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Abstract

:

The environmental justice research on urban–rural exposure to flooding is underdeveloped and few empirical studies have been conducted in China. This study addresses this gap by exploring the probabilities of exposure to floods (10-, 20-, and 50-year) and examining the relationship between vulnerable groups and flooding in Nanjing, an important central city on the Yangtze River. Statistical analysis is based on multivariable generalised estimating equation (GEE) models that describe sociodemographic disparities at the census-tract level. The results revealed that (1) highly educated people in the urban centre are more likely to live in areas with high flood risk because of the abundance of education resources, and employment opportunities are concentrated in the urban centre. (2) Natives in suburban areas are more likely to live in flood-prone areas due to their favourable ecological environments near rivers and lakes. (3) Women in rural areas are more likely to live in high-flood-risk zones because most of the men are migrant workers. These findings highlight the urgent need to develop mitigation strategies to reduce flood exposure, especially in districts with high proportions of socially disadvantaged people. The linkages between rural and urban areas need to be strengthened in order to reduce flood exposure.
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1. Introduction


Extreme flood events have become more frequent and intense, thereby leading to gradual changes in societal processes (e.g., economic losses, house collapse and reduced agricultural production), disrupting rural–urban linkages and affecting urban security [1]. Global flood risk is expected to increase due to climate change and the continued urbanisation in the floodplains, especially in Asia and Africa [2]. With the increasing levels of computing power and the amount of data in recent years, flood hazards can now be accurately simulated. However, a crucial element remains missing in the additional flood-risk-modelling approach, namely, the socioeconomic factors of people and assets (e.g., income, age and ethnicity), which are also important in analysing the losses resulting from urban flood disasters [3,4,5]. Therefore, the social impact of flood disasters should be integrated into the flood-risk assessment [1,3,6,7].



In recent decades, environmental justice issues have become increasingly important in evaluating the risk of environmental hazards [8,9]. Using the environmental justice analysis framework, quantitative studies have evaluated the relations between people and the environment. Some basic points in analysing the environmental justice of flooding are to determine who is living in areas with a risk of flooding, who is especially vulnerable to this risk and who is disproportionately exposed to various environmental hazards and risks [8,10,11].



Studies on the environmental justice of floods have produced ambiguous findings regarding the relationships between vulnerable groups and floods. However, these empirical studies have largely focused on the disproportionality in pre-flood hazard exposure and ignored the disproportionality associated with actual flood events [12]. Since the emergence of environmental justice in the 1980s, many quantitative studies have established a relationship between the environmental and social differences [10,11,12,13]. Environmental justice includes distributive justice, cognitive justice and procedural justice [13]. A prominent topic in quantitative environmental justice research is distributive justice, which focuses on the allocation of resources, responsibilities and costs of environmental hazards and on the uneven distribution of environmental risks across social groups and geographical spaces [9,11,14,15]. By using statistical and spatial analysis methods to examine the relationship between population attributes and environmental hazards, previous studies on distributive justice have revealed whether social groups experience disproportionate risks of environmental hazards [11,12]. Due to their limited access to resources, vulnerable groups are more exposed to floods and less able to cope and recover from flood disasters, which has been widely supported by empirical evidence. For example, when exposed to the same level of an urban flood disaster, the vulnerable groups suffer from a greater risk than the rich [16].



This study contributes to the literature in the following ways. First, most previous studies have examined those people living in areas with high risk of flooding and revealed a high proportion of immigrants, ethnic minorities, elderly, children and disabled people living in these areas; these people also reported a lower recovery rate during floods compared with other groups [17,18,19,20,21]. Previous studies from the social vulnerability perspective have confirmed a correlation between flood risk and vulnerable groups such that those communities with a higher proportion of vulnerable groups tend to experience a more serious flood risk [22,23,24]. They rarely examined the difference between urban and rural areas of social spatial inequality in flood disasters, which is crucial for environmental justice analysis for two reasons. On the one hand, many related problems can be ascribed to the parasitic relationship or exploitation status between urban and rural communities [25]. This situation is particularly serious in developing countries that are witnessing a rapid urbanisation and are lacking in facilities and resources in their rural areas. On the other hand, socioeconomic, demographic, environmental and governance changes are due to the interdependencies between rural and urban areas. Flooding leads to changes in the rural–urban linkages and affects rural vulnerability [26]. This article addresses the limitations of these environmental justice studies and extends their coverage to the effects of floods on urban–rural linkages.



Second, urban–rural differences have been studied, but few studies have focused on the impact of flood disasters. The existing studies have focused on evaluating rural–urban linkage changes after an extreme flood event and cultivating disaster resilience in rural communities from the aspects of social capital [26,27,28]. Taking Palestine as an example, Jamshed et al. (2020) found that rural communities located close to large cities face a lower social vulnerability and a higher flood risk [26]. Taking the Dorso region in Niger as an example, Tiepolo and Galligari (2021) found that rural areas face more severe flood risks and higher poverty rates than cities [28]. Straub et al. (2020) took rural areas in Oklahoma as an example and found that the insulation from social networks in urban areas increases the vulnerability in rural communities [27].



Third, existing studies on environmental justice have mostly focused on urban areas in developed countries without paying much attention to developing countries, which is inconsistent with the reality of developing countries facing a higher flood risk and a weaker response capacity compared with developed countries. For instance, Fielding et al. (2012) found that the poorest also had the lowest awareness of flood risk [29]. Collins et al. (2018) used Miami and Houston as examples and revealed the relationship between environmental justice and flood risk [12]. Smiley et al. (2020) found severe spatial inequalities within flood areas [30]. Liao et al. (2019) found that flood control measures did not eliminate flood risk but resulted in an unfair flood redistribution [15]. Carvalho et al. (2022) found that the infrastructures and insurance policies for flood risk mitigation differed in terms of space, such that the whole society shared the cost of the investment or tax and that only few groups benefited from these policies [31]. These studies have also examined the relationship between the social characteristics of the regional population and the risk distribution of flood disasters from the environmental justice perspective.



Previous studies on the environmental justice of flood disasters have focused on the spatial inequality in cities, whilst urban–rural linkages have been rarely explored from the environmental justice perspective. Flooding leads to changes in rural–urban linkages and affects rural vulnerability [26]. This article addresses the limitations of these environmental justice studies and extends their coverage to the effects of floods on urban–rural linkages. This research supplements the previous empirical investigations of the environmental justice of flood disasters in developing countries by exploring the causes and mechanism of the spatial distribution between flood disasters and population characteristics in China, evaluating the social problems caused by the spatial differentiation of flood risks and providing support for the development of environmental justice theory and the formulation of relevant policies.




2. Materials and Method


2.1. Study Area


Nanjing is the capital of Jiangsu Province and an important central city in the Yangtze River Economic Belt. In 2020, Nanjing had a land area of 6587 km2 (with rivers and lakes accounting for 11%), a population of 9.31 million and an urbanisation rate of 86.80%. The city has an average annual precipitation of more than 1100 mm, and its flooding season usually ranges from May to September. Nanjing is treated as the sample city in the Flood Control Emergency Plan of China.



Nanjing comprises 11 municipal districts with 99 census tracts, its urban centre comprises 5 municipal districts (Xuanwu, Qinhuai, Jianye, Yuhuatai and Gulou) with 44 census tracts, its suburban areas consist of 4 municipal districts (Pukou, Qixia, Jiangning, Yuhuatai and Luhe) with 40 census tracts and its rural areas comprise 2 municipal districts (Lishui and Gaochun) with 15 census tracts (Figure 1).




2.2. Data


(1) Flood data. ① Remote-sensing images were obtained from Landsat 8 (NASA, Washington, DC, USA) satellite images with medium resolution on September 2018. Soil-type data were obtained from the publication ‘1:1 million soil type data of Jiangsu Province’. Land-use data were acquired from the remote-sensing images of Nanjing captured in 2010 by GlobeLand30. The Mercator Projection correction was adopted. ② Rainfall data were obtained from the Nanjing Meteorological Station and by using the rainstorm intensity formula. The daily rainfall data from June to September 2015 were used to simulate the historical daily runoff depth. The maximum daily rainfall data from three probabilities (P = 10-, 20- and 50-year) were used to simulate the daily runoff depth under extreme flood disaster scenarios. ③ To calculate the proportion of flood inundation, the flood runoff depth map was intersected with the built-up area map, and then the proportion of the high-flood-risk area in the built-up area was computed. A proportion closer to 1 corresponds to a greater proportion of the waterlogging-prone area in the street. (2) Demographic data were derived from the Sixth Census of the Nanjing Municipal Bureau of Statistics (2010). Six variables were used to measure the proportion of vulnerable groups, including the elderly, children, immigrants, agricultural households, females and the low-education population. The value range was [0, 1], and a value closer to 1 corresponds to a greater proportion of vulnerable groups in the census tract.




2.3. Methods


To explore the basic relationships between environmental justice and floods, the bivariate correlations between each explanatory variable and the dependent variable were evaluated. Spearman’s correlation coefficients were used as a non-parametric measure to reduce the effect of outliers. In the second phase, GEEs were used to test the statistical association between the proportion of flood inundation and the demographic variables and to test the difference between urban and rural areas. Statistical analysis methods for testing social correlates of flood exposure include spatial regression methods and multilevel modelling approaches [32,33,34,35]. Compared to other models, the GEE is suited for analysing social inequalities in the distribution of environmental hazards [9,34,35,36]. The GEE model extends the generalised linear model to accommodate clustered data and to relax several assumptions of traditional regression models [37]. In the field of environmental research, the GEE has been widely used to test the relationship between the natural and social environment and individual health, and recent studies have applied this model to issues of environmental justice in places such as North America and Asia [12,33,38,39,40,41]. Recent studies show that GEEs are more advantageous for analysing social inequalities in the distribution of environmental hazards compared with other models, such as spatial autoregressive models and multilevel modelling approaches [35,36,42]. In this study, four GEE models were constructed according to the characteristics of the whole region, city centre, suburban areas and rural areas to understand the differences between urban and rural areas in terms of their social equity of flood disaster risks. The quasi-likelihood under the independence model criterion (QIC) was then used along with its simplified value (QICC) as references to select the model type. The QIC is considered the most appropriate statistic for evaluating several aspects of the GEE model fit, including the distribution and link function [43]. The model that yields the lowest QIC and QICC values obtains the best fit.




2.4. Variables


The choice of variables was initially guided by previous environmental justice studies conducted at the metropolitan level and those that focused on social inequities in flood hazards [20,32,35,44]. All the explanatory variables are provided in Table 1. The dependent variables for this study include the proportion of the built-up area to flooding runoff depth exceeding 0.4 m within each census tract, and the value range is from 0 to 1.



The independent variables include the six population variables (i.e., proportion of the elderly, children, immigrants, females, agricultural households and low-education population), which reflect the demographic characteristics of each census tract. The elderly may have mobility constraints or concerns, hence increasing their burden of care and decreasing their resilience. Children are the most affected by floods and lack of security. Immigrants have a lack of access to resources and face social and economic marginalisation, which is often associated with social disparities. Females are generally more vulnerable to floods than males. Agricultural households and low-education populations generally have low educational attainment and poor disaster prevention awareness. These groups are particularly vulnerable in the face of natural disasters and usually take a long time to recover [45].





3. Results and Discussion


3.1. Measuring Exposure to Flood Risk


The spatial distribution of flooding in Nanjing is presented as a classified map in Figure 2. On this map, those places with depths exceeding 0.4 m may pose serious urban flooding risks. The entirety of Nanjing is assumed to experience 10-, 20- and 50-year (P = 10, 20, 50) rainstorms for 180 min, and the rainstorm intensity formula (2014) from the website of the Meteorological Bureau of Nanjing Municipality was used. The census tracts were grouped into five quartiles based on the proportion of the flooded tract area. The census tracts in the highest quartile (top 20%) of the flooded proportion were primarily located in the urban centre, whereas the census tracts in the lowest quartile were primarily located in suburban areas, especially in the north of the Yangtze River. Meanwhile, those census tracts between the highest and lowest quartiles for the flooded proportion were primarily located in rural areas.



The descriptive statistics for all the variables are presented in Table 2. Taking June to September 2015 as an example, for the vulnerable group, the flood extent was significantly and positively correlated with the proportion of the elderly, females and immigrants but was negatively correlated with the proportion of the agricultural population. The census tracts in the highest quartile (top 20%, Q5) for the proportion of the resident population was 23.99%, and the census tracts in the lowest quartile (bottom 20%, Q1) for the proportion of the resident population was 15.74%, thereby suggesting that many residents are living in high-flood-risk areas. Those people who are exposed to urban flooding include the elderly, immigrants and females, of which the difference between the highest and lowest quartiles for the flooded proportion was 8.67%, 9.30% and 8.48%, respectively. The exposure of children and the low-education population showed no significant differences between the highest and lowest quartiles for the flooded proportion (3.96% and 2.81%, respectively). Meanwhile, agricultural households showed some differences between the highest and lowest quartiles for the flooded proportion (–10.85%), thereby indicating that agriculture households are located in low-flood-risk areas and highlighting the significant differences in the flood risk being faced by the urban and rural residents of Nanjing.



Given the differences in the flooded proportion of the six vulnerable groups in Nanjing (Figure 3), the high exposure of the elderly, females and immigrants to flood risk greatly depends on their location. For instance, the elders were found to live in the old community in the urban centre due to the availability of good public infrastructure and hospitals. Meanwhile, children and agricultural households reported non-linear characteristics and were found to be mostly located in middle- and low-flood-risk areas. Around 27.54% of the low-education population were found to be living in those areas with the highest flood risk.




3.2. Comparison of Group in Flood Exposure


Whilst the descriptive analysis provides a preliminary understanding of the association between each tract-level characteristic in the distribution of flood risks, the significance of these statistical relationships is unknown. The correlation coefficients associated with each explanatory variable are presented in Table 3. All the variables indicate a significant association with flood risk, which is consistent with the descriptive statistics results based on Pearson’s correlation coefficients. In the whole city, children, agricultural households and the low-education population reported the strongest correlation with flood risks at the 1% level of significance. In the urban centre, the elderly and females showed the strongest positive correlation with flood risk, whilst children and agricultural households showed the strongest negative correlation with flood risk, and the significance passed 5%. Meanwhile, in suburban areas, immigrants and the low-education population showed the strongest correlation with flood risk at the 1% level of significance. In rural areas, no significant correlation was reported between the vulnerable groups and flood risk.



The results from the GEEs summarising the associations between the census-tract flood risk and the proportion of vulnerable groups are presented in Table 4. Four GEE models for the whole region, urban centre, suburban areas and rural areas were built (Table 4). The best statistical fit was determined using the QIC and QICC model criteria. The variance inflation factor (VIF) ranged from 1.409 to 4.019, whereas the tolerance criteria scores ranged from 0.249 to 0.710, thereby suggesting that the models were not affected by multicollinearity.



The numbers in the Exp (Beta) column can be interpreted as the percentage change in the proportion of the flooded census-tract area for each standard-deviation increase in the independent variables. Under the return periods of 10 and 20 years, suburban areas (p = 0.010, p = 0.001) and rural areas (p = 0.035, p = 0.035) revealed a statistically significant and negative relationship with the proportion of flood risk, thereby indicating that the flood exposure in suburban and rural areas was lower than that in the urban centre. The urban centre of Nanjing is located around the Xuanwu Lake and near the Yangtze River. Such low-lying terrain characteristics intensify the influence of rainstorms, hence increasing flood risk [46,47]. By contrast, under the return period of 50 years, the flood exposure of suburban and rural areas did not show significant differences from that of the urban centre (Table 4, Table 5 and Table 6).



The low-education population in the urban centre is at a significantly lower flood risk (p = 0.002, p = 0.000) compared with the high-education population under the 10- and 20-year flood-risk scenarios. However, the low-education population in suburban aeras (−0.060) and rural areas (0.020) faces a high flood risk (Table 4). The high-education population tends to purchase water-oriented housing, which has a significant positive association with socioeconomic status and flood risk. The housing in suburban and rural areas is cheaper than that in the urban centre, and given that both the high- and low-education populations have more residence location options, no significant differences were reported between suburban and rural areas (Table 5). Both agricultural households (p = 0.000) and the low-education population (p = 0.000) reported the strongest correlation under the 50-year flood-risk scenario, thereby pointing towards the high flood exposure of non-agricultural households and the high-educated population in the urban centre (Table 6).



Immigrants (p = 0.010) and females (p = 0.001) showed a significantly negative correlation with 10-year flood risk in suburban areas (Table 4), whereas immigrants (p = 0.000, p = 0.006) and agricultural households (p = 0.000, p = 0.001) reported a significantly negative correlation with the 20- and 50-year flood risks in suburban areas (Table 5 and Table 6). Those immigrants living in suburban areas also face a lower flood risk compared with the natives. The housing commercialisation reform in China since 1998 has triggered a housing construction boom in suburban areas. Most buildings in the urban centre are old and compact yet lack modern facilities. Accordingly, despite the high flood risk, many natives in Nanjing who have better socioeconomic conditions tend to choose water-oriented housing in suburban areas due to their better ecological environment and facilities [12,46].



Children (p = 0.000) had a significantly negative correlation with 10-year flood risk in rural areas, whereas females (p = 0.015) reported a significantly positive correlation. In addition, children (p = 0.009) and agricultural households (p = 0.000) had negative and significant correlations with 20-year flood risk in rural areas, whereas females (p = 0.000) reported a positive and significant correlation. Children (p = 0.001) and agricultural households (p = 0.018) had negative and significant correlations with 50-year flood risk in rural areas. Urban and tourism agriculture tends to attract non-agricultural households and females to rural areas. For example, due to their proximity to Shijiu Lake and Gucheng Lake, women in the rural areas of Nanjing are vulnerable to flood hazards, which aggravate the disaster-related losses in such low-lying areas [47,48]. Urban areas have historical records of floods and a relatively high proportion of male migrant workers. Women also have lower coping abilities than men in flood events. Along with flood hazards, the labour outflow in the rural areas of China further aggravates the negative social impacts of flood disasters.



By comparing the 10-, 20- and 50-year flood-risk scenarios, this study investigated the spatial and social distributions of flood risk, and the results suggested that the levels of exposure to flood risk are considerably high in the urban centre of Nanjing. A higher flood risk also corresponded to greater differences amongst the vulnerable groups. However, no significant differences were reported between urban and rural areas under the 50-year flood-risk scenario, hence suggesting that the high-educated population, natives and the non-agricultural population are significantly more likely to reside within flood-risk zones. These results also indicated that the census tracts in the urban centre have significantly high flood risk and a low poverty rate. Both the highly educated and natives showed a significantly positive correlation with 10- and 20-year flood risk in the urban centre, thereby highlighting the relative absence of socioeconomic status and flood risk in China.





4. Discussion


This study uses the case of Nanjing to understand the relationship between environment and social differences and floods from the environmental justice perspective. The social and spatial inequities in the exposure to flood risk differ across the urban centre, suburban areas and rural areas of the city. The implications for environmental research on flood hazards in rapidly urbanising cities in developing countries are also provided.



This research highlights the importance of combining flood risk and sociodemographic data from the environmental justice perspective. Studies on environmental justice have mostly focused on the ethnic minorities and immigrants in western countries and have ignored the special sociodemographic characteristics of China, including its agricultural population, hukou and migrant workers. Social and spatial inequalities also vary from the urban centre to rural areas, which has not been examined from an environmental justice perspective. The spatial distribution of flood disaster risk in Nanjing shows a central–peripheral pattern (i.e., the risk is high in the urban centre and rural areas but low in suburban areas). Some significant differences in flood risk can also be observed amongst the residents in the urban centre, suburban areas and rural areas. The high-educated population in the urban centre, the natives in suburban areas and the females and non-agriculture households in rural areas all face a high flood risk, whereas the agricultural population faces a low exposure to flood risk.



In addition to identifying specific sociodemographic variables that relate to flood-risk exposure, this case study extends the current research by demonstrating that the risks of flooding are heterogeneous not only among groups, but also in spaces. The findings clearly indicated that socioeconomic status of residents differs based on the probability of flooding. Females in rural areas are significantly more likely to reside in high-flood-risk zones and highly educated people in the urban centre are more likely to reside in high-flood-risk zones. Previous studies indicated that social groups are disproportionately affected by flooding in developed countries, and residents with both high and low socioeconomic status are more likely to reside in high-flood-risks zones [16,17,20,21,22,30,31].



This article contributes to the environmental justice literature by clarifying the socio-spatial inequities in flood-risk exposure in Nanjing, which is a typical city in China with a high flood risk. Environmental justice scholars have only examined the ethnic and socioeconomic inequities in exposure in the context of western countries. Unlike previous environmental justice studies that did not consider the urban–rural differences of vulnerable groups [44,49], this study systematically distinguishes the socioeconomic inequities in the flood risk of urban centres from that of exurban centres, which is critical due to the differences between the vulnerable groups in these locations, which in turn may influence the social patterns of risk exposure. Moreover, unlike previous studies on the social disparities in exposure to flood risks that have mainly relied on only one flood-risk scenario [44](, this study systematically distinguishes the 10-, 20- and 50-year probabilities of flood risk. The results predicted the different flood-risk probabilities and social inequities in the spatial distribution of flood hazard exposure.



There are still some limitations that may open related avenues for future research. Firstly, this study uses census-based data on risk perception, residential decision making and hazard mitigation instead of survey and semi-structured interview data. Secondly, given that China has no official flood-risk map, this study relies on simulation results obtained using the rainstorm intensity formula by ArcSWAT. Future studies should consider flood zone categories that are consistent with national documents to accurately predict the social inequalities in the spatial distribution of flood hazard exposure. Thirdly, China’s transformation from a planned economy to a market economy has increased the diversity in its residential choice and migration, thereby introducing spatial inequalities in flood-risk distribution. Future studies should analyse the mechanism of environmental justice to provide a better understanding of environmental inequities.



Despite these limitations, this study provides strong evidence of the socioeconomic inequities in the potential exposure to flood hazards in Nanjing. Although further research is necessary to characterise the impacts of flooding, the analysis of socio-spatial inequities should be downscaled to the household level. This article represents an important step in examining the differences between the vulnerable groups residing in urban and rural flood-prone areas and their environmental injustice implications.




5. Conclusions


The spatial differentiation of Nanjing City to urban flooding shows some spatial inequality. The social and spatial inequalities in floods can be attributed to the urban overutilisation and rural underutilisation of public resources in China [50]. The commercialisation of the real estate market has also intensified the migration of natives from the urban centre to the suburban areas located near rivers or lakes with a better ecological environment, thereby increasing their flood exposure. Meanwhile, the centralised distribution of educational resources in the urban centre attracts the high-educated population, which has a high flood risk. Immigrants and females in rural areas show significant correlations with flood risk. The comparison of 10-, 20- and 50-year flood risk reveals that along with the intensification of rainstorm events, the difference in flood risk amongst the vulnerable groups will increase, whereas the difference in flood risk between urban and rural areas will decrease.



This study offers policy implications for those natives living in suburban areas (especially on the riverside) with high flood risk. The master plan of Nanjing (2018–2035) includes the strategy of ‘Embracing the River for Development’. Natives with better socio–economic status tend to purchase housing in the suburbs, especially in areas with good ecological environments near rivers or lakes. This trend is consistent with the fact that the elite groups in the west are prone to floods [12,46]. However, unlike in developing countries, the flood disasters in developed countries are covered by insurance, hence eliminating the risk for these elite groups. By contrast, China has no relevant policies that cover those people living in flood-prone riverside districts. In implementing the Flood Act, policymakers should also subsidise flood insurance for low-income households residing in high-risk zones. This subsidisation can facilitate housing development and residential risk taking in flood-prone riverside locations.
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Figure 1. Location of Nanjing, China. 
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Figure 2. Proportion of flooded census-tract area of Nanjing, China. 






Figure 2. Proportion of flooded census-tract area of Nanjing, China.



[image: Land 11 01588 g002]







[image: Land 11 01588 g003 550] 





Figure 3. The proportion of six categories of vulnerable groups for the flooded proportion in Nanjing. 
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Table 1. Variable definitions and summary statistics for variables used in Nanjing, China.
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	Variable
	Description
	Min
	Max
	Mean
	SD





	Dependent Variable
	
	
	
	
	



	proportion of built-up area inundated by flood
	Percentage of built-up area with surface runoff depth more than 0.4 m in urban areas (%)
	0.014
	1.000
	0.397
	0.260



	Independent Variable
	
	
	
	
	



	Proportion of elderly people
	Percent of population over 75 years (%)
	0.009
	0.162
	0.098
	0.030



	Proportion of children
	Percent of population under 14 years (%)
	0.023
	0.143
	0.097
	0.019



	Proportion of immigrants
	Percent of immigrant population (%)
	0.015
	0.728
	0.325
	0.138



	Proportion of agricultural household

registration
	Percent of agricultural household registration (%)
	0.038
	0.985
	0.478
	0.335



	Proportion of females
	Percent of females (%)
	0.391
	0.522
	0.481
	0.021



	Percent of low-education population
	Percent of low-education population (≤9 years of education)
	0.123
	0.975
	0.769
	0.184
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Table 2. Distribution differences of six categories of vulnerable groups for the flooded proportion in Nanjing.
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	Total (People)
	Q1: Lowest 20%
	Q2
	Q3
	Q4
	Q5: Highest 20%
	Q5–Q1: Difference





	Proportion over 75 years old
	699,214
	16.74%
	19.52%
	18.39%
	19.94%
	25.41%
	8.67%



	Proportion under 14 years old
	727,833
	16.46%
	19.68%
	22.33%
	21.11%
	20.42%
	3.96%



	Proportion of immigrant population
	2,243,008
	18.23%
	18.25%
	12.92%
	23.06%
	27.54%
	9.30%



	Proportion of females
	3,709,430
	15.72%
	19.19%
	20.74%
	20.15%
	24.20%
	8.48%



	Proportion of low-education population
	5,499,171
	18.12%
	19.88%
	20.89%
	20.17%
	20.93%
	2.81%



	Proportion of resident population
	7,695,187
	15.74%
	18.95%
	20.76%
	20.55%
	23.99%
	8.25%
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Table 3. Bivariate correlation analysis of flood risk and explanatory variables.
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The Whole City

	
Urban Centre

	
Suburban Areas

	
Rural Areas




	

	
ps

	
Sig.

	
ps

	
Sig.

	
ps

	
Sig.

	
ps

	
Sig.






	
Proportion over 75 years old (%)

	
−0.124

	
0.222

	
0.375

	
0.012 *

	
−0.222

	
0.168

	
−0.114

	
0.685




	
Proportion under 14 years old (%)

	
−0.316

	
0.001 **

	
−0.334

	
0.027 *

	
−0.218

	
0.177

	
−0.207

	
0.459




	
Proportion of immigrant population (%)

	
−0.059

	
0.564

	
0.131

	
0.398

	
−0.525

	
0.001 **

	
−0.039

	
0.889




	
Proportion of agricultural household registration (%)

	
−0.467

	
0.000 **

	
−0.331

	
0.028 *

	
−0.140

	
0.388

	
0.029

	
0.919




	
Proportion of females (%)

	
−0.034

	
0.737

	
0.311

	
0.040 *

	
−0.230

	
0.153

	
0.211

	
0.451




	
Proportion of low-education population (%)

	
−0.452

	
0.000 **

	
−0.188

	
0.222

	
−0.339

	
0.033 *

	
−0.311

	
0.260




	
Sample size

	
99

	
44

	
40

	
15








Note: * p < 0.05, ** p < 0.01. All the variables were standardised. ps stands for Spearman’s, Sig. stand for significance.
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Table 4. GEEs for predicting the area of the flooded proportion over 10 years with respect to the vulnerable groups. P = 10.
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P = 10

	
The Whole City

	
Urban Centre

	
Suburban Areas

	
Rural Areas




	
Beta

	
Sig.

	
Beta

	
Sig.

	
Beta

	
Sig.

	
Beta

	
Sig.






	
Intercept

	
0.743

	
0.000 **

	
0.898

	
0.000 **

	
0.425

	
0.000 **

	
0.807

	
0.003 **




	
Urban centre

	

	

	

	

	

	

	

	




	
Suburban areas

	
−0.257

	
0.010 *

	

	

	

	

	

	




	
Rural areas

	
−0.159

	
0.035 *

	

	

	

	

	

	




	
Proportion over 75 years old (%)

	
0.259

	
0.077

	
0.259

	
0.318

	
0.098

	
0.310

	
−0.678

	
0.005 **




	
Proportion under 14 years old (%)

	
−0.210

	
0.176

	
−0.328

	
0.050

	
0.119

	
0.479

	
−0.682

	
0.000 **




	
Proportion of immigrant population (%)

	
−0.064

	
0.667

	
0.077

	
0.686

	
−0.280

	
0.010 *

	
0.061

	
0.770




	
Proportion of agricultural household registration (%)

	
−0.177

	
0.031 *

	
0.047

	
0.870

	
−0.109

	
0.152

	
0.061

	
0.819




	
Proportion of females (%)

	
−0.021

	
0.865

	
−0.041

	
0.827

	
−0.141

	
0.001 **

	
0.674

	
0.015 *




	
Proportion of low-education population (%)

	
−0.245

	
0.057

	
−1.273

	
0.002 **

	
−0.060

	
0.463

	
0.020

	
0.875




	
QIC

	
27.936

	
16.232

	
9.685

	
9.365




	
QICC

	
21.622

	
16.064

	
14.814

	
14.207




	
∣QIC–QICC∣

	
6.314

	
0.168

	
5.129

	
4.842




	
Sample size

	
99

	
44

	
40

	
15








*p < 0.05, ** p < 0.01. All the variables were standardised.
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Table 5. GEEs for predicting the area of the flooded proportion over 20 years with respect to the vulnerable groups. P = 20.
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The Whole City

	
Urban Centre

	
Suburban Areas

	
Rural Areas




	
Beta

	
Sig.

	
Beta

	
Sig.

	
Beta

	
Sig.

	
Beta

	
Sig.






	
Intercept

	
0.833

	
0.000 **

	
0.809

	
0.000 **

	
0.638

	
0.000 **

	
0.927

	
0.000 **




	
Urban centre

	

	

	

	

	

	

	

	




	
Suburban areas

	
−0.214

	
0.001 **

	

	

	

	

	

	




	
Rural areas

	
−0.132

	
0.035 *

	

	

	

	

	

	




	
Proportion over 75 years old (%)

	
0.289

	
0.031 *

	
0.365

	
0.122

	
0.051

	
0.805

	
0.103

	
0.780




	
Proportion under 14 years old (%)

	
−0.127

	
0.385

	
−0.155

	
0.401

	
0.262

	
0.089

	
−0.816

	
0.009 **




	
Proportion of immigrant population (%)

	
−0.141

	
0.245

	
−0.040

	
0.827

	
−0.339

	
0.000 **

	
0.262

	
0.326




	
Proportion of agricultural household registration (%)

	
−0.248

	
0.002 **

	
0.224

	
0.349

	
−0.271

	
0.000 **

	
−0.539

	
0.000 **




	
Proportion of females (%)

	
−0.013

	
0.901

	
0.035

	
0.790

	
−0.220

	
0.263

	
0.650

	
0.000 **




	
Proportion of low-education population (%)

	
−0.238

	
0.074

	
−1.225

	
0.000 **

	
0.032

	
0.737

	
0.205

	
0.342




	
QIC

	
21.936

	
12.355

	
9.390

	
9.622




	
QICC

	
21.171

	
15.239

	
15.034

	
14.195




	
∣QIC–QICC∣

	
0.765

	
2.884

	
5.644

	
4.573




	
Sample size

	
99

	
44

	
40

	
15








*p < 0.05, ** p < 0.01. All the variables were standardised.
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Table 6. GEEs for predicting the area of the flooded proportion over 50 years with respect to the vulnerable groups. P = 50.
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P = 50

	
The Whole City

	
Urban Centre

	
Suburban Areas

	
Rural Areas




	
Beta

	
Sig.

	
Beta

	
Sig.

	
Beta

	
Sig.

	
Beta

	
Sig.






	
Intercept

	
0.860

	
0.000 **

	
0.788

	
0.000 **

	
0.755

	
0.000 **

	
1.814

	
0.000 **




	
Urban centre

	

	

	

	

	

	

	

	




	
Suburban areas

	
−0.148

	
0.083

	

	

	

	

	

	




	
Rural areas

	
−0.071

	
0.270

	

	

	

	

	

	




	
Proportion over 75 years old (%)

	
0.214

	
0.134

	
0.334

	
0.087

	
−0.032

	
0.914

	
−0.212

	
0.530




	
Proportion under 14 years old (%)

	
−0.001

	
0.997

	
−0.019

	
0.915

	
0.381

	
0.098

	
−1.228

	
0.001 **




	
Proportion of immigrant population (%)

	
−0.117

	
0.450

	
0.078

	
0.591

	
−0.320

	
0.006 **

	
0.280

	
0.369




	
Proportion of agricultural household registration (%)

	
−0.229

	
0.015 *

	
−0.233

	
0.001 **

	
−0.193

	
0.001 **

	
−0.719

	
0.018 *




	
Proportion of females (%)

	
−0.056

	
0.617

	
−0.093

	
0.491

	
−0.300

	
0.169

	
0.513

	
0.113




	
Proportion of low-education population (%)

	
−0.229

	
0.005 **

	
−0.501

	
0.000 **

	
−0.012

	
0.901

	
−0.063

	
0.694




	
QIC

	
21.631

	
10.321

	
12.646

	
10.220




	
QICC

	
21.330

	
14.937

	
15.407

	
14.360




	
∣QIC–QICC∣

	
0.301

	
4.616

	
2.761

	
4.140




	
Sample size

	
99

	
44

	
40

	
15








*p < 0.05, ** p < 0.01. All the variables were standardised.
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