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ABSTRACT 

In May 2017, the Seoul Station overpass, once a motor vehicle-only highway, was transformed into an 
elevated public park for pedestrians. It was a symbolic event that initiated urban regeneration projects 
to make the old decaying area around Seoul Station more pedestrian-friendly and more economically 
vibrant. Massive pedestrian data have been collected for the regeneration project, which was followed 
by the proposal of a master plan for pedestrian network. This study is part of the ongoing efforts to 
enhance the plan by forming a public consensus on the importance of walkability in promoting the 
collective values of the neighbourhood. Especially, it aims to investigate the impact of walkability on 
land value uplift by analysing the walking environment of residential buildings in the designated 
Seoul Station regeneration area.  

The paper comprises of five main parts. First, it reviews the possible relationship between walkability 
and land values, particularly focusing on the spatial heterogeneity of the relations. Second, it reviews 
a comprehensive list of walkability indices that have been developed for the past decade, and then 
combines them under three geometrical categories: Regional (area), Network (point) and Street (line). 
Third, each combined walkability index is measured based on GIS data and assigned to individual 
residential buildings to be joined directly with their property values. Fourth, Geographically Weighted 
Regression (GWR) is employed to develop local models in which all the three indices are deployed 
and by which the spatial heterogeneity of land value variations can be explained. Finally, we discuss 
about how the results enable urban planners and designers to evaluate walkability premium properly 
and propose a normative framework for future studies on walkability. 

Results show that our new walkability index composed of the five variables of population density, 
land use mix, accessibility to bus stations, local closeness and elevation can explain 76% of land value 
variations. But there is indeed spatial heterogeneity. Walkability affects land value uplift significantly 
only for 29.6% of buildings that are distributed in a random fashion throughout the area. The 
relationship is insignificant or even reversed for the others. These findings suggest that a levy on 
walkability premium should not be imposed in the area uniformly; but be place-specific. 
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1. Introduction

In May 2017, the Seoul Station overpass, once a motor vehicle-only highway, opened to the public as 
an elevated park for pedestrians. MVRDV, a Dutch architecture and urban design firm, was appointed 
to design the new public park, -named ‘Seoullo 7017.’ The number “70” denotes the year the overpass 
was completed, and “17” the year of its rebirth. The opening of Seoullo 7017 was a symbolic event 
that initiated urban regeneration movements, in private-public partnerships, to make the old decaying 
area around the Seoul Station more pedestrian-friendly and more economically vibrant.  

Massive amount of pedestrian data have been collected for the regeneration project, which was 
followed by a proposal of a master plan to create a pedestrian network (MIM Institute, 2018). This 
study is part of the ongoing efforts to enhance the plan by forming a public consensus on the 
importance of walkability - the quality of walking conditions - in promoting the collective values of 
the neighbourhood. Especially, it aims to investigate the impact of walkability on land value by 
analysing the walking environment of residential buildings in the Seoul Station regeneration area. 

The Seoul Station regeneration area covers 1,950,000m2, in which there are approximately 30,000 
residents. There are more than 3,900 buildings in the area, of which 2,127 are in residential use. Seoul 
Station is located at the centre of the regeneration area (Figure 1). The opening of ‘Seoullo 7017’ had 
an effect of integrating the area by reconnecting the area’s east and west sides, once separated by 
railroad tracks and a major thoroughfare. The previous research (MIM Institute, 2018) also shows that 
average walking distance in the area has decreased by 8% by this single project. For this study, we 
will also include buildings in the surrounding buffer area with 500m Euclidean distance, to take into 
account their influences on the walkability of residential buildings within the regeneration area. The 
total number of buildings included for analysis is therefore increased to 13,774. 

Figure 1 The Boundary of Seoul Station Regeneration Area 

2



 Proceedings of the 12th Space Syntax Symposium 

The main research question of this paper is to investigate the nature of the relationship between 
walkability and land value. Walkability has been widely discussed in its relationship to pedestrian 
promotion and public health issues (Frank et al., 2005; Chin et al., 2008; Saelens & Handy, 2008), but 
its economic benefits haves not been studied as much. It could be reasonably expected that improved 
walkability is related to an increase of property value. Such benefits, if any, could be capitalised into 
property tax, which in turn can be utilised to finance more pedestrian-oriented regeneration projects. 
But at the same time, we believe that a levy on walkability premium should not be imposed in the area 
uniformly; but be place-specific. The relationship between walkability and land value may vary across 
the area because the process generating them may vary across the area. Some places may gain more 
benefits from improved walkability than others. This kind of question is often raised in the context of 
spatial heterogeneity (Charlton et al., 2009). In the second section of this paper, we will discuss in 
more details about the possible relationships between walkability and land value, and local spatial 
heterogeneity they induce.  

In addition, this paper also reviews various ways of defining a walkability index. Numerous different 
walkability indices have been developed in the past decade (Maghelal & Capp, 2011; Talen & 
Koschinsky, 2013; Nuzir & Dewancker, 2016). The only common denominator is their form, that is, 
as will be discussed further in the third section, various built-environment variables which are 
measured and combined with various weights into a single number to define a walkability index. The 
questions are then which variables are to be included, how weights are assigned to them and how 
weighted variables are combined. There is no standard definition, but diverse indices can be 
developed according to the scale and purpose of researches and data availability. Since the unit of 
analysis for this paper is individual buildings, we will only consider built-environment factors that can 
be meaningfully assigned to them. Also, since it is our purpose to investigate the relationship between 
walkability and land value, the weight of each variable will be determined through statistical analysis 
to the extent that conforms to the relationship. Finally, we will only utilise GIS data that is available 
from the official sources, such as National Spatial Data Infrastructure Portal in Korea 
(http://www.nsdi.go.kr) and Seoul Open Data Plaza (http://data.seoul.or.kr), while no separate site 
observations or audit surveys will be conducted. This will ensure that the results from the walkability 
index defined and employed for this paper can be reproduced. 

A spatial analysis technique that will be used in this paper is Geographically Weighted Regression 
(GWR) (Fotheringham, Brundson & Charlton, 2002; Charlton, Fotheringham & Brunsdon, 2009), 
which was developed specifically to address the problem of spatial heterogeneity. Basically, it 
produces a set of local models that fit the land value of individual buildings by their walkability. Some 
buildings may have stronger relationships than others, while the sense of relationship may even be 
reversed at some locations. The identification of where such non-stationarity occurs is the primary 
concern when GWR analysis is applied. In this paper, ArcGIS 10.1 was used for GWR analysis and 
QGIS 3.0 for the basic measures of variables, including space syntax ones. GWR as it is applied in 
this paper will be explained in the fifth section for the results of analysis, after walkability index 
values for the residential buildings in Seoul Station area are measured in the fourth section. 
Concluding discussions regarding the results of analysis will follow at the end. 

2. Walkability and Land Value

The concept of walkability first emerged in the context of debate on development and property 
taxation. Bradshaw (1993) observed how road infrastructure expansion in a neighbourhood in Ottawa, 
Canada would lead to an increase in the property tax rates to capture the increased property values. 
The residents opposed the road expansion strongly, as they were quite satisfied living in a walkable 
neighbourhood and thus had no need for further road expansion projects. Bradshaw was employed to 
rate neighbourhood’s walkability and evaluate whether assessing property value of walkability was 
feasible. This provided a new approach for consideration of the equity aspect of development policy 
implementation. Since then, walkability of neighbourhoods has been measured when new public 
investments related to pedestrians were proposed, including public transport, pedestrian crossings or 
even sidewalks. The following previous studies were selected in line with this perspective. In order to 
realise equity in tax implementation, the impact of walkability improvement on property value uplift 
must be validated objectively and a consensus needs to be reached among residents in a 
neighbourhood. 
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First, land values and house prices should be distinguished. House prices may reflect underlying land 
values, but they are laden with “non-locational noises” (Rauterkus & Miller, 2011), such as size, age, 
and facilities of a property. These are characteristics that may be easily replicated at other locations. 
Land values, in contrast, are mainly determined by locational factors that cannot be replicated 
elsewhere. Miller (1982) has classified three location-based categories that determine land values: 
fiscal, transportation costs and economic externalities. Of these, walkability fits into the category of 
economic externalities. Walkability may affect house price increases, but only by way of land value 
uplifts. By focusing on land values rather than house prices, we may therefore control for such non-
locational noises and provide further a datum relative to which versatile characteristics affecting house 
prices can be investigated separately. 

However, most previous studies on the economic benefits of walkability focused on house prices. A 
notable exception is Rauterkus & Miller (2011), who were interested in residential land value 
variations. They measured the walkability of residential buildings using Walk Score, and using OLS 
regression showed that land values generally increase with walkability and that this result is stable 
over time. But Boyle et al. (2014) have criticised that these effects are spurious as OLS fails to reflect 
the heterogeneity of neighbourhood for which walkability is measured. Some neighbourhoods have 
high walkability simply because they are located closer to downtown. Other neighbourhoods have low 
walkability due to high income-level and high car-dependency of their residents. Yet this kind of 
unobserved heterogeneity cannot be accounted for by OLS analysis, and consequently, errors it 
induces will not be random over space. Boyle et al. themselves also employed Walk Score for 
assessing walkability and investigated its relationship with house prices. Using fixed effect regression 
to control for such neighbourhood heterogeneity, they have concluded that Walk Score is not a 
statistically significant predictor for house prices. They argue that the homes that are more walkable 
are not worth more than homes that are less walkable as long as they are in the same neighbourhood. 
They ascribed this result to the limitations of Walk Score as a measure of walkability.1  

Similarly, as a criticism of the limitation of hedonic pricing method that cannot properly address 
potential spatial heterogeneity, Mulley (2013) has applied Geographically Weighted Regression in 
studying the relationship between walkability and residential land value. Instead of employing a single 
index to represent walkability, she deployed various walkability-related variables in the multi-
regression analysis. Hedonic pricing method as a global model explains only the average impact of 
walkability on land values. But by applying GWR she showed not only that walkability does add 
values in general but also that the strengths of the effect vary over space. For some locations the 
relationship is statistically insignificant, whilst for others, it is even reversed. Similar results were 
reported in the study by Li et al. (2015), in which they used Walk Score to assess walkability and 
applied the Cliff-Ord spatial hedonic model to control for spatial heterogeneity. They have found that 
improving walkability leads to greater house value increases in walkable neighbourhoods than in car-
dependent neighbourhoods. 

Figure 2 illustrates the distribution of residential land values in the Seoul Station area as of January 
2017. This was after the ‘Seoullo 7017 Plan’ was publicly announced, therefore expectations for 
economic revitalisation have already been incorporated into land values. The land value per unit area 
ranges from the minimum of USD 990 to the maximum of USD 22,000, which were log transformed 
in the figure due to the presence of strong positive skewness. The Seoul Station area is extremely 
heterogeneous in terms not only of land values but also of income levels, demography, housing types 
and topography. The entire area is divided into west and east by Seoul Station and the railroad running 
north-south in the centre. Massive luxury residential buildings were built sporadically in the east, 
mixed with small and old single-family houses on gently rolling hills. The southwest section of the 
area is famous for its steep and hilly topography, due to which no significant developments have taken 
place over the last fifty years. The population has decreased only in this section, by 22.4% in the last 
ten years. By contrast in the northwest, several large apartment complexes have been recently built in 
this very poor and once-neglected neighbourhoods. The population increased by 12.7% during the 
same period, but the proportion of residents 65 and older is also the highest in this section. Given 
these elements of heterogeneity, it was a challenge to develop a walkability index capable of 
providing an unbiased picture of walking conditions in the Seoul Station area. 

1 The definition of Walk Score as a walkability index will be presented in the next section. 
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Figure 2 Land Value of Residential Buildings (log transformed) 

3. Three Types of Walkability Index

A walkability index is supposed to represent the extent to which a physical environment is suitable to 
walking. For this purpose it is usually defined by a single number comprising several variables 
measured from the environment. Contentions arise with respect to which variables should be included 
as contributing to walkability and how the chosen variables are combined into a single number.  

For the first question, the theoretical framework suggested by Moudon and Lee (2003) in their 
Behavioural Model of Environment (BME) is often referenced as a standard for choices. They 
categorised the constructs of a physical environment into three components: (1) area in which the trips 
take place (area), (2) OD of walk trips (locations) and (3) route taken by the trips (segments). This 
categorisation is essentially geometric and therefore applicable to any physical environments (Park et 
al., 2006). In this paper, emphasising more how it is measured than what it measures, we will call a 
walkability index from each category (1) Regional Walkability Index (NWI), (2) Network Walkability 
Index (NWI) and (3) Street Walkability Index (SWI) respectively (Figure 3). 

Figure 3 Conceptual Framework for Walkability Index Categories  

For the second question, we first note that a weighted linear combination of variables, such as w1 X1 + 
w2 X2  +  + wn Xn, is the most widely used form of walkability index. This form of index has an 
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advantage as it allows us to avoid the problem of multicollinearity among variables when applied to 
regression analysis. Variables are normally standardised into z-score and assigned a set of weights 
according to their relative importance. Weights are often determined subjectively, preferably based on 
audits or survey questionnaires, or objectively by regression analysis. The latter case is applicable 
only when a walkability index is expected to serve as a predictor for a particular phenomenon. Yet, 
once this is the case, we can not only determine weights from regression coefficients for variables but 
also drop redundant variables through the test of multicollinearity. Having these two questions in 
mind, we now review walkability indices suggested for each category. 

1) Regional Walkability Index

Regional walkability index (RWI) is measured with reference to area in which pedestrian trips take 
place. Best known for the pioneering work by Frank (2005), it was first developed to represent 
walkability at the neighbourhood scale. Yet many have applied the same concept to administrative 
district or city scales (Schmid, 2006, for instance). To evaluate RWI, Frank has drawn 1-km network 
buffers for 523 sample households in the Atlanta region, US, and defined RWI for each household as: 

RWI = w1(Density) + w2(Urban Form) + w3(Land Use) 

where he considered the number of households for the density variable, the number of street 
intersections for the urban form variable, and entropy for the three land use types of residential, 
commercial and office development in a buffer area for the land use variable.2 He has determined 
weights for the variables to have the greatest explanatory power for the variations in physical activity 
level and found that land use mix variable is six-times more important that the others.  

Neutral grid cells can also be employed in place of buffer areas. Frank himself tried 11 km grid cell, 
along with 1 km buffers. Choi and Seo (2014) investigated the effect of cell size and found that 
walkability calculated with reference to 400400m grid cell has the greatest explanatory power for 
various social and economic characteristics. Other variables than intersection density can be also 
considered for urban form category, such as block size and perimeter. And other walking-friendly 
land uses can be included in calculating entropy values, such as culture and parks.  

2) Network Walkability Index

Network walkability index (NWI) can be best exemplified by Street Smart Walk Score (SSWS) by 
Walk Score, a private company that provides walkability index services for addresses in US, Canada 
and Australia. SSWS is basically about the accessibility of an address to nearby amenities and has 
been defined as: 

NWI = w1(d) (10 Restaurants)  

+ w2(d) (5 Shopping)

+ w3(d) (2 Coffee)

+ w4(d) (1 Grocery)  + w5(d) (1 Bank) + w6(d) (1 Park)

+ w7(d) (1 School) + w8(d) (1 Book) + w9(d) (1 Entertainment)

where weights wi(d) are assumed to decrease monotonously with network distance and the number of 
amenities in the parenthesis for each category i is assigned differently to reflect the frequency of 
pedestrian trips in that category. Base weights are determined based on the results of previous 
researches on walkability, in such a way that the base weights for restaurants and grocery are the 
highest, followed by those for shopping and coffee. Each base weight is then distributed according to 
the frequency of amenities for each category. 

This type of NWI is sensitive to the choice of amenities. For the SSWS case, relatively strong weights 
are given to those amenities for pedestrians as consumers and no consideration is given for 

2 Entropy index is most widely used to represent land use mix within a geographic area. It is defined as -(1/ln k) k p ln 
p, where k is the number of different land uses and p is the ratio of area occupied by an individual land use. The 
number of land uses may vary depending on research contexts, but it is normally best to consider walking-friendly 
uses only.  
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accessibility to public transports, thereby neglecting walkability in low-income areas. It is also 
sensitive to distance decay function assumed for weights. SSWS has assumed that weights do not 
decrease at all by 400m and then start to decrease to be zero at 2.5km. We may also consider time 
needed for trips, instead of distance (Jesus, 2011). In this case, time can be a function of distance and 
slope together, in such a way that it increases for uphill routes and vice versa. 

3) Street Walkability Index

For Street walkability index (SWI), we may consider variables that can be objectively quantified, such 
as sidewalk installation ratio, slope, pedestrian crossing intervals, street light intervals, street tree 
intervals and so on; but also those that require subjective judgement on pedestrian cognition, such as 
interest, comfort and safety feeling (Kim & Lee, 2016). These variables are first measured for 
individual street segments as units of analysis and then assigned to individual buildings facing those 
segments. Therefore, building along the same street segment will have the same value of SWI. 

We suggest that these variables can be classified into the five categories of street accessibility, 
building facade, street facility, landscaping and parking, and thus: 

SWI = w1(Street Accessibility) + w2(Building facade) + w3(Street Facility) 

+ w4(Landscaping) + w5(Parking)

Here we focus only on the space syntax variables for the street accessibility category. 

Street networks can be represented for analysis in various ways, from segment maps, axial maps, 
continuity line maps to named street maps. But for SWI, street segment mapping is best recommended 
as it produces units of analysis that are smallest in length and thus capable of differentiating individual 
buildings to the most. Angular distance (Hillier & Iida, 2005) is defined on street segment map to 
measure such network properties as closeness (or integration) and betweenness (or choice) at various 
radii.3 Closeness quantifies the extent to which a segment is close to all the other segments in a 
network, while betweenness the extent to which a segment lies in the shortest path between any two 
other segments in a network. Since both closeness and betweenness involve calculating the shortest 
paths between all pairs of segments in a network, they can be conceptualised to represent the 
accessibility of street segments. Numerous researches have reported positive correlation between 
these variables at the local scale and pedestrian volumes to varying degree. 

4. Walkability of Seoul Station Area

1) Regional Walkability Index

Frank’s frame for RWI has been adopted and nine variables were considered as defined in Table 1. 

In order to measure variables, we have first generated 400-m network distance buffers for all 2,127 
residential buildings using the ArcGIS Service Area functionality. The radius of 400m was chosen to 
reflect the previous research result (MIM Institute, 2018), where it was shown that pedestrian volumes 
are most correlated with network properties with that radius in Seoul Station area. Also, we noted that 
differences at the individual building level would be made ineffective if radius was set up too large.  

A multiple regression analysis (OLS) is then conducted by taking land price as the dependent variable 
and all the nine RWI variables as independent variables. Six variables with non-significant 
coefficients are dropped from the initial model, leading to the final model equipped only with three 
variables of population density, intersection density and land use mix representing each category.  

Such a drop occurs mainly due to collinearity present among variables. For example, household and 
residential densities are positively correlated with population density, while block size, block 

3 We confirm that normalisation methods developed in Hillier et al. (2012) work best for local analysis. For segment 
angular analysis, the normalised closeness of a segment i is defined as N1.2/j d(i, j), and the normalised betweenness of 
s segment i as log [B(i) + 1] / log[j d(i, j) + 3], where d(i, j) is angular distance between two segments, B(i) is raw 
betweenness and N is the number of segments included in a subnetwork induced by a given radius. 
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perimeter and lot size are negatively correlated with intersection density. Taking the coefficients 
estimates for the three variables as their relative weights, we define RWI specifically as: 

RWI = 1.00[z-score(Population Density)]  

+ 1.75[z-score(Intersection Density)]

+ 2.25[z-score(Land Use Mix)]

This result conforms nicely with Frank’s, although the weight assigned for land use mix is relatively 
smaller. The spatial distributions of the three component variables and RWI for residential buildings 
in Seoul Station area are reported in Figure 4. Buildings with the highest RWI values tend to be 
grouped in SeoGye, the old hilly area located at the southwest of Seoul Station. By contrast, buildings 
within gated apartment complexes tend to show relatively low RWI values.  

Table 1 The Definition for the Component Variables of RWI 

Category Variables Definition 

Density 

Population Density Population within buffer / Buffer area 

Household Density # of Households within buffer / buffer area 

Residential Density Total residential floor area within buffer / buffer area 

Employment Density # of employee / buffer area 

Urban 
Form 

Lot Size Average lot size within buffer 

Block Size Average block size within buffer 

Block Perimeter Average block perimeter within buffer 

Intersection Density # of intersection of road centre lines / buffer area 

Land Use Land Use Mix Entropy for the relative floor area by building use type4 

2) Network Walkability Index

Using the OD Cost Matrix Functionality in ArcGIS, we have first measured network distance from 
each residential building to the seven types of walking-friendly facilities in the area (Table 2). Unlike 
SSWS, we have included accessibility to bus and subways stations. Following the Walk Score 
approach, then, we assigned different frequency to each type of facility. For instance, we have 
considered five restaurants and two retails that are nearest to each residential building in terms of 
network distance. For weights that decrease with distance, we have assumed a logit curve of w(d) = 
1/[1+0.5e0.01(d-500)]. It continuously decreases with distance, to be reduced by one-third at 500m and by 
all at 1km approximately.  

However, we report for this NWI case that a multiple regression analysis fails to produce a significant 
result that can be utilised to specify NWI. We could not but assign weights subjectively, in such a way 
as to reflect particular conditions in the Korean urban context as well as those already circulated 
through Walk Score. For instance, people seldom walk to banks in these days due to online banking, 
while they depend more on walking when going to bus stations than to subway stations. Other choices 
can be considered of course, although in practice it would matter very little insofar as weights 
decrease properly with distance. NWI was then specified as: 

NWI = z-score of {P(h) [3.0  (0.67 Retail1(d) + 0.33 Retail2(d)) 

+ 3.0  (0.35 Rest1(d) + 0.25 Rest2(d) + 0.2 Rest3(d) + 0.1 Rest4(d) + 0.1 Rest5(d))

+ 1.0  (Bank(d)) + 1.0  (School(d)) + 1.0 (Park(d))

+ 3.0  (0.67 Bus1(d) + 0.33 Bus2(d)) + 2.0 (Subway(d))]}

4 For the measure of entropy, we have selected 12 walking-friendly building uses according to the national standard, 
including residence, neighbourhood living facilities, culture, commerce, medical, education, sport, office, 
accommodation, and leisure. 
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Figure 4 Distribution of Regional Walkability Index (RWI) for Residential Buildings 
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Figure 5 Distribution of Network Walkability Index (NWI) for Residential Buildings 
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Figure 6 Distribution of Street Walkability Index (SWI) for Residential Buildings 
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Note P(h) in the formula. It is a penalty function introduced to take into account the elevation of 
reference buildings. Buildings at high elevation sites are harder to access by walking, so height decay 
effects should also be considered. For this we have assumed again a logit curve in the form of P(h) = 
1/[1+0.5e0.1(h-100)]. According to this curve, weights will decrease by 1% up to 55m, while by 10% at 
sites more than 80m high in elevation. 

Table 2 The Definition for the Component Variables of NWI 

Category Variables 
Definition 

Frequency Base Weights [%] 

Accessibility 

Retail Weighted distance to 2 [67, 33] 

Restaurant Weighted distance to 5 [35, 25, 20, 10, 10] 

Bank Weighted distance to 1 [100] 

School Weighted distance to 1 [100] 

Park Weighted distance to 1 [100] 

Bus station Weighted distance to 2 [67, 33] 

Subway station Weighted distance to 1 [100] 

Elevation Elevation of buildings from ground level (DEM) 

Figure 5 illustrates elevation, the samples of OD construction for bus station and restaurant, and the 
spatial distribution of NWI for all residential buildings in the area. Note that the result seems rather an 
opposite of RWI, in which the hilly SeoGye area is shown to be highly inaccessible in terms of 
network walkability. But elevation is not the only cause for this poor accessibility. Ahyun at the 
western tip of the area can be identified to be highly accessible even though it is also built up at the 
location of high elevation. It is the spatial configuration of walking-inducing facilities that matters. 

3) Street Walkability Index

We have defined SWI as the weighted sum of z-score for variables in the five categories of street 
accessibility, buildings, street facility, landscaping and parking (Table 3). The closeness and 
betweenness of street segments for accessibility variables were calculated using QGIS Space Syntax 
Toolbox (Gil, et al. 2015) with the radius of 400m in the pedestrian sidewalk network of Seoul Station 
Area. Pedestrian sidewalk network was constructed from GIS data and found in the previous research 
(MIM Institute, 2018) to be a better representation than road centre line network in predicting 
pedestrian movements in the area. In addition, the slope of segments was extracted from DEM and its 
reciprocal was used for the index in order to reflect the fact that low-slope streets are more walkable. 

For building variables, we calculated the number of building entrances and building property line 
based on GIS data. The number of street lightings, sidewalk ratio and crossings for street facility 
variables are also calculated, but not included in the index because they are prioritised for main artery 
streets where residential buildings can rarely be found. The number of trees for landscaping variable is 
also excluded for the same reason. Space occupied by temporary parking is an important factor 
affecting walking condition in residential streets, but we did not include it either as it requires direct 
site observation for specific time periods.  

Following a multiple regression analysis only for five variables, SWI for Seoul Station Area was 
specified as: 

SWI = 11.50[z-score(Local Closeness)]  

+ 1.00[z-score(Street Slope)]

+ 1.50[z-score(Entrance Density)]

The spatial distribution of the three component variables and SWI are shown in Figure 6 below. Note 
that local closeness variable has overwhelming importance in SWI. Local betweenness also show 
strong positive correlation with land values, but it has been dropped from the final model due to its 
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collinearity with local closeness. Unlike RWI and NWI, no strong areal grouping is identified in the 
case of SWI. But buildings within the apartment complexes in the west show low SWI values again. 

Table 3 The Definition for the Component Variables of SWI 

Category Variables Definition 

Street 
Accessibility 

Local Closeness From segment angular analysis with 400m radius 

Local Betweenness From segment angular analysis with 400m radius 

Street Slope Extracted from DEM 10 

Buildings 
Blind Wall Ratio Blind wall length / segment length 
Entrance Density # of building entrances / segment length 

Str. Facility 

Sidewalk Ratio Area of sidewalk / segment area 
Crossing Density # of pedestrian crossings / segment length 
Lighting Density # of street lights /segment length 

Landscaping Tree Density # of street trees /segment length 

Parking Parking Occupancy Length occupied by car parking/ segment length 

5. Spatial Heterogeneity of Land Value Variations

1) Geographically Weighted Regression (GWR)

So far, we have resorted only to OLS regression in a way to assign weight to each variable in the 
walkability indices. However, if it is our purpose to produce predictions for the land values variable, 
the results from OLS will be misleading since land value variable and walkability indices exhibit 
strong spatial autocorrelation (i.e. nearby buildings will have similar values). To control for the spatial 
autocorrelation and give unbiased and efficient predictions for land values from the walkability 
indices, we will consider applying Geographically Weighted Regression (GWR) in this section. A 
typical form of multiple GWR equation in our case would be: 

ln Land Value(i) = 0i + 1i RWI(i) + 2i NWI(i) + 3i SWI(i) 

The coefficient i describes a relationship around individual building i, and unlike OLS, is specific to 
that building. Therefore, a prediction can be made for the land value of individual buildings by its 
own specific regression equation. In this sense, GWR is often regarded as producing local models. We 
have employed GWR functionality implemented in ArcGIS with adaptive kernel method. The result is 
summarised in Table 4 below.  

Table 4 Multiple GWR Result for Three Walkability Indices 

Min Max Mean 
Intercept 14.729 16.108 15.112 
RWI coefficient -0.147 7.591 3.558 
NWI coefficient -0.439 0.331 0.073 
SWI coefficient 0.007 1.002 0.036 
Bandwidth 390 
Residuals2  86.88 
AICc -312.32
R2 Adjusted 0.443 

Adjusted R2 value observed is significantly high and the mean coefficient values for independent WI 
variables are all positive, signifying positive correlations between land value and each walkability 
index. However, even GWR fails to produce reliable predictions, since an analysis of standardised 
residuals from this model exhibit a significant spatial autocorrelation (Moran’s I = 0.0731, z-score = 
24.78, p < 0.000) (see Figure 9b for the spatial distribution of residuals from this model). In particular, 
underestimated land values (shown in red) with positive residuals can be found spatially clustered in 
the apartment complexes and also along the main artery streets. 
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In order to investigate a possible way to improve model fitting, individual walkability indices are 
separated and simple GWR is performed for each index (Figure 7). It is found that SWI outperforms 
the other indices with respect both to adjusted R2 and corrected AIC.5 On the other hand, we can see 
that RWI made negative effects on the overall performance of the multiple model. For both RWI and 
NWI, we can identify locations with negative coefficients (i.e. locations at which better walkability 
will decrease land values, shown as blue in Figure 7), while for SWI there are few such points. This is 
the symptom of spatial heterogeneity, an important point to which we should come back later. For the 
moment, it is enough to emphasise that we may be able to improve model performance by re-
constituting walkability index, especially with those variables in SWI. 

Figure 7 Simple GWR Results for Individual Walkability Indices (coloured for coefficient values) 

2) Comprehensive Walkability Index

In this section we propose our final version of walkability index, which will be called Comprehensive 
Walkability Index (CWI). First, we remove walkability categories and reshuffle the thirteen 
component variables into a single multiple OLS model. Through the stepwise regression process, 
then, we have chosen five variables to define CWI as the weighted sum of their values in the 
following: 

CWI = 2.0  z-score [Population Density]  (Regional) 

+ 1.0  z-score [Land Use Mix] (Regional) 

+ 1.0  z-score [Bus Accessibility] (Network) 

+ 2.0  z-score [Local Closeness] (Street) 

+ 1.5  z-score [Elevation] (Natural) 

Here the reciprocal of elevation is newly introduced as a separate variable, which can be regarded as 
natural condition for walkability. Figure 8 shows the spatial distribution of CWI for residential 
buildings in Seoul Station area.  Differences between CWI and the other indices need to be noted. At 
first sight, CWI seems to behave similarly to SWI through the outweighing performance of local 
closeness, but in details, we can find that SeoGye area is much more highlighted due to strong 
regional and network conditions. Also, the walkability of buildings within apartment complexes begin 
to be differentiated individually with CWI. 

5 Corrected AIC is a measure of difference between the fitted model and the ‘true’ model (Charlton et al, 2009). Since the 
ideal true model cannot be known, it is not its absolute value of AICc but the difference between two fitted models that 
is really important. As such it is usually used to compare two separate models with different degrees of freedom. 
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We then performed a simple GWR analysis with CWI as the independent variable and achieved 
significant improvement as summarised in Table 5. Although the adjusted R2 value of 0.759 is almost 
equivalent to that for SWI, the difference of corrected AIC between the two model is more than 5. 
This ensures that CWI has induced a qualitatively better fitted model than SWI. Moreover, with 
regard to the spatial autocorrelation of standardised residuals, Moran’s I test result shows that their 
spatial dependency disappears with CWI (Moran’s I = -0.004, z-score = -1.137, p = 0.255). Figure 9b 
and 9c shows the spatial distribution of standardised residuals for the combination of three indices and 
CWI. In the latter, we can see that not only spatial clustering is removed, but also absolute values are 
reduced significantly throughout the area. 

Figure 8 Distribution of Comprehensive Walkability Index (CWI) for Residential Buildings 

Table 5 Simple GWR Result for CWI 

Min Max Mean 
Intercept 14.44 16.49 15.08 
Coefficient -0.113 0.3237 0.0473 
Bandwidth 24 
Residuals2  28.99 
AICc -1522.47
R2 Adjusted 0.759 

3) Spatial Heterogeneity of GWR Coefficients

One of the benefits of GWR approach is that it allows us to identify the relationship between 
walkability and land value varies across space. Although the GWR model produces a good fit between 
observed and predicted land values, the sense and strength of the relationship may vary for different 
locations. The spatial distribution of estimated coefficients for CWI in Figure 9a reveals that the 
strength of the relationship does vary across space, and even changes sense in some areas. Negative 
coefficients in those areas indicate that increasing walkability would decrease land values and the 
intensity of colour that their relationship is stronger in some areas than others. As this is a result from 
semi-log form, these estimated coefficients can be also interpreted directly as their proportional 
effects on land values (or percentage when multiplied by 100). But how significant is this result? 
Before making a definite conclusion, we need to test the significance of the results. Figure 10 shows 
the results from t-test for estimated coefficients. We can now confirm that 37.2% of residential 
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buildings have positive relationship at the 5% significance level, while only 0.5% have negative 
relationship. Yet for 62.1% of buildings the relationship between walkability and land values is 
actually insignificant. At the 1% significance level, only for 29.6% of residential buildings we can say 
that walkability improvements will have positive impacts on land value uplift. 

Figure 9 Distribution of Estimated Coefficients for CWI and Standardised Residuals 

Those buildings with significant negative coefficients, although negligibly few in quantity, is 
counterintuitive. One possible interpretation is that their land values are overestimated, given they 
have very low walkability. Therefore, it would be very unlikely that any further premium can be 
added by improving their walkability. By contrast, those with significant positive coefficients can gain 
most benefits from improving walkability, that is, by increasing population density, street 
accessibility, land use mix or accessibility to bus stations. Such pedestrian-oriented improvements 
should be reflected in their land values sufficiently, thereby generating an increase in property tax 
revenue, which in turn can be mobilised to finance those improvements. In this respect the GWR 
results are helpful as they can identify high-priority buildings. But at the same time, we should note 
that more than half of buildings will not have any walkability premiums simply because the 
relationship between walkability and land values does not exist for them. It would be therefore unfair 
to impose a levy on them for walkability improvement projects.  
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Figure 10 Significance of Estimated Coefficients 

5. Concluding Remarks

We have examined the relationship between walkability and land values for residential buildings in 
the Seoul Station regeneration area. Through a stepwise process, we have developed a new 
walkability index composed of the five variables in the four physical environment categories. The 
variables included in the index are population density (regional), land use mix (regional), bus 
accessibility (network), local closeness (street) and elevation (natural). Among these variables, we 
find that population density and local closeness have relatively higher weights than the others. Our 
aim in this analysis was to determine whether or to what extent walkability affects land values. 
Applying GWR analysis, we find evidence that their relationship is spatially heterogeneous. Only for 
29.6% (p < 0.01) of 2,127 residential buildings we can safely conclude that walkability improvements 
will induce land value uplift, while for the others the relationship is insignificant. The spatial 
distribution of those buildings with positive relationship does not seem to be associated with their 
walkability itself. Some show the strongest relationship even though their walkability is relatively 
low. We have also observed some residential buildings, although very small in number, show negative 
relationship between walkability and land values. These are buildings that have very low walkability 
and thus high degree of car-dependency. Walkability improvements may rather decrease their 
property values. 

These findings suggest why urban regeneration approaches should be place-specific. Promoting 
mixed-use development and residential population growth will naturally enhance walkability. But this 
walkability premium does not seem to spread uniformly in regeneration areas. The current policy for a 
uniform land value capture would therefore give rise to a significant inequity problem. If the findings 
in this paper serve as calling attention to this issue, further evidences will be necessary in order to 
realise land value capture through tax implementation. For further studies, we need to understand 
more clearly the spatio-temporal process by which walkability improvements are related to land value 
uplift. The spatial configuration of pedestrian network is crucial in this process. Network properties 
such as local closeness are the most powerful predictors for land value, and we may assume that 
benefits of walkability improvements diffuse heterogeneously through pedestrian network. But at the 
same time, we should account for the time factor of diffusion process. There may be temporal 
heterogeneity in the relationship between walkability and land values, which could affect the 
formation of spatial heterogeneity as we observed in this paper. This issue of temporal heterogeneity 
will be left for further studies. 

17



 Proceedings of the 12th Space Syntax Symposium 

Acknowledgement 

This research was supported by a grant from the Korea Transport Institute. 

REFERENCES 

Boyle, A., Barrilleaux, C., & Scheller, D. (2014). Does walkability influence housing prices?. Social 
science quarterly, 95(3), 852-867. 

Bradshaw, C. (1993, October). Creating — And Using — A Rating System for Neighborhood 
Walkability Towards an Agenda for “Local Heroes”. Paper presented at the 14th International 
Pedestrian Conference, Boulder, CO. 

Charlton, M., Fotheringham, S., & Brunsdon, C. (2009). Geographically weighted regression. White 
paper. National Centre for Geocomputation. National University of Ireland Maynooth. 

Chin, G. K., Van Niel, K. P., Giles-Corti, B., & Knuiman, M. (2008). Accessibility and connectivity 
in physical activity studies: the impact of missing pedestrian data. Preventive medicine, 46(1), 41-
45. 

Choi, D.J & Suh, Y.C. (2014), A spatial statistical approach on the correlation between walkability 
index and urban spatial characteristics, Journal of the Korean Society of Surveying, Geodesy, 
Photogrammetry and Cartography, 32(4-1). 

Fotheringham, A.S., Brundson, C., & Charlton, M. (2002). Geographically weighted regression: The 
analysis of spatially varying relationships.  John Wiley and Sons. 

Frank, L. D. (2005). Linking Objectively Measured Physical Activity with Objectively Measured 
Urban Form: Findings from SMARTRAQ. American Journal of Preventive Medicine, 28(2), 117-
125. 

Hillier, B., Penn, A., Hanson, J., Grajewski, T., & Xu, J. (1993). Natural movement: or, configuration 
and attraction in urban pedestrian movement. Environment and Planning B: planning and design, 
20(1), 29-66. 

Hillier, W. R. G., Yang, T., & Turner, A. (2012). Normalising least angle choice in Depthmap-and 
how it opens up new perspectives on the global and local analysis of city space. Journal of Space 
syntax, 3(2), 155-193. 

Kim, S.N & Lee, S.M (2016), Development of Evaluation System for Street-Based Pedestrian 
Environments, Architecture & Urban Research Institute. 

Koohsari, M. J., Owen, N., Cerin, E., Giles-Corti, B., & Sugiyama, T. (2016). Walkability and 
walking for transport: characterizing the built environment using space syntax. International 
Journal of Behavioral Nutrition and Physical Activity, 13(1), 121. 

Li, W., Joh, K., Lee, C., Kim, J. H., Park, H., & Woo, A. (2015). Assessing benefits of neighborhood 
walkability to single-family property values: A spatial hedonic study in Austin, Texas. Journal of 
Planning Education and Research, 35(4), 471-488. 

Maghelal, P. K., & Capp, C. J. (2011). Walkability: A Review of Existing Pedestrian Indices. Journal 
of the Urban & Regional Information Systems Association, 23(2). 

MIM Institute. (2018). Pedestrian Network Plan in the Seoul Station Regeneration Area, Seoul 
Metropolitan Government 

Moudon, A. V., & Lee, C. (2003). Walking and bicycling: an evaluation of environmental audit 
instruments. American Journal of Health Promotion, 18(1), 21–37. 

Mulley, C. (2014). Accessibility and residential land value uplift: Identifying spatial variations in the 
accessibility impacts of a bus transitway. Urban Studies, 51(8), 1707-1724. 

Nuzir, F., & Dewancker, B. (2016). Redefining Place for Walking: A Literature Review and Key-
Elements Conception. Theoretical and Empirical Researches in Urban Management, 11(1), 59-76. 

Park, S.H., Choi, Y.M. & Seo, H.L. (2008). Measuring walkability in urban residential 
neighborhoods: development of walkability indicators, Seoul, Korea, Journal of the Architectural 

18



 Proceedings of the 12th Space Syntax Symposium 

Institute of Korea, 24(1) 

Rauterkus, S. Y., & Miller, N. (2011). Residential land values and walkability. Journal of Sustainable 
Real Estate, 3(1), 23-43. 

Speck, J. (2012). Walkable City, North Point Press 

State of Place. (2017). The Ultimate Guide to Walkability Assessment Tools. New York, NY: State of 
Place. 

Talen, E., & Koschinsky, J. (2013). The Walkable Neighborbood: A Literature Review. International 
Journal of Sustainable Land Use and Urban Planning, 1(1), 42-63. 

Walk Score. (2011). Walk Score Methodology. Washington, DC: Walk Score. 

19




