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Abstract: This study describes a new assessment model framework, termed the driving 

forces-pressure-state-impact-policy and pattern (DPSIP) model, for environmental change 

efficiency in urban land development, based on urban sustainable development and the 

theory of economic efficiency evaluation. A spatial and measurable efficiency value is 

defined for environmental changes in urban land development, which provides a comprehensive 

evaluation index for the efficiency of urban development and its environmental impact. This 

type of urban interior sustainability is considered new within the context of global 

environmental changes. We identify nine important indicators to evaluate the relative 

efficiency of 233 neighborhoods in Tainan, Taiwan. The results indicate that the average 

environmental change efficiency is 89.44%, which shows clear spatial differentiation. The 

key indicators affecting the efficiency score are area, population density, location, mixed 

land uses, the floor area ratio, and the impervious ratio. In the future, urban design can reduce 

environmental impacts and enhance efficiency values. 

Keywords: urban land development; natural environmental impact; driving  

forces-pressure-state-impact-policy and pattern (DPSIP) 
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1. Introduction 

Due to urbanization, the size of urban areas and urban populations have been increasing rapidly and 

continuously worldwide. According to the 2014 Revision of World Urbanization Prospects [1], the urban 

population is projected to increase by 2.46 billion, an increase from 3.88 billion (54%) in 2014 to  

6.34 billion (66%) in 2050. This projected increase in the urban population will create various demands, 

and the resources necessary for daily life and production in cities are believed to be an important driving 

force that will contribute to changes in urban land use [2–4]. Additional agricultural and rural lands will 

be converted for urban development, resulting in an expanded urban landscape [5–7]. 

For many cities, changes in land use are required to meet the daily needs of residents and the demands 

of economic development. The natural environment may suffer the most direct and serious consequences 

of urbanization due to various interacting factors, such as the economy, society, and culture [8–10]. 

Although changes in land use will affect the environment, they will also provide income, employment, 

and other economic benefits to cities [11]. 

Based on the limited availability of land and natural resources and the irreversibility of the impacts 

on the natural environment, Whitford et al. (2001) and De Koeijer et al. (2003) [12,13] have argued that 

environmental impacts, or the excessive use of resources, can be reduced; the impact of global 

environmental change can be mitigated; and the efficiency of urban development can be improved by 

considering changes in urban land use from the perspective of sustainable development. Assessing the 

efficiency of economic and social development and their impact on the natural environment is an important 

issue for researchers and urban planners. Urban development efficiency has traditionally been considered 

an issue of economic efficiency based on economic theory [14]. Since the emergence of sustainable 

development, urban development efficiency has become more environmentally oriented. In 1990, 

Schaltegger and Sturm (1990) [15] introduced the concept of eco-efficiency, which represents the ratio 

of the increased value of development to the increased environmental impact. In 1992, the World 

Business Council for Sustainable Development (WBCSD) further defined this concept as the ratio of 

economic value to its associated impact on environmental indicators. Eco-efficiency emphasizes the 

integration of economic benefits and environmental impacts, and it thus attempts to effectively combine 

several components: business units on a micro-scale or individual level; urban or regional development 

planning and management on a larger spatial scale; and the macro-scale objective of sustainable 

development [16–20]. 

Although scholars have increasingly used eco-efficiency to assess the relationship between the 

economy and the environment, most studies focus on the observations of manufacturers [21–23] or the 

industrial sector at the regional or national level [16,18,19,24,25]. Little effort has been devoted to 

explicitly exploring and defining the eco-efficiency of urban land development. Therefore, the current 

knowledge of how to integrate and estimate the impacts of urban land development on the natural 

environment remains limited. A focus on the eco-efficiency of urban land development would lead to 

further assessments of the corresponding development efficiency of each spatial unit in cities under the 

threat of urbanization or urban sprawl. To address the research gap in relation to the environmental 

impacts of urban land use change, we proposed a new systematic model framework, termed the driving 

forces-pressure-state-impact-policy and pattern (DPSIP) model, to analyze and structure the relationship 

between environmental impacts and developmental effectiveness in the process of urban land development. 
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Additionally, we defined a measurable and detectable environmental change efficiency index based 

on urban sustainable development and the theory of efficiency evaluation. This efficiency index was 

used to analyze the influential factors of efficiency scores and to plan the strategies for efficiency 

improvement with the DPSIP model. Environmental change efficiency was defined as the proportional 

relationship between the input costs of environmental resources and the social and economic benefits of 

urban development within the context of global environmental changes. 

We considered the following factors to validate the applicability of the method proposed here and to 

select the area for our empirical research: (a) urban development and its environmental impacts on the 

environment; (b) the diversification of land use patterns; and (c) the relationship between urban 

development strategies and improvements in efficiency. Based on these factors, Tainan City was selected 

as the area for this study. Finally, we employed data envelopment analysis (DEA) and geographically 

weighted regression (GWR) to design spatial development strategies to increase efficiency by comparing 

efficiency distributions and urban development patterns. 

2. Materials and Methods 

2.1. Empirical Research Area 

Tainan City is located in the southern coastal plain of Taiwan (120°11′6.3′′ E, 22°59′31.9′′ N) (see 

Figure 1), covering an area of 175.65 km2. It is the oldest and currently the fourth largest city in Taiwan, 

with a total population of 764,658 in 2007. The city is relatively flat, with no mountain ranges or high 

elevations. Its urban development process is influenced by both several hundred years of history and 

long-term natural factors as well as the interactions between the two. Tainan City is divided into  

233 neighborhoods and six administrative districts: Annan, Anping, East, North, South, and West 

Central. Tainan City has diversified and complicated types of land use. The largest land area is used for 

agriculture (37.32%), followed by built-up areas (19.63%), miscellaneous purposes (14.88%), 

transportation (11.20%), water conservation (8.63%), and public facilities (3.62%), indicating that 

Tainan City still has a vast area of land available for development. Tainan City recently implemented 

numerous strategies related to urban development, environmental protection and healthy development, 

such as the Tainan Region Plan, a land flattening and reforestation program, a program for the 

transformation of vacant lots and houses and the Tainan Healthy City Plan. These initiatives provide a 

good opportunity to test whether the model proposed in this study can effectively assess the relationship 

between urban land development and the environment. 

Four basic principles were developed to select the spatial analysis units based on the objectives of 

this study, the characteristics of study area, the quality of the data and the DEA theory, including the 

significance of a standard measurement for efficiency assessment and the practical applicability for 

urban planning, both of which reflect the development characteristics of the area for empirical research 

and meet the restrictions on the number of units for evaluation and decision making. A total of 233 

neighborhoods in the smallest administrative region in Tainan City were considered the decision-making 

units (DMUs) of analysis. The relative locations are shown in Figure 2. 
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Figure 1. Location of the research area. 

 

Figure 2. Relative locations of the decision-making units (DMUs). 
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2.2. The applicability of DPSIP in Assessing the Efficiency of Urban Land Development 

Many recent studies have used the drivers-pressure-state-impact-response (DPSIR) model to solve 

environmental problems and diagnostically evaluate sustainable development [26–28].  

DPSIR is a common theoretical model and interdisciplinary tool used to provide and communicate 

knowledge of the current state of the environment and causal factors regarding environmental issues. 

Partially due to its simplicity as a framework, DPSIR arguably cannot account for the dynamics of the 

system that it models or handle cause-consequence relationships. DPSIR has also shown itself to be 

incompatible with the multiple perspectives required by human interaction in global ecology; more-over, 

the framework can only assess one impact at a time, and it is difficult to apply to existing or future 

policies [29–31]. 

To address these limitations and propose a suitable method for assessing the complex relationships 

between urban land development, environmental change, and urban policy, we have enhanced and 

modified the original DPSIR framework and suggest a new assessment model framework: DPSIP  

(see Figure 3). 

States (S):

Environmental states 
(S2)

Habitat,  natural 
resource, etc.

Economic states (S1)
Land for live and 
production, etc.

Pressures (P):
Economic activities, 
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Environmental 
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Figure 3. The driving forces-pressure-state-impact-policy and pattern (DPSIP) framework 

applied to environmental change efficiency. 

The relationship between environmental impacts and developmental effectiveness in the process of 

urban land development was analyzed and structured using this assessment framework. The implications 

of the policies played a similar role and relationship to response (R) in the traditional DPSIR system. 

However, the influence of urban management policies on the entire system of urban development 
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constituted the ultimate policy response for the entire system and, consequently, had an impact in the 

early stages through the driving force and pressure components. 

In contrast to the input and output factors of spatial units for environmental change efficiency within 

the city, urban development policies and patterns are citywide and represent an external environmental 

variable. As factors affecting the efficiency of environmental change, urban development policies and 

patterns develop in the early stages and have high degrees of stability. 

Overall, the basic concept of the DPSIP model is that, when driven by the economic and daily 

activities of humans, pressure is exerted on natural resources and the environment. Thus, policies and 

patterns change the current state of the environment and the quality of natural resources, resulting in 

internal and external impacts on the entire system of urban development. Urban planners can respond 

by adjusting the development strategies related to the environment and the economy to mitigate the 

pressure on the natural environment, thus achieving the goal of sustainability. 

2.2.1. Driving Forces 

Driving forces refer to the reasons for change in an urban land use system. Recently, many  

studies [32–35] have indicated that urban land use and land cover changes are important drivers of global 

environmental changes. They are the underlying causes of the changes in urban land use and in 

environmental conditions. Driving forces can be divided into natural driving forces and socio-economic 

driving forces [9]. 

2.2.2. Pressure 

Eder and Narodoslawsky (1999) [36] have indicated that environmental pressure mainly results from 

human activities. Human and commercial activities interact with and influence the natural resources  

and ecological systems in the environment. The pressure placed on the environment is expressed as  

the current state of the competition among diverse social and economic driving forces in the quest for 

land resources [25,31,37]. 

2.2.3. State 

The amount of land that a city’s residents require for daily living and production is an important factor 

that generates a shift in land use, which is an inevitable component of urban development. In general, 

the change pattern in urban land development consists primarily of a shift from agricultural land, open 

space, or other non-built land to production or residential land [5–7,32]. These changes in land use 

patterns result in the alteration of a city’s existing development stages or land characteristics. The same 

type of land use changes may affect a single parcel of land or an area containing adjacent parcels of land. 

To measure the characteristics of environmental change in urban development, the state is divided into 

two factors: S1 of the economy and S2 of the environment. The land use changes measured in S1 of the 

economy include increases in commercial land, industrial land, residential land, transportation land, and 

land used for facilities or other related purposes. The land use changes measured in S2 of the environment 

include changes in non-built lands that cause a decrease in biodiversity or the depletion of natural resources. 
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2.2.4. Impact 

The characteristics of the individual land types are reflected in the state component of DPSIP. The 

traditional DPSIR framework is capable of analyzing only one impact at a time. In this study, the impact 

is considered to have two parts: the positive impact (I1) and the negative impact (I2) of urban 

development, both of which are inherent in land use changes. The positive impact refers to the actual 

impact and benefits to the economy and residents’ quality of life, including population growth, increased 

income, and economic development [11,20,24,25,38,39]. Because of changes in land use patterns, the 

overall environmental impacts are characterized by accumulation and diffusion. These negative impacts 

involve ecological issues, including a reduction in habitat quality and a decrease in biodiversity due to 

declining habitats [40–42]. Furthermore, land use changes can result in an increase in the area of the 

impermeable layer of the earth’s surface, affecting cities’ hydrological systems and resulting in increased 

surface runoff [43–46] and surface temperature [47–49]. 

2.2.5. Policy and Pattern 

Urban planners respond to the demand for urban development and the associated development issues 

with corresponding policies or guidance for urban development. The primary purpose of these policies 

is to respond to the driving forces and pressures of urban development. 

In the theoretical framework proposed in this study, the urban policy and urban pattern components 

are the most external factors. Policies and patterns not only affect the initial driving forces of the entire 

urban development system but also generate direct and indirect effects on the pressure of development, 

the current state of the land, and the impacts of development, leading to further effects on the efficiency 

of environmental change.  

The results of a literature review reveal that policies that may be relevant to the efficiency of 

environmental change in urban land development include traditional zoning systems for land use, urban 

design regulations, and practices adopted by smart growth management [50–54]. These urban 

development policies influence the current state of urban land use and socio-economic development, 

thereby affecting the efficiency of the eventual changes to the environment. 

2.3. Definition of Environmental Change Efficiency 

2.3.1. Definition of Efficiency 

Environmental change efficiency involves balancing the natural environment with economic benefits. 

Efficient urban spatial units improve the management of the urban natural environment and create a 

competitive advantage by reducing the depletion of natural environmental resources and improving 

ecological protection. Environmental change efficiency has three characteristics based on the DPSIP 

model, the theory of efficiency and other studies [17,18,25,54,55]: a simultaneous improvement in the 

effectiveness of the economy and the natural environment; an increase in the value of urban development 

with a small environmental impact; and the promotion of urban economic growth with a reduction in the 

use of natural resources. 

The definition of environmental change efficiency is expressed as follows: 
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I1 = the positive impacts resulting from the accumulation of current state changes in society and the 

economy, i.e., the sum of outputs. 

I2 = the negative impacts resulting from the accumulation of current state changes in related natural 

environmental resources and the ecological environment, i.e., the sum of inputs. 

The numerator for overall outputs represents the change in urban land use patterns due to urban land 

development. The numerator represents the positive impact (I1) on urban residents’ quality of life and 

on the economy, which indicates an increase in socio-economic efficiency or the quality of services 

generated by urban development. 

The denominator for overall inputs represents the change in natural environmental resources or 

changes in the depletion state and ecological environmental impact in the natural environmental system 

caused by a land use change due to urban development. The denominator represents the negative impact 

(I2) on the natural environment and natural resources in the urban area at the time of development. 

The efficiency scores in this study provide index values of a single composite type to reflect the state 

of sustainable development. In general, the efficiency index proposed in this study represents the 

composite performance results for sustainability in an area. With the ability to detect the factors that 

affect efficiency scores, we can clearly understand the factors that may improve the area’s overall 

efficiency and thereby achieve the goal of sustainable development. If the value of a city’s average 

environmental change efficiency can be increased annually and the standard deviation of the 

environmental change efficiency of a DMU within a city can be decreased annually, then the region can 

obtain a positive state of development within the context of global environmental change. Moreover, the 

impact generated by urban development and changes in the state of land use would also be positive. 

2.3.2. Input and Output Indicators 

When evaluating efficiency, the selection of representative indicators as inputs and outputs is both 

important and difficult [56]. To select the indicators, we began with a literature review [11,13,25,39,54,57] 

focusing on the indicators suitable for monitoring and measuring environmental impacts and urban 

sustainability at the neighborhood level; we selected indicators based on DPSIP and the primary aspects 

of sustainable development. 

In this study, an indicator is defined as a measurable and detectable variable that reflects the causes 

and effects of land use change and that can be easily understood and used in both planning and decision 

making. We evaluated potential indicators using the following four criteria: reliability, usability, 

availability, and usefulness in decision making. An initial list of input and output indicators was 

developed based on earlier studies [11,13,24,25,39,57]. After the potential indicators had been evaluated, 

the most suitable indicators were chosen for demonstration in Tainan City. Finally, the final four input 

indicators and five output indicators were selected based on the availability of data and the practicality 

of use at the neighborhood level. 
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The inputs were primarily oriented toward natural environmental resources and the ecological 

environment, including factors such as surface temperature [57–59], surface runoff [2,13,43–46], habitat 

quality [13,40–42,60], and water consumption [2,44,61]. 

The outputs were chosen to reflect the benefits and goals of economic and social development 

according to the Tainan City Sustainable Development Action Plan proposed by the Tainan City 

Government as well as other studies [11,20,24,25,38,39]. The outputs included population, production, 

income, the service quality of infrastructure, and accessibility. 

The data were primarily collected from the Landsat Thematic Mapper Satellite Image (2007); the 

Land Use Investigation of Taiwan (2007); the Taiwan Water Corporation (2007); the Department of 

Household Registration of the Ministry of the Interior (2007); the Industry, Commerce and Service 

Census (2006); the Financial Data Center of the Ministry of Finance (2007); and the Database of the 

Traffic Network Digital Map (2007) (see Table 1). 

Table 1. Input and output indicators for the data envelopment analysis (DEA) efficiency analysis. 

Indicators Definition Units Mean 
Std. 

Dev. 
Range Data Sources 

Input       

Surface 

temperature 

Global average  

surface temperature 
°C 27.867 2.168 12.559 

Landsat Thematic Mapper 

Satellite Image, 2007 [62] 

Surface runoff 
Total volume of overland 

flow draining off the land 
m3/s 12.475 20.743 195.824 

Land Use Investigation of 

Taiwan, 2007 [63] 

Habitat quality 

Area-weighted mean  

patch fractal dimension 

value of habitats 

None 1.420 0.098 0.485 
Land Use Investigation  

of Taiwan, 2007 [63] 

Water 

consumption 
Total water use m3 381,268 268,421 1,629,889 

Taiwan Water  

Corporation, 2007 [64] 

Output       

Population Total population Persons 3262 1732 11,252 

Department of Household 

Registration, Ministry  

of the Interior, 2007 [65] 

Service quality 

of 

infrastructure 

Density of infrastructure m2/ha 25.5668 13.1649 64.8379 
Land Use Investigation  

of Taiwan, 2007 [63] 

Production 
Total production of  

industry and commerce 
USD$ 57,292 117,016 1,174,532 

Industry, Commerce and 

Service Census, 2006 [66] 

Income Total household income USD$ 17,112 12,663 89,125 

Financial Data Center, 

Ministry of Finance, 2007 

[67] 

Accessibility 
Global integration  

value of streets 
None 0.240 0.038 0.150 

Database of the Traffic 

Network Digital Map, 2007 

[68] 

The common methods of efficiency assessment include ratio analysis, regression analysis, and  

DEA [69]. One characteristic of DEA is that no prior knowledge of the production function between the 

input and output attribute data is required; similarly, no relative weight needs to be set for the attribute 
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data [54,60–72]. Therefore, DEA is useful for comprehensively assessing the indicators of different 

types and data patterns; it is widely used in economic science, agricultural economics, public economics, 

financial economics, and economic policy. Additionally, DEA is considered an appropriate analysis 

method for many studies related to eco-efficiency or environmental efficiency [21–24,54,73–77]. 

Considering the characteristics of complexity and development in urban areas and the advantages of 

DEA, we used the input-oriented CRS (constant returns to scale) model to obtain efficiency measures 

corresponding to the assumptions. The efficiency measures attained from CCR model are known as 

overall technical efficiency (OTE) scores. 

2.4. Influential Factors in Environmental Change Efficiency 

Several useful environmental assessment tools exist for promoting sustainable development, 

including strategic environmental assessment (SEA) [78,79], territorial impact assessment (TIA) [80,81] 

and spatial policy monitoring. These tools focus on the process by which environmental considerations 

are fully integrated into the preparation and adoption of policies, plans, and programs. The tools provide 

a means to consider the relationships between policies, plans, and environmental impacts. To assess the 

potential factors affecting environmental change efficiency, the efficiency factors were formed using 

urban characteristics based on the construction framework of DPSIP and the dimensions related to urban 

land development in SEA and TIA [82,83] and urban policies [52,84]. 

The policies and management strategies for urban land development have traditionally included 

zoning and urban design control. The concepts of growth management, smart growth, new urbanism, 

and sustainable development have been proposed in recent years [50,51,53,85]. Among these, smart 

growth and new urbanism are the most well-known and can effectively reduce the spread of urban areas 

and manage urban development. These concepts are currently believed to be the most important planning 

concepts and development policies. 

We integrated urban characteristics and urban policy concepts, both of which affect the efficiency of 

urban lands and environments, and then cross-compared these factors. From this process, six quantitative 

indicators were identified, including land area, location, population density, the floor area ratio, the 

impervious ratio, and mixed land use [51–53,86–89]. 

Additionally, because the factors that were determined to affect efficiency had different spatial 

distributions, GWR model was used to analyze the efficiency factors. 

GWR is a local multivariate regression function and a developed method for the analysis of spatial 

data in which the data samples are weighted based on their spatial proximity [90]. In contrast to the  

more traditional ordinary least-squares regression (OLS), GWR can solve the problem of spatial 

autocorrelation in residuals and can reduce the instability of space [90–94]. GWR produces a separate 

set of regression parameters for every observation across the study area. Thus, it avoids the assumed 

relationships between dependent and independent variables that are generated by traditional OLS 

models. Because the factors used in this study have different spatial distributions, GWR may be a useful 

analysis tool for assessing which of these factors influence efficiency. 
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3. Results and Discussion 

3.1. Scores of Environmental Change Efficiency 

Table 2 presents the results of the DEA for environmental change efficiency. The average efficiency 

score of the 233 neighborhoods was 89.44%, with a maximum efficiency score of 100% and a minimum 

score of 61.90%. A total of 48 neighborhoods had an efficiency score of 100%. Comparing the districts, 

the ratio of efficient DMUs to all DMUs was 28.95% in the Midwestern District, 27.66% in the Eastern 

District, 25.58% in the Northern District, 20.00% in the Anping District, 12.82% in the Southern District, 

and 84.03% in the Annan District. After comparing the means and standard deviations for each district, 

the Midwestern District emerged as the district with the highest average (95.96%) and the lowest 

standard deviation (3.63%), followed by the Anping District (92.42%, 7.35%) and the Northern District 

(91.79%, 8.29%). The Southern District and the Annan District fell below the overall average in Tainan 

City, with averages of 86.13% and 84.03%, respectively, which was caused by primarily agricultural 

land use types or the district’s status as a recent growth area with a smaller population, less production 

and lower service quality of infrastructure. 

Table 2. Efficiency results for 233 neighborhoods. 

District 
DMUs Efficiency Score 

Total Efficiency Efficiency Percentage (%) Mean Std. Dev. 

Eastern 47 13 27.66 89.70 9.62 
Southern 39 5 12.82 86.13 10.50 

Midwestern 38 11 28.95 95.96 3.63 
Northern 43 11 25.58 91.79  8.29 
Anping 15 3 20.00 92.42 7.35 
Annan 51 5 9.80 84.03 9.37 

Tainan City 233 48 20.60 89.44 9.48 

3.2. Spatial Patterns and Slack Analysis of Environmental Change Efficiency 

The administrative boundaries of each district denote an actual geographical area of space. The spatial 

distribution of the DMU efficiency scores revealed an overall decreasing trend in the distribution of 

efficiency scores, moving outward from the city center and forming two spatial development axes, AC


 

and DE


, and signifying relatively efficient urban development (see Figure 4). The AC


 efficiency axis 

ran from the southeast side of Tainan City, went through the downtown area, and extended to the 

northwest. The DE


 efficiency axis extended from northeast to southwest. Efficiency scores decreased 

in areas located farther from downtown. With the exception of a few efficient DMUs that represented 

dispersed development characteristics (e.g., Donghe and Anqing in the Annan District, Yuping in the 

Anping District, and Xingsheng and Ren-ai in the Northern District), the most efficient DMUs appeared 

in clustered or adjacent developments and were concentrated across the administrative districts, 

particularly in the areas adjacent to the Annan, Anping, and Northern Districts and in the DMUs in the 

Northern and Midwestern Districts. 
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Figure 4. Spatial patterns of efficiency scores. 
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to improved efficiency scores among the DMUs. 

Based on the calculated difference between the variables, the indicators relevant to future efficiency 

improvements were identified as follows: an increase in the quality of public facilities and services 

(62.23%), an increase in income (57.51%), an increase in production (35.19%), a decrease in surface 

runoff (25.75%), a decrease in water consumption (18.88%), an increase in habitat quality (17.60%),  
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an increase in the population of urban residents (16.31%), a decrease in the urban surface temperature 

(12.02%), and an increase in accessibility (8.58%). 

3.3. Factors Affecting Environmental Change Efficiency 

The adjusted R2 value of the OLS regression was 0.37, whereas the adjusted R2 value of the  

GWR was 0.53, indicating that the GWR can better explain the influential factors of environmental 

change efficiency. 

The regression coefficients of the variables in the OLS and GWR models were organized, and the 

efficiency scores increased when the factor values increased. In contrast, a coefficient of less than 0 

indicated that the efficiency scores decreased when this variable’s values increased (see Table 3). 

Table 3. Parameter summary for the OLS model and the GWR models. 

Parameter OLS 

GWR 

Mean Minimum Maximum 
<0 >0 

p-Value 
DMUs (%) DMUs (%) 

Area 0.0107 0.0247 −0.0122 0.0877 22 9.44 211 90.56 0.05 ** 

Location −0.0023 −0.0026 −0.0047 0.0000 233 100.00 0 0.00 0.03 ** 

Population density 0.0101 0.0275 0.0058 0.6246 0 0.00 233 100.00 0.00 *** 

Floor area ratio −0.0043 0.0061 −0.0657 0.2794 150 64.38 83 35.62 0.00 *** 

Impervious ratio −0.0532 −0.0353 −0.3485 0.2078 149 63.95 84 36.05 0.05 ** 

Mixed land use −1.5029 −1.5202 −32.6921 10.9520 150 64.38 83 35.62 0.07 * 

* Significance level p < 0.1; ** Significance level p < 0.05; *** Significance level p < 0.001. 

Our results revealed that five of the six impact variables proposed had spatial differences. Regarding 

the variables’ influence, the location and population density variables had the same effect in the OLS 

and GWR models. The effect of the location was negative, indicating that the efficiency scores  

decreased with increases in the distance from the city center. The result is in line with those of recent 

studies [83,95,96]. For the population density variable, the efficiency scores increased as the population 

density increased. 

In this study, among the six variables influencing efficiency, with the exception of the two variables 

discussed above, four variables: area, the floor area ratio, the impervious ratio, and mixed land use had 

different effects based on the two regression analyses. In general, the GWR simultaneously revealed 

positive and negative effects in these four variables due to the development characteristics and spatial 

non-stationarity of the 233 neighborhoods. These differences must be considered when preparing a 

strategy to improve efficiency in different areas of the city. According to Table 3, the neighborhoods 

with positive values of influential factors could improve their environmental change efficiency by 

increasing their area, population density, floor area ratio and mixed land use. In addition, the 

neighborhoods with negative values of influential factors could improve their environmental change 

efficiency by decreasing their area, floor area ratio, impervious ratio and mixed land use. 
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3.4. Efficiency Improvement Strategy 

As the focus of early development in Tainan City, some neighborhoods in the Midwestern District 

had characteristics of high population density, high building density, low plant coverage, and a 

significant impermeable layer. These characteristics were reflected in the input indicators of 

environmental resources; an assessment of the indicators of environmental change efficiency revealed 

relatively poor performance for surface runoff, surface temperature, and habitat quality. To improve 

efficiency throughout Tainan City, the current urban development strategies for the city, including urban 

renewal, local environmental change, reforestation, and landscaping in vacant lots, should be continued. 

The impact on the natural environment generated during the process of urban development can be 

reduced by increasing the green space and habitats for wildlife. 

To improve efficiency through the sustainable development of urban areas and the environment, the 

foci of future improvements for Tainan City, in descending order, include reducing surface runoff, 

reducing water consumption, improving habitat quality, and reducing surface temperature. Urban 

planners can use phased and zoned development, retain existing natural open spaces in urban districts, 

and increase areas of green space with ecological functions in urban areas through a standardized review 

of urban design and the implementation of a comprehensive urban planning process. With improved 

input and output indicators, overall efficiency can be indirectly improved to achieve the long-term goal 

of reducing the impacts of global environmental change. When developing strategies to improve 

efficiency in areas that differ in terms of the quality of public facilities and services and in adjacent areas 

and spatially clustered areas, the development of public facilities should be prioritized.  

In terms of the factors influencing efficiency, population density is significant with regard to compact 

urban development. The influence of different spatial units gradually increased from the junction of the 

Midwestern, Southern, and Anping Districts fanning out to the south, north, and east of the outlying 

areas, forming a nearly concentric circle. For the outermost neighborhoods in Tainan City, 

environmental change efficiency can be greatly improved by increasing the population density. The 

current land use types in these neighborhoods are primarily agricultural or recently developed with 

smaller populations and less production activity. We suggested that these neighborhoods be more 

compact by increasing their population densities. It is not only an important strategy for a compact city 

but can also increase its environmental efficiency.  

A total of 149 neighborhoods in Tainan City (63.95%) could improve their environmental change 

efficiency by reducing their impervious area ratios. These areas are located primarily in the Midwestern 

District of the city center and in the nearby Northern and Anping Districts. According to the existing 

literature [47–49], a higher impervious area ratio leads to a greater surface temperature and surface 

runoff for the city. Therefore, future urban designs can effectively reduce their environmental impact 

and enhance their efficiency scores by focusing on the impervious area ratio. 

4. Conclusions 

Changes in a city’s land use and the expansion of urban development are key drivers of global 

environmental change and are unavoidable aspects of economic and social development in many cities. 
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Although urban development land use changes negatively impact the natural environment, they often 

produce important economic and social benefits for city residents.  

In this study, we propose the DPSIP model framework to address the process, complexity and the 

relationship between environmental impacts and developmental effectiveness. This model can help 

researchers overcome the limitations associated with the traditional DPSIR, with which assessing two or 

more impacts at a time is difficult; DPSIR is also difficult to apply to existing or future policies [29–31]. 

For cities with rapid urbanization, which is similar to what is occurring in Tainan City, DPSIP could 

generate significant benefits for the entire urban development management system. The urban planners, 

urban managers, and policymakers could obtain useful information from relevant evaluation results and 

create policies to improve the efficiency of urban development and could mitigate the global 

environmental impact caused by urban land use changes according to the factors affecting environmental 

change efficiency.  

Additionally, spatial and measurable efficiency scores were calculated for environmental changes in 

urban land development, providing a comprehensive evaluation index for the efficiency of urban 

development and environmental impacts. This index constitutes a new resource for achieving urban 

sustainability at the neighborhood level.  

Finally, GWR was applied to the factors affecting efficiency and was successfully validated. The 

empirical results revealed that the GWR analysis had greater overall explanatory power than the 

traditional regression model; the GWR analysis also generated different coefficients based on the spatial 

difference of DMUs due to the effects of the various influential factors. This feature will help researchers 

understand the effects of differences across the different DMUs, which may contribute to the 

development of more specific efficiency strategies. 
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