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Abstract 

Households’ location choice is an important aspect of transport planning, which impacts land 

use, households’ travel behavior and demand. Accessibility is widely assumed to be an 

explanatory factor in defining and explaining households’ location choice. The aim of this study 

is to assess the degree of importance of accessibility in housing location choice besides other 

parameters for the case study of Richmond, Virginia. Bid-auction approach to modeling 

location choice and an aggregated logit model were employed to estimate the bid function. 

US census data and US National Household Travel Survey data were used as the data 

sources for the study area. Sugar Access (a commercial software solution produced by 

Citilabs Inc.) and ArcGIS were used to measure three gravity accessibility measurements and 

two cumulative accessibility measurements. The measurements were made for three 

destinations:  jobs, population and retail jobs. Finally, the enumerated methods were 

compared with each other. The results of the estimation showed the significance of 

accessibility in households’ location choice in Richmond. Additionally, it was revealed that the 

traditional cumulative accessibility method outperforms other methods. Also, households 

value cumulative accessibility measurement to retail jobs more than other destinations. 
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1. Introduction  

Accessibility is highly valued by households in their location choice. In 1973, Wachs et al. 

defined accessibility as the easiness of reaching destinations for residences (Wachs and 

Kumagai, 1973). Later in 1999, Wegener et al. completed his definition and pointed to the role 

of accessibility in their land-use transport feedback cycle (Fig. 1). They indicated that the 

distribution of infrastructure causes the spatial interactions, these spatial interactions can be 

measured as accessibility. Furthermore, they stated that the difference in the accessibility of 

locations not only affects location decisions, but also causes changes in the land use. For 

example, Improving accessibility of an urban area cause changes in land use and results in 

dispersed residential development (Wegener and Fürst, 1999). Accordingly, accessibility can 

be assumed to be an explanatory variable in location choices. However, it should be 

examined. As an example, this assumption was proved by many independent studies (refer 

to Table 1).  

Fig. 1: The land-use transport feedback cycle (Wegener and Fürst, 1999)  

Study of housing location choice results in better understanding of households’ travel 

behavior. Glickman et al. showed that households’ location choice and short-term decisions 

such as daily activities are highly integrated (Glickman et al., 2015a). Also, Wegener et al. 

believe that accessibility of locations has impact on: trip length, trip frequency and mode 

choice. For example, locations with good accessibility to different destinations make longer 

trips and more frequent trips. Also, locations with good car accessibility make more car trips 

and locations with good public transport accessibility make more public transport trips 

(Wegener and Fürst, 1999). Long-term travel demand can be explained by spatial distribution 

of households and firms. Their distribution describes trip generation and attraction and can be 

used to produce origin-destination matrices. Furthermore, spatial distribution in a city can 

cause many externalities such as congestion, pollution or social segregation. They can also 

determine land value (Hurtubia and Bierlaire, 2013). Therefore, households’ location choice is 
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an important factor in land use modeling, explaining travel behavior, figuring out long-term 

travel demand and many other factors. Consequently, this study aims to figure out a way to 

explain and predict households’ behavior and the role of accessibility in choosing residing 

location in Richmond. 

There are several accessibility measurement methods that can be measured for different 

destinations. Srour et al. pointed to the value of determining the best accessibility 

measurement for defining transportation policies, evaluation of land use and travel network 

trends. Furthermore, the fact that which destinations are valued more by households leads to 

better understanding of the land market (Srour et al., 2002). 

In this thesis, the different accessibility measurements were addressed in order to determine 

the most explanatory one in Richmond. The outline of this study is as follows: 

Chapter 2: gives a review of different accessibility measurements, their characteristics as well 

as examples of implementation. 

Chapter 3: explains bid-auction approach to modeling housing location choice and methods 

for estimating it (section 3.1, 3.2, 3.3). Then, the accessibility measurements, data and study 

area are clarified (section 3.4, 3.5). Subsequently, the expected explanatory variables of the 

estimation and their correlations are described (section 3.6, 3.7). 

Chapter 4: presents the results of estimations and explains the interpretation of the outcomes 

(section 4.1). furthermore, different accessibility measurements are compared and described 

(section 4.2, 4.3) 

Chapter 5: concludes the report by giving a summary of findings and faced limitations as well 

as further suggestions (section 5.1). 
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2. Methods of measuring accessibility 

In this chapter, different methods of measuring accessibility and examples of their 

implementations in housing location choice will be described. Accessibility measurements can 

be classified into three main categories, location-based, person-based and utility-based. 

Location-based accessibility measurement analyses accessibility at locations and calculates 

accessibility to spatially distributes activities, such as jobs and shopping centers. Person-

based accessibility measurement analysis accessibility at individual level. Utility-based 

accessibility measurement analysis the benefits a person can receive from access to spatially 

distributed activities (Geurs and van Wee, 2004). These three accessibility measurements can 

be calculated with different methods, these methods were depicted in Fig. 2.  Further 

information regarding these methods, their formulas, examples of application summarized in 

Table 1 and will be explained in detail later in this chapter. Furthermore, Table 2 summarized 

the feature of different accessibility measurements. The idea of this categorization was taken 

from Karst et al. and Geurs et al. publications (Karst and van Eck, 2003; Geurs and van Wee, 

2004).  

 

Fig. 2: Some methods of accessibility measurement

Accessibility Measurements

Location-based measures

Gravity accessibility 
measurement

Cumulative accessibility 
measurement

Balancing Factors

Person-based measures 

Time-Space Prism (TSP)

Utility-based measures

Logsum

Activity Based Accessibility 
(ABA)

Doubly Constrained 
Entropy 
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Table 1: A summary of different accessibility measurements 

Type Names Description Formula Parameters Example of application 

2
.1

 L
o
c
a
ti
o

n
-b

a
s
e
d
 m

e
a
s
u
re

s
  

2.1.1 Gravity 
accessibility 

measurement 

It calculates accessibility of 
zone 𝑖 to all other zones (Geurs 
and van Wee, 2004). Different 
formulas based on different 
ways of calculating costs and 
opportunities have been 
introduced (Lee et al., 2009b) 
The summation in formulas is 
used to show that the 
calculation considers all 
potential destinations (𝑗) that 
might fulfill the desired activity 
(El-Geneidy and Levinson, 
2006a). 

𝐴𝑖𝑚 = ∑ 𝑂𝑗𝑓(𝐶𝑖𝑗𝑚)
𝑗=1

 

𝐴𝑖𝑚 = ∑ 𝑂𝑗/𝐶𝑖𝑗𝑚
𝑗=1

 

𝐴𝑖𝑚 = ∑ 𝑂𝑗  𝐶𝑖𝑗𝑚
−2

𝑗=1
 

𝐴𝑖𝑚 = ∑ 𝑂𝑗
𝛼 𝑒𝑥𝑝(𝛽𝐶𝑖𝑗𝑚)

𝑗=1
 

𝐴𝑖𝑚: accessibility of zone 𝑖 to 
possible activity in zone j 
by using mode 𝑚 

𝑂𝑗: opportunities at zone 𝑗 

𝑓(𝐶𝑖𝑗𝑚): cost function to travel 

between 𝑖 and 𝑗 by using 

mode 𝑚 
𝑗 : each zone of the study area 
𝑒𝑥𝑝(𝛽𝐶𝑖𝑗𝑚): negative exponential 

function to travel between 𝑖 
and 𝑗 by using mode 𝑚 

𝛽:  indicates the sensibility of trip 
maker to 𝐶𝑖𝑗𝑚(calibration 

parameter) 
𝛼: calibration parameter 
 

▪ Dallas, Texas -USA (Guo and 
Bhat, 2001): Role of school quality 
and accessibility in residential 
location choice (UBM) 

▪ San Francisco Bay Area, 
California-USA (Guo and Bhat, 
2007): The concept of 
neighborhood and its application 
to residential location choice 
(UBM) 

▪ Portland, Oregon-USA(Dong and 
Gliebe, 2011): Forecasting the 
Location of New Housing (UBM) 

▪ Campania-Italia (Nuzzolo and 
Coppola, 2007): Relocation of 
residents and companies as a 
result of the changes in the 
accessibility (UBM) 

▪ Buffalo and Seattle Metropolitan 
Areas-USA (Hwang and Thill, 
2010): The impact of job 
accessibility on housing prices 
(hedonic regression modeling) 
(based on census data) 

▪ Beijing-China (Wu et al., 2013): 
The role of job accessibility in 
residential location choice (UBM) 
 

2.1.2 Cumulative 
accessibility 

measurement 

This method calculates the 
number of opportunity within the 
predefined range of distance, 
travel time or cost (Geurs and 
van Wee, 2004; El-Geneidy and 
Levinson, 2006b; Lee et al., 
2009) 

𝐴𝑖 =  ∑ 𝐵𝑗  𝑎𝑗

𝐽

𝑗=1

 

𝐴𝑖: accessibility of zone i 
𝐵𝑗: a binary value equal to 1, if 

zone 𝑗 is within the 
determined distance (or 
travel time) 

𝑎𝑗: number of opportunities in 

zone 𝑗 
 

▪ Dallas-USA (Srour et al., 2002): 
The role of accessibility in 
residential location choice and 
comparing different accessibility 
measurements (UBM) 
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Type Names Description Formula Parameters Example of application 

2.1.3 Balancing 
Factors 

The balancing factors of doubly 
constrained spatial interaction 
model of Wilson can be 
interpreted as an accessibility 
measurement (Wilson, 1970; 
Geurs, 2006). These factors 
guarantee that the magnitude of 
flow (like: trips) between zone 𝑖 
and 𝑗 are equal to the activity 
numbers in zone 𝑖 (like: 
workers) and 𝑗 (like: jobs). 

𝑎𝑖 = ∑
1

𝑏𝑗

𝑛

𝑗=1

𝐷𝑗𝑒−𝛽𝑐𝑖𝑗 

  

bj = ∑
1

ai

m

i=1

Oie
−βcij 

𝑎𝑖 , 𝑏𝑗: Balancing factors 

𝑂𝑖: number of opportunities in 
origin 

𝐷𝑗: number of opportunities in 

destination 
𝐶𝑖𝑗: the generalized cost of travel 

𝛽: cost sensitivity parameter 

▪ Netherlands (Karst and van Eck, 
2003): Measuring job accessibility 
with three different methods 
(Potential measure, Joseph and 
Bantock, Balancing factor) and 
comparing the results 

2
.2

 P
e
rs

o
n
-b

a
s
e
d
 m

e
a
s
u
re

s
 

2.2.1 Time-Space 
Prism (TSP) 

In 1970, Hägerstrand developed 
this measurement from his 
space–time geography, which is 
based on individuals’ point of 
view.  By considering 
individual’s limited budget for 
time and the possibility of being 
in a place, it evaluates 
individuals’ ability to take part in 
different activities over time. 
This ability can be measured as 
individual’s accessibility (Geurs 
and van Wee, 2004; Lee et al., 
2009).  

 

 ▪ Seattle, Washington-USA (Lee et 
al., 2009): Operationalizing TSP 
accessibility in residential location 
choice (UBM) 

▪ Portland-USA (Weber, 2003): 
The importance of accessibility to 
major employment centers using 
space-time accessibility measures 
calculated by GIS 

2
.3

 U
ti
lit

y
-b

a
s
e
d
 m

e
a
s
u
re

s
 

2.3.1 Logsum  

Logsum or traditional utility 
based accessibility 
measurement calculates 
accessibility based on the 
random utility maximization 
theory and is firstly introduced 
by Ben-Akiva and Lerman (Ben-
Akiva and Lerman, 1977). This 
theory assumes that people 
select among the available 
opportunities in a way to 
maximize their benefits. 

𝐴𝑛 = 𝐸 [𝑚𝑎𝑥  𝑈𝑖𝑛𝑖∈𝐶𝑛

 

 
]

=   
1

𝜇
∗ 𝑙𝑛  ∑ 𝑒𝑥𝑝 (𝜇. 𝑉𝑖𝑛)

𝑖∈𝐶𝑛

 

𝐴𝑛: logsum accessibility 
𝑖: each opportunity 
𝑛: each person 
𝑈𝑖𝑛: utility of opportunity for 

individual n 
𝑉𝑖𝑛: the systematic component of 

utility 
𝐶𝑛: choice set (all available 

opportunities) 
𝜇: scale parameter 
 

▪ Dallas-USA (Srour et al., 2002): 
The role of accessibility in 
Residential Location Choice and 
comparing different accessibility 
measurements (UBM) 

▪ Seattle, Washington-USA (Lee 
and Waddell, 2010): the role of 
work accessibility for residential 
location (UBM) 

▪ Seattle, Washington-USA (Lee 
and Waddell, 2010): measures 
the role of accessibility (UBM) 

▪ Netherlands (Zondag and Pieters, 
2005): Influence of accessibility on 
residential location choice (UBM) 

▪ Austin, Texas-USA (Kockelman 
and Kalmanje, 2003) (Bina et al., 
2006): the importance of 
accessibility to work, freeways, 
shopping centers, PT and other 
opportunities in residential location 
choice (UBM) 
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Type Names Description Formula Parameters Example of application 

2.3.2 Activity 
Based 

Accessibility 
(ABA) 

The new approach to measure 
the utility based accessibility 
measures, Activity Based 
Accessibility (ABA), firstly 
introduced by Ben-Akiva et al. 
(Ben-Akiva and Bowman, 1998). 
The main difference of ABA to 
the traditional way of measuring 
accessibility (Logsum) is that in 
the new approach all activities 
of all individuals during the 
whole day, plus the impact of 
trip chains will be considered 
(Dong et al., 2006). 
 

 

 ▪ Boston, Massachusetts-USA 
(Ben-Akiva and Bowman, 1998): 
measuring accessibility in activity-
based travel-demand model 

▪ Portland-USA (Dong et al., 2006): 
measuring accessibility in activity-
based travel-demand model to 
demonstrate the impact of peak 
period toll 

▪ Tel Aviv-Israel(Glickman et al., 
2015a): tested the role of 
accessibility in housing location 
(as a long-term decision) (UBM) 

 

2.3.3 Doubly 
Constrained 

Entropy  

In 1995 Martinez developed the 
following measurements from 
Williams’ (1976) integral 
transport-user benefit measure 
and balancing factors of Wilson 
(Williams, 1976; Martinez C., 
1995; Geurs and van Wee, 
2004). Based on this formula 𝐴𝑖 
calculates the expected benefits 
per trip generated which is 
representor of accessibility and 
𝐴𝑗 gives attractiveness and 

expected benefits per trip 
attracted (Martínez and Araya, 
2000). 

𝑎𝑖 = ∑
1

𝑏𝑗

𝑛

𝑗=1

𝐷𝑗𝑒−𝛽𝑐𝑖𝑗  

𝑏𝑗 = ∑
1

𝑎𝑖

𝑚

𝑖=1

𝑂𝑖𝑒−𝛽𝑐𝑖𝑗  

𝐴𝑖 = − 
1

𝛽
∗ 𝑙𝑛(𝑎𝑖) 

𝐴𝑗 = − 
1

𝛽
∗ 𝑙𝑛(𝑏𝑗)  

𝐴𝑖𝑗 = − 
1

𝛽
∗ 𝑙𝑛(𝑎𝑖𝑏𝑗) 

𝐴𝑖: benefits per trip generated 
𝐴𝑗: benefits per trip attracted 

𝐴𝑖𝑗: benefits for trip between 

zones 𝑖 and 𝑗 
𝑎𝑖 , 𝑏𝑗: balancing factors 

𝑂𝑖: number of opportunities in 
origin 

𝐷𝑗: number of opportunities in 

destination 
𝐶𝑖𝑗: the generalized cost of travel 

𝛽: cost sensitivity parameter 
 

▪ Different metropolitan areas-
USA (Horner, 2004): “Exploring 
metropolitan accessibility and 
urban structure” 
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Table 2: Features of different accessibility measurements 

Type Name 

Simple to 
calculate/ 
Easy to 

understand 

Competition 
effect 

Individual 
level 

Considers 
trip chain 

All trip 
purposes 

Time 
dimension/ 
Scheduling 

Valuing 
closer 

opportunities 

2.1 Location-
based 
measures  

2.1.1 Gravity 
accessibility 
measurement 

+ - - - - - + 

2.1.2 
Cumulative 
accessibility 
measurement 

+ - - - - - - 

2.1.3 
Balancing 
Factors 

- + - - - - + 

2.2 Person-
based 
measures 

2.2.1 Time-
Space Prism 
(TSP) 

- - + + + + ?1 

2.3    Utility-
based 
measures 

2.3.1 Logsum  - - + + - - + 

2.3.2 Activity 
Based 
Accessibility 
(ABA) 

- - + + + + + 

2.3.3 Doubly 
Constrained 
Entropy  

- + - - - - + 

                          

  

                                                           
1 Is not clear 
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2.1 Location-based measures  

Location-based accessibility measurement analyses accessibility at locations. This 

measurement calculates accessibility to spatially distributes activities, like number of jobs 

(Geurs and van Wee, 2004). This method of measurement describes accessibility to different 

locations with respect to the limited budget (time, cost, distance etc.) (Karst and van Eck, 

2003).  

2.1.1 Gravity accessibility measurement 

This method is also known as Potential, Hansen, Meyer and Miller, Passive and Active 

accessibility. It firstly introduced by Hansen in 1959 (Eq. 2-2) and is still one of the widely used 

methods of calculating accessibility as it is simple to calculate and easy to understand. Later 

in 1967, Wilson improved Hansen findings and introduced (Eq. 2-4) (Wilson, 1967; Schürmann 

et al., 1997). The idea of this accessibility measurement is that the attraction of a destination 

increases with size and declines with distance, travel time or cost (Schürmann et al., 1997). It 

calculates accessibility of zone 𝑖 to all other zones (Geurs and van Wee, 2004). Different 

formulas based on different ways of calculating cost function 𝐶𝑖𝑗𝑚 and opportunities 𝑂𝑗 were 

introduced (El-Geneidy and Levinson, 2006b; Lee et al., 2009): 

 𝐴𝑖𝑚 = ∑ 𝑂𝑗𝑓(𝐶𝑖𝑗𝑚)𝑗=1    Eq. 2-1 

  𝐴𝑖𝑚 = ∑ 𝑂𝑗/𝐶𝑖𝑗𝑚𝑗=1     Eq. 2-21 

  𝐴𝑖𝑚 = ∑ 𝑂𝑗  𝐶𝑖𝑗𝑚
−2

𝑗=1   Eq. 2-3 

  𝐴𝑖𝑚 = ∑ 𝑂𝑗
𝛼  𝑒𝑥𝑝(𝛽𝐶𝑖𝑗𝑚)𝑗=1   Eq. 2-4 

The summation in equations show that the calculation considers all potential destinations (𝑗) 

that might fulfill the desired activities. For example, when calculating accessibility to shopping 

centers, all shopping centers of the study area should be considered in the equation (El-

Geneidy and Levinson, 2006b). 

𝐴𝑖𝑚:   Accessibility of zone 𝑖 to the possible activity in zone 𝑗 by using mode 𝑚 

𝑂𝑗:   Opportunities at zone 𝑗 

𝑓(𝐶𝑖𝑗𝑚):  Cost function to travel between 𝑖 and 𝑗 by using mode 𝑚 

𝐶𝑖𝑗:   Cost to travel between 𝑖 and 𝑗 

𝑗 :   Each zone of the study area 

𝑒𝑥𝑝(𝛽𝐶𝑖𝑗𝑚):  Negative exponential function to travel between 𝑖 and 𝑗 by using mode 𝑚 

                                                           
1 Known as Hansen accessibility 
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𝛽:    Calibration parameter that Indicates the sensibility of trip maker to 𝐶𝑖𝑗𝑚
1 

𝛼:   Calibration parameter 

In 1998, Shen pointed to one of the limitation of this accessibility measurement that this 

measurement cannot be used when competition effect can happen (like: job accessibility) 

(Shen, 1998). The reason is that this measurement does not consider capacity limitation 

(every job position can be taken with one person and not more). This can cause mistakes and 

misleading results (Karst and van Eck, 2003). 

Examples of application 

In 2001, Guo and Bhat used this method to test the role of school quality and accessibility in 

residential location choice in Dallas. They found out accessibility to schools is important factor 

especially for educated households (Guo and Bhat, 2001). In 2007, in their other study, they 

used the same measurement to calculate the accessibility to three different activity locations 

shopping, recreational, and employment. For opportunity parameter (𝑂𝑗), they considered 

number of retail employment, basic employment and vacant land. Also, the distance between 

each zone as cost function (Guo and Bhat, 2007). In a different perception of location-based 

accessibility measurement, Cascetta measured accessibilities out of formula Eq. 2-4 and 

named them active and passive accessibility. For a specific origin, active accessibility is the 

cost of getting to other destinations and passive accessibility is the cost of being reached from 

other origins (Cascetta, 2001). Nuzzolo et al. measured active accessibility based on 𝑂𝑗  equal 

to number of workplaces in zone 𝑗 and passive accessibility based on 𝑂𝑗  equal to the number 

of residences in zone 𝑗 (Nuzzolo and Coppola, 2007). Later, Dong et al. used Eq. 2-4 to 

measure accessibility in their models of forecasting the new housing places in Portland region. 

They measured the accessibility for two different modes of transport, auto and public transport 

and for two groups of retail and non-retail employments. They considered 𝑂𝑗 as number of 

jobs and 𝑓(𝐶𝑖𝑗𝑚) as travel time between zone 𝑖 and 𝑗 (Dong and Gliebe, 2011). In a different 

study in 2010, Hwang and Thill for Buffalo and Seattle Metropolitan Areas and in 2013, Wu et 

al. for Beijing used Eq. 2-4 to calculate job accessibility (Hwang and Thill, 2010; Wu et al., 

2013) 

                                                           
1 This parameter is negative to show that longer travel times will decrease accessibility (Schürmann et 

al., 1997) 
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2.1.2 Cumulative accessibility measurement 

This method is also known as Opportunity, Isochrone, Contour measure, Proximity count or 

Daily accessibility. This measurement is one of the basic methods of accessibility 

measurement (Wachs and Kumagai, 1973). This method is called cumulative opportunity as 

it calculates the number of opportunity within the predefined range of distance, travel time or 

cost (Geurs and van Wee, 2004; El-Geneidy and Levinson, 2006b; Lee et al., 2009): 

 𝐴𝑖 =  ∑ 𝐵𝑗  𝑎𝑗
𝐽
𝑗=1   Eq. 2-5 

𝐵𝑗:  A binary value equal to 1, if zone 𝑗 is within the determined distance, travel 

time and cost 

𝑎𝑗:   Number of opportunities in zone 𝑗  

This method is easy to understand and simple to calculate. The problem of using this method 

is that if the distance, travel time or costs of a specific destination is slightly more than the 

predefined one, the formula will not count that destination. For example, if the predetermined 

distance is 400 meters and the opportunity placed in 401 meters, that opportunity will not be 

counted. Furthermore, this method does not value closer opportunities more than further 

opportunities. For example, the opportunity which is in 2 meters will be behaved similar to the 

opportunity that is located in 399 meters, so the method is in the danger of false prediction. 

Introducing weights for each destination solves this problem (this method will be explained 

and measured in this thesis). In addition, this measurement not only ignores the competition 

effect but also does not consider any assumptions on personal preferences of the users and 

their perception of the transport system and land use (Geurs and van Wee, 2004).  

Examples of application 

Srour et al. implemented cumulative opportunities in their discrete choice model to measure 

the role of accessibility to different destinations in housing location chioce. They measured 

accessibility to three different type of activities: shopping, recreational, and work. To calculate 

the attractiveness of this destinations, they took into account number of parking spaces and 

total number of jobs in three different categories, basic employment, retail employment, 

service employment (Srour et al., 2002). 
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2.1.3 Balancing Factors 

The balancing factors of doubly constrained spatial interaction model of Wilson can be 

interpreted as an accessibility measurement (Wilson, 1970; Geurs, 2006). The balancing 

factors are:  

 𝑎𝑖 = ∑
1

𝑏𝑗

𝑛
𝑗=1 𝐷𝑗𝑒−𝛽𝑐𝑖𝑗  Eq. 2-6 

 𝑏𝑗 = ∑
1

𝑎𝑖

𝑚
𝑖=1 𝑂𝑖𝑒−𝛽𝑐𝑖𝑗  Eq. 2-7 

𝑎𝑖 , 𝑏𝑗:  Balancing factors 

𝑂𝑖:  Number of opportunities in origin 

𝐷𝑗:   Number of opportunities in destination 

𝐶𝑖𝑗:  The generalized cost of travel 

𝛽:   Cost sensitivity parameter  

These factors guarantee that the magnitude of flow (like: trips) between zone 𝑖 and 𝑗 are equal 

to the activity numbers in zone 𝑖 (like: workers) and 𝑗 (like: jobs). The well accessible places 

are expected to have 𝑎𝑖 smaller than 1, as the number of trips attracted are expected to be 

equal to the number of opportunities (Geurs, 2006). Balancing factors are useful when 

competition effect happens in both origin and destination, for example in job accessibility 

workers are competing for jobs with each other and employers are competing for employees. 

The iterative process of measuring this accessibility makes it complex  and time consuming to 

be calculated, that could be the reason why this measurement is rarely used (Martínez and 

Araya, 2000; Karst and van Eck, 2003; Geurs and van Wee, 2004). 

Examples of application 

In 2003, Karst and van Eck implemented balancing factors in Netherland to measure job 

accessibility. In the next step of their study, they compared the result of balancing factors with 

potential accessibility measurement (Karst and van Eck, 2003). 

 

2.2 Person-based measures 

This method analyses accessibility at the individual level, for example the possibility of 

participating in an specific activity with respect to the limited individual’s time budget (Geurs 

and van Wee, 2004). Time space prism is a method to measure this accessibility. 
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2.2.1 Time-Space Prism (TSP) 

In 1970, Hägerstrand developed this measurement from his space–time geography, which is 

based on individuals’ point of view.  By considering individual’s limited budget of time and the 

possibility of being in a place, it evaluates individuals’ ability to take part in different activities 

over time. This ability gives individual’s accessibility (Geurs and van Wee, 2004; Lee et al., 

2009). Weber believes TSP helps planners to have better understanding of urban form by 

representing individual’s accessibility to opportunities in disaggregated level (Weber, 2003). 

Time-Space Prism (TSP) shows individual’s travel pattern, location in time and places a 

person can reach with respect to the limited time budget. As an example of TSP, Fig.2 shows 

the person at 𝑡1 is at home and at 𝑡2 at work (Geurs and van Wee, 2004; Lee et al., 2009). 

 

Fig. 2: Time-space prism (TSP) and geographic space (Brian H., 2009) 

 

Examples of application 

In 2003, Weber used TSP to measure accessibility in Portland (Weber, 2003). In the next try, 

in 2009 Lee et al. used this measurement in their utility-based model of residential location. 

They considered trip-chains in their study and found out non-work accessibility, which was 

calculated by TSP in a trip-chain setting, will affect housing location decision even after 

considering accessibility to work (Lee et al., 2009). 

 

2.3 Utility-based measures  

This type of measurement focuses on the benefits people achieve by choosing one of the 

available alternatives, which all satisfy the same need (Karst and van Eck, 2003; Geurs and 

van Wee, 2004). There are three ways to calculate this accessibility: 
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2.3.1 Logsum 

Logsum or traditional utility-based measurement calculates the accessibility based on the 

random utility maximization theory and is firstly introduced by Ben-Akiva and Lerman (Ben-

Akiva and Lerman, 1977). This theory assumes that people select among the available 

opportunities in a way to maximize their benefits. The utility of available opportunities (𝑈𝑖) is 

not always a known variable and is subjective so it will be considered as a random variable. 

𝑈𝑖 consists of two components: the systematic utility component (𝑉𝑖) and the random 

component (ɛ𝑖). The systematic component (𝑉𝑖) refers to the user’s characteristics and the 

attribute of available opportunities, which both are assumed to affect the decision. The random 

component (ɛ𝑖) represents the unobserved part of the utility (Dong et al., 2006): 

 𝑈𝑖 = 𝑉𝑖 +  ɛ𝑖        Eq. 2-8 

𝑈𝑖:  Utility of opportunity 

𝑉𝑖:   Systematic utility 

ɛ𝑖:   Random component 

By assuming Gumbel distribution for all opportunities and having the scale parameter of µ, the 

model will get the form of multinomial logit (MNL). Then, the individua’s expected maximum 

utility can be calculated as: 

 𝐴𝑛 = 𝐸 [𝑚𝑎𝑥  𝑈𝑖𝑛𝑖∈𝐶𝑛

 

 
] =   

1

𝜇
∗ 𝑙𝑛  ∑ 𝑒𝑥𝑝 (𝜇. 𝑉𝑖𝑛)𝑖∈𝐶𝑛

   . Eq. 2-9 

𝐴𝑛:   Logsum accessibility 

𝑖:   Each opportunity 

𝑛:   Each person 

𝑈𝑖𝑛:   Utility of opportunity for individual 𝑛  

𝑉𝑖𝑛:   The systematic component of utility 

𝐶𝑛:   Choice set (all available opportunities) 

𝜇:   Scale parameter 

Examples of application 

Srour et al. measured logsum as one of their accessibility measurements for Dallas and 

compared it with other accessibility measurements (Srour et al., 2002). In Netherland, Zondag 

et al measured logsum from TIGRIS XL model to implement it as a parameter in their utility- 

based model. They measured logsum for six types of households and for all possible purposes 

such as work, education etc. (Zondag and Pieters, 2005). For the city of Austin, Kockelman et 

al. derived logsum for four different modes of transport, five different time of the day and all 
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available destination combinations (Kockelman and Kalmanje, 2003). In 2009, Bina et al. used 

the derived logsum of Kockelman et al. to measure the importance of accessibility to work, 

freeways, shopping centers, public transport (PT) and other opportunities (Bina et al., 2006). 

In another study, Lee et al. used logsum to measure work accessibility for the home-based 

trips to evaluate it as an explanatory variable in their utility-based housing location model. 

Based on available data of two days activities from Puget Sound region council (Seattle, 

Washington, metropolitan area), they found out that the role of work accessibility for residential 

location is significant (Lee et al., 2010). In a different study, they used the measured logsum 

of their previous study to evaluate its importance in their Nested Logit model (NL) (Lee and 

Waddell, 2010).  

 

2.3.2 Activity Based Accessibility (ABA) 

The new approach to measure the utility-based accessibility measurement, Activity Based 

Accessibility (ABA), firstly introduced by Ben-Akiva et al. (Ben-Akiva and Bowman, 1998). 

Ben-Akiva et al. used activity-based models and derived accessibility to all activity destinations 

of individuals. The ABA measures the overall utility of all travel alternatives (Glickman et al., 

2015a). Furthermore, the ABA considers impact of trip chaining and the schedule of the activity 

that differs this accessibility measurement from logsum, which focuses on a particular trip 

purpose and does not consider trip chaining and time dimension. In other words, ABA 

considers accessibility to the all activities of all individuals during the whole day (Dong et al., 

2006). 

Examples of application 

The first implementation of ABA was on the activity-based travel-demand model of Boston. 

Ben-Akiva et al. integrated the demand model with the residential choice model to examine 

the role of accessibility as an assumed explanatory factor for the individual’s maximum utility 

model. They examined it for different activity schedules (Ben-Akiva and Bowman, 1998). Later, 

Dong et al. measured ABA for the activity-based model of Portland. They used ABA to 

compare it with logsum. They showed the main differences between logsum and ABA that 

logsum considers only one trip purpose to a specific destination, by one mode of transport at 

one specific time without taking into account the trip chains. In comparison, ABA covers not 

only trips to different destinations during the whole time of the day, but also covers travel time 

and cost of using different modes of travel (Dong et al., 2006). In a different study for Tel Aviv, 

Glickman et al. proved that accessibility to the main activity destinations is an important factor 

in housing location choice (Glickman et al., 2015b).   
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2.3.3 Doubly Constrained Entropy  

In 1995 Martinez developed the following measurements from Williams’ (1976) integral 

transport-user benefit measure and balancing factors of Wilson (Williams, 1976; Martinez C., 

1995; Geurs and van Wee, 2004): 

 𝑎𝑖 = ∑
1

𝑏𝑗

𝑛
𝑗=1 𝐷𝑗𝑒−𝛽𝑐𝑖𝑗  Eq. 2-10 

 𝑏𝑗 = ∑
1

𝑎𝑖

𝑚
𝑖=1 𝑂𝑖𝑒−𝛽𝑐𝑖𝑗  Eq. 2-11 

𝐴𝑖 = − 
1

𝛽
∗ 𝑙𝑛(𝑎𝑖)  Eq. 2-12 

 𝐴𝑗 = − 
1

𝛽
∗ 𝑙𝑛(𝑏𝑗)  Eq. 2-13 

𝐴𝑖𝑗 = − 
1

𝛽
∗ 𝑙𝑛(𝑎𝑖𝑏𝑗)  Eq. 2-14 

𝐴𝑖:  Benefits per trip generated (relative accessibility benefit travelers receive at 

each origin 𝑖) 

𝐴𝑗:   Benefits per trip attracted 

𝐴𝑖𝑗:  Benefits for trip between zones 𝑖 and 𝑗 

𝑎𝑖 , 𝑏𝑗:  Balancing factors 

𝑂𝑖:   Number of opportunities in origin 

𝐷𝑗:   Number of opportunities in destination 

𝐶𝑖𝑗:   The generalized cost of travel 

𝛽:   Cost sensitivity parameter  

Based on this formula 𝐴𝑖 calculates the expected benefits per trip generated which is 

representor of accessibility and 𝐴𝑗 gives attractiveness and expected benefits per trip 

attracted. In other words, Martínez  believes by calculating these formulas researchers can 

measure  the economic benefits of landowners (Martínez and Araya, 2000). The advantage 

of Doubly Constrained Entropy over Logsum is that it considers the competition effect (Geurs 

and van Wee, 2004).  

Examples of application 

Horner measured doubly constrained accessibility of workers with the help of ArcGIS for 

different metropolitan areas in USA (Horner, 2004).
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3. The modelling framework 

In this chapter, the bid-auction approach to modelling housing location choice and the methods 

of estimating bid-function will be described. Then, the dataset preparation for this study will be 

explained. 

 

3.1 Bid-auction approach 

There are two methods to model housing location choice, discrete choice approach or utility-

based models and the bid-auction approach. In the discrete choice approach, the consumer 

evaluates the attributes of each available alternative, such as accessibility to work and 

dwelling characteristics then selects the location, which maximizes his or her utility 

(McFadden, 1978). The bid-auction assumes that locations are traded in an auction market, 

in which the consumer bids his or her willingness to pay for a residential unit (Fig. 3) and later 

the landlord chooses the best bidder (Alonso, 1964; Hurtubia and Bierlaire, 2013). This thesis 

focuses on the bid-auction approach therefore, a brief introduction to this approach is given 

below. 

Characteristics of the bid-auction approach (Hurtubia and Bierlaire, 2013; Citilabs, 2014): 

• The alternatives are households and households are the bidders. 

• The decision maker is the landlord. 

• It can be assumed that every located household was the best bidder for that location. 

• The household will find the location that provides the highest utility.  

• The household bids based on three different attributes: zonal attributes, real estate 

attributes and household attributes. 

Fig. 3: Customer bids his or her willingness to pay (Citilabs, 2014) 

 



The modelling framework 

17 
 

3.2 Methods of bid-auction estimation 

Bid-auction is a method to measure households willingness to pay for a location (Hurtubia and 

Bierlaire, 2013). There are different methods to estimate the bid-auction model such as: 

Ellickson’s method, Martínez’s method, Lerman and Kern’s method and latent auction. 

3.2.1 Ellickson’s method 

Ellickson proposed his method in 1981, in which he assumed that every located household 

was the best bidder of that location. Then, he generated a Logit model that is conditional on 

the location and can be calculated with maximum likelihood. Based on the nature of Logit 

model, only the relative amount of willingness to pay can be estimated (Ellickson, 1981; 

Hurtubia and Bierlaire, 2013). 

3.2.2 Martínez’s method 

In 1992, Martínez improved Ellickson’s Logit method and proposed an aggregated Logit, which 

aggregates households into homogeneous groups. By aggregation, the number of alternatives 

will be reduced to manageable numbers. This approach is useful as, in reality, aggregation of 

alternatives is common (Martinez, 1992). This method was chosen to be implemented in this 

thesis.  

3.2.3 Lerman and Kern 

In 1983, Lerman and Kern proposed a method to solve the Logit problem of generating relative 

amounts, by producing absolute amounts. Their method requires information on the actual 

prices and rent paid (Hurtubia and Bierlaire, 2013; Lerman and Kern, 1983).  

3.2.4 Latent auction 

Lerman and Kern’s method requires detailed information about actual prices and paid rents, 

which is not easy to get. In 2014, Hurtubia and Bierlaire proposed a method to overcome this 

problem by considering the expected maximum bid of households as a latent variable. Their 

method requires average or aggregated data on prices and rents (Hurtubia and Bierlaire, 

2013). 
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3.3 Examples of implementing the bid-auction approach 

Several land use models implemented the bid-auction approach in modeling the location 

choice of residents: Cube Land (Citilabs, 2014) RURBAN (Miyamoto and Kitazume, 1989), 

MUSSA (Martínez, 1996), some levels of UrbanSim (Waddell et al. 2003) and ILUTE (Salvini 

and Miller, 2005). Most of these models, except Cube Land that uses Martinez’s method, used 

Ellickson’s method in their estimations (Hurtubia and Bierlaire, 2013). 

 

3.4 Bid-auction modelling framework 

In 1964, Alonso in his book, “Location and land use”, introduced real estate as an auction 

market (Alonso, 1964). In this approach, customers bid their willingness to pay for a dwelling. 

and later, the landlord chooses the customer with the highest bid. Based on the customer’s 

willingness to maximize his or her utility and considering income constraints, customer’s 

willingness to pay can be calculated as: (Hurtubia and Bierlaire, 2013):(Hurtubia et al., 2010)  

𝑚𝑎𝑥
𝑥,𝑖

𝑈(𝑥, 𝑧𝑖)     Eq. 3-1 

𝑖:   Location 

𝑥  :  Vector of continuous goods 

𝑧𝑖:   Set of attributes 

Total amount spent in goods (𝑥) with price (𝑝) and the price of the location should be less that 

customer’s budget so (Hurtubia and Bierlaire, 2013): 

𝑠. 𝑡. 𝑝𝑥 + 𝑟𝑖 ≤ 𝐼    Eq. 3-2 

 

𝑝:   Price 

𝑟𝑖:   Price of location 𝑖 (can be assumed as customer’s willingness to pay) 

𝐼:   Customer’s available budget 

By putting the constrains Eq. 3-2 in Eq.3-1 and assuming equality in the budget constraint 

(Hurtubia and Bierlaire, 2013): 

𝑚𝑎𝑥
 𝑖

𝑉(𝑝, 𝐼 −  𝑟𝑖 , 𝑧𝑖)    Eq. 3-3 

𝑉:   Indirect utility function 
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By defining �̅� as fixed maximum utility level, this formula can be derived (Hurtubia and 

Bierlaire, 2013): 

 𝑟𝑖 = 𝐼 − 𝑉−1(�̅�, 𝑝,  𝑧𝑖)     Eq. 3-4 

 

Jara-Díaz and Martínez proposed that  𝑟𝑖   can be assumed as customer’s willingness to pay 

(Jara-Díaz and Martinez, 1999), so the bid function can be expressed as (Hurtubia and 

Bierlaire, 2013):  

 𝐵ℎ𝑖 = 𝐼ℎ − 𝑉ℎ
−1(𝑈,̅ 𝑝, 𝑧𝑖)    Eq. 3-5 

 

Ellickson proved that the bid in Eq. 3-5, 𝐵ℎ𝑖 , can be defined as a function of location 

attributes, 𝐵ℎ(𝑧𝑖). By adding unobserved utility, the formula will get this form (Ellickson, 1981; 

Hurtubia and Bierlaire, 2013):  

 𝐵ℎ�̃� = 𝐵ℎ(𝑧𝑖) + ɛℎ = 𝐵ℎ𝑖 + ɛℎ    Eq. 3-6 

ɛℎ:   Unobserved utility 

𝐵ℎ(𝑧𝑖):  Function of location attribute or bid-function 

The probability that the household ℎ locate in location 𝑖  and be the best bidder will be (Hurtubia 

and Bierlaire, 2013): 

𝑃ℎ/𝑖 = 𝑃𝑟𝑜𝑏 {𝐵ℎ𝑖  + ɛℎ  > 𝐵ℎˊ𝑖 +  ɛℎˊ , ∀ ℎˊ ≠ ℎ  } Eq. 3-7 

McFadden assumed that the error term has Extreme Value distribution so the best bid 

probability or the probability of household ℎ locate in location 𝑖 would be (Hurtubia and 

Bierlaire, 2013; McFadden, 1978): 

 𝑃ℎ/𝑖 =
𝑒𝑥𝑝(𝜇 𝐵ℎ𝑖)

∑ 𝑒𝑥𝑝 (𝜇 𝐵𝑔𝑖)𝑔∈𝐻
    Eq. 3-8 

 

𝐻:   All the households who are bidding for location 𝑖 

It is common in reality to aggregate households to homogenous groups. This aggregation 

results in reducing number of alternatives into manageable numbers. In 1992, Martinez 

proposed an aggregated Logit for this purpose. He implemented 𝐻ℎ , total number of 

households group ℎ , to the Logit model so (Martinez, 1992; Citilabs, 2014): 

 𝑃ℎ/𝑣𝑖 =
𝐻ℎ𝑒𝑥𝑝(𝜇 𝐵ℎ𝑣𝑖)

∑ 𝐻𝑔𝑒𝑥𝑝 (𝜇 𝐵𝑣𝑖)𝑔
    Eq. 3-9 
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This formula can be rewritten as: 

 𝑃ℎ/𝑣𝑖 =
𝑒𝑥𝑝(𝜇 𝐵ℎ𝑣𝑖+𝑙𝑛 (𝐻ℎ))

∑ 𝑒𝑥𝑝 (𝜇 𝐵𝑣𝑖+𝑙𝑛 (𝐻𝑔))𝑔
    Eq. 3-10 

𝐻:  Households 

𝑉:  Real estate 

𝑖:  Zone 

 

3.4.1 Bid-function 

The utility function is a mathematical abstraction that indicates the level of satisfaction or 

happiness that a household receives by choosing each of the alternatives. The utility function 

will define the bid function, which can be varied from household to household. For example, 

some households without children may prefer to locate in a zone with higher accessibility to 

jobs and other households with children may prefer to locate in zones with higher accessibility 

to schools. The household’s willingness to pay or bid for a location can be derived from the 

household’s utility. It is assumed that households’ bids depend on three different attributes, 

household characteristics, zonal characteristics and real estate characteristics (Fig. 4), so the 

bid function of household ℎ for real estate 𝑣 in zone 𝑖 is (Citilabs, 2014): 

Eq. 3-11: 

𝐵ℎ =   ∑ 𝛽𝑍𝑜𝑛𝑎𝑙 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠 ∗ 𝑍𝑜𝑛𝑎𝑙 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑒𝑠 + 

             ∑ 𝛽𝐻𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠 ∗ 𝐻𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑒𝑠 + 

             ∑ 𝛽𝑅𝑒𝑎𝑙 𝑒𝑠𝑡𝑎𝑡𝑒 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠 ∗ 𝑅𝑒𝑎𝑙 𝑒𝑠𝑡𝑎𝑡𝑒 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑒𝑠  

Fig. 4: Bid function (Citilabs, 2014) 
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3.5 Accessibility measuring 

In this section, the accessibility measurements that were measured and estimated in this 

thesis will be described in detail. Furthermore, Sugar access of Citilabs that is an application 

for ArcGIS will be introduced. This software and ArcGIS were used to calculate the 

accessibility measurements for this thesis. 

Gravity accessibility measurements are still the most common method of measuring 

accessibility (El-Geneidy and Levinson, 2006b). Based on the frequent usage of this 

accessibility measurement in the literature, three kinds of gravity accessibility measurements 

were measured and estimated. Furthermore, cumulative accessibility measurement is also 

one of the basic methods of accessibility measurement (Vickerman, 1974, Wachs and 

Kumagai, 1973). Therefore, two methods of measuring this accessibility were chosen to be 

measured and estimated, the traditional cumulative accessibility measurement and a weighted 

cumulative accessibility measurement. These accessibility measurements were chosen based 

on their importance in the literature and data availability (Table 3). 

These accessibility measurements were calculated for three different destinations: jobs, 

population and retail jobs. These destination were used frequently by other researchers as 

point of interests (Schürmann et al., 1997; Karst and van Eck, 2003; Hwang and Thill, 2010; 

Wu et al., 2013; Citilabs, 2014). These accessibility measurements were calculated for four 

different mode of transport, auto, public transport, bike and walk. They were visualized in 

Appendix D. 

Table 3: summary of accessibility measurements in this thesis 

Name Explanation 

Gravity 
accessibility 
measurement 

 
Based on Eq. 2-2:  𝐴𝑖𝑚=  ∑ 𝑂𝑗/𝐶𝑖𝑗𝑚𝑗=1    

 

Based on Eq. 2-3: 𝐴𝑖𝑚=  ∑ 𝑂𝑗   𝐶𝑖𝑗𝑚
−2

𝑗=1   

 
Based on Eq. 2-4: 𝐴𝑖𝑚=  ∑ 𝑂𝑗

𝛼  𝑒𝑥𝑝(𝛽𝐶𝑖𝑗𝑚)𝑗=1   

 

Cumulative 
accessibility 
measurement 

Traditional cumulative accessibility measurement or Destination 

Summation. Based on Eq. 3-12:  Ai =  ∑ Bj aj
J
j=1   

Weighted cumulative accessibility measurement or access score. Based 
on Eq. 3-13 
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3.5.1 Gravity accessibility measurements 

Three different methods of measuring gravity accessibility were calculated for this thesis. The 

travel time was considered as cost, 𝐶𝑖𝑗, and the number of jobs, population and retail jobs in 

each zone was considered as opportunities, 𝑂𝑗. The travel time between each zone by four 

modes of transport, auto, public transport, bike and walking were calculated. The travel time 

between each zone was extracted with the help of Sugar Access and ArcGIS. The following 

equations were used: 

 𝐴𝑖𝑚 = ∑ 𝑂𝑗/𝐶𝑖𝑗𝑚𝑗=1    Eq. 2-2 

 𝐴𝑖𝑚 = ∑ 𝑂𝑗  𝐶𝑖𝑗𝑚
−2

𝑗=1   Eq. 2-3 

 𝐴𝑖𝑚 = ∑ 𝑂𝑗
𝛼  𝑒𝑥𝑝(𝛽𝐶𝑖𝑗𝑚)𝑗=1  Eq. 2-4 

In this study, for gravity Eq. 2-4 four different combinations of 𝛼 and 𝛽 were measured and 

estimated. 𝛼 in the Eq. 2-4 takes amounts equal or greater than 1.0 and is defined to reflect 

agglomeration effect, that means larger facilities can be disproportionally more attractive than 

smaller ones. 𝛽 is a negative parameter that emphasizes on nearby destinations by giving 

greater weights to them (Schürmann et al., 1997). Table 4 illustrates a summary about the 

impacts of different calibration parameters. 

Table 4: Impact of different 𝛼 and 𝛽 in Eq. 2-4 (Moeckel, 2017) 

𝜶 Impact of 𝜶  𝜷 Impact of 𝜷 

1.0 low impact of urban centers 0.3 Low impact of travel time 

1.0 low impact of urban centers 0.5 High impact of travel time 

1.5 high impact of urban centers 0.3 Low impact of travel time 

1.5 high impact of urban centers  0.5 High impact of travel time 

 

3.5.2 Cumulative accessibility measurements 

Two different cumulative accessibilities were measured and tested, Destination Summation 

(the traditional cumulative accessibility measurement) and Access Score (the weighted 

cumulative accessibility measurement). 

 

3.5.2.1 Traditional cumulative accessibility measurement or Destination 

Summation 

Destination Summation or traditional cumulative accessibility measurement counts the 

number of opportunities, which are accessible within a predefined travel time. In this thesis, 
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number of jobs, population and retail jobs in each zone were considered as opportunities. 

Predefined travel times for four different mode of transport were extracted from the decay 

function (which will be explained later). The Destination Summation accessibility metrics were 

calculated using this equation (Cirilabs, 2016):  

𝐷𝑖𝑘 =  ∑ 𝑆𝑗𝑓(𝑡𝑖𝑗) 𝑤ℎ𝑒𝑟𝑒 𝑗  𝑓(𝑡𝑖𝑗) =  {
1 𝑖𝑓 𝑡𝑖𝑗 ≤ 𝑇 

0 𝑖𝑓 𝑡𝑖𝑗 > 𝑇
}   Eq. 3-12 

𝐷𝑖𝑘:  Destination Summation Accessibility to destination 𝑘 for zone 𝑖 

𝑆𝑗:  Number of opportunities in zone 𝑗 

𝑇:  Travel time threshold 

𝑘:  Number of jobs, population and retail jobs 

Decay function1 clarifies how far people are willing to travel by different modes of transport. 

For example, according to the Fig. 5, people are willing to travel farther by transit rather than 

by auto. To determine the travel time threshold for measuring Destination Summation 

accessibility measurement, the decay factor equal to 50% was used. This decay factor gives 

20 minutes travel time by auto, 45 minutes by transit, 15 minutes by bike and 10 minutes by 

walking. The Destination Summation accessibility measurement for these travel times were 

calculated with the help of Sugar Access and ArcGIS.  

 

Fig. 5: Decay function (Citilabs, 2016) 

 

                                                           
1 The decay function has been calculated based on U.S. National Household Travel Survey data 



The modelling framework 

24 
 

One of the limitations of this accessibility measurement is that it considers the same value for 

closer opportunities and farther opportunities. The Access Score accessibility measurement 

overcomes this limitation by introducing weights of opportunities. 

3.5.2.2 Weighted cumulative accessibility measurement or Access Score 

This method solves the problem of traditional cumulative accessibility measurement 

(Destinations Summation) by considering decay factors and adjusting the associated weight 

of opportunities. In other words, this method considers a weight for each opportunity based 

on its distance to the origin. In fact, the weight of each opportunity is derived from the decay 

function. For example, jobs that are 15 minutes away will be valued more in comparison to the 

jobs that are 30 minutes away. Fig. 6 shows an example of decay factor. 

 

Fig. 6:  Walk travel time decay factor function 

 

The Access Score equation is as follow: 

 

𝐷𝑖𝑘 =  ∑ 𝑆𝑗𝑓(𝑡𝑖𝑗) 𝑔(𝑡𝑖𝑗) 𝑤ℎ𝑒𝑟𝑒 𝑗  𝑓(𝑡𝑖𝑗) =  {
1 𝑖𝑓 𝑡𝑖𝑗 ≤ 𝑇 

0 𝑖𝑓 𝑡𝑖𝑗 > 𝑇
}   Eq. 3-13 

 

𝐷𝑖𝑘:  Weighted cumulative accessibility measurement to destination 𝑘 for zone 𝑖  

𝑘:  Jobs, population and retail jobs 

𝑇:  Travel time threshold  

𝑔(𝑡𝑖𝑗):  Travel Time’s decay function 

 

The decay factor for farther destinations tends to zero, so the travel time threshold, 𝑇, will not 

be defined. In other words, the decay function tends to zero for farther destinations and 

automatically gives zero value to the equation. 
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3.5.3 Sugar Access 

To measure different accessibilities, the Sugar Access software by Citilabs and ArcGIS1 (Esri, 

n.d.) were used. Sugar Access is an ArcGIS add-in that calculates accessibility to job 

opportunities or other points of interests (POI) (Citilabs, 2016).  

3.5.3.1 Data sources in Sugar Access 

Zonal Data: Each aggregated Census Block2 (Census Block Group) in the study area was 

served in Sugar Access as a zone. Demographic information such as number of jobs, 

population and retail jobs are collected from the US 2010 census data and were included in 

the Sugar Access data package as ArcGIS polygon feature class.  

Roadway and Transit Network: for roadway network Sugar uses the network and travel time 

published by Here navigation company. Here company not only provides a comprehensive 

and detailed geometric information but also publishes real travel speeds throughout the day 

(morning and evening peak hour, off-peak hour). For transit network, it captures transit 

attributes: mode, headway, run times, transit stops and route path from the local GTFS file.  

POI Dataset: Here navigation company provides the database of local points of interest. 

3.5.3.2 Travel time analysis 

The travel times between all pair of zones in the study area were calculated by Sugar Access 

to generate travel times’ matrices. This was done for four different modes of transport: auto, 

transit, bike and walking. To avoid errors due to the size of the origin and destination zones, 

travel times were calculated to the centroid of all zones. Total travel times between origin and 

destination zones consist of three different travel times: 

1. Network Egress Travel Time: Time it takes to move across the origin zonal 

connectors and get to the roadway network. 

2. Network Travel Time: Time it takes to move across the roadway network between 

origin zone connector and destination zone connector. 

3. Network Ingress Travel Time: Time it takes to move across the destination zonal 

connector and reach the destination’s centroid. 

 

Travel time for different mode of transport is based on: 

                                                           
1 Version 10.5.1 
2 Refer to section 3.5.1 
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For auto: To calculate travel time for autos, the realistic roadway derived travel times will be 

used. Different time of day like, morning peak, evening peak, afternoon and nighttime can be 

specified to specify the effect of congestion on the roadway network throughout the day. 

For transit: Walk to Transit Travel Time (A)– Time that takes to walk from origin zone centroid 

to the transit stop of the best route 

Transit Wait Time (B) – By considering maximum waiting time, the Wait Time will be calculated 

relative to transit line’s headway 

Transit Run Time (C) – Run time as defined by transit line’s attribute between origin and 

destination 

Transfer Wait Time (D) – By considering maximum transfer time, the Transfer Wait Time will 

be calculated relative to transit line’s headway 

Walk to Destination Travel Time (E) – Travel time to walk from alighting transit stop to the 

destination zone centroid 

For pedestrian and bicycle: travel time of a straight forward line to the centroid of each zone 

will be used to calculate travel time for pedestrian and bicycle. In this study, Speed of 5 km/h 

for pedestrian and 15.5 km/h for bicycle were considered.  

 

3.6 Data and study area 

The estimations were done for residential market of Richmond, Virginia and its counties. Two 

main data were available, 2010 US census database and 2009 US National Household Travel 

Survey (NHTS). Following, there are explanations about these two data sources.  

3.6.1 Census data 

U.S. census takes place every 10 years and counts every resident in the United States. In 

2010, about 74 percent of households in the US returned their census forms by mail. This 

amount of participation makes it, a highest movement participation in the history of US. The 

rest of 74 percent households, were counted by other methods (Census, 2010). The released 

2010 census data was used in the census block group level, which is defined as the zonal 

level for this thesis. Census data was used to prepare the household’s dataset and as a 

dataset for calculating accessibility in Sugar Access. (an overview of 2010 census data can 

be found in Appendix A) 
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3.6.2 National Household Travel Survey (NHTS)  

The 2009 NHTS was carried out over a period from March 2008 through May 2009. The survey 

contents five groups of information from each surveyed household: (1) Households (2) 

Personal (3) Vehicles (4) Worker and (5) Daily travel data. The required data for creating this 

study’s dataset was extracted from group (1) Households and (2) Personal. Table 5 shows an 

overview of NHTS (NHTS, 2009). 

Table 5: Summary of NHTS data 

For Each Household: For Each Person: 

• Number of people, drivers, workers 
and vehicles 

• Income 

• Housing Type 

• Owned or rented 

• Number of cell phones 

• Number of other phones 

• Race of reference person 

• Hispanic status of reference person 

• Tract and Block Group 
characteristics 

• Daily Travel Data: 

• Internet Use & Delivery to 
households 

• Age/Sex/Relation to reference person  

• Driver status  

• Worker status/Primary activity  

• Internet use 

• Home deliveries from Internet shopping 

• Travel Disability 

• Effect of disability on mobility 

• Education level  

• Immigrant status 

• Annual miles driven  

• Incidence of public transit use in past month  

• Incidence of motorcycle use in last month  

• Incidence of walk and bike trips in past week  

• School travel (children) 

 

3.6.3 Dataset of study area 

To create a dataset for this thesis (example in Appendix B), each census block group of the 

census data was considered as a zone. In total, there were 746 zones in the study area, these 

zones were visualized1 in Fig. 7, Fig. 8 and Fig. 9 By using reported longitudes and altitudes 

of NHTS data, the positions of the surveyed households were imported to the ArcGIS (Fig. 

10). Three different attributes: (1) Zonal Attributes, (2) Household Attributes (3) Real Estate 

Attribute were extracted from the data sources to create the dataset. Out of 2,187 interviewed 

households in the study area, 2,010 household were valid and were included in the dataset. 

The other 177 households were deleted due to their confidential information of income. 

Reported weights from the NHTS were also used for the households to minimize biases and 

adjust the survey. As it stated, accessibility to three opportunities: jobs, population and retail 

jobs were measured. Fig. 11, Fig. 12 and Fig. 13 visualize the density of these opportunities 

in each zone. As it was expected, the central zones of Richmond (downtown) have the highest 

number of all mentioned opportunities. 

                                                           
1 All visualization was done with ArcGIS 10.5.1 
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Fig. 7: Zones of the study area 
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Fig. 8: Zones of the study area (more detailed 1)
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Fig. 9: Zones of the study area (more detailed 2)
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Fig. 10: Place of each surveyed households 
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Fig. 11: Jobs density of the study area
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Fig. 12: Population density of the study area
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Fig. 13: Retail jobs density of the study area 
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3.7 Explanatory variables 

The explanatory variable where grouped into two groups: independent variables and 

dependent variables. Later, the coefficient of independent variables will be measured, and 

their significance will be discussed. Example of other studies explanatory variables can be 

found in Appendix C. 

3.7.1 Independent variables 

Table 6 shows a summary of the independent variables considered in the estimations. These 

variables were chosen based on the available data and their importance in the literature. They 

categorized to three groups: zonal attributes, household attributes and real estate attributes.  

Table 6: Independent Variables considered in the estimation 

Independent Variables Source of the data 

Zonal Attributes 

Accessibility Census and Sugar Access 

Urban or Rural NHTS 

Number of schools Census and Sugar Access 

Number of schools * Child Census and NHTS 

% High income * High income Census and NHTS 

% Low income * High income Census and NHTS 

% Educated * Education Census and NHTS 

% Race * Race Census and NHTS 

Zonal income Census 

Household Attributes 

Retired NHTS 

Children NHTS 

Age NHTS 

Gender  NHTS 

Education NHTS 

Race NHTS 

Real estate Attributes 

Home type * household size Census and NHTS 

 

Zonal attributes 

Accessibility: Based on three reasons, accessibility measurement of car among other modes 

of transport: transit, bike and walking, was chosen to be tested. Firstly, as it is shown in Fig.14 

for commute trips to work (as an example) 91.5% of the trips are made by car, means it can 

be assumed most of the trips of households will be made by car. Secondly, most of the 

households have at least one car and just 2% of them do not have car (Fig. 15). Finally, testing 

the correlation between accessibilities of different modes of transport shows that these 

accessibility measurements are highly correlated, so they cannot enter to the model at the 

same time. 
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Fig. 14: Percent of commute trips by mode to work (NHTS, 2009) 

 

Fig. 15: Auto availability of households in the dataset (NHTS, 2009) 

 

Urban or Rural area: If the dwelling is in an urban area 1 and 0 otherwise. It is expected 

households prefer to locate in urban areas.  

Number of schools: Sugar Access defines school as a POI and measures total number of 

schools in each zone.  A positive value for this attribute is expected so if the number of schools 

increase, the zone would be more attractive for households.  

 

Number of schools * Child: It is expected households with children are more interested to 

locate in zones with higher number of schools. Number of schools in each zone was measured 

with Sugar Access and if the household has at least one child, the child parameter gets 1 and 

0 otherwise. 
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% High income * High income and % Low income * High income: Percentage of high and 

low-income households of each zone were extracted from the census 20141 and income of 

each surveyed household was available from NHTS. It is expected high income households 

prefer to be surrounded by high income households, so % High income * High income 

predicted to have positive value and high-income households do not prefer to be surrounded 

by low income households, so negative value for % Low income * High income was expected. 

% Educated * Education: Percentage of educated people in each zone was calculated from 

the census 20131 and the Education parameter which shows if the household is educated 

(equal to 1) or not (equal to 0) was available from NHTS. 

% Race * Race: It is assumed that the households prefer to locate in zones that their same 

race is dominant. To test this assumption, percentage of households’ race in each zone was 

measured from the census data. The race parameter will be explained later in the households’ 

attribute.  

Zonal income: A dummy variable was defined for this parameter, so if the average income of 

the zone is higher than average 1 and otherwise 0.  

Household attributes 

Retired: The purpose of including this parameter was to understand how landlords react to 

the retirement status of the bidders. A dummy variable was defined to represent this 

parameter, which takes 1 for households who are retired and 0 otherwise.  

Children: A dummy variable was defined to represent the existence of children in the 

household. It takes 1 if the household has children and 0 otherwise. The aim was to see how 

presence of children affect the chance of winning the bid auction.  

Age and Gender: Age of the oldest member of the household and the respected gender were 

defined as age and gender of the head of the household. This assumption that the oldest 

member is the head of the household causes some limitations. For example, if the 

grandparents are living with the family, although they do not make important decisions of the 

household like choosing households’ location, they will be chosen as the head of the 

household. This parameter gets 1 if the gender is male and 0 otherwise. The frequency 

distribution of male and female households in the dataset by their ages is shown in Fig. 16. 

                                                           
1 Because the income data of 2010 is not available, the data of 2014 was used. It is assumed both 

income data are similar, and this does not affect the estimations. 
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Fig. 16: Distribution of male and female households by age 

 
Education: Highest completed grade of the household is reported by NHTS. A dummy 

variable was defined that takes 1 for individuals with a college degree and 0 for those without. 

It is assumed that high educated households are more likely to win the real estate auction. 

Race: NHTS reports the race of the households, these races are shown in the first column of 

Table 7. Census data also reports the number of each race in each zone, this is shown in the 

second column of Table 7. For households with Multiracial, Hispanic/Mexican and Not 

ascertained race that there is no report for them in the census data, the reported other race in 

the census were considered. The frequency of households’ race in the study area is shown in 

Fig.17. This parameter is a dummy which takes 1 if the race of the household is similar with 

the dominant race in the zone and 0 otherwise.  

Table 7: Reported races in census data and NHTS 

Races reported in NHTS Race reported in the census data Chosen Race 

White White White 

African American, Black Black Black 

Asian Only Asian Asian 

American Indian, Alaskan Native American American 

Native Hawaiian, Other Pacific Pacific Pacific 

Multiracial - Other 

Hispanic/Mexican - Other 

Not ascertained - Other 

- Other - 
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Fig. 17: Frequency of different races in the study area 

 

Real estate attributes 

Home type * household size: This parameter was defined to check whether larger 

households prefer detached houses. Out of 2010 dwellings in the study area 1817 dwellings 

are detached. The parameter, household size which counts the number of households’ 

members was extracted from NHTS.  

3.7.2 Dependent variable 

Income: Household groups are the dependent variables or alternatives that the landlord 

chooses the best bidder among them. The NHTS records the total yearly income of the 

surveyed households and aggregates them into 18 groups as below: 

01 =: < $5,000  
02 =: $5,000 - $9,999  
03 =: $10,000 - $14,999  
04 =: $15,000 - $19,999  
05 =: $20,000 - $24,999  
06 =: $25,000 - $29,999  
07 =: $30,000 - $34,999  
08 =: $35,000 - $39,999  
09 =: $40,000 - $44,999  
10 =: $45,000 - $49,999  
11 =: $50,000 - $54,999  
12 =: $55,000 - $59,999  
13 =: $60,000 - $64,999  
14 =: $65,000 - $69,999  
15 =: $70,000 - $74,999  
16 =: $75,000 - $79,999  
17 =: $80,000 - $99,999  
18 =: > = $100,000 
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To calculate bid function, households were grouped based on their income. Fig. 18 depicts 

the frequency of these 18 income groups in Richmond. Each of these 18 aggregated 

households share bid function coefficient values. Hurtubia et al. and Waddell also aggregated 

households based on their incomes in their studies (Waddell, 2000; Hurtubia and Bierlaire, 

2013). 

Fig. 18: Frequency of income groups 

 

3.8 Correlation 

The correlation between all independent variables were measured to ensure no two variables 

are highly correlated. To measure and visualize correlations, the ‘corrplot’ package of R 

software was used (R, Package ‘corrplot,’ 2017). R is a free software for statistical computing 

and graphics. 

As it is illustrated in Fig. 19, there is a high correlation between Number of schools * Child and 

Number of schools, Number of schools * Child and Children, Race and %Race * Race. To 

avoid the negative effect of these correlations, they were not estimated together in the model 

at the same time.  Age was dropped from the estimation as the correlations between Age and 

Retired, Age and Children are high. The correlation shows as the Age increases, there is a 

higher possibility that the person is retired, and it is less likely that the children are still living 

with the household.  
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Fig. 19: Variable correlations 

3.8.1 Correlation of accessibilities 

The correlation between accessibilities of different modes of transport is high (Fig. 20). For 

example, if a zone has high accessibility to jobs by car, it has also high accessibility to jobs by 

transit. To avoid negative affect of this correlation, the accessibility by car was entered to the 

model. 

Fig. 20: correlation between accessibility of different modes of transport 
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Fig. 21 shows correlation between accessibility to different destinations. They are also highly 

correlated, so they were estimated separately. Srour et al. also mentioned the high correlation 

between accessibility to different destinations in their study (Srour et al., 2002). 

Fig. 21: correlation of accessibility to different destinations 
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4. Model estimation and results 

For bid function estimation, households were aggregated based on their incomes. Each of the 

aggregated households share the same bid function coefficient values. Initially, there were 18 

different income groups in the study area. Firstly, they were aggregated into six income groups 

and then three income groups. The model of three income groups outperformed six income 

groups, so the estimation was proceeded for three income groups (Appendix E). The utility of 

these three households can be written as below: 

Eq. 4-1: 

𝐵ℎ =  𝛽0 +  ∑ 𝛽𝑍𝑜𝑛𝑎𝑙 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠 ∗ 𝑍𝑜𝑛𝑎𝑙 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑒𝑠 + 

                      ∑ 𝛽𝐻𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠 ∗ 𝐻𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑒𝑠 + 

                      ∑ 𝛽𝑅𝑒𝑎𝑙 𝑒𝑠𝑡𝑎𝑡𝑒 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠 ∗ 𝑅𝑒𝑎𝑙 𝑒𝑠𝑡𝑎𝑡𝑒 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑒𝑠  

Eq. 4-2: 

𝐵𝑖𝑛𝑐𝑜𝑚𝑒_1 =  𝛽0_1 + 𝛽1 𝐴𝑐𝑐𝑒𝑠𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦 ∗  𝐴𝑐𝑐𝑒𝑠𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦 + 

                   𝛽1 𝑈𝑟𝑏𝑎𝑛 𝑜𝑟 𝑅𝑢𝑟𝑎𝑙 ∗  𝑈𝑟𝑏𝑎𝑛 𝑜𝑟 𝑅𝑢𝑟𝑎𝑙 + 

                        𝛽1 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑐ℎ𝑜𝑜𝑙𝑠 ∗  𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑐ℎ𝑜𝑜𝑙𝑠1 + 

                   𝛽1 % 𝐻𝑖𝑔ℎ 𝑖𝑛𝑐𝑜𝑚𝑒 ∗ 𝐻𝑖𝑔ℎ 𝑖𝑛𝑐𝑜𝑚𝑒 ∗  % 𝐻𝑖𝑔ℎ 𝑖𝑛𝑐𝑜𝑚𝑒 ∗  𝐻𝑖𝑔ℎ 𝑖𝑛𝑐𝑜𝑚𝑒 + 

                        𝛽1 % 𝐿𝑜𝑤 𝑖𝑛𝑐𝑜𝑚𝑒 ∗ 𝐻𝑖𝑔ℎ 𝑖𝑛𝑐𝑜𝑚𝑒 ∗  % 𝐿𝑜𝑤 𝑖𝑛𝑐𝑜𝑚𝑒 ∗  𝐻𝑖𝑔ℎ 𝑖𝑛𝑐𝑜𝑚𝑒 + 

                   𝛽1% 𝐸𝑑𝑢𝑐𝑎𝑡𝑒𝑑 ∗ 𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 ∗  % 𝐸𝑑𝑢𝑐𝑎𝑡𝑒𝑑 ∗  𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 + 

                   𝛽1 % 𝑅𝑎𝑐𝑒 ∗ 𝑅𝑎𝑐𝑒 ∗  % 𝑅𝑎𝑐𝑒 ∗  𝑅𝑎𝑐𝑒2 + 

                        𝛽1 𝐼𝑛𝑐𝑜𝑚𝑒 𝑧𝑜𝑛𝑎𝑙 ∗  𝐼𝑛𝑐𝑜𝑚𝑒 𝑧𝑜𝑛𝑎𝑙 + 

                   𝛽1𝑅𝑒𝑡𝑖𝑟𝑒𝑑 ∗  𝑅𝑒𝑡𝑖𝑟𝑒𝑑 + 

                        𝛽1 𝐺𝑒𝑛𝑑𝑒𝑟 ∗  𝐺𝑒𝑛𝑑𝑒𝑟 + 

                   𝛽1 𝐻𝑜𝑚𝑒 𝑡𝑦𝑝𝑒 ∗ ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝑠𝑖𝑧𝑒 ∗  𝐻𝑜𝑚𝑒 𝑡𝑦𝑝𝑒 ∗  ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝑠𝑖𝑧𝑒 

 

𝐵𝑖𝑛𝑐𝑜𝑚_2 =  𝛽0_2 + 𝛽2 𝐴𝑐𝑐𝑒𝑠𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦 ∗  𝐴𝑐𝑐𝑒𝑠𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦 + 

                   𝛽2 𝑈𝑟𝑏𝑎𝑛 𝑜𝑟 𝑅𝑢𝑟𝑎𝑙 ∗  𝑈𝑟𝑏𝑎𝑛 𝑜𝑟 𝑅𝑢𝑟𝑎𝑙 + 

                        𝛽2 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑐ℎ𝑜𝑜𝑙𝑠 ∗  𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑐ℎ𝑜𝑜𝑙𝑠 + 

                   𝛽2 % 𝐻𝑖𝑔ℎ 𝑖𝑛𝑐𝑜𝑚𝑒 ∗ 𝐻𝑖𝑔ℎ 𝑖𝑛𝑐𝑜𝑚𝑒 ∗  % 𝐻𝑖𝑔ℎ 𝑖𝑛𝑐𝑜𝑚𝑒 ∗  𝐻𝑖𝑔ℎ 𝑖𝑛𝑐𝑜𝑚𝑒 + 

                        𝛽2 % 𝐿𝑜𝑤 𝑖𝑛𝑐𝑜𝑚𝑒 ∗ 𝐻𝑖𝑔ℎ 𝑖𝑛𝑐𝑜𝑚𝑒 ∗  % 𝐿𝑜𝑤 𝑖𝑛𝑐𝑜𝑚𝑒 ∗  𝐻𝑖𝑔ℎ 𝑖𝑛𝑐𝑜𝑚𝑒 + 

                                                           
1 Or independent variables: Number of schools, or Children, these parameters have high correlation, 

so cannot enter to the model at the same time 
2 Or race 
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                   𝛽2% 𝐸𝑑𝑢𝑐𝑎𝑡𝑒𝑑 ∗ 𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 ∗  % 𝐸𝑑𝑢𝑐𝑎𝑡𝑒𝑑 ∗  𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 + 

                   𝛽2 % 𝑅𝑎𝑐𝑒 ∗ 𝑅𝑎𝑐𝑒 ∗  % 𝑅𝑎𝑐𝑒 ∗  𝑅𝑎𝑐𝑒 + 

                        𝛽2 𝐼𝑛𝑐𝑜𝑚𝑒 𝑧𝑜𝑛𝑎𝑙 ∗  𝐼𝑛𝑐𝑜𝑚𝑒 𝑧𝑜𝑛𝑎𝑙 + 

                   𝛽2𝑅𝑒𝑡𝑖𝑟𝑒𝑑 ∗  𝑅𝑒𝑡𝑖𝑟𝑒𝑑 + 

                        𝛽2 𝐺𝑒𝑛𝑑𝑒𝑟 ∗  𝐺𝑒𝑛𝑑𝑒𝑟 + 

                   𝛽2 𝐻𝑜𝑚𝑒 𝑡𝑦𝑝𝑒 ∗ ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝑠𝑖𝑧𝑒 ∗  𝐻𝑜𝑚𝑒 𝑡𝑦𝑝𝑒 ∗  ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝑠𝑖𝑧𝑒 

𝐵𝑖𝑛𝑐𝑜𝑚_3 =  𝛽0_3 + 𝛽3 𝐴𝑐𝑐𝑒𝑠𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦 ∗  𝐴𝑐𝑐𝑒𝑠𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦 + 

                   𝛽3 𝑈𝑟𝑏𝑎𝑛 𝑜𝑟 𝑅𝑢𝑟𝑎𝑙 ∗  𝑈𝑟𝑏𝑎𝑛 𝑜𝑟 𝑅𝑢𝑟𝑎𝑙 + 

                        𝛽3 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑐ℎ𝑜𝑜𝑙𝑠 ∗  𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑐ℎ𝑜𝑜𝑙𝑠 + 

                   𝛽3 % 𝐻𝑖𝑔ℎ 𝑖𝑛𝑐𝑜𝑚𝑒 ∗ 𝐻𝑖𝑔ℎ 𝑖𝑛𝑐𝑜𝑚𝑒 ∗  % 𝐻𝑖𝑔ℎ 𝑖𝑛𝑐𝑜𝑚𝑒 ∗  𝐻𝑖𝑔ℎ 𝑖𝑛𝑐𝑜𝑚𝑒 + 

                        𝛽3 % 𝐿𝑜𝑤 𝑖𝑛𝑐𝑜𝑚𝑒 ∗ 𝐻𝑖𝑔ℎ 𝑖𝑛𝑐𝑜𝑚𝑒 ∗  % 𝐿𝑜𝑤 𝑖𝑛𝑐𝑜𝑚𝑒 ∗  𝐻𝑖𝑔ℎ 𝑖𝑛𝑐𝑜𝑚𝑒 + 

                   𝛽3% 𝐸𝑑𝑢𝑐𝑎𝑡𝑒𝑑 ∗ 𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 ∗  % 𝐸𝑑𝑢𝑐𝑎𝑡𝑒𝑑 ∗  𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 + 

                   𝛽3 % 𝑅𝑎𝑐𝑒 ∗ 𝑅𝑎𝑐𝑒 ∗  % 𝑅𝑎𝑐𝑒 ∗  𝑅𝑎𝑐𝑒 + 

                        𝛽3 𝐼𝑛𝑐𝑜𝑚𝑒 𝑧𝑜𝑛𝑎𝑙 ∗  𝐼𝑛𝑐𝑜𝑚𝑒 𝑧𝑜𝑛𝑎𝑙 + 

                   𝛽3𝑅𝑒𝑡𝑖𝑟𝑒𝑑 ∗  𝑅𝑒𝑡𝑖𝑟𝑒𝑑 + 

                        𝛽3 𝐺𝑒𝑛𝑑𝑒𝑟 ∗  𝐺𝑒𝑛𝑑𝑒𝑟 + 

                   𝛽3 𝐻𝑜𝑚𝑒 𝑡𝑦𝑝𝑒 ∗ ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝑠𝑖𝑧𝑒 ∗  𝐻𝑜𝑚𝑒 𝑡𝑦𝑝𝑒 ∗  ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝑠𝑖𝑧𝑒 

Logit model does not provide absolute estimations of the utilities. This model is able to give 

relative values for willingness to pay, which is relative to one of the utilities (Hurtubia and 

Bierlaire, 2013). Normally, the alternative with the highest frequency will be normalized to zero. 

Based on Fig. 22, income group 3 has the highest frequency, so the constant of this alternative 

was set to be zero and constant of other alternatives will be estimated relative to this 

alternative.  

Fig. 22: Frequency of each income group in NHTS 
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The measurements will be done based on Eq. 4-10. The total number of each income group) 

was calculated from the census data of 2014 to be assumed as 𝐻ℎ (Table 8). 

𝑃ℎ/𝑣𝑖 = 
𝑒𝑥𝑝(𝜇 𝐵ℎ𝑣𝑖+𝑙𝑛 (𝐻ℎ))

∑ 𝑒𝑥𝑝 (𝜇 𝐵𝑣𝑖+𝑙𝑛 (𝐻𝑔))𝑔
   Eq. 4-10 

 
Table 8: Frequency of each income group in census data 

Household Group Frequency Ln(Frequency) 

Income_1 106,857 11.57 

Income_2 126,873 11.75 

Income_3 219,600 12.29 

 

The estimation was repeated for five different accessibility measurements, three different 

gravity accessibility measurements and two different cumulative accessibility measurements. 

Calculation of accessibilities was for three different destinations, jobs, population and retail 

jobs, so the estimation was repeated 15 times.  

To estimate 𝛽 parameters of the model, the Biogeme that uses maximum likelihood estimation 

method to estimate parameters of Logit model was used (Bierlaire, 2003). The NHTS’s 

reported weights were used during the estimation to adjust the survey and to produce reliable 

estimates (NHTS, 2009). 

 

4.1 Results and discussion 

The estimation was done for all the explanatory variables based on Eq. 5-2. Then, the 

variables that were not statistically significant1 dropped from the estimation. Following, there 

is an explanation about the findings during estimations: 

• Education: This variable was showing negative value that means if the households 

are educated, they are less likely to be selected by landlord. This result does not seem 

explainable, so this variable removed from the final estimation. 

• Race: this variable due to negative value dropped from the estimation. The negative 

value means households do not value zones where their race is dominant. This result 

was not explainable either.  

                                                           
1 Statistical significance at the 10% level means p-value is less than 0.1 
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• Accessibility: this parameter was assumed to be significant for both group of 

households. Some accessibility measurements were important for both income 

groups, but some were important for one of the income groups. 

• % high income * high income, % Low income * High income, % Educated * 

Education, % Race * Race, Zonal income, Number of schools, Number of schools 

* Child: although at the beginning it was assumed that these parameters will be 

significant, but they dropped during the estimation due to their insignificancy.  

The estimation was repeated for 15 different accessibility measurements. These 15 different 

outputs of the estimations were compared with each other based on their final log-likelihood 

(Table 8). It is assumed that the one with the smallest final log-likelihood, closer to zero, is the 

best representor of the study area (Hurtubia and Bierlaire, 2013). Table 8 shows the 

explanatory variables of the model. The results presented in Table 8 belong to traditional 

cumulative accessibility measurement for retail jobs (Eq. 3-12). Later, it will be shown that this 

accessibility measurement outperforms other accessibility measurements. The statistical 

summary of the estimation is given in Table 9. 

Table 8: Estimation results for Richmond, Virginia 

Income group Variable Value t-test 

Income_1 Constant_1 -0.107 -0.78 
Income_2 Constant_2 -0.0207 -0.12 
Income_3 Constant_3 0.01 

 

Income_1 Accessibility_12 3.35 7.94 
Income_2 Accessibility_2 1.04 2.44 

Income_1 Children_1 -0.329 -2.01 
Income_2 Children_2 -0.617 -4.66 

Income_1 Gender_1 -1.19 -9.61 
Income_2 Gender_2 -0.474 -4.30 

Income_2 Home type * household size_2 0.0627 2.04 

Income_1 Retired_1 1.43 9.64 
Income_2 Retired_2 0.438 3.34 

Income_2 Urban or Rural_2 0.317 2.83 
 

 

                                                           
1 Under-identification of Logit model, the constant for income level 3 is manually fixed to zero 

(Hurtubia and Bierlaire, 2013) 
2 Destination Summation accessibility measurement to retail jobs 
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Table 9: Statistical summary of the estimation 

Parameter Estimate 

Model Logit 

Number of observations 2010 

Final log likelihood -1941.270 

Rho-square 0.121 

 

Following, there are explanations about the significant variables: 

Accessibility: As it was predictable, accessibility is one of the explanatory variables for both 

income groups. The positive value of this parameter indicates that zones with high accessibility 

to retail jobs attract both groups of households. Importance of accessibility to retail jobs was 

observed also in the other studies for Boston and Eugene-Springfield (Waddell, 2000; Citilabs, 

2013).  

Children: Households with children in both income groups are less likely to win real estate 

auctions. This means that landlords are not willing to choose households with children. 

Gender: The gender parameter takes 1 for male gender, so the results are related to the male 

households. Gender is an explanatory variable for both income groups. The negative sign of 

the gender indicates that in households that the head of household is male have less chance 

to win the real estate auctions. 

Home type * household size_2: This dummy parameter tests whether larger households 

prefer to live in detached dwellings or not. The result indicates that larger household in income 

group 2 desire to live in detached dwellings. This result was observed also in a study in 

Brussels (Hurtubia and Bierlaire, 2013). 

Retired: This parament indicates that how landlords react to retired households and is 

significant for both income groups. The positive value of it reveals that retired households have 

more chance to win the real estate auctions.  

Urban or Rural_2: This parameter is significant for income group 2. The positive sign of it 

shows that households of income group 2, richer households, prefer to locate in urban areas. 
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Constants: Constant of the utility function is the expected mean that the utility function gets 

when all independent variables are equal to zero and it is a representor for the variables that 

were not included in the utility function. The constants of this model do not appear to be 

significant, it can be assumed that the variables that were considered in the model do not 

explain the choice completely. However, the negative sign for constants could be due to the 

positive contribution of existing variable to the utility of the alternatives.  

 

4.2 Accessibility measurements’ comparison 

As stated earlier, accessibility measurements for this study include three different gravity 

accessibility measurements and two different cumulative accessibility measurements for three 

different destinations: jobs, population and retail jobs. A brief comparison between these 

accessibility measurements and their significance is given in Table 10. Gravity accessibility 

measurement based on Eq. 2-2 for jobs, population and retail jobs, plus, gravity accessibility 

measurement based on Eq. 2-3 for jobs and for retail jobs, plus, gravity accessibility Eq. 2-4 

for jobs and retail jobs were not significant. In other words, their t-tests were not great, and 

they dropped during the estimations.  

All added accessibility measurements in Table 10 with their final log-likelihood were significant. 

The final log-likelihood and R2 of these significant accessibility measurements differ slightly 

from each other. However, the traditional cumulative accessibility measurement for retail jobs 

has the best final log-likelihood1, which indicates that this accessibility is the best fit to the 

estimation data (Hurtubia and Bierlaire, 2013). This cumulative accessibility measurement 

outperforms other accessibility measurements, which is immediately followed by gravity Eq. 

2-4 accessibility measurement for population. Furthermore, just these two accessibility 

measurements were significant for both income groups and all the other were significant for 

the first income group.  

The power of cumulative accessibility measurement in explaining residentials’ location choice 

was also showed by Srour et al. (Srour et al., 2002). This finding is helpful in defining 

transportation policies. For example, in a location if accessibility for retail jobs, increases in a 

way that they are accessible within 20 minutes by car2, more households will attract to locate 

in that location. 

                                                           
1 Closer to zero 
2 Refer to assumptions in calculating traditional cumulative accessibility measurement 
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Access score or weighted cumulative accessibility measurement is significant for all three 

destinations and for income group one. It shows that low income households (income_1) not 

only prefer good accessibility to jobs, population and retail jobs but also in their perception of 

accessibility, they value closer opportunities more.  

Table 10: Estimation results for different accessibility measurements 

Accessibility  
Final log-
likelihood 

R2 Significance Income groups 

Gravity  
   

 
 

 Jobs - - Not significant  

Based on Eq. 2-2  Population - - Not significant  

 Retail jobs - - Not significant  

 Jobs - - Not significant  

Based on Eq. 2-3 Population -1978.919 0.104 - Income_1 

 Retail jobs - - Not significant  

 Jobs - - Not significant  

Based on Eq. 2-4 Population -1963.762 0.111 - Income_1 & _2 

 Retail jobs - - Not significant  

Destination 
Summation 

Jobs -1973.569 0.106 - Income_1 

Population -1972.639 0.107 - Income_1 

Retail jobs -1941.27 0.121 - Income_1 & _2 

Access Score 

Jobs -1977.246 0.105 - Income_1 

Population -1977.07 0.105 - Income_1 

Retail jobs -1981.268 0.103 - Income_1 

 

 

4.3 Gravity Eq. 2-4 accessibility measurement 

As it is stated earlier, gravity Eq. 2-4 accessibility measurement for population is one of the 

significant accessibility measurements. This accessibility measurement was calculated for 

different 𝛼 and 𝛽. 𝛼 defines the weight of populated areas and 𝛽 is a parameter with negative 

sign to reflect that the nearby destinations get greater weight. The result of estimations 

revealed that the final log-likelihood of these four gravity Eq. 2-4 accessibilities differ slightly 

from each other (Table 11), however, the final log-likelihood of the first model with 𝛼 = 1.0 and 

𝛽 = 0.5 which means high impact of travel time and low impact of urban centers has the best 
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fit to the estimation data. In other words, accessibility measurement which was calculated 

based on assuming that households value more in travel time to populated zones rather than 

amount of the population in the zone describes better households’ interpretation of 

accessibility. These accessibility measurements were visualized in Fig. 23, Fig. 24, Fig. 25 

and Fig. 26. 

Table 11: Estimation results for gravity Eq. 2-4 accessibility measurement to population 

α β 
Final log-
likelihood 

R2 impact of the two parameters α and β 

1.0 0.5 -1963.762 0.111 High impact of travel time, low impact of urban centers 

1.0 0.3 -1971.342 0.107 Low impact of travel time, low impact of urban centers 

1.5 0.5 -1977.364 0.105 High impact of travel time, high impact of urban centers  

1.5 0.3 -1981.204 0.103 Low impact of travel time, high impact of urban centers 
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Fig. 23: Gravity Eq. 2-4 accessibility measurement with 𝜶 = 𝟏. 𝟎, 𝜷 = 𝟎. 𝟓  
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Fig. 24: Gravity Eq. 2-4 accessibility measurement with 𝜶 = 𝟏. 𝟎, 𝜷 = 𝟎. 𝟑

              

            

      

        

          

           

           

           

           

           

           

            

      

              

            

       

          

           

           

            

             

             

             

             

             

      



Model estimation and results 

53 
 

 

Fig. 25: Gravity Eq. 2-4 accessibility measurement with 𝜶 = 𝟏. 𝟓, 𝜷 = 𝟎. 𝟓
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Fig. 26: Gravity Eq. 2-4 accessibility measurement with 𝜶 = 𝟏. 𝟓, 𝜷 = 𝟎. 𝟑 
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5. Conclusion 

The aim of this thesis was to assess the role of accessibility in households’ location choice. 

To do this, the census 2010 and NHTS 2009 were used to determine the zonal attributes, the 

household attributes and the real estate attributes of each household surveyed in the study 

area, Richmond, Virginia. The altitude and latitude of the households surveyed by NHTS were 

used to place each household in the ArcMap to determine the zonal attributes. The household 

attributes and the real estate attributes were extracted directly from the NHTS. To measure 

accessibility, which was assumed to be a zonal attribute, the Sugar Access of Citilabs, an 

application for ArcGIS, was used. Accessibility to three different destinations-- jobs, population 

and retail jobs-- and five different accessibility measurement methods were chosen to be 

tested for this thesis. These methods include three different gravity accessibility 

measurements and two different cumulative accessibility measurements including the 

weighted cumulative accessibility measurement, meaning that nearer destinations were 

weighted more than farther destinations. Overall, 15 accessibility measurements were taken 

for this thesis. 

A bid-auction approach to modeling households’ location choice was estimated with the help 

of an aggregated Logit method (Martinez, 1992). This Logit model was estimated with the 

Biogeme package (Bierlaire, 2003) . In this method, aggregated households are alternatives, 

so the households were aggregated based on their incomes. It is assumed that these 

aggregated households share bid function coefficient values.  

In contrast to earlier predictions, the importance of many parameters dropped due to their 

insignificance. Examples of these would be the race and educational status of households, 

average zonal income, the percentage of educated people and the percentage of people with 

the same race as the household in the zone. However, after estimating different attributes, the 

following attributes were used to determine the model: accessibility, existence of children, 

household’s gender, retirement status, house type and urbanization of the zone. Households 

generally prefer to locate in urbanized zones with more accessibility while larger households 

are more interested in living in detached dwellings. Furthermore, retired households have 

higher chances of winning the real estate auctions. Landlords are not willing to choose 

households with children and households with a male head.  

In the next step of this thesis, different accessibility measurements methods were examined. 

Some of the methods, such as gravity based on Eq. 2-2, accessibility measurements of all the 

destinations mentioned, gravity based on Eq. 2-3, and Eq. 2-4 accessibility measurements for 
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jobs and retail jobs, were not significant. Cumulative accessibility measurements1 and 

weighted cumulative accessibility measurements2 for all destinations were significant. 

Furthermore, gravity based on Eq. 2-3 and Eq. 2-4 accessibility measurements for population 

were also statistically significant. The final log-likelihoods of these significant accessibility 

measurements were slightly different. However, the final log-likelihood of the cumulative 

accessibility measurement for retail jobs outperforms other accessibility measurements, which 

is immediately followed by the gravity Eq. 2-4 accessibility measurement for population. It 

means in a location defining new policies in a way to increase accumulative accessibility to 

retail jobs will lead to higher attraction of the location for the households.  

In another estimate, gravity Eq. 2-4 accessibility measurements for population with four 

different calibration parameters were modeled. These calibration parameters clarify the 

impacts of travel time and urban centers. The result of the estimations shows that all these 

four models are statistically significant. Though, the gravity Eq. 2-4 accessibility with 𝛼 = 1.0 

and 𝛽 = 0.5 outperforms other gravity Eq. 2-4 accessibility measurements, which means high 

impact of travel time and low impact of urban centers explain the best fit to the estimation data.  

 

5.1 Limitations and suggestions 

The main limitation of this study was related to the available data and number of recorded 

households in NTHS data. Some of the limitations and suggestions of this study can be listed 

as below: 

• Three groups of attributes were needed to model households’ location choice: zonal 

attributes, household attributes and real estate attributes. The real estate attributes such 

as dwelling size, age, number of bathrooms, number of bedrooms, number of rooms were 

missing in dataset. Dwelling type, was the only real estate attribute that was available for 

the study area of this thesis. The estimations revealed the importance of dwelling type. 

Accordingly, other real estate attributes might also be explanatory. 

• Increasing the sample size by collecting more recorded households would lead to better 

estimation of households’ location choice (Bierlaire, 2016). Only 2010 surveyed household 

were available in the study area. Furthermore, the two available sources for the study area 

of this thesis were from different years. The census data was from 2010 and the NTHS 

                                                           
1 Called Destination Summation by Citilabs 
2 Called Access Score by Citilabs 
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was from 2009. It was assumed that this difference does not affect the purpose of this 

thesis. 

• The study area, Richmond, Virginia, was divided into 746 zones. The NTHS was covering 

households from 605 zones and there was no available household surveyed in the rest of 

141 zones. Improving the data by covering all zones of the study area will improve the 

output. 

• For this study, households were aggregated based on their income. Applying other 

methods of aggregating households can help in better understanding of households’ 

location choice.  

• In the case of availability, other parameter such as number of crime, air quality and 

accessibility to recreational, shopping centers can be checked. 

• Validation of the model was not within the scope of this thesis. However, it is necessary 

for further use of outcomes of this work. 
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Appendix C: Example of explanatory variables used in similar studies 

 

Title Boston Region Land Use Model 
(Citilabs, 2013) 

A behavioral simulation model for 
metropolitan policy 
analysis and planning: residential 
location and housing 
market components of UrbanSim 
(Waddell, 2000) 

Estimation of Bid Functions for 
Location Choice 
and Price Modeling with a Latent 
Variable Approach (Hurtubia and 
Bierlaire, 2013) 

An Empirical Investigation into 
the Performance of 
Ellickson’s Random Bidding 
Model, with an 
Application to Air Quality 
Valuation (Chattopadhyay, 
1997) 

Publish year 2013 2000 2013 1997 

Researchers Citilabs Inc. Paul Waddell Ricardo Hurtubia and Michel Bierlaire Sudip Chattopadhyay 

Approach Bid-auction Bid-auction Bid-auction Bid-auction 

Estimation 
method 

Martinez Martinez Ellickson Elickson 

Place Boston/USA Lane County/USA Brussels/Belgium Chicago/USA 

Explanatory 
variables 

• household size 

• age of head of household 

• a dummy variable for low 
household income  

• drive access to retail jobs 

• of drive access to service jobs 

• number of rooms per unit 

• multi-family indicator 

• transit access 

• drive access to basic sector 
employment 

• housing type 

• accessibility to total employment 

• accessibility to retail employment 

• density of a particular housing 
type in a zone 

• number of housing units of a 
particular type in the zone 

• average age of the buildings 

• Percentage of households in a 
zone in different income group 

• Travel time to the CBD 

• surface (m2) × log(sizeh)  

• is housev(dummy) × size2h  

• high educi (%) × high educh  

• high inci (%) × mid/high incomeh  

• low inci (%) × high incomeh  

• PT accessibilityi  

• car accessi  

• industryi (jobs/m2) × high incomeh  

• officei (jobs/m2) × workers 

• number of rooms 

• Age of the house 

• Total area of the lot 

• Garage 

• Median zonal income 

• Distance to downtown 

• Environmental attributes 

• Race 

• income 

Alternatives Aggregated households based on 
their age and family status 

Different income groups Different income groups Income, presence or absence of 
children 
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Appendix D: Visualized accessibility measurements

 

Fig. 27: Traditional cumulative accessibility measurements (Destination Summation) for retail jobs 
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Fig. 28: Cumulative accessibility measurement (Access Score) for population 
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Appendix E: The Biogeme output of aggregation  

Table 12: Statistical summary of different aggregation estimations 

Parameter 3 income groups 6 income groups 

Model Logit Logit 

Number of observations 2010 2010 

Final log likelihood -1977.246 -3201.283 

Rho-square 0.105 0.111 

Accessibility measurement Access score Access score 

 

Output of 3 income groups: 

Model: Logit 

Number of estimated parameters: 11 

Number of observations: 2010 

Null log likelihood: -2208.211 

Cte log likelihood: -1995.014 

Init log likelihood: -2136.846 

Final log likelihood: -1977.246 

Likelihood ratio test: 461.930 

Rho-square: 0.105 

Final gradient norm: +8.175e-003 

Diagnostic: Convergence reached... 

Variance-covariance: from analytical hessian 

 

Name Value Std err t-test p-value 

ASC_Income1 -0.0517 0.190 -0.27 0.79 

ASC_Income2 0.138 0.163 0.85 0.40 

ASC_Income3 0.000 fixed   

BETA_AccessScoreWorkCar1 0.00872 0.00233 3.74 0.00 

BETA_AccessScoreWorkCar3 0.000 fixed   

BETA_Child1 -0.459 0.158 -2.91 0.00 

BETA_Child2 -0.662 0.132 -5.01 0.00 

BETA_Child3 0.000 fixed   

BETA_Gender1 -1.23 0.121 -10.18 0.00 

BETA_Gender2 -0.502 0.111 -4.52 0.00 

BETA_Gender3 0.000 fixed   

BETA_HomeTypeHhsize2 0.0607 0.0307 1.97 0.05 

BETA_HomeTypeHhsize3 0.000 fixed   

BETA_Retired1 1.30 0.143 9.08 0.00 

BETA_Retired2 0.404 0.132 3.07 0.00 

BETA_Retired3 0.000 fixed   

BETA_URBRUR2 0.329 0.112 2.93 0.00 

BETA_URBRUR3 0.000 fixed   
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Name Value Std err t-test p-value 

Lnhh1 11.6 fixed   

Lnhh2 11.8 fixed   

Lnhh3 12.3 fixed   

 

Output of 6 income groups: 

 

Model: Logit 

Number of estimated parameters: 20 

Number of observations: 2010 

Null log likelihood: -3601.437 

Cte log likelihood: -3145.937 

Init log likelihood: -3383.951 

Final log likelihood: -3201.283 

Likelihood ratio test: 800.307 

Rho-square: 0.111 

Final gradient norm: +1.286e-002 

Diagnostic: Convergence reached... 

Variance-covariance: from analytical hessian 

 

Name Value Std err t-test p-value 

ASC_Income1 -0.364 0.272 -1.33 0.18 

ASC_Income2 0.808 0.140 5.75 0.00 

ASC_Income3 0.544 0.141 3.85 0.00 

ASC_Income4 0.653 0.165 3.97 0.00 

ASC_Income5 0.546 0.140 3.89 0.00 

ASC_Income6 0.000 fixed   

BETA_AccessScoreWork1 0.0151 0.00334 4.52 0.00 

BETA_AccessScoreWork6 0.000 fixed   

BETA_Child2 -0.845 0.197 -4.29 0.00 

BETA_Child3 -0.628 0.175 -3.59 0.00 

BETA_Child4 -0.901 0.153 -5.91 0.00 

BETA_Child5 -0.403 0.164 -2.46 0.01 

BETA_Child6 0.000 fixed   

BETA_Gender1 -1.29 0.166 -7.76 0.00 

BETA_Gender2 -1.48 0.151 -9.80 0.00 

BETA_Gender3 -0.798 0.147 -5.44 0.00 

BETA_Gender4 -0.484 0.144 -3.35 0.00 

BETA_Gender5 -0.588 0.164 -3.60 0.00 

BETA_Gender6 0.000 fixed   

BETA_Retired1 1.52 0.158 9.64 0.00 

BETA_Retired2 1.11 0.155 7.16 0.00 

BETA_Retired3 0.565 0.156 3.61 0.00 

BETA_Retired6 0.000 fixed   
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Name Value Std err t-test p-value 

BETA_URBRUR1 -0.426 0.154 -2.76 0.01 

BETA_URBRUR4 0.265 0.147 1.81 0.07 

BETA_URBRUR6 0.000 fixed   

lnhh1 10.7 fixed   

lnhh2 11.0 fixed   

lnhh3 11.1 fixed   

lnhh4 11.0 fixed   

lnhh5 10.8 fixed   

lnhh6 12.0 fixed   
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Appendix F: The Biogeme output of traditional cumulative accessibility 

measurement to retail jobs 

Model: Logit 

Number of estimated parameters: 12 

Number of observations: 2010 

Number of individuals: 2010 

Null log likelihood: -2208.211 

Cte log likelihood: -1995.014 

Init log likelihood: -2136.846 

Final log likelihood: -1941.270 

Likelihood ratio test: 533.882 

Rho-square: 0.121 

Adjusted rho-square: 0.115 

Final gradient norm: +1.314e-002 

Diagnostic: Convergence reached... 

Iterations: 14 

Variance-covariance: from analytical hessian 

 

Name Value Std err t-test p-value 

ASC_Income1 -0.107 0.137 -0.78 0.43 

ASC_Income2 
-

0.0207 
0.170 -0.12 0.90 

ASC_Income3 0.000 fixed   

BETA_AutoDesRetail1 3.35 0.422 7.94 0.00 

BETA_AutoDesRetail2 1.04 0.427 2.44 0.01 

BETA_AutoDesRetail3 0.000 fixed   

BETA_Child1 -0.329 0.164 -2.01 0.04 

BETA_Child2 -0.617 0.132 -4.66 0.00 

BETA_Child3 0.000 fixed   

BETA_Gender1 -1.19 0.124 -9.61 0.00 

BETA_Gender2 -0.474 0.110 -4.30 0.00 

BETA_Gender3 0.000 fixed   

BETA_HomeTypeHhsize2 0.0627 0.0307 2.04 0.04 

BETA_HomeTypeHhsize3 0.000 fixed   

BETA_Retired1 1.43 0.148 9.64 0.00 

BETA_Retired2 0.438 0.131 3.34 0.00 

BETA_Retired3 0.000 fixed   

BETA_URBRUR2 0.317 0.112 2.83 0.00 

BETA_URBRUR3 0.000 fixed   

Lnhh1 11.6 fixed   

Lnhh2 11.8 fixed   

Lnhh3 12.3 fixed   
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Appendix G: The Biogeme output of gravity Eq. 2-4 accessibility 

measurements 

𝜶 = 𝟏. 𝟎, 𝜷 = 𝟎. 𝟓: 

Model: Logit 

Number of estimated parameters: 12 

Number of observations: 2010 

Null log likelihood: -2208.211 

Cte log likelihood: -1995.014 

Init log likelihood: -2136.846 

Final log likelihood: -1963.762 

Likelihood ratio test: 488.897 

Rho-square: 0.111 

Diagnostic: Convergence reached... 

Variance-covariance: from analytical hessian 

 

Name Value 
Std 

err 

t-

test 

p-

value 

ASC_Income1 
-

0.0191 
0.141 -0.14 0.89 

ASC_Income2 
-

0.0758 
0.175 -0.43 0.66 

ASC_Income3 0.000 fixed   

BETA_AutoHansenPop1 3.21 0.513 6.26 0.00 

BETA_AutoHansenPop2 1.40 0.481 2.91 0.00 

BETA_AutoHansenPop3 0.000 fixed   

BETA_Child1 -0.442 0.160 -2.77 0.01 

BETA_Child2 -0.630 0.132 -4.76 0.00 

BETA_Child3 0.000 fixed   

BETA_Gender1 -1.23 0.122 
-

10.04 
0.00 

BETA_Gender2 -0.478 0.111 -4.30 0.00 

BETA_Gender3 0.000 fixed   

BETA_HomeTypeHhsize2 0.0588 0.0308 1.91 0.06 

BETA_HomeTypeHhsize3 0.000 fixed   

BETA_Retired1 1.35 0.145 9.34 0.00 

BETA_Retired2 0.438 0.132 3.32 0.00 

BETA_Retired3 0.000 fixed   

BETA_URBRUR2 0.321 0.112 2.85 0.00 

BETA_URBRUR3 0.000 fixed   

Lnhh1 11.6 fixed   

Lnhh2 11.8 fixed   

Lnhh3 12.3 fixed   
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𝜶 = 𝟏. 𝟎, 𝜷 = 𝟎. 𝟑: 

Model: Logit 

Number of estimated parameters: 12 

Number of observations: 2010 

Null log likelihood: -2208.211 

Cte log likelihood: -1995.014 

Init log likelihood: -2136.846 

Final log likelihood: -1971.342 

Likelihood ratio test: 473.737 

Rho-square: 0.107 

Final gradient norm: +1.297e-002 

Diagnostic: Convergence reached... 

Variance-covariance: from analytical hessian 

 

Name Value 
Std 

err 

t-

test 

p-

value 

ASC_Income1 0.0799 0.142 0.56 0.57 

ASC_Income2 
-

0.00337 
0.176 -0.02 0.98 

ASC_Income3 0.000 fixed   

BETA_Child1 -0.468 0.158 -2.95 0.00 

BETA_Child2 -0.645 0.132 -4.87 0.00 

BETA_Child3 0.000 fixed   

BETA_Gender1 -1.24 0.122 
-

10.21 
0.00 

BETA_Gender2 -0.488 0.111 -4.39 0.00 

BETA_Gender3 0.000 fixed   

BETA_HomeTypeHhsize2 0.0594 0.0308 1.93 0.05 

BETA_HomeTypeHhsize3 0.000 fixed   

BETA_Htwo1 2.66 0.526 5.05 0.00 

BETA_Htwo2 0.917 0.497 1.85 0.06 

BETA_Htwo3 0.000 fixed   

BETA_Retired1 1.32 0.144 9.19 0.00 

BETA_Retired2 0.422 0.132 3.20 0.00 

BETA_Retired3 0.000 fixed   

BETA_URBRUR2 0.323 0.112 2.88 0.00 

BETA_URBRUR3 0.000 fixed   

Lnhh1 11.6 fixed   

Lnhh2 11.8 fixed   

Lnhh3 12.3 fixed   
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𝜶 = 𝟏. 𝟓, 𝜷 = 𝟎. 𝟓: 

Model: Logit 

Number of estimated parameters: 11 

Number of observations: 2010 

Null log likelihood: -2208.211 

Cte log likelihood: -1995.014 

Init log likelihood: -2136.846 

Final log likelihood: -1977.364 

Likelihood ratio test: 461.694 

Rho-square: 0.105 

Final gradient norm: +9.682e-003 

Diagnostic: Convergence reached... 

Variance-covariance: from analytical hessian 

 

Name Value Std err t-test p-value 

ASC_Income1 0.292 0.131 2.23 0.03 

ASC_Income2 0.138 0.163 0.85 0.40 

ASC_Income3 0.000 fixed   

BETA_Child1 -0.496 0.158 -3.14 0.00 

BETA_Child2 -0.663 0.132 -5.02 0.00 

BETA_Child3 0.000 fixed   

BETA_Gender1 -1.26 0.121 -10.39 0.00 

BETA_Gender2 -0.501 0.111 -4.50 0.00 

BETA_Gender3 0.000 fixed   

BETA_HomeTypeHhsize2 0.0603 0.0307 1.96 0.05 

BETA_HomeTypeHhsize3 0.000 fixed   

BETA_Hthree1 1.36 0.353 3.86 0.00 

BETA_Hthree3 0.000 fixed   

BETA_Retired1 1.29 0.143 9.05 0.00 

BETA_Retired2 0.404 0.132 3.06 0.00 

BETA_Retired3 0.000 fixed   

BETA_URBRUR2 0.329 0.112 2.93 0.00 

BETA_URBRUR3 0.000 fixed   

Lnhh1 11.6 fixed   

Lnhh2 11.8 fixed   

Lnhh3 12.3 fixed   
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𝜶 = 𝟏. 𝟓, 𝜷 = 𝟎. 𝟑: 

Model: Logit 

Number of estimated parameters: 11 

Number of observations: 2010 

Null log likelihood: -2208.211 

Cte log likelihood: -1995.014 

Init log likelihood: -2136.846 

Final log likelihood: -1981.204 

Likelihood ratio test: 454.013 

Rho-square: 0.103 

Final gradient norm: +8.178e-003 

Diagnostic: Convergence reached... 

Variance-covariance: from analytical hessian 

 

Name Value Std err t-test p-value 

ASC_Income1 0.384 0.129 2.99 0.00 

ASC_Income2 0.140 0.163 0.86 0.39 

ASC_Income3 0.000 fixed   

BETA_Child1 -0.514 0.157 -3.27 0.00 

BETA_Child2 -0.663 0.132 -5.01 0.00 

BETA_Child3 0.000 fixed   

BETA_Gender1 -1.27 0.121 -10.49 0.00 

BETA_Gender2 -0.501 0.111 -4.50 0.00 

BETA_Gender3 0.000 fixed   

BETA_Hfour1 0.881 0.328 2.68 0.01 

BETA_Hfour3 0.000 fixed   

BETA_HomeTypeHhsize2 0.0600 0.0308 1.95 0.05 

BETA_HomeTypeHhsize3 0.000 fixed   

BETA_Retired1 1.28 0.143 8.96 0.00 

BETA_Retired2 0.403 0.132 3.06 0.00 

BETA_Retired3 0.000 fixed   

BETA_URBRUR2 0.328 0.112 2.92 0.00 

BETA_URBRUR3 0.000 fixed   

Lnhh1 11.6 fixed   

Lnhh2 11.8 fixed   

Lnhh3 12.3 fixed   

 


