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ABSTRACT 

 

In order to ensure clean drinking water for all, it is crucial to understand potential upland 

stressors that compromise the quality of source waters treated by local community water 

systems (CWSs). Contamination associated with specific types of land cover can result in 

downstream water quality degradation, which may reduce the effectiveness of treatment 

by CWSs. Surface mining has been hypothesized as a source of drinking water 

degradation within the Central Appalachian region, which may result in adverse 

exposures and health disparities. The purpose of this study was to identify potential 

correlations between land cover and adverse birth outcomes (ABOs) through the 

application of watershed epidemiology, an emerging environmental health paradigm. 

Birth records for the Central Appalachian region were acquired from their respective state 

health departments from 2001 to 2015: each record contained the mother’s street address, 

outcome variables, and covariates. Records were included in later analyses if they fell 

within an approximated CWS service area. Contributing land cover to each CWS was 

determined via previously delineated watersheds that relied on CWS intake points. A 

binomial generalized linear model was used to compare low birth weight (LBW), term 

low birth rate (tLBW), and preterm birth (PTB) incidence to CWS source watershed land 

cover, Safe Drinking Water Act (SDWA) violations, CWS size, and covariates related to 

the birth records. Source watershed mining and SDWA health based (HB) violations 

were significantly associated with greater risks for preterm birth (PTB) and low birth 

weight (LBW). Future work should be conducted to explore upstream flow impacts, 

address missing data in the birth records, and to more accurately represent CWS service 

areas to better characterize exposure.         
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GENERAL AUDIENCE ABSTRACT 

 

Millions of individuals throughout the world are sickened by waterborne exposures every year. 

To ensure clean drinking water long-term, it is crucial to understand how human land cover 

might change the water quality of source watersheds, as this may impact the effectiveness of 

water treatment and increase adverse human health exposures. The goal of this effort is to 

understand whether land cover is linked to downstream adverse birth outcomes (ABOs) in 

Central Appalachia, a region of the United States previously associated with high disease 

incidence suspected to be partially linked to environmental exposure. Birth records were 

acquired for the years of 2001 to 2015 from four (VA, WV, TN, KY) respective state health 

departments. Each record contained the mother’s address, outcome variables, and covariates 

(e.g., race, ethnicity). Births were located within approximate service areas for 140 surface water 

dependent community water systems (CWS) within the region. Data from each CWS, including 

weighted land cover proportions for their source watershed, were merged with the birth records 

according to approximate service areas. Statistical analysis suggested that higher source 

watershed levels of mining and urban development were associated with higher risks of preterm 

birth (PTB) and low birth weight (LBW). The number of health based (HB) violations associated 

with each CWS was also associated with both of these outcomes. Major limitations of this work 

include birth record data gaps and the lack of publicly available CWS service areas and/or water 

consumption rates, which does increase the risk of exposure misclassification.  
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1. INTRODUCTION 

 

Longstanding health disparities within the Central Appalachian region cannot be entirely 

attributed to sociobehavioral factors, suggesting that environmental exposures (e.g., air and 

water) may play a significant role in disease (Krometis et al., 2017). Although water is frequently 

cited as an environmental health concern by Appalachian communities (Levêque & Burns, 2017; 

McSpirit & Reid, 2011), the role of waterborne exposures is poorly quantified for this region. 

Though past studies have suggested that community water system (CWS) violations may be 

linked to adverse health outcomes, these have been criticized for ecological bias (Hendryx & 

Ahern, 2012). A more recent examination incorporating watersheds found unclear evidence of 

watersheds as mediators of the association between proximity to surface mining and adverse 

birth outcomes, emphasizing that this route of exposure is quite complex  (Ruktanonchai et al., 

2022). 

This research aims to address the uncertainty of watersheds as mediators by applying the 

emerging watershed epidemiology paradigm (Corley et al. 2018) to evaluate the associations 

between upstream land cover and adverse birth outcomes (ABOs). A child is described to have 

an ABO if they are less than 2,500 g in weight at birth (low birth weight: LBW), and or a 

gestational term less than 37 weeks (preterm birth: PTB), or if they weigh less than 2,500 g after 

a gestational term 37 week or more (term low birth weight: tLBW). Although watershed 

management is largely absent from the public health literature (Jenkins et al., 2018), past 

research suggests that land cover can impact downstream rates of Safe Drinking Water Act 

(SDWA) violations (Smith, 2020). Associations between ABOs and surface water management 

would provide justification for increased environmental protection and/or infrastructure 

investment to reduce regional burdens of disease.  
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2. LITERATURE REVIEW 

 

2.1. Introduction:  The Role of the Environment 

 

Two decades ago, mapping and understanding the human genome appeared to offer a primary 

solution to address human disease; however, increasing research suggests that many diseases are 

strongly linked to key environmental exposures (Brunekreef, 2013). Reviews of epidemiological 

studies emphasize that 70 to 90% of chronic diseases originate from non-genetic factors (Pleil, 

2012; Rappaport & Smith, 2010) and suggest the utility of genetic typing in addressing disease is 

often compromised by poor concomitant measures of environmental exposure (Wild, 2005). 

Given the current assessment by many human geneticists that “genetics loads the gun, but the 

environment pulls the trigger” (Pleil, 2012), defining and quantifying environmental exposures is 

critical to improving public health. 

Delineation of exposure pathways is essential to the identification of environmental 

contaminants of concern. The 2004 International Programme on Chemical Safety (IPCS) Risk 

Assessment Terminology report defines exposure as, “contact between an agent and a target,” 

where such contact is made on a given exposure surface (oral, respiratory, or dermal) over a 

defined period (IPCS, 2004). While this definition is easily applied to acute occupational 

exposures, where and when critical contact occurs with chronic environmental contaminants can 

be quite difficult to identify. Likewise, the relationship between chronic environmental exposure 

and disease remains understudied (Wild, 2005). Individual level environmental exposure 

assessments are often logistically difficult and costly (Brunekreef, 2013); therefore, 

environmental epidemiologists sometimes rely on combining landscape data with health 

outcomes to approximate exposure (e.g., Buttling et al., 2021). However, while occupational 

exposure assessments have predefined boundaries and exposure definitions, environmental 

exposure assessments can struggle to account for spatial heterogeneity as geospatial boundaries 

delineating levels of exposure are not generally obviously defined (Corley et al., 2018).   

The analysis of 10 million single nucleotide polymorphisms within the human genome will be of 

limited use without an understanding of the environmental factors that drive genetic expression 

and the onset and progression of disease (Wild, 2005). In response, an increasing number of 
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researchers advocate adoption of the human exposome framework: the exposome encompasses 

all environmental exposures and environmental influences with their associated biological 

responses from the prenatal period onward (Brunekreef, 2013; Garner et al., 2016; Wild, 2005). 

The exposome comprises everything outside of the individual’s genome including the 

metabolome, microbiome, adductome, and the proteome (Pleil, 2012). This framework 

specifically considers not only adverse exposures, but also an individual's mental, physical, and 

social factors to consider potential predictors of disease holistically (Brunekreef, 2013). Of 

critical note when applying this framework, the exposome is highly variable and constantly 

changes throughout an individual's lifetime, which is in direct contrast to the individual’s 

genome (Wild, 2005).      

 

2.2. Environmental Health in Central Appalachia  

 

Populations within the Central Appalachian region, which includes portions of the states of 

Virginia, Kentucky, West Virginia, and Tennessee, continue to struggle to address significant 

and seemingly persistent health disparities (Behringer & Friedell, 2006; Borak et al., 2012; 

Gohlke, 2021; Krometis et al., 2017; Mcgarvey et al., 2011; Meit et al., 2019; Woolley et al., 

2015). As previous analyses suggest that these disparities are not completely explained by 

genetic or behavioral (e.g., smoking, diet) factors, these disparities must be examined in 

connection to the unique land cover and potential environmental exposures of the region in order 

to improve community health. Appalachia as a region is often popularly associated with mining 

to produce thermal and metallurgical coal. In recent years, a large uptick in production between 

1985 and 2015 resulted in roughly 1,100 square miles of newly mined land (Pericak et al., 

2018). This increase in mining is partially attributable to amendments made to the Clean Air Act 

that resulted in higher demand for low-sulfur, high efficiency coal (Boyles et al., 

2017). Mountaintop removal (MTR) is currently the primary method of coal mining in Central 

Appalachia as it is fast, cheap, and less labor intensive (Boyles et al., 2017).   

 

Although the vast majority of the Central Appalachia footprint is forested or agricultural (Smith, 

2020), the impact of MTR on water resources can be significant. The process of MTR requires 
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the withdrawal of up to 1,000 ft of rock and soil via explosives at the surface, and this 

“overburden” is subsequently deposited in nearby valleys and waterways, which are often 

headwater streams (Ahern et al., 2011; Boyles et al., 2017; Holzman 2011). Explosion effluent, 

overburden, and runoff from surface mines can release sediment, metals, polycyclic aromatic 

hydrocarbons (PAHs), and salts into downstream surface waters and groundwater (Ahern et al., 

2011; Boyles et al., 2017; Holzman 2011). Impacts on natural hydrology are significant: between 

1985 and 2001, 724 miles of Appalachian streams were permanently destroyed along with four 

million acres impacted by the surface mining technique of MTR (Ahern et al., 2011). Coal 

processing, often on-site, also contaminates billions of gallons of water which are then stored in 

impoundment ponds or injected underground (Ahern et al., 2011; Holzman 2011). It is also 

important to note that standard surface mining (non-MTR), as well as underground mining, often 

occur alongside MTR mines, and that these sites are associated with the leaching of metals and 

salts via runoff and weathering of new, top-layer rock, as well as downstream sedimentation 

(Cook et al., 2015; Hopkins et al., 2013; Palmer et al., 2010; Sarver and Cox, 2013). There is 

increasing recent interest in potential links between MTR and non-MTR and adverse health 

outcomes (Holzman, 2011), which have long been recognized within coal-mining areas (Guidotti 

1979).  

 

Given the obvious and well-documented environmental consequences associated with coal 

mining, particularly MTR (Palmer et al. 2010), several environmental epidemiology studies have 

examined potential links between health disparities and mining land cover. Both Ahern et al. 

(2011) and Woolley et al. (2015) reported higher total mortality rates in coal-producing counties 

as compared to non-producing counties. Woolley et al. (2015) also observed higher rates of 

respiratory system mortality specifically in coal-mining counties in both WV and VA. Gohlke 

(2021) evaluated life expectancy, mortality rates, and low birth weight and preterm birth rates in 

four high-producing coalfield counties (Pike, KY; Boone, WV; Mingo, WV; and Logan, WV) 

and compared these observations relative to US national rates to other nations around the 

world. Low birth weight and preterm birth rates were elevated in WV, TN, and KY as compared 

to VA and the broader U.S. Of note, between 2014-2017, rates of low birth weight and preterm 

birth were higher in these Appalachian counties (12-14%) than the global average (11%), China 
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(7%), and even Ethiopia (12%) (Gohlke, 2021). In agreement with these findings, Ahern et al. 

(2011) reported, in comparison with non-mining counties, a 16% increase in risk of low birth 

weight infants in high coal production counties and a 14% increase in low birth weight in lower 

producing coal counties. Overall, although infant mortality and age-adjusted mortality rates are 

decreasing regionally, the rate of decline is slower when compared to the rest of the U.S. 

(Gohlke, 2021). It is important to note that many covariates including smoking, maternal 

education, and other socioeconomic/personal risk factors are often associated with some 

uncertainty with regards to accurate reporting and therefore could play a larger role than 

expected (Ahern et al., 2011; Boyles et al., 2017; Gohlke, 2021; Woolley et al., 2015). However, 

in a recent study Buttling et al. (2021) reported a significant positive association between 

preterm birth, low birth weight, and term low birth weight and proximity to active surface 

mining during gestation in Central Appalachia, even when accounting for the impacts of 

maternal age, parity, educational level, payment method, race, Hispanic origin, tobacco use, and 

the child’s sex (Buttling et al., 2021). 

 

2.3. Defining Waterborne Exposures 

 

A recent systematic review by Boyles et al. (2017) reported that of 11 studies on mortality in 

Central Appalachia, the majority reported higher rates associated with coal mining, but cautioned 

that conclusions were difficult to draw due to potential sources of bias in assigning exposure, 

which often relies on political boundaries (e.g., county of residence, census blocks). Since this 

meta-analysis was concluded, more recent examinations of potential connections between 

mining and birth outcomes have relied on natural boundaries of exposure, including airsheds 

(Buttling et al., 2021; Ruktanonchai et al., 2022).  

 

Water is frequently cited as a potential vector for pollutants of human health concern from 

upland sources, including minelands (Hendryx 2015; Hendryx & Ahern 2012), and drinking 

water quality is often specifically mentioned as an issue of concern in Appalachian communities 

(Krometis et al. 2017). However, waterborne exposures are poorly defined by political 



6 
 

boundaries (e.g., Hendryx & Ahern, 2012), which rarely follow hydrologic pathways. Previous 

works comparing census tracts to watersheds note that there is generally little to no congruence 

(Corley et al., 2018). Heterogeneity of waterborne exposure is therefore expected to occur across 

census tracts due to the lumping of differing geological characteristics within the same political 

boundary (Kolok et al., 2009). Differential boundaries between watersheds and political 

boundaries are likely to generate over- or underestimates of exposure, resulting in classification 

error/exposure bias.       

 

Watersheds are recognized as extremely useful in linking natural (e.g., topography) and 

anthropogenic (e.g., land cover) characteristics with changes in downstream water quality and 

quantity (Omernik et al., 2017). Receiving water quality and quantity within a watershed 

depends heavily on upland geology, topography, human uses, and land cover (Jordan and 

Benson, 2015). Many anthropogenic land covers including mining, oil and gas extraction, urban 

development, and agriculture are associated with adverse impacts on water quality and quantity, 

and these impacts are likely to worsen given projected increases in population and climate 

change (Jordan and Benson, 2015). Given both the wide range of downstream human uses, as 

well as the sensitivity of receiving waters to anthropogenic impacts, the watershed provides a 

potentially useful boundary for transdisciplinary research efforts examining changes in the health 

of humans, non-human species, and ecosystems (Jenkins et al., 2018).  

 

However, although widely used in evaluations of ecological health and non-human exposure to 

adverse contaminants, watershed management remains almost absent from public health 

literature; between 2000 and 2010, only 3.5% of the academic journals on watershed 

management mention human health (Jenkins et al., 2018). Combining public and ecological 

health frameworks offers an opportunity to better understand relationships between exposure 

(human and ecological) and contaminants (chemical or microbial) to simultaneously improve 

environmental and health management (Angermeier et al., 2021; Jordan & Benson, 2015).   
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One strategy that aims to connect watershed management and public health is the emerging field 

of watershed epidemiology, which delineates potential waterborne environmental exposures via 

hydrologic boundaries (Jenkins et al., 2018). Scaling exposure geographically within watersheds 

simultaneously encompasses relationships between the environment, water resources, and human 

health (Jordan & Benson, 2015) and can be used to explore relationships between watershed 

geography and contaminant distribution (Kolok et al., 2009). Contaminants flow in a defined 

manner within a watershed, allowing exposure assessment to be more accurately represented 

than through the use of political boundaries such as counties (Corley et al., 2018). Furthermore, a 

common level of exposure can be evaluated as any point on a stream reflects the collection of the 

characteristics upgradient from that stream point (Omernik et al., 2017). This approach offers a 

substantial reduction in potential exposure bias when compared to political boundaries, i.e., 

individuals residing in the same watershed miles apart are more likely to share similar 

waterborne contaminant exposures as compared to individuals living in close proximity yet in 

separate watersheds (Corley et al., 2018; Jenkins et al., 2018; Kolok et al., 2009). Corley et al. 

(2018) demonstrated this new technique through the use of hydrologic boundaries to evaluate 

adverse health outcomes in Nebraska. Incidence rate per watershed was calculated and evaluated 

to determine that the three health metrics of interest (birth defects, pediatric cancers, and thyroid 

cancer) all had independent patterns across all watersheds, highlighting the significance of using 

these boundaries rather than census tracts (Corley et al., 2018). However, it is important to note 

that like census boundaries, watershed are still evaluating exposure at an approximated level.     

 

Ruktanonchai et al. (2022) recently explicitly examined watershed and airshed exposure 

pathways to compare proximity to surface mining and adverse birth outcomes in Central 

Appalachia through a mediation analysis. Although there was a strong relation between 

proximity to surface mining and adverse birth outcomes, the watershed exposure pathways were 

not significantly and uniquely associated with the adverse birth outcomes. It is important to 

recognize that in this analysis, HUC10s were used as a primary watershed unit, i.e., all births 

within a HUC10 boundary were assigned the same “exposure”. HUCs (Hydrologic Unit Codes) 

are a “nationwide set of geographical polygons based on drainage subdivisions,” which 

ultimately are sorted in hierarchical levels (Omernik et al., 2017). Although HUCs have 
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previously been incorporated in human health behavioral research and ecological modeling 

(Corley et al., 2018), these watersheds are nonspecific to drinking water source watersheds and 

do not always include the full upstream watershed area (Omernik et al., 2017). Ruktanonchai et 

al. (2022) therefore posited that the complexities of source water use, treatment, and distribution 

may render standard uniform size HUC10s less useful in defining exposure. 
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3. PROJECT MOTIVATION AND OBJECTIVES 

 

Central Appalachia is home to previously identified recalcitrant health disparities that cannot be 

entirely explained by sociobehavioral factors or issues of health access (Gohlke, 2021; Krometis 

et al., 2017). Although waterborne exposures are frequently cited as a significant concern of 

residents, previous examinations linking land cover and health outcomes largely have relied on 

political boundaries, which can increase the potential for ecological exposure bias. However, 

water as a medium of exposure is worth investigating as a potential source of concern; as 

described by (Garner et al., 2016), water and its constituents are a fundamental component of the 

exposome and play a significant role in human health, survival, hygiene, and indirect and direct 

exposures via bioaerosols.   

 

Environmental exposures potentially linked or suspected to be linked to adverse birth outcomes 

include lead, pharmaceuticals, nutrients, herbicides, pesticides, polycyclic aromatic 

hydrocarbons (PAHs), particulate matter (PM), arsenic, mercury, cadmium, selenium, nickel, 

copper, sulfur dioxide, nitrous dioxide, carbon monoxide, nitrates, tobacco smoke, and pesticides 

(Ahern et al., 2011; Corley et al., 2018; Gohlke, 2021). Previous research suggests that mining 

activity may be associated with ABOs in the Central Appalachian region (Ahern et al. 2011; 

Buttling et al. 2021), although associations between ABOs and potential waterborne exposure 

remain unclear (Ruktanonchai et al, 2022). 

 

Therefore, the goal of this effort is to define exposure via hydrologic boundaries to examine the 

potential correlation between a set of adverse birth outcomes (preterm birth, low birth weight, 

and term low birth weight) and land cover in Central Appalachia. This effort aims to answer the 

following question: Does upstream land cover influence rates of adverse birth outcomes in 

Central Appalachia? 
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As roughly 55% of the Central Appalachian region is within the southern coalfields, with an 

approximate cumulative historic surface mining footprint of 2,300 square miles in 2015 (Pericak 

et al., 2018), this effort will add to previous examinations of the impact of coal mining on human 

health. It will also consider agricultural land cover, which is second only to forest cover in terms 

of regional footprint (Smith, 2020). This is potentially of interest beyond the target region as 

water quality degradation of surface and groundwater attributed to agriculture was the leading 

cause in the 2000 National Water Quality Inventory (Environmental Protection Agency, 2005) 

and previous examinations of predominantly agricultural communities have noted potential links 

between related contaminants and adverse health outcomes (Kolok et al., 2009). This work will 

improve on earlier work that used HUC10s to define potential waterborne exposures 

(Ruktanonchai et al, 2022) and instead link exposures to specific water treatment plant source 

watersheds previously defined by Smith (2020). 
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4. METHODS 

 

4.1. Defining Watershed Boundaries 

 

The project focuses on the Central Appalachian region of the United States, which includes 

counties within the four states of KY, TN, VA, and WV (ARC, 2021). Central Appalachia was 

selected as a target given significant local health disparities (Krometis et al. 2017; Gohlke 2021), 

current and historical resource extraction (Pericak et al. 2018; Marston and Kolivras, 2020), and 

past research group experience/availability of health data (Buttling et al., 2021; Ruktanonchai et 

al., 2022; Smith, 2020). 

 

Drinking water source watersheds were delineated using previous work by Smith (2020). In 

brief, Smith (2020) delineated watersheds for the 140 surface water reliant, active CWSs in the 

Central Appalachian region. Watershed boundaries were delineated from a point between 100 to 

1,200 m downstream from an intake pump, treatment plant, or center of the community served 

(>90% within 300 m of treatment plant) following visual inspection of Google Maps. As 13 of 

the 140 water systems included multiple intake points, 153 source watersheds were delineated; 

land cover “exposure” from CWSs served by multiple intakes were considered the average of 

both upstream source watersheds. The smallest watershed was at roughly 0.2 square miles and 

the largest at approximately 23,700 square miles. It is important to note that a majority of the 

watersheds overlap one another, as some CWSs were served by the same primary source water 

(e.g., the Cumberland or Ohio River).   

 

Community water system (CWS) data were obtained from the USEPA’s Safe Drinking Water 

Information System (SDWIS; https://www.epa.gov/enviro/sdwis-search) for KY, TN, VA, and 

WV from 2001 to 2015. Data from the SDWIS for each system include: system identifier, 

population served, county served, primary source water type, ownership (private vs. public), 

address, and phone number. An additional field was added to represent the system’s size as 

classified by the USEPA, i.e., a CWS serving less than 501 people was identified as very small, 

https://www.epa.gov/enviro/sdwis-search
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501-3,300 as small, 3,301-10,000 as medium, 10,001-100,000 as large, and anything greater than 

100,000 as very large (USEPA, 2011).   

 

All project mapping and analyses were conducted in ArcGIS Pro (Version 2.7). County level 

data were acquired for the 82 Central Appalachian counties from the United States Census 

Bureau in TIGER/Line ASCII format for the year of 2019. Both the county and watershed data 

were projected to the North American Datum (NAD) of 1983 and Universal Transverse Mercator 

(UTM) coordinate system of zone 17 in the northern hemisphere (Figure 4-1), and these settings 

were used for the remainder of the research.                

 

Figure 4-1.  Comparison of Central Appalachian A) county boundaries and B) approximated 

drinking water exposure watersheds  

 

4.2. Birth Record Overview 

 

This work relies on the same dataset of 194,084 birth records used by Buttling et al. (2021) and 

McKnight et al. (in revision).  In brief, the dataset represents a subset of all the birth records in 

Central Appalachia from 1989 to 2015, excluding those without full addresses, such as those that 
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include only Post Office box addresses (Buttling et al., 2021). The street-level subset contains 

the mother’s address, outcome variables, and covariates, all of which were provided by a 

respective state health department. Outcome variables include the three adverse birth outcomes 

(ABOs) of interest: low birth weight (LBW; child born weighing less than 2500 g), preterm birth 

(PTB; child born at less than 37 weeks gestational age), and term low birth weight (tLBW; child 

born after 37 weeks gestational age and weighing less than 2500 g). Covariates included 

mother’s age, parity, mother’s race, ethnicity (Hispanic vs non-Hispanic), and the child’s sex. 

Due to higher rates of LBW and PTB in plural births regardless of exposure, this dataset 

represents only singleton births (Buttling et al., 2021; McKnight et al., in revision).                   

 

4.3. Defining CWS Service Areas 

 

As noted by Ruktanonchai et al. (2022), drinking water exposure is complex. As some source 

water watersheds delineated by Smith (2020) were as large as 23,700 mi2, it is unlikely that the 

entire population within these watersheds were served by municipal water from the single CWS 

serving as the outlet point. Unfortunately, CWS service areas (i.e. distribution system extents) 

are generally not publicly available (Chini & Stillwell, 2017; Marcillo et al., 2021). To 

approximate the population served by a given CWS, buffers were created around CWS based on 

system size; larger systems were assumed to support longer trunk lines and larger service areas 

(Table 4-1 and Figure 4-2). Buffer shapefile layers were used to clip the birth records to assign 

them to an approximate CWS approximate service area (and associated exposure). To account 

for births falling within multiple service areas, all birth records were snapped to the nearest 

CWS. Once snapped, respective CWS data (e.g., land cover, system size, system violations) were 

spatially joined with each birth, creating a singular data table. 
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Table 4-1.  CWS count and buffer distance by system size 

CWS Size Count Buffer Distance (km) 

Very Small 3 1 

Small  42 2 

Medium  56 5 

Large 52 10 

 

 

Figure 4-2.  Approximate CWS service areas 
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A total of 109,505 birth records (~61.2%) between 1990-2010 analyzed by Buttling et al 2021 

and McKnight et al (in revision) fell within all the approximated CWS service areas illustrated in 

Figure 4-2. However, CWS violation data are only available since 2001, and 10% of the records 

did not include maternal Hispanic origin. Birth records with a gestational year prior to 2001 or 

missing Hispanic origin were therefore removed (Figure 4-3), yielding a final subset of 62,656 

birth records for analysis.   

 

 

Figure 4-3.  Remaining birth records for statistical modeling   

 

4.4. Land Cover Classification 

 

Land cover classification relied on simplified categories developed by Smith (2020) for the years 

2001, 2004, 2006, 2008, 2011, 2013, and 2016 at a 30 m resolution. In brief, Smith (2020) 

coupled data from the national land cover database (NLCD) with surface mining data from 

Marston and Kolivras (2020), which defined mining inputs by evaluating the normalized 

difference vegetation index (NDVI) for all pixels in the study region from 1985 through 2015. 

  

 

 

Birth Records 
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revision) 
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Birth Records 

within CWS 
Service Areas 

 n=109,505 

 

 

Birth Records 
with a Majority 
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Birth Records 
Excluding 
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Missingness 

 n=62,656 



16 
 

The original twenty NLCD land cover classifications within the study region were reduced to an 

initial six broad categories of interest (Table 4-2). To account for surface mining, any pixel that 

overlapped with surface mining pixels defined by Marston and Kolivras (2020) were reclassified 

as surface mining (i.e., a seventh category) for each respective year (Table 4-2).               

         

Table 4-2.  Land Cover Reclassification    

Reclassified Class NLCD Original Class  

Water  Open Water 

Perennial Ice/Snow 

Woody Wetlands 

Emergent Herbaceous Wetlands  

Low Developed  Developed, Open Space  

Developed, Low Intensity  

High Developed  Developed, Medium Intensity  

Developed, High Intensity  

Barren  Barren Land (Rock/Sand/Clay) 

Vegetation  Deciduous Forest 

Evergreen Forest 

Mixed Forest  

Dwarf Scrub  

Shrub/Shrub 

Grassland/Herbaceous  

Sedge/Herbaceous  

Lichens 

Moss 

Agriculture Pasture/Hay 

Cultivated Crops 

Surface Mining  N/A 

 

It is important to note that Smith (2020) combined the 2015 mining extents with the 2016 NLCD 

land cover data due to the temporal constraints on the mining data. Also, any area defined as 

mined but less than 9000 m2 was removed from the surface mining class as this was considered 

the minimum threshold for an active surface mine. The final reclassified land cover rasters were 
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clipped to the extents of the delineated watersheds. Land cover classification percentages were 

averaged between 2001 and 2016 incorporating the final seven, reclassified land cover rasters 

(Table 4-3).   

 

Table 4-3.  Average watershed land cover percentages from 2001 to 2016 for Central 

Appalachian target region  

Land Cover Mean (%) Min (%) Max (%) 

Water 1.16 1.14 1.17 

Low Developed  5.88 5.82 5.95 

High Developed 0.75 0.69 0.80 

Barren 0.49 0.40 0.55 

Vegetation  75.84 75.68 75.96 

Agriculture  15.64 15.44 15.96 

Surface Mining  0.25 0.16 0.36 

 

Observing Table 4-3, vegetation (~76%) and agriculture (~16%) had the highest average land 

cover percentages with surface mining having the lowest (~0.25%). It is important to note that 

there is little variance between the mean, minimum, and maximum for each of the seven 

reclassified land cover types, suggesting consistency over the study duration at the source 

watershed scale. Rather than including average land cover percentages per watershed in 

statistical modeling efforts, distance weighted land cover proportions were incorporated as land 

closer to a CWS intake point was assumed to have a greater impact on water quality. Proportions 



18 
 

were estimated for all 153 previously delineated watersheds using the following equation from 

Smith (2020): 

                                                       𝑃𝑙 = ∑ (1 −
𝑑𝑙

𝑑𝑚
)𝑙 /∑ (

𝑑𝑖

𝑑𝑚
)𝑖 ∗ 100%                                   (4-1) 

where 

 Pl = a proportion of a land cover class within a watershed weighted by its proximity to the 

watershed outlet 

dl = the distance from a cell within the target land cover class to the outlet (m) 

dm = the distance to the outlet from the watershed cell furthest from the outlet (m) 

di = a cell’s distance to the outlet (m) 

 

For CWSs containing multiple intake points, all the distance weighted land cover proportions 

were averaged for each respective CWS. Once complete, each birth record was assigned specific 

distance weighted land cover percentages based on their respective CWS.   

 

4.5. Statistical Modeling Approach 

 

Once each individual birth record had been assigned a CWS and its respective distance weighted 

land cover proportions for each of the seven land cover classes, the data subset was then 

exported from ArcGIS Pro to RStudio. Potentially predictive variables included maternal age, 

education level, race, Hispanic origin, tobacco consumption, child’s sex, parity, CWS size, 

weighted land cover percentages, and CWS health based (HB) and monitoring and reporting 

(MR) violations. Variables were compared with one another to check respective correlation 

values which recommended removal of vegetation as a land cover variable as the correlation 

value between vegetation and agriculture was extremely high. Agriculture was retained given its 

anthropogenic origin and anticipated higher likelihood of negative downstream water quality 

impacts (Hoorman et al., 2008). Variables that were not an integer or a decimal value were 

evaluated as factor variables in order to address categorical and or yes/no data types. Following 

variable classification, a binomial generalized linear model was fit for each of the three outcome 

variables of interest (LBW, PTB, and tLBW) using the aforementioned predictive variables. A 

B-spline with four degrees of freedom was utilized to account for secular trends in outcomes 
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over the time period of study within all model runs (found in RStudio spline package). Splines 

allow for a nonlinear function to account for overall rise then fall of preterm birth and low birth 

weight observed in the mid-2000s likely due to the rise then fall in caesarean deliveries (Tilstra 

& Masters, 2020). Complete RStudio code and initial outputs are available in Appendix A. For 

each model output, odds ratios were calculated for all predictor variables using the following 

equation: 

                                                                    𝑂𝑅 = 𝑒𝛽                                                                 (4-2) 

where 

OR = Odds Ratio 

β = beta value represented by the estimate column in each model output 
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5. RESULTS 

 

5.1. Preterm Birth 

 

Variables statistically significant for preterm birth (PTB) include maternal age, parity, the child’s 

sex, tobacco use, community water system (CWS) size, land cover, health based (HB) violations, 

and year spline 2 (Table 5-1). With regards to maternal age, mothers less than 18 years of age 

were 15.7% (p < 0.05) less likely to undergo PTB as compared to mothers between the ages of 

18 and 35. In contrast, mothers greater than 35 years of age were 40.1% (p < 0.001) more likely 

to have a PTB compared to mothers between the ages of 18 and 35. Parity, the numerical order 

of a birth, was found to be statistically significant for PTBs on the second and fourth or greater 

birth order compared to first order births. Second order births presented lesser odds of a PTB at 

6.1% (p < 0.05) compared to first order births. However, fourth and larger order births were 

more likely of a PTB at 30% (p < 0.001) compared to first order births. Female infants were 

12.1% (p < 0.001) less likely to be a PTB compared to infants born as males. Tobacco use was 

associated with a 20.9% (p < 0.001) greater odds of a PTB when compared to non-smoking. 

With regards to the CWS size, infants born in medium systems were less likely to be preterm 

compared to large systems at 8.8% (p < 0.01). A majority of land cover types displayed a 

statistical significance for every 1% increase. High intensity development and surface mining 

provided greater odds of a PTB by 10.5% (p < 0.01) and 23.8% (p < 0.001) respectively for 

every 1% increase in land cover. Low intensity development and barren land displayed lesser 

odds of a PTB at 3.1% (p < 0.001) and 8.5% (p < 0.05) respectively for every 1% increase in 

land cover. HB violations were associated with an increase in PTB by 3.7% (p < 0.001) for every 

1% increase in the variable. Although birth within Tennessee (TN) was significant, it is 

important to note these births comprised a small total percent within the birth record subset and 

this finding was associated with a high standard error (SE) of 47.9%. 
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Table 5-1.  Odds ratios of PTB from variables included in the final model  

Preterm Birth 

Variable Estimate Odds Ratio Std. Error Pr ( > | Z | ) 

(Intercept) -2.453 0.086 0.171 < 2e-16  *** 

Mother’s Age (Reference: 18-35)     

<18 Years of Age -0.171 0.843 0.074 0.020  * 

>35 Years of Age 0.337 1.401 0.054 4.25e-10  *** 

Parity (Reference: 1st Order) 

2nd Order 

3rd Order 

4th Order or Greater 

 

-0.063 

0.019 

0.262 

 

0.939 

1.019 

1.300 

 

0.031 

0.039 

0.047 

 

0.043  * 

0.623 

2.29e-08  *** 

Mother’s Education (Reference: 

8th Grade or Less) 

    

9th-12th Grade 0.094 1.099 0.083 0.256 

Post High School Education -0.041 0.960 0.085 0.632 

Mother’s Race (Reference: White)     

Black 0.123 1.131 0.107 0.250 

Other -0.129 0.879 0.123 0.292 

Mother Hispanic Origin 

(Reference: Yes) 

    

No 0.281 1.324 0.147 0.056  · 

Child Sex (Reference: Male)     

Female -0.129 0.879 0.026 7.86e-07  *** 

Tobacco Use (Reference: No)     

Yes 0.189 1.209 0.029 3.13e-11  *** 

Size (Reference: Large)     

Medium  -0.092 0.912 0.034 0.007  ** 

Small -0.088 0.916 0.090 0.328 

High Intensity Development 0.100 1.105 0.031 0.002  ** 

Low Intensity Development -0.032 0.969 0.009 4.67e-04  *** 

Agriculture -0.001 0.999 0.001 0.260 

Mining 0.214 1.238 0.049 1.34e-05  *** 

Barren -0.089 0.915 0.038 0.020  * 

MR Violations -0.001 0.999 0.004 0.806 

HB Violations  0.037 1.037 0.010 1.66e-04  *** 

State (Reference: Kentucky)     

Tennessee  1.487 4.424 0.479 0.002  ** 

Virginia  -0.340 0.712 0.381 0.372 

West Virginia  -0.282 0.755 0.179 0.115 

bs(Gestational Year, df =4)1 -0.074 0.928 0.115 0.519 

bs(Gestational Year, df =4)2 0.447 1.563 0.098 5.05e-06  *** 

bs(Gestational Year, df =4)3 -0.067 0.936 0.088 0.452 

bs(Gestational Year, df =4)4 0.022 1.022 0.066 0.739 

Significant Codes: 0 | ‘ *** ’  0.001 | ‘ ** ’  0.01 | ‘ * ’  0.05 | ‘ · ’  0.1 | ‘ ’  1 
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5.2. Low Birth Weight 

 

Statistically significant variables with regards to low birth weight (LBW) include maternal age, 

parity, maternal education level, mother’s race, child’s sex, maternal tobacco use, land cover 

types, HB violations, and year splines 2, 3, and 4 (Table 5-2). As observed for PTB, as maternal 

age increased, the likelihood of a LBW child did as well. A significant increase in odds of a 

LBW infant was found in mothers greater than the age of 35 by 59% (p < 0.001) compared to 

mothers between the ages of 18-35. With regards to parity, second and third order births were 

less likely of being classified as LBW compared to first order births at 31.3% and 29.1% (both at 

p < 0.001) respectfully. Maternal education at any level post high school education decreased the 

odds of a LBW infant by 32.3% (p < 0.001) compared to mothers receiving an educational level 

of eighth grade or less. Black mothers were 102.7% (p < 0.001) more likely to have a LBW child 

when compared to white mothers as reference. Female births were 21.6% (p < 0.001) more likely 

to be classified as LBW, which is contrary to findings for PTB.  Similar to PTB, tobacco use 

presented greater odds of LBW by 117.6% (p < 0.001) compared to mothers who didn’t smoke. 

Again, corresponding to PTB, high intensity development and surface mining were associated 

with greater odds of a LBW infant: for every 1% increase in land cover, odds of LBW increased 

by 9.2% and 14.3% (both at p < 0.05), respectively. Low intensity development displayed lesser 

odds of a LBW infant at 2.2% (p < 0.05) for every 1% increase in land cover. HB violations 

provided a relatively similar increase in likelihood of a LBW child compared to PTB at 2.3% (p 

< 0.05). Again, Tennessee was significant as the home state of birth but was associated with a 

high standard error (52.6%). 
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Table 5-2.  Odds ratios of LBW from variables included in the final model  

Low Birth Weight 

Variable Estimate Odds Ratio Std. Error Pr ( > | Z | ) 

(Intercept) -2.875 0.056 0.201 < 2e-16  *** 

Mother’s Age (Reference: 18-35)     

<18 Years of Age -0.110 0.896 0.076 0.150 

>35 Years of Age 0.464 1.590 0.063 2.68e-13  *** 

Parity (Reference: 1st Order) 

2nd Order 

3rd Order 

4th Order or Greater 

 

-0.375 

-0.344 

-0.077 

 

0.687 

0.709 

0.926 

 

0.036 

0.047 

0.054 

  

< 2e-16  *** 

5.10e-14  *** 

0.150 

Mother’s Education (Reference: 

8th Grade or Less) 

    

9th-12th Grade -0.097 0.907 0.087 0.262 

Post High School Education -0.390 0.677 0.090 1.37e-05  *** 

Mother’s Race (Reference: White)     

Black 0.706 2.027 0.101 3.04e-12  *** 

Other -0.127 0.881 0.149 0.394 

Mother Hispanic Origin 

(Reference: Yes) 

    

No 0.226 1.254 0.176 0.199 

Child Sex (Reference: Male)     

Female 0.196 1.216 0.030 6.21e-11  *** 

Tobacco Use (Reference: No)     

Yes 0.777 2.176 0.032 < 2e-16  *** 

Size (Reference: Large)     

Medium  -0.024 0.976 0.039 0.530 

Small 0.103 1.108 0.095 0.280 

High Intensity Development 0.088 1.092 0.035 0.012  * 

Low Intensity Development -0.022 0.978 0.010 0.031  * 

Agriculture -0.001 0.999 0.001 0.384 

Mining 0.134 1.143 0.054 0.013  * 

Barren -0.048 0.953 0.041 0.240 

MR Violations -0.005 0.995 0.005 0.357 

HB Violations  0.023 1.023 0.011 0.041  * 

State (Reference: Kentucky)     

Tennessee  1.135 3.110 0.526 0.031  * 

Virginia  -0.236 0.790 0.388 0.543 

West Virginia  0.088 1.092 0.172 0.609 

bs(Gestational Year, df =4)1 -0.018 0.982 0.134 0.890 

bs(Gestational Year, df =4)2 0.266 1.304 0.113 0.019  * 

bs(Gestational Year, df =4)3 0.271 1.311 0.101 0.008  ** 

bs(Gestational Year, df =4)4 0.252 1.129 0.077 9.82e-04  *** 

Significant Codes: 0 | ‘ *** ’ 0.001 | ‘ ** ’  0.01 | ‘ * ’  0.05 | ‘ · ’  0.1 | ‘ ’  1 
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5.3. Term Low Birth Weight 

 

Variables that are significant with regards to a child being classified as term low birth weight 

(tLBW) include maternal age, parity, mother’s educational level and race, child’s sex, maternal 

tobacco use, CWS system size and year splines 3 and 4 (Table 5-3). No land cover variables 

were significant. Results related to maternal age were similar to those observed for PTB and 

LBW. Mothers over the age of 35 were 61.2% (p < 0.001) more likely to have a tLBW infant 

compared to mothers between the ages of 18 and 35. Compared to first order births, all other 

birth order categories displayed lesser odds of a tLBW classification with second order births at 

33% (p < 0.001), third order birth at 29.2% (p < 0.001), and fourth or higher order births at 

22.1% (p < 0.01). Mothers who participated in any level of post high school education, whether 

complete or not, were 37.2% (p < 0.001) less likely to have a tLBW infant compared to mothers 

who were at most in eighth grade. The likelihood of tLBW was 111% (p < 0.001) higher for 

black mothers as compared to white mothers. A female infant had a 69.9% (p < 0.001) greater 

odds of a tLBW classification compared to a baby classified as male. Tobacco consumption 

presented a strong odds of tLBW infant at 214.9% (p < 0.001) compared to mothers who didn’t 

smoke. Mothers located within the approximated service area of a small CWS were 33.4% (p < 

0.05) more likely to have a tLBW infant as compared to those served by large systems. Again, 

Tennessee was significant as the home state of birth but was associated with a high standard 

error (63.9%). 
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Table 5-3.  Odds ratios of tLBW from variables included in the final model  

Term Low Birth Weight 

Variable Estimate Odds Ratio Std. Error Pr ( > | Z | ) 

(Intercept) -3.987 0.019 0.311 < 2e-16  *** 

Mother’s Age (Reference: 18-35)     

<18 Years of Age -0.098 0.906 0.121 0.417 

>35 Years of Age 0.478 1.612 0.103 3.47e-06  *** 

Parity (Reference: 1st Order) 

2nd Order 

3rd Order 

4th Order or Greater 

 

-0.401 

-0.345 

-0.250 

 

0.670 

0.708 

0.779 

 

0.058 

0.072 

0.088 

 

6.41e-12  *** 

1.86e-06  *** 

0.004  ** 

Mother’s Education (Reference: 

8th Grade or Less) 

    

9th-12th Grade -0.193 0.824 0.131 0.141 

Post High School Education -0.465 0.628 0.137 6.99e-04  *** 

Mother’s Race (Reference: White)     

Black 0.747 2.110 0.155 1.46e-06  *** 

Other -0.171 0.843 0.249 0.493 

Mother Hispanic Origin 

(Reference: Yes) 

    

No -0.103 0.902 0.270 0.702 

Child Sex (Reference: Male)     

Female 0.530 1.699 0.049 < 2e-16  *** 

Tobacco Use (Reference: No)     

Yes 1.147 3.149 0.052 < 2e-16  *** 

Size (Reference: Large)     

Medium  -0.018 0.982 0.063 0.776 

Small 0.288 1.334 0.139 0.038  * 

High Intensity Development 0.064 1.066 0.054 0.238 

Low Intensity Development -0.017 0.983 0.016 0.274 

Agriculture -0.001 0.999 0.002 0.600 

Mining -0.021 0.979 0.083 0.801 

Barren 0.037 1.037 0.058 0.530 

MR Violations -0.004 0.996 0.008 0.623 

HB Violations  -0.034 0.967 0.020 0.088  · 

State (Reference: Kentucky)     

Tennessee  1.472 4.356 0.639 0.021  * 

Virginia  -0.317 0.729 0.614 0.606 

West Virginia  0.223 1.249 0.253 0.379 

bs(Gestational Year, df =4)1 0.211 1.234 0.217 0.332 

bs(Gestational Year, df =4)2 0.221 1.248 0.183 0.226 

bs(Gestational Year, df =4)3 0.378 1.460 0.164 0.021  * 

bs(Gestational Year, df =4)4 0.524 1.690 0.123 2.11e-05  *** 

Significant Codes: 0 | ‘ *** ’  0.001 | ‘ ** ’  0.01 | ‘ * ’  0.05 | ‘ · ’  0.1 | ‘ ’  1 
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6. DISCUSSION 

 

6.1. Land Cover 

 

The presence of MTM has been consistently linked with downstream water quality degradation 

(Palmer et al., 2010), and several past studies have hypothesized that waterborne exposures as a 

result of this degradation might contribute to adverse health outcomes observed for the Central 

Appalachian region (Hendryx 2015; Hendryx & Ahern, 2012). In this model, increases in surface 

mining within a drinking water source watershed was significantly linked with greater chances of 

both preterm birth (PTB) and low birth weight (LBW), i.e., a 1% increase in surface mining 

within the drinking water service area watershed was associated with a 23.8% greater chance of 

PTB and a 14.3% greater chance for LBW when controlling for all covariates (Tables 5-1 and 5-

2). These findings are in keeping with past studies that found evidence of links between increases 

in surface mining and increases in adverse birth outcomes (ABOs) (Ahern et al., 2011; Buttling 

et al., 2021; Gohlke, 2021; Ruktanonchai et al., 2022). For example, Ahern et al. (2011) 

demonstrated that both high and moderate-producing coal-mining counties of West Virginia 

(WV) were associated with greater chances of LBW at very similar levels (16% and 14% greater 

likelihood, respectively). In assigning exposure based on CWS contributing source watershed, 

rather than political boundaries, this work continues to expand on work by Buttling et al. (2021) 

and Ruktanonchai et al. (2022) that aims to reduce exposure bias. Buttling et al. (2021) assigned 

land cover exposure through proximity and adjusted for rates of ABOs in the same area prior to 

active mining, and determined increases of 6% for PTB and LBW for mothers per 1% increase in 

active surface mining within five kilometers while controlling for demographic characteristics, 

but did not explicitly examine waterborne pathways. Although Ruktanonchai et al. (2022) 

situated exposure within HUC10 watersheds, results were less clear, perhaps due to the 

complexity of drinking water exposure. It is worth noting that in the present study, term low birth 

weight (tLBW) was not significantly related to surface mining, contrasting the 2% increase 

found in Buttling at al. (2021).   
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This study uniquely also examined potential links between other land covers in Central 

Appalachia and ABOs. In addition to surface mining, urbanization was significantly associated 

with both PTB and LBW. For every 1% increase in high intensity development, the likelihood of 

PTB and LBW increased by 10.5% and 9.2% respectively (Tables 5-1 and 5-2). Conversely, for 

every 1% increase in low intensity development, PTB and LBW chances decrease by 3.1% and 

2.2% respectively (Tables 5-1 and 5-2). It is not surprising that high intensity development is 

associated with increases in both PTB and LBW as urbanization is strongly linked to water 

quality degradation (Wenger et al., 2009). Conversely, the seeming “protective” impact of low 

impact development may be the result of increasing access to health care as compared to rural 

areas, though more research would be required to confirm this hypothesis. Barren land, an area 

with sparse vegetation due to infertile soil, displayed lesser odds of PTB at 8.5% for every 1% 

increase (Table 5-1). The relationship between barren land and PTB is still largely unclear which 

can be seen by a lack of previous literature/studies.   

Contrasting previous literature and studies, increases in agricultural land cover were not 

significantly associated with PTB, LBW, or tLBW. For example, Corley et al. (2018) found a 

strong association between agriculture in Nebraska with birth defects. One potential explanation 

is that Nebraska has a higher agricultural land cover at 92% of the state (NDA, 2022) compared 

to 24% of the Central Appalachian region. Furthermore, the type of agriculture can also play a 

large role, as different pesticides, herbicides, and other chemicals are applied for different types 

of crops and or pasture.              

 

6.2. Demographic Variables 

 

Relationships between maternal age, smoking, and infant sex were largely in keeping with 

previous studies. For example, the present findings suggest that likelihood of PTB, LBW, and 

tLBW rates increase along with maternal age. In this analysis, maternal age was separated into 

three subcategories as previous studies have shown increased risk of ABOs at younger maternal 

ages (Buttling et al., 2021; Fuchs et al., 2018; McKnight et al., in revision). In this work, a 

maternal age greater than 35 was associated with higher odds of PTB (40.1%), LBW (59%), and 

tLBW (61.2%) when compared to maternal age between the ages of 18 and 35 (Tables 5-1, 5-2, 
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and 5-3). A maternal age less than 18 was associated with reduced risk of PTB (15.7%), LBW 

(10.4%) and tLBW (9.4%) when compared to mothers between the ages of 18 and 35 (Table 5-

1). These findings are consistent with the results in Ahern et al. (2011) where mothers greater 

than 39 years of age were 44% more likely of LBW and similarly with McKnight et al. (in 

revision) where a 1% increase in maternal age led to increased chances of PTB at 6%. Tobacco 

consumption was associated greater odds for PTB (20.9%), LBW (117.6%), and tLBW 

(214.9%). This is to be expected, as smoking has long been associated with ABOs 

(Lewandowska et al., 2020; Silverman, 1977; Wouters et al., 1987). Infant sex was significant: 

female infants had a greater likelihood of LBW (19.5%) and tLBW (53%) compared to male 

infants (Tables 5-2 and 5-3). Due to males tending to weigh more at birth than females 

(Dominguez, 2008; McKnight et al., in revision), this was expected and is consistent with 

McKnight et al (in revision) where female births weighed on average 119.24 g less than males. 

However, PTB odds decreased among female babies at 12.1% compared to males (Table 5-1) 

which is again consistent with McKnight et al. (in revision) where female births resulted in a 

10% decrease in chances of having a PTB compared to male births. Increases in parity were 

associated with significant decreases in LBW and tLBW, but increases in PTB (Tables 5-2 and 

5-3).   

 

Many previous studies have noted differences in ABOs across maternal race/ethnicity and 

educational attainment (Ahern et al., 2011; Luo et al., 2006; McKnight et al., in revision). For 

example, a rurality and population demographics study in Alabama, demonstrated higher rates of 

PTB and LBW in black and less educated mothers (Kent et al., 2013). In the present study, 

mothers who participated in any level of post high school education were associated with lesser 

odds of LBW (32.3%) and tLBW (37.2%) when compared to mothers who were in eighth grade 

or less (Tables 5-2 and 5-3). These results are congruent with the findings of Ahern et al. (2011) 

where for every 1% increase in educational years, LBW decreased by 4%. Maternal race was 

significant for LBW and tLBW: black mothers had elevated risks of 102.7% and 111% 

respectively compared to white mothers (Tables 5-2 and 5-3). Findings are consistent with 

McKnight et al. (in revision) where infants with a black mother weighed 203.44 g less than 

infants with a white mother.    



29 
 

6.3. Community Water System Size and Violations 

 

Relationships between community water system (CWS) size and ABOs varied. For both the 

LBW and tLBW models, medium systems conveyed lesser odds at 2.4% and 11.8% respectively 

and small systems displayed larger chances of 10.8% and 33.4% respectively compared to large 

systems (Table 5-2 and 5-3). Higher rates of ABO would be expected for smaller systems as 

multiple past studies have indicated that smaller rural CWS incur more SDWA violations than 

larger more urban systems (Allaire et al., 2018; Marcillo & Krometis, 2019), likely due to 

management and financial struggles (Fu et al., 2020; Smith, 2020; USEPA, 2011). However, the 

PTB model counterintuitively reported larger systems having the highest odds of PTB compared 

to small and medium systems at 8.4% and 8.8% respectively (Table 5-1). This may be the result 

of more complex interactions between urban land cover, demographics, and healthcare 

availability, i.e., larger systems are likely in more urban areas with more services. 

Health based (HB) violations significantly associated with PTB and LBW: a 1% increase in 

number of violations was associated with increases in odds of 3.7% and 2.3% (Tables 5-1 and 5-

2). This is to be expected, as a HB violation indicates water quality levels in exceedance of 

maximum contaminant level guidelines; the most common HB violations for this dataset were 

for exceedances of coliform and disinfection byproducts (Smith, 2020). However, it is worth 

noting that overall, the most common violations for CWSs in Central Appalachia for the target 

study period were monitoring and reporting (MR) violations at 94% (Smith, 2020). Of the MR 

violation totals, 78% fell under the chemicals rule group, a list of regulations encompassing 

arsenic, lead and copper, inorganic chemicals, nitrate, radionuclides, synthetic organic chemicals 

(SOCs) and volatile organic chemicals (VOCs) (Smith, 2020). Surprisingly, relationships 

between MR violations and ABOs were statistically insignificant in all model runs. Previous 

work by Marcillo and Krometis (2019) and (Fu et al., 2020) suggest that monitoring and 

reporting violations, while not always necessarily indicative of an immediate health threat, do 

potentially obscure HB violations and should be of more concern, particularly for small, 

underfunded, and rural CWS. 
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7. CONCLUSION 

 

This study examined potential associations between land cover and adverse birth outcomes 

(ABOs) in Central Appalachia through a watershed epidemiology approach that considered 

upstream land cover in drinking water source watersheds as a potential adverse exposure. 

Although no source watershed land cover was predictive of changes in tLBW, it is notable that 

increases in both high impact development and mining land cover were significantly associated 

with increased likelihoods of both PTB and LBW. Numbers of CWS health based (HB) 

violations of the Safe Drinking Water Act were also significantly associated with an increased 

likelihood of PTB and LBW; however, it is critical to note that births were assigned to CWSs via 

approximated service areas, which introduces the potential for classification bias. Community 

water system (CWS) size was significantly associated with PTB and tLBW outcomes, though 

these relationships appeared complex and sometimes counter-intuitive. Demographic variables 

significantly predictive of ABOs included maternal age, the mother’s educational level, parity, 

maternal race, the child’s sex, and maternal smoking use.  

 

Despite the limitations posed by data availability, the associations between PTB and LBW and 

upstream land cover are compelling and demand further attention. Both urbanization and surface 

mining are acknowledged to result in detrimental impacts to downstream water quality, which 

can present challenges to CWS treatment processes. Given increasing national attention on issues 

of water equity, particularly in the Central Appalachian region, further direct examination of the 

impacts of anthropogenic land cover on water treatment and typical consumption rates is 

warranted to better characterize exposure.  
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8. FUTURE WORK 

 

Limitations and sources of bias in this study largely stem from data availability, and required 

several assumptions that are worth noting.  Removing all births without complete street 

addresses, such as those associated with Post Office boxes, reduced the total dataset by nearly 

half, with a larger number of births removed from rural counties. Covariates associated with 

births are potentially at risk for inaccuracies, e.g.  mothers who smoked during pregnancy may 

inaccurately report tobacco use based on social perceptions (Ahern et al., 2011). Delineations of 

CWS service areas are publicly unavailable (McDonald et al., 2022), and approximated service 

areas are unlikely to truly capture the extents of water service, as infrastructure development 

depends on both topography and local political and economic pressures.  It is likely that this 

resulted in some exposure misclassification, as some birth records could belong to different 

CWSs than assigned, or were reliant on private systems.  Simply residing in a CWS service area 

does not necessarily ensure that the residents regularly consume the water provided in their 

homes; reliance on bottled water in the United States is considerable (Javidi & Pierce, 2018), and 

may be particularly widespread in Central Appalachia (Levêque & Burns, 2017; McSpirit & 

Reid, 2011).   

 

To better understand the association between land cover and adverse birth outcomes, future work 

should be conducted to address the limitations and sources of bias listed above as a first step.  

Ideally, community-scale efforts to sample home water use and quality would better characterize 

exposure, although it is uncertain how generalizable these results would be to the region more 

broadly and it is unlikely that every occupied home would ever be measured. Similarly, 

individual level surveys of mothers might improve demographic information and better represent 

rural areas. Publicly available service area extents, as well as information on service 

interruptions (e.g., pipe breaks) and servicing would improve exposure classification at a broader 

scale.  To better characterize the influence of land cover, upstream flow paths should be 

individually delineated for each watershed in the study region to better understand the natural 

flow of these contaminants.  Furthermore, in-stream measurements should be taken at the intake 

points to observe water quality and quantity accurately.  Lastly, this effort focused solely on 
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public water systems specifically dependent on surface water in order to explore the use of 

watersheds to approximate exposure. Therefore it is important to consider surface water and 

groundwater exchanges along with groundwater pathway drainages as these are much more 

complicated than surface water flow paths individually. Ideally, groundwater and private systems 

data should be included in future analyses, although previous examinations suggest that 

identifying and quantifying contaminant origins in these systems is particularly complex (Hynds 

et al., 2014).       
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APPENDIX A  

 

A.1. RStudio Code for the Binomial Generalized Linear Model 

 

library(glm) 

library(splines) 

data=read.csv(choose.files()) 

attach(data)  

data$paritycat[Parity == 1] <- "1" 

data$paritycat[Parity == 2] <- "2" 

data$paritycat[Parity == 3] <- "3" 

data$paritycat[Parity >= 4] <- "4" 

detach(data) 

#Correlation Check Example 

#cor(data$LowDev.,data$Vegetation) 

#Variable Classification 

data$MotherAge=as.factor(data$MotherAge) 

data$Mother_Edu=as.factor(data$Mother_Edu) 

data$Mother_Rac=as.factor(data$Mother_Rac) 

data$Mother_His=as.factor(data$Mother_His) 

data$Child_Sex=as.factor(data$Child_Sex) 

data$Tobacco=as.factor(data$Tobacco) 

data$Low_Birthw=as.factor(data$Low_Birthw) 

data$Preterm=as.factor(data$Preterm) 

data$Term_Low_B=as.factor(data$Term_Low_B) 

data$PWS_ID=as.factor(data$PWS_ID) 

data$Size=as.factor(data$Size) 

data$State=as.factor(data$State) 

#Covariated Models 

Model1=glm(formula=Term_Low_B~MotherAge+Parity+Mother_Edu+Mother_Rac+Mother_H

is+Child_Sex+Tobacco+Size+HighDev.+LowDev.+Ag.+Mining.+Barren.+MR+HB+State+bs(

Gestational_Year,df=4),family = "binomial",data = data) 

Model2=glm(formula=Low_Birthw~MotherAge+Parity+Mother_Edu+Mother_Rac+Mother_Hi

s+Child_Sex+Tobacco+Size+HighDev.+LowDev.+Ag.+Mining.+Barren.+MR+HB+State+bs(G

estational_Year,df=4),family = "binomial",data = data) 

Model3=glm(formula=Preterm~MotherAge+Parity+Mother_Edu+Mother_Rac+Mother_His+Ch

ild_Sex+Tobacco+Size+HighDev.+LowDev.+Ag.+Mining.+Barren.+MR+HB+State+bs(Gestati

onal_Year,df=4),family = "binomial",data = data) 
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A.2. Raw RStudio Code Outputs 

 

 

Figure A-1.  Model results for the PTB outcome variable 
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Figure A-2.  Model results for the tLBW outcome variable 
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Figure A-3.  Model results for the LBW outcome variable 


