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Abstract: Droughts are among the costliest natural hazards in the U.S. and globally. The severity
of the hazard is closely related to a region’s ability to cope and recover from the event, an ability
that depends on the region’s sensitivity and adaptive capacity. Here, the vulnerability to drought of
each state within the contiguous U.S. is assessed as a function of exposure, sensitivity, and adaptive
capacity, using socio-economic, climatic, and environmental indicators. The division of vulnerability
into three sub-indices allows for an assessment of the driver(s) of vulnerability of a state and as
such provides a foundation for drought mitigation and planning efforts. In addition, a probabilistic
approach is used to investigate the sensitivity of vulnerability to the weighting scheme of indicators.
The resulting geographic distribution of relative vulnerability of the states is partially a reflection of
their heterogeneous climates but also highlights the importance of sustainable adaptation of the local
economy to water availability in order to reduce sensitivity and to limit the impact of drought. Assuch,
the study at hand offers insights to local and regional planners on how to effectively distribute funds
and plan accordingly in order to reduce state-level drought vulnerability today and in the future.
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1. Introduction

Drought is one of the costliest natural disasters in the United States and globally [1-3], bringing
famine and death to thousands of people globally every year [3]. Although deaths in the U.S.
typically are not directly linked to drought as strongly as in developing countries [3], the impact of
the drought is felt from the personal level, such as small-scale farmers having to kill off livestock
following lack of drinking water or feed or having to abandon a family farm due to lack of income as a
consequence of the impact the drought has on the land, to the regional scale, where drought can lead
to economic slowdown, environmental degradation, and additional natural hazards in the form of
wildfires [4]. Droughts occur naturally but are expected to change in frequency and severity under
climate change [4-8]. The American Meteorological Society [9] classifies drought into four categories:
meteorological, following shortages of precipitation; agricultural, as soil moisture levels decrease;
hydrological, linked to decreased runoff; and socioeconomic drought, when water availability fails to
meet societal needs. The first three drought types typically have a cascading effect, as shortages of
precipitation lead to decreased soil moisture, which is followed by decreased runoff. The timing of the
onset of socio-economic drought varies, depending on the drought vulnerability of the region.

Although numerous studies have estimated different aspects of vulnerability to more visually
damaging hazards in the U.S., such as tornadoes [10-12], hurricanes [13,14], and floods [15-19], there is
not yet any comprehensive assessment of drought vulnerability in the U.S.
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This study aims to assess the relative drought vulnerability of each state within the contiguous U.S.
Despite the significant impact that drought has on the nation, there is no comprehensive national-scale
assessment of drought vulnerability in the U.S. Due to the sheer size of the U.S., the country has several
different climate regimes with different aridity levels, but vulnerability is not linked to physical water
scarcity alone—rather, it is the result of the combination of different parameters reflecting the system’s
susceptibility to harm and ability to cope with hazards, which is a function of its exposure, sensitivity,
and adaptive capacity [20,21]. The exact definition and calculation of vulnerability vary, depending on
the field of research [22-26]. Methods can be grouped into biophysical approaches, socio-economic
approaches, and integrated approaches [27]. Here, an integrated assessment approach is employed,
combining the attributes from the biophysical and socio-economic approaches and conceptualizing
vulnerability as a function of exposure, sensitivity, and adaptive capacity [20,26,27]. This holistic
approach allows for an assessment of the driver(s) of vulnerability of a state and as such provides a
foundation for drought mitigation and planning efforts.

Given the mixed economy of the U.S., the country’s population is not as vulnerable to drought
as that in developing countries. In less developed countries, drought can lead to famine and has
detrimental effects on the livelihoods of families and entire geographical regions because a large portion
of the population support themselves through subsistence farming and food distribution networks and
the government support are limited. Some research also suggests that drought in developing regions
often is closely intertwined with weaponized conflicts [28,29].

Due to the repeated and detrimental consequences of drought in Africa, several studies have
focused on the assessment of drought-related vulnerabilities in the continent [7,30-32] as well as other
developing regions, including the Middle East [33-36] and Latin America [37].

While national-scale assessments of physical drought patterns and intensity exist for many
industrialized countries [38—-42], integrated national-scale assessments of drought vulnerability of
developed countries are few [43—45]. Rather, the majority of research on drought vulnerability is
limited to regional studies [35,36,46-50], specific events [51-56], or analyses of drought impacts
on certain biomes [57-59], animal species [60,61], and economic impacts [1,62,63]. In the U.S., an
exception is the work of Padowski and Jawitz [64], which assessed the water availability and associated
vulnerability in 225 U.S. cities, but even this study limits itself to physical water availability and does
not consider the relative sensitivity of the system and any adaptive capacity, a limitation it shares
with earlier global studies on water scarcity [65,66]. The regional studies, although valuable for the
region involved, fail to see the broader picture of vulnerability that allows for comparison of relative
vulnerability, which is offered by a larger-scale study such as the one undertaken here.

2. Materials and Methods

The relative vulnerability score, or Drought Vulnerability Index (DVI), can be explained as the
weighted average of a set of indicators corresponding to the three categories of Exposure, Sensitivity,
and Adaptive Capacity in the area of study. The main challenges in the calculation of the DVI are
to (1) define an effective set of indicators that reflect the vulnerability in each drought category and
state and (2) assign the proper weight to each indicator because, depending on the value of these
weights, the DVI can vary significantly. To address the first challenge, the next three sections explain
the indicators of each category in detail. In the Result section, first a deterministic approach where the
categories Exposure, Sensitivity, and Adaptive Capacity are equally weighted is performed. Then,
a probabilistic approach is applied to address the second challenge of the weight estimation.

2.1. Exposure Indicators

Three indicators are used to represent the drought exposure of a state. The first one is the drought
frequency, showing how often the state is in drought. This is determined using the U.S. Drought
Monitor’s full weekly record 2000-2019. The U.S. Drought Monitor’s five categories (D0-D4) are
determined using a suite of drought indicators combined with subjective assessments by regional
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experts [67]. In the present analysis, a relatively conservative approach is taken as a state is only
considered to be in drought if more than 50% of its spatial extent is in drought category D1 (Moderate
Drought)-D4 (Exceptional Drought) (note that drought level DO (Abnormally Dry) is excluded).
The drought frequency is calculated as the percentage of the observations meeting the drought criteria
defined above.

The second drought exposure indicator is the size of the population in the state (2019) [68].
The larger the population, the greater the exposure to the drought-associated complications and the
higher the water demand, and consequently the more vulnerable the state.

The natural capital that the environment provides to the society is significant but complex to
estimate [69]. Yet to conduct a full assessment of exposure and vulnerability, environmental factors
need to be considered. Given the heterogeneous nature of the U.S. states, it may not be feasible
to come up with universal indicators representing comparable environmental exposure, sensitivity,
and/or adaptive capacity in all states. Therefore, in this study, freshwater areas actively managed for
biodiversity are considered as the only environmental indicator.

The third drought exposure indicator considered in this study is the freshwater ecosystems that
are adversely affected by drought through decreased water levels and changed flow regimes, increased
water temperature, and deteriorating water quality [70,71]. As an indicator of the number of sensitive
aquatic ecosystems exposed to drought, data on the area of freshwater streams, lakes, and wetlands
under active biodiversity management were obtained from the U.S. Geological Survey and The Nature
Conservancy [72,73].

2.2. Sensitivity Indicators

The sensitivity parameters are related to the geography, but also the economy, of the state, and are
the characteristics that influence the likelihood of a state to experience negative impacts during drought.
Here, the parameters linked to how water in the state is used are listed, together with available
water resources.

The agricultural sector sustains the most direct and hardest impact during drought events.
The temporal agricultural impacts range from almost instantaneous (impaired crop growth), to
post-drought as drought can limit the possibilities for the planting of crops, etc., negatively affecting
future revenue as well. The percentage of a state that is classified as agricultural land [74] is therefore
included in the analysis.

With $66.5 billion worth of cattle produced in 2019 [75], cattle remain the most important
agricultural commodity in the U.S. However, states with a large number of cattle are vulnerable to
drought as the livestock requires substantial amounts of water to supply feed and drinking water
through the entire production cycle [76]. Drought limits pasture yield and available drinking water,
and although feed and water can be imported from other parts of the country, this leads to increased
costs. Droughts therefore lead to a reduction in livestock, as seen during the 2012 drought when
Oklahoma lost 23.6% (1.3 million) and Texas 16.5% (2.2 million) of their respective pre-drought cattle
inventory [54]. Cattle numbers in this study are from the 2017 census [74].

Despite the recent fast development of other renewable energies, hydropower remains the
leading source of renewable electricity production in the U.S. and globally [77]. The response of
hydropower production to drought is slow, as is the recovery. Hydroelectricity production is hence
typically not affected by flash droughts, which may be detrimental for agriculture, but long-term
droughts may decrease reservoir levels substantially. This leads to decreased hydropower production,
increased electricity prices (the 2012-2015 drought is estimated to have cost California residents $2
billion in increased electricity bills alone, due to decreased hydropower production in the state [78]),
and increased environmental costs as the decreased hydropower production typically are compensated
by increased burning of fossil fuels [78,79]. As hydropower production can vary significantly
year-to-year, the average annual hydropower production 2017-2018 as a percentage of the total
electricity production in the state is used in this paper [77].
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Water- and lake-related recreational activities including, but not limited to, fishing, swimming,
rafting, and canoeing are valuable for the local and regional economy, particularly when the
lake/reservoir is located in a rural area with limited other recreational/tourism opportunities [80].
The exact economic contributions of these activities are complex to estimate due to their nonmarket
nature [81]. There is limited research on the economic impact of recreational use of freshwater lakes
and reservoirs, but a few studies have investigated the economic benefit of recreational freshwater
fishing, including [82], who estimated the net economic value of recreational freshwater fisheries to
$284 million in New York State alone and [81], that estimated the total economic impact of recreational
fishing in the Sardis and Grenada reservoirs in Mississippi to $8 million annually. A decrease in water
levels can limit water access and deteriorate the water quality, decreasing the income from recreational
visitors. As an indicator of vulnerability linked to freshwater recreational activities, the number of
recreational lakes per state is included in the analysis [83].

Renewable water resources are the sum of the water yield produced internally and transport
of water in and out of the state [84]. As such, renewable water resources are complex to estimate.
Here, renewable water resources per state are estimated based on [85], which used the Variable
Infiltration Capacity model [86] and considered water yield produced in the basin, inflow from
upstream basins, in-basin reservoir storage, trans-basin diversions, and subtracted required instream
flows and downstream water supply commitments. The analysis by [85] was completed on a basin
scale (HUC 4 [87]). Here, the results from [85] are generalized into five categories based on annual
water yield and re-classified into yield (km® of water per km? area) per state. The basins are cut along
the state borders, and the relative portion of renewable water in a basin is divided between the states it
intersects, based on the relative areal extent of the basin in each state. The renewable water resources
are closely linked to climate and drought frequency, but as it also includes factors such as in-basin
storage and trans-basin diversions. The renewable water resources are heavily influenced by human
interventions to the regional hydrologic cycle, interventions that serve to either increase or decrease
the state’s sensitivity to drought.

2.3. Adaptive Capacity Indicators

Adaptive capacity reflects the ability of a state and its population to adapt to and recover from
drought when it occurs. Indicators include both the economic strength of the state, but also state
policies, and private mitigation strategies.

Whether or not a state has a drought plan is considered as a primary indicator of the state
government’s awareness and concern about drought as a hazard with the potential to harm the region
and strategies for adaption and mitigation. Drought plan availability, as well as the age of the plan, is
collected from the National Drought Mitigation Center [68]. For this indicator, a binary system was
used with a state earning a zero (0) for a drought plan, and a one (1) for the lack of a drought plan. In a
secondary step, the drought plan score is increased to 0.5 if the plan is older than 20 years.

The most comprehensive protection for the impacts of drought on agriculture and forestry is the
potential to irrigate the land. The amount of land being irrigated is a function of the regional climate,
land use, and water laws. The area equipped for irrigation as a percentage of total farmland is therefore
included as an indicator of adaptive capacity [74].

The Gross Domestic Product (GDP) per capita per state offers an indication of the economic
strength of the state and its population. A strong economy makes a state less vulnerable to drought as
it is more likely to have the financial muscles to mitigate and recover from the drought hazard, than a
state with more limited financial means.

2.4. Drought Vulnerability Indices (DVI) and Vulnerability Classes (VC)

In those cases where the indicators’ original form is not standardized (% or per capita), the indicators
are first standardized per unit area of each state (kmz, U.S. Census, 2018) for size-independent
comparison of the data. Next, each of the indicators is normalized separately using data from all
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states and considering each indicator’s maximum and minimum values. Following [31], Equation (1)
is used for indicators with a positive correlation to overall vulnerability, such as population density,
while Equation (2) is used for indicators with a negative correlation with overall vulnerability, such as
GDP/capita.

7 = Xi — Xmin )

Xmax — Xmin

For indicators with a positive correlation to overall vulnerability. (Equation (1))

Zi—1- (M) @)

Xmax — Xmin

For indicators with a negative correlation to overall vulnerability. (Equation (2)) where x; is
the value of a specific indicator for the ith state, and x,,;,, and X, represent the maximum and
minimum values of the indicator among all states. The normalized values (Z) range from 0 to 1,
where zero represents the least sensitive, least exposed, and highest adaptive capacity. Setting a high
adaptive capacity to zero is somewhat counterintuitive, but is required for proper comparison with
the other sub-indices and calculation of the overall vulnerability. First, a deterministic assessment
is conducted. The Zs are averaged per category for each state to create sub-indices (Exposure,
Vulnerability, and Adaptive Capacity) and then averaged over all categories to create the DVIs showing
the relative vulnerability of all states. The resulting vulnerability index is scaled according to Equation
(1) and divided into five Vulnerability Classes (VCs) reflecting different relative vulnerability levels.
The first group (DVI < 0.2) represents states with very low vulnerability (4 states), the second group
(DVI0.2-0.4) states with low vulnerability (13 states), the third group (DVI 0.4-0.6) states with medium
vulnerability (21 states), the fourth group (DVI 0.6-0.8) states with high vulnerability (7 states), and the
fifth group (DVI 0.8-1) states with very high vulnerability (3 states). An overview of the workflow as
well as the distribution of the indicator data is found in Figure 1.

In the second part of the assessment, a probabilistic approach is implemented by considering the
uncertainty of indicator weights. To calculate the probabilistic DVI, one thousand sets of weights are
randomly generated for the indicators. Then, taking the weighted average of all normalized indicators
(Zs), one thousand DVIs are calculated for each U.S. state. Multiple probability density functions (PDF)
are fitted to the DVIs, and a K-S test is performed to find the best PDF for each U.S. state.

In the last step, the 0.2, 0.4, 0.6, and 0.8 quantiles (702, 40.4, 0.6, q0.8) of one thousand DVIs are
used to divide the data into the five VCs of “Very Low”, “Low”, “Medium”, “High”, and “Very High”
drought vulnerability. Considering the probability density function of the DVI, the probability of each
VC is calculated using Equations (3)—(7).

P(State; € “Very Low”) = CDFgyye. (quo) (3)
P(State; € “Low”) = CDFsyape,(90.40) ~CDFstate; (‘70.20) 4)
P(State; € “Medium”) = CDFsate; (q0.60) — CDFsmtei(fio.zm) ®)
P(State; € “High”) = CDFstate;(q0.80) = CDFStute,'(qObO) (6)
P(State; € “Very High”) =1 - CDFsmte,-(QO.so) (7)

where CDFsy,, represents the cumulative distribution function of the ith state obtained from the PDFs.
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Figure 1. The indicators used in the analysis, grouped into their respective sub-indices, Exposure,

Sensitivity, and Adaptive Capacity. The correlation sign with the overall relative vulnerability is also

noted. The distribution of the indicator data is shown in color-coded histograms, with the y-axis

representing the number of states in each bin. The histograms also show the min and max value for

each indicator and from what state the extreme values originate. The indicator data are then entered

into Equation (1) or (2) for normalization, and the normalized data are then averaged by category,

resulting in the sub-indices. In the final step, the three sub-indices are averaged and scaled to become

the overall Relative Vulnerability score. An overview of the calculation procedure can be seen on the

right-hand side of this figure.

3. Results and Discussion

3.1. Deterministic Approach

Figure 2 presents the scores of the eleven indicators for the 48 contiguous U.S. states. The template
at the bottom describes the position of the indicators around the polar axes and their definitions.
The indicators corresponding to the Exposure, Sensitivity, and Adaptive Capacity are shown by brown,
blue, and green colors, respectively. This figure provides information for a detailed comparison
of drought indicators between the U.S. states. For example, the drought vulnerability in the state
of Mississippi is mostly related to the Adaptive Capacity indicators, especially drought plan and
GDP/Capita. On the other hand, the state of Nebraska is vulnerable to drought due to three indicators
of sensitivity, namely agriculture, cattle, and renewable water resources.
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Figure 2. Contribution of the eleven drought indicators for the contiguous U.S. states. The brown, blue,
and green colors refer to the indicators of exposure, sensitivity, and adaptive capacity, respectively.
The template at the bottom describes the position and definition of indicators.

Figure 3 shows the relative exposure, sensitivity, and adaptive capacity of each state, the sub-indices
that produce the overall vulnerability score. The relative vulnerability of the states in the contiguous
U.S. is shown in Figure 4. The single most vulnerable state is found to be Oklahoma, while Delaware is
the least vulnerable. A region that stands out as being less vulnerable than the rest of the country can
be found in the northeast, extending into the eastern Mississippi Valley and the southeast (Figure 4).
The humid climate in this region results in ample water resources and few droughts, leading to a
generally low exposure score (Figure 3a). Sensitivity scores for this region are also below average for
the country, largely due to the lack of extensive farming in these states, while the adaptive capacity
scores of these states do not vary significantly compared to the rest of the states. The exemptions
in this region are New Jersey, which has a very dense population, and New York, which has a very
high vulnerability due to a relatively large exposure score originating from the highest percentage
of protected aquatic ecosystems per unit area. Maine’s vulnerability is also ranked higher than its
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surrounding states. Just like New York, Maine has plenty of protected waters, as well as recreational
lakes and a high dependency on hydropower.

a
WA
MT ND 'B
MN M TNH
SD WL M ﬂ¢
B 1A <AL
ILIN T RME
Ks Mo o A
T NC Exposure
OK Hiar sc Very low
o ' AL‘ Low
b N " Medium
M High
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1 Low

M Medium

I High

Il Very high
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™ Medium
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M Very low

Figure 3. Maps giving an overview of the relative (a) exposure, (b) sensitivity, and (c) adaptive

capacity of the contiguous U.S. states. It is noted that only one state (New Jersey) is in the “Very high”
Exposure category.
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Figure 4. State-wise drought vulnerability across the U.S. Only three states are found in the most
vulnerable category, namely Oklahoma, Montana and Iowa. Four states are identified as having very
low vulnerability to drought, of which Delaware is the least vulnerable.

The Southeast U.S. is slightly more drought-prone (Figure 3a) than its northern counterpart,
which can be attributed to higher evapotranspiration rates. Georgia is the most drought-prone state in
the Southeast U.S., but given its high adaptive capacity, its overall vulnerability is ranked as low, on a
par with its neighboring states (Figure 4).

Oklahoma is ranked as the most drought-vulnerable state in the country in this study. This result
is mainly attributable to limited adaptive capacity, including an outdated drought plan and limited
irrigation possibilities, despite significant agricultural activities, including extensive cattle ranching
(Oklahoma has 28 cattle/km?, third in the country behind Kansas (29) and Nebraska (34)). Montana
is ranked as the second most vulnerable state; its vulnerability is associated mainly with a limited
adaptive capacity and an above-average sensitivity originating from limited renewable water resources,
extensive farming, and a significant amount of electricity being produced by hydropower.

In the Pacific Northwest, a region traditionally associated with ample precipitation, the state
of Oregon stands out as being more vulnerable than its northern neighbor Washington, a difference
mainly attributable to more frequent droughts in Oregon than in Washington. California, located south
of Oregon, is subject to re-occurring multi-year droughts, but given its aggressive adaptation measures,
it is less vulnerable than many of its neighboring states, and the second most drought-resilient state in
the county.

The spectrum of vulnerability among the arid states in the southwestern part of the country
spans from the “Very low” (CA) to the “High” (AZ, UT, NM) category. In this region, the physical
water scarcity is profound, and the drought frequency is the highest in the country. The differences in
vulnerability can hence mainly be attributed to human-related sensitivity and adaptive capacity factors.
Despite being the second driest state, Nevada has adapted accordingly, to minimize dependence on
limited water resources. The population density is among the lowest in the country and there are
naturally few protected freshwater ecosystems, which serves to lower the overall exposure index.
The sensitivity index is also low due to limited agricultural activities, hydropower, and recreational
lakes, and its overall vulnerability is ranked as medium. In the same geographic cluster, Arizona, New
Mexico and Utah are also found. Arizona is the single driest state in the contiguous U.S,, its extremely
limited water resources make it vulnerable to the exceptional water shortages associated with a drought.
In New Mexico’s case, the high vulnerability score can be explained in part by extensive farming (52%
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of the state area is used for farming, the highest percentage in the region), in combination with limited
irrigation capabilities. Utah, on the other hand, is ranked in the medium vulnerability category, a score
mainly related to Utah’s limited agricultural activities in comparison to its neighboring states.

The division of the vulnerability into three sub-indices allows for analysis of the component(s)
that most strongly contribute(s) to a state’s vulnerability score (Figure 3). The states with the highest
exposure index are located in the Northeast (NJ and NY). Being among the least drought-prone states
in the study, their high exposure scores are the fruit of their dense population and their protected
aquatic ecosystems being the most extensive in the analysis. This means that droughts are rare in this
region, but when they occur, a larger population of people and protected plant and animal species are
at risk of being adversely affected than if the drought happened anywhere else in the contiguous U.S.

In the center of the U.S,, a cluster of states emerges for which the drought sensitivity is ranked as
very high (Figure 3b). In this cluster, the high sensitivity originates from their low renewable water
resources in combination with extensive agricultural activities. On the other hand, low sensitivity
scores across the Southeastern states are explained by ample water resources and, in comparison with
other states, limited agricultural activities, hydropower, and recreational lakes.

3.2. Probabilistic Approach

Figure 5 shows example PDFs of DVIs generated for the states of Delaware, North Dakota, Illinois,
and Oklahoma. The blue point refers to the deterministic DVI, and grey bars refer to 1000 DVIs
calculated from a weighted average of 11 vulnerability indicators and 1000 samples of randomly
uniform weights. The shape of PDFs provides additional information about the uncertainty of DVI
in each state. For example, North Dakota shows the most uncertain results despite its lower DVIs
compared to Oklahoma. The highly uncertain DVI for a given state shows the high sensitivity of that
state to the weights of vulnerability indicators. These states should be judiciously managed because
relying on their deterministic DVI can be misleading. On the other hand, states like Delaware show
very limited uncertainty and relative vulnerability.

To investigate the relative vulnerability and uncertainty of the DVI components (namely
Exposure, Sensitivity, and Adaptive Capacity), boxplots of distributions per category are generated
(Figure 6). The boxplots show that Adaptive Capacity is the most uncertain component of vulnerability.
This uncertainty is mainly attributable to the largely binary adaptive capacity indicator “Drought Plan”
(Figure 1), where all but six states have the extreme values of zero (current drought plan exists) or
one (no drought plan on record). Similar-looking box plots of high uncertainty also appear in the
other categories, but at state level, and typically occur when a state has an extreme value for one of
their indicators, the weight of which significantly changes the resulting DVI. Figure 6 also eases the
state-wise comparison of DVI per category and their uncertainties. For example, a comparison between
New Jersey and New York shows that both states have high exposure with large uncertainty. This can
be related to their geographical location, where both states are subject to the same climatic conditions.
The uncertainty of sensitivity at both states is also a small value, while the value of sensitivity is
higher in New York. However, the adaptive capacity of these two states is completely different. New
Jersey shows high value with a small uncertainty, but New York has low value with large uncertainty.
The uncertainty of categories also provides an additional message about the relative contribution of
categories compared to Figure 4. For instance, both Figures 3 and 6 confirm that adaptive capacity
is the main indicator explaining vulnerability in the state of Mississippi. However, looking closely,
Figure 6 reveals that adaptive capacity is a highly uncertain indicator in this state, and there are several
occasions in which adaptive capacity can be a small value.
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Figure 5. The probability density functions (PDFs) of Drought Vulnerability Index (DVI) (red line) for
(a) Delaware, (b) North Dakota, (c) Illinois, and (d) Oklahoma states together with their deterministic
DVI (blue point). The most appropriate distribution corresponding to the p-value of its K-S test is
reported for each state.

Figure 7 illustrates the probabilistic VCs for the U.S. states. The main advantage of this figure is
that while it simplifies the interpretation of the vulnerability index by dividing it into five classes, it still
accounts for the uncertainty of weights. The figure distinguishes states with clear VCs from those with
highly uncertain VCs. For example, the states of Delaware, Massachusetts, Montana, and Oklahoma
show very high certainty in their classifications. Some states, however, are more sensitive to the
weights of indicators, and assigning a single VC to these states should be done with caution.

When comparing the maps in Figure 3a—c, a few geographic patterns emerge. Typically the states
with medium to very high exposure scores have low, or even very low sensitivity scores. This is
probably due to long-term adjustment strategies, as historically, empirical data has tended to influence
regional economic development and steer it away from sectors that are not profitable in the geographical
(and climatological) setting. Industrialization and modern technology have somewhat eased these
natural constraints, but their historical impact is still visible.
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Figure 6. Distribution of DVIs per category ((a) Exposure, (b) Sensitivity, and (c) Adaptive Capacity)
using the random weighted averaging method.

The extent of modern-day preparedness for drought as a hazard is reflected in Figure 3c, showing
adaptive capacity. This map mirrors some of the same patterns: states with medium to very high
exposure scores typically have a competitive adaptive capacity score. The opposite is also true; it is
among the states with the lowest exposure scores that the adaptive capacity also is lacking. This means
that these states are very unlikely to be subject to a severe drought, but when they are, they have limited
ability to respond to and recover from the hazard, making them vulnerable. The equal weighting of
the indicators and sub-indices in this study fails to capture this vulnerability. An alternative weighting
scheme could consider this and alter the results, but would introduce a different set of limitations, as the
source of vulnerability is different in every state. Rather, policymakers and planners are encouraged
to not limit their attention to their relative vulnerability ranking (Figure 4) but also to consider their
sensitivity and adaptive capacity score (Figure 3) to find the source of their vulnerability and work on
improving those areas. What is also important to consider is that the relative impact of drought varies
by state. For example, a drought impacting Nebraska with its vast agricultural lands (92% of state
area) could be argued to be more severe than a drought impacting a state like Alabama, which uses
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less than 26% of its land for agriculture; however, Alabama’s ability to cope and recover from drought
is limited due to economic and policy restraints, and hence the impact on the agriculture, farmers,
and the state as a whole might be more severe in Alabama.
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Figure 7. Probabilistic vulnerability classes (VCs) for the U.S. states. The color bar shows the probability

that a given state fall within each class.

Going beyond the individual state borders, the areal percentage of contiguous U.S. found in
each drought vulnerability category is shown in Figure 8. 25% of the area is in the low or very low
category, 42% in the medium category, and 33% in the high or very high categories. It should be
noted that the high and very high categories only contain seven and three states respectively, but
these states constitute a significant portion of the contiguousU.S. As a comparison, the very low
category, which covers 6% of the area, comparable to that of the highest vulnerability category, contains
four states.

The study at hand gives a snapshot of current vulnerability to drought in the U.S. The indicators
used show limited changes over time, but it is expected that the drought frequency and hence exposure
to drought will change as a consequence of climate change. An analysis of future drought vulnerability
would, apart from considering a changed exposure, also need to consider updated adaption strategies;
however, such an analysis is beyond the scope of this research.
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Figure 8. Areal portion of the contiguous U.S. found in each vulnerability category.
4. Conclusions

This study takes a holistic perspective on drought vulnerability in the contiguous U.S. There
is no universal method for assessing vulnerability to drought or other natural hazards; therefore,
the choice of indicators is directly tied to the resulting vulnerability score. In this study, the selection
of indicators is limited to those where quantitative values are available at the continental-scale for
all the U.S. states. Due to this limitation, the adaptive capacity may not be fully characterized with
the three indicators used in this study. Therefore, to better represent the role of adaptive capacity on
the drought vulnerability, future studies can specifically focus on the estimation of more quantitative
continental-scale indicators of adaptive capacity. Using additional indicators, such as climate change
adaptation plans and social perception of risk, can improve the overall performance of drought
vulnerability analysis over the U.S. Another useful study is to specifically focus on those U.S. states
with highly uncertain DVIs. In these states, the current indicators and techniques can be improved,
and a more detailed analysis would be beneficial. The regional scale DVI forecast can also be carried
out in states with high DVI. The access to more indicators at the regional scale provides an opportunity
to perform a reliable forecast and design effective strategies for potential droughts in the near future in
these states.

The vulnerability score is based on state-specific attributes as national support, such as economic
compensation to farmers during drought, which is assumed to be equal throughout the country.
The indicators included are chosen to represent a wide vulnerability spectrum, from water scarcity
to energy and economic factors, many of which are closely intertwined with societal wellbeing. By
using indicators representing different aspects of drought exposure, sensitivity, and adaptive capacity
to the hazard, a drought vulnerability score is calculated, and the U.S. states are ranked according
to their relative vulnerability. The states of Oklahoma, Montana, and Iowa are ranked as the most
vulnerable states, while Delaware, Massachusetts, Connecticut and California are ranked as the most
resilient. The geographic distribution of relative vulnerability of the states is partially a reflection of
the climate of the different states, with arid states typically being more vulnerable than those with
a more humid climate. However, the results also indicate the importance of the adaptation (or lack
thereof) of the local economy to the climate in order to reduce sensitivity, as well as the development
of adaptive capacity to limit the negative impact of drought, and offers insights to local and regional
planners on how to effectively distribute funds in order to reduce state drought vulnerability today
and in the future.
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