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Abstract 

 

The natural streets model is a research prototype that has been shown to perform better 

than the conventional GIS-based streets segments for explaining traffic flow and human 

movement. However, given its experimental status, a gap in the literature was identified. 

Therefore, the aim of this thesis was to contribute to the literature by investigating the 

wider applications of natural streets and observe whether a city’s spatial configuration 

(or structure) is related to outcomes of human behaviour and activity. In this case, the 

two previously unstudied outcomes were chosen: crime and traffic accidents.  

Taking an exploratory approach, Stockholm was chosen as the case study. Using the space 

syntax methodology, the street segments and natural streets connectivity was used to 

analyse whether accessibility or ‘potential through movement’ is associated with crime 

and traffic accidents. Two study areas were generated: a primary study area consisting of 

six nested zones and a secondary study area with hot spots and cold spots for events of 

crime and traffic accidents.  

To observe the statistical association between connectivity and events of crime and traffic 

accidents for natural streets and street segments, a classical regression model was used.   

The regression analysis showed that natural streets perform significantly better than 

street segments as they are better able to explain events of crime and traffic accidents. 

However, more so for traffic accidents. Most importantly, the topological structure or 

scaling characteristics of natural streets served as a better indicator for measuring human 

phenomena. The implication of this is that it could potentially be used to further the 

understanding of human activities in the context of the urban environment.  

 

 

Keywords: Space Syntax, natural streets, street segments, topology, human sub-system, 

physical sub-system.  
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Glossary of Terms 

 

Space Syntax A theory and technique to model ‘reality’ by understanding the spatial 
configuration (or layout) of architectural or urban space.  

Topological model In spatial science, it is a mathematical model (graph) representing the 
location and relationship of geographic features. 

Graph  The structural representation of the location and relationship of features 
using nodes (or vertices) and links (or edges). 

Spatial configuration The relationship between spaces (i.e. street-to-street) from a whole 
system perspective (i.e. road network). 

Scaling properties Phenomena which exhibits characteristics whereby there are far more 
small thing than large ones.  

Scaling law of 
geography 

A new paradigm shift for understanding geographic phenomena as being 
fractal or having scaling properties. 

Urban form Characteristics that make up the urban environment such as building 
types, street types, land use, and their spatial layout. 
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1. Introduction 

Cities by nature are complex socio-technical systems comprised of “a physical sub-system, 

made up of buildings linked by streets, roads and infrastructure; and a human sub-system 

made up of movement, interaction and activity” (Hillier, 2012, p. 25). They share a 

dependent relationship, where one influences the other and vice versa. To make better 

sense of this complexity, the use of technology has become increasing relevant in urban 

planning practice and research. In particular, the use of geographic information systems 

(GIS) has become well established as a tool to visualise and analyse urban performance, 

problems, and solutions. Given the widespread adoption of GIS, the theoretical 

frameworks and analytical techniques of space syntax have become integrated into the 

GIS ecosystem. The extension of space syntax provides an alternative way to model 

‘reality’, by taking a higher level of abstraction (Jiang et al., 2008).  

Unlike conventional GIS where geographic space is represented by topological models 

comprised of “geometric primitives of points, line, polygons, and pixels” (Ma et al., 2019, 

p. 5), space syntax employs the use of topological modes that abstract space by discarding 

its geometric properties such as location, length, and direction (Bafna, 2003; Ma et al., 

2019). In doing so, it allows for patterns and relationships in space to be simplified into a 

discrete mathematical model: the connectivity graph (Hillier, 2007; Jiang, 2009a). 

Although this may seem counterintuitive in spatial analysis, the connectivity graph allows 

for the structure of linear spaces (streets) to be considered as a spatial configuration, 

which can then be used to explain human behaviours and activities (Jiang et al., 2000; 

Peponis & Wineman, 2002; Hillier, 2007). By spatial configuration, this refers to the 

relationship between spaces (i.e. streets-to-street) from a whole perspective (i.e. the 

street network). In addition to this, topological models that take on a higher level of 

abstraction are better able to capture the scaling patterns of linear spaces and the 

outcomes of human behaviours and activities (Ma et al., 2019). 

Traditional uses of space syntax to study the human behaviour or activity such as 

pedestrian movement (Peponis et al., 1989; Hillier et al., 1993; Hillier & Iida, 2005), crime 

(Hillier & Shu, 2000; Nubani & Wineman, 2005; Summers & Johnson, 2017), and transport 

mobility (Penn et al., 1998; McCahill & Garrick, 2008) have made use of the axial line 

model to represent spatial configurations. Although they are still relevant and used in 

contemporary urban studies, developments in space syntax have led to alternative tools 

and methods for representing spatial configurations (Stavroulaki et al., 2017; Karimi, 

2018). One such tool central to this thesis is Axwoman 6.3 (Jiang, 2015a) and its method 

for generating ‘natural streets’; a topological segment-segment model based on the 

Gestalt principle of good continuity and self-organization (Jiang et al., 2008). In other 

words, a method which aggregates multiple street segments into a single ‘segment’ to 

represent movement with the least deviation.  

Using principles from the scaling law of geography, the natural streets model has been 

shown by Ma et al. (2019) to be a better proxy for measuring outcomes of human 

behaviour than streets segments; a conventionally used model in GIS analysis (De Smith 

et al., 2018). This performance is attributed to the spatial configuration of natural streets 
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which are better suited to reveal the “underlying scaling structure of far more less-

connected streets than well-connected streets” (Ma et al., 2019, p. 2).  

1.1. Research Aim & Objective 

The application of space syntax in urban planning practice and research using the natural 

streets model is promising. However, given its status as a ‘research prototype’, there is 

limited literature on its application beyond measuring traffic flow (Jiang, 2009b; Jiang & 

Liu, 2009) and modelling human movements using social media activity patterns (Ma et 

al., 2019). Therefore, the aim of this thesis is to contribute to the literature by 

investigating the wider applications of natural streets, to observe whether a city’s spatial 

configuration (or structure) is related to outcomes of human behaviour and activity.  This 

will be done using Stockholm as the case study and the human outcomes of crime and 

traffic accidents.   

To fulfill the aim, this study will adapt the methodology used by Ma et al. (2019) to answer 

the following questions: Does the natural streets model serve as a more representative 

proxy for measuring crime and traffic accidents than GIS-based street segments? 

To accomplish this, three objectives will be carried out by: 

1. Creating and assessing representations of spatial configuration and testing their 

scaling properties. 

 

2. Breaking the study area into two, to observe the ‘global’ and ‘local’ performance 

of street segments and natural streets. 

 

3. Applying regression analysis to understand the performance of street segments 

and natural streets and their statistical association with crime and traffic 

accidents. 

Important to note is that this thesis is part of a larger research project: Methods in 

environmental criminology, at the Department of Urban Planning and Environment at the 

School of Architecture and Built Environment, KTH, headed by Professor Vania Ceccato. 

The thesis represents the early stages of an exploratory research project that seeks to 

expand on an emerging research topic in GIS science. 

2. Theory & Background 

Given that space syntax is a relatively niche form of spatial analysis, this section seeks to 

provide a general overview of its background and theoretical framework. Furthermore, 

this section will also introduce a new paradigm of thinking about geographic space using 

fractal geometry and Paretian statistics; or more aptly, the scaling law of geography.  
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2.1. Urban Morphology 

Urban morphology refers to the study of human settlements and their form. The main 

premise of urban morphology is to understand the “formation and transformation of 

urban forms of cities, towns, and villages over time; their spatial patterns at different 

scales; and physical characteristics to inform appropriate urban interventions” (Chen, 

2014, p. 6851). In doing so this allows for the complexity of human settlements to be 

understood as individual elements interacting as a whole (Oliveira, 2016). Historically, 

the study of urban form has been influenced by various disciplines ranging from 

geography, architecture, philosophy, and GIS science (Figure 1). However, when it comes 

to analysing urban form, two schools of thought dominated the field in the 20th century: 

the British Morphological School (1907-2000) led by M.R.G. Conzen  and the Italian 

Typological School (1933-1987) led by Gianfranco Caniggia (Sima & Zhang, 2009). The 

late 20th century would see the emergence of space syntax, a novel set of theories and 

techniques to analyse urban form from a quantitative perspective (Sima & Zhang, 2009). 

 

Figure 1. Disciplines in the study of urban morphology. Adapted from Sima & Zhang (2009). 

British Morphological School:  Historico-Geographical Approach 

The earliest study of urban form is attributed to Giambattista Nolli and his ‘figure-ground’ 

map of Rome in 1748; also known as the Nolli map (Figure 2). The map set a novel 

paradigm for the basic understanding of urban configuration through its delimitation of 
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private and public space which are shown as solids and voids respectively (Chen, 2014). 

Although influential at the time, the formal study of urban morphology was established 

by Otto Schlüter, who is considered the ‘father of urban morphology’ (Whitehand, 2007). 

Schlüter’s work depicting the street patterns and city centres of European cities in Über 

den Grundriβ der Städte2, set the precedent for the morphogenetic approach; a mapping 

technique to capture urban forms and patterns and their developments over time 

(Whitehand, 2007; Oliveira, 2016). 

The morphogenetic approach was further developed by two prominent geographers: 

Hugo Hassinger (1916) in Kunsthistorischer Atlas von Wien3 and Walter Geisler (1918) 

in Danzig: ein siedlungsgeographischer Versuch 4 . These two works presented a 

significant shift in the study of urban morphology as they went beyond mapping the city 

plan, by incorporating building and land use characteristics (Whitehand, 2007; Oliveira, 

2016). In particular, Geisler’s (1918) mapping of building and land use and residential 

buildings heights in Danzig (present-day Gdańsk) served as a catalyst to M.R.G. Conzen’s 

work and establishment of the historico-geographic approach (Whitehand, 2007). 

Although Conzen published very few works, Alnwick, Northumberland—A Study in 

Town-plan Analysis is considered as one of the most notable publications in urban 

morphology (Oliveira, 2016). 

 

Figure 2. Section of the Nolli (figure-ground) map produced by Giambattista Nolli in 1748. Reprinted 
from The Regents of the University of California (2009) 

Conzen’s contribution towards the study of urban morphology is arguably his 

methodological framework for understanding urban transformations over time, thus 

providing a historical account of its development (Whitehand, 2007; Oliveira, 2016). One 

key contribution is the tripartite division of urban form, whereby the urban fabric is 

                                                             
2 German for “On the ground plan of cities” 
3 German for “Art-historical Atlas of Vienna” 
4 German for “Danzig: an essay on settlement geography” 
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classified into three distinct elements: “the town plan, or ground plan (comprising the 

site, streets, plots and block plan of the buildings); secondly, the building fabric (the 3-

dimensional form); and thirdly, land and building utilization” (Whitehand, 2007, pp. ii-

02). Equally significant is Conzen’s three concepts on the process of urban development: 

the fringe belt, morphological region, and burgage cycle.  

The fringe belt is an understanding that the outwards growth of human settlements is 

followed by periods of slow or no growth. From this,  ‘fringes’ can be observed during 

periods of slow to no growth by the presence of “relatively open areas, often vegetated, 

such as parks, sports grounds, public utilities and land attached to various institutions” 

(Oliveira, 2016, p. 107). Figure 3 shows an example of Conzen’s cartographic 

representation of the inner, middle, and outer fringes of Alnwick and its historical 

developments over time. The second process of development is the morphological region, 

a hierarchical classification system based on the morphological attributes of the tripartite 

division of urban form; ground plan, building fabric, and land or building utilisation 

(Oliveira, 2016). It is through this analysis, that unique morphological regions can be 

distinguished from its surroundings (Oliveira, 2016). Lastly, the burgage cycle (see 

Appendix A) is the transformation of land use as a result of changing socio-economic 

demands, whereby plots and their associated buildings go through a cycle of 

development, deconstruction, and finally redevelopment (Oliveira, 2016). 

 

Figure 3. Urban fringe belts of Alnwick, United Kingdom. Reprinted from Conzen (1960). 
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Italian Typological School: Process Typological Approach 

The origins of the process typological approach or typomorphology, traces back to 

Saverio Muratori during the 20th century, who advocated for an ‘architectural’ way of 

thinking about urban form (Cataldi, 2003). In line with this reasoning, Muratori 

developed various essays from 1944-1946, with the following concepts: the towns as a 

‘living organism’ and ‘collection of art’; and the planning of new buildings in continuity 

with the building culture of the place (Cataldi et al., 2002). These concepts would later be 

transformed by Muratori and colleagues, with the publication of Studi per una operante 

storia di Venezia (1959) and Studi per una operante storia di Roma (1964) (Marzot, 

2002). The key takeaway of Muratori’s framework as explained by Moudon (1994) is that: 

the structure of cities [can] only be understood historically, with building typology 

as the basis of urban analysis. Urban form and structure, [as per Muratori], are an 

aggregate of many ideas, choices, and actions which are manifested in given 

buildings and their surrounding spaces (gardens, streets, etc.). These buildings 

and spaces, called edilizia in Italian and loosely translated as the built landscape, 

can be classified by type, which summarizes the essence of their character. These 

different types become a tipologia edilizia, or a typology of buildings and related 

open spaces which defines the essence of the building fabric. (pp. 290-291) 

Although this framework was developed by a few select assistants chosen by Muratori 

himself, the contributions by Gianfranco Caniggia (one of Muratori’s assistants) is 

attributed to the preservation of the Muratorian tradition (Moudon, 1994; Cataldi, 2003).  

Caniggia was able to synthesise “in simple, general and accessible terms (without 

however oversimplifying the built environment) – the applicability of Muratori’s design 

thought” (Cataldi, 2003, p. 28). In particular, Caniggia’s work on building type is regarded 

as one of his most significant contributions, in which he defines the structure of the city 

at four different scales: “the building (edificio), the group of buildings (tessuto or building 

fabric), the city (città), and the region (territorio)” (Moudon, 1994, p. 291).  

These scales according to Moudon (1994) allows for the complexity of the urban system 

to be understood as an organism comprised of micro-organisms within itself. 

Furthermore, as per Caniggia, the objects (elements, structures, systems, and organisms) 

within each scale demonstrates the modularity of the built environment, like Lego pieces, 

whose smaller pieces make the whole (Moudon, 1994). This was the basis of his analysis, 

which took a bottom-up approach, starting with the study of the building and 

progressively moving up to the region or territory (Moudon, 1994). Although Caniggia 

developed the concept of scales, much of his work was focused on buildings and their 

ancillary spaces. Moudon (1994) provides an eloquent explanation of Caniggia’s 

typomorphological analysis where:  

a [buildings] base type is identified in terms of its volumetric characteristics, its 

position to the streets, and its solar orientation. The base type is then reviewed 

over time for possible mutations or adaptation. The type is therefore defined in 

formal terms, in terms of its relation to scales above and below, and in terms of its 

evolution over time. (pp. 292-293) 
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2.2. Space Syntax 

The initial ideas of space syntax were developed by Bill Hillier, Adrian Leaman, and Alan 

Beattie during the 1970s and first published in a paper titled Space Syntax (Hillier et al., 

1976). This would later be developed by Hillier and Hanson (1984) in The Social Logic of 

Space, which set out the theoretical framework and eventually, the practice of space 

syntax analysis (Peponis & Wineman, 2002). Informed by the concepts of urban 

morphology, the main theoretical premise behind space syntax is that the built 

environment acts “as a system that carries movement from every space to every other 

space within the system, [and that] certain spaces, those that are most directly connected 

to every other space in the system, will tend to attract higher densities of movement” 

(Peponis & Wineman, 2002, p. 271). 

Expanding on this, are three ‘corollaries’ or sub-theories (Peponis & Wineman, 2002). The 

first is the theory of natural movement, whereby the structure of the urban grid and 

potential through-movement – or spatial configuration – is the “most powerful single 

determinant of urban movement” (Hillier, 2007, p. 113). Simply put, the more accessible 

an urban space is as a whole, the more likely it will attract movement. Second is the theory 

of virtual community, which posits that spatial configuration and its associated natural 

movement functions as a catalyst or inhibitor of social capital (Peponis & Wineman, 2002; 

Hillier, 2007). Since movement is considered as the most dominant use of space, this 

brings upon “patterns of co-presence and therefore co-awareness amongst individual 

living in and passing through an area” (Hillier, 2007, p. 141). Lastly, the theory of the 

movement economy, suggests that opportunities to attract natural movement have a 

multiplier effect on natural movement itself and subsequently the social and economic 

use of urban space – whether for positive or negative use (Peponis & Wineman, 2002; 

Hillier, 2007). This relation can be seen as a natural feedback loop, whereby natural 

movement influences land use, which in turn influences movement, and the cycle repeats 

itself. 

Unlike the analysis carried out by the British School of Morphology and Italian Typological 

School, space syntax makes use of space between or within urban elements as its unit of 

analysis – as opposed to the former which uses morphological characteristics (Bafna, 

2003). Using topological models, space syntax transforms “lines of sight and movement 

or visual fields of perception, [into] a network of spatial elements”  (Karimi, 2018, p. 2) 

which can then be used to inform about the human sub-system such as but not limited to: 

movement, land use, crime, transport mobility, density, and social interactions (Hillier et 

al., 1993; Penn et al., 1998; Hillier & Shu, 2000; Hillier & Iida, 2005; Nubani & Wineman, 

2005; McCahill & Garrick, 2008; Summers & Johnson, 2017; Karimi, 2018).  

What distinguishes space syntax from other morphological methods of analysis is its 

innate ability to understand the complexity of urban structures through a quantitative 

lens. In particular its topological models (See Section 2.3), have been argued to be more 

reliable due to its “systematic way of disregarding small, circumstantial, and generally 

sociologically irrelevant geometric differences between configured spaces, thus enabling 
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several different spaces to be classified together under a broader typological category” 

(Bafna, 2003, p. 19).  

2.3. Representations of Road Network Models 

Informed by the properties of social, biological, and manmade systems, the use of 

topological models or graphs has been established as an analytical technique to study 

urban systems since the early 1960s (Porta et al., 2006a). These systems share a common 

‘small world’ attribute, whereby “the average topological distance between [clusters] of 

nodes is small compared to the size of the network” (Porta et al., 2006a, p. 854). 

Furthermore, they have been shown to be ‘scale free’ and follow the scaling law of 

geography (see Section 2.4) due to the presence of the power law (Porta et al., 2006a; 

Jiang, 2015b). Examples of phenomena that follow the power law are: city sizes; the 

fractal structure of cities or geographic space; coast lines and mountains; hydrological 

networks; urban and architectural space; street lengths and connectivity; building 

heights; population density; airport sizes and connectivity; and human mobility (see 

Jiang, 2015b). 

Geometric & Topological Models 

In its primal form, the geometric road network model (Figure 4a) is made up of polylines 

(linear spaces), nodes (street junctions), and pseudo nodes (geometric links). In 

conventional GIS-based models such as the street segment (Figure 4b), polylines and their 

associated pseudo nodes are treated as one continuous and unique element between 

nodes (Stavroulaki et al., 2017). To make sense of the street-to-street relationship in the 

network, space syntax and GIS employs the use of graph theory to represent them as a 

network topology which is comprised of “a set of nodes, or vertices, and a set of 

[poly]lines, or edges” (Peponis & Wineman, 2002, p. 273). These topological elements 

make up the graph, which can be represented as either primal or dual.  

 

 
 

(a) 

 

 
 

(b) 
 

Figure 4. The (a) Basic elements of geometric road network model; and (b) street centreline/street 
segment network. Adapted from Stavroulaki et al. (2017). 

The primal graph (Figure 5a) is the most rudimentary road network representation 

whereby nodes and polylines are simplified into vertices and edges respectively, whilst 

preserving the geometric attributes of Euclidean distance (Porta et al., 2006b). Given its 
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simplicity, the primal graph has become the adopted as the “world standard in [GIS] 

dataset construction and diffusion” (Porta et al., 2006b, p. 711). Examples of its 

application can be seen in Topologically Integrated Geographic Encoding and Referencing 

(TIGER) datasets and GIS network analysis such as shortest path analysis, location-

allocation, and closest facility (Chang, 2014). 

The dual graph or ‘connectivity graph’ (Figure 5b) as it is known and primarily applied in 

space syntax, takes the opposite approach whereby the polylines and nodes are 

represented by vertices and edges respectively. In doing so, geometric attributes of the 

road network such as location, length, and direction are discarded (Bafna, 2003; Porta et 

al., 2006a). This allows for the ‘true’ topology of the road network to be revealed and 

consequently understood as a spatial configuration (Bafna, 2003; Porta et al., 2006a). 

Since the geometric properties are discarded, the connectivity graph takes a “topological 

non-Euclidean concept of distance” (Porta et al., 2006a, p. 854), whereby distance is 

measured in topological steps. To provide an example of this, one can look at Figure 5b 

and see that to reach vertex ‘f’ from ‘c’, it takes 2 two topological steps. Furthermore, as 

the name of the graph implies, the connectivity between adjacent vertices can be 

calculated and shown in a point-point connectivity matrix (PPCM) whereby vertex a has 

three streets connecting to it; b has three; c has three; d has six and so on (Figure 6). 

 

  

 
 

(a) 
 

 
 

(b) 

Figure 5.  The (a) Primal graph of street segment network model; and (b) dual graph or ‘connectivity 
graph’ of the street segment network model. Adapted from Stavroulaki et al. (2017). 

  
           

  a b c d e f g Connectivity  

 a 0 1 1 1 0 0 0 3  

 b 1 0 1 1 0 0 0 3  

 c 1 1 0 1 0 0 0 3  

 d 1 1 1 0 1 1 1 6  

 e 0 0 0 1 0 1 1 3  

 f 0 0 0 1 1 1 1 4  

 g 0 0 0 1 1 1 0 3  

           

 
 

Figure 6. Point-point connectivity matrix (PPCM) of connectivity graph seen in Figure 5. Adapted from 
Jiang et al. (2008). 
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Natural Streets Model 

The natural streets model is a research prototype developed by Jiang et al. (2008) and can 

be generated using Axwoman 6.3 (Jiang, 2015a), an ArcGIS plugin that supports space 

syntax analysis of various topological street configurations. The theoretical foundations 

of natural streets or strokes as per Thomson (2004) are based on the Gestalt principles of 

good continuity and self-organization (Jiang et al., 2008; Jiang & Liu, 2009). By treating 

streets as continuous entities, it has been argued that this preserves cognitive integrity 

and thus is a better unit of representation for natural movement through the network 

(Thomson, 2004; Jiang et al., 2008; Stavroulaki et al., 2017). Furthermore, Jiang et al. 

(2008) argues that the lack of variation in connectivity exhibited by street segments does 

not reflect ‘true topology’. Instead, ‘true topology’ is achieved by taking “a higher level 

(macroscale) of abstraction, which considers adjacent relationships of individual roads” 

(Jiang et al., 2008, p. 4). To illustrate this, one can first look at Figure 7 to observe the 

street-to-street segments angular deviations from its associated nodes (street junctions). 

 

 

 
 

Figure 7. Basic element of street segment network with polyline deviation angles from nodes. Adapted 
from Stavroulaki et al. (2017). 

 

Given a defined angular threshold of ∂ < 30° (Figure 8a), street-street deviations with less 

than or equal to 30° will be joined to create a continuous natural street segment. Another 

example to illustrate this is to take an angular threshold of ∂ ≥ 30° (Figure 8b), whereby 

deviations of more than or equal to 30° will be joined. Important to note is that tests by 

Jiang et al. (2008), show that an angular threshold  of ∂ ≥ 30° to ∂ ≤ 75° generates stable 

natural streets, with ∂ ≤ 45° being the ideal threshold angle for generating them with 

good continuity. As can be seen from the natural street connectivity graphs (Figure 8), 

joined streets lead to a simplified graph representation in comparison to Figure 5b, which 

has more vertices and edges to represent the same road network.  

  



The Organic Pattern of Space | 11 

 

 

 

 

 

 
∂ < 30° 

 

 
∂ ≥ 30° 

 
 

 
 

 

(a) (b) 

 

Figure 8.  A (a) Natural streets model and dual graph based on maximum deflection threshold of ∂ ≤ 30 
degrees; and (b) natural streets model and connectivity graphs based on maximum deflection threshold 
of ∂ ≥ 30 degrees. Adapted from Stavroulaki et al. (2017). 

 

Expanding on the general mechanics of how natural streets are generated based on a 

defined angular threshold, there are three join principles which can be adapted (Jiang et 

al., 2008). The first is every-best-fit (Figure 9b), whereby pairs of segments that intersect 

at nodes partake in a negotiating process to determine which one has the ‘best-fit’ or least 

angular deviation (Jiang et al., 2008). The second is self-best-fit (Figure 9c) where pairs 

of segments consider themselves to be the ‘best-fit’ at nodes – or in the words of Jiang et 

al. (2008), a process of “natural selection” (p. 3). The third and last is best-fit (Figure 9d) 

which works similarly to the second join principle but takes a more random approach 

(Jiang et al., 2008). 
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(a) 

 

 
 

(b) 

 
 

 
(c) 

 
 

 
(d) 

 

Figure 9.  A (a) Fictional road network and its connectivity graph; and the natural streets join principles: 
(b) every-best-fit; (c) self-best-fit; (d) self-fit. Adapted from Jiang et al. (2008). 

2.4. Scaling Law of Geography 

The scaling law of geography is a new paradigm of thinking advocated by Jiang (2015b), 

and is motivated by the argument that spatial phenomena is fractal by nature. By fractal, 

this refers to the “third definition of fractal” (Jiang, 2018, p. 730) which can be defined as 

phenomena that exhibits scaling patterns whereby there are far more small things that 

large ones that can be observed repeatedly (Jiang & Yin, 2014; Jiang, 2015b, 2018). This 

according to Jiang (2015b) is a common attribute of physical and social geography due to 

their heavy-tailed distributions (Figure 10). 

 

 
 

Figure 10. Example of a heavy tailed distribution based on rural population density. Reprinted from 
Jiang (2013). 
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To understand these fractal properties, a shift from Gaussian statistics to Paretian 

Statistics; Euclidean geometry to fractal geometry; and Tobler’s law to scaling law needs 

to take place (Jiang, 2015b, 2018). To motivate this, Jiang (2015b, 2018) argues that 

current approaches in GIS have not innovated beyond traditional cartographic concepts, 

thus are less suited to accommodate the complexity of spatial datasets available today. In 

particular, he argues that the reliance on “geometric primitives such as pixel, points, lines, 

and polygons” (Jiang, 2018, p. 731) under the 1st law of Geography (or Tobler’s Law) 

portrays phenomena as being homogenous and spatially dependent. Instead, they should 

be understood from a topological or scaling perspective whereby ‘data character’ takes 

precedence over geometric details (see Jiang, 2018).  

In order to observe the scaling of geographic features, there are two ways in which this 

can be accomplished according to Jiang & Yin (2014): (1) using a maximum-likelihood 

fitting method developed by Clauset et al. (2009); or (2) by using the head/tail breaks. 

The methodological process how these two methods work will be highlighted in the next 

section. 

3. Methodology 

An exploratory case study of Stockholm was taken chosen as the methodology. This was 

found to be appropriate given the scope of this this thesis and limited literature that exists 

in regards to the applicability of natural streets for understanding crime and traffic 

accidents (Mills et al., 2010). Stockholm was chosen due to the availability of crime data 

for the area in addition to the researcher’s familiarity with the area. 

The following will provide a brief overview of the methodology (Figure 11) which are 

further discussed in the next sections. In order to carry out the analysis, the necessary 

road network model, crime points, traffic accident points, and administrative area 

boundary data was procured from various sources. These were then prepared prior to 

analysis to ensure data accuracy and validity. In addition to this, the road network model 

was checked and processed using the GIS2FE tool to ensure the participation of a 

topologically correct road network – or street segment – in the analysis.  

Next, the extended area (natural city boundary), was generated to capture the scale of the 

city as a morphological whole. The natural streets were then generated using the street 

segment and space syntax parameters were subsequently calculated for both street 

segments and natural streets. Two study areas were then generated to observe the ‘global’ 

and ‘local’ association between connectivity (a space syntax parameter) and events of 

crime and traffic accidents for both street segments and natural streets. Finally, the 

testing of scaling properties was carried out in addition to a regression analysis to observe 

whether a statistical association exists between connectivity and events of crime and 

traffic accidents.  
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Figure 11. Summary of methodological process. 

3.1. Data & Preparation 

The data used in this study was obtained from four main sources: the Swedish Transport 

Administration, Swedish Police Authority, Stockholm City Open Data, and The Swedish 

National Land Survey (Table 1). Important to note is that the crime dataset used in this 

study was acquired from ‘Methods in environmental criminology’5, an ongoing research 

project at the Department of Urban Planning and Built Environment, KTH, headed by Prof. 

Vania Ceccato. Due to the sensitivity of crime data, the dataset received was anonymized 

to only include XY coordinates. To ensure data accuracy and validity, the data was checked 

for common errors in relation to their collection methods and feature class type. The 

crime point dataset was processed by checking for ‘dumping sites’, a data quality issue 

that can be present in geocoding (Ceccato, 2008). In this case a ‘dumping site’ was spotted 

outside of the study area and removed accordingly.  

Since motor vehicle accident was provide as a spreadsheet, the data was geocoded using 

the recorded coordinate entries. As with the crime data, this was also checked for 

potential instances of dumping sites. Finally, the ‘NVDB Functional Road Class’ network 

model was check for topology errors using GIS2FE Version 1.10 (Karduni et al., 2016); an 

ArcGIS tool that checks the road network model for “overlapping edges, [vertices], or 

edges that are not connected to a [vertex]” (Karduni et al., 2016, p. 6). Once checked, the 

tool generated a topologically correct road network model or more precisely, a street 

segment model. 

  

                                                             
5 For more information, see: https://www.researchgate.net/project/Methods-in-environmental-criminology  

https://www.researchgate.net/project/Methods-in-environmental-criminology
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Table 1. Data used in study. 
Organization/ 
Provider 

Data Type Description 

Swedish Transport 
Administration 
(Trafikverket) 

NVDB Functional 
Road Class 

GIS 

 
Road network model of Sweden. Roads are 
classified from a scale of 1-9 (most to least) 
on its importance to the overall road 
network. Model chosen due to its detailed 
coverage and topological representation of 
roads as centrelines. 
 

Swedish Police 
Authority 
(Polismyndigheten) 

 
2013 anonymized 
crime events in 
Stockholm 
Municipality 
 

GIS 
Point geometry of 149,273 anonymized crime 
(only XY coordinates) events in Stockholm 
Municipality for 2013.  

Stockholm City Open 
Data 

2009-2018 motor 
vehicle accidents in 
Stockholm 
Municipality 

GIS 

 
Point geometry of 45,563 recorded traffic 
accidents in Stockholm Municipality from 
April 2016 to May 2019.  
 

 
The Swedish National 
Land Survey 
(Lantmäteriet) 
 

Stockholm 
administrative area 

GIS 
Shapefile of Stockholm Municipality 
administrative area. 

 

3.2. Methods 

Generation of Extended Area 

The extended area participating in the analysis was generated using the ‘Natural Cities’ 

ArcGIS geoprocessing model (see Appendix B) developed by Zheng Ren (2016) and is 

derived from the work by Jiang & Miao (2015). Natural cities are ‘organically’ generated 

boundaries based on the physical or virtual structure of the real world. To provide some 

context, these structures can be road intersection points, pixel values of night-time 

satellite imagery, online check-ins, geotagged photos, and other georeferenced point-

based data (Jiang & Miao, 2015). The advantage of generating ‘natural city’ boundaries is 

the ability to capture the scale of the city as a morphological whole. This is in contrast to 

administrative boundaries which “are often imposed from the top down by authorities or 

centralised committees” (Jiang & Miao, 2015, p. 302), thereby making them subjective in 

their representation of human settlements and activities. 
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1 - Vertices 

 

 
 

2 – Generation of TIN edges 
 

 
 

3  - Selection of edges shorter than µ 

 
 

4 – Dissolve selected edges 
 

Figure 12. Procedural steps of ‘Natural City’ generation.  

 

To generate the Stockholm natural city boundary, the road intersections (vertices) of the 

street segment model was used as the input. This was then processed by building a 

triangulated irregular network (TIN); a surface representation comprised of edges joined 

to vertices using Delaunay triangulation. The TIN edges were then selected based on edge 

lengths that are smaller than the mean and dissolved to create polygons comprised of 

various natural cities. To better illustrate this process, Figure 12 shows the procedural 

steps using a sample area. From this, the Stockholm natural city boundary (see Appendix 

C) was extracted based on its geographic location. 

Natural Streets and Space Syntax Parameter Calculation 

Before proceeding with the natural streets model generation, the street segment model 

was ‘clipped’ using the select by attribute tool, whereby roads that intersected the 

Stockholm natural city boundary were selected. This approach was taken as traditional 

GIS-based clipping would have omitted vital network connections and affected the space 
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syntax measures. Using the clipped street segment model, natural streets were generated 

using the self-best fit principle with an angular threshold of 45° in Axwoman 6.3 (Jiang, 

2015a). Once generated, the topological or space syntax parameters (connectivity, 

control, mean depth, global integration, local, integration, total depth, and local depth) 

were calculated for both street segments and natural streets using Axwoman. 

 

 
 

(a) 
 

 

 
 

(b) 
 

Figure 13. Map of calculated space syntax parameters for (a) streets segments and (b) natural streets in 
Stockholm natural city boundary. Note: See Appendix D for larger maps. 

 

Although there are various space syntax parameters that can be used as a proxy to 

measure the human sub-system, this study will make use of ‘connectivity’. Since 

connectivity is an indicator of potential through-movement, it allows for the spatial 

configuration of the road network to be understood and subsequently its relationship 

with the human sub-system (Peponis & Wineman, 2002; Hillier, 2012). The differences in 

connectivity values for street segments and natural streets are shown in Figure 13. The 

street segments are classified into ten classes representing unique connectivity values, 

whereas the natural streets are classified using the head/tail breaks. Since street 

segments do not exhibit a scaling pattern, the head/tail breaks could not be applied. 

Primary study area: Stockholm Administrative boundary 

Since the point geometry data for crime events and traffic accidents were constrained 

within the Stockholm administrative boundary, the natural city road network for both 

street segments and natural streets were clipped to its boundary; or the primary study 

area (see Appendix E). Although this study only makes use of a small part of the extended 

area, it is important to note that the scale of the city and its ‘global’ connectivity 

parameters are preserved. To provide a better understanding of the human-sub system 

in relation to centrality, five ‘nested’ zones (Z1, Z2, Z3, Z4, and Z5) of accessibility were 

generated using Gamla Stan (the old town) as the origin (Figure 14). This was achieved 
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by a service area analysis using the ArcMap network analyst extension with the following 

distance intervals: 500m, 1000m, 2500m, 5000m, and 10000m. A sixth area, Z6 

represents the study whole study area. It should be noted that the method used to 

generate the nested zones differs from Ma et al. (2019), whose method is based on an 

algorithmically complex procedure developed by Jiang & Liu (2012) that could not be 

replicated.   

 
 

(a) 

 

 
 

(b) 
 

Figure 14. Map of (a) clipped road network and (b) nested zones in the primary study area.  

Joining crime and traffic accident data to road network models 

The crime and traffic accident point geometry data were first joined to the street segment 

models by spatially joining them on a one-to-many basis based on proximity. The output 

feature class table was then summarised to obtain the total counts of events and joined to 

their associated segments. To ensure that crime and traffic accidents were representative 

for natural streets, reference centroids were generated from the street segments by 

calculating their XY coordinates, which were then geocoded into point geometry and 

subsequently joined to the natural streets. This step of the process will become more 

apparent in the next section, as part of the analysis requires ‘actual’ counts of crime and 

traffic accidents to be joined (or recalculated) again for natural streets using the point 

geometry as a reference (See Appendix F for geoprocessing workflow). 

Secondary Study Area:  Hot spots and cold spots  

To observe whether the concentration or absence of crime and traffic accidents is a 

product of potential through movement (connectivity), hot spots and cold spots of crime 

and traffic accidents were generated using the Natural Cities geoprocessing model. Once 

generated, they were classified using head/tail breaks and ranked from 1 (hot spot) to 4 

(cold spot) and exported as individual boundary features. The street segments and 

natural streets were then clipped with the respective crime (C1, C2, C3, and C4) and traffic 

accidents (A1, A2, A3, and A4) hot spot and cold spot boundaries (See Figure 15). Since 
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the clipped natural streets retain their global crime and accident values from the primary 

study area, they were recalculated to reflect actual counts using the ‘reference’ points 

generated earlier through spatial joining (See Appendix F for geoprocessing workflow).  

 

 
 

 

 

 
(a) 

 

  
 

(b) 
 

Figure 15.  Map of (a) crime and (b) traffic accident hotspots and ‘clipped’ roads.  

Testing for the presence of scaling 

The methodological process for obtaining the scaling properties of street segments and 

natural streets was heavily influenced by the tutorial developed by Guo (2017). To ensure 

data interoperability with MATLAB, the space syntax parameters for both street segments 

and natural streets were converted to Excel using the Table to Excel tool in ArcMap. Since 

this study is focused on connectivity, two separate text (*.txt) files with connectivity 

values for each road network model were created. These will be the inputs in MATLAB. 
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The calculation of scaling was done in MATLAB (Ver. R2019a) using the power-law 

functions developed by Clauset (2017). First, the plfit.m function was used to estimate the 

lower bound 𝑥𝑚𝑖𝑛 of power-law behaviour for connectivity and the scaling parameter α 

(Clauset et al., 2009). This was then plotted using the plplot.m function to show the 

power-law distribution for connectivity in both street segments and natural streets (see 

Figure 14). Finally to assess whether scaling properties exist in either street network 

models, the plpva.m function was used to calculate the p-value for the goodness of fit.  

Scaling was also calculated using the head/tail calculator developed by Ma (2018), a tool 

that is informed by Jiang (2013). To calculate the head/tail breaks, the calculator 

“partitions the data into two parts around the mean and continues the partitioning for 

values above the mean iteratively until the head parts are no longer heavy-tailed 

distributed” (Jiang, 2013, p. 486). For a detailed overview of how this works, please refer 

to the tutorial by Wu (2014) in addition to Jiang (2013). 

Statistical association between connectivity and events of crime and traffic accidents 

To observe the dependence of crime or traffic accidents (dependent) against connectivity 

(independent), the ordinary least squares (OLS) or classical regression model was used. 

The OLS regression allows linear relationships between the dependent and independent 

variables to be understood and is expressed through the following formula: 

 

𝑦 = 𝛽0 + 𝛽1𝑥1 

𝑤ℎ𝑒𝑟𝑒: 

𝑦 = 𝑐𝑜𝑢𝑛𝑡 𝑜𝑓 𝑐𝑟𝑖𝑚𝑒 𝑜𝑟 𝑡𝑟𝑎𝑓𝑓𝑖𝑐 𝑎𝑐𝑐𝑖𝑑𝑒𝑛𝑡𝑠 

𝑥 = 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑣𝑖𝑡𝑦 

 

Regression was applied to crime and traffic accidents against connectivity on street 

segments and natural streets for: the primary study area (Z1, Z2, Z3, Z4, Z5, and Z6) in 

addition to the four areas of concentration for crime (C1, C2, C3, and C4) and traffic 

accidents (A1, A2, A3, and A4). In space syntax analysis, it is common practice to 

transform the data, however, rather than using the convention log10(x) transformation 

(UCL Space Syntax, 2019), an inverse hyperbolic sine (IHS) transformation was used. 

According to Burbidge et al. (1988), the IHS transformation is particularly suited for 

reducing the influence of extreme observations and zero values. This is especially 

important considering the sizeable frequency of streets that have zero observations of 

crime and traffic accidents. To test the significance of the analysis, the regression tool 

from the Excel Analysis ToolPak was used.  

3.3 Limitations 

The functional road class network dataset used to generate both street segments and 

natural streets is based on the importance of roads relative to the whole network. Given 
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this, minor roads that exist in reality are not represented and thus may have an impact on 

the results. Furthermore, since the road class network primarily represents vehicular 

(and major pedestrian) access, it does not accurately account for events that are located 

on smaller non-vehicular access ways. However, considering the choice of data available 

and time limitations, the functional road class network was found to be the best available 

choice.  To mitigate this issue in future studies, a road network dataset that accounts for 

all vehicular and non-vehicular that exist in reality may produce improved results.  

The use of a classic regression analysis omits other factors such as land use, speed limits, 

width of streets, and other urban attributes. Nonetheless, the objective of the thesis was 

to provide a comparative analysis between natural streets and streets segments for 

understanding the outcomes (crime and traffic accident) of human behaviour.  

4. Results  

4.1 Presence of scaling  

Natural streets exhibit scaling properties as indicated by the data (Table 2), with the α 

value falling within the power-law exponent 1 ≥ 𝛼 ≤ 3 and a p-value that exceed zero 

(Guo, 2017; Ma et al., 2019). Street segments on the other hand have 𝛼 values that fall 

outside the power-law exponent with a p-value of zero, thereby indicating the absence of 

scaling. Furthermore, by looking at the power-law distribution plots (Figure 16), the 

connectivity of natural streets better fits the power-law in comparison to street segments 

whose connectivity deviates away from it. To further observe the presence of scaling, this 

is also indicated by the head/tail values whereby a higher head/tail values indicate a 

higher level of scaling.   

 

Table 2. Statistics of connectivity for street segments and natural streets. 
 # Alpha (α) Xmin p-value Max Min head/tail 

Street Segments 29977 3.50 4 0 9 1 1 

Natural Streets 10706 2.78 8 0.023 192 1 8 

Note: # = street/segment number; Alpha (α) = power law exponent; Xmin = the minimum connectivity 
being power law; p-value = index for goodness of fit; max = maximum connectivity value; min = 
minimum connectivity value; ht = ht-index of connectivity (Jiang and Yin 2014). 
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(a) 

 

 

 
(b) 

 

Figure 16. Power-law distribution plot of (a) street segments and (b) natural streets. 

 

4.2 Correlation (R2) Analysis in the Primary Study Area 

This section will first report the descriptive statistics followed by the regression analysis 

for traffic accidents then crime in the primary study area. These primary study area is 

comprised of six nested zones (Z1, Z2, Z3, Z4, Z5, and Z6) representing the following 

distances (metres) from the old town centre: 500, 1000, 2500, 5000, 10000, and 10,000+ 

(see Figure 14b, p. 18) 

Descriptive statistics for the primary study area 

The results of the descriptive statistics for the zones in the primary area (Table 3 & 4) 

show that street segments are on average considerable shorter (𝑥̄ = 56.51 𝑡𝑜 87.30) than 

natural streets (�̄� = 176.37 𝑡𝑜 303). Furthermore, connectivity values remain somewhat 

similar for street segments (�̄� = 3.92 𝑡𝑜 4.94) as opposed to natural streets which show 

much larger variations ( �̄� = 8.59 𝑡𝑜 3.08). Interesting to note is that natural streets 

exhibit high mean connectivity closer to the ‘inner’ city (Z1, Z2, and Z3) but low mean 

connectivity with the inclusion of the ‘outer’ city (Z4, Z5, and Z3) in comparison to street 

segments. In both street segments and natural streets, mean traffic accidents are highest 

closer to ‘inner’ city and lowest in the ‘outer’ city. In the case of crime, there is no 

discernable pattern as high and low mean values can be observed from Z1 to Z6. 
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Table 3. Descriptive statistics showing the mean (x̄) value for length, connectivity, traffic accidents, and 
crime for street segments in primary study area zones.  

Zone # x̄ Length, m (SD) x̄ Connect (SD) x̄ Accidents (SD) x̄ Crime (SD) 

Z1 284 
56.51 

(65.70) 
4.52  

(0.89) 
3.58 

(8.50) 
10.17 

(49.05) 

Z2 765 
59.12  

(63.34) 
4.94 

(1.01) 
4.11  

(8.52) 
4.95 

(1.00) 

Z3 2,977 
78.49 

(68.94) 
4.70 

(1.18) 
4.52 

(8.56) 
20.61 

(67.89) 

Z4 8,269 
87.02 

(85.86) 
4.45 

(1.27) 
3.09 

(6.78) 
10.63 

(43.69) 

Z5 20,357 
88.128 

(125.37) 
4.05 

(1.26) 
1.84 

(4.96) 
6.01 

(29.69) 

Z6 29,977 
87.30 

(118.21) 
3.92 

(1.25) 
1.52 

(4.37) 
5.18 

(26.29) 

 
Table 4. Descriptive statistics showing the mean (x̄) value for length, connectivity, traffic accidents, and 
crime for natural streets in primary study area zones. 

Zone # x̄ Length, m (SD) x̄ Connect (SD) x̄ Accidents (SD) x̄ Crime (SD) 

Z1 91 
176.37 

(222.99) 
8.34  

(22.57) 
11.18 

(33.47) 
31.72 

(95.27) 

Z2 199 
227.26 

(304.48) 
8.59 

(18.05) 
15.80  

(35.91) 
87.26 

(215.08) 

Z3 771 
303 

(506.54) 
5.45 

(11.34) 
17.46 

(56.81) 
79.57 

(218.90) 

Z4 2,348 
259.56 

(578.51) 
4.28 

(8.51) 
10.90 

(46.35) 
37.44 

(138.55) 

Z5 6,911 
259.56 

(578.51) 
3.34 

(6.11) 
5.43 

(31.26) 
17.69 

(84.50) 

Z6 10,706 
244.45 
(569) 

3.08 
(5.35) 

4.26 
(26.36) 

14.50 
(70.95) 

 

Correlation (R2) analysis: connectivity and traffic accidents in primary study area 

The following will present the statistical results of the regression analysis for street 

segments and natural streets and their ability to explain variances in traffic accidents. A 

summary of the key regression results can be found in Table 5 accompanied by 

scatterplots shown in Figure 17. 

For Z1 (500m from the centre), the analysis of variance indicates that the regression 

model was a significant predictor of traffic accidents for both street segments (𝐹1,282 =

13.60, 𝑝 < 0.001 ) and natural streets ( 𝐹1,89 = 157.42, 𝑝 < 0.001 ). Natural street 

connectivity was significantly able to explain 63.9% of variance in traffic accidents ( 𝛽 =

1.311, 𝑡 = 12.54, 𝑝 < 0.001) whereas street segment connectivity was significantly able 

to explain 4.6% of variance in traffic accidents (𝛽 = 1.174, 𝑡 = 3.69, 𝑝 < 0.001). 

At Z2 (1,000m from the centre), the regression model was a significant predictor of traffic 

accidents for natural streets (𝐹1,197 = 236.41, 𝑝 < 0.001). However, in the case of street 

segments, the model was not a significant predictor of traffic accidents ( 𝐹1,763 =

15.91, 𝑝 = 0.153 ). In comparison to Z1 the performance of natural streets shows a 

marginal decrease whereby connectivity can significantly explain 54.5% of the variance 

in traffic accidents ( 𝛽 = 1.263, 𝑡 = 15.38, 𝑝 < 0.001 ). Street segments do not show 
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significance and could only explain 0.3% of the variance in traffic accidents ( 𝛽 =

0.280, 𝑡 = 8.11, 𝑝 < 0.153). 

At Z3 (2,500m from the centre), the regression model was a significantly predictor of 

traffic accidents for street segments (𝐹1,2975 = 148.53, 𝑝 < 0.001) and natural streets 

(𝐹1,769 = 1120.29, 𝑝 < 0.001). Surprisingly, the performance of natural streets show an 

unexpected increase in performance where connectivity was significantly able to explain 

59.3% of the variance in traffic accidents (𝛽 = 1.489, 𝑡 = 15.38, 𝑝 < 0.001). Similar to the 

natural streets, street segments also showed improve performance whereby connectivity 

was significantly able to explain 4.85 of the variance in traffic accidents (𝛽 = 0.920, 𝑡 =

12.19, 𝑝 < 0.001). 

At Z4 (5,000m from the centre), the regression model was a significant predictor of traffic 

accidents for street segments (𝐹1,8267 = 411.09, 𝑝 < 0.001) and natural streets (𝐹1,2356 =

2928.28, 𝑝 < 0.001). The performance of natural streets and street segments showed 

decreased performance in comparison to Z3 whereby connectivity was able to 

significantly able to explain 55.5% ( 𝛽 = 1.397, 𝑡 = 54.12, 𝑝 < 0.001) and 4.7% ( 𝛽 =

0.760, 𝑡 = 20.28, 𝑝 < 0.001) of the variance in traffic accidents respectively.  

At Z5 (10,000m from centre), the regression model was a significant predictor of traffic 

accidents for street segments ( 𝐹1,20355 = 1472.36, 𝑝 < 0.001 ) and natural streets 

(𝐹1,6909 = 6699.81, 𝑝 < 0.001). Connectivity of natural streets was able to significantly 

explain 49.2% of the variance in traffic accidents ( 𝛽 = 1.195, 𝑡 = 81.85, 𝑝 < 0.001 ) 

whereas street segment connectivity was able to explain 6.7% of the variance in traffic 

accidents (𝛽 = 1.195, 𝑡 = 81.85, 𝑝 < 0.001). 

 

Table 5. Regression results for connectivity (𝑥) and traffic accidents (𝑦) in primary study area 

Zone (Distance) Street Segment Natural Streets 

 β (s.e.) R2 β (s.e.) R2 

Z1 (500 m) 
1.174*** 
(0.318) 

0.046 
1.311*** 
(0.105) 

0.639 

Z2 (1,000 m) 
0.280 

(0.196) 
0.003 

1.263*** 
(0.082) 

0.545 

Z3 (2,500 m) 
0.920*** 
(0.075) 

0.048 
1.489*** 
(0.044) 

0.593 

Z4 (5,000 m) 
0.760*** 
(0.038) 

0.047 
1.397*** 
(0.026) 

0.555 

Z5 (10,000 m) 
0.748*** 
(0.019) 

0.067 
1.195*** 
(0.015) 

0.492 

Z6 (Whole area) 
0.677*** 
(0.015) 

0.064 
1.116*** 
(0.012) 

0.455 

* Significant at p < 0.05; ** p < 0.01; *** p < 0.001.  

See Appendix G for scatter plot.  
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Figure 17. Scatterplot and Correlation (R2) between connectivity and traffic accidents for street segments and natural streets
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Correlation (R2) analysis: connectivity and crime in primary study area 

Taking the same format as the previous section, the following will present the statistical 

results of the regression analysis for street segments and natural streets and their ability 

to explain variances in crime. A summary of the key regression results can be found in 

Table 6 accompanied by scatterplots shown in figure 18.   

At Z1, the regression model was a significant predictor of crime for street segments 

(𝐹1,282 = 6.06, 𝑝 = 0.014) and natural streets (𝐹1,89 = 39.67, 𝑝 < 0.001). Natural street 

connectivity was significantly able to explain 30.8% of the variance in crime ( 𝛽 =

0.943, 𝑡 = 6.29, 𝑝 < 0.001) whereas street segment connectivity was significantly able to 

explain 2.1% of the variance in crime (𝛽 = 1.010, 𝑡 = 2.46, 𝑝 = 0.001).  

At Z2, the regression model was a significant predictor of crime for street segments 

(𝐹1,282 = 6.06, 𝑝 = 0.014) and natural streets (𝐹1,197 = 65.84, 𝑝 < 0.001). Natural street 

connectivity was significantly able to explain 25.1% of the variance in crime ( 𝛽 =

1.064, 𝑡 = 8.11, 𝑝 < 0.001). Street segment connectivity was significantly able to explain 

2.1% of the variance in crime, however was shown to be negatively associated to crime 

(𝛽 = −1.160, 𝑡 = −3.99, 𝑝 < 0.001).  

At Z3, the regression model was not a significant predictor of crime for street segments 

(𝐹1,2975 = 0.68, 𝑝 = 0.411). On the other hand, the regression model was a significant 

predictor of crime for natural streets ( 𝐹1,769 = 769.54, 𝑝 < 0.001) . Natural street 

connectivity was significantly able to explain 50.0% of the variance in crime ( 𝛽 =

0.943, 𝑡 = 6.29, 𝑝 < 0.001) a preliminary result which is higher than Z1 and Z2. Street 

connectivity on the other hand is not statistically significant and could not objectively 

predict (0.00%) the variances in crime (𝛽 = −0.096, 𝑡 = −0.82, 𝑝 = 0.410).  

At Z4, the regression model was a significant predictor of crime for street segments 

(𝐹1,8267 = 17.80, 𝑝 < 0.001)  and natural streets (𝐹1,2346 = 686.86, 𝑝 < 0.001) . Natural 

street connectivity was significantly able to explain 22.6% of the variance in crime (𝛽 =

1.165, 𝑡 = 26.21, 𝑝 < 0.001) whereas street connectivity was significantly able to explain 

0.2% of the variance in crime. Although, it should be noted that street segment 

connectivity was shown to be negatively associated to crime (𝛽 = −0.232, 𝑡 = −4.22, 𝑝 <

0.001).  

At Z5, the regression model was a significant predictor of crime for street segments 

(𝐹1,20355 = 22.44, 𝑝 < 0.001) and natural streets (𝐹1,6909 = 1904.02, 𝑝 < 0.001). Natural 

street connectivity was significantly able to explain 21.6% of the variance in crime (𝛽 =

1.065, 𝑡 = 43.64, 𝑝 < 0.001) whereas street connectivity was significantly able to explain 

0.1% of the variance in crime. Again, street segment connectivity was shown to be 

negatively associated to crime (𝛽 = −0.135, 𝑡 = −4.74, 𝑝 < 0.001).  

For the entire study area, Z6, the regression model was a significant predictor of traffic 

accidents for streets segments ( 𝐹1,29975 = 72.78, 𝑝 < 0.001 ) and natural streets 

(𝐹1,1074 = 2328.6, 𝑝 < 0.001). Natural street connectivity was significantly able to explain 

17.9% of the variance in crime ( 𝛽 = 0.981, 𝑡 = 48.26, 𝑝 < 0.001 ). Street segment 
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connectivity on the other hand was able to explain 0.2% of the variance in traffic 

accidents, however, was shown to be negatively associated to crime (𝛽 = −0.190, 𝑡 =

−8.53, 𝑝 < 0.001). 

 

Table 6. Regression results for connectivity (𝑥) and crime (𝑦) in primary study area 

Zone (Distance) Street Segment Natural Streets 

 β (s.e.) R2 β (s.e.) R2 

Z1 (500 m) 
1.010* 
(0.410) 

0.021 
0.943*** 
(0.150) 

0.308 

Z2 (1,000 m) 
-1.160*** 
(0.291) 

0.020 
1.064*** 
(0.131) 

0.251 

Z3 (2,500 m) 
-0.096 

(0.117) 
0.000 

1.137*** 
(0.041) 

0.500 

Z4 (5,000 m) 
-0.232*** 
(0.055) 

0.002 
1.165*** 
(0.044) 

0.226 

Z5 (10,000 m) 
-0.135*** 
(0.029) 

0.001 
1.065*** 
(0.024) 

0.216 

Z6 (Whole area) 
-0.190*** 
(0.022) 

0.002 
0.981*** 
(0.020) 

0.179 

* Significant at p < 0.05; ** p < 0.01; *** p < 0.001.  

See Appendix G for scatter plot.  
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Figure 18. Scatterplot and Correlation (R2) between connectivity and crime for street segments and natural streets.
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4.3 Correlation (R2) Analysis in the Secondary Study Area (Hot/Cold spots) 

This section will first report the descriptive statistics for traffic accidents hot/cold spots, 

then that of crime hot/cold spots. This will then be followed by the regression analysis for 

traffic accident and crime hot/cold spots for crime (C1, C2, C3, and C4) and traffic 

accidents (A1, A2, A3, and A4). 

Descriptive statistics for the secondary study area 

The descriptive statistics for crime hot/cold spots (Table 7) shows that mean length for 

street segments ( 𝑥̄ = 76.91 𝑡𝑜 106.33 ) is shorter than natural streets ( 𝑥 ̄ =

172.75 𝑡𝑜 258.70). Surprisingly, the connectivity of street segments (𝑥̄ = 3.76 𝑡𝑜 4.45) 

and natual streets ( 𝑥 ̄ = 3.85 𝑡𝑜 5.68 ) show little variations across their respective 

hot/cold spots. The average number of crimes in street segments (𝑥̄ = 5.48 𝑡𝑜 18.89) and 

natural streets ( 𝑥 ̄ = 9.16 𝑡𝑜 60.85 ) shows a pattern whereby there are significant 

variations between the hot spots and cold spots. 

 

Table 7. Descriptive statistics showing the mean (x̄) value for length, connectivity, and crime for street 
segments and natural streets in crime accidents hot/cold spots. 

Zone Street Segments 
 # x̄ Length, m (SD) x̄ Connect (SD) x̄ Crime (SD) 

C1 (Hot spot) 4056 
80.30 

(65.17) 
4.45 

(1.24) 
18.89 

(62.32) 

C2 (Hot spot) 2893 
76.91 

(79.30) 
3.76 

(1.27) 
6.96 

(21.29) 

C3 (Cold spot) 2338 
83.18 

(73.91) 
3.76 

(1.21) 
7.30 

(23.94) 

C4 (Cold spot) 3011 
106.33 

(102.72) 
3.85 

(1.19) 
5.48 

(12.22) 

 Natural Streets 

C1 (Hot spot) 1259 
258.70 

(422.71) 
4.70 

(9.44) 
60.85 

(184.08) 

C2 (Hot spot) 1203 
184.97 

(270.10) 
3.85 

(9.47) 
16.75 

(37.96) 

C3 (Cold spot) 1125 
172.86 

(194.67) 
4.71 

(10.42) 
15.16 

(36.75) 

C4 (Cold spot) 1801 
177.75 

(212.35) 
5.68 

(10.08) 
9.16 

(18.32) 

 

The descriptive statistics for traffic accidents hot/cold spots (Table 8) shows that mean 

length for street segments (𝑥̄ = 79.10 𝑡𝑜 122.49) is shorter than natural streets (𝑥 ̄ =

322.52 𝑡𝑜 380.95). Similar to the primary study area, street segments exhibit relatively 

similar connectivity values (𝑥 ̄ = 4.35 𝑡𝑜 4.91) in comparison to natural streets where 

connectivity show more variance ( 𝑥̄ = 7.20 𝑡𝑜 9.00 ). The average number of traffic 

accidents show little variation across the hot/cold spots zones for street segments (𝑥 ̄ =

3.38 𝑡𝑜 5.29 ) as opposed to natural streets where they are noticeably larger ( 𝑥 ̄ =

19.43 𝑡𝑜 8.09).  
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Table 8. SS Descriptive statistics showing the mean (x̄) value for length, connectivity, and traffic 
accidents for street segments and natural streets in traffic accidents hot/cold spots. 

Zone Street Segments 
 # x̄ Length, m (SD) x̄ Connect (SD) x̄ Accidents (SD) 

A1 (Hot spot) 3596 
79.10  

(74.19) 
4.84 

(1.13) 
4.76 

(8.50) 

A2 (Hot spot) 719 
101.20 

(118.19) 
4.91 

(1.03) 
5.29 

(9.98) 

A3 (Hot spot) 1711 
122.49 

(167.84) 
4.60 

(1.14) 
4.45 

(7.34) 

A4 (Cold spot) 4345 
122.14 

(152.08) 
4.35 

(1.09) 
3.38 

(5.13) 

 Natural Streets 

A1 (Hot spot) 882 
322.52 

(586.63) 
6.30 

(12.65) 
19.43 

(60.32) 

A2 (Hot spot) 191 
380.95 

(871.71) 
8.85 

(15.11) 
19.91 

(76.90) 

A3 (Hot spot) 641 
326.96 

(623.36) 
9.00 

(15.61) 
11.87 

(23.41) 

A4 (Cold spot) 1816 
318.55 

(629.01) 
7.20 

(10.87) 
8.08 

(18.83) 

 

Correlation (R2) analysis: connectivity and traffic accidents in hot/cold spots 

The following will present the statistical results of the regression analysis for street 

segments and natural streets and their ability to explain variances in traffic accidents in 

hot/cold spots. A summary of the key regression results can be found in Table 9 

accompanied by scatterplots shown in Figure 19.  

For A1 (hot spot), the regression model was a significant predictor of traffic accidents for 

street segments (𝐹1,3594 = 95.87, 𝑝 < 0.001) and natural streets (𝐹1,880 = 1160.48, 𝑝 <

0.001). Natural streets connectivity was significantly able to explain 26.6% of the variance 

in traffic accidents ( 𝛽 = 1.395, 𝑡 = 34.07, 𝑝 < 0.001 ) whereas street segment 

connectivity was significantly able to explain 2.6% of the variance in traffic accidents.  

For A2 (hot spot), the regression model was a significant predictor of traffic accidents for 

street segments ( 𝐹1,717 = 14.52, 𝑝 < 0.001)  and natural streets ( 𝐹1,189 = 45.54, 𝑝 <

0.001). Natural streets connectivity was significantly able to explain 19.4% of the variance 

in traffic accidents (𝛽 = 0.641, 𝑡 = 6.75, 𝑝 < 0.001). Street segment connectivity on the 

other hand was significantly able to explain 1.9% of the variance in traffic accidents, but 

was shown to be negatively associated with traffic accidents ( 𝛽 = −0.757, 𝑡 =

−3.810, 𝑝 < 0.001). 

For A3 (cold spot), the regression model was a not a significant predictor of traffic 

accidents for street segments (𝐹1,1709 = 0.02, 𝑝 = 0.866). To the contrary, the regression 

model was a significant predictor of traffic accidents for natural streets ( 𝐹1,639 =

336.46 , 𝑝 < 0.001). Natural streets connectivity was significantly able to explain 34.5% 

of the variance in traffic accidents ( 𝛽 = 1.395, 𝑡 = 34.07, 𝑝 < 0.001 ) whereas street 

segment connectivity was not significant and could not objectively (0.00%) explain the 

variance in traffic accidents (𝛽 = 0.017, 𝑡 = 0.168, 𝑝 < 0.866). 
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Finally, for A4 (cold spot), the regression model was a significant predictor of traffic 

accidents for street segments (𝐹1,4343 = 45.14, 𝑝 < 0.001) and natural streets (𝐹1,1814 =

1017.77, 𝑝 < 0.001). Natural streets connectivity was significantly able to explain 35.9% 

of the variance in traffic accidents ( 𝛽 = 0.790, 𝑡 = 31.90, 𝑝 < 0.001 ) whereas street 

segment connectivity was significantly able to explain 1% of the variance in traffic 

accidents (𝛽 = 0.343, 𝑡 = 6.72, 𝑝 < 0.001). 

Table 9. Regression result for connectivity (𝑥) and traffic accident (𝑦) in hot/cold spots. 

Zone Street Segment Natural Streets 

 β (s.e.) R2 β (s.e.) R2 

A1 (Hot spot) 
0.731*** 
(0.074) 

0.026 
1.395*** 
(0.041) 

0.568 

A2 (Hot spot) 
-0.757*** 
(0.199) 

0.020 
0.641*** 
(0.095) 

0.194 

A3 (Hot spot) 
0.017 

(0.099) 
0.000 

0.774*** 
(0.042) 

0.344 

A4 (Cold spot) 
0.343*** 
(0.051) 

0.010 
0.790*** 
(0.025) 

0.359 

* Significant at p < 0.05; ** p < 0.01; *** p < 0.001 

 

 
 

Hot spot/Cold spot of Traffic Accidents 

 
 

 

    

 

 A1 A2 A3 A4  
      

S
tr

e
e

t S
e

g
m

e
n

ts
 

    

 

      

N
a

tu
ra

l S
tr

e
e

ts
 

    

 

 Note:* 𝜌 < 0.05; **𝜌 < 0.01***; 𝜌 < 0.001  

   

Figure 19. Scatterplot and correlation (R2) of traffic accident hot spots and cold spots for street 
segments. 
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Correlation (R2) analysis: connectivity and crime in hot/cold spots 

Now, the statistical results of the regression analysis will be presented for street segments 

and natural streets and their ability to explain variances in traffic accidents in hot/cold 

spots. A summary of the key regression results can be found in Table 10 accompanied by 

scatterplots shown in Figure 20. 

For C1 (hot spot), the regression model was not a significant predictor of crime for street 

segments (𝐹1,4054 = 1.66, 𝑝 = 0.198), however, was found to be a significant predictor for 

crime for natural streets (𝐹1,1257 = 456.25 𝑝 < 0.001). Natural streets connectivity was 

significantly able to explain 35.9% of the variance in crime (𝛽 = 1.220, 𝑡 = 21.36, 𝑝 <

0.001) whereas street segment connectivity was not significant and could not objectively 

(0.00%) explain the variance in crime (𝛽 = 0.112, 𝑡 = 1.29, 𝑝 = 1.198). 

For C2 (hot spot), the regression model was found to be a significant predictor of crime 

for street segments ( 𝐹1,2891 = 133.73, 𝑝 < 0.001)  and natural streets ( 𝐹1,1201 =

159.07, 𝑝 < 0.001). Natural streets connectivity was significantly able to explain 11.7% 

of the variance in crime ( 𝛽 = 0.683, 𝑡 = 12.61, 𝑝 < 0.001 ) whereas street segment 

connectivity was able to explain 4.4% of the variance in crime, but was shown to be 

negatively associated with crime (𝛽 = −0.845, 𝑡 = −11.56, 𝑝 < 0.001). 

For C3 (cold spot), the regression model was found to be a significant predictor of crime 

for street segments ( 𝐹1,2336 = 57.59, 𝑝 < 0.001)  and natural streets ( 𝐹1,1123 =

133.46, 𝑝 < 0.001). Natural streets connectivity was significantly able to explain 10.6% 

of the variance in crime ( 𝛽 = 0.546, 𝑡 = 11.55, 𝑝 < 0.001 ) whereas street segment 

connectivity was able to explain 2.4% of the variance in crime, but was shown to be 

negatively associated with crime (𝛽 = −0.638, 𝑡 = −7.59, 𝑝 < 0.001). 

For C4 (cold spot), the regression model was found to be a significant predictor of crime 

for street segments ( 𝐹1,3009 = 59.07, 𝑝 < 0.001)  and natural streets ( 𝐹1,1799 =

124.85, 𝑝 < 0.001). Natural streets connectivity was significantly able to explain 6.4% of 

the variance in crime ( 𝛽 = 0.359, 𝑡 = 11.17, 𝑝 < 0.001 ) whereas street segment 

connectivity was able to explain 1.9% of the variance in crime, but once again was shown 

to be negatively associated with crime (𝛽 = −0.514, 𝑡 = −7.69, 𝑝 < 0.001). 

Table 10. Regression result for connectivity (𝑥) and crime (𝑦) in hot/cold spots. 

Secondary Study 
Area 

Street Segment Natural Streets 

 β (s.e.) R2 β (s.e.) R2 

C1 (Hot spot) 
0.112 

(0.087) 
0.000 

1.220*** 
(0.057) 

0.266 

C2 (Hotspot) 
-0.845*** 
(0.073) 

0.044 
0.683*** 
(0.054) 

0.117 

C3 (Cold spot) 
-0.638*** 
(0.084) 

0.024 
0.546*** 
(0.047) 

0.106 

C4 (Cold spot) 
-0.514*** 
(0.067) 

0.019 
0.359*** 
(0.032) 

0.065 

* Significant at p < 0.05; ** p < 0.01; *** p < 0.001 
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Figure 20. Scatterplot and correlation (R2) of traffic accident hot spots and cold spots for street 
segments.  

5. Discussion of Results 

5.1 Natural streets as a better proxy 

The natural streets model has consistently been shown to perform better than 

conventional street segments in explaining crime and traffic accidents. The results clearly 

echo the argument by Ma et al. (2019) that “topology matters in predicting human 

activities” (p. 1311) – or more aptly, matters in explaining human activities. Since natural 

streets exhibit the topological characteristics of scaling, they are better able to capture 

crime and traffic accidents than street segments which are essentially geometric and lack 

scaling characteristics.  To understand why natural streets perform considerably better 

than street segments in explaining crime and traffic accidents, an examination of their 

distribution provides an indication. Regardless of the street network model, there are 

more roads with low counts of crime/traffic accidents than roads with high counts of 

crime/traffic accidents).  In other words, a heavy tailed distribution as seen in Figure 21. 

Given this, it can deduced that events of crime and traffic accidents themselves follow a 



The Organic Pattern of Space | 34 

 

 

 

scaling structure which in turn are better captured by the scaling properties of natural 

streets. 

 
 

 

(a) 

 

(b) 
 
Note: Crime and traffic accidents count shown using IHS transformation. 

 

Figure 21.  Number of street segments by crime (left) and traffic accidents (right) for (a) street segments 
and (b) natural streets.  
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5.2 Performance of Natural Streets 

Natural streets and traffic accidents 

The performance of natural streets is observably better for explaining events of traffic 

accidents than crime (see next section). The results from the primary area shows that 

connectivity can explain approximately 45.5 to 63.9 percent of traffic accidents. This is 

significantly stronger than the association between connectivity and crime. Upon closer 

examination, this can be explained by the street-to-street topology of natural streets, 

whereby streets that exhibit good continuity are more likely to have higher 

concentrations of traffic accidents and better connectivity associated This can observed 

in the city centre whose gridiron like configuration results in an increased presence of 

natural streets with good continuity and may explain the moderate to high association 

between connectivity and traffic accidents in Z1 (R2=0.639) and A1 (R2=0.577). Another 

way to understand this is through the theory of natural movement whereby the grid 

structure in the centre better reflects an ‘established’ movement economy as a result of 

the spatial arrangement of social and economic space over time (Hillier, 2007). 

 

 

(a) 

 

 
 

(b) 

 

Figure 22. Spatial distribution of (a) crime and (b) traffic accidents in two areas.  

As distance from the centre increases, traffic accidents become less explainable. This 

could be attributed to the increased levels of spatial configurations that take on an 

‘interrupted’ grid structure whereby roads are less characterised by good continuity. An 

exception to this is highways and major roads which have surprisingly been identified as 

streets with good continuity by Axwoman. Although they show good continuity, the 

results from the secondary study area (A2, A3, and A4) indicates that the performance of 

natural streets is much weaker beyond the centre (R2=0.205 to 0.362). However, they are 

considerably better than street segments where a weak association (R2=0.00 to 0.011) 

between connectivity and traffic accidents can be observed. 
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Natural streets and crime 

The performance of natural streets for understanding crime is better suited for central 

areas of Stockholm, where a distance threshold of 2500m from the centre shows the 

highest association between connectivity and crime (R2=0.500). However, it should be 

noted that this may just be coincidence, thus should not be mistaken as being the ‘ideal’ 

distance threshold. Since this was not the aim of this paper, this was not tested.  

The association between connectivity and crime is considerably weaker than that of 

connectivity and traffic accidents. The reason for this become more apparent by looking 

at the spatial distribution of crime, which are more randomly dispersed (Figure 22b). As 

a result natural streets may have: high connectivity but low events of crime; high 

connectivity but high events of crime; low connectivity but low events of crime; or low 

connectivity and high events of crime. This spatial pattern is observed in both the primary 

and secondary study area and a possible explanation for this could be a limitation of the 

functional road class network used to generate the street segments and natural streets. 

Since the model represents roads on a hierarchical level of importance based on its 

connectivity in the network (Swedish Transport Administration, 2017), it mostly 

accounts for primary roads, major pedestrian/cycle routes, and highways. This means 

that minor residential roads or pedestrian paths are omitted from representation. In 

addition to this, due to the 2D representation of the road network, events of crime may be 

appended to vehicle only routes such as highways, underpasses/overpasses, or tunnels 

and thus may result in overrepresentation of crimes on certain streets.  

The natural street model has been shown observably better as connectivity can explain 

approximately 17.9 to 50 percent of crimes in comparison to street segments which are 

able to explain 0.00 to 2.1 percent of crimes. However, due to the high variability of the 

results for natural streets, concrete conclusion could not be reached. This suggests that 

connectivity plays a minor influence on crime and is likely better explained by other 

factors. This is something that should be explored in further research. Nonetheless, the 

importance scaling achieved by the natural street model has been shown to be a better 

proxy for measuring crime than street segments.  

6. Conclusions & Future Research 

6.1 Conclusions 

This study set out to investigate whether the natural street model served as a better proxy 

for measuring outcomes of human behaviour than conventionally used street segment 

models. Previous studies by Ma et al. (2019), Jiang & Liu (2009), and Jiang, 2009b have 

shown that the natural streets serve as a better proxy for measuring the human sub-

system. Since crime and traffic accidents have not been applied to natural streets, the aim 

of this study was to investigate whether they performed better than conventional used 

GIS-based street segments.  
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Based on quantitative analysis, the natural streets model has been shown to be a better 

proxy for measuring crime and traffic accidents than the street segment model. However, 

in regards to the performance of natural streets, it is better able to explain events of traffic 

accidents than crime. Most importantly, the results show that the presence of scaling as 

exhibited by natural streets, is an important property for explaining events of crime and 

traffic accidents, as they themselves appear to follow scaling characteristics due to their 

heavy tailed distribution.  

The natural streets models has demonstrated to be a viable method for measuring the 

human sub system, enabling a better understanding of how humans interact with the 

physical environment. Human phenomena may be random, but at the same time can be 

seen as being configured by the organic pattern of space. 

6.2 Future Research 

During the development of this study, various methodological adaptations have been 

considered but were abandoned due to time constraints and the availability of data. 

Furthermore, new insights for future research were also discovered. The following are 

potential suggestions which could be applied in future research. 

The original intent of this study was to use both vehicular and pedestrian networks to 

model human movement. However, available pedestrian networks were too complex due 

to their real world representation. Given the availability of this network in a ‘centreline’ 

format, it would be interesting to see how they compare in relation to the functional road 

class used in this study. 

The road network model used in this study to generate street segments and natural 

streets could be significantly improved to more accurately represent road centrelines. 

This particularly applies to complex highways interchanges (i.e. cloverleaf) or 

intersections which have an impact by inflating the connectivity values. Attempts were 

made to mitigate this, however, given the size of the study area this was abandoned due 

to time limitations. Future studies would therefore benefit from an even more simplified 

centerline network.   

The main intent of this study was to investigate the topological measure of connectivity 

of natural streets serves as a better proxy for measuring crime and traffic accidents than 

street segments. Given that other influencing factors were not considered in the analysis, 

future research may benefit from the inclusion of other factors (i.e. road speed, width, 

proximity to shops, and so forth) using a multiple regression model.  

Traffic accidents can be seen as a ‘record’ of movement, which could potentially be used 

in future research as a way to model human movement. Given a large enough sample size 

of traffic accidents and considering road attributes this could possibly yield better results 

and reflect ‘actual’ movement. 
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Finally, the opportunity to use multiple case studies was not considered due to time and 

data limitations. Future studies should attempt to provide a comparative analysis of 

various cities.   

6.3 Policy and implications 

Although in its infancy, the natural streets model has the potential to provide unique 

insights of urban development from the local and regional scale.  However, before that 

can happen further research needs to be carried out to further establish the techniques of 

natural streets as a viable method. Natural streets could be used to provide policymakers, 

researcher, urban planners, and other city builders with stronger methods for 

understanding other outcomes of human behaviour in relation to the urban structure. In 

particular, its use as a diagnostics tool is most likely its strength and could be used to 

ensure certain social or economic successes are fulfilled prior to implementation. Again, 

its potential to be used as a diagnostics tool will need to be tested in the real world to 

observe its validity. 

For now, the natural streets model should be treated as experimental and therefore 

should not be used to inform real world interventions without further research.  
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Appendix A: The Burgage Cycle 

 

 

Figure 23. The Burgage Cycle. Source: Conzen (1960) 
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Appendix B: Natural Cities Geoprocessing Model 

 

 

Figure 24. Natural Cities Geoprocessing Mode. Adapted from Ren (2016) 
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Appendix C: Stockholm Natural City Boundary 

 

 

Figure 25. Stockholm natural city boundary. 
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Appendix D: Calculated Space Syntax Parameters – Natural City 

 

 

Figure 26. Enlarged image of calculated space syntax parameter for street 
segments in Stockholm natural city boundary. 

 

Figure 27. Enlarged image of calculated space syntax parameters for natural 
streets in Stockholm natural city boundary. 
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Appendix E: Calculated Space Syntax Parameters – Stockholm Admin. Area 

 

 

Figure 28. Calculated space syntax parameter for street segments in Stockholm 
Administrative area.  

 

 

Figure 29. Calculated space syntax parameter for natural streets in Stockholm 
Administrative area.  
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Appendix F: Project Geoprocessing Workflow  

 

Process 1: Generation of street segments, natural city boundary, natural streets, and joining crime 

and traffic accidents to street segments and natural streets. 
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Process 2: Generation of primary study area zones (Z1, Z2, Z3, Z4, and Z5) 
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Process 3: Generation of hot spot and cold spot for crime and traffic accidents 
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Process 4: Recalculating correct crime counts for hot spots and cold spots for crime and traffic 

accidents 
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