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Abstract

:

The rapid growth in urban population has led to a dramatic increase in municipal solid waste (MSW) generation, with ramifications more pronounced in developing countries. The regional Chinese governments have made great efforts to reduce MSW generation and collection quantities. However, the results of these efforts vary across cities. The purpose of this paper is to analyze the regional differences in MSW collection quantities. A two-level hierarchical linear model (HLM) was used to examine the variations in MSW collection quantities among 287 prefecture-level cites in China over the period from 2008 to 2017. The analysis reveals a strong negative correlation between the regional economic development level and the growth trend of MSW collection quantities. The empirical findings indicate that the level of economic development and waste collection measures are critical determinants of MSW collection quantities.
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1. Introduction


China is one of the largest municipal solid waste (MSW) producers in the world, generating over 150 million tons of MSW per year, accounting for 29% of the world total [1]. MSW is recognized as one major problem affecting the environmental quality and sustainable development of China’s cities [2]. The local governments have dedicated efforts to tackle the MSW problem, especially on MSW collection quantities. The MSW collection quantities vary from city to city by a variety of economic, social, and cultural factors, making it difficult for a city to adopt a waste collection service that may prove to be successful in other cities. Therefore, it is necessary to investigate the regional differences in MSW collection quantities and the growth trend of MSW collection quantities.



MSW collection quantities are an important indicator of the waste collection service level and capability of a nation or a region. The quantity of MSW collection varies by several factors. Many studies have been conducted to explore the factors influencing MSW quantities, such as economic factors (gross domestic product (GDP), consumption expenditure, income), geographical environment factors (urban scale), political factors (MSW policy regulation), social factors (culture, education, occupation), etc. [3,4,5,6,7,8,9,10]. With special regard to the influencing factors of MSW collection performance, several factors including economic, MSW collection service form, and transport routes have been studied. In particular, economic aspects are found to influence the success of implementing waste collection programs [11,12,13]. Several studies have also confirmed that the private sector or private companies provide MSW collection services more effectively than the public sector or public companies [14,15,16,17,18]. The private companies are found to use the collection crew more efficiently and set a higher demand or expectation on MSW collection [19,20,21]. Optimal MSW collection and transportation schemes (GIS, algorithm, etc.) have been proposed by scholars and applied to develop the shortest distance waste collection strategy so as to further improve waste collection efficiency [22,23,24,25,26,27]. Considering the influencing factors of both MSW quantities and collection performance together comprehensively, economic factors appear to exert significant influences on MSW collection quantities.



Observing and understanding the trend of MSW collection quantities can help policy makers develop pertinent and sustainable measures and policies of MSW collection over the long term. Trends observed regarding MSW in Japan, Copenhagen, Ontario, and the Philippines were discussed and analyzed [28,29,30,31]. Multivariate grey models, artificial intelligence models, S-curve trend models, and hidden Markov models, etc. have been used by researchers for forecasting MSW quantities [32,33,34,35,36,37,38]. The majority of previous studies mainly focus on MSW collection trends and quantity predictions. These studies often rely on case studies and small datasets, ignoring the direct interactions between MSW collection quantities and the extent and stage of economic development at a regional and national level. Both natural and economic conditions exhibit large regional differences in China [39]. The areas with different economic development levels carry out different MSW collection services, which affect the quantity of MSW collection directly. Therefore, it is necessary to analyze and conduct research on MSW collection quantities from the perspective of regional differences. Several mathematical models have been proposed to study MSW collection differences. Data envelopment analysis (DEA), a commonly used method to study MSW collection, is designed and focused on measuring the environmental efficiency in waste generation and waste service [40,41,42,43]. A practical allocation model is applicable to treat MSW [44]. For regional differences in MSW, political, economic, social, legal, technological and environmental (PESLTE) was employed to explain the differences in household food waste collection and treatment provisions between local authorities in England and Wales [45]. Regression models were applied to analyze the differences in paper waste and plastic packaging waste, respectively [46,47]. An EKC (environmental Kuznets curve) was used as an analytical framework to analyze the relation between waste generation and economic conditions [48,49,50,51]. However, these models have not seemed to be applied well to analyze the regional differences in MSW collection quantity changes over time.



There are several options for measuring changes over time, including repeated measures, hierarchical linear modeling (HLM), ANOVA, multivariate repeated measures (MRM), or structural equation models (SEM) [52,53,54,55,56,57]. Among them, repeated measures and ANOVA don’t allow for missing data in time periods, and MRM and SEW have limitations in dealing with the multilevel data [58]. Considering the inherent nature of time periods nested within regions of different economic development levels, HLM can describe the underlying structure and predictors of growth or change over time. HLM methodology has been widely used in many fields [58,59,60], and is proposed here as an appropriate multilevel tool to measure changes over time in MSW collection quantities.



There have been few studies conducted in the field of MSW collection. This paper attempts to add and contribute to the existing literature. With such an aim, the objectives of this empirical study are: (i) to confirm the relationship between regional economic development levels and MSW collection; (ii) to analyze the various reasons for regional differences in MSW collection; and (iii) to provide valuable information for MSW collection.




2. Materials and Methods


2.1. Study Location


China is divided into four major economic regions by the authorities according to the “Opinions of the Central Committee of the Communist Party of China and the State Council on Promoting the Rise of the Central Region”, the “Implementation Opinions of the State Council on Several Policy Measures for the Development of the Western Region”, and the spirit of the 16th National Congress of the Communist Party of China. Based on the economic development level (GDP, proportion of added value of service industry and urbanization rate of permanent residents), China can be divided into four regions: the northeast region, the central region, the eastern region, and the western region, as in Figure 1 below. The four economic regions contain 293 prefecture-level cities, in which Qamdo, Nyingchi, Shannan, Naqu, Sansha, and Haidong were established after 2011. To investigate the variations in MSW collection quantities from 2008 to 2017, we exclude these six recently established cities and focus on 287 prefecture-level cites, which were grouped into four regions: the northeast region (37 prefecture-level cities), central region (80 prefecture-level cities), eastern region, (84 prefecture-level cities), and western region (86 prefecture-level cities).




2.2. Variable Design and Hypotheses


2.2.1. The Design of the Outcome Variable and Hypothesis


The outcome variables are MSW collection quantities. The MSW collection quantities refer to the quantity that can be collected and transported to the transfer station or disposal site with exception regarding the quantity of waste transferred the second time. According to Olle Hage, many factors influence collection quantities to various degrees [47]. The quantity of waste differs significantly across different districts or counites. The municipalities that employ weight-based waste management fees generally experience higher collection rates, and better managed districts tend to collect less waste [45,61,62]. MSW collection actually varies in different ways across different cities of China. We hypothesize the following regarding the outcome variable:



Hypothesis 1.

The MSW collection quantities exhibit significant individual differences across cities.






2.2.2. The Design of the Time Variable and Hypothesis


The time variable is the observation time of MSW collection quantities. The quantities of MSW change over time. The quantities of MSW have been growing rapidly in many nations or regions [34,35,36,37]. In order to better reflect the changing trend of MSW collection quantities, 10 years of historical data in MSW collection from 2008 to 2017 for 287 cities have been used, and we can hypothesize the following:



Hypothesis 2.

The MSW collection quantities are positively related to the time variable.






2.2.3. The Design of the Predictive Variables and Hypothesis


The predictive variables refer to the economic development level variables (some of them time-invariant) that can explain or characterize MSW collection quantities of regions in this study. The associations between economic conditions and waste quantities have been confirmed in previous studies [3,4,5,6,10,63,64]. Most of these research works have found a positive correlation between economic development level and MSW collection quantities. Nonetheless, since 2000, waste source classification has been adopted in the more developed regions in China [65]. The growth rate of MSW collection quantities in these cities slowed slightly. Therefore, we hypothesize the following:



Hypothesis 3.

The economic development level would be negatively related to the growth rate in MSW collection quantities over time.





Based on the variable design and hypotheses, the require data used in this study were collected by a team of student research assistants and faculty researchers from the Economics and Management School at Harbin Engineering University that have both a research background and understanding of MSW. Historical data for 287 prefecture-level cities over the period of 2008 to 2017 were obtained from the China Urban Construction Statistical Yearbook.





2.3. Methods


2.3.1. Hierarchical Linear Model (HLM)


The hierarchical linear model (HLM) is a random coefficient model with nested random coefficients [1] that is typically used to analyze longitudinal experimental data [66,67,68]. Hierarchical linear modeling allows the data to be structured in at least two levels. For longitudinal design, the first level is the repeated measure (time) nested within the second level, which is the person-level data [69]. The first level captures the within-subject variations, whereas the second level describes the between-subject’s variability [70]. This multilevel approach cannot be implemented with the traditional RM ANOVA [71].



To characterize and describe the time variation in MSW collection quantities, we use the data of the MSW collection quantities from 2008 to 2017. For fitting such data in the estimations, standard linear modeling is not optimal, as it assumes that the errors of each observation unit are independent with a constant variance. However, HLM estimates the errors for each participant separately, and does not assume constant variance. HLM incorporates both the fixed effects and random effects in estimations. A consideration of the random effects in the modeling procedure is consistent with the sensible notion that a participant’s outcome measures are likely to be influenced by many characteristics that are unique to that person (or individual entirely) but not properly measured. HLM allows for separate error terms for each participant to be considered.



HLM can be regarded as the combination of a set of equations in a hierarchical manner, which yields longitudinal results that are not restricted by the common variance assumption made in general linear modeling (GLM). Here, HLM models were fitted to the MSW collection quantities of different economic regions, and different models were used to analyze the longitudinal collection quantities and the economic region. The first layer of data is concerned with variations due to different points in time (2008, 2011, 2014, and 2017). The second layer of data relates to variations due to different cities (287 prefecture-level cities). The first layer of data (temporal variation dimension) is embedded into the second layer of data (cross-sectional variation) for HLM implementation. The HLM estimation modeling of MSW collection quantities in different cities was established based on the nested structure in the data. The various models are described in detail below. Statistical significance was set at or defined as p < 0.05.




2.3.2. Formulating HLM Models in Change over Time Studies


For each analysis, we first specified a null model where there is no predictor variable. The null model (Model 1) is the one that contains no independent variables in Level-1 and Level-2. It is designed to calculate the within-group homogeneity, which can be used to determine whether a hierarchy structure exists in the data of MSW collection quantities across 287 prefecture-level cities. The basic form of Model 1 is as follows:


Level-1 Model: WCQti=π0i+eti



(1)






Level-2 Model: π0i=β00+r0i



(2)







Next, we specified a baseline model, which includes all the control variables. Subsequently, we added a time-level predictor variable to the model year of MSW collection quantities to ascertain how the MSW collection quantities are influenced by the time-layer variable. Model 2 allows one-way analysis of variance for the predictor variables in Level-1, in order to identify if there is a linear relationship between the predictor variable and the dependent variable, i.e., MSW collection quantities. The basic form of Model 2 is as follows:


Level-1 Model: WCQti=π0i+π1iTIMEti+eti



(3)






Level-2 Model: π0i=β00+r0i



(4)






π1i=β10+r1i



(5)







In the final model, we added the different economic region, which is a city-level predictor variable. Model 3 combines variables at both layers and explains how the dependent variables (MSW collection quantities) are subject to the influence of the first layer and second layer. The basic form of Model 3 is as follows:


Level-1 Model: WCQti=π0i+π1iTIMEti+eti



(6)






Level-2 Model: π0i=β00+β01CLUSTERi+r0i



(7)






π1i=β10+β11CLUSTERi+r1i



(8)




where




	
t stands for time;



	
i stands for city;



	
TIME is the time layer variable;



	
WCQti is the focus variable: the MSW collection quantities per city;



	
π0i and π1i are the intercept and slope, respectively, of unit (city) i (second-layer unit) in the first layer;



	
β00 and β11 are the average values for the intercept π0i and slope π1i, respectively;



	
β10 is the intercept for the slope π1i, representing their fixed (constant) components, meaning that they are constant among the MSW collection quantities;



	
CLUSTERi is the first predictor variable measured by the economic development level;



	
r0i and r1i are the random elements of π0i and slope π1i, respectively, representing the difference between city units.











3. Results


We used the software HLM7.0 and SPSS22.0 editions for the statistical analysis. For the measurement time variables, we choose 0, 1, 2, and 3 respectively aim to make the intercept β0j of Equation (3) equal the average of 287 prefecture-level city MSW collection quantities in final year (2017), as in Figure 2 below.



3.1. Verifying the Applicability of the HLM


The null model can be used to calculate the “interclass correlation coefficient”, as was done in Raudenbush and Bryk [59]. Through the operating results of the model and numerical calculation, we obtain the Intra Correlation Coefficient (ICC) results that the ICC (1) is 0.90, and the reliability estimate ICC (2) is 0.97. This indicates that the σ2 (intra-group homogeneity) exhibits statistical significance (p < 0.001). The results suggest that the data has a hierarchy structure. ICC (1) and ICC (2) are commonly used indexes to verify the applicability of HLM in estimation. In general, if the index is greater than 0.138, then it means that the dependent variables exhibit significant differences among organizations (units) at different hierarchical levels; hence, it is suitable to use HLM for analysis.


ICC1=π0π0+σ2=3516.263516.26+390.24=0.90



(9)








3.2. Differences in MSW Collection Quantities


Table 1 shows that the mean MSW collection quantity for these cities is 42.67 million tons. The MSW collection quantities varied (statistically) significantly from city to city (p < 0.001). It appears from Table 2 that the time variable significantly affected the regional MSW collection quantities (β10 = 5.69, p < 0.001), which is consistent with Hypothesis 1. This shows that the different regional MSW collection quantities increase linearly with time at 5.69%. The variances of intercept and slope r0 and r1 are 3586.75 (p < 0.001) and 136.15 (p < 0.001), respectively. This indicates that the regional differences cause the MSW collection quantities to exhibit a remarkable change in model variances.



The full model (Model 3) augmented the independent variable to include the economic development level. As a result, the variance of intercept declined to 2175.10 from 3586.75. This indicates that adding the economic development level variable can explain 39.36% of the intercept variance of Model 2. Also, the variance of slope declined to 126.06 from 136.15, indicating that the economic development level variable can explain 7.41% of the slope variance of Model 2. Taking “economic development level” as an explanatory variable, Model 3 provides a better fit to the data. Similar to Table 2, Table 3 shows that the time variable has a statistically significant effect on MSW collection quantities in different cities (β10 = 12.31, p < 0.001). The effect sizes (ES) can be calculated as 0.72 (ES > 0.35) [72]. It shows that the “economic development level” variable can significantly explain the differences in the outcome variable. Furthermore, the regression coefficient (β11 = −2.72, p < 0.001) means that the economic development level variable has a statistically significant and negative impact on the growth rate of MSW collection quantities.





4. Discussion


This study is perhaps the first longitudinal study of regional differences in MSW collection quantities, and HLM, which is arguably more suitable than the traditional statistical methods for dealing with longitudinal data, is selected for statistical analysis. In this paper, we demonstrated the application of various hierarchical linear models with unique structures to analyze the regional differences in MSW collection quantities. The results of the study support the above hypotheses. Model 3 results verified that the economic development level is the major factor influencing the differences in MSW collection quantities across cities. Specifically, the economic development level is negatively related to the growth rate in MSW collection quantities over time.



4.1. The Factors behind the Differences


The economic development level is a composite index that combines GDP, the proportion of the added value of the service industry, and the urbanization rate of permanent residents. The eastern region leads in economic development, realizing significant gains in GDP. With the rapid increase of GDP, the waste collection problems have become serious, which has brought high attention to governments to deal with the problems. The regional government has taken measures aiming at reducing waste collection quantities at the source. Not surprisingly, the first batch of pilot cities for waste classification are concentrated in the eastern region. The concept of waste classification was implemented earlier, achieving high waste recovery rate at the source. A case in point is Shanghai, where the special “green account” policy has achieved impressive results. Consequently, the growth rate of MSW collection quantities has declined. In contrast, in the northeast region, such as in Harbin, Jilin, and Shenyang, the government, society, and corporations have paid less attention to the MSW management (as they are more concerned about material economic development rather than the environment), and hence have not achieved the same extent of reduction in the growth rate of MSW collection quantities.



Tourism is a large and important service industry in the western region and central region, such as in Xi’an, Chengdu, and Urumchi. Those cities receive and rely on many tourists visiting every year. Tourism spawns unnecessary waste, especially food waste; thus, the growth rate of MSW collection quantities is increasing year by year. By comparison, the northeast region is affected by geographical location, natural climate, and slow growth in service industry, resulting in a relatively stable growth rate in MSW collection quantities. On the other hand, the modern service industry in the eastern region is diversified in development, and constantly improving the quality of MSW collection service has enabled a reduction in MSW collection quantities at the source. For instance, Shenzhen City in Guangdong Province has achieved the full coverage of MSW facility allocations in the community, providing the basic guarantee for MSW collection. There has been a smart trash sorting device installed over the Futian district. Hence, less waste needs to be collected to the disposal site, and the growth rate of MSW collection quantities has declined.



The urbanization level in the eastern region is relatively high. The increasing urbanization level is associated with increases in urban construction and urban population [4,5,8,73]. The MSW collection quantities also have increased. However, many countermeasures have been adopted to reduce MSW collection quantities and manage MSW more efficiently, such as the household registration system limiting the size of urban population, and the waste charge and classification system being used to control the quantity. These measures have proved to be effective to a large extent, so that the growth rate of MSW collection quantities slows down. In contrast, rising urbanization levels in the northeast and western regions have led to a population boom. MSW quantities have increased dramatically to the extent that waste collection facilities cannot handle or meet with the rapidly increasing MSW quantities at the source. As a result, the growth rate of MSW collection quantities in these regions keep increasing.




4.2. The Limitations and Future Research


This study has limitations that should be considered. On the one hand, although this study establishes a reasonable correlation between economic development level and MSW collection quantities, indicators for measuring the economic development level have not been weighted. The level of economic development is highlighted here as a major predictor of the regional differences in MSW collection quantities, but it cannot fully explain all the variations. There may be other factors that also influence waste collection quantities, such as the geographical environment factor, politics factor, social factor, and so on. On the other hand, HLM can be used to determine whether MSW collection quantities change over time linearly, but if there are more predictive variables added to explain the regional difference of MSW collection quantities, an alternative methodology needs to be explored. All of these limitations will be addressed in the authors’ future works.
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