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Abstract 

Background: Lead in drinking water continues to put children at risk of irreversible 

neurological impairment. Understanding drinking water system characteristics that influence 

blood lead levels is needed to prevent ongoing exposures. 

Objective: Assess the relationship between children’s blood lead levels and drinking water 

system characteristics using Bayesian networks. 

Methods: 40,742 individual blood lead records from 2003-2017 for children in Wake County, 

North Carolina, were matched with the characteristics of 178 community water systems. 

Bayesian networks were machine-learned to evaluate the drinking water variables associated 

with blood lead levels ≥2 µg/dL and ≥5 µg/dL. The model was used to predict geographic areas 

and water utilities with elevated lead risk. 

Results: Drinking water characteristics were not significantly associated with children’s blood 

lead levels ≥5 µg/dL but were important predictors of blood lead levels ≥2 µg/dL. Whether 10% 

of water samples exceeded 2 ppb of lead in the most recent year prior to the blood test was the 

most important water system predictor and increased the risk of blood lead levels ≥2 µg/dL by 

42%. The model achieved an area under the receiver operating characteristic curve of 0.792 

(±0.8%) during ten-fold cross validation, indicating good predictive performance.  

Conclusions: Water system characteristics are predictive of blood lead levels ≥2 µg/dL and may 

be used to identify areas that are at higher risk of water lead exposure. 

Significance: Current drinking water regulatory thresholds for lead are insufficient to detect the 

levels in drinking water associated with children’s blood lead levels.    
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1 Introduction 

Lead has been used to deliver piped drinking water for millennia due to its unique chemical 

properties, including low melting point, malleability, and relative resistance to corrosion. Despite 

warnings about the negative health effects of lead exposure since antiquity (Lessler, 1988; 

Vuorinen, Juuti, & Katko, 2019; Hodge, 1981), by the 19th century, 70 percent of drinking water 

mains and service lines in the United States (U.S.) contained lead (Rabin, 2008). The effects of 

elevated lead in infants and young children include neurological damage resulting in permanent 

developmental, learning, and IQ deficits (McMichael et al., 1988; Bellinger, Leviton, Waternaux, 

Needleman, & Rabinowitz, 1987; Needleman, Schell, Bellinger, Leviton, & Allred, 1990). 

Despite documented cases of lead poisoning in households served by lead pipes as early as the 

1850s (Adams, 1859), plumbers and pipe manufacturers continued to promote the use of lead in 

U.S. drinking water systems well into the 20th century (Rabin, 2008; Gray, 1916).  

Lead plumbing was first regulated in the U.S. in 1986 in an amendment to the Safe Drinking 

Water Act which required components used for drinking water to contain no more than 8% lead, 

whereas, previously, fittings and fixtures may have contained 40-50% lead (Maas, Patch, 

Morgan, & Pandolfo, 2005). The subsequent Lead and Copper Rule, promulgated in 1991 and 

revised in 2000, 2004, and 2007 requires lead sampling at a small number of selected individual 

residences and establishes an action level of 15 parts per billion (ppb) (USEPA, 1991; USEPA, 

2000; USEPA, 2004; USEPA, 2007). The Lead and Copper Rule is violated if more than 10% of 

households tested in a designated year (i.e., the 90th percentile of monitoring samples) exceed 

the action level. If this threshold is exceeded, the utility is required to implement system-wide 

corrosion control measures, remove sources of lead in the distribution system, and disseminate 

educational materials to the public. In 2019, revisions to the Lead and Copper Rule were 

proposed that would establish an additional trigger level at 10 ppb. If 10% of samples exceed the 

trigger level, utilities would be required to perform a corrosion control optimization study as a 

preemptive measure to identify a strategy for lead mitigation (USEPA, 2019).  

Although the Lead and Copper Rule acknowledges that there is no safe level of lead in drinking 

water, the regulation is principally designed to monitor utility corrosion control systems, rather 

than to be protective of health at the household scale. Corrosion control is assessed through 

sample collection at a limited number of residences, up to 100 locations for systems serving 

greater than 100,000 people (i.e., 0.1% of homes served). Systems in compliance with the Lead 

and Copper Rule are not required to remove lead service lines. As a result, estimates suggest that 

6.1 million lead service lines still exist in approximately 30% of all U.S. community water 

systems, serving between 15 and 21 million people (Cornwell, Brown, & Via, 2016). What is 

more, as many as 77% of all U.S. housing units (over 80 million homes) likely contain lead 

solder joints and virtually all U.S. homes contain some brass components with up to 8% lead by 

weight (Triantafyllidou & Edwards, 2012).  Thus, even where utilities are in compliance with all 

Lead and Copper Rule provisions, the conditions influencing lead release within distribution 

systems are often poorly characterized (Schwetschenau, Small, & Vanbriesen, 2020). Legacy 

lead service lines, lead-bearing plumbing components, and low sampling rates can all cause 

unsafe lead levels at individual household taps to remain undetected (Riblet, Deshommes, 
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Laroche, & Prévost, 2019; Triantafyllidou & Edwards, 2012). Consequently, compliance with 

the Lead and Copper Rule action level is not considered adequately protective for children and 

formula-fed infants, who represent the population most vulnerable to lead exposure (Redmon, 

Gibson, Woodward, Aceituno, & Levine, 2018; Triantafyllidou & Edwards, 2012; Lambrinidou, 

Triantafyllidou, & Edwards, 2010).   

Despite the limitations of the Lead and Copper Rule, it remains the only regulatory tool available 

to manage drinking water lead exposure from the myriad potential sources of lead in drinking 

water distribution and premise plumbing systems. Therefore, it is critical to develop improved 

risk assessment techniques that can be implemented in conjunction with the Lead and Copper 

Rule framework and that are based in an understanding of how system-wide conditions bear 

upon public health. Detailed mechanistic models relating drinking water to children’s blood lead 

levels are not always practical for population-wide predictions given that household drinking 

water lead concentrations are often highly variable and difficult to model accurately (Trueman, 

Camara, & Gagnon, 2016; Del Toral, Porter, & Schock, 2013).  Thus, new approaches are 

needed for system-level analysis and risk assessment that go beyond Lead and Copper Rule 

compliance and proactively identify and respond to lead risk in community water systems where 

it may otherwise be overlooked.  

Machine learning approaches provide a promising alternative to mechanistic models due to their 

ability to leverage diverse datasets to predict elevated lead risk without expensive sampling or 

comprehensive household-level data. In this work, we use machine-learned Bayesian network 

models that provide a number of advantages over traditional statistical techniques. First, by using 

a nonparametric modeling approach, Bayesian networks can capture complex and nonlinear 

relationships and avoid problems of multicollinearity (Lee, Henning, & Cherniack, 2019; 

Sebastiani & Perls, 2008).  Additionally, by exploiting conditional independencies between 

variables in the network, Bayesian networks reduce the number of parameters required to express 

the joint probability distribution and thus provide a compact means of describing complex data 

sets  (Goldszmidt, 2011).   

 Previous applications of Bayesian networks to assess environmental health risks include the 

temporal spread of West Nile Virus (Orme-zavaleta, Jorgensen, Ambrosio, Altendorf, & 

Rossignol, 2006), exposure to Staphylococcus aureus in pasteurized milk (Barker, 2013), low 

birth weight from arsenic exposure in drinking water (Zabinski, Garcia-Vargas, Rubio-Andrade, 

Fry, & MacDonald Gibson, 2016), and transmission of Ebola virus through municipal 

wastewater systems (Zabinski, Pieper, & Gibson, 2018). Francis et. al. have also demonstrated 

the benefits of Bayesian networks in predicting pipe breaks in drinking water distribution 

systems (Francis, Guikema, & Henneman, 2014). To our knowledge, however, these methods 

have not been deployed previously to predict drinking water lead risks in community water 

systems. Potash et. al. present a promising application of other machine learning approaches for 

predicting elevated risk of lead exposure from household paint and dust in Chicago (Potash et al., 

2015), but no such tools currently exist for drinking water lead.   
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Thus, in this study, we used machine-learned Bayesian networks to model the complex 

probabilistic relationships between system-level drinking water characteristics, Lead and Copper 

Rule monitoring data, and children’s blood lead levels.  Our specific objectives were to:   

1. Assess the extent to which children’s blood lead levels are associated with community 

water system characteristics; 

2. Evaluate machine-learned Bayesian network models to predict blood lead levels from water 

system characteristics. 

This approach will help drinking water and public health managers identify and predict elevated 

lead risk in community water systems and prioritize interventions where they are most likely to 

be needed.   

2 Methods 

2.1 Summary 

Bayesian networks were leveraged in conjunction with geospatial analysis in order to identify the 

relationships between water system characteristics, geographic and demographic characteristics 

and blood lead surveillance data in Wake County, North Carolina. Our training data set included 

1) blood lead levels from 40,742 children served by community water systems between 2003 and 

2017; 2) neighborhood demographic and socioeconomic data for each child’s address; 3) 

historical Lead and Copper Rule sampling results for each community water system in the 

county; and 4) characteristics of each water system including size, infrastructure, and treatment 

train. Each child was paired with the characteristics of the water utility he or she was served by 

in order to identify relationships between water system operational parameters, water lead 

concentrations, and children’s blood lead levels.  Figure 1 summarizes the spatial relationships 

between these integrated data sets.  The data sources and the integration procedure used are 

described briefly below, with more detailed information available in the Supplemental 

Information (SI), Section S1.  
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Figure 1. Spatial relationship among integrated datasets. Demographic and socioeconomic 
characteristics are described at the Census block group level. For visual clarity, only Census tracts are 
shown on the map with multiple block groups contained within a Census tract. 

 

2.2 Data set integration and compilation 

2.2.1 Blood lead levels, household attributes, and neighborhood characteristics 

Historical children’s blood lead measurements from 2002 to 2017 were obtained for Wake 

County, NC from the NC Department of Health and Human Services Childhood Lead Poisoning 

Prevention Program. These data represent 59,483 blood lead test results including the household 

address, birth date, and gender of each child tested. Wake County residential property tax records 

were used to identify the value of each child’s home and the water source used (i.e., private well 

or community system). Each household was also matched to the demographic and 

socioeconomic characteristics for the corresponding U.S. Census block group from the American 

Community Survey (2013-2017). The georeferencing procedure and validation method for this 

data set has been described in detail elsewhere (MacDonald Gibson, Fisher, Clonch, Macdonald, 

& Cook, 2020).  
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Recorded blood lead levels were classified by whether they were greater than or equal to two 

thresholds,  5 𝜇g/dL and 2 𝜇g/dL. The 5 𝜇g/dL target was selected as it is the Centers for Disease 

Control and Prevention (CDC) Reference Level for clinically determining elevated blood lead, 

while the 2 𝜇g/dL threshold was chosen as the median blood lead level in the data set (including 

children receiving water from private wells) in order to also detect possible relationships with 

subclinical lead exposures. Subclinical effects are significant as they may not result in obvious 

clinical symptoms but may still result in negative neurological outcomes not observed until later 

during a child’s development (National Toxicology Program, 2012).  The trend in children’s 

blood lead levels served by community water systems is shown in Figure 2, Panel A. As can be 

seen, there is a decreasing trend in the proportion of children with blood lead levels ≥5 𝜇g/dL 

and ≥2 𝜇g/dL over time (records from 2002 were removed due to low testing rate in that year).  

 

Figure 2. Summary of blood and water lead concentrations in Wake County, NC from 2003 to 2017. 
Panel A: Percent of children that are served by community water systems with blood lead 
concentrations greater than or equal to 2 μg/dL and 5 μg/dL each year. Panel B: Percent of water 
systems serving these children for which the 90th percentile water sampling result is greater than the 
specified thresholds (2 ppb, 5 ppb, 10 ppb, and 15 ppb).  
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2.2.2 Water lead levels and water system characteristics 

From the original NC Childhood Lead Poisoning Prevention Program data set, 41,401 children 

were matched to 178 water systems in Wake County. These water systems range in size from 

very small groundwater systems serving unincorporated subdivisions with fewer than 100 

connections to large surface water utilities. While most children (85%) were served by two large 

surface water utilities, 96% of the water systems in the county have a groundwater source, and 

97% are considered small or very small systems.  Additional water lead summary statistics by 

water system are shown in Figure S1 and Table S2.  The approximate service area of each water 

utility was determined through publicly available maps of subdivisions and city limits in Wake 

County. For community water systems associated with incorporated cities, the full extent of the 

city limits was used as the approximate utility service area. Community water systems associated 

with unincorporated subdivisions were determined to serve the subdivision boundaries that share 

the community water system’s name. A flow chart outlining the decision-making logic for 

determining the service area of each water system serving unincorporated subdivisions is 

provided in Figure S2. Each child was then mapped to their providing water system by 

identifying the service area containing each child’s address. The approximate service areas of all 

mapped water systems in the county are shown in Figure S3. 

Characteristics describing each community water system were obtained from public records 

through the NC Department of Environmental Quality public water supply system 

registry (NCDEQ, 2020) which includes source water type (e.g., groundwater, surface water, or 

purchased water), number of service connections, age of the system, system infrastructure (e.g., 

the number of storage tanks, wells, and surface water intakes), and relevant treatment processes 

(e.g., pH adjustment, phosphate-based corrosion control, and disinfectant type). In addition, the 

Environmental Working Group’s Tap Water Database was used to access the Lead and Copper 

Rule water quality monitoring data for each system, resulting in 13,664 individual sample results 

from 2002-2017 (EWG, 2019). Samples taken after 2009 were specifically identified as being 

from household taps within the distribution system. Pre-2009 samples were assumed to also be 

from the distribution system, although these samples lacked this coding in the database.  

As can be seen in Figure 2, Panel B, the water lead levels among the 178 systems analyzed 

fluctuated over time. Thus, for each year of water samples collected by each water system, the 

mean, median, standard deviation, and the percentage of samples exceeding selected thresholds 

were calculated. The selected thresholds included the Lead and Copper Rule action level (15 

ppb), the proposed trigger level (10 ppb), and three additional thresholds: 1ppb (the lowest 

reporting limit used in the region),  2 ppb, and 5 ppb. Values below the reporting limit for a 

specific water system were reported as non-detects and were substituted with a value of zero (see 

SI Section 1 for additional detail). These summary statistics of water lead concentrations for each 

system allowed system-level water lead data to be linked to individual blood lead results.  

Because many water systems in the data set qualified for reduced (i.e., triennial) sampling under 

the Lead and Copper Rule, it should be noted that 90th percentile exceedance of the 15 ppb 

threshold in a particular year in our analysis does not necessarily indicate a formal Lead and 

Copper Rule violation.    
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2.2.3 Final machine learning data set 

Since water lead sampling did not occur in every year blood lead measurements were available, 

data from the most proximate sample year prior to each child’s blood lead test were joined to the 

blood lead result. For example, the town of Cary performed Lead and Copper Rule monitoring 

every three years from 2003-2015 (Table S2). A child in Cary who had his or her blood tested 

for lead in 2010 was thus paired with the water lead data from 2009 as the most recent prior 

system-wide sampling  date. The data set was then restricted further to consider only children for 

whom the most proximate water lead sampling period was within the two years prior of the 

child’s blood lead test, resulting in a final data set of 40,742 unique records. Two years was 

selected as a reasonable time frame that retained the majority of records while eliminating 

outliers for whom no prior or recent water lead concentration data were available (see Section 

S1). Although the half-life of lead in blood has been shown to be only 1-2 months, elevated 

blood lead levels in children may require over a year to decline (Dignam et al., 2008), and a 

second half-life of lead in blood due to the replenishment of lead stored in the bones can be up to 

four years (ATSDR, 2007). Further, elevated water lead levels may go undetected and treatment 

techniques to reduce water lead exposures may not be adjusted annually due to reduced 

sampling, thus causing water lead exposures to be prolonged for children served by some 

systems.  

The final data set included 60 matched household, demographic, socioeconomic, and water 

system variables for each child. The full list of variables can be found in Table S1.  Summary 

statistics for each variable are provided in Tables S3, S4 and S5. The data transformation process 

resulted in a flattened database for machine learning that was propositionalized from the multiple 

relational data sets described in the previous sections. As discussed by Maier et. al., 

propositionalization of relational data defines variables prior to machine learning and relies on 

the assumption that the data are independent and identically distributed (Maier, Marazopoulou, 

Arbour, & Jensen, 2013). This approach has significant limitations for causal inference from 

relational data, but was used here as common practice in machine learning for modeling complex 

systems for the purposes of predictive inference and evaluating statistical associations (Kramer, 

Lavrač, & Flach, 2001).  

2.3 Bayesian network theory and model construction 

Bayesian networks are probabilistic graphical models in the form of directed acyclic graphs that 

allow complex joint probability distributions to be graphically represented. The qualitative 

component of Bayesian networks includes a set of random variables, {𝑉1, . . . , 𝑉𝑛}, each 

represented graphically as a node and connected by arcs indicating statistical dependencies 

among variables. The quantitative component behind the graphical representation is the joint 

probability distribution over 𝑉. Bayesian networks enable complex joint probability distributions 

to be decomposed into the product of the conditional distribution of each 𝑉𝑖 given its “parent” 

nodes in the graph (the nodes with arrows pointing directly to 𝑉𝑖), represented as  𝑃𝑎(𝑉𝑖), such 

that:                                              
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𝑃(𝑉) =∏𝑃

𝑖𝜖𝑉

(𝑉𝑖│𝑃𝑎(𝑉𝑖)) 

In this study, Bayesian networks were constructed and evaluated using the software BayesiaLab 

(Changé, France). Upon importing the database to the software, continuous variables were 

discretized and missing values were inferred using a structural expectation-

maximization algorithm which uses dynamic imputation with weighted observations to infer 

missing values based on the structure of the network (Conrady & Jouffe, 2015; Friedman, 

Goldszmidt, & Wyner, 2013). To train the network, we used a series of supervised learning 

algorithms to classify the probability of a child’s blood lead level meeting or exceeding 5 𝜇g/dL 

or 2 𝜇g/dL (referred to as the “target”). 

BayesiaLab includes a variety of built-in machine learning algorithms including Naïve Bayes, 

augmented Naïve Bayes, tree augmented Naïve Bayes, Markov blanket, and augmented Markov 

blanket. These algorithms use a greedy search strategy to test linkages between nodes that reduce 

complexity while maximizing predictive capability as measured by the minimum description 

length score (Conrady & Jouffe, 2015). The significance of linkages is evaluated in the software 

using the G-test statistic (McDonald, 2014). The structural coefficient 𝛼 was adjusted 

in BayesiaLab to 0.35 based on  visual inspection of the structure/target precision ratio (Conrady 

& Jouffe, 2015). Each algorithm was tested separately in BayesiaLab and the highest performing 

model was selected. Performance was evaluated using ten-fold cross-validation to assess the area 

under the receiver operating characteristic (ROC) curve, which plots the relationship between the 

true positive rate and false positive rate for different probability thresholds classifiying the binary 

outcome of interest (in this case, whether a child’s blood lead level will meet or exceed each 

target). An ROC score of 1 indicates a model that perfectly discriminates between each possible 

outcome, while an ROC score of 0.50 indicates a useless model, where the predictive ability is 

no better than chance (Carter, Pan, Rai, & Galandiuk, 2016). The model with the highest ROC 

score was selected as the final model. 

The effect of each predictor variable was then assessed by comparing the prior probability (i.e., 

the marginal or unconditional probability) of a child’s blood lead level exceeding each target to 

the posterior probability (i.e., the conditional probability of the target given the values of each 

predictor node). When calculating the posterior probability, information is allowed to flow freely 

through all connected nodes. Therefore, assessing this effect does not assume causality and only 

measures the strength of the association given the other variables in the network.  The difference 

in the uncertainty between the prior and posterior states of the target given each predictor is 

known as the mutual information and provides an additional measure of which variables have the 

greatest predictive importance (Conrady & Jouffe, 2015). 
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3 Results 

3.1 Association between blood lead levels and drinking water system 

characteristics  

3.1.1 Elevated blood lead levels (5 𝝁g/dL target) 

The prior probability of exceeding the CDC Reference Level of 5 𝜇g/dL in the county was 4.4%, 

meaning that, without additional information, any child in the county had a 4.4% chance of 

having a blood lead level ≥5 𝜇g/dL from 2003 to 2017. None of the water system characteristics, 

including treatment, infrastructure, and water lead levels, were significantly associated with the 

5 𝜇g/dL target in any of the models tested. This result indicates that these variables do not share 

significant mutual information with the target and thus do not reduce the uncertainty. The highest 

performing model for the 5 𝜇g/dL threshold used an augmented Naïve Bayes structure 

(Figure S4). The ROC curve is shown in Figure S5 and the fully specified marginal probabilities 

found in Table S6. 

The most significant predictors of the CDC Reference Level target were blood test year, child 

age, median household income, home value, and the proportion of the Census block group that 

identified as Black. A large effect of blood test year was observed, decreasing from a 19.9% 

probability of exceeding 5 𝜇g/dL in 2003 to 1.06% in 2017, owing to decreasing blood lead 

levels in Wake County over this period (Figure 2). Children living in neighborhoods with a 

median household income of less than $42,000 per year exhibited a 128% increase in the 

probability, or risk, of reaching or exceeding the CDC Reference level compared to children in 

wealthier areas (median household income >$116,000). Addresses within Census block groups 

identifying as over 50% Black were also found to have an increase in risk compared to the 

county’s baseline. For children in neighborhoods that were >71% Black, the risk increased by 

118%. Finally, children living in homes valued less than $186,000 showed a 65% increase in risk 

compared to homes valued greater than $532,000. These discretizations do not necessarily 

indicate causal threshold effects, but the inclusion of median household income and home value 

as significant variables by the machine learning algorithm serves to affirm previous research 

showing that increased blood lead concentrations are often associated with socioeconomic 

factors that reduce a family’s ability to mitigate exposures (Stark, Quah, Meigs, & Delouise, 

1982). The significance of the proportion Black of the child’s Census block group also confirms 

previous research that has pointed out concerning racial inequities of environmental lead 

exposure in children (Whitehead & Buchanan, 2019; Lanphear et al., 2002; MacDonald Gibson, 

Fisher, Clonch, Macdonald, & Cook, 2020). 

The learning algorithm’s exclusion of any Lead and Copper Rule monitoring variables indicates 

that elevated blood lead levels among the sample of children studied in Wake County are not 

significantly associated with water lead from community water systems. Our data set was 

weighted toward the two largest water systems in the county, however, with 85% of blood lead 

records associated with these two systems. To address this, we restricted the data set to exclude 

children served by the two largest utilities and reran the learning algorithms. In a third iteration, 
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the data set was further restricted to evaluate only groundwater systems. In these models, blood 

test year remained the most important predictor and water system characteristics and Lead and 

Copper Rule sampling results continued to be insignificant. This suggests that our assessment 

was not controlled by the clustering of children within certain water systems and that blood lead 

levels at or above the CDC Reference Level in the county are likely attributable to additional 

household-level exposures such as lead paint and dust.  

3.1.2 Subclinical blood lead levels (2 𝝁g/dL target) 

The prior probability of blood lead levels ≥2  𝜇g/dL in the county was 38.7%. In contrast to the 

5 𝜇g/dL  target, multiple water system characteristics were significant to predicting the 

probability of a child’s blood lead level reaching or exceeding 2 𝜇g/dL. Other than water system 

characteristics, significant variables included the blood lead test year, household attributes, and 

socioeconomic and demographic characteristics of the neighborhood. The highest-performing 

model for evaluating the 2  𝜇g/dL target also used an augmented Naïve Bayes structure (Figure 

3). The ROC curve for this model is provided in Figure S6. Marginal probabilities of each of the 

nodes in the network are provided in Table S7. The size of the effect of each node on the target’s 

posterior probability can be seen in Figure 4. The variables in Figure 4 are ranked according to 

the amount of mutual information each node shares with the target from greatest to least.  Each 

of the variables included in Figure 3 and Figure 4 exhibited statistically significant associations 

with the target according to G-tests of independence except for the child’s gender which was 

forced into the model as a control based on prior research (MacDonald Gibson, Fisher, Clonch, 

Macdonald, & Cook, 2020). 
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Figure 3. Final network structure predicting the probability of each child’s blood lead test result 
being ≥2 µg/dL.  The thickness of arcs corresponds to the computed amount of mutual information 
between nodes. The colors of the nodes correspond to spatial scales of information shown in Figure 1: 
Grey nodes represent variables at the Census block group scale; green nodes represent household and 
blood test characteristics at the individual address level; blue nodes represent water system 
characteristics at the service area scale.   
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Figure 4. Total effect of each predictor variable on the probability of blood lead level ≥2 𝜇g/dL. Variable 
names are ranked from highest to lowest mutual information with the target. The size of the circles 
corresponds to the natural log of the mutual information for visual clarity.   

As can be seen in Figure 3, blood test year, home value, median household income, and the 

proportion Black of the Census block group continued to be selected as significant predictors of 

the 2 𝜇g/dL target. As before, blood test year had the most mutual information with the target 

and was the greatest overall driver of blood lead risk in the model (Figure 4).  The risk of blood 

lead levels ≥2  𝜇g/dL decreased by 92% from 2003 to 2017 in the county overall, but children 

living in lower income housing and neighborhoods, as well as children in majority Black 

neighborhoods, continued to exhibit the highest risk even in later testing years. The proportion of 

the Census block group that identified as Hispanic was also selected as an important 

demographic variable for predicting lead risk, such that children in neighborhoods with a 

Hispanic population >15% experienced a 25% increase in risk of blood lead levels  ≥2  𝜇g/dL 

compared to the county average. The model thus highlighted ongoing socioeconomic and racial 

disparities in childhood lead exposures across the county that persist even at subclinical blood 

lead levels.  

Key water system characteristics with an effect on children’s blood lead levels included the 

number of service connections, the age of the water system, the number of wells in groundwater 

systems, and whether the system practices treatment techniques that may affect corrosion within 

the distribution system, such as coagulation, phosphate addition, and pH adjustment. The 
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disinfectant type (i.e., whether a utility used chloramines in the distribution system) was not 

identified by the algorithms tested as a significant predictor. Whether 10% of water samples 

collected by the utility exceeded 2 ppb of lead was also statistically significant toward predicting 

blood lead  ≥2  𝜇g/dL. Importantly, the algorithms used to learn the model structure did not 

identify the Lead and Copper Rule regulatory thresholds of 15 ppb (the action level) and 10 ppb 

(the trigger level) as significant predictors. While these thresholds were designed to act as overall 

indicators of elevated lead risk within a water system, our model suggests that these thresholds 

are not sensitive enough to identify the low levels of blood lead in children that may be 

attributable to drinking water.  

Each of these water system characteristics had different sizes and directions of effects. The 

curves shown in Figure 5 describe the change in the posterior probability of the 2 𝜇g/dL target 

relative to the significant water system characteristics. For continuous variables, such as system 

size or the number of wells, the x-axis shows the normalized change in the mean of the predictor. 

For binary variables, the x-axis shows the proportion of children in the county served by 

community water systems that meet the criteria, such as using pH adjustment or exceeding 2 ppb 

of lead in 10% of monitoring samples. Thus, for binary variables, 100% on the x-axis indicates 

the risk of blood lead levels ≥2 𝜇g/dL in the county if all children were served by systems that 

met the criteria, and 0% indicates the risk if none of the children were served by systems that met 

the criteria. The y-axis, then, gives the expected probability of blood lead levels  ≥ 2 𝜇g/dL with 

the prior probability of 38.7% shown for reference.  

Most of the water system characteristics demonstrated a linear effect. For example, increasing 

the number of interconnected wells within a groundwater system (a measure of increasing 

complexity and mixing of source waters that may be treated to different levels within the 

distribution system) also increased the blood lead risk. Blending of source waters has previously 

been shown to impact the nature of lead release within drinking water distribution 

systems (Tang, Hong, Xiao, & Taylor, 2006). Notably, children served by utilities that do not 

practice phosphate-based corrosion control or pH adjustment exhibited a decrease in the 

posterior probability of blood lead  ≥2 𝜇g/dL, suggesting that water utilities that are not required 

to implement these treatment practices are at lower risk of drinking water lead exposure by 

nature of having less corrosive source waters or low frequency of lead-bearing plumbing 

components. This finding does not indicate that these treatment measures increase risk 

themselves; rather, it highlights the inability of corrosion control measures alone to eliminate 

lead risk in corrosive source waters.  
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Figure 5. Total effect curves characterizing the change in the risk of blood lead levels ≥2 𝜇g/dL among 
children served by community water systems according to either the normalized mean of the water 
system characteristic (for continuous variables) or the proportion of children served by systems using 
using the specific treatment technique (for binary variables). Increased and decreased risks are shown 
relative to the prior probability in the county.  

Increasing the number of service connections demonstrated a U-shaped effect, where very small 

(<286 service connections) and very large (>132,000 service connections) systems both were 

associated with greater risk. The reasons for this are not clearly elucidated by our model, but may 

be due to the unique challenges of each size category, such as water age concerns for large 

systems (Masters, Parks, Atassi, & Edwards, 2015) and management and economic difficulties 

for small systems  (Ford, Rupp, Butterfield, & Camper, 2005). Water system age had a small 

effect on blood lead levels, but children served by the newest systems in the county (<17 years 

old) were at slightly lower risk than those receiving water from older systems. Again, the reasons 

for this phenomenon are not captured by this analysis and are likely a complex interaction 

between scale-forming chemistry and system improvements (Nguyen, Clark, Stone, & Edwards, 

2011; Cartier et al., 2013; Xie & Giammar, 2011). 

Notably, children served by systems that exceeded the water lead threshold of 2 ppb in at least 

10% of Lead and Copper Rule monitoring samples in the most recent year of sampling prior to 

the child’s blood lead test also demonstrated an increase in the risk of blood lead levels 

 ≥2 𝜇g/dL. The probability of having a blood lead level ≥2 𝜇g/dL increased to 46.6% among 
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among children served by systems that had exceeded this water lead threshold within two years 

of the blood lead test compared to 32.9% among children receiving water from systems that did 

not, representing an increase in risk of 42%. This exceedance variable also shared the most 

mutual information with the target out of all the water system characteristics included in the 

model (Figure 4). Importantly, these systems would be considered fully compliant with all 

provisions of the Lead and Copper Rule.  

Finally, a similar analysis of the effect of geographical clustering in our data set as described in 

Section 3.1.1 was performed for the 2 𝜇g/dL target. When the 85% of children served by the two 

largest utilities were removed from the data set, the number of service connections, pH 

adjustment, number of wells, and the age of the water system continued to exhibit statistically 

significant mutual information with the target. The action level and trigger level remained 

insignificant, while children who were served by systems where 10% of the Lead and Copper 

Rule monitoring samples exceeded 2 ppb continued to exhibit significantly greater risk. From 

this we conclude that the selection of the water system variables in the complete data set is 

representative of the nature of water lead exposures in the county as a whole, rather than only 

among the two largest systems.  

3.2 Performance of Bayesian networks to predict blood lead levels  

3.2.1 Model validation 

On the full data set, the model achieved an area under the ROC curve of 80.47%  which can be 

considered “good” overall predictive performance (Carter, Pan, Rai, & Galandiuk, 2016). During 

ten-fold cross-validation testing, the model structure  achieved a comparable area under the ROC 

curve of 79.22%,  indicating that the model is not subject to overfitting, with a tight confidence 

interval of ± 0.8% with different random partitions of the data into training and test sets 

(Figure S6). These scores indicate that the model could be expected to correctly rank the risk of a 

randomly chosen child with a blood lead level  ≥2 𝜇g/dL above a randomly chosen child with a 

blood lead level less than 2 𝜇g/dL approximately 80% of the time on average (Hanley & McNeil, 

1982).  

The optimum decision threshold of the model, i.e., the probability used to determine if a child’s 

blood lead level will be   ≥ 2 𝜇g/dL, can be selected to maximize the sensitivity, specificity, or 

overall accuracy of the model (Table 1). The decision threshold that maximizes the overall 

accuracy of the model is approximately 50%. That is, if a set of model inputs yielded a predicted 

risk of 50% or greater, then that child would be classified as having  ≥2 𝜇g/dL of blood lead, 

while if the calculated risk was less than 50%, the child would be considered to be below this 

level. At this threshold, the sensitivity of the model (true predicted positives/total actual 

positives) was 63% and the specificity (true predicted negatives/total actual negatives) was 81%. 

Thus, the model performed slightly better for predicting negative cases of subclinical blood lead 

levels than positive cases.  The model’s overall accuracy, which is the total number of correct 

predictions (true positives + true negatives) divided by the total number of cases, was 74%. 

However, in predicting childhood blood lead risk, where the consequences of false positives are 
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low compared to the consequences of false negatives, it may be desirable to sacrifice overall 

accuracy for improved sensitivity. As can be seen in Table 1, a lower test threshold of 30%, for 

example, would ensure that 84% of actual cases of blood lead levels ≥2 𝜇g/dL are detected even 

though the specificity and accuracy at this threshold drop to 61% and 70%, respectively.  

Table 1. Summary of model accuracy, sensitivity, and specificity for predicting whether a child’s blood 
lead level will meet or exceed 2 𝜇g/dL during cross validation with varying test thresholds.   

Decision 
threshold 

True 
positives 

True 
negatives 

Sensitivity Specificity 
Overall 

accuracy 

0.1 15320 6010 97% 24% 52% 

0.2 14256 11908 91% 48% 64% 

0.3 13177 15328 84% 61% 70% 

0.4 11774 17864 75% 71% 73% 

0.5 9945 20166 63% 81% 74% 

0.6 7575 22235 48% 89% 73% 

0.7 4787 23785 30% 95% 70% 

0.8 2256 24639 14% 99% 66% 

0.9 605 24946 4% 100% 63% 

3.2.2 Model implementation 

This model can be used to predict the risk of subclinical blood lead levels based on geographic, 

demographic, and water system characteristics to aid future blood lead exposure prevention 

programs. To illustrate this use, a new data set was compiled using each household in the data set 

currently served by a community water system. For each house, all of the predictor variables 

shown in Figure 3 were entered into the model. The child was assumed to be a boy aged 15-20 

months (i.e., the demographic group with the highest blood lead levels on average). Once these 

inputs were specified, the model was run to predict the risk of  having a blood lead level  ≥2 

 𝜇g/dLg/dL.  In this way, the prediction provides an estimate of the highest risk areas for future 

testing.  

The resulting calculated probabilities averaged across each Census block and across each water 

system service area are shown in Figure 6. The average predicted risk for children served by 

each water utility in our data set can be found in Table S8. Based on available information 

associated with each address, the model is capable of distinguishing spatial variations in the 

blood lead risk associated with community water systems. Areas at higher risk include parts of 

central Raleigh, where a cluster of block groups has a calculated risk of 30-50%, and several 

small unincorporated subdivisions with predicted probabilities exceeding 50%.  Meanwhile, the 

cities of Apex, Cary, and Holly Springs exhibited a much lower predicted risk, generally less 

than 15%. The 23 water systems with the greatest overall average risk (>30%) were all small 

groundwater systems with fewer than 500 connections. The majority of these systems 

implemented pH adjustment, but only one used phosphate corrosion inhibitors. Five water 

systems exceeded an average risk of 50%. Overall, 64% of the children in our data set served by 

these 23 systems between 2002 and 2017 exhibited blood lead levels ≥2  𝜇g/dLg/dL compared 
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to a prevalence of only 25% among children served by water utilities in the lowest predicted risk 

category. Thus, Figure 6 may help public health authorities, including the NC Childhood Lead 

Poisoning Prevention Program, prioritize areas for blood lead surveillance follow-up and alert 

drinking water utilities to potential water lead concerns.   

 

Figure 6. Predicted probabilities of male children aged 15-19 months in Wake County having blood lead 
levels ≥2 𝜇g/dL associated with exposures from community water systems. Panel A shows household 
level predictions averaged across Census blocks. Panel B shows household level predictions averaged 
across each approximate water system service area. Census blocks or water systems with fewer than 
three  matched addresses were removed from the prediction.  

4 Discussion 

The Bayesian network models developed in this study identified a relationship between water 

system characteristics and blood lead levels at or above the regional median of 2 𝜇g/dL. Higher 

blood lead concentrations (≥5  𝜇g/dL) were found to be more strongly predicted by 

socioeconomic and demographic factors, such as median household income and demographic 

composition of the Census block group of the child’s address. These factors have previously 

been found to be correlated with the presence of lead paint and dust in homes, which are 

typically the primary cause of elevated lead poisoning among children served by community 

water systems in the U.S (Clark et al., 1985; Dixon et al., 2009; Lanphear et al., 2002). This 

finding does not necessarily indicate that no children served by community water systems 

experience blood lead levels above this level due to drinking water exposures, however. Indeed, 

the nature of lead release and prevalence of lead-bearing plumbing components ensure that 

isolated instances of blood lead levels exceeding 5  𝜇g/dL attributable to community water 

systems may still occur even in well-managed systems.  
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The critical finding of this work was to identify the importance of drinking water toward 

predicting subclinical blood lead levels in children (i.e., blood lead levels at or above the regional 

median of 2  𝜇g/dL for Wake County, NC) even in community water systems not in violation of 

any regulatory provisions. Indeed, the machine-learned Bayesian networks employed here 

indicate that multiple water system characteristics, including the system size, age and 

complexity, treatment characteristics, and 90th percentile water lead levels all significantly 

influence the probability of a child served by a community water system having a blood lead 

level ≥2  𝜇g/dL. This supports previous research demonstrating that elevated blood lead levels in 

children can be associated with water lead exposures even in populations served by  community 

water systems considered not to have lead problems under the Lead and Copper Rule (Lanphear 

et al., 2002; Katner et al., 2016). Although previous work on reducing water lead concentrations 

in community water systems in the U.S. has emphasized the lessons learned from high-profile 

cases such as the Washington D.C. and Flint, Michigan lead crises, which identified the 

catastrophic health effects associated with uncontrolled lead release in drinking water systems 

during major system-wide changes (Roy & Edwards, 2019; Katner et al., 2016), our findings 

suggest that the “lead crisis” in U.S. drinking water may at once be less overt and more 

prevalent.  

This result has important implications for strategies to mitigate environmental lead exposures 

among children in the U.S. Lead prevention programs often focus on mitigation of paint and soil 

sources of lead, but potentially overlook the low, chronic contributions of water lead from 

community water systems when assessing the overall lead risk profile. Such conditions can result 

in the “prevention paradox,” where the largest burden of disease occurs in low to moderate risk 

categories while the majority of prevention programs are focused on removing high exposure 

sources. Indeed, in 2012, the National Toxicology Program concluded that there was sufficient 

evidence that blood lead levels in children <5  𝜇g/dL are associated with a broad range of 

adverse neurocognitive effects, including increased incidence of attention-related disorders, 

antisocial behaviors, decreased IQ, and poor performance in school (National Toxicology 

Program, 2012). Canfield et. al. and Lanphear et. al. also identified a nonlinear effect between 

blood lead levels and IQ loss at low levels of exposure, indicating that the first slight elevations 

of blood lead in infants and children have disproportionate impacts on neurological 

functioning (Canfield et al., 2003; Lanphear et al., 2005).  As a result, the current policy focus on 

children with blood lead levels greater than 5  𝜇g/dL alone is estimated to prevent only 20% of 

the IQ loss from lead among children in the U.S. (American Academy of Pediatrics Council on 

Environmental Health, 2016; Bellinger, 2012). 

Similarly, the Lead and Copper Rule only requires the highest risk sample sites to be selected 

based on locations that have lead service lines or lead solder rather than a representative 

sample to adequately assess population-wide lead risk (Schwetschenau, Small, & Vanbriesen, 

2020), which may still pose a significant health burden. Additionally, while current regulations 

are responsible for great reductions in water lead levels in the last three decades, the Bayesian 

network model for Wake County, NC revealed that the current Lead and Copper Rule action 

level and proposed trigger level are not sensitive enough to detect important variations in 

community water system lead risk that are relevant to health today. Future studies are needed to 
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identify a more appropriate threshold, but our findings suggest that a 90th percentile value of 2 

ppb system-wide may be relevant to health on a population scale. Indeed, whether 10% of 

samples exceeded 2 ppb of lead in the most recent year of sampling prior to the blood test had a 

relatively large effect on predicting blood lead risk at or above the regional median, similar to the 

size of the effect of the year of house construction (Figure 4) , a commonly used predictor of 

lead exposure from household dust lead (Gaitens et al., 2009; Dixon et al., 2009). The 

importance of low water lead thresholds to blood lead risk also suggests that a lower water lead 

reporting limit should be enforced to ensure that samples in the 1-5 ppb range are accurately 

identified for all community water systems. 

Even within the current Lead and Copper Rule framework, drinking water professionals and 

regulatory bodies may use the methods presented here and predictions of risk shown in Figure 6 

to proactively identify systems that may have elevated lead risk but may otherwise be in 

compliance. These systems also need to identify plans to control lead in drinking water through 

lead service line replacement, corrosion control optimization, and distribution of water filters. 

Further, these risks need to be communicated to the public served by these systems. Such efforts 

to continue to reduce water lead levels will help to offset lost economic productivity from lead 

exposure in the U.S. estimated to exceed $50 billion (Trasande & Liu, 2011).  

Though these findings have immediate implications for water utilities and public health 

authorities in North Carolina and elsewhere in the U.S., this analysis is subject to several 

limitations, and may be improved through subsequent research. First, the flattening of the data 

set for machine learning was a necessary manipulation of a complex relational database, but the 

effect of this assumption requires further analysis. Additionally, while machine learning 

algorithms are a powerful tool to   identify the conditional probabilities embedded in a data set, 

how continuous variables are discretized depends on the decisions of the researcher and can have 

large impacts on the resulting model structure (Uusitalo, 2007). Thus, a detailed comparison of 

these findings using traditional statistical approaches is ongoing. Finally, a heat map of blood 

lead exposure associated with alternative exposures routes such as household paint and dust, 

private well water supplies (MacDonald Gibson, Fisher, Clonch, Macdonald, & Cook, 2020), 

and leaded aviation gasoline (Miranda, Anthopolos, & Hastings, 2011) would likely highlight 

additional areas of risk not predicted by our model in Figure 6.  

In summary, this work showed a significant relationship among water system characteristics and 

slight elevations in blood lead levels in children in Wake County, NC. Public health authorities 

may use the machine-learning methods we present to help identify similar relationships among 

system-level drinking water characteristics and individual health outcomes. Although water lead 

exposures are particularly difficult to isolate and regulate, a lower health-based threshold and 

enhanced assessment of population-wide water lead exposure is critical to improve policies, 

prevention programs, and risk communication strategies that protect children from lead in 

drinking water.  
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5 Conclusion 

This study is the first to link system-wide drinking water characteristics from multiple water 

utilities with individual health outcomes using machine-learning techniques. We demonstrate 

that elevated blood lead levels (i.e., blood lead levels exceeding the CDC Reference Level of 

5 𝜇g/dL) are not generally associated with community drinking water systems in Wake County, 

NC, but that subclinical blood lead levels (i.e., blood lead levels ≥2 𝜇g/dL) are strongly 

associated with community water system characteristics. Additionally, we demonstrate that 

machine-learned Bayesian networks can accurately predict individual blood lead risk from 

system-wide water utility characteristics. Our results show that pairing public health and 

drinking water data using machine-learning techniques can help to reveal the complex 

relationships between system-wide drinking water characteristics and public health outcomes.     
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Appendix 1: Abbreviations 

 

ATSDR Agency for Toxic Substances and Disease Registry 

CDC Centers for Disease Control and Prevention 

EWG Environmental Working Group 

IQ Intelligence Quotient 

NCDEQ North Carolina Department of Environmental Quality 

ROC Receiver Operating Characteristic 

USEPA United States Environmental Protection Agency 
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Appendix 3: Supplemental Information 

Detailed summary of data sources and data set integration   

Data from multiple sources was collected and aggregated to complete this project.  Data from the 

North Carolina Department of Health and Humans Services Childhood Lead Poisoning 

Prevention Program were integrated with house age and value data from the Wake County Tax 

Parcel data set, as well as race and income data from the US Census American Community 

Survey as a part of a prior project (MacDonald Gibson, Fisher, Clonch, MacDonald, & Cook, 

2020). In the previous work, this data set was used to identify households that were specifically 

served by private wells. In this study, private well users were excluded in order to focus on 

children served by community water systems. Thus, this data set describing blood lead levels, 

household and neighborhood characteristics was integrated with community water system 

information for the region. Table S2 provides a complete list of all model variables evaluated to 

fit the final Bayesian network model. A description and the source of the data are described in 

the table.  Child blood lead characteristics, home age and value are all household specific 

variables; race and median household income variables are neighborhood variables identified by 

Census block group and then paired to each child’s address within that block group; water 

system characteristic variables are calculated for each water system serving each child’s address.  

  

Community water system characteristics including the treatment processes used and the size and 

water source of the system are compiled by the North Carolina Department of Environmental 

Quality’s Drinking Water Watch system (NCDEQ, 2020) and the U.S. Environmental Protection 

Agency’s Safe Drinking Water Information System (EPA, 2020).  More specifically, the 

population served, number of service connections, use of pH corrosion control, use of phosphate-

based corrosion control, use of coagulants, the source water type (e.g., groundwater or surface 

water), number of storage tanks, the number of surface water intakes or wells supplying the 

system, and the age of the system were all attributes of interest. System data available from the 

Safe Drinking Water Information System is available for download for the all the community 

water systems in the U.S. and were screened to include only systems in Wake County, NC. 

Water systems are identified by a unique water system number. Characteristics for water systems 

from the North Carolina Drinking Water Watch are not available for direct, bulk download. 

Therefore, a Python script was used to repeatedly search the Drinking Water Watch system for 

individual water system data and compile each set of search results into a data set identifiable by 

the same unique water system number as used in the national Safe Drinking Water Information 

System.  

Water lead samples are collected for all community drinking water systems in the U.S. under the 

Lead and Copper Rule. The number of samples required and the frequency of sample collection 

varies among systems based on the size of the system and their compliance history (e.g., some 

systems that have been in compliance with the Lead and Copper Rule for three consecutive years 

can qualify for reduced sampling plans). These data have been compiled for all community water 

systems in the U.S. by the Environmental Working Group in their Tap Water 
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Database (Environmental Working Group, 2019).   The reporting limit for drinking water lead 

samples in North Carolina varies by water system and ranges from 1 ppb to 5 ppb. Any sample 

below the reporting limit is recorded as a non-detect result and was replaced with a zero. While 

this substitution could be improved through statistical techniques such as imputation of censored 

samples (Helsel, 2012), for the purposes of this study, the substitution of zero for all samples 

below the reporting limit was used as it’s a simple common assumption. However, this 

assumption should be tested in future work.   

Summary statistics describing these lead samples were calculated for each water system in Wake 

County in each year samples were collected. These water lead statistics include the median, 

maximum, standard deviation and percent of samples exceeding a specific threshold. Five 

thresholds were selected, 1ppb (lowest reporting limit for the region), 2ppb, 5ppb, 10ppb (Lead 

and Copper Rule proposed trigger level), and 15ppb (Lead and Copper Rule action level). A 

binary variable for each threshold was created to indicate if greater than 10%, 20%, 40%, 60% 

and 80% of samples were over each threshold, for an additional 25 variables. 85% of the children 

included in the NC Childhood Lead Poisoning Prevention Program data set were served by two 

water systems, the City of Raleigh and Town of Cary. Annual statistics for these systems are 

shown in Table S3. Given the wide variation in sample sizes, Figure S7 summarizes the 

relationship between sample size and the fraction of samples that exceeded 2 ppb (the threshold 

considered significant in the Bayesian network model), for each water system in each year 

samples were collected. The color indicates the water system source and shows that groundwater 

systems typically collected fewer samples, likely because they tend to be smaller systems and 

have the most variation in the percent of samples exceeding 2 ppb.  

Water samples are not collected every year for most systems. In order to create a balanced panel 

data set where water lead statistics are associated with every system in every year, water lead 

statistics were assumed constant for interim years between sample periods. The resulting 

balanced panel data set of water lead summary statistics was then merged with the associated 

water system characteristics to create a combined data set of water system characteristics and 

water lead statistics by system by year. Water system characteristics were assumed to be constant 

across the time period analyzed (2003 to 2017).   

In order to identify which children were served by a specific water system, the service area of the 

system needed to be defined. Digital records of service area maps for drinking water systems are 

not currently available for North Carolina. Therefore service area boundaries had to be estimated 

for each system based on regional municipal boundaries. The procedure to determine the water 

system boundaries serving residents of Wake County is shown in Figure S8Figure S9 and the 

resulting service areas of each water system in Figure S9.  A water system was matched to each 

child in the Childhood Lead Poisoning Prevention Program data set by identifying the water 

systems boundary containing each child’s address. The balanced panel water lead data set was 

merged with the child lead and community characteristics data set by water system identifier and 

year the blood test was taken to create the final data set used in this work (see Table S2 for 

variables). A time lagged variable was added to the data set to identify the number of years of 

offset between the specified blood test year in the data set and the water sampling period used.  
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In total, 2,546 addresses identified in tax records as receiving water from a community water 

system (MacDonald Gibson, Fisher, Clonch, Macdonald, & Cook, 2020) were removed from the 

data set due to address locations that could not be clearly matched to a water system service 

area.  Of the remaining samples, an additional 659 samples were removed due to having a time 

lag between the blood lead test and the most proximate prior water sample greater than 2 years. 

The resulting final data set consisted of 40,742 samples. 

Table S4 and Table S5 show summary statistics for all of the continuous variables and binary 

variables, respectively for the combined data set. In order to indicate the number of missing 

variables imputed by the Bayesian network model, the number of samples missing is also listed 

in each table by variable. Section 2.3 in the full article text describes the imputation procedure 

used. Table S6 shows the number of samples in each exceedance group (e.g., 10%, 20%, 40%, 

60%, or 80%) for each threshold in the merged data set. For example, 6% of children in the 

combined data set were served by a water system with greater than 10% of samples over the 

Lead and Copper Rule action level of 15 ppb.   
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Table S2: Definition and data source for all model variables used.  

Variable name Description Data source 

Household Characteristics 

Blood lead at or 

above 2 ug/dL 

Binary variable indicating if the child’s blood lead 

concentration is at or above the regional median: 1 if lead 

>= 2 ug/dL (median value), otherwise 0 

calculated from North 

Carolina Department of 

Public Health 

Blood lead at or 

above 5 ug/dL 

Binary variable indicating if the child’s blood lead 

concentration is at or above the CDC’s reference level: 1 

if lead >= 5 ug/dL, otherwise 0 

calculated from North 

Carolina Department of 

Public Health 

Blood test year year the child’s blood draw was taken North Carolina Department of 

Public Health 

Child gender binary variable indicating the child’s gender; 1 if childe = 

male; 0 if child = female 

North Carolina Department of 

Public Health 

Blood test type binary variable indicating the type of blood test: 1 = 

capillary; 0 = venous 

North Carolina Department of 

Public Health 

Blood lead 

concentration 

Blood lead level in ug/dL (Reported as rounded to nearest 

integer) 

North Carolina Department of 

Public Health 

Child age Child’s age at time of blood draw, in months North Carolina Department of 

Public Health 

Year of home 

construction 

Year house or structure was constructed Wake County Parcel Data 

Home value Tax value of structure corresponding to child’s address Wake County Parcel Data 

Neighborhood Characteristics 

Median household 

income 

median reported income for census block group 

corresponding to household address 

US Census American 

Community Survey 

% Black proportion of census block group corresponding to 

household address that self-reported as African American 

derived from the US Census 

American Community Survey 

% Hispanic proportion of census block group corresponding to 

household address that self-reported as Hispanic 

derived from the US Census 

American Community Survey 

Water System Characteristics 

Service Area Service area of corresponding water utility serving child’s 

address (acres) 

calculated 

Water System ID Public Water System ID (PWSID) EPA Safe Drinking Water 

Information System/NC 

Public Water Supply System 

Age of Water System Age of water system in 2019 Calculated from NC Public 

Water Supply System 

Storage Number of storage tanks in the water system’s service 

area 

EPA Safe Drinking Water 

Information System/NC 

Public Water Supply System 

Number of Wells Number of groundwater wells EPA Drinking Water 

Mapping Application to 

Protect Source Waters 

Number of Intakes number of surface water intakes EPA Drinking Water 
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Variable name Description Data source 

Mapping Application to 

Protect Source Waters 

Median water lead 

concentration 

median water lead concentration (mg/L) from the samples 

collected by a water system in in each year 

calculated from 

Environmental Working 

Group data 

Standard deviation of 

water lead 

concentrations 

standard deviation of the lead concentration (mg/L) from 

the samples collected by a water system in in each year 

calculated from 

Environmental Working 

Group data 

Number of samples number of samples collected by a water system in a 

specific year 

calculated from 

Environmental Working 

Group data 

Time lag years of offset between the water lead samples and closest 

matched blood lead test - negative indicates the water 

sample was taken after the blood test (only samples with a 

lag of 0, 1 or 2 years was used) 

calculated from 

Environmental Working 

Group data 

% of samples over 15 

ppb water lead 

percent of samples greater than 15 ppb for each water 

system in each year 

calculated from 

Environmental Working 

Group data 

% of samples over 10 

ppb water lead 

percent of samples greater than 10 ppb for each water 

system in each year 

calculated from 

Environmental Working 

Group data 

% of samples over 5 

ppb water lead 

percent of samples greater than 5 ppb for each water 

system in each year 

calculated from 

Environmental Working 

Group data 

% of samples over 2 

ppb water lead 

percent of samples greater than 2 ppb for each water 

system in each year 

calculated from 

Environmental Working 

Group data 

% of samples over 1 

ppb water lead 

percent of samples greater than 1 ppb for each water 

system in each year 

calculated from 

Environmental Working 

Group data 

LCR binary 

exceedance 

thresholds 

binary variables to indicate if an WLL exceedance 

occurred, 1 if the percent of samples (1.02) exceeded the 

specified threshold (1ppb, 2ppb, 5ppb, 10ppb, 15ppb); 0 

otherwise (25 binary variables total) 

calculated from 

Environmental Working 

Group data 

Number of service 

connections 

number of connections in the water system NC Public Water Supply 

Section 

pH adjustment Binary variable to indicate if pH adjustment is used for 

corrosion control; 1=yes, 0=no 

NC Public Water Supply 

Section 

Phosphate addition Binary variable to indicate if phosphate corrosion control 

is used; 1=yes, 0=no 

NC Public Water Supply 

Section 

Chloramines Binary variable to indicate if a chloramines disinfectant is 

used; 1=yes; 0=no 

NC Public Water Supply 

Section 

Coagulation Binary variable to indicate if a coagulation chemical is 

used in treatment; 1=yes; 0=no 

NC Public Water Supply 

Section 

source water type source water type (groundwater, surface water or a EPA Safe Drinking Water 
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Variable name Description Data source 

purchased water supply) Information System 
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Table S3: Water Lead Summary Statistics for City of Raleigh and Town of Cary (serving 85% of the children in this blood lead level dataset). Max 
indicates the maximum lead concentration recorded in each year, sd indicates the standard deviation of samples collected, med indicates the 
median sample, n is the number of samples collected.   

System ID Sample 

Year 

max sd med n % samples 

>=15ppb 

% samples 

>=10ppb 

% samples 

>=5ppb 

% samples 

>=2ppb 

% samples 

>=1ppb 

City of 

Raleigh 

2005 0 0 0 51 0 0 0 0 0 

City of 

Raleigh 

2006 0.55 0.02 0 738 0.0 0.01 0.03 0.1 0.1 

City of 

Raleigh 

2007 0.01 0.0 0 725 0 0.0 0.02 0.1 0.12 

City of 

Raleigh 

2010 0.02 0.0 0 226 0.0 0.01 0.01 0.04 0.04 

City of 

Raleigh 

2013 0.0 0.0 0 58 0 0 0 0.02 0.02 

City of 

Raleigh 

2016 0.07 0.01 0 65 0.02 0.03 0.05 0.09 0.09 

City of 

Raleigh 

2017 0.05 0.01 0 10 0.1 0.2 0.4 0.4 0.4 

Town of 

Cary 

2003 0.27 0.04 0 61 0.1 0.1 0.26 0.33 0.33 

Town of 

Cary 

2006 0.01 0.0 0 51 0 0.02 0.04 0.06 0.06 

Town of 

Cary 

2009 0.16 0.02 0 59 0.03 0.07 0.1 0.17 0.17 

Town of 

Cary 

2012 0.02 0.0 0 58 0.02 0.02 0.05 0.12 0.12 

Town of 

Cary 

2015 0.21 0.03 0 60 0.02 0.03 0.03 0.07 0.07 
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Figure S7: Summary of water lead samples collected for community water systems in Wake County, 
North Carolina. Each point represents a specific sample year and utility. The number of samples 

collected is plotted against the percent of the samples with a recorded concentration over 2 ppb. Three 
sample years for the City of Raleigh water system are not shown for clarity (2006, 2007 and 2010, see 

Table S2). 
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Figure S8: Decision flow chart describing the process of identifying approximate water system service 
areas of small community water systems in Wake County, NC by matching with public city subdivision 
records.      
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Figure S9: Map of the approximate service areas of the 178 water systems in the county serving 
addresses included in the NC Childhood Lead Prevention Program data set.  
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Table S4: Summary statistics for continuous variables in the final merged data set. There is a total of 
40,742 samples in the final data set. Min indicates the minimum sample value, and Max indicates the 
maximum sample value.  

 Min Mean Median Max Standard 

Deviation 

Number of 

missing samples 

Household characteristics 

Child age 0 17.64 12.63 73 10.56 0 

Home value 20,000 242,000 188,000 4,876,000 201,000 2,312 

Year of home construction 1950 1984 1988 2008 20.43 2824 

Neighborhood Characteristics 

Median household income 15,400 67,700 61,300 174,500 29,200 3 

% Black 0.0 0.28 0.22 0.93 0.23 0 

% Hispanic 0.01 0.11 0.08 0.69 0.09 0 

Water System Characteristics 

Median water lead 

concentration 

0 0.0 0 0.01 0.0 0 

Standard deviation of water 

lead concentrations 

0 0.0 0.0 0.23 0.01 0 

% of samples over 15 ppb 

water lead 

0 0.01 0 0.3 0.03 0 

% of samples over 10 ppb 

water lead 

0 0.02 0.01 0.4 0.05 0 

% of samples over 5 ppb water 

lead 

0 0.05 0.02 0.8 0.1 0 

% of samples over 2 ppb water 

lead 

0 0.15 0.09 1 0.24 0 

% of samples over 1 ppb water 

lead 

0 0.15 0.09 1 0.24 0 

Number of service connections 15 155,000 195,000 195,000 71,000 0 

Service area 18.9 104,000 130,000 130,000 46,000 0 

Age of water system 3 41.21 42 56 3.9 0 

Number of intakes 0 1.61 2 2 0.72 0 

Number of wells 0 0.2 0 10 0.94 0 
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Table S5: Summary statistics for binary variables in the final merged data set. There is a total of 40,742 
samples in the final data set.  

Factor Variable Proportion 0 Proportion 1 Number of samples 

Household Characteristics    

Child gender (1 for boys) 0.49 0.51 861 

Blood lead at or above 5 ug/dL (yes=1) 0.96 0.04 0 

Blood lead at or above 2 ug/dL (yes=1) 0.61 0.39 0 

Blood test type (capillary=1) 0.09 0.91 1916 

Water System Characteristics    

pH adjustment (1 if used) 0.09 0.91 0 

Phosphate addition (1 if used) 0.11 0.89 0 

Chloramines (1 if used) 0.12 0.88 0 

Coagulation (1 if used) 0.14 0.86 0 

 Groundwater Surface water Purchased 

Source water type (missing samples = 0) 0.07 0.86 0.07 

 

Table S6: Summary statistics describing the percent of children in the final merged data set served by 
water systems with water lead levels over specified thresholds.  

Water Lead 

Threshold 

Percent with 

10% Samples or 

more over 

threshold 

Percent with 

20% Samples or 

more over 

threshold 

Percent with 

40% Samples or 

more over 

threshold 

Percent with 

60% Samples or 

more over 

threshold 

Percent with 

80% Samples or 

more over 

threshold 

15 ppb 0.06 0.0 0 0 0 

10 ppb 0.07 0.06 0.0 0 0 

5 ppb 0.12 0.08 0.06 0.0 2.45e-05 

2 ppb 0.42 0.15 0.13 0.06 0.06 

1 ppb 0.42 0.15 0.13 0.06 0.06 
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Elevated blood lead levels (5 𝝁g/dL target) 

Figure S10 shows the Bayesian Network model fit to assess the CDC reference threshold, or 

5 𝜇g/dL. Importantly, no water systems characteristics were found to be attributable to children 

exceeding this threshold. The demographic and socioeconomic characteristics found to be 

significant are all correlated with increased exposure to paint and dust sources of lead. Therefore 

children with blood lead levels about this threshold have likely been exposed to other sources of 

lead beyond drinking water.  The marginal probability model parameters and model selected 

variable discretization associated with this model are summarized in Table S7.  The receiver 

operating characteristic curve for this model is shown as Figure S11 and shows the trade-off 

between true positive and false positive predictions made by the model. The area under the curve 

is 75.78% and is a measure of the quality of the model predictions. 

 

Figure S10: Final network structure predicting the probability of a child’s blood lead level reaching or 
exceeding the CDC Reference Level of 5 𝜇g/dL.  
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Figure S11: Receiver operating characteristic curve of the final model to predict the 5 𝜇g/dL target. AUC 
indicates the area under the curve and is a measure of the model’s performance.   
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Table S7: Nodes, states, and marginal probabilities of 5 𝜇g/dL target model.  

Variable name Units States Marginal State Probability 

Blood test year year 2003 0.03 

  2004 0.04 

  2005 0.05 

  2006 0.06 

  2007 0.07 

  2008 0.07 

  2009 0.08 

  2010 0.07 

  2011 0.07 

  2012 0.08 

  2013 0.08 

  2014 0.07 

  2015 0.06 

  2016 0.07 

  2017 0.09 

% Black % <=0.15 0.39 

  <=0.32 0.25 

  <=0.52 0.21 

  <=0.71 0.1 

  >0.71 0.04 

Median household income Dollar <=42132 0.16 

  <=63359 0.37 

  <=86190 0.25 

  <=116964 0.14 

  >116964 0.08 

Home value Dollar <=186029 0.51 

  <=323353 0.3 

  <=532924 0.14 

  <=883677 0.04 

  >883677 0.01 

Child age Month <=9 0.01 

  <=15 0.67 

  <=20 0.06 

  <=30 0.17 

  >30 0.08 
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Subclinical blood lead levels (2 𝝁g/dL target)   

Section 3.1.2 summarizes the results of the model assessing the relationship among selected 

model variables and blood lead levels at or above 2 𝜇g/dL. The highest performing model 

structure are shown in Figure 3 and the total effect of each variable are summarized in Figure 4. 

Figure S12 shows the receiver operating characteristic curve for the model. This curve shows 

the tradeoff between the model’s predicted true positive and false positive rates and is a measure 

of the predictive accuracy of the model.   The marginal probability model parameters and model 

selected variable discretization associated with this model are summarized in Table S8.  

These types of models can also be used to predict the probability of children outside of the 
sample having a blood lead level at or over the target of 2 𝜇g/dL. The predictive performance of 
this model is discussed in detail in Section 3.2. 

Table S9 summarizes the predicted probability that a child has a blood lead level at or over 

2 𝜇g/dL for each water system in the region (also shown in Figure 6).   

 

 



49 

 

 

Figure S12: Receiver operating characteristic curve of the final model to predict the 2 𝜇g/dL target. AUC 
indicates the area under the curve and is a measure of model’s performance.  
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Table S8: Nodes, states, and marginal probabilities of 2 𝜇g/dL target model.  

Variable name Units States Marginal State Probability 

Blood test year year 2003 0.03 

  2004 0.04 

  2005 0.05 

  2006 0.06 

  2007 0.07 

  2008 0.07 

  2009 0.08 

  2010 0.07 

  2011 0.07 

  2012 0.08 

  2013 0.08 

  2014 0.07 

  2015 0.06 

  2016 0.07 

  2017 0.09 

No. of wells # <=0 0.93 

  <=2 0.04 

  >2 0.03 

Coagulation binary 0 = None 0.14 

  1 = Yes 0.86 

Phosphate addition binary 0 = None 0.11 

  1 = Yes 0.89 

pH adjustment binary 0 = None 0.09 

  1 = Yes 0.91 

10% of water samples exceed 2 ppb binary 0 = None 0.09 

  1 = Yes 0.91 

Age of water system year <=17 0.01 

  <=26 0.02 

  <=37 0.02 

  >37 0.95 

No. of service connections # <=286 0.06 

  <=12210 0.03 

  <=132648 0.16 

  >132648 0.75 

% Hispanic % <=0.1 0.6 

  <=0.15 0.18 

  >0.15 0.22 



51 

 

% Black % <=0.15 0.39 

Variable name Units States Marginal State Probability 

% Black % <=0.32 0.25 

  <=0.52 0.21 

  <=0.71 0.1 

  >0.71 0.04 

Median household income Dollar <=42132 0.16 

  <=63359 0.37 

  <=86190 0.25 

  <=116964 0.14 

  >116964 0.08 

Home value Dollar <=186029 0.51 

  <=323353 0.3 

  <=532924 0.14 

  <=883677 0.04 

  >883677 0.01 

Year of home construction year <=1950 0.24 

  <=1978 0.14 

  <=1988 0.18 

  <=1998 0.18 

  >1998 0.26 

Child age Month <=9 0.01 

  <=15 0.67 

  <=20 0.06 

  <=30 0.17 

  >30 0.08 

Child gender  0 = girl 0.49 

  1 = boy 0.51 
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Table S9: Averaged predicted probability of blood lead levels ≥2 𝜇g/dL among children served by each community water system in the Wake 
County, NC data set.  

Water 

system ID 

Predicted 

prob. of 

child blood 

lead >=2 

µg/dL Water system name 

Source 

water type 

No. of 

connections 

Population 

served 

pH 

adjustment 

Phosphate 

addition 

Number of 

children 

>= 2 µg/dL 

Total 

number 

of 

children 

tested 

% children 

>=2 µg/dL 

NC4092073 0.50-1.00 ROCKBRIDGE S/D GW 410 1042 1 0 5 24 0.21 

NC0392111 0.50-1.00 CAMELOT S/D GW 240 604 1 0 72 94 0.77 

NC0392378 0.50-1.00 THORNBURG S/D GW 65 165 1 0 3 5 0.60 

NC4392120 0.50-1.00 SOUTH MOUNTAIN S/D GW 92 234 1 0 4 5 0.80 

NC4392107 0.50-1.00 CHESTERFIELD 

VILLAGE 

GW 35 89 1 0 1 2 0.50 

NC0392150 0.30-0.50 LAKESIDE ESTATES GW 24 61 0 0 3 4 0.75 

NC4392169 0.30-0.50 HILLINGTON WEST S/D GW 153 382 0 0 6 12 0.50 

NC0392083 0.30-0.50 OAKES PLANTATION 

S/D 

GW 24 60 0 0 1 1 1.00 

NC0392141 0.30-0.50 PARRISH MEADOWS 

S/D 

GW 22 55 0 0 5 6 0.83 

NC0392389 0.30-0.50 DEERCHASE S/D GW 298 757 1 0 5 9 0.56 

NC4392187 0.30-0.50 RIDGEVIEW S/D GW 31 79 0 0 2 6 0.33 

NC4392152 0.30-0.50 SETTLERS CREEK S/D GW 45 115 1 0 16 23 0.70 

NC0392236 0.30-0.50 AMBER ACRES GW 94 239 1 1 103 174 0.59 

NC4092039 0.30-0.50 WHITTINGHAM 

MASTER SYSTEM 

GW 268 680 1 0 6 12 0.50 

NC0392184 0.30-0.50 RIDGEHAVEN S/D GW 179 455 1 0 13 27 0.48 

NC0392133 0.30-0.50 GAYLEE VILLAGE GW 182 460 1 0 40 64 0.63 

NC4092056 0.30-0.50 RIVER CHASE S\D GW 38 95 1 0 1 1 1.00 

NC4392151 0.30-0.50 STONEY CREEK S/D GW 68 173 1 0 2 3 0.67 

NC4392153 0.30-0.50 LINDSEY POINT S/D GW 30 76 0 0 27 41 0.66 

NC4392148 0.30-0.50 WOOD TRACE S/D GW 46 117 0 0 5 8 0.63 

NC0392264 0.30-0.50 PINE COUNTRY 

ESTATES 

GW 17 44 1 0 3 4 0.75 

NC0392380 0.30-0.50 KINGS GRANT S/D GW 168 427 1 0 6 9 0.67 
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Water 

system ID 

Predicted 

prob. of 

child blood 

lead >=2 

µg/dL Water system name 

Source 

water type 

No. of 

connections 

Population 

served 

pH 

adjustment 

Phosphate 

addition 

Number of 

children 

>= 2 µg/dL 

Total 

number 

of 

children 

tested 

% children 

>=2 µg/dL 

NC4392146 0.30-0.50 HUNTDELL S/D GW 59 149 0 0 13 23 0.57 

NC0392388 0.15-0.30 WOODS OF ASHBURY 

S\D 

GW 56 144 1 0 1 1 1.00 

NC4392117 0.15-0.30 LITTLE RIVER RUN S/D GW 46 116 1 0 7 14 0.50 

NC0392218 0.15-0.30 BAYWOOD FOREST S/D GW 210 533 0 0 37 65 0.57 

NC4092139 0.15-0.30 GRAYSTONE S/D SWP 20 50 0 0 1 2 0.50 

NC4392181 0.15-0.30 STEVENS OAKS GW 96 244 0 0 18 25 0.72 

NC4092064 0.15-0.30 KENNEBEC FARMS S/D GW 162 412 1 0 2 6 0.33 

NC4092067 0.15-0.30 PARKER FALLS 

MASTER 

GW 183 457 1 0 2 3 0.67 

NC4392215 0.15-0.30 MIAL PLANTATION S/D GW 43 110 0 0 0 2 0.00 

NC4092066 0.15-0.30 BARRINGTON HILLS 

S/D 

GW 38 122 0 0 3 5 0.60 

NC0392324 0.15-0.30 HIDDEN HOLLOW S/D GW 48 123 0 0 6 9 0.67 

NC0392398 0.15-0.30 TURNER FARMS V 

MASTER SYSTEM 

GW 204 518 1 0 7 16 0.44 

NC0392335 0.15-0.30 WINDHAVEN S/D GW 206 523 1 0 5 6 0.83 

NC0392356 0.15-0.30 MALLARDS CROSSING 

S/D 

GW 279 709 1 0 57 96 0.59 

NC0392383 0.15-0.30 BRIARWOOD/KILDAIRE GW 163 408 1 0 11 24 0.46 

NC4392158 0.15-0.30 WORTHINGTON S/D GW 48 119 1 0 5 5 1.00 

NC4392172 0.15-0.30 CROOKED CREEK S/D GW 108 270 0 0 6 12 0.50 

NC0392096 0.15-0.30 RIVER OAKS S/D GW 47 119 0 0 2 7 0.29 

NC4392154 0.15-0.30 MOOREFIELD S/D GW 71 181 1 0 9 17 0.53 

NC4392195 0.15-0.30 EAGLES CROSSING S/D GW 77 196 1 0 4 6 0.67 

NC4392182 0.15-0.30 AMBER RIDGE S/D GW 292 742 1 1 37 95 0.39 

NC0392177 0.15-0.30 PINEVIEW ESTATES GW 33 83 0 0 7 13 0.54 

NC0392129 0.15-0.30 FAIRVIEW WOODED 

ACRES MH S/D 

GW 118 300 1 0 1 2 0.50 

NC0392211 0.15-0.30 BARCLAY DOWNS S/D GW 124 314 1 0 4 16 0.25 
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Water 

system ID 

Predicted 

prob. of 

child blood 

lead >=2 

µg/dL Water system name 

Source 

water type 

No. of 

connections 

Population 

served 

pH 

adjustment 

Phosphate 

addition 

Number of 

children 

>= 2 µg/dL 

Total 

number 

of 

children 

tested 

% children 

>=2 µg/dL 

NC0392127 0.15-0.30 EDGEMONT MHP GW 28 63 0 0 4 10 0.40 

NC4392145 0.15-0.30 BRADFORD PLACE S/D GW 38 95 0 0 2 7 0.29 

NC0392120 0.15-0.30 COUNTRY SQUIRE 

ESTATES 

GW 34 85 1 0 2 6 0.33 

NC0392010 0.15-0.30 RALEIGH, CITY OF SW 195000 603000 1 1 12576 30642 0.41 

NC0392168 0.15-0.30 NEUSE WOODS MH S/D GW 113 287 1 0 16 26 0.62 

NC0392080 0.15-0.30 SADDLE RUN S/D GW 229 582 1 0 1 3 0.33 

NC4392174 0.15-0.30 MEADOW GLEN S/D GW 33 84 0 0 6 13 0.46 

NC0392379 0.10-0.15 MATHERLY S/D GW 44 112 0 0 0 5 0.00 

NC4392159 0.10-0.15 AUBURN HILLS S/D GW 37 94 0 0 3 7 0.43 

NC0392077 0.10-0.15 SANDY TRAIL S/D GW 241 603 1 1 6 10 0.60 

NC0392093 0.10-0.15 PEAR MEADOWS S/D SWP 70 175 0 0 5 10 0.50 

NC0392394 0.10-0.15 EAGLEWOOD FARMS 

S/D 

GW 39 110 1 0 7 14 0.50 

NC4092027 0.10-0.15 GALLOWAY S/D GW 88 231 1 0 1 4 0.25 

NC0392055 0.10-0.15 FUQUAY-VARINA, 

TOWN OF 

SWP 11978 30424 0 1 362 923 0.39 

NC0392095 0.10-0.15 AMHERST S/D GW 128 325 0 0 15 42 0.36 

NC4392225 0.10-0.15 KENDALL HILL 

MASTER 

GW 105 263 1 0 3 4 0.75 

NC0392081 0.10-0.15 COTTONWOOD S/D GW 80 203 1 0 18 47 0.38 

NC0392323 0.10-0.15 ALTICE ESTATES S/D GW 130 330 1 0 11 18 0.61 

NC0392094 0.10-0.15 TRADEWINDS S/D GW 181 442 1 0 20 48 0.42 

NC0392318 0.10-0.15 ASHLEY HILLS S/D GW 176 436 1 0 72 114 0.63 

NC0392087 0.10-0.15 STAGECOACH S/D GW 221 561 1 0 10 29 0.34 

NC4392101 0.10-0.15 RIDGEBROOK BLUFF 

S/D 

GW 96 243 1 0 5 7 0.71 

NC4392160 0.10-0.15 TYLER FARMS S/D GW 35 89 0 0 1 5 0.20 

NC4092060 0.10-0.15 WILLOW BLUFFS V GW 46 117 0 0 20 58 0.34 
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Water 

system ID 

Predicted 

prob. of 

child blood 

lead >=2 

µg/dL Water system name 

Source 

water type 

No. of 

connections 

Population 

served 

pH 

adjustment 

Phosphate 

addition 

Number of 

children 

>= 2 µg/dL 

Total 

number 

of 

children 

tested 

% children 

>=2 µg/dL 

NC0392108 0.10-0.15 DALLAS ACRES GW 59 150 1 0 1 1 1.00 

NC0392084 0.10-0.15 JONES DAIRY FARM 

S/D 

GW 70 175 1 0 27 69 0.39 

NC4392112 0.10-0.15 BROOKSTONE S/D GW 156 396 1 0 27 88 0.31 

NC0392250 0.10-0.15 DEERFIELD PARK S/D GW 189 480 0 0 3 6 0.50 

NC0392385 0.10-0.15 OAK HOLLOW 

ESTATES 

GW 45 114 1 0 6 12 0.50 

NC0392020 0.10-0.15 CARY, TOWN OF SW 70296 192250 1 1 1255 4385 0.29 

NC4392233 0.05-0.10 MONTERREY S/D GW 27 69 1 0 3 5 0.60 

NC0392179 0.05-0.10 PLEASANT GROVE 

MHC 

GW 72 177 0 0 1 4 0.25 

NC0392352 0.05-0.10 GENTLE SLOPE 

SUBDIVISION 

GW 15 38 0 0 0 1 0.00 

NC0392230 0.05-0.10 WILLOW CREEK S/D GW 29 74 1 0 20 60 0.33 

NC4092063 0.05-0.10 DUNCAN RIDGE S/D GW 88 220 1 0 1 4 0.25 

NC4092089 0.05-0.10 WHITETAIL FARM S/D GW 16 40 1 0 0 3 0.00 

NC0392330 0.05-0.10 BRIARWOOD FARMS I GW 43 109 1 0 7 10 0.70 

NC0392091 0.05-0.10 LITTLE JOHN ACRES GW 25 63 0 0 0 1 0.00 

NC0392086 0.05-0.10 WETHERBURN WOODS GW 29 73 1 0 0 1 0.00 

NC4392142 0.05-0.10 FOREST GLEN MASTER GW 108 274 1 0 10 26 0.38 

NC0392357 0.05-0.10 WEST OAKS S/D GW 238 605 1 0 0 2 0.00 

NC4092006 0.05-0.10 CREST OF CAROLINA 

MASTER 

GW 198 503 0 1 11 25 0.44 

NC0392364 0.05-0.10 HANOVER DOWNS S/D GW 21 58 1 0 0 2 0.00 

NC4392141 0.05-0.10 SOUTHERN TRACE S/D GW 191 485 0 0 12 33 0.36 

NC4392147 0.05-0.10 LAUREL GROVE S/D GW 47 119 0 0 0 4 0.00 

NC0392322 0.05-0.10 KILT VALLEY ESTATES GW 27 58 1 0 6 11 0.55 

NC4092017 0.05-0.10 OGBURN FARMS S/D GW 62 155 0 0 2 4 0.50 

NC4092042 0.05-0.10 HUDSON MEADOWS 

S/D 

GW 48 122 0 0 3 5 0.60 



56 

 

Water 

system ID 

Predicted 

prob. of 

child blood 

lead >=2 

µg/dL Water system name 

Source 

water type 

No. of 

connections 

Population 

served 

pH 

adjustment 

Phosphate 

addition 

Number of 

children 

>= 2 µg/dL 

Total 

number 

of 

children 

tested 

% children 

>=2 µg/dL 

NC0392098 0.05-0.10 THOMPSON MILLS S/D GW 181 453 1 0 3 12 0.25 

NC0392163 0.05-0.10 RIVERVIEW NORTH GW 71 180 1 0 4 11 0.36 

NC4092048 0.05-0.10 OLD FARM CROSSING 

S/D 

GW 34 86 0 0 1 4 0.25 

NC4092107 0.05-0.10 AVOCET S/D GW 221 553 1 0 0 4 0.00 

NC0392045 0.05-0.10 APEX, TOWN OF SWP 20585 60000 0 0 337 1314 0.26 

NC0392376 0.05-0.10 HAMPTON RIDGE S/D GW 180 457 1 0 4 17 0.24 

NC4392140 0.05-0.10 ROYAL SENTER RIDGE 

S/D 

GW 250 635 0 0 0 4 0.00 

NC4392135 0.05-0.10 JORDAN RIDGE S/D GW 39 99 1 0 1 2 0.50 

NC4392186 0.05-0.10 WILLOW HILLS S/D GW 40 102 0 0 8 19 0.42 

NC0392160 0.05-0.10 MEDFIELD ESTATES 

S/D 

GW 300 779 1 0 12 32 0.38 

NC4392114 0.05-0.10 OLDE MILLS LAKE S/D GW 38 96 1 0 0 1 0.00 

NC0392261 0.05-0.10 WOODSCREEK S/D GW 72 183 1 0 1 2 0.50 

NC0392257 0.05-0.10 NOTTINGHAM FOREST 

S/D 

GW 211 543 1 0 1 2 0.50 

NC0392251 0.05-0.10 CAMBRIDGE S/D GW 74 185 1 0 4 24 0.17 

NC4092033 0.05-0.10 LEGACY AT FORTY 

TWO S/D 

GW 83 215 1 0 6 20 0.30 

NC4392128 0.05-0.10 EAGLE CREEK S/D GW 89 223 0 0 1 2 0.50 

NC4092068 0.05-0.10 TAVERNIER 

SUBDIVISION 

GW 73 185 1 0 0 2 0.00 

NC0392294 0.05-0.10 LAKEWOOD ESTATES GW 37 97 1 0 0 1 0.00 

NC0392116 0.05-0.10 COLONIAL HEIGHTS-

MALIBU S/D 

GW 92 238 1 0 9 13 0.69 

NC4392163 0.05-0.10 FOXMOOR S/D GW 78 203 1 0 4 11 0.36 

NC4392192 0.05-0.10 BAILEY`S LANDING S/D GW 44 114 0 0 3 7 0.43 

NC4092040 0.05-0.10 HOPSON DOWNS S/D GW 110 280 0 0 0 2 0.00 

NC4092043 0.05-0.10 ROWLAND POND S/D GW 143 363 0 0 1 3 0.33 
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Water 

system ID 

Predicted 

prob. of 

child blood 

lead >=2 

µg/dL Water system name 

Source 

water type 

No. of 

connections 

Population 

served 

pH 

adjustment 

Phosphate 

addition 

Number of 

children 

>= 2 µg/dL 

Total 

number 

of 

children 

tested 

% children 

>=2 µg/dL 

NC4092011 0.05-0.10 CRESCENT RIDGE S/D GW 95 242 0 0 7 22 0.32 

NC0392333 0.05-0.10 TUCKAHOE S/D GW 87 221 1 0 6 9 0.67 

NC4392229 0.05-0.10 HARMONY GLEN S/D GW 29 76 1 0 0 4 0.00 

NC4092098 0.05-0.10 TURNER FARMS IX & X GW 55 140 1 0 1 3 0.33 

NC0392347 0.05-0.10 WINDEMERE S/D GW 39 96 1 0 1 1 1.00 

NC4392150 0.05-0.10 HOLLAND MASTER 

SYSTEM 

GW 128 325 1 0 6 36 0.17 

NC0392320 0.05-0.10 BERKSHIRE DOWNS GW 109 277 1 0 90 195 0.46 

NC4092105 0.05-0.10 INWOOD FOREST GW 50 125 1 0 14 28 0.50 

NC0392338 0.05-0.10 SOUTHWOOD-SURRY 

RIDGE S/D 

GW 131 314 1 0 0 4 0.00 

NC4092133 0.05-0.10 KINGSTON MANOR S/D GW 35 88 0 0 14 42 0.33 

NC4092057 0.05-0.10 DEVONSHIRE S/D GW 58 145 0 0 0 1 0.00 

NC0392182 0.05-0.10 PONDEROSA S/D GW 59 149 1 0 7 15 0.47 

NC4092061 0.00-0.05 SOUTHERN MEADOWS 

S/D 

GW 42 106 0 0 1 3 0.33 

NC4392103 0.00-0.05 SADDLERIDGE S/D GW 172 430 1 0 0 4 0.00 

NC0392363 0.00-0.05 MEADOW RIDGE S/D GW 147 373 1 0 2 4 0.50 

NC0392331 0.00-0.05 TURNER FARMS III & 

IV 

GW 295 750 1 0 6 19 0.32 

NC4092038 0.00-0.05 UPCHURCH PLACE S/D GW 62 155 0 0 0 1 0.00 

NC4092072 0.00-0.05 VINTAGE ACRES S/D GW 29 73 0 0 0 5 0.00 

NC0392358 0.00-0.05 BELLE RIDGE S/D GW 57 143 0 0 2 5 0.40 

NC4392188 0.00-0.05 JAMISON PARK S/D GW 210 528 1 0 1 4 0.25 

NC4392216 0.00-0.05 SAWYER`S MILL S/D GW 140 366 1 0 2 6 0.33 

NC4092032 0.00-0.05 HOLLAND DOWNS S/D GW 19 50 0 0 1 2 0.50 

NC4392129 0.00-0.05 BROADHURST/TURNER 

DOWNS S/D 

GW 235 597 1 0 3 12 0.25 

NC0392334 0.00-0.05 HIGH MEADOWS S/D GW 126 320 1 0 17 39 0.44 



58 

 

Water 

system ID 

Predicted 

prob. of 

child blood 

lead >=2 

µg/dL Water system name 

Source 

water type 

No. of 

connections 

Population 

served 

pH 

adjustment 

Phosphate 

addition 

Number of 

children 

>= 2 µg/dL 

Total 

number 

of 

children 

tested 

% children 

>=2 µg/dL 

NC4392122 0.00-0.05 OAK CHASE S/D GW 64 175 0 0 2 11 0.18 

NC0392280 0.00-0.05 TURNER FARMS I & II GW 51 130 1 0 2 4 0.50 

NC4392157 0.00-0.05 WILDERS RIDGE S/D GW 204 518 0 0 3 15 0.20 

NC0392366 0.00-0.05 ROLLING MEADOW S/D GW 20 51 0 0 0 1 0.00 

NC4392143 0.00-0.05 LAKEFALL S/D GW 72 178 1 0 1 1 1.00 

NC0392253 0.00-0.05 LYNNHAVEN-

CROWSDALE 

GW 259 650 1 0 1 2 0.50 

NC4392118 0.00-0.05 SOUTHWYCK S/D GW 49 124 0 0 1 3 0.33 

NC0392340 0.00-0.05 COUNTRY CROSSING 

S/D 

GW 55 135 1 0 6 16 0.38 

NC4392125 0.00-0.05 COTESWORTH DOWN 

S/D 

GW 199 506 1 0 1 2 0.50 

NC4392119 0.00-0.05 HEATHERSTONE WEST 

S/D 

GW 90 229 0 0 0 2 0.00 

NC0392386 0.00-0.05 ROLLING RIDGE S/D GW 24 61 1 0 0 4 0.00 

NC4092080 0.00-0.05 BRACKENRIDGE 

ESTATES S/D 

GW 19 48 1 0 0 2 0.00 

NC4092081 0.00-0.05 ASHEBROOK S/D GW 19 48 0 0 11 22 0.50 

NC0392050 0.00-0.05 HOLLY SPRINGS, 

TOWN OF 

SWP 12442 38500 0 0 266 1115 0.24 

NC4092096 0.00-0.05 HIGH GROVE S/D GW 148 371 0 0 0 1 0.00 

NC0392337 0.00-0.05 WESLEY WOODS GW 35 89 1 0 0 1 0.00 

NC4392134 0.00-0.05 WYNSTONE S/D GW 41 102 1 0 1 4 0.25 

NC0392325 0.00-0.05 BIRCH FALLS S/D GW 29 76 1 0 2 3 0.67 

NC0392298 0.00-0.05 STONEHENGE S/D GW 735 1837 1 0 54 196 0.28 

NC0392090 0.00-0.05 YATES MILL RUN S/D GW 71 178 1 0 1 10 0.10 

NC4392133 0.00-0.05 MILL RACE GW 49 122 0 0 0 2 0.00 

NC4092084 0.00-0.05 HAMPTON PARK S\D GW 74 185 0 0 0 1 0.00 

NC0392155 0.00-0.05 WAKEFIELD S/D GW 161 408 1 0 0 1 0.00 

NC4392132 0.00-0.05 SOUTH LAKE S/D GW 42 106 0 0 7 37 0.19 
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NC4092065 0.00-0.05 ELLIOTT LANDING S/D GW 86 218 0 0 0 3 0.00 

NC0392313 0.00-0.05 COUNTRY RIDGE S/D GW 24 60 1 0 0 1 0.00 

NC0392395 0.00-0.05 TWIN LAKE FARM S/D GW 82 208 0 0 1 2 0.50 

NC4092103 0.00-0.05 HONEYCUTT LANDING 

S/D 

GW 98 250 0 0 1 3 0.33 

NC4392156 0.00-0.05 SUN RIDGE FARM S/D SWP 107 268 0 0 1 13 0.08 

NC0392314 0.00-0.05 KENSINGTON 

MEADOWS S/D 

GW 159 403 1 0 0 1 0.00 

NC0392371 0.00-0.05 PHILLIPS LANDING S/D GW 32 81 1 1 3 7 0.43 

NC0392128 0.00-0.05 EMERALD VILLAGE 

S/D 

GW 49 125 1 1 4 7 0.57 

NC4392228 0.00-0.05 RUTLEDGE LANDING 

S/D 

GW 275 688 1 1 73 133 0.55 

NC4392155 0.00-0.05 LA VENTANA S/D GW 44 112 0 1 3 5 0.60 

NC0392186 0.00-0.05 ROYAL ACRES S/D GW 24 61 1 1 3 10 0.30 

NC0392085 0.00-0.05 MYATT MILL S/D GW 246 615 0 0 0 1 0.00 

NC4092097 0.00-0.05 BLALOCK FOREST S/D GW 113 287 0 1 0 3 0.00 
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