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PROJECTING PLANNING-RELATED CLIMATE IMPACT DRIVERS FOR APPALACHIAN
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Natalie A. Larsson
ABSTRACT

Climate change is impacting the intensity, duration, and frequency of climatic events.
With climate change comes a multitude of adverse conditions, including extreme heat events,
changes in disease patterns, and increased likelihood and frequency of natural disasters,
including in places previously not exposed to such conditions. Human health has foundations in
the environment; therefore, these adverse climatic conditions are directly linked to human health.
Rural communities in Appalachia are likely to experience negative consequences of climate
change more severely due to unique geomorphology and sociopolitical realities of the region.
Non-governmental organizations (NGOs) throughout the Appalachian region are currently
working to build resilience and prepare for potential adverse effects from climate change. To aid
in this process, projections of future climate scenarios are needed to understand possible
situations and adequately prepare. In partnership with Ohio University and West Virginia
University, this study aims to characterize potential future climatic scenarios from publicly-
available global climate models (GCMs) and prepare information to share with Appalachian
communities.

Climate model information for this analysis was obtained from NASA’s Coupled Model
Intercomparison Project (CMIP6). All code for data processing and analysis was prepared using
the open-source R programming language to support reproducibility. To confirm that models can
accurately simulate Appalachian climatic conditions, CMIP6 hindcast simulations for
precipitation and maximum temperature were compared to observed weather records from
NOAA. Climate models over and underestimated average precipitation values depending on
location, while models consistently underestimated extreme precipitation values, simulated by
total five-day precipitation. For temperature, climate models consistently underestimated average
and extreme high temperature indicators.

For Appalachian region projections, three towns of interest (one for each state involved in
the study: Virginia, West Virginia, and Ohio) were selected based on current community
resilience efforts. In these locations, mid-century (2040 — 2064) and end-of-century (2075 —
2099) projections for precipitation and temperature were summarized under a low and a high
emissions scenario. Increases in precipitation and temperature were observed under average and
extreme scenarios; these increases were noticeably more extreme under higher emissions
scenarios. These trends are consistent with other studies and climate science consensus. When
compared to hindcast values, observed average precipitation values were overestimated and
underestimated, while observed extreme precipitation indices, average temperatures, and heat
wave indices were underestimated by GCMs. Context with observed data is important to
understanding model accuracy for the Appalachian region. GCMs are a useful tool to project
potential future climate scenarios at specific locations in the Appalachian region, though model
data is best used to communicate general trends rather than as inputs for other physical models.
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PUBLIC HEALTH SUPPORT

Natalie A. Larsson
GENERAL AUDIENCE ABSTRACT

Climate change is driving previously unseen changes in many aspects of the
environment. Among these aspects, and of particular concern, are increased precipitation and
increased high temperatures, which have direct negative outcomes on human health. Climate
change can impact human health in a variety of ways, such as increasing instances of heat-related
illnesses like heatstroke, changing insect-carried diseases patterns (i.e. Lyme disease, malaria),
worsening preexisting conditions like asthma, and increasing the likelihood of natural disasters
like flooding. Climate change also impacts mental health, especially increasing instances of
anxiety and post-traumatic stress disorder from disasters. Rural communities like Appalachia are
more likely to experience severe negative outcomes due to lack of resources, remote location,
and economies historically based on resource extraction. Appalachia specifically also faces
unique challenges with flooding, as many towns are situated in valleys with streams or rivers
running through the center of town.

To address and prepare for possible climate change outcomes, community-based
planning is required to build resiliency. Throughout many areas, but specifically in Appalachia,
many community-based organizations are already working to strengthen their communities by
providing stable housing, addressing flooding, and preparing emergency response teams. To aid
in these efforts, information about potential future climate is beneficial to these organizations to
understand and prepare for potential conditions. This study aims to use publicly-available
climate models to generate information about possible future climate conditions to be shared
with community organizations. Additionally, this project’s datasets and procedures are publicly
available, so this analysis can be performed by communities anywhere in the world given they
have adequate computing power.

To check that models are a good indicator of previous climate conditions, and therefore
would be useful for future projections, historic projected climate model outputs were compared
to observed weather data. After confirming that the models used were fairly consistent with
observed data, projected values for midcentury (2040 — 2064) and end-of-century (2075 — 2099)
were gathered for Appalachian towns with interested community organizations. Projected values
show increases in high temperatures and precipitation throughout the Appalachian region,
including in short-term event scenarios, which is consistent with other climate science. Higher
emissions scenarios result in greater increases in average and extreme temperature and
precipitation values. Climate models can be a useful tool in understanding potential general
climatic trends for a specific location and can support climate science communication.
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1. INTRODUCTION

Anthropogenic climate change is projected to influence the spatial and temporal
distribution of individual weather and climatic events, as well as the intensity, duration, and
frequency (Field & Intergovernmental Panel on Climate Change, 2012). For example, as
temperature increases, the available water holding capacity of the atmosphere is predicted to
increase exponentially; this corresponds with an increase in precipitation volume for a single
storm, which can result in flooding and/or infrastructure damage (Min et al., 2011). Projected
changes in temperature and precipitation are likely to result in negative outcomes globally on
environmental health, including more frequent heat waves, increased magnitudes and frequencies
of floods, declining air quality, longer drought periods, and more widespread vector-borne
diseases (Balsari et al., 2020; Campbell-Lendrum & Corvalan, 2007).

Adverse impacts of climate change, including natural disasters, are likely to be
particularly intense for rural communities given that they are often characterized by higher
vulnerability and lower socio-economic status (Shinn & Caretta, 2020). Vulnerability is closely
coupled with a community’s adaptive capacity, i.e., the ability of a community to respond to
hazard exposure. Communities with fewer private and public financial resources often have
lower quality baseline infrastructure and have difficulty obtaining additional resources to support
adaptation. Unfortunately, as lower socioeconomic status has been correlated with an increased
likelihood of harm from extreme weather events (Shinn & Caretta, 2020), the health outcomes
associated with climate change may worsen existing health disparities. Providing clear
information on climate risks to vulnerable communities to aid in informed planning to address
future concerns is necessary to increase resiliency (Cole et al., 2023; Ruane et al., 2016).

Within the United States, the predominantly rural Central Appalachian region is home to
longstanding health and infrastructure inequities, which compound vulnerability to extreme
weather events associated with climate change. The topography of the region predispositions
communities located in valleys to flooding (Morrone, 2020), and creates unique water
infrastructure challenges (N. Cook et al., 2015; Hubbart & Gootman, 2021; Hughes et al., 2005).
As changes in temperature and precipitation evolve over time, changes in flooding in the
Appalachia region will likely occur. Aging populations, elevated incidence of underlying health
conditions, and inadequate health infrastructure may also render the Appalachian region

particularly susceptible to heat waves (Curtin & Spencer, 2021; Leider et al., 2020; Morrone,



2020). Appalachia may not be as likely to experience temperatures as extreme as other areas of
the United States, but changes in maximum and average temperatures could result in increased
public health threats, including asthma (D’ Amato et al., 2015). The Appalachian region has
historically had a more temperate climate, so existing infrastructure may not include air
conditioning to offset rising temperatures.

Increasing resiliency requires access to relevant information on climate risks to aid
communities in informed decision making and planning to address future concerns (Cole et al.,
2023); therefore, regional planning to reduce health impacts related to climate change can be
supported by projections from climate change models. Several studies have used global climate
models (GCMs) to look at changes in precipitation, with results indicating that high-intensity
precipitation events will happen more frequently and that recurrence intervals for storms are
changing, i.e. 50-year storms are now 25-year storms (Ha et al., 2020; Hong et al., 2021);
however, the complexities of model development and the inherent uncertainty of forecasting can
create challenges in communicating and utilizing projections from these models. Development of
clear, culturally appropriate, and decision-relevant projections of extreme weather risks within
the Appalachian region is essential, particularly given regional sociopolitical realities. In order to
support burgeoning efforts to prepare for future extreme weather events, the present study aims
to understand the needs of Central Appalachian communities in preparing for extreme weather

events and to provide informational resources for use in community-driven decision making.
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2. LITERATURE REVIEW
2.1 Anthropogenic Climate Change and Human Health

There is scientific consensus that anthropogenic activity has caused warming of the
planet, which is directly observable via data collected from the atmosphere, the oceans, and the
land (Cheng et al., 2020; Liverman, 2007). This warming has, and will continue to, drive a
variety of outcomes on weather patterns and general climate, including longer, more intense, and
more frequent heat waves, increased frequency and severity of storms, and more frequent
droughts (Cook et al., 2018; Marx et al., 2021; Rahmstorf & Coumou, 2011; Trenberth, 2011).
Climate impacts all aspects of human life and society, including physical infrastructure,
agriculture, natural-resource economies, tourism, food security, clean water access, and human
and environmental health. Of critical interest to the present work is the recognition that human
health has foundations in the environment, and climate shapes the environment. Climate change
is undermining human health—physically and mentally—and places stress on public health
systems (Frumkin et al., 2008; Palinkas & Wong, 2020).
2.1.1 Extreme Heat

Past research has documented an increase in the incidence of multiple adverse health
outcomes directly linked to changes in climate. For example, and perhaps most obviously, the
intensity, frequency, and duration of heat waves is of increasing concern as global temperatures
rise. Exposure to extreme heat is linked to several negative human health outcomes, including
heat exhaustion, heat stroke, and exacerbation of pre-existing conditions, especially lung
conditions (i.e. asthma, chronic obstructive pulmonary disease, etc.). Heat-related illnesses also
have negative outcomes on mental health and well-being (Ebi, Vanos, et al., 2021). Between the
years of 2000 — 2004 and 2017 — 2021, heat-related deaths increased by 68%; this trend is
consistent across the globe (Romanello et al., 2022). Human-health impacts of increased
temperatures are largely based on infrastructure; places that are not equipped with air
conditioning are also likely to see increases in heatstroke and other illnesses, as air conditioning
is an important tool in combating heat-related morbidity and mortality (Davis et al., 2021);
therefore, a two degree increase in average temperature can affect health in all locations, not just
in extreme environments like deserts. A surge in heat-related illness disrupts public-health
systems by causing spikes in patient volume, closing health centers ill-equipped to handle high

temperatures, and/or reducing medical personnel through personal illness (Ebi, Vanos, et al.,
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2021). For example, the 2021 heat waves in the Pacific Northwest saw average temperatures
between 100°F - 110°F, with a record-breaking maximum temperature of 121°F (White et al.,
2023). While higher temperatures have been observed in equatorial zones, the infrastructure of
the Pacific Northwest is unsuited to extreme temperatures: many residences and businesses do
not have air conditioning, since temperatures in this region do not usually require indoor cooling.
From June 25, 2021 — June 30, 2021, hospitals in Washington, Oregon, Idaho, and Alaska saw a
69% increase in emergency room visits for heat-related illnesses compared to the same time
period in 2019. Businesses and workplaces in Canada were advised by the Workplace Safety
Board of British Columbia to close businesses and office buildings if they were not equipped
with proper air conditioning (White et al., 2023).

2.1.2 Vector-borne Diseases

Changes in global temperatures are also changing disease patterns, particularly vector-
borne disease patterns. Around the world, there have been increased instances of vector-borne
disease, including Zika virus, West Nile virus, Malaria, and Lyme disease, among others
(Rocklov & Dubrow, 2020). Climate change is and will continue to change patterns of disease,
especially vector-borne diseases due to their strong ties to the environment. Since most insect
vectors—i.e. ticks and mosquitos—are ectotherms, longer periods of warm weather will likely
increase the abundance and feeding-activity of insect vectors, thus increasing disease
transmission rates (De Souza & Weaver, 2024; Rocklov & Dubrow, 2020). Changes in
precipitation patterns may also increase the rates of vector-borne disease transmission, since
wetter conditions can provide more favorable conditions for insect reproduction and larvae
development (De Souza & Weaver, 2024). In addition to changes in areas where vector-borne
diseases are present, currently in equatorial regions, there is expected to be an expansion of
vector-borne diseases into previously temperate areas where insect vectors, historically, were
less common (Lipp et al., 2002). Challenges with vector-borne diseases become more
complicated when additional hosts are involved; for example, ticks that carry Lyme disease feed
on rodents for their first blood meal, so changes in rodent populations would also change Lyme
disease distributions (De Souza & Weaver, 2024; Rocklov & Dubrow, 2020). Changes in disease
patterns will compound the negative health outcomes stemming from climate change on top of

physical health effects directly linked to extreme climatic conditions.
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2.1.3 Natural Disasters

Exacerbating and compounding existing morbidity, mortality, and healthcare delivery
challenges, natural disasters are expected to increase as climate continues to change. Intense
precipitation, intense storms, and heavy flooding are increasing in frequency and expected to
continue increasing over time (Ebi, Vanos, et al., 2021; Romanello et al., 2022). During recent
severe storms like hurricanes Katrina, Harvey, and Sandy, the intense precipitation can be
attributed to anthropogenic climate change, and these levels of precipitation are expected to
become more common in the future (Emanuel, 2017; Lynn et al., 2009; Strauss et al., 2021).
Flooding events and natural disasters can cause or compound other health effects, particularly
due to infrastructure damage and disruption to public systems. After floods, there are often
increased instances of injury and wounding, carbon monoxide or natural gas poisoning,
infectious or parasitic diseases, waterborne and foodborne illness, skin or soft tissue infections,
and exacerbation of noncommunicable or preexisting conditions (Ebi, Vanos, et al., 2021). In a
literature review of 38 articles related to disasters, water-borne and vector-borne diseases were
present in half of case studies looking at instances of flooding, n=31 and n=8 respectively (Lee et
al., 2020). In general, natural disasters and extreme weather events magnify and highlight
existing health issues and can introduce new health conditions to an area; as such, extreme
weather events are important to anticipate in public health planning to build community public
health adaptive capacity. For example, after hurricane Katrina in 2005, New Orleans changed
their planning and response system to better anticipate extreme storm events, levee failure, and
communication loss, lessons of which have been implemented into New Orleans’ hurricane

response plans (Colten et al., 2008).

2.2 Rural Communities and Extreme Weather Events

Rural communities are often more vulnerable to extreme weather events than their urban
counterparts (Ristino, 2019; U.S. Global Change Research Program, 2018). While over 80% of
America’s population lives in urban areas, these populations are supported by food, grains,
timber, minerals, and watersheds within rural areas; the long-term health and sustainability of
rural communities therefore is necessary to maintain the foundation of an urbanized world
(Ristino, 2019; Sharkey, 2009). Agricultural economies are heavily influenced by climatic
patterns, which makes them more vulnerable to extreme weather events like prolonged heat,

drought, and flooding (Ristino, 2019). In addition, multiple structural and geographic challenges
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often result in significant rural health disparities, which render the rural communities even more
vulnerable to climatic disruptions. Perhaps most critically, the distance between residential areas
and essential services is greater in rural areas than in urban areas. Rural residents often need to
travel three to four times as many miles for hospital-based healthcare than their urban
counterparts, and rural grocery stores tend to be clustered, leaving certain areas without access to
affordable, nutritious food (Holm et al., 2023; W. C. Miller et al., 2016; Shabo & Friedman,
2022). Despite these vulnerabilities, national polls and focus groups show that rural populations
tend to be less concerned about climate change than their urban and suburban counterparts, and
rural voters typically rank climate change as one of the least important environmental issues. In a
poll of Midwestern voters, only 21% of rural voters placed climate change as one of the top two
most pressing environmental issues compared to 36% of voters in urban and suburban areas
(Diamond et al., 2020); however, despite these challenges, many rural voters—particularly
young rural voters—support policies that address climate-related issues and support climate-
change adaptation, including improving water and soil quality, reducing pollution from factories
and powerplants, and strengthening rural communities against extreme weather events (Diamond
et al., 2020). This presents an opportunity for better communication and information distribution
around climate-related issues. Generally, rural communities are most receptive to clear
communication that is relevant and applicable to their communities, particularly messages that
include themes of environmental conservation, “win-win” solutions, and/or concern for future

generations (Diamond et al., 2020).

2.3 Rural Communities in Appalachia

The Appalachian region faces unique challenges regarding climate-change-driven
extreme events and natural disasters. Generally, challenges exacerbating extreme weather event
and disaster recovery fall into two categories: sociopolitical and geographical. Appalachia’s
economy has been historically based on resource extraction. Appalachia, particularly Central
Appalachia, is rich with natural resources, including timber, thermal and metallurgical coal
deposits, and natural gas; however, much of the economic stress in the area has been attributed to
natural resource extraction without a return of wealth to local communities (Eller, 2013), i.e.
“boom and bust” economic cycles and absentee land ownership have failed to create sustainable
long-term economic foundations. Past infrastructure issues continue to compound challenges

with economics and health. For example, interstate highway systems that connect major urban
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areas essentially bypassed Appalachia during construction. These decisions created an area
where the primary transportation infrastructure is mountain roads, so high-traffic volumes are
incapable of entering the region and lower-quality roads make these rural area more susceptible
to isolation and delayed response times during emergencies (Eller, 2013). Rural areas are shown
to have significantly longer wait times for EMS services compared to national averages. In a
study analyzing EMS data from records across the United States, the average response time from
a 911 call to emergency-scene arrival is seven minutes; this number increases to 14 in rural
areas, and 1 in 10 rural emergencies required over 30 minutes of waiting before EMS personnel
arrived on the scene (Mell et al., 2017). In addition to challenges within rural areas, mountainous
terrain further complicates travel. Mountainous terrain, which is abundant in Appalachia, is
harsh, and can impact travel in several aspects. Roads in mountainous regions are typically
narrow and near exposed rock outcroppings, so they can be slow to traverse or closed due to
natural hazards; in places without roads, difficult terrain can make certain areas nearly
impossible to access. Additionally, mountainous remote locations without roads may also be
difficult to access via air due to unique atmospheric conditions over mountains like fog, winds,
and atmospheric pressure. It can also be difficult to land air vehicles in mountainous regions,
which traditionally have steep slopes and dense tree cover (Bohtan et al., 2015). Challenges with
travel and rural EMS operations combine in Central Appalachia, making disaster response in this
region particularly challenging.

The unique geography of the Appalachian region that makes the provision of
infrastructure so challenging simultaneously also renders local communities more susceptible to
natural disasters. Many of America’s most tragic or damaging floods have occurred in the
Appalachian region, including Buffalo Creek and the Johnstown flood (Morrone, 2020).
Geographical characteristics of the Appalachian region make it particularly susceptible to
extreme flooding and the associated negative health outcomes, like contaminated water supplies.
The combination of communities located in valleys and a lack of capacity for response due to
systemic issues combine to exacerbate flooding and associated health issues (Morrone, 2020).
Additionally, removal of vegetation during logging and mining operations has changed water
movement patterns throughout Appalachia. With less vegetation to mitigate impacts of heavy
rains, runoff rates have increased, causing lower-elevation or downstream areas to be more flood

prone, particularly in towns (Eller, 2013). Aging infrastructure in Appalachia, especially water
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control structures, increases the risk of flooding-related disasters. Many dams and other water
control structures in Appalachia are aging or not up-to-code. This increases the likelihood of
“hybrid-disasters” (e.g. heavy rainfall compounded with dam failure), which can cause historic
flooding levels of water to damage towns (Morrone, 2020). With the compounding
socioeconomic and geographical challenges of the Appalachian region, it is understandable that,
since 1953, over 2600 major disaster declarations have occurred in the Appalachian region due
to particularly intense events and inadequate local response, leading to federal disaster

declarations (Morrone, 2020).

2.4 Appalachian Relationships to Disaster Recovery

Community response and recovery from extreme weather events are driven by a
community’s vulnerability and adaptive capacity (Shinn & Caretta, 2020). Vulnerability is
defined as the susceptibility of an individual or a group to harm, and is closely coupled with
adaptive capacity (Turner, 2016). Adaptive capacity is defined as a community's likelihood of
hazard exposure and the ability to adapt to that hazard, and it is closely coupled with access to
financial resources and community physical (e.g. infrastructure) and socioeconomic (e.g. poverty
rates) characteristics (Turner, 2016). The vulnerability and adaptive capacity of the Appalachian
region, particularly Central Appalachia, is strongly defined by its unique demographics, history,
and geographical landscape.

Financial resources are one of the primary factors contributing to a community’s
vulnerability and adaptive capacity. Having more expendable income means that individuals and
communities can prepare, maintain, and repair systems or infrastructure that may be damaged in
extreme weather events. Public funding is essential in community-based resilience; communities
with higher incomes generate more tax revenue, which can be used to improve and maintain
local infrastructure. Federal aid is another source of funding available in many extreme weather
event scenarios; however, accessing federal aid for disaster recovery, particularly in the United
States, can be challenging in rural areas. During the 2018 flooding in Grant County, West
Virginia, the Federal Emergency Management Agency (FEMA) provided aid in the recovery
efforts, but funding was not enough to completely cover costs for many damages to residential
properties: for example, aid was often tied to homeownership, so renters were unable to access
federal financial resources (Shinn & Caretta, 2020). Low-income individuals are more likely to

be renters and are more susceptible to “cost-burden problems,” i.e. low-income areas are much
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more likely to experience challenges recovering from extreme weather events (Twiss & Mueller,
2004).

Not only is eligibility for financial aid an issue, but existing housing infrastructure itself
can contribute to vulnerability as well. While homeownership in Appalachia is quite high,
around 70% in most counties, nearly 20% of housing units are mobile homes. In addition, as of
2004, about 80% of housing units were built prior to 1980 with almost 20% of those units built
before 1939 (Jones & Spencer, 2018; Twiss & Mueller, 2004). Mobile homes and older homes
are more susceptible to damage from intense storms, so even in instances where residents own
their homes, federal funds may not be enough to cover damages. Appalachia’s average poverty
rate sits around 17%, which is 2% higher than the national average, and Central Appalachia’s
poverty rate sits around 25% (Lane et al., 2018).

Unstable baseline infrastructure and inconsistent access to basic needs means increased
vulnerability and lower adaptive capacity in communities, particularly rural communities, so
damages can be longer-lasting when disasters happen. Baseline infrastructure in rural
communities receives far less funding than urban areas, and emergency systems are smaller in
rural areas, so they are more likely to be strained during disasters. Additionally, vulnerability of
rural residents is far less likely to be noticed or gain media attention than vulnerability in
populated urban areas (Cross, 2001). Small towns are also more likely to lose populations
quickly after disaster, which can hurt disaster recovery efforts (Cross, 2014). Access to essential
services like food, clean water, complete sanitation systems, stable income, and community
resources are also closely tied to adaptive capacity (Turner, 2016). Appalachia has been
consistently identified as a region of high water inequity; i.e. high rates of plumbing poverty and
community water systems that consistently fail to meet basic Safe Drinking Water Act
requirements (Deitz & Meehan, 2019). Food deserts are also common in rural Appalachia; many
individuals rely on food banks to meet their nutritional needs due to far distances to grocery

stores (W. C. Miller et al., 2016).

2.5 Fostering Community-Based Resilience

Local and community context are important when it comes to extreme event planning
(Stern et al., 2023), and previous research has consistently emphasized the criticality of culture
and place when addressing health in the Appalachian region (Behringer & Friedell, 2006). For

example self-reliance and the ability to work with personal or familial resources is highly valued
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within the region, which can prevent communities from reaching out for external aid when
needed (Shinn & Caretta, 2020). Place and location of residence are often tightly coupled with a
person’s identity, so it is important to consider cultural context when sharing climate adaptation
knowledge with communities (Barnett et al., 2021; Stern et al., 2023). Teaching communities
self-efficacy strategies that incorporate new adaptation strategies into existing norms boosts
confidence and builds community self-esteem (Barnett et al., 2021). For example, in response to
climatic hazards, communities naturally find strategies to manage risks through local support
networks; building upon these locally identified strategies is more sustainable (Adger, 2009).
Incorporating resilience practices that are reasonable and that uplift communities are more likely
to be durable and to remain in practice (Barnett et al., 2021; Z. J. Miller et al., 2023; Stern et al.,
2023). Extreme weather events, particularly flooding, can undermine the confidence of a
community, so uplifting communities after natural disasters is particularly important to maintain
current adaptation strategies and confidence levels (Barnett et al., 2021). Diversified adaptation
strategies generally result in higher levels of resilience, which can aid in confidence as well as
reduce vulnerability (Keshavarz & Moqadas, 2021). In general, approaches that target multiple
aspects, build confidence, engage communities, and are communicated clearly will resonate best
with communities and are most likely to be successful, both in hazard mitigation and long-term
efficacy.

Even communities with high adaptive capacity, though associated with high potential for
change, sometimes fail to successfully implement changes (Adger et al., 2007). The
Intergovernmental Panel on Climate Change (IPCC) acknowledges that there are gaps in
knowledge that limit the ability to make well-informed decisions about climate adaptation, which
can include topics like physical changes, best policies, infrastructure interactions, and social
impacts (Adger et al., 2007). While climate change is often regarded with skepticism in rural
communities (Morrone, 2020), many voters support policies that address the negative outcomes
from these events (Diamond et al., 2020). For example, 52% of rural Republican voters in the
Midwest reported that environmental issues were important compared to just 36% of rural
Republican voters who believe it is important for climate change to be addressed (Diamond et
al., 2020). Additionally, based on Climate Opinion Factsheets from Yale’s Program on Climate
Change Communication, over half of the public in Ohio, Virginia, and West Virginia—three

Central Appalachian states—believes that climate change is happening. Moreover, in these three
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states, over two-thirds of the public supports policies addressing climate change, including
incorporating climate change topics into public school curriculums, providing tax rebates for
solar panels or energy-efficient vehicles, and funding research for renewable energy (Marlon et
al., 2022a, 2022b, 2022c¢). Support for climate action is also generally higher among younger
generations, including in rural areas.

Response to extreme weather events requires constant learning from communities,
stakeholders, and governments. Research regarding the effects of atmospheric CO»
concentrations and impacts on climate aspects like precipitation and temperature is important to
making informed decisions about climate change (U.S. Global Change Research Program, 2018).
Sharing knowledge with decision-makers is key to translating adaptive capacity into
implementing change related to extreme weather events (Ristino, 2019). Studies find that one
key aspect of leading successful climate adaptation workshops is having “the right people” in the
room, including those with power and those impacted (Stern et al., 2023). Studies show that
practical, clear, and concise messaging from trusted sources is best received by rural
communities when discussing adaptation to extreme weather events (Barnett et al., 2021;
Diamond et al., 2020; Z. J. Miller et al., 2023). For example, a recent poll of Midwestern voters
found higher trust in USDA rather than EPA on environmental issues, though both are federal
agencies with access to the same frontline climate science research (Diamond et al., 2020).
Among environmental issues, Midwestern voters in the United States ranked climate change as
least important, preferring to address more visible environmental issues like ensuring clean air
and water (Diamond et al., 2020). This preference for addressing visible issues through
community-trusted organizations can provide an alternative approach for supporting

communities to address negative outcomes stemming from climate change.

2.6 Global Climate Models as Planning Tools

GCMs aim to simulate potential future climate scenarios based on a variety of physical,
atmospheric, and geospatial properties (Raju & Kumar, 2020). GCM outputs are discussed
through the climate impact driver (CID) framework, which describes physical climatic
components that impact elements of ecosystems or societies. CIDs are quantified using indices.
CIDs alone do not entirely encapsulate consequences and must be coupled with vulnerability and
adaptive capacity to quantify the full magnitude of climate impacts on a specific region (Ruane

et al., 2022). GCMs, naturally, are complex and include a large range of uncertainty due to the
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multitude of inputs and inherent complexity of simulating large and complex global systems.
These large ranges of uncertainty may render climate models not particularly useful for short-
term event simulation, but generally climate models can show trends that can be useful in long-
term decision making and planning (Hayhoe & Stoner, 2021). Best practices for climate
projections in decision-making include using a collection of models to capture natural variability
while providing an idea of what future scenarios may look like (Hayhoe & Stoner, 2021), as well
as comparing hindcast model outputs with observed data for validation (Raju & Kumar, 2020).
Comparing model hindcast simulations to observed data is an important step in understanding
the inherent uncertainties present in climate models. Earth’s atmospheric systems are complex,
and since climate models are empirical and based on current observed conditions, no model can
predict what future conditions will look like with 100% accuracy. Comparisons with observed
data can help identify strengths and limitations with ensembles as a whole and the individual
models within them. Despite limitations and uncertainties, models can play an important role in
supporting planning for climate change and extreme events, so long as this information is used in
context and with acknowledgement of uncertainties and variability (Hayhoe & Stoner, 2021;
Raju & Kumar, 2020).

Community-level projects and local context are important for successful climate
adaptation (Cole et al., 2023; Diamond et al., 2020); to aid in resilience efforts, providing
information about projected future scenarios could be advantageous for more accurate planning.
In fact, the previous iteration of the CMIP data (CMIP5) was used in a similar way by the public
health department of Orleans County, NY. Orleans County published a Heat and Health report in
2019 detailing heat exposure and vulnerability. CMIPS5 projections were used to quantify average
maximum temperatures during the summer months under two emissions scenarios (NYDOH,
2019). Use of GCMs by a state department of health indicates that there could be interest in this
information across other state entities or local organizations.

Both the IPCC and climate scientists agree that climate modeling and disaster resilience
communities need to work more closely for planning under a wide range of emissions scenarios
while addressing uncertainties to adequately adapt to changing climates (Raju & Kumar, 2020).
For example, the United States Geological Survey provides the United States Department of
Interior with climate science from GCMs, which is used to inform decision making about water

quality and availability, land use, wildfire regimes, and invasive species management (Terando
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et al., 2020). On a local scale, several studies have investigated future conditions using climate
models intended for policy making, including in East Asia, India, and Iran (Hong et al., 2021;
Mishra et al., 2014; Shiru et al., 2022). Specifically in the Appalachian region, one study has
analyzed changes in rainfall over the eastern United States. This study observed increased
precipitation values across the region, particularly under greater emissions scenarios and at the
end-of-century (2076 — 2099) timescale (Fernandez & Zegre, 2019). In general, climate models
can capture general trends that can be beneficial for long-term planning related to climate change
(Raju & Kumar, 2020).
2.7 Present Study

The overall goal of this research is to develop summaries of projected changes for
relevant CIDs in the North Central, Central, and South Central regions of Appalachia to aid in
foundational climate resiliency planning. Relevant CIDs are informed by preliminary findings
and discussions from listening sessions in the North Central, Central, and South Central
Appalachian regions. During these listening sessions, public health officials, nonprofit, and local
health department employees expressed concerns regarding extreme heat and flooding in the
region. CIDs were selected to quantify extreme heat and precipitation, as these climate aspects
are of interest to the region. These CIDs are used to compare the projected extreme weather
events to their current conditions. CID hindcasts and projections are analyzed using outputs from
climate projection data from NASA’s Coupled Model Intercomparison Project (CMIP6)
ensemble climate models. From the ensemble model data, the goal is to determine strengths,
limitations, and biases in the CMIP6 data by comparing hindcast projections to observed climate
data and to draw conclusions regarding projected spatial and temporal changes for relevant CIDs

for the Appalachian region at the middle and end of the 21st century.
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3. METHODS

3.1 Overview of Methods, Data Sources, and Integration

To ensure project data analysis was most relevant to selected communities, primary CIDs
of interest were identified via multi-university listening sessions that invited local Appalachian
nonprofits, health care workers, environmental managers, emergency responders, and relevant
nonprofits. These listening sessions were hosted by Ohio University, with joint university
institutional review board oversight by Ohio University, West Virginia University, and Virginia
Tech (VT IRB#: 23-592). CIDs are defined by the IPCC as “physical climate system conditions
that affect an element of society or ecosystems” (Ruane et al., 2022), and are intended to be
neutral in connotation. CIDs are grouped by represented conditions and quantified by indices,
such as “99™ percentile daily precipitation” or “days above 95°F” (Ruane et al., 2022). CIDs of
interest were identified for the Appalachian region via the aforementioned listening sessions
(results compiled by Kruse-Daniels, 2024). Three sentinel towns (one per each home state of
each university: Pulaski, VA; Williamsburg, WV; and Nelsonville, OH) were identified as useful
locations for climate forecast analysis (Figure 3.1). The three towns from each state were
selected based on actions from non-governmental organizations (NGOs) currently running
successful resiliency projects (Table 3.1) (Kruse-Daniels, 2024). Towns were selected based on
the existence of active and interested community groups currently focused on planning
adaptations to climate change. Relevant CIDs (temperature and precipitation) and their indices

serve as the primary model outputs analyzed in subsequent project work.

Table 3.1 Appalachian towns, associated non-governmental organizations, and resilience actions

Location Local Organization | Current Resilience Strategies

Name
Pulaski, Friends of Peak Creek | Flood resilience planning; community engaged
Virginia programming; “Silver Jackets” local organization

collaboration partnership; industrial legacy
acknowledgement; industrial waste cleanup

Williamsburg, | Williamsburg Area Community-led, extreme-event-based response;

West Virginia | Response Team vulnerable population focus; regularly-updated
response plans

Nelsonville, New Leaf Villages Affordable housing; local workforce development;

Ohio (original location) mental health support; sustainable materials;

renewable energy; multiple locations
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Figure 3.1 Appalachian towns and weather stations overlayed on spatial extent of data.

Brown points show locations of “positive deviance” where local organizations are currently
building resilience efforts; these towns’ resilience efforts could benefit from climate projections.
Blue points show locations of NOAA weather stations where model data was compared to
observed data. Involved institutions are indicated by their logo.

Relevant model data was downloaded from output files of the National Aeronautics and
Space Administration (NASA) Earth Exchange Global Daily Downscale Projections (NEX-
GDDP) generated by the sixth iteration of the Coupled Model Intercomparison Project (CMIP6).
NASA’s CMIP project operates under a Creative Commons license and is therefore publicly
available for use (see data availability statement). Output files from the NEX-GDDP CMIP6 data
set are rasters and were processed accordingly. Hindcast model outputs were compared to
observed data from NOAA weather stations to confirm CMIP6 ensemble model outputs were

applicable to the Appalachian region, as the unique local topography presents challenges to some
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climate and weather models (Fernandez & Zegre, 2019). Finally, projected climatic conditions
were summarized to understand what future climate may look like in the Appalachian region. All
analyses were completed using R, version 4.2.2 (R Core Team, 2022), and RStudio (Posit Team,

2022). A flowchart of the steps for the analysis is shown in Figure 3.2.
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Figure 3.2 Methods process flowchart

3.3 Data Sources

3.3.1 Observed Meteorological Records

Observed weather data were obtained from NOAA’s Global Historical Climatology
Network daily data (GHCNd) (Menne et al., 2012). The GHCNd dataset includes daily data on a
variety of weather conditions, i.e. temperature, precipitation, etc., at different locations around
the world. Some stations report data back to as early as 1890, but most stations were established

between 1950 and 1960 (NCEI, 2016). GHCN is currently active and receives daily updates from
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reporting stations across the globe. The three GHCN weather stations used for hindcast
comparisons were Parkersburg, WV; Charleston, WV; and Bluestone Lake, WV. These weather
stations were selected for their proximity to the Appalachian towns of interest (Figure 3.1). The
timescale for the hindcast comparison was 1970 — 2014.

3.3.2 Ensemble Climate Model Hindcasts and Projections

The climate models used in this analysis are output files from the National Aeronautics
and Space Administration (NASA) Earth Exchange Global Daily Downscale Projections (NEX-
GDDP) generated by the sixth iteration of the Coupled Model Intercomparison Project (CMIP6).
The project includes ready-to-use, bias-corrected output files from 35 unique GCMs, developed
by various climate modeling centers from across the globe. The raster outputs are stored in
netcdf format. Climate model outputs yield results for a variety of CIDs under a range of
emissions scenarios, represented by “shared socio-economic pathway” (SSP) scenarios. SSP
scenarios integrate social, economic, and political factors that influence greenhouse gas
emissions, which are then used as inputs to GCMs to various future changes in temperature,
precipitation, and other climate conditions (Meinshausen et al., 2020). Lower number SSPs
indicate a lower emissions future, while higher numbers indicate higher rates of fossil fuel usage.
Nine SSPs are recognized by the IPCC, and four are included in the CMIP6 data set: 1) ssp126,
representing a low emission scenario; 2) ssp585, representing emission scenarios assuming fossil
fuel growth; and 3) ssp245 and 4) ssp370, which represent middle-ground emission scenarios.
All 35 models included in CMIP6 include outputs under the ssp585, as well as a hindcast
scenario to compare with observed data. All but two models include outputs under the ssp126
scenario, and some models opt to omit one or both middle emission scenarios (ssp245 and
ssp370).

3.4 Emissions Scenarios and Temporal Period of Projected Analysis

GCMs rely on different climate forcing methods based on different concentrations of
atmospheric carbon dioxide. As future climate projections rely heavily on current policies,
decisions, and actions that are difficult to predict, it is important to select multiple emissions
scenarios to look at a variety of potential changes rather than selecting one emissions scenario.
Additionally, climate models are best at showing long-term, general trends, so having multiple
emissions scenarios for context provides more useful data. Because ssp126, a low emissions

scenario, and ssp585, a high emissions scenario were included in all but two models in the
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CMIP6 ensemble, these two emission scenarios were selected for analysis; they can be assumed
to bracket a range of potential scenarios for climate change. Indices related to temperature and
precipitation CIDs were analyzed over three periods: 1) hindcast data was summarized from
1970 — 2014; and future projections included two twenty-five year time periods 2) a midcentury
period from 2040 — 2064 and 3) an end-of-century period from 2076 — 2100.
3.5 Ensemble Climate Model Data Acquisition

NASA’s CMIP6 data set was obtained using the commands from the “httr” R package.
The “httr” package uses curl principles, which is a command-line approach for data retrieval
from URLs instead of a browser approach (Wickham, 2023). During the data acquisition process,
the NEX-GDDP files were cropped to the Appalachian region (Figure 3.1) to save storage space
and reduce processing time. Data downloads were performed using Virginia Tech’s Advanced

Research Computing system using R through the RStudio IDE.

3.6 Climate Impact Driver Quantification

Each CID was quantified using two indices: one representative of annual change and one
representative of extreme weather events. In keeping with CID best practices, quantifiable
metrics were selected to be representative of annual and short-term measures. Responses from
listening sessions indicated that precipitation and extreme high temperatures were CIDs of
significant and widespread interest. Two indices representative of average values and more

extreme conditions were selected to communicate each CID (Table 3.2).

Table 3.2 Climate impact drivers and corresponding indices

Average Index Short Term/Extreme Index
Precipitation Total Annual Precipitation Maximum Five-day
[inches] Precipitation [inches]
Maximum Average Annual Maximum | Number of heat waves, defined
Temperature Temperature [degrees F] as 2+ days over 90 degrees F [n]

Annual measures include total precipitation, as calculated via Equation 3.1 for one

model, with the average across model represented by Equation 3.2.
D=3
Pny = Z Pma (3.1)
d=1
P = total annual precipitation in CMIP6 model m and year y
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p = daily precipitation for model m on day d

M D=365
P, = ;Z[ Z pm,d] (3.2)

i=1L d=1

P = total annual precipitation average for year y across x CMIP6 models
p = daily precipitation for model m on day d
i =model index

The same calculations were performed for average maximum temperature via Equations

3.3 and 3.4.

1 D=365
Ty = 365 dz_l tm,a (3.3)

T = average annual maximum temperature in CMIP6 model m and year y
t = daily maximum temperature for model m on day d

1 x D=365
252[365 Z md] (34)

i=1

T = average annual maximum temperature for year y across x CMIP6 models
¢t = daily maximum temperature for model m on day d
i = model index

Short-term metrics were selected to be representative of extreme event scenarios.
Extreme rainfall events that often cause flooding were simulated by total five-day rainfall per

Equation 3.5.

D=365
P, = dg{;ﬁggsl{ > pd,m} (3.5)

a->5

Ps = maximum 5 day precipitation in CMIP6 model m and year y
p = daily precipitation for model m on day d

Extreme heat events and heat waves were simulated by number of occurrences of two
consecutive days above 90°F (NWS, n.d.-a). Changes in high temperatures can be more easily

understood when communicated as number of heat wave events. Since no formal, universal
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definition of a heat wave exists, the National Weather Service’s heat wave definition was

selected for this study. This calculation was performed via Equation 3.6.

D=365

Fny = Z ltma {1 — 0if (tg_y U tg) < 90 (3:6)
d=1

F = total number of two-day heat wave events in CMIP6 model m and year y
¢t = daily maximum temperature for model m on day d
I = binary indicator

Due to model calculation limitations, it is important to note that this calculation counts
the number of two day events regardless of the surrounding days. For example, three consecutive
days above 90°F would be counted as two heat waves in these calculations, even though the
NWS and other agencies would likely classify three consecutive days above 90°F as one heat

wave.

3.7 Hindcast Analysis

Prior to use in forecast analysis, CMIP6 hindcast model outputs were compared with
observed data closest to the three towns identified during the listening sessions to confirm
applicability to the Central Appalachian region. For this comparison, temperature and
precipitation data were pulled from NOAA weather stations to compare to model hindcast
values. Locations for observed data were selected based on distance to the nearest town
identified by Kruse-Daniels (2024) as a potential outlet for future climate communication and
implementation of resiliency practices. In addition to distance, the three towns for projected
analysis have a north-south gradient, so the weather stations selected reflected this geographical
region. During value extraction, the points extracted in the GCMs were identical to the
coordinates of the weather stations in Bluestone Lake, WV; Charleston, WV; and Parkersburg,
WYV (Figure 3.3, Table 3.2). Model results were compiled to compare both annual and short-term
indices for precipitation and temperature. Annual analysis comparisons were used to determine
outlier models that had to be discarded, since modeling short-term extreme events may yield
naturally extreme results. One weather station, Parkersburg, WV, had two years of missing data
due to the station being offline. This was addressed with the wide range of dates from 1970 to

2014, so two years of missing daily data was relatively minor in the averages. All averages for
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observed values included a t-test 90% confidence interval to capture variability in averages
throughout the region. While a hindcast to observed comparison can provide some insights to the
accuracy of future projections, it is important to note there are limitations and assumptions to the

hindcast comparison, particularly regarding assumptions with climate stationarity.
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Figure 3.3 Locations of weather stations used for comparison of observed data to hindcast
projections

3.8 Projected Analysis
Following the hindcast analysis, the projected future CID values were quantified for the
low (ssp126) and high (ssp585) emissions scenarios for each model. Annual and short-term

indices were analyzed for maximum temperature and precipitation. The projected analysis was
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completed in the three Appalachian positive deviance towns based on information from listening

sessions: Pulaski, VA; Williamsburg, WV; and Nelsonville, OH (Table 3.2). Hindcast and
projected analyses were completed using point extractions on the CMIP6 raster files. Raster
point extractions is a spatial technique that involves extracting raster files at specific locations

(i.e. longitude and latitude). This allows data to be collected a specific locations of interest.

Table 3.3 Geographic information of selected analysis areas

Town State | Latitude | Longitude | Elevation Relevance | Analysis
(ft) Timeframe
Bluestone WV | 37.64199 | -80.8828 424 Weather 1970 - 2014
Lake Station
Charleston WV | 38.3795 | -81.5911 278 Weather 1970 - 2014
Station
Nelsonville OH | 39.45626 | -82.2291 702 Positive 2040 — 2064,
Deviant 2070 — 2099
Parkersburg | WV | 39.33948 | -81.4438 | 245 Weather 1970 -2014
Station
Pulaski VA | 37.05917 | -80.7690 1903 Positive 2040 — 2064,
Deviant 2070 — 2099
Williamsburg | WV | 37.9697 | -80.4919 2192 Positive 2040 — 2064,
Deviant 2070 — 2099
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4. RESULTS

4.1 Final Models, SSPs, and Timeframes

Of the 35 CMIP6 Models included in the ensemble, 24 were included in hindcast and
projected analyses: ACCESS-CM2; ACCESS-ESM1-5; BCC-CSM2-MR; CanESMS5; CMCC-
ESM2; CNRM-CM6-1; CNRM-ESM2-1; EC-Earth3; EC-Earth3-Veg-LR; FGOALS-g3; GFDL-
ESM4; GISS-E2-1-G; INM-CM4-8; INM-CM5-0; IPSL-CM6A-LR; KIOST-ESM; MIROC-
ES2L; MIROC6; MPI-ESM1-2-HR; MPI-ESM1-2-LR; MRI-ESM2-0; NESM3; NorESM2-LM;

and NorESM2-MM. A total of 11 models were excluded due to missing temperature data,

incorrect number of layers in the files, and outlier data acknowledged by the CMIP6 project

(Table 4.2).

Table 4.1 Models excluded from CMIP6 analysis during the data download and initial

assessment

Model

Reason for Exclusion

CESM2

No temperature data

CESM2-WACCM

No temperature data

CMCC-CM2-SR5

Data rejected by CMIP6 Project

GFDL-CM4 (grl)

No ssp126 scenario

GFDL-CM4 (gr2)

No ssp126 scenario

KACE-1-0-G

Did not have 365 or 366 layers in files

HadGEM3-GC31-LL

Did not have 365 or 366 layers in files

HadGEM3-GC31-MM

Did not have 365 or 366 layers in files

I[ITM-ESM

No temperature data

TAI-ESM1 CMIP6 Project recognized high temp values and deviation from
other models
UKESMI1-0-LL Did not have 365 or 366 layers in files

In addition to checking file characteristics, point extraction versus polygon extraction was

examined for each index at each location and under each emissions scenario. Polygon extractions

were performed at the county level. No extraneous values or stark differences were found

between point versus polygon extraction (Appendix A). Since point extractions yielded

reasonable results and are more accurate to a specific town, especially given the complex

topography of Appalachia, point extractions were used in all hindcast and projected analyses.
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4.2 Hindcast Comparison to Observed Data

4.2.1 Precipitation Comparison

Total annual precipitation outputs from the hindcast model projections were compared to
the observed precipitation values at the weather stations (Figure 4.1). Hindcast projections were
extracted the weather station coordinates for direct spatial comparison. Box plots are used to
show the range of average precipitation values simulated across all GCMs included in the
analysis, as well as observed average precipitation values taken from GHCN weather stations for
the period from 1970 — 2014. The average total amount of rainfall in a year across the study
locations ranges from 37.9 inches (with a 90% confidence interval of 36.6 to 39.3 inches) in
Bluestone Lake to 44.6 inches (with a 90% confidence interval of 43.1 to 46.1 inches) in
Charleston. However, the average annual precipitation in the GCM simulations was not always
consistent with observed values. In Bluestone Lake, all of the climate models included in this
analysis overestimated annual rainfall with an average observed total precipitation confidence
interval ranging from 36.6 inches to 39.3 inches, and a model ensemble median of 41.2 inches
(and a minimum projection of 40.6 inches). Conversely, all of the climate models underestimated
rainfall in Charleston, with the model ensemble median of 42.6 inches and an observed
confidence interval ranging from 43.1 inches to 46.1 inches. In Parkersburg, GCM simulations
were more consistent with observed values, with the observed ranging from 37.5 to 43.4 inches;
it is worth noting that Parkersburg has the widest 90% confidence interval around the observed
value. The model hindcast spread falls completely within the confidence interval, with model
hindcasts ranging from 40.7 inches to 41.8 inches. Including a 90% confidence interval around
the mean observed annual precipitation, the model spread fell above the observed value for one
location (Bluestone Lake, WV); the model spread fell below the observed value for one location
(Charleston, WV); and the model spread fell within the range of observed values for one location
(Parkersburg, WV). Overall, observed values were not greater than three inches of rain away
from the median observed value. From these observations, it appears that the models are
flattening precipitation variability across the region, which is important to note when using these

models for any future decisions.
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Figure 4.1 Total annual precipitation hindcast model outputs compared to observed data at three
selected Appalachian weather stations: Bluestone Lake, WV; Charleston, WV; and Parkersburg,
\VAY%

To simulate extreme rainfall events, hindcast maximum five-day precipitation values
were compared to observed maximum five-day precipitation values (Figure 4.2) using the same
boxplot approach to capture the spread of hindcast scenarios compared to observed values.
Unlike with the annual precipitation measures, where models overestimated and underestimated
extreme rainfall, all models consistently underestimated the observed maximum five-day

precipitation values at the three weather stations, Parkersburg, WV; Charleston, WV; and
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Bluestone Lake, WV during the same hindcast period from 1970 — 2014. The spread of observed
maximum five-day precipitation values across the West Virginia weather stations ranges from
3.26 inches in Bluestone Lake, WV (with a 90% confidence interval from 3.18 to 3.60 inches) to
3.73 inches in Charleston, WV (with a 90% confidence interval from 3.52 to 3.94 inches). The
greatest distance between the median highest five-day precipitation value and the mean observed
value was 1.13 inches in Charleston, WV, with a median model hindcast value of 2.60 inches
and an observed mean value of 3.73 inches. This difference was 0.90 inches in Parkersburg, WV,
with a median model hindcast value of 2.49 inches and a mean observed value of 3.39 inches,
and 0.65 inches in Bluestone Lake, WV, with a median model hindcast value of 2.62 and a mean
observed value of 3.26 inches. Models underestimating five-day maximum precipitation by 0.65
inches to 1.13 inches across locations is noteworthy regarding extreme precipitation metrics.
There was one outlier model in Charleston, WV, that significantly underestimated the mean
observed value, with one model estimating the five-day precipitation value at 2.0 inches, while
the median hindcast value was 2.59 inches and the observed value was nearly 1.75 inches greater
at 3.73 inches. However, even a underestimation like this outlier model projects precipitation
values that could be significant enough to cause flood events. Also, interestingly, the 90%
confidence interval around the observed five-day precipitation values is approximately the same
spread as the hindcast models for five-day observed precipitation; had the hindcast projections
been closer to the observed five-day precipitation values, this could indicate that a model spread

could be a decent representation of the 90% confidence interval for observed precipitation.
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Figure 4.2 Maximum five-day total precipitation hindcast model outputs compared to observed
data at three selected Appalachian weather stations: Bluestone Lake, WV; Charleston, WV; and

Parkersburg, WV
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4.2.2 Temperature Comparison

Average temperature model hindcast values were compared to the observed annual
maximum temperature the three weather station locations (Figure 4.3); average temperatures
capture the average of the highest temperature each day. Using the same approach as the
precipitation comparisons, boxplots are used to capture the spread of models compared to the
observed annual temperature. Observed average temperatures ranged between 64.1°F and 66.1°F
at the three weather station locations. Parkersburg, WV, had the lowest observed annual
temperature at 64.1°F, and Charleston, WV, had the highest annual temperature at 66.1°F. All
model spreads for average annual temperature were greater than the mean observed values,
indicating that GCMs overestimate annual temperature values in these locations. Only one
location, Bluestone Lake, had the model spread fall within the 90% confidence interval, with the
model spread ranging from 64.5°F to 64.9°F; the median model hindcast value of 64.7°F fell
below the model spread, but the high value for the 90% confidence interval of 64.9°F includes
the model spread in the 90% confidence interval. The 90% confidence interval around the
observed mean for Bluestone Lake, WV ranges from 63.9°F to 64.9°F, with a mean observed
value of 64.4°F. The other two locations, Charleston, WV, and Parkersburg, WV, do not include
the model spread within the 90% confidence interval of the mean temperature value. The greatest
difference between the model spread and observed average value was in Parkersburg, WV, with
a difference of 1.3°F. The observed average temperature in Parkersburg, WV, was 64.1°F (with a
90% confidence interval from 63.8°F to 64.4°F) and a median hindcast value of 65.4°F.
Charleston, WV, had slightly closer hindcast projections, with a difference between the mean
observed value and the median hindcast value of 0.9°F. The observed temperature value in
Charleston was 66.1°F (with a 90% confidence interval from 65.8°F to 66.5°F), while the model
hindcast median was 67.0°F. The model hindcasts for average temperature do not appear to
flatten temperature across the weather stations as much as the precipitation was flattened across
the three weather stations for this region. Average temperatures were generally overestimated by
model hindcast projections across the weather station locations, showing a consistent trend

across the weather stations for average temperature.
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Figure 4.3 Average maximum temperature hindcast model outputs compared to observed data at
three selected Appalachian weather stations: Bluestone Lake, WV; Charleston, WV; and
Parkersburg, WV
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Similar trends were present for the heat wave event comparison as were present for the
average maximum temperature. Boxplots were, again, used to compare the observed number of
two-day heat wave events (two consecutive days with high temperatures above 90°F) to the
model hindcast number of two-day heat wave events (Figure 4.4). Overall, heat wave events
were the closest to observed values (with a 90% confidence interval) of all indices compared in
this study, with all three observed average values and 90% confidence intervals overlapping with
some portion of the model hindcast spread; however, for all three weather station locations, the
mean number of observed heat wave events fell below the median number of hindcast heat wave
events. Bluestone Lake, WV, had the mean observed heat wave count closest to the median
hindcast heat wave count, with the mean number of observed heat wave events at 5.85, and the
median number of hindcast heat wave events at 6.59. Bluestone Lake’s lower quartile to upper
quartile hindcast model spread also fell within the entirety of the 90% confidence interval, with
the model Q1 — Q3 range falling from 6.04 — 7.16, and the 90% confidence interval around the
mean ranging from 3.86 — 7.84. Parkersburg, WV, had the greatest difference between the
observed value and the model hindcast value, with the mean observed value at 8.7 and the
median hindcast value at 13.5. Parkersburg did not have any of the 90% confidence interval
overlap with the interquartile range of the model hindcast spread. Charleston, WV, also had the
observed heat wave value fall below the hindcast median value, with the mean observed heat
wave count at 12.3 and the median hindcast value at 15.0. The upper range of the 90%
confidence interval for Charleston’s observed heat wave count fell just below the median
hindcast value, with the highest range of the 90% confidence interval at 14.5. For all three
locations, the mean observed number of heat waves fell below the spread of model hindcasts for
heat waves, which matches the trends with observed annual maximum temperature; however, the
discrepancies are less than the discrepancies with observed average maximum temperature as

more of the model spreads falling within the confidence interval.
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Figure 4.4 Frequency of two-day heat wave events hindcast model outputs compared to
observed data at three selected Appalachian weather stations: Bluestone Lake, WV; Charleston,
WYV; and Parkersburg, WV
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4.3 Projected Climate Impact Drivers

4.3.1 Projected Precipitation

To quantify potential annual precipitation scenarios, precipitation was projected in the
three primary Appalachian towns in this study: Pulaski, VA; Williamsburg, WV; and
Nelsonville, OH (Figure 3.1). For projected precipitation values, boxplots were created to show
the spread of potential future precipitation values under two emissions scenarios: a low-
emissions scenario (ssp126) and a high-emissions scenario (ssp585). Precipitation is shown as a
change from hindcast values to quantify the expected change in precipitation rather than an
absolute value. In all three Appalachian towns, total annual precipitation values are expected to
increase in the future (Figure 4.5); these changes are greater under the high emissions scenario,
with a difference of almost 2 inches between the low and high emissions scenario during the end-
of-century timescale (2075 — 2099); however, some minimum values for the model spreads
indicate decreased annual precipitation, with precipitation changes dipping below zero,
particularly in low emissions scenarios at all locations. For the low emissions scenario on the
midcentury timescale (2040 — 2064), all three locations have a relatively consistent increase in
precipitation from hindcast values, with a median increase of 2.3 inches in Pulaski, a median
increase of 2.2 inches in Williamsburg, and a median increase of 2.1 inches in Nelsonville. The
end-of-century low emissions scenario is also similar, with median increases of 2.9 inches, 3.0
inches, and 3.0 inches at the respective locations. As expected, a high emissions scenario has a
much greater impact on annual precipitation values. For the midcentury, high-emissions
scenario, annual precipitation values are expected to increase by 3.3 inches in Pulaski, VA; 3.3
inches in Williamsburg, WV; and 3 inches in Nelsonville, OH. By the end-of-century timescale,
precipitation values are expected to increase by 4.5 inches, 5 inches, and 4.6 inches in the
respective locations. It is also worth noting that the spread of models increases under higher
emissions scenarios. Given the context with the hindcast annual precipitation values being
“flattened” by models across the region, it is unsurprising that precipitation change trends are
relatively consistent throughout the three Appalachian towns. Increases in precipitation trends
are also unsurprising, given that air temperature and water holding capacity of air are positively
correlated; under higher emissions scenarios, air temperature will increase more, thus increasing
the water holding capacity of the atmosphere and overall precipitation. Increases in precipitation

and river discharge have been observed for the eastern United States, including the Appalachian
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region, from 1979 — 2008 (Trenberth, 2011). It is important to note that average precipitation
values increase more in midcentury and end-of-century timeframes under greater emissions
scenarios. On average, the three positive deviance areas in this study can expect to see
approximately a 10% increase in precipitation under the greatest emission scenario by the end of

the 21st century.

Pulaski, VA Williamsburg, WV Nelsonville, OH

. Emission
Scenario

Low Emissions
(ssp126)
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ad . . | (ssp585)
J | .

Change from Hindcast Precipitation (in.)
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(2040-2064) (2075-2099) (2040-2064) (2075-2099) (2040-2064) (2075-2099)
Timescale

Figure 4.5 Projected change in annual precipitation from model hindcast values under low and
high emissions scenarios in Pulaski, VA; Williamsburg, WV; Nelsonville, OH.

Extreme rainfall scenarios, defined as maximum total rainfall over a five-day period,
shows the same trends as annual precipitation (Figure 4.6); boxplots are again used to capture the
potential increases in five-day precipitation in the midcentury and end-of-century timescales. At
all timescales under both emissions scenarios, median five-day precipitation is expected to
increase. However, some minimum values for the model spread indicate a decrease in
precipitation, with a minimum value for Pulaski’s midcentury, low emissions scenario indicating

a five-day precipitation decrease of 0.17 inches and Williamsburg’s minimum for end-of-
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century, low emissions scenario indicating a decrease of 0.25 inches. The model spread also
indicates potential high values, with median five-day precipitation values increasing by 0.38
inches in Pulaski, by 0.41 inches in Williamsburg, and 0.50 inches in Nelsonville for the end-of-
century high emissions scenario. The greatest expected change at the end-of-century timescale
between the low emissions scenario and high emissions scenario is in Nelsonville, OH, with the
low emissions scenario indicating an expected change of 0.25 inches and the high emissions
scenario indicating an expected change of 0.50 inches, yielding a difference of 0.25 inches.
Similar trends are evident in Pulaski, VA, and Williamsburg, WV, however the difference is less.
Pulaski expects a 0.05 inch difference in preciptation between the low emission, end-of-century
precipitation change of 0.30 inches to the high emission, end-of-century precipitation of 0.35
inches. Williamsburg expects a 0.05 inch difference in preciptation between the low emission,
end-of-century precipitation change of 0.31 inches to the high emission, end-of-century
precipitation change of 0.37 inches. Changes between 0.25 and 0.5 inches in a 3.0 inch event is
between an 8% and 16% increase in five-day precipitation. While precipitation changes of less
than an inch may not seem particularly impactful, increases in precipitation can quickly
compound and overwhelm water infrastructure, leading to flooding or dam failure. From the
precipitation figures (Figures 4.4 & 4.5), it is important to note the impact that emissions
scenario has on precipitation values. Annual and extreme precipitation values are expected to
increase more under greater emissions scenarios, showing the impact of human activity on future

extreme weather.
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Figure 4.6 Projected change in five-day precipitation from model hindcast values under low and
high emissions scenarios

4.3.2 Projected Temperature

In the Appalachian towns of interest, average maximum temperature was also projected
under low and high emissions scenarios at midcentury and end-of-century timescales; results are
shown in boxplot form to capture the potential spread of models (Figure 4.7). Projected changes
in maximum temperatures are expected to increase over time under both emissions scenarios and
at both timescales. By midcentury, the median average annual temperature could increase from
2.5°F — 5°F in the Appalachian towns, depending on the emission scenario. Interestingly,
emissions scenarios appear to have a large impact on the maximum temperature. Under the low
emissions scenario, the change in maximum temperature remains relatively consistent between
the midcentury and end-of-century timescale. The three Appalachian towns saw relatively little
difference in median maximum temperature change under a low emissions scenario: Pulaski saw
a median midcentury change of 3°F and a median end-of-century change of 3.1°F. Williamsburg

saw a median midcentury change of 3°F and an identical end-of-century change of 3°F.
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Nelsonville actually saw a decrease in median temperature from midcentury to end-of-century,
with a median midcentury value of 3.2°F and a median end-of-century value of 3.1°F. Between
the midcentury and end-of-century timescales for the low emissions scenario, the range of the
model spread increased in all locations. Temperature changes become much more stark under
higher emissions scenarios. The midcentury change in average maximum temperature for the
high emissions scenario is greater than the low emissions scenario, with temperatures in Pulaski,
Williamsburg, and Nelsonville, expected to change by 5.0°F, 5.2°F, and 5.5°F respectively. The
end-of-century high emissions scenario has a much greater temperature increase, with median
increases in the Appalachian towns increasing by 8.8°F, 9.0°F, and 9.6°F respectively under a
high emissions scenario. High projections for end-of-century average maximum temperature
could potentially increase by over 12.5°F in Nelsonville, looking at the upper range of the model
spread. Pulaski and Williamsburg projections do not indicate changes over 12.5°F, but their
upper ranges are relatively close, with maximum potential projections of 12.0°F and 12.2°F
respectively. Annual maximum temperature appears to be heavily influenced by emission
scenario, with larger changes from hindcast maximum temperature apparent in all three of the
Appalachian towns under higher carbon emissions scenarios. By the end of the century under a
high emissions scenario, there is expected to be a median increase in maximum temperature of

approximately 13%, assuming an average observed maximum temperature of 65°F.
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Figure 4.7 Projected change in average annual maximum temperature from model hindcast
values under low and high emissions scenarios

Increases in average annual maximum temperature correlate with increases in heat wave
events. Heat wave events in this study are classified as two consecutive days above 90°F, and
were compared under low and high emissions scenarios across the Appalachian towns (Figure
4.8). Like maximum temperature increases, heat wave events are expected to increase under a
low and high emissions scenario; however, there is a difference in number of heat wave events
between the low and high emissions scenarios. Across the three Appalachian towns, number of
heat wave events in the low emissions scenario have a relatively consistent median number of
projected heat wave events. In two of the three Appalachian towns, Pulaski and Williamsburg,
the median number of heat wave events decreased from the midcentury timeframe (2040 — 2064)
to the end-of-century timeframe (2075 — 2099). Pulaski saw a decrease in heat wave events from
5.8 events to 4.9 events from midcentury to end-of-century, and Williamsburg saw a decrease in
heat wave events from 7.8 to 6.8. Nelsonville saw an increase in heat wave events from 11.2

events to 12.2 events. In general, all three towns differed between midcentury and end-of-century
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timeframes by about 1 heat wave event under a low emissions scenario, which is a relatively
insignificant change compared to changes under higher emissions scenarios. It is worth noting
that, like other metrics, the range of projected heat wave events increases from the midcentury to
end-of-century timeframe. Under a high emissions scenario, the number of heat wave events
increases much more rapidly on the same timescale compared to the low emissions scenario.
Overall, Nelsonville had the highest number of heat wave events; in the midcentury scenario, the
median number of heat wave events increases by 21.2 events, and increases to a median value of
65.4 heat wave events for the end-of-century timeframe. While not as extreme, these same trends
are apparent in Pulaski and Williamsburg. For Pulaski, the increase in heat wave events is 9.1 for
the midcentury timeframe and 36.6 for the end-of-century timeframe, and for Williamsburg, the
increase is 12.9 and 47.5 respectively. Also of note is the potential extremes of the end-of-
century high emissions scenario spread. Pulaski, Williamsburg, and Nelsonville have maximum
projected two-day heat wave events (including outliers) of 87.8, 100.3, and 108.0 respectively.
Changes of up to 60 more heatwave events from hindcast scenarios with an average of 10

heatwaves in the region is a 600% increase in extreme heat events by the end of the 21st century.
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5. DISCUSSION

5.1 Hindcast Climate Data Comparison to Observed Records

5.1.1 Precipitation Comparison

Generally, precipitation patterns were captured by the spread of climate models; the
Appalachian region generally gets annual precipitation totals between 35 — 60 in./year (NWS,
n.d.-b), which was captured by the hindcast models showing between 41 and 43 in./year (Figure
4.1). Climate models are best at capturing observed historic trends, which is present at the
weather stations in this study. Hindcast model projections matching observed data does not occur
in all locations. For example, some model precipitation projections show increases and decreases
in future precipitation values, leading to inconclusive direction about future precipitation patterns
(Daron et al., 2021). Precipitation patterns are generally captured for this region by GCM
hindcasts, which gives some confidence the models are useful in this area. Models will never be
able to completely capture individual events due to limitations in within model characteristics;
historical observed data trends being captured by models is indicative of model applicability to a
region (Raju & Kumar, 2020). Model hindcasts generally capturing trends in the northeastern
United States is consistent with another study comparing CMIP6 models to observed historic
data (Agel & Barlow, 2020). The general trends in annual and extreme precipitation captured at
the Appalachian weather stations indicate that, to some extent, models can capture long-term
average precipitation trends.

Five-day precipitation values for the region were also captured by the GCMs (Figure
4.2). In general, five-day precipitation hindcasts were within 1.5 inches of the observed average
five-day precipitation event, showing hindcast projection that are generally consistent with
historic observations. However, all GCMs in this study underestimated extreme rainfall events at
the three weather stations in the Appalachian region. Discrepancies between GCMs and observed
local weather data when investigating extreme precipitation are common, as rainfall events are
particularly challenging to simulate in a GCM (Agel & Barlow, 2020; J. Li et al., 2020; Mishra
et al., 2014). This is particularly of interest when observing season-specific events, such as
summer precipitation and orographic thunderstorms (Raghavan et al., 2018). Extreme
precipitation has also been documented to be underestimated by models over time, as observed
extreme precipitation has been increasing at a faster rate than climate models have previously

simulated (Asadieh & Krakauer, 2015). In Appalachia specifically, the primary weather systems
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driving large rainfall accumulations are orographic convective systems, which could contribute
to faster rates of precipitation changes. These systems generally cause large precipitation
accumulations in rain shadows and drier regions between mountains. Due to these complex
orographic systems, Appalachian precipitation patterns are heterogeneous across the region,
making local precipitation difficult to capture, especially in a global-scale model system (Smith
etal., 2011).

Complex hydrology and weather patterns in Appalachia impact the relationship between
model hindcast values and observed data. Overall, the models seem to “flatten” precipitation
across the region, showing values closer to average precipitation than the observed variations
across the region (Figure 4.1). This leads to overestimation and underestimation of observed
precipitation values at these weather stations. Other studies that have shown both
overestimations and underestimation in annual precipitation metrics using previous iterations of
the CMIP ensemble GCMs (CMIP3 and CMIP5), including in East Asia and the northeast region
of the United States, including Appalachia (Agel & Barlow, 2020; Raghavan et al., 2018). In a
previous study analyzing 16 models in the CMIP6 ensemble, projections between 1950 — 2014
over the northeastern United States (including the Appalachian region), different models
simulated seasonality, spatial distribution, and precipitation intensity with variations in accuracy
compared to observed data (Agel & Barlow, 2020). Some models simulated average
precipitation well, but did not simulate extreme precipitation events sufficiently; other models
did the opposite, simulating extreme events well but insufficiently capturing average values
(Agel & Barlow, 2020). Additionally, some models exhibited overestimations or
underestimations of observed values depending on the season (Agel & Barlow, 2020).
Observations of GCMs having varied accuracy in precipitation hindcasting, as well as individual
models having strengths and weaknesses with different CIDs, are consistent with the
overestimation and underestimation of observed models between hindcast models from 1970 —
2014 in this study.

5.1.2 Temperature Comparison

Appalachian average temperature trends were generally captured by the hindcast model
spread. Average temperature in the region ranges between 62°F — 67°F (Kutta & Hubbart, 2019),
which is captured by the hindcast spread medians ranging between 64°F — 67°F. This shows that

Appalachian average temperature trends are captured by the CMIP6 hindcast projections,
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indicating with some confidence that the climate models can simulate temperature trends in the
region. Two-day heat wave events, defined as two consecutive days above 90°F, were also
overestimated by the models, though the deviations were lower (Figure 4.4). While the average
temperature of the three observed locations were all less than the model estimations, the 90%
confidence interval intersected with the spread of models, unlike with the average annual
temperature.

In terms of biases, average annual temperatures predicted by CMIP6 were overestimated
when compared to GHCN observed data at the three weather stations (Figure 4.3). Only hindcast
data from one location, Bluestone Lake, WV, had models fall within the 90% confidence interval
of the observed averages. The other two locations, Charleston, WV, and Parkersburg, WV, saw
model values above the average temperature value and 90% confidence intervals. One potential
cause of this consistent overestimation of the models could be the weather stations’ location near
bodies of water. The Bluestone Lake, WV, and Parkersburg, WV, weather stations also have
stream gauges at these locations and are directly adjacent to water; the cooling effect of the
nearby bodies of water could lead to cooler temperatures compared to inland locations. Studies
specifically about cooling effects of water have documented this effect, which could be occurring
in hindcast comparisons to observed data (Gupta et al., 2019). Some climate models may have
urban biases as well (Scafetta, 2021), which could impact model hindcasts. Additionally, the
Bluestone Lake weather station was located at an elevation of 424 feet; this is nearly 200 feet
above the Charleston and Parkersburg weather stations at 278 feet and 245 feet respectively. In
other studies looking at the relationship between GCMs and elevation, there are limitations in
models accurately capturing climate aspects in areas of complex elevations or steep elevations
changes (Palazzi et al., 2019). GCMs generally use linear relationships between elevation and
climatic changes, but this relationship is not entirely accurate based on observation (Palazzi et
al., 2019). This could also be part of the discrepancy between the observed data and hindcast
projections as weather stations in Appalachia can be in areas with steep topography change,
particularly those weather stations that double as stream gages.

5.1.3 Importance of Hindcast Comparison to Observed Data

In context with comparisons to observed data, the CMIP6 models capture the general
observed climatic trends. With annual precipitation and temperature, the spread of hindcast

models generally coincides with average observed precipitation and temperature. General trends
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are captured at the three weather stations in this region, which provides some confidence that
models capture trends in the region, including projected scenarios.

While trends are captured in the region, there are some local discrepancies in the region
due to inherent limitations of modeling regional climate with global climate models.
Temperature and precipitation hindcast data saw variation in simulated averages values and
underestimation of extreme values. This can be attributed to coarse, global climate models
typically not capturing unique local weather patterns, so some variation between hindcast
projections and observed weather is expected (Gates et al., 1995). Variability in precipitation
specifically is to be expected at the Appalachian weather stations. GCMs generally distort
orographic precipitation specifically, as orographic precipitation is driven by elevation change
and local climatic trends; elevation change and local weather patterns are challenging to model,
which is a general limitation of GCMs (Gates et al., 1995). As orographic weather has a large
influence in the Appalachian region, some discrepancy in precipitation is expected.

Land cover has a large impact on hydrology. Appalachia, as a geographically diverse
region, has many land-use and land-cover changes over short areas, which may not be captured
accurately in GCMs. The combination of flash-flooding in Appalachia and discrepancies in
accuracy of model hindcasts compared to observed values requires care if models are used for
decision making. Choosing to use ensemble model projections without considering variability
could lead to insufficient preparations in a geographically diverse region like the Appalachian
region, especially regarding extreme precipitation.

It is important to note that climate models operate under the assumption of stationarity.
Stationarity assumptions in climate models are typically a fundamental assumption in climate
models (Chen et al., 2015). Additionally, there are other factors that impact the outcome of
weather, and those factors may not change linearly. Compounding variables may also impact
changes in climate that cannot be predicted. It was also assumed that indices stayed consistent
over the time periods of analysis. In reality, climatic changes have been observed over time
(Rummukainen, 2012), and this analysis does not capture potential changes within the periods of
analysis. However, even with model limitations, the general agreement to observed values and
capturing of general trends indicates, with some confidence, that GCMs are useful and applicable

to this region of study.
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5.2 Projected Climate Data

5.2.1 Projected Precipitation

Increases in annual and extreme precipitation were projected for the Appalachian towns
of interest across all timescales and emissions scenarios; greater changes were observed
particularly under more intense emissions scenarios. This is consistent with trends expected from
physical climate systems, as well as other studies investigating projected precipitation values
from GCMs (Fernandez & Zegre, 2019; Kutta & Hubbart, 2019; Ning & Bradley, 2016; Shiru et
al., 2022; Trenberth, 2011). Increases in Appalachian precipitation specifically are consistent
with projections from a similar study using the previous iteration of the CMIP5 data (Fernandez
& Zegre, 2019). In a study investigating projected extreme precipitation indices using the CMIP6
ensemble, maximum five-day precipitation events are expected to increase across the United
States, particularly in the northeast and southeast regions, of which Appalachia is included
(Akinsanola et al., 2020). This is consistent with findings in this study showing increases in
maximum five-day precipitation for the Appalachian towns (Figure 4.6), particularly under
higher emissions scenarios. These trends also are consistent with historical observations, as
observed daily precipitation trends increased between 1980 — 2018 in the northeast and southeast
United States (Dollan et al., 2022).

It is important to recognize that while a five-day timescale is useful in examining long-
term trends in extreme precipitation events, significant natural disasters are associated with
short-duration events that stress existing infrastructure. In the Appalachian region, where
location of towns can heavily impact the chance of flooding due to location in valleys and
proximity to waterways, even small amounts of precipitation change could impact the severity of
the flooding in the region (Kruse-Daniels, 2024; Morrone, 2020). For example, in Buffalo Creek,
WV, the NOAA disaster investigation report estimates that up to 5.6 inches of rain fell in about
18 hours on February 26, 1972, leading to the eventual dam failure that caused the historic
flooding (Baker et al., 1972). The eastern Kentucky floods of 2022 saw similar precipitation
patterns with some areas receiving up to 8 inches of rain in 24 hours (NWS, n.d.-b). Existing
predictions suggest flooding may become more likely due to the combination of aging
infrastructure and increasing precipitation, as stormwater infrastructure typically gets

overwhelmed by short, high-intensity precipitation events. While five-day precipitation is a
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generally recognized indicator in global climate change discussions, the precipitation trends in
Appalachia may be better represented by other indices for extreme precipitation events.

When using precipitation projections for planning purposes, it is important to consider
insights gained from the hindcast comparison. In the three Appalachian towns, five-day
precipitation values were consistently underestimated by the model spread. Appalachian flooding
is also heavily influenced by land-use changes associated with extractive resource economies,
especially mountaintop removal. In experimental watersheds in Ohio, the NRCS Curve Number
on mined lands increases between 7 and 20 between the start and end of mining procedures
(Eshleman & McCormick, 2009). However, the NRCS Curve Number criteria do not consider
reclaimed lands, which can lead to an underestimation of the curve number and overall
underestimation of runoff. This could be partly due to the complex hydrological climate of the
Appalachian region and further impacted by land cover changes caused by extractive economies
(Kutta & Hubbart, 2019). Mountaintop removal and fill mining practices change hydrology,
from soil water holding capacity to runoff rates (Day & Chen, 2024; A. Miller & Zégre, 2014).
Mountaintop removal has even resulted in death from extreme flooding (Spadaro, 2005).
Mountaintop removal and other quick landcover changes indicate the complex relationship
between precipitation and flooding in Appalachia, which is important to consider in flood
mitigation efforts; this indicates that more information than precipitation values may be
necessary for sufficient planning.

If five-day precipitation projections from GCMs are used for planning in these regions,
they must account for local land use and identified projection bias to avoid underestimating
future five-day precipitation values, especially if absolute values from GCMs are fed into other
hydrologic or flood risk models. Ideally, in planning scenarios future values should be
communicated as a change from hindcast model values rather than an absolute projected value in
effort to mitigate some local biases when comparing hindcast projections to observed data.

5.2.2 Projected Temperature

In all three Appalachian towns, average temperature and number of heat wave events
(two consecutive days above 90°F) are expected to increase; the increase is expected to be
greater at the end of the 21st century and under higher emissions scenarios. As with the
precipitation projections, this is consistent with other studies that used previous CMIP iterations

(CMIP3 and CMIPS5) to investigate extreme heat changes in the United States. These studies

53



reported increases in average annual temperature and extreme heat/heat waves, which were
linked to increasing estimates of number of deaths from heat-related illness (Peng et al., 2011;
Raymond et al., 2022). Increasing average and extreme heat shows a consistent trend across the
Appalachian towns; magnitudes of average annual temperature are expected to increase between
3° — 10°F depending on emission scenario and timescale (Figure 4.7).

The projected heat wave chart demonstrates the contrasts between emissions scenarios
(Figure 4.8). The average number of observed heat waves in the study Appalachian towns ranges
from 5.8 two-day heat waves in Bluestone Lake, WV to 12.3 two-day heat waves in Charleston,
WYV. Areas around these towns could see a total number of heat wave events reach a magnitude
upwards of 80 two-day heat waves. Information between emissions scenarios, particularly
related to heat, could be used to advocate for emission reduction policies in addition to using
information for resiliency planning.

Although the baseline temperatures in this region are not extreme, seemingly small
changes in heat can have a large impact on human health, particularly in vulnerable populations
(i.e. elderly, children, people with preexisting health conditions, etc.). For example, during the
2003 heat waves in Europe, temperatures were 2°C — 3°C (3.6°F — 5.4°F) hotter than average
temperatures; this magnitude of change is possible in Appalachia, especially under higher
emissions scenarios, which could contribute to heat-related illness (Wolf & McGregor, 2013).
While there are additional factors contributing to heat-related illness in urban settings, such as
the urban heat island effect and hotter nighttime temperatures (Heaviside et al., 2017), small
increases in temperature can also have detrimental effects in rural areas. Due to limitations in
healthcare access, the relative risk of heat exposure in rural areas may be equal or greater than
the relative risk of heat exposure in urban areas (Y. Li et al., 2017). Long-term exposure to heat
increases the likelihood of heat-related morbidity and mortality. Long-term heat exposure is
expected to increase with increased average temperatures and increased heat events (Shindell et
al., 2020).

Physical impacts of heat begin to appear with small changes in temperature (Wolf &
McGregor, 2013). Physical impacts of heat on the human body include cardiovascular and
respiratory disease, dehydration, and thermoregulatory issues. On top of interactions with
physiological systems, there are additional challenges that can compound heat-related illness.

For example, infants have less thermoregulatory capacity than adults, sweating efficacy is

54



reduced over age 65, and antidepressants are less effective when the body is under heat stress. In
an area with an aging population, limited access to healthcare, and less resources, understanding
and preparing for increased heat exposure is important to mitigate negative health outcomes (Ebi,
Capon, et al., 2021). Additionally, heat strain is exacerbated by opioids and narcotics, which are
epidemic in Appalachia (Ebi, Capon, et al., 2021; Morrone, 2020). In addition to heat physically
impacting the body, fan-based cooling becomes less effective. A study investigating productivity
under higher temperatures with and without fans shows that once temperatures reach above 3°C
(5.4°F) from the average ambient temperature, fans become less effective (He et al., 2019). With
changes in Appalachia reaching greater than 5°F under a high emissions scenario, fan efficacy
should be considered regarding heat-related illness, especially in areas where air conditioning
infrastructure is limited.

Again, it is important to consider the context of temperature predictions in the
Appalachian towns. For annual and extreme scenarios, models consistently overestimated
temperature values (Figure 4.3 and Figure 4.4). In this instance, planning based on models with
overestimated values may provide a margin of error for extreme events, though it is worth noting

the uncertainty underlying all model projections.

5.3 Applicability to Positive Deviance Areas

Overall, models appear to capture observed trends and reasonable projected climatic
scenarios at the weather stations and positive deviants in Central Appalachia. Models capturing
trends does not happen everywhere, so general trends being captured by the GCMs in this region
indicates that models could be useful for future projections in the region. Friends of Peak Creek
in Pulaski, VA, and the Williamsburg Area Response Team in Williamsburg, WV, (Table 3.1)
are already interested and preparing resilience strategies around precipitation projections. The
information generated in this study could be useful for planning purposes, especially related to
extreme event response. In regards to extreme heat, currently none of the organizations of
interest in this study are implementing resilience efforts to address heat. However, this study
found increasing temperature trends in the Central Appalachian region, which is consistent with
trends in the United States, including from climate models (Peng et al., 2011; Raghavan et al.,
2018; Raymond et al., 2022). During listening sessions, heat was mentioned as an area of
concern regarding climate-related planning. Increases in heat, particularly information about

extreme scenarios, could also be useful to these NGOs for planning purposes.
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6. CONCLUSIONS

The three positive deviance towns, Pulaski, VA; Williamsburg, WV; and Nelsonville,
OH, can expect to see increases in precipitation and temperature during the 21% century. Changes
are seen across both timescales (midcentury, end-of-century), and under low and high emissions
scenarios. Changes in both CIDs are evident in both annual and extreme indices. All CIDs
experience the largest increase under a projected high emissions scenario at the end of the
century.

Annual precipitation in the positive deviance towns is projected to increase from 2 to 5
inches, which is an increase from observed conditions of 5% — 12% by the end of the 21*
century. Five-day precipitation is expected to increase between 0.25 and 0.5 inches, which is
approximately a 14% increase from the greatest observed five-day precipitation event (3.6
inches) at the weather stations in this study. Average temperatures in the Appalachian region are
also expected to increase, with temperatures increasing 3°F — 10°F by the end of the 21st century
depending on emissions scenario. Heatwaves are also expected to increase by 30 and 60 heat
events per year by the end of the 21 century under the highest emissions scenario; this
represents a 300% to 600% increase compared to observed values of 10 heatwaves per year.
Precipitation and temperature findings are consistent with other studies across the globe,
including studies focusing specifically in Appalachia.

Increases in the precipitation and temperature CIDs will likely impact public health.
Precipitation changes are likely to cause more flooding in the region, particularly given the
topology and location of towns. Hotter and more prolonged heat events are more likely to
increase instances of heat-related illness, potentially burdening already strained public health
departments. Communicating this information to public health departments and local
organizations can serve as an initial step in helping prepare for the public-health-related impacts
of extreme weather and climate change.

Projected data shows the impact that emissions scenarios have on climate. The
differences between emissions scenarios indicate the importance of using multiple emissions
scenarios and a spread of climate models to capture uncertainties inherent in projecting future
climate, including those stemming from emissions decisions. Emissions scenarios have a far
greater impact at the end-of-century timescale (2075 — 2099) compared to the midcentury

timescale (2040 — 2064). Long-term planning should include conditions under different
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emissions scenarios to account for various impacts of current and future greenhouse gas
emissions policies.

Hindcast simulations from climate model ensembles can be compared to observed
weather data to assess potential biases or limitations in GCM capabilities within the region. Due
to the coarse resolution of the NASA GCMs, a single raster cell can include a wide range of
geographic and topographic features (Figure 5.1). Comparing hindcast model outputs to
observed weather conditions is important to understanding if potential future climate scenarios
could be overestimated or underestimated. In comparison to observed values, it is also important
to consider the geographic area surrounding weather stations. In the comparison of hindcast
models to observed data, mean observed temperatures fell consistently below the model hindcast
spread. Across the three weather stations, the observed mean values were between 0.65°F and
1.3°F below median hindcast projections In this study, two of the three weather stations were
located on or near bodies of water, which could have caused a local cooling effect, thus skewing
the average air temperature low. Environmental conditions (i.e. shade, water proximity, urban
heat islands) should be noted when selecting or analyzing data, and any environmental

conditions that could affect observed data, particularly air temperature, should be considered.
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7. LIMITATIONS AND FUTURE WORK

This study aimed to understand the needs of representative communities in Central
Appalachia regarding extreme weather events and provide information and resources about
potential future climate scenarios. Outputs from NASA’s NEX-GDDP CMIP6 ensemble models
were used to examine temperature and precipitation values in three towns in the Appalachian
region. While data and information were created to support extension materials, this study did
not look at the efficacy of these materials. Future studies must investigate the aid these extension
materials provide, including areas of information that are lacking. In a study investigating the
efficacy of decision support tools related to climate change, many support tools include detailed
climate information, but lack context regarding specific decisions and the role climate
information plays in the decision-making process (Jahan et al., 2023). This work focused on
generating climate information for the region, but does not include information about decisions
this summary could prompt or support. Additionally, matching decision-support tools to end user
needs is essential for creating tools that will be used by communities (Palutikof et al., 2019).
While needs of involved communities were considered by selecting potential CIDs of interest,
the method of delivery was not considered in this study. Future work must be done to understand
the end-user experience with this information, including most-effective method of delivery (i.e.
interactive website, extension bulletin, training, etc.) by including communities in the
information-planning stages.

More research into extreme precipitation rainfall indicators should be done to determine
which indices are most applicable to the Appalachian region. Historically, floods in the region
have been caused by short, intense storms, and heavy precipitation in the region is increasing
with the changing climate (Ebi, Vanos, et al., 2021; Romanello et al., 2022). In addition to
precipitation increasing across the globe, the Central Appalachian region specifically has also
seen some of the largest amounts of rainfall in 6-hour periods (Smith et al., 2011). Since the
Appalachian region is primarily driven by orographic thunderstorms—thunderstorms that are
produced by air being driven upwards by mountainous terrain—short, intense thunderstorms are
the typical catalyst for catastrophic floods in the region (Smith et al., 2011). As such, maximum
five-day precipitation may not be the best indicator for intense precipitation events that are likely
to cause flooding in the Appalachian region. More research should be done to investigate the

relationship between precipitation and flooding events in Appalachia to determine the most-
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suitable precipitation metrics. For example, Appalachia’s wettest months are typically the
summer months, so looking at heavy precipitation specifically in the summer could be a better
indicator for precipitation driven specifically by orographic thunderstorms (Akinsanola et al.,
2020; Schaller et al., 2011). Other potential indicators that could better represent intense rain
when analyzing daily climate data include maximum consecutive wet days, and heavy
precipitation days as described by R10 (daily precipitation > 10mm), R20 (daily precipitation >
20mm), and R50 (daily precipitation > 50mm), among others. More extreme precipitation
indices can be found in Akinsanola et al. (2020).

Future research should investigate other extreme precipitation indicators throughout the
Appalachian region to determine how well these indices correlate to flooding incidents, and if
they represent observed conditions well throughout the region. Future studies should also consult
decision-makers in the Appalachian region during index selection to determine which metrics
would be most useful for planning and decision-making, including direct suggestions for how
this climate information should be considered. Appalachian flood events are primarily caused by
flash-flooding events. Flash flooding events are particularly dangerous for small communities
impacted by orographic thunderstorm events (Perks et al., 2016; Smith et al., 2011). The
combination of orographic effects from the nearby mountains, flash-floods, communities located
in valleys, and proximity to streams with high flood potential pose significant risks for
Appalachian communities. Flash-flooding is particularly difficult to model; since flash-flooding
relies on land cover in addition to precipitation. Modeling only precipitation without land cover
will not yield a direct relationship to how an area like Appalachia floods (Schumacher, 2017).
Modeling for flash-flooding often yields unreliable results (Hapuarachchi et al., 2011). In
addition to flash-flooding itself being challenging to model, challenges with modeling the
Appalachian region due to diverse topology, hydrology, and climate compound to make flooding
in the region even more difficult to understand. Future work must be done to understand flash-
flooding and to create more accurate flash-flood models specifically in the Appalachian region.
This work should be combined with creating better extreme precipitation indicators and using
location-based and time-based downscaling in efforts to create the best possible models for
understanding future hydrologic conditions in the Appalachian region.

Analysis of climate model data does not come without limitations; to perform the

analysis using the publicly available code developed for this project, a working knowledge of
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spatial analysis and R is required. Computing power is also required: this analysis was performed
on Virginia Tech’s Advanced Research Computing system in parallel using 15 — 25 cores
depending on analysis type. Even with these computing resources, analysis took a significant
amount of time (approximately 15 minutes per time period and emissions scenario). Computing
resources may be inaccessible to certain areas due to financial, physical device, or broadband
internet limitations. Some high-performance computing machines are available through
universities, and organizations in need of computing can reach out to access necessary
computing requirements. It is important to consider the spatial resolution of CMIP6 GCMs used
in this analysis . The coarse resolution of the CMIP6 GCMs (without spatial downscaling)
significantly limits location-specific information and loses fine detail over the complex
topography of the Appalachian region. The approximately 16 mile x 16 mile resolution of the
CMIP6 GCMs in the Appalachian region covers a diverse land-cover areas in a single pixel,
which simplifies climatic changes that may occur on a local scale (Figure 7.1). GCMs of this
resolution may also fail to capture elevation changes or compounding variables in the

Appalachian region that cause flooding.
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Figure 7.1 Raster grid cells from the ACCESS-CM2 GCM overlayed on the Appalachian towns.
The resolution of the ACCESS-CM2 model is 1.875° x 1.25°, which translates to approximately
17 miles x 13.5 miles in the Appalachian region.

Beyond Appalachia, the data and code utilized in this analysis could be useful to
communities elsewhere. Using publicly available data and open-source software for analysis
would allow agencies to generate projected scenario summaries at no cost; the barriers for
analysis would lie in staff availability, computing power, and computing knowledge. The R

scripts used for data download and analysis can be found in the public GitHub repository linked
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in the code and data availability statement (see section 8). With public health departments and
local organizations potentially interested in accessing these projections, including updated
projections as new model iterations are published, free, publicly available, climate analysis

resources could be a powerful tool in building climate resilience at a local scale.
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8. CODE & DATA AVAILABILITY STATEMENT
Data and code can be accessed from the public GitHub repository for this project at

https://github.com/nalarsson/AppalachianHealthSupportCIDs. For additional information or

questions, contact nlarsson@vt.edu.

Publicly available datasets were analyzed in this study. This data can be found at: 35 CMIP6

models from Earth System Grid Federation (https://aims2.lInl.gov/search/cmip6/, downloads

completed November, 2023); GHCN Daily (https://www.ncei.noaa.gov/products/land-based-

station/global-historical-climatology-network-daily, downloaded September 27 & 28, 2023)

62



9. REFERENCES

Adger, W. N. (2009). Social Capital, Collective Action, and Adaptation to Climate Change.
Economic Geography, 79(4), 387-404. https://doi.org/10.1111/j.1944-
8287.2003.tb00220.x

Adger, W. N., Agrawala, S., Mirza, M. M. Q., Conde, C., O’Brien, K., Pulhin, J., Pulwarty, R.,
Smit, B., & Takahashi, K. (2007). Assessment of adaptation practices, options,
constraints and capacity. In Climate Change 2007: Impacts, Adpatation and
Vulnerability. Contribution of Working Group II to the Fourth Assessment Report of the
Intergovernmental Panel on Climate Change. (pp. 717-743). Cambridge University
Press.

Agel, L., & Barlow, M. (2020). How Well Do CMIP6 Historical Runs Match Observed
Northeast U.S. Precipitation and Extreme Precipitation—Related Circulation? Journal of
Climate, 33(22), 9835-9848. https://doi.org/10.1175/JCLI-D-19-1025.1

Akinsanola, A. A., Kooperman, G. J., Reed, K. A., Pendergrass, A. G., & Hannah, W. M. (2020).
Projected changes in seasonal precipitation extremes over the United States in CMIP6
simulations. Environmental Research Letters, 15(10), 104078.
https://doi.org/10.1088/1748-9326/abb397

Asadieh, B., & Krakauer, N. Y. (2015). Global trends in extreme precipitation: climate models
versus observations. Hydrology and Earth System Sciences, 19(2), 877-891.
https://doi.org/10.5194/hess-19-877-2015

Baker, D., Kachic, A., & Lieb, H. (1972). Report to Adiminstrator, NOAA, on Buffalo Creek
(West Virginia) Disaster. National Oceanic and Atmospheric Administration.
https://www.weather.gov/media/publications/assessments/Buffalo%20Creek%20WV %20
Disaster%20February%201972.pdf

Balsari, S., Dresser, C., & Leaning, J. (2020). Climate Change, Migration, and Civil Strife.
Current Environmental Health Reports, 7(4), 404—414. https://doi.org/10.1007/s40572-
020-00291-4

Barnett, J., Graham, S., Quinn, T., Adger, W. N., & Butler, C. (2021). Three ways social identity
shapes climate change adaptation. Environmental Research Letters, 16(12), 124029.
https://doi.org/10.1088/1748-9326/ac36f7

Behringer, B., & Friedell, G. H. (2006). Appalachia: where place matters in health. Preventing
Chronic Disease, 3(4), A113.

Bohtan, A., Vrat, P., & Vij, A. K. (2015). Peculiarities of Disaster Management in a High-
Altitude Area. In Managing Humanitarian Logistics. Springer Proceedings in Business
and Economics. https://doi.org/10.1007/978-81-322-2416-7 19

Campbell-Lendrum, D., & Corvalan, C. (2007). Climate Change and Developing-Country Cities:
Implications For Environmental Health and Equity. Journal of Urban Health, 84(S1),
109-117. https://doi.org/10.1007/s11524-007-9170-x

Chen, J., Brissette, F. P., & Lucas-Picher, P. (2015). Assessing the limits of bias-correcting
climate model outputs for climate change impact studies. Journal of Geophysical
Research: Atmospheres, 120(3), 1123—1136. https://doi.org/10.1002/2014JD022635

Cheng, L., Abraham, J., Zhu, J., Trenberth, K. E., Fasullo, J., Boyer, T., Locarnini, R., Zhang,
B., Yu, F., Wan, L., Chen, X., Song, X., Liu, Y., & Mann, M. E. (2020). Record-Setting
Ocean Warmth Continued in 2019. Advances in Atmospheric Sciences, 37(2), 137-142.
https://doi.org/10.1007/s00376-020-9283-7

63



Cole, B. L., Rosario, I. D., Hendricks, A., & Eisenman, D. P. (2023). Advancing Health Equity
in Community-Based Climate Action: From Concept to Practice. American Journal of
Public Health, 113(2), 185-193. https://doi.org/10.2105/AJPH.2022.307143

Colten, C. E., Kates, R. W., & Laska, S. B. (2008). Community Resilience: Lessons from New
Orleans and Hurricane Katrina (CARRI Report No. 3; pp. 2-4).
https://rwkates.org/pdfs/a2008.03.pdf

Cook, B. 1., Mankin, J. S., & Anchukaitis, K. J. (2018). Climate Change and Drought: From Past
to Future. Current Climate Change Reports, 4(2), 164—179.
https://doi.org/10.1007/s40641-018-0093-2

Cook, N., Sarver, E., & Krometis, L.-A. (2015). Putting Corporate Social Responsibility to Work
in Mining Communities: Exploring Community Needs for Central Appalachian
Wastewater Treatment. Resources, 4(2), 185-202.
https://doi.org/10.3390/resources4020185

Cross, J. A. (2001). Megacities and small towns: different perspectives on hazard vulnerability.
Environmental Hazards, 3(2), 63—80. https://doi.org/10.3763/ehaz.2001.0307

Cross, J. A. (2014). Disaster devastation of US communities: long-term demographic
consequences. Environmental Hazards, 13(1), 73-91.
https://doi.org/10.1080/17477891.2013.864594

Curtin, S., & Spencer, M. R. (2021). Trends in Death Rates in Urban and Rural Areas. United
States, 1999-2019. National Center for Health Statistics (U.S).
https://doi.org/10.15620/cdc:109049

D’Amato, G., Vitale, C., De Martino, A., Viegi, G., Lanza, M., Molino, A., Sanduzzi, A.,
Vatrella, A., Annesi-Maesano, 1., & D’Amato, M. (2015). Effects on asthma and
respiratory allergy of Climate change and air pollution. Multidisciplinary Respiratory
Medicine, 10(1), 39. https://doi.org/10.1186/s40248-015-0036-x

Daron, J., Lorenz, S., Taylor, A., & Dessai, S. (2021). Communicating future climate projections
of precipitation change. Climatic Change, 166(1-2), 23. https://doi.org/10.1007/s10584-
021-03118-9

Davis, L., Gertler, P., Jarvis, S., & Wolfram, C. (2021). Air conditioning and global inequality.
Global Environmental Change, 69, 102299.
https://doi.org/10.1016/j.gloenvcha.2021.102299

Day, C. A., & Chen, J. (2024). Influence of surface mining on seasonal hydrology response to
storms across eastern Kentucky, USA. International Journal of River Basin Management,
1-14. https://doi.org/10.1080/15715124.2024.2316049

De Souza, W. M., & Weaver, S. C. (2024). Effects of climate change and human activities on
vector-borne diseases. Nature Reviews Microbiology. https://doi.org/10.1038/s41579-
024-01026-0

Deitz, S., & Meehan, K. (2019). Plumbing Poverty: Mapping Hot Spots of Racial and
Geographic Inequality in U.S. Household Water Insecurity. Annals of the American
Association of Geographers, 109(4), 1092—1109.
https://doi.org/10.1080/24694452.2018.1530587

Diamond, E. P., Schafer, R., & Rowe, E. (2020). Rural Attitudes on Climate Change: Lessons
from National and Midwest Polling and Focus Groups. Nicholas Institute for
Environmental Policy Solutions.

64



Dollan, I. J., Maggioni, V., & Johnston, J. (2022). Investigating Temporal and Spatial
Precipitation Patterns in the Southern Mid-Atlantic United States. Frontiers in Climate, 3,
799055. https://doi.org/10.3389/fclim.2021.799055

Ebi, K. L., Capon, A., Berry, P., Broderick, C., De Dear, R., Havenith, G., Honda, Y., Kovats, R.
S., Ma, W., Malik, A., Morris, N. B., Nybo, L., Seneviratne, S. 1., Vanos, J., & Jay, O.
(2021). Hot weather and heat extremes: health risks. The Lancet, 398(10301), 698—708.
https://doi.org/10.1016/S0140-6736(21)01208-3

Ebi, K. L., Vanos, J., Baldwin, J. W., Bell, J. E., Hondula, D. M., Errett, N. A., Hayes, K., Reid,
C. E., Saha, S., Spector, J., & Berry, P. (2021). Extreme Weather and Climate Change:
Population Health and Health System Implications. Annual Review of Public Health,
42(1),293-315. https://doi.org/10.1146/annurev-publhealth-012420-105026

Eller, R. D. (2013). Uneven ground: Appalachia since 1945 (Pbk. ed). University Press of
Kentucky.

Emanuel, K. (2017). Assessing the present and future probability of Hurricane Harvey’s rainfall.
Proceedings of the National Academy of Sciences, 114(48), 12681-12684.
https://doi.org/10.1073/pnas.1716222114

Eshleman, K. N., & McCormick, B. C. (2009). Hydrological Functioning of Surface-Mined
Watersheds in Western Maryland: Restoration or Reclamation? (Geomorphic
Reclamation and Natural Stream Design at Coal Mines: A Technical Interactive Forum,
pp. 15-23).
https://citeseerx.ist.psu.edu/document?repid=rep 1 &type=pdf&doi=23d3b7e0a5a720c1fa2
0119ed7¢6d996bb450b9#page=37

Fernandez, R., & Zegre, N. (2019). Seasonal Changes in Water and Energy Balances over the
Appalachian Region and Beyond throughout the Twenty-First Century. Journal of
Applied Meteorology and Climatology, 58(5), 1079-1102.
https://doi.org/10.1175/JAMC-D-18-0093.1

Field, C. B., & Intergovernmental Panel on Climate Change (Eds.). (2012). Managing the risks
of extreme events and disasters to advance climate change adaption: special report of the
Intergovernmental Panel on Climate Change. Cambridge University Press.

Frumkin, H., Hess, J., Luber, G., Malilay, J., & McGeehin, M. (2008). Climate Change: The
Public Health Response. American Journal of Public Health, 98(3), 435-445.
https://doi.org/10.2105/AJPH.2007.119362

Gates, W. L., Henderson-Sellers, A., Boer, G. J., Folland, C. K., Kitoh, A., McAvaney, B. J.,
Semazzi, F., Smith, N., Weaver, A. J., & Zeng, Q.-C. (1995). Climate models—
evaluation. Climate Change, 1, 229-284.

Gupta, N., Mathew, A., & Khandelwal, S. (2019). Analysis of cooling effect of water bodies on
land surface temperature in nearby region: A case study of Ahmedabad and Chandigarh
cities in India. The Egyptian Journal of Remote Sensing and Space Science, 22(1), 81-93.
https://doi.org/10.1016/}.ejrs.2018.03.007

Ha, K., Moon, S., Timmermann, A., & Kim, D. (2020). Future Changes of Summer Monsoon
Characteristics and Evaporative Demand Over Asia in CMIP6 Simulations. Geophysical
Research Letters, 47(8). https://doi.org/10.1029/2020GL087492

Hapuarachchi, H. A. P., Wang, Q. J., & Pagano, T. C. (2011). A review of advances in flash
flood forecasting. Hydrological Processes, 25(18), 2771-2784.
https://doi.org/10.1002/hyp.8040

65



Hayhoe, K., & Stoner, A. M. K. (2021). Looking Ahead: The Utility and Application of Climate
Projections for Resiliency Planning. In The Palgrave Handbook of Climate Resilient
Societies (pp. 1-23). Springer International Publishing. https://doi.org/10.1007/978-3-
030-32811-5 111-1

He, Y., Chen, W., Wang, Z., & Zhang, H. (2019). Review of fan-use rates in field studies and
their effects on thermal comfort, energy conservation, and human productivity. Energy
and Buildings, 194, 140—162. https://doi.org/10.1016/j.enbuild.2019.04.015

Heaviside, C., Macintyre, H., & Vardoulakis, S. (2017). The Urban Heat Island: Implications for
Health in a Changing Environment. Current Environmental Health Reports, 4(3), 296—
305. https://doi.org/10.1007/s40572-017-0150-3

Holm, R. H., Pocock, G., Severson, M. A., Huber, V. C., Smith, T., & McFadden, L. M. (2023).
Using wastewater to overcome health disparities among rural residents. Geoforum, 144,
103816. https://doi.org/10.1016/j.geoforum.2023.103816

Hong, J., Javan, K., Shin, Y., & Park, J.-S. (2021). Future Projections and Uncertainty
Assessment of Precipitation Extremes in Iran from the CMIP6 Ensemble. Atmosphere,
12(8), 1052. https://doi.org/10.3390/atmos12081052

Hubbart, J. A., & Gootman, K. S. (2021). A Call to Broaden Investment in Drinking Water
Testing and Community Outreach Programs. Challenges, 12(2), 32.
https://doi.org/10.3390/challe 12020032

Hughes, J., Whisnant, R., Weller, L., Eskaf, S., Richardson, M., Morrissey, S., & Altz-Stamm, B.
(2005). Drinking Water and Wastewater Infrastructure in Appalachia: An Analysis of
Capital Funding and Funding Gaps.

Jahan, M., Reis, J., & Shortridge, J. (2023). Assessing climate service products with evaluation
metrics: an application to decision support tools for climate change adaptation in the
USA. Climatic Change, 176(8), 113. https://doi.org/10.1007/s10584-023-03595-0

Jones, M., & Spencer, S. (2018). Housing Needs and Trends in Central Appalachia and
Appalachian Alabama. The Virginia Center for Housing Research at Virginia Tech.
https://vtechworks.lib.vt.edu/bitstream/handle/10919/96748/VCHR %20Assessment%20
August%202018.pdf?sequence=1&isAllowed=y

Keshavarz, M., & Mogadas, R. S. (2021). Assessing rural households’ resilience and adaptation
strategies to climate variability and change. Journal of Arid Environments, 184, 104323.
https://doi.org/10.1016/j.jaridenv.2020.104323

Kruse-Daniels, N. (2024, April). Climate Resilience & Public Health in Central Appalachia.
Central Appalachian Network, Huntington, WV.

Kutta, E., & Hubbart, J. (2019). Climatic Trends of West Virginia: A Representative
Appalachian Microcosm. Water, 11(6), 1117. https://doi.org/10.3390/w11061117

Lane, N. M., Holmes, G. M., Arcury, T. A., & Schwalbe, M. L. (2018). Exploring Bright Spots
in Appalachian Health: Case Studies (Creating a Culture of Health in Appalachia:
Disparities and Bright Spots). https://arc.gov/report/identifying-bright-spots-in-
appalachian-health-statistical-analysis-2/

Lee, J., Perera, D., Glickman, T., & Taing, L. (2020). Water-related disasters and their health
impacts: A global review. Progress in Disaster Science, 8, 100123.
https://doi.org/10.1016/j.pdisas.2020.100123

Leider, J. P., Meit, M., McCullough, J. M., Resnick, B., Dekker, D., Alfonso, Y. N., & Bishai, D.
(2020). The State of Rural Public Health: Enduring Needs in a New Decade. American
Journal of Public Health, 110(9), 1283—-1290. https://doi.org/10.2105/AJPH.2020.305728

66



Li,J., Gan, T. Y., Chen, Y. D., Gu, X., Hu, Z., Zhou, Q., & Lai, Y. (2020). Tackling resolution
mismatch of precipitation extremes from gridded GCMs and site-scale observations:
Implication to assessment and future projection. Atmospheric Research, 239, 104908.
https://doi.org/10.1016/j.atmosres.2020.104908

Li, Y., Odame, E. A., Silver, K., & Zheng, S. (2017). Comparing Urban and Rural Vulnerability
to Heat-Related Mortality: A Systematic Review and Meta-analysis. Journal of Global
Epidemiology and Environmental Health, 9—15. https://doi.org/10.29199/GEEH.101016

Lipp, E. K., Huq, A., & Colwell, R. R. (2002). Effects of Global Climate on Infectious Disease:
the Cholera Model. Clinical Microbiology Reviews, 15(4), 757-770.
https://doi.org/10.1128/CMR.15.4.757-770.2002

Liverman, D. (2007). From Uncertain to Unequivocal. Environment: Science and Policy for
Sustainable Development, 49(8), 28-32. https://doi.org/10.3200/ENVT.49.8.28-32

Lynn, B., Healy, R., & Druyan, L. (2009). Investigation of Hurricane Katrina characteristics for
future, warmer climates. Climate Research, 39, 75-86. https://doi.org/10.3354/cr00801

Marlon, J., Jefferson, M., Neyens, L., Rajaoberison, A., & Leiserowitz, A. (2022a). Climate
Opinion Factsheets: Ohio Public Opinion on Climate Change, 2021. Yale Program on
Climate Change Communciation. https://bit.ly/3HI7kid

Marlon, J., Jefferson, M., Neyens, L., Rajaoberison, A., & Leiserowitz, A. (2022b). Climate
Opinion Factsheets: Virginia Public Opinion on Climate Change, 2021. Y ale Program on
Climate Change Communciation. https://bit.ly/31Tfost

Marlon, J., Jefferson, M., Neyens, L., Rajaoberison, A., & Leiserowitz, A. (2022c¢). Climate
Opinion Factsheets: West Virginia Public Opinion on Climate Change, 2021. Yale
Program on Climate Change Communciation. https://bit.ly/3BMbe2H

Marx, W., Haunschild, R., & Bornmann, L. (2021). Heat waves: a hot topic in climate change
research. Theoretical and Applied Climatology, 146(1-2), 781-800.
https://doi.org/10.1007/s00704-021-03758-y

Meinshausen, M., Nicholls, Z. R. J., Lewis, J., Gidden, M. J., Vogel, E., Freund, M., Beyerle, U.,
Gessner, C., Nauels, A., Bauer, N., Canadell, J. G., Daniel, J. S., John, A., Krummel, P.
B., Luderer, G., Meinshausen, N., Montzka, S. A., Rayner, P. J., Reimann, S., Smith, S.
J., Van Den Berg, M., Velders, G. J. M., Vollmer, M. K., & Wang, R. H. J. (2020). The
shared socio-economic pathway (SSP) greenhouse gas concentrations and their
extensions to 2500. Geoscientific Model Development, 13(8), 3571-3605.
https://doi.org/10.5194/gmd-13-3571-2020

Mell, H. K., Mumma, S. N., Hiestand, B., Carr, B. G., Holland, T., & Stopyra, J. (2017).
Emergency Medical Services Response Times in Rural, Suburban, and Urban Areas.
JAMA Surgery, 152(10), 983. https://doi.org/10.1001/jamasurg.2017.2230

Menne, M.J., Durre, 1., Korzeniewski, B., McNeill, S., Thomas, K., Yin, X., Anthony, S., Ray,
R., Vose, R. S., Gleason, B. E., & Houston, T. G. (2012). Global Historical Climatology
Network - Daily (GHCN-Daily) (Version 3) [Data set]. NOAA National Climatic Data
Center. https://doi.org/10.7289/V5D21VHZ

Miller, A., & Zégre, N. (2014). Mountaintop Removal Mining and Catchment Hydrology. Water,
6(3), 472-499. https://doi.org/10.3390/w6030472

Miller, W. C., Rogalla, D., Spencer, D., Zia, N., Griffith, B., & Heinsberg, H. (2016).
Community adaptations to an impending food desert in rural Appalachia, USA. Rural
and Remote Health, 16(3901), 1-12.

67



Miller, Z. J., O’Brien, C., Canfield, C., & Sullivan, L. (2023). Show-Me Resilience: Assessing
and Reconciling Rural Leaders’ Perceptions of Climate Resilience in Missouri.
Environmental Management, 72(4), 771-784. https://doi.org/10.1007/s00267-023-01836-
7

Min, S.-K., Zhang, X., Zwiers, F. W., & Hegerl, G. C. (2011). Human contribution to more-
intense precipitation extremes. Nature, 470(7334), 378-381.
https://doi.org/10.1038/nature09763

Mishra, V., Kumar, D., Ganguly, A. R., Sanjay, J., Mujumdar, M., Krishnan, R., & Shah, R. D.
(2014). Reliability of regional and global climate models to simulate precipitation
extremes over India. Journal of Geophysical Research: Atmospheres, 119(15), 9301—
9323. https://doi.org/10.1002/2014JD021636

Morrone, M. (2020). Ailing in place: environmental inequities and health disparities in
Appalachia. Ohio University Press.

NCEL (2016). GHCN (Global Historical Climatology Network) — Daily Documentation.
https://www.ncei.noaa.gov/data/daily-summaries/doc/GHCND documentation.pdf

Ning, L., & Bradley, R. S. (2016). NAO and PNA influences on winter temperature and
precipitation over the eastern United States in CMIP5 GCMs. Climate Dynamics, 46(3—
4), 1257-1276. https://doi.org/10.1007/s00382-015-2643-9

NWS. (n.d.-a). During a Heat Wave. National Oceanic and Atmospheric Administration.
https://www.weather.gov/safety/heat-during

NWS. (n.d.-b). Historic July 26th-July 30th, 2022 Eastern Kentucky Flooding. National Oceanic
and Atmospheric Administration. https://www.weather.gov/jkl/July2022Flooding

NYDOH. (2019). Orleans County Heat-Health Profile Report. New York State Department of
Health. https://www.health.ny.gov/environmental/weather/profiles/docs/orleans.pdf

Palazzi, E., Mortarini, L., Terzago, S., & Von Hardenberg, J. (2019). Elevation-dependent
warming in global climate model simulations at high spatial resolution. Climate
Dynamics, 52(5-6), 2685-2702. https://doi.org/10.1007/s00382-018-4287-z

Palinkas, L. A., & Wong, M. (2020). Global climate change and mental health. Current Opinion
in Psychology, 32, 12—16. https://doi.org/10.1016/j.copsyc.2019.06.023

Palutikof, J. P., Street, R. B., & Gardiner, E. P. (2019). Looking to the future: guidelines for
decision support as adaptation practice matures. Climatic Change, 153(4), 643—655.
https://doi.org/10.1007/s10584-019-02404-x

Peng, R. D., Bobb, J. F., Tebaldi, C., McDaniel, L., Bell, M. L., & Dominici, F. (2011). Toward
a Quantitative Estimate of Future Heat Wave Mortality under Global Climate Change.
Environmental Health Perspectives, 119(5), 701-706.
https://doi.org/10.1289/ehp.1002430

Perks, M. T., Russell, A. J., & Large, A. R. G. (2016). Technical Note: Advances in flash flood
monitoring using unmanned aerialvehicles (UAVs). Hydrology and Earth System
Sciences, 20(10), 4005—4015. https://doi.org/10.5194/hess-20-4005-2016

Posit Team. (2022). RStudio: Integrated Development Environment for R. (2022.12.0.353). Posit
Software, PBC. http://www.posit.co/

R Core Team. (2022). R: A language and environment for statistical computing (4.2.2). R
Foundation for Statistical Computing. https://www.R-project.org/

Raghavan, S. V., Hur, J., & Liong, S.-Y. (2018). Evaluations of NASA NEX-GDDP data over
Southeast Asia: present and future climates. Climatic Change, 148(4), 503-518.
https://doi.org/10.1007/s10584-018-2213-3

68



Rahmstorf, S., & Coumou, D. (2011). Increase of extreme events in a warming world.
Proceedings of the National Academy of Sciences, 108(44), 17905—17909.
https://doi.org/10.1073/pnas.1101766108

Raju, K. S., & Kumar, D. N. (2020). Review of approaches for selection and ensembling of
GCMs. Journal of Water and Climate Change, 11(3), 577-599.
https://doi.org/10.2166/wcc.2020.128

Raymond, C., Waliser, D., Guan, B., Lee, H., Loikith, P., Massoud, E., Sengupta, A., Singh, D.,
& Wootten, A. (2022). Regional and elevational patterns of extreme heat stress change in
the US. Environmental Research Letters, 17(6), 064046. https://doi.org/10.1088/1748-
9326/ac7343

Ristino, L. (2019). Surviving Climate Change in America: Toward Rural Resilience Framework.
Western New England Law Review, 41(3), 521-542.

Rocklov, J., & Dubrow, R. (2020). Climate change: an enduring challenge for vector-borne
disease prevention and control. Nature Immunology, 21(5), 479-483.
https://doi.org/10.1038/s41590-020-0648-y

Romanello, M., Di Napoli, C., Drummond, P., Green, C., Kennard, H., Lampard, P., Scamman,
D., Arnell, N., Ayeb-Karlsson, S., Ford, L. B., Belesova, K., Bowen, K., Cai, W.,
Callaghan, M., Campbell-Lendrum, D., Chambers, J., Van Daalen, K. R., Dalin, C.,
Dasandi, N., Dasgupta, S., Davies, M., Dominguez-Salas, P., Dubrow, R., Ebi, K. L.,
Eckelman, M., Ekins, P., Escobar, L. E., Georgeson, L., Graham, H., Gunther, S. H.,
Hamilton, 1., Hang, Y., Hanninen, R., Hartinger, S., He, K., Hess, J. J., Hsu, S.-C.,
Jankin, S., Jamart, L., Jay, O., Kelman, I, Kiesewetter, G., Kinney, P., Kjellstrom, T.,
Kniveton, D., Lee, J. K. W., Lemke, B., Liu, Y., Liu, Z., Lott, M., Batista, M. L., Lowe,
R., MacGuire, F., Sewe, M. O., Martinez-Urtaza, J., Maslin, M., McAllister, L.,
McGushin, A., McMichael, C., Mi, Z., Milner, J., Minor, K., Minx, J. C., Mohajeri, N.,
Moradi-Lakeh, M., Morrissey, K., Munzert, S., Murray, K. A., Neville, T., Nilsson, M.,
Obradovich, N., O’Hare, M. B., Oreszczyn, T., Otto, M., Owfi, F., Pearman, O.,
Rabbaniha, M., Robinson, E. J. Z., Rocklév, J., Salas, R. N., Semenza, J. C., Sherman, J.
D., Shi, L., Shumake-Guillemot, J., Silbert, G., Sofiev, M., Springmann, M., Stowell, J.,
Tabatabaei, M., Taylor, J., Trifianes, J., Wagner, F., Wilkinson, P., Winning, M.,
Yglesias-Gonzélez, M., Zhang, S., Gong, P., Montgomery, H., & Costello, A. (2022).
The 2022 report of the Lancet Countdown on health and climate change: health at the
mercy of fossil fuels. The Lancet, 400(10363), 1619-1654.
https://doi.org/10.1016/S0140-6736(22)01540-9

Ruane, A. C., Teichmann, C., Arnell, N. W., Carter, T. R., Ebi, K. L., Frieler, K., Goodess, C.
M., Hewitson, B., Horton, R., Kovats, R. S., Lotze, H. K., Mearns, L. O., Navarra, A.,
Ojima, D. S., Riahi, K., Rosenzweig, C., Themessl, M., & Vincent, K. (2016). The
Vulnerability, Impacts, Adaptation and Climate Services Advisory Board (VIACS AB
v1.0) contribution to CMIP6. Geoscientific Model Development, 9(9), 3493-3515.
https://doi.org/10.5194/gmd-9-3493-2016

Ruane, A. C., Vautard, R., Ranasinghe, R., Sillmann, J., Coppola, E., Arnell, N., Cruz, F. A.,
Dessai, S., Iles, C. E., Islam, A. K. M. S., Jones, R. G., Rahimi, M., Carrascal, D. R.,
Seneviratne, S. 1., Servonnat, J., Sérensson, A. A., Sylla, M. B., Tebaldi, C., Wang, W.,
& Zaaboul, R. (2022). The Climatic Impact-Driver Framework for Assessment of Risk-
Relevant Climate Information. Earth’s Future, 10(11), €2022EF002803.
https://doi.org/10.1029/2022EF002803

69



Rummukainen, M. (2012). Changes in climate and weather extremes in the 21st century. WIREs
Climate Change, 3(2), 115-129. https://doi.org/10.1002/wcc.160

Scafetta, N. (2021). Detection of non-climatic biases in land surface temperature records by
comparing climatic data and their model simulations. Climate Dynamics, 56(9—10),
2959-2982. https://doi.org/10.1007/s00382-021-05626-x

Schaller, N., Mabhlstein, I., Cermak, J., & Knutti, R. (2011). Analyzing precipitation projections:
A comparison of different approaches to climate model evaluation. Journal of
Geophysical Research, 116(D10), D10118. https://doi.org/10.1029/2010JD014963

Schumacher, R. S. (2017). Heavy Rainfall and Flash Flooding. In R. S. Schumacher, Oxford
Research Encyclopedia of Natural Hazard Science. Oxford University Press.
https://doi.org/10.1093/acrefore/9780199389407.013.132

Shabo, V., & Friedman, H. (2022). Health, Work, and Care in Rural America: Distances to
Hospital-Based and Skilled Nursing Care Make Paid Leave Critical for Rural
Communities. New America. https://www.newamerica.org/better-life-lab/reports/health-
work-and-care-rural-america/distances-to-travel-to-hospital-based-health-care/

Sharkey, J. R. (2009). Measuring Potential Access to Food Stores and Food-Service Places in
Rural Areas in the U.S. American Journal of Preventive Medicine, 36(4), S151-S155.
https://doi.org/10.1016/j.amepre.2009.01.004

Shindell, D., Zhang, Y., Scott, M., Ru, M., Stark, K., & Ebi, K. L. (2020). The Effects of Heat
Exposure on Human Mortality Throughout the United States. GeoHealth, 4(4),
€2019GH000234. https://doi.org/10.1029/2019GH000234

Shinn, J. E., & Caretta, M. A. (2020). “If it Wasn’t for the Faith-Based Groups, We Wouldn’t Be
Where We Are Today”: Flooding Response and Recovery in Greenbrier County, WV.
Southeastern Geographer, 60(3), 235-253. https://doi.org/10.1353/sg0.2020.0019

Shiru, M. S., Shahid, S., Chae, S.-T., & Chung, E.-S. (2022). Replicability of Annual and
Seasonal Precipitation by CMIP5 and CMIP6 GCMs over East Asia. KSCE Journal of
Civil Engineering, 26(4), 1978—1989. https://doi.org/10.1007/s12205-022-0992-6

Smith, J. A., Baeck, M. L., Ntelekos, A. A., Villarini, G., & Steiner, M. (2011). Extreme rainfall
and flooding from orographic thunderstorms in the central Appalachians. Water
Resources Research, 47(4), 2010WR010190. https://doi.org/10.1029/2010WR010190

Spadaro, J. (2005). Mountaintop Removal and the Destruction of Appalachia. Appalachian
Heritage, 33(2), 37-40. https://doi.org/10.1353/aph.2005.0100

Stern, M. J., Hurst, K. F., Brousseau, J. J., O’Brien, C., & Hansen, L. J. (2023). Ten Lessons for
Effective Place-Based Climate Adaptation Planning Workshops. Climate, 11(2), 43.
https://doi.org/10.3390/cli1 1020043

Strauss, B. H., Orton, P. M., Bittermann, K., Buchanan, M. K., Gilford, D. M., Kopp, R. E.,
Kulp, S., Massey, C., Moel, H. D., & Vinogradov, S. (2021). Economic damages from
Hurricane Sandy attributable to sea level rise caused by anthropogenic climate change.
Nature Communications, 12(1), 2720. https://doi.org/10.1038/s41467-021-22838-1

Terando, A., Reidmiller, D., Hostetler, S. W., & Littell, J. S. (2020). Using Information From
Global Climate Models to Inform Policymaking—The Role of the U.S. Geological Survey
(Open-File Report No. 2020-1058; Open-File Report). USGS.
https://doi.org/10.3133/0fr20201058

Trenberth, K. (2011). Changes in precipitation with climate change. Climate Research, 47(1),
123—138. https://doi.org/10.3354/cr00953

70



Turner, M. D. (2016). Climate vulnerability as a relational concept. Geoforum, 68, 29-38.
https://doi.org/10.1016/j.geoforum.2015.11.006

Twiss, P. C., & Mueller, T. R. (2004). Housing Appalachians: Recent Trends. Journal of
Appalachian Studies, 10(3), 389—406.

U.S. Global Change Research Program. (2018). Impacts, Risks, and Adaptation in the United
States (Volume II; Fourth National Climate Assessment). U.S. Global Change Research
Program. https://nca2018.globalchange.gov/downloads/NCA4 2018 FullReport.pdf

White, R. H., Anderson, S., Booth, J. F., Braich, G., Draeger, C., Fei, C., Harley, C. D. G.,
Henderson, S. B., Jakob, M., Lau, C.-A., Mareshet Admasu, L., Narinesingh, V., Rodell,
C., Roocroft, E., Weinberger, K. R., & West, G. (2023). The unprecedented Pacific
Northwest heatwave of June 2021. Nature Communications, 14(1), 727.
https://doi.org/10.1038/s41467-023-36289-3

Wickham, H. (2023). Attr: Tools for working with URLs and HTTP (R Package version 1.4.5).
https://CRAN.R-project.org/package=httr

Wolf, T., & McGregor, G. (2013). The development of a heat wave vulnerability index for
London, United Kingdom. Weather and Climate Extremes, 1, 59—68.
https://doi.org/10.1016/j.wace.2013.07.004

71



Appendix A. Point Extraction versus Polygon Extraction Results

Point extraction versus polygon extraction for the three selected towns of analysis.
Values are slightly off due to spatial averages from the polygon extraction, but these differences
were relatively similar. Sometimes due to variations in individual raster cells, point extractions

can yield abnormal results; this was not the case in this study.
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Average Annual Maximum Temperature, Nelsonville OH
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Total Annual Precipitation, Williamsburg WV
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