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Abstract
This research is primarily focused on building a methodology framework to model a
Composite Transit Dependency Index (CTDI) that incorporates various Transit-Dependent
groups. The application of Spatial Microsimulation in this research helps better identify
intersecting demographic groups that contribute to the overall Transit Dependency of an area. By
performing Multivariate Linear Regression, the TDIs are also found to be able to predict the
number of outbound trips of a census tract to some level of extent. And the results of the
regression can be used into forming the Composite Transit Dependency Index.

Existing Research Review
Transit Dependency
It is widely accepted that in transit planning, riders are categorized as either “choice
riders” and “captive riders”[1]. The choice riders refer to those who have alternatives besides
transit for their traveling purposes, and they choose transit out of preference. The captive riders
refer to those that do not have a private vehicle available or cannot drive (for any reason) and
who must use transit to make a desired trip”[2]. Classical research findings show that the two
groups significantly distinct from each other in the willingness to pay for the transit service, while
the choice rider is more sensitive, and the latter is less sensitive[3].
Recent study has shown that the rigid segmentation of “captive riders” and “choice riders”
cannot precisely describe the passenger’s choice behavior, as it is influenced not only by the
alternatives, but also their socioeconomic situations that blur the boundary between the two
groups. Not all captive riders are in a situation where they have to rely solely on transit, but they
also have other alternatives that fit their needs as well. And price sensitivity has been proved not
to be the major distinction between the two groups. People tend to share similarities when
making choices on transit across the two groups, which starts to blur the boundary between the
two. A more detailed market segmentation method has been used in some research to reveal the
choice behavior of transit passengers. A new way of categorization was created between transit
riders and non-transit riders. Both choice riders and captive riders are in the transit riders
category, and similarities are found between the two subgroups: they prize reliability, travel time,
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type of service, and comfort. Among choice riders, there is also an overlapping part with the
non-transit riders because they value more about safety and comfort about the service[4].
A more detailed segmentation in ridership is crucial to understanding the demands for
transit. But the definition on transit riders should be inspected also from the dimension of transit
supply. Research has also discovered that the “captive ridership” is substantially correlated with
urban development density. Higher urban density means higher transit ridership that can support
a large network service to provide accessibility by transit to a larger range of activities. Both
higher residential densities and larger markets support being able to provide quality transit
service because they tend to reduce the access time and enable more frequent service, which
reduces the wait times. However, the growth in overall socioeconomic status and the shift in
urban land-development trends indicate both significant declines in transit dependency and
continued sprawling development[5]. Therefore, transit development faces a growing challenge
to provide the needs for lower-density development and appeal to both choice and captive riders
to become active transit users. Another consequence of the low-density urban development is
that a large socioeconomically disadvantaged population are placed in the area where there is a
gap between transit supply and transit demand. These population lack adequate public transit
service are deemed Transit-Dependent population[6].
American

Public

Transportation

Association (APTA) defines

Transit-Dependent

Population as people in the transit-dependent market have no personal transportation, no access
to such transportation, or are unable to drive. Included are those with low incomes, the disabled,
elderly, children, families whose travel needs cannot be met with only one car, and those who
opt not to own personal transportation[7].
APTA lays out a large framework in researching and modeling transit dependency, but
existing research has adopted more flexible ways to measure transit-dependent population
according to their respective focus. Chandra et al.(2005) have defined the subgroups of transit
riders based on the spatial and temporal characteristics of their travel behaviors. In their effort to
identify the transit-dependent group, they propose not only American Community Survey data to
extract socioeconomic characteristics, but also the National Travel Survey Data to extract the trip
purpose and trip destination, which makes it a more holistic approach. Junfeng J, in his research
on identifying transit deserts in Texas, uses the formula that was created by U.S. Department of
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Transportation to calculate the transit-dependent population. This approach focuses particularly
on the group with no vehicle ownership and the underaged population[5].
A. Household drivers = (population age 16 and over) – (persons living in group
quarters)
B. Transit-dependent household population = (household drivers) – (vehicles
available) * national level carpooling ratio
C. Transit-dependent population = (transit-dependent household population) +
(population ages 12–15) + (non-institutionalized population living in group
quarters)
Fang and Thomas (2013) map out the demographic groups that demand the public transit
in Miami-Dade County using a framework closest to the ATPA’s. They are able to identify and
locate four demographic groups that demand transit service using four criteria: Housing
Affordability, Employment, Household Income and Transit Coverage [8].
While it is possible to identify multiple transit-dependent demographic groups using
various data source, the identification scheme treats each group as an independent group, and
overlooks the sharing characteristics and even the overlapping in population across different
groups. It is also difficult to position “transit-dependent population” within a certain range of the
“transit rider to non-transit rider” spectrum as is discussed above, since they vary extensively on
socioeconomic characteristics as well as personality. Under the definition given by APTA, it is
still unclear how to exactly measure the level of transit dependency of an area because it does not
provide a composite index.
Multidimensional Transit Dependency
While APTA’s definition on Transit Dependency already covers extensive groups of
population, it is still limited to using one criteria at a time to do the population searching. Very
often, researchers and policy makers want to know how different demographic characteristics coinfluence people’s behavior. And although that can be achieved using Linear Regression by
using multiple demographic characteristics as independent variables, the coefficients in the result
are only telling what is the aggregated influence of multiple independent variables on the
dependent variable. The “aggregated influence” is different from the “co-influence”. A simple
example would be the Mathematical concept of “The Set”, where Set A ∪ Set B is equivalent to
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the aggregated influence, and Set A ∩ B is the co-influence. The co-influence of multiple
demographic characteristics can only be explored by individual observations, which means the
researcher needs to do the sampling or a full survey, whereas exploring the aggregate influence
only requires the statistics for the whole group.
In social research, the co-influence of socioeconomic factors is essential in analyzing the
socioeconomically “vulnerable population”. The concept of “vulnerable population” is put
forward by the World Health Organization in 2002, which describes a demographic group being
unable to anticipate, cope with, resist and recover from the impacts of disasters. Multiple
research on public health has discovered that the vulnerable population across different
demographic groups often overlap each other. A report on overlapping vulnerability of the
immigrant workers that was released by American Society of Safety Engineers (ASSE) and
National Institute for Occupational Safety and Health (NIOSH) discover that Hispanic
immigrants, especially young immigrants are subject to higher risk in occupation due to multiple
social vulnerability factors: language, age, education, etc [9]. Transit-dependent population also
fit in the vulnerable group concept as they are defined by both endogenous factors such as sex
and race, which are usually personal characteristics, but also exogenous factors such as poverty,
employment status, which are usually socioeconomic characteristics. Verbich and El-Geneidy
(2016) have discovered that fare vendors in neighborhoods with low median household income
and/or with a high proportion of unemployed residents are predicted to sell more weekly fares
than vendors in neighborhoods with high household income and low rates of unemployment [10].
This research proves that in those neighborhoods, transit-dependent population are subject to
both income and employment disadvantages.
The concept of “intersectionality” is a framework to analyze of socially marginalized
group under an interlocking social stratification system. This framework is first applied in
feminism research to investigate the oppression of women of minority groups, and has now been
widely adopted by social researchers. Intersectionality has been explained in multidimensional
poverty, which interprets poverty not only as in materialistic poverty, but also health-wise and
education-wise [11]. Similarly, as is pointed out in vulnerable population research and the APTA
definition, Transit-Dependent population are highly likely to face multiple socioeconomic and
physical disadvantages at the same time, The goal of this research is to find if there is also
intersecting transit dependency, i.e., whether an area that with a population that belong to two or
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more socially disadvantaged groups at the same time will have higher transit dependency. To
analyze this correlation, a composite transit-dependent index need to be constructed, which is the
second goal of this research.

Research Methodology
Research Assumptions
As is explained in the last chapter, the goal of the research is to test if there is an
intersecting transit dependency, and how overlapping Transit-Dependent groups affect the
overall transit dependency of an area. Two main assumptions are made in order to perform the
experiment.
1)

A person that belongs to the Transit-Dependent population will have more
difficulties in making a trip than a Non-Transit-Dependent person, and therefore, is
inclined to make fewer trips on average.

2) A person that belongs to multiple disadvantaged Transit-Dependent groups will have even
greater difficulties in making a trip than a person that belongs to a single disadvantaged
group, and therefore, is inclined to make fewer trips on average.
Research Area, Research Resolution
I select the 20 counties within the Atlanta Regional Commission (ARC) jurisdiction as
the site of the research. Within the 20 counties, there are 10 considered as core ARC counties —
Cherokee, Clayton, Cobb, DeKalb, Douglas, Fayette, Fulton, Gwinnett, Henry, and Rockdale,
and meanwhile, ARC also serves as the Metropolitan Planning Organization for the rest 10
counties — Barrow, Bartow, Carroll, Coweta, Forsyth, Hall, Newton, Paulding, Spalding, and
Walton. The transit service for the whole region is principally provided by Metropolitan Atlanta
Rapid Transit Authority (MARTA). The 20 counties are also all within the larger Atlanta
Metropolitan Statistical Area, which indicates a certain level of homogeneity from the
perspective of economic structure and urban commuting flows.
The resolution of the research is the smallest unit of the analysis. In this research, the
resolution is census tract, mainly for the consideration that at the census tract level, there are
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more choices in ACS variables than block groups, and at the same time, maintaining a
moderately high resolution for a metropolitan region of 20 counties.
Choice of Transit Dependency Variables
To define the transit-dependent population more accurately, I include the variables from
APTA definition, as well as adding the race, and employment status to identify more subgroups.
Among the variables, race, age and disability are endogenous factors, while poverty, Household
vehicle ownership, employment status are exogenous factors (Table 1).
For the race constraint, I only consider if a person belongs to a non-white ethnicity,
which already fits the needs of this research, without more specific sub-categorizing. For the age
constraint, population between 5 to 17 years old are considered as potentially transit-dependent
because most of them can’t afford a vehicle yet, while people over age 65 are also considered
potentially transit dependent due to the general consideration on their physical activeness. For
the poverty constraint, I use the household income to national poverty line ratio, and is divided
into three categories: below 0.5, 0.5 to 1 and above 1. For household vehicle ownership, only
three categories are provided: no vehicle, 1 vehicle and 2 vehicles and above because the focus is
primarily on the auto-less population.
Table 1. Variables Selected for The Research
Race

Endogenous
Variable

Age

Disability

Exogenous
Variables

Poverty (by
Household Income to
Poverty Line Ratio)

Household Vehicle
Ownership

White Only
Minority
Under 5
5 - 17
18 - 34
35 - 64
Above 65
Disabled
Not Disabled
Below 0.5
0.5 - 1
Above 1
No Vehicle
1 Vehicle
2 Vehicles
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Employment Status
Education
Attainment

And Above
Employed
Unemployed
Below High
School
High School
and Above

Vehicle Ownership by Age
Vehicle Ownership by Disability
Intersecting
Variables

Vehicle Ownership by Poverty
Poverty by Employment Status
Poverty by Race
Poverty by Disability by Age

Cross-joining the variables will generate the intersecting categories (Figure 1). This
research is not going to test all the combinations, but only concerned with the cross groups that
are likely to be observed in reality. As these variables are divided into personal characteristics
and socioeconomic characteristics, I will cross-join the variables on either side. Household
vehicle ownership is a crucial factor in transit dependency index, so I will cross-join with the
“Age” and “Disability” variables to inspect population that can’t properly drive due to their age
constraint. Another factor that limits vehicle ownership is poverty, so I am also going to crossjoin “Household Vehicle Ownership” with the “Poverty variable”. Within socioeconomic
variables, variables that are associated in reality can be cross-joined. For example, cross-joining
“Poverty” with “Employment Status” will help identify if the population at the bottom of the
socioeconomic status; and cross-joining “Poverty” with “Race” will help identify if there are
areas that have high poverty rates and meanwhile, with a majority of minority ethnicities. Last
but not least, cross-joining “Poverty” with “Disability and Age” will help identify most
commonly, the aging communities within impoverished neighborhoods.
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Figure 1. Intersecting Demographic Groups (Concept Diagram)

In total, using the 6 initial variables and the 6 cross-joined variables, with each of them
representing a transit-dependent group, there are 12 demographic groups.
Demographic Data Source and Spatial Microsimulation
To analyze the intersecting demographic groups, population data that allows cross-table
lookup needs to be obtained. American Community Survey census data is widely used in
researching the demographic characteristics, which also includes some common cross-table
categories, e.g. “age by sex”, “sex by race”, etc. However, it does not allow manually create
cross-table categories. The American Community Survey Public Use Microdata Samples
(PUMs), however, is the sample data from the survey, and is preserved and can be downloaded
in an id-case format as a wide table. The PUMs has both options of choosing 1-year sample or 5year sample, and the former is a 1 percent sample from each Public Use Microdata Area
(PUMA), while the latter is a 5 percent sample by combining multiple 1-year data with
appropriate adjustments to the weights and inflation adjustment factors.
With the PUMs data, I apply the spatial microsimulation approach to generate a synthetic
population dataset. Spatial microsimulation is “A method for generating spatial microdata —
individuals allocated to zones—by combining individual and geographically aggregated datasets.
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In this interpretation, ‘spatial microsimulation’ is roughly synonymous with ‘population
synthesis’ ” [12]. Spatial microsimulation takes into the sample data as seeds, and generates a
weight for each person in the sample base on the person’s characteristics and the corresponding
population at the census tract level. Therefore, besides the PUMs data that is used as sample data,
spatial microsimulation also requires the marginal data for each Transit-Dependent group. The
marginal data is obtained from the ACS census data. The initial 6 Transit-Dependent groups are
used as constraints when performing the microsimulation.
Transit Dependency Index Construction
The construction of the Transit Dependency Index is inspired by the Environmental Justice Index
(EJ Index) that incorporates the vulnerable population and the impact of environmental hazards
using an intuitive formula:
EJ Index = (The Environmental Indicator) * (Demographic Index for Block Group –
Demographic Index for U.S.) * (Population count for Block Group)
This core idea of this formula is to first, identify a certain demographic group for an area that
falls below the national average statistics as the vulnerable population, and second, multiply by
the environmental impact assess the combined effect of population size and the scale of the
hazard normalized by distance. The demographic index is the half of the sum of percent lowincome and percent minority, the two demographic factors that were explicitly named in
Executive Order 12898 on Environmental Justice. The demographic index can also be replaced
by other demographic indicators such as percent low-income and percent minority.
In measuring transit dependency, I follow the construction of the EJ Index. The variables
mentioned in the above section will directly be used to define a Transit-Dependent group. When
measuring the intersecting demographic groups, instead of applying the arithmetic mean of the
demographic ratio, I can always use the synthetic data to generate the index for the group needed
for analysis. Due to the scope of the research that is limited in the Atlanta region, I choose to use
the demographic indicator for the State of Georgia, rather than the U.S., for providing a more
accurate context when making comparisons. An accessibility index will replace the
environmental indicator to be the multiplier in front of the demographic index. This accessibility
index is the product of both accessibility to transit stops and the employment access within the
ARC 20 counties, which requires the Longitudinal Origin-Destination Employment Statistics
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dataset. This will be explained in detail in the Calculating Transit Dependency Index Chapter.
With 13 different transit-dependent groups, each census tract, as well as Georgia, will have a
Transit Dependency Index (TDI) for each of the groups.
TDI (for One Transit-Dependent group) = (Accessibility Index) *
(Demographic Indicator for Census Tract -Demographic Indicator for Georgia) *
(Population Count for Census Tract)
The calculation result of the Transit Dependency Index indicates the level of transit
dependency of the census tract. If the index value is negative, it is because the percent of the
Transit-Dependent population are lower than the state average, and therefore is less relying on
transit. If the index value is positive, it is because the percent of the Transit-Dependent
population in the tract is greater than the state average, and therefore, has an excessive TransitDependent demand.
Testing for The Intersecting Group Assumption
Based on the research assumptions, in which people are inclined to make fewer trips on
average as they fit in more Transit-Dependent groups. Therefore, I use linear regression method
to test if the two assumption hold. For the dependent variable, I use the employment OriginDestination data obtained from the LODES dataset. For the independent variables, I use the sum
of the TDI for each of the Transit-Dependent groups.
Number of Outbound Trips = a*TDI (Group 1) +...+ z*TDI (Group n)
If the regression results show good statistical significance for the Transit-Dependent
groups, it means they have an impact on the total trips made from the census tract outwards. The
scale of the impact depends on the scale parameter that is associated with each of the TDI
variables.
Composite Transit Dependency Index Construction
After the regression is examined, I will build a composite transit dependent index based
on the scale parameters generated from the regression by normalizing each of them into
fractional numbers that will sum up to 1. Next, a Composite Transit Dependency Index (CTDI)
can be generated. Finally, a complete structure of the research methodology is shown in the
flowchart below.
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Figure 2. Methodology Framework
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Spatial Microsimulation
Data Cleaning, Data Restructuring
The ACS PUMs data is downloaded using the “lodown” package in R, and the ACS
census data is downloaded using the “tidyverse” package in R. Next, both datasets will be
filtered for Georgia as well as for all the 20 counties in ARC. They will also be filtered using the
6 Transit-Dependent groups variables—Disability, Age, Race, Household Vehicle Ownership,
Poverty Status and Employment Status.
Spatial microsimulation is performed in R using the “ipfp” package [13]. The algorithm behind
the package has some strict requirement on input data quality. Before performing spatial
microsimulation, there are several flaws with both the PUMs data and the census data. Some of
the flaws are do not affect data quality, but the others do and could potentially cause the errors to
occur in microsimulation.
The first major problem is the “NA”s in the PUMs data. The algorithm will not take NA value
unless it’s been re-coded to other values. The second major problem is the conditional variable in
the census data that does not cover the whole population. For example, Education Attainment in
the census dataset only records for population 18 and above. This can be problematic because
firstly, the total marginal population across different variables has to be consistent (e.g., the total
population across different age group should be the same as the total population for the disabled
and non-disabled people), or the algorithm will produce abnormal weights. Second, the
categories for a certain variable has to be consistent in both the sample data and the marginal
data as the simulation algorithm will adjust weights according to the categories. The solutions of
the input data flaws are listed in Table 2 and Table 3.
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Table 2. Flaws with PUMs Data And Solutions
PUMs Data

Solution
If all the variables for this person is “NA”, then
remove the record. If “NA” only appears in a
certain variable, use Stat Match package to perform
imputation.

NA values

Some in continuous form, not Recategorize those variables into the categories that
categorical form
are discussed in the Methodology Chapter.
Household Vehicle Ownership is Join the household PUMs file to the person PUMs
not in the person PUMs file, but file based on the unique identifier for each sampled
household PUMs file
household and obtain the vehicle ownership for
person.
Table 3. Flaws with Census Data And Solutions
Census Data
Tracts
with
population
or
households

Solution
0 Inspect these tracts on the map, and see if these are non0 residential tracts. If so, delete these tracts so microsimulation
will not be performed on them.

Some variables are Re-code the conditional variable for the remaining population,
conditional variables but also set up a category that matches the criteria
that don’t cover the correspondingly in the sample data.
whole population
Next step in data reconstruction is to expand the sample data, namely converting every
category under the same variable into a new variable. The reason for this process is because the
marginal data uses every category as an individual variable, and the microsimulation algorithm
will take each of them as a constraint (Figure 3). For example, there are 5 categories under the
“Age” variable—”Age under 5”, “Age 5 to 17”, “Age 18 to 34”, “Age 35 to 64” and “Age 65
and above”. Each category is going to be expanded into a binary variable so that a person’s age
category will be determined by six variables (Figure 4).
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Figure 3. Marginal Data

Figure 4. Sample Data

Performing Microsimulation
The algorithm behind the “ipfp” package is Iterative Proportional Fitting. Its algorithm is
expressed in the formula below.

In the formula, “ind” is a two-dimensional array (a matrix) in which each row represents
an individual and each column a variable. The value of the cell ind(i,j) is therefore the category
of the individual “i” for the variable “j”. cons_t(i,j,k) is the number of individuals corresponding
to the marginal for the zone ‘i’, in the variable “j” for the category “k”.
The IPF algorithm will proceed zone per zone. For each zone, each individual will have a
weight of “representatively” of the zone. The weight matrix will then have the dimension
“number of individual x number of zone”. “w(i,j,t)” corresponds to the weight of the individual
“i” in the zone “j” (during the step “t”). For the zone “z”, we will adapt the weight matrix to each
constraint “c”. This matrix is initialized with a full matrix of 1 and then, for each step “t” [12].
The microsimulation generates a weight for each person under every constraint (Figure 5).
The next step is to check if the weights will sum up to match the marginal population. After
aggregating the weights to every census tracts, I check the correlation between the aggregated
weights and the marginal population in R, and the Pearson’r value is 0.9998, indicating that it is
a successful spatial microsimulation. Nevertheless, the weights generated are fractional, so I
perform an integerise process to convert the weights to integer so the weight can represent the
number of people in reality. The integerised weights is a vector, and each element is the original
14

sample id repeated number of times based on their weights. Transform this vector into a
dataframe, and join it back to the orignal sample data, I manage to generate a full synthetic
population dataset.
Figure 5. Weights Generated by IPF

Construct Composite Transit Dependency Index
Demographic Index
Both the Non-Intersecting Transit-Dependent population and the intersecting Transit-Dependent
population are created by aggregating the synthetic population at the census tract level using
cross-table filters in R. Next, the percentage of each of the Transit-Dependent groups in census
tract total population is calculated, which will be the demographic index for every census tract in
the ARC. In the Transit Dependency Index, the statistics of Georgia is used as a comparison to
the ARC counties, and therefore, I calculate the percentage for each Transit-Dependent group
using the population for the entire state, which will be the demographic index for Georgia as an
average.
Demographic Index for ARC census tracts = Population for one Transit-Dependent Group in
the census tract / Total population of the census tract.

—①

Demographic Index for Georgia = Population for one Transit-Dependent Group in the entire
state/ Total population of the state.

—②
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Table 4. Different Transit-Dependent Group Statistics Comparison
Age 5-17 & No Vehicle Disable
Above 65

Poverty

Unemploye Minority
d

Georgia 53.24%

4.62%

12.89%

19.81%

50.88%

46.16%

ARC

4.29%

10.35%

16.09%

47.98%

52.10%

No Vehicle &
Age 5-17 &
Above 65

No Vehicle
& Disabled

No
Vehicle
& In
Poverty

In Poverty
In Poverty
& Disabled
In Poverty
&
& Age 5-17
& Minority
Unemployed
& Age
above 65

Georgia

3.15%

0.43%

2.59%

13.72%

10.08%

1.55%

ARC

2.94%

0.33%

2.19%

10.76%

9.71%

1.10%

52.95%

The following maps (Figure 5 – Figure 16) show the difference between the
demographic index for every census tract in the ARC, and the State of Georgia average
demographic index. The value shown on the maps' lengend is the percentage of the Transit
Dependent population in the census tract subtracting the state average percentage.
As is shown on the maps, the disabled population is located in the outer region of the
ARC. Counties like Bartow, Carroll and Spalding have a proportion of disabled population
higher than the Georgia average (Figure 6). For minority population, areas in south Fulton
County, Clayton County and part of Dekalb County have a percentage higher than the Georgia
average (Figure 7). For the group of age between 5 to 17 and above 65, most area are close to
the Georgia average (Figure 9). For unemployment population, the outer counties are higher
than the Georgia average (Figure 10). For the no-vehicle-ownership intersecting groups
(Figure 11 -Figure 13), it is obvious to see that the south Fulton County and part of Dekalb
county all have higher percentage of people that are higher than the Georgia average.
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Figure 6.

Figure 7.
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Figure 8.

Figure 9.
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Figure 10.

Figure 11.
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Figure 12.

Figure 13.
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Accessibility Index
The Accessibility Index is a combinatory index of both employment accessibility and the
transit service accessibility (Figure 17, Figure 18). Here, the employment accessibility is the
major part of the index, and the transit access is mainly an adjustment factor. There are two
reasons to incorporate these two factors. First, the work trip takes up most of the total trips for a
census tract. This situation applies better to the areas in the far suburb, where people spend much
time commuting to and from work. The second reason is that usually in an urban context, places
with larger employment are also more likely to become attractive destinations for non-work trips.
For one census tract, employment accessibility is derived from the LODES Workplace Area
Characteristics dataset, using the number of employees for an outside census tract and divided by
the Euclidean distance between the centroids of both tracts. Repeat the same process for the rest
of the census tracts in ARC counties, and calculate the mean for all the outside census tracts.
Employment Accessibility from One Census Tract to All The Other Census Tracts=
Sum of all tracts((Number of Employees/Euclidean Distance of
Two Centroids of Both Tracts)) / n

—③

Transit accessibility is measured by the service area of the transit station, and the ratio of the
service area to the census tract. For MARTA rail stations, the service area are buffers of 1 mile,
while for MARTA bus stops, the service area are buffers of 0.5 mile.
Transit Accessibility = Buffer Area of The Transit Stop / Area of the Census Tract —④
For census tracts that do not have transit coverage, the accessibility index is purely the
employment access. For census tracts that have transit coverage, the accessibility is (1+Transit
Coverage) * Employment Accessibility.
Accessibility Index = Employment Accessibility from One Census Tract to All The Other
Census Tracts * (1+Transit Accessibility) —⑤
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Figure 17. Employment Accessibility

Figure 18. Transit Coverage
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Transit Dependency Index
With formula ①②③④⑤, a TDI score can be calculated using the formula as below.
TDI (for One Transit-Dependent group) =
(Accessibility Index) * (Demographic Indicator for Census Tract - Demographic Indicator for
Georgia) * (Population Count for Census Tract)
Below are the maps that show the spatial distribution of each Transit-Dependent group.

Analysis: Do Transit Dependency and Intersecting Transit Dependency Affect
Trips?
Two Models
With the generation of TDI for each Transit-Dependent group, I build multivariate
regression models to see if there is a correlation between Transit Dependency and the number of
outbound trips that are made from a census tract (Figure 19.). The first multivariate model only
contains the Non-intersecting Transit-Dependent groups. The regression model is expressed as
below.
Outbound Trips = a * TDI(Vehicle) + b * TDI(Poverty) + c * TDI(Employment )+
d * TDI(Disability) + e * TDI(Age)
The second model adds in the Intersecting Transit-Dependent Groups, and the regression
model is expressed as below.
Outbound Trips = a * TDI(Vehicle) + b * TDI(Poverty) + c * TDI(Employment) +
+ d * TDI(Disability) +e * Age+ f * Vehicle by Age + g * Vehicle by Disability +
h * TDI(Vehicle by Poverty) + i * TDI(Poverty by Race) + j * TDI(Poverty by Disability by Age)
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Figure 19. Outbound Trip

Regression Results
The first model’s regression result is shown below. At 99% confidence level, the
“Disabled” group and the “Poverty” group are statistically significant. At 95% level, the “Age 5
to 17 & 65 Above” group are statistically significant. The disable group has the highest impact
among all group. One unit increase in the “Disabled” group’s TDI will reduce the outbound trip
by 0.188.
Table 6. Regression Results for The First Model
Term

Estimate

Std.error

Statistic

P.value

(Intercept)

2444.489

49.942

48.947

0.000

TDI_age517_65

0.011

0.006

1.834

0.067

TDI_novehicle

-0.010

0.006

-1.602

0.110
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TDI_disable

-0.188

0.024

-7.701

0.000

TDI_poverty

-0.004

0.001

-3.666

0.000

TDI_unemployed

-0.001

0.003

-0.311

0.756

TDI_minority

0.001

0.001

1.314

0.189

Residuals:
Min
1Q Median
3Q Max
-2036.9 -737.2 -170.6 491.0 6347.6
Multiple R-squared: 0.121, Adjusted R-squared: 0.1154

In the second model result, the “Disabled”, “Minority” and the “Disabled with No
Vehicle” groups are statistically significant at 99% confidence level. The “Age 5 to 17 & 65
Above” group is also statistically significant at 95% confidence level. Other variables are not
statistically significant.
Table 7. Regression Results for The Second Model
Term

Estimate

Std.error

Statistic

P.value

(Intercept)

2443.297

50.361

48.515

0.000

TDI_age517_65

0.013

0.006

2.086

0.037

TDI_novehicle

-0.025

0.027

-0.926

0.355

TDI_disable

-0.233

0.030

-7.670

0.000

TDI_poverty

0.003

0.003

1.125

0.261

TDI_unemployed

0.002

0.004

0.511

0.610

TDI_minority

0.003

0.001

3.967

0.000
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TDI_novehage51765

-0.062

0.094

-0.656

0.512

TDI_novehdis

1.955

0.529

3.696

0.000

TDI_novehpoverty

-0.006

0.034

-0.178

0.859

Residuals:
Min
1Q Median
3Q Max
-2401.1 -691.2 -161.6 486.4 6418.2
Multiple R-squared: 0.1543, Adjusted R-squared: 0.1433

Diagnosis And Discussion
The second model contains intersecting Transit-Dependent groups, which are variables
that correlate with the initial six single variables. This is because, within the single variables, the
intersecting records are already included. By examining the second model’s result, it is also clear
to see that the insignificant variables are associated with the “Vehicle Ownership” and “Poverty
Status” variables. In order to test for collinearity problems, I use the Variance-Inflation factors
(VIF) method (Table 7).
Table 7. VIF Diagnostic Result
TDI_age517_65

TDI_novehicle

TDI_disable

TDI_poverty

2.135

28.116

2.356

19.550

TDI_unemploye
d

TDI_minority

TDI_novehage51765

TDI_novehdis

3.295

1.834

11.290

5.861

TDI_novehpove
rty

TDI_povertyem
p

TDI_povertyminor

TDI_povpdisage51765

9.244

30.368

35.903

1.966
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The test result shows that the “Poverty and Unemployed”, “Poverty and Minority”, “Poverty”
and the “No Vehicle” variables have collinearity issues because of their high VIF values.
Improvements of this model is made by eliminating these groups one at a time. The VIF will be
checked after each round of elimination. After eliminating the three variables, the final model do
not have the collinearity issue. The final regression model is expressed as below (Table 3).
outbound Trips = b * Poverty + c * Employment + d * Disability + e * Age+
f * Vehicle by Age + g * Vehicle by Disability + h * Vehicle by Poverty +
+ j * Poverty by Disability by Age
Table 8. Regression Results for the Final Model
Term

Estimate

Std.error

Statistic

P.value

(Intercept)

2439.555

49.936

48.853

0.000

TDI_age517_65

0.011

0.006

1.893

0.059

TDI_disable

-0.220

0.029

-7.519

0.000

TDI_poverty

-0.004

0.001

-3.522

0.000

TDI_unemployed

0.001

0.003

0.330

0.741

TDI_minority

0.001

0.001

2.509

0.012

TDI_novehage51765

-0.157

0.057

-2.755

0.006

TDI_novehdis

2.080

0.469

4.430

0.000

TDI_novehpoverty

-0.060

0.022

-2.734

0.006

TDI_povpdisage51765

-2.953

4.035

-0.732

0.464

Residuals:
Min
1Q Median

3Q

Max
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-2690.2 -702.5 -155.5 469.3 6344.0
Multiple R-squared: 0.1419, Adjusted R-squared: 0.1336

Table 9. VIF for the Final Model
TDI_teenelderly

TDI_disable

TDI_poverty

TDI_unemployed

1.887

2.161

2.207696

2.350053

TDI_minority

TDI_novehteene
lderly

TDI_novehdis

TDI_novehpoverty

1.386

4.101

4.565473

3.723734

TDI_povpdisteenelderly
1.761

The result of the final model shows an improvement in the variables’ significance. Except
for the “Unemployed” and “Age 5-17 and Above 65, Disabled with Poverty”, other variables are
all statistically significant at 95% confidence level.
Among the statistically significant variables, one unit increase in TDI for the “No Vehicle
and Disabled” group will result in 2.08 increase in trips. This means that as this TransitDependent group expands, it still has a positive effect on the number of trips. This is finding is
opposed to the assumptions of this research that are made in the first place. After checking the
spatial distribution of this group, it is found out that the areas with high TDI are mostly in South
Downtown Atlanta, and also some tracts in the boundary counties of ARC. Downtown Atlanta is
the place where least outbound trip is happening so it is likely that there are some other factors or
demographic groups that are left out of the model that are needed to explain this paradoxical
finding. Similarly, the “Age 5-17 and Above 65” group also has a positive impact on the number
of trips as TDI increases. However, comparing to the “Age 5-17 and Above 65 with No Vehicle”
group, which has a negative coefficient that are larger than the former’s coefficient when
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converted into absolute value, the positive effect of the former group are likely to cancel out,
meaning that overall, the increase in this “Age Transit-Dependent” group will have a negative
impact on the total trips outwards.
For the insignificant variables, the “Unemployment” group is spatially scattered inside
the whole ARC region, however, with the higher percentage concentrating on the boundary
counties of the ARC region. In contrast, those counties also have high outbound trips, which can
be the reason why the model won’t fit between observation and modeling result. The “Age 5-17
and Above 65, Disabled with Poverty” is a triple intersecting variable, and the average
population percentage in ARC region is 1.1%. Therefore, the overlapping among these three
groups are comparatively small, and may not show a significant impact on trips.
Overall, the regression model is able to explain the correlation between TDI and
outbound trips to some level of extent. The intersecting Transit-Dependent groups are also found
contributing to the regression model, which means that Transit Dependency in the ARC region is
a cross-demographic issue.

The Composite Transit Dependency Index
Based on the regression model result in the last chapter, it is not yet convincing that a
Composite Transit Dependency Index (CTDI) can be modeled, given that there are still flaws
with the regression model, and statistically insignificant variables should not be incorporated into
the model.
Nevertheless, as a demonstration of the goal of this research, that is, the workflow of how
to construct a CTDI model, there is a necessity to complete the final process to respond to the
methodology framework that has been laid out before.
As is explained in the Methodology Chapter, the CTDI model takes into account the
remaining variables that have been filtered through the above regression diagnostic process. The
coefficient for each Transit-Dependent group will be normalized so that the sum of all
coefficients’ absolute value is 1. The CTDI value is calculated by summing up the TDI for all
groups. Below is the map that presents the spatial pattern of Composite Transit Dependency
Index.
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Figure 20. Composite Transit Dependency Index

Conclusion
The research demonstrates the comprehensive framework of modeling a Composite
Transit Dependency Index for a geography region from data source gathering to model execution.
It proves that there is a way to incorporate different demographic groups into a composite index.
This is beneficial to the large-scale analysis as it produces intuitive results. There are still
flaws and limitations to the regression model that will require vast statistical examinations to
make improvements.
In the final CTDI map, it is obvious to see that the census tracts with high overall transit
dependency are located in the near suburbs of the City of Atlanta, and almost cover up the
middle-ring of the whole ARC region. In recent years, these suburb counties such as Gwinnett
and north Fulton have gone through a rapid urban development with the rise in immigration,
among whom are a large number of socially marginalized groups. This mapping finding is
consistent with the reality, which reveals the potential application of the TDI modeling in the
future use of transit planning.
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