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Block-level vulnerability assessment reveals
disproportionate impacts of natural hazards
across the conterminous United States

Farnaz Yarveysi1,2, Atieh Alipour1,2, Hamed Moftakhari 1,2,
Keighobad Jafarzadegan1,2 & Hamid Moradkhani 1,2

The global increase in the frequency, intensity, and adverse impacts of natural
hazards on societies and economies necessitates comprehensive vulnerability
assessments at regional to national scales. Despite considerable research
conducted on this subject, current vulnerability and risk assessments are
implemented at relatively coarse resolution, and they are subject to significant
uncertainty. Here, we develop a block-level Socio-Economic-Infrastructure
Vulnerability (SEIV) index that helps characterize the spatial variation of vul-
nerability across the conterminous United States. The SEIV index provides
vulnerability information at the block level, takes building count and the dis-
tance to emergency facilities into consideration in addition to common
socioeconomic vulnerability measures and uses a machine-learning algorithm
to calculate the relative weight of contributors to improve upon existing vul-
nerability indices in spatial resolution, comprehensiveness, and subjectivity
reduction. Based on such fine resolution data of approximately 11 million
blocks, we are able to analyze inequality within smaller political boundaries
and find significant differences even between neighboring blocks.

The global increase in the number of recorded disasters caused by
natural hazards necessitates the investigation of their adverse impacts
and associated risks at the regional to local scale1. The term risk refers
to the combination of hazard, exposure, and vulnerability2. All these
variables are subject to various types of uncertainty, including those
from input data, parameterization, and model structure3,4. Despite
numerous studies on the spatiotemporal variability of hazards and
exposure at local, regional, and global scales, the vulnerability aspect is
still not well understood and has yet to be refined5–11. The term vul-
nerability refers to the circumstances shaped by physical, social, eco-
nomic, and environmental factors or processes that heighten the
susceptibility of an individual, a community, assets, or systems to the
effects of hazards12. Such conditions/processes include but are not
limited to predispositions, weaknesses, and lack of coping capacities
favoring adverse effects of exposed elements, physical fragility of
infrastructure, and blanket descriptors of social characteristics, i.e.,

age and gender2. Accurate quantification of all these components at a
relevant spatial scale is key to successful risk assessment due to natural
hazards13.

Current vulnerability assessment practices provide information at
a resolution significantly larger than those that actual impacts are
happening. Such a coarse resolution carries significant uncertainty in
the estimates, and data at finer resolution have shown significant
improvement in overall risk estimates14,15. Currently, the Centers for
Disease Control and Prevention (CDC) provides the finest data on the
spatial variability of the social vulnerability index (SVI) at the census
tract scale over the Conterminous United States (CONUS)16. SVI,
however finer than other alternatives, helps assess vulnerability at the
scale of cities, towns, or other administrative areas. This is despite the
fact that different neighborhoods or block groups within a city, based
on their different socioeconomic characteristics, could demonstrate
different levels of vulnerability to natural hazards17.
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The compilation of data on qualitative and quantitative risk fac-
tors and subjectivity in the process of determining the weight/con-
tribution of each factor to the overall risk has remained challenging.
For instance, for the SVI, to calculate the overall index for each census
tract over the CONUS, the contribution of all variables has been con-
sidered to be equal18. Schmidtlein et al.19 used principal components
analysis (PCA) to examine the sensitivity of quantitative features
underlying the social vulnerability index (SoVI) developed by Cutter
et al.20. Additionally, to improve the socioeconomic vulnerability index
(SEVI), Khajehei et al.14 and Tanim et al.13 applied probabilistic PCA
(PPCA), which copes with missing values in the data.

Here, we develop a Socio-Economic-Infrastructure Vulnerability
(SEIV) index that helps characterize the spatial variation in vulner-
ability across the CONUS at the census block level. The SEIV index
benefits from already existing social, economic, and infrastructure
indicators available via federally supporteddatabases to improveupon
vulnerability indices currently used for natural hazards risk assess-
ment. To conduct a more comprehensive assessment and take the
accessibility of critical infrastructure during hazardous situations into
account, in addition to the commonly used demographic and housing
information, for each block, we consider the building count and its
distance to the nearest emergency/essential facilities. Using the var-
iance inflation factor (VIF), we detect multicollinear variables and
remove them from the dataset to avoid redundant information and
alleviate the complexity of the input data. One significant contribution
of the proposed SEIV in the process of risk assessment is reducing
subjectivity in determining the contribution of various social, eco-
nomic, and infrastructural components to overall estimated vulner-
ability. For this purpose, we use a machine learning (ML) algorithm to
objectively assign weights to variables contributing to overall esti-
mated vulnerability based on the significance of the contribution to
the reported damage in the past. Such an objective weighting scheme
helps ensure that the generated results are globally acceptable so the
developed tools and techniques are transferrable to other places.

Results
Block-level vulnerability distribution
Current aggregate-level vulnerability indices favor top-down risk
mitigation approaches and fail to engage local communities in
improving resilience. Demographics and infrastructural characteristics
can be drastically different between two neighboring blocks. This
means indices that aggregate these features at larger scales (i.e.,
county level) may not resolve the spatial distribution of vulnerability
characteristics well and thus pose significant uncertainty to risk esti-
mates. Decisions made based on such information are not subse-
quently well-informed and thus are subject to failure and eventually
yield to distrust in government. Different indices are currently in use
for operational risk management, for example, integrate underlying
featuring characteristics over the county of Harris or City of Houston16

to provide one single vulnerability estimate over the entire unit of
interest (county or census tract). Such indices simply fail to locate
communities/neighborhoodswith an immediate need to pay attention
to implementing risk mitigation measures and implement bottom-up
approaches for adaptation. In fact, with such aggregate level assess-
ment, there is no way to determine the relative urgency of action and
resource allocation for improved resiliency. This yields in one-fit-all
top-down governance that simply ignores existing variability in vul-
nerability dynamics at the community level, which in turn yields an
increased likelihood of failure21. An index that can resolve hetero-
geneity of vulnerability to natural hazards at finer scales, i.e., block
level, as does by SEIV, plays a key role in effective riskmanagement and
has the potential to provide crucial information for stakeholders at
different levels for enhanced risk-informed decision making. Figure 1
presents the summary statistics of the percentage of blocks within
each state that fall under various vulnerability categories defined by

SEIV, along with the spatial distribution of vulnerability for six of the
largestmetros in the United States. Moreover, such information, when
publicly available, will facilitate communications between local com-
munity leaders, non-governmental organizations (NGOs), and local/
federal governments to build trust, synergize resources over agreed-
upon strategies and mobilize resources to increase resiliency against
upcoming hazards.

Communities across the CONUS are not equally susceptible to
upcominghazards. Thereexists an inequality in vulnerability at various
scales (i.e., between blocks, counties, and states). Figure 2 shows the
Lorenz curve22 properties of SEIV index inequality over the CONUS.
TheGini coefficient is ameasure of inequality within a social group and
is calculated based on the difference between the Lorenz curve (the
observed cumulative distribution) and the notion of a perfectly equal
distribution. The coefficient ranges from 0 to 1, where 0 represents
perfect equality, and 1 indicates perfect inequality. The vulnerability
Gini coefficient here is estimated to be 0.11, which demonstrates that
communities across the CONUS will be disproportionately affected by
natural hazards.While the 20% least vulnerable blocks hold a 15% share
of vulnerability, the 20% most vulnerable hold 25% of the cumulative
share of vulnerability.

Among the states all over the CONUS, Idaho (84%), Minnesota
(82%), Ohio (76%), South Dakota (74%), New Hampshire (0.67%), Utah
(67%), Rhode Island (66%), Louisiana (61%), North Dakota (0.60%),
West Virginia (0.58%), and Alabama (57%) are the top 10 states with the
highest percentage of blocks with high and very high SEIV indices. This
is despite the fact thatOhio andMinnesota are among the top 10 states
in GDP (gross domestic product) ranking and have relatively good
standing in incomeGini ranking23,24. Thisdemonstrates howaggregate-
level indices canmisguide the process of vulnerability assessment and
further highlights the need for an index that provides reliable vulner-
ability information at the finest resolution. On the other hand, Dela-
ware (0.75%), Maryland (69%), Florida (68%), Vermont (67%),
Massachusetts (0.66%), California (0.65%), Connecticut (0.65%),
Washington (0.61%), New Jersey (0.59%), and Colorado (0.57%) are the
top 10 states showing low and very low SEIV indices.

Contribution of various components to the overall vulnerability
Vulnerability components do not equally contribute to the adverse
impacts of natural hazards. Here, we waived the conventional
assumption of the equal contribution of underlying components to
overall vulnerability (e.g., via the rank percentile method in SVI). Our
analysis, based on reported property damage costs, uses an ML algo-
rithm to assign weights to various variables that contribute to vul-
nerability. The proposed model performs well in estimating the
damage from validation events, which are not used in training. The
results based on our model show a difference in the relative con-
tribution of the components involved (Fig. 3). The medical care dis-
tance, persons 65 years and older, distance to a shelter, percent minority
(e.g., various ethnicities and races), and percent old built units are
found to be the most correlated descriptors of vulnerability (i.e., the
larger these are, the higher the vulnerability is). On the contrary, the
percent high income, percent recently built units, and average cash rent
are the best counter-related predictors of vulnerability. The weights
obtained from this approach help reduce subjectivity in determining
the relative contribution of vulnerability factors and thus help provide
a more realistic depiction of vulnerability distribution across the
CONUS than what was available before.

It should be noted that the currently detected patterns of con-
tribution fordifferent components (i.e., increasing/decreasingwith the
vulnerability of an area) are conditioned on the pre-filtering practice
implemented in this study that disregards relatively very high and very
low-cost events in the process of training. This means that, in this
analysis, given the fact that the eventswithmore than $250M reported
damage are excluded from the training population, higher income/
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housing costs and lower incomes/housing costs have a negative and
positive contribution, respectively, to property damage from storm
events; which is in contrary to similar research in this topical area (i.e.,
Bolin and Stanford 199825; Tierney 200626; Osberghaus 202127). Hence,

our results are valid over the range ofmediumcommonpossibilities of
hazard events at which high-income households with sufficient
resources and flexible planning capacities are less vulnerable to hazard
situations and able to cope with and recover from them much easier
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Fig. 1 | Spatial distribution of Socio-Economic-Infrastructure Vulnerability
(SEIV) index statistics over the conterminousUnitedStates (CONUS).Theupper
panel (a) depicts the distribution of SEIV at an aggregate level (here, state level).
The lower subpanels (b–g) represent the block-level distribution of SEIV in six large

metros of the United States. NH New Hampshire, VT Vermont, MA Massachusetts,
RI Rhode Island, CT Connecticut, NJ New Jersey, DE Delaware, DC District of
Columbia, MD Maryland, WV West Virginia.
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