. The results of this study indicate a significant
effect of rainfall over other input variables of the model. A multiple linear
regression model was developed using principal component analysis and
discrepancy ratio modified by Noori et al. (2010). This study showed that the
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developed model has better performance than the standard model for predicting
river flow. The multiple linear regression model was developed using bootstrap
resampling and wavelet analysis, and was evaluated to predict the daily flow of
the river. This study indicates that it is substantial that the developed model has
better accuracy in estimating the peak flow of river flow in flood conditions than
the standard model of multiple linear regression (Sehgal et al., 2014). Latt and
Wittenberg (2014) studied artificial neural networks and stepwise multiple linear
regression models to simulate the flow of the Chindwin River in Myanmar. They
showed that the multiple linear regression model has good accuracy in predicting
river flow, but it is weak in estimating extreme values. The results of a study in
India showed that the multiple linear regression model could be used as a suitable
option to assemble different hydrological models to predict river runoff (Kumar
et al., 2015). Using 14 years of Wainganga River runoff data in India, the
efficiency of the multiple linear regression method to simulate river flow using
rainfall and temperature data was studied. The study results indicate the
appropriate efficiency of the multiple linear regression model in rainfall-runoff
modeling and the effect of different inputs on increasing the accuracy of the
results (Patel et al., 2016). Tsakiri et al. (2018), in their research on river flow
modeling in the Mohawk River in New York, concluded that the use of a multiple
linear regression model has the advantage that it can lead to a physical
interpretation of the river flow time series. He also pointed out that the
development of a standard model can significantly improve the model's accuracy.
Popat et al. (2020) used a multiple linear regression model to predict river flow
in the Wernersbach catchment, Germany. In this study, rainfall, runoff, and soil
moisture information were used for modeling. The results show that the multiple
linear regression model is not accurate enough to predict extreme flows.

The quantile regression model has been considered in meteorology,
climatology, and hydrology in recent years (Nguyen et al., 2021). This model has
far fewer limitations than the multiple linear regression model (Hossain et al.,
2021). Shiau and Chen (2015) used the quantile regression model to estimate the
uncertainty of river sediment load as an appropriate model. Sa'adi et al. (2017)
used the quantile regression model to estimate changes in the variable probability
distribution function of rainfall in Sarawak, Malaysia. They described this method
as a suitable tool in this field. In another study, the quantile regression method
was used to investigate changes in extreme rainfall in South Korea. Based on the
results, the study areas were classified according to the type of changes, and the
use of this method was recommended to classify rainfall changes (Uranchimeg et
al., 2020). In another study, the quantile regression model was used to predict
dissolved oxygen concentrations considering land use and soil cover (4hmed and
Lin, 2021).

A review of the research using the multiple linear regression model to predict
river flow shows that this model has relatively good accuracy for predicting the
mean values of river flow. At the same time, it should be developed for extreme
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flow modeling. The Bayesian quantile regression model has also been developed
to be suitable for the modeling of extreme flows. This research investigates the
Bayesian quantile regression model in predicting river flow volume in different
time scales and compares it with the multiple linear regression model. Moreover,
the impacts of inputs and modeling results in different standard and extreme flow
conditions are compared and analyzed for better interpretation. The Qareh-Sou
River in northern Iran is of significant environmental importance, and in this
study, the effect of rainfall and temperature on the volume of this river flow is
studied.

2. Materials and methods

2.1. The Qareh-Sou basin

The Qareh-Sou basin, with an area of 1670 square kilometers, forms a significant
part of Golestan province in northern Iran. This basin area is limited to the
Gorgan-Roud basin from the north and east, the Naka-Roud basin from the south,
and the Gorgan Bay basin and the Great Caspian Sea from the west. The Qareh-
Sou River discharges into the bay near Qareh-Sou village. The main Qareh-Sou
basin area is covered by forest in the south, while in the north, an alluvial plain
with agricultural and residential uses forms the basin. The differences in elevation
between the southern heights and northern alluvial plain, besides heavy rainfall,
have caused very young south-north rivers to flow with severe erosion. After
reaching the plain, these rivers leave their primary sediment by forming large-
grained alluvial fans. Due to a sudden change of direction, the rivers upstream of
this basin discharge most of their sediments in the river after joining the main
river of the Qareh-Sou basin. The Qareh-Sou River is vital in supplying
agricultural water resources in the region, and therefore, it has socio-economic
importance.

Another point is that this river is the leading supplier of freshwater resources
for Gorgan Bay. Gorgan Bay is of enormous environmental and ecological
importance. Due to the quite effective role of the Qareh-Sou River, any changes
in the flow volume of this river can be the source of severe effects on this water
body. The data of Siah-Ab and Gorgan hydrometric meteorological stations were
used to investigate the effect of rainfall and temperature variables on the flow
volume of the river. The location of the studied basin, and the hydrometric and
meteorological stations are shown in Fig. 1.
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Fig. 1. Location of Gorgan meteorological and Siah-Ab hydrometric stations in the Qareh-
Sou basin.

2.2. The multiple linear regression model

One of the standard methods in multivariate analysis is the multiple linear
regression model (Kadam et al., 2019). A linear relationship is established
between the independent variable and one or more dependent variables (Jolankai
and Koncsos, 2018). In the multiple linear regression, the parameters of a linear
model are estimated using an objective function and the values of the variables
(Zhang et al., 2020). In the linear regression, the considered model is a linear
relationship between the model parameters (A/i et al., 2020). Thus, if we have n
observations of x independent variable with p dimension and want to establish a
linear relationship with the dependent variable y, we can use the following linear
regression model (Li et al., 2019):

Vi=Bo+Pixut +PBpxpt e, i=1..,n, (1)

where S is the model parameter. Index i shows the observation number and ¢ is
considered a regression model error. If two independent variables are linearly
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related to a dependent variable in multiple linear regression, the relationship will
form a plane (Fig. 2).
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Observation
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Fig. 2. Multiple linear regression model for two independent variables.

2.3. The Bayesian quantile regression model

Research on changes in hydrological and hydroclimatic variables has been mainly
based on models that examine the median or average changes (Hu et al., 2020; Ali
et al., 2019). An important point to note is that in hydrological and hydroclimatic
events, the upper and lower quantile, which can represent extreme events, are
extremely important (MacLeod et al., 2021). Simultaneously, it should be
considered that conventional models in this field do not have good performance
(Shiau and Huang, 2015). The study of changes in hydrological and hydroclimatic
variables in the upper tail of the probability distribution function is of great
importance for studies related to risk and uncertainty in design related to
hydrology, climatology, meteorology, and the environment (Shiau and Chen,
2015). The Bayesian quantile regression model can be a suitable and practical tool
to study the upper and lower quantiles (Uranchimeg et al., 2020). Estimating the
changes in the upper and lower quantiles can be used to study wet and dry seasons
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and extreme floods, which shows the importance of this type of analysis (Kalisa
et al., 2021). In the quantile regression, the values of conditional quantiles of
dependent variables estimate for changes in independent variables (Wan and Liew,
2020). Therefore, the quantile regression model is entirely different from the
known model of linear regression and multiple linear regression that examines the
conditional mean changes of the dependent variable (Bogner et al., 2017). The
Bayesian regression has been developed to overcome the limitations of quantile
regression. More information on quantile regression and Bayesian quantile
regression are available from sources such as Acharya et al. (2020), He et al.
(2021), and Shin et al. (2021). The following function is minimized in the quantile
regression model to estimate regression lines for different quantiles (Wang et al.,
2018):

B, = argmin ¥, p, (vi —xIB)? , (2)

where 8, is tth quantile regression line. The p,(x) = x(7 — I(x < 0)) is also
considered a loss function, and i is defined as an indicator function. The
maximization of a regression likelihood function generated by asymmetric
Laplace densities, presented by Yu and Zhang (2005), is the same as the
minimization of the previous equation:

7(1-7)
o

exp[—0 = p. (1)) . (3)

o

f&xlp, 6,7) =

The Bayesian inference can estimate the studied parameter's entire posterior
probability distribution function, including parameter uncertainty, based on this
inference (Yang, 2019). In this study, a Bayesian quantile regression model was
used to investigate the relationship between the river flow volume as a dependent
variable and the rainfall and temperature as independent variables. The
calculations were performed using the "bayesQR" package (Benoit and Van den
Poel, 2017) developed in the R environment.

3. Results and discussion

The data were divided into five series: annual, spring, summer, autumn, and
winter. The reason of division is that the relationship between rainfall and
temperature with the volume of river flow experience changes in different
seasons. According to the generated series, the relationship between
hydroclimatic variables and river flow volume was investigated using multiple
linear regression and Bayesian quantile regression models, as reported below.

573



Examination of the slope values of Bayesian quantile regression lines in the
annual data shows that the relationship between the annual rainfall and annual
flow volume with the slope range (7-156) is direct, which increases with
increasing the values of quantiles (Fig. 3). In the upper quantiles, this incremental
pattern disappears, which may be because a set of other factors can also have
significant effects on the annual extreme flows. The annual temperature effect on
the annual flow volume with a slope range of ((-3) —15) is also direct in some
quantiles and indirect in others. The maximum effect of temperature on the annual
flow volume is in the upper quantiles. Comparing the effect of rainfall and
temperature on the annual flow volume confirms that rainfall has greater effect
than temperature, so that with increasing the values of quantiles, the difference
between the effect of rainfall and temperature increases.
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Fig. 3. Results of Bayesian quantile and multiple linear regression models for the annual
series.

The slope obtained from the multiple linear regression method for rainfall
and temperature is 97 and 20. In the Bayesian quantile regression model, there is
a negative slope for temperature in some quantiles. In contrast, in multiple linear
regression, there is a positive slope sign. The slope value obtained in the multiple
linear regression model for rainfall is in the range of slopes obtained in the
Bayesian quantile regression model. For temperature, the slope value obtained in
the multiple linear regression method is outside the slope range obtained in the
Bayesian quantile regression model.
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The slope of Bayesian quantile regression lines in the spring data for the
rainfall variable is in the range of ((-5) —4), indicating that the relationship
between the spring rainfall and spring flow volume is direct in some quantiles and
indirect in others (Fig. 4). A remarkable effect of spring rainfall on spring flow
volume is detectable in the upper quantiles. The slope value associated with
different quantiles for the temperature variable is in the range ((-28) — (- 3)), which
means that the relationships between the spring temperature and spring flow
volume in all quantiles are indirect. The remarkable effect of spring temperature
on the volume of spring flow is in the middle quantile, while in the upper and
lower quantiles, this effect is significantly reduced. In spring, the effect of
temperature on runoff volume is more than the effect rainfall. The most
remarkable difference between the magnitude of the effects of these two variables
can be seen in the middle quantiles. The slope obtained from the multiple linear
regression model for temperature and rainfall is estimated to be -18 and -17,
respectively. Therefore, it can be seen that in the Bayesian quantile regression
model, in some quantiles, rainfall has a positive slope, but in multiple linear
regression, the slope sign is negative. The value of the slope obtained in the
multiple linear regression method for rainfall is outside the range of the slopes
obtained in the Bayesian quantile regression model, while for temperature, there
1s the opposite behavior.
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Fig. 4. Results of Bayesian quantile and multiple linear regression models for the spring
series
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Summer data show that the slope value for the temperature variable is in the
range (0-9). Therefore, it can be said that the relationships between the
temperature and flow volume in all quantiles are direct (Fig. 5). In general, with
increasing the values of quantiles, the magnitude of the effect of temperature also
increases, and experience a decrease only in the last quantile. This result is
because in upper quantiles, the influence of other factors on flow volume
increases. For the rainfall variable, the slope value was in the range (0—46), and
with increasing the quantile value, the slope magnitude increases significantly.
This result is due to the predominant effect of rainfall on the volume of flow in
summer, because in this season, according to the river conditions, the river flow
in most conditions is the base flow. In the lower and middle quantiles, the effect
of temperature is greater than that of rainfall, although this difference is not
remarkable. In upper quantiles, the magnitude of the effect of rainfall is dramatic
compared to temperature increases, which is different from the other studied
series. The value of the slope calculated for temperature and rainfall using
multiple linear regression model is 7 and 9, respectively, which in terms of sign
and the values are consistent with the results of the Bayesian quantile regression
model.
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Fig. 5. Results of Bayesian quantile and multiple linear regression models for the summer
series.
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In autumn, the slope for rainfall is in the range (6—25), which means that the
relationship between the rainfall and flow volume is direct in all quantiles, and a
remarkable amount of impact is observed in the upper quantile (Fig. 6). It is
important to note that the increasing trend of the rainfall-related slope disappears
in the upper quantiles, which may be due to the significant impact of other
variables on autumn flow volume. The slope range for temperature in this season
is (1-4), which means that in autumn, the relationship between the temperature
and flow volume is generally similar to the relationship between the rainfall and
flow volume, with the difference that the intensity of the impact of rainfall is far
greater than that of the temperature. The differences between the magnitudes of
rainfall and temperature in the middle and upper quantiles are far more significant
than in the lower quantiles. In a multiple linear regression model, the slopes for
temperature and rainfall are 7 and 20, respectively. The linear regression model's
slope sign in autumn is similar to the Bayesian quantile regression model results.
It should be noted that the slope values for temperature and rainfall in the multiple
linear regression model are outside and inside the range obtained from the
Bayesian quantile regression method, respectively.
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Fig. 6. Results of Bayesian quantile and multiple linear regression models for the autumn
series.
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Examination of winter data reveals that the values of slopes for rainfall are
in the range (9—41), and in other words, the effect of rainfall on flow volume is
direct (Fig. 7). However, the magnitude of this effect in the middle quantiles is
significantly higher than that of the upper and lower quantiles in this respect, and
it behaves almost like spring. The values obtained for the temperature slopes are
also in the range ((-12) —0). The effects of temperature on flow volume are direct
in the lower quantiles and indirect in the upper quantiles. The intensity of this
effect increases with increasing the values of quantiles. Comparison between the
magnitude of the effect of rainfall and temperature on the volume of winter flow
shows that rainfall has more effect than the temperature, and the critical point is
that the most significant difference between the magnitude of the effect of these
two variables occurred in the middle quantiles, which behave similarly to spring
data. The slope obtained from the multiple linear regression model for
temperature and rainfall in winter is -8 and 28, respectively. Comparison of these
values with the range of values recorded in the Bayesian quantile regression
model indicates a quantitative agreement between the results of these two models.
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Fig. 7. Results of Bayesian quantile and multiple linear regression models for the winter
series.
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A comparison between the multiple linear regression and Bayesian quantile
regression results was presented in the section above. Investigating these results
indicates that the behavior between the flow volume and temperature and rainfall
variables in different quantiles may be quite different. This difference can be seen
in the magnitude of the slope value and in the slope sign of the regression lines.
This issue is fundamental in hydrological estimates, because it shows that the
value of rainfall and temperature variables varies in different quantiles on the
volume of flow, and this difference is significant in some cases.

4. Conclusion

The volume of river flow is significantly affected by hydroclimatic factors such
as rainfall and temperature. The multiple linear regression model is a well-known
model in hydrological and climatological studies used to investigate the effect of
independent variables on dependent variables, but this model has its limitations.
In this study, multiple linear regression and Bayesian quantile regression models
were used to investigate the effect of rainfall and temperature on river flow
volume. Data belonging to the Qareh-Sou basin area in northern Iran were used
in five (annual, spring, summer, autumn, and winter) series for this study.
According to the results of the calculations, the following can be considered a
general conclusion of this research.

Comparison between the magnitude of the effect of rainfall and temperature
in different series indicates that in spring, the effect of temperature on flow
volume is greater than the effect of rainfall, while in the annual, autumn, winter,
and summer series, the effect of rainfall on flow volume is much greater than that
of the temperature .The effect of rainfall and temperature variables on flow
volume in different quantiles in terms of value and sign can significantly change.
The results obtained from the multiple linear regression model differ from the
results obtained from the application of Bayesian quantile regression for the
quantile 0.5 in value and in some cases in the sign, which means that the only
application of multiple linear regression models alone can lead to erroneous
analysis. The differences between the plane fitted by multiple linear regression
with the planes fitted by Bayesian quantile regression in the upper and lower
quantiles are enormous. Therefore, the multiple linear regression model has many
limitations in studies related to extreme river flows. In the annual, autumn, winter,
and spring series, with increasing the values of quantiles, the effect of rainfall on
flow volume decreases, which may be because of extreme flows. Other variables
such as previous soil moisture, soil cover, and land use are influential. In summer,
a different pattern is seen so that with increasing the values of quantiles, the effect
of rainfall on flow volume increases. This result may be since river flow in
summer is generally of the base-flow type, and therefore, the amount of rainfall
has a significant effect on flow volume in upper quantiles.

579



References

Acharya, S.C., Babel, M.S., Madsen, H., Sisomphon, P., and Shrestha, S., 2020: Comparison of different
quantile regression methods to estimate predictive hydrological uncertainty in the Upper Chao
Phraya River Basin, Thailand. J. Flood Risk Manage. 13, €12585.
https://doi.org/10.1111/jr3.12585

Ahmed, M.H. and Lin, L.S., 2021: Dissolved oxygen concentration predictions for running waters with
different land use land cover using a quantile regression forest machine learning
technique. J. Hydrology, 126213. https://doi.org/10.1016/j.jhydrol.2021.126213

Ali, M., Prasad, R., Xiang, Y., and Deo, R.C., 2020: Near real-time significant wave height forecasting
with hybridized multiple linear regression algorithms. Renew. Sustain. Energy Rev. 132, 110003.
https://doi.org/10.1016/j.rser.2020.110003

Ali, R., Kurigi, A., Abubaker, S., and Kisi, O., 2019: Long-term trends and seasonality detection of the
observed flow in Yangtze River using Mann-Kendall and Sen's innovative trend method. Water
11(9), 1855. https://doi.org/10.3390/w11091855

Ansarifar, M.M., Salarijazi, M., Ghorbani, K., and Kaboli, A.R.,2020a: Simulation of groundwater level
in a coastal aquifer. Marine Geores. Geotechnol. 38, 257-265.
https://doi.org/10.1080/1064119X.2019.1639226

Ansarifar, M. M., Salarijazi, M., Ghorbani, K., and Kaboli, A.R., 2020b: Spatial estimation of aquifer's
hydraulic parameters by a combination of borehole data and inverse solution. Bull. Engineer.
Geolog. Environ. 79, 729-738. https://doi.org/10.1007/s10064-019-01616-w

Bahrami, E., Mohammadrezapour, O., Salarijazi, M., and Jou, P.H., 2019: Effect of base flow and
rainfall excess separation on runoff hydrograph estimation using gamma model (case study: Jong
catchment: KSCE J. Civil Engin. 23, 1420-1426. https://doi.org/10.1007/s12205-019-0591-3

Bahremand, A., Ahmadyousefi, S., Sheikh, V., and Komaki, C.B.,2021: A parameter allocation approach
for flow simulation using the WetSpa-Python model. Hydrol. Process. 35(1), €13992.
https://doi.org/10.1002/hyp.13992

Benoit, D.F. and Van den Poel, D., 2017: bayesQR: A Bayesian approach to quantile regression. J. Stat.
Software 76, 1-32. https://doi.org/10.18637/jss.v076.107

Bogner, K., Liechti, K., and Zappa, M., 2017: Combining quantile forecasts and predictive distributions of
streamflows. Hydrol. Earth Syst. Sci. 21, 5493-5502. https://doi.org/10.5194/hess-21-5493-2017

Chadalawada, J., Havlicek, V., and Babovic, V., 2017: A genetic programming approach to system
identification of rainfall-runoff models. Water Resour. Manage. 31 3975-3992.
https://doi.org/10.1007/s11269-017-1719-1

Cho, J.H. and Lee, J.H., 2018: Multiple linear regression models for predicting nonpoint-source
pollutant discharge from a highland agricultural region. Water 10(9), 1156.
https://doi.org/10.3390/w10091156

He, Y., Fan, H., Lei, X., and Wan, J., 2021: A runoff probability density prediction method based on B-
spline quantile regression and kernel density estimation. Appl. Math. Model. 93, 852—-867.
https://doi.org/10.1016/j.apm.2020.12.043

Hossain, S., Biswas, R.K., and Hossain, M.A., 2021: Body mass index of women in Bangladesh:
comparing Multiple Linear Regression and Quantile Regression. J. Biosoc. Sci. 53, 247-265.
https://doi.org/10.1017/S0021932020000176

Hu, Z., Liu, S., Zhong, G., Lin, H., and Zhou, Z., 2020: Modified Mann-Kendall trend test for
hydrological time series under the scaling hypothesis and its application. Hydrol. Sci. J. 65,2419
2438. https://doi.org/10.1080/02626667.2020.1810253

Jolankai, Z. and Koncsos, L., 2018: Base flow index estimation on gauged and ungauged catchments in
Hungary using digital filter, multiple linear regression and artificial neural networks. Periodica
Polytechnica Civil Engin. 62, 363-372. https://doi.org/10.3311/PPci.10518

Kadam, A.K., Wagh, V.M., Muley, A.A., Umrikar, B.N., and Sankhua, R.N., 2019: Prediction of water
quality index using artificial neural network and multiple linear regression modelling approach in
Shivganga River basin, India. Model. Earth Syst. Environ. 5, 951-962.
https://doi.org/10.1007/s40808-019-00581-3

580



Kalisa, W., Igbawua, T., Ujoh, F., Aondoakaa, 1.S., Namugize, J.N., and Zhang, J., 2021: Spatio-
temporal variability of dry and wet conditions over East Africa from 1982 to 2015 using quantile
regression model. Nat. Hazards 106, 2047-2076. https://doi.org/10.1007/s11069-021-04530-1

Karimi, S., Salarijazi, M., Ghorbani, K., and Heydari, M., 2021: Comparative assessment of
environmental flow using hydrological methods of low flow indexes, Smakhtin, Tennant and flow
duration curve. Acta Geophysica 69, 285-293. https://doi.org/10.1007/s11600-021-00539-z

Kavian, A., Javidan, N., Bahrehmand, A., Gyasi-Agyei, Y., Hazbavi, Z., and Rodrigo-Comino, J., 2020:
Assessing the hydrological effects of land-use changes on a catchment using the Markov chain
and WetSpa models. Hydrol. Sci. J. 65,2604-2615.
https://doi.org/10.1080/02626667.2020.1797046

Kumar, A., Singh, R., Jena, P.P., Chatterjee, C., and Mishra, A., 2015: Identification of the best multi-
model combination for simulating river discharge. J. Hydrology 525, 313-325.
https://doi.org/10.1016/].jhydrol.2015.03.060

Latt, Z. and Wittenberg, H., 2014: Improving flood forecasting in a developing country: a comparative
study of stepwise multiple linear regression and artificial neural network. Water Res. Manage. 28,
2109-2128. https://doi.org/10.1007/s11269-014-0600-8

Li, W., Zhou, J., Chen, L., Feng, K., Zhang, H., Meng, C., and Sun, N., 2019: Upper and lower bound
interval forecasting methodology based on ideal boundary and multiple linear regression models.
Water Res. Manage. 33, 1203—1215. https://doi.org/10.1007/s11269-018-2177-0

MacLeod, D.A., Dankers, R., Graham, R., Guigma, K., Jenkins, L., Todd, M.C., ... and Mwangi, E., 2021:
Drivers and subseasonal predictability of heavy rainfall in equatorial East Africa and relationship with
flood risk. J. Hydrometeorol. 22, 887-903. https://doi.org/10.1175/JHM-D-20-0211.1

Mishra, S., Saravanan, C., Dwivedi, V.K., and Shukla, J.P., 2018: Rainfall-Runoff Modeling using
Clustering and Regression Analysis for the River Brahmaputra Basin. J. Geol Soc India 92, 305—
312. https://doi.org/10.1007/s12594-018-1012-9

More, K.S., Wolkersdorfer, C., Kang, N., and Elmaghraby, A.S., 2020: Automated measurement systems
in mine water management and mine workings—A review of potential methods. Water Res.
Industry, 100136. https://doi.org/10.1016/1.wri.2020.100136

Mudbhatkal, A., Raikar, R. V., Venkatesh, B., and Mahesha, A., 2017: Impacts of climate change on
varied river-flow regimes of southern India. J. Hydrol. Engin. 22, 05017017.
https://doi.org/10.1061/(ASCE)HE.1943-5584.0001556

Nguyen, H.H., Cho, S., Jeong, J., and Choi, M., 2021: A D-vine copula quantile regression approach for
soil moisture retrieval from dual polarimetric SAR Sentinel-1 over vegetated terrains. Remote
Sens. Environ. 255, 112283. https://doi.org/10.1016/j.rse.2021.112283

Niedzielski, T., Szymanowski, M., Mizinski, B., Spallek, W., Witek-Kasprzak, M., Slopek, J., ... and
Leszczynski, L., 2019: Estimating snow water equivalent using unmanned aerial vehicles for
determining snow-melt runoff. J. Hydrology 578, 124046.
https://doi.org/10.1016/j.jhydrol.2019.124046

Niu, W.J., Feng, ZK., Feng, B.F., Min, Y. W., Cheng, C.T., and Zhou, J.Z., 2019: Comparison of multiple
linear regression, artificial neural network, extreme learning machine, and support vector machine
in deriving operation rule of hydropower reservoir. Water 11(1), 88.
https://doi.org/10.3390/w11010088

Noori, R., Khakpour, A., Omidvar, B., and Farokhnia, A., 2010: Comparison of ANN and principal
component analysis-multivariate linear regression models for predicting the river flow based on
developed discrepancy ratio statistic. Exp. Syst. Appl. 37, 5856—5862.
https://doi.org/10.1016/j.eswa.2010.02.020

Nourani, V., Tajbakhsh, A. D., and Molajou, A., 2019: Data mining based on wavelet and decision tree
for rainfall-runoff simulation. Hydrol. Res. 50, 75—84. https://doi.org/10.2166/nh.2018.049

Patel, S., Hardaha, M.K., Seetpal, M.K., and Madankar, K.K., 2016: Multiple linear regression model
for stream flow estimation of Wainganga River. Amer. J. Water Sci. Engin. 2(1), 1-5.

Popat, E., Kuleshov, A., Kronenberg, R., and Bernhofer, C., 2020: Data-driven discharge analysis: a
case study for the Wernersbach catchment, Germany. Meteorol. Hydrol. Water Manage. Res.
Oper. Appl. 8. https://doi.org/10.26491/mhwm/112284

Sa'adi, Z., Shahid, S., Ismail, T., Chung, E.S., and Wang, X.J., 2017: Distributional changes in rainfall
and river flow in Sarawak, Malaysia. Asia-Pacific J. Atmosph Sci. 53, 489-500.
https://doi.org/10.1007/s13143-017-0051-2

581



Salarijazi, M. and Ghorbani, K., 2019: Improvement of the simple regression model for river'EC
estimation. Arabian J. Geoscie. 12(7), 1-14. https://doi.org/10.1007/s12517-019-4392-2

Schilling, K.E. and Walter, C.F., 2005: Estimation of streamflow, base flow and nitrate-nitrogen loads
in lowa using multiple linear regression 1. J. Amer. Water Res. Assoc. 41, 1333—1346.
https://doi.org/10.1111/j.1752-1688.2005.tb03803.x

Sehgal, V., Tiwari, M.K., and Chatterjee, C., 2014: Wavelet bootstrap multiple linear regression based
hybrid modeling for daily river discharge forecasting. Water Res. Manage. 28, 2793-2811.
https://doi.org/10.1007/s11269-014-0638-7

Sezen, C., Bezak, N., Bai, Y., and Sraj, M., 2019: Hydrological modelling of karst catchment using
lumped conceptual and data mining models. J Hydrology 576, 98—110.
https://doi.org/10.1016/].jhydrol.2019.06.036

Shiau, J.T., and Huang, W.H., 2015: Detecting distributional changes of annual rainfall indices in
Taiwan using quantile regression. J. Hydro-environ. Res. 9, 368-380.
https://doi.org/10.1016/j.jher.2014.07.006

Shin, J., You, H., Kaown, D., Koh, E. H., Lee, S., Lim, C.Y,, and Lee, K.K., 2021: Investigating
distribution of nitrate concentration using ensemble nonparametric quantile regression. Sci. Total
Environ. 777, 146098. https://doi.org/10.1016/j.scitotenv.2021.146098

Steinfeld, C.M., Sharma, A., Mehrotra, R., and Kingsford, R.T., 2020: The human dimension of water
availability: Influence of management rules on water supply for irrigated agriculture and the
environment. J. Hydrology 588, 125009. https://doi.org/10.1016/j.jhydrol.2020.125009

Tsakiri, K., Marsellos, A., and Kapetanakis, S., 2018: Artificial neural network and multiple linear
regression for flood prediction in Mohawk River, New York. Water 10(9), 1158.
https://doi.org/10.3390/w10091158

Uranchimeg, S., Kwon, H.H., Kim, B., and Kim, T.W. 2020: Changes in extreme rainfall and its
implications for design rainfall using a Bayesian quantile regression approach. Hydrology
Res. 51, 699-719. https://doi.org/10.2166/nh.2020.003

Wan, J.S. and Liew, E.C., 2020: Genus-level change in aggressiveness with continuous invasions: a
phylogenetically-informed Bayesian quantile regression. Biol. Invasions 22, 1931-1946.
https://doi.org/10.1007/s10530-020-02229-1

Wang, H.J., McKeague, I.W., and Qian, M., 2018: Testing for marginal linear effects in quantile
regression. J. Roy. Stat. Soc.. Ser. B, Stat. Method. 80(2), 433.
https://doi.org/10.1111/rssb.12258

Yang, Y., 2019: Spatial and Temporal Variabilities of Climate Extremes over Canada in a Changing
Climate. A thesis submitted in partial fulfillment of the requirements for the degree of Doctor of
Philosophy in Water Resources Engineering Department of Civil and Environmental Engineering
University of Albert. https://doi.org/10.7939/r3-kz2b-5r47

Yu, K. and Zhang, J., 2005: A three-parameter asymmetric Laplace distribution and its
xtension. Commun. Stat.—Theory Methods 34, 1867—-1879.
https://doi.org/10.1080/03610920500199018

Zhang, G., Liu, X., Lu, S., Zhang, J., and Wang, W., 2020: Occurrence of typical antibiotics in Nansi
Lake's inflowing rivers and antibiotic source contribution to Nansi Lake based on principal
component analysis-multiple linear regression model. Chemosphere 242, 125269.
https://doi.org/10.1016/j.chemosphere.2019.125269

582



