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Abstract

:

The increasing demand of humankind has caused a large number of land use changes, which pose a direct or indirect threat to the environment while promoting economic growth. The lack of risk-oriented land use changes may increase the disaster risk in the region. Therefore, how to study the relationship between land use change and disaster risk deserves attention. In this study, a research framework with quantitative relationship between land use change and disaster risk was constructed from the perspective of efficiency. The framework integrated land use change, disaster losses and environment variable (runoff increment) into a three-stage data envelopment analysis (DEA) assessment model to dynamically evaluate the impact of land use changes on disasters. The main conclusions include: (I) after the influence of runoff increment and random error was excluded, the overall risk score of counties and cities in Taiwan is 0.643, which represents a relatively high level, indicating that land use changes have caused high disaster risk; and (II) the vulnerability of land development in each county and city can be obtained through the comprehensive score of disaster risk the amount of unused input. The results of this study can help government agencies to rank various types of land development and then determine the acceptable risk level and incorporate disaster risk into land development.
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1. Introduction


In order to meet the growing demands of mankind, land use conversion has become one of the most critical and direct ways for mankind to change the environment and has produced a profound impact on the natural environment [1,2]. Land use change has changed the physical parameters of the earth’s surface. A large amount of natural land (such as forests, grasslands and wetlands) has been converted into developed land (such as cities and farmland), which has led to a dramatic reduction in grasslands, woodlands, arable land, sea areas, tidal zones and unused land and a continuous increase in the construction land and industrial land. It is known that the natural ecological environment not only provides material resources for the production and life of human society but also plays an infinite role in regulating climate, water resources and reducing natural disasters [3]. However, a lot of changes in land types make ecologically fragile areas exposed to direct or indirect threats and have brought increasing pressure on the environment and ecosystem [4]. Land use change not only affects the soil environment, atmospheric environment and water environment but also has an impact on the balance of various systems on the earth’s surface. These changes not only have increased the frequency and intensity of natural disasters (such as floods) but also have improved soil salinity and land erosion. Although land development has become inevitable, it requires more resilient measures to avoid the increase in disasters [5]. In the context of rapid urbanization, people are increasingly aware of the interaction between land use changes and disaster risk. Human activities (deforestation, wetland reclamation, urban expansion, etc.) have changed the pattern of ecological risks. In this case, it is of realistic necessity to study the impact of land use changes on disaster risk. The information obtained from land use changes can help policy makers and managers better understand the potential relationship between human factors and the environment and to effectively assess the risk of natural disasters, which will help to realize sustainability and enhance resilience [6,7,8].



Land use reflects the interference of human activities in the regional environment. The rapid increase in urban built-up areas puts pressure on the scarce land and water resources in the peri-urban fringes, thereby potentially leading to environmental pressure [9], which increases the production of disaster contributions. With the development and expansion of cities in hazardous areas, the lack of risk-oriented land use changes may increase the disaster risk of the area. Therefore, land use planners and policy makers must establish a key connection between disaster risk reduction and land use changes [10]. Land use changes have obvious regional and cumulative characteristics. Land development will show different resilience, among other variances, depending on the conditions in the region [11]. Risk is a key aspect in the development process. In the development of cities, attention should be paid not only to profits but also to risk assessment and management [12]. Therefore, various risks related to development need to be handled in planning, including natural disaster risk [13,14] and flood risk in land allocation [15]. In this process, risk assessment is a key step in intervention planning. By examining the land use changes, analyzing the source of risk and the negative impact of natural disasters and establishing a relationship between land use change and disaster risk, the areas that require policy intervention in land use can be finally determined. This benefits the governance and protection of the ecological environment and facilitates the management of disaster risk. However, a feasible method for the risk assessment of land use change is absent.



In addition to the increase in disaster risk, land use changes will also bring a large amount of runoff increment. Flood flow increases with the increasing population density, which largely depends on the urban sprawl, the increase of impervious surfaces and the unresponsiveness of projects [16,17]. Studies have shown that land use changes contribute to 21.3–35.8% of runoff changes [18]. Land use changes may affect the local flooding process and increase property losses exponentially [19]. The increase in flood risk may enhance the overall disaster risk. Therefore, in the decision-making for land development, a lack of attention to runoff may bring more uncertain factors to the risk assessment. How to integrate runoff increment—an environment variable (unexpected output) to the risk assessment—has become a focus of this study.



Extensive models have been developed to improve the understanding of the impact of land use changes on disaster risk and to better predict the future uncertainty in land development [20,21,22]. For example, cost benefit analysis (CBA) was used to convert land development and risk losses into monetary units for measurement. However, this method fails to process the indicators of nonmonetary units, and it performs measurement through the overall relationship, which cannot rank different analysis units and deal with the poor output [23]. Stochastic efficiency is a method that uses utility function and stakeholders’ attitudes to rank risk assessments [24], but its setting and scoring of risk classifications are still subjective to a certain extent. In this paper, in order to integrate land use changes, disaster losses and runoff increment into one framework, data envelopment analysis (DEA) was adopted, whose ability to overcome the limitations of the above methods has been confirmed by abundant studies [25,26,27]. Data envelopment analysis (DEA) is a method to determining the optimal efficiency by comparing a set of decision-making units (DMUs) with multiple inputs and outputs. It has the following advantages: (I) DEA can simulate the situation where multiple inputs and outputs exist and can correlate input and output without assuming the form of functional production; (II) it can directly compare DMUs with peers or equivalent unit combinations; and (III) DEA can input and output different measurement units, which can strengthen the objectivity of the results obtained from the processing of tasks in real life; thus, it will provide good results when measuring efficiency. In this study, based on the view of efficiency, the intensity of land use changes was correlated with the intensity of disaster risk changes to rank the increase in risk caused by land use changes in the counties and cities in Taiwan. In this way, the influence of different driving factors in different counties and cities can be discovered, which can provide guidance for future development. However, the traditional DEA model ignores the impact of environment variable (runoff increment), which may result in deviations in risk assessment. Therefore, a three-stage DEA model was employed to take the undesired output (runoff increment) into account. The three-stage DEA model integrates the advantages of traditional DEA and Stochastic Frontier Analysis. That is, starting from the results of the traditional BCC–DEA analysis (BCC is the abbreviation of three operations researchers (Banker, Charnes, and Cooper)), Stochastic Frontier Analysis is used to explain the changes in the environment, and the second-stage adjustment data are used to obtain the true score of risk efficiency [28], so as to build an evaluation model of land use changes, disaster losses and runoff increment.



This study provides a framework for evaluating the correlation between land use changes and disaster risk, laying a quantitative basis of development models for counties and cities with different land development and different conditions and offering new insights for the monitoring and management of disaster risk triggered by land use changes. In this process, this study focuses on the following aspects: (I) How do land use changes affect disaster risk? (II) What is the relationship between land use changes and stormwater runoff? (III) How to apply the viewpoint of efficiency to make an overall assessment of land use changes, disaster losses and runoff increment?




2. Method


2.1. Research Area


Taiwan may be one of the most vulnerable places on earth to natural disasters, with 73% of the land and population exposed to three or more dangers. The frequency of rainfall is decreasing, while the frequency of heavy rains is increasing in Taiwan [29]. Located at the junction of the Pacific plate and the Asia–Europe plate, Taiwan is vulnerable to various geological natural disasters and extreme weather events, such as coastal storms, erosion, strong winds, floods, earthquakes and tsunamis. Moreover, Taiwan is also one of the most densely populated areas in the world, with nearly 80% of the population living in cities [30]. A large amount of ecological land has been converted into urban construction land, which has aggravated disaster losses. Therefore, there is an urgent need to study the relationship between land use changes and disaster risk in Taiwan. In this study, with the island of Taiwan as the research scope, a total of 19 counties and cities are involved. The scope of the research is shown in Figure 1.




2.2. Data Sources


The data of land use changes come from the “Taiwan Land Use Survey” [31]. In this study, the land use changes classified in the first level in the Land Use Survey in 2012 and 2017 were compared as the value of land use changed. The data of natural disaster losses come from “Disaster prevention and rescue white paper,” in which statistics have been made on the number of various natural disaster losses from 2010 to 2019 [32].




2.3. The Efficiency Method of the Three-Stage DEA Model


2.3.1. The First Stage: Traditional DEA Model


The traditional DEA models include CCR model with constant returns-to-scale (CRS) and BCC model with variable returns-to-scale (VRS) (CCR is the abbreviation of three operations researchers (Charnes, Cooper, and Rhodes)). Since this study focuses on the impact of land use changes on disaster risk, VRS can not only ensure the efficiency of risk assessment under scale compensation but can also further decompose the overall efficiency of risk assessment into scale efficiency and technical efficiency. Technical efficiency means that each unit of input maximizes output, and the influence of scale size is ignored, because decision-making units (DMUs) are only compared with units of similar scale size. Scale efficiency refers to an optimal unit size of operation, which is obtained through dividing the total efficiency by technical efficiency, and its decrease or increase will reduce the efficiency. Under certain input conditions, it can obtain the optimal solution of the linear programming with the largest possible output, and it also gets rid of the fixed prerequisite for returns to scale in the CCR model [33]. Therefore, the output-oriented BCC model was adopted in this study as the risk assessment model in the first stage. Suppose the BCC model regards each county and city in Taiwan as a DMU with i inputs and r outputs. Various types of land use changes were used as inputs of DMU, and disaster losses as outputs. The specific model is as follows:


    min  [  θ − ε  (    ∑  r = 1  t    S r +  +   ∑  i = 1  m    S r −       )   ]        ∑  j = 1  n    λ j     x  i j   +  S i −  − θ  x  i j 0   = 0       ∑  j = 1  n    λ j     y  r j   +  S r +  −  y  r j 0   = 0       ∑  j = 1  n    λ j    = 1      λ j  ≥ 0 ;  S r +  ≥ 0 ;  S i −  ≥ 0 ; j = 1 , 2 , … , n .    



(1)




where   j = 1 , 2 , … , n   represents DMU; x and y are the values of input and output, respectively;    S r +  ,  S i −    are slack variables, and nonzero    S r +  ,  S i −   , respectively, denote input redundancy and output shortage;    λ j    is the weight of related factor; and  θ  is the efficiency value of DEA, which represents the relative severity of natural disasters in this study.



When   θ = 1   and    S i −  =  S r +  = 0  , it means that the j-th DMU is DEA-effective, indicating that, compared with other DMUs, this DMU has no excess input and insufficient output, that is to say, all kinds of land use changes have caused an increase in disaster risk.



When   θ = 1   and    S i −  ≠ 0   or    S r +  ≠ 0  , it means that the j-th DMU is weak DEA-effective, indicating that the DMU is close to the relatively optimal state of resource allocation, but there is still room for improvement. In other words, there are still some inputs of land use changes that have not increased disaster risk, or the inputs of land use changes may lead to greater disaster risks.



When   θ < 1  , it means that the j-th DMU is non-DEA-effective, suggesting that, compared with other DMUs, this DMU still has a large number of inputs of land use changes that have triggered an increase in disaster risk, that is, the DMU is more conducive to urbanization.




2.3.2. The Second Stage: Stochastic Frontier Analysis (SFA) Model


The SFA model can analyze the input slacks calculated by the first-stage DEA model, so as to establish the functional relationship between environmental impact (herein referred to as runoff increment), random error and the influence of low management efficiency. The purpose is to eliminate the environmental impact and random error, thereby maintaining the input slack caused by low management efficiency [33,34]. In this study, the input slack of land use change was used as the dependent variable and runoff increment as the independent variable to construct the following similar SFA regression function:


   S  n k  −  =  f n   (   Z k  ;  β n   )  +  ν  n k   +  μ  n k   ; n = 1 , 2 , ... , N ; k = 1 , 2 , ... , K  



(2)




where    S  n k  −    is the input slack,    Z k    is runoff increment and    β n    is the coefficient of runoff increment;    ν  n k   +  μ  n k     represents mixed error;    ν  n k     is low random management efficiency, obeying the nonnegative tail of normal distribution; and    μ  n k     denotes random error, obeying the distribution of    N +   (  μ , σ  )   .



In order to eliminate the influence of the environmental factor and random error, the inputs need to be adjusted by the following formula, so that all DMUs are in the same external environment.


   X  n k  A  =  X  n k    +  [  max  (   Z k  ;  β n   )  − f  (   Z k  ;  β n   )   ]  +  [  max  (   μ  n k    )  −  μ  n k    ]  ; n = 1 , 2 , … , N ; k = 1 , 2 , … , K  



(3)




where    X  n k  A  ,  X  n k     represent the input after adjustment and before adjustment respectively; shown in the first square bracket on the right is the adjustment of the external environmental factor, so that all DMUs are in the same environment; what is displayed in the second square bracket is to make the random influence of all DMUs consistent.




2.3.3. The Third Stage: The Optimized DEA Model


The third-stage DEA model calculates the efficiency value of each DMU under ideal state based on the evaluation of the efficiency obtained by the first-stage DEA mode and the Stochastic Frontier Analysis by the second-stage model (with the influence of environment variable and random error excluded). It expresses the score of disaster risk under land use change after excluding the environmental factor (runoff increment). The higher the score, the greater the disaster risk caused by land use change, indicating that the land suitability in the county is weak.





2.4. Research Architecture


This study established a risk assessment model of land use change and natural disaster (Figure 2). It can be divided into two parts: disaster risk assessment by three-stage DEA model and the comparison of land development vulnerability. The first part is mainly aimed to calculate the true score of disaster risk. First, an indicator analysis system needs to be constructed. According to the land use classification system in Taiwan (9 categories, described below), the values of various land use changes were used as input indicators and the losses from natural disasters as output indicators. The score of disaster risk in the first stage was calculated through the traditional DEA model, which does not take the influence of environment variable into consideration. Therefore, in the second stage, we added the environment variable, namely runoff increment, and used the SFA model to obtain the adjusted inputs of land use changes. Finally, according to the new inputs and outputs of the disaster loss indicators, the true value of disaster risk was calculated. The second part focuses on the comparison of the relationship between land use changes and disaster risk, so as to analyze the land development suitability in each county. First, the predicted values of inputs of land use changes based on the analysis results in the third stage were obtained, which were then compared with the original input values to obtain the reduction in the values of the input indicators. This helps us to discover which land use changes in counties and cities have not caused an increase in natural disaster risk. The more the unused inputs, the more conducive the land use change is to the development of the county. In the second part, by comparing the amount of unused input and the overall risk score, the vulnerability of land development in each county can be acquired.




2.5. Indicator Measurement


2.5.1. Input Indicators


This study aims to explore the relationship between land use change and disaster risk. Therefore, land use changes can be used as input indicators in this study (Table 1). According to Taiwan’s land use classification system, land use is divided into 9 categories: forest use, agricultural use, water use, construction use, public use, mineral and salt use, recreation use, transportation use and other use [31]. The specific input data can be obtained by comparing the data of the two recent land use surveys, that is, by calculating the difference in the land use change between the land use classification system tables in 2012 and 2017. The difference in the change may be negative. Since this study explores the dynamic changes in land use, the absolute value was used as the value of land use change.




2.5.2. Output Indicators


Natural disaster losses were used as output indicators in this study (Table 1). Land use change increases the frequency and intensity of natural disasters, such as typhoons, floods and earthquakes. In order to build the relationship between land use change and disaster occurrence, the changes of natural disasters during the two land use surveys need to be compared, that is, the difference between the disaster losses in 2012 and 2017. However, considering the huge differences in the frequency and intensity of disasters in each year, statistics were mainly performed on the data of disaster losses 2 years before and after the two land use surveys, and the average value was obtained, respectively; then the difference between the average values was calculated as the output value of the output indicators. That is, the values of natural disaster losses from 2010 to 2014 were calculated, and the average value was used as the value of natural disaster losses in 2012; the values of natural disaster losses from 2015 to 2019 were obtained, and the mean was used as the value of natural disaster losses in 2012.




2.5.3. Environment Variable


Land use change will result in the changes of runoff, which will also expand the losses of natural disasters. Therefore, runoff increment is an external environment variable that causes natural disaster losses. In order to calculate the newly added runoff in each county and city, the impermeability of various land types needs to be learned. According to related research, the impervious rate of forest and agriculture, construction land and public facilities land is about 5.5%, 95% and 83%, respectively [35]. The annual rainwater runoff per hectare in Taichung City is 1203.8 m3 [36]. An increase of 3% in impermeable area will increase runoff by 5% [37]. Based on these theories, this study classified forest use, agricultural use and other land use (mainly grasslands and open spaces) as land with an impervious rate of 5.5%; construction use and transportation use as land with an impervious rate of 95% and water use, public use, mineral and salt use, and recreation use as land with an impermeable rate of 83%. Then the runoff caused by land use change was calculated using the following formula.


  Q =  A  i j   × q ×    (    a i  − 5   . 5 %   )   3  × 5  



(4)




where i and j respectively represent various types of land use and counties and cities in Taiwan;  Q  is newly increased runoff;    A  i j     is land use change;  q  is runoff per hectare of land; and    a i    denotes the impervious rate of various land types.






3. Results Analysis


3.1. Evaluation Results Obtained in the First Stage


Without considering the external environmental factor (runoff increment) and the influence of random interference, the BCC–DEA model was used to evaluate the values of disaster risk of each county and city in Taiwan. As can be seen from Table 2, Taiwan’s annual average risk score of overall efficiency is 0.825, the average risk score of technical efficiency is 0.852 and the average risk score of scale efficiency is 0.943, revealing that the disaster risk caused by the overall land use change in Taiwan is relatively high, and Taiwan is in a high-risk area. The risk value of 13 counties and cities is 1, indicating that, in terms of land development, they have a higher vulnerability than other counties and cities; 6 counties and cities are at low efficiency level, suggesting various land use changes have not all been converted to disaster risks; therefore, these areas have high resilience in land development. Hsinchu County is the county with the lowest risk among all counties and cities, and it can do more in the future land development. The results also showed that the scale efficiency of each county and city is greater than or equal to pure technical efficiency, demonstrating a small risk score of technical efficiency. It is mainly caused by the risk score of pure technical efficiency, which may be attributed to the lack of consideration for the external environmental factor.




3.2. SFA Analysis Results in the Second Stage


In this study, the input slack in the first stage was used as the independent variable (input slack refers to the difference between the original input value and the target input value), and the environment variable (runoff increment) as the dependent variable to build the SFA regression model. It can be seen from Table 3 that most of the parameters of the environment variable (runoff increment) have a significance level of 10% to 15%, which indicates that the environment variable has a statistically significant impact on the assessment of disaster risk. Therefore, it is necessary to eliminate such influence, so that the results can more reflect the real impact of land use changes on disaster risk. What the regression coefficient of SFA reveals is the relationship between environment variable and input slack. A negative coefficient indicates that the increase in runoff benefits the improvement of efficiency, which means the increase in disaster risk and more consumption of input resources (various land use changes), and vice versa. It can be found from the values of    σ 2    and  γ  that the influence of environment variable is more important than random error, and the random interference factor is almost negligible (see the paper published by [33] for specific solution). Table 3 also shows that runoff increment has different effects on land use changes. If these environmental factors are not controlled, deviations may be produced in the disaster risk estimate. The inputs can be adjusted through Equation (3), so as to reduce the interference from runoff increment.




3.3. Assessment Results in the Third Stage


After the influence of runoff increment and random error was excluded, according to the adjusted inputs, the disaster risk scores of the counties and cities in Taiwan were obtained, as shown in Table 4. It can be seen that Taiwan’s annual average risk score of overall efficiency is 0.643, the average technical efficiency risk score is 0.865, and the average risk score of scale efficiency is 0.761. Compared with the results obtained by the traditional BCC–DEA in Table 2, except for a small increase in technical efficiency (PTE), the overall efficiency and scale efficiency are reduced by 22.1% and 19.3%, respectively, demonstrating that, due to the interference from runoff increment and random error, disaster risk is overestimated. The great changes in the frontier of technical efficiency show that runoff increment has an enormous impact on the production frontier. In terms of the counties and cities, the risk assessment results of Kaohsiung City, New Taipei City, Taichung City, Changhua County, Taitung County and Keelung City have not changed, suggesting that land use changes in these areas have greater interference in the environment and will produce high disaster risk; the areas where disaster risk is greatly affected by runoff increment include Taipei City, Yilan County, Taoyuan City, Miaoli County, Nantou County, Yunlin County, Pingtung County, Hualien County, Hsinchu City and Chiayi City. After the interference from runoff increment was eliminated, the scores of disaster risk have dropped significantly, especially in Hsinchu City and Chiayi City, indicating that the runoff increment in these places has also significantly improved disaster risk; in Hsinchu County, Chiayi County, and Taitung County, the disaster risk is hardly affected by runoff increment and random error, revealing that land use changes in these areas are the main reason for the increase in disaster risk.




3.4. Comparison of the Vulnerability of Land Development among Counties and Cities


According to the second column of Table 4, the intensity distribution of disaster risk was obtained, as displayed in Figure 3. The overall vulnerability of land development was judged from the overall risk assessment. The unused inputs of land use changes were calculated according to the input ratio of various land use changes in the third stage, as shown in Table 5. It can be seen from the Table that the driving factors of disaster risk vary among counties and cities, that is, not all land use changes have caused the changes of disaster risk, due to different conditions in different counties and cities. For example, in Hsinchu County, changes in agricultural use and water use have resulted in the changes of disaster risk, but 41% of the changes in forest use are not involved in the change of disaster risk. Other types of land use changes can also be explained in the same way. Based on Figure 3 and Table 5, the disaster risk can be comprehensively evaluated. For example, the comprehensive risk in Chiayi City is only 0.185, but all types of land use changes participate in the risk assessment. Therefore, although the land use changes in the county will lead to the changes in disaster risk, the impact is relatively small, compared to that in other counties and cities. Another example is that the risk score of Pingtung County and Tainan City are 0.792 and 1, respectively, indicating relatively high risk, but, from the perspective of the input of land use changes, some land use changes in Pingtung County are not involved in the risk assessment, while all types of land use changes in Tainan City are involved in the risk assessment. It can be seen that Pingtung County has more resilience than Tainan City for land development, especially for the land with less input. Our research results can be used as a reference for future land development and can offer information on which types of land use development will cause less changes in natural disasters.





4. Discussion


Human activities and urban development have led to prominent land use changes, with obvious regional and cumulative characteristics. The lack of risk-oriented land use planning may increase disaster risk. Therefore, incorporating disaster risk into land development is essential to maintain sustainable development [38]. The impact of land use changes on risk assessment is complex. The purpose of this study is to understand the relationship between land use changes and disaster risk. In this study, the DEA method was adopted to evaluate disaster risk, the limitations of the traditional DEA models were described and the necessity of introducing the three-stage DEA model was highlighted. The research results showed that the environment variable, runoff increment, will cause the increase in disaster risk and interfere with the disaster risk assessment by land use change. By using the three-stage DEA for risk analysis, the influence of environment variable and random error was eliminated, and the evaluation and ranking of disaster risk in all counties and cities were conducted, which benefits the management of land use and the monitoring of environmental changes and helps decision makers to determine priorities, so that they can make wise decisions.



The innovation of this research lies in the combination of land use change and risk assessment and the quantification of the relationship between them. As far as we know, this study is the first attempt to simulate the relationship between land use change and disaster risk assessment through the DEA efficiency method. Although many previous studies focused on land use changes and flood disaster risk assessment, there is still a lack of quantification of their comprehensive impact. In other words, some quantitative methods are still only based on the multilevel analysis of different indicators, with unclear purpose of the evaluation and the relatively subjective results (judged and scored by hand). This reduces the role of the assessment results in helping policymakers to formulate land use planning to reduce natural disaster risk [39,40]. The method based on DEA risk assessment can support smarter management, so that long-term potential impact and external environment can be incorporated into land planning. Land use change is a dynamic and complex process. The framework of this study can dynamically assess the impact of land use change on disasters, and the changes in disaster risk caused by land development of different types can be monitored through the re-inputs of different types of land use. This provides planners and government officials with a tool to review future land use plans based on the relationship between land use change and disaster losses. More importantly, it allows local government agencies to determine acceptable risk levels and incorporate disaster risk into land development.



The framework of this study can be used not only to study the relationship between land use change and disaster risk, but also to investigate the impact of the transfer of water resources on the environment and the effect of different energy combinations on the economy in the future.



Despite the abovementioned contributions, this study still has some research limitations: (I) The limitation of data is the biggest uncertain factor in the evaluation of disaster risk in this study. Because disaster losses are characterized by uncertainty and suddenness each year, only the 5-year average was used as the statistical data. This is only a staged result, which cannot express the long-term trend of changes. (II) Since government policies and engineering plans, which belong to external environment variables, have no statistical data and are difficult to quantify, they were not included in the assessment of disaster risk. In the future, researchers can take the impact of this part into account, so that the impact of land use change on disaster risk can be more truly reflected.




5. Conclusions


Land use changes have stimulated economic development and caused environmental changes. This study provides new insights for disaster risk monitoring and land development management by measuring the impact of land use changes on disaster risk. The conclusions can be summarized as follows:




	(I)

	
A research framework was constructed with a quantitative relationship between land use change and disaster risk from the perspective of efficiency. The framework first applied the traditional DEA to rank disaster risk and incorporated the environment variable, runoff increment, thereby eliminating the interference of the environment variable and obtaining a more realistic ranking of disaster risk.




	(II)

	
After the influence of runoff increment and random error was excluded, the overall risk score of counties and cities in Taiwan is 0.643, which represents a relatively high level, indicating that land use changes have caused high disaster risk. Runoff increment has different influence on counties and cities, and it has almost no impact on Hsinchu City and Chiayi City.




	(III)

	
Various types of land use changes in counties and cities do not always cause changes of disaster risk, due to different conditions in each county and city. The vulnerability of land development in each county can be obtained by the comprehensive score of disaster risk and the amount of unused input.









In general, this study helps policy makers and managers better understand the potential relationship between land use change and the environment. It can help us to formulate adaptive risk mitigation strategies and understand the practical significance of effective use of land resources. Surely, the impact of land use change on disasters is still a complicated process, and there is still a long way to go to make clear the relationship between them.
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Figure 1. The research scope of counties and cities in Taiwan. 
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Figure 2. Assessment framework of land use change and disaster risk. 
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Figure 3. Intensity distribution of disaster risk in various counties and cities. 
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Table 1. Risk assessment indicators under land use change.
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Indicators

	
Sources






	
Input indicators

	
Forest use

	
[31]




	
Agricultural use




	
Water use




	
Construction use




	
Public use




	
Mineral and salt use




	
Recreation use




	
Transportation use




	
Other use (mainly refers to grassland and open land)




	
Output indicators

	
Natural disaster losses

	
[32]




	
Environment variable

	
Runoff increment

	
Author calculation
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Table 2. The disaster risk assessment results obtained by the traditional data envelopment analysis (DEA).
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	Overall Efficiency Risk Score
	Technical Efficiency Risk Score
	Scale Efficiency Risk Score
	Scale Return





	Taipei City
	1
	1
	1
	-



	Kaohsiung City
	1
	1
	1
	-



	New Taipei City
	1
	1
	1
	-



	Yilan County
	1
	1
	1
	-



	Taoyuan City
	0.388
	0.401
	0.969
	Irs



	Hsinchu County
	0.148
	0.254
	0.582
	Drs



	Miaoli County
	0.648
	0.757
	0.856
	Irs



	Taichung City
	1
	1
	1
	-



	Changhua County
	1
	1
	1
	-



	Nantou County
	1
	1
	1
	-



	Yunlin County
	1
	1
	1
	-



	Chiayi County
	0.249
	0.345
	0.723
	Drs



	Tainan City
	1
	1
	1
	-



	Pingtung County
	1
	1
	1
	-



	Taitung County
	0.84
	1
	0.84
	Drs



	Hualien County
	0.405
	0.426
	0.951
	Irs



	Keelung City
	1
	1
	1
	-



	Hsinchu City
	1
	1
	1
	-



	Chiayi City
	1
	1
	1
	-



	Mean
	0.825
	0.852
	0.943
	







Note: Irs, increasing returns to scale; Drs, diminishing returns to scale; -, scale returns remain unchanged.
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Table 3. Stochastic Frontier Analysis (SFA) regression model analysis results.
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Independent Variable

Dependent Variable

	
Runoff Increment




	
Coefficient Value

	
T Value

	
     σ 2     

	
   γ   






	
Agricultural use

	
−313.8

	
12.1%

	
431,086.9

	
1.0




	
Forest use

	
−932.9

	
12.6%

	
3,542,059.3

	
1.0




	
Transportation use

	
−41.4

	
12.9%

	
6564.0

	
1.0




	
Water use

	
−56.4

	
12.7%

	
10,730.7

	
1.0




	
Construction use

	
−107.4

	
12.6%

	
62,162.1

	
1.0




	
Public use

	
−74.9

	
13.2%

	
17,473.8

	
1.0




	
Recreation use

	
−3.0

	
14.5%

	
38.7

	
1.0




	
Mineral and salt use

	
−20.8

	
13.0

	
2665.6

	
1.0




	
Other use

	
−1427.1

	
12.9%

	
5,901,206.2

	
1.0
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Table 4. The disaster risk assessment results obtained by the third stage DEA.
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	Overall Efficiency Risk Score
	Technical Efficiency Risk Score
	Scale Efficiency Risk Score
	Scale Return





	Taipei City
	0.89
	1
	0.89
	Irs



	Kaohsiung City
	1
	1
	1
	-



	New Taipei City
	1
	1
	1
	-



	Yilan County
	0.788
	1
	0.788
	Irs



	Taoyuan City
	0.346
	0.416
	0.831
	Irs



	Hsinchu County
	0.228
	0.265
	0.863
	Irs



	Miaoli County
	0.387
	1
	0.387
	Irs



	Taichung City
	1
	1
	1
	-



	Changhua County
	1
	1
	1
	-



	Nantou County
	0.596
	1
	0.596
	Irs



	Yunlin County
	0.179
	1
	0.179
	Irs



	Chiayi County
	0.344
	0.354
	0.97
	Irs



	Tainan City
	1
	1
	1
	-



	Pingtung County
	0.792
	0.962
	0.823
	Irs



	Taitung County
	1
	1
	1
	-



	Hualien County
	0.353
	0.429
	0.822
	Irs



	Keelung City
	1
	1
	1
	-



	Hsinchu City
	0.133
	1
	0.133
	Irs



	Chiayi City
	0.185
	1
	0.185
	Irs



	Mean
	0.643
	0.865
	0.761
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Table 5. Reduction rate of input indicators in all counties and cities.
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	Agricultural Use
	Forest Use
	Transportation Use
	Water Use
	Construction Use
	Public Use
	Recreation Use
	Mineral and Salt Use
	Other Use





	Taipei City
	0
	0
	0
	0
	0
	0
	0
	0
	0



	Kaohsiung City
	0
	0
	0
	0
	0
	0
	0
	0
	0



	New Taipei City
	0
	0
	0
	0
	0
	0
	0
	0
	0



	Yilan County
	0
	0
	0
	0
	0
	0
	0
	0
	0



	Taoyuan City
	54%
	22%
	37%
	0
	41%
	0
	0
	36%
	0



	Hsinchu County
	0
	41%
	11%
	0
	59%
	18%
	46%
	85%
	25%



	Miaoli County
	0
	0
	0
	0
	0
	0
	0
	0
	0



	Taichung City
	0
	0
	0
	0
	0
	0
	0
	0
	0



	Changhua County
	0
	0
	0
	0
	0
	0
	0
	0
	0



	Nantou County
	0
	0
	0
	0
	0
	0
	0
	0
	0



	Yunlin County
	0
	0
	0
	0
	0
	0
	0
	0
	0



	Chiayi County
	71%
	46%
	45%
	43%
	0
	60%
	0
	65%
	0



	Tainan City
	0
	0
	0
	0
	0
	0
	0
	0
	0



	Pingtung County
	68%
	84%
	0
	0
	0
	0
	85%
	17%
	55%



	Taitung County
	0
	0
	0
	0
	0
	0
	0
	0
	0



	Hualien County
	72%
	85%
	0
	0
	0
	0
	0
	7%
	74%



	Keelung City
	0
	0
	0
	0
	0
	0
	0
	0
	0



	Hsinchu City
	0
	0
	0
	0
	0
	0
	0
	0
	0



	Chiayi City
	0
	0
	0
	0
	0
	0
	0
	0
	0
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