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Vehicle Transaction

Vehicle Transaction

A Vehicle Ownership Models

I Aggregate Vehicle Ownership Models

A Total number of vehicles in a zone during a period of time
(GDP, Fuel Price, etc)

A Watch a population cohort over time (License holding behavior)
A Studying demand and supply of car market
I Disaggregate Vehicle Ownership Models

A Static Models
A Dynamic Models
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Vehicle Transaction

Vehicle Transaction

I Dynamic Models

A Dynamic caownership models assume that
no transaction will take place as long as the
household maintains its utility level with
respect to its vehicle fleet.
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A Transaction timings thecentral variablein a !

vehicle transaction model or a dynamic !
vehicle ownership model. . ,
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Vehicle Transaction

A Vehicle Ownership Models

I Dynamic Models

A A Joint vehicle transaction timing and type
decision model is presented here

Vehicle Transaction Vehicle Transaction
Type Timing
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Residential Relocation

A Residential and Job Relocation Timing Decision

I Residential and job search behaviors are commonly discussed
together because of their close relationship.

I This link between these two decisiomgmmute distance
has convinced the researchers to jointly model these two
decisions

I Job search behavior is generally more complex than
residential search behavior because more external agents
suchasi KS SYLJX 28 SNWa 0SKI OA2NE
job opportunitiesaffect employment location opportunities.
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Residential Relocation

A Residential and Job Relocation Timing Decision

A Timing Decision (Jointly)

Vehicle Transaction Timing Decision

I

I

Residential Relocation Decision

Job Relocation Decision
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Residential Relocation

A Housing Search Model
A Conditional on residential relocation timing

A The housing search process Vehicle Transaction Timing Decision
starts with an alternative T T
form§t|on and Screening Stage' Residential Relocation Decision — Job Relocation Decision
At this level households evaluate 1
all potential alternatives based
on their Iifestyle preferences Screening Feasible Housing Alternative F-

and utilities to form a
manageable choice set with a
limited number of plausible
alternatives.
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Residential Relocation

A Housing Search Model
A Conditional on residential relocation timing

A A household specific choice set is Vehicle Transaction Timing Decision
drawn from the entire possible t T
alternatives in the area based o

q Residential Relocation Decision
the average household work 1

distance to each alternative

a

Job Relocation Decision

\ 4
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!
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Residential Relocation

A Housing Search Model
A Conditional on residential relocation timing

A FO”OWing the choice set Vehicle Transaction Timing Decision
formation step, a discrete choice t . T
model is utilized for modellng Residential Relocation Decision - Job Relocation Decision

the final residential zone 1
selection of the household.

—rr—

Screening Feasible Housing Alternative

. . Search Process
Forming a Manageable Choice Set

|
|
|
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I
|
|
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A Major Datasets

Household automobile ownership in TorontoPuget Sound Transportation Panel Surv

—

Panel data A longitudinal panel survey

900 households 10 waves from 1989 to 2002 in Seattle

9 years period from 1990 to 1998 The last three waves of the PSTP are used

Decision Making Unitndividuals within a

. : o in this study to estimate the parameters
household that make vehicle ownership decisions in —

conjunction with each other) | of the model. ]

|
Additional Data

The builtenvironment characteristics were borrowed from af
adjunct survey of the PSTPiousing Search and
Interdependencies among the major household decisions)-
Land values and house prices are mainly obtained by county
assessment departmen{siousing Search)

Provided by Puget Sound Regional Souncil

TahaHosseinRashidi University of lllinois at Chicago



HazardBased Duration Model General Methodology

Hazard-Based Duration Models, Methodology

A Continuous Formulation

I The hazard function can be expressed as a function of the probability
density functionf(t) and the cumulative distribution functioR(t), as
shown in the following equation.

TahaHosseinRashidi University of lllinois at Chicago



HazardBased Duration Model
Different Parametric Models

Analysis on Different Parametric Hazard Models

A Model Definitions

Eight parametric hazard formulations are developed and their

goodnessof-fits are compared against each other.

[ Discrete ] [ Continuous]

v v v v
[ Weibull ] [ Loglogistic ] [ Weibull ] [ Loglogistic ]
No Gamma No Gamma No Gamma No Gamma
[ Heterogeneity] [ Heterogeneity] [ Heterogeneity] [ Heterogeneity] [ Heterogeneity] [ Heterogeneity] [ Heterogeneity] [ Heterogeneity]

DWNH DWGH DLNH DLGH CWNH CWGH CLNH CLGH
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HazardBased Duration Model
Different Parametric Models

Analysis on Different Parametric Hazard Models

A M_Ode”ng Resul_ts _ _ is a criterion fomodel selectioramong a class of
A Eight Models with alternative baseline hg|  parametric models with different numbers of

heterogeneity parameters.
Model Type Likelhood at Convergence Number of Parameters BIC
CWNH -1280.84 26 1366.42° @ The continuous
model with monotonic

CWGH -1280.76 28 137293 . ﬁiﬁ% éwafd
CLNH -1280.84 28 = 1373.01 other

Q ngiigarelscluding
CLGH -1284.08 31 0% 1386.12) USSR § o¥id
DWNH -1292.17 26 =g 1377.75) L%etroggéw\ﬂ Es
DWGH -1290.64 28 ;g 1382.81 . general goodness-of-
DLNH -1291.97 28 = 1384.14 fit of the models
DLGH -1291.67 31 1393.71

BIC=- In(L;)+0.5p In(N)

In(L¢) is the log-likelihood value at convergence
p is the number of parameters

N is the number of samples
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Different Parametric Models

Analysis on Different Parametric Hazard Models

A Modeling Results
A Eight Models with alternative baseline hazard and gamma distributions for

heterogeneity

Model Type Likelhood at Convergence Number of Parameters BIC

CWNH -1280.84 26 1366.4

CWGH -1280.76 28 1372.93 Weibull
models have

CLNH -1280.84 28 1373.01 smaller BIC

CLGH -1284.08 31 1386.12 values which

DWNH -1292.17 26 1377.75) gy {ﬂ“g)‘/‘%ﬁ hat

DWGH -1290.64 28 1382.81 better model

DLNH -1291.97 28 1384.14 fits.

DLGH -1291.67 31 1393.7 8

BIC=- In(L;)+0.5p In(N)

In(L ) is the log-likelihood value at convergence SHSP= PAATCIGS of

log-logistic baseline

. hazards were al
p is the number of parameters | e |
N is the number of samples which means they

were all non-
monotonic
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HazardBased Duration Model
Different Parametric Models

Analysis on Different Parametric Hazard Models

A Modeling Results
A Eight Models with alternative baseline hazard and gamma distributions for

heterogeneity
Model Type Likelhood at Convergence Number of Parameters BIC
CWNH -1280.84 26 1366.4"
CWGH -1280.76 28 1372.9%¢C Including
CLNH -1280.84 28 1373.0 Unobserved

) heterogeneity

CLGH -1284.08 31 1386.1%¢ does not
DWNH -1292.17 26 1377.7", necessarily
DWGH -1290.64 28 1382.8%¢ improve the
DLNH -1291.97 28 1384.1 goodness-of-fit
DLGH -1291.67 31 1393.7

BIC=- In(L;)+0.5p In(N)

In(L¢) is the log-likelihood value at convergence
p is the number of parameters

N is the number of samples
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Competing Hazard Model

Competing Hazard Model

A Introduction
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HazardBased Duration Model

Competing Hazard Model

Competing Hazard Model

A Assumptions
It iIs assumed that the transactions occur in discrete time intervals

Acquisition or dispose did not happen and may
happen after this time

End of year

Time
Household Traded a Car
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HazardBased Duration Model

Competing Hazard Model

Competing Hazard Model

A Methodology

Likelihood function for modeling the competing transaction type and timing for
the case that trade transaction has been observed

P. =P[Tra =1,Acq =0and Dis =0at (t-1,t) =

Tra

Tra
dt - Xb Ta © a
~ ~ ~

rJtTr? - xb rc]tACq- xb

Tra

\ J |
I 1

A trade f@psaotion wasglysesseidns were not observed . . .
0,| IS the Iogarlgﬁ1m of t%e integrated baseline hazard of failureity

t (Trade, Acquisition and Dispose A Copula Functionis used to replace
A copula distribution approximates the multivariate joint this joint function
probability density function using the marginal
distributions in a closedbrm function (e

e

Tra ?

eAcq ! eDis )

Acq

Marginal Distributions Copula FunctionGumbelin this case)
Dis ! eAcq ' eTra ) = f (eDis ) f (eAcq) f (eTra ) 3 Cq (F (eDis )’ F (eAcq)’ F (eTra ))
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HazardBased Duration Model

Competing Hazard Model

Competing Hazard Model

A Results and Findings
I Explanatory Variables

|l ndi vi dual 6s attributes
Age and gender of the car owner

Attributes of the DMU
Income (log) , Housing Tenure, No. of Vehicles, Former

members, New members, Workers, Adults, Youths, and
Children, Education status
Attributes of the vehicle
Age, Price, MPG, Weight, New/Used
Vehicle and market interaction:
Avgdepreciation costivgparking costAvgfuel cost
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HazardBased Duration Model

Competing Hazard Model

Competing Hazard Model

A Results and Findings
I General Model Comparison Results

Weibull
model
outperforms

the log
logistic
model

Model Type Likelihood at ConvergenceNumber of ParametersBIC
Gumble Copula with Weibull Baseline -4026.71 30 4126.7
Gumble Copula with Log-logistc Baseline -4059.96 33 4169.9
No Copula With Weibull Baseline -4486.34 29 4582.99
No Copula with Log-logistic Baseline -47° 213 32 4294.78
Wlth-c_:opulamodels considerably dominaie  gjc=- In(Lo)+0.5p In(N)
thewithoutcopulamodels. In(L) is the loglikelihood value at

If the interdependencies among the convergence

transaction types are included in the pis the number of parameters

modeling formulation, it is expected that the NIs the number of samples
model better explain the household and
Il ndi vi dual 6s behaviors.

TahaHosseinRashidi University of lllinois at Chicago



Introduction and Motivation

HazardBased Duration Model General Methodology
Major Household Decision Different Parametric Models
Housing Search Mode Competing Hazard Model

Summary and Conclusic

Competing Hazard Model
A Results and Findings

T Simulation restilts

‘iir’ [ e ¢
reas

The estimated model of oI
this study was found to )0
replicate77%of the trade
decisions96%0f the
acquisition decisions and 35
96%o0f the disposal 2
- decisions correctly. X0

e incr
lispos:
P ing an

¢

It was found that the
shortage in accurately
predicting trade decisions
has been connected to
almost the same amount
of redundancy in
overestimating the total
number of disposal
decision.

vehicle
likely t
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Introduction
Major Household Decision

Introduction

A Major household decisions

This study introduce a disaggregate dynamic model for major
household decisions on durable products.

Vehicle
Residential Location

Job Location r"' ///"W\‘ . -

An ideal framework encompasses these decisions along with the
specific components of each one of them in a joint structure.
Nonetheless, here only the timing decisions are studied.

TahaHosseinRashidi University of lllinois at Chicago



Introduction
Major Household Decision

Introduction

A Framework

Exogenous
_________ Variables e e =

|
! Job relocation

: decision is

! made at the

! individual level
: but it is

! influenced by

! other members'
! decisions

Y A"

Husband’s Job Wife’s Job
Relocation Relocation
Timing Decision Timing Decision
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Introduction

A Framework

I

! Job relocation

[ decisions and

| residential

: relocation

i decision are

: jointly modeled
: to incorporate

l the two-way

l Impact between

Residential .
Relocation -
Timing Decision

% Vv these decisions
Husband’s Job Wife’s Job
Relocation Relocation
Timing Decision Timing Decision
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Major Household Decision

Introduction

A Framework

v
Vehicle
| Transaction
Timing Decision

i [

: Residential
I Relocation

]( |

i Timing Decision
v
Husband’s Job Wife’s Job
Relocation Relocation
Timing Decision Timing Decision
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Major Household Decision
Model and Results

Model and Results

A Explanatory variables

L YV RA Qditibdist Q&
Age

Attributesof thehousehold
Income (log) , Housing Tenure, No. of Vehicles, former members, New
members, Workers, Adults, Youths, and Children

Economic Characteristics
Gas Price ChangendUnemployment Rate Change

Built Environment and LaHdse
Housing Units Density, Real Estate Jobs Density, Education Jobs Density
Job Density and Spatial Employment Population

Activity Attributes mmp Can be borrowed from an activibased model
Household Travel Time, Household Activity Time, Husband Travel Time a
Husband Work Distance
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Major Household Decision
Model and Results

Model and Results

A Baseline Hazard Analysis
A Weibull and loglogistic baseline hazard function for job relocation decisions

Thelog-logisticfunction shows a more
rapidly increasindpazard rate for both the
husband and wife during the firggn years

................... followed by adecreasing ratdor the
g - husband and very little change for the wife
‘/ """""""""" after 10- to 15 years

TheWeibullmodel gives ateadily
o s 1 15 2 3 s » w increasingate in both the husband and
wife hazard

Husband Wife

Log-Logistic Baseline Hazard Function

Therefore, both lodogistic andwWeibull

hazards give monotonically increasing
U patterns for themeaningful job relocation :?2 average
durationswhich is on average between =220

Hom rd Vo
u
[ ]

| ]
*
*
*
*
*
*
*

three and four year in the case of the
utilized data
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Major Household Decision
Model and Results

Model and Results

A Baseline Hazard Analysis
A Weibull and loglogistic baseline hazard function for residential relocation decisions

Log-Logistic Residential Relocation Baseline Hazard Function The BIC Comparlson between the'lmlstlc
andWeibullbaseline hazard functions prefers

location over time.

the loglogistic function for residential
5 relocation decisions
z|
3 But the most prominent differences are in the
0 10 1 20 Ili 30 3 40 fIrSt year )
However, for relocation durations greater that
Weibull Residential Relocation Baseline Hazard Function 1 year, the logogistic hazard drops more
rapidly than theWeibullhazard which suggests
that household decision makers becoming
% Increasingly resistant to change residential
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Major Household Decision
Model and Results

Model and Results

A Baseline Hazard Analysis
A Weibull and loglogistic baseline hazard function for residential relocation decisions

Loglogistic baseline hazard provides a
| non-monotonic baseline hazard while
' the Weibullbaseline hazard is
monotonically increasing.

The loglogistic baseline hazard
e Lo Losict Increasesup to 2 yearsand then
og-Logstic )
- decreasesvhich means people
' prefer not to make a transaction
o 2 4 s s 10 1 before two years and their

Year willingness to make a transaction
declines after the two year point.

e W el biall

Hazard Value
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Major Household Decision
Model and Results

Model and Results

A Statistical analysis for difference scenarios

Scenario ID NumObs NumHzParNumExpPar LLConst LLVal BIC
1 757 4 39 -3074 -2887.84 3030.37
2 757 5 39 -3031 -2843.91 2989.76
3 757 6 39 -3069 -2887.60 3036.76
4 757 4 39 -3025 -2843.91 2996.39
5 757 5 39 -2985 -2861.86 3007.71 JRWRRL-VTL (Best
6 757 6 39 -2942 -2817.33 2966.49mm)" "’
7 757 4 39 -2980 -2861.50 3013.98 JR'—"?SRe'-(':\Qé-
8 757 8 39 -2937 -2817.43 2973.2 best model)
NumObs Number of Observations
NumHzPar Number of Hazard Function Parameters
NumExpPar Number of Parameters for Explanatory Variak
LLVal Likelihood at Convergence
LLConst Likelihood With Only Constant
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Housing Search Modke

Introduction

A Study Framework

AA manageable set of alternatives is sele N Household
choice setf  from the universal choice set members form

Formation their choice sets

AProbability of being selected in the choide by S_Icrglenlng
. is calculated which is used for sampling avallanie
ooty | correction purpose. alternatives and
filtering them

based on their
AThe most desired alternative in the choide priorities, and

Actual Chocs set of alternatives is selected oreferences.
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Introduction

Housing Search Modke

Introduction
A Study Framework

AA manageable set of alternatives is selegted
choice setf  from the universal choice set

Formation

AProbability of being selected in the choide
_ Is calculated which is used for sampling 4=
ps;ﬁlf;’é'iﬁ{‘y correction purpose.

AThe most desired alternative in the choie‘
Actual choicd ~ Set of alternatives is selected

Selection

Using the
selection
probabilities the
sampling bias is
adjusted. Then by
using a discrete
choice model the
final residential
location is
selected
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Housing Search Modke

Choice Set Formation

Choice Set Formation

A Evaluation of the choice set formation models

Predictive Ability Set Size

Random Draws Truly Included Final Decision (1) Average Choice Set Size ( (1)/693 (%) (2)/741 (%)

25 94 23 13.56%  3.10%

20 167 43 24.10%  5.80%

100 241 7 34.78% 10.39%
200 367 128 52.96% 17.27%
300 424 165 61.18% 22.27%
400 446 195 64.36% 26.32%
500 506 219 73.02%  29.55%
600 518 239 74.75% 32.25%
700 524 255 75.61% 34.41%

There are two important factors in evaluating a choice set generator algorttiepredictive
ability of the algorithmandsize of the generated choice setdnfortunately, these two

factors are negatively correlated.
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Sample Selection Probability

Housing Search Modke

Sample Selection Probability
A Probability Calculation

Out of the824 Transportation Analysis Zones (TAZ) in tBeattle Metropolitan Area, /41 of them are included
in theuniversal choice setvailable to the households from which they select their residential locations.

f.(wd) = [g wd g'lexp(- qXXi)]3 [e'deeXp(“’xxi>] <
It is assumed that depending oa the|individu

0 dzi
mute

ltgttfdifies

Desired work | K 2 {z& S Kh2 o @sfancd ( |
distance somé threshdail tfr higbenaxi
distance beftsth@tAtich housing

Probability of will not be attractive to the housghdlgjance and
being selected (%i‘;ta?]'cvg%ke
in the choice se [ probability of
In such cases the household wil rejeat any

elected is

: rage distance t
A?}Itil;?;r\:\::%rk alternative \&%ﬁh"@ﬁ%e? o ) calculated f
alsfa?ce su(rgo%spsmq) 6ee tairesnp nﬁ@@rﬁa@ds Q

the househg|ghy ocations
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Housing Search Modke

Actual Choice Selection

Actual Choice Selection
A Methodology

A discrete choice model is employed for residential location selection in which a sampling selection
correction factor is included.

This sampling correction factor works like the LOGSUM variable of nested logit models and it
accounts for the impact of choice set formation method into the discrete choice model

Where 7is a scale parameter and; is
the deterministic utilityKis total number
of alternatives (741) andis the total
number of alternatives in the choice
subset. The, alternative specific term

em/ij InC, y corrects for sampling bias.
— _ ij
! . A - In C ' K & Roughly speakmgq, represents
é e ! a g, exponential of subtraction betweethe
k=1 most desired work distancand the

alternative residential location distance _
02 GKS K2dzaSK2f R S
work locations @ctual work distancé.
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Housing Search Mode¢
J Actual Choice Selection

Actual Choice Selection

A Explanatory Variables

Land use and built-environment variables

Parameter Name Average
Log of total number of jobs* Jobs 4.20
Log of total number of real estate, rental and leasing jobs** Real 0.38
Log of total number of finance and insurance jobs** Fina 0.43
Log of number of residential housing units Unit 2.52
Log of Industrial square feet** Indsqf 4.94
Log of manufacturing jobs-Neighbors** Manu_N 3.04
Log of utility jobs-Neighbors** Util_N 0.31
Log of total number of finance and insurance jobs-Neighbor** Fina_N 2.65
Log of government square feet-Neighbors** Govsqft N 10.49
Log of number of children (<16)/Area*** Child 6.14
Log of number of middle age (<44 and >35)/Area*** Midage 6.20
Log of number of seniors (<75 and >64)/Area*** Senior 5.15

* 450 meters by 450 meters gridcells
** 750 meters by 750 meters gridcells
*** TAZ

The first three
variables in the
table represent
the employment
densitiesin the
area

The next two
variables relate
to the

residential and
industrial land
usein the zones.

hfLogo values are used i nst ethedarbirdry t he
boundary issues that may happen in spatial locations search models
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Housing Search Mode¢
J Actual Choice Selection

Actual Choice Selection

A Explanatory Variables

Land use and built-environment Variables
The next four

Parameter Nam Aver
Loag‘; if t((:)_:lt'faell number of jobs* Joat;s . fzige explanatory
o ' variables are

Log of total number of real estate, rental and leasing jobs** Real 0.38 included in the
Log of total number of finance and insurance jobs** Fina 0.43 model to account for
Log of number of residential housing units Unit 2.52 spatial dependency
Log of Industrial square feet** Indsqf 4.94 between contiguous
Log of manufacturing jobs-Neighbors** Manu_N 3.04 Zones.
Log of utility jobs-Neighbors** Util_N 0.31
Log of total number of finance and insurance jobs-Neighbor** Fina_N 2.65 :
Log of government square feet-Neighbors** Govsqft N 10.49 rTehperzggltJ{hvea{;bJes
Log of number of children (<16)/Area*** Child 6.14 use conditions in the
Log of number of middle age (<44 and >35)/Area*** Midage 6.20 zones Surrounding
Log of number of seniors (<75 and >64)/Area*** Senior 5.15 the zone under
* 450 meters by 450 meters gridcells consideration.
** 750 meters by 750 meters gridcells
**k* TAZ

ALogoO0 values are used i nst etacdarbixdry t h e

boundary issues that may happen in spatial locations search models
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Housing Search Mode¢
J Actual Choice Selection

Actual Choice Selection

A Explanatory Variables

Land use and built-environment Variables

Parameter Name Average POIOU_|aU0n

Log of total number of jobs* Jobs 4.20 denSIty was

Log of total number of real estate, rental and leasing jobs**  Real 0.38 also included in
Log of total number of finance and insurance jobs** Fina 0.43

Log of number of residential housing units J Unit 2.52 the mOdE!, as
Log of Industrial square feet** Indsqgf 4.94 Wa_.S denSIty Of
Log of manufacturing jobs-Neighbors** Manu_N 3.04 Ch”dren_ and

Log of utility jobs-Neighbors** Util_N 0.31 seniors in a TAZ,
Log of total number of finance and insurance jobs-Neighbor** Fina_N 2.65 WhICh can |mp|y
Log of government square feet-Neighbors** Govsqft N 10.49

Log of number of children (<16)/Area*** Child 6.14 Whether a TAZ
Log of number of middle age (<44 and >35)/Area*** Midage 6.20 IS _famlly

Log of number of seniors (<75 and >64)/Area*** Senior 5.15 oriented or not

* 450 meters by 450 meters gridcells

** 750 meters by 750 meters gridcells

*** TAZ
hfLogo values are used i nst ethedarbirdry t he
boundary issues that may happen in spatial locations search models

TahaHosseinRashidi University of lllinois at Chicago



Housing Search Mode¢
J Actual Choice Selection

Actual Choice Selection

A Explanatory Variables

—>

Monetary-Related Variables
Parameter Name Average

Absolute difference between average zonal income and HHId
income (X100,000) ***

Poor X (Log of absolute difference between average zonal lan:
value and the average land value of the zone in which HHId PoorLandVal 1.44
lives)***

Middle X Log of absolute difference between average zonal lat

value and the average land value of the zone in which HHId MiddleLandVal 7.68
lives***

Rich X Log of absolute difference between average zonal land

value and the average land value of the zone in which HHId RichLandVal 2.09
lives***

Transit percentage usage X binary variable for decrease in ga
price***

Diffinc 0.23

TransitDec 0.07

* 450 meters by 450 meters gridcells
** 750 meters by 750 meters gridcells
**% TAZ

Households look for zones which are more similar to their
sociodemographic attributes

TahaHosseinRashidi University of lllinois at Chicago



Housing Search Mode¢
J Actual Choice Selection

Actual Choice Selection

A Explanatory Variables

Monetary-Related Variables

Parameter Name Average
Absolute difference between average zonal income and HHId Diffl 0.23
income (X100,000) *** ifinc : The land value for

— Poor X (Log of absolute difference between average zonal lani each zone is not uset
value and the average land value of the zone in which HHId PoorLandVal 1.44 directly in the model
lives)*** - )
Middle X Log of absolute difference between average zonal lat however’ It IS_

-+ Vvalue and the average land value of the zone in which HHId MiddleLandVal 7.68 transformed into the
lives** log of the absolute
Rich X Log of absolute difference between average zonal land value of the
value and the average land value of the zone in which HHId RichLandVal 2.09 ] )

| lives* difference in land
Tr_anilt*percentage usage X binary variable for decrease in ga TransitDec 0.07 value for each TAZ
price from the current
* 450 meters by 450 meters gridcells residential location
** 750 meters by 750 meters gridcells
*** TAZ

Households with less than 25,000 annual income are
called poor, household with annual income greater than
75,000 are called rich and others are called middle.
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Housing Search Mode¢
J Actual Choice Selection

Actual Choice Selection

A Explanatory Variables

Monetary-Related Variables

Parameter Name Average
Absolute difference between average zonal income and HHId
income (X100,000) ***
Poor X (Log of absolute difference between average zonal lan:
value and the average land value of the zone in which HHId PoorLandVal 1.44
lives)***
Middle X Log of absolute difference between average zonal lat
value and the average land value of the zone in which HHId MiddleLandVal 7.68
lives***
Rich X Log of absolute difference between average zonal land
value and the average land value of the zone in which HHId RichLandVal 2.09
lives***

9 Transit percentage usage X binary variable for decrease in ga
price***

Diffinc 0.23

TransitDec 0.07

* 450 meters by 450 meters gridcells
** 750 meters by 750 meters gridcells
**% TAZ

The percentage of transit users in a zone is interacted with a variable which indicates a decre