
 

 

We would like to thank Referee #2 for his positive, thoughtful and constructive 

comments. Here, we will proceed to the responses to questions and comments and 

outlined the changes made point by point below. 

 

1. First, is it reasonable to use a single model to train the data and predict the flood 

susceptibility, as the study area is spatially vast and including very different geographic 

regions from the Tibet Plateau to the European Plain and from the Siberia to the deserts 

of central Asia? 

Response:  

First, many studies have successfully applied single models in flood susceptibility 

mapping and achieved excellent performance. For examples, Tehrany et al. used the 

single support vector machine (SVM) model to predict the flood susceptibility in Kuala 

Terengganu basin, Malaysia, and the AUC value of success rate and prediction rate of 

the SVM reached 88.89% and 84.97% respectively (Tehrany et al., 2015). For the vast 

study area, Li et al. respectively applied 4 single machine learning models to predict 

the flood risk of global watersheds, and showed that the 4 models all have good 

predictive performance (Li et al., 2019). Zhao et al. have successfully used the random 

forest (RF) model to map flood susceptibility in mountainous areas on a national scale 

in China, and the RF also obtained good performance with the AUC value of 0.838 

(Zhao et al., 2018). Liu et al. have assessed the storm flood risk of Asia using the 

analytic hierarchy process (AHP), which also showed good model accuracy (Liu et al., 

2017). The above studies have shown that a single model has reliable performance in 

predicting flood susceptibility in a vast study area. 

Second, although the study region is indeed very vast, 11 flood conditioning 

factors have been used in this study, which describes as comprehensively as possible 

the disaster-pregnant environment in different parts of the study area from the Tibet 

Plateau to the European Plain and from the Siberia to the deserts of central Asia. In 

addition, ROC curve, a popular method of machine learning performance evaluation, 

have been applied in this study to assess the reliability of the SVM model. The ROC 

curve obtained in this study indicated that the SVM model has excellent predicting 

performance with AUC value of success rate and prediction rate reached 0.917 and 

0.934 respectively. This result showed that the flood susceptibility map generated in 

this study is reasonable. 

Third, although only the flood susceptibility map obtained by the SVM model 

alone was depicted in this manuscript, several other machine methods were employed 



 

 

during the experiments, including logistic regression (LR) and random forest (RF). The 

flood susceptibility maps obtained by LR model and RF model were showed in Fig 2 

and Fig 3 respectively, and that obtained by SVM model was showed in Fig 1. By 

applying the Pearson correlation coefficient method, we calculated the correlation 

coefficients for the maps obtained by the three models, as shown in Table 1. From the 

table 1, we can see that the three flood susceptibility maps are well correlated, with all 

correlation coefficients greater than 0.8. This result suggests that the flood susceptibility 

map obtained by the SVM model are not coincidental. However, according to the results 

of the AUC values of these 3 models (Table 2), SVM has the largest AUC value of 

prediction rate (0.934), followed by RF (0.930) and LR (0.916). Therefore, the map of 

the SVM model with the highest prediction accuracy were finally selected as the results 

of the experiments for further analysis in this study. 

 

Figure 1: Flood susceptibility map obtained by support vector machine model. 

 



 

 

 

Figure 2: Flood susceptibility map obtained by logistic regression model. 

 

 

Figure 3: Flood susceptibility map obtained by random forest model. 

 

Table 1: Pearson correlation coefficients of the three flood susceptibility maps 

obtained by SVM, LR and RF model. 

Factors SVM LR RF 

SVM 1 0.964 0.804 

LR 0.964 1 0.844 

RF 0.804 0.844 1 



 

 

 

Table 2: The AUC values of SVM, LR and RF models. 

Factors SVM LR RF 

AUC 0.934 0.916 0.930 

 

 

2. Second, is the data quality of the DFO dataset acceptable? I see the authors 

mentioned that in the 4.4 section; however, the data quality was not thoroughly 

evaluated and discussed. 

Response:  

The DFO dataset was provided from news, governmental, instrumental, and 

remote sensing sources, and shows accurate geographical locations flood disasters. This 

dataset is supported by NASA, the Japanese Space Agency, and the European Space 

Agency, and is widely used worldwide (Li et al., 2019). Therefore, the data quality of 

the DFO dataset is considered to be acceptable. Despite the good accuracy of this 

dataset, it still cannot record all the flood events that have occurred in the study area, 

so in section 4.4 of the manuscript, we consider this as one of the limitations of this 

study. However, for the time being, this dataset is one of the best datasets for flood 

susceptibility studies in such vast region. 

 

3. Third, how were the non-flooded areas/points selected from the DFO dataset? And 

what do the flooded points and non-flooded points represent? This question determine 

how we should understand the flood susceptibility. 

Response:  

For machine learning models, the selection of positive and negative samples is 

necessary, which is also a requirement for binary analysis (Tehrany et al., 2015). As in 

previous studies (Costache et al., 2020; Costache and Bui, 2019; Costache and Dieu 

Tien, 2020; Shafizadeh-Moghadam et al., 2018), in this study, values of 1 and 0 were 

similarly assigned to the flooded and non-flooded points respectively, which 

represented the positive and negative samples for the SVM model respectively. 

The DFO dataset records the extent of impact of each flood event in the form of 

vector surface data. After screening out these flood-affected areas, the remaining area 

in the study area was considered to be free of flooding (Fig. 4). We randomly selected 

non-flood points in these remaining areas as the negative samples for SVM model. In 

terms of historical flood points distribution characteristics, the results obtained based 



 

 

on this non-flood point selection method are somewhat improved compared to the 

results of Li et al. (Li et al., 2019). Li et al. selected non-flooded points in the deserts 

and ice fields, which may make the conditions for non-flooding more severe mentioned 

by themselves. 

 

Figure 4: The distribution of flood and non-flood sample points in the study area. 

 

4. Fourth, what are the key findings that are novel and instructive from the paper? The 

Abstract and Conclusion are very general. 

Response:  

Based on a novel method for non-flood points selection, this study uses a simple 

and reliable machine learning model (SVM) to assess the flood susceptibility of the 

Belt and Road region. Then, according to the flood susceptibility map, we introduced 

the flood susceptibility comprehensive index (FSCI) to quantify the degree of flood 

susceptibility in 7 sub-regions and 66 countries along the Belt and Road region. The 

FSCI was calculated as follows, which was also showed in equation (10) in the 

manuscript. 
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where FSCI is the flood susceptibility comprehensive index of a country; Pi is the class 

value of the ith flood susceptibility calss; Ai is the areas of ith flood susceptibility class; 

and S is the total area of the country. 

In terms of methodology, the non-flood point selection method used in this study 



 

 

provides useful references for future researchers using the DFO dataset. More 

importantly, the FSCI proposed in this study to quantify flood susceptibility has the 

potential to be applied in future studies. The FSCI can be used to quantify the hazard 

susceptibility of an area of a certain size, such as an administrative unit or a watershed. 

In terms of the results, the three main results were obtained in this study as follows. (1) 

The spatial distribution characteristics of flood susceptibility in the Belt and Road 

region, which was described in section 4.2 of the manuscript. (2) The spatial 

distribution characteristics of the seven sub-regions of the Belt and Road and the 

quantification of flood susceptibility, which was analyzed in section 4.3 of the 

manuscript. (3) The quantification of flood susceptibility in the 66 countries of the Belt 

and Road region, which was also analyzed in section 4.3 of the manuscript. 

Based on the above three results, the main findings of this study are as follows. (1) 

the areas with the highest and high flood susceptibility accounted for 12.22% and 9.57% 

of the total study area, respectively, and these areas are mainly distributed in the 

southwestern part of Eastern Asia and almost all of Southeast and South Asia. (2) Of 

the seven sub-regions in the Belt and Road region, Southeast Asia is most susceptible 

to flooding and has the highest FSCI (4.49), followed by Southern Asia and the CEE. 

(3) According to calculated FSCI values, of the 66 countries in the study area, 16 had 

the highest flood susceptibility level and 5 countries had a high flood susceptibility 

level. (3) Of the seven sub-regions in the Belt and Road region, Southeast Asia is most 

susceptible to flooding and has the highest FSCI (4.49), followed by Southern Asia and 

the CEE. The above findings not only pinpoint the flood-prone areas, but also identify 

the countries and regions most affected by flooding with quantitative values (FSCI), 

which is an improvement compared to previous studies. 

Based on the above description, we have changed the abstract and conclusion in 

the manuscript as follows. 

 

Abstract: Floods have occurred frequently all over the world. During 2000-2020, 

nearly half (44.9%) of global floods occurred in the Belt and Road region because of 

its complex geology, topography, and climate. However, spatial distribution 

characteristics of flood susceptibility in the Belt and Road region remains unclear. Here, 

a database was built in this study containing 11 flood condition factors and 1500 flooded 

points. Next, we used a novel method to select the same number of non-flooded points 

for the negative samples. Subsequently, support vector machine (SVM) model was 

applied to train the samples and predict the flood susceptibility. Finally, the concept of 



 

 

ecological vulnerability synthesis index in the ecological field was introduced into this 

study, and the flood susceptibility comprehensive index (FSCI) was proposed to 

quantify the degree of flood susceptibility of each country and region. The results reveal 

the following. (1) The SVM model used in this study has an excellent accuracy, and the 

AUC values of the success-rate curve and prediction-rate curve were higher than 0.9 

(0.917 and 0.934 respectively). (2) The areas with the highest and high flood 

susceptibility account for 12.22% and 9.57% of the total study area respectively, and 

these areas are mainly located in the southeastern part of Eastern Asia, almost the 

entirely of Southeast Asia and South Asia. (3) Of the seven sub-regions in the Belt and 

Road region, Southeast Asia is most susceptible to flooding and has the highest FSCI 

(4.49), followed by South Asia. (4) Of the 66 countries in this region, 16 of the countries 

have the highest flood susceptibility level (normalized FSCI > 0.8) and 5 countries 

(normalized FSCI > 0.6) have a high flood susceptibility level. This study provides 

scientific references for flood prevention and mitigation in the Belt and Road region, 

and lays a theoretical basis for the quantification of flood susceptibility. 

 

 

Conclusion:  

In this study, we prepared a geospatial database in a first step, which contained 11 

flood conditioning factors and 1500 flood locations. Next, based on a novel method of 

selecting non-flooded points, 1500 non-flooded locations were identified as the 

negative samples. Then we adopted a machine learning model (SVM) to train the 

samples and generated a flood susceptibility map for the Belt and Road region. More 

interestingly, we introduced the FSCI from the concept of ecological vulnerability 

synthesis index to quantify the flood susceptibility level of 7 sub-regions and 66 

countries in the study area. According to the spatial distribution of the flood 

susceptibility, the areas with the highest and high flood susceptibility accounted for 

12.22% and 9.57% of the total study area, respectively, and these areas are mainly 

distributed in the southwestern part of Eastern Asia and almost all of Southeast and 

South Asia. Moreover, the spatial distribution of the flood susceptibility in Eastern Asia 

and the CEE has a clear regularity, decreasing from southeast to northwest and from 

south to north, respectively. According to calculated FSCI values, of the 66 countries 

in the study area, 16 had the highest flood susceptibility level and 5 countries had a high 

flood susceptibility level. Southeast Asia is considered as the most serious region, with 

the highest FSCI (4.49). Southeast Asia contains nine countries with the highest flood 



 

 

susceptibility level and two countries with a high flood susceptibility level. South Asia 

suffers from serious threat of flooding, second only to Southeast Asia. Five of the eight 

countries in South Asia have the highest flood susceptibility level. In addition, 

European countries are also facing the possibility of flooding, especially those along 

the Mediterranean coast. These regions and countries should pay more attention to the 

prevention and management of flood disasters. Thus, the results of this study provide a 

scientific basis for disaster prevention and mitigation and for policy planning in the Belt 

and Road region. Furthermore, the FSCI proposed in this study can be used to quantify 

the flood susceptibility of an area of a certain size, such as an administrative unit or a 

watershed. Still, some limitations exist in this paper, and a more comprehensive 

indicator system, higher quality flood points, and climate change factors should be 

considered in future studies. 
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