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Abstract 

Arsenic in Drinking Water and Lung Disease in Chile, California and Nevada 

By 

David Charles Dauphiné 

Doctor of Philosophy in Environmental Health Sciences 

University of California, Berkeley 

Professor S. Katharine Hammond, Chair 

 

Millions of people are exposed to arsenic in drinking water. An ancient poison, arsenic occurs 

naturally in groundwater and geothermal springs. Removing arsenic from drinking water costs 

about $200 million every year in the United States alone. The brunt of this is borne by California 

and other western states, where groundwater is needed more for drinking water.  

 

Arsenic in drinking water causes cardiovascular death, cognitive deficits in children, 

reproductive problems, and cancer. Surprisingly, many studies have shown that the human lung 

is especially susceptible to ingested arsenic. After being consumed in drinking water, arsenic 

accumulates in the lungs. Lung cancer is now believed to be the most common cause of death 

from this widespread contaminant.  

 

Most lung carcinogens, including tobacco smoke, asbestos, and silica, also cause non-

malignant respiratory effects. Evidence suggests that arsenic in drinking water follows this 

pattern, but nearly all data involve adults with recent exposures. The impacts of early-life arsenic 

exposures on nonmalignant lung disease are largely unknown. In northern Chile, the city of 

Antofagasta (population 390,000 in 2014) had high concentrations of arsenic in drinking water 

(>800 µg/L) from 1958 until 1970, when a new treatment plant was installed. This scenario, with 

its large population, distinct period of high exposure, and accurate data on past exposure, is 

virtually unprecedented in environmental epidemiology. Chapter 2 of this dissertation describes a 

pilot study on early-life arsenic exposure and long-term lung function. We recruited a 

convenience sample consisting primarily of nursing school employees in Antofagasta and Arica 

(population 160,000) a city with low drinking water arsenic. Lung function and respiratory 

symptoms in 32 adults exposed to >800 µg/L arsenic before age 10 were compared to 65 adults 

without high early-life exposure. Early-life arsenic exposure was associated with 11.5% lower 

forced expiratory volume in one second (FEV1) (p = 0.04), 12.2% lower forced vital capacity 

(FVC) (p = 0.04), and increased breathlessness (prevalence odds ratio = 5.94, 95% confidence 

interval 1.36–26.02). Exposure-response relationships between early-life arsenic concentration 

and adult FEV1 and FVC were also identified (p trend = 0.03). These results suggest that early-

life exposure to arsenic in drinking water may have irreversible respiratory effects of a 

magnitude similar to smoking throughout adulthood. Given the small study size and non-random 

recruitment methods, further research is needed to confirm these findings. 

 

The arsenic concentrations >800 µg/L in Chile can reveal previously unknown health 

outcomes, but they do not shed much light on what the drinking water standard should be. 

Arsenic is known to cause lung cancer at concentrations above about 200 µg/L. The effects of 
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lower exposures are unknown. This uncertainty has created controversy over the 10 µg/L World 

Health Organization guideline and U.S. regulatory limit for public water supplies because arsenic 

is widespread in groundwater naturally and expensive to remove. In Chapter 3, I present the first 

lung cancer study in the largest U.S. populations with exposures between 50 and 100 µg/L. This 

was also the first U.S. lung cancer study with individual data on past drinking water arsenic 

concentrations. We enrolled 196 lung cancer cases and 359 controls, matched on age and sex, 

from western Nevada and Kings County, California in 2002–2005. After adjusting for age, sex, 

education, smoking and occupational exposures, odds ratios for arsenic concentrations ≥85 μg/L 

(median = 110 μg/L, mean = 173 μg/L, maximum = 1,460 μg/L) more than 40 years before 

enrollment were 1.39 (95% CI = 0.55–3.53) in all subjects and 1.61 (95% CI = 0.59–4.38) in 

smokers. Although odds ratios were greater than 1.0, these increases may have been due to chance 

given the small number of subjects exposed more than 40 years before enrollment. The findings 

suggest that concentrations near 100 μg/L are not associated with markedly high relative risks. 

 

The California Nevada lung cancer case-control study, designed before research in Chile 

suggested arsenic-related cancer latencies of 40 years or more, illustrates the difficulties of 

identifying arsenic-related health effects in low-exposure countries with mobile populations like 

the U.S. Making matters worse, many wells used by participants 20–60 years ago could not be 

measured because they could not be located or had fallen into disrepair. A major problem for 

health studies of arsenic and other drinking water contaminants is a lack of measurements for 

unregulated water sources such as private wells, which are much more likely to have high arsenic 

than public supplies. For Chapter 4, I developed models to estimate arsenic in unmeasured wells 

in the western Nevada study area. In cross-validations with five partitions of 3138 residential 

wells, inverse distance weighted (IDW) averaging was the best categorizer of arsenic, averaging 

71% correct assignment to the high, medium and low categories used in the lung cancer study. 

The next best categorizers were the random forest model (70% correct) and the median of 

measurements within 408 m (69%). These models categorized wells better than kriging (67%), 

consistent with findings in other areas. Nearest neighbors averaged 66% correct assignment. For 

exact arsenic concentrations, the best models were the random forest model (Arsenic = 

0.95*RFM, R
2
 = 0.34) and kriging (Arsenic = 1.00*OK, R

2
 = 0.30). The RFM might be 

considered the best model overall, since it categorized measurements almost as well as IDW, had 

a higher R
2
 (0.34 versus 0.28), and a linear slope closer to 1 (0.95 versus 0.80). In terms of 

detecting high arsenic wells, RFM was also just behind IDW. These models can be substantially 

improved, but IDW and RFM already nearly doubled the number of unmeasured wells correctly 

categorized around Fallon, compared to the alternative of treating them as zeroes in effect 

estimates based on participants’ highest known concentrations. Given that the direction of the 

bias is the same whether unmeasured wells are estimated or excluded, the smaller bias using 

estimates is preferable. 

 

Chapter 5 presents meta-analyses of low exposure lung cancer studies, and assesses 

differences in relative risks between men and women. Pooled results of six independent studies 

suggest that increased lung cancer risks reported for concentrations between 10 and 100 µg/L are 

not likely due to chance (pooled relative risk = 1.09, 95% CI = 1.02-1.20), but there was 

substantial heterogeneity between studies (p<0.001). The higher relative risk of 4.1 (95% CI = 

1.8-9.6) in the case-control study by Ferreccio et al. (2000) might be explained by effects in 

ecological studies being diluted by in-migration or uncontrolled confounding. Relative risks were 

higher in men in Chile, in women in Taiwan, and similar for all countries combined. The gender 
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differences in Chile and Taiwan were not likely due to chance, and may be explained by 

differences in study participation, case ascertainment, smoking, occupational, or household 

smoke exposures.  

 

Chapter 6 concludes with a summary of recent research and ideas for future studies. New 

findings of health effects below 100 µg/L, including lung cancer in people with early life 

exposures (Steinmaus et al. 2014), need to be confirmed. However, increasing evidence supports 

the 2001 decision to tighten the U.S. regulatory from 50 to 10 µg/L. Detecting the increases in 

health risk expected below 50 µg/L (e.g., odds ratios below 1.5) will likely require very large 

sample sizes, but may be possible in studies with accurate data on early life exposures, inter-

individual differences in arsenic metabolism, and related susceptibility factors (e.g., age, 

genetics, gender, diet, health status, smoking, and occupational exposures). On the 

environmental side, high arsenic concentrations have been predicted in many regions that lack 

available measurements, including much of the Amazon Basin (Amini et al. 2008), contrary to 

the expectations of some geologists (Ravenscroft et al. 2009). Measurements in these areas can 

test and improve models of arsenic in groundwater, improve exposure assessment, and help 

ensure the safety of millions of people.      
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Chapter 1. Introduction 

 

Why Arsenic? 

Although arsenic has been used as a poison since ancient times, only in the past few decades 

have we learned that naturally-occurring arsenic in drinking water can be deadly (Bergoglio 

1964; Biagini 1966; Chen et al 1985; NRC 1999). High exposures have been linked to cancer, 

cardiovascular death, diabetes, reproductive effects, and cognitive deficits in children (IARC 

2004; NRC 1999, 2001).  

The expense of removing arsenic from drinking water has generated enormous 

controversy, accompanied by an exponential increase in arsenic-related publications since the 

mid-1990’s (Figure 1). A search for “arsenic” in Pubmed brings up 23,666 publications as of 

July 13, 2015 (NCBI 2015). From the first available publication in 1811 until the end of World 

War II, fewer than ten papers about arsenic were published per year. Since 2007, there have been 

more than a thousand annually. With a peak of 1,613 papers in 2014 (the most recent full year 

available), there are still no signs of this onslaught slowing down. 

 Talk is cheap, but the research underlying these publications is not, even in the internet 

age. Participants must be enrolled and interviewed, water samples measured, health data 

analyzed and reported. The proliferation of arsenic research can be explained by how much 

money is involved in ensuring safe water, now that the health effects of arsenic have been 

discovered.  

Recent U.S. history hints at the stakes: Congress directed the U.S. Environmental 

Protection Agency (EPA) to revise the 50 µg/L arsenic standard in 1986, but it failed to do so 

until 2001, when a 10 µg/L standard was announced on the last day of the Clinton presidency. 

Two months later, the Bush Administration delayed adoption of the new standard, saying that 

further research was needed (Cato Institute 2001; Smith et al. 2002). With new research, 

especially a case-control study from Chile (Ferreccio et al. 2000), supplementing previous work 

from Taiwan (Chen et al. 1985) and elsewhere, the National Research Council concluded that 

there was yet more evidence to lower the 50 µg/L standard (NRC 1999, 2001). Under pressure 

from Congress, EPA adopted the 10 µg/L standard, with compliance required for public water 

supplies by 2006 (Cato Institute 2001; Smith et al. 2002). 

 

Millions of people are exposed 

Tens of millions of people in more than 70 countries are exposed to arsenic in drinking water at 

concentrations exceeding 10 µg/L, the World Health Organization guideline and U.S. maximum 

contaminant level for public supplies. As with most environmental contaminants, exposures are 

highest in less developed countries, which may lack money for testing and treatment. In 
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Bangladesh alone, more than 50 million people have been exposed to concentrations above 10 

µg/L (Ravenscroft et al. 2009).  

The U.S. has some of the highest exposures among richer countries that are better 

equipped to measure, monitor, and study the problem (Ravenscroft et al. 2009). In 2000, over a 

quarter of all U.S. public water systems exceeded 5 µg/L (USEPA 2000). Over two million 

Americans may be exposed to concentrations >10 µg/L through private wells (George et al. 

2006).  

 

The drinking water standard may be associated with unacceptable health risks 

The U.S. National Research Council estimated that lifetime exposure to arsenic at the 10 µg/L 

WHO guideline and U.S. maximum contaminant level (MCL) may cause 350 excess cancers for 

every 100,000 people exposed (NRC 2001). This is more than 25 times higher than the MCL-

associated risk of any other drinking water carcinogen regulated by the EPA, and at least 350 

times the risk normally considered acceptable (Smith et al. 2002). Some have suggested that the 

drinking water standard should be much stricter. The MCL is more than 2000 times higher than 

the California EPA’s public health goal of 0.004 µg/L, for example (OEHHA 2004). Risks may 

be even higher in populations with early-life exposures (Smith et al. 2006), certain diets, genetic 

characteristics (Steinmaus et al. 2010), or exposure to other carcinogens like tobacco smoke 

(Chen et al. 2010; Ferreccio et al. 2000; Steinmaus et al. 2003).  

 

Health effects of low exposures are unknown 

As with most contaminants, epidemiologic studies of arsenic have lacked adequate sample sizes 

to detect the risks expected at the MCL (Gibb et al. 2011). Standards for most contaminants are 

established by extrapolating from risks observed at higher exposures (e.g., NRC 1999). The risks 

estimated at the 10 µg/L arsenic standard are based on linear extrapolations of cancer risks 

observed with concentrations above 200 µg/L. The risks from lower arsenic concentrations are 

unknown. This is important because most concentrations worldwide are <100 µg/L, and it is 

unknown if the arsenic-cancer dose-response relationship at lower levels is truly linear (Gibb et 

al. 2011; NRC 2001).  

 

Costs of removing arsenic are high 

To account for uncertainty, regulatory limits for most contaminants are no more than 1/10 of the 

concentration estimated to cause health effects (U.S. EPA 2011). Given the costs of 

implementing the arsenic standard, however, several groups including the U.S. EPA itself have 

implied that the MCL is overly cautious and should be raised (Burnett and Hahn 2001; Cato 

Institute 2001; Eilpren 2006). 

About 7% of U.S. potable groundwater supplies exceed the 10 µg/L arsenic standard, 

compared to <1.5% for other inorganic contaminants including lead, barium, chromium, copper, 

nickel, molybdenum and selenium (Lee and Helsel 2005). In the arid southwestern states where 

groundwater is needed most, arsenic equals or exceeds 10 µg/L in about 40% of drinking water 
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aquifers, compared to just 2% for nitrate, for example (Anning et al. 2012). In California alone, 

nearly $100 million/year was spent to comply with the new standard (Welch et al. 2006), out of 

about $250 million/year in the entire U.S. (USEPA 2001, adjusted for inflation). 

Worldwide, regulatory agencies share a dilemma. If arsenic concentrations near 10 µg/L 

cause substantial health problems, millions of people could be endangered. If, on the other hand, 

the standard is unnecessarily strict, billions of dollars could be diverted from more important 

problems (USEPA 2001). 

 
 

Health Effects 

Chemistry, Toxicity, and Metabolism  

A semi-metal or metalloid, arsenic is below phosphorous and nitrogen in the periodic table 

(Figure 2). Substituting for phosphorous, in making ATP for example, is believed to account for 

some its toxicity (NRC 1999 (pp.30-31, Chapter 7)).i Inorganic arsenic occurs in drinking water 

in pentavalent (+5) and trivalent (+3) states. Following ingestion, pentavalent arsenic is reduced 

in the human body. The trivalent forms are then methylated to form mono- and dimethylated 

arsenicals (MMA and DMA, respectively). DMA is rapidly excreted. As long as they remain in 

the body, however, the trivalent methylated metabolites, and MMA (III+) in particular, are more 

toxic than inorganic arsenic (Ren et al. 2011). Thus, arsenic metabolism involves bioactivation as 

well as excretion. People who produce more MMA may have higher risks of disease. In 

Argentina for example, 17.5% of urinary arsenic was MMA for lung cancer cases, compared to 

14.3% for controls (p=0.01) (Steinmaus et al. 2010). Increased MMA may be linked to diets low 

in protein, iron, zinc, and niacin. Left unmeasured and unadjusted for, this interpersonal 

variability could decrease estimates of arsenic’s health effects (Steinmaus et al. 2005). 

 

Carcinogenesis 

The International Agency for Research on Cancer has classified arsenic in drinking water as a 

known cause of skin, bladder, and lung cancer (IARC 2002). Arsenic is not a typical carcinogen. 

It does not efficiently cause point mutations (changes in DNA base pairs) or initiate tumors 

(NRC 1999; Ren et al. 2011). Traditional lab animals like mice and rats produce less urinary 

MMA (Vahter 1999) and seem less vulnerable to arsenic than humans (NRC 1999). Bladder and 

kidney tumors have been observed in rats—and lung, liver and skin tumors in mice—but only 

with extremely high exposures (e.g., >42,500 µg/L) (Waalkes et al. 2004). Rabbits are more 

similar to humans in terms of arsenic metabolism (NRC 1999). 

Arsenic may cause cancer by increasing oxidative stress or binding to proteins such as 

cysteine. However, epigenetic changes such as DNA methylation are more likely to explain the 

cancers that follow in utero arsenic exposures (Kitchin and Conolly 2010). For example, arsenic 

metabolism requires the same methyl donor as DNA, so competition with arsenic may lead to 

DNA hypomethylation. Without actually altering the DNA sequence, this can cause changes in 

gene expression that can be passed on to future generations (Ren et al. 2011). These modes of 

action are not mutually exclusive (e.g., binding of enzymes may alter DNA methylation), and 
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their relative importance may differ in different organs (Kitchin and Wallace 2008). Oxidative 

stress for example, may play a greater role in the human lung, where the partial pressure of 

oxygen is higher (Kitchin and Conolly 2010).  

 

Dose-Response 

Most data suggest that arsenic acts indirectly on DNA in a multistep process, suggesting a 

sublinear dose-response relationship (wherein health effects increase rapidly once a certain 

(threshold) concentration is exceeded). However, there is also some evidence of direct 

genotoxicity (e.g., deletion mutations, micronuclei) and clastogenicity (e.g., binding to tubulin to 

disrupt cell division, causing aneuploidy and other chromosomal abnormalities). Until more 

dose- and time-specific data become available, the U.S. EPA assumes a linear dose-response 

relationship to err on the side of caution when evaluating drinking water standards (Kitchin and 

Conolly 2010).  

 

Why Lung Disease? 

Bladder cancer, considered the most serious effect at low arsenic exposures, has been the health 

endpoint used in risk assessments and drinking water standard setting (NRC 1999, 2001). 

However, numerous studies have shown that the human lung is especially susceptible to ingested 

arsenic (Celik et al. 2008; Gibb et al. 2011; Guha Mazumder 2007; NRC 1999, 2001) and some 

data suggest that lung cancer may actually be the most common cause of death from arsenic in 

drinking water (Smith et al. 1992; Steinmaus et al. 2013; Yuan et al. 2007). While bladder cancer 

is a more intuitive consequence of a drinking water contaminant, ingested arsenic is absorbed 

into the blood and the entire body, from hair to teeth to toenails (Orloff et al. 2009). Arsenic 

accumulates in the lungs more than most other organs (Bertolero et al. 1981 Marafante et al. 

1981) and causes shortness of breath, reduced lung capacity, and bronchiectasis as well as lung 

cancer (Guha Mazumder 2007). Biological plausibility and potential mechanisms of arsenic-

induced lung disease are discussed further in the discussion of Chapter 2. 

 

 

Environmental Sources and Determinants 

Humans have exploited arsenic’s poisonous properties in pesticides and wood treatments. 

Copper smelters can spew arsenic into the air, and mine tailings leach it into streams (NRC 1999, 

2001; Ravenscroft et al. 2009). Irrigation and groundwater pumping can also increase arsenic 

concentrations, as discussed in Chapter 4 (Anning et al. 2012). Arsenic has been used in 

medicine, as a semiconductor, and as an alloy to strengthen metals. However, most human 

exposures involve naturally occurring arsenic from groundwater and geothermal springs 

(Ravenscroft et al. 2009).  

A natural trace element in Earth’s crust, arsenic is a brittle grey solid under normal 

conditions. Appropriately for a poison associated with stealth and disguise, arsenic can also be 

black or yellow, depending on how its atoms are arranged. Pure arsenic, in any case, is rare. It 
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more commonly forms minerals with sulfur or metals like iron and manganese (Sabina et al. 
2005). These minerals are ubiquitous in rock and sediment (Ravenscroft et al. 2009). 

Figure 3 summarizes the environments, processes, and indicators associated with high 

arsenic concentrations. Figure 4 shows areas with high amounts of arsenic from natural sources 

and mining. Groundwater contamination requires both a mobilization mechanism to release 

arsenic from rock or sediment and poor drainage to prevent it from being flushed downstream 

(Ravenscroft et al. 2009).
ii
   

Released by weathering of rock (e.g., sulfide oxidation), arsenic binds to oxides of iron 

and other metals that coat sediment grains. In older rock, most of the arsenic that could dissolve 

into groundwater has already been washed away. Therefore, most groundwater contamination 

occurs below geologically young, tectonically active mountains, especially in flatlands with poor 

drainage (Figure 5).  Examples include the Bengal Basin below the Himalaya, Argentina’s 

Chaco Plains below the Andes, and Nevada’s Great Basin and California’s Central Valley below 

the Sierra Nevada (Ravenscroft et al. 2009). 

Four important arsenic mobilization mechanisms are known: 

1. Reductive Dissolution: In water-saturated, low-oxygen aquifers, arsenic is released 

when metals are reduced by soil bacteria and dissolve from sediment into 

groundwater (e.g., Bangladesh, Taiwan, central California and western Nevada). 

2. Alkali Desorption: In dry, oxidizing environments with high pH, arsenic desorbs from 

metals that remain in solid form, bound to silica and other sediment grains (e.g., 

Arizona, New Mexico, northern Mexico and Argentina). 

3. Sulfide Oxidation: Arsenic is released when sulphide minerals are exposed to air 

(e.g., in mining and New England bedrock aquifers). 

4. Geothermal: Arsenic is leached from rock by hot water (e.g., northern Chile). 

The first three mechanisms cannot occur simultaneously, but they may occur in the same basin 

(Ravenscroft et al. 2009, p. 66).  

 

Reductive Dissolution 

Reductive dissolution is the most commonly reported arsenic mobilization mechanism 

(Ravenscroft et al. 2009). It occurs in soils with abundant microorganisms supported by organic 

carbon from decomposed plant material. In water-saturated aquifers devoid of oxygen, these 

bacteria “breathe” iron oxides, reducing it from Fe
3+

 to Fe
2+

. This causes the iron atom to 

dissolve from silica and other sediment into groundwater, releasing arsenic in the process. 

Similar reactions release arsenic from less abundant oxides of manganese and other metals 

(Ravenscroft et al. 2009).  
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Evaporative Concentration 

Evaporation can increase concentrations of arsenic and by several-fold in hydrologically-closed 

basins in the western U.S., including eastern Oregon and Washington, western Nevada, and parts 

of central and southern California including the Central Valley, Tulare Basin, Owens Lake Bed, 

Salton Sea, and Mojave Desert. Although evaporation does not mobilize arsenic initially, it is the 

primary cause of contamination in these areas (Welch and Lico 1998; Welch et al. 2006). 

Evaporation also increases concentrations of other dissolved solids including selenium, uranium, 

and chloride (salinity) (Welch and Lico 1998; Welch et al. 2006). Adding to other potential 

effect modifiers such as radon (Krewski et al. 2005; UNR 2011) and secondhand smoke 

(Moshammer et al. 2006), selenium might protect against lung cancer (Zhou et al. 2011), 

potentially masking the effects of arsenic.  

 

Depth 

In sedimentary aquifers, including the high arsenic areas of California, Nevada, Taiwan, and 

Bangladesh, arsenic concentrations are usually low in deep wells (e.g., <10 µg/L arsenic in wells 

>150 meters deep). Deeper sediment is older and more weathered, so most arsenic that could be 

released into groundwater already has been, just as with old mountains. High concentrations are 

much more common in newer, shallower sediment layers (i.e., deposited since the last ice age, 

from the Holocene rather than the Pleistocene era). In very shallow wells (e.g., <10 meters deep 

in Bangladesh), however, oxygen permeation decreases the need for bacteria to reduce iron and 

other metals. This can decrease arsenic concentrations (Ravenscroft et al. 2009). Therefore, 

arsenic may be lower in both very shallow and deep wells, but high in between. In Bangladesh 

for example, Yu et al. (2003) found that arsenic concentrations were highest about 25 m deep, 

averaging >100 µg/L. Even the shallowest wells averaged >50 µg/L, however, whereas nearly all 

very deep wells had concentrations below 10 µg/L.  

 

Other Variables 

Groundwater arsenic concentrations depend on many other variables including aquifer pH, 

mineralogy, density, rock or clay barriers and fractures, confining sediment layers, groundwater 

recharge and flow, withdrawal rates, and anions (e.g., phosphate fertilizers) competing for oxide 

adsorption sites (Ravenscroft et al. 2009). For example, carbonate and clastic rock found in much 

of Utah and Colorado are associated with low arsenic. Water development, such as irrigation and 

wells, increases movement of water both laterally and vertically, potentially releasing arsenic 

from sediment into groundwater (Anning et al. 2012). 
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Arsenic Models 

Several authors have used environmental variables to predict arsenic concentrations in 

groundwater. Figure 6 shows measured and predicted arsenic concentrations around the world. 

This map was produced by the Swiss Institute of Aquatic Science and Technology (Amini et al. 

2008). In areas with few measurements, they used data on environmental determinants of arsenic 

in regression models and adaptive neuro-fuzzy inferencing. In reducing environments, arsenic 

was positively correlated with temperature (indicative of microbial activity and 

evapoconcentration), evapotranspiration / precipitation ratio (indicative of evapoconcentration), 

subsoil silt content (indicating poor drainage), and carbon/nitrogen ratio (with carbon indicating 

a food supply for the soil bacteria). Low arsenic concentrations were predicted in areas with high 

evapotranspiration rates, topsoil silt content, and subsoil pH, as well as long distances from 

volcanic rock (arsenic source) and rivers (arsenic and carbon and source).  

Amini and colleagues acknowledge that their global arsenic map can be improved by 

more measurements of arsenic as well as its environmental determinants. Areas of doubt include 

the Amazon basin and other tropical lowlands, where they predicted high probabilities of arsenic 

contamination. Ravenscroft et al. (2009) expect low concentrations here given the older 

mountains and continental crusts of former Gondwanaland continents. Ravenscroft et al (2009) 

point out that the absence of evidence of high arsenic in these and other poor countries is not 

evidence of absence, as groundwater measurements are still few and far between. While a lack of 

funding decreases the ability to assess groundwater quality, abundant rainfall and surface water 

decrease the need. Groundwater will likely become more important as populations grow and 

surface waters become more polluted by sewage and other human activities.  

Amini et al. (2008) also show California’s central valley and Nevada’s Carson River 

Basin as dry, oxidizing environments, whereas they are usually classified as wet, reducing 

environments in terms of arsenic mobilization. Although these areas are arid in the sense of 

receiving little precipitation, their aquifers are usually water-saturated and anaerobic because of 

snowmelt and precipitation from the surrounding mountains. Irrigation allows these reducing 

conditions to persist for most of the year. In this respect the aquifers in central California and 

western Nevada differ from more inland areas nearby, including most of Arizona, New Mexico, 

and northern Mexico, which have dry, oxidizing conditions (Ravenscroft et al. 2009; Welch and 

Lico 1998).  

In Southeast Asia, Winkel et al. (2008) estimated and mapped arsenic concentrations in 

groundwater arsenic using a logistic regression model with predictors such as sediment 

deposition type (e.g., organic-rich, deltaic, alluvial but not floodplain) and grain size (e.g., 

medium and fine). Regressions models were also used to map arsenic in Taiwan (Lee et al. 

2009). In New England, arsenic was estimated based on bedrock types (Ayotte et al. 2006).  

The U.S. Geological Survey mapped arsenic in the United States using measurements 

from 31,000 wells and springs (Figure 7). Identifying counties with at least 25% of arsenic 

measurements above 50 µg/L and lower cutoffs, they produced a color-coded map, blurring the 

boundaries between counties with hexagonal pixels (Ryker 2003). More recently, the USGS 

mapped arsenic at a higher resolution in the southwestern United States, where arsenic levels are 
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higher. They used a random forest model with 85 explanatory variables describing rock and soil 

types, land and water use, and groundwater flow, recharge and chemical constituents such as 

chloride and iron (Figure 8). Groundwater arsenic was highest in hydrologically closed basins 

with little precipitation, including central California and western Nevada. Sedimentary basins 

derived from volcanic and crystalline rock had higher arsenic concentrations than those derived 

from carbonate and clastic rock. In all aquifers however, arsenic concentrations tended to 

increase along the groundwater flow path, with higher arsenic levels occurring in lower parts of 

the basin (e.g., around Fallon, Nevada and Hanford, California), due to evaporative concentration 

and increased interaction between groundwater and sediment (Anning et al. 2012).
iii
  

 

Kriging 

Models based on environmental determinants of arsenic can perform well in large areas, but they 

rarely explain small-scale variability. Dramatic differences between neighboring wells are not 

predicted.
iv

 Using spatial patterns in the residuals (differences between estimates and 

measurements), kriging has become a popular method for mapping contaminants including 

arsenic.
v
 In practice however, the few published evaluations of kriging estimates for arsenic 

suggest little if any superiority over simpler methods. In Maine, local medians predicted the 

probability of arsenic >10 µg/L better than kriging (Yang et al. 2009). In Michigan, kriging 

predicted better than local medians, but not nearest neighbors (Meliker et al. 2008). Even if 

previous comparisons consistently favored one method over another, the best model in Michigan 

or Maine cannot be expected to perform as well in higher arsenic areas, where climate, aquifer 

composition, and arsenic mobilization mechanisms differ dramatically (Ravenscroft et al. 2009; 

Welch et al. 2000).
vi

  

Kriging incorporates (1) large-scale trends and (2) spatially auto-correlated deviations 

from these trends to minimize (3) remaining, unexplained errors (Bailey and Gatrell 1995). The 

first component of the kriging model, known as the trend or “external drift,” can be a linear 

regression model with explanatory variables (e.g., latitude, longitude, elevation, river basin, well 

depth), or simply the local mean of the target variable (e.g., arsenic concentration). In the second 

part of the kriging model, the deviation from the initial model estimate is estimated with a spatial 

interpolation, using a weighted average of the concentrations in surrounding wells. Inverse 

distance weights are optimized with a variogram (Figure 9), which plots semivariance (y), a 

function of the difference in arsenic between neighboring wells, against the distance between 

them (x). To make predictions with the variogram in any particular area, two major assumptions 

must be met: The relationship between arsenic and distance should not change with location 

(stationarity) or direction (isotropy) (Burrough and McDonnell 1998).  

 In theory, the minimum semivariance (nugget), as the y-intercept of the variogram, 

represents differences in arsenic concentrations at the same location due to measurement error, 

temporal variations, or other unexplained variables. In practice however, the nugget is largely 

comprised of changes in arsenic occurring at distances less than the shortest distance between 

samples. The maximum semivariance (sill) is reached at a distance beyond which the average 

difference in arsenic no longer increases (range). The relative nugget (nugget divided by sill) 
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indicates how much variability remains unexplained after accounting for the large-scale trends 

and small-scale spatial dependencies (Bailey and Gatrell 1995).  

 

Arsenic Kriging Publications 

Table 1 summarizes arsenic kriging publications. Although kriging does not require a normal 

distribution, all authors transformed arsenic concentrations. One reason cited was to minimize 

the impact of outliers (Yu et al. 2003). The distribution of log concentrations is typically much 

less skewed than that of untransformed values, but it still has a second peak corresponding to the 

value assigned to measurements below the detection limit (e.g., half the limit), which is assigned 

to up to 40% of measurements (e.g., Gaus et al. 2003, Goovaerts et al. 2005). Typically this peak 

below the detection limit (e.g., 2-5 µg/L) is much larger than the one above it, which is also 

below 10 µg/L, even in high-arsenic areas.  

With the exception of Serre et al. (2003), who used Bayesian maximum entropy models 

in Bangladesh (not shown in Table), all authors used semivariance rather than covariance, and 

ordinary, indicator, or other types of kriging rather than universal kriging.
vii

 Most used 

exponential variogram models, wherein variance increases at shorter distances than with 

spherical models (BGS and DPHE 2001, Gaus et al. 2003, and Yu et al. 2003 in Bangladesh; 

Yang et al. 2009 in Maine). Several used nested models with exponential, spherical, and 

Gaussian components employed at different distances (Lin et al. 2006 and Liu et al. 2004 in 

Taiwan; Serre et al. 2003 in Bangladesh).  

In Bangladesh, disjunctive kriging, a standard approach for non-normal data, predicted 

better than ordinary kriging, but the Hermite-transformed arsenic concentrations upon which it 

relied were still non-normal (Gaus et al. 2003). Most arsenic interpolations simply excluded 

wells >150 m deep (BGS and DPHE 2001, Gaus et al. 2003, Karthik 2001, Serre et al. 2003). 

However, Yu et al. (2003) incorporated depth with a log-linear model: Arsenic (log-µg/L) = 

0.876 – 0.0036 (depth in meters). Incorporating regional means as well, they reduced the range 

(distance at which residuals from arsenic predictions stop increasing) from 180 to 9 km, the sill 

from 1.6 to 0.9 (log µg/L)
2
, and the relative nugget from 40% to 15%, meaning that their model 

could explain the remaining 85% of the spatial variability in arsenic. Semivariance, indicating 

the difference in arsenic between wells, was uniform <3 km. At about 3 km the semivariance 

increased dramatically before flattening out again at the overall range (9 km). This gave the 

experimental variogram a Gaussian, or flat “S” or “_|-” shape (Burrough and McDonnell, 1998). 

However, an exponential model was still applied (Figure 9).   

In Yun-Lin County in southwestern Taiwan, Liu et al. (2004) correctly classified nearly 

90% of wells with indicator kriging. Indicator kriging is less affected by skewed frequency 

distributions (such as those of arsenic measurements) because instead of exact concentrations, it 

predicts probabilities of exceeding thresholds (e.g., the 10 µg/L standard). This is all that may be 

needed for the most common arsenic-related cancer risk metrics (e.g., odds ratios). Liu et al. 

included groundwater depth in models by plotting vertical as well as horizontal semivariograms 
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for six arsenic thresholds. Gaussian and spherical variograms fit the data best, with nuggets from 

0.01 to 0.12, sills from 0.12-0.2
viii

, and ranges from 200 to 350 meters.  

In Southeastern Michigan, USA, Goovaerts et al. (2005) performed more mathematical 

manipulations than most authors to satisfy statistical assumptions. Preferential sampling in high 

arsenic areas artificially inflates short-range variance, so they used a cell-declustering technique 

in which each observation was weighted inversely proportional to the number of measurements 

in that cell. They plotted a rescaled variogram, in which the semivariance at each distance was 

divided by the overall variance of the wells used to calculate it. They adjusted for and imposed a 

nugget (zero-distance semivariance) based on multiple measurements of the same wells 

(implicitly assuming zero temporal variability). They limited interpolation to distances <5 km, 

wherein spatial variance was more isotropic (similar in all directions). They did not incorporate 

depth into predictions because it was not known for many wells. 

In Illinois, Warner et al (2003) predicted arsenic using coKriging with Fe and Mn, but 

few details were given.  In Idaho, coKriging with total dissolved solids/specific conductance, the 

best correlated variable (R
2
~0.3), predicted no better than ordinary kriging (Welhan and Merrick 

2003). Methods such as principle component analysis, multifactorial kriging and co-kriging can 

incorporate correlated variables into spatial interpolations. However, they cannot be expected to 

predict arsenic better than simple interpolations unless the secondary variables (e.g., sediment 

size, pH, iron, chloride, fluoride, uranium, vanadium, selenium) are both strongly correlated with 

arsenic and have high sampling densities, ideally higher than that of arsenic itself. In western 

Nevada for example, groundwater chloride is concentrated by evaporation just like arsenic. 

Because other variables are involved however, chloride and arsenic are only weakly correlated 

with each other. Even if the correlation were strong, few locations without arsenic measurements 

have chloride measurements (Welch and Lico 1998), so including chloride as a variable in 

models is unlikely to improve predictions. 

 

Why Chile, California, and Nevada? 

Chile may have the best arsenic exposure data in the world. With past exposures exceeding 800 

µg/L, it offers a unique opportunity to identify previously unknown health effects. Chapter 2 

describes a small pilot study we conducted there, which suggests that early-life exposure to 

arsenic in drinking water may have irreversible respiratory effects of a magnitude similar to 

smoking throughout adulthood.  

This adds to the list of arsenic’s potential health effects, but studies of lower exposures 

are needed to evaluate the drinking water standard. California and Nevada have the largest U.S. 

populations historically exposed to arsenic populations between 50 and 100 µg/L. Chapter 3 

describes a lung cancer study here, the first in the U.S. with individual data on past drinking 

water arsenic concentrations. Although odds ratios were greater than 1.0, these increases may 

have been due to chance given the small number of subjects exposed more than 40 years before 

enrollment. These findings suggest that arsenic concentrations near 100 μg/L are not associated 

with markedly high relative risks (e.g., more than tripling the rate of lung cancer). 
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A major problem for drinking water health studies is a lack of measurements for 

unregulated water sources such as private wells, which are much more likely to have high arsenic 

and other contaminants than public supplies. Chapter 4 is devoted to improving estimates for 

unmeasured wells in western Nevada, drawing on the hydrogeochemical data and models 

described above. I compared eight models of arsenic in cross-validations with five partitions of 

3138 residential wells. The random forest model (RFM) and inverse distance weighted (IDW) 

averages categorized arsenic better than auto-kriging, local medians, nearest neighbors and other 

models. IDW averaged 71% correct assignment to the three exposure categories used in the 

California Nevada lung cancer study, followed by the RFM, (70%), local medians (69%), auto-

kriging (67%), and nearest neighbors (66%). These models can still be improved, but they are 

already preferable to classifying wells as unknowns, which are typically treated as zeroes in 

health effect estimates.  

Chapter 5 presents meta-analyses of low exposure lung cancer studies, and assesses 

differences in relative risks between men and women. Pooled results of six independent studies 

suggest that increased lung cancer risks reported for concentrations between 10 and 100 µg/L are 

not likely due to chance (pooled relative risk = 1.09, 95% CI = 1.02-1.20), but there was 

substantial heterogeneity between studies (p<0.001). The higher relative risk of 4.1 (95% CI = 

1.8-9.6) in the case-control study by Ferreccio et al. (2000) might be explained by effects in 

ecological studies being diluted by in-migration or uncontrolled confounding. Relative risks were 

higher in men in Chile, in women in Taiwan, and similar for all countries combined. The gender 

differences in Chile and Taiwan were not likely due to chance, and may be explained by 

differences in study participation, case ascertainment, smoking, occupational, or household 

smoke exposures.  
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Figures 
 

 
 

Figure 1. Number of arsenic publications by year (chart made using data from NCBI 2015). 
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Figure 2. Periodic table of the elements. 
Some of arsenic’s toxicity is believed to be caused by it substituting for phosphorous (NRC 1999 pp. 30-31, chapter 7). 

Phosphate fertilizers may also compete for adsorption sites on oxides of iron and other metals, increasing arsenic concentrations 

in groundwater (Ravenscroft et al. 2009).  
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Figure 3. Classification of groundwater environments prone to arsenic 

problems from natural sources (Smedley and Kinniburgh 2002). 
Not all the indicators of low rates of flushing necessarily apply to all environments. 
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Figure 4. Documented problems with arsenic in groundwater and the environment 

(Smedley 2008) 
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Figure 5. Known occurrences of high arsenic in groundwater (in black) and the 

mechanisms by which arsenic is released from sediment and rock into water (Ravenscroft 

et al. 2009, p. 55). 
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Figure 6. Global arsenic map based on 20,000 measurements, regression models, and adaptive neuro-

fuzzy inferencing by the Swiss Institute of Aquatic Science and Technology (Amini et al. 2008). 

 

 

 

 



18 

 

 
Figure 7.  U.S. arsenic map based on 31,000 wells and springs sampled from 1973 to 2000 

(Ryker 2003). 
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Figure 8. Observed and predicted arsenic concentrations in basin-fill aquifers of the 

U.S. Geological Survey’s Southwest Principal Aquifers study area (Anning et al. 

2012). 
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Bangladesh (Yu et al. 2003) 

 
 

ChiaNan Floodplain, Taiwan (Lin et al. 2006) 

 
 

Greater Augusta, Maine (Yang et al. 2009) 

 
 

Southeast Michigan (Goovaerts et al. 2005) 

 
 

Figure 9. Variograms from Bangladesh, Taiwan, Maine, and Michigan showing semivariance (y), a 

function of the change in arsenic, in relation to distance between wells (h).  
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Tables 

 
 Table 1. Arsenic Kriging Publications.  

Location First   Depth Area    Km2 /  Arsenic  (µg/l)   Semivar  Nug Sill Rel Nug Range Range / 

  Author Year adjustment (km2)  Wells well Med Max Model Variogram (Y, units) (Yintercept) (Ymax) (nug/sill
) 

(X, km) √(area) 

Bangladesh                                

Nationwide Yu 2003 log-linear 129,00
0 

4,140 31.16 n/a 1,670 n/a Exp (log 
µg/l)2 

0.14 0.92 15% 9 3% 

 Gaus 2003 <150 m 129,00
0 

3,208 40.21 6 1,670 Disj Exp (log 
µg/l)2 

0.33 0.81 40% 183 51% 

 BGS 2001 <150 m 129,00
0 

3,208 40.21 6 1,670 Ord Exp (log 
µg/l)

2
 

0.53 1.36 39% >150 >42% 

 Karthik 2001 <150 m 129,00
0 

3,015 42.79 n/a 1,670 n/a - (log 
µg/l)2 

0.28 0.54 52% ~100 ~28% 

                 
Lakshmipur  
County 

BGS 2001 <150 m 1,456 59 24.68 89 986 n/a Exp (log 
µg/l)2 

0.09 0.30 31% 16 41% 

Mandari Village BGS 2001 <150 m 6 227 0.03 78 707 n/a - (log 
µg/l)

2
 

0.13 0.13 100
% 

0 0% 

                 
Taiwan                 

Yun-Lin Liu 2004 variogra
m 

1,000 107 9.35 16 640 Ind Sph, Exp % 1-12 8-25 13-
50% 

15-40 2-4% 

ChiaNan Lin 2006 n/a 2,400 22 109.09 255 1,200 MF Gau, 
Sph 

NST 0.35 1.20 29% ~35 ~71% 

                 
USA                 

Michigan Goovaert
s 

2005 n/a 22,600 8,212 2.75 6 332 MG,Ind LS NST 0.70 1.00 70% 2 1% 

Maine Yang 2009 n/a 1,135 790 1.44 4 325 Ord,In
d 

Exp (ln µg/l)2 3.50 5.30 66% >25 >74% 

n/a not available, Med median, Max maximum, Disj Disjunctive, Ind Indicator, MF multifactorial, MG multiGaussian, Ord Ordinary 
Variogram: arsenic semivariance,  Y(h) = (1/2n)(SUM: As(x)-As(x+h)), where n=pairs of wells distance (h) apart. Exp Exponential, Gau Gaussian, LS least squares, Sph 
Spherical. 
Semivar semivariance, NST normal score transform. 
Nug Nugget: minimum semivariance (y-intercept), representing short-range or nonspatial variance, measurement error, temporal and other unexplained variance. 
Sill: maximum semivariance (y_max), occuring at range (x_sill). 
Rel Nug: relative nugget, percent of arsenic variability not captured by model. 
Range: Distance (x) at which average difference in arsenic between wells no longer increases.  
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Chapter 2. Lung Function in Adults following In utero and 

Childhood Exposures 

 

Introduction 

Most lung carcinogens—including tobacco smoke, asbestos, and silica—also cause 

nonmalignant respiratory effects. The first evidence that ingested arsenic might follow this 

pattern came from limited investigations of children in Antofagasta, Chile (Borgoño et al. 1977; 

Zaldivar 1980). More recently, studies have linked arsenic in drinking water to lung function, 

cough, breathlessness, crepitations, chronic bronchitis, and bronchiectasis (De et al. 2004; Guha 

Mazumder et al. 2000, 2005; Guo et al. 2007; Milton and Rahman 2002; Parvez et al. 2008; von 

Ehrenstein et al. 2005). Most data, however, involve adults with recent exposures. The long-term 

impacts of early-life arsenic exposures are largely unknown. An ecologic study of northern Chile 

found increased lung cancer, bronchiectasis, and other chronic obstructive pulmonary disease 

(COPD) mortality several decades after high in utero and early childhood arsenic exposure 

(Smith et al. 2006). In this chapter, I present a pilot study on adult lung function in relation to 

estimated early-life exposure in the same region using individual-level data. 

 

Methods 

Study Area 

Northern Chile is among the driest places on Earth. Nearly everyone there obtains water from 

municipal supplies, which have arsenic measurements dating back to the 1950’s. The absence of 

alternative water sources means that people’s lifetime arsenic exposures can be estimated simply 

by knowing in which cities they lived. In Antofagasta (population 348,669 in 2012), drinking 

water arsenic concentrations were about 90 μg/L until 1958, when arsenic-contaminated rivers 

were tapped to supply the growing population. Drinking water concentrations averaged 870 μg/L 

until the world’s first large arsenic removal plant became operational in May 1970. From then 

on, concentrations remained below 150 μg/L with few exceptions. Current levels are around 10 

μg/L, the World Health Organization guideline (WHO 2004). This unusual exposure scenario 

created a population of tens of thousands of people exposed to high levels of arsenic in utero or 

as young children but not as adults. By contrast, the nearby city of Arica (population 210,936) 

has always had drinking water arsenic levels around 10 μg/L. Other cities in northern Chile had 

variable arsenic levels, but none approached those of Antofagasta (Ferreccio et al. 2000). 

 

Study design and participants 

In this pilot study we compared lung function and prevalence of respiratory symptoms in adults 

with and without high early-life arsenic exposures. The exposed population comprised long-term 

residents of Antofagasta, while the unexposed comparison group comprised mostly long-term 
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residents of Arica. A convenience sample was recruited by two local nurse-interviewers in each 

city, who invited employees at the major nursing schools (Universidad Tarapacá de Arica and 

Universidad de Antofagasta) through personal communication and fliers posted on campus. 

Interviews and lung function tests were conducted from August 11–21, 2008 in a classroom on 

campus for three days in each city. In total, we enrolled 97 subjects, primarily administrative 

staff, custodians, and facility workers. Participants were 32–65 years old, such that they would 

have been young children or in utero during the high exposure period in Antofagasta. The study 

protocol was approved by the institutional review boards of the University of California, 

Berkeley, and the Pontificia Universidad Católica de Chile. All subjects gave written informed 

consent before participating. 

 

Interviews 

Each participant was administered a structured questionnaire to assess lifetime residential and 

occupational history (all jobs or residences occupied >6 months), water source types (municipal 

tap water, bottled, other), current medications, and medical history. Smoking histories included 

ages started and quit, years smoked, and average cigarettes smoked per day.  Ever smoking 

regularly was defined as smoking cigarettes at least once per week for >1 year, or 20 packs 

lifetime. Secondhand smoke was defined as someone smoking regularly in the same room at 

home or at work. Indoor air pollution was defined as irritating or visible smoke, vapors, gases, or 

dust regularly in the same room. Subjects were also asked about types of fuels used at home. 

Occupational exposure was defined as ever being exposed regularly to vapors, dust, gas, or 

fumes at a job held for ≥6 months (Blanc et al. 2005). Standardized questions were adapted to 

local Spanish from questionnaires used by the Latin American Project for the Investigation of 

Obstructive Lung Diseases (PLATINO), the third U.S. National Health and Nutrition 

Examination Survey (NHANES III), and the second European Community Respiratory Health 

Survey (ECRHS II). 

Questions about respiratory symptoms were adapted from the British Medical Research 

Council (Cotes 1987). Participants were asked, “Do you often cough when you don’t have a 

cold, such as in the mornings in winter?” Chronic cough was assessed with the follow-up 

question, “Do you cough like this for at least three months a year?” The same questions were 

asked for phlegm.  Subjects were also asked if they had trouble breathing (1) rarely, (2) often, or 

(3) always. Finally, participants were asked if they became breathless when (1) hurrying on level 

ground or walking up a slight hill, (2) walking with other people of the same age on level 

ground, or (3) if they had to stop for breath when walking on level ground at one’s own pace. 

 

Lung function measurement using spirometry 

After height and weight were measured by nurse-interviewers, lung function was assessed 

according to American Thoracic Society guidelines (ATS 1995) using an EasyOne spirometer 

(NDD Medical Technologies, Zurich, Switzerland) in diagnostic mode. The same trained 

technician used the same spirometer in Antofagasta and Arica. Subjects were instructed to take 
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as deep a breath as possible, and then blow as hard and long as possible into the spirometer. 

Following a demonstration and practice with the mouthpiece, they performed tests in a sitting 

position with active coaching. The main lung function values assessed were forced expiratory 

volume in one second (FEV1) and forced vital capacity (FVC). The maneuver was repeated until 

the EasyOne indicated satisfactory results were achieved (e.g., FEV1 and FVC within 200 ml of 

previous values) or the participant chose to stop. Each subject’s best trial (largest sum of FEV1 

and FVC) was included in analyses.  Spirometry data were reviewed by a pulmonologist (JB). 

 

Arsenic exposure assessment 

Municipal drinking water records used in previous studies (Ferreccio et al. 2000; Smith et al. 

2006) were linked with each participant’s residential history to obtain age-specific estimates of 

arsenic exposure. The drinking water database included over 15,000 arsenic measurements in 

Antofagasta and 11 other cities in northern Chile between 1962 and 1990, when concentrations 

transitioned from high to low. In initial analyses, high exposure in early-life was defined as 

drinking water containing >800 μg/L arsenic before age 10. The unexposed group included 

mostly long-term residents of Arica. In our main analyses, the unexposed group also included 

eight subjects who either moved to Antofagasta (from lower exposure areas) after age 10 or who 

lived in Antofagasta but were over age 10 during the high exposure period. Sensitivity analyses 

were conducted to evaluate whether changing cut-offs defining “high exposure” (e.g., 800, 200, 

or 50 μg/L) and “early-life” (e.g., in utero, 10, or 18 years old) had any impact on results. 

Exposure-response was assessed both by using early-life arsenic concentration as a continuous 

variable in models and by stratifying subjects into low, medium, and high exposure categories. 

 

Statistical methods 

We analyzed data using SAS 9.2 (SAS Institute Inc., Cary, NC). Student’s t-tests were used to 

compare the means of continuous variables. We conducted 1-tailed tests of significance for 

pulmonary outcomes because of the clear direction of a priori hypotheses regarding arsenic. 

Otherwise, 2-tailed tests were used. Lung function mean residuals (observed values minus age, 

sex, and height-predicted values) and percentages (observed values divided by predicted values) 

were calculated for subjects with and without high early-life arsenic exposure. Predicted values 

for northern Chile were not available, so we used those of Mexican Americans in NHANES III 

(Hankinson et al. 1999). These are within 3% of reference values obtained from the PLATINO 

study of five large Latin American cities (Perez-Padilla et al. 2006). The choice of reference was 

not critical because our purpose was to compare arsenic-exposed and unexposed, for whom the 

same reference values were used. 

Both univariate and multivariate models were performed. We did not enter age, sex, or 

height in multivariate models of lung function because “unadjusted” values were residuals and 

percentages of age, sex, and height-predicted values. Final linear models adjusted for ever 

regularly smoking and variables that were both (1) associated with pulmonary function in other 

studies and (2) different between the arsenic-exposed and unexposed groups in this study (Table 
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1). These were entered dichotomously: childhood secondhand tobacco smoke (Moshammer et al. 

2006); wood, charcoal, or kerosene fuel use in childhood home (Fullerton et al. 2008); 

occupational air pollution (Blanc et al. 2009); and university graduation, as an indicator of 

socioeconomic status (Prescott and Vestbo 1999). Adjusted differences between arsenic-exposed 

and unexposed subjects were similar (within 2% predicted FEV1) when potential confounders 

were entered as continuous variables (e.g., cigarettes per day, age started smoking) or multiple 

indicator variables (e.g., for education: (1) graduating high school, (2) some post-high school, (3) 

graduating university). Adjusting for outdoor air pollution, adult secondhand smoke, prior 

diagnosis of respiratory illness including pulmonary tuberculosis, obesity (BMI>30 Kg/m
2
) at 

time of interview, number of spirometry maneuvers attempted, or having reproducible 

spirometry (difference between highest two FEV1 and FVC values ≤200 ml) likewise had little 

impact on results. Prevalence odds ratios (PORs) for respiratory symptoms were calculated using 

the Wald method of logistic regression. Adjusted models included the same variables used for 

spirometry outcomes, plus age (in years) and sex. 

 

Results 

As expected, participants reported nearly exclusive use of municipal sources in this desert 

region. Of the 32 subjects exposed to >800 µg/L arsenic in drinking water before age 10, half 

were exposed in utero. The rest were either born before the peak exposure period began, or 

moved into the area after they were born. Of the 65 “unexposed” subjects, 20 drank water with 

50–250 μg/L arsenic before age 10. No subject’s highest drinking water arsenic concentration 

was between 250 and 800 μg/L. 

Table 1 shows demographic and descriptive characteristics of participants. Subjects 

exposed to >800 µg/L arsenic in drinking water before age 10 were more likely to have ever 

smoked regularly (75% versus 62% of subjects without high early-life exposure), averaged more 

cigarettes per day (4.2 versus 3.4) and started smoking earlier (17.6 versus 20.2 years old). 

Additionally, more exposed subjects reported childhood secondhand smoke (38% versus 17%) 

and fewer of them graduated university (6% versus 32%). On the other hand, they reported less 

secondhand smoke currently (9% versus 20% of unexposed), less occupational exposure to 

vapors, dusts, gases or fumes (16% versus 42%), and less wood, charcoal, and kerosene fuel 

exposure before age 10 (38% versus 63%). Adjusting for these and other potential confounders 

had little impact on associations between arsenic and lung function (Tables 2-4). No subjects 

reported past diagnosis of lung or any other type of cancer. 

Table 2 shows lung function mean residuals (observed minus predicted) and percent of 

age, sex, and height-predicted values. High early-life arsenic exposure was associated with a 244 

ml decrease in FEV1 (p = 0.06) and a 310 ml decrease in FVC (p = 0.04). In terms of percent of 

predicted values, this was equivalent to 8.0% lower FEV1 and 7.9% lower FVC (p = 0.05 for 

both). When analyses were restricted to the 33 subjects who reported never smoking regularly, 

effect estimates remained high but changed dramatically with adjustment (16.9% and 19.7% 

decreases in FEV1 and FVC, respectively; p < 0.05 for both), suggesting unstable results due to 

the small number of subjects. 
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In analyses confined to concurrently assessed Antofagasta residents (n = 45), subjects 

who had either lived elsewhere or were older than 10 during the high exposure period served as 

the “unexposed” reference (n = 12). Effect estimates were similar, but the smaller sample size 

reduced statistical power (8.4% and 7.1% decreases in FEV1 and FVC (p = 0.10 for both)).  

Results were also similar when different age and arsenic concentration cut-offs were used to 

define early-life exposure. For example, with early-life exposure defined as >200 µg/L arsenic 

before age 18, adjusted differences in FEV1 and FVC between exposed (n = 45) and unexposed 

(n = 52) were 9.5% (p = 0.02) and 11.7% (p = 0.006) (not shown in tables). Lung function 

deficits were similar (within 2% predicted) in analyses excluding the nine participants without 

reproducible spirometry or the participants with the worst and best lung function (i.e., possible 

outliers).  

Table 3 shows exposure-response relationships between peak arsenic concentration 

before age 10 and FEV1 and FVC, respectively (p trend = 0.03 for both). Participants were also 

stratified into three groups based on highest early-life arsenic concentration: <50, 50–250, and 

>800 μg/L. Subjects exposed to 50–250 μg/L and >800 μg/L had 4.6% (p = 0.18) and 11.5% (p = 

0.04) lower FEV1, respectively, than those exposed to <50 μg/L. A similar pattern was seen for 

FVC. Effect estimates were similar when eight subjects exposed to >800 µg/L only after age 10 

were put in the intermediate group or excluded entirely. 

Table 4 shows prevalence of respiratory symptoms. Thirty-eight percent of exposed 

subjects reported breathlessness walking at a group pace compared to 14% of unexposed (POR = 

5.94, 95% confidence interval (CI) 1.36–26.02). The POR for reporting any breathlessness was 

2.53 (95% CI = 0.68–9.45). There was little evidence of associations with chronic cough, 

phlegm, chronic bronchitis, or “trouble breathing,” although few subjects reported these 

symptoms. 

 

Discussion 

The decreases in FEV1 and FVC and the PORs above 1.0 for breathlessness identified in this 

study suggest that early-life exposure to arsenic in drinking water affects lung function, and these 

effects remain many years after cessation of high exposure. Assuming each pack-year smoked is 

associated with a 7.4 ml decrease in FEV1 (Dockery et al. 1988), the decrease in lung function 

we observed was similar in magnitude to that of 45 pack-years.
 
To our knowledge, this is the first 

time a drinking water contaminant has been linked to lung function and respiratory symptoms 

four decades after peak exposure. 

 The exact mechanisms by which arsenic causes lung disease are unknown and further 

research may be needed in this area. However, the biological plausibility that ingested arsenic 

can cause toxicity to the lungs is supported by a variety of studies. In rabbits, the species most 

similar to humans in terms of arsenic metabolism (NRC 1999), arsenic has been shown to 

accumulate in the lung more than other organs except the liver and kidney, which are the primary 

sites of metabolism and excretion (Bertolero et al. 1981; Marafante et al. 1981). Other animal 

studies show that the primary metabolite of arsenic, dimethylarsinic acid (DMA), is retained 

longer in the lungs than in other tissues (Kenyon et al. 2008; Vahter et al. 1984). In humans, 
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ingested arsenic is an established cause of lung cancer (IARC 2004), and several studies have 

linked it to non-malignant respiratory effects including respiratory symptoms, pulmonary 

function, and a 10-fold increase in radiographically-confirmed bronchiectasis (De et al. 2004; 

Guha Mazumder et al. 2000, 2005; Guo et al. 2007; Milton and Rahman 2002; Parvez et al. 

2008; Smith et al. 2006; von Ehrenstein et al. 2005). In fact, increases in human lung cancer risk 

are similar whether arsenic is ingested or inhaled (Smith et al. 2009). This body of research 

provides evidence that the human lung is particularly susceptible to arsenic in drinking water. 

 Environmental exposures may be particularly harmful in early-life because of rapid 

organogenesis and differences in children’s water intake, metabolism, and detoxification 

(Landrigan et al. 2004). Arsenic is known to cross the placenta and reach the fetus, and total 

arsenic levels in umbilical cord blood and maternal blood are similar (Concha et al. 1998b; Hall 

et al. 2007; Vahter 2009). Several studies have shown that metabolism of arsenic to its less toxic 

metabolite, DMA, is increased in pregnant women (Vahter 2009). However, a recent study of 

mother-infant pairs in Bangladesh found that less than half of total arsenic in cord blood was 

DMA (Hall et al. 2007). Other data suggest that arsenic metabolism may differ between children 

and adults, but these findings are not entirely consistent (Hall et al. 2009). In a study in a highly 

exposed region of Argentina, children could not metabolize ingested inorganic arsenic to DMA 

as well as adults (Concha et al. 1998a). In utero arsenic exposures have been linked to 

reproductive outcomes including stillbirth (Hopenhayn-Rich et al. 2000; Vahter 2008, 2009; von 

Ehrenstein et al. 2006) and, in male infants, smaller thymus size and acute respiratory illnesses 

(Raqib et al. 2009). In mice, in utero drinking water arsenic exposure caused irreversible changes 

in airway reactivity to methacholine, altered gene and protein expression (Lantz et al. 2009) and, 

at concentrations >42,500 µg/L, tumors in the lungs of offspring but not dams (Waalkes et al. 

2007). An ecologic study comparing the arsenic-exposed city of Antofagasta to other regions of 

Chile found that those exposed in early-life had higher death rates from lung cancer 

(standardized mortality ratio (SMR) = 6.1, 95% CI 3.5–9.9), bronchiectasis (SMR = 46.2, 95% 

CI 21.1–87.7), and other COPD (SMR = 7.6, 95% CI 3.1–15.6) in adulthood (Smith et al. 2006). 

These studies all support our results linking early-life arsenic ingestion to long-term respiratory 

effects. 

Our results are consistent with the two previously published studies of ingested arsenic 

and lung function in people with probable adult exposures.  In a study involving 31 subjects in 

Bangladesh, urinary arsenic concentration (indicative of current exposure) was inversely 

associated with percent predicted FEV1 and FVC (Parvez et al. 2008). In 287 subjects from West 

Bengal, India, men with arsenic-caused skin lesions had 256 ml and 288 ml lower FEV1 and 

FVC, respectively, than those without skin lesions or known high arsenic exposures (von 

Ehrenstein et al. 2005). The FEV1 deficits were much smaller in women (64 ml). We also found 

much smaller effects in women (17 ml FEV1 reduction versus 440 ml for men).  Other studies 

have reported greater arsenic-associated health effects in males (Marshall et al. 2007; Rahman et 

al. 2006), perhaps due to sex-related differences in arsenic metabolism, water intake, 

occupational and other exposures (Hertz-Picciotto et al. 1992; Lindberg et al. 2010; Vahter 

2009). The greater effects observed in men in this study were not likely due to interactions with 

smoking since larger arsenic-associated lung function deficits in were seen in never smokers, yet 

men smoked more than women in terms of the proportion of ever smokers (71% versus 63%),  

pack-years (5.2 versus 4.0), and cigarettes per day (4.2 versus 3.4). 
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 Strengths of our study include the accuracy of data on past arsenic exposure. In other 

places with widespread exposure, the abundance of private wells and other water sources, 

coupled with a lack of historical arsenic records, makes studies of long-term health effects much 

more difficult. By contrast, northern Chile has limited water sources and has arsenic records 

dating back more than 50 years, providing a unique opportunity to study the long-term impacts 

of exposure. The main limitation of this study is the convenience method of participant 

recruitment, raising concerns about inference and interpretation of results. Although the problem 

of arsenic in drinking water in northern Chile has been publicized, most information has been on 

cancer. Our experience is that very few people in the study cities know about the possible role of 

arsenic in non-malignant respiratory disease. This suggests that people with respiratory problems 

in Antofagasta (the exposed city) would not be more likely to participate than people with 

respiratory problems in Arica (the unexposed city), and differential selection is unlikely to 

account for the effects we identified. A second weakness of this study is that most exposed and 

unexposed subjects were not assessed concurrently. However, effect estimates remained similar 

in analyses confined to those who were. 

 Confounding due to smoking is unlikely to account for the effects identified in this study 

for two reasons.  First, entering smoking information into multivariate models had little impact 

on the association between arsenic and lung function. Second, to explain the observed 8–12% 

decrease in FEV1, virtually all of the arsenic-exposed subjects would have to have smoked, while 

all unexposed would have to have been never smokers. In actuality the two groups had similar 

smoking histories, and these Chilean smokers consumed fewer cigarettes per day than their U.S. 

counterparts (CDC 2005). Although arsenic-exposed subjects had slightly less reproducibility of 

spirometry, less education, and more childhood secondhand smoke exposure, none of these 

variables was associated with decreased lung function in this study, and adjusting for them had 

little effect on results.  The arsenic-exposed and unexposed cities (Antofagasta and Arica) have 

historically had similar air pollution, industry (e.g. no large coal-fired power plant nearby), 

traffic patterns (e.g. one major highway), geography (coastal desert), socio-demographics, and 

dietary patterns (INE 2002). Particulate matter of mass median aerodynamic diameter ≤10 µm 

(PM10) measurements, available for the past 10 years, are similar both at city centers and across 

neighborhoods of Antofagasta (mean 40.4, range 29.7–51.9 µg/m
3
) and Arica (mean 40.9, range 

32.5–48.6 µg/m
3
). Nitrogen dioxide (NO2) levels are low in both cities, with annual averages 

around 8–12 µg/m
3 

(CENMA 2008; SETEC 2008). Although some arsenic exposures in this area 

also occur through air and food, these are minor compared to drinking water (Ferreccio and 

Sancha 2006). Except for the nearly 100-fold contrast in past arsenic exposure, the two cities 

appear similar in all covariates related to lung function. Although confounding cannot be 

completely ruled out, it seems unlikely that some unknown confounder could cause the lung 

function decrements observed in subjects with high early-life arsenic exposures, similar in 

magnitude to decades of heavy smoking. 

 Federal and state regulations in the United States mandate protection of susceptible 

subgroups such as pregnant women and children. Without relevant studies, however, the U.S. 

Environmental Protection Agency has been unable to incorporate data on the long-term health 

effects of early-life exposures into any of its drinking water standards (Landrigan et al. 2004). A 

lack of epidemiologic data is particularly problematic for addressing environmental exposures 

such as arsenic, for which there are major differences between humans and lab animals in 

metabolism, co-exposures, and potency (NRC 2001). Several human studies have assessed 
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impacts of early-life environmental exposures, but these have typically involved short follow-up 

periods, small numbers of study subjects, or small effect sizes. For example, dioxins in breast 

milk were linked to a lower FEV1/FVC ratio in Danish children (mean age 8.2 years), but the 

sample size was only 29 (ten Tusscher et al. 2001). In a meta-analysis involving 53,879 children, 

parental smoking was linked to respiratory symptoms, but relative risks were generally low 

(around 1.15) (Pattenden et al. 2006). In a sub-sample of 22,712 of these children with valid lung 

function data, maternal smoking during pregnancy was linked to a 1% decrease in FEV1 and 

essentially no change in FVC (Moshammer et al. 2006). In a longitudinal study on outdoor air 

pollution in southern California, the mean difference in FEV1 growth from age 10 to 18 between 

the most exposed city (PM10 = 68 µg/m
3
) and the least exposed city (PM10 = 17 µg/m

3
) was 82 

ml. Similar effects were seen for PM2.5, NO2, and acid vapor (Gauderman et al. 2004). In the 

current study we observed 4-fold larger FEV1 decrements (335 ml) nearly 40 years after high 

arsenic exposures ended. 

 

Conclusions 

This study provides the first evidence that in utero and childhood exposure to arsenic in drinking 

water is associated with long-term lung function deficits and shortness of breath in humans. The 

magnitude of the decrease in both FEV1 and FVC suggests that early-life arsenic exposure could 

have effects similar to smoking throughout adulthood and greater effects than secondhand smoke 

or air pollution. Nonetheless, certain potential biases—especially those related to non-random 

selection of subjects—were not controlled for and cannot be excluded. These results should be 

confirmed in a larger study with participants who are representative of the source population. A 

larger study could also investigate effects of lower exposures as well as effect modification and 

confounding by factors such as diet, occupational exposures, smoking, and gender. The public 

health importance lies in the enormous morbidity and mortality associated with respiratory 

effects of this magnitude, the millions of children with high exposures worldwide, and the need 

to incorporate data on early-life susceptibility into environmental policy. 
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Tables 

 

Table 1. Characteristics of participants [mean ± SD or n (%)].  

 Peak arsenic before age 10  

 0–250 µg/L  

(n = 65) 

>800 µg/L  

(n = 32) 

 

p-Value 

Female 45 (69%)    18 (56%) 0.21 

Age in years  48.9 ± 9.7 48.0 ± 6.2 0.62 

Height in centimeters 161.1 ± 8.6 162.3 ± 8.7 0.54 

Weight in kilograms 72.2 ± 13.7 72.6 ± 15.6 0.90 

Obese (BMI > 30 Kg/m
2
) 18 (28%) 6 (19%) 0.34 

Highest education completed     

Less than high school 9 (14%) 5 (16%) 0.89 

High school 12 (19%) 8 (25%) 0.53 

Technical school or incomplete university 20 (31%) 17 (53%) 0.05 

Graduated from university 21 (32%) 2   (6%) 0.003 

Data missing 3   (5%) 0   (0%) 0.22 

Occupational vapors, dust,  gas, or fumes
a
 27 (42%) 5 (16%) 0.01 

Indoor air pollution reported
b
     

Ever 13 (20%) 3   (9%) 0.18 

Before age ten 9 (14%) 3   (9%) 0.53 

Wood, charcoal, or kerosene in childhood home 41 (63%) 12 (38%) 0.01 

Secondhand smoke exposure
c
     

Ever 35 (54%) 16 (50%) 0.60 

Currently 13 (20%) 3   (9%) 0.15 

Before age ten 11 (17%) 12 (38%) 0.02 

Smoking     

Ever 40 (62%) 24 (75%) 0.19 

Currently 21 (32%) 11 (34%) 0.84 

Age started 20.2 ± 5.2 17.6 ± 3.7 0.04 

Cigarettes per day ever
d,e 

3.4 ± 5.4 4.2 ± 5.1 0.47 

Pack-years
e 

4.1 ± 8.1 4.9 ± 7.0 0.65 

Respiratory illness diagnosed ever     

Any
f
 8 (12%) 1   (3%) 0.15 

Chronic bronchitis 0   (0%) 1   (3%) 0.16 

Asthma  5   (8%) 0   (0%) 0.11 

Pulmonary tuberculosis 4   (6%) 0   (0%) 0.15 

Lung function test quality    

Score
g
 4.2 ± 1.1 3.8 ± 1.2 0.05 

Reproducible results
h
 60 (92%) 28 (88%) 0.45 

BMI body mass index. 
a
 Reported for jobs held ≥6 months. 

b
 Reported “irritating or visible smoke, vapors, gases, or dust regularly in same room.” 

c
 Reported someone smoking regularly in same room.

 

d
 Average per day during period of regular smoking. 

e
 Never smokers counted as zeroes. 

f
 One subject reported both asthma and tuberculosis. 

g 
Rated by EasyOne spirometer from zero (no acceptable tests) to five (≥3 acceptable tests and 

difference between highest two forced expiratory volume in one second (FEV1) and forced vital 

capacity (FVC) values <150 ml). 
h
 Difference between highest two FEV1 and FVC values <200 ml. 
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Table 2. Lung function residuals (observed minus predicted) and percent of age, sex, and height-predicted 

values (mean ± SD).  

      Peak arsenic before age 10   

 0–250 µg/L  >800 µg/L Crude Adjusted
a
 

All subjects (n = 65) (n = 32) Diff. p-Value Diff. p-Value 

Percent of predicted FEV1   96.0 ± 13.9 88.1 ± 18.3          -7.9 0.01 -8.0 0.05 

Percent of predicted FVC  101.9 ± 15.1 94.7 ± 15.3   -7.2 0.02 -7.9 0.05 

FEV1 residual (ml) -127 ± 417  -375 ± 611 -248 0.01 -244 0.06 

FVC residual (ml) 

 

55 ± 532 -226 ± 614 -280 0.01 -310 0.04 

Never smokers (n = 25) (n = 8)     

Percent of predicted FEV1     97.7 ± 14.3 90.7 ± 15.1 -7.0 0.12 -16.9 0.02 

Percent of predicted FVC  104.0 ± 17.2 93.3 ± 13.1 -10.7 0.06 -19.7 0.03 

FEV1 residual (ml) -77 ± 406 -257 ± 414 -180 0.14 -496 0.02 

FVC residual (ml) 129 ± 603 -229 ± 427 -359 0.07 -716 0.03 

 

Ever smokers 

 

(n = 40) 

 

(n = 24) 

    

Percent of predicted FEV1     95.0 ± 13.7 87.3 ± 19.5 -7.7 0.03 -4.7 0.22 

Percent of predicted FVC  100.6 ± 13.7 95.2 ± 16.2 -5.4 0.08 -3.7 0.25 

FEV1 residual (ml) -158 ± 425 -414 ± 667 -256 0.03 -156 0.22 

FVC residual (ml) 

 

8 ± 484 -225 ± 672 -233 0.06 -180 0.20 

Women (n = 45) (n = 18)     

Percent of predicted FEV1     94.6 ± 12.1 91.8 ± 15.8 -2.8 0.22 -1.7 0.37 

Percent of predicted FVC  100.9 ± 14.9 98.7 ± 14.8 -2.2 0.30 -1.6 0.39 

FEV1 residual (ml) -153 ± 321 -210 ± 412 -56 0.28 -17 0.45 

FVC residual (ml) 

 

11 ± 480 -35 ± 472 -46 0.37 -27 0.44 

Men (n = 20) (n = 14)     

Percent of predicted FEV1     99.3 ± 17.2 83.5 ± 20.7 -15.8 0.01 -14.2 0.12 

Percent of predicted FVC  104.2 ± 15.6 89.6 ± 15.0 -14.6 0.005 -15.8 0.06 

FEV1 residual (ml) -66 ± 584 -587 ± 762 -521 0.02 -440 0.15 

FVC residual (ml) 153 ± 636 -472 ± 700 -624 0.005 -673 0.07 

Diff. difference, FEV1 forced expiratory volume in one second, FVC forced vital capacity.  
a
 Adjusted for smoking, childhood secondhand smoke, wood, charcoal, or kerosene fuel use in childhood 

home, occupational air pollution, and education.  
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Table 3. Exposure-response between early-life arsenic and lung function residuals (observed minus predicted) and percent of age, sex and 

height-predicted values (mean ± SD). 

 Peak arsenic before age 10 

 <50 µg/L 50–250 µg/L      >800 µg/L 

 (n = 45) (n = 20) (n = 32) 

Percent predicted FEV1     98.2 ± 14.6 91.2 ± 11.0 88.1 ± 18.3 

Percent predicted FVC  103.6 ± 16.7 98.2 ± 10.0 94.7 ± 15.3 

FEV1 residual (ml) -63 ± 443 -270 ± 314 -375 ± 611 

FVC residual (ml) 103 ± 584 -54 ± 380 -226 ± 614 

 50–250 compared to <50 µg/L  
_________________________________________________________________ 

>800 compared to <50 µg/L 
__________________________________________________________________ 

 

 Crude Adjusted
a
 Crude Adjusted

a
 p-trend

b 

________________________________________________ 
 Diff. P value Diff. P value Diff. P value Diff. P value Crude Adjusted

a
 

Percent predicted FEV1   -7.0 0.03 -4.6 0.18 -10.0 0.005 -11.5 0.04 0.005 0.03 

Percent predicted FVC -5.3 0.10 -2.7 0.32 -8.8 0.01 -12.2 0.04 0.008 0.03 

FEV1 residual (ml) -208 0.03 -152 0.16 -312 0.006 -335 0.06 0.005 0.03 

FVC residual (ml) -157 0.14 -52 0.40 -329 0.01 -429 0.04 0.006 0.02 

Diff. difference, FEV1 forced expiratory volume in one second, FVC forced vital capacity.  
a
 Adjusted for smoking, childhood secondhand smoke, wood, charcoal, or kerosene fuel use in childhood home, occupational air pollution, 

and education. 
b
 Highest known arsenic concentration before age 10 was entered as a continuous variable in linear models.

  
 

 

 

 

 

 

 

Table 4. Prevalence odds ratios (PORs) and 95% confidence intervals (CIs) for respiratory symptoms. 

 Peak arsenic before age 10    

 0–250 µg/L  > 800 µg/L Crude  Adjusted
a
 

 (n = 65) (n = 32) POR 95% CI p-Value  POR 95% CI p-Value 

Chronic cough 7 (11%) 5 (16%) 1.53 0.45–5.28 0.26  1.30 0.22–7.80 0.39 

Chronic phlegm 5   (7%) 2   (6%) 0.80 0.15–4.37 0.38  0.93 0.10–9.01 0.48 

Chronic bronchitis  2   (3%) 1   (3%) 1.02 0.09–11.6 0.49  N/A N/A N/A 

Trouble breathing          

Rarely 16 (25%) 4 (13%) 0.44 0.13–1.44 0.08  1.20 0.25–5.73 0.41 

Often 2   (3%) 2   (6%) 2.10 0.28–15.6 0.23  1.01 0.06–17.2 0.49 

Breathlessness walking          

Fast/uphill 15 (23%) 13 (41%) 2.28 0.92–5.67 0.04  2.53 0.68–9.45 0.08 

At group pace 9 (14%) 12 (38%) 3.73 1.37–10.2 0.004  5.94 1.36–26.0 0.009 

At own pace 7 (11%) 10 (31%) 3.77 1.27–11.1 0.006  3.89 0.90–16.8 0.03 

Any respiratory symptom 20 (31%) 14 (44%) 1.75 0.73–4.20 0.11  2.63
 

0.78–8.92 0.06 

N/A not available (adjustment variables missing for one “yes” respondent).  
a
 Adjusted for age, sex, smoking, childhood secondhand smoke, wood, charcoal, or kerosene fuel use in childhood home, occupational air 

pollution, and education.
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Chapter 3. Lung Cancer Case-Control Study in California and 

Nevada 

 

Introduction 

As described in Chapter 1, high concentrations of arsenic in drinking water are known to cause 

lung cancer in humans (IARC 2002). At low concentrations, however, the risks are unknown. 

Because arsenic is widespread naturally and expensive to remove from groundwater, this 

uncertainty has created controversy over the 10 µg/L World Health Organization guideline and 

U.S. regulatory limit for public water supplies (NRC 1999, 2001).  

As described in Chapter 2, arsenic concentrations in Chile were more than 800 µg/L 

(Dauphine et al. 2011). Such high exposures can reveal previously unknown health effects, but 

they do not answer the “billion dollar question” about arsenic in drinking water: How much is 

too much, and what should the regulatory limit be?  

Because lung cancer may be the biggest cause of death from arsenic in drinking water 

(Smith et al. 1992; Yuan et al. 2007), it is a critical endpoint in risk assessments and standard 

setting (NRC 1999, 2001). The purpose of the study presented in this chapter (Dauphine et al. 

2013) was to investigate arsenic-associated lung cancer risks, using a case-control study design 

in a population exposed to low to moderate arsenic levels in drinking water. This was the first 

lung cancer study in the largest U.S. populations with arsenic exposures between 50 and 100 

µg/L (Frost et al. 2003), and the first study of lung cancer incidence in the entire U.S. with 

individual data on past drinking water arsenic concentrations (Celik et al. 2008; Gibb et al. 2011; 

IARC 2002; NRC 1999, 2001). 

 

Methods 

Study Area 

The study area consisted of six counties in western Nevada (Carson, Churchill, Douglas, Lyon, 

Mineral, and Storey) and Kings County in central California. In Churchill County, in the city of 

Fallon (population 8,600 in 2010), arsenic concentrations in public drinking water supplies were  

85–125 µg/L from 1942 until 2004, when a treatment plant reduced concentrations to <10 µg/L 

(Seiler 2012; Steinmaus et al. 2003). In Hanford, California (population 54,000 in 2010), 

measurements averaged 110 µg/L in 1967, 90 µg/L in 1974, 68 µg/L in 1982, <40 µg/L in 2004, 

and <10 µg/L since 2009 (Carollo Engineers 2005; City of Hanford 2011). A few other small 

towns in these counties had arsenic concentrations between 10 and 50 µg/L, and some private 

wells still exceed 100 µg/L, especially around Fallon. Most other water supplies in the study area 

had arsenic concentrations below 10 µg/L, offering a marked contrast in exposure (Steinmaus et 

al. 2003).  
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Participant Selection 

Inclusion criteria for lung cancer cases were: (1) Primary lung cancer first diagnosed between 

2002 and 2005, (2) Histologic confirmation, (3) Over 25 years old when diagnosed, (4) Living in 

the study area at the time of diagnosis, and (5) Able to provide interview data (or having a next 

of kin or other close relative who could). In Nevada, lung cancer cases were ascertained using 

rapid case ascertainment, in which subjects were identified directly from each hospital in the 

study area as well as from hospitals in Reno, Nevada, the large metropolitan center neighboring 

the study area. In California, lists of subjects meeting inclusion criteria were provided by the 

Cancer Registry of Central California, which abstracted cases from all hospitals in Kings County 

and neighboring counties. Completeness of the Cancer Registry of Central California has been 

estimated at 95% (Steinmaus et al. 2003). Completeness of Nevada case ascertainment is 

estimated at 84% based on lung cancer incidence rates from the Nevada State Health Division 

for the years of this study (NSHD 2012). 

 

Controls were selected using random digit dialing of home telephone numbers in the 

study area and frequency-matched to cases by 5-year age group, gender, and state (California or 

Nevada). At the time of control ascertainment, few people in the study area had cellular phones 

and >90% had home phones. Inclusion criteria for controls were: (1) Never diagnosed with lung 

or bladder cancer; (2) Over 25 years old; (3) Living in the study area at the time of first contact; 

and (4) Able to provide interview data (or having a close relative who could). All procedures 

were approved by the University of California, Berkeley institutional review board. All 

participants gave informed written consent.  

 

Interviews 

Participants were interviewed over the telephone by a trained interviewer using a standardized 

study questionnaire. The closest relative (e.g., spouse or child) was interviewed for 93 of the 196 

cases (47%), who were too ill to respond or deceased. Participants were asked to provide the 

locations of all residences occupied for six months or longer over their lifetimes, including street 

addresses when possible. For each residence, participants were asked about drinking water 

sources (private well, community supply, bottled water, or other) and filter use at the time they 

lived there.  

Participants were also asked how many glasses of water and water-based beverages and 

foods (e.g., coffee, condensed soup) they typically consumed one year prior to the interview or 

diagnosis, as well as 20 and 40 years before. They were reminded of where they lived, what 

work they did, and other major events in their lives to help them recall past drinking water 

intake. Respondents were asked to estimate consumption of tap water and other fluids separately 

for home, work, and other places.  

Questions regarding tobacco covered ages when smoking started and stopped, typical 

number of packs smoked per week, and exposure to secondhand smoke as a child and adult. 
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Finally, participants were asked to describe all jobs held for six months or longer and their 

knowledge of contact with 17 specific chemical, occupational and environmental exposures 

associated with lung cancer, including asbestos, silica, fiberglass, and fumes (Siemiatycki et al. 

2004). Jobs were classified as low, possible, or high risk by researchers blinded to disease and 

exposure status of subjects, based on the extent of participant exposures and the degree of 

evidence linking specific exposures to elevated lung cancer risks.  

 

Arsenic Exposure Assessment 

All known previous residences in the study area were linked to drinking water arsenic 

concentrations by researchers blinded to case-control status. Arsenic measurements for all 

community-supplied drinking water and for thousands of private domestic wells within the study 

area were provided by the Nevada State Health Division and the California Department of Health 

Services. In all, we obtained over 7,000 arsenic measurements. For all large community water 

sources, records dated back 25 years or more. When historical records were unavailable, efforts 

were made to collect a water sample from the residence. Previous research showed that arsenic 

concentrations in study area wells were relatively stable over time, with Spearman correlation 

coefficients ranging from 0.84 to 0.94 in samples collected up to 20 years apart (Steinmaus et al. 

2005). If a well could not be measured, the median of all wells within the same square-mile 

section (defined by the U.S. Public Land Survey) was used. If <2 wells existed in the section, the 

median of all wells within 3,000 m was used, except around Fallon, where arsenic concentrations 

were more variable. Here, the median of all wells of similar depth (either above or below 14 m) 

within 2,000 m was used. Other estimates for unmeasured wells were evaluated (e.g.,  

the single nearest measured well, the mean or median of all wells within 500 to 5,000 m) but 

these did not improve predictions in analyses involving randomly selected wells with known 

arsenic concentrations. Researchers were blinded to case-control status when calculating these 

proxy estimates. For bottled water and exposures outside the study area, arsenic levels were 

assigned values of zero. Water treated with a filter known to remove arsenic (e.g., reverse 

osmosis) was assigned 21% of the pre-filtered concentration (George et al. 2006).  

 

Statistical Methods 

Odds ratios were calculated using unconditional logistic regression because we used frequency 

matching rather than perfect 1:2 matching of cases and controls (Schlesselman 1982). In the final 

analyses, each participant’s highest 1-, 5-, and 20-year average arsenic concentration was 

categorized as ≤10 (the U.S. regulatory standard), 11–84, or ≥85 µg/L (the level historically 

found in Hanford and Fallon). Recent research, mostly developed after this study was initiated, 

suggests arsenic-cancer latencies ≥40 years (Marshall et al. 2007; Smith et al. 2006; Steinmaus et 

al. 2013). Therefore, analyses used various lag periods (e.g., excluding exposures less than 40 

years before diagnosis (for cases) or interview (for controls)). Lifetime cumulative exposure was 

calculated by multiplying each residential arsenic concentration by the number of years at that 

residence, summed over all residences occupied by the participant. These were categorized as 

≤0.1, 0.11–2,399, and ≥2,400 µg/L-years (equivalent to 30 years of exposure to 80 µg/L).  
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Arsenic intake (in µg/year) was estimated for each subject by multiplying residential 

arsenic concentrations by the amount of water reportedly consumed 1, 20, or 40 years ago 

(whichever was closest to the years the subject lived in the residence). Previous research has 

shown that intake of dietary variables including coffee and tea can be accurately recalled from 

the distant past (Byers et al. 1987), although similar data on water intake are not available. Odds 

ratios were similar whether or not drinking water intake data were used, so our primary analyses 

involved drinking water concentrations rather than intake.  

In the final models, odds ratios were adjusted for sex, age (in 10-year age groups), 

smoking (categorized as never, moderate (<10 packs/week), or heavy (≥10 packs/week on 

average during period of regular smoking)), occupational or other exposure to known lung 

carcinogens (as dummy variables for possible or high risk), and education (dummy variable for 

beyond high school). Other variables, including continuous measures of smoking (e.g., pack-

years), former smoking, secondhand smoke exposure, body mass index (BMI), income, and state 

(California or Nevada), had little impact on results and were therefore not included in final 

models. Student’s t-tests were used to compare the means of continuous variables. All p-values 

are two-tailed. All analyses were done in SAS version 9.2 (SAS Inc., Cary, NC, USA).  

 

Results 

The names of 312 lung cancer cases were received from the cancer registry and hospitals in 

California and Nevada. Of these, 45 could not be located (and thus could not be confirmed to 

have lived in the study area), and 27 were ineligible because they did not live in the study area or 

could not provide an interview or next of kin interview due to illness or language issues. Of the 

remaining 240 cases, 44 (18%) declined to participate. Among 476 controls meeting inclusion 

criteria, eight could not be located after initially agreeing to participate, and 29 were ineligible 

due to illness or language issues. Of the remaining 439 controls, 80 (18%) declined to 

participate. This led to a final sample size of 196 cases and 359 controls.  

Table 1 shows demographic characteristics of participants. As expected, lung cancer 

cases and controls were similar in terms of variables used for frequency matching, including 

state of residence (OR = 1.18, 95% CI = 0.78–1.76) and gender (OR = 1.22, 95% CI = 0.86–

1.74). The average age of cases was 70.2 ± 10.0 (mean ± SD), compared to 69.0 ± 8.6 for 

controls (p = 0.13). Cases had lower incomes and were less educated than controls. They were 

similar in terms of race. Only 3.6% of cases reported never smoking regularly, compared to 

40.9% of controls (OR = 18.7, 95% CI = 8.9–44.3). Cases were also less likely to report 

exposure to other lung carcinogens and had lower BMIs, but these differences were small.  

Table 2 shows drinking water characteristics of participants. Cases reported higher water 

intake (averaging 2.42 L/day compared to 2.12 L/day for controls) but spent slightly less time in 

the study area (34% of person-years preceding enrollment compared to 40% for controls). While 

living in the study area, cases were more likely to use public supplies (74% of person-years 

compared to 62% for controls). Controls were more likely to use bottled water (10% versus 6% 

for cases) and private wells (29% versus 19% for cases). Most bottled water had low arsenic 

concentrations (<10 µg/L). Out of 293 wells reportedly used by participants in the study area, we 
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measured or found records for 75 (measured between 1980 and 2010). We used proxy 

measurements or estimated concentrations for 87, which accounted for 6% of total person-years 

in the study area for cases, and 7% for controls. The remaining 131 wells, classified as 

unknowns, accounted for 8% and 10% of total person-years in the study area for cases and 

controls, respectively. Concentrations in wells ranged from non-detectable to 1,460 µg/L 

(median = 7 µg/L, mean = 36 µg/L). A similar percentage of cases and controls had 5-year 

average arsenic concentrations ≥85 µg/L at least 40 years before enrollment and cumulative 

exposures ≥2,400 µg/L-years. 

Supplemental Table 1 shows smoking and drinking water characteristics for each of the 30 

subjects with arsenic concentrations ≥85 µg/L (median = 110 µg/L, mean = 173 µg/L) at least 40 

years before enrollment. Twenty-four subjects (80%) were exposed through the public supply of 

Hanford, California, which was estimated to have concentrations of 110 µg/L until 1970. Three 

(10%) were exposed through the public supply of Fallon, Nevada, which was estimated at 90 µg/L. 

Three more (10%) had concentrations >110 µg/L (all private wells near Fallon, Nevada), the 

highest being 1,460 µg/L.  

Table 3 shows lung cancer odds ratios for various categories of arsenic exposure, with 

10- and 40-year lags, for all subjects. Odds ratios with 5- and 20-year lags (not shown in tables) 

were lower than those with 40-year lags (e.g., 0.68, (95% CI = 0.34–1.37) and 0.76 (95% CI = 

0.36–1.60), respectively, for highest 5-year average arsenic concentrations ≥85 µg/L). Odds 

ratios were also near 1.0 with 10-year lags. For highest 5-year average concentrations ≥85 µg/L 

lagged 40 years and cumulative exposures ≥2,400 µg/L-years, adjusted odds ratios were above 

1.0, but 95% confidence intervals were wide (OR = 1.39, 95% CI = 0.55–3.53 and OR = 1.20, 

95% CI = 0.45–3.22, respectively). In analyses confined to smokers (Table 4), corresponding 

adjusted odds ratios were slightly higher (OR = 1.61, 95% CI = 0.59–4.38 and OR = 1.26, 95% 

CI = 0.45–3.56), but confidence intervals still included 1.0. 

Odds ratios were similar when highest 1-year averages were used instead of highest 5-

year averages, when next of kin data were excluded, and when proxy measurements for wells 

were replaced with zeroes, the concentration in the closest measured well, or the median or mean 

arsenic concentrations of all wells within various distances of the unmeasured well, as described in 

Section 2.4. A clear relationship between arsenic and lung cancer risk was still not apparent when 

lower exposure categories (e.g., <0.1, 0.1–10, and >10 µg/L) were evaluated. When arsenic 

exposure was entered as a continuous variable (either as the highest five-year average 

concentration or as cumulative exposure), odds ratios (e.g., for each 1 µg/L increase in arsenic 

concentration), were all near 1.00 and not statistically significant, even with 40-year lags (data 

not shown). Odds ratios for exposures less than 40 years before enrollment were also near 1.00 

and not statistically significant, for either smokers or all subjects. 

 

Discussion 

Overall, this study did not identify clear or markedly increased risks of lung cancer in people 

exposed to arsenic in drinking water at concentrations near 100 µg/L. The finding of higher odds 

ratios with longer lag periods is consistent with recent research suggesting an extended latency 
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period for arsenic-related cancers (Marshall et al. 2007; Smith et al. 2006; Steinmaus et al. 

2013). In analyses focused on exposures 40 years ago or more, odds ratios for average exposures 

≥85 µg/L were 1.39 (95% CI = 0.55–3.53) in all subjects and 1.61 (95% CI = 0.59–4.38) in 

smokers. Although odds ratios were greater than 1.0, these increases may have been due to 

chance given the small number of subjects exposed more than 40 years before enrollment. 

There are several possible reasons why statistically significant increased risks were not 

identified in this study. It may be that concentrations near 100 µg/L are not associated with 

increased lung cancer risks in this population, or they are associated with increased risks too low 

to be detected at a statistically significant level in a study the size of ours. When this study was 

conducted, it was not evident that the latency between arsenic exposure and lung cancer might be 

much longer than that of tobacco, which is about 20 years (Alberg et al. 2007). In northern Chile, 

lung cancer rate ratios did not peak until at least 30 years after high exposures began (Marshall et 

al. 2007) and remain very high (OR = 4.4, 95% CI = 2.6–7.4) nearly 40 years after high 

exposures ended (Steinmaus et al. 2013). Other studies have also found latency periods of 20 

years or more (Bates et al. 2004; Smith et al. 2006; Steinmaus et al. 2003; Su et al. 2011). 

Although arsenic-exposed areas comprised about 28% of the study population during 

subject ascertainment (U.S. Census Bureau 2000), only 9% of controls lived in these areas ≥40 

years before interview. This high migration rate was also seen in the 2000 U.S. Census, where 

35% of people in Fallon reported living outside the county just five years earlier. Overall, the 

small percentage of people who lived in the more exposed parts of our study area during the 

most relevant risk period (≥40 years before cancer diagnosis) contributed to the low power of 

this study, and can be a major limitation of other arsenic studies investigating associations with 

long latency periods.  

Despite low power, the findings of our study are important for several reasons. First, they 

provide an example of the difficulties and tremendously (if not prohibitively) large sample sizes 

needed to identify arsenic-related health effects in low-exposure countries with mobile 

populations like the U.S. This highlights the importance that highly exposed countries like 

Taiwan, Bangladesh, India, and Chile have played in generating new information on arsenic 

(Celik et al. 2008; Gibb et al. 2011; IARC 2002; NRC 1999, 2001; Smith et al. 2006; Steinmaus 

et al. 2013). Secondly, while this study was not large enough to help confirm or rule out 

increased risks of 40–60%, the confidence intervals for our effect estimates provide evidence that 

concentrations near 100 µg/L are not associated with markedly high relative risks (e.g., much 

above 3–4). Finally, the fact that the magnitudes of the odds ratios we identified are close to 

those predicted by extrapolations from high doses used by the U.S. Environmental Protection 

Agency and others to set drinking water regulations suggests that these extrapolations provide at 

least somewhat reasonable estimates of low-dose risks (Gibb et al. 2011; NRC 2011; USEPA 

2001b).  

In our study, exposure classification was based on reported residences and the arsenic 

concentrations identified for those residences. Errors in assigning exposure may have occurred as 

a result of missing data, changes in arsenic levels in wells over time, use of proxy respondents, or 

inaccurate recall of past water intake. The impacts of most of these are expected to be small. For 

example, a previous analysis of arsenic concentrations in wells in the study area has shown that they 

remain stable over many years (Steinmaus et al. 2005). With regard to proxy interviews, in studies 
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comparing responses of cancer cases and their next of kin, spouses were able to identify 70% or 

more of the residences reported by the cases (Pickle et al. 1983). Also, the percentage of cases 

and controls with missing or unknown water records was similar. Study subjects may have also 

been exposed to arsenic in food or water outside the study area. However, these exposures are 

unlikely to have caused major misclassification. Inorganic arsenic intake from food is generally a 

fraction of that from drinking water with an arsenic concentration of ≥85 µg/L (Xue et al. 2010). 

Although drinking water concentrations ≥85 µg/L do occur in other parts of the U.S., they are 

relatively rare. In an assessment of arsenic levels including the U.S. Environmental Protection 

Agency’s Arsenic Occurrence and Exposure database, Frost et al. (2003) identified only one 

other county with arsenic levels similar to those historically seen in Fallon and Hanford (Jim 

Hogg County, Texas; population 5,109; estimated mean county arsenic concentration 77.9 µg/L). 

Although participants could not perfectly recall how much water they drank in the distant past, it 

is it is not surprising that odds ratios were similar whether or not these data were used, because 

arsenic concentration was a much more important determinant of exposure than water intake. For 

example, the difference between our upper and lower exposure groups in terms of water 

concentrations was 10–20 fold (<10 versus ≥85 µg/L), whereas differences in water intake were 

rarely more than 3-fold. Overall, because researchers assessed exposure similarly in all subjects 

and were blinded to case-control status, exposure misclassification was likely non-differential, 

biasing odds ratios towards the null (Rothman and Greenland 1998a). As such, improved 

exposure assessment likely would have resulted in higher, not lower, odds ratios than those 

identified. Importantly though, given the relatively low odds ratios identified, and the small 

numbers of subjects in the exposed categories, correcting for this misclassification would most 

likely cause only small changes. For example, correcting for an exposure categorization 

sensitivity of 70%, using the methods described by Rothman and Greenland, would only increase 

the odds ratio of 1.39 we identified to 1.40 (Greenland 1998). 

Odds ratios in this study changed only slightly with adjustment for smoking, known 

occupational lung carcinogens, income, BMI, and education, suggesting that, while these factors 

differed somewhat between cases and controls, they were not strongly related to arsenic exposure 

and therefore did not cause important confounding. Previous studies suggest that smoking and 

arsenic may act synergistically (Chen et al. 2010; Ferreccio et al. 2000; Steinmaus et al. 2003). In 

this study, odds ratios were somewhat higher in analyses confined to smokers, but we did not 

have adequate statistical power to evaluate synergy because of the small number of nonsmokers. 

For example, there were 12 cases and seven controls among smokers, compared to 0 cases and 

11 controls among nonsmokers with arsenic concentrations ≥85 µg/L at least 40 years before 

enrollment, and 0 cases and seven controls among nonsmokers with cumulative exposures 

≥2,400 µg/L-years lagged 10-years. The low number of non-smokers overall made it difficult to 

evaluate the effects of secondhand smoke. Confounding from other factors like diet, occupation, 

or environmental exposures (e.g., radon) is possible, but there is little evidence that these factors 

were sufficiently related to both lung cancer and arsenic exposure to either cause or mask a 

substantially elevated arsenic-lung cancer odds ratio (Axelson 1978).  

Although only histologically-confirmed lung cancer cases were requested from the cancer 

registry and hospitals in California and Nevada, data on histological subtypes were not collected. 

Two recent studies (Chen et al. 2010; Heck et al. 2009) suggest that ingested arsenic may cause 

squamous and small cell carcinomas more than adenocarcinomas or other subtypes. For example, the 

study in the northeastern U.S. by Heck et al. (2009) reported a nearly 3-fold increase in squamous 
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and small cell lung cancer (OR = 2.75; 95% CI = 1.00–7.57) in participants with toenail arsenic 

concentrations ≥0.1137 µg/g, despite no increase in all lung cancer types combined. However, 

given the very low exposures (mostly ≤1 µg/L in drinking water), the small sample size (21 cases 

in the high exposure group), the large effect of adjustments for race, education, other lung 

disease, fish consumption, BMI, and other factors (unadjusted odds ratio of 1.41), and the 

difficulty of interpreting arsenic toenail levels (Orloff et al. 2009), further research is needed to 

confirm these findings.   

 

Conclusions 

Lung cancer odds ratios for arsenic concentrations in drinking water ≥85 µg/L (median = 110 

µg/L, mean = 173 µg/L, maximum = 1,460 µg/L) more than 40 years before enrollment were 

greater than 1.0, but these increases may have been due to chance given the small number of 

subjects. Our findings suggest that concentrations near 100 µg/L are not associated with 

markedly high relative risks (e.g., much above 3–4). The small number of people remaining in 

exposed areas for the extended latency period of arsenic-related cancer shows the difficulties of 

investigating the health effects of arsenic in low-exposure countries with mobile populations like 

the U.S. and illustrates why nearly all major findings on the health effects of arsenic have come 

from populations with high exposures in Taiwan, India, Chile, and Bangladesh (Celik et al. 2008; 

Gibb et al. 2011; IARC 2002; NRC 1999, 2001; Smith et al. 2006; Steinmaus et al. 2013). New 

research on arsenic, including evaluating the impacts of early-life exposures, assessing possible 

mechanisms, and investigating susceptibility related to genetics, epigenetics, diet, co-exposures 

like smoking, occupation, and other factors, may be best done, at least initially, in countries with 

high exposures. 
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Tables 

Table 1. Demographic characteristics of participants. 

   
Cases (n = 196)  

     No.             % 

Controls (n = 359)  

           No.               % 
Crude OR 95% CI 

State
 a
 

Nevada 

California 

 

146 

50 

 

74.5 

25.5 

 

278 

81 

 

77.4 

22.6 

 

1.00 

1.18 

 

 

0.78, 1.76 

Gender
 a
        

Females 106 54.1 212 59.1 1.00  

Males 90 45.9 147 40.9 1.22 0.86, 1.74 

Income        

<$20,000 per year 50 25.5 65 18.1 1.00  

$20–80,000 per year 105 53.6 214 59.6 0.64 0.41, 0.99 

>$80,000 per year 14 7.1 55 15.3 0.33 0.17, 0.66 

Don’t know or refused 27 13.8 25 7.0 1.40 0.73, 2.71 

Education       

High school or less 149 76.0 210 58.5 1.00  

More than high school 47 24.0 149 41.5 0.44 0.30, 0.66 

Race        

Caucasian 182 92.9 323 90.0 1.00  

Hispanic 4 2.0 17 4.7 0.42 0.14, 1.26 

Other 10 5.1 16 4.5 1.11 0.49, 2.50 

Unknown 0 0.0 3 0.8 -- -- 

Smoking       

Never smoked  7 3.6 147 40.9 1.00  

<10 packs/week
b
 117 59.7 160 44.6 15.4 6.94, 34.0 

≥10 packs/week
b
 72 36.7 52 14.5 29.1 12.6, 67.2 

Other lung carcinogen
 c
      

No 164 83.7 271 75.5 1.00  

Yes 32 16.3 88 24.5 0.60 0.38, 0.94 

 Mean SD Mean SD 
 

p-Value
 

Age (years)
a
 70.2 10.0 69.0 8.6  0.13 

Body Mass Index (kg/m
2
) 24.6 4.3 25.9 4.4  <0.001 

CI confidence interval, OR odds ratio, SD standard deviation.  
a
 Participants were frequency matched on age, sex, and state. 

b
 Average packs of 20 cigarettes (or equivalent for cigars and pipes) usually smoked per week 

during period of regular smoking, if ever smoked >6 months. 
c
 Possible exposure to known lung carcinogens including radon, asbestos, silica, fumes and smoke.  
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Table 2. Drinking water characteristics. 

 Cases Controls p-Value 

Average tap-water intake (L/day)    

Current 2.24 2.04 0.20 

20 years ago 2.84 2.35 0.03 

40 years ago 

Total 

2.17 

2.42 

1.96 

2.12 

0.27 

0.05 

Person-years inside study area (%)
a
 

Lifetime before enrollment  

<40 years before enrollment 

≥40 years before enrollment 

 

33.6 

50.2 

11.2 

 

39.9 

59.0 

13.0 

 

<0.01 

<0.01 

<0.01 

Water source (% of person-years)
b
    

Public 74.4 61.5 <0.01 

Bottled  5.6 9.6 <0.01 

Private well 19.0 28.5 <0.01 

Available records or measurements 5.1 11.6 <0.01 

Proxy measurement 6.2 7.0   0.06 

No record or measurement 7.7 9.9 <0.01 

Other 0.8 0.3 <0.01 

Unknown 0.4 0.0 ----- 

Water source ≥40 years before enrollment (% of person-years)
b
 

Public 77.0 59.5 <0.01 

Bottled  4.9 12.4 <0.01 

Private well 18.1 28.1 <0.01 

Available records or measurements 8.0 15.2 <0.01 

Proxy measurement 2.4 5.9 <0.01 

No record or measurement 7.7 7.0 0.61 

Other 0.1 0.0 ----- 

Unknown 0.4 0.0 ----- 

Arsenic concentration (%) *** 

Highest 5-year average: 10-year lag 

   

≤10 µg/L 71.9 67.1  

11–84 µg/L 18.9 22.8  

≥85 µg/L 

Average concentration (µg/L) 

9.2 

24.7 

10.0 

23.3 

 

0.87 

Highest 5-year average: 40-year lag     

≤10 µg/L 86.2 87.5  

11–84 µg/L 7.7 7.5  

≥85 µg/L 

Average concentration (µg/L) 

6.1 

16.6 

5.0 

9.9 

 

 0.40 

Cumulative exposure: 10-year lag    

≤0.1 µg/L-years 35.7 31.5  

0.11–2,399 µg/L-years 58.2 64.6  

≥2,400 µg/L-years 

Average exposure (µg/L-years) 

6.1 

263.4 

3.9 

142.2 

 

 0.38 
a
 Person-years inside the study area divided by total person-years lived.  

b
 Person-years for each source divided by person-years in the study area.  

c
 Percent of subjects in each category, adjusted for filter and bottled water use. 
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Table 3. Odds ratios and 95 percent confidence intervals for arsenic in drinking water and lung cancer. 

 Cases Controls Unadjusted Adjusteda 

 OR 95% CI p-Value OR 95% CI p-Value 

Highest 5-year average: 10-year lag         

≤10 µg/L 141 241 1.00   1.00   

11–84 µg/L 37 82 0.77 0.50–1.20 0.25 0.75 0.45–1.25 0.27 

≥85 µg/L 18 36 0.85 0.47–1.56 0.61 0.84  0.41–1.72 0.63 

Highest 5-year average: 40-year lag         

≤10 µg/L 169 314 1.00   1.00   

11–84 µg/L 15 27 1.03 0.53–1.99 0.92 0.84 0.40–1.79 0.66 

≥85 µg/L 12 18 1.24 0.58–2.63 0.58 1.39 0.55–3.53 0.48 

Cumulative exposure: 10-year lag         

≤0.1 µg/L-years 70 113 1.00   1.00   

0.11–2,399 µg/L-years 114 232 0.79 0.55–1.15 0.22 0.75 0.48–1.15 0.18 

≥2,400 µg/L-years 12 14 1.38 0.61–3.16 0.44 1.20 0.45–3.22 0.71 

CI confidence interval, OR odds ratio.  
aAdjusted for age, sex, education, smoking history (never, moderate (<10 packs/week), or heavy (≥10 packs/week)), and possible exposure 

to another known lung carcinogen.  

 

 

 

 

 

 

 

 

 

 

 

Table 4. Odds ratios and 95% CIs for arsenic in drinking water and lung cancer among ever smokers. 

 
Cases Controls 

           Unadjusted                   Adjusteda 

 OR 95% CI p-Value OR 95% CI p-Value 

Highest 5-year average: 10-year lag         

≤10 µg/L 136 148 1.00   1.00   

11–84 µg/L 35 47 0.81 0.49–1.33 0.41 0.73 0.43–1.23 0.24 

≥85 µg/L 18 17 1.15 0.57–2.33 0.69 0.90 0.42–1.92 0.79 

Highest 5-year average: 40-year lag          

≤10 µg/L 164 187 1.00   1.00   

11–84 µg/L 13 18 0.82 0.39–1.73 0.61 0.66 0.30–1.44 0.30 

≥85 µg/L 12 7 1.95 0.75–5.08 0.17 1.61 0.59–4.38 0.35 

Cumulative exposure: 10-year lag         

≤0.1 µg/L-years 69 72 1.00   1.00   

0.11–2,399 µg/L-years 108 133 0.85 0.56–1.29 0.44 0.68 0.43–1.06 0.09 

≥2,400 µg/L-years 12 7 1.79 0.67–4.81 0.25 1.26 0.45–3.56 0.66 

CI confidence interval, OR odds ratio. 
a Adjusted for age, sex, education, smoking history (moderate (<10 packs/week) or heavy (≥10 packs/week)), and possible exposure to 

another known lung carcinogen.  
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Supplemental Table 1. Smoking and drinking water characteristics for 30 subjects with ≥85 µg/L arsenic in drinking water at least 40 years 

before enrollment. 

    

Arsenic in drinking water 

     
Highest 5-year mean (µg/L) 

 
Cumulative 

  

Lung cancer Smoked 
Packs / 
weeka CA 

Public 
water 

>85 
µg/L 

>40 

 years 
before 

>5  

years 
before 

<40b 

years 
before   

 (µg/L-years) 

>5 years 
before 

Years 
since 

>85 
µg/Lb 

Years 
since 

>10 
µg/La 

1 1 21 1 1 110 110 106 

 

1752 29 0 

1 1 21 1 1 110 110 106 

 

1592 29 0 

1 1 20 1 1 110 110 83 
 

1337 27 0 

1 1 18 1 1 110 110 110 
 

1572 27 0 

1 1 14 1 1 110 110 106 

 

1449 29 0 

1 1 11 1 1 99 110 110 

 

563 34 9 

1 1 7 1 1 110 110 3 

 

896 44 42 

1 1 7 1 1 110 110 88 
 

1287 35 14 

1 1 7 1 1 110 110 110 

 

1947 28 2 

1 1 4 1 1 110 110 8 

 

1027 58 58 

1 1 2 1 1 110 110 110 
 

988 29 0 

1 1 7 0 0 1460 1460 1460   27314 0 0 

0 1 14 1 1 110 110 3 

 

470 53 52 

0 1 11 1 1 110 110 102 

 

1135 30 0 

0 1 7 1 1 110 110 102 
 

1734 30 0 

0 1 4 1 1 110 110 102 

 

1284 34 0 

0 1 3 1 1 110 110 110 

 

1596 28 0 

0 1 14 0 1 90 90 4 

 

349 65 65 

0 1 7 0 0 150 200 20 
 

490 40 0 

0 0 0 1 1 88 110 102 

 

971 30 0 

0 0 0 1 1 110 110 102 

 

1518 30 10 

0 0 0 1 1 110 110 30 

 

332 54 0 

0 0 0 1 1 110 110 39 
 

875 78 0 

0 0 0 1 1 110 110 36 

 

460 41 0 

0 0 0 1 1 110 110 3 

 

482 42 42 

0 0 0 1 1 110 110 66 

 

1206 37 14 

0 0 0 1 1 110 110 110 
 

1229 27 10 

0 0 0 0 1 90 90 4 

 

508 54 54 

0 0 0 0 1 90 96 96 

 

748 10 0 

0 0 0 0 0 690 690 25   3719 64 0 

Percent or Average: 

         
Cases 100% 11.5 92% 92% 222 223 200 

 

3477 31 10 

Controls 39% 3.3 72% 89% 140 144 59 

 

1061 42 14 

p-Value                    

(2-tailed) 0.0001 0.002 0.17 0.81 0.50 0.52 0.25   0.29 0.06 0.67 

CA California, 1 yes, 0 no. 

         a Average packs of 20 cigarettes (or equivalent for cigars and pipes) usually smoked during period of regular smoking, if ever smoked >6 months. 
b Exposures lasting <5 years before enrollment were not counted. 
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Chapter 4. Groundwater Models in Western Nevada  

 

Introduction 

The health effects of arsenic can take decades to develop  

Many of the most important arsenic-related health problems, including cancer, heart disease and 

diabetes, take many years to develop (NRC 1999). As described in Chapter 3, the delay between 

arsenic exposure and cancer diagnosis may be >40 years (Dauphine et al. 2013; Steinmaus et al. 

2013). As described in Chapter 2, prenatal and early childhood exposures may be especially 

important determinants of health problems later in life (Dauphine et al. 2011; Vahter 2008), 

including lung and bladder cancer (Steinmaus et al. 2014), the outcomes upon which arsenic risk 

assessments and drinking water standards are primarily based (NRC 2001).  

 

Past exposures may be impossible to measure 

Arsenic is rapidly excreted. Most biological samples (e.g., urine, blood, toenails, hair) reflect 

only recent exposures (Orloff et al. 2009). Fortunately, in our Nevada study area (Chapter 3; 

Dauphine et al. 2013) arsenic concentrations in most residential wells have been stable both 

seasonally and over many years (Seiler 2004; Steinmaus et al. 2005; Thundiyil et al. 2007). This 

is critical, because it means that recent measurements can be used to estimate the past exposures 

that may have caused cancer.  

Ideally, studies of arsenic and cancer have measurements for all drinking water sources 

ever used regularly by participants. This is especially difficult in the U.S., where the average 

person changes residence every 5-7 years (Jacquez et al. 2007). Arsenic measurements are 

usually available for public supplies, but many people have private wells, which are not 

regulated by law. Private wells are often unmeasured and much more likely to have high arsenic 

and other contaminants than public supplies. About 15% of Americans currently drink from 

private wells (USEPA 2001). A higher percentage would be expected to have had a well at some 

point in the past, especially in rural areas, where arsenic tends to be higher (Frost et al. 2003). 

Even if participants remember all of their old addresses, and the health study’s budget allows 

them all to be visited, wells used many years before may have run dry, fallen into disrepair, or 

been paved over by new development.  

Arsenic concentrations in groundwater can change dramatically over short distances and 

with small changes in depth. Near the city of Fallon in western Nevada, for example, a single 

well had arsenic concentrations of 2,620 µg/L at 20 feet deep, but only 31 µg/L at 10 feet deep. 

This might be explained by oxygen permeating the upper part of the sand aquifer and inhibiting 

reductive dissolution, the main arsenic mobilization mechanism in this area (Ravenscroft et al. 

2009). As explained in Chapter 1, however, many other factors influence arsenic concentrations, 
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making predictions difficult. Another 20-foot well just 250 feet away, but in silt rather than sand, 

had only 70 µg/L arsenic (Figure 5 in Welch and Lico 1998).  

If there are no measurements for a health study participant’s well, the nearest measured 

well may be a poor proxy for estimating exposure. The average or median concentration of 

several surrounding wells provides a more robust estimate, but local averages actually predicted 

arsenic worse than nearest neighbors in the only comparison found, by Meliker et al. (2008) in 

Michigan. Local averages also raise questions about the optimal number, distance and depths of 

wells to be included.   

 

Exposure misclassification is a major limitation of arsenic risk assessment 

In most drinking water studies, measurements are available for fewer than half of participants’ 

private wells (e.g., Colt et al. 2002; Dauphine et al. 2013; Steinmaus et al. 2003). Because health 

effect estimates are typically based on participants’ highest known exposures, these unknown 

concentrations are treated as zeroes. Exposure misclassification is similar for cancer cases and 

controls, creating a non-differential bias towards the null, which decreases the apparent health 

effects of arsenic. This may help explain why the cancer risks predicted at low arsenic exposures 

have not been observed (Gibb et al. 2011).
ix

 The goal of this project was to improve arsenic 

estimates for unmeasured wells in the Nevada cancer study area (Chapter 3; Dauphine et al. 

2013; Steinmaus et al. 2003).
x
  

 

Study Area 

The study area (Figure 1) comprised the six western Nevada counties included in the lung cancer 

study (Chapter 3, Dauphine et al. 2013).
xi

 Figures 2-3 give a closer look at the area as shown in 

the U.S. Geological Survey’s most recent map of arsenic in southwestern states (Anning et al. 

2012). With a 3-km by 3-km grid size, the USGS map was not intended to show differences in 

arsenic between neighboring wells. Nearly the entire area around Fallon, for example, is shown 

as having either 10-24.99 µg/L or ≥25 µg/L.  

The main sources of groundwater recharge in the study area are the Truckee Canal and 

Carson and Walker Rivers, which originate in the Sierra Nevada and terminate in the Great Basin 

(Figure 4). Geothermal springs and mines like the Leviathan Superfund site have caused 

extremely high arsenic concentrations in small streams in the study area, but their arsenic 

contributions to drinking water aquifers are small compared reductive dissolution and 

evaporative concentration (Chapter 1; Welch and Lico 1998; Welch et al. 2000). Irrigation can 

increase evaporative concentration and create water-saturated, reducing conditions in which 

arsenic can be released from sediment (Anning et al. 2012; Maurer 1994; Welch and Lico 1998, 

Welch et al. 2006).  
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Fallon Area
xii

 

Most people and drinking water wells in the study area are located in the Carson Basin, which 

includes Fallon (Figures 5-6). Whereas the Truckee River terminates in Pyramid Lake, and the 

Walker in Walker Lake, the Carson terminates in a vast irrigation project and seasonal wetlands 

like the Carson Sink, which is now usually dry because of agricultural diversions. The Truckee 

Canal brings water from the Truckee to the Carson River at Lahontan Reservoir above Fallon. 

Since its construction in the early 1900’s, the Truckee Canal has supplied about a third of the 

surface water and groundwater recharge to the lower Carson Basin. Most of the remaining two 

thirds is from the Carson River, with minor contributions from local springs, rainfall and 

seasonal streams (Maurer et al. 1995).
xiii

 

Welch and Lico (1998) investigated determinants of arsenic in shallow wells (<50 feet or 

15 m deep) around Fallon. The shallow aquifer, known as the Fallon Formation, extends about 

100 feet below the surface (Figure 7). To the northwest, it consists mainly of coarse-grained sand 

and silt deposited by the Carson River, with finer-grained silt and clay to the southeast. Below 

this lies the Turupah Formation, primarily dune sand <45 feet thick, which forms the 

intermediate aquifer considered better in the area for drinking water. Below this is the Sehoo 

Formation, which was the bottom of prehistoric Lake Lahontan. This dense clay layer, >60 feet 

thick, acts as a seal or “aquitard,” slowing groundwater movement to and from deeper layers 

(Welch and Lico 1998). 

 With snow-fed rivers terminating in the rain shadow of the Sierra, the amount of water 

that evaporates from the Fallon area is usually more than 10 times the amount that falls as 

precipitation (e.g., about 145 cm/year for evaporation compared to 13 cm/year for precipitation). 

In basin lowlands more than about five miles east of the Carson River, groundwater actually 

flows upwards, as sunshine and dry desert air pull it out of the ground, leaving crusts of salt on 

seasonal lakes (Figure 8).
xiv

 Arsenic and other dissolved solids are left behind by this process, 

called evaporative concentration. Closer to the river, groundwater flows laterally. In Welch and 

Lico’s analyses (1998), the median arsenic concentration was 50 µg/L in the lateral flow area, 

compared to 200 µg/L in the upward flow area. In both areas however, maximum concentrations 

exceeded 1000 µg/L (Figure 9).  

 Like arsenic, chloride in groundwater is associated with evaporative concentration 

(Welch and Lico 1998). However, arsenic and chloride are only weakly correlated with each 

other, showing that other factors are involved. Dissolution and desorption increase arsenic in the 

lateral flow area, while adsorption limits arsenic concentrations in upward flow areas, where 

evaporation is highest. Welch and Lico (1998) measured several other groundwater constituents 

including dissolved oxygen (inversely related to dissolution), pH (indicating desorption), 

temperature (temperature increases can increase rates of arsenic-releasing reactions several-fold), 

and As5/As3 ratio.
xv

 Arsenic was also weakly correlated with groundwater C, Fe, Mn, and U, as 

is typical in reducing environments (Ravenscroft et al. 2009).   

 Maurer and colleagues (1995) investigated the impacts of irrigation on water quality 

around Fallon. Besides comparing irrigated and non-irrigated areas, they compared recent 

measurements of arsenic and other constituents with measurements taken before construction of 
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the Newlands irrigation project and the Truckee Canal in the early 1900’s. In the lateral flow 

portion of the intermediate aquifer, where most domestic wells are located, the median, 75
th

 

percentile, and maximum arsenic concentrations were about 5-10 times higher in the irrigated 

area (~50, 400, and 1500 µg/L respectively) than in the unirrigated area (~10, 40, and 300 µg/L) 

(pp. 63-65 and Figure 21 from Maurer et al. 1995).
xvi

 Within the lateral-flow/irrigated zone, 

arsenic was higher in the upper 20 feet of the aquifer than 20-50 feet below the surface. Maurer 

et al. (1995) also reported higher arsenic in less permeable zones with finer-grained sediment.
xvii

 

 

Methods 

Arsenic Data Sources, Cleaning and Geocoding  

Analyses were based on measurements from 1972 to 2001 by the Nevada Division of 

Environmental Protection and other agencies. These were compiled by Nevada Exploration, 

Incorporated (2002) and purchased
xviii

 for the bladder (Steinmaus et al. 2003) and lung cancer 

studies (Chapter 3; Dauphine et al. 2013).
xix

 These measurements do not represent a full or 

random sample of wells in western Nevada. Due to publicity about arsenic in the area, many 

residents have had their private wells tested, and most banks require arsenic measurements 

before granting a mortgage if the house has a private well. Many of these measurements were 

recorded on paper with the Nevada State Health Division before being transcribed into our 

database. For each arsenic measurement, the sampling date, agency, water source type (e.g., 

surface water, well, spring, mine), and street address or location description were listed. Some 

records also included well depth, latitude, longitude, and notes.   

The original database contained 7249 arsenic measurements (Table 1). 6425 were 

labelled or identified as wells by notes accompanying the database. 4358 with addresses in 

residential areas were classified as being from domestic drinking water wells. A few restaurants, 

public buildings, mines, geothermal power plants, and other non-residential measurements with 

addresses were identified and excluded based on the database notes.    

Geographical coordinates were geocoded from street addresses using the ArcGIS 10.3 

North American geocoder (ESRI, Redlands, CA, USA).
xx

 Addresses not matched by the 

geocoder were checked for spelling mistakes. If none was found, addresses were geocoded 

manually in Google Earth when possible. Occasionally, multiple wells were identified at the 

same address (e.g., same date, different depths, different arsenic measurements), in which case 

the geocoded coordinates were randomly offset by one meter in each direction (east-west and 

north-south). Ultimately, 3143 residential drinking wells were identified.  

Because little temporal variability was identified, analyses focused on spatial variability, 

using a single average arsenic concentration for each of the 936 wells with multiple 

measurements. These wells were measured up to seven times each, making 1215 “duplicate” 

measurements. Spearman’s correlations were 0.94 (95% confidence interval 0.88—0.96) for 

wells measured 11 to 20 years apart (Steinmaus et al. 2005), consistent with previous analyses. 

Arsenic levels in the Fallon city supply, which tap a separate basalt aquifer below Rattlesnake 

Hill, have been around 90 µg/L since measurements began in the 1940’s (Seiler 2004). Seasonal 



49 

 

variability also appears small, especially compared to spatial variability. Out of thousands of 

wells in our database, very few had dramatic changes between seasons, whether defined in terms 

of rainfall or irrigation (Thundiyil et al. 2007).  

A few measurements of water that had obviously been filtered (identified when there 

were multiple measurements for the same address with same depth, same date, but very different 

arsenic measurements) were excluded. For about 1% of the wells in the database, it was 

impossible to determine whether large differences in arsenic were due to temporal variability or 

an unlabeled filtered measurement. In the former case, excluding these wells would have made 

the study area seem less variable than it really was. In the latter, exclusion would have made it 

seem lower in arsenic than it really was. Therefore, the average measurement was still used. 

Whether or not the low measurement was excluded, the average concentration for these wells 

nearly always fell into the highest exposure category used in the lung cancer study (≥85 µg/L). 

For these wells, the exact value assigned (e.g., 502 µg/L including the low measurement, versus 

1000 µg/L if it had been excluded) was not considered critical, because the potential for high 

arsenic was shown regardless. 

 

Non-detects 

692 (22%) of the 3143 wells had arsenic concentrations below detection limits. Although all 

measurements were based on hydride generation atomic absorption spectroscopy, other methods 

and detection limits varied by agency, and were not always recorded. Non-detects were assigned 

values of 1 µg/L, half of the assumed minimum detection limit. The U.S. Environmental 

Protection Agency found that 3 or 4 µg/L were more common minimums of reliable arsenic 

detection when most of these wells were measured (USEPA 1999), but 2 µg/L was the lowest 

non-zero value given in our records. Other methods of dealing with non-detects were evaluated, 

including the NADA package for R statistical software (Helsel 2012), but could not be applied to 

spatial analyses.
xxi

 The exact value of non-detects was not considered important because all non-

detects would easily fall into the lowest exposure category typically used in epidemiologic 

studies in this area (e.g., ≤10 µg/L).  

 

Arsenic Histograms 

Figure 10 shows the frequency distribution of average arsenic measurements in wells. A log 

scale is used for the number of wells because of the extreme right skew in the data. As is typical 

with environmental data, most concentrations were near zero, but a few were very high, 

exceeding 1000 µg/L. Figure 11, with smaller intervals between low concentrations, shows one 

peak below detection and another at 10 µg/L, consistent with distributions of arsenic reported 

elsewhere (Chapter 1). Using a log transformation reduces the skew, but the two peaks remain 

(Figure 12). The histograms are obviously distorted by the combining of non-detects, which 

could have been 4 µg/L or higher, but there was also imprecision for higher concentrations, 

which tended to be reported as round numbers. This can be seen in Figure 11, with successive 

peaks at 10, 20, 30, 40 µg/L, and so on, and relatively few measurements in between (e.g., 11-19, 



50 

 

21-29, 31-39 µg/L). In reality there is probably a single peak between 0 and 10 µg/L, such that 

the true distribution is shaped more like that of Figure 10, following a gamma distribution typical 

of environmental data (Hogg and Craig 1978).  

 

Depth 

Figure 13 and Table 2 show that higher arsenic concentrations occurred in shallower wells, as is 

typical in sedimentary aquifers (Ravenscroft et al. 2009). Concentrations above 1000 µg/L, for 

example, were not found deeper than 150 feet, and concentrations above 100 µg/L were not 

found deeper than 300 feet. As in Bangladesh (Yu et al. 2003, p.5), and as would be expected 

given the skewed frequency distribution of arsenic, a log function fits the depth and arsenic data 

better than a linear model, and the relationship in Nevada is actually much stronger than in 

Bangladesh (R
2
=0.15 versus 0.04). To a large extent, however, the relationship between well 

depth and arsenic disappears once location is taken into account. As shown below, most shallow 

wells are in the higher arsenic area around Fallon, where the water table is not as deep due to 

evaporative concentration and upward flowing groundwater (Welch and Lico 1998).
xxii

  

 

Spatial Distribution of Arsenic 

Figures 14-16 map arsenic concentrations in the 3143 wells using five color categories. In the 

USGS maps (Figures 2-3), with most color categories for arsenic below 10 µg/L, the upper 

Carson Basin appeared highly variable, while the lower Carson around Fallon appeared 

uniformly high. With higher cutoffs for arsenic categories, the upper Carson Basin appears 

almost uniformly low, and now it is the Fallon area that seems variable. 

Regardless of which cutoffs are used, the pattern remains the same: Groundwater arsenic 

tends to increase as one proceeds downriver, as is typical of basin-fill aquifers in the 

southwestern U.S. (Anning et al. 2012). For the Carson, downriver is generally to the northeast. 

In the study area at large, including parts of the Walker, Truckee, and Tahoe watersheds, 

concentrations were usually below 10 µg/L to the west, near the Sierra, but often exceeded 100 

µg/L to the northeast, around the Truckee Canal and the terminus of the Carson River near 

Fallon. Farther south, in the Walker Basin, groundwater arsenic also tends to increase, albeit less 

dramatically, as the river makes a horseshoe bend to the south and its terminus in Walker Lake. 

With a z-score of 19.69, Moran’s index for spatial autocorrelation suggests less than a 1% 

likelihood that this clustering of high arsenic measurements in eastern parts of the study area is 

due to chance.
xxiii

  

When possible, arsenic concentrations in participant wells were linked to records or 

measured with a Hach EZ arsenic portable test kit. Figure 17 plots arsenic in wells used by lung 

cancer study participants against concentrations in their nearest neighbors. With the exception of 

two wells, the relationship was good (R
2
=0.75 for 43 (96%) of the wells (Figure 18)). The 

distance between participant wells and their nearest neighbors averaged 720 m, with a maximum 

of 9,005 m (Table 3).  
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Arsenic, Well Depth, and Elevation in each Basin 

Table 4 shows arsenic, well depth, and elevation statistics for each basin.
xxiv

 Wells in the 

Truckee Canal area (n=177) had the highest median arsenic level (110 µg/L), with a maximum 

of 1220 µg/L. The Carson Basin below Lahontan Reservoir (n=1572) had the single highest 

arsenic measurement (4900 µg/L), with a median of 30 µg/L. These wells around Fallon had an 

average depth of 55 feet (SD=53 feet) compared to 98-310 feet in other basins. The median 

arsenic concentration in the upper Carson Basin was only 2 µg/L, but a few wells had 

concentrations near 100 ug/L, especially farther downriver, towards the lower Carson.  

 

Study Basins 

The six study area counties cover 12,020 square miles (31,135 km
2
). The eastern and southern 

regions are sparsely populated however, such that all 3143 wells fit in a contiguous area only 

about a third of this size. Groundwater models were developed for basins rather than counties. 

The four wells in the Tahoe Basin were excluded, as was the one in Dixie Valley, a small closed 

basin east of Fallon, across the Stillwater Mountains. This left 3138 residential drinking water 

wells in the Carson, Truckee, and Walker watersheds (Table 1). The largest distance between 

any two of these wells (i.e., from the upper to lower Carson) was about 80 miles (130 km).  

 

Models 

Measurements were compared with estimates based on:  

1. Nearest Neighbors 

2. Local Medians 

3. Inverse Distance Weighted Interpolation (IDW) 

4. Ordinary Kriging (OK) 

5. Universal Kriging (UK) 

6. Generalized Additive Models (GAM) 

7. Random Forest Models (RFM) 

8. Ensemble Model (ENS)
 
 

 

Appendices 1 and 2 show the code used to optimize and compare models in R using 

cross-validation with five partitions. For each validation, a different 20% of the wells in the 

database were selected to be in the test dataset, simulating unmeasured wells for which estimates 

were desired. The other 80% were used as the training dataset to generate these estimates. The 

Encyclopedia of Database Systems provides a general description of cross-validation, also 

known as rotation estimation or k-fold validation, where k is the number of validations 

(Rafaeilzadeh et al. 2009). In our case, k was equal to five. Rohavi (1995) found that cross-

validation was better at selecting models than bootstrap methods, but no more than ten partitions 

should be used. 
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Models were optimized through trial and error until the average of the five Spearman’s 

rank correlations between measurements and estimates was maximized.
xxv

 Then, estimates were 

exported to a spreadsheet with measurements for evaluation of linear fit and correct assignment 

to high, medium, and low arsenic categories.
xxvi

 For local medians for example, different 

maximum distances were evaluated until the highest Spearman’s rank correlation between 

measurements and estimates was obtained. For inverse distance weighted averages, the 

maximum number of neighbors and inverse distance weighting power were optimized in the 

same way. Ordinary and universal kriging estimates were created with the auto-map package in 

R (Hiemstra et al. 2009). The random forest (Anning et al. 2012, pp. 28-34; Hijmans and Elith 

2014) and generalized additive models (Wood 2006) incorporated the few environmental 

predictors obtained for all wells: geographical coordinates, elevation, and river basin. The best 

generalized additive model (GAM) developed used a gamma distribution for arsenic and a 2-

dimensional thin plate spline for latitude and longitude. In preliminary analyses, well depth, 

available for 60% of wells, improved estimates for local medians but not the GAM. Depth is 

rarely known for unmeasured wells used by health study participants, however, so analyses 

focused on models that did not rely on it as a predictor. The ensemble model simply combined 

the best-correlated versions of all other models except local medians, which were not available 

for all wells. Most analyses were done with R statistical software (R Core Team 2014). Maps and 

analyses were also made with ArcGIS 10 (ESRI, Inc., Redlands, CA, USA).  

 

Results 

Interpolations 

Figures 19-20 shows arsenic estimates based on inverse distance weighted averages. Figure 21 

shows universal kriging estimates for the entire study area and arsenic semivariance with respect 

to distance between wells. With a nugget of 0.25 (log µg/L)
2
 and a sill of 0.5 (log µg/L)

2
, spatial 

variability explains about half of the difference in arsenic. The range (distance between wells at 

which semivariance levels off at the sill) was estimated to be 4013 meters. This shows that 

within about 4 km, wells that are closer together tend to be more similar in arsenic, following the 

principle of distance decay. Wells more than 4 km away, on the other hand, do not usually help 

predictions.   

 

Predictions below 1µg/L  

Table 5 shows arsenic estimates below 1 µg/L, which comprised 3% of ordinary kriging (OK) 

estimates, 5% of universal kriging (UK) estimates, and 0.2% of generalized additive model 

(GAM) estimates. Like non-detects, these were assigned values of 1 µg/L in most analyses.  

A few negative predictions are a normal outcome of kriging (Deutsch 1996). 1% of OK 

and 2% of UK predictions were negative. OK and UK predictions were always highly correlated, 

and the negative values were no exception. Most negative OK predictions were also negative 

with UK, and the same well produced the lowest predictions for both (-534 µg/L for OK and -
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442 µg/L for UK). The median among OK negatives was -7 µg/L, while the median among UK 

negatives was -2 µg/L. Negative predictions occurred in all basins, but mostly around Fallon, 

where arsenic was most variable. However, actual arsenic concentrations in wells with negative 

estimates were similar to those in the study area overall, ranging from 1 to 1615 µg/L, with a 

median of 10 µg/L for OK and 4 µg/L for UK. 

 The GAM generated one negative estimate, -3.5 µg/L, for a well in the Walker Basin. 

With longitude and latitude as predictors of arsenic, it is probably no coincidence that this was 

the southernmost well in the study area. The GAM also produced negative estimates for other 

wells on the periphery of the study area, including one of the four wells in Tahoe and the well in 

Dixie Valley east of Fallon, before these basins were excluded.  

 

Correlations 

Local Medians 

Table 6 shows Spearman’s rank correlations between arsenic measurements and the medians of 

all measurements within various distances. 87% of the 3138 wells had at least one neighbor in 

the training datasets within 408 m, the best-correlated distance (ρ=0.84). At larger distances, 

correlations decreased steadily, reflecting the principal of distance decay (i.e., wells that are 

closer together tend to be more similar). Two wells (0.1% of the 3138) did not have a neighbor 

even within 10,000 m (ρ=0.70). Even up to 50,000 m (ρ=0.65), distance-based medians 

correlated much better with measurements than simply using 10 µg/L, the median for the entire 

study area (ρ=0.30).
xxvii

 The distance with the highest Pearson’s correlation was 121 m 

(R=0.571), which was available for 61% of wells, followed by 360 m (R=0.567), which was 

available for 85% of wells (Supplemental Table 1).
xxviii

 

 

All Models 

Table 7 shows Spearman’s correlations for all models. Medians were the best correlated with 

measurements (ρ=0.836), followed closely by inverse distance weighted averages (ρ=0.832), the 

ensemble model (ρ=0.830), and the random forest model (ρ=0.826). Leading the second half of 

the pack were the kriging models (ρ=0.801-0.802) and GAM (ρ=0.797), with nearest neighbors 

bringing up the rear (ρ=0.778). Unsurprisingly, the apparent advantage of medians decreased, 

and in fact nearly vanished, when other models were applied only to the 2730 wells with 

neighbors within 408 m. Correlations were lower when models were applied to all 3138 wells 

(e.g., ρ=0.819 for inverse distance weighted averages). Either way, the order of models in terms 

of correlations was identical, except that kriging performed slightly better than the GAM when 

applied only to wells with close neighbors. Supplemental Table 2 shows Pearson’s 

correlations.
xxix

  

Spearman’s correlations were maximized for inverse distance weighted averages with 15 

neighbors maximum and 0.9 inverse distance weighting power (IDP). This optimization was 

similar using only the 1749 wells around Fallon (14 neighbors maximum, IDP=1.0). In contrast, 
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Pearson’s correlations in the study area at large were maximized with only five neighbors 

maximum and an IDP of 0.32.
xxx

 

 

Scatterplots 

Figures 22 and 23 show arsenic measurements
xxxi

 plotted against predictions. The ensemble 

model had the highest coefficient of determination (R
2
=0.35) but its estimates were four times 

higher than measurements in the best line through the data. The next best correlated was the 

random forest model (R
2
=0.34), for which the ratio was much more equal (Arsenic = 

0.95*RFM). Ordinary and universal kriging had the slopes closest to one (Arsenic = 1.00*OK, 

Arsenic = 0.99*UK, R
2
=0.30 for both), consistent with them being the "best linear unbiased 

estimators" (Burrough and McDonnell 1998). Next in terms of linear fit came medians 

(R
2
=0.29), inverse distance weighting (R

2
=0.28), and nearest neighbors (R

2
=0.24), which tended 

to overestimate arsenic concentrations, and the GAM (R
2
=0.15), which tended to underestimate. 

Supplemental Figure 1 shows
 
predictions for the 2681 wells with neighbors within 360 m, the 

distance chosen for local medians in some analyses based on Pearson’s correlations.  

 

Summary Statistics 

Table 8 shows statistics for arsenic estimates compared to measurements. Median estimates were 

equal to or higher than the median measurement, ranging from 10 µg/L for nearest neighbors and 

local medians to 124 µg/L for the ensemble model. The highest ensemble estimate (8474 µg/L) 

was nearly double the highest measurement (4900 µg/L), which in turn was over ten times the 

maximum GAM estimate (448 µg/L). The average ensemble measurement (381 µg/L) was more 

than four times higher than the average measurement (94 µg/L), consistent with its linear 

equation (Figure 22). Estimates from other models were more similar to measurements, with 

means ranging from 74 to 96 µg/L. 

 

Categorization 

Table 9 shows how many wells were correctly assigned to the exposure categories used to 

calculate lung cancer relative risks (Chapter 3; Dauphine et al. 2013). Of the 2730 wells with 

neighbors within 408 m, 56% had low arsenic concentrations (≤10 µg/L), 24% medium (11-84 

µg/L), and 20% high (≥85 µg/L). The median of measurements within 408 m correctly classified 

74% of wells, followed by nearest neighbors (72%), inverse distance weighting (70%), the 

random forest model (68%), kriging (65%), the GAM (61%), and the ensemble model (41%).  

Given the abundance of low-arsenic wells, nearest neighbors and local medians also 

tended to be low. Therefore they tended to correctly classify low-arsenic wells and incorrectly 

classify high-arsenic wells. These simple models did well in terms of the total number of wells 

correctly classified, again because most wells truly did have low arsenic concentrations. 

Conversely, the GAM and ensemble models, using latitude and longitude to predict arsenic, 
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tended to classify all wells in the northeastern side of the study area as high. This led to good 

sensitivity (few false negatives, or high-arsenic wells misclassified as low) but poor specificity 

(many false positives, or low-arsenic wells misclassified as high). 

Because cancer risk estimates are typically driven by a small number of high-arsenic 

sources used by participants, the total number of wells correctly categorized is probably not as 

important as the average percentage correct across categories, with each category weighted 

equally despite different numbers of wells. Probably even more important is the categorization 

score, which in addition to counting correctly classified wells (with a full weight of "1" each) 

takes into account just how badly the other wells are misclassified, counting a well misclassified 

by just one category (e.g., high misclassified as medium) as half correct, as opposed to a well 

misclassified by two categories (e.g., high misclassified as low), which is assigned a zero.  

By both of these latter measures, inverse distance weighting (IDW) had a slight edge over 

models, averaging 71% correct assignment across the three categories. The random forest model 

(RFM) was next best, at 70%, followed by local medians (69%), kriging (67%), nearest 

neighbors (66%), the GAM (63%), and the ensemble model (48%). The order was the same for 

categorization scores. Unsurprisingly, categorization indices were nearly identical using only the 

2681 wells with neighbors within 360 m, the distance chosen for local medians based on 

Pearson’s correlations, and only slightly worse (e.g., IDW 69.2%, RFM 69.0%) when applied to 

all 3138 wells (Supplemental Tables 3 and 4). 

Table 10 shows model accuracy in terms of the percentage of estimates in the high 

arsenic category (≥85 µg/L) that were correct. The accuracy of high estimates tended to be 

inversely related to sensitivity, shown in the middle of Table 9 as the percentage of wells with 

≥85 µg/L that were correctly identified. The ensemble model had the highest sensitivity, 

correctly identifying 99% of high arsenic wells (Table 9), but only 37% accuracy (Table 10), 

with many low and medium wells misclassified as high. Medians within 408 m had the best 

accuracy, with 64% of high estimates being correct, followed by nearest neighbors, at 60%. 

When sensitivity was averaged with the accuracy of high estimates (Table 11), all models 

were similar, at 68%, except for local medians (63%) and nearest neighbors (60%), for which 

good accuracies were not enough to overcome poor sensitivities. When scores were calculated 

for this combined sensitivity-accuracy metric, counting misclassification to the medium category 

as half correct, there was a bit more spread between the models. The order of models was 

identical to average correct categorizations in Table 9, except, again, for local medians and 

nearest neighbors, which were the worst categorizers of high arsenic wells, but the 3
rd

 and 6
th

 

best in terms of overall categorization. IDW had the best combined sensitivity-accuracy score 

(80.6%), followed by the RFM (80.1%), kriging (79.6-79.7%), the GAM (79.0%), Ensemble 

model (77.9%), median within 408 m (77.1%), and nearest neighbors (73.1%). 

 

Overall Comparisons 

Table 12 shows how models ranked in terms of Spearman’s correlations, coefficients of 

determination, sensitivity and accuracy, sorted by the average percentage of wells correctly 



56 

 

categorized. The random forest model (RFM) might be considered the best model overall, since 

it categorized measurements almost as well as inverse distance weighting (70% versus 71% 

correct), had a higher R
2
 (0.34 versus 0.28), and a linear slope closer to 1 (0.95 versus 0.80), as 

shown in Figure 23. In terms of accuracy of high arsenic estimates and sensitivity, RFM was also 

just behind IDW.  

Unsurprisingly, Spearman’s rank correlations corresponded with correct categorization 

better than coefficients of determination. The ensemble model, for example, had the highest R
2
, 

but was by far the worst categorizer, averaging only 48% correct assignment to high, medium, 

and low categories. The ensemble model also had a high Spearman’s correlation (0.830), just 

slightly behind medians (0.836) and IDW (0.832). Otherwise however, the models with the best 

Spearman’s correlations were also the best categorizers. 

 

Fallon Area  

Predictions below 1 µg/L
xxxii

  

Out of eight arsenic estimates for each of 1749 wells around Fallon, only one was below 1 µg/L: 

The GAM predicted 0.2 µg/L for a well measured below the detection limit. As in the study area 

at large, this estimate was changed to 1 µg/L. The lowest kriging predictions were 2 µg/L.  

 

Spearman’s Correlations 

Table 13 shows Spearman’s correlations for local medians around Fallon.
xxxiii

 73% of wells had a 

neighbor within 133 m, the best correlated distance (ρ=0.62). Small peaks in correlation occurred 

at 245 m (ρ=0.60) (n=85%) and 425 m (ρ=0.59) (n=92%), beyond which there were diminishing 

returns in terms of sample size gained for correlation lost. 

Table 14 shows correlations for all models around Fallon. Unsurprisingly, as in the study 

area at large, all models performed better when applied only to the 1279 wells with neighbors 

within 133 m. Local medians still had the highest Spearman’s correlations (ρ=0.624) however, 

followed closely by the ensemble model (ρ=0.620). Compared to other models, kriging 

(ρ=0.610-0.614) performed better around Fallon than in the study area at large, with correlations 

similar to IDW (ρ=0.612). The RFM (ρ=0.604) and GAM (ρ=0.516) did not perform as well, 

while nearest neighbors improved relative to other models (ρ=0.570), after having the lowest 

correlation in the study area at large.  

 

Scatterplots 

Figures 24 and 25 show measurements plotted against estimates for the 1279 wells. Model 

comparisons followed the same pattern as in the overall study area. The RFM was again one of 

the best linear predictors (Arsenic = 0.96*RFM, R
2
=0.37). Only UK (R

2
=0.34) and the GAM 

(R
2
=0.18) had slopes closer to 1. Again, predictions from the ensemble model, nearest neighbors, 

medians and IDW tended to be higher than actual measurements. Ensemble estimates again had 

one of the most linear fits (R
2
=0.34), but were three times higher than measurements in the best 
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line through the data. Once again, the kriging models were better linear predictors than IDW 

(Arsenic = 0.80*IDW, R
2
=0.30), medians within 133 m (Arsenic = 0.67*Median, R

2
=0.26), and 

nearest neighbors (Arsenic = 0.80*Nearest, R
2
=0.21). Compared to the entire study area, 

coefficients of determination around Fallon were slightly higher for kriging, the GAM and RFM, 

and slightly lower for the ensemble model, IDW, medians and neighbors. 

 

Categorization
xxxiv

 

Table 15 shows categorization of wells around Fallon. Nearly a third of the wells had 

concentrations below 10 µg/L, while roughly another third had 11-84 µg/L. The median of 

measurements within 133 meters performed best, correctly categorizing 61% of the 1279 wells 

for which it was available. After local medians, the best categorizers were nearest neighbors 

(56%), IDW (53%), kriging (50%), and the RFM (49%), GAM (45%) and ensemble model 

(38%), which did only slightly better than a blind guess (33%). The median within 1000 m, 

available for nearly all 1749 wells, had a better categorization score than nearest neighbors 

(75.3% versus 73.5%), indicating that it did not misclassify wells as badly (i.e., to a non-adjacent 

arsenic category).  

 

Overall Comparisons 

Table 16 shows how models for the Fallon area ranked in terms of Spearman’s correlations, 

coefficients of determination, and average percentage of wells correctly categorized. As in the 

study area at large, all models performed better in analyses confined to the wells with close 

neighbors available for medians (e.g., 59% correct categorization for nearest neighbors), but the 

median within 133 m was still best in terms of both categorization and Spearman’s correlations 

(Table 14, Supplemental Table 7). Models with better Spearman’s correlations tended to be 

better categorizers, except for the ensemble model, again well correlated but the worst 

categorizer, and nearest neighbors, the second worst correlated (by both Spearman’s and 

Pearson’s coefficients) but the second best categorizer, averaging 59% correct. Coefficients of 

determination were inversely related to categorization performance, with the exception of the 

GAM, which was again one of the worst models by all measures. 

 

 

Discussion  

Inverse distance weighting (IDW) was the best model in terms classifying wells into the high, 

medium, and low arsenic categories used in the lung cancer study, averaging 71% correct 

assignment (Chapter 3; Dauphine et al. 2013). By extension, IDW should also be the best model 

for mapping arsenic concentrations with these and higher arsenic categories (e.g., with five color 

categories as in Figures 19-20). However, the random forest (RFM) and kriging models had 

higher coefficients of determination and slopes closer to one, suggesting that they would be 

better at estimating exact arsenic concentrations. The random forest model might be considered 

the best model overall, since it categorized measurements almost as well as inverse distance 

weighting (70% versus 71% correct), had a higher R
2
 (0.34 versus 0.28), and a linear slope closer 
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to 1 (0.95 versus 0.80), as shown in Figure 23. In terms of accuracy of high arsenic estimates and 

sensitivity, RFM was also just behind IDW. 

The random forest model was one of the best categorizers in the study area at large, but 

one of the worst in the higher arsenic area around Fallon. Conversely, nearest neighbors were 

one of the worst categorizers in the study area overall, but second best around Fallon, after local 

medians. The best distance for local medians was smaller around Fallon (133 m) than in the 

study area at large (408 m), possibly because there were more wells per area and arsenic 

concentrations were more variable. 

 

Limitations and Potential Improvements 

The median of measurements within 133 m was available for 73% of wells around Fallon.. 

Models could not be optimized or compared for the remaining 27% using the same K-fold 

validation because many of these wells’ nearest neighbors were among the other 73%. Future 

research analyses might improve estimates for these wells without close neighbors using separate 

validation datasets. For now, the best way to categorize these wells without close neighbors 

seems to be the median within the next best correlated distance, as shown in Table 13 (e.g., 245, 

250, 408 m). Beyond about 425 m, the next best correlated distance available may simply be the 

smallest one, such that the median would be the same as the nearest neighbor. Medians within 

1000 m, available for nearly all 1749 wells around Fallon, performed slightly better than nearest 

neighbors.
xxxv

  

Models could be  compared and optimized (e.g., in terms of best distance for medians, or 

maximum number of neighbors for IDW) in other basins separately, just as was done with the 

Fallon area. The Walker Basin and Truckee Canal, with only about 200 measured wells each, 

may not have enough data for a good analysis but it would not hurt to see what the results were 

anyway. One could also see if categorization rates improve with different basin combinations 

and model optimizations (e.g., the upper Carson with and without the Walker Basin and Truckee 

Tributary, or the Lower Carson Basin alone, excluding the Truckee Canal). Given that IDW 

correctly categorized 71% of wells in the study area overall but only 54% around Fallon, it must 

have correctly categorized >80% of wells in the upper Carson basin, where most other wells 

were located. With over a thousand measured wells, one could customize models for the upper 

Carson Basin alone, possibly improving categorization rates even more. With only three high 

arsenic wells in this area however, this is unlikely to substantially improve cancer effect 

estimates, even if it helps distinguish between low and medium arsenic wells.  

Models were optimized and selected based on Spearman’s correlations rather than the 

percentage of wells correctly categorized as high, medium, and low. The best categorizers 

usually had the highest Spearman’s correlations as well (Table 12), but this is obviously an 

indirect and imperfect way of optimizing models for estimating cancer odds ratios. The code 

could be developed or found in R or other statistical software to calculate the percentage of wells 

correctly assigned to desired categories with the same methods of cross-validation, selecting 

which variables are included in models and optimizing parameters by finding the best 

categorizer, either through trial and error as before, or using the “optimx” package (Nash et al. 

2014). For that matter, the “optimx” package could ensure that the parameters optimized in this 

project by trial and error truly maximized Spearman’s correlations.  
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Environmental Determinants and Correlated Variables 

Funding constraints limited how much data could be gathered on potential determinants of 

arsenic and correlated variables, as well as collaboration with hydrologists, geologists, chemists 

and statisticians. The bright side of these limitations is that the models used in western Nevada 

should be easy for health researchers to replicate in other areas without extensive budgets, 

expertise, or environmental measurements.  

Depth-based models could improve estimates for the few unmeasured wells used by 

health study participants for which depths are known. Preliminary results suggest that depth-

based models around Fallon could at least improve Pearson’s correlations for local medians.
xxxvi

 

Other variables such as groundwater chloride, oxygen, and iron, sediment type and size, while 

likewise rarely available for participant wells, might be estimated or interpolated to improve 

models such as the random forest, kriging, or generalized additive model. With the abundance of 

arsenic measurements in western Nevada, however, incorporating other variables into models 

may not dramatically improve predictions (Burrough and McDonnell 1998). For groundwater 

chloride for example, only a few hundred measurements were found in the area through the U.S. 

Geological Survey’s online database (USGS 2015). However, one could reach out to local 

government and research agencies to obtain more data on correlated variables and determinants 

of arsenic. Irrigation maps or metrics could likewise be linked with participant wells. Visual 

inspection of sediment maps did not suggest an obvious relationship with arsenic, but patterns 

might be revealed if other variables are also taken into account.  

The premise for this project was the belief that estimates for unmeasured wells in western 

Nevada might be improved. This idea was inspired by the many recent publications on arsenic 

and kriging described in the introduction (Table 1 in Chapter 1). In our analyses, ordinary and 

universal kriging were performed with the automap package in R (Hiemstra et al. 2009) because 

this was easy to do with limited modeling experience. A better kriging model is likely possible 

using the residuals of a better deterministic model and manual manipulation of kriging 

parameters based on the variogram. It would be useful to know if the extra steps taken by 

Goovaerts et al. (2005) in Michigan (e.g., normal score transforms, cell declustering, and more 

described in Chapter 1) actually improve kriging predictions there and elsewhere. Even with 

these efforts, nearest neighbors predicted arsenic there as well as kriging (Meliker et al. 2008). 

This is consistent with our findings and those of Yang et al. (2009) in Maine, where local 

medians were also better at categorizing wells. In linear relationships between our measurements 

and estimates, kriging had the slope closest to one of any model, but the random forest model 

had a higher coefficient of determination (R
2 

= 0.34 versus 0.30 for kriging). Another obvious 

next step would be to build on the random forest model developed by the U.S. Geological Survey 

(Anning et al. 2012; Chapter 1) and optimize it for western Nevada using cross-validation.
xxxvii

  

 

Temporal Variability and Sampling 

Although temporal variability in western Nevada is usually small compared to spatial variability 

(Seiler 2004; Steinmaus et al. 2005; Thundiyil et al. 2007), models could nonetheless be 

improved by incorporating whatever seasonal and annual changes do exist. This might simply 

widen confidence intervals around predictions, but temporal variability could also be linked to 

participants’ lifetime residential histories, for example using the space time information system 
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developed for cancer studies in Michigan, which has been used to investigate the latency period 

of arsenic-induced cancer (i.e., the exposure window that maximizes odds ratios) (Avruskin et al. 

2004). A movie of the study area map showing decades of arsenic measurements could help to 

show the effects of irrigation or other development, which areas are most prone to temporal 

changes, and which areas, if any, are increasing or decreasing in arsenic. 

Our database included only measurements up to 2001, which were used to assess 

exposures for cancer cases and controls enrolled from 2002 to 2005. More recent measurements 

may include previously unmeasured wells, which could be used to test and improve models.
xxxviii

 

Using only the older measurements, however, the sampling density is already higher than in most 

other areas with high arsenic. With 3138 wells over about 3,000 square miles (7,800 km
2
), there 

was a well for every square mile (2.5 km
2
) on average. Because wells are clustered in flatlands 

along the major rivers, practical sampling densities for estimating arsenic in test wells were 

usually much higher. Around Fallon, for example, there were 1572 measured wells over about 

280 square miles (730 km
2
), making a sampling density of <0.5 km

2
 per well, compared to 1.4 

km
2
 in Maine, 2.8 km

2 
in Michigan, and 30-40 km

2
 in Bangladesh (Table 1 in Chapter 1). In this 

regard, models based on the older database, with fewer wells, might be more representative of 

what would be expected in other areas.
xxxix

  

A relatively high sampling density obviously helps characterize arsenic in western 

Nevada, but it is difficult to say how large a bias our convenience sampling might have created 

without knowing the proportion of wells in the area were not in our database. Besides contacting 

local officials and researchers to gather this information, an estimate could be made based on the 

proportion of cancer study participant wells used from 1972-2001 that were in the database. 

 

Comparison with Previous Estimates in the Study Area 

Models developed for this project were better correlated with measurements (Spearman’s 

correlation coefficient (ρ) ≤0.84) than the medians used for the California Nevada lung cancer 

study (ρ~0.75) (Chapter 3; Dauphine et al. 2013). In that analysis, medians were also slightly 

better than nearest neighbors (ρ=0.69±0.10). The superiority of medians over nearest neighbors 

may seem intuitive, but it was not actually the case in Michigan (Meliker et al. 2008).  

 

 In the lung cancer study:  

“If a well could not be measured, the median of all wells within the same square-mile 

section (defined by the U.S. Public Land Survey) was used. If <2 wells existed in the 

section, the median of all wells within 3,000 m was used, except around Fallon, where 

arsenic concentrations were more variable. Here, the median of all wells of similar depth 

(either above or below 14 m) within 2,000 m was used. Other estimates for unmeasured 

wells were evaluated (e.g., the single nearest measured well, the mean or median of all 

wells within 500 to 5,000 m) but these did not improve predictions in analyses involving 

randomly selected wells with known arsenic concentrations.” 

 

Section medians were used in both the lung and bladder cancer studies (Steinmaus et al. 

2003) because they could be obtained easily without spatial or statistical software, simply by 

sorting the spreadsheet with sections given for each well. An obvious disadvantage of this 
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approach is that many wells are close to the edges of their sections, such that their closest 

neighbors may be in different ones. Because each side of the section is one mile long (1600 

meters), the maximum distance between two wells in the same section is nearly the length of the 

hypotenuse: 2263 meters.
xl

 If the unmeasured well is in the center of the section rather than near 

the edge, the other wells included in the median could be up to half of these distances, or 800-

1131.5 m away. Either way, the distances are considerably larger than the best ones identified in 

this project (408 m in whole study area, 133 m around Fallon). 

The best correlated distances for medians were also much smaller than those previously 

used when <2 wells were in the same section.
xli

 Comparisons are complicated by the fact that the 

previous 3000 meter radius was used in the study area excluding Fallon, whereas the new 408 

median was optimized for the entire study area. Given that the best distance around Fallon was 

133 m, the best distance excluding Fallon is likely greater than 408 m.  

The old 2000 meter median for Fallon included depth criteria. As often noted, however, 

depth was rarely available for unmeasured wells. In practice, the median of all wells within 2000 

m, regardless of depth, was usually used for participants. Nonetheless, depth was known for 60% 

of the wells used to determine the best-correlated median. Given that depth criteria improved 

correlations (preliminary results not shown), their inclusion would tend to increase the best 

correlated distance, as larger distances would include more wells of similar depth (e.g., more or 

less than 14 m deep) to the one being predicted. This might help explain why 2000 m was 

selected before, compared to 133 m in the current project. 

Both the previous and current analyses used Spearman’s correlations to select distances 

for medians, but previous medians were compared to 20 sets of 50 randomly selected 

measurements, whereas current analyses used K-fold validation. In the present study, the 22% of 

wells with arsenic concentrations listed as zeroes were changed to ones. By slightly decreasing 

the difference between non-detects and higher concentrations, this would have improved 

Pearson’s correlations, but Spearman’s rank correlations would not be changed.   

Several other factors may have contributed to the different findings, starting with the 

extra efforts to clean and geocode the arsenic data for the current project, as described in the 

methods. Although the previous analysis started with the same database and also focused on 

residential wells, these were previously defined as any well with an entry in the address column. 

Closer examination revealed approximately 100 non-residential wells with addresses and a few 

residential wells with blank address fields, the locations of which had been entered in other 

columns. Previously, measurements rather than wells were selected from the database that 

included multiple measurements per well. The current project used a single average 

measurement for each well. Previously, geographical coordinates for some measurements were 

based on section centers, such that many wells had the same coordinates as their nearest 

neighbors. If measurements with identical coordinates as the randomly selected well were 

excluded from medians, as they should have been, the best apparent distance for medians could 

have increased, as larger distances would be needed to include the randomly selected well’s 

nearest neighbors outside of its own section. This might explain why larger distances were 

selected for medians in the previous analysis. Conversely, if these neighbors were not excluded, 

their having identical coordinates as the unmeasured well could have decreased the best 

correlated distance. The effect of assigning wells to section centers is difficult to predict 

however, because again, wells near the section edges might be placed farther away from their 

nearest neighbors. 
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Improving Exposure Assessment 

An obvious application for these models is to improve exposure assessment and reevaluate 

health effect estimates for the lung and bladder cancer studies in western Nevada (Dauphine et 

al. 2013, Steinmaus et al. 2003). What matters especially are participants with unmeasured wells 

who are not already known to have had high arsenic from another source. Both detection of high 

arsenic wells and the accuracy of high arsenic estimates are critical, because health effect 

estimates are typically driven by a small number of people with high arsenic. In the lung cancer 

study for example, only 30 participants were in the high-arsenic category, and 42 in the medium, 

compared to 483 in the low category with 40 year lags (Chapter 3, Dauphine et al. 2013). If just 

10% of participants classified as low had unmeasured wells with high arsenic, the true odds ratio 

would be 1.81, using the methods of Rothman and Greenland (1998), rather than 1.39 as 

reported.
xlii

                 

Considering the imperfect categorization of wells by all models, one might think it best to 

simply label unmeasured wells as “unknowns,” to avoid introducing errors or bias into estimates 

of health risk. The problem with this approach is that failing to estimate arsenic concentrations 

for unmeasured wells can actually introduce more bias than estimating them. As previously 

noted, unknowns concentrations typically become equivalent to zeroes as health effect estimates 

are based on the highest known concentration for each participant. Considering the actual 

proportions of low arsenic wells (≤10 µg/L), this approach would correctly classify only 55% of 

wells in the entire study area (Table 9) and 30% around Fallon (Table 15). The best models 

developed for this project offer a substantial improvement, with 74% of wells correctly 

categorized in the entire study area and 56-61% around Fallon. Whether estimates are used or 

not, unmeasured wells should be similarly misclassified for cancer cases and controls, decreasing 

health effect estimates. While the direction of the bias would remain the same, the magnitude 

should decrease if estimates are used.
xliii

 

Improving exposure assessment around Fallon, which had one of the highest arsenic 

concentrations of any public water supply in the U.S. (Frost et al. 2003), could improve our 

understanding of many other arsenic-related diseases (e.g., diabetes, heart disease, cognitive 

deficits in children), which, like cancer, take decades to manifest and pose similar exposure 

assessment problems (Gibb et al. 2011).  

 

Other Applications 

As shown in Table 9, the ensemble model had excellent sensitivity (few false negatives, with 

only 1% of high arsenic wells misclassified) but poor specificity (many false positives, with 68% 

of low arsenic wells misclassified). Using coordinates as predictors of arsenic, the ensemble 

model predicted high arsenic nearly everywhere in the northeastern part of the study area, where 

public health officials and most of the general public are already aware of the risk of high 

arsenic. It probably does not help with the crux of the problem, which is the resolution or 

explanation of variability within this area. To a lesser extent however, all models except medians 

and nearest neighbors categorized high arsenic wells better than low arsenic wells. With the 

highest sensitivity and accuracy with respect to high arsenic wells, inverse distance weighted 
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averages are the best model developed thus far for estimating cancer odds ratios. Models with 

higher sensitivities than IDW, less accurate but erring on the side of caution, might be better for 

protecting public health, by identifying potentially high arsenic wells that should be tested. 

Although my primary objective was to predict arsenic in unmeasured wells, the maps of 

known concentrations alone could help residents, clinicians, public health officials, and utility 

operators identify potentially high arsenic areas where testing efforts should be focused, and low 

arsenic areas where new wells might be drilled. While most western Nevada residents may be 

aware of the potential for high arsenic, these maps show hot spots as well as pockets of low 

arsenic, even around Fallon. To my knowledge, arsenic has never been mapped in the study area 

at such a high resolution (e.g., Anning et al. 2012).
xliv

 Similar color-coded “heat maps” could be 

generated for different aquifer layers or depth ranges (e.g., shallow versus intermediate and deep 

aquifers around Fallon). Combined with data on the use of private wells from the U.S. census, 

the maps and modeled developed for this project could also be used to estimate the number of 

people exposed to arsenic (e.g., at concentrations >10 µg/L) in western Nevada.  

High arsenic concentrations are predicted around other expanding cities in the 

southwestern U.S. including Sacramento, Bakersfield, Las Vegas, Phoenix, Albuquerque and 

Salt Lake City (Anning et al. 2012). Future research could shed light on the generalizability of 

findings in western Nevada by determining the best distances for medians and the best models 

overall for these and other areas. It could be useful to know if IDW and medians are also the best 

models in other areas with high arsenic (e.g., California’s central valley, the southwestern U.S,, 

Bangladesh) and with other water contaminants (e.g., nitrate, perchlorate).  

 

Conclusions 

Inverse distance weighted (IDW) averaging was the best categorizer of arsenic, averaging 71% 

correct assignment to the high, medium and low categories used in the lung cancer study 

(Chapter 3; Dauphine et al. 2013). The next best categorizers were the random forest model 

(70% correct) and the median of measurements within 408 m (69%). These models categorized 

wells better than kriging (67%), consistent with findings in other areas (Meliker et al. 2008; 

Yang et al. 2009). Nearest neighbors averaged 66% correct assignment.  

For exact arsenic concentrations, the best models were the random forest model (Arsenic 

= 0.95*RFM, R
2
 = 0.34) and kriging (Arsenic = 1.00*OK, R

2
 = 0.30). The random forest model 

(RFM) might be considered the best model overall, since it categorized measurements almost as 

well as IDW (70% versus 71% correct), had a higher R
2
 (0.34 versus 0.28), and a linear slope 

closer to 1 (0.95 versus 0.80), as shown in Figure 23. In terms of detecting high arsenic wells and 

the accuracy of high arsenic estimates, RFM was also just behind IDW.
 xlv

  

The RFM, kriging, and other models could be improved, for example by incorporating 

more data on local environmental variables such as sediment size, irrigation, and other 

groundwater constituents (Anning et al. 2012; Seiler 2012; Welch and Lico 1998). Well depth, 

although rarely known for unmeasured wells used by health study participants, could improve 

estimates for local medians and other models. 
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Given that wells with unknown arsenic concentrations are typically treated as zeroes 

when estimating health effects, and the fact that only 30% of the wells around Fallon had low 

arsenic, the best models developed for this project nearly double the number of unmeasured 

wells correctly categorized, averaging 60% correct assignment to high, medium, and low 

categories. Regardless of whether arsenic concentrations in unmeasured wells are estimated or 

excluded, misclassification should be similar in cancer cases and controls, decreasing health 

effect estimates. Given that the direction of the bias is the same whether unmeasured wells are 

estimated or excluded,
xlvi

 the smaller bias using estimates is preferable. Using models such as 

inverse distance weighted averages could improve assessments of arsenic’s health effects in 

western Nevada and beyond.  
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Figures  

 

 

Figure 1. Study Area. 
Six counties in western Nevada, clockwise: Douglas, Carson City, Storey, Lyon, Churchill, Mineral. 
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Figure 2. USGS measurements and random forest estimates for western Nevada 

(Anning et al. 2012). 
Pyramid Lake at top, Walker Laker bottom right at the terminus of Walker River, Carson River along 

band of color southeast of Reno, terminating in red and brown areas near the city of Fallon.  

Fallon 
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Figure 3. Zooming in further. 
Pyramid Lake at top, Walker Laker bottom right at the terminus of Walker River, Carson River along band of 

color southeast of Reno, terminating in red and brown areas at upper right, near the city of Fallon (Anning et al. 

2012).  

Fallon 
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Figure 4. Main sources of groundwater recharge in the study area. 
Truckee Canal, Carson and Walker Rivers (Carson Basin in green) http://en.wikipedia.org/wiki/Carson_River 

  

http://en.wikipedia.org/wiki/Carson_River
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Figure 5. Carson Water Subconservancy District’s map.  
http://www.cwsd.org/  

 

http://www.cwsd.org/
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Figure 6. Carson River Coallition’s drawing of the Carson River watershed. 
Interactive version of this map available at http://www.cwsd.org/watershed/ 

http://www.cwsd.org/watershed/
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Figure 7. Aquifer Profile (Welch and Lico 1998). 

 

 

 

 

 

 

 



72 

 

 

Figure 8. Groundwater flow near end of Carson River (Welch and Lico 1998).  
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Figure 9. Arsenic in upward and lateral flow areas (Welch and Lico 1998). 
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Figure 10. Arsenic histogram with automatically-generated 88 µg/L intervals. 
ND non-detect

 

Figure 11. Arsenic histogram with smaller intervals between low concentrations. 
ND non-detect 
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Figure 12. Log10 arsenic frequency distribution. 
ND non-detect 

 

Figure 13. Depth and arsenic in 3143 residential wells. 
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Figure 14. Physical map of western Nevada and arsenic in 3143 drinking water wells. 
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Figure 15. Satellite image. 
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Figure 16. Map of arsenic in1572 drinking water wells in the Lower Carson Basin. 
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Figure 17. Arsenic (µg/l) in 45 wells used by lung cancer study participants. 

 

 

Figure 18. Arsenic (µg/l) in wells used by lung cancer study participants, excluding two outliers 

(n=43). 
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Figure 19. Inverse Distance Weighted Average Arsenic in study area using 3143 

wells, 15 neighbors maximum and an inverse distance weighting power of 1. 
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Figure 20. Inverse Distance Weighted Average Arsenic around Fallon, Nevada using 1749 wells, 14 

neighbors maximum and an inverse distance weighting power of 1. 
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Figure 21. Universal kriging log 10 arsenic predictions and variogram.  
Created with automap package in R using 3138 residential drinking water wells in the Carson, Truckee, and Walker watersheds. 

Variogram shows semivariance, a measure of the change in arsenic, as a function of distance between wells.  
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Figure 22. Scatterplot for all models.  
Nearest single closest neighbor, Med408 median within 408 m, IDW inverse distance weighted average, OK ordinary kriging, UK 

universal kriging, GAM generalized additive model, RFM random forest model, ENS ensemble model. Residential drinking water  

in western Nevada, 1972-2001. 

Based on 2730 wells with neighbors within 408 m, the distance chosen for medians based on Spearman’s correlations. 
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Figure 23. Individual scatterplots for each model. 
 

Based on 2730 wells with neighbors within 408 m, the distance chosen for medians based on Spearman’s rank correlations. 
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Figure 23 (continued). Individual scatterplots for each model.  

Based on 2730 wells with neighbors within 408 m, the distance chosen for medians based on Spearman’s correlation. 
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Figure 24. Scatterplot for all models around Fallon.  
Nearest single closest neighbor, Med133 median within 133 m, IDW inverse distance weighted average, OK ordinary kriging, UK 
universal kriging, GAM generalized additive model, RFM random forest model, ENS ensemble model. Residential drinking water  
in western Nevada, 1972-2001. 
Based on 1279 wells with neighbors within 133 m, the distance chosen for medians based on Spearman’s correlations. 
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Figure 25. Individual scatterplots for each model around Fallon. 

Based on 1279 wells with neighbors within 133 m, the distance chosen for medians based on Spearman’s 

rank correlations.  
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Figure 25 (continued). Individual scatterplots for each model around Fallon.  
Based on 1279 wells with neighbors within 133m, the distance chosen for medians based on Spearman’s correlation. 
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Supplemental Figures 

 
Supplemental Figure 1.  Predicted arsenic (µg/L) for 2681 wells with a neighbor within 360 m, the 

distance chosen for local median based on Pearson’s correlation.  
Nearest single closest neighbor, Med360 median within 360 meters, IDW inverse distance weighted average, OK ordinary 

kriging, UK universal kriging, GAM generalized additive model, RFM random forest model, ENS ensemble model. 
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Tables 

 

Table 1. Arsenic measurements used in analyses.
a
 

All measurements
b
 7249  

Measurements from wells 6425 89% 
Residential drinking water 4358 68% 
One average measurement per well 3143  
Walker, Carson, Truckee watersheds

c
  3138  

Below detection limit (<2-5 µg/L) 689 22% 
With depth data 1869 60% 

a 
Percentages are out of number immediately above except for 

bottom two rows, which are both out of 3138. Measured in 
western Nevada, 1972-2001, compiled by Nevada Exploration, Inc. 
b 

Includes surface water, springs, mine pits, shafts, adits and 
unknown types. 
c 
Excludes one well in Dixie Valley east of Fallon and four wells in 

the Tahoe Basin. 

 
 
 

Table 2. Depth and arsenic  

Depth 
 

Arsenic (µg/L) 
 

Wells 

(feet)   med max min mean SD   n % 

3-15 
 

50 270 3 70 78 
 

22 1% 

16-50 
 

30 3740 1 150 378 
 

780 42% 

51-100 
 

25 3260 1 164 380 
 

288 15% 

101-150 
 

9 3160 1 71 198 
 

397 21% 

151-200 
 

4 860 1 39 109 
 

215 11% 

201-400 
 

3 440 1 14 44 
 

155 8% 

401-1017  1 70 1 8 18   15 1% 

Total   10 3740 1 109 307   1872 100% 
med median, min minimum, max maximum, SD standard deviation, n number 
of wells, % percent of all wells with depth data (1872 of 3143 in original study 
area with six counties).  

 
 

Table 3. Arsenic (µg/L) in 45 wells used by lung cancer study 

participants and their nearest measured neighboring wells. 

 Participant 
Well 

Nearest 
Neighbor 

 
Difference 

Distance 
(m) 

Median 5 10 5 311 
Mean 51 38 59 378 
Standard Deviation 219 90 226 479 

Maximum 1460 530 1450 3044 
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Table 4. Arsenic, depth, and elevation in each basin. 

  
Wells 

 
Arsenic (µg/L)a  

 
Depth (feet) 

 
Elevation (feet) 

Basin 
 

n % 
 

med max mean SD 
 

med max min mean SD n % 
 

med max min mean SD 

Tahoe 
 

4 0.13% 
 

1 3 2 1 
 

310 479 141 310 239 2 50% 
 

6483 6614 6430 6503 80 

Walker 
 

203 6.46% 
 

9 230 20 35 
 

149 449 49 165 83 98 48% 
 

4452 6076 3990 4628 321 

Upper Carson 
 

1050 33.41% 
 

2 120 6 10 
 

141 479 7 163 72 424 40% 
 

4744 6102 4186 4739 307 

Truckee Tributary 
 

136 4.33% 
 

1 10 2 2 
 

200 899 92 236 131 89 65% 
 

6065 6814 4865 6113 301 

Truckee Canal 
 

177 5.63% 
 

110 1220 163 168 
 

112 551 30 129 77 89 50% 
 

4170 4318 4124 4172 28 

Lower Carson 
 

1572 50.02% 
 

30 4900 157 390 
 

36 1017 7 55 53 1169 74% 
 

3986 4154 3901 3986 30 

Dixie Valley 
 

1 0.03% 
 

10 - - - 
 

299 - - - - - - 
 

3474 - - - - 

Total   3143 100.00%   10 4900 91 289   79 1017 7 98 88 1872 60%   4124 6814 3474 4384 553 

n number of wells, % percent of all wells, med median, min minimum, max maximum, SD standard deviation.  
a Minimum arsenic level was below detection limit in all basins except Dixie Valley. Non-detects (692 wells, 22% of the 3143) were 
assigned values of 1 µg/L.  
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Table 5. Arsenic estimates below 1 µg/L by ordinary kriging, universal 

kriging, and the generalized additive model. 

Negative OK UK GAM Asok Asuk AsGAM 

Number 27 73 1 
   

Percentage
a
 0.9% 2.3% 0.03% 

   
Basins

b
 f(c,tc) f(c,tc,t,w) w 

   
Median -7.0 -1.8 -3.5 10 4 1 

Minimum -533.8 -441.6 -3.5 1 1 1 

Maximum -0.66 -0.02 -3.5 1615 1615 1 

Mean -33.1 -11.2 -3.5 134 46 1 

SD 102.0 52.0 0.0 336 206 0 

       
0-1 µg/L OK UK GAM Asok Asuk AsGAM 

Number 68 83 6 
   

Percentage
a
 2.2% 2.6% 0.2% 

   
Basins

b
 c,t(f) c(t,f,w) c,t 

   
Median 0.7 0.7 0.9 1 1 2 

Minimum 0.004 0.019 0.161 1 1 1 

Maximum 0.999 0.997 0.994 60 17 4 

Mean 0.6 0.6 0.8 2 2 2 

SD 0.3 0.3 0.3 7 2 1 

       
Total OK UK GAM Asok Asuk AsGAM 

Number 95 156 7 
   

Percentage
a
 3.0% 5.0% 0.2% 

   
Median 0.4 0.1 0.9 1 1 1 

Minimum -533.8 -441.6 -3.5 1 1 1 

Maximum 0.999 0.997 0.994 1615 1615 4 

Mean -9.0 -4.9 0.1 40 23 2 

SD 55.8 35.9 1.6 187 142 1 

As arsenic, OK ordinary kriging, UK universal kriging, GAM generalized additive model, SD 

standard deviation. 
a Out of 3138 residential drinking water wells in western Nevada measured 1972-2001.  
b c Upper Carson, f Fallon/Lower Carson, tc Truckee Canal, t Truckee Tributary, w Walker. 

Basins are listed in order of how many measurements they had below 1 µg/L (parentheses 

indicate less common occurrences).  
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Table 6. Average Spearman’s rank correlations (ρ) between 
medians and measurements. 

Distance (m) ρ (min—max) n % 
10 0.632  (0.541—0.724) 383 12.2% 
25 0.721  (0.680—0.791) 675 21.5% 
50 0.774  (0.731—0.806) 1111 35.4% 

121
a
 0.809  (0.782—0.839) 1928 61.4% 

250 0.831  (0.822—0.843) 2488 79.3% 
360

b
 0.833  (0.810—0.855) 2681 85.4% 

408 0.835  (0.813—0.856) 2730 87.0% 
500 0.828  (0.801—0.852) 2819 89.8% 
750 0.823  (0.812—0.847) 2937 93.6% 

1000 0.820  (0.802—0.837) 3020 96.2% 
2000 0.796  (0.775—0.816) 3106 99.0% 
3000 0.796  (0.786—0.820) 3129 99.7% 

5000 0.771  (0.753—0.790) 3134 99.9% 
10,000 0.703  (0.671—0.723) 3136 99.9% 

20,000 0.712  (0.683—0.725) 3137 100.0% 

50,000 0.652  (0.608—0.675) 3138 100.0% 

100,000 0.296  (0.229—0.334) 3138 100.0% 

min—max minimum and maximum correlation for five training-test dataset 
pairs in k-fold validation. “n” and “%” are the number and percentage of wells 
with a neighbor within the specified distance, out of 3138 residential drinking 
water wells in study area counties within the Walker, Carson, and Truckee 
watersheds.  
a 

Best Pearson correlation. 
b 

Best Pearson correlation available for >80% of wells. 
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Table 7. Spearman’s correlations between estimates from all 
models and measurements. 

 
Model 

Mean (min—max) 
(n=3138) 

Overall 
(n=2730)a 

Nearest Neighbor 0.754  (0.743—0.763) 0.778 
Median within 408 m 0.835  (0.813—0.856) 0.836 
Inverse Distance Weighting

b
 0.819  (0.797—0.830) 0.832 

Ordinary Kriging 0.778  (0.759—0.812) 0.801 
Universal Kriging 0.784  (0.763—0.816) 0.802 
Generalized Additive Model 0.784  (0.763—0.797) 0.797 
Random Forest Model 0.810  (0.796—0.829) 0.826 
Ensemble Model 0.817  (0.797—0.835) 0.830 
min—max minimum and maximum correlation for five training-test dataset pairs.  
a 

Medians were available for 2730 wells with neighbors within 408 m, 87% of the 
3138. Kriging and generalized additive model estimates below 1 µg/L were 
changed to 1 µg/L in analyses using only these 2730 wells.  
b 

Best correlation was with 15 neighbors maximum and 0.9 inverse distance 
weighting power. 

 
 
 
 
Table 8. Statistics for models and arsenic measurements (µg/L).a 

 Median Maximum Mean Standard 
Deviation 

Measurement 10 4900 94 291 

Nearest Neighbor 10 3740 96 298 

Median within 408 m
 
 10 3740 74 227 

Inverse Distance Weighted Average 21 3664 92 207 

Ordinary Kriging 31 1326 95 160 

Universal Kriging 31 1326 95 161 

Generalized Additive Model 40 448 86 95 

Random Forest Model 25 2153 92 181 

Ensemble Model 124 8474 381 686 
a 
Based on 2730 wells with neighbors within 408 m, the best-correlated distance for local medians. 

Minimum estimate was set to 1 µg/L for kriging and generalized additive models. Minimum estimate 
was 1 µg/L for all other models except the ensemble model, for which it was 3 µg/L.  
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Table 9. Correct categorization of wells with neighbors within 

408 m, the best-correlated distance for local medians. 

Arsenic (µg/L) ≤10 11-84 ≥85 Total 

 Number  

Measured 1516 657 557 2730 100% 

Nearest 1288 348 333 1969 72% 

Med408 1257 407 343 2007 74% 

IDW 1054 405 446 1905 70% 

OK 943 353 470 1766 65% 

UK 965 352 470 1787 65% 

GAM 898 248 507 1653 61% 

RFM 987 430 441 1858 68% 

ENS 483 81 551 1115 41% 

Percentage    Average Rank 

Nearest 85% 53% 60% 66% 6 

Med408 83% 63% 62% 69% 3 

IDW 70% 63% 80% 71% 1 

OK 62% 54% 84% 67% 5 

UK 64% 54% 84% 67% 4 

GAM 59% 38% 91% 63% 7 

RFM 65% 66% 79% 70% 2 

ENS 32% 13% 99% 48% 8 

Score
a 

Average Rank 

Nearest 90% 76% 73% 79.8% 6 

Med408 89% 81% 78% 82.9% 3 

IDW 81% 81% 90% 83.9% 1 

OK 76% 77% 92% 81.6% 5 

UK 77% 77% 92% 81.7% 4 

GAM 72% 69% 95% 78.8% 7 

RFM 79% 83% 89% 83.6% 2 

ENS 54% 56% 99% 69.9% 8 
Nearest single closest neighbor, Med408 median within 408 meters, IDW 

inverse distance weighted average, OK ordinary kriging, UK universal kriging, 

GAM generalized additive model, RFM random forest model, ENS ensemble 

model. 
a Percentage of wells correctly assigned to high, medium and low arsenic 

categories used in lung cancer study (Dauphine et al. 2013), with 

misclassification to adjacent category counted as half. 
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Table 10. Accuracy for estimates ≥85 µg/L. 

 
Arsenic (µg/L)   

 
 

 
≤10 11-84 ≥85 Total Accuracya Scoreb Rank 

Nearest Neighbor 73 151 333 557 59.8% 73.3% 2 

Median within 408 m 61 136 343 540 63.5% 76.1% 1 

Inverse Distance Weighting 110 228 446 784 56.9% 71.4% 3 

Universal Kriging 152 275 470 897 52.4% 67.7% 5 

Ordinary Kriging 154 276 470 900 52.2% 67.6% 6 

Generalized Additive Model 224 379 507 1110 45.7% 62.7% 7 

Random Forest Model 119 214 441 774 57.0% 70.8% 4 

Ensemble Model 361 575 551 1487 37.1% 56.4% 8 
a Percentage of estimates correctly assigned to high arsenic category, out of 2730 wells with neighbors within 408 m. 
b Percentage correct, with misclassification to the medium arsenic category (11-84 µg/L) counted as half. 

 
 
 
 
 
 
Table 11. Combined sensitivity and accuracy: Percentage of high arsenic 

wells that were correctly categorized, averaged with the percentage of high 

estimates that were correct. 

 
Averagea Rank  Scoreb Rank 

Nearest Neighbor 59.8% 8  73.1% 8 

Median within 408 m 62.5% 7  77.1% 7 

Inverse Distance Weighting 68.5% 1  80.6% 1 

Universal Kriging 68.4% 2  79.7% 3 

Ordinary Kriging 68.3% 4  79.6% 4 

Generalized Additive Model 68.3% 3  79.0% 5 

Random Forest Model 68.1% 5  80.1% 2 

Ensemble Model 68.0% 6  77.9% 6 
a [(Sensitivity + Accuracy of high estimates) / 2]. Percentage of wells that were correctly 

categorized as ≥85 µg/L, averaged with the percentage of estimates correctly assigned to the 

high arsenic category, out of 2730 wells with neighbors within 408 meters. 
b Percentages correct, with misclassification to the medium arsenic category (11-84 µg/L) 

counted as half. 

  



97 

 

Table 12. Overall comparisons: Spearman's rank correlations (ρ), coefficients of determination (R2), 
sensitivity and accuracy for high arsenic wells, sorted by the percentage of wells correctly 
categorized.  

Model ρ Rank   R2 Rank   Correcta Rank High Asb Rank 

Inverse Distance Weighting 0.832 2 
 

0.28 6 
 

71% 1 80.6% 1 

Random Forest Model 0.826 4 
 

0.34 2 
 

70% 2 80.1% 2 

Median within 408 m 0.836 1 
 

0.29 5 
 

69% 3 77.1% 7 

Universal Kriging 0.802 5 
 

0.30 3 
 

67% 4 79.7% 3 

Ordinary Kriging 0.801 6 
 

0.30 4 
 

67% 5 79.6% 4 

Nearest Neighbor 0.778 8 
 

0.24 7 
 

66% 6 73.1% 8 

Generalized Additive Model 0.797 7 
 

0.15 8 
 

63% 7 79.0% 5 

Ensemble Model 0.830 3   0.35 1   48% 8 77.9% 6 
a 

Average percentage correct across high, medium, and low arsenic categories, out of 2730 wells.  
b (Sensitivity + Accuracy of high estimates) / 2. Percentage of wells that were correctly categorized as ≥85 µg/L, averaged 

with the percentage of estimates correctly assigned to the high arsenic category, with misclassification to the medium arsenic 

category (11-84 µg/L) counted as half.  
 

 
Table 13. Average Spearman’s rank correlations (ρ) between medians 
and measurements around Fallon. 

Distance (m) ρ (min—max) n % 
25 0.504  (0.425—0.559) 494 28.2% 
50 0.600  (0.491—0.662) 777 44.4% 

97
a
 0.612  (0.512—0.679) 777 44.4% 

121
b
 0.615  (0.555—0.659) 1239 70.8% 

133 0.622  (0.568—0.679) 1279 73.1% 
245 0.604  (0.544—0.685) 1489 85.1% 
250 0.601  (0.533—0.683) 1494 85.4% 

360
c
 0.581  (0.494—0.641) 1581 90.4% 

408
d
 0.589  (0.513—0.654) 1599 91.4% 

425 0.587  (0.499—0.652) 1606 91.8% 
500 0.570  (0.494—0.631) 1636 93.5% 
750 0.565  (0.486—0.626) 1697 97.0% 

1000 0.556  (0.468—0.594) 1722 98.5% 
2000 0.503  (0.416—0.564) 1746 99.8% 
3000 0.488  (0.415—0.563) 1748 99.9% 

5000 0.415  (0.371—0.483) 1749 100.0% 
10,000 0.161  (0.057—0.229) 1749 100.0% 

min—max minimum and maximum correlation for five training-test dataset pairs. 
Non-detects (47 wells, 2.7% of the 1749) assigned values of 1 µg/L. “n” and “%” are 
the number and percentage of wells with at least one neighbor within the specified 
distance, out of 1749 residential drinking water wells along the Truckee Canal and in 
the Carson Basin below Lake Lahontan, Nevada 
a 

Best Pearson correlation for Lower Carson Basin. 
b 

Best Pearson correlation for entire study area. 
c 
Best Pearson correlation in both Lower Carson and entire study area for at least 80% 

of wells; used in comparisons with other models. 
d 

Best Spearman correlation for study area. 
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Table 14. Spearman’s correlations (ρ) for all model estimates versus 
measurements around Fallon. 

Model Mean (min—max) 
(n=1749) 

Overall 
(n=1279 )a 

Nearest Neighbor 0.497  (0.433—0.562) 0.570 
Median within 133 m

a
 0.622  (0.568—0.679) 0.624 

Inverse Distance Weighting
b
 0.567  (0.524—0.625) 0.612 

Ordinary Kriging 0.563  (0.518—0.615) 0.614 
Universal Kriging 0.560  (0.516—0.609) 0.610 
Generalized Additive Model 0.478  (0.398—0.576) 0.516 
Random Forest Model 0.549  (0.477—0.606) 0.604 
Ensemble Model 0.566  (0.510—0.616) 0.620 
min—max minimum and maximum correlation for five training-test dataset pairs. 
a
 1279 test wells (73%) had at least one training well within 133 m. 

b 
Best correlation was with 14 neighbors maximum and 1.0 inverse distance 

weighting power. 
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Table 15. Correct categorization of wells around Fallon. 

Arsenic (µg/L) ≤10 11-84 ≥85 Total 

 Number  

Measured 529 617 603 1749 100% 

Nearest 296 311 367 974 56% 

Med133
a
 234 272 276 782 61% 

Med408
b
 258 369 335 962 60% 

Med1000
c
 212 395 358 965 56% 

IDW 125 352 471 948 54% 

OK 88 321 497 906 52% 

UK 86 320 498 904 52% 

GAM 50 249 514 813 46% 

RFM 45 350 485 880 50% 

ENS 1 93 590 684 39% 

Percentage    Average Rank 

Nearest 56% 50% 61% 55.7% 2 

Med133
a
 60% 61% 62% 61.1% 1 

Med408
b
 53% 66% 61% 59.9% - 

Med1000
c
 41% 65% 61% 55.4% - 

IDW 24% 57% 78% 52.9% 3 

OK 17% 52% 82% 50.4% 4 

UK 16% 52% 83% 50.2% 5 

GAM 9% 40% 85% 45.0% 7 

RFM 9% 57% 80% 48.6% 6 

ENS 0% 15% 98% 37.7% 8 

Score
d 

Average Rank 

Nearest 71% 75% 75% 73.5% 2 

Med133
a
 74% 81% 79% 77.8% 1 

Med408
b
 70% 83% 78% 77.1% - 

Med1000
c
 64% 82% 79% 75.3% - 

IDW 50% 79% 89% 72.3% 3 

OK 45% 76% 91% 70.7% 4 

UK 45% 76% 91% 70.6% 5 

GAM 36% 70% 92% 66.4% 7 

RFM 41% 78% 90% 69.8% 6 

ENS 22% 58% 99% 59.6% 8 
Nearest single closest neighbor, Med133 Med408 Med1000 median within 133, 

408, and 1000 meters respectively, IDW inverse distance weighted average, OK 

ordinary kriging, UK universal kriging, GAM generalized additive model, RFM 

random forest model, ENS ensemble model. 
a Available for 1279 wells (73.1%). 
b Available for 1599 wells (91.4%). 
c Available for 1722 wells (98.5%) 
d Percentage correct with misclassification to adjacent category counted as half.  



100 

 

Table 16. Spearman's rank correlations (ρ) and coefficients of determination (R2) 
sorted by percentage of wells correctly categorized around Fallon.  

Model ρ Rank   R2 Rank   Correcta Rank 

Median within 133 m 0.624 1  0.26 6  61% 1 

Nearest Neighbor 0.570 7  0.21 7  59% 2 

Inverse Distance Weighting 0.612 4  0.30 5  57% 3 

Ordinary Kriging 0.614 3  0.34 4  55% 4 

Universal Kriging 0.610 5  0.34 2  55% 5 

Generalized Additive Model 0.516 8  0.18 8  53% 6 

Random Forest Model 0.604 6  0.37 1  49% 7 

Ensemble Model 0.620 2  0.34 3  40% 8 
a 

Average percentage correct across high, medium, and low arsenic categories, out of 1279 wells with 
neighbors within 133 m.  
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Supplemental Tables  

Supplemental Table 1. Average Pearson’s 

correlations (R) for 3138 arsenic measurements in 

entire study area versus medians of measurements 

within regular distance intervals and best correlated 

intermediate distances.
a
 

Distance (m) R (min—max) n 

50 0.446  (0.286—0.549) 35.4% 

100 0.563  (0.488—0.639) 55.3% 

121
b
 0.571  (0.471—0.715) 61.4% 

250 0.528  (0.473—0.605) 79.3% 

360
c
 0.567  (0.447—0.698) 85.4% 

433 0.551  (0.431—0.702) 87.7% 

500 0.538  (0.442—0.674) 89.8% 

750 0.523  (0.448—0.611) 93.6% 

1000 0.466  (0.336—0.573) 96.2% 

2000 0.334  (0.218—0.540) 99.0% 

3000 0.349  (0.262—0.497) 99.7% 

5000 0.279  (0.207—0.343) 99.9% 

10,000 0.205  (0.139—0.247) 99.9% 
a min—max minimum and maximum correlation for five training-

test dataset pairs in k-fold validation. “n” is the percentage of 

wells with at least one neighbor within the specified distance. 

Non-detects (689 wells, 22% of total) were set to 1 µg/L. 
b Highest average correlation. 
c Highest correlation available for at least 80% of wells; used in 

comparisons with other models. 

 

 

 

 

 

Supplemental Table 2. Average Pearson’s correlations (R) for 

arsenic measurements versus predictions for all 3138 wells.
a 

Model R (min—max) 

Nearest Neighbor 0.472  (0.336—0.639) 

Median within 360 m
b
 0.567  (0.447—0.698) 

Inverse Distance Weighted Average
 c
 0.522  (0.414—0.619) 

Ordinary Kriging 0.495  (0.393—0.629)  

Universal Kriging 0.508  (0.393—0.628) 

Generalized Additive Model 0.371  (0.331—0.409) 

Random Forest Model 0.536  (0.404—0.666) 

Ensemble Model 0.557  (0.458—0.684) 
a Non-detects (689 wells, 22% of the 3138) were assigned values of 1 µg/L. 
b Based on 85% of wells with at least one neighbor within 360 m. 
c Best correlation was with five neighbors maximum and 0.32 inverse distance 

weighting power. 
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Supplemental Table 3. Correct categorization of wells with 

neighbors within 360 m, the distance chosen for medians based on 

Pearson’s correlations. 

Arsenic (µg/L) ≤10 11-84 ≥85 Total 

 Number  

Measured 1482 648 551 2681 100% 

Nearest 1254 341 329 1924 72% 

Med360 1227 401 343 1971 74% 

IDW 1084 417 420 1921 72% 

OK 924 347 464 1735 65% 

UK 956 362 458 1776 66% 

GAM 877 243 502 1622 60% 

RFM 962 424 438 1824 68% 

ENS 641 165 536 1342 50% 

Percentage    Average Rank 

Nearest 85% 53% 60% 66% 6 

Med360 83% 62% 62% 69% 3 

IDW 73% 64% 76% 71% 1 

OK 62% 54% 84% 67% 5 

UK 65% 56% 83% 68% 4 

GAM 59% 38% 91% 63% 7 

RFM 65% 65% 79% 70% 2 

ENS 43% 25% 97% 55% 8 

Score
a 

Average Rank 

Nearest 89.8% 76.3% 72.9% 79.7% 6 

Med360 89.1% 80.9% 78.7% 82.9% 3 

IDW 82.9% 82.2% 87.7% 84.2% 1 

OK 76.2% 76.8% 91.7% 81.5% 5 

UK 77.5% 77.9% 91.1% 82.2% 4 

GAM 72.0% 68.8% 95.3% 78.7% 7 

RFM 78.8% 82.7% 89.7% 83.7% 2 

ENS 62.6% 62.7% 98.6% 74.6% 8 

Nearest single closest neighbor, Med360 median within 360 meters, IDW 

inverse distance weighted average, OK ordinary kriging, UK universal kriging, 

GAM generalized additive model, RFM random forest model, ENS ensemble 

model. 
a Percentage correct with misclassification to adjacent category counted as half. 
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Supplemental Table 4. Correct categorization of all 3138 wells. 

Arsenic (µg/L) ≤10 11-84 ≥85 Total 

 Number  

Measured 1754 768 616 3138 100% 

Nearest 1468 396 355 2219 71% 

Med408
b
 1257 407 343 2007 74% 

IDW 1189 465 489 2143 68% 

OK 1034 417 509 1960 62% 

UK 1099 412 509 2020 64% 

GAM 1010 294 559 1863 59% 

RFM 1127 488 487 2102 67% 

ENS 506 112 607 1225 39% 

Percentage    Average Rank 

Nearest 84% 52% 58% 64.3% 6 

Med408
b
 83% 63% 62% 69.1% 2 

IDW 68% 61% 79% 69.2% 1 

OK 59% 54% 83% 65.3% 5 

UK 63% 54% 83% 66.3% 4 

GAM 58% 38% 91% 62.2% 7 

RFM 64% 64% 79% 69.0% 3 

ENS 29% 15% 99% 47.3% 8 

Score
a 

Average Rank 

Nearest 89% 76% 72% 78.9% 6 

Med408
b
 89% 81% 78% 82.9% 3 

IDW 80% 80% 89% 83.2% 1 

OK 75% 77% 91% 80.8% 5 

UK 76% 77% 91% 81.3% 4 

GAM 72% 69% 95% 78.6% 7 

RFM 78% 82% 89% 83.0% 2 

ENS 52% 57% 99% 69.7% 8 

Nearest single closest neighbor, Med408 median within 408 meters, IDW 

inverse distance weighted average, OK ordinary kriging, UK universal kriging, 

GAM generalized additive model, RFM random forest model, ENS ensemble 

model. 
a Percentage correct with misclassification to adjacent category counted as half. 
b Available for 2730 wells (87%). 
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Supplemental Table 5. Average Pearson’s correlations (R) for 1572 

measurements around Fallon versus medians of measurements within 

regular distance intervals and best correlated intermediate distances.
 a
 

Distance (m) R (min—max) n 

50 0.549  (0.373—0.756) 44.0% 

97 
b
 0.569  (0.345—0.816) 64.2% 

121
 c
 0.483  (0.292—0.790) 71.2% 

200 0.531  (0.264—0.794) 81.9% 

250 0.542  (0.285—0.786) 85.6% 

360
 d
 0.563  (0.301—0.769) 90.3% 

433 0.555  (0.317—0.770) 91.7% 

500 0.548  (0.343—0.698) 93.4% 

750 0.475  (0.334—0.673) 96.8% 

1000 0.468  (0.345—0.583) 98.2% 

2000 0.333  (0.234—0.387) 99.9% 

3000 0.289  (0.198—0.331) 99.9% 

5000 0.196  (0.138—0.251) 100.0% 

10,000 0.080  (0.029—0.175) 100.0% 

min—max minimum and maximum correlation for five training-test dataset pairs.  

n percentage of wells with at least one neighbor within the specified distance. 
a Does not include 177 wells along the Truckee Canal. Non-detects (46 wells, 2.9% 

of the 1572 wells in the lower Carson Basin) were assigned values of 1 µg/L.  
b Highest average correlation. 
c Best correlated distance for entire study area. 
d Highest correlation available for at least 80% of wells; used in comparisons with 

other models. 

 

 

 

Supplemental Table 6. Average Pearson’s correlations (R) for 

arsenic measurements versus predictions around Fallon.
a 

Model R (min—max) 

Nearest Neighbor 0.417  (0.157—0.751) 

Median within 360 m
b
 0.563  (0.301—0.769) 

Inverse Distance Weighted Average
c
 0.542  (0.343—0.718) 

Ordinary Kriging 0.548  (0.330—0.743) 

Universal Kriging 0.547  (0.330—0.739) 

Generalized Additive Model 0.364  (0.277—0.461) 

Random Forest Model 0.521  (0.301—0.721) 

Ensemble Model 0.544  (0.324—0.764) 

min—max minimum and maximum correlation for five training-test dataset pairs. 
a Does not include 177 wells along the Truckee Canal. Non-detects (46 wells, 2.9% 

of the 1572 wells in the lower Carson Basin) were assigned values of 1 µg/L.  
b 1419 test wells (90%) had at least one training well within 360 m. 
c Best correlation was with four neighbors maximum and 0.27 inverse distance 

weighting power. 
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Supplemental Table 7. Correct categorization of wells around 

Fallon with neighbors within 133 m, the distance chosen for 

medians based on Spearman’s rank correlations. 

Arsenic (µg/L) ≤10 11-84 ≥85 Total 

 Number  

Measured 393 443 443 1279 100% 

Nearest 245 228 277 750 59% 

Med133 234 272 276 782 61% 

IDW 112 279 341 732 57% 

OK 82 254 368 704 55% 

UK 79 253 367 699 55% 

GAM 43 191 387 621 49% 

RFM 44 280 353 677 53% 

ENS 1 74 436 511 40% 

Percentage    Average Rank 

Nearest 62% 51% 63% 59% 2 

Med133 60% 61% 62% 61% 1 

IDW 28% 63% 77% 56% 3 

OK 21% 57% 83% 54% 4 

UK 20% 57% 83% 53% 5 

GAM 11% 43% 87% 47% 7 

RFM 11% 63% 80% 51% 6 

ENS 0% 17% 98% 38% 8 

Score
a 

Average Rank 

Nearest 76% 76% 76% 76% 2 

Med133 74% 81% 79% 78% 1 

IDW 54% 81% 88% 75% 3 

OK 48% 79% 91% 73% 4 

UK 48% 79% 91% 73% 5 

GAM 38% 72% 94% 68% 7 

RFM 45% 82% 90% 72% 6 

ENS 25% 58% 99% 61% 8 

Nearest single closest neighbor, Med133 median within 133 meters, IDW 

inverse distance weighted average, OK ordinary kriging, UK universal kriging, 

GAM generalized additive model, RFM random forest model, ENS ensemble 

model. 
a Percentage correct with misclassification to adjacent category counted as half. 
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Appendices 
 

Appendix 1. Code for K-fold Validation of Medians 

 
#Load required packages and database for the 3138 wells in the study area 
library(raster) 
depth = read.csv("clean3138.csv") 
 
#Set up the k-fold validation, making sure the same random sample is chosen each time for 
comparability 
set.seed(88) 
groups <- sample(1:5, nrow(clean3138), replace=TRUE) 
 
 
#Compute median arsenic concentration of all training (trn) wells within a certain point distance (pd) of 
#test (tst) wells, using the UTM east and north coordinates in meters (UTMEM, UTMNM) 
#Ignore or "remove" test wells that do not have neighbors within 117 meters (pd>117=NA, na.rm=TRUE) 
computeMed <- function(trn, tst) { 
  pd <- pointDistance(trn[ , c('UTMEM', 'UTMNM')], tst[ , c('UTMEM', 'UTMNM')], lonlat=FALSE)   
  pd[pd > 117] <- NA 
    
  as <- trn$As1 
  as <- matrix(rep(as, ncol(pd)), ncol=ncol(pd)) 
  aspd <- as * (pd >= 0) 
  apply(aspd, 2, median, na.rm=TRUE) 
} 
 
#r and cr refer to correlations based on distance only 
#rd and crd refer also include depth criteria  
#(e.g., if test well is >40 m deep,  only give median of neighbors that are also >40 m deep) 
#Correlations are consistently slightly higher when depth criteria are only applied to  
#Fallon Area (Truckee Canal to Lower Carson): depth$Tcan2car==1 & 
#Can be deleted from code to apply depth criteria to entire study area 
r <- rd <- list() 
for (k in 1:5) { 
  print(k) 
  flush.console() 
  depth$deep <- TRUE 
  depth$deep[depth$Tcan2car==1 & depth$Depth_m < 14] <- FALSE 
  d  <- depth 
  train <- d[groups!=k, ] 
  test <- d[groups==k, ] 
 
  p <- computeMed(train,test) 
  r[[k]] <- cbind(k=k, prd=p, obs=test$As1) 
 
  pdeep <- computeMed(train[train$deep,],test[test$deep,]) 
  pshallow <- computeMed(train[!train$deep,],test[!test$deep,]) 
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  rd[[k]] <- cbind(k=k, prd=c(pdeep, pshallow), obs=test$As1[c(which(test$deep), which(!test$deep))]) 
} 
#Export to csv spreadsheet using rbind and cbind to bind rows and columns 
rr = do.call(rbind, r) 
write.csv(rr, 'medians.csv', row.names=FALSE) 
 
rrd = do.call(rbind, rd) 
write.csv(rrd, 'medians_depth.csv', row.names=FALSE) 
 
#Show the mean Pearson's R correlation for the 5 different training-test dataset pairs in K-fold validation 
#cor[2:3] refers to correlation between 2nd and 3rd columns (predicted and observed arsenic) in 
spreadsheets  
#created by "r[k]..." and "rd[k] <- cbind..." functions above 
cr <- sapply(r, function(x) {x <- na.omit(x); cor(x[,2:3])[2]}) 
cr 
mean(cr) 
 
crd <- sapply(rd, function(x) {x <- na.omit(x); cor(x[,2:3])[2]}) 
crd 
mean(crd) 
 
 
Appendix 2. Code for K-fold Validation of other Models 

#Compare nearest neighbor, IDW, Kriging, GAM, random forest model, and ensemble models with K-
fold cross validation 
 
#Load required stats packages in R 
library(mgcv) 
library(randomForest) 
library(gstat) 
library(sp) 
library(lattice) 
library(reshape) 
library(maptools) 
library(automap) 
 
#Load data 
clean = read.csv("clean3138.csv") 
 
#Set up the k-fold validation, making sure the same random sample is chosen each time for 
comparitability 
set.seed(88) 
groups <- sample(1:5, nrow(clean), replace=TRUE) 
 
#res=result=R=Pearson's correlation between predicted and actual arsenic concentration 
#Nearest=single closest neighboring well 
#IDW=inverse distance weighted interpolation: nmax=max neighbors included, idp=inverse distance 
weighting power 
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#OK=ordinary kriging 
#UK=universal kriging 
#GAM=generalized additive model 
#RF=rfm=random forest model 
#ENS=ensemble model (composite of others) 
NEARESTres <- IDWres <- UKres <- OKres <- GAMres <- RFres <- ENSres<- rep(NA, 5) 
 
r <- list() 
for (k in 1:5) { 
  print(k) 
  flush.console() 
  train <- clean[groups!=k, ] 
  test <- clean[groups==k, ] 
 
  nearest <- gstat(formula = As1~1, locations = ~UTMNM+UTMEM, data=train, nmax=1) 
  nearestpred <- predict(nearest, test)$var1.pred 
  NEARESTres[k] <- cor(test$As1, nearestpred) 
   
  idw <- gstat(formula = As1~1, locations = ~UTMNM+UTMEM, data=train, nmax=5, set=list(idp = .32)) 
  idwpred <- predict(idw, test)$var1.pred 
  IDWres[k] <- cor(test$As1, idwpred) 
   
  sptrain <- train 
  coordinates(sptrain) <- ~ UTMNM + UTMEM 
  sptest <- test 
  coordinates(sptest) <- ~ UTMNM + UTMEM 
   
  OK <- autoKrige(formula = As1~1, sptrain, sptest) 
  OKpred <- OK$krige_output$var1.pred 
  OKres[k] <- cor(test$As1, OKpred) 
   
  UK <- autoKrige(formula = As1~UTMEM + UTMNM, sptrain, sptest) 
  UKpred <- UK$krige_output$var1.pred 
  UKres[k] <- cor(test$As1, UKpred) 
   
  gam <- gam(As1 ~ s(UTMEM, UTMNM) + Elev_m + Basin, Gamma (link="identity"), data=train) 
  gampred <- predict(gam, test) 
  GAMres[k] <- cor(test$As1, gampred) 
   
  rfm <- randomForest(As1 ~ UTMEM +UTMNM + Elev_m + Basin, data=train) 
  rfmpred <- predict(rfm, test) 
  RFres[k] <- cor(test$As1, rfmpred) 
   
  enspred <- (gampred*GAMres[k] + rfmpred*RFres[k] + nearestpred*NEARESTres[k]+ 
idwpred*IDWres[k]) + UKpred*UKres[k] + OKpred*OKres[k] / (GAMres[k] + RFres[k] + NEARESTres[k] + 
IDWres[k] + OKres[k] + UKres[k]) 
  ENSres[k] <- cor(test$As1, enspred) 
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  r[[k]] <- cbind(k=k, ID=test$ID, UTMEM=test$UTMEM, UTMNM=test$UTMNM, Elev_m=test$Elev_m, 
Basin=test$Basin, As=test$As1, nearestpred, idwpred, OKpred, UKpred, gampred, rfmpred, enspred) 
 } 
 
#Export to csv spreadsheet using rbind and cbind to bind rows and columns 
rr = do.call(rbind, r) 
write.csv(rr, 'data3138.csv', row.names=FALSE) 
 
 
#Show the mean correlation for the 5 different training-test dataset pairs in K-fold validation 
NEARESTres 
IDWres 
OKres 
UKres 
GAMres 
RFres 
ENSres 
mean(NEARESTres) 
mean(IDWres) 
mean(OKres) 
mean(UKres) 
mean(GAMres) 
mean(RFres) 
mean(ENSres) 
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Chapter 5. Lung Cancer Meta-Analyses 
 

Low-Exposure Studies 

Several studies of arsenic exposures <200 µg/L have shown increased lung cancer relative risks, 

that were not statistically significant. This would seem to make the problem ideal for meta-

analysis. In a systematic review of lung cancer arsenic studies, Celik et al. (2008) supported 

conclusions of a causal association by IARC and other agencies, but did not pool results to 

calculate summary effect estimates.  

Many arsenic lung cancer studies have severe limitations (e.g., inappropriate control 

groups, crude exposure data, no data on smoking or other potential confounders), but these 

problems are likely to reduce effect estimates rather than increase them. While I lack the 

expertise or inside knowledge to the best judge of study quality, crunching the numbers is one 

thing that a junior researcher like me can do. Sensitivity analyses show the impact of individual 

studies that may be of concern, and the experts can decide for themselves which of the pooled 

relative risk estimates, if any, can be trusted. 

 

Methods 

Principles of meta-analysis described by L’Abbe et al. (1987) and Greenland (1987) were 

followed. The epidemiologic literature was searched for all studies of arsenic in drinking water 

and lung cancer published before April 2012.
xlvii

 Studies were identified in PubMed and Google 

Scholar using the keywords “arsenic,” “cancer,” and “lung.” Bibliographies of identified articles 

and reviews (Celik et al. 2008; NRC 1999; 2001; Gibb et al. 2011) were also searched.  

Studies with lung cancer relative risks and variances (e.g., confidence intervals) in terms 

of drinking water arsenic concentrations were included. If variances were not given for 

standardized mortality ratios, they were estimated from the number of observed deaths using 

Byar’s approximation (Breslow and Day 1987).  

When multiple studies used some of the same participants, the one with the most lung 

cancer cases was used (Table 3). Table 4 shows excluded studies and reasons for exclusion. 

Lewis et al. (1999) was excluded because it compared groups with major differences in smoking. 

Heck et al. (2009) was excluded due to the difficulty of relating of arsenic in toenails to drinking 

water concentrations, and the fact that toenail concentrations reflect recent exposure only (Orloff 

et al. 2009). Mostafa et al. (2008) was excluded because controls had non-malignant lung 

lesions, which have also been associated with arsenic exposure (Guha Mazumder 2007), 

reducing the ability to detect differences in exposure between controls and lung cancer cases.  

For included studies, relative risks (y) were plotted against estimates of average arsenic 

concentrations in water (x), and the linear trend was estimated by weighting each study’s relative 

risk by the inverse of its variance, with the y-intercept forced through a relative risk of 1.0. I used 

the resulting regression equations were used to estimate an expected relative risk for the arsenic 
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concentrations in western Nevada. Some analyses excluded the study by Chen et al. (2010) 

because exposure in that study was based on current residence only, so the referent group may 

have had some arsenic exposure in earlier years or away from their homes. Because most studies 

of arsenic concentrations <200 µg/L had insufficient power or other factors limiting their ability 

to identify true associations (Gibb et al. 2011), separate analyses included higher exposures only. 

All analyses were done in SAS version 9.2 (SAS Inc., Cary NC). 

Lung cancer relative risks at various arsenic concentrations were estimated using one 

relative risk per study reference population. When multiple exposure categories were presented, 

the highest category below the cutoff in each analysis (e.g., 100 or 200 µg/L) was used. Study 

heterogeneity was assessed using Chi-squared tests. Confidence intervals were adjusted for 

heterogeneity using random effects models and the method described by Shore et al. (1993).  

 

Results 

Table 3 shows drinking water arsenic concentrations and associated lung cancer relative risks in 

studies published before April 2012. Thirty-seven relative risks were identified from 12 

independent studies (Figure 1, Table 4). Some studies presented separate relative risks for men 

and women, smokers and non-smokers, and different exposure categories. Nineteen relative risks 

came from cohort (Baastrup et al. 2008; Chen et al. 2010; Tsuda et al. 1995) and case-control 

(Ferreccio et al. 2000; Steinmaus et al. 2010) studies, and 18 from ecologic studies (Aballay et 

al. 2012; Buchet and Lison 1998; Chiu et al. 2004; Han et al. 2009; Hopenhayn-Rich et al. 1998; 

Meliker et al. 2007; Smith et al. 1998). Twelve relative risks were for arsenic concentrations 

>200 µg/L. 

The regression coefficient () between estimated concentrations (x) and relative risks (y) 

suggests that the excess relative risk for each 1 µg/L increase in drinking water arsenic 

concentration is about 0.0026 based on all studies and 0.0037 based only on case-control and 

cohort studies. Excluding the study by Chen et al. (2010) in northeastern Taiwan, in which the 

referent group may have had some arsenic exposure, the estimated excess relative risk increased 

to 0.0053. This suggests that concentrations of 100 µg/L would be associated with lung cancer 

relative risks around 1.26 to 1.53. Linear extrapolation using only concentrations above 200 µg/L 

yielded similar estimates.  

Table 5 shows lung cancer relative risks reported for arsenic concentrations between 10 

and 100 µg/L. A chi-squared test indicated substantial study heterogeneity (p<0.001). Pooling 

relative risks from eight different study reference populations in six independent studies resulted 

in summary relative risks of 1.09 (95% CI = 1.02–1.16) using the Shore correction and 1.11 

(95% CI = 1.02-1.20) using the random effects model.  
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Discussion 

A plot of relative risk versus standard error (Figure 2) suggested some publication bias (i.e., 

smaller studies more likely to be published if relative risks are elevated) until Ferreccio et al. 

(2000) was removed. Effect estimates in the Ferreccio study were not much higher than those of 

other studies, except for the odds ratio of 4.1 with exposures of 60-89 µg/L (Table 5, Figure 1). 

Even for this estimate, the 95% CI (1.8-9.6) overlapped those of other studies. Considering the 

number of lung cancer cases exposed, Ferreccio et al. (2000) is not a small study compared to 

other non-ecologic studies. Moreover, it may be the only high exposure study with decades of 

accurate individual exposure data. One would therefore expect it to produce higher relative risks. 

For example, the fact that it produced higher relative risks than the ecologic mortality studies in 

Chile (Smith et al. 1998; Marshall et al. 2007) can be explained by the high number of migrants 

in the high arsenic area.  

Table 5 also shows the effect of excluding studies with limited exposure assessment or 

other limitations. Aballay et al. (2012), Chen et al. (2010), and Han et al. (2009) assigned 

exposures according to current residences only. This would bias effect estimates towards the null 

because participants assigned to low exposures referent groups may have been exposed away 

from their homes or in earlier years within the cancer latency period (which may be more than 40 

years). Moreover, Aballay et al. (2012) used district averages to assign exposures in an area that 

had many different water sources, including private wells and springs. As discussed in Chapter 4, 

this is likely to introduce substantial exposure misclassification because arsenic concentrations 

can vary dramatically from one well to the next. Han et al. (2009) did not present relative risks, 

so I calculated unadjusted relative risks using the numbers of exposed and unexposed. However, 

these unadjusted estimates seem implausibly high for such low exposures, and the authors’ 

regression model adjusting for county-level smoking and other factors suggested little evidence 

of association between the low arsenic exposures and lung cancer (=0.35, 2-tailed p=0.30). 

Using only the remaining ecologic studies by Meliker et al. (2007) and Buchet and Lison (1998), 

the pooled relative risk was 1.02 (95% CI = 0.99-1.05). 

 

Conclusions 

Pooled results of six independent studies suggest that increased lung cancer risks reported for 

concentrations between 10 and 100 µg/L are not likely due to chance (pooled relative risk = 1.09, 

95% CI = 1.02-1.20), but there was substantial heterogeneity between studies (p<0.001). The 

higher relative risk of 4.1 (95% CI = 1.8-9.6) in the case-control study by Ferreccio et al. (2000) 

might be explained by effects in ecological studies being diluted by in-migration or uncontrolled 

confounding.  
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Gender 

Studies in Chile (Hopenhayn-Rich 1996a, 1996b), Taiwan (Hsueh et al. 1998), Finland (Kurttio 

1998) and the United States (Kalman et al. 1990) suggest that women metabolize arsenic more 

completely than men, and are less susceptible to arsenic-related diseases (Marshall et al. 2007; 

Rahman et al. 2006). In the Chile pilot study (Chapter 2; Dauphine et al. 2011), lung function 

decrements were much higher in men than women, consistent with a previous lung function 

study in West Bengal (von Ehrenstein et al. 2005). In Bangladesh, Parvez et al. (2013) also saw 

greater effects in males, particularly those who smoked. This led me to investigate gender 

differences in arsenic-induced lung disease. 

With few nonmalignant studies for a quantitative analysis, I focused on lung cancer 

(Tables 6-9). Methods were similar to those described above for the meta-analysis of low 

exposures. 

Pooling results of six studies of (Table 6) suggested similar male and female relative risks 

(RRF/RRM=1.00, 95%CI=0.94-1.06). However, there was substantial heterogeneity (p<0.001) 

with 1.24-fold higher RR’s for men in Chile (p<0.001) and 1.26-fold higher RR’s for women in 

Taiwan (p<0.001). Possible explanations include differences in study participation, lung cancer 

ascertainment, smoking, diet, genetics, higher household smoke exposures among Taiwanese 

women, and higher occupational exposures among Chilean men from mining and smelting 

operations. Estimates remained similar in sensitivity analyses excluding studies that did not 

adjust for smoking, had ecologic designs, mean arsenic exposures <100 µg/L, and latencies<20 

years. 

Of the ecologic studies from Chile (Table 7), the one focusing on subjects with in utero 

and childhood exposures in the most exposed cities (Smith et al. 2006) found higher relative 

risks in men compared to women than those assessing Region II overall (Smith et al. 1998; 

Marshall et al. 2007), which included populations with lower exposures. When analyses were 

further confined to only those subjects in Smith et al. (2006) with in utero exposure (n=16 lung 

cancer deaths), men had even higher relative risks compared to women (RRF/RRM=0.36, 

95%CI=0.08-1.53). Men had 2.7 higher relative risks than women in this group in Chile, just as 

they did in the cohort study by Tsuda and colleagues (1995) in Japan (RRF/RRM=0.37, 

95%CI=0.03-4.48). These two populations also had much higher relative risks for lung cancer 

overall (6.1 and 15.7, respectively) than other studies of ingested arsenic and lung cancer. This 

raises the possibility that men might be more susceptible to arsenic-induced lung cancer when 

exposures are very high or occur early in life. 

 Because men have historically smoked and been exposed occupationally more than 

women, they have been more likely to get lung cancer and be included in these studies. By 

contrast, the California Nevada study, which was conducted after this meta-analysis, offers more 

female cases than males, and could be added to test these findings.  
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Figures 

 

Figure 1. Arsenic concentration in drinking water and lung cancer relative risks in studies with non-

overlapping populations published before April 2012 (courtesy of Craig Steinmaus and Allan Smith) 

F females, M males, NS non-smokers, S smokers. 

 

 



115 

 

  

 

  

 

 

 

 

Figure 2. Beggs test for publication bias in lung cancer studies 

from eight populations with arsenic exposures below 100 µg/L.
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Tables 

 

Table 1. Overlapping studies of lung cancer and arsenic in drinking water, April 2012.* 

  Authors Year Type Study Area Ascertainment Cases** 

Chile        

 Ferreccio et al.* 2000 CC Regions I, II, and III 1994 - 1996 151 

 Marshall et al. 2007 Eco Region II 1950 - 2000 3254 

 Rivara et al. 1997 Eco Region II 1976 - 1992 n/a 

 Smith et al.*  1998 Eco Region II 1989 - 1993 698 

 Smith et al. 2006 Eco Antofagasta & Mejillones 1989 - 2000 84 

           

Japan        

 Nakadaira et al. 2002 Coh Namiki-cho (Niigata Prefecture) 1959 - 1992 8 

 Tsuda et al. 1992 Coh Namiki-cho, Nishikawa, Toroku 1961 - 1989 22 

 Tsuda et al.* 1995 Coh Namiki-cho (Niigata Prefecture) 1959 - 1992 8 

         

Taiwan***        

 Chen et al.* 2009 Coh Northeast 1991 - 2006 178 

  Chen et al. 2004 Coh Northeast & Southwest 1985 - 2000 139 

 Chen & Wang 1990 Eco Northeast & Southwest 1972 - 1983 n/a 

 Chen et al. 1985 Eco Southwest (4 townships) 1968 - 1982 565 

 Chen et al. 1986 CC Southwest (4 townships) 1980 - 1982 76 

 Chen et al. 1988 Coh Southwest (4 townships) 1968 - 1983 28 

 Chen et al.  1992 Eco Southwest (4 townships) 1973 - 1986 304 

 Chiou et al.  1995 Coh Southwest (4 townships) 1988 - 1993 9 

 Chiu et al.*  2004 Eco Southwest (4 townships) 1971 - 2000 1525 

 Guo 2004 Eco Southwest (10 townships) 1971 - 1990 1078 

 Tsai et al. 1999 Eco Southwest (4 townships) 1971 - 1994 1170 

 Wu et al. 1989 Eco Southwest (6 townships) 1973 - 1986 268 

CC case-control, Coh cohort, Eco ecologic, n/a. 

*Studies in bold italics were included in the main analyses of previous research. When multiple studies used some of 

the same participants, the one with the most lung cancer cases was used, excepting Marshall et al. (2007) in Chile, 

which intentionally included relative risks from periods before arsenic exposure began, and Tsuda et al. (1992) in 

Japan, which included cases from outside Niigata Prefecture without drinking water arsenic data. Since this 

inclusion criterion favored ecologic designs, subanalyses included only case-control and cohort studies.  

**Number of cases does not include reference populations used for standardized mortality ratios. 

***All Southwest Taiwan studies included Blackfoot disease-endemic Peimen, Hsuechia, Putai, & Ichu townships. 

All Northeast Taiwan studies included Lanyang Basin.
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Table 2. Excluded studies of arsenic in drinking water and lung cancer, April 2012. 

Country Region Authors Year Type Cases Reason for exclusion 

Argentina Cordoba Biagini 1978 Coh 5 Relative risks could not be 

obtained 

Australia Victoria Hinwood et al. 1999 Eco 20 Inadequate exposure data 

Bangladesh Nationwide Chen & Ahsan 2004 - - Risk assessment 

 Nationwide Mostafa et al.  2008 CC 3223 Controls had non-malignant 

lung lesions 

 Matlab Sohel et al. 2009 Coh n/a Lung not separate from all 

cancers 

China Inner 

Mongolia 

Luo et al. 1997 Coh n/a Quantitative cancer data not 

given 

 Inner 

Mongolia 

Wade et al. 2009 Coh n/a Lung not separate from all 

cancers 

Pakistan Southwest Wadwha et al. 2011 CS 107 Survival compared in 

exposed & unexposed cases  

USA  Northeast Heck et al.  2009 CC 223 Toenail arsenic 

 Utah Lewis et al. 1999 Coh 34 Mostly non-smokers 

compared to state of Utah 

 Nationwide Putila & Guo 2011 Eco n/a Arsenic in soil and stream 

sediment 

CC case-control, Coh cohort, CS cross-sectional, Eco ecologic, n/a not available. 
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Table 3. Arsenic in drinking water and lung cancer relative risks published before April 2012.*  

Study Location Type Subgroup As (μg/L)  RR LCI UCI Weight** 

Aballay et al. (2012) Argentina*** Eco   40-100   1.24 1.07 1.2 4.59% 

        ≥100   0.51 0.7 0.9 1.41% 

Baastrup et al.(2008) Denmark Coh  0.7
†
  0.99 0.92 1.1 3.91% 

Buchet & Lison (1998) Belgium Eco Women <5   0.67 0.41 1.1 0.09% 

        5-20   1.4 0.91 2.2 0.12% 

        20-50   1.24 0.83 1.9 0.14% 

      Men <5   0.94 0.84 1.1 1.79% 

        5-20   0.82 0.70 1.0 0.96% 

        20-50   1.05 0.94 1.2 1.72% 

Chen et al. (2010) Northeast Coh  10-49  1.1 0.74 1.6 0.14% 

 Taiwan   50-99  0.99 0.59 1.7 0.08% 

    100-299  1.54 0.97 2.5 0.10% 

    ≥300  2.25 1.43 3.6 0.11% 

Chiu et al. (2004) Southwest Eco Women 780
†
   2.92 2.69 3.2 3.44% 

  Taiwan   Men     2.31 2.16 2.5 5.27% 

Ferreccio et al. (2000) Chile CC  10-29  0.3 0.1 1.2 0.01% 

    30-59  1.8 0.5 6.9 0.01% 

    60-89  4.1 1.8 9.6 0.03% 

    90-199  2.7 1.0 7.1 0.02% 

    200-399  4.7 2.0 11.0 0.03% 

    400-699  5.7 1.9 16.9 0.02% 

    700-999  7.1 3.4 14.8 0.04% 

Han et al. (2009) Idaho, USA Eco   2-9   1.15 1.12 1.2 32.72% 

        ≥10   1.16 1.11 1.2 11.98% 

Hopenhayn et al. (1998) Argentina*** Eco Women 178
††

  2.16 1.83 2.5 0.87% 

   Men   1.77 1.63 1.9 3.79% 

Meliker et al. (2007) Michigan, Eco Women 7.58
†
   1.02 0.96 1.1 7.57% 

  USA   Men     1.02 0.98 1.1 14.47% 

Smith et al. (1998) Chile Eco Women 569
††

  3.1 2.7 3.7 0.90% 

   Men   3.8 3.5 4.1 3.56% 

Steinmaus et al. (2010) Argentina*** CC   >200   2.2 0.7 7.3 0.02% 

Tsuda et al. (1995) Japan Coh Non- <50  0.5 0.1 0.9 0.02% 

   smokers 50-990  0.5 0.1 2.7 0.01% 

    ≥1000  0.6 0.1 3.2 0.01% 

   Smokers <50  0.5 0.1 1.3 0.01% 

    50-999  1.2 0.1 6.7 0.00% 

        ≥1000   5.3 2.5 10.8 0.04% 

As arsenic, LCI lower limit of 95% confidence interval, RR relative risk, UCI upper limit of 95% CI. 

*Studies with non-overlapping participants and relative risks and variances in terms of drinking water arsenic 

concentrations were included. 

**Weight in linear model based on inverse variance of relative risk.  

***All Argentina studies were in Cordoba Province with cases ascertained during non-overlapping time periods. 
†
median, 

††
mean. 
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Table 4. Linear regression coefficients for drinking water arsenic (x) and lung cancer relative 

risks (y).*  

 N       SE   R
2
 p-Value RR at 100 µg/L 

All studies 37 0.0026 0.00023 0.77 <0.0001 1.26 

Case-control and cohort  19 0.0037 0.00072 0.58 <0.0001 1.37 

Excluding Chen et al. 2010** 15 0.0053 0.00087 0.71 <0.0001 1.53 

Ecologic 18 0.0026 0.00032 0.78 <0.0001 1.26 

Excluding two largest studies
§
 33 0.0026 0.00024 0.78 <0.0001 1.26 

Arsenic >200 µg/L
§§

 12 0.0026 0.00038 0.80 <0.0001 1.26 

Case-control and cohort 8 0.0037 0.00104 0.59 0.0095 1.37 

Excluding Chen et al. 2010** 7 0.0052 0.00113 0.74 0.0036 1.52 

 regression coefficient (increase in relative risk for each 1 µg/L increase in drinking water arsenic concentration),  

N number of relative risks, R
2
 coefficient of variance, RR relative risk at arsenic concentrations of 100 µg/L 

predicted by the regression equation (i.e., RR = 1 + ( x 100 µg/L), SE standard error.   

*Studies published before April 2012 with non-overlapping participants and relative risks and variances in terms of 

drinking water arsenic concentrations were included. 

*Thanks to Craig Steinmaus for these analyses. Excludes the study by Chen et al. (2010) in which exposure was 

based on current residence, such that the referent group may have had some arsenic exposure in earlier years or 

away from their homes. 
§
Excludes the two studies receiving the greatest weight: Han et al. (2009) and Meliker et al. (2007).  

§§
Only includes relative risks reported for concentrations >200 µg/L. 
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Table 5. Lung cancer relative risks with 10-100 μg/L arsenic in drinking water, April 2012* 

 

Arsenic 

       

Weight 

(μg/L) Location Study Type Subgroup RR LCI UCI Fixed Random 

11** Michigan,  Meliker et al. 2007 Eco Women 1.02 0.96 1.07 18.7% 19.5% 

 USA 
  

Men 1.02 0.98 1.06 35.7% 20.4% 

10-50 Idaho, USA Han et al. 2009 Eco 
 

1.16 1.11 1.21 29.5% 20.2% 

20-50 Belgium Buchet & Lison 1998 Eco Women 1.24 0.83 1.87 0.3% 3.4% 

 
   

Men 1.05 0.94 1.18 4.2% 15.1% 

40-100 Argentina  Aballay et al. 2012 Eco  1.24 1.07 1.23 11.3% 18.5% 

50-99 Taiwan Chen et al. 2010 Coh   0.99 0.59 1.68 0.2% 2.2% 

60-89 Chile Ferreccio et al. 2000 CC 
 

4.1 1.8 9.6 0.1% 0.9% 

  

Pooled Estimates† 

  

Fixed Effects 

 

Shore†† 

 

Random Effects 

 

Heterogeneity 

  N   RR LCI UCI   LCI UCI   RR LCI UCI   p 

All studies 8  1.09 1.06 1.11  1.02 1.16  1.11 1.02 1.20  <0.001 

Ecologic 6  1.09 1.06 1.11  1.02 1.16  1.10 1.02 1.19  <0.001 

No Aballay 5  1.07 1.04 1.09  1.01 1.13  1.07 0.99 1.15  <0.001 

No Aballay or Han 4  1.02 0.99 1.05  1.00 1.04  Homogenous  0.78 

Case-control & cohort 2  1.48 0.95 2.30  0.42 5.16  1.94 0.48 7.78  0.005 

CC case-control, Coh cohort, Eco ecologic, LCI lower limit of 95% confidence interval, N number of independent reference 

groups, RR relative risk, UCI upper limit of 95% confidence interval. 
* One relative risk per reference population was used. When studies presented multiple arsenic categories between 10 and 100 

μg/L, the highest was used. **Population-weighted mean. 
† For Han et al. (2009), unadjusted relative risks were calculated because adjusted relative risks were not presented, but their 
regression model adjusting for county-level smoking and other factors showed much less evidence of association between 

arsenic and lung cancer (=0.35, 2-tailed p=0.30). In Aballay et al. (2012), elevated relative risks were found with arsenic as a 

continuous variable and in the 40-100 μg/L category, while decreased relative risks were found >100 μg/L.  
††Adjustment of confidence interval to reflect study heterogeneity described by Shore et al. (1993).  
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Table 6. Comparison of male and female lung cancer relative risks in studies of arsenic in drinking water published by 2010. 

  

Arsenic* Study  Cases**   Female (F)   Male (M)   Ratio of RR's 

 Author and 

Year Location (µg/L) Type F M Total %F   RR 95% CI   RR 95% CI   

F/

M 95% CI W 

Han et al. 

2009 Idaho, USA >10 Eco 744 1166 1910 39% 

 

1.08 0.81-1.40   1.23 

0.98-

1.52   

0.8

8 

0.62-

1.25 3.0% 

Buchet & 

Lison 1998 Belgium 20-50 Eco 220 2954 3174 7% 

 

1.24 0.83-1.87 

 

1.05 

0.94-

1.18 

 

1.1

8 

0.77-

1.80 2.0% 

Lewis et al. 

1999 Utah, USA 14-166 Coh 6 28 34 18% 

 

0.44 0.16-0.95   0.57 

0.38-

0.82   

0.7

7 

0.29-

2.04 0.4% 

Hopenhayn et 

al. 1998  Argentina 178 Eco 156 708 864 18% 

 

2.16 1.83-2.52 

 

1.77 

1.63-

1.90 

 

1.2

2 

1.02-

1.46 

11.3

% 

Mostafa et al. 

2008 Bangladesh 101-400 CC 32 1014 1046 3% 

 

2.64 

0.65-

10.73 

 

1.65 

1.25-

2.18 

 

1.6

0 

0.38-

6.68 0.2% 

Marshall et 

al. 2007 Chile 870 Eco 675 2579 3254 21%   1.76 1.63-1.90   2.19 

2.11-

2.28   

0.8

0 

0.74-

0.88 

48.5

% 

Chiu et al. 

2004  Taiwan 780 Eco 596 929 1525 39%   2.92 2.69-3.16   2.31 

2.17-

2.46   

1.2

6 

1.14-

1.40 

34.5

% 

Tsuda et al. 

1995 Japan >1000 Coh 1 7 8 13%   7.15 

0.36-

41.11   

19.0

8 8.9-38.8   

0.3

7 

0.03-

4.48 0.1% 

CI confidence interval, Coh cohort, CC case-control, Eco ecologic, F female, M male, RR rate ratio, W weight in fixed effects model. 

*Median, mean, or range in highest exposure category.  

**Number of cases does not include reference populations used to calculate standardized mortality ratios in ecologic studies.  
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Table 7. Overlapping studies of ingested arsenic and lung cancer, sorted by region, sex-specific relative risks, and sample size.*  

   
Study  

 
Case Casesa   Ratio of relative risks 

  Authors Year Type Study Area Ascertainment Female Male Total Female   F/M 95% CI 

Chile 
               

 
Rivara et al. 1997 Eco Region II 1976 - 1992 - - - - 

 
- - 

 
- 

 

Ferreccio et al. 2000 CC Regions I, II, and III 1994 - 1996 42 109 151 28% 

 

- - 

 

- 

 

Smith et al. 2006 Eco Antofagasta (A) & Mejillones (M) 1989 - 2000 19 65 84 23% 

 

0.52 0.31 

 

0.88 

 
Smith et al.  1998 Eco Region II (including A & M) 1989 - 1993 154 544 698 22% 

 
0.82 0.68 

 
0.97 

  Marshall et al. 2007 Eco Region II (incl. A & M) 1950 - 2000 675 2579 3254 21%   0.80 0.74   0.88 
        

 

  

 

      

  

  

    Japan 
               

 

Tsuda et al.  1989 Coh Niigata prefecture - 

 

- - - 7 - 

 

- - 

 

- 

 

Tsuda et al. 1992 Coh Niigata prefecture 1961 - 1989 - - 11 - 

 

- - 

 

- 

 

Nakadaira et al. 2002 Coh Niigata prefecture 1959 - 1992 1 7 8 13% 

 

0.49 0.04 - 5.43 

  Tsuda et al. 1995 Coh Niigata prefecture 1959 - 1992 1 7 8 13%   0.37 0.03 - 4.48 

 
        

  

       Taiwanb 

               

 

Chen et al. 2010 Coh NE 1991 - 2006 - - 178 - 

 

- -  - 

  Chen & Wang 1990 Eco NE & SW 1972 - 1983 - - - -   - - 

 

- 

 
Chen et al. 2004 Coh NE & SW (4 townships) 1985 - 2000 39 100 139 28% 

 
1.31 0.66 

 
2.59 

 
Chen et al. 1988 Coh SW (4 townships) 1968 - 1983 - - 28 -   - - 

 
- 

 

Chen et al. 1986 CC SW (4 townships) 1980 - 1982 43 33 76 57%   - - 

 

- 

 

Wu et al. 1989 Eco SW (6 townships) 1973 - 1986 147 121 268 55% 

 

- - 

 

- 

 Chen et al.  1992 Coh SW (6 townships) 1973 - 1986 169 135 304 56% 

 

- - 

 

- 

 
Guo 2004 Eco SW (10 townships) 1971 - 1990 405 673 1078 38%   - -   - 

 
Chiou et al.  1995 Coh SW (4 townships) 1988 - 1993 - - 9 - 

 
1.79 0.44 

 
7.32 

 
Chen et al. 1985 Eco SW (4 townships) 1968 - 1982 233 332 565 41% 

 

1.29 1.09 

 

1.53 

 

Tsai et al. 1999 Eco SW (4 townships) 1971 - 1994 471 699 1170 40% 

 

1.33 1.18 

 

1.49 

  Chiu et al.  2004 Eco SW (4 townships) 1971 - 2000 596 929 1525 39%   1.26 1.14   1.40 

CI confidence interval, Coh cohort, CC case-control, Eco ecologic, F female, M male, NE northeast (Lanyang basin), RR rate ratio, SW 
southwest, - data not available. 

*Shaded studies were included in final pooled analysis. 
aNumber of cases does not include reference populations used to calculate standardized mortality ratios. 
bAll SW Taiwan studies included Blackfoot disease-endemic Peimen, Hsuechia, Putai, & Ichu townships. All NE Taiwan studies included 

Lanyang Basin. 
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Table 8. Sensitivity analyses of male and female lung cancer relative risks in studies of arsenic and drinking water published by 2010. 

   

Fixed effects model  

 

Shore CI 

 

Random effects model 

 

Heterogeneity 

  

Studie

s 

RRF/RR

M 

CIlo

w 

CIu

p 

 

CIlo

w 

CIu

p 

 

RRF/RR

M 

CIlo

w 

CIu

p 

 

X2 

 

p-

Value 

Overall 8 1.00 
0.9
4 

1.0
6 

 

0.8
5 

1.1
7 

 

1.04 
0.8
2 

1.3
2 

 

51.
3 

 

<0.001 

Non-ecologic (smoking-

adjusted) 4 1.10 

0.6

6 

1.8

4 
  

Homogenous results 
 

1.7 
 

0.63 

Mean arsenic>100 ug/L 5 1.00 

0.9

4 

1.0

6 

 

0.8

0 

1.2

4 

 

1.07 

0.7

8 

1.4

7 

 

49.

9 

 

<0.001 

Latency>20 years 5 1.00 
0.9
4 

1.0
6 

 

0.8
0 

1.2
4 

 

1.03 
0.7
6 

1.4
0 

 

49.
7 

 

<0.001 

Substitutions 

               

 
Chen '04 & '85 for Chiu '04   9 0.94 

0.8

8 

1.0

1 
 

0.8

1 

1.0

9 
 

1.06 

0.8

4 

1.3

2 
 

37.

2 
 

<0.001 

 

Smith '06 for Marshall '07 8 1.19 

1.1

0 

1.3

0 

 

1.0

5 

1.3

5 

 

1.05 

0.8

7 

1.2

8 

 

15.

7 

 

0.03 

Eliminations 

               

 
No Chile 7 1.22 

1.1

2 

1.3

3 
  

Homogenous results 
 

5.7 
 

0.46 

 

No Taiwan 7 0.88 

0.8

2 

0.9

5 

 

0.7

7 

1.0

1 

 

0.98 

0.7

7 

1.2

5 

 

19.

9 

 

0.003 

 

No Chile or Taiwan 6 1.13 
0.9
8 

1.3
1 

  

Homogenous results 

 

4.3 

 

0.51 

  

No Chile, Taiwan, or 

Argentina 5 0.98 

0.7

6 

1.2

6     Homogenous results   2.4   0.67 

CI confidence interval, F female, M male, RR rate ratio. 
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Table 9. Studies excluded from analysis of gender differences in lung cancer relative risks associated with ingested arsenic, 2010. 

  Location Authors Year Type Casesa  Comments 

Medicine 

   

 

England Cuzick et al. 1992 Coh 14 
Gender-specific relative risks could not be 
calculated from data given. 

 
England Cuzick et al. 1982 Coh 11 

Gender-specific relative risks could not be 

calculated from data given. 

 

England 

Robson & 

Jellife 1963 Coh 10 

Gender-specific relative risks could not be 

calculated from data given. 

 

Denmark Reymann et al.  1978 Coh 41 Lung not separate from all internal cancers. 

 
Contaminated Wine 

 

 

Mosel, 
Germany Luchtrath 1983 Coh 108 

Gender-specific relative risks could not be 
calculated from data given.. 

 

Drinking 
Water 

      

 

Cordoba, 

Argentina Biagini 1978 Coh 5 

Gender-specific relative risks could not be 

calculated from data given. 

 

Victoria, 

Australia Hinwood et al. 1999 N/A 20 Inadequate exposure data. 

 

Bangladesh Chen & Ahsan 2004 RA 
- 

  
Taiwan dose-response data applied to Bangladesh 
exposures. 

 
Bangladesh Sohel et al. 2009 Coh 

- 

  Lung not separate from all cancers. 

 Denmark Baastrup et al. 2008 Coh 402 

Gender-specific relative risks could not be 

calculated from data given. 

 

Inner 
Mongolia, 

China Luo et al. 1997 Coh - Quantitative cancer data not given. 

 

Inner 
Mongolia, 

China Wade et al. 2009 Coh - 

Gender-specific relative risks could not be 

calculated from data given. 

 
Northeastern 
U.S. Heck et al.  2009 CC 

223 
  

Gender-specific relative risks could not be 
calculated from data given. 

  

Toruku, 

Japan Tsuda et al. 1992 Coh 10 

Gender-specific relative risks could not be 

calculated from data given. 

Coh cohort, CC case-control, Eco ecologic, RA risk assessment. 
aNumber of cases does not include reference populations used to calculate standardized mortality ratios
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Chapter 6. Conclusions 

 

Risk Assessment and Policy 

What have we learned about arsenic, after 24,000 publications and counting? In fact, quite a lot 

has changed since the NRC last evaluated the drinking water standard (NRC 1999, 2001).  

That risk assessment, like the one by EPA before, extrapolated from bladder cancer 

effects at high exposures (Chen et al. 1985). In 2013, the NRC issued a new report, 

recommending that the EPA use new data on low exposures rather than extrapolations, and 

include other health endpoints. Besides bladder cancer, they identified lung and skin cancer, skin 

lesions, and heart disease as priorities for risk assessment and policy setting. They also 

recommended consideration of nonmalignant lung disease, prostate and kidney cancer, diabetes, 

pregnancy outcomes, and immune effects.  

These recommendations are consistent with a recent review: “Knowledge of the scope of 

arsenic-associated health effects has broadened: arsenic leaves essentially no bodily system 

untouched” (Naujokas et al. 2013). NRC (2013) and Naujokaset al. (2013) also emphasize 

factors that make some people more susceptible to arsenic, including early life exposures, 

gender, genetics, health status, dietary factors such as selenium and folate consumption, and co-

exposures like smoking, alcohol, chemicals and occupational exposures.  

After re-issuing the 10 µg/L guideline in 2008, scientists with the WHO reported that 

“some epidemiological studies provide evidence of adverse effects” at 50-100 µg/L. They 

concluded that effects are also possible at lower concentrations, but would be difficult to detect 

in health studies (FAO and WHO 2011). This is consistent with calculations by Smith and 

Steinmaus (2009) showing that observing the increased risks expected <50 µg/L (e.g., odds 

ratios of 1.1) would probably require nearly impossibly large sample sizes, not to mention more 

complete assessments of exposures, effect modifiers, and potential confounders.  

 

Cancer 

A new monograph by the International Agency for Research on Cancer still classifies arsenic as 

a carcinogen of the lung, bladder, and skin, with dose-response relationships and associations 

that cannot be attributed to chance or bias. Data strongly suggest that arsenic also causes liver 

cancer (also identified by Naujokas et al. (2013), but not in the 2013 NRC press release), and 

possibly kidney and prostate cancer, but chance or bias could not be ruled out as causing the 

associations observed (IARC 2012).  

As noted in Chapter 1, arsenic does not cause DNA mutations or initiate tumors (Ren et 

al. 2011), and decades of animal studies largely failed to support findings that it was a potent 

carcinogen in humans. Increasing evidence suggests that this is because most lab animals (e.g., 

mice and rats) produce less of the toxic metabolite monomethylarsonous acid (MMA3) than 

humans (Smith and Steinmaus 2009; Vahter 1999). Recent animal experiments, focusing on 
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early life exposures and methylated metabolites like MMA3, now provide stronger evidence of 

carcinogenicity, and lung cancer in particular. IARC (2012, p.53) provides a table and summary 

of animal studies published since 2004.  

 

Lung Cancer 

Lung cancer is now believed to be the most common cause of death from arsenic (Smith and 

Steinmaus 2009). Remarkably, a new case-control study in Chile (Figure 2) has identified 

increased lung cancer risks from arsenic exposures around 60 µg/L (Steinmaus et al. 2014). This 

is the first study with individual data on lifetime exposures to show lung cancer effects from 

concentrations below 100 µg/L. The reason for this breakthrough is the focus on early life 

exposures. As shown in Table 1 (copied from their publication), lung cancer odds ratios were not 

statistically elevated in people who were exposed only later in life.  

As shown in Table 2, there have been eight previous studies of lung cancer with non-

referent exposure groups below 100 µg/L, including our own in California and Nevada (Chapter 

3; Dauphine et al. 2013). Only three of these identified increased relative risks that were not 

likely due to chance. One was the previous case-control study in northern Chile (Ferreccio et al. 

2000), which found similar odds ratios as Steinmaus et al. (2014) (e.g., for 60-89 compared to 

<10 µg/L, the OR was 4.1 (95% confidence interval 1.8 - 9.6). In Ferreccio et al. (2000) 

however, exposures were averaged over many years, such that short periods of high exposures 

could be diluted by long periods of low exposures. As such, people in exposure groups <100 

µg/L could have actually been exposed to concentrations around 860 µg/L (i.e., from the city of 

Antofogasta) for several years. The other two studies with positive results were Aballay et al. 

(2012) from Argentina, and Han et al. (2009) from Idaho, USA. Both were ecologic, had limited 

exposure data, and little to no information on smoking or other potential confounders.  

 

Bladder Cancer 

Whereas the last review of arsenic and lung cancer was in 2008 (Celik et al.),
xlviii

 there have been 

three reviews of arsenic and bladder cancer in the last two years alone. Christoforidou et al. 

(2013) identified 18 studies and two meta-analyses from 2000 to 2013. Most found significantly 

elevated risks above 50 µg/L. Tsuji et al. (2014) found that observed relative risks at 10 and 50 

µg/L were significantly lower than high-dose extrapolations predicted, except perhaps for 

smokers. Nonetheless, Saint-Jacques et al. (2014), using bootstrapped randomizations of data 

from 17 studies, estimated an 83% probability of increased bladder cancer incidence at 50 µg/L. 

 

Skin Cancer and Lesions 

Several recent studies reported skin lesions in participants with exposures <50 ug/L, but many of 

these people were later found to have had higher exposures. Smith and Steinmaus (2009) 

concluded that skin lesions were unlikely below 200 µg/L, and risk assessments should focus on 



127 

 

other, more serious diseases. In a systematic review, Karagas et al. (2015) disagree, asserting that 

“clear dose-related trends have been observed for skin lesions at levels below 100 µg/L,” with a 

similar dose-response for skin cancer, highlighting the need for more studies of exposures near 

10 µg/L.
xlix

  

With 15 skin lesion studies from Asia (Karagas et al. 2015), it seems strange initially that 

there has been just one very small study from Chile (Smith et al. 2000), but this can be explained 

by the lack of persistence of skin lesions after most high exposures in Chile ended over 40 years 

ago.
 
 

 

Other Health Outcomes 

Several recent studies have added to the evidence that arsenic, and particularly early life 

exposures, cause non-malignant lung disease as well as cancer. Parvez et al. (2013) and Recio-

Vega et al. (2015) reported decreases in lung function. In children aged 7-17 who were exposed 

in utero in Bangladesh, Smith et al. (2013) found little evidence of reduced lung function, but 

significant increases in wheezing and shortness of breath.  

Data from Chile continue to suggest previously unknown health effects, including 

tuberculosis (Smith et al. 2011) and cancers of the larynx, penis, and cervix (asrg.berkeley.edu). 

Perhaps most surprising are findings of decreased breast cancer rates during the high exposure 

period (Figure 1), so much so that (Smith et al. 2014) recommend evaluation of clinical trials of 

arsenic as a treatment for advanced breast cancer. Arsenic trioxide can inhibit tumor cell 

proliferation at concentrations that do not cause cytotoxicity (Li et al. 2004; Chow et al. 2004). 

The concentrations that may have caused the decrease in Chile are an order of magnitude lower 

than those already used for Leukemia treatment, the side effects of which have been well 

studied.
l
  

 

Susceptibility Factors 

Metabolism 

Many susceptibility factors (e.g., age, gender, genetics, diet) have been linked to differences in 

arsenic metabolism, but they still fall far short of explaining why some people metabolize arsenic 

less completely—and have higher risks of arsenic-related diseases—than others (Smith and 

Steinmaus 2009). As noted in Chapter 1, humans methylate inorganic arsenic in drinking water, 

first to monomethyl, and then again to dimethyl arsenicals (MMA and DMA), which can be 

trivalent (3) or pentavalent (5). Some people produce less DMA and more MMA than others, and 

this can be measured in blood or urine. Chapter 5 discusses metabolic differences between men 

and women, with a meta-analysis of gender differences in arsenic-induced lung cancer risks.  

Increasing evidence shows that MMA3 is the primary cause of toxicity from ingested 

arsenic. Smith and Steinmaus (2009) reviewed 14 studies of arsenic and bladder, skin, and heart 

disease that had data on the percentage of MMA (%MMA) in participants’ urine. In all but one, 
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odds ratios were about 1.5-4 times higher in people who produced more MMA3. The only 

exception was a hypertension study, wherein essentially no difference was observed (Smith and 

Steinmaus 2009). More recent studies have added to this evidence, and suggest that MMA is 

linked to lung cancer as well. In Chile, bladder and lung cancer odds ratios were 2-3 times higher 

in subjects in the upper tertile of %MMA (p-trend <0.001) (Melak et al. 2014). In Argentina 

(Steinmaus et al. 2010), lung cancer cases had a higher %MMA than controls (17.5% versus 

14.3%, p = 0.01).  

 

Early Life Exposures 

In Chapter 2, I presented evidence of previously unknown health effects from a pilot study with a 

convenience sample of 97 participants in Chile. Several studies suggested that arsenic caused 

non-malignant respiratory problems (e.g., shortness of breath, decreased lung function), but it 

was not known if these health problems continued after exposure was removed (Guha Mazumder 

2007). The pilot study in Chile suggested that these effects may indeed persist for many decades. 

Moreover, the lung function deficits observed with early life exposures were similar to those 

from smoking throughout adulthood (Dauphine et al. 2011). This study has been widely cited 

(e.g., by NRC 2013 and Naujokas et al. 2013) despite its small size and non-random selection of 

participants. Data from an R01 study with about 600 randomly selected participants from the 

same two Chilean cities is now being analyzed to test these findings.  

In light of potential impacts of early-life exposures, Naujokas et al. (2013) recommend 

testing wells used by pregnant women and children especially. This is ambitious when one 

considers that pregnant women and children are in nearly every town in the world, but practical 

applications are possible. For example, educational campaigns could help improve awareness of 

health risks from arsenic, particularly in early life, just as has been done for mercury in fish. 

Prenatal, maternal, and pediatric clinicians could ask parents if they have a private well, and even 

give them an cheap test kit (e.g., the portable Hach EZ arsenic kit) to measure arsenic, as well as 

educate them about the importance of minimizing early life exposures. If regular water sources 

have high arsenic and cannot be immediately treated or replaced, families with limited money 

could allocate bottled water only to children and women who may become pregnant.  

 

Future Research 

Recent research suggests that health effects from low arsenic exposures may be detected if we 

collect accurate data on in utero and childhood exposures. This may be done prospectively in 

Bangladesh and other countries that still have high arsenic exposures, particularly in Asia, from 

Taiwan to Pakistan, along the South and Southeast Asian Arsenic Belt (Ravenscroft et al. 2009, 

Chapter 8). It can also done retrospectively in northern Chile, where we are still seeing the 

effects of exposures that ended more than 40 years ago (e.g., Smith and Steinmaus 2009; 

Steinmaus et al. 2014).  

In stark contrast to Bangladesh and many other places with high arsenic, northern Chile is 

the driest inhabited place on Earth. The vast majority of people drink from municipal, rather than 
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private supplies, so a lifetime exposure assessment is as simple as knowing where a person lived 

(Chapter 2; Dauphine et al. 2011). This makes Chile ideal for investigating the most serious 

health effects from arsenic, which are permanent or have long latencies. As Chileans exposed in 

childhood and in utero go through middle age, the next ten or twenty years could be our best 

chance to understand arsenic’s effects on cancer, heart disease, diabetes, and other diseases. 

Like many investigations of low to moderate arsenic exposures, the lung and bladder 

cancer studies in California and Nevada (Dauphine et al. 2013 and Steinmaus et al. 2003) found 

statistically insignificant increases in health risks, suggesting they may be limited by small 

numbers of participants (especially in exposed areas 40 or more years before enrollment). As 

discussed above in the meta-analysis of low-arsenic exposures and lung cancer, many studies 

have methodological concerns that limit confidence in pooled results. Assessing susceptibility 

factors (e.g., inter-individual differences in arsenic metabolism, particular genes and dietary 

factors such as selenium and folate), combined with more traditional data on smoking and other 

confounders, could help us detect the small increases in health risks expected at low exposures. 

More bladder and lung cancer cases might be enrolled in California and Nevada and 

pooled with the previous studies there. However, the high migration rate of participants (e.g., the 

fact that many exposed in the 1990’s will move somewhere else) raises concerns about the cost-

effectiveness of future research on arsenic here. Lacking a national registry with lifetime 

residential histories for people with cancer, arsenic epidemiologists in the U.S. are trying to 

gather this information through private marketing firms and commercial resources such as 

LexisNexis (Jacquez et al. 2011).  

While there is no funding now to interview every person in the U.S. with cancer, perhaps 

a website could be developed in which cancer cases could enter their own residential histories, 

along with smoking and other information, perhaps with encouragement from their health care 

team. Given the inevitable incompleteness of such a voluntary system, bias could arise, for 

example by higher participation in urban areas, which tend to have lower arsenic. Nonetheless, 

such a database could complement commercial ones to improve exposure assessments for most 

environmental toxins, which vary by region. 

Chapter 4 discusses models and ideas for improving water quality estimates in 

groundwater, both in Nevada and beyond. Worldwide, researchers at the Swiss Aquatic Institute 

(Amini et al. 2008) identified potentially high arsenic areas that do not have available 

measurements, including some areas, like the Amazon Basin, that were not expected to have 

high arsenic by researchers with the Royal Geographic Society (Ravenscroft et al. 2009). Future 

measurements will resolve these discrepancies, improving maps and models. 

Besides protecting those most vulnerable, arsenic measurements for families with 

children can improve exposure assessment for those most likely to have detectable health effects. 

With around 200 million people still exposed to arsenic concentrations above 10 µg/L (WHO 

2008), and the long latencies of the most serious arsenic-related diseases, there will be ample 

opportunities to test new findings of effects at low exposures (e.g., Karagas et al. 2015; 

Steinmaus et al. 2014), provided good exposure data are available.
li
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Conclusion 

When I first came to Berkeley for my MS, in the fall of 2005, Hurricane Katrina had just struck 

the Mississippi Delta. Among many harrowing events, a hospital in New Orleans was cut off 

from the surrounding land. Relying on generator power while helicopters evacuated patients, the 

doctors and nurses had to choose which patients would live and die (Fink 2013). Katrina was 

often mentioned during my first year in the School of Public Health, as an M.S. in Kirk Smith’s 

Global Health and Environment program. 

Looking at a map of arsenic in Bangladesh (Figure 3), I see another delta, this one 

draining the largest rivers from the largest mountains on Earth. I see a disaster unfolding in slow 

motion, with millions of people at risk.  

Of course I lack experience, and am too narrowly focused in my discipline, to fully 

understand the economic and political obstacles involved in ensuring low-arsenic water for 

everyone. Ideally of course, the precautionary principle teaches that we not wait until we are sure 

about the health effects below 100 µg/L. We should err on the side of caution, potentially 

wasting money yes, but not lives. People in Chile are still dying from arsenic exposures that 

ended more than 40 years ago. We should not allow these exposures to continue in Bangladesh 

and West Bengal, which have hundreds of times as many people exposed. 

I also see mapping to be done. Like Columbus or the Polynesian voyagers, I would love 

to explore the world, gathering measurements in every community, down to the poorest and most 

neglected and rural, to make sure everyone is safe from this poison.  

But measuring is one thing. Sharing, distributing, and compiling these measurements is 

another, as illustrated by the California Nevada study and the gold prospecting company from 

which we purchased our data on private wells (Chapter 4). Gathering exposure data from the far 

corners of the world, like the mapmakers of old as well as the explorers, linking these data to 

ever more precise estimates of health effects, this is how I hope to help.  
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Figure 2.  From Steinmaus et al. (2014). 
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Tables 

Table 1. Lung cancer odds ratios from Chile, stratified by age (Steinmaus et al. 2014).  
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Table 2. Studies of lung cancer and arsenic below 100 µg/L (Steinmaus et al. 2014)  
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Endnotes 

                                                           
i
 Adenine Triphosphate, better known as ATP, the end product of photosynthesis and 

metabolism, the currency of biology and primary energy source for life on Earth. Recent reports 

of a bacteria in Mono Lake that could substitute arsenic for phosphorous entirely, and thus be 

perhaps the only life form known that does not require phosphorous, are being investigated. 

ii
 If arsenic occurs naturally, why does it contaminate some places more than others? Within high 

arsenic regions, why do neighboring wells often differ dramatically in water quality? To answer 

these questions, I will draw heavily from the book Arsenic Pollution, A Global Synthesis, by 

Ravenscroft, Brammer, and Richards (2009), of the United Kingdom’s Royal Geographical 

Society. 

Ravenscroft et al. (2009) point out that water contamination is not primarily caused by high 

arsenic concentrations in surrounding rock or sediment. Instead, it requires a “geochemical 

trigger” or mobilization mechanism. Unsurprisingly however, high groundwater arsenic is often 

associated with high concentrations in the surrounding rock and sediment (Anning et al. 2012). 

iii
 such as the dissolution of arsenic-coated iron oxides by soil bacteria in water-saturated soils 

iv
 We rarely have data on all of the important determinants of arsenic at different locations, even 

if we understood how they interacted. Small scale variability is never random. It always is 

caused by something, even if we don’t know what it is or have a measurement for it. Multiple 

factors influence arsenic concentrations. Their relative contributions and interactions are poorly 

understood. Data on arsenic determinants and correlated variables (e.g., distance from 

headwaters, local precipitation/evaporation ratios, groundwater chemistry and flow direction, 

sediment size, and well depth). 

v
 Kriging is named after the South African gold prospector Danie Krige. 
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vi

 In Maine for example, arsenic is mainly released into groundwater by sulphide oxidation of 

bedrock, whereas in Nevada arsenic is mobilized by reductive dissolution in sedimentary 

aquifers. 

vii
 consistent with textbook recommendations (Bailey and Gatrell 1995) 

viii
 Units? Hard to tell from picture but could look again at their methods. Percentages because 

indicator kriging? 

ix
 Lung cancer study participants reported using 234 private wells in the Nevada study area. 

Seventy (30%) were measured or matched to the Nevada State Health Department database. 

Seventy-two (31%) were classified as unknown. Most of these had incomplete or unknown 

addresses. Estimates were used for the remaining 92 (39%).  

For four wells (2% of the 234), only the street name was given, but the street was <1 mile 

long, so the address was assigned to the middle. Forty wells (17%) were assigned the median 

concentration of all wells within the same square-mile section defined by the U.S. Public Land 

Survey, as described in the preceding chapter. If <2 wells existed in the section, as was the case 

for 48 (21%) of participant wells, the median of all wells within 3,000 m was used, except 

around Fallon, where arsenic concentrations were more variable. Here, the median of all wells of 

similar depth (either above or below 14 m) within 2,000 m was used (Dauphine et al. 2013). 

Typically, unmeasured wells account for only a small proportion of participant years in 

the study area (e.g., about 15% in the California Nevada lung cancer study (Chapter 3; Dauphine 

et al. 2013)). However, a much larger proportion of participants (WOULD BE NICE TO GET 

ACTUAL PERCENTAGE) have a least one unmeasured well. As a result, many participants 

may be misclassified as having low exposures. No matter how many studies are done the same 

way, with so much exposure data missing, the true health impacts of arsenic—and other drinking 

water contaminants—may remain unknown. 

Exposure misclassification is most likely non-differential (similar in diseased and non-

diseased), biasing effect estimates towards the null (e.g., relative risks of 1.0), and 

underestimating risks. For example, a misclassification rate of 30% (both sensitivity and 

specificity) can bias a true relative risk from 3.0 to 1.5 (Rothman and Greenland 1998a).  

In the California Nevada lung cancer study (Chapter 3; Dauphine et al. 2013), just as in 

the earlier bladder cancer study in the same area (Steinmaus et al. 2003), estimated increases in 

cancer risk due to arsenic were either not statistically significant, or lower than those predicted 

by extrapolations from higher exposures. Exposure misclassification bias from unmeasured wells 

in these studies could potentially be large enough to mask elevated relative risks. Unadjusted 

lung cancer odds ratios, for example, were 2.36 (95% CI: 0.86-6.47) when zeroes were assigned 

to unknown arsenic concentrations (using 20-year highest average arsenic, 40 year lags, and 

exposure groups of >85 µg/L versus <10 µg/L). In the most extreme scenario, wherein we 

suppose that all unmeasured wells were actually high for cancer cases and low for controls, the 

true odds ratio would be 4.02 (1.60-10.06). The potential bias was similar with shorter durations 

and latencies and adjusting for smoking, occupational exposures, education, income, obesity, 

age, and sex.  
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x
 in order to improve our understanding of arsenic’s health effects and inform the debate about 

the drinking water standard.  

xi
 In the Kings County, California study area, our measurements supported previous findings of 

low arsenic outside the city of Hanford. Of 22 participant wells measured, 20 (91%) had 

concentrations below 10 µg/L, and all were below 50 µg/L. In Nevada by contrast, arsenic in 

participant wells ranged up to 1,460 µg/L (Table 3). 

xii
 There may be more aquifer profiles available, may have seen one for the upper Carson by Paul 

et al., but of course Fallon is the most important in terms of modeling and exposure assessment. 

xiii
 Given this mix of water, the 1749 wells in these two areas were combined in most analyses of 

the Fallon area. At 110 µg/L, the median arsenic concentration of the 177 wells along the 

Truckee Canal was nearly as high as the maximum concentration in the upper Carson Basin. The 

1572 wells in the lower Carson Basin had a median concentration of 30 µg/L and a maximum of 

4900 µg/L. 

 Exposed to weather cycles such as El Niño, the Carson Watershed experiences 

frequent floods and droughts. Between 1940 and 1995 for example, the amount of water in the 

river flowing past Carson City was 20-fold higher in the wettest year than the driest (Carson 

River Chronology, Nevada Division of Water Planning, 1997). 

xiv
 (known as playas). Evaporative concentration results in high arsenic concentrations in the 

groundwater below these “upward flow” or groundwater “discharge” areas. 

xv
 Although these data were only shown for 14 wells, these were distributed across a 30 x 50 km 

area including most populated areas surrounding Fallon in Churchill County. 

xvi
 Less dramatic increases are seen in the upward flow area (e.g., irrigated median As~250 ug/L 

compared to ~150 ug/L in non-irrigated area). Based on boxplots (Figure 21, pp. 63-65). Maurer 

et al. also compared arsenic measurements before and after the Truckee Canal and Newlands 

irrigation project were completed. 

Anning et al. (2012) describe how irrigation, well pumping, and water development in general 

increase the lateral and vertical flow of water, making areas more susceptible to arsenic 

contamination. Nimick (1998) discusses irrigation with high-arsenic river water as a contributor 

to high groundwater arsenic in the lower Madison Valley in Montana, near Yellowstone National 

Park.   

xvii
 Without considering flow direction and irrigation status within the shallow aquifer, this 

relationship between arsenic and depth and sediment type (sand, silt, clay) seems to disappear 

(Welch and Lico 1998). Welch and Lico (1998) did not find a relationship between arsenic and 

sediment color despite the fact that arsenic is mobilized primarily by reductive dissolution, as in 

Southeast Asia, where wells screened in orange-brown sediment (indicative of iron solids) 

usually have much lower arsenic than those screened in gray sediment (indicating that arsenic-

bearing iron oxides have dissolved into groundwater) (Ravenscroft et al. 2009; Winkel et al. 

2008). More recent studies may have found color associations in Nevada (e.g., Paul et al.). 
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xviii

 by the UC Berkeley Arsenic Health Effects Research Program 

xix
 The Nevada Division of Environmental Protection, Nevada Bureau of Mines and Geology, US 

Geological Survey, US Environmental Protection Agency, National Resources Defense Council, 

the Desert Research Institute, and numerous city, county, and state water agencies have also 

taken measurements in the study area, which were compiled by Nevada Exploration, 

Incorporated, a company that uses groundwater measurements to find gold. 

xx
 Some geographical coordinates in the original database were based on the center of the square-

mile U.S. Public Land Survey System section, such that many different wells had identical 

coordinates. 

xxi
 In any case, the ultimate goal was not to distinguish between very low arsenic values (e.g., 1 

versus 3 µg/L) but rather to develop models to predict whether unmeasured wells used by study 

participants were low or high (e.g., ≤10 versus ≥85 µg/L). 

xxii
 As shown in Table 2, there was no indication of lower arsenic levels in very shallow wells, as 

had been reported in Bangladesh due to oxygen permeation and corresponding inhibition of 

reductive dissolution, the primary mobilization mechanism in both places. The highest median 

and maximum arsenic concentrations occurred within 50 feet of the surface, consistent with 

previous reports (Welch and Lico 1998). However, medians were nearly as high up to 100 feet 

deep, corresponding to the bottom of the Fallon formation, which is composed of silty sand to 

the west, near the Carson river, and silty clay to the east. From 100 to 150 feet deep, the Turupah 

formation, composed of ancient dune sand and considered the best aquifer around Fallon, still 

had some concentrations above 3000 µg/L. From about 150 to 200 feet deep, the Sehoo 

formation, composed of clay from the bottom of ancient Lake Lahontan, had much lower median 

and maximum concentrations, a trend that continued in deeper wells below.  

 

xxiii
 Most maps were generated, and a few spatial analyses were performed, using ArcGIS 10.3 

(ESRI, Inc., Redlands, CA USA). 

xxiv
 Truckee Trib includes Virginia City Highlands and Washoe Valley north of Carson 

City…Walker includes Topaz Lake and some wells labelled as Gardnerville…One well in 

Wadsworth on main Truckee was grouped with Truckee Canal wells in Fernley.  

Some inter-basin seepage does occur, with Carson river water recharging wells in the Truckee 

basin, but this is negligible. Ten wells in Hazen, recharged more by the Truckee Canal than the 

Carson River were grouped with Fallon wells as “Carson-Truckee,” or “Lower Carson” because 

they were over Ragtown Pass from Fernley, in their own small basin terminating in Massie 

Slough. Ragtown Pass served served as the dividing line between Truckee Canal wells and 

Lower Carson Wells, which are recharged by both the Truckee and Carson Rivers. P. 47, 4-4 

table 8: Truckee brings more water to Lower Carson Basin than Carson most years, but about 

half and half (TCID 2010). 

 
xxv

 The equation for both Pearson’s and Spearman’s rank correlations is: 

1 – [(6∑ di
2
) / (n(n

2
-1)] 
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where n is the number of wells, and   is the difference between measured and 

predicted arsenic concentrations for Pearson’s correlations, and the difference in ranks for 

Spearman’s, where the highest concentrations get the highest ranks, and ties are assigned the 

average of the rank. For example, the 602 arsenic non-detects were all assigned a rank of 301, 

the average of one through 602 

(http://en.wikipedia.org/wiki/Spearman%27s_rank_correlation_coefficient ).   

Because neither raw nor log arsenic concentrations are normally distributed, the ideal 

predictor would not be normally distributed either. Therefore, one could argue that Pearson’s 

correlations could be a better indicator of the best predictor than spearman’s, because they reflect 

the actual magnitude of the prediction rather than simply the rank. Ideally, we will have a linear 

relationship between actual and predicted arsenic, as measured by Pearson’s R. For the highest 

arsenic measurement of 4900 ug/L, for example, the ideal prediction should also be near 5000 

ug/L, not just the highest value in a set of predictions that peaks at, say 448 ug/L, like the GAM 

for the 2730 wells with neighbors within 408 m.    

However, Pearson’s correlations can be reduced disproportionately by high arsenic 

values. For example, if the highest arsenic concentration, 4900, is predicted to be 900, 

d2=4000*4000=16,000,000, so the Pearson correlation would be driven far down, even though 

both are in the high exposure category used to calculate lung cancer relative risks. In contrast, if 

a 100 ug/L concentration is misclassified as 10, the equivalent of high misclassified as low, 

d2=90*90=1800. Dividing 16,000,000 by 1800, we see that the first difference between actual 

and predicted (4900 vs. 900) decreases the correlations nearly 9,000 times as much as the latter 

(100 vs. 10), even though the latter involves a misclassification and the former does not. 

Therefore, Spearman’s were expected to be a better indicator of correct classification than 

Pearson’s, which can be driven by a few extremely high arsenic values.  

xxvi
 The steps used to compare models were: 

1. Optimize parameters to maximize the average Spearman’s correlation in K-fold 

validation: 

a. Distance for local medians, ideally available for at least 80% of wells 

b. Number of neighbors and inverse distance weighting power for IDW 

c. Type of spline and variables for GAM 

2. “Apples to oranges:” Compare Spearman’s correlations and correct categorization of 

measurements for local medians, which were only available for wells with neighbors 

within the specified distance, to other estimates available for all 3138 wells in the study 

area  

3.  “Apples to apples:” Compare models using only wells with a neighbor within the 

distance chosen for local medians 

a. Overall Spearman’s correlation 

b. Scatterplots, linear equation, and Pearson’s correlation 

c. Correct assignment to high, medium, and low arsenic categories: 

i. Number of wells correctly classified 

ii. Average percent correct across the three categories  



155 

 

                                                                                                                                                                                           

iii. Categorization score, out of 100%: 

1. Each well correctly categorized counted as one 

2. Assignment to an adjacent category (e.g., high misclassified as 

medium) counted as half 

3. Assignment to a non-adjacent category (e.g., high misclassified as 

low) counted as zero 

4. Divide the sum of 1 and 2 above by the total number of wells. 

4. “Oranges to oranges:” Compare models again, this time using only the remaining wells, 

those without a neighbor within the distance chosen for local medians 

Repeat steps 1 through 4 using only wells in the high-arsenic area around Fallon. 

 

xxvii
 Could plot correlation vs. distance, and percent of wells that have at least one neighbor 

within various distances. 

xxviii
 Medians within 360 m were selected for comparisons with other models in some analyses: 

Categorization 

Inverse distance weighted average (IDW) with the best Pearson’s correlation (five neighbors 

maximum, 0.3 inverse distance weighting power (idp)) performed slightly better than the IDW 

with the highest Spearman’s correlation (15 neighbors maximum, 0.9 idp), categorizing 72% of 

wells correctly (Supplemental Table 3) compared to 70% (Table 9). By other, more important 

categorization measures however, there was even less of a difference. IDW averaged 71% 

correct assignment across high, medium, and low categories either way, and with the average 

score dropped only slightly, from 84.2% to 83.9%. 

Medians within 360 m, which were chosen based on Pearson’s correlations, categorized 

the same percentage of wells correctly as medians within 408 m, which had the highest 

Spearman’s correlations. Unsurprisingly, the other models, which operated under the same 

criteria in both datasets (2681 wells with a neighbor within 360 m, or 2730 wells with a neighbor 

within 408 m), also performed similarly in terms of categorization, regardless of which dataset 

was used. The order of models was identical in terms of average percentage correctly classified 

and categorization scores: Of the 2681 wells with at least one neighbor within 360 m, 55% had 

low arsenic (≤10 µg/L), 24% medium (11-84 µg/L), and 21% high (≥85 µg/L). The median of 

measurements within 360 m correctly classified 74%, followed by nearest neighbors (72%), 

IDW (72%)the RFM (68%), kriging (65-66%), the GAM (60%), and the ensemble model (50%). 

IDW had a slight edge over models, averaging 71% correct assignment across the three 

categories, with a score of 84%. The RFM was next best, averaging 70% correct assignment, 

followed by local medians (69%), kriging (67-68%), nearest neighbors (66%), the GAM (63%), 

and the Ensemble model (55%). Again, the order was the same for categorization scores.  
xxix

 The minimum and maximum Pearson’s correlations demonstrate the advantage of K-fold 

cross validation over a single test and training dataset pair. For nearest neighbors, correlations 

nearly doubled, from 0.34 to 0.64, depending on which 20% of wells were randomly selected to 

be test wells (simulating unmeasured wells) and which 80% were selected as training wells 

(simulating measured wells) for making predictions.    
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 This seems intuitive, as a smaller number of neighbors might provide a better exact estimate 

for Pearson’s, while a larger number would provide a more robust estimate for Spearman’s 

ranks. 

xxxi
 for the 2730 wells with at least one neighbor within 408 m, the distance with the best 

Spearman’s correlation for local medians 

xxxii
 As previously noted, the Fallon area, including the Truckee Canal and lower Carson Basin, 

has most of the high-arsenic wells in the study area. While the potential for high arsenic makes 

the Fallon area more important to model correctly than the rest of the study area, the persistent 

abundance of low arsenic wells also makes this more challenging. The Walker Basin can also 

have somewhat high arsenic (median 9 µg/L, maximum 230 µg/L), but only 6% of wells were in 

the Walker Basin, compared to 56% around Fallon. 

xxxiii
 The best distance, balancing high correlation with availability, was not as clear as in the 

whole study area, where the best correlated distance, 408 m, was available for 87% of wells. 

Around Fallon, only… 

xxxiv
 Could add a table with summary statistics as in the study area at large, and could add 

percentage in each category for each model (which is different than the CORRECT 

categorization, which I already have). Might help see for example, how many ensemble 

predictions are high medium low… 

xxxv
 Better categorization by medians suggests that it might be better to include at least two 

neighbors within 1000 m, but this would require further analysis. Although medians within 1000 

m had better categorization scores than nearest neighbors, this may be driven by the median 

within 133 m, plus zero to a few more neighbors per well. The 27% of wells without neighbors 

within 133 m could not be analyzed by themselves because their closest neighbors would often 

be among the other 73%. Therefore models were not specifically optimized or evaluated only for 

them. However, statistics like the average number of wells used in the various medians could be 

determined, specifically for those 27% of wells, to determine which model, nearest neighbors or 

medians at distances larger than 133 m, predicts better, if there is indeed a substantial difference 

in performance.    

xxxvi
 Other researchers would be most welcome to attempt better estimates in this study area. 

xxxvii
 As noted in Chapter 1, Anning et al. (2012) used incorporated nearly 100 variables about 

rock and soil type, groundwater chemistry, and other factors. including a novel indicator for 

groundwater flow path. Random forest models excel with many variables, and unlike with 

regression models, collinearity is not a problem. 

xxxviii
 More residential measurements might also be obtained from other agencies such as the 

Walker River Indian Tribe. There may not be many measurements for this reservation (between 

Yerington and Walker Lake) however, as it seems sparsely populated outside the town of Schurz. 

xxxix
 Because drinking water health studies rarely have measurements for every participant well, 

and will usually be forced to make conclusions with limited exposure data, the older database, 

with fewer measurements, was considered equally valid for comparing different methods of 
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predicting arsenic in unmeasured wells. Given the latency period for cancer, the pre-2001 

measurements were also more relevant to our studies than more recent ones with respect to 

annual variability in arsenic, however small it may be. 

xl
 Given that A

2 
+ B

2 
= C

2
, C = √(1600

2
 + 1600

2
) = 2263 with a right-angled triangle with sides A 

and B each 1600 m long and hypotenuse C. 

xli
 This remained true when depth criteria were included, in which case the best correlations were 

with distances of 148 m and depths of 21 m. This is for the whole study area based on Pearson’s 

correlations. It would also be good to get Spearman’s, and just for Fallon area. As previously 

mentioned, depths are rarely known for unmeasured wells, so this is not the highest priority. 

xlii
 

 

Exp (1) Unexp (0) M 

Cases (A*) 38 143 181 

Controls (B*) 42 290 332 

 

80 433 513 

Observed OR 1.8 Overall RR for lung cancer 

 

xliii
For example, an unmeasured well with low arsenic would have the same probability of being 

misclassified as high regardless of whether it was used by a case or control, running counter to 

the hypothesis that cases had higher arsenic.  

xliv
 If so, these maps should be shared with local government, utility operators, and well drillers 

as well as researchers at the University of Nevada, Reno, and the Carson City branch of the U.S. 

Geological Survey, along with other collaborations. 

xlv
 The RFM and IDW were also best at identifying high arsenic wells, with sensitivities of 89-

90% and accuracies of 57%. Both of these measures—the percentage of high arsenic wells that 

are identified and the percentage of high estimates that are correct—are critical, because health 

effect estimates are typically driven by a small number of study participants with high exposures. 

When sensitivity and accuracy for high arsenic wells were averaged together, local medians and 

nearest neighbors were the worst two models, at 60-63%, compared to the other models, at 68%. 

When the RFM and IDW did misclassify high arsenic wells, they assigned more to the medium 

arsenic category than other models. 

The ensemble model correctly identified 99% of high arsenic wells, but only 37% of its high 

estimates were correct. Local medians and nearest neighbors, on the other hand, identified only 

60-62% of high arsenic wells, but 60-64% of its high estimates were correct.  

All models, especially the random forest, performed better in the upper Carson basin, where 

arsenic was less variable.  The best categorizer of wells in the Fallon area was the median of 

measurements within 133 m, which averaged 61% correct assignment to high, medium, and low 

categories for the 1279 wells for which it was available. The median with 1000 m, available for 

nearly all 1749 wells around Fallon, averaged 55% correct categorization of wells. Nearest 
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neighbors averaged 56%. At 53% however, inverse distance weighting would still be 

recommended for health studies because of its superiority in identifying high arsenic wells. 

xlvi
 towards the null in either case 

xlvii
which was when I performed these analyses. 

xlviii
 FAO/WHO (2011), IARC 2012 and NRC (2013) included lung cancer in more general 

reviews.  

xlix
 So continues a long standing debate between the Dartmouth and Berkeley arsenic groups. As 

our Berkeley team investigates moderate and high exposures in Bangladesh and Chile, the 

Dartmouth team continues to look for effects from lower exposures in Bangladesh and New 

England, as described in more detail below. 

l
 A few other studies provide some data on arsenic and breast cancer in humans, but do not add 

much information, neither confirming nor contradicting these finding from Chile (Smith et al. 

2014). 

li
 This is especially true for diseases like lung cancer, which seems to peak more than 30 years 

after exposure. 




