Science of the Total Environment 838 (2022) 156377

Contents lists available at ScienceDirect

Science of the Total Environment
journal homepage: www.elsevier.com/locate/scitotenv

A catchment-scale model of river water quality by Machine Learning
Maria Grazia Zanoni, Bruno Majone, Alberto Bellin

⁎

Department of Civil, Environmental and Mechanical Engineering, University of Trento, via Mesiano 77, I-38123 Trento, Italy

H I G H L I G H T S

G R A P H I C A L

A B S T R A C T

• Machine Learning techniques are tested
for predicting water quality parameters
in an Alpine watershed.
• Deep feed-forward Neural Network
showed the best performances compared to Random Forest and Linear Regression techniques.
• The role played by the drivers has been investigated by means of a Feature Importance Assessment procedure.

A R T I C L E

I N F O

Editor: Fernando A.L. Pacheco
Keywords:
Regression Features Importance Assessment
Random Forest
Deep feed-forward
Neural Network
Linear Regression

A B S T R A C T

Water quality is a concern in most river basins worldwide due to the widespread release of pollutants which impacts
the freshwater ecosystems. Exploring the relationships between drivers and water quality parameters at the regional
scale is key in the identiﬁcation of appropriate actions for the reduction of water pollution. Regional models are the
appropriate tool to achieve this, though their development poses relevant challenges because of the complexity and
non-linearity of such relationships. Among the available approaches, Machine Learning (ML) is promising because
of its capability to detect complex nonlinear relationships and ﬂexibility in the parameterization, which is learned
from data. In this work, we developed regional models of water temperature, dissolved oxygen, arsenic, sulfate and
chloride concentrations, as well as electrical conductivity, by using two ML algorithms, Random Forest and Deep
feed-forward Neural Network, and compared their performances against the standard Linear Regression model. Our
results indicate that the two ML algorithms are much more accurate models for such variables than the classical Linear
Regression model, with Deep feed-forward Neural Network being the most effective in identifying the reciprocal importance of the drivers and capturing nonlinear relationships between drivers and water quality variables. Our analysis
also revealed that the Julian day and year at which the sample was taken surrogate the air temperature in modeling
water temperature and dissolved oxygen, with only a slight performance reduction. Arsenic, sulfate, and chloride
show more complex behaviors in which geogenic and anthropogenic sources are intertwined. Dilution exerts a role
chieﬂy for arsenic concentration, which suggests a non-uniform, in space, geogenic origin for this variable.

1. Introduction
The deterioration of river water quality is one of the most relevant challenges that humanity is facing since the dawn of the industrial revolution.

Among the most relevant pollutants, chemicals create concern to regulatory
authorities, protection agencies, and the public as well for their adverse impact on ecosystems and human health (Schwarzenbach et al., 2010;
Landrigan et al., 2018). Likewise, metals, metalloids, and solutes of
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the intertwined and nonlinear relationships between river water quality parameters and their drivers (Piggott et al., 2012). The epistemic error affecting process-based models as a consequence of ﬁxing a-priori the
relationship between input and output is here limited to the selection of
the hyper-parameters with the functional relationship between the input information that is learned from data.
Early applications of ML date back to the 90s of the last century with the
introduction of Artiﬁcial Neural Networks (ANNs) in various scientiﬁc disciplines, among which hydrology (Buch et al., 1993; Hsu et al., 1995). More
recently, deep learning algorithms such as Recurrent Neural Network and
Convolutional Neural Network, constituted by hierarchical architectures
of ANNs, have been used in hydrology (see, e.g., Shen, 2018; Xu and
Liang, 2021, for a review). Since their appearance, ANNs and their various
extensions have been used in water quality studies concerning both surface
and subsurface water bodies (Basant et al., 2010; Chen and Liu, 2014;
Nemati et al., 2015; Csábrági et al., 2017; Zhu et al., 2018; Al-Mukhtar
and Al-Yaseen, 2019; Shah et al., 2021; Kamrava et al., 2021). These modeling studies focus on the prediction of a single or few water quality variables,
and few attempts have been done so far to develop regional models for the
class of water quality variables identiﬁed as relevant for assessing the chemical and ecological status of a river in a multi-stressors situation (Tiyasha
et al., 2020; Navarro-Ortega et al., 2015).
Contributions combining ANNs with process-based models or wavelets
transformation have been proposed in several hydrological applications
(see, e.g., Hasan et al., 2011; Tiyasha et al., 2020; Xu and Liang, 2021).
For example, Shukla et al. (2022) compared a feed-forward ANNs model
with algorithms having a more complex architecture, obtained by coupling
the ANN algorithm with wavelets or with an adaptive-neuro fuzzy inference system, obtaining with the latter an accurate reproduction of stream
ﬂow in an Indian river. Furthermore, Shamshirband et al. (2019) presented
an ensemble model composed of multiple wavelets-ANNs, which improved
individual models' performances of chlorophyll and salinity in coastal
water, especially for multi-step ahead modeling. Nourani et al. (2018) combined streamﬂow simulations by the Hydrologic Modeling System (HECHMS) with a ML model to infer Storage Coefﬁcient variations from the simulated runoff. In addition, Dalla Libera et al. (2020) applied Self Organizing
Map to explore the correlations between arsenic, groundwater levels, and
other chemical compounds, and afterward simulated arsenic mobility in
an aquifer under different redox conditions. The combination with wavelets, and to some extent also with process-based models, requires time series of observational variables with time steps small enough to capture all
the relevant scales of variability. This characteristic is seldom respected in
available datasets of water quality data, whose frequency of acquisition is
in most cases seasonal (i.e. 4 values per year) given the cost of sampling
and successive chemical analyses.
The capabilities of ML techniques have been exploited also in studies
dealing with water quality classiﬁcation. Naﬁ et al. (2020) applied Random
Forest and Random Tree techniques to classify rivers into quality classes according to the values assumed by electrical conductivity, temperature, concentration of fecal and total coliforms, Biological Oxygen Demand, nitrate,
supplemented by the year and the location of the measurements. Moreover,
Fan et al. (2020) applied Support Vector Machine to assess the response of
the phytoplankton community to multiple environmental stressors both at
the catchment- and reach-scale, trying also to identify those mostly affecting the ecological status of the river. Massei et al. (2018) investigated,
through k-means clustering, toxic risk in major European rivers in terms
of the effects induced by the presence of pesticides and biocides.
In existing ML applications, limited attention has been given to the importance of identifying the most relevant drivers to be used as model input.
We consider this important because the number of drivers used as input is a
structural parameter, a hyper-parameter in the ML jargon, inﬂuencing the
number of ﬁtting parameters. Given that more drivers as input lead to
more parameters to be ﬁtted, the inclusion of a driver with a weak inﬂuence
on the modeled variable may lead to overﬁtting, a situation not conducive
to reliable modeling output, though the ﬁtting error may be small. The capability of ML to learn from the data, thereby giving small weights to less

geogenic origin, arsenic and sulfates for example, create concern as well,
given the similar risks they pose to human and freshwater ecosystems'
health (Neumann et al., 2010; Harvey et al., 2002; Smedley and
Kinniburgh, 2002). Other important physical parameters are water temperature and pH because they are indicators of the river ecological status (see,
e.g., Caissie, 2006).
Modeling the spatial and temporal evolution of these and other water
quality parameters is challenging but at the same time crucial in assessing
river functionality and protecting the health of riverine ecosystems (see,
e.g., Rinaldo et al., 2011; Rügner et al., 2013; Navarro-Ortega et al.,
2015; Ma et al., 2020) and ultimately human health (Landrigan et al.,
2018). Detecting the relationships between water quality parameters and
their drivers is also key in developing strategies for water resources management in human-impacted watersheds (Guillet et al., 2019). In the recognition of the importance of achieving a good ecological status in European
rivers, monitoring networks have been established by river authorities
under the impulse of the European Union and this effort has been intensiﬁed after the introduction of the European Water Framework Directive
(WFD, 2000/60/EC) in 2000 (Council of European Union, 2000) and research initiatives have been developed (see, e.g., Grathwohl et al., 2013).
This common effort produced a wealth of data, though with spatial and
temporal resolutions varying among countries and in some cases also
among regions of the same country. Despite this large investment in data
collection, which has been accompanied by a similar one in data interpretation, a full understanding of the relationships between drivers and water
quality parameters has not yet been achieved, thereby impairing remediation actions.
Predictive tools are useful in assessing the impact of the hydrological
and anthropogenic stressors on water quality variables (Navarro-Ortega
et al., 2015; Kormann et al., 2015; Chiogna et al., 2016; Lutz et al., 2016;
Diamantini et al., 2018). Dilution and mixing-controlled biochemical reactions smooth the concentration signal with respect to that of the external
forcing, and quantifying these effects is one of the main objectives of
physically-based models (see, e.g., Kirchner et al., 2000, 2001; Kirchner
and Neal, 2013; Botter et al., 2006; McDonnell et al., 2010). However,
the lack of a shared blueprint concerning data collection hampers the application of these models, which are better constrained when data are available at a relatively high time resolution. In fact, model's parameters
controlling concentration attenuation are loosely constrained when data
are available at a frequency too low to resolve variability at scales comparable with those of hydrological ﬂuxes. Unfortunately, this is the case with
most concentration databases (see, e.g., Chappell et al., 2017).
Traditionally river water quality modeling studies resort to the solution
of the Advection Dispersion Equation along the river reaches, with the inclusion of geochemical and hyporheic exchange processes at different levels
of complexity (see, e.g., Wörman, 1998; Marion et al., 2008; Zarnetske
et al., 2012; Diamantini et al., 2019). Other approaches adopt a catchment
point of view considering the river corridor as part of a more complex natural system working as a reactor that elaborates the material entering from
the Earth's surface (Basu et al., 2010; Rinaldo et al., 2011; Grathwohl et al.,
2013). Besides uncertainty stemming from the parameterization of the
many processes controlling river water quality, the success of processbased modeling approaches is limited by the large errors and uncertainties
characterizing sources of geogenic and anthropogenic origin.
An alternative approach, less sensitive to the unavoidable errors in
source quantiﬁcation, is to use data-driven models such as Machine Learning (ML), which learn directly from the available data (Mitchell et al., 1997;
Nearing et al., 2021). These techniques are less affected by source errors
and irregular sampling than process-based models, though they require a
relatively large amount of data to infer the cause-effect relationship. Furthermore, ML techniques pose fewer restrictions to the parameterization
of the often poorly known physical and biogeochemical processes driving
transport and transformation of contaminants in the riverine environment,
and they are designed to detect non-linear behaviors (Shen, 2018). Under
this perspective, ML techniques are expected to be effective in the prediction of water quality parameters for their capability to “learn” from data
2
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for more parameters. We showed that the most relevant drivers are variable
speciﬁc and the analysis we proposed in the present work was able to
identify them.

inﬂuential drivers, compensates only partially for this conundrum. There is
therefore a paramount interest in including only the drivers with a signiﬁcant inﬂuence on the modeled variable, and we are not aware of systematic
procedures aiding the modeler in this identiﬁcation. In addition, ML performed with the most inﬂuential drivers allows for evaluating their
synergistic effects on water quality variables, which is key to identifying actions for reducing pollution. Again, to the best of our knowledge, only a few
studies analyzed the synergistic effect of multiple drivers on river water
quality (Heddam and Kisi, 2017; Hu et al., 2020; Krishnaraj and Deka,
2020; Kouadri et al., 2021).
As mentioned above, time series of water quality data are typically
available at a few positions along the river network and at a frequency
that is seldom higher than monthly or seasonal, thereby methodologies of
spatialization and possibly temporal ﬁlling are useful in river quality management and in identifying possible remediation actions. In the present
work, we explore the capability of data-driven ML techniques to construct
effective regionalization models of water quality data. For this purpose,
we applied two widely used ML techniques, Random Forest (RF) and
Dense feed-forward Neural Network (DNN) to a water quality dataset of
the Adige river, a large Alpine River Basin in northeastern Italy (Fig. 1),
with drivers time series collected in a previous work by Diamantini et al.
(2018), which focused on the statistical analysis of water quality data.
Water quality monitoring in this catchment is performed according to the
guidelines of the European Water Framework Directive and thereby it is
representative of the data available in most of the European rivers. In the
present work, we seek for a data-driven modeling approach, general
enough to be applied in other similar contexts in terms of data availability,
able to make the best possible use of data collected according to monitoring
protocols adopted by Environmental Protection Agencies, and not necessarily developed to answer speciﬁc research questions.
The objective of the present study is therefore twofold. Firstly we will
explore the beneﬁts of using Random Forest and Dense feed-forward Neural
Network instead of standard regression to model spatial and temporal variability of water quality parameters selected among those monitored across
Europe according to the Water Framework Directive. A second, more important, objective is to develop an approach for ranking the drivers from
the most inﬂuential to the less inﬂuential and excluding those bringing a
marginal improvement at the cost of overﬁtting because more drivers call

2. Data
2.1. Study basin
With a contributing area of 12100km2 the Adige river basin, located in
the southern oriental Alpine region northeast of Italy (Fig. 1), is the thirdlargest Italian river basin after Po and Tiber. The Adige river rises from a
spring in the proximity of the Resia lake in the northwestern part of the
watershed at the elevation of 1586 m a.s.l.. It ﬁrst ﬂows eastward to
Bolzano municipality and then south, through the Adige valley to Trento
and Verona. Downstream of Verona it turns east to reach the Adriatic sea,
after a total path of 409km. The most relevant tributaries are in its upper
(Isarco) and middle (Noce and Avisio) course (see Fig. 1). Sampling sites
considered in this study are located in the upper and middle course of the
river in the territories of the Autonomous Provinces of Trento and Bolzano,
which cover about 91 % of the total contributing area.
We selected this river basin because sampled by the two Environmental
Protection Agencies insisting on the territory according to the indications of
the Water Framework Directive and with a sufﬁcient spatial resolution to
obtain samples representative of the different pressures an Alpine river is
subject to. In addition, the river basin is located in an area with signiﬁcant
human pressures from agricultural and industrial activities along the main
stem and by a quite intensive tourism in the headwaters. This is a common
situation in a number of mountain areas of the world.
Streamﬂow presents a typical alpine regime, with high ﬂows in early
summer, due to snow melting, or in autumn, triggered by cyclonic storms
(Lutz et al., 2016; Laiti et al., 2018; Mallucci et al., 2019). The geographical
location of the study area, in the southern oriental Alps, and its high
altitudinal variation (from about 130 to approximately 3900 m a.s.l.) deﬁne
the climate of the watershed, with dry winters, snow and glacier melt in
spring and high humidity in summer, and autumn. The annual average
precipitation ranges from about 500 mm in the northwestern area to
1600 mm in the southern portion of the basin (Chiogna et al., 2016;
Mallucci et al., 2019). A long-term annual mean air temperature of 9.3 °C
was obtained from the available time series of the investigated sites in the
period 1956-2014 (see Section 2.2).
2.2. Water quality variables and drivers
The water quality dataset comprises six parameters monitored
seasonally between 1994 and 2014 at the 45 sites shown in Fig. 1. The
monitored parameters are arsenic (As), sulfates (SO4), and chloride (Cl),
supplemented by water temperature (Tw), electrical conductivity (Ec),
and dissolved oxygen (DO). The data were provided by the Environmental
Protection Agencies of the Autonomous Provinces of Trento (http://www.
appa.provincia.tn.it) and Bolzano (http://www.provincia.bz.it/agenziaambiente). Other available variables were excluded from the analysis for
the following reasons. Biological Oxygen Demand (BOD) is strongly related
to the Dissolved Oxygen, which dataset was more reliable and was included
in the analysis, while Chemical Oxygen Demand (COD) and suspended
solids were excluded because very few values were available. pH, along
with COD and BOD, are strongly related to DO and Ec, and therefore we
decided to focus on the latter. The total phosphorus and orthophosphates
(PO4), such as total nitrogen (Ntot), provided unsatisfactory performances,
and nitrate is not a real concern in the Adige catchment and was already
studied in the paper by Lutz et al. (2016). This study concluded that nitrate
concentration is reducing, especially during the last decades, likely due to
local agricultural practices improvements. Tw is an important variable for
its inﬂuence on ecosystem functioning and was the object of several modeling efforts considering air temperature as the primary driver of change and
simpliﬁed process-based models (Toffolon and Piccolroaz, 2015; Piccolroaz
et al., 2016). The skills of these models have been proved to be comparable

Fig. 1. Map of the upper and middle Adige river basin in WGS84 coordinate system
with the 45 sampling locations indicated by blue dots and the Municipalities of
Trento and Bolzano. The lower right inset shows the location of the Adige river
basin in the Italian territory.
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Julian Day and the year at which the sample was taken (JD and Y, respectively), the altitude (Z) and the coordinates (coord, expressed in the
WGS84 coordinate system) of the sampling sites have been considered,
such as including spatio-temporal dependencies into the ML models.
Additional details on the water quality dataset can be found in
Diamantini et al. (2018) and Mallucci et al. (2019) for what concerns the
spatialization of temperature data.

with those obtainable by ML (see, e.g., Qiu et al., 2021; Zhu et al., 2019;
Lencioni et al., 2022), and in the present work, we will show that the information carried by the date (Year and Julian day) of the sampling is a good
proxy of air temperature when modeling is performed by ML.
The basic statistics of the six variables are provided in Table 1, and the
seasonal maps of their distribution are presented in the Supplementary Material (from Figs. S1 to S4). The statistics have been computed considering
the data collected at all sampling sites within the river basin. Average
values of chemical contaminants are 0.0028mg/L, 34.2mg/L, and 4.4mg/
L, for As, SO4, and Cl, respectively. With these values, the chemical status
of the Adige river basin can be classiﬁed as good according to the national
limits for surface waters (Decreto Legislativo 13 ottobre 2015, n.172,
2015). As and Cl are positively skewed, with skewness between 0.83 and
1.46 (see Table 1). On the contrary, DO, Ec, and Tw are almost symmetrically distributed with a smaller skewness and average values of 11.6mg/L,
220.4 μS/cm, and 8.5oC, respectively. The total number of collected measurements for each variable ranges from 3392 to 3924, except As, for
which only 1685 samples are available.
Since one of the main objectives of this work is to identify which
stressors are more inﬂuential in modeling water quality parameters routinely monitored in the Adige watershed, drivers of hydrological and anthropogenic nature have been identiﬁed and collected. Changes in water
quality variables in the Adige are driven by changes in the releases due to
human activities, climate change, and changes in stream dilution, which
is indeed controlled by streamﬂow (see e.g., Navarro-Ortega et al., 2015;
Chiogna et al., 2016). In particular, changes in streamﬂow occur as the
combined effect of climate change and water uses due to human activities.
All these effects are present in the Adige river basin and can be epitomized
by the air temperature, streamﬂow, land use, and the distribution of the
population. In addition to these drivers, lithology may have an impact on
solutes with a geogenic, though not exclusive, origin. A driver describing
the relevant lithological characteristics, which may change depending on
the considered water quality variable, cannot be identiﬁed, but the introduction of the spatial coordinates of the sampling points acts as a proxy
for this driver. In addition, we introduced the Julian day and the year of
the measure as additional drivers to include into the analysis the effects
of seasonality.
Monthly aggregated streamﬂow data (Qm) were retrieved from the Hydrological Ofﬁces of the Provinces of Trento (http://www.ﬂoods.it/public/
index.php) and Bolzano (http://www.provincia.bz.it/hydro/index_i.asp).
Daily air temperatures Ta, for the period 1994–2014, were extracted from
the database of gridded air temperatures (1956–2013) provided by
Mallucci et al. (2019) via interpolation of daily air temperature data at
350 meteorological stations within the Adige watershed. The other
drivers were: the human population density (pop), obtained from the
National Aeronautics and Space Administration-Socioeconomic-Data-andApplications-Center (CIESIN, 2017) at an interval of 5 years and the
percentage of agricultural and artiﬁcial land use, indicated with agr and
art, respectively, retrieved from the Corine Land Cover dataset, with the
reference inventory of 1990 and the relative updates produced in 2000,
2006 and 2012 (EEA, 2013). The driver artiﬁcial land use includes the following classes from the Corine land Cover product: “urban fabric”, “industrial, commercial and transport units”, “mine, dump and construction
sites”, and “artiﬁcial, non-agricultural vegetated areas”. In addition, the

3. Methods
In the present work, we modeled separately the six selected water
quality variables described in Section 2.2 by adopting the same model parameterization for all sampling locations. Compared to the widely used
site-dependent parameterization, the advantage of our approach is that
the resulting regional models can be employed to simulate the variables
of interest at unsampled locations.
Both RF and DNN offer great ﬂexibility to accommodate for (mostly unknown) non-linear relationships between drivers and modeled parameters,
but this comes with a cost: the risk of overﬁtting that grows with the number of drivers. Consequently, we analyzed the performances of RF and DNN
by including the drivers progressively to evidence at each step the gain in
performance granted by the increase of model complexity due to the
introduction of the new driver. These ML models suffer from the limitation
of not considering the temporal correlation of the modeled variable.
However, this limitation is not of concern in the present work, given the
seasonal scale at which the data are collected, as it often happens to make
affordable the cost of long-term water quality monitoring programs. Although more advanced ML techniques, such as Long Short-Term Memory
(LSTM, see, e.g., Shen, 2018), may have been applied, we kept the analysis
intentionally simple by employing the above widely used algorithms,
owing to our main objective of developing regional models of water quality,
properly balancing overﬁtting and regularization, rather than identifying
the best possible ML algorithm for the data at hand. Furthermore, the additional ingredient that LSTM introduces is the capability to learn how long
the state information should be retained (i.e., the correlation time scale),
a characteristic not crucial for our analysis due to the seasonal time scale
of the water quality data. In the present work, the capability of RF and
DNN to exploit nonlinear relationships between drivers and water quality
data was evidenced by comparing their performance against that of LR
for all the investigated water quality variables. A detailed description of
the models RF, DNN and LR is provided in the Appendix A.
3.1. Data organization, efﬁciency metrics and cross-validation
As stated above, our main objective in this work was to build a regional
water quality model that uses all the available information. Taking
advantage of the fact that RF, DNN, and LR do not consider the temporal
correlation between the observational variables, the time series of the six
water quality variables were merged separately following the topological
order of the river network from the headwaters to the main stem. The
resulting models are regional thanks to the inclusion of the spatial coordinates and elevation of the sampling points as drivers and the spatial
variability of the other drivers, such as the air temperature.
Each time series obtained with this merging was split into two parts: the
training and the test sets, as customary when the number of data is not
enough to extract also a validation set to be used for an independent
validation after training (Raschka, 2015). To accurately select the hyperparameters (see Section Appendix A for their deﬁnition) a k−fold crossvalidation procedure was applied by randomly splitting the training set
into k = 30 folds without replacement. The number of folds was chosen
after a preliminary sensitivity analysis that indicated that k = 30 folds
yield comparable efﬁciency metrics in the folds and the training sets. A
similar result with k = 30 folds was also obtained in Hadjisolomou et al.
(2021), where the authors investigated a range of k values and also the
leave-one-out cross-validation, noticing the risk of overﬁtting with this
extreme case. The cross-validation requires that the time series elements

Table 1
Main statistics of the investigated water quality time series: mean, median, minimum, maximum, standard deviation and skewness. The statistics were computed
considering the time series available at all the Adige river basin sampling sites.

As (mg/L)
SO4 (mg/L)
Cl (mg/L)
Ec (μ S/cm)
Tw (oC)
DO (mg/L)

Mean

Median

Min

Max

St. Dev.

Skewness

0.0028
34.2
4.4
220.4
8.5
11.6

0.0020
30
3.4
218
8.5
11.5

0.0005
0.8
0.1
5.4
0
6.8

0.0620
288
118
636
26.4
16.1

0.0028
23.6
4.6
78.6
4.4
1.4

1.463
0.829
1.308
0.41
0.087
0.289
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resulting data set is transformed in the attempt to make it as close as possible to the Gaussian distribution, while normalization serves to remove
dimensional effects and make all variables comparable.
In the present work, the variable of interest x is mapped into the transformed target variable y = f(x), with the function f being one of the following three simple functions: the logarithm f(x) = ln (x), the square root
pﬃﬃﬃ
pﬃﬃﬃ
f ðxÞ ¼ x and the cubic root f ðxÞ ¼ 3 x. The logarithmic transformation
was applied to As and DO, the squared root transformation to SO4, Ec,
pop and agr, and ﬁnally, the cubic root transformation was applied to Cl,
Qm and art. The remaining variables, Ta, Tw, JD, Y, coord, and Z were
not transformed. These preliminary steps are key to a good performance
of the models, in particular for LR and RF, which accuracy deteriorates
when trained with skewed data (Raschka, 2015; Chollet, 2018). The transformed data are then standardized by subtracting the mean μy and dividing
by the standard deviation σy:

are statistically independent and identically distributed, a tenet that is
satisﬁed here owing to the considerable time lag between successive
measurements. Iteratively, k − 1 folds were used as a training set and the
remaining one as the test set.
As customary in ML applications, training was performed by using the
Mean Squared Error (MSE) as the efﬁciency metric:
MSE ¼

2
1 N 
∑ y
 ymeas,i
N i¼1 pred,i

(1)

where N is the number of data in the training set.
The hyper-parameters providing the largest mean Nash-Sutcliffe (NSE)
index in the k−fold cross-validation are then selected for the successive
optimization conducted with the entire training set (i.e., 70 % of the
data) in order to obtain the ﬁnal model's parameters. The NSE index is
deﬁned as follows (Nash and Sutcliffe, 1970):

2
∑N T ypred,i  ymeas,i
NSE ¼ 1  i¼1


2
T
∑Ni¼1
ymeas,i  μmeas

ystand ¼

(2)

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2
1 N 
∑ y
 ymeas,i
N i¼1 pred,i

(6)

with ystand being the standardized variable. After transformation and
standardization, features with different ranges of variability in their original form are equally inﬂuencing the efﬁciency criteria presented above.
Prior to applying the ML algorithms, we performed a preliminary
analysis of the correlations between identiﬁed features and variables. The
analysis was conducted by computing the Spearman's non-parametric correlation coefﬁcient rs (see Section 4.1 for the results), which is deﬁned as
follows (Hipel and McLeod, 1994):

where NT is the total number of samples in the fold used as test set, ymeas, i
and ypred, i are the measured (observed) and predicted (by the model) values
of the water quality parameter, with the ﬁrst two sampling statistics (mean
and standard deviation) indicated by μmeas, σmeas and μpred, σpred, respectively. NSE (Eq. (2)) can assume values in the range (−∞,1] with negative
values identifying models to be rejected because not performing better than
the mean of the observed values. Models with NSE > 0.5 are considered
behavioral and, therefore, potentially acceptable (see, e.g., Moriasi et al.,
2007). Notice that we used this metric to select the hyper-parameters
instead of MSE because it is sensitive to the variance of the signal and is
commonly used in hydrological applications.
Performance analysis of the ﬁnal models (RF, DNN, and LR), obtained
by training with the entire training set on both training and test sets, was
then evaluated a-posteriori by considering four different efﬁciency metrics
widely used in applications. The ﬁrst selected metric is the NSE index, introduced in Eq. (2). The second metric is the classic Root Mean Square Error
RMSE:
RMSE ¼

y  μy
σy

rs ¼ 1 

6∑ni¼1 ½RðX i Þ  RðY i Þ2
nðn2  1Þ

(7)

where n is the sample size and R(Xi), and R(Yi) indicate the positions in the
ranking of the i−th value of the analyzed X and Y variables, respectively,
assumed as untied. This coefﬁcient provides a primary indication of the inﬂuence of selected features on the observed water quality parameters. The
value of rs varies between −1 and 1, with the former indicating variables
perfectly anticorrelated and the latter variables perfectly correlated.
4. Results

(3)

4.1. Exploratory correlation analysis
Since RMSE, as NSE, is insensitive to the bias between measured and
modeled values, we also considered the following two additional metrics.
The percent bias (PBIAS):
PBIAS ¼ 100



∑Ni¼1 ypred,i  ymeas,i
∑Ni¼1 ymeas,i

;

As a preliminary step, the rank correlation analysis between all the
variables was performed, which results are shown in Fig. 2. The grey rectangle evidences the portion of the matrix where drivers (x-axis) and
water quality variables (y-axis) are compared.
All the correlation coefﬁcients were statistically signiﬁcant with
p values lower than 0.05, except for agr and JD with As, coord with SO4,
Y with Tw, and art and Z with DO. The rank correlation matrix shown in
Fig. 2 evidences that arsenic (As) is not correlated to most of the factors,
except for artiﬁcial land use (art, rs = − 0.31), population density (pop,
rs = − 0.13) and measurement year (Y, rs = − 0.19). All these correlations
are weak and the latter suggests a tendency of As concentration to reduce
with time. No seasonality is observed in the signal, given the very low
correlation (rs = − 0.04) with the Julian day (JD). A weak correlation is
shown with the elevation (Z, rs = 0.10) and a slightly stronger one with
the spatial coordinates (coord, rs = 0.29), suggesting a spatially non
uniform release of arsenic. SO4 is weakly correlated with the air
temperature (Ta, rs = − 0.24) and the fraction of agricultural area (agr,
rs = 0.14), while the correlation with As is moderate (rs = 0.48). Similarly,
a moderate correlation is observed also with the electrical conductivity (Ec,
rs = 0.43).
Chloride (Cl) is positively correlated with land use features: agr (rs =
0.45) and art (rs = 0.59) and with the anthropogenic pressure (pop, rs =
0.51), while it is negatively correlated with the spatial coordinates
(coord, rs = − 0.36), elevation (Z, rs = − 0.45) and Julian day (JD, rs =

(4)

and the Kling-Gupta Efﬁciency (KGE) (Gupta et al., 2009):
KGE ¼ 1  ED,
rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

2 
2ﬃ
μ
σ pred
 1 þ μ pred  1 ;
ED ¼ ðr  1Þ2 þ σmeas

(5)

meas

where r is the linear correlation coefﬁcient between predictions and
observations. According to Eq. (5), KGE performs a trade-off between the
following optimal conditions: modeled and observed quantities perfectly
correlated (r = 1), with the same variance (σpred/σmeas = 1) and model
output not biased (μpred = μmeas).
3.2. Data preprocessing and correlation analysis
A salient characteristic of ML is the combined use of different data types,
each one with its range of variability. To avoid bias and other undesired
effects, outliers, here identiﬁed as values exceeding the 99−th percentile
of the empirical probability distribution, are ﬁrst removed, and then the
5
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correlations does not exclude the possibility of signiﬁcant non-monotonic
and mutual correlations that Spearman's correlation analysis is unable to
detect, while ML may actually succeed, as will be highlighted in the following Section 4.2.

4.2. ML techniques performance
A ﬁrst application of the ML models described in the Appendix A was
performed by considering the entire set of drivers as input features. This
was done to evaluate in a comparative way the prediction performances
of the three models for each investigated water quality variable.
Following Raschka (2015), the k−fold cross-validation was used for
hyper-parameters tuning. As described in Section 3.1 the hyperparameters were chosen such as to maximize the mean NSE of the k = 30
folds while keeping low the standard deviation. The mean values of NSE
and standard deviations are displayed in Table 2 for all the three models.
The small standard deviations are indicative of a small variability between
the NSE values of the folds, thereby resulting in a limited parametric uncertainty, i.e., in a small variability of the modeling output among the different
parameterizations obtained with the folds. Similarly, the choice of the
hyper-parameters that produced the highest mean NSE value minimized
the epistemic uncertainty through the identiﬁcation of the structure of
the algorithm that better exploits the information contained in the data.
The hyper-parameters thatproduced the statistics shown in Table 2 were
then used in a new training extended to the entire training set (without folding) with the model parameters optimized by minimizing MSE (Eq. (1)).
The values of the efﬁciency metrics (i.e. NSE, RMSE, PBIAS and KGE)
introduced in Section 3.1 are reported in Table 3 for both the training
and test sets. A visual comparison of NSE values is offered as an example
in Fig. 3. For all the variables, the NSE of the test set is comparable with
the corresponding optimized value of the training set (in some cases, also
indicating better performance). A similar behavior is also observed for all
the other efﬁciency metrics, shown in Table 3 and Figs. S5, S6, and S7 of
the Supplementary Material. Consequently, to facilitate the presentation
of the results, in the following, performances will be discussed by referring
only to the metrics obtained with the test set.
Inspection of Fig. 3 reveals that DNN provided the best performances
with NSE values ranging from 0.6 for DO to 0.89 for Tw. The gain in
using DNN is remarkable for most variables, except DO and Tw, for
which the improvement with respect to LR and RF is minor. Focusing on
the DNN model, we notice that As, SO4, Cl, and Ec show similar performances, with NSE ranging from 0.68 for Cl to 0.78 for As. Tw shows the
best performance with all the models, though DNN is characterized by
the highest NSE of 0.89 with LR and RF reaching the values of 0.84 and
0.83, respectively.
KGE and PBIAS coefﬁcients prove that simulations performed with DNN
are characterized by the smallest biases for all the variables, except for Tw,
which shows the smallest bias with RF, but that obtained with DNN is
however small (PBIAS = 0.08% for RF and 0.47% for DNN). In more detail,
simulations performed with DNN show negligible biases for Ec and DO,
which increase for Tw, As, Cl, and SO4, remaining small in absolute
terms. The largest bias is observed for Cl (PBIAS = 5.64%), which is however smaller than those obtained with RF (PBIAS = 8.35%) and LR (PBIAS

Fig. 2. Correlation Matrix between variables and drivers as introduced in
Section 3.2 (As = arsenic concentration, SO4 = sulfate concentration, Cl =
chloride concentration, Ec = electrical conductivity, Tw = water temperature,
DO = dissolved oxygen concentration, Ta = air temperature, Qm = monthly
averaged water discharge, agr = percentage of agricultural land use, art =
percentage of artiﬁcial land, pop = population density, coord = coordinates of
the station, Z = elevation of the station, Y = year of the measurement, JD =
Julian day of the measurement). Warm and cold colors indicate negative and
positive correlations, respectively, and darker colors indicate stronger correlations.

− 0.23), though less strongly. Furthermore, Cl shows the highest
correlation with Ec (rs = 0.60) and is positively correlated with DO (rs =
0.31) as well.
Importantly, Tw showed to be highly correlated with Ta, which is prodromal to the satisfying performance of the Linear Regression model for
this variable, as discussed later. The high correlation of DO with Tw is expected from physical principles as it is the slightly smaller correlation of
DO with Ta. This is the consequence of the high correlation between Ta
and Tw. It is indeed well known that DO concentration reduces as Tw increases (see, e.g., Stumm and Morgan, 1996). In addition, Tw is weakly correlated with the Julian day. The high negative correlation between
population density and elevation (rs = − 0.91) complicates the attribution
of changes in quality parameters to geology rather than anthropogenic effects, similar to the correlation between agricultural land use and population (rs = 0.77). On the other hand, these correlations help in increasing
the identiﬁability of the relevant drivers, as will be clariﬁed in Section 4.3.
The negative correlations of SO4, Cl, Ec, and DO with Ta are in line with
a similar analysis conducted by Diamantini et al. (2018). Notice that in
Diamantini et al. (2018) the rank correlation was computed separately at
each sampling location, and Fig. 5 of their work showed the mean value
in qualitative terms, while in the present work, it was computed for the entire merged time series.
These observations suggest that Tw and DO should be adequately predicted by classical LR models, with the features showing the highest correlations. Instead, chemical water quality variables are only weakly
correlated or not, with the drivers, thereby anticipating that the LR model
may not be suitable for these variables. However, the lack of evident

Table 2
Mean values ± standard deviation of NSE coefﬁcients obtained in the cross-validation phase, computed over k = 30 folds of the training set, the latter composed of 70
% of the available data.

As
SO4
Cl
Ec
Tw
DO

6

LR

RF

DNN

0.40 ± 0.022
0.23 ± 0.020
0.53 ± 0.012
0.46 ± 0.013
0.84 ± 0.003
0.54 ± 0.004

0.69 ± 0.014
0.54 ± 0.030
0.61 ± 0.013
0.56 ± 0.022
0.83 ± 0.003
0.53 ± 0.005

0.84 ± 0.008
0.76 ± 0.013
0.78 ± 0.012
0.80 ± 0.008
0.89 ± 0.003
0.63 ± 0.009

M.G. Zanoni et al.

Science of the Total Environment 838 (2022) 156377

Table 3
PBIAS, RMSE, NSE and KGE values for training and test sets for each water quality variable and the three models: LR, RF and DNN. The RMSE values are reported in the unit of
measurement of the corresponding variable (mg/L for As, SO4, Cl and DO, μS/cm for Ec, and oC for Tw).
NSE

KGE

Training set

As
SO4
Cl
Ec
Tw
DO

Test set

Training set

Test set

LR

RF

DNN

LR

RF

DNN

LR

RF

DNN

LR

RF

DNN

0.29
0.20
0.44
0.44
0.84
0.54

0.51
0.54
0.57
0.54
0.83
0.53

0.76
0.74
0.76
0.80
0.90
0.62

0.33
0.20
0.48
0.42
0.84
0.54

0.56
0.58
0.51
0.47
0.83
0.51

0.78
0.75
0.68
0.76
0.89
0.60

0.35
0.23
0.57
0.55
0.88
0.62

0.52
0.57
0.61
0.53
0.85
0.57

0.77
0.77
0.79
0.83
0.92
0.69

0.38
0.24
0.53
0.56
0.87
0.61

0.56
0.61
0.57
0.48
0.85
0.55

0.80
0.77
0.73
0.83
0.91
0.66

PBIAS [%]
Training set

As
SO4
Cl
Ec
Tw
DO

RMSE
Test set

Training set

Test set

LR

RF

DNN

LR

RF

DNN

LR

RF

DNN

LR

RF

DNN

15.30
5.76
6.16
1.23
0.00
0.26

10.69
3.94
6.61
1.55
0.10
0.31

5.67
2.39
3.29
0.56
−0.01
0.23

12.34
5.60
7.38
0.67
−0.23
0.07

5.13
2.29
8.35
1.72
0.08
0.13

2.93
1.97
5.64
0.01
0.47
−0.01

0.0017
15.83
2.00
48.25
1.67
0.84

0.0014
12.02
1.75
43.50
1.73
0.85

0.0010
8.99
1.30
29.14
1.35
0.76

0.0016
15.20
1.89
51.06
1.67
0.84

0.0013
11.00
1.84
48.49
1.73
0.87

0.0009
8.49
1.49
33.08
1.35
0.78

DNN. Simulated variables of the test set with DNN are then compared
with the measurements in Figs. 4 and 5.
In the left panels of Fig. 4 the simulations by DNN (continuous blue line)
are compared with the observations (orange bullets). The time series was
composed by sequentially merging the test set time series of all available
sampling sites, as detailed in Section 3.1. The overall behavior is well captured by DNN for all the water quality variables, even though a tendency to
smooth the variability emerges from visual inspection of the left panels.
However, the bias is slight to negligible, as demonstrated by the low values
of the PBIAS metric reported in Table 3, and the small to insigniﬁcant asymmetry around the 1:1 line in the scatterplots of measured versus predicted
values as shown on the right panels of Fig. 4. The smoothing was somewhat
expected, given that DNN is regression-based like the other models. Still,
the improvement in terms of both bias and prediction errors compared to
the classic LR method is remarkable, as clearly shown in Table 3.
The tendency of DNN of smoothing the time series is better evidenced in
Fig. 5 where the measured data are presented in ascending order (ranked)
with the simulated values reordered such as to maintain the temporal correspondence. This arrangement of the data allows appreciating the model's
accuracy, and it better evidences the tendency to underestimate high concentrations and overestimate low ones, with DO being the variables more
affected by smoothing.
Notice in Fig. 5 (second panel from the top in the left column) the
staircase behavior of Cl measurements for small to medium concentrations. This somewhat non-physical behavior occurs because Cl measurements in the northern portion of the watershed are available at a
resolution of 1 mg/l, which partially justiﬁes the lower NSE of Cl with
respect to the other variables. A similar behavior is observed for As at
intermediate concentrations. Speciﬁcally, the measurement resolution
for As varies between the two Provinces. The Autonomous Provinces
of Trento and Bolzano collected the measurements with a resolution
of 0.0001 mg/L and 0.0005 mg/L, respectively. This leads to a staircase
behavior of As above 0.002 mg/L, which is indeed the minimum value
detected in Bolzano. The other variables, except DO, are reproduced
by DNN with a less pronounced smoothing and smaller oscillations of
the predicted values around the measured ones.

= 7.38%). The good performance of DNN in terms of both RMSE (Eq. (3))
and bias (Eq. (4)) is summarized by the high values of the KGE (Eq. (5)) in
both the training and the test sets for all the investigated variables.
Finally, it can be observed, by comparing the rank correlation matrix of
Fig. 2 with the performance indices of Table 3, that variables showing the
highest rs coefﬁcients, namely Tw (rs = 0.90 with Ta) and DO (rs = −
0.65 with Ta), are also those with the smallest reduction in performance
when LR is used instead of DNN. The other variables are characterized by
much lower absolute values of rs and consistently their LR performances
are much poorer than those obtained by using DNN for all the metrics:
the largest loss of performance of LR with respect to DNN is observed for
As and SO4, which are the variables with the smallest absolute values of rs
(Fig. 2). Nonlinearity in ReLU transformation and the ﬂexibility in exploring connections between the variables are the ingredients that allowed
DNN to learn the complex relationships between drivers and water quality
variables that the LR model cannot resolve.
The metrics shown in Table 3 lead to the conclusion that the model providing the best performances for all the variables and efﬁciency indexes is

4.3. Importance features assessment
ML is particularly ﬂexible in dealing with a multiplicity of drivers, but
on the other hand, more drivers also mean a larger risk of overﬁtting.
Under the likely hypothesis that not all the drivers have a comparable
inﬂuence on the modeled variables, the existence of an optimal selection

Fig. 3. NSE coefﬁcients of the six water quality variables for the Linear Regression
(LR), Random Forest (RF) and Deep feed-forward Neural Network (DNN) models.
Dark and light bars refer to training and test sets, respectively.
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Fig. 4. Comparison between experimental data and DNN predictions for the six water quality variables and with reference to the test set. The left panels show the sequence of
instances obtained by merging the time series of all the sampling sites, and the right panels show scatterplots of observed versus predicted values, with the dashed lines
indicating the perfect match.

The NSE obtained in both training and test sets are shown for all conﬁgurations and models in Fig. 6, with the box at the bottom indicating the
combination of drivers adopted in each case. NSE indexes for each model
and investigated conﬁguration are similar between training and test sets,
thus conﬁrming the reliability of previously presented hyper-parameters
tuning. As expected, the highest values of NSE are obtained for each
water quality variable by considering all the drivers (“Full” conﬁguration),
which coincide with those reported in Table 3 and displayed in Fig. 4.
In general, RF and DNN performed better than LR for all driver conﬁgurations. The difference between RF and DNN is small for Tw and DO
but appreciable for all the other water quality variables. As expected,
for LR, a signiﬁcant performance improvement occurred with the inclusion of the drivers showing the highest rank correlation with the variable of interest. For As, Cl, and Ec, these are pop, agr, and art.
Differently, for Tw and DO, a signiﬁcant improvement was obtained
when Ta was added to the drivers.
The highest difference in the performance of RF and DNN with respect
to LR, occurred when only the spatio-temporal information (“SpT” conﬁguration) was included. For both models, NSE increases with the number of
drivers, but the way this improvement occurs depend on the variable.

of drivers is arguable. Under this perspective, in this section, we analyze the
relative importance of the features identiﬁed as potential drivers of change
in water quality variables to identify the most inﬂuential ones. We started
with a ﬁrst model using the spatial information (“Sp”) solely, i.e. coordinates (coord) and elevation (Z) as drivers. A spatio-temporal (“SpT”)
model was then developed by adding as features the Julian day (JD) and
the year of the samplings (Y). Successively, the monthly water discharge
Qm, which epitomizes dilution, was added (“SpT + Qm”), and subsequently also the air temperature Ta (“SpT + Qm + Ta”). In the last
stage, population density (pop) and the percentages of agricultural and
artiﬁcial land use, agr and art, were added, leading to a conﬁguration
employing the complete set of drivers (“Full”), which resembles the
structure discussed in Section 4.2.
The three models, LR, RF, and DNN, were then applied with
reference to the aforementioned ﬁve conﬁgurations by using the same
hyper-parameters set-up used for the Full conﬁguration. Given the
different number of input features, all the models were retrained on
the training set for each investigated conﬁguration and the models parameters optimized. As before, reliability was then evaluated with reference to the test set.
8
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Fig. 5. Comparison between measured variables and DNN simulations, for each
investigated water quality variable and with reference to the test set. The
measured values are depicted in ascending order (dashed cyan line), while the
grey line shows the DNN simulations of the corresponding instance. Notice that
the abscissa of all the panels represents the position assigned to the observed
values from the smallest to the largest one in the ordered series of the test set. The
NSE coefﬁcients between measured and modeled values are also displayed inside
the panels.

Both Tw and DO showed a remarkable improvement when temporal information was added to the spatial one (“SpT” conﬁguration), with only a
small further gain obtained when the other drivers were added. Indeed,
NSE increased from 0.81 to 0.89 and from 0.60 to 0.61 for Tw and DO, respectively, when Ta was added to the drivers used in the DNN model.
Figs. 7a and b show the Quantile-Quantile (Q-Q) plots of DO and Ta, respectively, with the quantile of the ﬁtted normal distribution shown in the
abscissa and that of the sample in the ordinate. Three samples were considered: the measured values (grey triangles) and the modeled values obtained
by using DNN with the spatial information “SpT” (red dots) and the spatial
information supplemented by the air temperature “Sp + Ta” (blue
squares), respectively. Transformed and normalized values are shown in
the ﬁgures. These plots allow checking separately the correspondence of
the models with the measurements and the departure from normality of
the transformed data. The objective here is to compare the performance
of the “SpT” model with a new model obtained by replacing the time information with air temperature. We indicate this new alternative model with
“Sp + Ta”. The inclusion of air temperature in place of time information
(i.e., JD and Y), causes only a slight modiﬁcation of the model's accuracy,
as shown by the small difference between the red and blue quantile curves
of Figs. 7a and b. Inspection of these ﬁgures reveals that temporal information (the Julian day and the year of the measurements) is capable to predict
DO and Tw, at comparable accuracy to air temperature. This is also conﬁrmed by the small differences between the NSE values of the test set for
Tw and DO under these two conﬁgurations. Indeed, “Sp + Ta” conﬁguration leads to NSE coefﬁcients of 0.84 and 0.50 for Tw and DO respectively,
with the corresponding NSE indexes for the “SpT” conﬁguration being 0.81
and 0.56. These small differences allow concluding that the time of

Fig. 6. NSE values for the three models and for all the six water quality parameters,
evaluated with reference to different conﬁgurations of drivers. The various
combinations of drivers employed for each conﬁguration are detailed in the box
at the bottom.

sampling (JD + Y) may be used in this case as a surrogate of air temperature, which, however, given the higher value of NSE, is a slightly better descriptor of the observed variability.
5. Discussion
The analysis presented in Section 4.3 identiﬁed the drivers exerting the
major inﬂuence on the selected water quality variables and the drivers'
combination that explains most of their variability. This assessment is important because reducing the number of parameters renders the model
less prone to overﬁtting (see, e.g., Liu et al., 2022). An alternative approach,
often used in Artiﬁcial Intelligence applications, is to transform the drivers
through Principal Component Analysis (PCA), a powerful complexity reduction technique. However, PCA transforms the input signals by combining them such that the identiﬁcation of the most inﬂuential drivers is no
longer possible. This is a drawback, since the identiﬁcation of the most inﬂuential drivers is key for the hints it provides in developing an effective
strategy for improving river water quality.
For all the six water quality variables considered in the present work,
DNN detected the nonlinear relationships between drivers and variables
of interest better than RF, though both performed better than LR when a
limited number of drivers were used. A peculiarity that differentiates the
present work from previous contributions is the use of the same model for
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higher than that of the air. However, the slight improvement of the NSE
values when air temperature is added in both the RF and DNN models
(Fig. 6) indicates that variations of air temperature at the daily time scale
have an inﬂuence on water temperature, but much smaller than the effect
of changes at the seasonal scale. The nonlinear dependence between
water temperature and seasonality is in line with results recently proposed
by Toffolon and Piccolroaz (2015) and Piccolroaz et al. (2016).
As shown in Fig. 6 and discussed in Section 4.3 both RF and DNN perform better than LR in modeling the other four water quality variables
(As, SO4, Cl and Ec) for all the driver combinations. When only the spatial
information (“Sp”) is employed as driver, moderate values of NSE are obtained, and this highlights a fundamental difference with Tw and DO,
which are characterized by NSE values close to zero, and thereby are insensitive to the spatial information. The inﬂuence of spatial coordinates hinges
on the lithological characteristics of the drainage area and possibly on the
distribution of the human activities, both potential sources of the above dissolved species, which jointly affect Ec. Indeed, As, SO4, and Cl are all present in igneous and sedimentary rocks, to a different extent depending on
the lithology (see, e.g., Freeze and Cherry, 1979, ch. 3), and are also dissolved in both surface runoff and treated and untreated waste waters
from urbanized areas (Bhattacharya et al., 2007). In this respect, our results
contribute in closing the research gap evidenced in the recent review by
Tiyasha et al. (2020), which highlighted the limited use of ML algorithms
to investigate sulfate or chloride dynamics in riverine environments (only
4 out of the 209 investigated papers adopted a ML algorithm). Most importantly, none of the reviewed studies employed ML techniques to simulate
arsenic concentration in rivers.
Typical concentrations of SO4 in freshwaters, due to the cumulative contribution of rocks and soils weathering as well as precipitations and atmospheric depositions, are in the range of 2 ÷ 80 mg/l (see, e.g., Chapman,
1992, chs. 3 and 6). Marine aerosols also deposit Cl, causing concentrations
usually lower than 10mg/L. In the Adige river, the concentrations of SO4
were always in the aforementioned range, except for a site in the northwestern portion of the basin, where a concentration of 105mg/l was observed in
summer (see Fig. S2 in Supplementary Material). On the other hand, the
concentrations of As were not exceeding 0.008mg/L, and the sites reporting
the highest values are located in the northwest portion of the basin and
along the main stem of the Adige river, close to the city of Bolzano (see
Figs. S1, S2, S3, and S4 in the Supplementary Material). These concentrations are compatible with the hypothesis of a dominating geogenic origin
of As, SO4 and Cl, provided that lithology is also compatible. To verify
this we performed a careful inspection of local grey literature and geological maps of the area (https://www.isprambiente.gov.it/Media/carg/note_
illustrative/60_Trento.pdf). The analysis revealed that lithologies containing As and SO4 are widespread in the Adige catchment but limited in extension. For example, isolated deposits of gypsum have been identiﬁed in the
Avisio valley, one of the main tributary of the Adige river (Antolini,
1984), and in the northern part of the river basin (Perna, 2003), and pyrite
was identiﬁed in several locations within the catchment (see, e.g., Maiello,
2006; Cozzi, 2019). The observed concentrations are thereby consistent
with the hypothesis of a natural or geogenic origin, though additional contributions by anthropogenic sources cannot be excluded, owing to the relatively high population density of the region. Differentiating geogenic and
anthropogenic sources of SO4 is possible through isotopic analysis
(Cortecci et al., 2002), but unfortunately, this information was not available
in the Adige river basin.
Finally, the concentration of Cl was always below 12mg/l, with most of
the sites reporting concentrations smaller than 10mg/l and showing a positive gradient from North to South in all seasons (see Figs. S1, S2, S3, and S4
in the Supplementary Material), thereby suggesting atmospheric deposition
as the main source of Cl in the Adige waters.
The combined analysis of river basin lithology and concentration
levels identiﬁed a likely geogenic origin of As, SO4 and Cl, but at the
same time, it cannot exclude an anthropogenic inﬂuence. In fact,
when the information on the population and land use was added, moving from the fourth to the ﬁfth conﬁguration level (see Fig. 6), an

Fig. 7. Quantile-Quantile plots of the samples and the ﬁtted normal distribution for
a) the dissolved Oxygen (DO) and b) the water temperature (Tw) in their
transformed and normalized form. The three curves refer to the sample of
measured test set values (grey triangles) and the corresponding samples obtained
by the “SpT” (red dots) and the “Sp + Ta” (blue squares) DNN models. The
normal distribution, used as a reference, was ﬁtted to the three data sets by the
Maximum Likelihood method.

all the sampling sites. In doing that, we obtained a regional model, which
can be applied at unsampled locations within the same region, owing to
the inclusion of spatial coordinates and space-dependent variables as
drivers. The NSE values we obtained with the six regional models are in
line with those of existing studies that utilized site speciﬁc models (see,
e.g., Anmala and Venkateshwarlu, 2019; Chen and Liu, 2014; Shah et al.,
2021; Green et al., 2021; Shamshirband et al., 2019), though some of
them resulted in a slightly poorer ﬁt, i.e. smaller NSE values (see,
e.g., Nemati et al., 2015; Al-Mukhtar and Al-Yaseen, 2019; Zhu et al.,
2019). In general, our models were successful in capturing the spatial and
temporal dynamics of the six variables and these payoffs, together with
the possibility to perform simulations at unsampled locations, the slight reduction of NSE coefﬁcients resulting from using the same regional models
for all the sampling sites.
Figs. 6 and 7 show that when either RF or DNN was chosen, the most inﬂuential driver of water temperature is the air temperature, but that the
date of sampling (Y plus JD), surrogates for this information. This is not
the case for LR, given that the model “SpT” (spatial plus temporal information) results in a much poorer reproduction of the water quality variables
than with RF and DNN. Similar considerations can be drawn for Dissolved
Oxygen. This evidences that seasonality and air temperature carry similar
information, but that only RF and DNN are able to distill it from the date
at which the sample is taken. The dominance of seasonality on water temperature is the consequence of the buffering effect of the water against
changes in air temperature due to a speciﬁc thermal capacity four times
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behavior, particularly in the northwest and south of the basin and in the
Isarco valley. The negative Spearman correlation between SO4 and Ta,
shown in Fig. 2, does not invalidate this interpretation because it was
performed by considering the daily air temperature time series, which
oscillate wildly, while weathering processes are expected to be sensitive
to cumulate annual or seasonal temperatures. As already commented
above, the inclusion of anthropogenic drivers (“Full” model) leads to a
noticeable increase of NSE for both DNN and RF.
The role of the drivers in shaping As concentrations is more balanced.
The predominant role of the spatial information remains, though with a
NSE smaller than for SO4 (NSE ≃ 0.35). However, differently from SO4
the impact of stream ﬂow (Qm) is evident (when DNN is used, less for
RF), suggesting that dilution plays a role in controlling As concentration.
The weakly negative Spearman correlation between Qm and As shown in
Fig. 2 is compatible with this interpretation. The noticeable increase of
NSE when population and land use information were added to the DNN
model suggests the presence of anthropogenic sources. However, no improvements were observed when the RF model was used, and local grey literature identiﬁed cases in which As is of geogenic origin, but without
excluding a possible anthropogenic contribution (see, e.g., Fuganti et al.,
2005). These somewhat divergent conclusions with respect to our analysis
can be due to the inherent local scale at which this study was conducted.
Cl shows a behavior similar to that of As with land use, population density, and time of sampling exerting the larger effects on its concentration.
The noticeable increase of NSE observed in Fig. 6 when the temporal information is added (“SpT” model) is in line with the hypothesis that a large

appreciable increase of the NSE value was observed for all the variables,
except for Tw and DO, as discussed above. This reveals an anthropogenic signature in the spatial and temporal concentration distributions
of As, SO4, and Cl. In other words, the analysis performed by separating
the drivers revealed that the monitored dissolved species are of
geogenic origin, but that they are also inﬂuenced by the human activities, of which the population density and land use are a proxy. In this respect, both RF and DNN behave similarly, except for As, for which the
improvement is observed only when DNN is used. On the other hand,
LR is characterized by much smaller NSE values, with a reduction of efﬁciency larger for As and SO4, than for the other variables.
In the following we focus on the role of the single drivers in the observed dynamics of SO4 and As. Both RF and DNN models of SO4, obtained by including only the spatial information (“Sp” model),
produced NSE values close to 0.5. The progressive inclusion of the temporal information, streamﬂow, and air temperature did not provide any
noticeable beneﬁt for RF, while for DNN the values NSE increased from
0.46 to 0.51, when temporal information was added, remained constant
after the inclusion of stream ﬂow (no beneﬁt), and increased to NSE =
0.64 after the addition of air temperature. A dependence of SO4 concentration on air temperature was observed by Todd et al. (2012) and
Crawford et al. (2019) for the Alpine environment. They attributed
this dependence to the more rapid weathering rate of rocks and soils
at the higher temperatures caused by global warming. This is conﬁrmed
by the insets of Fig. 8 where the aggregated temporal trends of SO4 and
Ta, characteristics of the main sub-catchments, show an almost parallel

Fig. 8. Temporal trends of SO4, As, and Ta averaged across speciﬁc zones of the Adige River Basin.
11

M.G. Zanoni et al.

Science of the Total Environment 838 (2022) 156377

CRediT authorship contribution statement

fraction of Cl has marine origin through the deposition with the precipitations (Gabrielli et al., 2006). The tendency of Cl concentrations to increase
along the main stem of the Adige river (see Figs. S1, S2, S3, and S4 in the
Supplementary Material) is consistent with the North-South trend for the
precipitations in the region as reported by Mallucci et al. (2019) and
Borsato et al. (2007). Furthermore, the similar increase of NSE occurring
when the information on population and land use was added suggests a signiﬁcant anthropogenic inﬂuence, particularly along the main stem of the
Adige river, where the larger concentrations of Cl have been detected and
population density is the highest of the river basin.
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6. Conclusions
We compared two ML algorithms, namely Random Forest and Deep
feed-forward Neural Network with Linear Regression, assessing their performance in modeling As, SO4, and Cl concentrations and a few physical parameters: Ec, Tw and DO in a number of sampling locations within the
Adige River catchment. The six water quality variables were modeled independently by using for each of them the same model structure, thereby creating six regional models and obtaining a common ground for the analysis
of the relative importance of the drivers.
Random Forest and Deep feed-forward Neural Network performed better than the Linear Regression model for all the water quality parameters.
The comparison between DNN and RF showed that the former is more ﬂexible and effective in detecting non-linear relationships and therefore is preferable in modeling the investigated water quality variables. LR performed
similarly to RF for both water temperature and dissolved oxygen when all
the drivers are included but with the largest inﬂuence exerted by the air
temperature. This is in line with the preliminary data analysis, which
showed a relatively high rank correlation between air temperature and
both water temperature and dissolved oxygen.
The learning process was repeated by progressively adding the drivers
from the mere inclusion of the spatial coordinates and elevation, then supplemented by the time at which samples have been taken, which brings information on seasonality, the streamﬂow, the air temperature and ﬁnally
population density and soil use. This analysis highlighted that for both
Tw and DO, the most inﬂuential driver is air temperature, but that timing
of the measurements (Year and Julian day) is a very effective surrogate
when air temperature is not available. However, in this case, DNN should
be used and the inclusion of air temperature produced a further, though
slight, improvement. This leads to the conclusion that water temperature
and variables strictly depending on it, such as DO, can be predicted with
good accuracy by using only the information provided by the day of sampling (which reﬂects the seasonality of the signal, possibly because of the
buffering effect of water), but that only DNN and, to a lesser extent, RF
are able to distill this information, owing to their capability to unveil nonlinear behaviors.
For the other water quality variables (As, SO4, Cl, and Ec), RF and DNN
performed remarkably better than LR at all the levels of information introduced by the drivers. For these variables, the inﬂuence of the drivers is
more balanced than for Tw and DO. A clear geogenic origin is observed
with anthropogenic disturbance that inﬂuences the spatial and temporal
variability, given that the addition of population density and land use information prompted an increase of NSE for all these variables. The inclusion of
isotopic data is expected to help in this, though they are rarely available to
an amount sufﬁcient to be effective in ML applications. As epitomized by
streamﬂow, dilution has a low impact on these variables, except for As,
probably due to its uneven release within the catchment.
The proposed analysis with different combinations of drivers can be applied to identify the external forcing exerting the most relevant impacts on
the dynamics of water quality variables. However, disentangling their effect is complicated by the interdependence of the drivers. Nonetheless,
ranking the drivers by their importance and deducing their synergistic effects is key to identifying policy actions aiming to reduce pollution according to the EU Water Framework Directive.

Acknowledgments
This research was partially supported by the Italian Ministry of Education, Universities and Research (MIUR) under the Departments of Excellence, grant L.232/2016. Streamﬂow and meteorological data were
provided by the Hydrological and Meteorological Ofﬁces of the Autonomous Provinces of Trento (http://www.ﬂoods.it/public/index.php) and
Bolzano (http://www.provincia.bz.it/hydro/index_i.asp). Water quality
data were provided by the Environmental Protection Agencies of the Autonomous Provinces of Trento (http://www.appa.provincia.tn.it) and Bolzano (http://www.provincia.bz.it/agenzia-ambiente/).
Appendix A. Machine Learning and Linear Regression modeling
A.1. Random Forest regression model
A Decision Tree (DT) algorithm automatically subdivides a dataset by
employing decision rules on the target variable. The tree is grown through
optimal splits, obtained by minimizing the MSE metric (Eq. (1)) between
prediction and measured values (Breiman, 2001). The splits of the decision
nodes are repeated until the tree reaches a given depth, or the leaves
(i.e., the outcomes of the model) are pure (end node with a threshold
value that includes just a single observation). The tree may also be pruned,
removing sections or nodes with low explanatory power to reduce the
model's complexity level (Breiman, 2001).
Random Forest (RF) regression is an ensemble of multiple DTs, applied
to a bootstrap resampling (random sampling with replacement), usually
with a size set to 2/3 of the training dataset (Breiman, 2001; Raschka,
2015). In each DT, the nodes are split with a randomized subset of the available features to maximize the accuracy. The prediction value of a given
measurement obtained by each DT is saved, and then the RF prediction is
computed as the unweighted average of the modeled values over all the
DTs. In doing that, a stronger learner is built starting from the combination
of weak learners (Breiman, 2001; Raschka, 2015). Indeed RF is less sensitive to outliers than the standard DT process and typically provides a better
generalization performance given the randomness of the selection process
of both features and bootstrap resamples (Raschka, 2015). Furthermore,
RF is appealing because of its capability to exploit non-linear relationships
among data, which LR cannot identify.
The most critical hyper-parameters for this algorithm are the number of
decision trees, the maximum depth, and the minimum leaf sample, in the
present work ﬁxed as 18, 3, and 20, respectively. These values were set
by repeating the k−fold analysis presented in Section 3.1 with the number
of decision trees, maximum depth, and minimum samples for leaves in the
ranges 1–50, 1–20, and 1–50, respectively. The selected parameters indicated above provided the best combination of NSE values in the training
and validation sets, as described in Section 3.1. Given the number of maximum depth of layers ﬁxed to 3, each DT can only use for classiﬁcation a subset of 3 randomly selected features. The RF model was implemented by
using the python package scikit-learn (Pedregosa et al., 2011).
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where NT is the training sample size and K is the number of parameters used
in the regression. The ﬁrst right-hand side term of Eq. (A.2) is a measure of
the goodness-of-ﬁt of the model, while the second term penalizes the complexity of the models. For NT > > K, the second right hand term simpliﬁes to
2K.
As observed by Zhao et al. (2008) the strong dependence of AIC on the
sample size may lead to a suboptimal choice of the model (see also,
Burnham and Anderson, 1998):

A.2. Deep feed-forward Neural Network model
A typical ANN is composed of layers and nodes, the latter called neurons. The transfer of the information among the layers occurs at the
level of the neurons, which transform a combination of input signals arriving from the upstream layer through a non-linear activation function,
thereby operating sequentially (moving forward) from the input layer
to the output layer (Chollet, 2018; Goodfellow et al., 2016). Hence the
ANN acts as a dynamic ﬁlter, which distills the information progressively through the various layers and ﬁnally provides the prediction in
the output layer. The structure of the network and the connections
(e.g., activation functions, number of hidden layers, and neurons)
need to be decided in advance by the modeler, representing the
hyper-parameters. Instead, the neurons' weights are obtained by minimizing the MSE metric given by Eq. (1).
We implemented a Deep feed-forward Neural Network, which is an
ANN with dense (fully) and unidirectional interconnection between the
neurons, with more than one hidden layer. For the input layer, we considered nine neurons, each one receiving one of the nine drivers introduced
in Section 2.2 (JD, Y, coord, Z, Ta, Qm, agr, art, pop). While the output
layer is composed of a single node, representing the prediction of the target
water quality variable. When less than nine drivers are used (see Section 4),
the number of neurons reduces, and so the number of parameters, thereby
reducing overﬁtting and increasing regularization.
Hyper-parameters were selected evaluating the loss score function during the training step and the NSE index in the k−fold cross-validation procedure. Speciﬁcally, for the activation function, we chose the Rectiﬁed
Linear Unit function (ReLU) (Goodfellow et al., 2016; Glorot et al., 2011):
gðzÞ ¼ max ð0, zÞ

λi ¼

ðΔm Þi ¼ 1 þ

Δi
β
Δmax

(A.4)

with Δi = AICi − AICmin being the difference between the AIC coefﬁcient of
the i−th model and the minimum one, and Δmax the Δi value for the worst
DNN conﬁguration. Finally β = σmax − σmin, where

σi ¼

vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

2
u
u∑N yi
t j¼1 pred,j  μipred

(A.5)

N

and σ min ¼ min σ i and σ max ¼ max σ i . In Eq. (A.5) yipred, j is the predicted j

(A.1)

i ∈ S

i ∈ S

−th value of the target variable y performed with the i−th model and
μipred is the average of all the predictions performed with the same model.
Fig. A.9 shows λ for the various combinations of 1, 2, and 3 hidden
layers (hl) and 9, 18, and 27 neurons for each of the six investigated
water quality parameters: As, SO4, Cl, Ec, Tw and DO. We remark that a
model with a larger λ is statistically preferable to a model with a smaller
λ. Given this, we selected a network with two hidden layers and 9 neurons
for each layer since it produced the largest λ for almost all the water quality
parameters (see red symbols in the Fig. A.9), except for As. This architecture
of the DNN model was the only considered in the following operations,
from the regression with the complete set of drivers to the Importance Features Assessment (in this second step, the input neurons will change according to the features employed in the regression, but the neurons in the
hidden layers remain 9).
A.3. Linear Regression model
A possible simple and broadly employed alternative to the above ML algorithms is the classical Linear Regression (LR) model. In the present work,
we also considered this model to better evidence the advantage offered by
ML techniques with respect to an algorithm of comparable complexity,
widely used in interpreting environmental data. LR seeks for an optimal linear relationship between a dependent variable, y, and a number of independent variables xi, i = 1, …, m, called regressors, assumed reciprocally
independent:

A.2.1. AIC for DNN model selection
A sufﬁcient number of neurons are required to learn from the data properly, but, on the other hand, exceeding their number leads to overﬁtting. AIC
or other criteria (such as Bayesian Information Criterion, for example) allow
to rationally choose among competing models with a different number of
parameters (Zhao et al., 2008; Panchal et al., 2010; Hou et al., 2018).
Since one of the main objectives of this work is to investigate the role of
the drivers predicting the Adige water quality dataset, we opted for using
a ﬁxed DNN architecture for all the variables.
For the conventional least-squares regression with normally distributed
errors and for a small sample size (where the ratio NT/K is lower than 40),
AIC is given by the following expression (Sugiura, 1978):

2 !
T
∑Ni¼1
ypred,i  ymeas,i
2K N T
þ
NT
N T  ðK þ 1Þ

(A.3)

where i indicates the i−th model of the ensemble S of models (with size
equal to m) obtained by the combination of different numbers of hidden
layers and neurons, and

where z is the input signal processed by the activation function in each neuron, in other words, the sum of each unit of the precedent layer with the corresponding weight and the bias unit. Afterward, the choice of the number of
hidden layers and neurons was performed according to Akaike's Information
Criterion (AIC), as described in Appendix A.2.1, which penalizes network
complexity through a regularization term. The application of the Akaike information criterion in ML learning was discussed in Zhao et al. (2008),
among others. The optimal structure of the network, according to the Akaike
information criterion, was composed of two hidden layers, each one formed
by nine neurons, in addition to the input and output layers (see Fig. A.9). Finally, the weighting coefﬁcients were obtained by minimizing the MSE
(Eq. (1)) between predicted and observed water quality parameters by
means of the Adam optimizer; an algorithm designed explicitly for highdimensional parameter spaces problems (Kingma and Ba, 2014). Kingma
and Ba (2014) showed that the Adam optimizer performed better than
other stochastic regularization techniques. The DNN model was implemented with the deep-learning library Keras, developed in Python
(Chollet, 2018).

AIC ¼ N T ⋅ log

1=ðΔm Þi
∑mj¼1 1=ðΔm Þj

m

y ¼ w0 x0 þ w1 x1 þ . . . þ wm xm ¼ ∑ wi xi

(A.6)

i¼0

where w1, …, wm are the regression coefﬁcients (i.e., the weights that
should be optimized). Eq. (A.6) envisions a multiple linear relationship between the dependent variable and the regressors. In this work, the independent variables xi are the regressors (or drivers) described in Section 2.2. The
LR model was implemented by using the python package scikit-learn
(Pedregosa et al., 2011).

(A.2)
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Fig. A.9. Lambda weights for the DNN model related to the AIC for each investigated water quality variable, considering different numbers of hidden layers (hl as reported in
the x-axis) and neurons (displayed with different colors and lines). (For interpretation of the references to colour in this ﬁgure, the reader is referred to the web version of this
article.)
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