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A B S T R A C T   

Study region: Northeastern Iran. 
Study focus: In northeastern Iran, water needed for municipal and agricultural activities mainly 
comes from groundwater resources. However, it is subject to substantial anthropogenic and 
geogenic contamination. We characterize the sources of groundwater contamination by 
employing an integrated approach that can be applied to the identification of large-scale 
contamination sources in other regions. An existing dataset of georeferenced water quality pa-
rameters from 676 locations in northeast of Iran was analyzed to investigate the geochemical 
properties of groundwater. Gridding of the parameters graphically illustrates the areas affected by 
high concentrations of As, Cl− , Cr, Fe, Mg2+, Na+, NO3

− , Se, and SO4
2-. We then identified po-

tential anthropogenic and geogenic contamination sources by employing random forest (RF) 
regression modeling. 
New hydrological insights for the region: Random forest (RF) models show that the major ions, As, 
Cr, Fe, and Se content of groundwater are mainly determined by geology in the study area. 
Modeling also links groundwater NO3

− contamination with sewage discharge into aquifers as well 
as the application of nitrogenous and animal-waste fertilizers. Areas of high salinity result from 
evaporate deposits and irrigation return flow. Medium to high non-carcinogenic health risk is 
found in areas with high concentrations of geogenic As and Cr in groundwater. Our approach can 
be applied elsewhere to analyze regional groundwater quality and associated health risks as well 
as identify potential sources of contamination.   

1. Introduction 

Many parts of Iran, like other arid/semi-arid regions, rely on groundwater to satisfy its drinking, agricultural and industrial water 
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needs (Joodavi et al., 2015; Ashraf et al., 2021). Therefore, poor groundwater quality/groundwater pollution threatens water and food 
security in Iran. The chemical constituents of groundwater are determined mainly by the physical and chemical properties of an 
aquifer’s saturated and unsaturated zones, residence time and recharge type (Khanoranga and Khalid, 2019). The geochemical con-
ditions of an aquifer can result in high concentrations of various elements that are detrimental for human health such as As, Cd, Cr and 
F (Appelo and Postma, 2005). Anthropogenic activities can also introduce various pollutants of ions and trace metals to groundwater, 
for example through agricultural and industrial activities as well as human settlements (Barbieri et al., 2019; Ricolfi et al., 2020). 

The presence of different potentially toxic elements (PTEs) in groundwater originating from geological formations and human 
activities is reported in some of Iran’s sub-basins (Baghvand et al., 2010; Amiri et al., 2015; Dehbandi et al., 2017; Rezaei et al., 2018; 
Dehbandi et al., 2019; Hamidian et al., 2019; Heydarirad et al., 2019; Qasemi et al., 2019; Zendehbad et al., 2019; Sohrabi et al., 2020; 
Amiri et al., 2021a, b) 

Most groundwater quality studies use geochemical methods and approaches to interpret geochemical reactions along groundwater 
flow paths and to recognize geochemical patterns in an aquifer or a watershed (local-scale studies). However, identifying both the 
anthropogenic and natural sources of PTEs in groundwater can be challenging in large-scale studies of broad geographical areas where 
there are different geological and hydrogeological conditions and large gaps in testing locations. As a way to help resolve this, geo-
statistical models such as logistic regression and random forest have been used to relate various environmental parameters to 
contaminant concentrations in groundwater and allow to create the groundwater contamination hazard maps (Bretzler et al., 2017; 
Podgorski and Berg, 2020; Wu et al., 2020). 

This study provides a new application of geostatistical models for contamination source identification in groundwater resources 
through considering multiple parameters (salinity, nitrate and toxic elements) and different pollution sources. 

In this paper, we present a combined approach in the large-scale identification of the sources of major ions and toxic elements in 
groundwater by applying random forest modeling of Razavi Khorasan province, Iran. We first describe our statistical analysis and 
graphical representation of water chemistry to determine ionic relationships in groundwater. We then investigate the spatial distri-
bution of major and toxic elements and identify possible sources of groundwater contamination. Random forest modeling is then used 
to find relationships between contamination factors and the concentrations of toxic elements. Finally, we assess the health-risk of 
drinking groundwater. The findings help to understand water pollution drivers, promote stakeholder involvement, strategically plan 
for drinking water pollution prevention and manage health threats. 

Fig. 1. Groundwater sampling points and topography within the study area of Razavi Khorasan province, Iran.  
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2. Materials and methods 

2.1. Study area 

Razavi Khorasan province, located in the northeast of Iran, has a total area of 129,043 km2 and a population of 6,434,501 (Sta-
tistical Center of Iran, 2019). Its climate is arid to semi-arid with rainfall of 209.5 mm/year and mean temperature of 15.9 ◦C. About 87 
% of the water used in Razavi Khorasan province (5,318 MCM) comes from groundwater that is extracted predominantly from alluvial 
aquifers by 23,727 wells with an average depth of 76 m and an average flow rate of 11.2 L/s. About 86 % of the groundwater 
withdrawn is used for agriculture, with 7% going to cities and towns used for drinking purposes (Iran Water Resources Management 
Company, 2019). 

The geology of Razavi Khorasan includes unconsolidated Quaternary sediments, different sedimentary (sandstones, conglomerates, 
carbonate and evaporites), volcano-sedimentary, volcanic, intrusive, and metamorphic rocks and ophiolite series. Deposits of iron, 
copper, lead, zinc, chromite, aluminum, gold, arsenic, calcite, dolomite and rock salt are also found (Ghorbani, 2013). 

The Quaternary sediments are mainly found in alluvial fans and plains and host alluvial aquifers (Fig. 1), which are the main source 
of fresh water in the study area. The water table depth in the alluvial aquifers varies between 246 m close to foothills to less than five 
meters in the lower-elevation parts of watersheds with an average of 63 m (Iran Water Resources Management Company, 2019). 

2.2. Collection of groundwater geochemistry data sets 

This study utilizes an existing dataset of georeferenced concentrations (n = 676) of EC, pH, major cations (Ca2+, K+, Mg2+, Na+), 
anions (Cl− , HCO3

− , NO3
− , SO4

2-), and trace elements (Al, As, Cr, Cu, Fe, Pb, Se, V, Zn) from public-supply deep wells (n = 610), 
springs (n = 48) and qanats (n = 18) (Fig. 1). The average depth of sampled wells is 108 m. 

The data were collected by the Razavi Khorasan Water and Wastewater Company and the Razavi Khorasan regional water authority 
(2015–2018) as part of groundwater quality and pollution monitoring in the province (Joodavi, 2018). Sampling and Laboratory 
analysis methods are presented in the supplementary materials. 

All of the measured ions and elements were gridded using the Inverse Distance Weighting (IDW) interpolation method (Hutchinson, 
1989) in ArcGIS in order to display their spatial distributions. Relationships among the parameters were analyzed with descriptive 
statistics, correlation analyses and graphical representations (Piper diagrams and bivariate plots), which were together used to assess 
the basic hydrogeochemical processes and geochemical reactions. 

Furthermore, the saturation states of the groundwater samples with respect to different minerals were calculated using PHREEQC 
(Parkhurst and Appelo, 2013). The saturation index (SI) of a mineral explains the mineral dissolution/precipitation possibility in the 
aquifer. SI < 0 indicates subsaturation (dissolution) and SI > 0 suggests supersaturation (precipitation) (Appelo and Postma, 2005). 

2.3. Geostatistical modeling 

2.3.1. Selection of target and predictor variables 
Based on the geographical distributions of the dissolved ions and elements and their measured concentrations relative to WHO 

health-based guidelines (World Health Organization-WHO, 2017), the water quality parameters of As, Cr, EC, Fe, NO3
− , and Se were 

selected as targets for random forest modeling. Predictor variables relating to potential anthropogenic and geogenic contamination 
sources were identified based on hydrogeochemical analyses as well as previous studies (Shojaat et al., 2003; Esmaeili-Vardanjani 
et al., 2015; Nematollahi et al., 2016; Taheri et al., 2016; Zirjanizadeh et al., 2016a; Alighardashi and Mehrani, 2017; Qasemi et al., 
2018; Vesali Naseh et al., 2018; Hamidian et al., 2019; Zendehbad et al., 2019). Irrigated areas, urban areas, industrial areas, ophiolites 
and mafic rocks, intermediate to silicic volcanic (granitoid) rocks, carbonate rocks, marl/evaporite/loess, mineral deposits (metal ores) 
were considered as predictor variables. The attributes of independent variables are shown in Table 1 and the location maps are 
presented in the supplementary materials. 

The main lithologies and metal ore locations, provided in Supplementary Fig. 1, are obtained from geological maps of Razavi 
Khorasan Province published at 1:250,000 scale (Korehie et al., 2016) 

The locations of irrigated, urban and industrial areas were extracted from land use reports provided by Razavi Khorasan Man-
agement and Planning Organization (2019). All of the independent variables were available in raster format with province-wide 

Table 1 
Independent variables used in the RF model. All were available as rasters, which were ranked according to Table 2.  

Variable Source 

Distance to irrigated areas Razavi Khorasan Management and Planning Organization (2019) 
Distance to urban areas Razavi Khorasan Management and Planning Organization (2019) 
Distance to industrial areas Razavi Khorasan Management and Planning Organization (2019) 
Distance to ophiolites and mafic Korehie et al. (2016) 
Distance to granitoid rocks Korehie et al. (2016) 
Distance to carbonate rocks Korehie et al. (2016) 
Distance to marl/evaporite/loess Korehie et al. (2016) 
Distance to metal ore deposits Korehie et al. (2016)  
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coverage. New rasters were created with buffer zones at distances of 2.5, 5, 7.5 and 10 km around the features of interest. Each buffer 
distance was assigned a rank value from 1 to 5 according to Table 2. 

2.3.2. Random Forest (RF) modeling 
RF is an ensemble machine learning technique utilizing decision trees and can be used for classification or regression (Breiman, 

2001 and Biau and Scornet, 2016). In regression problems, a continuous response variable is predicted by growing and then averaging 
many decision trees, which vary by utilizing different randomly selected data rows (with replacement) in each tree and different 
predictor variables at each branch (Tahmasebi et al., 2020). 

Regression RF modelling was implemented using the Microsoft Excel add-in XLSTAT (Addinsoft, 2020). The main parameters of the 
RF model that must be specified are the number of variables randomly selected at each node (mtry) and the number of trees (ntree). 
The “mtry” value was set to p/3, in which p is the number of independent variables and “ntree” was set to 1000. The relative 
importance of the predictor variables in each model was assessed through the RF measure of importance, which gives the average 
model error when the independent-variable values are randomly sorted. 

The predictive ability of the RF models was evaluated by three criteria: coefficient of determination (R2), normalized root-mean- 
square error (NRMSE), and the Nash–Sutcliffe coefficient of efficiency (NSE) (Legates and McCabe, 1999), which are defined as 
follows: 

NRMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
/N

∑N

i=1
(Oi − Pi)

2

√

Omax − Omin
(1)  

NSE = 1 −

∑N

i=1
(Oi − Pi)

2

∑N

i=1
(Oi − O)

2
(2)  

where Oi is an observed value, Omin, Omax and O are the minimum, maximum and average of the observed values respectively; and Pi is 
the model predicted value and N is the number of observed data. If a model produces values that are the same as the observations, 
NRMSE and NSE values are 0 and 1 respectively. 

NRMSE shows the square of the differences between the predicted and the observed values in relation to the variability in the 
observed data. These three criteria together give insight into how well the models predict the observed data. 

2.4. Non-carcinogenic health risk assessment 

The health risk posed by exposure to the metal(loid)s As, Cr, Cu, Fe, Pb, Se, V, and Zn in groundwater was quantified using the 
hazard quotient (HQ) method of the USEPA (1999): 

HQ = CDI/RfD (3)  

CDI =
C × IR

BW
(4)  

where CDI is the dose of metal(loid) intake (mg/kg/day), RfD is the reference dose (mg/kg/day), which refers to the maximum 
acceptable dose of a toxic substance (Table 3), C is the concentration of metal(loid) (mg/L), IR is the ingestion rate of water, which was 
set to 3.49 for adults and 2.14 L/day for children (Tirkey et al., 2017; Radfard et al., 2019), and BW is body weight, which was taken as 
70 kg for adults and 22.3 for children (Fakhri et al., 2015). In this study ingestion of contaminated groundwater was considered as the 
only exposure route to PTEs (Ravindra et al., 2019). 

As the risk assessment is done for multiple metals and metalloids, the hazard index (HI) can be calculated from following equation 
(Qasemi et al., 2019; Sohrabi et al., 2020): 

Table 2 
Criteria used to create the ranked raster of in-
dependent variables.  

Distance (km) Rank 

<2.5 5 
2.5− 5 4 
5− 7.5 3 
7.5− 10 2 
>10 1  
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HI =
∑n

i=1
HQi (5) 

An HQ or HI value greater than 1 indicates medium to high chronic health risk (Yousefi et al., 2018), as outlined in Supplementary 
Table 2. 

3. Results 

3.1. Groundwater hydrogeochemical characteristics and spatial distribution of physico-chemical parameters 

Table 4 provides a statistical summary of the measured major anions, trace elements and other chemical parameters in the 676 data 
points along with the corresponding WHO guideline concentrations (World Health Organization-WHO, 2017). The gridded maps of 
these parameters are shown in Fig. 2. The ranking of major cation concentrations is generally Na+ > Ca2+ > Mg2+> K+. The ranking 
among the major anions is SO4

2− >Cl− > HCO3–. The measures of EC, SO4
2− , Na+, Mg2+, and Cr exceed the maximum permissible 

limits in more than 10 % of the samples. 

3.2. Factors controlling the major-ions chemistry in groundwater 

Plotting the samples on a Piper diagram (Fig. 3) reveals that 50 % of the samples belongs to the Na-Cl type followed by Ca-Mg-Cl (27 
%), Ca-HCO3 (15 %), Ca-Na-HCO3 (7 %) and Ca-Cl (2%). The Ca-Mg-HCO3 water type is mostly found in the northern part of the 
province where EC values are all less than 1000 μS/cm, which is likely due to the dissolution of carbonates (Supplementary Fig. 6). The 
predominance of the Na-Cl water type indicates that evaporites such as halite and gypsum/anhydrite strongly affect the groundwater 
chemistry. 

Bivariate plots of ionic constituents of studied samples are presented in Fig. 4. The ratio of (Ca2++Mg2+) to total cations (Fig. 4a) for 

Table 3 
Reference maximum acceptable doses (RfD) for each toxic metal(loid)s 
(USEPA, 2020).  

Chemical Parameter RfDingestion (mg/kg/day) 

As 0.0003 
Cr 0.003 
Cu 0.037 
Fe 0.3 
Pb 0.014 
Se 0.005 
V 0.009 
Zn 0.3  

Table 4 
Summary of the measured samples. Descriptive statistics of the hydrochemical parameters measured in the 676 groundwater samples in the study 
area.  

Category Parameter Unit Mean ± STDV1 UPL2 No. of samples exceeds UPL 

General 
EC μS/cm 1537.5 ± 1559.2 1500 228 (35 %) 
pH – 7.8 ± 0.1 8.5 0 

Major cations 

Ca2+ mg/L 59.5 ± 42.6 200 10 (1 %) 
K+ mg/L 2.2 ± 1.4 200 0 
Mg2+ mg/L 35.8 ± 23.8 50 122 (18 %) 
Na+ mg/L 175.8 ± 130.8 200 220 (33 %) 

Major anions 

Cl− mg/L 148.5 ± 144.6 250 110 (16 %) 
HCO3

− mg/L 269.7 ± 68.5 500 5 (1 %) 
NO3

− mg/L 19.3 ± 15.7 50 18 (2.7 %) 
SO4

2− mg/L 227.3 ± 184.5 250 237 (35 %) 

Trace elements 

Al μg/L 14.2 ± 5.2 200 0 
As μg/L 3.1 ± 2 10 8 (1 %) 
Fe μg/L 114.5 ± 108.5 300 43 (6 %) 
Pb μg/L 2.6 ± 1.2 10 0 
Cr μg/L 21.9 ± 26.8 50 113 (17 %) 
Cu μg/L 6.4 ± 4 2000 0 
Se μg/L 4.8 ± 2.8 10 30 (4 %) 
V μg/L 12.2 ± 13.9 100 0 
Zn μg/L 22.8 ± 38.5 3000 0  

1 Standard deviation. 
2 Upper permissible limit (WHO, 2017). 
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all samples is considerably less than one, which implies that other cations, such as Na+ and K+, are abundant in groundwater samples. 
The ratio of (Ca2+ +Mg2+) to (HCO3

− + SO4
2-) of most samples is less than one (Fig. 4b), which suggests that silicate weathering affects 

the Ca2+ and Mg2+ chemistry (Lakshmanan et al., 2003; Dehbandi et al., 2017). The ratio of Ca2+ to HCO3- for groundwater formed in 
dolomite and calcite aquifers is normally between 1/4 and 1/2 (Ledesma et al., 2014). However, only a few samples in Fig. 4c fall 

Fig. 2. Gridded maps of the hydrochemical parameters measured in groundwater in Razavi Khorasan province.  
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between these ratios, whereas most are higher. The ratio of some samples of Ca2+ vs. SO4
2- (Fig. 4d) is close to one, which suggests that 

these samples are in contact with gypsum and anhydrite (Wu et al. 2015). Examination of Fig. 4c and d suggests that Ca2+ is removed 
from water by reactions such as cation exchange. The plot of [(Na+ + K+) – Cl− ] against [(Ca2+ +Mg2+) – (SO4

2-+HCO3
− )] (Fig. 4e) 

confirms the cation-exchange process with Na+ increasing while Ca2+ decreases (McLean et al., 2000). 
The plot of the Na+/Cl− ratio against Cl− concentrations (Fig. 4f) shows that the ratio increases with decreasing salinity, with the 

Na+/Cl− ratio of the water samples ranging from 0.3 to 8.6. The majority of samples (97 %) has a molar ratio ≥1, which indicates that 
the relative abundance of sodium (Na+) could be related to ion exchange and/or silicate weathering. This plot also shows that samples 
with high EC values have a molar ratio equal or close to one, which is a sign of the dissolution of evaporite minerals (Sánchez-Martos 
et al., 2002; Taherian and Joodavi, 2021). Furthermore, EC is significantly corelated with Na+, Cl− , and SO4

2+ (Supplementary 
Table 3). 

The HCO3
− /Cl− ratio is an indicator of salinization, whereby values greater than one indicate low salinity in carbonate zones. 

Dissolution of evaporite minerals enriches Cl− in groundwater, which decreases the HCO3
− /Cl− ratio (Fig. 4f). As seen in Fig. 4h, the 

water samples have a wide range of Ca2+/Na+ ratios (0.1–10), which are inversely related to salinity. A high Ca2+/Na+ molar ratio 
indicates that carbonate dissolution is the dominant process in the aquifer (Ayadi et al., 2018). 

Moreover, the saturation index (SI) calculated by PHREEQC indicates that some groundwater samples are saturated with respect to 
calcite and dolomite (Fig. 5a, b, e), which confirms carbonate dissolution. 

On the other hand, all samples are undersaturated with respect to gypsum and halite. SIgypsum and SIhalite increase with TDS 
indicating dissolution of evaporite minerals (Fig. 5c, d). Plotting SIhalite versus SIcalcite (Fig. 5f) reveals two geochemical evolution 
trends in the aquifer. 

In relatively low salinity groundwater samples, mostly located in the northern areas and close to karst aquifers, the precipitation of 
Ca2+ and the dissolution of evaporite minerals along the groundwater flow path lead to a decrease in SIcalcite and increase in SIhalite 
(line I in Fig. 5f). In contrast, far from carbonate formations, for example in the northeast off the study area, the dissolution of 
evaporites and carbonate minerals in marl and loess formations causes a simultaneous increases in SIcalcite and SIhalite, EC (line ii in 
Fig. 5f). 

3.3. Geostatistical modelling 

Random forest (RF) regression models were used to help identify potential sources and processes of groundwater contamination. 
Based on the water quality assessment described above, six parameters (As, Cr, EC, Fe, NO3

− , Se) were modeled using the variables 
listed in Table 1. The model results are plotted against the observations in Fig. 6, which also includes the model-performance measures 
(R2, NRMSE and NSE). 

The performance of the models are generally considered acceptable, as NSE and R2 for all models are greater than 0.5 (Zhou et al., 
2019). The variables’ importance in each regression model indicates the strength of the relationship between a contaminant and its 
potential sources (Fig. 7). 

The EC model confirms that high salinity is found where evaporate deposits are found (Fig. 7a and Supplementary Fig. 1) and/or 

Fig. 3. Piper diagram representing the water types of the 676 groundwater samples.  
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considerable evapotranspiration has taken place. Evaporites can exist as geological formations, such as marl, halite, gypsum, loess or 
salt flats (pans), and their dissolution can considerably increase groundwater salinity (Sánchez-Martos et al., 2002). Furthermore, 
evapotranspiration from irrigated fields can increase soil and irrigation return-flow salinity (Foster et al., 2018). 

The NO3
− model shows that nitrate in groundwater is associated primarily with urban areas followed by agricultural activities 

(Fig. 7c). In the study area, human sewage in cities as well as many rural areas is traditionally discharged into absorbing wells, which 
leads to high levels of nitrate in groundwater (Qasemi et al., 2018; Zendehbad et al., 2019). Furthermore, there are about 752,500 ha of 

Fig. 4. Relationships between major ions showing geochemical reactions.  
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irrigated agriculture in Razavi Khorasan province on which nitrogenous and animal-waste fertilizers containing high levels of nitrate 
are applied (Alighardashi et al., 2017). 

The chromium model clearly indicates that ophiolite and ultramafic units are the main sources of chromium in groundwater. These 
ophiolite and ultramafic units usually consisting of peridotite, serpentinite, gabbro and chromite deposits (Shafaii Moghadam et al., 
2014). Chromium is typically present as Cr(III) and Cr(VI), with Cr(VI) being very toxic and more soluble and mobile in groundwater 
(Coyte et al., 2019). 

Cr(III) is found in minerals and can be oxidized and transformed to Cr(VI) in the existence of an oxides such as MnO2 (Bertolo et al., 
2011).  

Cr(III) + 1.5 MnO2 + H2O= HCr(VI)O4
− +1.5 Mn2++H+ (6) 

Groundwater arsenic in Razavi Khorasan is associated mainly with granitoid rocks (Fig. 7e). This is consistent with reported 

Fig. 5. Saturation Index (SI) for Calcite, Dolomite, Gypsum and Halite in groundwater samples.  
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geogenic arsenic-contaminated groundwater in Razavi Khorasan province (Hamidian et al., 2019), where arsenic release results from 
the weathering of sulfide minerals such as realgar, orpiment, and arsenopyrite in granitoid rocks (Ghasemzadeh et al., 2011; Alidadi 
et al., 2015; Alaminia et al., 2016; Taheri et al., 2016; Hamamipour et al., 2018). 

Some possible reactions leading to the release of arsenic from sulfide minerals can be found by the following reactions (Chelsea 
et al., 2014): 

orpiment dissolution:  

0.5 As2S3 + 3H2O = H3AsO3(aq)+1.5H2S                                                                                                                                     (7) 

arsenopyrite dissolution:  

FeAsS(s) + 1.5H2O+ 2.75 O2(aq) = Fe2
2++ H3AsO3 (aq)+ SO4

2− (aq)                                                                                            (8) 

Fig. 7d shows that the presence of metal ore deposits is the dominant predictor of iron concentration in groundwater. Previous 

Fig. 6. Performance evaluation criteria and the plots of the predicted concentrations generated by the RF models against the observed concen-
trations; R2: coefficient of determination, NRMSE: normalized root mean square error, NSE: Nash–Sutcliffe coefficient of efficiency. 
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studies indicated that iron can originate from trachyandesite and pyroclastic rocks in some parts of Razavi Khorasan province (Zir-
janizadeh et al., 2016b; Taghadosi et al., 2018). Moreover, the well-known Sangan iron skarn deposit, which is located in the 
southeastern parts of the study area, is another well-known source of iron (Golmohammadi et al., 2015; Sepidbar et al., 2017). 

The likely sources of groundwater contaminants based on the modeling results are summarized in Table 5. 

3.4. Health risk assessment 

A non-carcinogenic health risk assessment was conducted to estimate the probability of harmful effects of exposure to As, Cr, Cu, 
Fe, Pb, Se, V and Zn in groundwater used for drinking purposes. 

The average hazard quotient (HQ) values indicate that As and Cr make up 53 % and 28 %, respectively, of the total non- 
carcinogenic risk (HI) due to groundwater constituents for the total population. HI ranges between 0.33 and 7.33 (average of 1.67) 
for children and between 0.13 and 3.01 (average of 0.65) for adults. Fig. 8 shows that areas with medium to high-risk values for 

Fig. 7. Importance of the independent variables of the random forest models. The mean increase in error refers to the effect when a variable is 
randomly sorted. 

Table 5 
Summary of main groundwater contamination sources as inferred from the random forest regression models.  

Parameter Source(s) 

As Geology granitoid rocks 
Cr Geology ophiolites 
EC Geology/Agriculture marl/evaporite/loess\groundwater-irrigated agriculture 
Fe Geology metal ores 
NO3

− Urban/Agriculture waste water/fertilizer 
Se Geology marl/evaporite/loess  
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children largely coincide with zones of high As and Cr concentrations (Fig. 2). 
In addition to causing adverse non-carcinogenic health effects, arsenic and chromium are categorized as carcinogenic substances 

(World Health Organization-WHO, 2017). The chronic consumption of As-contaminated water may cause skin, bladder or lung cancer 
(Polya and Middleton, 2017; World Health Organization-WHO, 2017), whereby chromium, especially Cr(VI), is known to cause DNA 
damage (Agency for Toxic Substances and Disease Registry (ATSDR), 2012; Wang et al., 2017). 

4. Discussion 

Despite there being separate alluvial aquifer systems in the study area separated by mountains, the results show that the dominant 
lithology of the mountains is responsible for controlling groundwater chemistry and increasing the concentration of some PTEs in 
groundwater, such as As, Cr, Fe and V, beyond the river-basin/aquifer boundaries. This can be conceptualized by two phenomena 
presented in Fig. 9. 

If mountain block/front recharge exists, the chemistry of subsurface inflow directly affects the groundwater quality in alluvial 
aquifers (Fig. 9a) (Ajami et al., 2011; Joodavi et al., 2016). That is common in karst-alluvial aquifer systems in the northern parts of the 
study area where low salinity groundwater with Ca-Mg-HCO3 water type can be found in alluvial aquifers. Moreover, it is possible that 
this mountain system recharge is responsible for high concentrations of arsenic in the western parts of the province where arsenic is 
released by weathering of sulfide minerals in granitoid rocks. 

Even if the mountain block/front recharge component is not significant, the alluvial aquifers could contain particles from adjacent 
mountains (Fig. 9b) (Kaprara et al., 2014). The random forest model suggests that high Cr concentrations in groundwater are observed 
in the alluvial aquifers located not far from the ophiolitic rocks. While these rocks do not have a developed fractured storage system, 
the sediments of the alluvial aquifers originated from ophiolite and ultramafic units are likely the source of Cr in groundwater. 

Furthermore, the geological map show that marl/evaporites are mainly found in the southern and western parts of the region. 
Hydrogeological studies have shown that these units form the bedrock of alluvial aquifers in these areas (Joodavi et al., 2009; Izady 
et al., 2015). The random forest model results confirm that groundwater resources in these areas are more saline. 

The approach provided here identification of the sources of major ions and toxic elements in groundwater in regions lacking 
adequate monitoring programs and sampling data. Therefore, additional groundwater quality measurements and geochemical and 
mineralogical information as well as more information about the amount and chemistry of industrial wastewater would improve the 
robustness of the geostatistical models, especially in locations close to contamination sources such as industrial areas.” 

Another limitation of this study is that this method characterizes large-scale (macro-scale) spatial variation in the elements in 
groundwater. However, the chemical composition of groundwater samples may be affected by local hydrologic and hydrogeological 
factors. Future research will add consideration of these local factors such as residence time to accurately investigate the driving forces 
of groundwater quality. 

5. Conclusion 

Understanding the factors affecting and controlling groundwater quality is necessary to improve water security and public health 
through reducing water-related risks. 

Although most hydrogeochemistry studies try to interpret geochemical reactions along groundwater flow paths in an aquifer or a 
watershed, this paper proposed an approach to identify the sources of salinity, nitrate and PTEs in groundwater in large-scale studies of 
broad geographical areas where there are large gaps in testing locations. 

Integrated approaches of statistical analysis, conventional hydrogeochemical plots, and machine learning were employed in this 
study to characterize the groundwater chemistry in Razavi Khorasan province and identify likely sources of contamination. Hydro-
geochemical controls on groundwater quality and human health risk from harmful elements in the province were identified from 676 

Fig. 8. Spatial distribution of non-carcinogenic hazard index (HI) for (a) adults and (b) children.  
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groundwater samples in the study area. 
We found that the chemical composition of groundwater is determined predominantly by geology but also influenced by human 

activities. The Na-Cl water type along with high salinity levels in groundwater, Se and SO4
2− can be related to the dissolution of salts 

from geological formations as well as evapotranspiration and irrigation return flow caused by groundwater-irrigated agriculture. 
Random forest regression modeling has also shown that high concentrations of chromium, arsenic and iron in groundwater are 
attributed to the presence of ophiolites, granitoid (intermediate to silicic volcanic) rocks and metal ores (formed in pyroclastic rocks 
and skarn deposits), respectively. Moreover, discharging sewage directly into aquifers and applying fertilizers in agricultural activities 
result in high levels of nitrate in groundwater. A non-carcinogenic health risk assessment of PTEs (As, Cr, Cu, Fe, Pb, Se, V, Zn) in 
groundwater indicates that As and Cr constitute 53 % and 28 % of the total risk, respectively. 

The predictor variables used in the random forest modeling are readily available, making this integrated approach relevant for 
identifying potential regional groundwater contamination sources. The results can be used to develop cost-effective water quality 
monitoring programs for water resource planning and management in Razavi Khorasan province, Iran. 
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