
 

Supplementary Figure 1 Characteristics of clusters in Greater New York 

 

Supplementary Figure 2 Characteristics of clusters in Greater Los Angeles 

 



 

Supplementary Figure 3 Characteristics of clusters in Greater Chicago 

 

Supplementary Figure 4 Characteristics of clusters in Greater Dallas 

 



 

Supplementary Figure 5 Characteristics of core city and other areas in Greater New York 

 
Supplementary Figure 6 Characteristics of core city and other areas in Greater Los 

Angeles 



 
Supplementary Figure 7 Characteristics of core city and other areas in Greater Chicago 

 
Supplementary Figure 8 Characteristics of core city and other areas in Greater Dallas 

 



 
Supplementary Figure 9 Relations between average flood risk and spatial inequality of 

cities within Greater New York 

 

Supplementary Figure 10 Relations between average flood risk and spatial inequality of 

cities within Greater Los Angeles 

 

 
Supplementary Figure 11 Relations between average flood risk and spatial inequality of 

cities within Greater Chicago  

 



 
Supplementary Figure 12 Relations between average flood risk and spatial inequality of 

cities within Greater Dallas 

 



 
Supplementary Figure 13 Cities showing large average flood risk levels and low spatial 

inequality. These cities whose population numbers are larger than 100,000 are listed in Table 

S2.  

 

  



Supplementary Table 1 The relation between flood risk level and entered content 

(Adapted from https://www.fema.gov/openfema-data-page/fima-nfip-redacted-claims-v1) 

Level  Entered content  

1 Basement/Enclosure/Crawlspace/Subgrade Crawlspace only 

2 Basement/Enclosure/Crawlspace/Subgrade Crawlspace and above 

3 Lowest floor only above ground level  

(No basement/enclosure/crawlspace/subgrade crawlspace) 

4  Lowest floor above ground level and higher floors  

(No basement/enclosure/crawlspace/subgrade crawlspace) 

5 Above ground level more than one full floor  

 

Supplementary Table 2 Cities with a population larger than 100,000 and show high 

flood risk levels while low spatial inequality 

 

City name  Population number (in the unit of thousand) 

Houston city, Texas 228.8 

Irving city, Texas 25.42 

Frisco city, Texas 21.07 

Huntington Beach city, California 19.67 

Garden Grove city, California 17.05 

East Los Angeles CDP, California 12.05 

Lewisville city, Texas 11.29 

Sugar Land city, Texas 10.94 

Allen city, Texas 10.69 

Norwalk city, California 10.04 

 

  

https://www.fema.gov/openfema-data-page/fima-nfip-redacted-claims-v1


Supplementary Table 3 Summarize of flood risk reduction strategies based on features 

of each risk level 

Flood risk aspects Strategies 

High flood 

hazard 
/ 

Engineering solutions to control the flow of 

stormwater runoff 

High flood 

exposure 
/ 

Land use planning to restrict development in 

flood-prone areas, or the government’s buyout of 

flood-prone areas 

High social 

vulnerability 

High poverty rate 

Financial aid to help them buy flood insurance, 

reinforce their homes, rebuild flood-damaged 

homes, migrate to lower flood risk areas 

High limited English-

speaking  

Provide flood-related information in different 

languages 

High disability rate 
Policy to ensure accessibility of shelters and 

financial aid to rebuild homes after floods 

High 

physical 

vulnerability 

Large POI number 
Engineering solutions to protect POIs providing 

essential service  

Large building age Engineering solutions to reinforce the building  

Low foundation height 
Engineering solutions to raise foundation heights 

to prevent floods from entering the building  

 

 

  



Supplementary Table 4 Notation for core parameters used in the urban flood risk rating 

model  

Notation Definition 

𝑨̃ ∈ 𝑅𝑚∗𝑚 

The learned adjacency matrix of the spatial flood dependence network 

with unknown parameters, where 𝑚 is the number of grid cells in each 

MSA 

𝑨̃∗ ∈ 𝑅𝑚∗𝑚 
Adjacency matrix of spatial flood dependence network after post-

processing 

𝑨∗ ∈ 𝑅𝑚∗𝑚 The final optimal adjacency matrix of spatial flood dependence network 

𝑨∗̅̅ ̅ ∈ 𝑅𝑚∗𝑚 𝑨∗̅̅ ̅ = 𝑨∗ + 𝑰  , and 𝑰 is the identity diagonal matrix of 𝑨∗ 

𝑩𝑭 ∈ 𝑅𝑚∗𝑑𝐵𝐹 Binary flood occurrence matrix, where 𝑑𝐵𝐹 is the number of features  

𝑭𝑹 ∈ 𝑅𝑚∗10 Flood risk-related feature matrix  

𝑮𝐾 = (𝑲, 𝑩𝑭) 
The constructed 𝐾𝑁𝑁  graph view, where 𝑲  is the 𝐾𝑁𝑁  graph 

structure 

𝑮𝐿 = (𝑨̃∗, 𝑩𝑭) The constructed learned graph view 

𝑩𝑭̅̅ ̅̅ , 𝑮𝐾
̅̅ ̅̅ , 𝑮𝐿

̅̅̅̅  
The augmented binary flood occurrence matrix, 𝐾𝑁𝑁 graph view and 

learned graph view 

𝒁(𝐿𝐺𝐸) 
The output representation learned by GCN (with unknown parameters) 

and 𝐿𝐺𝐸 is the layer number of GCN 

𝑯(𝐿𝐺𝐸) 
The output representation learned by DNN (without unknown 

parameters) 

𝐿𝐺 The loss function of the contrastive learning  

𝐿𝑟𝑒𝑠 The reconstruction loss 

𝐿𝑡𝑎 
The KL-divergence loss between ancillary cluster assignment 𝑄 

distribution and the target distribution 𝑃 

𝐿𝑐𝑙𝑢 
The KL-divergence loss between cluster assignment distribution 𝑍 and 

the target distribution 𝑃 

𝐿 The loss function of the clustering model  

 

  



Supplementary Notes 

S1 Binary Flood occurrence matrix construction 

FEMA historical flood claim dataset1 which contains the field of location and time of the flood 

claim is adopted to generate a binary flood occurrence matrix (𝑩𝑭 ∈ 𝑅𝑚∗𝑑𝐵𝐹 ). Following 

Brunner et al2’s work, flood claims in the same week are recognized as the same flood event. 

Flood claims from 8/31/1970 through 4/14/2022 are adopted and this time period is split into 

week intervals. The element (𝑖, 𝑗) in 𝑩𝑭 describes whether there is a flood event in week 𝑗 

for grid cell 𝑖.  

The location information of the flood claim includes census tract, Zip code, longitude, and 

latitude1. However, the precision of the longitude and latitude information of the flood claim is 

reduced to 1 decimal for privacy consideration. To set the location of the flood claim as 

accurately as possible, the location polygon of each flood claim is generated using the 

information of census tract, Zip code, and (longitude, latitude). A square is first constructed 

using the (longitude, latitude) coordinates of the flood claim as the center with an edge length 

of 0.1 degrees. The precise location of the flood claim should be within this square. This square 

is further intersected with polygons of the census tract and Zip code of this flood claim. The 

intersection among them is treated as the location polygon. For grid cell 𝑖, if there is a location 

polygon with flood claim in week 𝑗  interesting with it, the value of (𝑖, 𝑗)  in the 𝑩𝑭  is 1, 

otherwise it is 0. 

 

S2 Flood risk feature matrix construction 

Flood hazard. Flood hazard is measured by flood frequency and flood intensity to describe the 

probability and intensity of possible flood events following the work of de Moel et al3., 

Mohanty et al4., and Wing et al5. The flood frequency is obtained by summing up each row of 

the 𝑩𝑭, which is the value of the total flood events of each grid cell during the study period. 

Flood intensity is approximated using the field of “Location of Contents” in the FEMA flood 

insurance claim dataset. This field indicates where the contents within the building are impacted 

by the flood. Its value ranges from level-1 basement only to level-5 more than one full floor1  

(See Table S.1 for detailed information.) The larger value of Location of Contents indicates the 

deeper flood inundation depth, which represents the more intensive the flood event is. The flood 

intensity of a grid cell is calculated as the average value of Location of Content” for all location 

polygons intersecting with it.  

Flood exposure. Flood exposure is measured by the population number and building area, 

which represent the valuated social components (e.g., people and buildings) exposed to flood 

hazards following De Moel et al6. and Koks et al7.’s definition of flood exposure.   

The population number is calculated using the 2020 Decennial Census data8 at the block 

level. This dataset provides the total population (P1_001N) in each block. The population 

density in each block is calculated by dividing the population number by the block area. The 

population density of each grid is determined by the average population density for all blocks 

that intersect with it. The total population number of each grid cell is calculated by multiplying 

its population density and area.  

The building area is calculated using the National Structure Inventory (NSI) dataset9  

which contains the field of location and estimated square footage of the structure. The highly 

detailed geographic coordinates of the structure are at the resolution of seven decimals. The 



building area of a grid cell is determined by the total area of all structures inside it.  

Social vulnerability. Poverty rate, disability rate, and limited English-speaking rate are 

selected to measure grid cell’s social vulnerability. People in poverty have limited economic 

capacity to buy flood insurance to protect their houses, and repair their homes after floods10,11. 

Those with disability have limited physical ability to escape from floods, and repair their 

damaged homes11–13. Floods would also increase the mortality of these population groups11,12. 

The limited English-speaking population has language barriers to finding needed flood 

information, which hampers their familiarity with local flood hazards, ability to make a timely 

response to floods, and availability of rescue resources after floods11,14. These socially 

vulnerable populations have a limited ability to cope with and recover from floods 15,16, which 

makes the floods cause greater impacts on these populations and amplify flood risk on them.  

These social vulnerability-related features are calculated using the CDC/ATSDR Social 

Vulnerability Index (SVI) dataset17. It provides the rate of poverty, disability, and limited 

English-speaking at the census tract level17. The population in poverty is calculated by 

multiplying the poverty rate and the total population number. The population density of poverty 

in each census tract is then calculated by dividing the population number in poverty and the 

census tract area. The population density of impoverished people for each grid cell is 

determined by the average population density of poverty across all census tracts intersecting 

with it. By multiplying the poverty density by the grid cell area, the population number of 

impoverished individuals for each grid cell can be computed. Finally, after the population 

number in poverty divided by the total population number, the poverty rate could be obtained. 

Disability rate and limited English-speaking rate are calculated similarly. This process can be 

expressed using Equation (S1) as follows: 

 

𝑅𝑔𝑐_𝑗 =  

∑
𝑅𝑖 × 𝑃𝑐𝑡_𝑖

𝑆𝑐𝑡_𝑖

𝑁𝑐𝑡
𝑖=1

𝑁𝑐𝑡
× 𝑆𝑔𝑐_𝑗

𝑃𝑔𝑐_𝑗
 

(S1) 

 

where, 𝑅𝑖 is the rate of poverty, disability, or limited English-speaking in the census tract 𝑖, 

𝑃𝑐𝑡_𝑖 is the total population number in the census tract 𝑖, 𝑆𝑐𝑡_𝑖 is the area of the census tract 

𝑖, 𝑁𝑐𝑡 is the number census tract intersected with the grid cell 𝑗, 𝑆𝑔𝑐_𝑗 is the area of gird cell 

𝑗, 𝑃𝑔𝑐_𝑗 is the total population number in gird cell 𝑗, and 𝑅𝑔𝑐_𝑗 is the rate of poverty, disability, 

or limited English-speaking in gird cell 𝑗.  

Physical vulnerability. Physical vulnerability is measured by POI number, building age, and 

the foundation height of the building. When floods impact communities with a large number of 

POIs, they will severely disrupt the most fundamental service provided by these communities, 

such as access to health and food services, schools, and child care centers11. Structure materials, 

construction practices, and building codes for older buildings are less advanced than the newer 

buldings. Older buildings tend to have a higher risk of structure damage under floods 18–20. 

These conditions make the old buildings less resistant to floods than the newly built ones. 

Buildings with higher foundation heights are more capable of preventing floodwater entry 18,21. 

Flood events will intense their impacts on these physically vulnerable communities 5,22.  

Building age and the reciprocal foundation height are calculated using the NSI dataset. 

The location information of the foundation height is the same as that of the building area in the 



NSI dataset. The foundation height in each grid cell is calculated by taking the average value 

of foundation height across all structures inside it. The reciprocal foundation height value is 

further calculated by taking the reciprocal of the foundation height. The location information 

of building age is at the census tract level. The building age of each grid cell is calculated by 

taking the average value of building age across all census tracts intersecting with it.  

 Point-of-interest information is from SafeGraph23. Fields of latitude, longitude, and 

naics_code of the POI dataset are adopted. The latitude and longitude are in the resolution of 

seven decimal places, which is accurate enough to calculate the number of POIs inside the grid 

cell. By filtering POI categories by NAICS codes starting with 11 and 21, facilities services 

POIs were included in this study. POIs categorized as facility services are included in this study. 

The total number of POIs within each grid cell is counted.   

 

S3 Construction of KNN graph view  

For each data sample in 𝑩𝑭, its similarity with other data points is calculated, and edges are 

set to its 𝑡𝑜𝑝 − 𝐾 similar neighbors, following the work of Bo et al24.  

We first calculate the similarity matrix using the Heat Kernel as shown in the following equation: 

 
𝑺𝑖𝑗  =  𝑒−

||𝑥𝑖 − 𝑥𝑗 ||2

𝑡  (S2) 

where 𝑺𝑖𝑗 is the similarity between grid cell 𝑖 and 𝑗, 𝑥𝑖 ∈ 𝑅𝑑𝐵𝐹 is the row vector represents 

the 𝑖-th data sample in 𝑩𝑭, and 𝑡 is the time parameter in the heat conduction equation.  

With this similarity matrix, for each data sample, nodes whose similarity values are among 

the top–K are chosen to be this node’s neighbors. Edges are set to connect it with its neighbors. 

In this way, the 𝐾𝑁𝑁  related adjacency matrix 𝑲  is constructed. 𝑲  is integrated with 𝑩𝑭   

then the 𝐾𝑁𝑁 graph view 𝑮𝐾 = (𝑲, 𝑩𝑭) is constructed. Where 𝑲 provides graph structure 

information, 𝑩𝑭 provides feature matrix information. 

 

S4 Data augmentation in the first layer of FloodRisk-Net 

Attribute masking. As summarized by Wu et al25, in attribute masking, researchers usually 

randomly select a fraction of feature dimensions to be masked. In our study, we randomly select 

some columns in 𝑩𝑭 ∈ 𝑅𝑚∗𝑛 to be masked, the value of selected columns will be set to be 

zeros while those not selected will not be changed.  The column in 𝑩𝑭 represents whether 

there is flood occurrence during this week, and the row represents the data sample (grid cell). 

The practical meaning of this attribute masking is that we randomly select some weeks’ flood 

information to be masked for all data samples. The probability distribution of the column 

selection is generated by Bernoulli distribution, which is frequently used in attribute masking 

as summarized by Wu et al25. This attribute masking could be expressed using the following 

formula: 

 𝑩𝑭̅̅ ̅̅  =  𝜏𝐴𝑚(𝑩𝑭)  = 𝑩𝑭𝑇 ⊙ 𝑨𝒎 = [𝑥1
𝑇 ⊙ 𝐴𝑚, . . . , 𝑥𝑛

𝑇 ⊙ 𝐴𝑚]𝑇 (S3) 

where, 𝑩𝑭̅̅ ̅̅ ∈ 𝑅𝑚∗𝑛𝐵𝐹  is the augmented binary flood occurrence matrix,𝜏𝐴𝑚(. ) is the attribute 

masking transformation, 𝑩𝑭𝑇 is the transpose of the 𝑩𝑭 , ⊙  is the Hadamard operation, 

𝑨𝒎 ∈ {0,1}𝑚  is the masking column selection vector whose value is sampled from the 

Bernoulli distribution with probability 𝑝(𝑥), 𝑥𝑖
𝑇 is the transpose of the 𝑥𝑖. 

Edge perturbation. Wu et al25 summarized that graph structure would be perturbed by 

randomly adding or removing a certain fraction of connections in edge perturbation 



augmentation. In this work, a portion of edges in the graph structures in both views are 

randomly selected to be masked. The practical meaning is that the spatial flood dependence will 

be corrupted by adding or removing edges. The edge perturbation can be expressed as the 

following equation: 

 𝑨̅  =  𝜏𝑒𝑝(𝑨)  =  𝑨 ⊙ 𝑴 (S4) 

where, 𝑨 ∈ 𝑅𝑚∗𝑚 is the 𝐾𝑁𝑁 graph structure 𝑲 in 𝐾𝑁𝑁 graph view, or the learned graph 

structure 𝑨̃∗in the learned graph view. 𝜏𝑒𝑝(. ) is the edge perturbation transformation. 𝑨̅ is the 

augmented graph structure. 𝑴 ∈ {0, 1}𝑛𝐵𝐹∗𝑛𝐵𝐹  is the graph masking matrix whose value is 

sampled from the Bernoulli distribution with probability 𝑝(𝑎).  

In this model, we conduct these two data augmentation strategies on both views as the 

following: 

 𝑮𝐾
̅̅ ̅̅ = (𝜏𝑒𝑝(𝑲), 𝜏𝐴𝑚(𝑩𝑭)), 𝑮𝐿

̅̅̅̅ = (𝜏𝑒𝑝(𝑨̃), 𝜏𝐴𝑚(𝑩𝑭)) (S5) 

where, 𝑮𝐾
̅̅ ̅̅  and 𝑮𝐿

̅̅̅̅  are augmented 𝐾𝑁𝑁 graph view and learned graph view, respectively. We 

set the probability 𝑝(𝑥) and  𝑝(𝑎) to be different in both views, which means 𝑝𝐾
(𝑥)

 ≠  𝑝𝐿
(𝑥)

,  

𝑝𝐾
(𝑎)

 ≠  𝑝𝐿
(𝑎)

.  

S5 Eligibility for setting target distribution P as ground-truth labels 

The target distribution 𝑃 can be viewed as the square and normalization of each assignment 

in 𝑄.24,26 Nodes close to the cluster center are regarded as high-confidence assignments. By 

raising the distribution 𝑄 to the second power in 𝑃, it aims to emphasize the role of these 

high-confidence assignments so as to optimize the node representation learning. From the other 

hand, the soft cluster frequencies normalization can prevent the solution that all instances 

assigned to the same cluster26. These two properties have been analyzed as the key points of the 

success of the self-training strategy26 and have been demonstrated powerful in clustering 

tasks24,27–30. 

 

S6 Model training  

Hyperparameters tuning. Hyperparameters in FloodRisk-Net are summarized in Table S5. 

We set the searching space for each hyperparameter and use grid search to select the optimal 

set of hyperparameters. In the first layer of the model, the feature masking rate is searched in 

{0.1,0.3,0.6,0.9}, edge dropping probability is tuned among {0,0.25,0.5,0.75}, the embedding 

dimension of representation and projection in contrastive learning are both searched among 

{16,32,64,128}, and the coefficient ( 𝜏 ) controlling the update of 𝐾  is searched among 

{0.99,0.999,0.9999}. In the second layer, the embedding dimension of the autoencoder and 

GCN model is searched among {10,16,32,64}. In the last layer, the clustering number which 

represents the number of flood risk levels is tuned in {5,6,7,8,9}, and coefficients 𝛼 and 𝛽 

are both searched in {0.01,0.1,1}. The rest of these hyperparameters are set to be deterministic. 

The layer number of the graph leaner embedding network (𝐿𝑒𝑛) is set as 2. The layer number 

of encoding, projection and embedding in the contrastive learning part are all set as 2. 

Temperature parameter 𝑡 in 𝑁𝑇 − 𝑋𝑒𝑛𝑡 is set as 0.2 following the work, of Chen et al 31. We 

set 𝐿𝐺𝐸 as 5 and set the dimension of the GCN or encoding network of DNN as 𝑑𝐺 − 500 −

500 − 2000 − 10, where 𝑑𝐺 is the dimension of the input data. Set the dimension of decoding 

network of DNN as 10 − 500 − 500 − 2000 − 𝑑𝐺 following the work of Xie et al.32, Y. Chen 



et al.33, Bo et al24. The DNN module is first pre-trained with 100 epochs and the learning rate 

is 10−3 following the work of Bo et al24.  

For each combination of hyperparameters, the model is tested and the performance of the 

model is evaluated using the Calinski and Harabasz (C&H) score 34.  

 

  



Supplementary Table 4. Hyperparameters and their value range 

Layer Hyperparameters Value Range 

1st layer—

Spatial Flood 

dependence 

Network 

Learner 

Dimension of representation and projection 

(𝑑1 and 𝑑2) 

{16, 32, 64, 128} 

Layer number of the graph leaner 

embedding network (𝐿𝑒𝑛) 

2 

Layer number of encoding, projection and 

embedding in the contrastive learning part 

2, 2, 2 

Feature masking probability {0.1, 0.3, 0.6, 0.9} 

Edge dropping probability {0, 0.25, 0.5, 0.75} 

Temperature for contrastive loss 0.2 

𝐾 on KNN graph view  10 

Learning rate 10−3 

Training epoch 2000 

𝜏 {0.99,0.999,0.9999} 

2nd layer— 

Node 

representation 

learning  

Dimension of the GCN  𝑑𝐺 − 500 − 500 − 2000 − 10 

Dimension of the encoding part of DNN 𝑑𝐺 − 500 − 500 − 2000 − 10 

Dimension of decoding part of DNN  10 − 500 − 500 − 2000 − 𝑑𝐺 

Balance coefficient (𝜖) 0.5 

3rd layer— 

Flood risk level 

determination 

Clustering number  {5, 6, 7, 8, 9} 

Clustering coefficient in loss function (𝛼) {0.01, 0.1,1} 

Coefficient 𝛽 in the loss function {0.01, 0.1,1} 

Pretrain epoch and learning rate  100, 10−3 

Model training epoch and learning rate 1000, 10−3 

 

Optimal shared clustering number. The optimal set of hyperparameters for each MSA is 

obtained after hypermeter tuning. The optimal value of the same type of hyperparameter in 

different MSAs would be different. In our model, the clustering number equals the number of 

flood risk levels. In order to compare the flood risk spatial distribution in each MSA better, we 

try to set the clustering number in each MSA to be the same through the following steps: 

1. For each optional clustering number, search for the optimal set of hyperparameters other 

than the clustering number that maximizes the C&H score of each MSA.  

2. Then, calculate the average C&H score across all five MSAs at each clustering number.  

3. The optimal shared clustering number of all five MSAs is determined by selecting the 

clustering number that yields the highest average C&H score across all MSAs.  

 

The average C&H score across all five MSAs for each clustering number is calculated and 

shown in Fig. S14 following the above steps. It shows that the average C&H score reaches its 

maximum when the clustering number is 6. Therefore, the optimal clustering number across 

five MSAs is set to be 6, which means we set the possible flood risk from level 1 (the lowest 

flood risk) to level 6 (the highest flood risk).   



 
Supplementary Figure 14. The relations between the average Calinski and Harabasz 

score value across all five MSAs and the clustering number 

 

S7 Calculation of Moran’s I taking spatial dependence network as weight matrix 

Following Li et al.35 and Moran36, global Moran’s I can be calculated as: 

 
𝐼 =  

𝑛

∑ ∑ 𝑤𝑖𝑗𝑗𝑖

∑ ∑ 𝑤𝑖𝑗𝑗𝑖 𝑧𝑖𝑧𝑗

∑ 𝑧𝑖
2

𝑖

 (S6) 

Where 𝑛 is the number of grid cells in each MSA, 𝑧𝑖 is the value of flood risk level in grid 

cell 𝑖, and 𝑤𝑖𝑗 is the strength of spatial dependence between grid cell 𝑖 and grid cell 𝑗.  

 

S8 Calculation of average flood risk level and spatial inequality  

The average flood risk level of each city is calculated as the average flood risk value of all grid 

cells within the city boundary. 

Spatial inequality is measured by Theil index. Following Manz and Mansmann37; Rey et 

al.38, and Theil39, the Theil index can be calculated and decomposed as follows: 

 

𝑇 =  ∑ (
𝑦𝑖

∑ 𝑦𝑖
𝑚
𝑖=1

𝑙𝑛 [𝑚
𝑦𝑖

∑ 𝑦𝑖
𝑚
𝑖=1

])

𝑚

𝑖=1

 

    = [∑ 𝑠𝑔𝑙𝑛 (
𝑚

𝑚𝑔
𝑠𝑔)

𝑤

𝑔=1

] + [∑ 𝑠𝑔 ∑ 𝑠𝑖,𝑔 𝑙𝑛(𝑚𝑔𝑠𝑖,𝑔)

𝑖∈𝑔

𝑤

𝑔=1

] 

    = 𝐵 + 𝑊 

 

(S7) 

 

(S8) 

 

where 𝑚 is the total number of grid cells in each MSA, 𝑦𝑖 is the flood risk level in grid cell 

𝑖, 𝑤 is the number of mutually exclusive groups (in this study it equals 2, representing the core 

city and other areas), 𝑚𝑔 is the number of grid cells assigned to region 𝑔, 𝑠𝑔 =
∑ 𝑦𝑖𝑖∈𝑔

∑ 𝑦𝑖𝑖
, and 

𝑠𝑖,𝑔 =
𝑦𝑖

∑ 𝑦𝑖𝑖∈𝑔
.  

The first item (𝐵) measures the spatial inequality originates from between groups. It is 



calculated by treating each group as a whole and then calculating their spatial inequality value 

similar to the normal Theil index equation (Equation S7). The second term represents the 

within-group spatial inequality. It is the weighted sum of spatial inequality in each group and 

each group’s spatial inequality is calculated in the same way as the normal Theil index equation 

(Equation S7).  
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