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Abstract

:

Groundwater is one of the primary sources for the daily water requirements of the masses, but it is subjected to contamination due to the pollutants, such as nitrate, percolating through the soil with water. Especially in built-up areas, groundwater vulnerability and contamination are of major concern, and require appropriate consideration. The present study develops a novel framework for assessing groundwater nitrate contamination risk for the area along the Karakoram Highway, which is a part of the China Pakistan Economic Corridor (CPEC) route in northern Pakistan. A groundwater vulnerability map was prepared using the DRASTIC model. The nitrate concentration data from a previous study were used to formulate the nitrate contamination map. Three machine learning (ML) models, i.e., Support Vector Machine (SVM), Multivariate Discriminant Analysis (MDA), and Boosted Regression Trees (BRT), were used to analyze the probability of groundwater contamination incidence. Furthermore, groundwater contamination probability maps were obtained utilizing the ensemble modeling approach. The models were calibrated and validated through calibration trials, using the area under the receiver operating characteristic curve method (AUC), where a minimum AUC threshold value of 80% was achieved. Results indicated the accuracy of the models to be in the range of 0.82–0.87. The final groundwater contamination risk map highlights that 34% of the area is moderately vulnerable to groundwater contamination, and 13% of the area is exposed to high groundwater contamination risk. The findings of this study can facilitate decision-making regarding the location of future built-up areas properly in order to mitigate the nitrate contamination that can further reduce the associated health risks.
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1. Introduction


Groundwater is a significant natural resource, particularly in arid zones, due to the shortage of surface water resources and insignificant precipitation [1,2]. Consequently, the deterioration of the quality of groundwater, which is the source of drinking water for such areas, threatens the health of the local populations [3]. Approximately one-third of the global population consumes groundwater for various purposes, including agricultural, domestic, and industrial [4]. Several chemicals, including nitrate, can infiltrate the soil, and potentially pollute groundwater [5,6,7]. Therefore, safe drinking water supplies and deteriorating groundwater quality are key issues all over the globe [8]. The associated groundwater vulnerability and contamination risk valuation are essential for groundwater contamination mitigation [9].



Groundwater is the biggest source of drinking water in most developing countries, including Pakistan. Various risks are associated with this, ranging from basic perceptions to detailed impacts that are assessed and managed in various ways [10,11,12,13]. Employment and economic growth in Pakistan are primarily centered on agriculture. Gross domestic product (GDP) receives a substantial portion from agriculture and the associated industries [14].



Groundwater, a high source of water consumption in Pakistan, is polluted by various contaminants. Permeability of various substances through the soil, including nitrate concentrations, can hypothetically pollute the groundwater [5,6,7]. Positioned below the agricultural surface, nitrogen is the primary source of nitrate concentrations and associated water contaminations. Water acts as a carrier through the soil, as it can form a mixture with nitrate concentrations, and help it to reach the groundwater table. These nitrates can exist in a groundwater table for an extended time period, considering the continuous yearly nitrogen supply to the land surface [15].



A hydrogeochemical profile of higher fluoride (F-) in groundwater was examined in a study of Dragai in northern Pakistan by Rashid et al. [16], and it was found that fluorite is the primary source of F-contamination in groundwater. Zafar and Ahmad [17] examined the physicochemical characteristics in the Gilgit and Hunza rivers, in northern Pakistan. The analytical outcomes of the collected samples showed a high concentration of bicarbonates in the water. Maqsoom et al. [3] analyzed various hydrological attributes to assess the groundwater susceptibility to pollution in northern Pakistan. The results showed that almost 60% of the area has a high to moderate vulnerability to groundwater contamination. However, a similar study outlining the nitrate concentration locations has not been reported to date for Pakistan. The assessment of groundwater vulnerability and its nitrate contamination risk can aid water management authorities in performing the appropriate nitrate risk mitigation procedures.



Knowing the effects of groundwater vulnerability in areas where it is used as the public water supply source is essential to groundwater safety. There are dual risks to groundwater (over-extraction and adverse land use), therefore necessitating a dual nature of safety [18]. The risk assessment is not the same as the assessment for groundwater’s vulnerability to pollution. The idea of groundwater vulnerability is to assess the vulnerability of groundwater resources to being badly impacted by an enforced contaminant load from the surface [19]. There are two types of groundwater vulnerability, namely intrinsic and specific vulnerability. The ease with which a contaminant from the surface can reach and diffuse in groundwater can be specified as intrinsic vulnerability [20]. In comparison, specific vulnerability is exploited to ascertain the vulnerability of groundwater to an individual contaminant or a group of contaminants and their association [21]. The concept of vulnerability helps to identify groundwater regions in areas that are at high risk based on their vulnerability, so as to adopt appropriate risk management options. Moreover, it also reduces the communication space between the decision-makers, planners, and hydrogeologists, and helps in water management.



Several approaches have been utilized to assess the level of vulnerability and contamination of groundwater around the globe. These include index techniques, interpolation techniques, process-based models, and statistical models. In the index techniques, experts suggest a weight to each parameter in associated methods based on their knowledge. These techniques include the DRAV model [22], Susceptibility Index (SI) technique [23], GOD technique [24], ANIMO and EPIC models [25], and the DRASTIC model [2]. The interpolation methods utilize sensors and devices and indicator kriging (IK) based on geostatistical procedures using the kriging interpolation algorithm [26,27,28,29]. These are used to assess the groundwater pollution risk with ease. However, this method is constrained by the requirement of dense data collection points, and associated output uncertainty.



The process-based models are relatively complex, for example, the groundwater loading effects of agricultural management systems (GLEAMS) [30,31,32,33], the pesticide root zone model (PRZM-3) [30,31], the water flow and nitrate transport global model (WNGM) [34,35], and the groundwater flow model (MODFLOW) [36]. The critical drawbacks of these approaches are the important input data [37], and the restricted local scales applicability [38,39]. The statistical models follow a statistical linear and nonlinear regression approach [40]. These approaches model the contamination by analyzing the association between contaminant density and the specific contamination influencing parameters [41]. To entail causality, expert knowledge is required for expressive forecasts where reaching a consensus may present challenges.



Recently, the use of soft computing approaches such as artificial intelligence and several machine learning (ML) techniques have been considerably applied for predicting risks and hazards in environmental sciences [1,42,43,44,45,46,47]. ML, an application of artificial intelligence (AI), allows systems to automatically learn and improve from experience without being explicitly programmed [48]. It focuses on developing computer programs that can access data, and use it to learn for themselves. ML has been used in various fields and domains of science such as agricultural sciences [48], concrete properties prediction [46], bushfire analyses [49], and flood detection and management [13,50], among others. Nevertheless, the applications of ML techniques are very limited or do not exist for mapping the groundwater contamination risk in developing countries, particularly Pakistan.



This study does not claim that ML has not been used for groundwater assessment. In fact, it has been used for modeling groundwater level changes in agricultural regions of the USA [51]. Other examples include mapping the groundwater contamination risk of multiple aquifers [52], and predicting groundwater nitrate concentrations from spatial data [53]. Specific to nitrate assessments, ML has been used to assess nitrates in groundwater in many countries [10,31]. Rahmati et al. [54] used three advanced ML techniques, including K-nearest neighbor algorithm, random forest, and support-vector machines (SVM) to spatially model groundwater nitrate concentrations in Iran. De Filippis et al. [25] used a spatially distributed, physically-based modeling approach for estimating agricultural nitrate leaching into groundwater in Italy. Sajedi-Hosseini et al. [15] also used three ML techniques, including multivariate discriminant analysis (MDA), SVM, and boosted regression trees (BRT), for the probability of nitrate groundwater contamination occurrence in Iran. Several ML techniques have also been used in other fields. For example, ML has been used to construct environmental risk scores beyond standard linear models [55]. In addition, it has been used for engineering risk assessment [56,57], prediction of bioconcentration factors in fish and invertebrates [58], and general monitoring of the environment [49,59].



However, even studies that have used ML techniques for groundwater risk assessment miss the assimilated framework for groundwater risk and nitrate evaluation. In developing countries like Pakistan, no or few investigations exist that assessed nitrate contamination risk involving ML techniques. Therefore, this study attempts to fill the gap using a holistic framework for groundwater pollution risk assessment in northern Pakistan. With the advent of CPEC, the northern region is expected to see a boom in economic activities, and there will be an increase in anthropogenic movements there. In addition, new industrial and housing zones are being planned for the future.



Moreover, the area is a tourist spot for Pakistani nationals and mountain trackers from around the world. Touristic activities are expected to intensify, as the road infrastructure will be enhanced due to the CPEC. All of these anthropogenic activities will directly or indirectly influence the contamination of groundwater. Therefore, mapping the groundwater contamination risk for this area is of great importance. It will lay a road map for the policymakers to devise policies and regulations to protect this precious natural resource.



Previously, the DRASTIC method, which is an index method based on expert opinion, had been employed in the same study area by Maqsoom et al. [3]. The biggest disadvantage of this method is subjectivity, as the rating values are assumed based on expert opinion [60]. However, this study focuses on the assessment of three ML models: multivariate discriminant analysis (MDA), boosted regression trees (BRT), and support-vector machines (SVM), to predict the incidence of groundwater contamination in the same area in northern Pakistan. The present study evaluates groundwater contamination using ensemble incidence, and proposes a holistic framework for groundwater risk evaluation. It generates the risk map by combining pollution (nitrate concentration) probability (ML models), and vulnerability (DRASTIC method) maps. Accordingly, the study establishes the most efficient ML approach for groundwater contamination assessment among the practiced techniques. Moreover, it also computes the percentages of the areas that are under different risk zones. Thus, the authorities can use the pollution risk map of groundwater to address different issues of groundwater vulnerability.




2. Materials and Methods


2.1. Study Area


The region under investigation is a section of Karakoram Highway (KKH), which is 236 km long, and stretches from Gilgit to Khunjerab in northern Pakistan. The city of Gilgit is the capital of the Gilgit Baltistan region, while Khunjerab is a 4693 m high mountain pass in the Karakoram mountains, and is in a strategic position on the northern border of Pakistan and on the southwest border of China.



The KKH is being reconstructed under an economic initiative between Pakistan and China, called the China Pakistan Economic Corridor (CPEC). The deemed area for this study is a buffer of 20 km along the considered section of the KKH, which covers an area of approximately 4720 km2. The area is located between the longitudes and latitudes of 35.8819° N, 74.4643° E, and 36.8539° N, 75.4589° E, respectively, as can be seen from Figure 1. The region around KKH has diverse lithologies (igneous, metamorphic, and sedimentary), subterranean crevices, cracked and endured rock masses, high reliefs, seismic hazard zones, arid to monsoon climate, and locally high rates of tectonic activity.



The KKH is surrounded by the elevated mountains of the Karakoram and Himalayan mountainous ranges. The elevation of the buffer zone along the considered section of KKH for this study varies between 1294 m and 7330 m. The period of the winter season is comparatively greater due to heavy rainfall. The temperature of the region surrounding KKH varies from 10 °C to 38 °C throughout the year. The temperature throughout the year is fairly cold (10 °C), but it can reach 35 °C during summer, between June and August. The mean annual precipitation is 159 mm, as per Pakistan Meteorological Department (PMD) (https://www.pmd.gov.pk, accessed on 20 September 2021). The Hunza River flows through the Karakoram range from north to south, and runs alongside the KKH. The Hunza River is the main source of discharge, as shown in Figure 1. Groundwater levels are higher in the regions closer to the Hunza River, and lower in the regions which are farther away.




2.2. Methodology


A stepwise procedure has been visually explained as a flow chart in Figure 2. The first of this methodology is the vulnerability map formation, utilizing the DRASTIC model. The second step involves nitrate contamination map preparation using the nitrate concentration data from the study area. The third step is mapping the probability of contamination occurrence, utilizing three ML models, namely MDA, BRT, and SVM. The final step is the preparation of the groundwater risk map. The comprehensive methodological framework proposed in this study has been constructed using the subsequent sections.




2.3. Groundwater Vulnerability Mapping through the DRASTIC Model


The DRASTIC approach has been utilized as a standard method for comparison with the ML techniques used in the current research in order to evaluate the vulnerability of groundwater to contamination. To assess the groundwater vulnerability, the data for different parameters are obtained from different government departments (for reference, see Maqsoom et al. [3]). The input parameters for mapping the groundwater vulnerability through the DRASTIC model comes from the word DRASTIC itself, where every word is an acronym that specifies a certain parameter: depth of water (D), net recharge (R), aquifer media (A), soil media (S), topography (T), vadose zone impact (I), and hydraulic conductivity (C) [61]. Initially, the parameters are allocated the value ratings (r) from 1 to 10, and then assigned weights (w) from 1 to 5 based on the existing literature [3,62]. The DRASTIC model is a collective multiplication of factor weights with their rates (r), as shown in Equation (1) [3,63]:


  R A S T I C   I n d e x     D I   =  D r   D w  +  R r   R w  +  A r   A w  +  S r   S w  +  T r   T w  +  I r   I w  +  C r   C w   



(1)




where w is the specific parameter weight with the rate (r) in the DRASTIC model, representing w and r for specific parameters. The assigned weight and rating values to each parameter provisional to their comparative importance are given in Table 1.




2.4. Groundwater Nitrate Contamination Mapping


For mapping the nitrate concentration in the groundwater of the study area, this study uses nitrate concentration data from a previous study conducted in this region. Zafar and Ahmad [17] conducted a study to map the physicochemical characteristics in the Gilgit and Hunza Rivers, and collected 29 water samples from different locations of these rivers during July 2012. The analytical outcomes of the samples highlighted the elevated concentration of bicarbonates. The points in Figure 1 showing the location of the wells were used for the interpolation of the nitrate concentration values for the entire study area. The kriging interpolation technique in ArcGIS was utilized to map the nitrate concentration in the region. The kriging parameters utilized were as follows: universal interpolation type, prediction for the output surface type, the kernel function used was exponential, and the variable used was semi-variogram. Further, the lag number and lag size were 12 and 0.034, respectively. Moreover, the maximum and the minimum number of neighborhoods were 5 and 2, respectively.




2.5. Groundwater Contamination Probability Mapping through Machine Learning (ML) Techniques


2.5.1. Groundwater Contamination Conditioning Factors


Eight conditioning factors that influence groundwater contamination were selected, based on the literature for the probability mapping of groundwater contamination [50,64,65,66,67]. The selected parameters include slope, drainage, density, soil type, elevation, land use, lithology, distance to the river, and topographic wetness index (TWI). TWI is based on the groundwater flow arrangement, and measures the soil moisture [67,68]. The techniques and different sources used for collecting data used for the preparation of the individual factor maps are presented in Table 2.



The digital elevation model (STRM DEM) is used to produce the elevation, drainage density, distance from the river, TWI, and the slope percentage maps of the study area. The land use data is obtained from the Food and Agriculture Organization (FAO) land use map. Rahmati and Melesse [67] also assert that soil type has a considerate effect on subsurface flow and groundwater recharge. Groundwater hydrology characteristics are mainly dependent upon the lithology properties and geological formations of the specific terrain. As the considered study area is located in a mountainous region, and the geology is composed of rocks and soil, which influence water infiltration and discharge in their peculiar ways, it becomes important to consider them both. The soil type data and lithological details were extracted from the Geological maps of Pakistan, obtained from the Geological Survey of Pakistan. All of the maps were produced in an ArcGIS environment and with 30 m size pixels.




2.5.2. Boosted Regression Trees (BRT)


An effective ML procedure based on the statistical analysis is the BRT, or the stochastic gradient boosting [69]. The BRT technique combines multiple decision trees to produce a specific decision rule, rather than just a simple prediction to improve model accuracy and performance [70]. Boosting is a way to enhance the accuracy of the model. It is centered around the notion that it is simpler to locate and middle several rough rules of thumb than locating a specific, exact prediction rule [69,70]. BRT integrate significant benefits of tree-based techniques, processing distinct types of predictor variables, and accepting misplaced data. Fitting several trees in BRT helps to avert the major shortcoming of individual tree models: their comparatively inadequate predictive performance. In the case of BRT, the data transformation or elimination of outliers at the early stages is not required. These models can fit difficult nonlinear connections, and automatically manage interface effects among predictors. Even though BRT models are complicated, they can be recapitulated in forms that provide effective ecological comprehension, and their predictive performance is excellent, compared to most of the orthodox modelling models [69].





[image: Table] 





Table 2. Sources and used techniques for calculating the factors.






Table 2. Sources and used techniques for calculating the factors.





	Parameter
	Source
	Technique/Formula
	Reference





	Elevation
	STRM DEM
	30 × 30 m DEM
	[71]



	Slope
	STRM DEM
	  tan θ =   N × i   636.6     N = no. of contour cutting; i = contour interval
	[72]



	Drainage Density
	STRM DEM
	Proximity analysis
	[73]



	Landuse
	FAO land use
	Maximum likelihood
	[74]



	Distance to River
	Google earth
	Multiple buffer
	[75]



	TWI
	STRM DEM
	  TWI = l n  a   tan   b      a = upslope contributing area (m2); b = slope in radians
	[76]



	Soil Data
	Geological Maps of Pakistan
	Proximity analysis
	[73]



	Lithology
	Geological Maps of Pakistan
	Proximity analysis
	[73]









2.5.3. Support Vector Machines (SVM)


SVM has also been utilized in this study, and was first presented by Cortes and Vapnik [77]. SVM is centered upon the statistical learning theory and structural risk minimization [77,78]. SVM methods utilize the bands and optimization algorithm to define a specific sample decision boundary, called the optimal decision boundary, by identifying the samples located in those boundaries. These sample boundaries are known as support vectors [77]. SVM utilizes typical adaptations such as nu-svc (nu classification), C-svc (C classification); nu-SVR (nu regression) [78], etc. The kernel types must be selected founded on the routine of the phenomena [79]. Radial basis functions (RBF) perform better than other kernel functions in groundwater analysis [78,79]. Based on the better performance, the present research utilized nu regression with RBF to predict groundwater contamination mapping.




2.5.4. Multivariate Discriminant Analysis (MDA)


The MDA procedure obtains and evaluates a linear composition by analyzing several variables that show clear discrimination among the selected independent variable assemblies [80]. This procedure involves the maximization of inter-group variance ratios to inter-group variance values. MDA represents the linear combination, as shown in Equation (2) [80]:


  Y =  w 1  w  x 1  + …  w 2  w  x  2    



(2)




where x values represent the variable weights, and Y represents the overall score.




2.5.5. Implementation and Accuracy Assessment


This study implements the BRT, SVM, and MDA procedures through the SDM package in the R platform. To calibrate and test the models, the datasets are further divided randomly into the proportion of 70% (datasets utilized for calibration of the models) and 30% (datasets utilized for testing of the model), based on the literature [15,51,81,82,83,84]. The Receiver Operating Characteristic (ROC) curve technique and Area Under Curve (AUC) technique are utilized for the performance validation of the models [85,86,87,88]. Yesilnacar [89] defined the performance threshold value as AUC ≥ 80%, and the decision-making flow is illustrated in Figure 2. The possible outcomes of all three models utilized in the study are as follows:




	
All of the models are operated, and the accuracy is assessed. The attained AUC is measured at less than 80% for all the models. Thus, all of the models are recalibrated to achieve the threshold value (a minimum AUC value of at least 80%);



	
One model achieved an AUC value over 80%, and, without further calibration, it is utilized to map the groundwater contamination incidence probability;



	
All of the remaining models achieved accuracy after further recalibration trials (AUC above 80%), and are used to map the groundwater contamination incidence probability without further recalibration procedures. An ensemble modeling process was utilized, which pools the outcomes of the single models, and produces synthesized results in order to achieve further accuracy [15]. In ensemble techniques, weighted incorporation of certain models is primarily employed, such as bagging and boosting. In the present study, the following equation is used to conduct the ensemble modeling:


  E M =     ∑   i = 1  n  *   A U  C i  *  M i        ∑   i = 1  n  * A U  C i     



(3)




where EM represents the Ensemble models by evaluating AUC values of each model.










2.6. Groundwater Pollution Risk Mapping


Voudouris et al. [90] describe risk as an estimated possibility of an occurrence of a specific event, based on a specific group of factors. Thus, groundwater contamination risk can be forecasted by the overlaying of pollution, vulnerability, and probability maps as shown in Equation (4) [91]:


Risk = Vulnerability + Contamination + Probability



(4)







The risk evaluation procedure of the current study is centered upon the past research works [9,92], where the contamination, probability, and susceptibility maps were extracted by applying traditional statistical approaches.





3. Results and Discussions


3.1. Groundwater Contamination Vulnerability Mapping


The purpose of using the DRASTIC model in this study is to compare the DRASTIC model and the advanced ML approaches in order to establish a superior method for groundwater contamination assessment. The DRASTIC model has been used largely for groundwater contamination assessment in the past. This approach has been previously utilized in different parts of the world, including Iran, Pakistan, and India [2,3,10,69]. Maqsoom et al. [3] applied the DRASTIC model in the same study area, and produced the DRASTIC risk map of the area. The DRASTIC model was utilized to produce the groundwater vulnerability map, as shown in Figure 3.



Equation (1) was utilized to obtain the DRASTIC Index (DI). In the groundwater vulnerability map, the DRASTIC index (DI) was categorized into five classes: very low, low, moderate, high, and very high, based on the level of vulnerability. Figure 3 shows that the northeast side of the area is exposed to high to very high vulnerability, whereas the southwest area has a considerably low vulnerability. However, the middle portion of the area has mostly moderate to high groundwater contamination vulnerability.




3.2. Groundwater Nitrate Concentration Mapping


The nitrate concentration in the study area is shown in Figure 4. This concentration was mapped using the data from a study previously conducted in this region [17]. The distribution of data points (wells) that were interpolated to obtain the nitrate concentration values for the study is shown in Figure 1. The highest and lowest nitrate densities recorded were (59.89 mg/L) and (5.04 mg/L), respectively, as presented in Figure 4. The World Health Organization (WHO) has set a threshold value of 50 mg/L for differentiating between polluted and non-polluted water resources [15]. Therefore, some of the study area wells can also be classified as polluted. In some parts of the area, the nitrate concentration is observed to be more than the threshold value of 50 mg/L. Figure 4 shows the nitrate concentration map. Figure 5, produced by the DRASTIC model, resembles Figure 4, as the areas that are more vulnerable to pollution also have greater nitrate concentrations.




3.3. Thematic Maps of Groundwater Contamination Conditioning Factors


The present study used eight conditioning factors for mapping a contamination probability map. The maps of the used conditioning factors are shown in Figure 5a–h. The central area of the buffer zone is very close to the Hunza River; therefore, the distance is not very far at the center, as can be seen from the map shown in Figure 5a.



The TWI map shown in Figure 5b demonstrates that a considerable percentage of the deliberated area has relatively high levels of wetness. The elevation values in the study area vary between 1294 m to 7330 m, and most of the high elevation regions are on the north side of the study area, as shown in Figure 5c. In addition, the study area has considerably diverse slopes due to its topography, as shown in Figure 5d. Figure 5e demonstrates six classes of land use in the region, including agriculture, bare areas, shrubs, urban area, snow, and water bodies, with a considerable proportion of bare areas and shrubs. Figure 5f shows that the soil of the considered study region is comprised of clay, loam sand, sandy clay, and silt, where silt is the most dominant soil type present. In addition, metamorphic rocks and granite gneiss are present in most study areas, as demonstrated in Figure 5g. The drainage density map in Figure 5h shows that the drainage density is considerably high in the central part of the buffer zone, where the Hunza River runs alongside the KKH, while traversing it at certain points.




3.4. Groundwater Contamination Incidence Probability Mapping


This research focuses on assessing the probability of groundwater nitrate contamination occurrence utilizing machine learning (ML) techniques such as SVM, BRT, and MDA. An ensemble modeling approach is applied for the production of groundwater contamination incidence probability mapping. There are a total of eight dependent factors that are analyzed and utilized in the current study. These datasets were used in the proportion of 70:30 to train and validate the three ML techniques practiced in this research, respectively.



In order to produce an effective groundwater contamination incidence probability map, all the models were taken through calibration trials to achieve a minimum AUC value of 80%. Table 3 indicates the model performance values for the prediction of the groundwater contamination incidence. The AUC values of different models varied from 0.82 to 0.86, with SVM being the most superior to the others. However, the corresponding AUC value for the ensemble model was 0.87. Being a reliability metric, the Kappa statistic ensured that the chance occurrence was minimized to zero for the good model presentation (0.55 < K < 0.85) [93].



Table 3 demonstrates that the groundwater contamination probability maps were produced when all the models attained the threshold level of the AUC value. Among all of the models, the SVM model showed better performance as per the values of evaluation measures, including AUC, Kappa, and mean square error (AUC = 0.86, Kappa = 0.85, and MSE = 0.22). In the comparison of BRT (AUC = 0.85, Kappa = 0.84 and MSE = 0.22) and MDA (AUC = 0.82, Kappa = 0.81 and MSE = 0.19), BRT produces more efficient results than MDA. However, the ensemble techniques produce considerably better results than SVM, BRT, and MDA, as shown in Table 3 (AUC = 0.87, Kappa = 0.86, and MSE = 0.18).



Moreover, the variance and mean of all of the models are represented in Table 4. The variance of BRT and ensemble models (0.04 and 0.05, respectively) is considerably less than the variance of MDA and SVM models (0.09 and 0.08, respectively), as depicted in Table 4. The mean of the MDA model is also relatively greater than the other models (0.55). However, after the MDA model, the mean is greater for the ensemble model, followed by BRT (0.48) and SVM (0.47), as shown in Table 4.



The groundwater contamination incidence probability maps were produced using the practiced models after achieving 80% accuracy. The produced maps are shown in Figure 6a–d. All of the maps show that the southern lower part of the study area has the most probability of groundwater contamination incidence. The regions on the northern side, where the elevation is low and the population is very scarce and widely distributed, have a low probability of groundwater contamination incidence. In all the contamination incidence maps, the regions of high probability have relatively low elevation and vegetation, a high drainage density, and agricultural and urbanization levels.



The considerably non-efficient performance of the MDA model is due to the normal data algorithm being processed under the parametric routine, rather than through processing the nonlinear relationship amongst the variables [94]. Similarly, the non-parametric procedures, namely BRT and SVM, can analyze the nonlinear relationships of the data flow and produce considerably efficient results. SVM technique is a considerably efficient method, but obtaining critical variables through SVM techniques is a complex process, while the critical and efficient variables are assessed by the MDA model [94] for modeling. Moreover, the BRT method is a combination of boosting method and classification, and regression trees (CART) [69]. It provides a higher level of accuracy by competing for multiple decision trees to produce a specific model evaluation rule than a single non-efficient psychological prediction [70]. By analyzing the pros and cons of the predicted models, it has been shown that the combination of model predictions (ensemble modeling) can provide better results and prediction models [86,95]. This is also exhibited by the values demonstrated in Table 3.




3.5. Groundwater Contamination Risk Evaluation


This study seeks to locate and prioritize the most vulnerable regions in an area that could be the reason for groundwater contamination, and offers a scientific basis for groundwater protection and land use planning. ArcGIS Environment was utilized to produce the groundwater contamination risk map after obtaining the vulnerability (DRASTIC model), contamination (nitrate concentration), and probability maps (ML techniques) of the study area.



The map was further classified into five categories based on the occurrence, namely very low, low, moderate, high, and very high groundwater pollution risks, as shown in Figure 7. The northwestern region of the study area and the upper-middle region is mostly exposed to low to very low groundwater contamination risk. The main reason for the lower exposure is that most of the land here is composed of shrubs, and human settlements in these regions are scarce and highly dispersed. However, a very high to moderate level of nitrate groundwater contamination risk exists for the southwest and lower-middle regions of the study area. The main reason for this is the existence of wild animal waste and urban waste in these regions, due to the existence of human settlements.



Moreover, the percentages of areas under different groundwater contamination risk classes are also measured and are shown in Table 5. The very low, low, moderate, high, and very high groundwater contamination risk classes encompass areas of 902.5, 1087.5, 1615, 427.5, and 617.5 km2, respectively. Thus, more than 50% of the area is exposed to moderate to very high groundwater contamination risk, as is evident from Table 5.



The land use map does not demonstrate a considerable relationship with the nitrate contamination map. The groundwater vulnerability map and high nitrate contamination areas are also observed in the extreme northern part of the study area, where the population is not particularly dense, and is more scattered. The extreme northern area contains elevated snow-covered mountains, and has less vegetation cover. However, it has been found that the nitrate contaminants in snow and glaciers are the main source of contamination in this area. The high nitrate risk area includes the region of unconsolidated rocks. The area has many snowy glaciers that store a high amount of nitrates [96].



Moreover, the DRASTIC model does not consider the land use type, which shows the northern part as highly vulnerable. Furthermore, the major deposits in the area are silt and clay. Silt, constituting almost 70% of the area, restricts the water seepage due to the high compression. This is why the DRASTIC model does not show the southeastern part as more vulnerable. However, all of the ML models show that the northern part is less exposed, since the population in the majority of the area is considerably dispersed. In contrast, the areas with less vegetation and high land use are exposed to a fair amount of nitrate contamination.



Moreover, the study conducted by Maqsoom et al. [3] using the DRASTIC model and a modified version of the DRASTIC model (DRASTICA) for groundwater vulnerability assessment along the CPEC route also indicated that more than 50% of the area is exposed to very high to moderate groundwater contamination risk. The study also concluded that the areas with high vulnerability are those with high population density and anthropogenic activities, which shows that the outcomes are very much similar to the outcomes of the present study.



Furthermore, the study performed by Zafar and Ahmad [17], which examined the physicochemical characteristics in the Gilgit and Hunza rivers, northern Pakistan, by collecting 29 water samples from several locations of these rivers, also showed that the samples highlight a high intensity of bicarbonates. These results also correlate with the present study results, which show that the area has very high to moderate groundwater contamination. A similar approach has been implemented by Sajedi-Hosseini et al. [15] for assessing the probability of groundwater pollution occurrence in Lenjanat Plain, Iran. The outcomes of their study showed that accuracy for the three models (SVM, BRT, and MDA) ranged from 0.81 to 0.87. Thus, based on these arguments, it can be stated that the outcomes of this study are reasonable, and can be used by policymakers to pursue contamination mitigating measures.



Although the ML models in this study provided a fair and efficient result, the sampling and data collection procedure could be further optimized, and the study of soil types could be more detailed in future studies. The data collection and the sampling of the current study were limited due to a lack of financial resources, but improved sampling could be performed in the future for better results. The seasonal variation is also an important factor in achieving detailed accuracy. It includes the nitrate substance data, groundwater flow pattern, and the mean passage aquifer time [97]. To avoid nonlinear variation in the nitrate substance values and to achieve better accuracy, it is recommended that future studies should record the data monthly or quarterly in a specific year, in order to obtain a mean annual concentration for a specific sampling point. The current evaluation technique in this study is such that the nitrate contaminants are in a steady state, and not in a potential movement based on the downward gradient “disconnecting” the relationship between the two [98]. The fact that nitrate occurrence could be affected by the potential downgrade movement of the contaminants during the time interval is a major issue.





4. Conclusions


Groundwater is a major source for fulfilling household, agricultural, and industrial needs of water, but the leaching of pollutants from the surface are contaminating this natural resource. The assessment of contamination risk for the groundwater is an important approach to aid further mitigation and protective procedures. The study aims at assessing the groundwater nitrate contamination risk along the Karakoram Highway, which is now a part of the Chinese initiative CPEC. First, the groundwater vulnerability of the area is mapped using the DRASTIC model, and then the nitrate pollution is mapped using nitrate concentration data from a previously conducted study. Additionally, the study provides an innovative structure for assessing the probability of groundwater nitrate contamination incidence, based on ML techniques and the ensemble modeling method. The ML techniques utilized are SVM, MDA, and BRT. A total of eight groundwater conditioning factors were used to map the contamination incidence probability. The combination of the input maps such as pollution, probability, and vulnerability maps produced the groundwater nitrate contamination risk map that showed that the lower, central bottom, and traces of the upper regions are exposed to high to very high contamination risks. The model evaluation reveals that the ensemble technique outperforms the other techniques, including SVM, MDA, and BRT, in terms of AUC, Kappa, and MSE. The findings of this study are applicable in regional scale risk assessment for modern urbanization to mitigate health problems for the locale, and pollution risk management agencies could also utilize the groundwater contamination risk map to apply mitigation procedures. In agricultural land use areas, the nitrate contamination risk could be mitigated by using fewer nitrate fertilizers. In urban areas, household and industrial waste should not be disposed of in the water.
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Figure 1. Map of the study area, showing the elevation and location of wells in the area. 
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Figure 2. Flowchart for the groundwater contamination risk mapping of the study area. 
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Figure 3. Groundwater contamination vulnerability zones for the study area. 
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Figure 4. Groundwater nitrate concentration map for the study area. 
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Figure 5. Groundwater conditioning factors: (a) distance to river, (b) twi, (c) elevation, (d) slope, (e) land use, (f) soil type, (g) lithology, (h) drainage density. 
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Figure 6. Groundwater contamination incidence probability map: (a) BRT (b) SVM (c) ensemble (d) MDA. 






Figure 6. Groundwater contamination incidence probability map: (a) BRT (b) SVM (c) ensemble (d) MDA.



[image: Applsci 11 10034 g006]







[image: Applsci 11 10034 g007 550] 





Figure 7. Groundwater contamination risk map for the study area. 
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Table 1. Drastic parameters their classes, ratings, and assigned weights.
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Parameter

	
Range

	
Rating

	
Weight






	
Depth to water table (m)

	
<40

	
9

	
5




	
40–60

	
7




	
60–80

	
5




	
80–100

	
3




	
>100

	
1




	
Net recharge (mm)

	
>80

	
9

	
4




	
60–80

	
7




	
<60

	
5




	
Aquifer media

	
Sand

	
8

	
3




	
Soil media

	
Sandy loam

	
7




	
Silt

	
6




	
Sandy clay

	
4

	
2




	
Clay

	
2




	
Topography

	
<5

	
9

	
1




	
5–10

	
8




	
10–20

	
6




	
20–40

	
4




	
>40

	
2




	
Impact of vadose zone

	
Sand

	
7

	
5




	
Hydraulic conductivity

	
>300

	
9

	
3




	
200–300

	
8




	
100–200

	
6




	
<100

	
4
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Table 3. Groundwater risk prediction map mean and variance values for models.
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	ML Models
	AUC
	Kappa
	MSE





	BRT
	0.85
	0.84
	0.22



	SVM
	0.86
	0.85
	0.21



	Ensemble
	0.87
	0.86
	0.18



	MDA
	0.82
	0.81
	0.19
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Table 4. Performance of models during testing datasets.
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	ML Models
	Mean
	Variance





	BRT
	0.48
	0.04



	SVM
	0.47
	0.08



	Ensemble
	0.51
	0.05



	MDA
	0.55
	0.09
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Table 5. Area division by groundwater contamination risk for the study area.
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	Risk
	Percentage
	Area (km2)





	Very Low
	19%
	902.5



	Low
	25%
	1187.5



	Moderate
	34%
	1615



	High
	9%
	427.5



	Very High
	13%
	617.5
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