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Urban form and structure explain
variability in spatial inequality of property
flood risk among US counties

Check for updates

Junwei Ma & Ali Mostafavi

Understanding the relationship between urban form and structure and spatial inequality of property
flood risk has been a longstanding challenge in urban planning and emergencymanagement. Here we
explore eight urban form and structure features to explain variability in spatial inequality of property
flood risk among 2567 US counties. Using datasets related to humanmobility and facility distribution,
we identify notable variation in spatial inequality of property flood risk, particularly in coastline and
metropolitan counties. The results reveal variations in spatial inequality of property flood risk can be
explained based on principal components of development density, economic activity, and centrality
and segregation. The classification and regression tree model further demonstrates how these
principal components interact and form pathways that explain spatial inequality of property flood risk.
The findings underscore the critical role of urban planning in mitigating flood risk inequality, offering
valuable insights for crafting integrated strategies as urbanization progresses.

Climate change has increased the frequency and intensity of flooding, ele-
vating concern about the threat it poses to millions of people1–4, including
extensive property damages5–7. While flood risk is often examined with a
focus on natural factors, such as hydrology and land topography8–10, the
importance of urban form and structure in shaping the spatial distribution
of flood risk in cities is increasingly being recognized11,12. In particular,
understanding the relationship between urban form and structure and
spatial distribution offlood riskmay hold the key to integrated urban design
strategies to effectively address flood risk as cities continue to grow and
develop.

Urban form and structure refer to the spatial configuration and
organization of cities, such as development patterns, facility distribution,
and economic activity13–15. Urban formand structure capture characteristics
such as population distribution16, development density17, humanmobility18,
and the centralization of infrastructure19 that can shape the spatial dis-
tribution of flood risk. Yet data-driven insights are missing to inform about
the relationship between urban form and structure and spatial distribution
offlood risk.This limitationhashindereddevelopment and implementation
of integrated urban design strategies to inform growth and development of
cities while addressing flood risks to people and properties.

Of particular importance is uncovering the extent towhich urban form
and structure explain variation in spatial inequality of property flood risk in
cities. Spatial inequality of property flood risk captures the extent to which

properties located in different areas of a city have similar levels of flood risk.
The risk of property flooding is not distributed equally across all areas and
communities in a city20,21. Studies have shown that low-income commu-
nities and communities of color are often more vulnerable to flooding than
wealthier, white communities22–25. Spatial inequality of property flood risk is
in part influenced by the patterns of growth and development in cities26. A
critical and yet unanswered question is the extent towhich features of urban
form and structure (such as development density, economic activity, cen-
trality, and segregation) can explain the variation in spatial inequality of
property flood risk among cities.

To address this research gap, this study investigates the extent towhich
urban formand structure explain variability in spatial inequality of property
flood risk among US counties. The main research questions guiding the
study are twofold: (1) What is the extent of spatial inequality in property
flood risk in US counties? (2) To what extent are spatial inequality of
property flood risk explained by different features of urban form and
structure? To answer these questions, we use rich datasets related to prop-
erty flood risk to quantify spatial inequality of property flood risk in US
counties and delineate features of urban form and structure using high-
resolution human mobility and facility distribution data. We begin by
evaluating spatial inequality of propertyflood risk using themetric of spatial
Gini index (SGI), a measure of spatial inequality, for 2567 counties in the
United States, identifying notable variations in spatial inequality of property
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flood risk across counties. We then explore how urban form and structure
may be shaping this spatial inequality of property flood risk, by examining
eight distinct urban features (i.e., population density, point of interest (POI)
density, road density, and minority segregation. income segregation, urban
centrality index (UCI), gross domestic product (GDP), and humanmobility
index (HMI)) to assess their potential relationships. We use principal
component analysis (PCA) to identify three key factors shaping spatial
inequality of property flood risk: development density, centrality and seg-
regation, and economic activity. We then develop a classification and
regression tree (CART) model to examine ways these factors interact in
forming pathways leading to different levels of spatial inequality in property
flood risk in US counties. Finally, we discuss integrated urban design stra-
tegies for addressing spatial inequalityofpropertyflood risk to inform future
growth and expansion of cities. Our study provides unique and valuable
insights into the intricate relationship between urban form, urban structure,
and spatial inequality of property flood risk. These insights carry profound
implications for integrated urban design strategies aimed at mitigating
property flood risk, particularly as cities undergo further expansion and
development.

Results
Variation in spatial inequality of property flood risk among US
counties
To explore the variation in spatial inequality of property flood risk among
US counties, the SGI was calculated based on the Flood Factor dataset from

First Street Foundation (see Methods for detail). Probability density func-
tion and complementary cumulative distribution function of the SGI were
plotted in Fig. 1a, b to examine the distribution characteristics. The results
show that the probability density has an unimodal distribution with amean
of 0.255 and a standard deviation of 0.135. The complementary cumulative
density, on the other hand, exhibits a heavy-tailed distribution, indicating
the existence of a number of US counties with substantial spatial inequality
of property flood risk. The 20% of counties with the highest SGI values
account for 36% of the property flood risk, while the 20% of counties with
the lowest SGI values only account for 7% of the property flood risk. These
results suggest a notable variation in spatial inequality of property flood risk
across US counties, highlighting the importance of examining the under-
lying factors shaping this disparity.

To compare the spatial distribution of SGI and overall flood risk, we
created county-level visualizations of SGI andoverallflood risk in theUnited
States. The results show a notable variation in the SGI across US counties,
with some counties exhibiting extremely high levels of spatial inequality in
property flood risk (top panel of Fig. 1c). Interestingly, the high flood-risk
property areas shown in the overall flood risk visualization (bottom panel of
Fig. 1c), such as counties in the Gulf Coast region, do not necessarily cor-
respond to high levels of spatial inequality in our analysis (see highlighted
areas in Fig. 1c). On the contrary, some counties in California and the US
Northeast have amuch higher SGI than the counties in Texas, yet they have
lower overall flood risk. The findings indicate that the spatial inequality of
propertyflood risk is not solely determinedby the extent of overallflood risk.

Fig. 1 |Disparities of spatial inequality in propertyflood risk amongUS counties.
a Probability density function of SGI. b Complementary cumulative distribution
function of SGI. c County-level visualized comparison between the SGI and overall
flood risk. The overall flood riskwas calculated by dividing the number of properties
with flood factor risk scores larger than five by the total number of properties in each
county (see Methods for detail). The original data comes from the First Street
Foundation. We focus on 2567 counties in the continental United States for which
all data are available. The top panel of (c) uses a green-to-blue color gradient to

indicate the range of the SGI across different counties of the United States, with
lighter green representing a more equal distribution of property flood risk (lower
SGI) and darker blue representing greater spatial disparity of property flood risk
(higher SGI). The bottom panel of (c) employs a green-to-blue color gradient to
show the range of overall flood risk across the United States, with lighter green
shades indicating lower flood risk and darker blue shades indicating higher flood
risk. It’s important to note that the overall flood risk does not reflect the spatial
distribution of flood risk as the SGI does.
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To further investigate the variations in spatial inequality of property
flood risk across US counties, we classified all the counties into different
groups: coastline/non-coastline counties, metropolitan/micropolitan/other
counties, Asian/Black/White counties, and incomeQ1/Q2/Q3/Q4 counties.
As shown in Fig. 2, the results show notable variations in the SGI across
different groups, with some groups exhibiting higher levels of spatial
inequality in property flood risk than others. For instance, the boxplot for
coastline versus non-coastline counties indicates that the coastline counties
tend to have higher SGI, suggesting a higher degree of spatial inequality in
property flood risk within these areas. Similarly, metropolitan counties
exhibit higher SGI than micropolitan counties and other counties, indi-
cating that metropolitan counties have a more uneven distribution of
property flood risk. The spatial visualizations of SGI distribution in these
groups can be found in Supplementary Fig. 1. These results highlight the
importance of considering differences in urban form and structure that
shape the spatial inequality of property flood risk of counties.

Empirical statistics of urban form and structure features
Wecollected adiverse rangeof datasets through systematic literature review,
enabling us to capture various heterogeneous features related to urban form
and urban structure. Urban form and structure are concepts in urban
planning and geography that describe the physical layout and organization

of cities13–15. Urban form pertains to the physical aspects of the urban
environment and its various elements. We measured minority segregation,
income segregation, population density, and GDP in terms of urban form.
Urban structure, on the other hand, deals with the functional aspects of the
city and how different locations are connected and used. It includes UCI,
POI density, road density, and HMI. The definition of features and the
datasets used to develop these features can be found in theMethods section.
The literature referenced for the feature screening can be found in Sup-
plementary Table 1.

We divided these features into two aspects as they represent dif-
ferent dimensions of the urban environment that could impact the
spatial inequality of property flood risk. Urban form captures social and
economic factors that influence the spatial distribution of populations
and concentration of economic activities. Urban structure, on the other
hand, relates to the structural layout of cities, which can affect land use
and development patterns shaping property flood risks. These features
could potentially explain the spatial inequality of property flood risk.
For example, high levels of minority segregation could be associated
with redlining that exacerbates property flood risk in already vulnerable
areas, while dense urban centers with a high concentration of POI and
human mobility could exacerbate impervious surface and reduce
green space.

Fig. 2 | Variations in spatial inequality of property flood risk among county
groups. a Coastline/non-coastline counties, as defined by the US Census Bureau60.
We identified 211 coastline counties and 2356 non-coastline counties.
bMetropolitan/micropolitan/other counties, as identified by US Census Bureau61.
The numbers are 1101, 601, and 865 respectively. cAsian/Black/White counties. The
overrepresented race for each county is identified by comparing the proportion of
non-Hispanic White, non-Hispanic Black, and non-Hispanic Asian populations to
the average for all the counties (See Supplementary Note 1 for more details). We
totally have 2025 White-dominated counties, 539 Black-dominated counties, and 3
Asian-dominated counties. We obtained the racial population data from the 2020
race and ethnicity data from the US Census Bureau38. dWe used the median income

quantile from 2020 American Community Survey48 to distinguish counties groups:
Q1 (642 counties), Q2 (641 counties), Q3 (642 counties), and Q4 (642 counties).
Note: The orange shading represents the boxplots for the SGI in coastline and non-
coastline counties. The red shading differentiates the boxplots among metropolitan,
micropolitan, and other counties. The green shading is used for the boxplots
representing different racial groups: Asian, Black, and White. The blue shading
indicates the median income quartiles (Q1, Q2, Q3, Q4) of the SGI distribution.
The central line indicates themedian, the box edges represent the interquartile range,
and the outliers are indicated by individual points. ***p ≤ 0.01, **p ≤ 0.05, *p ≤ 0.1.
P values are obtained from t tests.
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Our initial analysis involved mapping the eight features to
examine variations in terms of urban form and structure among
counties. Figure 3 illustrates the distribution for the eight features,
revealing that the heterogeneity of urban form and structure among
US counties. With the exception of road density and income segre-
gation, all features showed higher values in coastal areas compared to

non-coastal areas. Counties in metropolitan areas, such as those in
California, Florida, and the Northeastern metropolitan area exhibited
particularly high values in the features of population density, POI
density, minority segregation, UCI, GDP, and HMI.

In the next step, we examined the urban form and urban structure
features for counties with different levels of spatial inequality of property

(c) (d)

(a) (b)

(e) (f)

(g) (h)
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Fig. 3 | Heterogeneity in urban form and structure features among US counties.
a Population density. b POI density. c Road density. d Minority segregation.
e Income segregation. f UCI. g 2019 GDP. h HMI. Since population density, POI

density, road density, and 2019 GDP have a large scale, we used logarithmic
transformation of values. See Methods for metrics definition and data processing.
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flood risk. Figure 4 illustrates that there are notable differences in the fea-
tures of urban form and urban structure among counties with different
levels of spatial inequality in property flood risk. Most features exhibit a
positive relationship with the extent of spatial inequality in property flood
risk, indicating that higher levels of spatial inequality in property flood risk
are associated with a greater extent of these features. Notably, population
density, POIdensity, andGDPshow themostpronounced relationshipwith
spatial inequality of property flood risk. This result suggests that counties
with greater populationdensity, POIdensity, andGDPhave a greater spatial
inequality in property flood risk. Higher population density may lead to a
greater concentration of people and property in flood-prone areas,
increasing the disparity in propertyflood risk. Similarly, higher levels of POI
density and GDPmay indicate greater economic activity and development,
which could be associatedwith denserdevelopment that a greater variability
in property flood risk. Our observation implies that inequality cannot be
simply quantified using only one urban feature due to the complex
mechanisms and interaction of urban features. Hidden correlation and
interactive pathways of the urban form and structure features causing in
inequalities exist and remain underexplored without relying upon further
methods. In addition, we ranked the top nine counties in the level five of
spatial inequality in property flood risk and showed their statistics for the
eight urban form and structure features. (See Supplementary Fig. 2)

Next, we analyzed the correlation between the eight urban forms and
structure features and spatial inequality of property flood risk. The results
shown in Fig. 5 suggest that seven features were positively correlated with
spatial inequality of property flood risk, while income segregation was
negatively correlated. The result is quite similar to the boxplots shown in
Fig. 4. We also calculated the Kendall coefficient, Pearson coefficient, and
Spearman coefficient for each feature to further explore the statistical sig-
nificance of the correlation (See Supplementary Fig. 3). The detail related to
the regression model and statistical test can be found in Methods.

Taking GDP as an example, the distributions of GDP and the
spatial inequality of property flood risk measured by SGI are

approximately normal, with rugs shown in Fig. 5g. The Kendall rank
correlation reaches 0.428, the Spearman rank correlation reaches 0.602,
and the Pearson correlation coefficient approaches 0.641. All measures
are statistically significant with p < 0.001, indicating a strong positive
correlation between the GDP and the extent of spatial inequality in
property flood risk. Other features such as UCI and population density
show a similar trend. The strong correlation between GDP, UCI,
population density, and SGI servers as an important indication of the
role greater economic activities, denser development, and more cen-
tralization of facilities play in spatial inequality of property flood risk in
cities. That is a pronounced concentration of economic activities,
population density, and facility centralization shape spatial inequality
of property flood risk in the United States. The result related to income
segregation reveals a reverse relationship compared with the other
features. The Kendall rank correlation between income segregation and
SGI reaches −0.113, the Spearman rank correlation reaches −0.169,
and the Pearson correlation coefficient approaches −0.207. These
measures signify a moderate negative correlation between income
segregation and spatial inequality of property flood risk. This result
suggests that counties with a greater income segregation have a lesser
extent of spatial inequality in property flood risks.

Pathways to spatial inequality of property flood risk among US
counties
In the next step, we first implemented PCA, a statistical technique used for
dimensionality reduction27, to the eight features to identify the most
important components of urban form and structure that contribute to the
spatial inequality of property flood risk. The PCA result is shown in Sup-
plementary Fig. 5. The best numberof principal componentswas selected as
three, and the cumulative explained variance of 90.59% indicates that these
three principal components capture a considerable amount of the variability
in the original data and provide a meaningful representation of the urban
form and structure.

Fig. 4 | Disparities of urban form and urban structure features in different levels
of spatial inequality of property flood risk. a Population density. b POI density.
c Road density. d UCI. e Minority segregation. f Income segregation. g 2019
GDP. h HMI. Spatial inequality of property flood risk was categorized into five

levels: 0 to ≤20% (level 1, minor inequality), 20% to ≤40% (level 2, moderate
inequality), 40% to ≤60% (level 3, major inequality), 60% to ≤80% (level 4,
severe inequality), and 80% to ≤100% (level 5, extreme inequality).
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We defined the three principal components in Table 1. The first
principal component is named development density, which includes the
features of population density, POI density, and road density, explaining
33.41% of the total variance. This component represents the level of urba-
nization and built environment density in a given area. The second com-
ponent is defined as centrality and segregation, explaining 27.56% of the
total variance and including the features of UCI, minority segregation, and
income segregation. This component represents the level of social and
economic segregation, aswell as the degreeof urban centralization in a given
area. The third component, economic activity, explains 29.62% of the total
variance and includes the features of GDP and HMI. This component
represents the level of economic activity and mobility in a given area.

Upon identification and labeling of the principal components, an
entropy-based CART model was implemented to identify pathways that
could lead to different levels of spatial inequality of property flood risk
among counties by involving the three principal components as the pre-
dictor variables and SGI levels as the response variable (See Methods for
details).

Based on the model training approaches, which involved normalizing
the three principal components to a [0, 1] range, performing an 80:20 train-
test split, and implementing 10-fold cross-validation, the model achieved
strong performance. Specifically, we measured the model’s accuracy score
(0.8284 for training data and 0.8178 for testing data), precision, recall, and
F1 score (see Supplementary Table 3). The results show that the model
performs well in accurately predicting spatial inequality of property flood
risk in counties based on the pathways with combinations of principal
components. In order to show as many pathways as possible and avoid
overfitting at the same time, we set the minimum split leaf size to 100
counties and limit the tree depth to 7. The tree graph was generated
in Fig. 6a.

In total, we obtained 14 pathways with a single strong majority cate-
gory. Some tree leaves were combined because of the same pathway struc-
ture in Fig. 6a. The spatial visualization of the counties in the 14 pathways is

shown in Fig. 7a. Each pathway is composed of no more than 200 counties.
We eventually extracted the 14 pathways through the structure of the
decision tree, some of which are shown in Fig. 6b. All the pathways can be
found in Supplementary Fig. 7.Using Pathway 1 as an example, the decision
tree classified 597 counties as having a minor level of spatial inequality of
property flood risk. The top leaf of the tree split the principal component of
development density to less than 0.442, while the second leaf split the
economic activity to less than 0.432. Development density was again split in
the third leaf to less than 0.296.Combining these three leaves, we derived the
eventual range for Pathway 1 as [0, 0.296] for development density and [0,
0.432] for economic activity.

To classify the 14 pathways based on their levels of spatial inequality in
property flood risk, three pathways were identified as minor inequality in
the most notable predicted outcomes, while three were classified as mod-
erate, two as major, two as severe, and four as extreme. For pathways with
the same level of spatial inequality in property flood risk, we synthesized
them and determined the range for the principal components (Fig. 7c). We
also created a spatial visualization of the outcomes (Fig. 7b). Results show
that the western part of the United States, as well as counties in the Coast
Gulf, Florida Peninsula, Northeastern metropolitan areas, and Great Lakes
Region, exhibit a higher level of severe and extreme spatial inequality of
property flood risk. In contrast, the contiguous counties in the central and
eastern areas exhibit relatively low spatial inequality of property flood risk.
We also list example counties for all the pathways to spatial inequality of
property flood risk, which can be found in Supplementary Table 4. For
example, New York County in New York State, Los Angeles County in
California, and Harris County in Texas are on the top of the list for the
extreme level of spatial inequality in property flood risk.

Our analysis demonstrates that the principal components of devel-
opment density centrality and segregation have a substantial influence on
determining the extreme level of spatial inequality in property flood risk.
These components exhibit a range of 0 to 1, indicating their consistent
impact on the propertyflood risk, regardless of the specific values they hold.

Fig. 5 | Correlation between urban form and structure features and spatial
inequality of property flood risk. a Population density. b POI density. c Road
density. d UCI. e Minority segregation. f Income segregation. g GDP. h HMI. The
variable distribution was given by rugs. The steel blue points show the distribution of

10% raw data. We used the ordinary least squares (OLS) regression model to fit the
data and the confidence interval was set to be 90%. All measures are statistically
significant with ***p < 0.001.
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On the other hand, the principal component of economic activitywas found
to have a range of [0.447, 1]. This observation suggests that economic
activity, encompassing GDP andHMI characteristics, plays a crucial role in
predicting the extreme level of spatial inequality in property flood risk. This
discovery underscores the significance of considering a region’s economic
activity in evaluating spatial inequality of property flood risk and for-
mulating policies to alleviate the impact of flood on the most vulnerable
populations.

The minor level of spatial inequality in property flood risk is another
example where we observe a relatively wide range for the three principal
components. Specifically, the range for development density is [0, 0.442],
which includes features such as population density, POI density, and road
density.Meanwhile, the range for economic activity,which includes features
such as GDP and HMI, is [0, 0.588]. This suggests that a county can be
classified as having aminor level of spatial inequality of property flood risk if
it satisfies both ranges for development density and economic activity. It is
also important to acknowledge that centrality and segregation play a highly
important role in this classification, as their range remains consistent across
all counties, spanning from 0 to 1.

Overall, Fig. 7c highlights the complex relationship between different
components and their contribution to the spatial inequality of property
flood risk. By identifying the specific ranges for each pathway, we can better
understand the factors that contribute to the spatial inequality of property
flood risk and inform policy-making for more targeted and effective flood
risk management.

Discussion
This study explores the relationship between urban form and structure and
spatial inequality of propertyflood risk using rich datasets across theUnited
States. As cities continue to grow and develop, it is essential to understand
ways in which features of urban form and structure could shape spatial
inequality in flood risk to properties and people. Such understanding is
particularly important for devising integrated urban design strategies to
address flood risk in conjunction with urban growth and
development plans.

The findings from this study advance our understanding of the com-
plex interplay between urban form and structure and spatial inequality of
property flood risk inmultiple important aspects. First, the findings provide
empirical evidence for the presence of notable propertyflood risk inequality
in metropolitan and coastal counties in the United States. The results
indicate that the western part of the country, as well as the counties in the
CoastGulf, Florida Peninsula, theNortheasternmetropolitan areas, and the
Great Lakes Region, exhibit greater levels of spatial inequality in property
flood risk. For example, New York County in New York State, Los Angeles
County in California, and Harris County in Texas are on the top of the list
for the extreme level of spatial inequality in property flood risk.

Second, the findings reveal the principal component factors and
pathways related to urban formand structure that shape spatial inequalityof
property flood risk. Of particular importance is the identification of devel-
opment density as the prominent principal component factors in explaining
variations in spatial inequality of property flood risks. These findings imply
that urban growth and development strategies that exacerbate development
density in cities could yield serious spatial inequality of property flood risk.

Increasing development density in cities exacerbates the existing flood risk
hotspots28 and yields new hotspots29 all of which would increase spatial
inequality of property flood risks. Cities with already substantial develop-
ment density could primarily address spatial inequality of property flood
risk by alleviating development density. Urban development strategies such
as zoning regulations30, mix-use development31, and prioritization of open
area32 that are shown to alleviate development density in cities could also
help address spatial inequality of property flood risk.

Third, the findings also provide data-driven insights regarding the
tradeoff between economic development and flood risk in cities. The results
of pathway analysis show that cities with moderate development density
would have severe or extreme spatial inequality of property flood risk if the
level of economic activity is high. The implication of this finding is that, in
order for cities to pursue economic development and growth while
addressing property flood risk and its spatial inequality, it is important to
focus on controlling development density. The combination of dense
development and high economic activity would be a pathway for severe or
extreme property flood risk in cities.

Fourth, these findings underscore the importance of integrated urban
design strategies to address complex urban issues at the intersection of
development, growth, and flood risk management. Typically, urban issues
are addressed separately using isolated plans and policies. This study shows
that urban formand structurewhich is shapedby various urban growth and
development features shape the spatial inequality of property flood risk.
Hence, it is important for various urbanplans andpolicies to be integrated to
identify strategies that address different vexing urban issues simultaneously.
Also, this study shows the importance of data-driven methods for various
fields of urban planning, engineering, city science, geography, and envir-
onmental sciences in devising integrated urban design strategies based on
examining heterogeneous urban features and their interactions to better
understand ways different urban features (individually and collectively)
shape different outcomes related to sustainability, flood risk, and other
urban phenomena.

The contributions of this study inform researchers and practitioners in
various fields including urban planning, engineering, city science, and flood
risk management about the interplay between urban form and structure
features and spatial inequality of property flood risk and also show new
avenues for future researchdirections. For example, based on thefindings of
this study, future research can investigate causal relationships between
features of urban form and structure and property flood risks in cities. For
example, causal inference techniques based on spatial deep learning can be
adopted. Using such models, future scenarios of urban growth and devel-
opment and their effects on property flood risk and its spatial heterogeneity
could be investigated.

Methods
Definition and data for spatial inequality of property flood risk
Spatial inequality of property flood risk refers to the uneven distribution of
flood risk across different geographic areas. It reflects the extent to which
certain areas exhibit a higher likelihood of experiencing flood damage to
properties than others. This discrepancy arises from a complex interplay of
factors, encompassing physical, environmental, and socio-economic ele-
ments. While it is widely accepted that various factors, such as hydrology

Table 1 | Definition of the three principal components and their composed features

Principal component Name Proportion of explained variance Main features

PC1 Development Density (DD) 33.41% Population density
POI density
Road density

PC2 Centrality and Segregation (CS) 27.56% UCI
Minority segregation
Income segregation

PC3 Economic Activity (EA) 29.62% GDP
HMI

https://doi.org/10.1038/s43247-024-01337-3 Article

Communications Earth & Environment |           (2024) 5:172 7



and land topography, influence flood risk8–10, it is crucial to emphasize that
our primary focus in this paper is on how urban form and structure impact
this inequality. The significance of urban form and structure in shaping the
spatial distribution of flood risk in cities is increasingly gaining
recognition11,12.

The raw dataset of property flood risk was obtained from Flood Factor
Score, amodel created by First Street Foundation33. The Flood Factormodel
assesses the flood risk of every property in an area and assigns it a risk score
from 1 to 10. A score of 1 indicates a low chance of flooding within the next

30 years; a score of 10 indicates a high chance of flooding. Themethodology
employed by the Flood Factor model involves the integration of property-
level data (i.e., elevation, precipitation, environmental changes over time,
and community protection initiatives), overlaying building footprints, and
applying flood hazard layers to calculate the probability of the maximum
depth of floodwater reaching a given property. It’s important to note that
this dataset encompasses all types of properties in a given area. Also, our
dataset has already taken the variations of various types of properties into
account during the calculations, incorporating factors such as property type,

Fig. 6 | CART decision tree in terms of different levels of spatial inequality in
property flood risk. a The completed CART decision tree with pathways marked in
the terminal leaves. b Example pathways for each level of spatial inequality in
property flood risk. The histogram shows the feature space distribution of the five
levels of spatial inequality in property flood risk. We use a stacked histogram so that
overlap is clear in the feature space between samples with different target classes. The
feature space of a left child is everything to the left of the parent’s split point in the
same feature space, similarly for the right child. The height in the Y axis of the

stacked histogram is the total number of samples from all classes and multiple class
counts are stacked on top of each other. The black wedge highlights the split point
and identifies the exact split value. The orange wedge highlights the split direction.
The category with the largest area in the pie chart is considered to be the result of the
classification prediction. “n” represents the number of counties in the pathway. EA,
DD, and CS represent economic activity, development density, and centrality and
segregation, respectively.
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year of construction, structure, height, and whether the property is situated
within a floodplain33.

SGI is a measure of spatial inequality. It is calculated as the area dif-
ference between aperfectly equal distribution and the actual distribution34,35.
An SGI of 0 represents a perfectly equal distribution of the feature of interest
and 1 would describe a distribution where different areas have different
values of the feature of interest34. In this study, SGI captures the spatial
heterogeneity of property flood risk in a county. We calculated the per-
centage of property flood risk for each county by dividing the number of
properties with Flood Factor score larger than six to the total number of
properties, denoted here by xi. The entropy-based SGI is given by36:

SGI ¼
PN

i¼1

PN
j¼1wij xi � xj

�
�
�

�
�
�þ ð1� wijÞ xi � xj

�
�
�

�
�
�

2n2 xh i
ð1Þ

whereN is the number of neighborhoods, and xh i ¼ 1
N

P
ixi is the mean of

the variable of interest. The spatial weight wij is defined according to the
adjacencymatrixAwherewij = 1 if twoareas areneighbors, and0otherwise.
Thediagonal elementswii = 0as defined inA andW corresponds to the sum
of all weights.

Definition and data for urban form features
GDP. To estimate the status of the economic development of the county,
we adopted the 2019 data of gross domestic product for each county. The
data are provided by the Bureau of Economic Analysis in the US
Department of Commerce37.

Population density. The population size was obtained from the 2020
race and ethnicity data from US Census Bureau38. We calculated the
population density at the county level by dividing the total population of
the county by its land area. Land area data was also obtained from the US
Census Bureau39.

Minority segregation and income segregation. Urban segregation
refers to the physical and social separation of different racial, ethnic, and
socioeconomic groups within a city40. This separation can take many
forms, including minority segregation and income segregation. One of
the key consequences of urban segregation is that it often leads to unequal

distribution of resources, as well as increased exposure to environmental
hazards such as flooding41,42.

In this study, we adopted the Dissimilarity Index (DI) to evaluate
minority segregation and income segregation. TheDI is ameasure of spatial
segregation that indicates the extent to which two groups are evenly dis-
tributed across different areas, which ranges from 0 (indicating perfect
evenness) to 1 (indicating complete separation)43,44. We calculated the DI
based on the proportion of minority population (for minority segregation)
and the proportion of low-income population (for income segregation) at
the census tract level relative to the county level45:

DI ¼ 1
2

Xn

i¼1

xi
X
� yi

Y

�
�
�

�
�
� ð2Þ

where xi is the minority population (or low-income population) in the
smaller geographical unit; X is the minority population (or low-income
population) in the larger geographical unit. yi is the reference population in
the smaller geographical unit; Y is the reference population in the larger
geographical unit. In our study, smaller geographical unit refers to census
tract level and the larger geographical unit refers to county level.

For minority segregation, we collected the racial population data from
the 2020 race and ethnicity data from theUSCensus Bureau38. The primary
racial groups in this study are non-Hispanic White, non-Hispanic Black,
and non-Hispanic Asian residents. Non-Hispanic populations are selected
because White, Black, or Asian populations can be mutually selective from
Hispanic populations. Themethod of this kind of analysis is consistent with
those frequently adopted by high-impact research works25,46,47. We con-
sidered the non-Hispanic Black, and non-Hispanic Asian as the minority
population and non-Hispanic White as the reference population.

For income segregation, we extracted median income data from the
2020 American Community Survey48. This study used the 5-year estimates
of median income due to the broader coverage of areas, larger sample size,
and higher precision, making the data more reliable than 1-year and 3-year
estimates. We used the quantile income groups of a county (Q1 to Q4) to
indicate income levels with Q1/Q2 representing low-income groups and
Q3/Q4 represent high-income groups, respectively.

Fig. 7 | Spatial visualization of the pathways and their range regrading to the principal components. a Spatial distribution for the original fourteen pathways. b Spatial
distribution for the five synthetic pathways. c Range values of the principal components in the five synthetic pathways.
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Definition and data for urban structure features
POIdensity. To capture the distribution of physical facilities, we adopted
the 6.5 million active POI data in the US from SafeGraph49. The dataset
includes basic information about POIs, such as POI IDs, location names,
geographical coordinates, addresses, brands, and North American
Industry Classification System (NAICS) codes to categorize POIs. The
NAICS code is the standard used by federal statistical agencies in clas-
sifying business establishments50. In this study, we selected ten essential
types of POIs that are closely relevant to human daily lives: restaurants,
schools, grocery stores, churches, gas stations, pharmacies and drug
stores, banks, hospitals, parks, and shopping malls. We counted the
number of POIs in each county and calculated their density as their
facility distribution feature.

Road density. To capture the distribution of transportation network, we
extracted data from Open Street Map51 to calculate the density of road
segments in counties. We estimated complete road networks from the
rawdata by assembling road segments. Since the lengths of road segments
created by the source were in close proximity, we calculated road density
by dividing the number of road segments by the areas of a county.

Urban centrality index. We adopted UCI to characterize the cen-
tralization degree of the facilities in a county. UCI is the product of the
local coefficient and the proximity index52. The local coefficient was
computed based on the number of POIs within each census tract; the
proximity index was computed based on the number of POIs within each
census tract along with a distance matrix that considered the distance
between census tracts. The value of UCI ranges from 0 to 1. The values
close to 0 indicate polycentric distribution of facilities within a county,
while the values close to 1 indicate monocentric distribution of facilities.
The indices are formulated as follows52:

LC ¼ 1
2

XN

i¼1

ðki �
1
N
Þ ð3Þ

PI ¼ 1� V
Vmax

ð4Þ

V ¼ K 0 ×D×K ð5Þ

whereN is the total number of census tracts in a county; K is a vector of the
number of POIs in each census tract; ki is a component of the vectorK;D is
the distance matrix between census tracts; Vmax is calculated by assuming
that the total POIs are uniformly settling on the boundary of the county; LC
is the local coefficient, which measures the unequal distribution; PI is the
proximity index, which resolves the normalization issue; V is the
Venables Index.

Human mobility index. To understand the inequality of population
activities, we employed mobile phone data from Spectus Inc. to develop
the metric of HMI. The data has a wide set of attributes, including
anonymized user ID, latitude, longitude, POI ID, time of observation, and
the dwelling time of each visit53. Prior studies found that Spectus mobile
phone data is representative to describe human activities and
mobility54–56. Hence, the feature generated using the dataset should be
representative and valid for our analyses. We extracted the data from
April 2019 (28 days) to account for the variation of population activities
on weekdays and weekends. Our period is also during regular conditions
when no external extreme events perturbed human activities. To develop
theHMI,wefirst assigned each visit point vi to a definedCBG in a county.

Then, we calculated HMI as follows:

HMI ¼
Pn

i¼1vi
28n

ð6Þ

where n denotes the number of CBGs in a county.
We finally mapped the values of HMI to the range from 0 to 1 using

min-max scaling. TheproximityofHMIvalues to 0or 1 indicates the level of
humanmobility and activity, with values closer to 0 indicating lower activity
and values closer to 1 indicating higher activity in a county.

Statistical analysis
Ordinary least squares regression model. We employed an ordinary
least squares regressionmodel to capture the relationships between urban
form and structure and spatial inequality of property flood risk among
counties and to understand the relative importance of each feature57:

yi ∼ β0 þ β1xi;1 þ β2xi;2 þ β3xi;3 þ β4xi;4
þ β5xi;5 þ β6xi;6 þ β7xi;7 þ β8xi;8 þ εi

ð7Þ

where, yi is the SGI of county i; xi,1–xi,8 are the features of urban form and
structure; β are coefficients; εi is the error term.

In the regression, since the values of POI density, population density,
road density, and GDP have a much larger scale than other variables, we
used logarithmic transformation of values. Three statistical tests, Kendall’s
tau test, Pearson’s correlation test, and Spearman’s rank correlation test
were then conducted for the correlation analyses to examine statistical
significance and determine feature importance.

Classification and regression tree model. The CART model is an
unsupervisedmachine learning algorithm used to build a decision tree by
recursively splitting the data based on the predictor variables tominimize
the entropy in the response variable58. The decision tree consists of a
series of nodes, each representing a split in the data based on a particular
predictor variable, and terminal nodes representing the predicted
response variable for a given combination of predictor variable values.
The method to identify the best splits is to minimize the entropy. If the
entropy of the two child nodes is not lower than that of a parent node,
splitting will be terminated any further. The entropy (E) is given by59:

E ¼ �
Xn

i¼1

pilog2ðpiÞ ð8Þ

where pi is the fraction of items in the class i.
In this study, we categorized the SGI into five levels: 0 to ≤20% (minor

inequality), 20% to ≤40% (moderate inequality), 40% to ≤60% (major
inequality), 60% to ≤80% (severe inequality), and 80% to ≤100% (extreme
inequality). Then, we implemented a CART classification algorithm using
the principal components as the predictor variables and SGI levels as the
response variable.

Decision treeswere utilized to pinpoint the factors that shape pathways
to different levels of spatial inequality of property flood risk among different
counties. By analyzing the decision trees and the pathways they present, this
study aims to shed light on the contributing factors to the spatial inequality
of property flood risk in the United States. Our primary objective is to
uncover as many pathways as possible while maintaining good perfor-
mance, considering the balance between complexity and performance. To
achieve this, we set theminimum split leaf size to 100 counties and limit the
tree depth to seven, enabling us to generate more pathways while also
limiting the tree depth to prevent overfitting.

Data availability
All data were collected through a CCPA- andGDPR-compliant framework
and utilized for research purposes. The datasets of POI, human mobility,
and Flood Factor scores that support the findings of this study are available
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from SafeGraph Inc., Spectus Inc., and First Street Foundation respectively,
but restrictions apply to the availability of these datasets, which were used
under license for the current study. The datasets can be accessed upon
request submitted on safegraph.com, spectus.ai, and firststreet.org, respec-
tively. Other data (GDP37, population data38, Land area data39, median
income data48, NAICS code50, Open Street road segments51) used in this
study are all publicly available.

Code availability
The code that supports the findings of this study is available from the
corresponding author upon request.
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