









	
 Home

	 Add Document
	 Sign In
	 Create An Account





















































	
 Viewer

	
 Transcript













JOURNAL OF THE AMERICAN WATER RESOURCES ASSOCIATION APRIL



AMERICAN WATER RESOURCES ASSOCIATION



2006



ARSENIC IN THE SHALLOW GROUND WATERS OF CONTERMINOUS UNITED STATES: ASSESSMENT, HEALTH RISKS, AND COSTS FOR MCL COMPLIANCE1



Navin Kumar C. Twarakavi and Jagath J. Kaluarachchi2



INTRODUCTION



ABSTRACT: A methodology consisting of ordinal logistic regression (OLR) is used to predict the probability of occurrence of arsenic concentrations in different threshold limits in shallow ground waters of the conterminous United States (CONUS) subject to a set of influencing variables. The analysis considered a number of maximum contaminant level (MCL) options as threshold values to estimate the probabilities of occurrence of arsenic in ranges defined by a given MCL of 3, 5, 10, 20, and 50 µg/l and a detection limit of 1 µg/l. The fit between the observed and predicted probability of occurrence was around 83 percent for all MCL options. The estimated probabilities were used to estimate the median background concentration of arsenic in the CONUS. The shallow ground water of the western United States is more vulnerable than the eastern United States. Arizona, Utah, Nevada, and California in particular are hotspots for arsenic contamination. The risk assessment showed that counties in southern California, Arizona, Florida, and Washington and a few others scattered throughout the CONUS face a high risk from arsenic exposure through untreated ground water consumption. A simple cost effectiveness analysis was performed to understand the household costs for MCL compliance in using arsenic contaminated ground water. The results showed that the current MCL of 10 µg/l is a good compromise based on existing treatment technologies. (KEY TERMS: arsenic; logistic regression; cost analysis; vulnerability; drinking water; ground water; public health.)



Arsenic is historically known to be toxic to human health. Drinking water contaminated with unsafe levels of arsenic may cause cancer of the skin, bladder, lungs, and possibly other internal organs and noncancer effects (such as diabetes mellitus, nodular keratosis), including manifestations that are indicative of chronic arsenic poisoning (Nimick, 1994; Focazio et al., 1999; NRC, 1999, 2001). The high toxicity of arsenic is elucidated by a maximum contaminant level goal (MCLG) of zero and a MCL of 10 µg/l. The U.S. Environmental Protection Agency (USEPA), based on recommendations from the National Academy of Sciences (NRC, 2001), has recently revised the MCL from the 1974 value of 50 µg/l to 10 µg/l (USEPA, 2000a,b). Arsenic occurs naturally in mineral deposits and is also contributed through anthropogenic sources (Welch et al., 2000). The widespread occurrence of arsenic in ground water and its devastating impact on human health are best illustrated in Bangladesh (Kinnburgh and Smedley, 2001; Yu et al., 2003; van Geen et al., 2003). The natural occurrence of arsenic in ground water is dependent on the sources as well as the soil water partitioning characteristics as influenced by the prevailing hydrogeochemical conditions. The natural background concentration of arsenic in ground water varies with the aquifer type; for example, volcanically active regions typically tend to have high arsenic concentrations (Nimick, 1994). A key player in the occurrence of arsenic in ground water is pH. Alkaline
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TWARAKAVI AND KALUARACHCHI ground waters tend to have a high arsenic concentration (Welch et al., 2000). Other factors that affect the extent of occurrence of arsenic in ground water are evaporation, phosphate concentrations, presence of iron oxides, and sulfides (Welch et al., 2000). Apart from natural sources, a number of anthropogenic sources exist. Some of the major anthropogenic sources of arsenic in the United States are agricultural chemicals, mining areas, wood preservatives, and chemicals used in glass production (Welch et al., 2000). In the past, a number of studies have been conducted on arsenic at different spatial scales to address key issues related to geochemistry, health impacts, and economic implications, so that better management decisions can be made. Spatial scales of the studies have ranged from laboratory (centimeters, meters) to regional scale (kilometers). For example, Yu et al. (2003) used spatial statistical methods on arsenic concentration detected in wells across Bangladesh to develop a risk map for arsenic concentrations. National scale analyses have been of particular interest in the past decade. The interest has been primarily driven by the need to reduce the MCL to a level that is socioeconomically consistent with acceptable health and ecological risks. The need to map the arsenic occurrence throughout the United States and relate the occurrence to contributing factors has been a highlight of previous work (Nimick, 1994; Focazio et al., 1999; NRC, 1999, 2001; USEPA, 2000a,b; Welch et al., 2000). Ryker (2001) found that any national scale map provides a limited view. Even so, they are essential for educational needs as well as in decision making at a national level. These studies provide valuable information on the role of key influencing variables affecting the vulnerability of shallow aquifers to these contaminants and thereby help the decision makers to arrive at comprehensive management solutions. For example, Nolan (2001) mapped the vulnerability of ground waters to nitrate contamination throughout the United States. The results from this work can be effectively used in national scale policy related studies (Nolan, 2001). Widespread high concentrations of arsenic in ground water are generally attributed to natural sources (Ryker, 2001). National regulatory and legislative bodies need to know: which parts of the country have high arsenic in drinking water; how serious an effect arsenic may have on public health; and where reducing arsenic concentrations will be most costly. The mapping of arsenic occurrence throughout the United States is especially important in lieu of clustered sampling of ground water for arsenic contamination across the United States (Focazio et al., 1999). In other words, there is a need to use a JAWRA



methodology that can predict the arsenic concentrations in unsampled regions. To achieve these goals, it is necessary to use an approach that can relate the arsenic concentrations at the sampled wells to a set of influencing hydrogeochemical conditions and other factors. Previous studies estimating ground water vulnerability to arsenic at a national scale in the past are oversimplified and do not consider the impact of key influencing variables such as pH, aquifer type, and land use in the analysis. For example, Ryker (2001) used county level summary statistics (such as 75th percentile arsenic concentrations) to map arsenic concentration throughout the United States. However, arsenic concentrations in ground water do not follow political boundaries. Rather, they tend to follow boundaries based on hydrogeochemical conditions and land use. The motivation of this study is to facilitate more objective policy making and planning than those typically adopted by agencies today The goal of this work is to analyze the vulnerability of shallow ground waters across the CONUS to arsenic due to land use practices and existing hydrologic and geochemical conditions and to assess the corresponding public health risks and economic implications. Shallow ground waters may be defined as the ground waters from the uppermost aquifers. While a similar study on arsenic across the CONUS has not been performed previously, the major benefit of this study is to better understand the national-scale impacts of arsenic in ground water and thereby to assist decision making and policy development to preserve environmental quality. This study provides a major improvement over existing methods for assessment of arsenic contamination at the national scale using available methodologies and demonstrates the applicability of the results in health risk and economic analysis. The paper consists of two parts. The first part addresses aquifer vulnerability assessment to arsenic contamination across the CONUS. In the first part, probabilistic vulnerability estimates for arsenic to exceed different MCL options are calculated. The method of OLR (McCullagh, 1980; Twarakavi and Kaluarachchi, 2005) was chosen to estimate the vulnerability of shallow aquifers. The OLR method was found to be an easy and efficient tool for large scale assessment of arsenic contamination. The results of the vulnerability analysis are used to estimate median arsenic concentrations and natural background concentrations in different geological settings. The second part of the paper involves application of the vulnerability assessment results to the health risk and economic analysis. Different types of risk estimates for arsenic consumption (individual risk, population risk, and risk index) are calculated for the 276
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ARSENIC IN THE SHALLOW GROUND WATERS OF CONTERMINOUS UNITED STATES: ASSESSMENT, HEALTH RISKS, AND COSTS FOR MCL COMPLIANCE threshold, β is a vector of slope coefficients, and X is the vector of influencing variables. Ordinal logistic regression assumes the same slope coefficients, β, to relate the probabilities of occurrence of the response with respect to all the thresholds subject to the influencing variables. Twarakavi and Kaluarachchi (2005) used the method of OLR to relate the probabilities of occurrence of heavy metal (including arsenic) concentrations with respect to the MCL and the background concentration subject to a set of influencing variables in a large catchment in northwestern Washington State. In this work, the method of OLR is used to predict aquifer vulnerability to arsenic in the ranges defined by the detection limit of 1 µg/l and a particular MCL value. It is known that the MCL of arsenic was reduced to 10 µg/l from a previous high of 50 µg/l with substantial controversy and public debate (NRC, 1999, 2001). Here, this issue is revisited by considering a number of alternative MCL values such as 3, 5, 10, 20, and the existing MCL of 50 µg/l. Twarakavi and Kaluarachchi (2005) used the natural background concentration as a threshold value since the area of that study was small enough to assume a uniform background concentration. Natural background concentration may be defined as the concentration of a contaminant in ground water under undisturbed conditions. To account for the variability in the natural background concentrations, aquifer type was included as an influencing variable. Instead of the background concentration, the detection limit was used as a threshold value along with a given MCL value for two reasons: to maximize the use of available data across the CONUS by incorporating the data that are below the detection limit, and to provide a commonality in the analysis to compare the slope coefficients of influencing variables of the OLR model with different MCL options. The strategy for implementing the OLR model for successful analysis of aquifer vulnerability to arsenic in the CONUS includes a number of key steps (Twarakavi and Kaluarachchi, 2005). These are to: (1) categorize the response values, which is concentration, into (n + 1) discrete response categories based on n threshold values such as the MCL and the detection limit; (2) identify all possible influencing variables, discrete and continuous; (3) perform univariate OLR analysis between the response and each influencing variable and select the significant influencing variables using the Wald statistic and chi-square test; (4) perform multivariate OLR analysis between the probability of response to occur with respect to the threshold value and the significant influencing variables, then check again for significance of the influencing variables; (5) repeat Step 4 until only the significant influencing variables are included in the



CONUS and analyzed for applicability in water policy issues. A simple cost effectiveness assessment is also performed to evaluate the economic consistency of different MCL options considered by the USEPA.



METHODOLOGY Ordinal Logistic Regression The method of binary logistic regression (LR) has been extensively used in epidemiological studies and more recently has become a common technique in environmental research. LR relates the probability of a response variable to be less than a threshold value to a set of influencing variables (Hosmer and Lemeshow, 1989; Helsel and Hirsch, 1992), for example the probability of arsenic to be less than the MCL for different land use types and/or soil classes. In an LR model, regression is linear between the influencing variables and natural logarithm of the odds ratio for the probability of response to be less than the threshold value. A typical logistic regression model is given as ln[p/(1-p)] = logit (p) = α + βX



(1)



where p is the probability that the event Y occurs, p(Y = 1); p/(1 - p) is called the odds ratio; ln[p/(1-p)] is the log-odds ratio, or logit; α is a constant; and β is the coefficient(s) of the influencing variable(s), X. For instance, the estimated probability for an event to occur (Y = 1) given a set of influencing variables, X, and the corresponding coefficients (α and β) is given as p = [exp(α + βX)]/[1 + exp(α + βX)]



(2)



The major drawback of binary LR models is that only one threshold value can be used to categorize the responses. Twarakavi and Kaluarachchi (2005) discussed the drawbacks of the binary LR method in analyzing environmental problems. Ordinal logistic regression, also known as the proportionality-odds model, expands the LR to more than one threshold value (McCullagh, 1980; Twarakavi and Kaluarachchi, 2005). For example, if two thresholds (i = 1, 2) are considered to categorize the response variable, OLR relates the corresponding logits as ln[pi/(1-pi)] = logit (pi) = αi + βx



i = 1, 2



(3)



where p i is the probability of response to be less than the ith threshold, αi is the constant for the ith JOURNAL OF THE AMERICAN WATER RESOURCES ASSOCIATION
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TWARAKAVI AND KALUARACHCHI model; and (6) check for the goodness-of-fit of the model results. The response is the concentration of arsenic. The output of the model is the probability of the response, which in this case is the concentration of arsenic in ground water, in a given category defined by one or more threshold values. The arsenic concentrations are grouped into three categories based on their magnitude relative to the detection limit and MCL (Step 1). A concentration less than or equal to the detection limit is listed under Response Category 1. Similarly, all concentrations between the detection limit and MCL are listed under Response Category 2. All concentrations greater than or equal to the MCL are listed under Response Category 3. Influencing variables considered here are pH, hydraulic conductivity, soil types, aquifer type, well depth, elevation, sand, silt and clay fractions, mean annual precipitation and temperature, and land use. Aquifer type and land use are discrete variables, while the rest are continuous variables. Hosmer and Lemeshow (1989) and Twarakavi and Kaluarachchi (2005) provide a detailed description of representing discrete influencing variables using dummy variables. For a detection limit, CD, of 1 µg/l and a MCL option, the OLR model may be presented as



used to identify and eliminate nonsignificant influencing variables of the system. This step can be performed using the univariate OLR analysis between each influencing variable and the probability of response to occur in categories defined by the threshold values. The significance of the influencing variable may then be estimated by computing the p-value of the chi-square (χ2) test and estimating the Wald statistic, W. The Wald statistic is obtained by dividing the expected value of the parameter by its standard error. Any influencing variable whose univariate test has a p-value less than 0.25 and an absolute Wald statistic exceeding 2 is a candidate for the model (Hosmer and Lemeshow, 1989). Once the significant variables are selected by univariate analysis in Step 3, the multivariate OLR model is fitted in Step 4 using the maximum likelihood estimation method. The multivariate model has to be checked to ensure that all influencing variables are significant using the steps described in Twarakavi and Kaluarachchi (2005). The final model should be checked for the goodness-of-fit in Step 6 to determine the accuracy of the model compared to observed data (Twarakavi and Kaluarachchi, 2005). The trained multivariate OLR model can be used to develop a probability map for arsenic concentrations to exceed different MCL options throughout the CONUS. These results may be used in estimating median concentrations, natural background concentrations, risk estimations, and economic analysis.



logit (Prob. of k = 1 or Ci ≤ CD) = α0 +



n
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∑ β jVij + ∑ ∑
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l=1m=2



β lm Vilm



(4a)



Risk Estimation



logit (Prob. of k ≤ 2 or Ci < MCL) = α1 +



n



∑ β jVij +



j= 1



q



r



∑ ∑



l=1m=2



β lm Vilm



Generally, two types of risk are estimated: expected individual risk (EIR) and the population risk (PR). The EIR gives the average cancer risk posed on an individual of the population. The PR is the number of expected cancer cases caused in the exposed population per annum. In areas of low population density, regulatory action is typically not taken as long as the EIR is less than 10-4 (USEPA, 1989; Zhao and Kaluarachchi, 2002; Khadam and Kaluarachchi, 2003a,b). However, regulatory action is considered where there is a high PR in spite of a low EIR. The EIR is a function of the contaminant concentration, exposure pathways, and population characteristics such as gender and age. Unlike the PR, EIR does not consider the population density. The weighted EIR at a given population cell may be estimated as follows: (a) estimate the probabilities, pj, that arsenic concentrations would occur in the different concentration intervals of interest, for example, the intervals will be defined by the detection limit of 1 µg/l and MCL values of 3, 5, 10, and 20 µg/l;



(4b)



(Prob. of k = 3 or Ci ≥ MCL) = 1 - (Prob. of k ≤ 2) (4c) where k is the response category; Ci is the concentration at well i; (α0, α1) are constants; (j = 1, 2,…, n) are the continuous influencing variables; βj is the slope coefficient for the continuous influencing variable j; Vij is the value of the continuous influencing variable j at well i; (l = 1, 2,…, q) are the number of discrete influencing variables with r categories; β lm is the slope coefficient of the dummy variable representing the mth category in the discrete influencing variable l; and Vilm is the dummy variable representing the mth category of the discrete influencing variable l. For each discrete influencing variable, m = 1 or Category 1 is assumed to be the reference. An important step in OLR model building is selecting the influencing variables of significance. Step 3 is
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ARSENIC IN THE SHALLOW GROUND WATERS OF CONTERMINOUS UNITED STATES: ASSESSMENT, HEALTH RISKS, AND COSTS FOR MCL COMPLIANCE in better understanding the contamination of ground water from a health perspective and may not necessarily reflect the actual risk posed.



(b) estimate the EIR due to exposure to the average arsenic concentration estimated from the intervals defined by the different intervals (rj) using USEPA (2000a) guidelines; and (c) now the weighted EIR, ξ, at any location in the CONUS may be estimated as ξ = ∑ p jr j



DATA SYNTHESIS



(5)



j



Arsenic Concentrations where rj = [(0,3), (3,5), (5,10), (10,20), (20,∞)] µg/l. Population risk is an estimate of risk that takes into consideration the toxicity of the contaminant to the population, the population density, and the contaminant concentration. Not all the water consumption is supplied from ground water resources. Therefore, the fraction of total water consumption supplied from ground water resources was used to estimate PR as shown in PR = W ξ D/E



Two types of input data are needed to predict the occurrence of arsenic in ground water in the CONUS. These are the arsenic data in ground water and the data of influencing variables at each monitoring well. Arsenic concentration data were collected from the National Water Quality Assesssment database (Focazio et al., 1999). The database was compiled from the National Water Information System (NWIS) of the U.S. Geological Survey (USGS) and data from other state and federal agencies. Figure 1 shows the locations of the monitoring wells used in the analysis. Focazio et al. (1999) stated that a major limitation of the dataset is that it was not collected as a part of a random survey. However, the dataset has been used in previous studies on arsenic occurrence in ground water (Nimick, 1994; Focazio et al., 1999; NRC, 1999, 2001) that included rigorous statistical analysis. Focazio et al. (1999) noted that the areal distribution of the database may be more representative of the quality of water from small water supplies or unregulated private wells than that of a larger public water supply system. This observation is important, as the source of water for the small water supplies and unregulated wells is usually the uppermost aquifers (Focazio et al., 1999), and the present study analyzes arsenic occurrence in the uppermost aquifers (also referred to as shallow ground waters). A cursory analysis of locations shown in Figure 1 indicated that the wells are scattered throughout the CONUS. The number of wells with arsenic concentrations is 13,513. The wells seem to be clustered around regions of interest such as cities and known hotspots of contamination. This is a limitation of the database, as it has not been collected as a part of a random survey. More detailed discussion on the spatial distribution of wells throughout the CONUS may be found in Focazio et al. (1999). A major limitation with the use of the NWIS database in the OLR analysis is the temporal variability of arsenic concentrations with time (Focazio et al., 1999; Welch et al., 2000). Ordinal logistic regression analysis demands stationarity of arsenic concentrations at a well with time. Focazio et al. (1999) analyzed the variability in arsenic concentrations



(6)



where W is the percentage of water supplied from ground water, ξ is the weighted EIR, D is the population exposed to arsenic, and E is the exposure duration (Zhao and Kaluarachchi, 2002). Whipple (1987) stated that the key to understanding the regulatory practices is to understand the relationship between EIR and PR. For this purpose, a risk index has been proposed and used in earlier studies to help decision makers understand the tradeoffs between the EIR and PR (Khadam and Kaluarachchi, 2003a,b). Risk index (RI) is estimated using the EIR and PR as RI = -log10(PR *ξ)



(7)



Risk index establishes a tradeoff between the individual and population risk based on observations from published regulatory data (Khadam and Kaluarachchi, 2003a,b). An RI value of 5 was established as a threshold value to determine the acceptable risk. The risk is deemed unacceptable if the RI is less than 5 and acceptable otherwise (Khadam and Kaluarachchi, 2003a,b). Using Equation (7), a spatial map of RI can also be developed for arsenic exposure from ground water in the CONUS. It is important to note that the risk estimates, estimated using the results from the OLR model, assume that the arsenic concentration or the vulnerability of the ground water to arsenic contamination is temporally invariant. This assumption forces the fact that the influencing variables do not alter significantly during the exposure period. However, it is the same case with most of the environmental risk analysis (Khadam and Kaluarachchi, 2003a,b). Therefore, the risk estimates only serve as guidelines to a manager JOURNAL OF THE AMERICAN WATER RESOURCES ASSOCIATION
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Figure 1. A Map Showing the Locations of Wells With Arsenic Concentration Data in the Continental U.S.



detection limit of 1 µg/l are located in the southwestern United States. Typically, the distribution of arsenic concentration in many ground water basins follows a log-normal distribution (Newcomb and Rimstidt, 2002; Twarakavi and Kaluarachchi, 2005). Although not shown here, the analysis of arsenic data for the CONUS also showed a log-normal distribution.



over time for the 355 wells in the USGS NWIS database that contained 10 or more samples collected over various time periods. While most of the wells showed a low to negligible trend between arsenic concentration and time, many wells indicate a significant trend. Focazio et al. (1999) noted that while temporal trends may exist in the arsenic concentrations at some wells, most of the wells are unaffected. However, Welch et al. (2000) showed that some arsenic concentrations seemed to have experienced some trends, seasonalities, and random fluctuations over the years that may not justify the stationarity assumption for the period 1951 to 2000. NRC (2001) discussed the issues of variability and uncertainty in arsenic concentrations in the NWIS database in detail. In the present study, temporal stationarity in arsenic concentrations at all the wells is assumed. Therefore, interpretations of the results from this study need to revisit this assumption. Table 1 provides a summary of the arsenic concentration database for the CONUS. The percentage of wells exceeding the different MCL options seems to decrease exponentially from nearly 64 percent to 2 percent as the MCL increases from 1 to 50 µg/l. Most of the wells with arsenic concentrations exceeding the current MCL are located in the western United States. Wells with arsenic concentrations below the JAWRA



TABLE 1. Number of Arsenic Concentrations in Different Concentration Ranges Defined by Different MCL Options.



MCL (µg/l)



Less Than the Detection Limit (1 µg/l)



Between the Detection Limit and MCL



Greater Than the MCL



50



4,922 (36%)



8,293 (61%)



0,298 (2%)0



20



4,922 (36%)



7,714 (57%)



0,877 (6%)0



10



4,922 (36%)



6,799 (50%)



1,792 (13%)



5



4,922 (36%)



5,476 (41%)



3,115 (23%)



3



4,922 (36%)



3,939 (29%)



4,652 (34%)



1



4,922 (36%)



0,000 (0%)0



8,591 (64%)



Note: Numbers in brackets show the percentage of wells in each category.
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ARSENIC IN THE SHALLOW GROUND WATERS OF CONTERMINOUS UNITED STATES: ASSESSMENT, HEALTH RISKS, AND COSTS FOR MCL COMPLIANCE Arsenic occurrence with respect to various land use classes is also a subject of interest. Anthropogenic sources may contribute to arsenic in ground water either by direct contribution or by producing conditions suitable for desorption of adsorbed arsenic. Barren, rangeland, and agricultural land uses seem to have high arsenic concentrations in the CONUS. On further investigation, it was found that higher arsenic concentrations detected in the barren land use class are mostly in mining areas. Welch et al. (2000) discussed the significance of land uses on arsenic concentrations in the CONUS. Ground water pH is considered to be an important variable controlling arsenic mobility in ground water (Selim and Sparks, 2001). Alkaline conditions tend to enhance desorption of arsenic leading to higher arsenic concentrations (Welch et al., 2000; Selim and Sparks, 2001). Data for ground water pH are not available for the CONUS. Therefore, soil pH and other variables such as hydraulic conductivity, soil types, well depth, precipitation, and air temperature were considered to implicitly represent ground water pH in the model. Figure 2 shows a scatter plot between the mean soil pH and arsenic concentration detected in the CONUS. The results show the occurrence of higher arsenic concentrations with increasing alkaline conditions as discussed earlier. Alkaline conditions tend to increase the impact of natural and anthropogenic sources as it improves the mobility of arsenic in ground water. Ideally, variables such as



Influencing Variables Arsenic occurrence is affected by the land use, aquifer type, and geochemical conditions, and the physical mechanisms of arsenic mobility in natural ground water are yet to be agreed upon (McArthur et al., 2001). Welch et al. (2000) described the various mechanisms controlling arsenic in ground water. Under the conditions of a poor understanding of the arsenic mobilization process and presence of sparse data for the influencing variables, a number of hydrogeochemical, climatological, and other factors were considered as options for influencing variables in the OLR model. Table 2 shows the descriptive statistics of arsenic concentrations for different aquifer types and land use classes. Arsenic seems to occur at high levels in unconsolidated sand and gravel aquifers and basalt/volcanic-rock aquifers than in other aquifer type classes in the CONUS. Significant differences in arsenic concentrations in different geologic/geomorphic zones have been observed in Bangladesh (van Geen et al., 2003; Yu et al., 2003). Generally, the occurrence of arsenic is controlled by desorption of arsenic from iron oxides (Welch et al., 2000). Basalt/ volcanic rock aquifers tend to have high arsenic concentrations, provided the conditions are favorable for desorption. Ideally, one would prefer to have “arsenic mineral content of the aquifer” as the influencing variable instead of the aquifer class. However, such information is not available for the CONUS.



TABLE 2. Descriptive Statistics of Arsenic Concentrations (µg/l) Detected in Wells in Different Aquifers and Land Use Classes in the Continental U.S.



Minimum



25 Percent Quantile



Median



75 Percent Quantile



Maximum



Aquifer Type Basalt/Volcanic Carbonate Rock Other Sandstone Sandstone and Carbonate Semiconsolidated Sand Unconsolidated Sand and Gravel



1 1 1 1 1 1 1



2 1 1 1 1 1 2



3 2 2 2 2 1 4



6 5 6 4 4 2 10



950 76 1,100 1,500 39 200 2,600



7 55 5 11 5 10.25 5.25



2,600 2,200 210 1,500 1,400 330 160



Land Use Agricultural Barren Forest Rangeland Urban/Built-up Water Wetland



1 1 1 1 1 1 1
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TWARAKAVI AND KALUARACHCHI iron oxide content, ground water pH, and redox conditions would be influencing variables. Based on empirical interpretations and the current literature on the causes of arsenic occurrence, the following were chosen as possible influencing variables: soil pH, hydraulic conductivity, soil types, aquifer type, well depth, elevation, sand, silt and clay fractions, mean annual precipitation, temperature, and land use. It is assumed that these influencing variables either implicitly or explicitly influence the mobility and occurrence of arsenic in ground water.



obtained from the STATSGO database (USDA, 1994). These data were available in GIS format at 1 km2 cell size from the work of Miller and White (1998). Mean annual precipitation and temperature data from 1951 to 2000 were obtained from the National Climatic Data Center (NCDC, 1991). Elevation data for the CONUS were obtained from the Land Processes Distributed Active Archive Center of the Earth Resources Observation Systems Data Center of the USGS (USGS, 2000). Aquifer classification data for the CONUS were obtained from the USGS (Clawges and Price, 1999). Land use data were obtained from the National Land Cover Data of the USGS that are based on satellite imagery from 1992 (Vogelmann et al., 2001). The land use information was reclassified from the original 21 land use classes to the following: barren, wetlands, water, urban/built-up, rangeland, agriculture, and forestland. This regrouping of land use classes was performed to simplify the analysis and to develop a robust model. The reclassification of the land use classes was based on the literature review on arsenic contamination from different sources (Focazio et al., 1999; Welch et al., 2000) as well as the nature of land use classes. Table 3 lists the classification for the discrete influencing variables. It is assumed that the probability of occurrence of arsenic in a well located in a particular grid cell is affected only by the geochemical and land use conditions existing in that grid cell. In other words, neighboring grid cells are assumed not to have any impact on a well. It is also assumed that weak multicollinearity exists among the influencing variables for developing a robust OLR model. As with the NWIS arsenic concentration database, temporal stationarity of influencing variables is assumed. This is necessary, as successful application of the OLR model demands temporal stationarity of influencing variables.



Figure 2. Interval Plot of Arsenic Concentrations in Ground Water With Mean Soil pH.



Once the influencing variables are selected, it is important to estimate the values of influencing variables at each well to develop training and testing datasets for the OLR model. Land use, for example, is one of the major influencing variables that need to be identified for each sampling well. Twarakavi and Kaluarachchi (2005) discussed the selection of radius for estimating the values of influencing variables at each well. In this work, a radius of influence of 0.5 km for each well was used to identify the values of the influencing variables. Considering the spatial scale of the CONUS, this distance of 0.5 km can be considered to be representative of the surrounding conditions of that particular well. The information on influencing variables at each well was estimated and compiled within a geographic information system (GIS) using a grid of 1 km2 cells. The 1 km2 cell size was considered to be adequate due to the spatial scale of the study area, and any cell size smaller than 1 km 2 can increase the computational effort substantially without adding improved accuracy. In addition, 1 km2 cell size is considered adequate to represent the arsenic concentration distribution around a well based on the previous work on nitrate in the CONUS. The soil properties, such as pH, hydraulic conductivity, soil type, and sand, silt, and clay fractions were JAWRA



RESULTS AND DISCUSSION Parameter Estimation Arsenic concentrations were grouped into response categories using the thresholds of a detection limit of 1 µg/l and a given MCL option as discussed in Step 1 of the methodology. Different datasets of equal size were used for training and testing the OLR models. Training and testing datasets were created by choosing alternate points spatially in the datasets. The goal of following this procedure was to spatially distribute training and testing datasets. Table 4 shows the results of the univariate analysis discussed under Step 3. The univariate analysis of the influencing 282



JOURNAL OF THE AMERICAN WATER RESOURCES ASSOCIATION



ARSENIC IN THE SHALLOW GROUND WATERS OF CONTERMINOUS UNITED STATES: ASSESSMENT, HEALTH RISKS, AND COSTS FOR MCL COMPLIANCE TABLE 3. Categorization of Discrete Influencing Variables, Land Use, and Aquifer Type. Discrete Influencing Variable Classes Land Use



Urban/Built-Up Land: Commercial, Industrial, Transportation, Communications/Utilities, Recreational Grasses, Residential Water: Streams/Canals, Lakes/Ponds, Reservoirs, Bays, Open Marine Agriculture: Pasture/Hay, Row Crops, Small Grains and Fallow Rangeland: Grasslands/Herbaceous and Shrubland classes Forestland: Evergreen Forest, Deciduous Forest, and Mixed Forest Wetlands: Woody Wetlands and Emergent/Herbaceous Wetlands Barren: Bare Rock/Sand Clay, Quarries/Strip Mines/Gravel Pits and Transitional Bare



Aquifer Type



Unconsolidated sand and gravel Semiconsolidated sand Sandstone aquifers, carbonate-rock Sandstone and carbonate-rock Basaltic and other volcanic-rock



TABLE 4. Wald and Chi-Square p-Value Statistics From the Univariate Analysis.



Influencing Variable



3 MCL (µg/l) Wald p-Value



5 MCL (µg/l) Wald p-Value



10 MCL (µg/l) Wald p-Value



20 MCL (µg/l) Wald p-Value



50 MCL (µg/L) Wald p-Value



Well Depth (m)



10.02



0



9.81



0



10.72



0



10.31



0



10.48



0



Elevation (m)



22.18



0



21.69



0



22.58



0



22.2



0



21.56



0



Hydraulic Conductivity (cm/hr)



2.96



0.003



2.72



0.007



2.4



0.017



2.84



0.004



4.15



0



Precipitation (cm)



47.02



0



46.17



0



45



0



43.55



0



41.85



0



Temperature (˚C)



3.45



0.001



2.91



0.004



3.36



0.001



4.09



0



5.05



0



Percent SHG ‘A’



0.09



0.929



0.07



0.943



0.76



0.448



1.55



0.121



2.43



0.015



Percent SHG ‘B’



3.92



0



3.07



0.002



2.67



0.008



3.33



0.001



3.65



0



Percent SHG ‘C’



4.09



0



3.21



0.001



3.89



0



4.86



0



5.09



0



Percent SHG ‘D’



0.37



0.712



0.19



0.848



1.42



0.154



2.18



0.029



2.73



0.006



(0,0.012)



(3.22,15.85)



(0,0.001)



(3.42,15.18)



(0,0.001)



Land Use (range)



(2.59,17.16) (0,0.01)



(2.19,16.93)



(0,0.029) (2.52,16.61)



Aquifer Type (range)



(5.03,22.45) (0,0.01)



(5.75,21.38)



(0,0)



(3.63,14.65)



(0,0)



(3.38,14.18)



(0,0.001)



(2.65,14.38)



(0,0.008)



pH



50.26



0



50.08



0



48.99



0



47.36



0



45.51



0



Percent Sand



5.09



0



5.16



0



5.14



0



4.76



0



3.62



0



Percent Silt



3.37



0.001



3.72



0



4.25



0



4.15



0



3.18



0.001



Percent Clay



5.02



0



4.64



0



3.84



0



3.23



0.001



2.43



0.015



Notes: SHG = Soil Hydrologic Group. Influencing variables in bold show the variables selected for the final multivariate OLR model. The numbers in parentheses for Land Use and Aquifer Type indicate the range of the estimated statistic.
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TWARAKAVI AND KALUARACHCHI variables produced interesting results. For any given MCL option, the influencing variables seem to have different levels of significance to the probability of arsenic concentration to occur less than the MCL. Twarakavi and Kaluarachchi (2005) used the results of univariate analysis (Wald statistic and chi-square p-value) to analyze the relative importance of each influencing variable to arsenic concentrations in ground water. A similar procedure was used to analyze the relative significance of the influencing variables to occurrence of arsenic in ground water. Out of the influencing variables, pH, precipitation, elevation, aquifer type, and land use, in decreasing order, seem to have good correlation with arsenic occurrence. Also interesting to observe is the change in significance of an influencing variable on the probability of occurrence of arsenic concentration for different MCL options. The influencing variables that show a decreasing level of significance as the MCL is increased from 3 to 50 µg/l are pH, precipitation, and aquifer type. It may be noted that pH, precipitation, and aquifer type are the major variables that impact the background concentration of arsenic. Therefore, with an increase in the MCL, pH, precipitation, and aquifer type have less significance on aquifer vulnerability. Although not shown here, some classes of land use types (for example, barren and agriculture) showed an increasing significance with the increase in the MCL. This observation may be expected, as high concentrations of a contaminant are typically derived from anthropogenic sources. The multivariate OLR model to predict the probability of occurrence of arsenic concentrations relative to the detection limit and a given MCL option is given by Equations (4a) through (4c). Once the significant influencing variables are selected through the univariate analysis, the parameters for the multivariate OLR model was estimated using the maximum likelihood procedure discussed in Steps 4, 5, and 6. The final OLR model relates the probability of occurrence of arsenic concentration with respect to a given MCL and the detection limit of 1 µg/l. The parameter estimates obtained from this analysis are shown in Table 5. The multivariate OLR model as discussed in Step 6 showed a good goodness-of-fit. Although not shown here, cross validation of the trained multivariate OLR model with the training dataset showed a good fit with a regression of 85 to 90 percent for all MCL options. Validation of the trained OLR model with the testing data also showed good results. Figure 3 shows a plot between the observed and estimated probabilities for the testing dataset for an MCL option of 5 µg/l. The regression coefficient was nearly 83 percent for all MCL options. The model was also validated by comparing the parameter estimates obtained by JAWRA



different numbers of data such as 8,000, 9,000, 10,000, 11,000, and 12,000, selected randomly from the original database. Less than 3 percent change was observed in the parameter estimates between the sample sizes indicating good validity of the model fit. Two aspects of the impact of influencing variables on arsenic occurrence are of interest: the impact across various ranges of arsenic concentration and the nature of influence on arsenic concentrations. Interpretation of the impact of influencing variables on arsenic occurrence in ground water can be performed using the parameter estimates shown in Table 5. Results from the final multivariate OLR model indicate that soil pH is a dominant influencing variable that controls arsenic occurrence. Higher soil pH (alkaline) seems to facilitate higher arsenic occurrence. The soil pH seems to have the most impact on arsenic occurrence at concentrations in the range of 5 to 10 µg/l. This observation is reflected in the lower parameter estimates of the OLR model for MCL options of 5, 10, and 20 µg/l. Precipitation and temperature seem to have similar effects on arsenic occurrence in ground water. Higher precipitation decreases the probability of higher arsenic concentrations. Similarly, high temperatures lead to lower probabilities of arsenic exceedence. Higher precipitation seems to decrease pH in some aquifers due to conditions that favor arsenic adsorption. Precipitation and temperature seem to be implicitly influencing the occurrence of arsenic in ground waters. Probability Maps Using the parameter estimates given in Table 5, probabilities of arsenic concentration to occur relative to the detection limit and an MCL option can be estimated at any grid cell of the CONUS. As discussed earlier, GIS maps of all significant influencing variables were divided into grid cells of 1 km2. The multivariate OLR model results were applied at each grid cell to estimate the probabilities with respect to the detection limit of 1 µg/l and a given MCL option. The depth considered in the analysis is the seasonally high water table. Figure 4 shows the probability map of arsenic concentration exceeding the MCL of 10 µg/l, which is also the current MCL. The probability of arsenic concentrations exceeding the MCL is typically less than 0.1 for the eastern United States. In the western United States, the probability of exceeding the MCL of 10 µg/l is mostly less than 0.30. Some scattered pockets in the western United States (such as northwestern Utah, northwestern Nevada, and southern California) show higher probabilities in the range of 0.4 to 0.7. The spatial distribution of the probabilities for 284
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ARSENIC IN THE SHALLOW GROUND WATERS OF CONTERMINOUS UNITED STATES: ASSESSMENT, HEALTH RISKS, AND COSTS FOR MCL COMPLIANCE TABLE 5. Parameter Estimates for the Significant Influencing Variables of the Ordinal LR Model Under Various MCL Options and a Detection Limit of 1 µg/l.



3



5



MCL (µg/l) 10



Constant 1, α0



1.091



3.171



3.353



3.062



2.913



Constant 2, α1



2.608



5.372



6.324



6.903



7.928



-0.0001



-0.0001



-0.0001



-0.0001



-0.0001



Influencing Variables



Well depth (m), βW



20



50



Land Use Agricultural, βLA



0



0



0



0



0



Barren, βLB



-0.669



-0.784



-0.992



-1.154



-1.209



Forest, βLF



-0.168



-0.173



-0.145



-0.134



-0.123



Rangeland, βLR



-0.293



-0.347



-0.317



-0.307



-0.259



Urban/Built-up, βLU



-0.024



-0.004



0.035



0.025



0.004



Water, βLW



-0.005



-0.032



0.031



0.183



0.257



0.024



0.014



0.067



0.093



0.057



Wetland, βLWE



Aquifer Type Basaltic/volcanic-rock, βAB



0



0



0



0



0



Carbonate-rock, βAC



0.593



0.484



0.589



0.602



0.720



Other, βAO



0.180



0.062



0.136



0.143



0.266



Sandstone, βAS



0.039



-0.088



-0.030



-0.068



0.021



Sandstone and carbonate-rock, βASC



0.953



0.904



1.001



0.959



1.059



Semiconsolidated sand, βASS



0.514



0.337



0.410



0.394



0.515



-0.575



-0.636



-0.499



-0.504



-0.472



Precipitation (cm), βp



0.056



0.051



0.048



0.053



0.053



Temperature (˚F), βT



0.013



0.016



0.015



0.018



0.021



Percent Soil Hydrologic Group A, βA



-0.021



-0.021



-0.022



-0.021



-0.022



Percent Soil Hydrologic Group B, βB



-0.014



-0.014



-0.015



-0.015



-0.017



Percent Soil Hydrologic Group C, βC



-0.019



-0.019



-0.019



-0.019



-0.020



Percent Soil Hydrologic Group D, βD



-0.019



-0.018



-0.020



-0.021



-0.023



Mean pH, βpH



-0.479



-0.542



-0.552



-0.545



-0.529



Unconsolidated sand and gravel, βUSG



Elevation (m), βE



0.0001



0.0001



0.0001



0.0001



0.0001



Figure 3. Observed Probability and Estimated Probability by the Ordinal LR Model for the MCL of 10 µg/l and a Detection Limit of 1 µg/l.
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Figure 4. Probability of Occurrence of Arsenic Above the MCL of 10 µg/l.



Among the land use classes, barren, rangeland, and agriculture showed higher probabilities of arsenic concentrations exceeding the MCL of 10 µg/l. Some of the land use classes representing barren are quarries, strip mines, and gravel pits. The barren land use class has been well documented to release heavy metals through leaching. Agricultural soils in the United States with a history of application of arsenate pesticides have been documented to contain high arsenic concentrations (Welch et al., 2000). Evidence of movement of arsenic through soil layers has been cited in earlier studies (Peryea, 1991), thereby increasing the potential of contamination of shallow ground water. Table 4 also shows an interesting observation on the impact of land use classes on arsenic exceeding the different MCL options. The impact of land use classes on arsenic concentrations exceeding a MCL becomes more distinct at higher MCL options – for example, 20 and 50 µg/l – than at lower MCLs.



different MCL options indicates that arsenic tends to occur at higher probabilities in the western United States than in the east. The spatial average of the probabilities of arsenic to exceed the various MCLs increased from 0.02 to 0.58 as the MCL was reduced from 50 to 1 µg/l. Figure 5 shows the probability estimates of arsenic exceeding the MCL of 10 µg/l for various land useaquifer type scenarios. Previous studies, such as that by the British Geological Survey and the Bangladesh Department of Public Health Engineering (Kinnburgh and Smedley, 2001), found that differences in arsenic concentrations over large areas were consistent with geologic differences. Two aquifer types seem to facilitate higher arsenic exceedence: unconsolidated sand and gravel and basalt/volcanic rocks. The amount of arsenic solids is typically higher than in sand and gravel sediments (Warner, 2001). Upwelling of ground water from deeper bedrock to shallower sand and gravel has been postulated as one likely mechanism responsible for the elevated arsenic found in previous studies (Warner, 2001). Basaltic/volcanic rock type aquifers, typically, are found in geothermally active rocks. Geothermal upwelling could be a major reason for high arsenic concentrations in basaltic/volcanic rock aquifers. JAWRA



Median Concentration Probability maps, similar to Figure 4, for other MCL options of 1, 3, 5, 20, and 50 µg/l were also 286
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Figure 5. Probabilities of Arsenic Exceeding the MCL of 10 µg/l for Various Aquifer Types and Land Use Scenarios (U = Urban/Built-Up; A = Agricultural; R = Rangeland; F = Forestland; W = Water; WE = Wetland; B = Barren).



parameters such as precipitation, temperature, and pH. Estimating the background concentration in different aquifer types can be of significant importance in decision-relevant analyses. The results of the OLR model of this study can be used to estimate the median background concentration of arsenic that may be expected in different aquifers of the CONUS. Median estimates are preferred over mean estimates, as the distribution of arsenic concentrations is close to log normal. The procedure to estimate the median background concentration in a given aquifer type is as follows. (1) Select areas in the CONUS with the aquifer type under consideration and the forested land use class. Selecting the forested land class would ensure negligible human impact compared to other land use classes. (2) Estimate the probability that the arsenic concentration is less than a given MCL (i.e., 1 - Pi). (3) From the selected areas, estimate the median probability that the arsenic concentration is less than a given MCL value. (4) From this median probability distribution, construct the cumulative distribution function (CDF) showing the probability that the arsenic concentration is less than or equal to a given concentration. (5) The 50th percentile value of the CDF provides an estimate of the median background concentration for the given aquifer type.



developed for the CONUS. For a given grid cell, the probability values from all the maps and the corresponding MCL values were used to develop the cumulative probability distribution of arsenic concentration for that grid cell from which the median was found. Figure 6 shows the median arsenic concentration distribution in the shallow ground waters of the CONUS. As observed earlier, aquifers of the western United States are more vulnerable to arsenic contamination than the eastern aquifers. States including Utah, Nevada, California, and Arizona are potential hotspots for arsenic occurrence. Some counties with high predicted arsenic occurrence are Churchill County of Nevada and Box Elder and Tooele Counties of Utah. The median arsenic concentration in some of these counties is greater than 10 µg/l. This process occurs when iron oxides react with natural or anthropogenic organic carbon. Other major sources of arsenic include geothermal waters and sulfide minerals (Welch et al., 2000). Background Concentration Natural occurrence of arsenic in ground water has been a topic of interest as well as concern in the recent past. The background concentration is dependent on the aquifer material and hydrogeologic JOURNAL OF THE AMERICAN WATER RESOURCES ASSOCIATION
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Figure 6. Distribution of Median Arsenic Concentration in Shallow Ground Waters of the Continental U.S.



Figure 7 shows the CDF for all aquifer types in the CONUS. One group of aquifers has a median background concentration less than 1 µg/l, and this group represents semiconsolidated sand, sandstone and carbonate rock, and carbonate rock aquifers. Another



group of aquifers has a median background concentration close to 2 µg/l. This group represents unconsolidated sand and gravel, basalt and other volcanic rock, sandstone, and other rocks. Background concentrations for the different aquifer types vary substantially



Figure 7. Cumulative Distribution Function for Background Concentration of Arsenic in Ground Water of Different Aquifer Types. The estimated median background concentrations are also indicated.
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and can sometimes be as high as 10 µg/l. It is important to note that the background concentration is a result of the interaction of the aquifer material and geochemical conditions and therefore subject to substantial variability especially at the scale of the CONUS. The presence of higher background arsenic concentrations may be expected in basalt and other volcanicrock aquifers as these aquifers are rich in arsenic (Welch et al., 2000). Unconsolidated sand and gravel aquifers have higher background concentrations compared to semiconsolidated sand, sandstone and carbonate rock, and carbonate rock aquifers. The reason for this difference may be the result of the presence of richer arsenic sources and favorable geochemical environments (Warner, 2001). Comparing the average pH and aquifer types revealed some interesting results. Alkaline conditions were observed in aquifer types with higher background concentrations, such as basalt and other volcanic rock, sandstone, and other rocks, while aquifers with low background concentrations, such as semiconsolidated sand, sandstone and carbonate rock, and carbonate rock aquifers, have acidic conditions that favor immobilization of arsenic.



The best approach to characterize the public health risk is to develop EIR maps of arsenic exposure from untreated ground water for the CONUS. The USEPA (2000a) estimated the average population risks associated with arsenic exposure at different concentrations. The risks were estimated by extrapolating results from studies of populations in Taiwan consuming high arsenic levels around 500 µg/l. In the absence of more accurate risk estimates at low dosages, the extrapolated risk estimates from the USEPA (2000a) are used in this analysis. The individual risk associated with arsenic exposure is probabilistic. The USEPA (2000a) estimated the minimum, average, and maximum individual risk associated with arsenic exposure at MCLs of 3, 5, 10, and 20 µg/l. Equation (7) was used to estimate the EIR in each grid cell across the CONUS using the average risk estimates. Figure 8 shows the distribution of weighted EIR, ξ, for the CONUS. The map is classified using the acceptable regulatory risk of 10-4. It is observed from these results that ground water in the western United States poses a higher EIR than in the eastern United



Figure 8. Weighted Expected Individual Risk Map for Arsenic Exposure From Ground Water in the Continental U.S.
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TWARAKAVI AND KALUARACHCHI States. EIR is dependent only on ground water quality and the average population characteristics in the CONUS. It is interesting to note that the weighted EIR map in Figure 8 follows a similar distribution to the probability map (Figure 4). The areas of the western United States with low population densities have an unacceptable EIR. Weighted EIRs as high as 3 x 10-4 are observed in the western United States. The high weighted EIR for the western United States is a clear indication of occurrence of high arsenic concentrations in these areas. This observation is further made clear in a direct relationship observed between the median concentration (in Figure 6) and the weighted EIR map. Similarly, in the eastern United States, estimates of higher EIRs are found near the Great Lakes and also are scattered in states such as Florida and North Carolina. A further analysis of EIR posed by arsenic-contaminated ground water was performed by considering the population density in the CONUS. The population density distribution was obtained from the data of the USGS (Price and Clawges, 1999). Figure 9 shows the interval plot of weighted EIRs for various population density ranges. The highest risk due to arsenic exposure is clearly at locations of low population density. However, there are a few areas with higher EIRs that have high population density, such as Los Angeles and Orange Counties of California. Other areas include scattered pockets in New England and Florida. It should be noted, however, that such locations constitute a small portion of the CONUS. Obviously, the areas with high population density and high weighted EIRs are areas of maximum concern. However, there may be some areas of concern with a relatively low weighted EIR and high population density that are not suggested as high risk by the weighted EIR analysis. The results given in Figures 8 and 9 only provide a general assessment of the public health risks and impacts due to the use of arseniccontaminated ground water. However, the risks computed by this study do not consider other contributing factors, such as population characteristics, water treatment and supply, and social and economic ramifications. Since the EIR estimates do not represent the exposure population, the analysis was extended to compute the PR across the CONUS. For this purpose, Equations (5) through (7) were used with an exposure duration of 75 years as recommended by the USEPA (1989). The EIR maps developed earlier were combined with the population density data (Price and Clawges, 1999) and the drinking water supply data from ground water only. The analysis was conducted on a county scale rather than at the 1 km2 scale used earlier. The reason for this decision is that drinking water supplies are often managed at a county level JAWRA



and, therefore the drinking water supply from ground water to a community need not be located within a square kilometer of the community. The procedure used in developing the PR maps was to estimate the EIR to arsenic exposure from ground water for the given county using the information derived at a 1 km2 grid size, collect the estimates of population whose source of drinking water is ground water, and estimate the PR for that county using Equation (6).



Figure 9. Comparison of Average, Maximum, and Minimum Expected Individual Risks (EIRs) Due to Arsenic Exposure From Shallow Ground Waters Compared to the Population Density.



Figure 10 shows the PR map of arsenic exposure from ground water supplies in the CONUS. The map shows a different pattern of risk than predicted by the EIR map shown earlier in Figure 8. High PRs are observed in counties with higher populations than with lower populations. For example, counties in the northeastern United States where low EIR was estimated earlier now show higher PRs. The major reason for this departure in results from EIR and PR is the population density. Densely populated areas, such as the counties in the northeastern part of the United States, have high PR estimates in spite of the low EIR. Higher populations magnify the risk from a contaminant exposure. Examples of counties with a high population risk from arsenic are Los Angeles, Riverside, Orange, and San Bernardino of California; King and Pierce Counties in Washington State; Maricopa and Pima Counties of Arizona; and a few counties in coastal Florida and New England. Note that some of the counties, such as in New England, have a low weighted EIR. In summary, Figures 8 and 10 clearly show that the PR produces a different interpretation of risk than the EIR, both of which are important risk estimates for a decision maker. To better interpret the significance of both these estimates, a risk index has been used in earlier studies to help a decision maker 290
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Figure 10. County Level Population Risk Estimates for Arsenic Exposure From Shallow Ground Waters in the Continental U.S.



understand the tradeoffs between the EIR and PR (Khadam and Kaluarachchi, 2003a,b). Using Equation (7), the RI map was developed for arsenic exposure from ground water in the CONUS and shown in Figure 11. The RI indicates that a few counties in the southern United States including Florida and in California, New Mexico, Nevada, and Texas have estimates of RI that demand regulatory attention; this is the situation in a few other counties scattered throughout the CONUS. One interesting observation is that counties in Utah and Nevada that had high EIRs now have acceptable RI. The counties in Utah and Nevada, in spite of the high EIR, do not have unacceptable RI estimates due to their low population densities. The use of RI in decision making is appropriate in these scenarios, as this index considers both the population exposed to arsenic and the individual risk.



treatment costs to provide water with an acceptable health standard are a function of unit cost of available treatment technologies, size of population served by the water supply system, and efficiency of the water supply system. For example, the treatment costs would increase with a decrease in the MCL level. Household costs are considered a good proxy for the affordability of rule compliance since water systems recover costs at the household level by increasing water rates (USEPA, 2000a). The average annual household costs are a function of the system, size, consumption, water supply system, and treatment costs. The household costs for the MCL of 10 µg/l range from less than US$1 to approximately US$327, the costs for the MCL of 3 µg/l range from less than US$7 to US$317, the costs for the MCL of 5 µg/l range from less than US$3 to US$318, and the costs for the MCL of 20 µg/l range from less than US$1 to US$351 (USEPA, 2000a). The average, maximum, and minimum annual household costs per unit in the CONUS were estimated as follows: the maximum, minimum, and average household costs (CH, CL, and CA) for a given MCL compliance were obtained from the USEPA (2000a); for the given MCL option, the spatially averaged probability of arsenic exceedence was estimated using the OLR model (Pi) for the CONUS; and the annual



Cost Effectiveness Apart from the risk, costs associated with the treatment of ground water play a vital role in determining the MCL. The USEPA (2000a) performed an extensive analysis of the treatment costs associated with different MCL options such as 3, 5, 10, and 20 µg/l. The JOURNAL OF THE AMERICAN WATER RESOURCES ASSOCIATION
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Figure 11. County Level Risk Index Estimates for Arsenic Exposure From Shallow Ground Waters in the Continental U.S.



maximum, minimum, and average household costs of MCL compliance were estimated as Pi CH, Pi CL, and Pi CA, respectively. The cost effectiveness analysis for a given MCL for arsenic is approximate. A detailed analysis is presented by the USEPA (2000a,b). However, the results from earlier studies are combined with the results of the OLR model to present the scenario in a different view. Figure 12 shows the trend in the household costs for various MCL options. Figure 12 gives an assessment of ground water quality with respect to arsenic from a “treatment cost” perspective. The average household cost tends to increase with a decrease in the MCL for two reasons: increase in the probability of exceedence with a decrease in the MCL and increase in the treatment costs. It may also be observed that the range of treatment costs increases with a decrease in the MCL. There is a sharp increase in the average cost when the MCL is reduced below 10 µg/l. The current MCL of 10 µg/l, therefore, seems acceptable from the viewpoint of cost effectiveness. However, the results and conclusions may change with the improvement in treatment technologies and better ground water resource management.



JAWRA



Figure 12. Average, Maximum, and Minimum Annual Household Costs for MCL Compliance in the Continental U.S.



SUMMARY AND CONCLUSIONS



Aquifer Vulnerability Previous studies on aquifer vulnerability to various pollutants in the CONUS were based on point estimates and provided less quantitative estimates of vulnerability. In this study, aquifer vulnerability to arsenic in the CONUS was analyzed using the OLR method for a set of MCL options consisting of 1, 3, 5, 292
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ARSENIC IN THE SHALLOW GROUND WATERS OF CONTERMINOUS UNITED STATES: ASSESSMENT, HEALTH RISKS, AND COSTS FOR MCL COMPLIANCE 10, 20, and 50 µg/l. The influencing variables considered were pH, land use, aquifer type, soil type, temperature, precipitation, well depth, hydraulic conductivity, and elevation. Probability maps showing the vulnerability of ground waters of the CONUS to arsenic were developed as a part of the analysis. Higher probabilities of arsenic exceeding the MCL were observed in the western United States. States such as Utah, Nevada, California, and Arizona were hotspots for arsenic occurrence. The results of the OLR model were used to assess the impact of various influencing variables on arsenic occurrence in ground water. The variables pH, precipitation, elevation, aquifer type, and land use, in a decreasing order, have a good correlation with arsenic occurrence. The influencing variables that showed a decreasing significance as the MCL is increased from 3 to 50 µg/l are pH, precipitation, and aquifer type. The variables pH, land use, and aquifer type are among the dominant influencing variables that affect the occurrence of arsenic at higher concentrations in ground water. For example, alkaline waters encouraged mobility of arsenic, resulting in higher concentrations. Basaltic/volcanic type aquifers, predominant in the western CONUS, seem to have high arsenic concentrations. Median arsenic concentrations were estimated throughout the CONUS using the probability maps. The background concentration of arsenic in shallow ground waters of the CONUS was estimated from the probability maps for different aquifer types. The results showed a clear pattern based on the aquifer type. Semiconsolidated sand, sandstone and carbonate rock, and carbonate rock aquifers showed a median background concentration of less than 1 µg/l. Unconsolidated sand and gravel, basalt and volcanic rock, sandstone, and other rock formations showed a background value closer to 2 µg/l.



acceptable MCL option based on the current treatment technologies. Benefits and Limitations The OLR model, coupled with GIS techniques, proves to be useful in risk assessment and studies of hydrogeologic interest, such as estimation of the background concentration. Since the results of the OLR model are probability estimates, it opens the avenue for further analysis to incorporate public health and economic implications. The model is flexible enough to be applied for similar national-scale analysis with other trace elements. National scale probability maps can help in assessing the vulnerability of source water areas while helping managers with interbasin resource management, monitoring, and implementation of best management practices. The results and conclusions produced from this methodology and the demonstration are especially useful to developing nations such as Bangladesh where there is a widespread problem of arsenic while the availability of resources for a detailed study may be scarce. Application of the OLR model to assess shallow aquifer vulnerability to arsenic contamination at the national scale has limitations too. Twarakavi and Kaluarachchi (2005) provided a detailed description of the limitations of applying the OLR model to assess aquifer vulnerability. There are several limitations that are inherent in the risk and cost-effectiveness analysis. The limitations arise because risk estimates for low arsenic concentration exposure were extrapolated from estimates for high arsenic concentration exposures; average population characteristics are used in this analysis; and the limitations of the OLR model are inherent in the risk analysis. Therefore, the risk estimated here only serves as guidelines to better understand ground water contamination from a health perspective and may not reflect the actual risk posed. Although several limitations exist on a national scale analysis similar to the one performed here, the results may be used in a top-down approach to assess cost effectiveness and resource allocation and management in the context of arsenic contamination of ground water.



Health Risk and Economic Analysis The EIR maps showed a higher expected individual risk in the western United States, while the PR maps indicated far less risk at county level. The risk due to arsenic exposure from ground water, shown by the EIR and PR maps, was sometimes contradictory and at the same time important in decision making. Risk index was estimated from the EIR and PR maps to identify the counties in the CONUS needing regulatory attention. A few counties scattered throughout the CONUS, mostly in the southern and western United States, for example in California, Arizona, and Florida, were identified with high risk from arsenic exposure through untreated ground water. A simple cost analysis showed that the current MCL of 10 µg/l is an JOURNAL OF THE AMERICAN WATER RESOURCES ASSOCIATION
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