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Abstract: Floods are one of the most frequent natural disasters today. Hence, it is highly important 

to explore the effect of flood risk on residential land prices to promote the rational allocation of land 

resources and incorporate climate change risk control into territorial spatial planning. This paper 

takes the primary urban area of Hangzhou as an example, based upon data from 424 residential 

land plots. With spatial autocorrelation analysis and the Spatial Durbin Model (SDM) approach, the 

spatial effect of flood risk on residential transaction land price was investigated. The results show 

that, ceteris paribus, plots with high risk of flooding suffer a price discount of 8.62%. The unique 

mechanism of the way flood risk affects land prices was discussed further from the perspectives of 

land ownership and land price systems in China. Furthermore, when the land price in surrounding 

areas increases one percent, the land price in the area will increase 14.32%. The spatial spillover 

effects of land price were analyzed with the flood information disclosure system and the stakehold-

ers’ considerations in land price comparison. The effect of flooding on residential land prices in 

Hangzhou is the result of government regulations and market allocations, which are fundamentally 

different from those of the free market allocations in many western countries. Interestingly, the risk 

of flooding is capitalized into the price, whether it is determined by government or market pricing. 

Integrating flood risk into land price determination can help promote the optimal allocation of land 

resources and minimize depreciation attributable to flood disasters. 
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1. Introduction 

Floods attributable to climate change have become one of the most frequent natural 

disasters in cities. In China, the economic losses that accompany flood disasters have also 

increased over the past several decades [1,2]. Floods are the result of the interaction be-

tween human activities and the natural environment, and are closely related to land [3]. 

On the one hand, land characteristics affect the risk of floods [4,5]; while on the other 

hand, the floods can seriously affect the efficiency of land use [6,7]. Urbanization has pro-

foundly affected the environment, and cities all over the world are experiencing a wide 

range of negative effects from climate change. It is well known that the deadliest floods 

occur mainly in metropolitan centers and tourist areas. Economic development and pop-

ulation growth in these areas have driven the expansion of built-up areas and frequent 

human interventions within river beds, aggravating urban waterlogging [8,9]. Thus, inte-

grating climate change adaptation and risk management into territorial spatial planning 

has become a crucial topic for academics and policy makers [10,11]. 

There is an extensive body of research examining the factors that influence residen-

tial land prices. With respect to research methods, in addition to the basic hedonic price 

model (HPM) [12–14] and geographically weighted regression model (GWR) [15–17], 

scholars have begun to extend the methodological system of land price research with the 

help of the Structural Equation Model [18,19], Spatial Lag Model (SLM) [20–22], Spatial 

Error Model (SEM) [23,24], and Spatial Durbin Model (SDM) [25–27]. As for the factors, 
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many scholars have explored the mechanism of population size, urban planning, land 

transfer policy, and socioeconomic conditions on land prices from a macro perspective 

[28–33]. Meanwhile, scholars have revealed the influence mechanism and spatial differ-

ences of micro factors, including CBD [34–36], rail transit [37–39], educational resources 

[40,41], medical facilities [42], green space [43–45], and floor area ratio (FAR) [46,47], from 

multiple perspectives of location, neighborhood, and plot. Researchers have found that 

land prices increase to a certain extent when residential land is closer to urban centers or 

service facilities, and the degree of increase depends upon the facilities’ characteristics. 

The relationship between FAR and land prices is an inverted U-shape. Within a certain 

threshold, FAR increases land prices, while beyond this threshold, FAR suppresses the 

land price. 

The research on flood disasters’ effects on property values in Western countries has 

achieved rich results, divided primarily into the following three approaches. The first 

strand is to investigate the effects of potential flood risk based upon the official flood haz-

ard maps published by the government. Most researchers have found that residential 

property prices in flood-prone areas are generally lower than the prices of the equivalent 

unexposed properties, and the price discount is typically between 4% and 12% [48–51]. 

However, some scholars found flood risk to have no effect [52–54] or even found that 

properties located in flood-prone areas command positive premiums up to 146% due to 

the water-related positive amenity [55,56]. The second strand analyzes the effects of spe-

cific flood events. Researchers largely adopted the difference-in-difference model (DID) 

or the repeated sales model and have repeatedly found that residential property prices 

plummet, dropping about 20–32% after a flood event, and the effect disappears gradually 

within 4–10 years; accordingly, there is no permanent price decline in the aftermath of a 

flood event [51,57–59]. The newer strand is to investigate the role of residents’ climate 

change beliefs or the governmental information release on residential property values. 

Some scholars have found that the flood risk will be reflected in the residential property 

market through the residents’ behavioral preferences. For those who believe that floods 

influence people’s lives, their houses will sell at a discount of about 7% compared to 

houses with the same risk for deniers [60,61]. As for the effect of the posting of the flood 

risk information, the scholars have argued that the release of flood risk information had a 

minimal and statistically insignificant effect on residential housing prices [51,62,63]. 

Some research has focused on the flood hazards’ effect on residential land prices. 

Some scholars have found significant reductions in land values after flood events [64–67], 

while others found that the residential land prices did not decrease despite flood occur-

rence [68]. Meanwhile, some scholars investigated the land prices in the flood-prone areas 

and have found that the land property with a high flood risk tends to have a lower price 

[64–66]. In terms of the effects of flood risk and flood events, scholars argued that land 

prices in potential flood-prone zones were higher than that which experienced actual 

damages [69], and decreased greatly after a flood [65]. The spatial heterogeneity of the 

effect of flood risk zones on land price has also been explored. These studies have found 

that the flood effects depend primarily on environmental conditions, especially the dis-

tance to water bodies [65,70,71]. 

Scholars have introduced flood disaster risk into research on residential land grading 

[72] and land use structure change [73,74] in China. However, only a small number of 

studies has been conducted on the effect of natural disasters such as floods on land prices. 

Peng et al. have investigated the role of geological hazards in benchmark residential land 

prices in Lanzhou [75]. Using a grid land price model and a GWR model, they found that 

the geological hazard risk will lead to a decrease in land value, and that the effect varies 

with different land grades and spatial locations. The spatial quantization of the geological 

hazards correction coefficient contributes to improving the accuracy of land value assess-

ment. In contrast, our analysis focuses on the specific disaster of flooding and how it af-

fects land transaction prices under Chinese policies. Li used a hedonic price model to in-

vestigate the relationship between flood intensity and housing prices in Tainan City [76]. 
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Our study focuses more on exploring the spatial effects of integrated flood risk on land 

prices, i.e., flood risk is measured by a combination of rainfall frequency, depth of accu-

mulated water, impervious cover, and multiple other indicators. 

To summarize the existing studies, it has been found that flood events, flood risk, 

and flood information will affect housing prices and residential land prices. Regarding 

research methods, most scholars mainly use non-spatial models such as hedonic price 

models and DID models, or geographically weighted regression (GWR) models to explore 

the impact of the flooding. However, few explore flood effects from the perspective of 

spatial correlation of variables. In terms of the location, most studies have analyzed West-

ern cities, while fewer have discussed the flood risk and its spatial effects on residential 

land prices from the perspective of Chinese cities. Therefore, it is imperative to under-

stand the mechanism of flood risk on residential land prices comprehensively. 

This paper takes Hangzhou as an example, based upon residential land data from 

2007 to 2020, and uses the spatial Durbin model to measure the spatial effect of flood risk 

on urban residential land prices. Integrating flood risk into land price determination has 

important implications for policy makers, developers and urban residents. It also helps to 

achieve the reasonable spatial allocation of land from the perspective of a sponge city. 

The remainder of the paper is organized as follows. Section 2 describes the study 

area, data sources and methodology. Spatial correlation analysis of residential land prices 

and the regression results of the model are presented in Section 3. Section 4 discusses the 

spatial effects of flood risk and Section 5 concludes the paper. 

2. Data and Methodology 

2.1. Study Area 

Hangzhou is the capital and economic, political, and cultural center of Zhejiang Prov-

ince in China, one of the central cities in the Yangtze River Delta region and an important 

scenic tourism city (Figure 1). Hangzhou is located in the southeastern coastal region and 

at the southern end of the Beijing-Hangzhou Grand Canal, with a diverse natural envi-

ronment. The city spans the Qiantang River and Taihu Lake basins, with well-developed 

water systems. Hangzhou’s total area is 16,850 square kilometers, of which the water area 

accounts for approximately 8%. Hangzhou has ten municipal districts, two counties, and 

one county-level city under its jurisdiction. The central districts of Hangzhou (Shang-

cheng, Xiacheng, Jianggan, Gongshu, Xihu, and Binjiang Districts) are selected as the 

study area. The polycentric pattern of Hangzhou was formed officially in 2002 when the 

planning of Hangzhou CBD Qianjiang New Town was established. Hangzhou has trans-

formed gradually from the West Lake Era to the Qiantang River Era. The Wulin Square 

and the Civic Center are the landmark buildings of Wulin CBD and Qiantang New City 

CBD, respectively. 

 

Figure 1. The study area. 
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Hangzhou has always been at the forefront of land policy reform, and the bidding, 

auction, and listing system has brought new vitality to the land market. It has been 30 

years since the first state-owned land was sold in 1992. After years of development, the 

land market has become mature and standardized with numerous open market transac-

tion cases [77]. 

2.2. Data 

To ensure the land market’s stable development, the government began to issue a 

series of macro-control measures in 2007 to control the overheated market [77], so the year 

of 2007 was chosen as the starting point of the study. In early 2021, the urban area of 

Hangzhou underwent zoning adjustments, and thus, to ensure the regional correspond-

ence of the data, the study period was from January 2007 to December 2020. 

The transaction price data of residential land originated from the China Land Market 

Network, and sales data from 447 residential land plots were obtained. Because of the 

large time span of the land transaction data selected, land market indicators change over 

time. The land prices need to be adjusted by correction coefficients. According to the Ur-

ban Land Valuation Regulations, only the date adjustment is required because regional and 

individual factors are included as control variables in the model. The residential land price 

index applied for the date adjustment in the study is derived from the China Land Price 

Information Service Platform, and the land prices are revised uniformly to December 2020. 

Finally, 424 samples from 2007 to 2020 are obtained after data collation and cleaning (Fig-

ure 2). 

 

Figure 2. The locations of the residential land transaction samples. 

The flood risk data adopt the flooding risk assessment map in the “Hangzhou Sponge 

City Special Plan” compiled jointly by the Hangzhou Municipal Planning Bureau and 

Hangzhou Urban Planning and Design Institute in 2017. The map applies index system 

evaluation and scenario simulation methods to assess flood risk based upon topography, 

geological structure, soil properties, meteorological conditions, hydrological conditions, 

and other indicators. The risk classification takes into account elevation, depth of accumu-

lated water, waterlogged area, impervious cover, damage and injury, and the presence of 

important public facilities, etc. Hangzhou is divided into high-, medium-, low-, and no-

risk areas (Figure 3). 
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Figure 3. Flooding risk map. 

2.3. Methodology 

2.3.1. Spatial Autocorrelation Analysis 

If land prices between units are spatially correlated, using non-spatial hedonic price 

models may lead to biased estimation. Therefore, it is necessary to test the variables’ spa-

tial correlation before launching the spatial econometric studies to determine whether the 

dependent variable is suitable for the spatial econometric model. This study introduces 

the global and local Moran’s Index in Exploratory Spatial Data Analysis (ESDA) to explore 

the spatial characteristics of residential land prices in Hangzhou from different dimen-

sions. 

1. Global Spatial Autocorrelation 

Using the global Moran’s I to describe the distribution of residential land prices over-

all and judging whether residential land prices cluster in space are the premise of spatial 

econometric analysis. The specific expression is as follows: 

�� =
∑ ∑ ���(����̅)(����̅)�

���
�
���

�� ∑ ∑ ���
�
���

�
���

, (1) 

In the formula, �� =
�

�
∑ (�� − �̅)��

��� , �̅ =
�

�
∑ ��

�
��� , �� and �� are the observed val-

ues of points i and j, n is the number of samples, and ��� is the spatial weight matrix. We 

select the inverse distance weight matrix according to the first law of geography. The Mo-

ran’s I has a range of [−1, 1]. If it is greater than 0, residential land prices exhibit a positive 

spatial correlation, which indicates that there is a high degree of clustering. The larger the 

absolute value, the more significant the spatial correlation. If the index is near 0, it indi-

cates a random distribution of land prices. 

2. Local Spatial Autocorrelation 

Compared to the global Moran’s I, the local Moran’s Index can observe the regional 

spatial clustering trend and dispersion characteristics of residential land prices further. 

The calculation formula is as follows: 

�� =
(����̅) ∑ ���(����̅)�

���

�� , (2) 
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If the local Moran’s I is greater than 0, it indicates that the point i with high (low) land 

price is surrounded by other high (low) land prices; if it is less than 0, it indicates that the 

point i with high (low) land price is surrounded by other low (high) land prices. 

2.3.2. Spatial Weight Matrix 

The spatial weight matrix reflects the degree of correlation and dependence between 

spatial units. The spatial weight matrix used commonly is a matrix constructed based 

upon geographical location, such as the adjacency matrix and geographic distance weight 

matrix, which can express the correlation between spatial units intuitively. In this paper, 

a geographic distance weight matrix is constructed based upon the reciprocal of the dis-

tance calculated by each plot’s latitude and longitude, which indicates that the closer the 

distance between the blocks, the greater their mutual influence. When the distance ex-

ceeds a certain threshold, the degree of influence drops to 0. The matrix is expressed ex-

plicitly as follows, with wij being the spatial linkage between observation i and j, and dij 

being the distance between i and j. 

��� = �

�

���
 ��� ≤ �

0 ��� > �
, (3) 

2.3.3. Spatial Econometric Model 

According to existing research on the factors of residential land price, the economet-

ric or spatial econometric models include the hedonic price [12–14], GWR [15–17], struc-

tural equation [18,19], spatial autoregressive [20–22], spatial Durbin models [25–27] and 

so on. As a spatial econometric model to measure the spatial correlation effect, the spatial 

Durbin Model is the general model of the spatial lag model and the spatial error model, 

which includes spatially lagged dependent variables and spatially lagged explanatory 

variables. Unlike the GWR model, the spatial Durbin model can explain spatial interac-

tion, which refers to the spatial effect between variables. Therefore, this study uses the 

spatial Durbin model to explore flood risk’s spatial effect on residential land prices. 

The spatial Durbin model considers the explanatory variables’ spatial lag term and 

the explained variable’s lag term comprehensively. Its mathematical expression is: 

� = �� + ���� + ��� + ���� + � (4) 

where Y is the dependent variable matrix, and �� represents the selected factor matrix, W 

is the spatial weight matrix used to measure the spatial lag attribute, and ε is the random 

error term vector whose elements follow �~(0, ����). 

When � equals 0, the model is converted to a spatial lag model. When � = −���, 

the spatial error model is carried out. This illustrates that the spatial Durbin model can be 

simplified into the spatial lag model or spatial error model by imposing certain constraints 

on it. The spatial Durbin model can capture the spatial spillovers generated from different 

sources, which is more extensive and explanatory. 

Typically, the spatial Durbin model is regressed by the maximum likelihood method. 

In addition to the goodness-of-fit test (��) and log-likelihood (LL) test, the Akaike infor-

mation criterion (AIC) and Bayesian information criterion (BIC) can also be applied to 

determine whether there is a spatial spillover effect. 

3. Results 

3.1. The Residential Land Market Analysis 

According to land market management policies, Hangzhou has used listings and bid-

dings for residential land since 1992, and the residential land price shows a continuous 

upward trend during the study period (Figure 4). The HP filtering method is applied to 

the unit price of residential land to separate the trend and the random fluctuation element 
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of the average unit price of residential land including land for commercial housing and 

affordable housing. Using the HP filtering method, the residential land market can be di-

vided into approximately three periods, stage I (2007–2011), stage II (2012–2016), and stage 

III (2017–2020). 

 

Figure 4. The HP filtering map of residential transaction land prices in Hangzhou from 2007 to 2020. 

After the slight climax in the land market in 2007, the land market policy was inclined 

to tighten regulation, and the land market fell into the doldrums. In 2009, the government 

introduced a four trillion yuan stimulus policy, and the market rebounded. Then, in 2011, 

after the government introduced the Notice on Promoting the Stable and Healthy Development 

of the Real Estate Market, the land market stabilized. The periodic component of land price 

fluctuated above and below 0 from 2012 to 2016. To achieve stable housing price expecta-

tions, the land market was in an oscillation of tightening-relaxing, yet land prices contin-

ued to rise. Furthermore, since 2017, Hangzhou has upgraded and tightened a series of 

land market control policies, such as the Renting and Purchasing Policy, Setting Ceiling Prices 

for Houses and Land, Bidding for Free Construction Areas, and other measures to control the 

land transfer strictly with the hope that these policies will play a role in stabilizing market 

expectations. 

3.2. Statistic Description and Visualization 

The descriptive statistics of land prices in different risk zones (Table 1) show that 

most of the land transaction records are in low-risk and medium-risk zones, while the 

highest mean/medium price is in high-risk zone. To visualize the result of flood risk, 

ArcScene 10.2 was applied to construct a 3D map and a sectional view of residential land 

price and flood risk (Figure 5). Land transaction prices are depicted in dark blue to dark 

red. The solid black line in the sectional view shows the flood risk curve from the west to 

east, and the solid blue line shows the interpolated land price curve. 
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(a) 

 
(b) 

Figure 5. (a) Spatial 3D map of land price and flood risk, where the xy plane is the flood risk; (b) 

Sectional view of residential land price and flood risk, where the solid black line shows the flood 

risk curve from the west to east and the solid blue line shows the interpolated land price curve. 

Table 1. The descriptive statistics of residential land prices in different risk zones. 

Land Price 

(����/��) 
No Risk Low Risk Medium Risk High Risk 

Mean 30,798.00 46,162.46 42,999.00 58,285.49 

Medium 25,225.67 37,165.00 37,039.08 52,151.19 

Minimum 6919.61 3684.00 5722.49 9902.75 

Maximum 70,005.28 155,106.07 121,882.66 124,973.00 

Std. Deviation 19,866.95 29,400.28 24,907.68 29,011.68 

Std. Error 4235.65 1942.82 2151.70 4645.59 

Obs. 22 229 134 39 

3.3. Spatial Autocorrelation Analysis 

3.3.1. Global Spatial Autocorrelation 

Using the inverse distance spatial weight matrix in ArcGIS 10.2, this paper measures 

the global Moran’s I of residential land prices in the main urban area of Hangzhou. Table 

2 illustrates that the global Moran’s I of residential land prices within the selected periods 

are all positive and pass the significance test, indicating positive spatial autocorrelation. 

Therefore, the non-spatial econometric model should be extended to a cross-sectional 

model that includes spatial effects, and the spatial econometric model is considered ap-

propriate for this study.  
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Table 2. Global Moran’s I for residential land price. 

Stages Global Moran’s Index p-Value 

2007–2011 0.373427  0.0000  

2012–2016 0.582483  0.0000  

2017–2020 0.132190  0.0026  

All data 0.294169  0.0000  

3.3.2. Local Spatial Autocorrelation 

Furthermore, to clarify the local spatial autocorrelation and spatial clustering charac-

teristics of residential land prices within the study area, the Moran scatterplot and LISA 

cluster map of land prices are also drawn in the paper. As shown in Figure 6, 312 points 

are clustered in the first and third quadrants of the coordinate system, indicating that ap-

proximately 73.6% of the 424 land plots show a positive autocorrelation regionally. As the 

LISA cluster map shows (Figure 7), the significantly High-High clustering areas (i.e., hot 

spots) are located primarily around Hangzhou Civic Center and Wulin Square. In con-

trast, the Low-Low clustering areas (i.e., cold spots) are located primarily in the southern 

part of Xihu District and the northern and eastern parts of Binjiang District, far from the 

city centers. The dependent variable, land price, has significant spatial clustering charac-

teristics and presents uneven spatial heterogeneity. 

 

Figure 6. Lisa Scatter Plot Frame. The blue circles represent the correlations between the land price 

and its spatial lag, while the purple line refers to the linear fit of the scatter plot, the slope of which 

is the global Moran’s index. 
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Figure 7. Lisa Cluster Map. 

3.4. Model Specification 

3.4.1. Variable Selection 

The existing research has found that a combination of different factors determines the 

land price, which can be divided primarily into macro and micro factors [78,79]. There exists 

a variety of macro factors that determine the difference in land prices between cities, such as 

population size, land policy, and the level of economic development. Micro factors can be di-

vided primarily into the plot, location, and neighborhood factors. According to previous re-

search, variables at the location, neighborhood and plot levels were selected. Initially, seven-

teen variables were selected in the study (Table 3). According to the correlation test of the 

variables, it was found that the correlation coefficient between the distance to Wulin Square 

and the distance to the nearest 3A hospital exceeded 0.5, which is a high correlation. The rea-

son for this is that the 3A hospitals in Hangzhou are distributed mainly around Wulin Square, 

and the distance to Hangzhou Wulin Square was excluded. Finally, the sixteen specific varia-

bles are detailed in Table 3. 

Table 3. Selected variables and definitions. 

 Definition Variables 

Location Factor Linear distance to Hangzhou Civic Center  CBD 

Neighborhood Factors 

Distance to the nearest planning subway PMETRO 

Distance to the nearest constructed subway JMETRO 

The number of bus stops within 500 m BUS 

Distance to the nearest primary school PRIM 

Distance to the nearest high school HIGH 

Distance to the nearest 3A hospital 1 HOSP 

Distance to the nearest park PARK 

Plot Factors 

Whether the land is used for affordable housing, if yes, then 1; otherwise, 0 AFFOR 

Whether it is a mixed-use land, if yes, then 1; otherwise, 0 MIX 

The sold area of the land AREA 

Whether the land is sold by bidding, if yes, then 1; otherwise, 0 BID 

The upper limit of the planning floor area ratio FAR 

Research Factor Flood hazard risk, low risk is 1, medium risk is 2, high risk is 3, and no risk is 0 FLOOD 

Time 
Whether the land was sold between 2007 and 2011, if yes, then 1; otherwise, 0 T1 

Whether the land was sold between 2012 and 2016, if yes, then 1; otherwise, 0 T2 
1 In China, hospitals are classified into three tiers and nine levels. 3A is the highest level of hospital. 
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3.4.2. Spatial Econometric Model Test 

This study draws largely on Anselin’s process of determining appropriate spatial 

econometric modeling [80,81]. First, the Ordinary Least Squares (OLS) regression is re-

quired, and the residuals obtained are subjected to the Lagrange Multiplier Test (LM). The 

LM test contains two indicators, LM-Error and LM-Lag. If neither indicator is significant, 

the model without spatial effects is chosen as the final model. The spatial error model is 

selected if the LM-Error is significant, while the spatial lag model is chosen if the LM-Lag 

is significant. If both indicators are significant, Anselin proposed the Robust Lagrange 

Multiplier Test (RLM). The RLM test contains two indicators, RLM-Error and RLM-Lag. 

The spatial error model is selected if the RLM-Error indicator is significant. The spatial lag 

model is chosen if the RLM-Lag indicator is significant. The spatial Durbin model is pre-

ferred if both are significant. 

As shown in Table 4, LM-lag, LM-error, and RLM-lag are significant at the 5% confi-

dence level, while RLM-error fails the significance test. According to Anselin’s judgment 

criteria, the spatial lag model (SLM) is more appropriate, indicating that the land prices 

have a spatial correlation of substantiality but not of interference. 

Table 4. LM Test for spatial econometric model. 

Indicators Statistic p-Value 

LM-Error 10.747 0.001 

RLM-error 0.350 0.554 

LM-lag 15.897 0.000 

RLM-lag 5.500 0.019 

Since the LM test can only diagnose and select between the spatial lag model and the 

spatial error model, it is easy to miss a more appropriate model in the end. The likelihood 

ratio (LR) test can generally be used to test whether the spatial Durbin model can degen-

erate into SLM or SEM. In this paper, only the spatial lag term of the flood hazard risk is 

considered because the model has already contained plenty of dependent variables. The 

LR test statistic conducted by Stata shows that the original hypothesis is rejected at a 5% 

confidence level, so the SDM model should be chosen (Table 5). 

Table 5. LR Test for spatial econometric model. 

�� Statistic p-Value 

� = 0, (SDM can degenerate into OLS) 4.5957 0.032 

� = 0, (SDM can degenerate into SLM) 22.3770 0.000 

3.4.3. Model Estimation 

The OLS and SDM models were carried out in Stata SE 15, and Table 6 shows the 

regression results. Model 1 is the OLS model, while Models 2 and 3 are spatial lag models 

and SDM with the spatial lag terms for the dependent and independent variables, respec-

tively. The R2 of Models 2 and 3 has increased compared to Model 1, indicating that the 

spatial lag model/SDM is a better fit. The log-likelihood values of Model 3 with the spatial 

lag terms of the dependent and independent variables are also larger, indicating that 

Model 3 explains the residential land prices in the study area better than Model 2. 
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Table 6. Estimation results of the spatial Durbin model. 

Variable Model 1 Model 2 Model 3 

FLOOD 
0.0496 * 

(0.0279) 

0.0214 

(0.0278) 

−0.0862 ** 

(0.0354) 

CBD 
−0.3963 *** 

(0.0437) 

−0.2719 *** 

(0.0534) 

−0.4026 *** 

(0.0596) 

PMETRO 
−0.0140 

(0.0242) 

−0.0053 

(0.0233) 

0.0099 

(0.0230) 

JMETRO 
−0.1206 *** 

(0.0249) 

−0.1056 *** 

(0.0243) 

−0.0721 *** 

(0.0247) 

BUS 
−0.0696 ** 

(0.0332) 

−0.0515 

(0.0323) 

−0.0397 

(0.0316) 

PRIM 
0.0320 

(0.0273) 

0.0224 

(0.0264) 

0.0175 

(0.0258) 

HIGH 
0.0157 

(0.0320) 

0.0204 

(0.0308) 

0.0570 

(0.0310) 

HOSP 
−0.1422 *** 

(0.0287) 

−0.1289 *** 

(0.0278) 

−0.1105 *** 

(0.0274) 

PARK 
0.0153 

(0.0250) 

0.0178 

(0.0240) 

0.0226 

(0.0234) 

AFFOR 
−1.8673 *** 

(0.0929) 

−1.8820 *** 

(0.0893) 

−1.9118 *** 

(0.0875) 

MIX 
−0.4304 *** 

(0.1163) 

−0.4260 *** 

(0.1118) 

−0.4145 *** 

(0.1092) 

AREA 
−0.0295 *** 

(0.0075) 

−0.0253 *** 

(0.0073) 

−0.0234 *** 

(0.0071) 

BID 
0.1709 

(0.1316) 

0.1249 

(0.1270) 

0.1275 

(0.1241) 

FAR 
0.7954 *** 

(0.0949) 

0.7177 *** 

(0.0935) 

0.6994 *** 

(0.0915) 

T1 
−0.6501 *** 

(0.0485) 

−0.6466 *** 

(0.0466) 

−0.6587 *** 

(0.0456) 

T2 
−0.4923 *** 

(0.0448) 

−0.4998 *** 

(0.0430) 

−0.5017 *** 

(0.0420) 

W * FLOOD   
0.2644 *** 

(0.0559) 

_cons 
15.7222 *** 

(0.5140) 

11.8674 *** 

(1.1337) 

13.1074 *** 

(1.1608)  

ρ  
0.2395 *** 

(0.0634) 

0.1432 ** 

(0.0668) 

R2 0.7242 0.7268 0.7445 

Adj R2 0.7134 0.7167 0.7345 

Log-L  −148.6326 −137.6672 

Note: *, **, *** refer to coefficients that are significant at 10%, 5%, and 1% levels of significance, re-

spectively. Standard errors are in parentheses. 

The variables that have a significant negative effect on residential land value at the 

95% confidence level are Flood hazard risk (FLOOD), the distance to the Civic Center 

(CBD), distance to the completed subway station (JMETRO), distance to the nearest 3A 

hospital (HOSP), whether it is land for affordable housing (AFFOR), whether it is mixed 
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residential land (MIX), land area (AREA), and time control variables (T1, T2). These con-

trol variables’ coefficients on residential land price are all consistent with expectations. 

The estimated coefficient of flood hazard risk (FLOOD) is negatively and statistically 

significant at the 5% significance level, which indicates that as the flood risk where the 

plot is located increases by one unit, the price of residential land will decrease by approx-

imately 8.62%. The negative coefficients for the location factor (CBD) and neighborhood 

factors (JMETRO, HOSP) indicate that the land price will increase when the plot is closer 

to the CBD or neighborhood amenities. Among the location factors, the CBD plays an 

undeniable role in increasing residential land prices. With respect to the neighborhood 

factors, the medical and traffic conditions have a more significant positive effect on the 

residential land price, which are important factors that developers consider when acquir-

ing land. Furthermore, developers prefer plots around built subway stations over planned 

ones. According to the estimated coefficients of other control variables in Model 3, it is 

found that the upper limit of the FAR has a positive effect on residential land prices at the 

99% confidence level. The plot ratio’s effect on land price is consistent with the results of 

related studies. The higher the plot ratio within a specific reasonable range, the higher the 

land price. The negative effect of affordable housing land and mixed residential land in-

dicates that the land value of these two residential land types will be lower than the value 

of commercial housing. As both are dummy variables, the prices of the three types of res-

idential land can be ranked from highest to lowest based upon the coefficients: commer-

cial housing land; mixed residential land, and affordable housing land. The coefficient of 

the land area indicates that the larger the plot size, the lower the unit price of residential 

land. The coefficients of the time-control variables indicate that residential land prices 

have been increasing over time. Land prices showed an overall upward trend during the 

study period, consistent with the analysis derived by the HP filtering method in the pre-

vious section. 

Some factors had the same effect as expected, but others were not consistent with 

previous research, such as educational resources (PRIM, HIGH), transit accessibility 

(BUS), and park accessibility (PARK) in neighborhood characteristics. Because the urban 

area of Hangzhou is rich in educational resources, bus stops, and parks, the service facili-

ties are highly accessible to most of the land plots. The difference in accessibility is not 

significant. Therefore, the effect of these neighborhood variables is not significant. In ad-

dition, the distance to the planned subway station (PMETRO) and whether it is a bid-offer 

(BID) are not significant at the 90% confidence level. 

The spatial-lag parameter is �, whose value is 0.1432 and statistically significant at 

the 5% significance level. The positive coefficient (�) implies that values of land price are 

positively related to values of land price in adjacent areas. When the land prices in sur-

rounding areas increase by 1%, the land price in the area will increase 14.32%. The land 

price in the neighboring regions will have a positive spatial spillover effect on the region, 

which shows a convergence effect of land prices between neighboring regions. Mean-

while, the spatial lag term of flood risk (W * FLOOD) shows a positive value at the 1% 

level of significance, indicating that the land price in one location is positively related to 

the flood risks in other locations. 

4. Discussion 

Climate change affects the world’s trillion-dollar real estate market, and these effects 

are gradually being felt more profoundly. Although China is also one of the countries with 

the most meteorological disasters in the world, looking back at the major meteorological 

disasters in the past 10 years, it seems that Hangzhou’s housing prices have not been af-

fected by floods, and the effects of flooding have not been capitalized into land values. As 

shown in Table 2, the high-risk zone has the highest mean/medium transaction price, and 

flood risk may not be the most important consideration in land transaction for govern-

ments and developers. 
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One reason for this phenomenon is that the flood control facilities are believed to be 

effective in preventing floods. Since 1997, Hangzhou has promoted the 100-year flood 

standard after typhoon No. 11 which caused huge losses. In 2017, Hangzhou proposed 

“sponge city” planning and started to enhance the use of rainwater to alleviate waterlog-

ging through initiatives including green roofs, pervious pavement, rain gardens, and bio-

swales based on the Low-Impact-Development (LID) concept. Alternative and innovative 

financial mechanisms such as PPP are used to expand the sources of funding for flood 

control [82]. The Urban Flood Control and Drainage Planning revised in 2018 pointed out that 

the future flood control standard of the main urban area of Hangzhou will be raised from 

100-year to 300-year. On both sides of some rivers, the government has combined levees 

with public services, such as highways and hiking paths, and made them more aestheti-

cally pleasing to enhance the flood control function and give residents a space to rest. 

However, as global warming increases the frequency and intensity of floods, the tradi-

tional approach to flood management may not reduce or prevent all the detrimental ef-

fects of flood waters. Flooding will lead to more disasters, loss of life and economic loss. 

It affects the residents’ immediate interests. 

The other reason is that geographical data often displays spatial autocorrelation, 

which can drive spurious correlations or biased estimates. As Table 6 shows, when the 

model does not include spatial effects, as shown in Model 1, the estimated coefficient of 

flood hazard risk (FLOOD) is positively and statistically significant, indicating that a 

plot’s higher flood risk contributes to higher land prices. However, after including the 

spatial lag term of the flood risk and land price, as shown in Model 3, the coefficient of 

FLOOD becomes negative instead. The nonspatial Model 1 estimated by conventional re-

gression procedures is not reliable representation; while the SDM model can identify the 

presence of disturbance variables that are spatially autocorrelated. 

The results of this study show that other things being equal, plots with high risk of 

flooding suffer a price discount, and the values of land price are positively related to flood 

risk in adjacent locations. These are similar findings to previous studies, but for different 

reasons. These effects of flood risk on land price can be analyzed with China’s land own-

ership and price system. The state ownership of urban land in China is distinguishable 

from private landownership in the West. Differences in property rights and land price 

systems may lead to different interpretations of the results. China traditionally does not 

have a market-based land and property transfer system. In 1978, the land-use rights re-

form separated the land-use rights from land ownership. In the late 1980s, land bench-

mark price (LBP) was formed to serve as a reference point for land sales. The LBP method 

and later the comparison method have become the two most popular land price assess-

ment approaches. According to the Regulations for Gradation and Classification on Urban 

Land issued in 2001 and revised since then, as the supply side of the land market, the 

government considers flood hazards and other natural factors that affect land use or con-

struction activities in the land classification. The determination of the LBP for urban con-

struction land is based upon land use type and many other factors. For example, plots 

with higher flood risk have relatively lower benchmark land prices, other things being 

equal. Therefore, the effect of flooding risk on land price can be explained, as the govern-

ment considers the flooding conditions when determining the LBP. 

Furthermore, the spatial spillover effects of land price can be analyzed with the flood 

information disclosure system and the stakeholders’ considerations in land price compar-

ison. The developers need to survey the surrounding environment to determine the ap-

propriate expected land transaction price before acquiring the land. However, the gov-

ernments did not publish flood hazard risk maps, and developers and residents had few 

ways to obtain information about flood risk. They could make decisions based only upon 

the government’s real-time flood warnings and the surrounding plots’ actual situation. 

Developers and residents have unequal information and status in the entire process, so 

they can make land and house purchasing decisions based upon relevant public infor-
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mation and comparisons. A large number of empirical analyses have found that an indi-

vidual’s risk management decision is related closely to the resources he has at present and 

his knowledge of risks and risk management strategies [83]. Due to the limited infor-

mation and less risk awareness of flooding, in the process of land buying and selling, the 

price determinations mainly rely on the method of market comparison. Therefore, land 

prices showed a higher spillover effect within regions with similar land market character-

istics. 

The impact of flood risk on land prices and the spatial spillover effect of land prices 

in Hangzhou may be similar to that of related research in Western countries; however, the 

mechanisms of the two are completely different. In Hangzhou, the government pricing of 

the benchmark land price and the market pricing of the developers’ comparison both play 

an important role in the determination of land prices. In western countries, the market is 

the most important determinant of the price of land. Interestingly, the risk of flooding is 

capitalized into the price, whether it is determined by government or market pricing. 

5. Conclusions 

Extensive evidence on the effect of flooding on residential land prices in the US and 

Europe exists but little such evidence in China. Using SDM model, this study analyzes the 

spatial correlation between the flood risk and the residential land prices from 2007 to 2020 

in Hangzhou’s main urban area. It shows a significant spatial interaction between the 

flood hazard risk and land prices. The empirical insights delivered by the SDM model are 

as follows: (1) The residential land price has a positive spatial autocorrelation; (2) Various 

factors’ influence on residential land price differs significantly; (3) Flood hazard risk will 

have an adverse effect on a plot’s land price, while surrounding plots’ high risk of flooding 

will increase the plot’s land price. (4) The unique mechanism of the way flood risk affects 

land prices was discussed further from the perspectives of land ownership and land price 

systems in China. The LBP issued by the local government considers flooding, making the 

benchmark price lower for plots with higher flood risk, with other things being equal. (5) 

The spatial spillover effects of land price can be analyzed with the flood information dis-

closure system and the stakeholders’ considerations in land price comparison. (6) The ef-

fect of flooding on residential land prices in Hangzhou is the result of government regu-

lations and market allocations, which is fundamentally different from those of the free 

market allocations in many western countries. However, the capitalization of floods in 

land prices has been achieved, whether it is via government pricing or market pricing. 

From the perspective of urban planning, spatial allocation should consider the risk 

of flooding. For the policy makers, it is necessary to include the flood risk in land transac-

tion price determination and to compile a flood hazard risk map, particularly for residen-

tial land transactions. The information on flood risk should be released publicly and trans-

parently to protect developers and residents’ right to know the land plots’ flooding status. 

According to the flood risk, the government should reasonably determine the develop-

ment intensity of residential land and regulate the behavior of residential land transfer in 

high-risk areas. In view of the built-up residential land construction in high-risk areas, 

flood control projects that minimize the flood risk effect on residential land, such as green 

roofs and rain gardens, should be provided in urban renewal and transformation. 

In drawing conclusions based on this work, a couple of limitations should be consid-

ered. With respect to the indicators of flood risk, it uses a dummy variable to measure the 

flood hazard risk so that the flood risk is constant in the region, which is an abstraction of 

the reality. With respect to the effect of flood risk on land price, the developers’ or resi-

dents’ views on flood risk have not been considered, which may be an additional explain-

ing factor. 

In future research, developers’ or residents’ views should be obtained through inter-

views. Furthermore, additional natural hazards and geological disasters may be included 

in the dataset. In addition, the dataset analyzed consists of residential land prices in Hang-

zhou, and we suggest expanding the related research to other cities in China. 
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