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1 An Adaptive Neuro-Fuzzy Inference System (ANFIS) 

2 Approach for Measuring Country Sustainability Performance 

3 Abstract

4 With the increasing demand for sustainable development, many international 

5 institutions and governments are seeking a balance between the environment, society 

6 and economy. With the aim of understanding and monitoring sustainability 

7 performance, various sustainability assessment methods have been developed. Fuzzy 

8 logic theory has been widely used for sustainability assessment. Good as these 

9 approaches are, there are criticisms that most studies use pre-defined simple linear 

10 membership functions (triangular or trapezoidal) and fuzzy rules, which are largely 

11 derived from experts’ knowledge. However, sustainability is a very complex, multi-

12 criteria issue, which contains various complex non-linear relationships. Moreover, it 

13 is time-consuming to find out the optimal membership functions and rules based on 

14 the expert knowledge. Therefore, it becomes necessary to explore a new approach for 

15 induction of membership functions and fuzzy rules. This paper introduces the 

16 adaptive neuro-fuzzy inference system (ANFIS) approach for country level 
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1 sustainability assessment. The membership functions and fuzzy rules are generated 

2 from 128 training samples. The assessment results are close to the SAFE, 

3 Sustainability Assessment by Fuzzy Evaluation, model. Furthermore, three different 

4 types of non-linear membership functions, including Gaussian, bell-shaped and 

5 sigmoidal, are tested. The Gaussian membership function is the best one for country 

6 sustainability assessment. This study explores sustainability assessment, and results 

7 show that, by using appropriate training data, the ANFIS method is effective to 

8 measure the countries’ sustainability performance. Using ANFIS, assessment 

9 accuracy can be further improved through appropriate selection of training samples 

10 using alternative data from UN-Habitat, or World Bank, or even new data sets. 

11 Keywords: Sustainability assessment; adaptive neuro-fuzzy inference system 

12 (ANFIS); artificial neural-network; fuzzy set theory; decision-making

13 1 Introduction

14 Over the past few decades, the world has experienced substantial economic and 

15 social development. The statistics show that the GDP has increased from 1423.6 

16 billion US dollars in 1961 to 77,696 billion dollars in 2014, or approximately 54.5 
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1 times with an annual average growth rate of 8.1%. Over the same time period, the 

2 total population has also increased from 3.076 billion (1961) to 7.259 billion (2014), 

3 accounting for nearly 2.4 times. However, the economic and social development has 

4 also caused a number of environmental problems, such as global warming, habitat 

5 destruction, desertification and source depletion (Bond and Morrison-Saunders, 2011; 

6 Chen and Lu, 2017; Lu et al., 2016; Retief et al., 2016; Shen et al., 2012; Shuai et al., 

7 2017; Wende et al., 2012). Therefore, the recognition of these problems caused by 

8 rapid development has led to the promotion of sustainable development (Zhou et al., 

9 2015a).

10 Sustainable development was defined as “…meeting the needs of the present 

11 without compromising the ability of future generations to meet their own needs” by 

12 a key pioneer, Brundtland (1987). Since then, sustainable development has become a 

13 global issue. Since the turn of the century, many intergovernmental programs and 

14 private initiatives have been implemented to promote global sustainable development, 

15 such as the New Urban Agenda by UN-Habitat (2016), Sustainable Development 

16 Goals by United Nations (2016) , and Istanbul Declaration by North Atlantic Treaty 
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1 Organization (NATO) (2004), the HK2030 Study by Hong Kong Planning 

2 Department (2007), City plan 2010 by Melbourne City Council (2001), and Plan 

3 Verde by Government of Mexico City (2007). With the implementation of various 

4 sustainable development programs, it is considered that the recognition of sustainable 

5 development performance is important in the pursuit of effective sustainable 

6 development, since it has been invested with a great many resources (Tan et al., 2016). 

7

8 In line with the sustainable developments, many research efforts have been 

9 focused on sustainability assessment (Jiao et al., 2016; Lu et al., 2015; Peng, 2015; 

10 Shen et al., 2016, 2017; Shen et al., 2015; Tan et al., 2015; Tan et al., 2014; Tan et al., 

11 2011; Zhou et al., 2015b). Among them, fuzzy-set theory has also been applied for 

12 sustainability performance assessment. For example, Houshyar et al. (2014) used 

13 fuzzy-set theory to measure the sustainability performance of agriculture development. 

14 Cavallaro (2015) proposed an application of Takagi-Sugeno fuzzy inference 

15 modelling to build a synthetic index for monitoring the sustainability performance of 

16 energy production. Zhao and Li (2016) established the hybrid stochastic AHP and 
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1 fuzzy TOPSIS model to evaluate the sustainability performance of smart grids. 

2 However, in most of these existing studies, pre-defined linear membership functions 

3 (triangular or trapezoidal) and fuzzy rules are commonly applied, which are based on 

4 experts’ knowledge. These have led to criticism that the sustainability is a very 

5 complex, multi-criteria and dynamic issue, which contains various complicated non-

6 linear relationships between variables such as measures of the economy, environment 

7 and resources etc. (Hjorth and Bagheri, 2006). Furthermore, Singh et al. (2012) 

8 argued that it is time-consuming to find out the correct membership functions and 

9 rules that result in a reliable solution, because it requires time to process the expert 

10 knowledge. 

11 Therefore, there is a need to explore a new approach for induction of fuzzy 

12 membership function and fuzzy rules. This paper aims to: (1) review the existing 

13 studies on country sustainability assessment; (2) introduce ANFIS, a new approach; 

14 (3) apply the ANFIS approach to re-assess country sustainability based on the work 

15 by Phillis et al. (2011); and (4) test different membership functions. The main 

16 contribution of this paper is to introduce a new approach, ANFIS, for country 
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1 sustainability assessment, which makes the assessment process independent of expert 

2 knowledge and close to human reasoning. Furthermore, a framework for optimal 

3 membership function selection was proposed. The proposed ANFIS approach has 

4 been shown here to be feasible and effective for country sustainability assessment, 

5 and can be further improved by integrating new training data.

6 2 Literature Review

7 Sustainability assessment is defined as“...a tool that can help decision-makers 

8 and policy-makers decide which actions they should or should not take in an 

9 attempt to make society more sustainable” (Devuyst et al., 2001). Currently, various 

10 methods, techniques and tools have been developed for country sustainability 

11 assessment. These methods can be summarized into 5 categories including: (1) 

12 Ecological footprint (Strezov et al., 2016); (2) Data envelopment analysis (Iribarren et 

13 al., 2016; Santana et al., 2014); (3) Comprehensive evaluation (Coteur et al., 2016; 

14 Dor and Kissinger, 2017; Veldhuizen et al., 2015); (4) System dynamics (Karami et 

15 al., 2017; Onat et al., 2016); and (5) Fuzzy-set theory (Phillis and 

16 Andriantiatsaholiniaina, 2001; Phillis et al., 2011). These methods are either 
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1 efficiency-oriented or output-oriented. For example, DEA is a typical efficiency-

2 oriented assessment method (Yu and Wen, 2010). This efficiency-oriented approach 

3 has been widely applied in ecological footprint studies (Yan et al., 2002). However, 

4 Li and Li (2009) pointed out that the results obtained from the DEA method only 

5 present the relevant efficiency of individual indicators. Taking the environmental 

6 dimension in the sustainable development as an example, the energy efficiency for 

7 reducing carbon emission in USA is quite high, which indicates good environmental 

8 performance. However, USA is the second largest carbon emitter in the world when 

9 considering the total carbon emission (Guan et al., 2008). The output-orientated 

10 principle has been widely used for comprehensive analysis (Yigitcanlar et al., 2015). 

11 Nevertheless, Shen et al. (2015) emphasized that the output-orientated principle only 

12 focuses on outcomes rather than the process, which presents difficulties for city 

13 decision-makers when selecting a suitable development strategy.

14 Sustainability assessment is a complex problem, which considers multi-criteria 

15 simultaneously (Ness et al., 2007). Cornelissen et al. (2001) commented that 

16 uncertainty related to sustainable development must be considered in sustainability 
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1 assessment. Furthermore, some soft (qualitative) indicators such as corruption and 

2 poverty are also significant to reflect a sustainable performance. These soft indicators 

3 cannot be quantified by selecting a crisp number. Instead, discrete variables, using 

4 linguistic terms, such as “Good”, “Normal”, “Bad”, can be used for representing these 

5 indicators (Phillis and Andriantiatsaholiniaina, 2001). Mendoza and Prabhu (2003) 

6 also stressed that sustainability assessment requires both qualitative and quantitative 

7 criteria rather than only using simple qualitative criteria. These features make fuzzy-

8 set theory more appropriate for sustainability assessment than other methods. This 

9 point has also been echoed by other researchers. For example, Ratnayake (2014) 

10 suggested that fuzzy-set theory enables connecting and handling both qualitative and 

11 quantitative criteria. Zhou et al. (2015c) pointed out that fuzzy-set theory can deal 

12 with systematic uncertainties. Andriantiatsaholiniaina et al. (2004) asserted that fuzzy 

13 logic is a systematic tool for sustainability assessment, which can deal with those 

14 imperfect data. Phillis and Andriantiatsaholiniaina (2001) concluded that fuzzy logic 

15 is a natural technical method for sustainability assessment because fuzzy logic can 

16 emulate the behaviour of skilled humans and handle vague situations.
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1 Fuzzy-set theory has therefore been widely applied in country sustainability 

2 assessment by many researchers (Grigoroudis et al., 2014; Jayaraman et al., 2015; 

3 Kouikoglou and Phillis, 2011; Kouloumpis et al., 2008; Liu et al., 2014; Phillis et al., 

4 2011; Phillis and Kouikoglou, 2009). However, pre-defined linear membership 

5 functions (triangular or trapezoidal) and fuzzy rules that basically depend on expert 

6 knowledge are commonly used in existing studies, which cannot reflect the non-linear 

7 relationships between variables (Hjorth and Bagheri (2006)and it is time-consuming 

8 to define the correct membership functions and rules (Singh et al. (2012).

9 In searching for a better possible solution, the use of an artificial neural networks 

10 (ANN) is considered as an intelligence technique which specifies the relationship 

11 between input and output from training samples to determine distribution of 

12 membership functions (Naderloo et al., 2012). However, it is not easy to determine 

13 the proper size and optimal structure of the network, which is a main disadvantage of 

14 neural network (Singh et al., 2012). Combining the ANN and fuzzy-set theory can 

15 overcome the disadvantages of both techniques. An adaptive neural fuzzy inference 

16 system (ANFIS) method for fuzzy membership function and fuzzy rules induction 
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1 was introduced by Jang (1993). The ANFIS has combined the advantages of fuzzy 

2 systems for dealing with explicit knowledge, which can be explained and understood 

3 (such as fuzzy inference system), with neural networks for dealing with implicit 

4 knowledge, which can be acquired by learning (such as membership function) (Singh 

5 et al., 2012).

6 Since then, the ANFIS method has been widely applied in different research 

7 areas, such as knowledge discovery (Inyang and Akinyokun, 2014), prediction 

8 (Abdulshahed et al., 2015; Hegde and Raju, 2015) and decision-making (Hashemi et 

9 al., 2013; Özkan and Inal, 2014). Further, and even more relevant to this paper’s study, 

10 the ANFIS method has also been used for assessment. For example, Mohandes et al. 

11 (2011) used the ANFIS method to estimate the wind speed profile, and concluded that 

12 it provided high accuracy and reliability for assessing the wind speed. Sangaiah et al. 

13 (2015) innovatively integrated the ANFIS approach with a Taguchi-genetic learning 

14 algorithm to evaluate outcomes of global software development. This study is the first 

15 attempt to apply the ANFIS approach to country sustainability assessment.

16 3 The principle of ANFIS 
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1 Adaptive Neural Fuzzy Inference System (ANFIS) was first proposed by Jang 

2 (1993). ANFIS constructs a fuzzy inference system (FIS) whose membership function 

3 parameters are derived from training examples. Assume a FIS under consideration has 

4 two inputs x and y with two associated membership functions (MFs), and one output 

5 (z). For a typical first-order Takagi-Sugeno fuzzy model (Sugeno, 1985), a common 

6 rule set, with two fuzzy if–then rules, is presented as follows:

7 Rule 1: if x is A1 and y is B1, then , 𝑓1 = 𝑎1𝑥 + 𝑏1𝑦 + 𝑐1

8 Rule 2: if x is A2 and y is B2, then , 𝑓2 = 𝑎2𝑥 + 𝑏2𝑦 + 𝑐2

9 where A1, A2, B1 and B2 are the linguistic labels of the inputs x and y respectively, and 

10 (ai, bi ,ci )(i= 1, 2) are the parameters (Jang, 1993). Figures 1(a) and 1(b) illustrate the 

11 reasoning mechanism and the corresponding ANFIS architecture, respectively (Jang, 

12 1993).

13 <Insert Figure 1(a) Here>

14 <Insert Figure 1(b) Here>

15 As shown in Figure 1(b), ANFIS is a multi-layer network. The operation of ANFIS 

16 model from layer 1 to layer 5 is briefly presented below (Jang, 1993). 
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1 Layer 1: All the nodes in this layer are adaptive nodes, which indicate that the 

2 shape of membership function can be modified through training. Taking 

3 Gaussian MFs as an example, the generalized MFs are defined as follows:

4 𝑂1
𝑖 = 𝜇𝐴𝑖(𝑥) = 𝑒

‒
(𝑥 ‒ 𝑐𝑖)2

2𝜎2
𝑖

5 where x is crisp input to node i, and Ai is the linguistic label, such as low, medium 

6 and high.  is the membership grade of fuzzy-set Ai, which can be trapezoidal, 𝑂1
𝑖

7 Gaussian, bell-shaped and sigmoid functions or others. The variables ( ) are 𝜎𝑖, 𝑐𝑖

8 the parameters of the MF governing the Gaussian function. Furthermore, other 

9 two types of non-linear membership functions including bell-shaped and 

10 sigmoidal membership functions will be tested in the discussion section.

11  (Bell-shaped MF)𝜇𝐴𝑖(𝑥) =
1

1 + |𝑥 ‒ 𝑐𝑖

𝑎𝑖 |2𝑏𝑖

12  (Sigmoidal MF)𝜇𝐴i(𝑥) =
1

1 + 𝑒
‒ 𝑎𝑖(𝑥 ‒ 𝑐𝑖)

13 Where ( ) and ( ) are the parameters governing the bell-shaped MF and 𝑎𝑖, 𝑏𝑖, 𝑐𝑖 𝑎𝑖, 𝑐𝑖

14 sigmoidal MF, respectively.
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1 Layer 2: The nodes in this layer are circle nodes labeled ∏, indicating that they 

2 perform as a simple multiplier. Each node output represents the firing strength 

3 of each rule.

4 𝑂2
𝑖 = 𝑤𝑖 = 𝜇𝐴𝑖(𝑥) × 𝜇𝐵𝑖(𝑥),  𝑖 = 1,2

5 Layer 3: The nodes in this layer are also circle nodes labeled N. The ith node is 

6 the ratio of the ith rule’s firing strength to the sum of all rules’ firing strengths. 

7 The outputs of this layer can be given by

8 𝑂3
𝑖 = 𝑤𝑖 =

𝑤𝑖

𝑤1 + 𝑤2
,  𝑖 = 1,2

9 Layer 4: Each node i in this layer is adaptive. Parameters in this layer are 

10 considered as consequent parameters. The outputs of this layer can be 

11 represented as

12 𝑂4
𝑖 = 𝑤𝑖𝑓𝑖 = 𝑤𝑖(𝑝𝑖𝑥 + 𝑞𝑖𝑦 + 𝑟𝑖),       𝑖 = 1,2

13 Layer 5: The node in the last layer computes the overall output as the summation 

14 of all incoming signals. The overall output is given as

15 𝑂5
𝑖 = 𝑧 =

2

∑
𝑖 = 1

𝑤𝑖𝑓𝑖 =
𝑤1 × (𝑝1𝑥 + 𝑞1𝑦 + 𝑟1) + 𝑤2(𝑝2𝑥 + 𝑞2𝑦 + 𝑟2)

𝑤1 + 𝑤2

16 In the ANFIS architecture, the major task of the training process is to make the 

17 ANFIS output fit with the training data by optimizing the fuzzy rules and parameters 
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1 of membership functions. The hybrid-learning algorithm incorporating gradient 

2 method and the least-squares are used in ANFIS to estimate the initial parameters and 

3 quantify the mathematical relationship between input and output. The details of the 

4 gradient method and the least-squares estimate method of ANFIS can be found in the 

5 study of Jang (1993). 

6 4 Sustainability assessment by using ANFIS approach

7 Fuzzy set theory has been used for sustainability assessment by Phillis and 

8 Andriantiatsaholiniaina (2001). A SAFE (Sustainability Assessment by Fuzzy 

9 Evaluation) model was developed, which has a hierarchical structure. The overall 

10 sustainability is assessed by two major components, ecological sustainability and 

11 human sustainability. Each major component is comprised with secondary 

12 components, and each secondary component has three categories, including pressure, 

13 status, and response. In SAFE model, each category is assessed by using relevant 

14 time-series of basic indicators. The values of these basic indicators are from 

15 international agreements and norms, laws and regulations, as well as expert opinion. 

16 The basic indicators are normalized within [0,1] by linear interpolation between 
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1 sustainable and unsustainable indicator values. Furthermore, the exponential 

2 smoothing method is employed for aggregating the time-series data, and an 

3 imputation procedure is used for handling the missing data. Additionally, the SAFE 

4 model uses fuzzy logic to combine the basic indicators to form composite indicators, 

5 composite indicators to form major components, and, finally computes the overall 

6 sustainability of a country. ANFIS is basically a disaggregation approach in decision-

7 making problems, while the SAFE approach is mainly an aggregation approach.   

8 To demonstrate the application of the ANFIS approach for sustainability 

9 assessment, training samples are required. Therefore, with the permission of Dr. 

10 Yannis A Phillis, the data used in the SAFE model were collected as the training data. 

11 The SAFE model uses linear triangular and trapezoidal membership functions, and 

12 pre-defines the membership functions and fuzzy rules. With the ANFIS approach, a 

13 Gaussian membership function will be used, because this distribution fits a lot of real-

14 world problems (Moghaddamnia et al., 2009). The membership functions and fuzzy 

15 rules are derived from the existing samples. There are four steps of country 

16 sustainability assessment by using the ANFIS, shown as follows.
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1 Step1. Hierarchical structure of ANFIS model

2 This study is based on the SAFE model developed by Phillis et al. (2011). In 

3 their study, a four-level hierarchical structure was developed to evaluate the 

4 sustainability of countries. The overall sustainability performance is the first level. 

5 There are two primary components in the second level to evaluate overall 

6 sustainability performance (OSUS), including human sustainability (HUMS) and 

7 ecological sustainability (ECOS). HUMS and ECOS are in the second level. The 

8 HUMS comprises four secondary components, including education (KNOW), 

9 political aspects (POLICY), economic welfare (WEALTH) and health (HEALTH), 

10 which are in the third level. ECOS also comprises four secondary components, 

11 including land integrity (LAND), water quality (WATER), biodiversity (BIOD), and 

12 air quality (AIR). Each secondary component can be divided into tertiary indicators, 

13 PRESSURE (PR), STATE (ST), and RESPONSE (RE), which are in the fourth level. 

14 A total of 75 basic indicators are used to describe tertiary indicators. Based on the 

15 principle of the ANFIS and the hierarchical structure of sustainability assessment 
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1 proposed by Phillis et al. (2011), the hierarchical structure of ANFIS model is 

2 developed, as shown in Figure 2.

3 <Insert Figure 2 Here>

4 As shown in Figure 2, there are also four levels of the ANFIS model, including 

5 tertiary, secondary, primary and overall. Taking basic ANFIS 1 as an example, it 

6 includes three basic indicators, “Primary education ratio of students to teaching staff”, 

7 “Secondary education ratio of students to teaching staff” and “Tertiary education ratio 

8 of students to teaching staff”. The normalized values of these three basic indicators 

9 are the inputs, and the value of PRKNOW is the output. The output of ANFIS 1 is the 

10 input of ANFIS 25 in the upper level. Similarly, there are 35 ANFIS models for 

11 evaluating a country’s sustainability performance.

12 Step 2. Data collection

13 Phillis et al. (2011) and Grigoroudis et al. (2014) have applied the indicator 

14 system to evaluate the sustainability performance of 128 countries over the period of 

15 1990-2005 and 1990-2011, respectively. The research data and results of Phillis et al. 

16 (2011) and Grigoroudis et al. (2014) will be used as the training and checking samples 
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1 for the 35 ANFIS models. Wang and Elhag (2008) suggested that the reasonable ratio 

2 between training and checking samples should be 3:1. Moreover, in order to avoid 

3 mixing the training data sets, the 2005 data set is employed to train and check ANFIS.  

4 The sample set contains 128 groups of data for each ANFIS and is divided into two 

5 sample sets, 102 groups for training and 26 groups for checking. 

6 Step 3. Development of ANFIS models

7 In order to develop the ANFIS models, the initial membership functions are 

8 required. As mentioned earlier in this paper, there are various membership functions 

9 to describe the input variables, such as Gaussian, bell-shaped, sigmoid functions or 

10 other shapes. In this study, the Gaussian membership function is used, and each input 

11 has three fuzzy sets, namely, Weak, Medium and Strong. With the principle of equal 

12 distribution, parameters of the initial three Gaussian fuzzy sets are generated by the 

13 MATLAB software. 

14 After generating the initial MFs of each variable, the ANFIS 1 model is 

15 developed by using the fuzzy logic toolbox of MATLAB software package, as shown 
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1 in Figure 3. There are three input variables and each variable has three fuzzy sets with 

2 overall 27 if-then fuzzy rules. 

3 <Insert Figure 3 Here>

4 Step 4. Training and checking

5 In this stage of running the algorithm, the developed ANFIS 1 model will be 

6 trained and checked by using training and checking samples. The detailed algorithm 

7 of gradient method and the least-squares method can be found in Jang (1993). In 

8 ANFIS 1, the normalized values of three basic indicators including “Primary 

9 education ratio of students to teaching staff”, “Secondary education ratio of students 

10 to teaching staff” and “Tertiary education ratio of students to teaching staff” are the 

11 inputs, the value of PRKNOW is output. Each training data sample set comprises of 

12 three inputs and one output. As mentioned before, there are 102 groups of training 

13 samples. Figure 4 demonstrates the training process of ANFIS 1.

14 <Insert Figure 4 Here>

15 As shown in Figure 4, the initial epochs are set as 100 in this study, and the 

16 training error of ANFIS 1 is only 0.0011002, which is much less than the minimum 
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1 requirement of training error< 0.1 (Sun et al., 2015). It also can be seen that the 

2 training error is already close to zero when epochs are 30. After training, the fuzzy 

3 rules were established and the initial MFs were improved. Figure 5 illustrates the MFs 

4 before and after training process.

5 <Insert Figure 5 Here>

6 In Figure 5, it can be seen that the membership function type of three inputs is 

7 still a Gaussian function. It indicates that the training process does not change the type 

8 of membership function. However, the initial MFs were amended and improved after 

9 training. It indicates the training process operates as an optimal process to make MFs 

10 more closely reflect the real distribution of the training samples, since the initial 

11 parameters of MFs are automatically generated from MATLAB with the principle of 

12 equal distribution. In doing so, the assessment results are more accurate and 

13 representative.

14 <Insert Figure 6 Here>

15 The surfaces of the trained ANFIS 1 model are shown in Figure 6, which 

16 indicates the non-linear relationship between inputs and outputs. The left part 
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1 represents the solid surface of ANFIS in 3 dimensions, the x-axis and y-axis denote 

2 the normalized values of two inputs out of three, and the z-axis denotes the 

3 normalized value of output. The right part represents the projection surface of ANFIS 

4 1 in 2 dimensions. The x-axis and y-axis also denote the normalized values of two 

5 inputs out of three. The value of the output is illustrated by using different colors, 

6 which changes from orange (for lower values) to red (for higher values). 

7 After training the ANFIS model, the next step is to check the trained ANFIS 

8 model. Taking ANFIS 1 as an example, Figure 7 presents the output comparison 

9 between checking data and the ANFIS model. 

10 <Insert Figure 7 Here>

11 As shown in Figure 7, “+” denotes the checking data, “*” denotes the output 

12 derived from ANFIS model. Most outputs derived from ANFIS model can fit the 

13 checking data. It indicates that ANFIS method is effective to assess the basic indicator, 

14 PRKNOW. 

15 The if-then rules of ANFIS 1 model were obtained after training, as shown in 

16 Figure 8. 
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1 <Insert Figure 8 Here>

2 In Figure 8, input 1, input 2 and input 3 represent the normalized values of basic 

3 indicators “Primary education ratio of students to teaching staff”, “Secondary 

4 education ratio of students to teaching staff” and “Tertiary education ratio of students 

5 to teaching staff”, respectively. The output is represented by the value of “PRKNOW”. 

6 Taking the nation of Albania as an example, the values of inputs 1-3 in the Phillis et 

7 al. (2011) dataset are (0.8895, 0.9235, 0.6477) respectively, and the output value is 

8 0.896. As shown in Figure 8, the values of inputs 1-3 are (0.8895, 0.9235, 0.6477) 

9 respectively, and the output of ANFIS 1 is 0.897, which differs from the SAFE model 

10 by 0.1%. 

11 In order to do the robust checking of these 35 ANFISs, five countries were 

12 randomly selected from five different continents, including “Australia”, “Brazil”, 

13 “Canada”, “China” and “France”, as the checking samples. The values of 75 basic 

14 indicators in the year 2011 are chosen as the original inputs, and the output values 

15 generated from the trained basic ANFIS are, in turn, used as the inputs of a secondary 

16 ANFIS. For example, the outputs from ANFIS 1, 2 and 3 are the inputs of ANFIS 25, 



23

1 the outputs from ANFIS 25, 26, 27 and 28 are the inputs of ANFIS 33, and the 

2 outputs from 33 and 34 are the inputs of ANFIS 35. The checking results were 

3 compared with the values in the SAFE model of Phillis et al (2011). The maximum 

4 difference of outputs between SAFE and ANFIS models is 4.2%. For the overall 

5 sustainability performance, the difference is less than 0.9%. It indicates that the 35 

6 ANFIS models are effective with appropriate training. 

7 5 Discussion 

8 5.1 The comparison between SAFE and ANFIS assessment results

9 After training and checking, the 35 ANFIS models were used to re-assess the 

10 overall sustainability performance of 128 countries in two discrete years, 2005 and 

11 2011. The original ranking (SAFE) and the new ranking (ANFIS) are shown in Table 

12 1. 

13 <Insert Table 1 Here>

14 As shown in Table 1, it is noted that there are minor differences between SAFE 

15 and the ANFIS. The largest difference belongs to the country “Uruguay” in 2011, 

16 which ranks 26 in SAFE and ranks 20 in ANFIS. It is considered that the difference is 
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1 mainly due to the different membership function. The non-linear Gaussian 

2 membership function used in ANFIS model better fits the real world problem 

3 (Kreinovich et al., 1992). This advantage will be more obvious if the ANFIS model is 

4 trained by appropriate samples. Thus, the ANFIS method is validated as being 

5 appropriate for assessing the country sustainability performance. 

6 5.2 The membership function optimization

7 As mentioned before, the assessment results vary due to different membership 

8 functions. Therefore, different MFs will be tested in this section for selecting an 

9 optimal one. Three different types of frequently employed non-linear membership 

10 functions, including Gaussian, bell-shaped and sigmoidal membership functions were 

11 selected for testing in this study (Bigand and Colot, 2016; Garg and Sharma, 2013; 

12 Mohammadi et al., 2015; Pandit et al., 2015). The overall sustainability of 128 

13 countries in 2005 and 2011 was assessed by ANFIS method with three types of 

14 membership functions. The absolute difference of 128 countries’ sustainability rank 

15 between SAFE and ANFIS with three membership functions in year 2005 and 2011 

16 are shown in Figure 9.
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1 <Insert Figure 9 Here>

2 It can be seen that the difference between SAFE and ANFIS with Gaussian 

3 membership function in both 2005 and 2011, are at a minimum when comparing with 

4 the other two MFs. It indicates that ANFIS with Gaussian membership function is the 

5 optimal one to reflect the original training data. Gaussian membership function is 

6 commonly selected for fuzzy logic problems because it is the best to represent the real 

7 distribution of various real problems (Bigand and Colot, 2016; Lin and Li, 2014; 

8 Mouysset et al., 2012; Pandit et al., 2015; Sanchez et al., 2013). The research by 

9 Kreinovich et al. (1992) revealed that the Gaussian membership function is the most 

10 accurate in representing uncertainty in majority of real-life measure situations.  

11 Rasmussen and Williams (2006) concluded that the Gaussian function is very natural 

12 and can be used to define a distribution over functions. Singh (2013) further pointed 

13 out that the Gaussian function can approximate any real continuous function on a 

14 compact set to arbitrary accuracy. 

15 5.3 Merits of ANFIS

16 From the above discussion, the merits of ANFIS can be concluded in the 
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1 following three aspects. First, sustainability is a very complex issue, which contains 

2 various complicated non-linear relationships between variables (Hjorth and Bagheri 

3 (2006). The ANFIS approach can easily handle the complex non-linear MFs and is 

4 suitable for sustainability assessment. This study validates that the complex non-linear 

5 MFs such as Gaussian, bell-shaped and sigmoid can be easily applied in ANFIS 

6 models. 

7 Second, the ANFIS has the advantage of time-saving especially in membership 

8 function optimization. For traditional pre-defined membership functions, it is difficult 

9 and time-consuming to execute the membership function optimization because each 

10 membership function is based on experts’ knowledge. Experts need to spend a lot of 

11 time to define the parameters of each fuzzy set of MFs, which indicates that the more 

12 MFs used in the country sustainability assessment system, the more difficult and time-

13 consuming it is. For ANFIS approach, it is easy to define the parameters and optimize 

14 the MFs, and the process is time-saving because it is based on the data training rather 

15 than the expert knowledge. The research by Khoshnevisan et al. (2014) echoed this 

16 point that the time for recognizing membership functions and rules, and determining 
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1 proper size and optimal structure of the neural net can be reduced by using ANFIS. 

2 Last, the ANFIS approach has great performance in solving those dynamic and 

3 multi-criteria problems. Sustainability assessment includes dynamic and multi-criteria, 

4 and different researchers may use different indicators and benchmarks (Phillis et al., 

5 2011; Shen et al., 2016). In order to establish a universal and comprehensive 

6 assessment approach, these features should be considered. The ANFIS approach has 

7 the adaptive learning ability, which makes it possible to solve the dynamic and multi-

8 criteria problems (Denai et al., 2004). This study demonstrates the ANFIS approach is 

9 suitable for dynamic assessment of sustainability with appropriate training. Therefore, 

10 more training data from various sources, such as World Bank, and UN-Habitat will be 

11 collected for training, which makes the approach adapt to the changes in future.

12 6 Conclusions

13 For a better understanding of sustainability, there is a need for an effective 

14 sustainability assessment method. Many methods have been adopted for sustainability 

15 assessment, including fuzzy logic. Currently, pre-defined simple linear fuzzy 

16 membership functions and if-then rules have been widely used in existing studies. 
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1 However, the pre-defined MFs and rules have limitations because they are only based 

2 on experts’ knowledge. Thus, to overcome these limitations, this study applied the 

3 adaptive neuro-fuzzy inference system (ANFIS) to assess sustainability of countries. 

4 The results show that, compared to earlier studies, the ANFIS method is appropriate 

5 to measure the countries’ sustainability performance with appropriate training data. 

6 Furthermore, the ANFIS method can also be used for sustainability assessment in 

7 different levels, including city level, industrial level or project level in future studies. 

8 The training data is important for the successful application of ANFIS method. 

9 In this study, we have relied on only one data source, the SAFE dataset, which is one 

10 limitation of this study. The assessment results from ANFIS are very close to those 

11 generated from the SAFE model, indicating the effectiveness of the ANFIS method. 

12 In order to model behavior that better reflects the real world, there is a need for an 

13 appropriate selection of training data. Thus, the accuracy of the ANFIS method, as 

14 already shown in this study, can be further improved in further study by collecting 

15 training data from different sources, such as UN-Habitat, or World Bank. 

16 Furthermore, the whole domain of sustainability assessment is currently part of a 
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1 dynamic process. Consequently, it is expected that the indicators, benchmarks, or 

2 rules may change with the changing environment. The ANFIS method has the 

3 potential to perform better than other methods due to its adaptive learning ability, 

4 but this needs to be demonstrated through new training, with new collected data. 
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1
2 Figure 1(a) A first order Takagi-Sugeno fuzzy model with two inputs and two rules 

3 (Jang, 1993) 
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2 Figure 2 Assessment framework of sustainability performance
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2 Figure 3 FIS structure of ANFIS 1 in MATLAB
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2 Figure 4 Training process of ANFIS 1 
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1

2 Figure 5 Membership functions of ANFIS 1 before and after training
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2 Figure 6 Surfaces of ANFIS 1 model
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2 Figure 7 Comparison between checking data and the ANFIS
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1

2 Figure 8 If-then rules after training
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Figure 9 The absolute difference of rank between SAFE and ANFIS with three MFs in year 2005 and 2011
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Table 1 Sustainability ranking by SAFE and ANFIS 

Ranking (2005) Ranking (2011)
Country

SAFE ANFIS Difference SAFE ANFIS Difference

Switzerland 1 2 1 2 3 1

Sweden 2 1 -1 3 2 -1

Finland 3 3 0 5 6 1

Denmark 4 4 0 6 5 -1

Norway 5 5 0 4 4 0

Austria 6 6 0 7 8 1

France 7 8 1 10 11 1

Netherlands 8 7 -1 8 7 -1

Germany 9 10 1 1 1 0

Belgium 10 9 -1 9 9 0

Canada 11 13 2 13 13 0

New Zealand 12 12 0 11 10 -1

Latvia 13 11 -2 18 21 3

Estonia 14 15 1 25 23 -2

Lithuania 15 18 3 15 16 1

Italy 16 16 0 17 19 2

Slovakia 17 14 -3 20 17 -3

Czech Rep. 18 19 1 16 15 -1

Australia 19 17 -2 14 14 0

Portugal 20 20 0 24 22 -2

Croatia 21 21 0 29 28 -1

UK 22 23 1 12 12 0

Poland 23 25 2 23 24 1

Hungary 24 24 0 33 32 -1

Greece 25 22 -3 31 30 -1

Spain 26 27 1 21 25 4

Japan 27 26 -1 28 31 3
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Ireland 28 28 0 22 26 4

USA 29 30 1 32 33 1

Slovenia 30 29 -1 19 18 -1

Uruguay 31 32 1 26 20 -6

Chile 32 35 3 45 44 -1

Bulgaria 33 31 -2 36 37 1

Georgia 34 34 0 42 42 0

Israel 35 33 -2 49 48 -1

South Korea 36 36 0 48 53 5

Panama 37 37 0 43 46 3

Malaysia 38 38 0 57 55 -2

Belarus 39 39 0 27 27 0

Albania 40 40 0 44 43 -1

Bolivia 41 45 4 56 57 1

Tunisia 42 42 0 55 58 3

Thailand 43 41 -2 64 64 0

Venezuela 44 43 -1 51 50 -1

Romania 45 44 -1 30 29 -1

Paraguay 46 46 0 53 52 -1

Ukraine 47 48 1 39 38 -1

FYR Maced. 48 47 -1 38 39 1

Peru 49 49 0 61 59 -2

El Salvador 50 50 0 58 56 -2

Brazil 51 52 1 35 35 0

Moldova 52 51 -1 66 65 -1

Nicaragua 53 53 0 50 49 -1

Kazakhstan 54 54 0 40 40 0

Argentina 55 56 1 34 34 0

Kyrgyzstan 56 55 -1 54 54 0

Ecuador 57 58 1 46 45 -1
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Armenia 58 57 -1 52 51 -1

Azerbaijan 59 60 1 68 67 -1

Russia 60 61 1 41 41 0

Vietnam 61 59 -2 81 82 1

Jordan 62 66 4 76 75 -1

Mongolia 63 63 0 75 77 2

Mexico 64 65 1 60 60 0

China 65 64 -1 62 63 1

Syria 66 62 -4 73 73 0

Kuwait 67 68 1 59 61 2

Turkey 68 67 -1 37 36 -1

Saudi Arabia 69 74 5 79 78 -1

Botswana 70 70 0 71 72 1

Algeria 71 73 2 83 85 2

Morocco 72 75 3 47 47 0

Uzbekistan 73 69 -4 80 79 -1

Gambia 74 71 -3 90 90 0

Congo 75 77 2 95 92 -3

Gabon 76 76 0 82 81 -1

Colombia 77 72 -5 105 105 0

Lebanon 78 78 0 93 94 1

Egypt 79 79 0 92 96 4

Zimbabwe 80 80 0 70 69 -1

Senegal 81 83 2 94 91 -3

Namibia 82 81 -1 77 76 -1

Zambia 83 86 3 88 87 -1

Malawi 84 82 -2 86 88 2

Papua NG 85 89 4 118 118 0

Oman 86 84 -2 115 115 0

Ghana 87 87 0 69 70 1

Honduras 88 85 -3 67 68 1
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Sri Lanka 89 88 -1 87 89 2

Kenya 90 91 1 84 84 0

Cambodia 91 90 -1 117 117 0

Angola 92 95 3 101 104 3

Cote d'Ivoire 93 93 0 99 97 -2

Bangladesh 94 94 0 123 122 -1

Benin 95 92 -3 120 120 0

Laos 96 96 0 112 111 -1

Guatemala 97 97 0 72 71 -1

South Africa 98 100 2 85 83 -2

Philippines 99 98 -1 74 74 0

Chad 100 99 -1 102 103 1

United Arab E 101 101 0 78 80 2

Niger 102 103 1 124 124 0

Tanzania 103 106 3 104 102 -2

Uganda 104 102 -2 108 107 -1

Nigeria 105 104 -1 110 112 2

Togo 106 107 1 111 110 -1

Tajikistan 107 105 -2 63 62 -1

Indonesia 108 108 0 65 66 1

Guinea Bissau 109 109 0 97 100 3

Centr. Afr. R 110 110 0 121 123 2

Mozambique 111 112 1 96 93 -3

Rwanda 112 113 1 91 95 4

Madagascar 113 111 -2 114 114 0

Burkina Faso 114 114 0 98 98 0

Cameroon 115 117 2 113 113 0

Nepal 116 116 0 89 86 -3
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Mali 117 115 -2 122 121 -1

Iran 118 118 0 103 101 -2

Guinea 119 119 0 100 99 -1

DR Congo 120 122 2 106 108 2

India 121 120 -1 116 116 0

Yemen 122 123 1 126 125 -1

Ethiopia 123 121 -2 119 119 0

Pakistan 124 125 1 125 126 1

Sierra Leone 125 124 -1 109 109 0

Burundi 126 126 0 107 106 -1

Mauritania 127 127 0 128 127 -1

Sudan 128 128 0 127 128 1



Highlights

 An ANFIS method is introduced for measuring country sustainability.

 128 countries are re-assessed and the new ranking is close to SAFE model.

 The results show that Gaussian membership function fits the real world best..

 Appropriate selection of training data is important for the success of ANFIS

method.




