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1 Introduction  

 Transportation is a vital element in urban and suburban life, as it is a necessary means to 

any end. In increasingly sprawling urban environments, having access to such transportation 

routes becomes more and more important; mobility becomes crucial in doing anything – from 

obtaining food, visiting friends, getting medical care, to, as I focus on in this paper, earning a 

living. With the phenomenon of spatial mismatch emerging in postindustrial cities as 

manufacturing and entry level jobs moved to suburban outposts, transportation options for both 

working class and low income communities have become more necessary and require more 

strategic planning. Thus, I want to examine how public transit networks, choosing to focus here 

on the Chicagoland area, responded  to policy changes in the latter half of the 1990’s that 

focused on the “to” in welfare to work. Based off of the theory behind the initial goals of the 

federal Job Access and Reverse Commute (JARC) program, that having better transit to improve 

work connectivity can work as a mechanism for poverty alleviation, I assess how well 

Chicagoland transit is developing to meet these goals. I will complete this analysis in three parts. 

First, I will complete a survey of all stop changes to the three Chicago area transit operating 

systems- Metra, CTA, and Pace- from 2011 to 2016, ultimately choosing to focus on the loss of 

Pace stops as the only significant set of changes, evaluating how the removal of these stops 

effected the block group in which they occurred across serval economic measures. I then observe 

how the opening of the CTA Orange line in 1993 impacted the areas immediately surrounding its 

stops. Finally, I look at changes to Pace routes over a longer time frame. With all of these 

analyses, in addition to the economic measures of unemployment rate, median household 

income, public assistance rate and poverty rate, I assess how the transportation system changes 

impact the percentage of people taking public transit to work.  



2 Literature Review 

 Existing literature is rich on the role of transportation in providing access to 

opportunities, in Chicago and elsewhere. As the very purpose of public transportation is to 

establish sharable routes to get people where they need to go in a more efficient manner, the 

question of who is and who is not served by a city’s transit system is inescapable. The topic is 

addressed by many disciplines – urban planners, civil engineers, economists, sociologists, policy 

makers – to name a few. Activists and non-profit groups often work for the purpose of expanding 

access to marginalized groups that are underserved by current transit systems. This 

multidisciplinary attention given to the issue of transit equity exemplifies its importance and why 

it is an issue that deserves further examination.  

 There has been frequent scholarship on the general theories of the importance of mobility 

and the inequity of access to it. The relationship between mobility and income and the 

accessibility of opportunities, is also heavily developed in the literature. The profile of persons 

most in need of public transit as low-income, and that access to public transit services provides a 

basic level of mobility is established by Giuliano (2005), and Sanchez finds that higher levels of 

service provision, all other factors being equal, should be associated with higher employment 

rates and more uniform distribution of earnings (Sanchez 2002). Martens asserts that access to 

transportation is fundamental requirement to participate in the labor market, obtain health care, 

enjoy education, or meet family and friends (2017), and this sentiment of the centrality of the 

role of transportation, as well as its systemic deprivation from minorities and lower income 

communities, is echoed throughout the literature (Sanchez et al., 2004). Swanstrom and 

Mollenkopf address the importance of the role of place in America’s growing income inequality 

problem, asserting that economic segregation is both a cause and an exacerbating factor; 



segregation from public services such as public transportation is one of the factors that 

undermines equal opportunity (2002).  

 The Spatial Mismatch Hypothesis (SMH) emerged in academia in the 1980’s as term to 

describe the disparate effects of deindustrialization on the labor and housing markets that have 

created a surplus of workers relative to the number of available jobs in sub-metropolitan areas, 

where minorities are often concentrated (Kasarda). The SMH asserts that entry level and service 

jobs moved to the suburbs, while lower income workers who would typically fill these roles 

remained in the city, and are often underserved with the necessary public transit or private 

vehicles to transport them efficiently to these new job centers. Lucas also observes that 

populations underserved by transport face a kind of social exclusion that further cements them in 

unserved areas, even when that area has low employment opportunities and poor service 

provisions; lack of mobility plays a role in entrenching class divisions (2013).  

 As welfare-to-work policy became a popular bipartisan talking point in the 1990s, a 

conversation emerged about how welfare recipients could get to work. According to the Spatial 

Mismatch Hypothesis, many low-income people, including welfare recipients, were isolated in 

parts of cities that did not have easy access to entry-level or low-skill job opportunities – the kind 

of jobs welfare to work programs would push people to apply for. In response to the sweeping 

national welfare legislation, the Personal Responsibility and Work Opportunity Act of 1996, or 

PRWOA, the Job Access and Reverse Commute program, or JARC was established in 1998. 

This programed, funded through the FTA, created a 50% funding match in an application based 

system.  

 The topic of reverse commuting became popular around this time, both in reaction to the 

policy implications of JARC and as existing public transit infrastructure began to be critiqued as 



people observed wholes in service coverage to certain communities. Thakuriah et al. examine 23 

JARC initiatives from around the country, which most commonly take the form of Bus Rapid 

Transit (BRT), since it takes much less infrastructure change than extending a rail system, and 

thus is more feasible. In their evaluation, they examine in what circumstance in which these 

initiatives were successful, based both on the profile of ridership and on implementation (2005). 

Because of the funding structure, for the implemented programs to be successful, the needed two 

kinds of support: institutional and grassroots. Chicago only had the former kind of support, a 

result of only major agencies being the ones able to secure the funding match and the lack of 

coordination these agencies had with local grassroots organizations (Sandoval 2009). As more 

metropolitan areas than not failed to meet these two conditions in their implementation of JARC 

funds, the program was generally labeled a failure in academic circles. Per a Brookings Institute 

analysis, “the conflicting goals embodied in program design in turn have direct implications for 

JARC’s effectiveness. In addition, the types of projects funded and the amount of funding 

provided by JARC are unlikely to have significant, sustainable effects on the economic well-

being of low-income workers” (Sanchez and Schweitzer 2008). They note that the program was 

never implemented as it was originally envisioned, and was stricken by earmarking; the program 

was finally terminated by the Obama administration (who had originally promised to double 

JARC’s budget on the campaign trail) in 2011.  

  In Chicago, reverse commute patterns, along with travel patterns of transit patrons more 

generally, have been studied extensively in the past 20 years since the formation of JARC. 

Evaluations of other reverse commute programs that were created outside of JARC were also 

performed, such as Accel Transportation and Suburban Job-Link (Peterson and Sermons 1996). 

Looking at a series of factors, including each program’s business plan, organizational structure, 



marketing, and ties with other organizations, the media and the government, the found that 

financing (which includes meeting the conditions attached to the governmental and foundational 

support) appears to be the most crucial for success. With a broader focus on planning policy, 

Farmer analyzes who Chicago’s transportation is designed with in mind and concludes that 

public transit infrastructure has been deployed as a means to enhance affluent residents’ and 

tourists’ experiences as well as attract global capital, while ignoring development outside of the 

central area (2011). She concludes that this has exacerbated jobs-housing mismatch as former 

public housing residents and black suburban populations are pushed into areas of the city with a 

declining job bases and sparser public transit services. However, it is also important to note that 

jobs-housing mismatch is just one of many factors transit planners must consider when designing 

transit to encourage equity and serve the needs of lower income individuals (Blumenberg and 

Manville, 2004). 

 While much has been written about the role of transportation in reducing poverty and 

what leads transportation programs to have success in doing so, I hope to quantify how well 

Chicago public transportation at large is doing that through an analysis of recent changes to the 

system. Rather than focus on how effective the implementations of a failed program were, I want 

to evaluate the impact of all recent changes to the system on improving local economic quality 

and alleviating poverty. I wish to explore how targeted policy focused on improving economic 

circumstances need to be; is it there something inherent in having access to transportation that 

options that improves outcomes or does transit planning need to incorporate specific strategies to 

improve economic outcomes, as JARC was designed to do, at least in theory? I posit that it is the 

latter case, and thus, seek to evaluate what the Chicagoland region is doing to continue these 

broader economic development goals through its transportation system.  



   

3 Description of Data 

 I chose to focus on the Chicagoland region in my research for a few main reasons. I 

wanted to limit the project to a manageable scope; looking at full transit systems in multiple U.S. 

cities would not only require individual analysis of each and therefore unrealistic work, but each 

city has unique conditions that change through time, makes points within them more difficult to 

compare. Being based in Chicago was also a consideration, as continued communication with 

respective transit agencies was necessary for this research and distance made this easier. 

Additionally, I considered the uniquely entrenched segregation that defines the city of Chicago, 

and how this impacts rapid transit development. To have a successful impact, transit-oriented 

development must actively and consciously consider how best to reduce economic and racial 

segregation (Mukkahal, 2017), and through this research, I hope to provide insight into how well 

Chicago is already doing that.  

3.1 Transit System Data 

  To be able to perform my different analyses, I had to gather transportation data from 

several different sources. Looking to tackle to the question of how Chicago’s three transit 

agencies, Metra, CTA, and Pace, are effective in reducing poor economic circumstances, I chose 

to first conduct a system wide evaluation of the changes. Although I hoped to be able to evaluate 

broader changes to routes or infrastructure over a longer period of time and provide more 

comprehensive insight, especially around the time of JARC’s implementation in 1998, I was 

limited in what was available in geographically formatted data. Therefore, I broke down my 

analysis to three parts, in hopes of reaching a piece-meal conclusion. 



I was able to obtain stop data for the three agencies from the Regional Transportation 

Authority’s Mapping and Statistics site (RTMAS) in the form of GTFS feeds that are published 

for software developers, through the data aggregating service ‘Transitland’. I was able to convert 

these feeds to GIS shapefiles and create a data set of stop location data for all Pace, Metra and 

CTA routes since 2011, 2012, and 2013, respectively. 

 
Coverage of Metra, Pace, and CTA stops in 6-county Chicagoland region (2016) 

 

For my analysis of the Orange Line, I obtained a shapefiles of current CTA routes and 

stops through the Chicago Data Portal. I was able then able to isolate Orange line stops in 

ArcGIS.  

Through direct communication with the RTA, I attempted to get stop data from the three 

transit operators in the region. I was given the scattering of Pace route shapefiles that they had 

available, which were for the years 2002, 2005, 2010, and 2012. I deprioritized using these, as 

they did not contain stop information, and thus provided vague information about what block 

groups had actually been “treated” with a stop. However, I did ultimately include these in my 

analysis as the provided insight into changes to Pace over a longer time frame.  



3.2 Economic Demographic Data 

 For the purposes of this research, I focus on four main dependent variables, 

Unemployment Status, Median Household Income, Public Assistance Income, and Poverty 

Status. I calculated each of these, except median household income, as rates out of either total 

population or total households per block group, depending on what was appropriate for each 

variable. I also collected data on race and educational attainment, as controls for what may 

impact economic outcomes. Additionally, I collected means of transportation to work, to see how 

much of a difference a change in public transit access was actually having on the commute 

modes of those in the observed service area. I was able to use census data for all of these 

variables, using either census year data or 5-year American Community Survey 5 year estimates 

or a combination of the two, depending on which set of transit I was using in my analysis. The 

data sets for each year or year-estimate were obtained through the Integrated Public Use 

Microdata Series (IPUMS), a census data aggregator that tabular U.S. Census data and GIS 

boundaries. Through IPUMS NHGIS, I collected the following variables  

o Unemployment: The amount of people who are unemployed in the universe of the 

civilian labor force aged 16 and over.  

o Median Household Income: The total money income of all household members aged 15 

and older during the previous year, in year-dependent inflation adjusted dollars  

o Poverty Status: The amount of people with income below the poverty line in the universe 

of persons for whom poverty status has been determined 

o Public Assistance Income: The amount of households receiving any public assistance 

income  



o Race: The race reported by the respondent (Note: Beginning in 2000, respondents were 

able to report as many races as they felt necessary to describe themselves). 

o Educational Attainment: The respondent’s education attainment as measured by the 

highest year of school or degree completed.  

o Means of Transportation to Work: The respondent’s primary means of transportation to 

work in the morning over the course of the previous week. 

All census data was observed at the block group level, the smallest unit of analysis, in 

order to best isolate effects of the change in a single stop in a transit route. Although the size 

of the estimated size of an area that a transit stop is predicted to serve varies throughout the 

literature, as people are continuously trying to find the most accurate measure (Marks, 2016; 

Walker, 2011), the current standard of how far people say they are willing to walk to a bus 

stop is 400m. That distance is assumed to be longer for rail transit, as faster transportation 

likely motivates people to either walk farther or take a connecting mode, such a bus, to it, and 

is taken as 1km. Block groups were the closest geographic unit of analysis that fit this 

principle, and thus, I chose to do each of my analyses at this level.  

4 Analysis and Findings 

4.1 System-Wide Changes, 2011-2016 

 With the GTFS data obtained from RTAMS and ACS 5-year estimates I was able to 

create a dataset for the years 2011-2016. I isolated my geographic area to the six-county region 

(Cook, Lake, Will, Kane, McHenry, and DuPage) that Pace services. I created a panel data set 

with every block group in the region over the years 2011-2016. Using GIS, I coded three dummy 

variables for the presence or absence of each type of stop in a block group. For Metra stops, I set 

a 500m radius to capture block groups within an approximate 1km radius of the stop. I did not 



make a differentiation between bus and rail CTA stops, but since the CTA did not have any stop 

changes to rail in the time period or have a significant number of changes to bus stops nor did, 

this detail was not an issue. 

After creating the master panel data set with block group ACS data, I identified the years 

in which there was a change in transit to each block group (either negative or positive). Pace had 

662 changes from 2011 to 2016, with 72 block groups gaining a bus stop and 590 block groups 

losing one. CTA had 18 changes from 2013 to 2016, with 3 block groups gaining a stop and 15 

losing one. Metra had no changes to stops from 2012 to 2016. Thus, I chose to narrow my 

analysis to negative Pace bus changes. After identifying the period in which a block group 

experienced a change to Pace stops as t0, I coded the two preceding and following years and t-2, 

t-1, t+1, and t+2, respectively, in hopes of establishing a trend.  

To control for other time variant factors besides Pace bus stop presence, I include data on the 

percent in each block group that had not completed high school and the percent in each block 

group that identified as black, as controls for the educational and racial make-up of each block 

group. These variables serve as control variables in each of following regression models, to 

control for how the block group may have changed demographically over time, impacting the 

economic indicators. In all of the following regressions, both control variables had statistically 

significant coefficients expect education in the regression on unemployment; each coefficient 

was related to worse economic outcomes, which is what I expected to find.  

Only findings on the influence of the loss of a Pace stop to a block group are included, as the 

72 positive changes did not yield any significant results. 108 of the 662 changes were omitted 

from the data set used in these regressions, as they were not observed in the t+1 or t+2 periods 



(ie. a stop was removed and then came back). Most of the changes occurred from 2011 to 2012, 

as the table below illustrates.   

Year 2012 2013 2014 2015 2016 

Number of Pace Stop Changes (Negative) 486 35 1 32 1 

 

The following analysis aims to show the effect of losing a Pace bus stop to the economic 

conditions of the immediate surrounding area. I performed a two way fixed effects linear 

regression on the determined economic indicators: 

Economic Outcomeit = αi + γt + β1* Period of Removal Dummyit + β2* Period Before  Removal 
Dummyit + β3*Two Periods Before Removal Dummyit + β4* Period After Removal Dummyit + 
β5* Two Periods After Removal Dummyit +β6 * Percentage of African Americansit + β7 * 
Percentage without a High School Diplomait + εi  

1. Regression on Unemployment Rate  

Variable Coefficient Standard Error t P > |t| 95%Confidence Interval 

t-2 .000617 .0069226 0.09 0.929 [-.012957    .0141911] 

t-1 .0140151 .004747 2.95 0.003 [.004707    .0233231] 

t0 .014849 .0042051 3.53 0.000 [.004707    .0233231] 

t+1 .0084692 .0046754 1.81 0.070 [-.0006984    .0176369] 

t+2 .0069146 .0050644 1.37 0.172 [-.0030158     .016845] 

black_pct .1207343 .0220836 5.47 0.000 [.0774323    .1640364] 

less_hs -.0079061 .0160077 -0.49 0.621 [-.0392944    .0234821] 

Constant .0643196 .0055726 11.54 0.000 [.0533927    .0752465] 

 



From these regression results, we first find that the control for percent African American is 

positively and significantly correlated with the block group unemployment rate. Notably, we can 

see that the time dummies for the years before, of, and after the loss of a stop are significant at 

the 99% and 90% significance levels. Graph 1 illustrates the trend line of these results. Though 

not all of the time dummies are significant, this suggests that the removal of a Pace stop is 

correlated with a decrease to the unemployment rate of a block group. While these results are not 

strongly suggestive, as a trend before the treatment period cannot be established, they reason for 

the continued evaluation of the significance of this relationship.  

 
Graph 1: Impact on unemployment rate where t0_pace is the period in which a Pace bus was 

observed to be removed 
 

2. Regression on Median Household Income 

Variable Coefficient Standard Error t P > |t| 95%Confidence Interval 

t-2 2176.165 1828.784 1.19 0.234 [-1409.779    5762.108] 

t-1 49.02031 1257.854 0.04 0.969 [-2417.424    2515.465] 



t0 -394.7114 1120.02 -0.35 0.725 [-2590.885    1801.462] 

t+1 -926.195 1254.993 -0.74 0.461 [-3387.029    1534.639] 

t+2 -1031.092 1354.331 -0.76 0.447 [-3686.71    1624.527] 

black_pct -16788.9 6084.168 -2.76 0.006 [-28718.95   -4858.853] 

less_hs -27712.39 4276.665 -6.48 0.000 [-36098.22   -19326.56] 

Constant 75638.47 1494.553 50.61 0.000 [72707.9    78569.04] 

 

The only variables whose coefficients are significant at any level are the controls for race and 

education, which are both negatively correlated with median household income. Directionally, 

these results suggest a negative correlation between the removal of a Pace bus stop and median 

household income, but are strongly suggestive of a relationship. Additionally, the downward 

trend appears before the treatment time, though median household income increases over. In 

summary, these results suggest continued evaluation of this relationship would be useful.  

3. Regression on Poverty Rate 

Variable Coefficient Standard Error t P > |t| 95%Confidence Interval 

t-2 -.009623 .0092969 -1.04 0.301 [-.0278526    .0086066] 

t-1 -.0008558 .0063751 -0.13 0.893 [-.0133563    .0116447] 

t0 .0012783 .0056473 0.23 0.821 [-.0097951    .0123516] 

t+1 -.00761 .006279 -1.21 0.225 [-.0199265    .0046974] 

t+2 .0069834 .0068014 1.03 0.305 [-.0063529    .0203197] 

black_pct .0850482 .0296576 2.87 0.004 [.0268948    .1432017] 

less_hs .1164417 .0214978 5.42 0.000 [.0742882    .1585952] 

Constant .0963986 .0074839 12.88 0.000 [.081724    .1110732] 



 
The results of this regression again yield only significant coefficients on the control 

variables, indicating that both the percentage of African Americans and the percentage of people 

without a high school diploma are both positively correlated to a higher poverty rate, as was 

predicted. None of the coefficients on the dummy variables are significant, and directionally, 

show a varying trend, increasing in the year of change, decreasing in the next, and then 

increasing again. Thus, these results are not very suggestive of a relationship.  

4. Regression on Public Assistance Rate 

Variable Coefficient Standard Error t P > |t| 95%Confidence Interval 

t-2 -.0011118 .0036421 -0.31 0.760 [-.0082534    .0060298] 

t-1 -.0020781 .0024975 -0.83 0.405 [-.0069752    .0028191] 

t0 -.0004 .0022124 -0.20 0.842 [-.0047781    .0038981 

t+1 .00069 .0024598 0.28 0.776 [-.0041243    .0055224] 

t+2 -.0017453 .0026645 -0.66 0.513 [-.0069699    .0034793] 

black_pct .0377821 .0116187 3.25 0.001 [.0149999    .0605642] 

less_hs .0177149 .008422 2.10 0.036 [.0012008    .0342289] 

Constant .017128 .029319 5.84 0.000 [.0113791    .0228769] 

 
From the results of this regression, we can see that the coefficients on the race and education 

control variables are statistically significant at the 99% and 95% significance levels and are both 

positively correlated to the percentage of households receiving public assistance in a block 

group. None of the coefficients observed on the time dummies are statistically significant. 

Directionally, they suggest a positive trend after the treatment period, but as they nowhere near 

being significant, we again cannot make any conclusions about the nature of this relationship.  



5. Regression on Percent Taking Public Transportation to Work 

Variable Coefficient Standard Error t P > |t| 95%Confidence Interval 

t-2 .0180946 .0083456 2.17 0.030 [-.0082534    .0060298] 

t-1 .0054197 .0057228 0.95 0.344 [-.0069752    .0028191] 

t0 -.0009878 .0050694 -0.19 0.846 [-.0047781    .0038981 

t+1 .035375 .0056364 0.63 0.530 [-.0041243    .0055224] 

t+2 0.009336 0061054 0.15 0.878 [-.0069699    .0034793] 

black_pct .0392042 .0266228 1.47 0.141 [.0149999    .0605642] 

less_hs -.0154318 .019298 -0.80 0.424 [.0012008    .0342289] 

Constant .1384918 .006718 20.61 0.000 [.1253189    .1516647] 

 

 For these regression results, we can see that the coefficient for t-2 is statistically 

significant at the 95% confidence level, suggesting that peak use of public transit for commuting 

occurred two years before a stop was removed. However, as this is the only time dummy that is 

significant, conclusions inferred from the trend that follows cannot be proven. In the year the 

change is observed, we observe a decrease in the percentage of people who are taking public 

transportation to work, which would logically make sense. As the coefficient is not even close to 

significant and a downward trend is observed before the change occurred, we cannot draw any 

significant conclusions about this relationship. From the one significant coefficient, questions 

arise about the direction of the causal relationship: was the stop removed because less people 

were taking the bus, or vice versa? While these results are not highly suggestive, they provide 

reason for continued evaluation. For instance, ridership data for the Pace route that previously 



served a given block group could be used to better inform how transportation use changed in that 

area over time.  

In admittedly sacrificing accuracy for precision, I chose to conduct my first analysis at 

the block group level while comparing overlapping ACS estimates. As I hoped to complete an 

overarching survey of the impacts the change of a public transit stop in the Chicagoland region 

could have, I wanted to isolate the impact of that stop to the actual affected area and since, as 

previously described, the average distance people say they are willing to walk to a bus stop is 

400m, I chose block groups as they are the only census geographic area that can encapsulate 

such a small area. However, I only had complete stop data for 2011 to the present day, and the 

comparison of ACS estimates over this time frame can problematic and lend itself to error. 

Properly evaluating the effects of adding a transit in only the confined area of how far people 

would reasonably walk to access it proves quite difficult, and as such explains why this kind of 

analysis has not been done much previously. As is the case with so many social problems and 

policy questions, a world with perfect data would greatly improve or understanding. As this is 

not the reality, I worked with what was available in terms of both transportation and micro-level 

demographic data.  

 To further expand my analysis and explore better methods of evaluation, I offer two more 

analyses, both of which ask the same question over a larger time frame, in an attempt to control 

for the issue of overlapping ACS estimates. First, I look at the most recent and extensive 

expansion of the CTA: the Orange Line, which was first opened for service in 1993. As such, I 

compare Census data from 1990 and 200, again at the block group level. Second, I utilize the 

data I was able to obtain from directly from the RTA, although as I will describe later, is also 

problematic in itself. I again utilize Census and ACS data at the block group level, but do not 



overlap estimates and, given the years provided, am able to examine changes over a longer time 

frame.  

 
Fixed Effects Linear Regression: Removal of a Pace Stop  
                      (1)   (2)            (3)   (4)  
              unempl_rate  median_hh_income        pov_rate  pub_asst_rate  
---------------------------------------------------------------------------- 
black_pct  0.121***  -16788.9**  0.0850**  0.0378**  
                  (5.47)   (-2.76)  (2.87)   (3.25)  
 
less_hs_rate     -0.00791  -27712.4***        0.116***  0.0177*  
              (-0.49)   (-6.48)           (5.42)   (2.10)  
 
t2        0.000617   2176.2    -0.00962  -0.00111  
                          (0.09)   (1.19)          (-1.04)   (-0.31)  
 
t1                0.0140**          49.02   -0.000856        -0.00208  
                  (2.95)   (0.04)          (-0.13)   (-0.83)  
 
t0_pace       0.0148***  -394.7          0.00128  -0.000440  
                  (3.53)   (-0.35)           (0.23)   (-0.20)  
 
v221           0.00847   -926.2         -0.00761  0.000699  
                  (1.81)   (-0.74)          (-1.21)   (0.28)  
 
v222          0.00691   -1031.1          0.00698   -0.00175  
                  (1.37)   (-0.76)           (1.03)   (-0.66)  
 
2011.year     0   0         0   0  
                (.)   (.)           (.)  (.)  
 
2012.year      0.00714   2071.3  -0.00356  -0.000728  
                      (1.44)   (1.59)         (-0.54)   (-0.28)  
 
2013.year     0.0160**   1882.2          0.00711  -0.000279  
                    (3.07)  (1.37)           (1.02)   (-0.10)  
 
2014.year    0.00949   3231.7*        -0.00320  0.00173  
                    (1.76)   (2.27)            (-0.44)   (0.61)  
 
2015.year   0.00529   2906.2*        0.000831  -0.000524  
                  (1.05)   (2.18)           (0.12)   (-0.20)  
 
2016.year  -0.0000993      4617.9***  -0.00124        -0.00146  
                 (-0.02)   (3.42)          (-0.18)   (-0.55)  
 
_cons         0.0643***  75638.5***       0.0964***  0.0171*** 



                 (11.54)   (50.61)          (12.88)  (5.84)  
---------------------------------------------------------------------------- 
N                3322   3292            3322   3322  
---------------------------------------------------------------------------- 
t statistics in parentheses 
* p<0.05, ** p<0.01, *** p<0.001 
 

4.2 Addition of the Orange Line (1993), 1990-2000, on Unemployment Rate, Median 

Household Income, Poverty Rate, and Public Assistance Rate 

 The Orange Line, connected Chicago’s Midway airport to the Loop, opened for service in 

October 1993, as the most recent extension of the CTA system. While the Pink Line began 

operation in 2006, it was not an entirely new route and was converted from the old Douglas 

branch of the Blue line. The Orange Line being an entirely new construction, I operated under 

the assumption that this system change would have more significant effects to the areas 

surrounding it. Literature on the Orange line has addressed how it has increased land values in 

the surrounding area (Baum-Snow and Kahn, 2005; McMillan and McDonald, 2004), increased 

transit ridership in the southwest corridor (Labelle and Stuart, 1995), and . Cooper conducts a 

similar analysis to mine, evaluating how the addition of the Orange effected the local economic 

activity of the area surrounding a stop. Her analysis is ultimately inconclusive, but only considers 

job numbers, so I hope to contribute to this understanding with my regressions on several 

economic factors.  

In this analysis, my outcome variables were obtained from the 1990 and 2000 census. As 

block groups changed between the two census years, I did not do an individual unit level 

analysis. Rather, I selected areas within different distances from the Orange line to use as control 

and treatment groups. Using the same idea as in 4.1 that people will usually walk a 1km to a rail 

stop, I first selected block groups within a 1km radius of an Orange line stop, excluding stops 

that were shared with other lines (ie. the Loop) using ArcGIS. I then selected stops that were 



within a 3km radius from an Orange Line stop, choosing adjacent groups as a means to satisfy 

the parallel trends assumption. From this second group, I then omitted the overlapping repeated 

block groups from the 1km radius selection, as well as any block group that was within 1km of 

another CTA train stop on a different line. I performed this second operation in order to keep the 

two groups as similar as possible, controlling for transit access.  

As in the previous regression, I included controls for time-variant factors of block group 

demographic composition. For my analysis of the impact of the Orange Line, I used a difference-

in-differences model:    

Yi =α+βTi +γti +δ(Ti ·ti)+εi where: 

Yi= economic indicator 
α= constant 
β= selection bias 
γ= time trend 
δ=effect of being close (1km) from an Orange Line stop 
εi= error 
 

1. Regression on Unemployment Rate  

Variable Coefficient  Robust Standard Error t P > |t| 95%Confidence Interval 

black_pct .1754048 .0118174 14.84 0.000 [.1521958    .1986137]  

less_hs_rate .1508185 .0181443 8.31 0.000 [.1151839    .186453] 

Treated -.0052878 .0059835 -0.88 0.377 [-.0170392    .00646636] 

Time .002935 .0072258 0.41 0.685 [-.0112561    .0171261] 

DID -.0022424 .0094967 -0.24 0.813 [-.0208935    .0164086] 

Constant .0170303 .0087243   1.95 0.051 [-.0001039    .0341644] 

 

For this regression on unemployment rate, we find that the coefficients on time, treatment, 

and the DID estimator are all not statistically significant. Though the DID estimator is negative, 



suggesting that the addition of the Orange line was related to a decrease in the unemployment 

rate of the immediate surrounding area, the p-value of 0.813 is much too high to draw any real 

conclusions.  

2. Regression on Median Household Income 

Variable Coefficient 
 Robust Standard 

Error 
t P > |t| 95%Confidence Interval 

black_pct -13802.2 1109.037 -12.45 0.000 [-15980.28   -11624.11] 

less_hs_rate -31081.75 2345.575 -13.25 0.000 [-35688.33   -26475.16] 

Treated -1628.872 712.1777 -2.29 0.023 [-3027.55   -230.1938] 

Time 9381.328 784.2046 11.96 0.000 [7841.192    10921.46] 

DID 440.7245 1212.622 0.36 0.716 [-1940.799    2822.248] 

Constant 43835.61 1164.896 37.63 0.000 [41547.81     46123.4] 

 

For these regression results, we see that all coefficients except the DID estimator are 

statistically significant. Time, as would be expected, is positively correlated to median household 

income, and the treatment coefficient shows a negative relationship, indicating that the area 

closer to the where the Orange Line was constructed was a poorer area. The coefficient of the 

DID estimator is more statistically significant than in the previous regression, so we can 

conclude that there is a stronger relationship between the living near a train stop and median 

household income than unemployment. 

3. Regression on Poverty Rate 

Variable Coefficient 
 Robust Standard 

Error 
t P > |t| 95%Confidence Interval 



black_pct   .2748694 .0175104 15.70 0.000 [.24048    .3092588] 

less_hs_rate .4151767 .0335364 12.38 0.000 [.349313    .4810404] 

Treated .0040216 .0118025 0.34 0.733 [-.0191578     .027201] 

Time .0187336   .0105687 1.77 0.077 [-.0020227    .0394899] 

DID .0134641 .0173784 0.77 0.439 [-.0206661    .0475943] 

Constant -.0650723 .0158182 -4.11 0.000 [-.0961384   -.0340061] 

 
The regression on poverty rate reveals the coefficients of the race and education control 

variables to be significant at the 99% significant level, indicating a strong positive relationship 

with poverty rate for both. The coefficient on the time effect is positive and significant at the 

90% significance level, indicating that the poverty rate was significantly higher in the selected 

area of Chicago in 2000 than in 1990. However, the DID estimator is not statistically significant, 

though more so than in the previous two regressions, suggesting a stronger relationship between 

living near a train stop and poverty rate than unemployment or median household income.  

4. Regression on Percentage with Public Assistance Income 

Variable Coefficient 
 Robust Standard 

Error 
t P > |t| 95%Confidence Interval 

black_pct .2637545 .0161267 16.36 0.000 [.2320825    .2954266] 

less_hs_rate .1792274 .022057 8.13 0.000 [.1359084    .2225464] 

Treated -.0183308 .0079492 -2.31 0.021 [-.0339427   -.0027189] 

Time -.0698294 .0085111 -8.20 0.000 [-.0865448   -.0531141] 

DID .0331622 .0109459 3.03 0.003 [.011665    .0546594] 

Constant .0090861 .0100191 0.91 0.365 [-.0105909    .0287632] 

 



The results of this regression show a significant positive correlation between the DID 

estimator and the percentage of households with public assistance income at the 99% confidence 

level. This suggests that the addition of an Orange Line stop had a positive impact on the rate of 

public assistance in the treated area. Additionally, the coefficients on time and treated are both 

negative, showing that the public assistance income rate decreased from 1990 to 200 (possibly as 

policy effect of PRWOA) and that the treated group had a lower rate on net.  

5. Regression on Mode of Transportation to Work 

Variable Coefficient 
 Robust Standard 

Error 
t P > |t| 95%Confidence Interval 

black_pct .2108794 .0156907 13.44 0.000 [.1800635    .2416953] 

less_hs_rate .0681512 .0276718 2.46 0.014 [.0138048    .1224975] 

Treated .0305974 .0100021 3.06 0.002 [.0109537     .050241] 

Time -.0349081 .0103044 -3.39 0.001 [-.0551455   -.0146707] 

DID -.004059 .0151999 -0.27 0.790 [-.0339111     .025793] 

Constant .154221 .0134333 11.48 0.000 [.1278386    .1806034] 

 

At first surprisingly to me, the regression on percentage of taking public transportation to 

work did not show a significant coefficient on the DID estimator. Also surprisingly, 

directionally, it was negative. Based on my results in 4.1 and my assumptions about train vs. 

bus significance, I would have expected that the addition of CTA train stop would have a 

greater influence on commuting behavior than the removal of a Pace stop. Time and treated 

both have statistically significant coefficients, which are negative and positive respectively. 

This indicates that the treated area had a greater percentage of transit users before the 



construction of the Orange line, and that from 1990 to 2000, transit ridership in the combined 

area dropped. As described in the regression on public transit ridership in the Pace stop 

removal analysis, additional exploration into ridership data could be useful in determining 

what dynamics are at play here.  

In my analysis of the Orange line’s effect on economic conditions in the area directly 

surrounding it, I find that there is a statistically significant positive effect of Orange line stop 

accessibility on public assistance rate in the defined area on Chicago’s southwest side. In my 

analysis in 4.1, I observed that opposite- that the removal of a Pace stop was correlated with 

an increase in the public assistance rate- though this result was not statistically significant.  

Difference-in-Differences Regression on Economic Metrics 

   (1)         (2)           (3)   (4)  
               unempl_rate  median_hh_~e          pov_rate        pub_ass_rate  
---------------------------------------------------------------------------- 
less_hs_rate        0.151***  -31081.7***              0.415***   0.179*** 
                   (8.31)   (-13.25)                 (12.38)   (8.13)  
 
blk_pct              0.175***  -13802.2***             0.275***   0.264*** 
                  (14.84)   (-12.45)                  (15.70)   (16.36)  
 
time               0.00294  9381.3***             0.0187   -0.0698*** 
                   (0.41)   (11.96)       (1.77)   (-8.20)  
 
treated          -0.00529  -1628.9*                0.00402   -0.0183*  
                  (-0.88)   (-2.29)            (0.34)   (-2.31)  
 
did                 -0.00224    440.7   0.0135          0.0332**  
                  (-0.24)   (0.36)           (0.77)   (3.03)  
 
_cons              0.0170   43835.6***      -0.0651***  0.00909  
                   (1.95)   (37.63)          (-4.11)   (0.91)  
---------------------------------------------------------------------------- 
N                     601   603           603   602  
---------------------------------------------------------------------------- 
t statistics in parentheses 
* p<0.05, ** p<0.01, *** p<0.001 
 

4.3 Change in Pace Routes, 2002-2012 



 Using the shapefiles I was able to obtain directly from the RTA of Pace Bus routes from 

2002, 2005, 2010, and 2012, I performed a similar method as in 4.1.  However, this data set did 

not have any overlapping ACS data. I used 2000 census data as a proxy for 2002, 2005-2009 

ACS 5-year estimates for 2005, 2010 census data for 2010, and 2012-2016 ACS 5-year estimates 

for 2012. Unemployment data was not available for 2010, so that variable was not included in 

this analysis. Again, to control for other time-variant factors besides Pace bus access, I include 

data on each block group’s racial makeup and education.  

 I found 1293 changes to what block groups Pace bus routes passed through over the 10 

year time span, with 641 additions of a stop and 652 removals. The table below breaks down the 

distribution for what years changes occurred.  

Year 2005 2010 2012 

Number of Pace Stop Changes (Positive) 285 221 135 

Number of Pace Stop Changes (Negative) 226 381 45 

 

 Out of the eight regressions ran (four for both positive and negative change), only 2 

returned results with any of significant coefficients on the time dummies: public assistance 

income rate for the positive change regression and poverty rate for the negative change 

regression. The control variables were significant at the 99% significance level for all 

regressions, except the education control for the regressions on public transit ridership. One issue 

with this model, it is necessary to note, is that the periods are not evenly spaced. That, combined 

with the aforementioned issues with using only route data, lead me to suggest approaching these 

results with skepticism. Still, they play a role in corroborating our earlier findings in the first two 

models.  



 As with the analysis of changes to Pace stops in 4.1, I used a two-way fixed effects 

model, with controls for race and education to capture the impact of changes, using time dummy 

variables where t0 is the period in which the change is observed:  

Economic Outcomeit = αi + γt + β1* Period of Change Dummyit + β2* Period Before Change 
Dummyit + β3*Two Periods Before Change Dummyit + β4* Period After Change Dummyit + β5* 
Two Periods After Change Dummyit +β6 * Percentage of African Americansit + β7 * Percentage 
without a High School Diplomait + εi  

 

1. Positive Change: Regression on Public Assistance Rate  

Variable Coefficient Standard Error t P > |t| 95%Confidence Interval 

t-2 .0029198 .0036365   0.80 0.422 [-.0042083    .0100478] 

t-1 .001833 .0023443 0.78 0.434 [-.0027623    .0064283] 

t0 .0073169 .0023467 3.12 0.002 [.002717    .0119168] 

t+1 .010859 .0030215 3.59 0.000 [.0049363    .0167817] 

t+2 .0073463   .0041509   1.77 0.077 [-.0007902    .0154828] 

black_pct .0837647 .0058718 14.27 0.000 [.072255    .0952743] 

less_hs .0954854 .0052037 18.35 0.000 [.0852853    .1056855] 

Constant .0028711 .0017578 1.63 0.102 [-.0005745    .0063167] 

  

For this regression of the data set the additions of block groups intersect with a Pace 

route, both of the control variables are significantly positively correlated with the percentage of 

people receiving public assistance income in a given block group. Additionally, the dummy 

variables for the period of where the change was observed and the two periods following are 

significant at the 99% and 90% significance levels, respectively. However, this trend line (see 



Graph 2) would indicate an increase in those with public assistance in the period of and after the 

addition of a route, and a return to levels of the period of change in the t+2 period. These mixed 

results, coupled with the fact that the coefficients of t-1 and t-2 are not significant and therefore 

cannot be used to determine to a trend prior to the addition of a stop, should be taken as an 

indication that further evaluation of this relationship is needed. 

 
Graph 2: Impact of the addition of a Pace route on public assistance rate, where t0 is the period 

in which the addition was observed 
 

2. Negative Change: Regression on Poverty Rate 

Variable Coefficient Standard Error t P > |t| 95%Confidence Interval 

t-2 . 0148427 .006627 2.24 0.025 [.0018528    .0278326] 

t-1 .0062202 .0049103 1.27 0.205 [-.0034049    .0158452] 

t0 .0060905   .0048846 1.25 0.212 [-.0034841     .015665] 

t+1 .0015664 .005715 0.27  0.784 [-.0096358    .0127687] 

t+2 -.0256012 .0099946 -2.56 0.010 [-.0451924   -.0060101] 

black_pct .14832 .0116619 12.72 0.000 [.1254607    .1711793] 



less_hs .1745298 .0103261 16.90 0.000 [.1542889    .1947707] 

Constant .03514 .0035178 9.99 0.000 [.0282445    .0420355] 

 
From these regression results on poverty rate in the universe of block groups that experienced 

the removal of a Pace route, we can see that coefficients on t-2, t+2, and the two control 

variables are statistically significant. Though with only two of the time dummies being 

significant we can’t draw a sure conclusion, the trend line in Graph 3 suggests that the poverty 

rate began to decrease after the change was first observed. As the trend pre-removal is fairly flat, 

this is strongly suggestive that there exists a negative relationship between the removal of a Pace 

route and the poverty rate in a given block group.  

 
Graph 3: Impact of the removal of Pace route on poverty rate, where t0 is the period in which 

the removal of the route was observed 
 

Fixed Effects Linear Regression: Addition of a Pace Route  

               (1)   (2)              (3)  
              median_hh_income  pub_asst_rate        pov_rate  
------------------------------------------------------------ 
black_pct        -19121.0***  0.0838***        0.148*** 
                  (-8.20)   (14.27)         (12.67)  
 
less_hs_rate     -20411.9***  0.0955***        0.174*** 



                  (-9.90)   (18.35)         (16.81)  
 
t2                   31.38   0.00292     -0.000744  
                   (0.02)   (0.80)          (-0.10)  
 
t1             440.3   0.00183          0.00686  
               (0.47)   (0.78)           (1.47)  
 
t0             590.5   0.00732**        0.00597  
                   (0.63)   (3.12)           (1.28)  
 
v227                1823.7   0.0109***       0.00340  
                  (1.52)   (3.59)         (0.57)  
 
v228                2934.7   0.00735          0.00367  
                   (1.78)   (1.77)           (0.45)  
 
2002.year           0   0          0  
                      (.)   (.)            (.)  
 
2005.year          9580.7***  -0.0137***        0.0240*** 
                  (27.10)   (-15.37)          (13.59)  
 
2010.year          9188.7***  -0.0119***        0.0294*** 
                  (25.69)   (-13.18)          (16.46)  
 
2016.year         10874.5***  -0.00533***       0.0523*** 
                  (28.67)   (-5.58)          (27.55)  
 
_cons             64102.1***  0.00287           0.0362*** 
              (92.13)   (1.63)          (10.38)  
------------------------------------------------------------ 
N                 15757   15753            15754  
------------------------------------------------------------ 
t statistics in parentheses 
* p<0.05, ** p<0.01, *** p<0.001 

 

Fixed Effects Linear Regression: Removal of Pace Route 

                           (1)          (2)                 (3)  
               median_hh_  pub_ass_rate        pov_rate  
------------------------------------------------------------ 
black_pct        -19155.5***  0.0839***         0.148*** 
                  (-8.22)   (14.28)          (12.72)  
 
less_hs_rate     -20498.5***  0.0957***         0.175*** 
                 (-9.95)   (18.38)   (16.90)  
 



t2                 -2053.4  -0.00410           0.0148*  
                  (-1.55)   (-1.23)          (2.24)  
 
t1          -1320.0  -0.000525         0.00622  
                  (-1.34)   (-0.21)           (1.27)  
 
t0                  -219.6   0.000110          0.00609  
                  (-0.22)   (0.04)           (1.25)  
 
v227                1008.8   0.000525         0.00157  
                   (0.88)   (0.18)           (0.27)  
 
v228                4802.7*  -0.00475         -0.0256*  
                  (2.40)   (-0.94)       (-2.56)  
 
2002.year               0   0          0  
                      (.)   (.)           (.)  
 
2005.year          9562.9***  -0.0134***       0.0246*** 
                 (26.77)   (-14.89)          (13.78)  
 
2010.year          9073.4***  -0.0115***       0.0303*** 
                 (24.95)   (-12.53)     (16.65)  
 
2016.year         10666.3***  -0.00465***       0.0540*** 
                 (27.95)    (-4.84)          (28.34)  
 
_cons             64363.8***  0.00330          0.0351*** 
                     (91.69)   (1.86)           (9.99)  
------------------------------------------------------------ 
N                   15757   15753            15754  
------------------------------------------------------------ 
t statistics in parentheses 
* p<0.05, ** p<0.01, *** p<0.001 
 

5 Discussion 

5.1 Limitations of my analysis and suggestions for further research 

My analysis at the block group level provides a mixed and limited contribution to the 

literature. For my purposes, I took the policy goal of the JARC program and assessed a series of 

public transit changes under that criteria. However, while public transportation in general has a 

broad goal of increased mobility, most programs and service changes are not necessarily created 



or designed with the goal of poverty alleviation. As my analysis sought to see whether Chicago’s 

transit agencies were achieving this goal by the mere fact of increasing access to transportation, 

or if the removal of transit had the reverse effect, I struggled to find significant results.  

Additionally, another major issue with my analysis is the lack of consideration of each 

stop or route being part of a larger network. I do not address how each stop addition or removal 

of a stop changes the accessibility of the larger route. For instance, further analysis into what bus 

routes connect to Orange line stops could be done to determine how the areas surrounding the 

stops of those routes could be included in this analysis. Additionally, I don’t consider work 

connectivity in my quantitative analysis. Without conducting additional inquiry into whether the 

stops in this analysis helped in serving the commuting needs of the residents of a given block 

group, I can’t draw conclusions about how beneficial the stop was to the community it served, 

especially since my results for the relationship between stop proximity and public transit 

ridership rates were both mixed and insignificant.  

Also, I do not utilize trip or ridership data, in order to test if my 400m “willing to walk” 

assumption is correct for bus stops. As I could not find this type of data at the block group level, 

as it is usually presented by route from the respective transit agencies, I used the ACS question 

of concerning “mode of transportation to work” as a proxy. However, in each of my three 

analyses, the coefficient on the percentage of people who take public transit to work was 

insignificant. In further analysis, I would recommend incorporating route ridership data to first 

confirm if there was or was not a change in the ways in which the route plus or sans stop was 

utilized by the consumer.  

Although I choose to use block groups as my level of analysis in order to get the most 

precise findings, as discussed earlier, this contributed to some shortcomings in my findings. As 



block groups are determined by population size and natural boundaries, and not geographic area, 

they are inconsistently sized. Thus, the radial method of area declaring what area is “treated” 

which the addition or removal or a stop or route can only be so precise. To correct for this, 

further exploration could be done into the relationship between public transit and economic 

indicators that are point variables, such as new business licenses. Though for the goal of my 

analysis I chose to focus on economic-demographic factors, the method used in this thesis could 

be applicable to studying the economic development impact of adding or removing a public 

transit stop from an area.   

 

5.2 Conclusion 

  In my three part analysis of the micro-level effects of changes to Chicago’s 

transportation system, I find suggestive evidence that the removal of a Pace bus stop from a 

block group is significantly correlated to a decrease in unemployment in that block group. I also 

find that the addition of CTA Orange Line stops was significantly correlated to an increased 

public assistance rate in the immediate surrounding area compared to the great southwest side. 

Additionally, I observed that the removal of Pace route from a block group was suggestive of 

lower poverty rates, and that the addition of a route was suggestive of an increase in the public 

assistance rate. These significant results provide initial evidence that recent developments to 

Chicago’s transit system may have had adverse economic effects on the communities through 

which they run. This could corroborate Farmer’s argument that Chicago and regional agencies 

have chosen to prioritize the affluent business class in their transit and urban planning over the 

needs of lower income residents.   



 Yet, based on the limitations I describe above, I caution the extrapolation of these 

findings to any statement about the inherent benefit or detriment of public transportation access. 

Although the aforementioned relationships were the only significant results I obtained, my 

regressions on the other economic variables indicated directionally conflicting results. Therefore, 

further research is necessary before making a sweeping conclusion on Chicago’s public 

transportation system’s role in and ability to improve economic conditions. However, I can 

conclude that my analysis does not show that better access to Pace buses or proximity to the 

CTA Orange line are related to improved economic conditions.  

 I hope that this thesis provides reason to continue to explore the ways in which economic 

conditions can be influenced, either intentionally or  inadvertently, by all kinds of policy. As we 

continue to search for creative policy solutions to alleviate poverty and improve people’s 

economic outcomes, we must continue to develop our understanding of different groups of 

people’s mobility needs, and how well our current systems are meeting them.  
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