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Abstract

:

Urban planners and ecologists have long debated the relationship between the structure of urban landscapes and social activities. There have, however, been very few discussions as to whether any such relationships might depend on the scales of observation. This work applies a hierarchical zoning technique to data from the city of Quito, Ecuador, to examine how relationships between typical spatial landscape metrics and social indicators depend on zoning scales. Our results showed that the estimates of both landscape heterogeneity features and social indicators significantly depend on the zoning scale. The mean values of the typical landscape metrics and the social indicators all exhibited predictable responses to a changing zoning scale, suggesting a consistent and significant scaling relationship within the multiple zoning scales. Yet relationships between these pairs of variables remain notably invariant to scale. This quantitative demonstration of the scale-free nature of the relationship between landscape characteristics and social indicators furthers our understanding of the relationships between landscape structures and social aspects of urban spaces, including deprivation and public service accessibility. The relationships between social indicators and one typical landscape aggregation metric (represented as the percentage of like adjacencies) were nevertheless significantly dependent on scale, suggesting the importance of zoning scale decisions for analyzing the relationships between the social indicators and the landscape characteristics related with landscape adjacency. Aside from this typical landscape aggregation metric, the general invariance to the zoning scale of relationships between landscape structures and socioeconomic indicators in Quito suggests the importance of applying these scale-free relationships in understanding complex socio-ecological systems in other cities, which are shaped by the conflated influences of both anthropogenic and natural factors. Moreover, this scale-free behavior of landscape–social relationships challenges the traditional modifiable area unit problem, and provides mechanistic insight into the conflicts and compatibilities between human activities and human-induced land use change.
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1. Introduction


Spatial urban landscape metrics provide quantitative insights into complex natural systems, and are often used to characterize the heterogeneity of urban landscape composition and associated ecological processes [1,2,3,4,5,6]. Landscape ecologists and urban planners have long debated potential relationships between spatial patterns of urban development and ecological conditions, including the validity of spatial landscape metrics for purposes such as monitoring urban land use and sustainable urban planning [7,8,9]. Spatial landscape metrics can not only quantify ecological processes reflecting urban environmental change, but are also able to provide evidence of potential mechanisms linking urban form to social function. Furthermore, they can offer valuable insights into the resource distribution of urban socio-ecological systems by determining the distributional characteristics of energy, materials, or other properties [10,11,12]. Configurational characteristics may also influence demographic processes such as population growth, household locations, and migration [13]. Different landscape structures may lead to differences in economic development as a result of household income disparities [14]. The size of a single district within a city may influence gentrification processes of surrounding neighborhoods and result in the development of hierarchical structures that both promote and reflect differences in levels of accessibility to public services such as education or health [14,15]. Many previous studies that have examined the relationships between landscape configuration and social aspects such as urban poverty, health, or socioeconomic vulnerability [16,17,18,19] have done so on a qualitative level, yet often without quantitatively discussing how urban spatial metrics (such as composition or configuration) might characterize and influence social indicators. A truly integrative approach to identifying urban environmental heterogeneity demands that we address the quantitative relationships between urban spatial metrics and social activities, in order to provide concrete and meaningful knowledge for geographically contextualized urban planning, design, and management [20,21,22].



Spatial landscape metrics are useful for quantitatively describing and representing the heterogeneity of urban spaces. However, heterogeneity is also a function of scale [23,24,25,26], and the use of districts or blocks of fixed sizes is problematic for quantifying spatial landscape metrics. Several studies have clearly demonstrated that spatial metrics of community organization or landscape complexity differ with scale and scope [1,27,28]. This dependence of landscape heterogeneity on the scale of the zones used for its quantification reflects the well-known modifiable areal unit problem (MAUP) [29,30,31]. New technologies for user-controlled and flexible zoning schemes offer a practical solution to the MAUP. Automated zoning procedures, in particular, have been proposed to offer efficient, systematic, and objective methodologies for identifying functional zones based on social indicators such as population size, deprivation, or health [32,33,34]. Nevertheless, such zoning procedures still ignore more general issues of the representability of spatial landscape heterogeneity characteristics, especially in regard to whether or not a given set of boundaries makes any sense in relation to the spatial landscape metrics and processes relevant to the social activities that they represent.



One of the most powerful ways to understand the influence of landscape structures on socio-political processes is through cross-scale comparisons, as has been demonstrated by the relationships between spatial landscape metrics and socioeconomic indicators such as health outcomes, urban accessibility, and other social processes used to support social planning [35,36]. The present study therefore implements a hierarchical zoning strategy to analyze how quantitative relationships between spatial landscape metrics and social activities change across scales.




2. Study Area and Data Collection


Urban sprawl occurs around the world, and Latin America in particular is characterized by rapid urban growth and high inequality in terms of public services accessibility and other socioeconomic variables [37]. The capital city of Ecuador, Quito, is a representative example of how Latin American cities have faced significant growth in the last decades. The city has extended approximately 35 km in length and its suburban areas now occupy lands that only a few years ago were rural and agricultural areas. According to the Ecuadorian Institute of Statistics and Census, more than 1.5 million inhabitants live in Quito and its surrounding urban areas (Figure 1). However, considering the whole metropolitan district, including rural areas, the population is over 2 million. Some illegal constructions have gradually emerged in the peripheral areas of the city, mainly on the hills and steep lands. This dynamic landscape structure has generated obvious urban segregation in terms of social deprivation and public service inequality. It is thus worth investigating how the landscape structure characteristics differ in their corresponding social indicators connected to the urban environment.



Following a rights-based perspective of quality of life [38,39], good access to urban services is indispensable to ensure good conditions/prerequisites for quality of life. Keeping this in mind, we did a thorough and succinct literature review [39,40,41,42,43,44,45,46,47] and selected three indicators (deprivation, accessibility to healthcare services, and accessibility to educational services) to characterize the socioeconomic situation in Quito. These indicators support the identification of social inequalities and segregation with important implications for the sustainability and quality of life of a city [38,43,47]. We used data from 5000 census blocks, extracted from the 2010 Ecuadorian Population and Housing Census, as well as information regarding the locations of health and educational services, provided by the Ecuadorian Ministry of Health and the Ecuadorian Ministry of Education, respectively. Since all these indicators are elementary indicators based on census blocks (dissemination areas), our methodology is also transferable and may be applied to other Latin American cities. In addition, land survey data and 2010 Rapid Eye satellite data for Quito were provided by the Ecuadorian Ministry of Environment, and were used to extract information on land use and land cover (LULC). Spatial landscape metrics were estimated based on this LULC information.




3. Methods


We implement a hierarchical framework (shown in Figure 2) based on the combination of land use and land cover data with census data to explore how the zoning scale might influence the relationships between landscape heterogeneity features and the chosen social indicators. Four metrics of landscape configuration (including Shannon’s Diversity metric, Number of Disjunct Core Areas metric, Proportion of Like Adjacencies metric, Fractal Dimension metric) are described first, followed by methods for analyzing and aggregating three social factors (including deprivation, healthcare accessibility, and education accessibility). Finally, this research describes how social and landscape measures were combined within the automated zoning analysis and how the relationships between the spatial landscape metrics and social factors vary between different zoning scales. Integrating the concept of multiple zoning scales into the urban landscape–social relationships analysis is central to this framework, and it is important to investigate the multi-scale neighborhood effects on the complex urban system.



3.1. Analysis of Landscape Spatial Metrics


Categories of land use and land cover for Quito included residential areas, multi-type residential areas, industrial areas, cultivated areas, water areas, and vegetated areas including grass, eucalyptus, shrubbery, mountain shrubs, soil, and other vegetation cover.



The configurational properties of these different LULC classes were quantified using free Fragstats software (University of Massachusetts Amherst, Amherst, MA, USA) [48]. Fragstats quantifies landscapes in terms of both configuration and composition, with configuration further quantified in terms of the shape, area, and aggregation properties. For each of these four categories, we selected the single metric that most strongly correlated with all other metrics within that category. For the composition this was the Shannon’s diversity index (SHDI); for the shape this was the area-weighted mean patch fractal dimension index (FRAC_AM); for the core area it was the number of disjunct core areas (NDCA), and for aggregation it was the proportion of like adjacencies (PLADJ). Shannon’s diversity metric (SHDI; correlation with other aggregation metrics ≥0.8) reflects the landscape composition rather than the spatial configuration, and quantifies the amount of ‘information’ per individual landscape patch. The fractal dimension index (FRAC_AM; correlation with other shape metrics ≥0.355) equals the sum of the corresponding patch fractal dimension values multiplied by the proportional abundance of the patch. The number of disjunct core areas (NDCA; correlation with other core area metrics ≥0.32) quantifies how many small patches within a given interior belong to a large patch. The proportion of like adjacencies (PLADJ; correlation with other aggregation metrics ≥0.505) computes the sum of the diagonal elements of the adjacency matrix divided by the total number of adjacencies in such a way that landscapes containing greater local aggregations of patch types (for example, by having larger patches with compact shapes) will contain a higher proportion of like adjacencies than landscapes containing disaggregated patch types.




3.2. Social Indicators Estimation


We used census data and the location of healthcare and educational services to estimate three social indicators that are reflective of more general yet intangible societal processes: a composite indicator of deprivation (DP); and indicators of accessibility to healthcare services (DH) and educational services (DE).



The composite indicator of deprivation was measured by combing four simple indicators: (1) the percentage of houses without access to the sewerage system; (2) the percentage of houses without a connection to the electrical system; (3) the percentage of houses without a connection to the drinking water supply system, and (4) the percentage of houses without a garbage collection service. These indicators were chosen because they are related to basic human needs, represent social disadvantages, and can be related to health issues [38,39,47,49,50,51]. Information pertaining to these indicators was extracted from the 2010 Ecuadorian Population and Housing Census.



The deprivation information was geocoded in census tracts and compiled in the shapefile of the study areas. The variance inflation factors (VIFs) for all indicators confirmed no strong co-linearities between the selected indicators, enabling them all to be used in the composite indicator of deprivation, constructed by adding the four indicators and normalizing the result to the unit scale. The final composite indicator of deprivation then has values between 0 and 1, where values closer to 1 represented higher levels of social deprivation.



The accessibility indicators (to both health and educational services) were calculated in terms of Euclidean distances between the centroids of each census block and the location points representing the nearest healthcare or educational services.




3.3. AZPTool—Automatic Zoning Software


The automatic zoning procedure (AZP) (University of Southampton, UK) was developed by Openshaw [31] to explore scale and aggregation effects on the choice of zonal boundaries. This was extended by Martin [33], who developed an automated zone matching (AZM) algorithm that iteratively combines target population sizes, zonal compactness and other variables into the zone design process. This study used the AZTool system, based on the AZM algorithm, which has the advantage of minimizing the mismatch between different zones [33,52]. We created zones that maximized the internal homogeneity of independent variables. This regionalization algorithm is a heuristic procedure involving the following steps [30,31,32,33]:

	
Step 1. Select zone design options and targets.

	○

	
(i) Set the threshold variable which can indicate the homogeneity of the boundary;




	○

	
(ii) Set the minimum and maximum threshold of target value M to randomly generate M small zones from the original zoning system N (M < N);




	○

	
(iii) Set the iteration number to control the regionalization process.









	
Step 2. List the M regions.



	
Step 3. Randomly select and remove any region from this list.



	
Step 4. Identify zones that border members of region K that could be moved into region K while maintaining the internal contiguity of the donor region(s).



	
Step 5. Select zones randomly until one of the following conditions is met: (1) there is a local improvement in the current value of the objective function (seen Formula (1) and (2)); (2) a move that is at least as good as the current best. Then repeat step 5 until the list ends.



	
Step 6. When the list for region K is exhausted return to step 3, select another region, and repeat steps 4–6.



	
Step 7. Repeat steps 2–6 until no further improvement can be made or a maximum number of iterations is reached.








The AZTool maximizes the internal homogeneity of zones as quantified by the parameter-intra-area correlation (IAC). The IAC depends on the variable     ∂ k    , which is the contribution of category k to the IAC (shown in Equation (1)):


     ∂ k  =    1  M − 1     ∑  g = 1  M    N g    (  P  g k   −  P k  )  2      (  N ¯  * − 1 )  P k  ( 1 −  P k  )   −  1  (  N ¯  * − 1 )    ,   



(1)




where M is the number of areal units in the original zoning system,     N g     is the value of the target threshold variable in the areal unit g,     N ¯  *    is the mean of target threshold variable in the original zoning system,     P  g k      is the value of homogeneity feature k in the areal unit g, and     P k     is the overall mean of the homogeneity feature k. This formula is approximately the ratio of the area-level variance to the individual-level variance. Having calculated the intra-area correlations     ∂ k     for each zoning variable, an overall intra-area correlation measure   ∂   can be calculated as in Equation (2), which then provides a statistically valid measure with which to compare different zoning scales with different target features:


   ∂ =  1  k − 1     ∑  k = 1  K   ( 1 −  P k  )    ∂ k   .  



(2)







Each potential modification to the zonal configuration is evaluated in terms of its marginal impact on ICA, and AZM provides various constraints and values for the control of zone design. In our study, the four spatial landscape metrics (FRAC_AM, NDCA, PLADJ, and SHDI) and the three social indicators (DP, DE, and DH) were chosen as the threshold variables to construct separate zoning schemes.



The choice of these design constraints and target values is subjective, but serves to ensure consistency between different zone design runs. Values were selected to achieve reasonably compact and hierarchical levels, in order to quantify the effect of the MAUP on resultant relationships in a consistent and reproducible way. Accordingly, the 5000 original census blocks were aggregated into six hierarchical levels containing 130, 420, 800, 1000, 2000, and 3500 zones.




3.4. Statistical Tests


We first tested the scale-dependence of the four landscape metrics and the three social indicators, hereafter referred to as landscape/social (LS) variables, by applying linear regressions to the logarithm of the zoning scale (quantified as the number of polygons listed above). The data for each scale were grouped into 130 evenly-spaced bins (equal to the number of points at the coarsest zoning level), so that regressions considered equal numbers of data points for each zoning level.



We then considered the mutual influences of other LS variables and zoning scales by performing multiple linear regressions (MLRs) between each pair of variables and including the zoning scale as an additional independent variable. For the n = 7 variables, this involved n(n − 1)/2 = 21 MLRs, each of which had one landscape metric or social indicator as the dependent variable and two independent variables, namely the zoning scale and the other LS variable. The relative influences of the zoning scale and the other LS variables were then quantified by comparing T-statistics. The MLRs also considered potential interactions between scale and the other independent variables, with relative effects of interactions also quantified by associated T-statistics.



Finally, we examined whether the scale directly affects relationships between the different LS variables by calculating linear regressions of each pair of LS variables for each distinct zoning scale. As described in the first paragraph above, all variables had equal numbers of observations for each scale, enabling T-statistics from the linear regressions to be directly compared across scales. The T-statistics quantify the strength of the relationship between each pair of LS variables at each zoning scale. Linear regressions were subsequently performed through each series of T-statistics to ultimately quantify the extent to which relationships between each pair of variables were themselves dependent on the zoning scale. Relationships between LS variables for any given scale may not be significant, in which case the T-statistics may not be presumed meaningful. These subsequent regressions therefore considered only those T-statistics representing significant relationships at p = 0.05.





4. Results


4.1. The Influences of the Zoning Effect on Landscape Metrics Estimation


As shown in Figure 3a, the top three land use and land cover (LULC) types in Quito were residential areas, other green spaces, and mountain shrub areas, making up 46.38%, 12.53%, and 11.28%, respectively; industrial areas (8.38%), shrub areas (7.1%), multiple-use residential areas (6.64%), grassland (5.04%), eucalyptus (1.82%), cultivated land (0.66%), and bare soil (0.15%) are the other LULC types, followed by water, which makes up the smallest percentage of the LULC with only 0.02%. Residential areas are distributed all over the city of Quito, but are particularly concentrated in the northern area and the suburban area of the city. Industrial and commercial areas, as well as low-income residential areas are mainly concentrated in the southern part of Quito. Figure 3b provides an example of SHDI representations at seven zoning levels (130, 420, 800, 1000, 2000, 3500, and 5000) produced through the aggregation process in the original census blocks. The spatial pattern results of the SHDI in these five zoning scales, which range from 0 to 1.92, lead to very different spatial cluster distributions.




4.2. Scale-Dependence of Landscape and Social Factors


All four landscape metrics and all three social indicators were significantly dependent on the zoning scale (Figure 4 and Figure 5, respectively). All relationships with the landscape metrics were highly significant (p < 10−10). The notably low values of all strengths of relationship (given in the legend of Figure 4 and Figure 5) reflect the fact that these spatial metrics vary to a far greater extent across the study area than they do across zoning scales; that is, spatial heterogeneity within each zone is far greater than systematic variation between zones. The high significance of all observed relationships nevertheless shows that the zonal scale does significantly influence all landscape and social indicators.



Finer zoning scales (that is, those containing a greater numbers of polygons) were associated with increases in both fractal dimension (FRAC_AM) and number of disjunct core areas (NDCA), yet with decreases in both landscape diversity (SHDI) and the proportion of like adjacencies (PLADJ). In contrast, all three social indicators (DE, DH, and DN) significantly decreased at finer zoning scales.




4.3. The Mutual Influences of LS Variables and the Zoning Scale


Multiple linear regressions (MLRs) for each landscape/social (LS) variable using both zoning scale and every other LS variable in combination yielded T-statistics indicating that the mutual influences of the LS variables on one another was always stronger than the influence of the zoning scale (Table 1), with the single exception of SHDI being more strongly influenced by scale than by NDCA. (The T-statistics of Table 1 reflect relationships that were all entirely significant, with the largest p-value < 10−5). Taken together, T-statistics for the mutual influence of other variables were significantly higher for the influences of other variables (mean T = 29.9) than for the influence of the scale (mean T = 13.2; T-test for differences: df = 25, T = −4.9, p < 10−4). In the context of these pair-wise comparisons, scale thus explained less of the variance in the LS variables than did the influence of other LS variables.




4.4. The Scale-Dependence of Relationships between LS Variables


Finally, linear regressions were calculated between all LS variables for each zoning scale and strengths of relationship were quantified in terms of T-statistics. These T-statistics were able to be directly compared across scales because sample sizes were identical in all cases (equal to 130 points). The scale-dependence of the relationships between the landscape metrics is shown in Figure 6; that of the relationships between the social indicators in Figure 7; and that of the relationship between landscape and social measures in Figure 8. (To aid visual interpretation, the strengths of relationship in all of these figures are depicted in terms of correlation coefficients, while all statistics were calculated from associated T-statistics.)



The relationships between the different landscape variables generally remained independent of the zoning scale (Figure 6), with the exception of SHDI-PLADJ (R2 = 0.61, p = 0.005). Relationships between all other landscape metrics attained maximal correlations with a scale of R2 < 0.25 (p > 0.06). By contrast, relationships between social indicators were more strongly influenced by scale, and, in fact, had average T-statistics for dependence on scale of T = 4.8 in comparison with equivalent values for landscape variables of T = 1.4 (T-test for differences in these statistics: T = 2.8, df = 3.1, p = 0.06). The weakest dependence on scale of a relationship between social indicators corresponded to a correlation of R2 = 0.58 (p = 0.006). Relationships between social indicators were thus significantly dependent on the zoning scale in all cases.



Finally, seven of the 12 relationships between landscape and social indicators were not significant, while five were. Of these latter five, however, three described the relationships with PLADJ. Excluding this variable, only two of the remaining 9 variable relationships indicate a significant dependence on scale (FRAC_AM-DE and SHDI-DP). This supports the general conclusion that relationships between landscape metrics and social indicators generally remained independent of the zoning scale. Reasons for the significant dependence on PLADJ are discussed below.





5. Discussion


5.1. Scale-Dependent Landscape Metrics


The effect that changing the scale has on landscape metrics has generally been considered in terms of both grain size and extent, yet rarely in terms of the zoning scale. Our study thus examined how a typical group of landscape metrics responds to the zoning scale [53]. All landscape metrics exhibited significant relationships with the zoning scale, with mean values of metrics of both contagion (PLADJ) and diversity (SHDI) increasing with increasing zoning scale (that is, increasing with a decreases in the numbers of zoning units), and mean values of shape and core area metrics (FRAC_AM and NDCA, respectively) decreasing with increasing zoning scale. Similar results for metrics of diversity, shape, and core area have been reported by Wu et al. [23] and Alhamad et al. [54].



Notably, although Wu et al. [23] pointed out the erratic and generally unpredictable behavior of contagion metrics in response to changing grain size, it was possible within the present study to derive explicit scaling functions for the contagion metric used here across multiple zoning scales in Quito. This may suggest that different aggregation methods have significant effects on the characteristics of landscape metrics in response to changes in scale.




5.2. Scale-Dependent Social Indicators


Previous research on the spatial concentration of social and economic conditions has resulted in several important questions regarding the role of spatial scale. Our results show that the means values of all three social indicators quantified here (deprivation and accessibility to both healthcare and educational services) significantly increased with increasing zoning size. These social indicators thus manifest a general and predictable tendency across multiple scales of ‘neighborhood’ units, confirming a previous assertion that cross-scale interaction studies provide useful insights into complex urban systems [55,56].




5.3. Scale-Free Relationships between Social and Landscape Factors in Urban Systems


Although the significant scale-dependence of landscape metrics and social indicators supports the claim that there is no single ‘correct’ or ‘optimal’ scale for characterizing and monitoring complex urban systems, the scale-free relationships between landscape metrics and social indicators discerned here are likely to be of immediate interest to landscape ecologists aiming to understand relationships between demographic changes and transformations of landscape heterogeneity.



The effects of the relationships between landscape metrics and social indicators on the zoning scale can be grouped into three general types: type I, for which all relationships are scale-free; type II, for which some but not all relationships are scale-free; and type III, for which all relationships manifest significant dependence on scale.



The first type (type I) included all relationships with the NDCA metric (number of disjunct core areas), with which all correlations with social indicators (including the composite indicator of deprivation and the accessibility indicators) were very strong while remaining statistically independent of the zoning scale. This confirms that the NDCA metric indeed provides a highly useful metric of habitat quality [57], because its relationship with social processes is independent of the scale of observation. NDCA is simply the total number of disjunct core areas contained within a single zone. Low values of NDCA in Quito arose in regions of low deprivation and high accessibility to health and educational services, mainly in residential areas. In contrast, high values of NDCA were associated with high deprivation and low accessibility to health and educational services in urban areas with a high vegetation cover. The scale-free relationships between NDCA and social indicators actually provides a first insight into likely relationships between the spatial structure and social characteristics of neighborhoods that may lead to an understanding of how social, health, and ecological processes might influence the quality of life in Quito.



The second type (type II) of relationships included the relationships between social indicators (including the composite indicator of deprivation and accessibility to education services) with the fractal dimension index (FRAC_AM), which shows scale-free relationships with deprivation (DP) and accessibility to healthcare services (DH). However, the relationships between the FRAC_AM with accessibility to education services (DE) increased significantly with increasing zoning scale. The areal-weighted mean patch fractal dimension (FRAC_AM) metric provides a way to summarize the shape complexity of patches in a landscape [58]. As built-up areas are more intensively and regularly aggregated than the natural resources across all zoning scales, the areal-weighted mean FRAC_AM metric in the residential areas in Quito is generally lower than in the vegetated areas. FRAC_AM metric significantly decreased with increases in zonal sizes, reflecting the agglomeration of built-up areas into large, more densely built-up patches. The high-degree of correlation and scale-free relationship between FRAC_AM and the composite deprivation indicator further confirm the dominance of residential areas in Quito, with high density built-up areas closely related to low deprivation states. The significant dependence on the zoning scale of the relationships between FRAC_AM and accessibility to health and educational services likely reflects the highly uneven distributions of health and education services within the study area.



Relationships between socioeconomic indicators and the Shannon diversity index (SHDI) were also only partly independent of the zoning scale. While most of the relationships were generally independent of scale, the relationship between SHDI and the composite indicator of deprivation depended significantly on the zoning scale. The SHDI index accounts for both the abundance and evenness of land cover types. In the original census blocks, the diversity in residential areas with low levels of deprivation is much lower than the equivalent diversity in suburban areas with higher proportions of natural land cover. Increasing the zone size resulted in the SHDI metrics becoming increasingly influenced by different land use covers, such as multiple types of residential, industrial, or vegetated areas, which illustrates the observed scale-dependence of the relationship between SHDI and deprivation. Similar results in relation to land cover, as quantified by the SHDI metric, have been observed by Nagendra [59]. The scale-dependent relationship between SHDI and deprivation may also reflect the aspects of viability and the social–ecological resilience of landscape.



The third and final category (type III) of relationships represents those where all relationships between landscape and socioeconomic metrics were significantly dependent on scale, most notable for the proportion of like adjacencies (PLADJ). This metric has been widely used to quantitatively assess changes in landscape patterns associated with urbanization [58], mainly because it has the advantage of being intuitive and computationally simple. Low PLADJ values correspond to high fragmentation or areas otherwise comprising numerous distinct units [59], such as regions of scattered urban sprawl in suburban Quito. Nevertheless, although the PLADJ metric can describe whether inhabited areas are maximally contagious at each zoning scale, its measurement is sensitive to other types of large land use patches, such as industrial or park areas, which also obviously influence the degree of conjunction with the surrounding patches. The small patchiness of residential areas may show up as disaggregated in small zoning scales while being conjunction in larger zoning scales. In Quito, as the zoning size increases, residential areas gradually become the dominant land cover type that maximally joins with other land use classes in each zoning areas, leading to the relationships between PLADJ and social indicators becoming steadily stronger. The PLADJ is frequently used to categorize urbanization in terms of urban fragmentation, but the scale-dependent relationships revealed here show that associations between built-up areas and social processes are in this sense dynamic and dependent on scale.



The landscape of Quito thus reveals how relationships between landscape metrics and social indicators are shaped by both anthropogenic and natural factors, and, in particular, by interactions between these two. The relationships between social indicator and spatial landscape metrics on the multiple zoning scales revealed here may be extrapolated to suggest the likely directionality or orientation of landscape patterns across multiple scales in other urban systems subject to analogous urbanization process to Quito.




5.4. Complex Urban Systems: The Issue of Zoning Scale


It is becoming increasingly clear that current knowledge and the perspective of a human-dominated system is insufficient, particularly regarding the scale mismatch problems behind the different roles of urban socio-ecological systems functions [60,61]. This paper has highlighted how important the scale is when studying social and landscape relationships and how important it is to consider scale issues in urban planning. The prevalence of cross-scale interaction studies means that the most useful insights into the complex urban system comes from multi-scale studies [53,54]. The hierarchical framework in this study has captured the scale-free behaviors concerning the connections and organization between natural entities (e.g., landscape configuration and composition) and anthropogenic derivatives alike (e.g., urban poverty, public education service and public healthcare service). Such scale-free relationships likely also suggest that landscape properties, functions and processes have been strongly influenced by human activities in similar ways across a wide range of scales. This new view of the city structures and dynamics can offer urban planners unexpected perspectives and aid in improving the quality of life in cities.



Neighborhood is most often referred to as the ‘place bases’ or the ‘contextual unit’ of urban segregation analyses. The neighborhood delineation is an essential prerequisite to the implementation of public health policy [62] and urban planning policy for the well-being of citizens [63,64]. Many previous neighborhood analyses only combined multi-dimensional socioeconomic indicators (e.g., income, access to clean water, electricity, education, health care), based on their spatial correlations and spatial heterogeneities [65,66,67,68], to delineate the socially meaningful neighborhoods. Whether the spatial landscape features of urban ecological environments can be confirmed to account for neighborhood-level variations is still in its theoretical infancy, we still lack well-developed ‘theories of the middle-range’ that can systematically delineate the spatial unit combining different social and landscape characteristics with other contextual characteristics [69,70]. Zoning-based organization systems in this study provide a new approach to understanding the hierarchical characteristic variability of neighborhoods. It is important to consider the whole study area, which was stratified into hierarchical ‘neighborhood’ units, in order to characterize the spatial landscape features with minimal socioeconomic development bias, and to avoid spurious relationships between variant attributes in aggregating different neighborhood units.



The findings of the three kinds of relationships between landscape metrics and social indicators can support several specific insights with implications for urban planning. For example, the type I scale-free relationships have important implications for answering some decision making questions, such as whether the same urban land uses with several core areas can be functional at several scales? Our results suggest that it is possible. As natural core land covers (e.g., forests) with compact shapes are more resilient to harms (e.g., fires), and this structural reliance could be assigned to several scales, compact urban structures may be resilient to specific damages at different scales. The type II relationships can function as an indicator for measuring the urbanization progress. When the fractal dimension of land use and land cover is generally inconsistent with the socioeconomic activities in other case studies in future, it may imply an urbanization process that leads to built-up areas being more intensely and regularly aggregated than the natural resources across all zoning scales. The type III relationships suggest that it is necessary to take the scale issue into consideration if applying some specific landscape metrics (e.g., PLADJ) when describing the landscape–social relationships. Especially urban areas with fragmented land use may represent different social dynamics across different scales. To deal with such situations, dividing the city into big administrative zones may be more manageable for decision makers.



An important aim for future studies should be to better understand what kinds of socio-ecological environments can be represented as scale-free fractal structures. Although interactions between social activities and landscape heterogeneity have been subject to extensive previous consideration [71,72], the dependence of their relationship at changing domain scales has rarely been reported on, either due to difficulties in terms of data or computation, or due to difficulties in identifying appropriate domains of scale [73]. In this study, integrating spatial landscape metrics and social indicators into an automatic zoning procedure represents a first attempt to link the contexts of the social and landscape characteristics into a multi-scale urban regionalization, which enables the quantitative exploration of the scaling relationships between complex socio-ecological urban processes.



Automatic zoning procedures can take into consideration potential relationships and homogeneity characteristics of inputs, and can allow zones to be aggregated in a hierarchical way. However, identifying suitable zoning scales for landscape-social analysis is still not easy, as parameters are required for automatic zoning procedures to remain subjective to some extent. Although the multi-scale zoning levels used herein were determined through several tests, the uncertainty and robustness of zonation aggregation remain important aspects for future research to address. Moreover, while the shapes of zoning may change drastically depending on the procedure of zoning aggregation, the specific landscape metrics associated with various landscapes may also change in different contexts.



Another issue to understand here is whether spatial patterns of social dynamics may also show fractals’ behaviors not only in pre-defined administrative areas (e.g., census block) but in other zoning scales too. Area-level social indicators are usually expressed in pre-defined administrative areas such as census blocks. It is expected that census blocks have more simple shapes, that is, lower values of fractal dimension. This research thus aggregated the hierarchical zoning levels based on the census block. Nevertheless, some scholars have questioned the ability of census blocks to capture basic functional socio-ecological units [74,75]. More and more relevant social, economic, political and ecological indicators in different study areas should be taken into consideration in the future to determine the causes of the socio-ecological factors in the context of the complex urban system, including questions such as: At which cross-scale scope may the urban landscape characteristics be used to determine the type of social network? Or in which range of zoning size does the landscape patches correspond well to the social public services organization? This new view of the city structures and dynamics can offer a solution to handle the sustainable regional partition problem between landscape biodiversity protection and public service construction, or between reducing the urban poverty and scientifically exploiting the natural resources.





6. Conclusions


We are living in an era where the main problems of sustainability can be resolved in cities. Major conversations of urban sustainability and planning for development are related to inequality and social resilience. Critical points in terms of urban studies are the need for multi-scale perspectives and the application of mixed methods. The methodology presented in this study addresses both these issues.



We applied an automatic zoning procedure to aggregate the census blocks into multiple zoning scales. T-statistics revealed that both landscape metrics and social indicators depend strongly on the zoning scale. Taken alone, this result suggests that any particular scale chosen for the measurement of spatial patterns may be inappropriate or difficult to apply in different environments. Although some aspects of landscape and social measures seem more generally predictable across zoning scales, the scaling behaviors of landscape metrics and social indicators will likely differ in different urban systems, suggesting the abiding importance of investigating the scaling behaviors of such metrics in different urban environments.



However, regardless of such potential scale-dependence of individual landscape or social indicators, relationships between the two classes of metrics within the present study generally remained independent of the zoning scale. This scale-free behavior challenges the modifiable unit area problem, enhances understanding of the causes and consequences of spatial heterogeneity and how they vary with scale, and has important implications for the management of both natural- and human-dominated environments. Through combining remote sensing data and statistical census data from Quito, the results of this study are expected to assist local officials in their understanding of urban dynamics, and, in so doing, to promote future sustainable growth.



The rapid development of earth observation technologies enables increasing amounts of spatio-temporal data to be used as a basis for modeling urban ecosystems. Relationships between landscape structures and characteristics of human societies will accordingly become increasingly easy to quantify more accurately, enhancing the mechanistic understanding or drivers and services of complex urban systems.
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Figure 1. The study area. 
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Figure 2. The framework of landscape–social relationships analysis within multi-level zoning systems. 
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Figure 3. (a) LULC in Quito, 2012; (b) SHDI representations, with reporting units based on the multi-level zoning scales. 
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Figure 4. Relationships between four landscape metrics and the zoning scale (in terms of mean values in black +/− one standard deviation in gray). 
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Figure 5. Relationships between three social indicators and the zoning scale (in terms of mean values in black +/− one standard deviation in gray). 






Figure 5. Relationships between three social indicators and the zoning scale (in terms of mean values in black +/− one standard deviation in gray).



[image: Sustainability 09 00084 g005]







[image: Sustainability 09 00084 g006 550] 





Figure 6. Dependence of the relationships between the four landscape metrics on the zoning scale. 
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Figure 7. Dependence of the relationships between the three social indicators on the zoning scale. 
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Figure 8. Dependence on zoning scale of relationships between landscape and social metrics. 
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Table 1. T-statistics for the mutual influence of variables and the zoning scale.
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Independent Variable

	
Dependent Variable

	
T (Variable)

	
T (Scale)

	
T (Variable & Scale)






	
FRAC_AM

	
SHDI

	
34

	
−14

	
−13




	
FRAC_AM

	
NDCA

	
9

	
−6

	
7




	
FRAC_AM

	
PLADJ

	
31

	
−9

	
−8




	
FRAC_AM

	
DE

	
41

	
19

	
−27




	
FRAC_AM

	
DH

	
41

	
16

	
−26




	
FRAC_AM

	
DP

	
19

	
9

	
−14




	
SHDI

	
NDCA

	
5

	
10

	
7




	
SHDI

	
PLADJ

	
23

	
13

	
4




	
SHDI

	
DE

	
22

	
20

	
−11




	
SHDI

	
DH

	
23

	
20

	
−11




	
SHDI

	
DP

	
17

	
13

	
−12




	
NDCA

	
PLADJ

	
24

	
−12

	
−10




	
NDCA

	
DE

	
55

	
13

	
−37




	
NDCA

	
DH

	
57

	
10

	
−38




	
NDCA

	
DP

	
27

	
6

	
−20




	
PLADJ

	
DE

	
35

	
21

	
−21




	
PLADJ

	
DH

	
36

	
22

	
−21




	
PLADJ

	
DN

	
22

	
17

	
−18




	
DE

	
DH

	
61

	
−15

	
6




	
DE

	
DN

	
22

	
5

	
−13




	
DH

	
DP

	
23

	
7

	
−14
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