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ARTICLE INFO ABSTRACT

Keywords: Introduction: Bikeshare is becoming more and more popular around the world. Many cities in the
Equity assessment United States have implemented their own bikeshare systems or are considering having one.
Health impact Among many other benefits by bikeshare, physical health improvement has been mentioned as
Bikeshare

one of them as a common sense. However, not enough attention has been paid to potential health
impacts when using bikeshare. This is not even to mention how the health impact is distributed
among different groups. To address this research gap, we conducted a preliminary study to
analyze the uneven distribution of health impacts by making bikeshare trips.

Method: In our research, we chose the Divvy bikeshare system in Chicago since it is currently one
of the biggest systems in the USA and its trip data are open. By incorporating emission and air
dispersion modeling tools, we first estimated the high-resolution air pollution concentration level
in the city. Then, we quantified the trip-based PM2.5 exposure by including every trip route and
duration time. Finally, we conducted a spatial analysis for health exposure related to bikeshare
trips in disadvantaged areas.

Results: In Chicago, most of routes with high PM2.5 exposure index are distributed in the
southwest of Chicago, where there are more minority populations or low-income communities.
From the station level, most of the stations in disadvantaged areas have a high level of PM2.5
exposure index on average.

Conclusions: Our research has clearly shown that users from disadvantaged areas are more likely
to take a risk of absorbing more PM2.5, especially when traveling to other areas with more job
opportunities and other essential services by bikeshare. In summary, our research points out an
ignored aspect in planning bikeshare. Bicycle infrastructure design and air pollution control
should be integrated into the process of bikeshare promotion in disadvantaged areas.

Air quality

1. Introduction

Bikeshare is becoming more and more popular around the world. Many cities in the United States have implemented their own
bikeshare systems or are considering having one. As has been stated by many different researches, bikeshare systems bring many
benefits, such as, reducing traffic congestion (Shaheen et al., 2010), being environmentally friendly (Wang and Zhou, 2017), and
improving accessibility (Niemeier and Qian, 2018). Among all these, physical health benefit has been mentioned as a common sense
(Qian and Niemeier, 2019).
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Residents from low-income and disadvantage communities are continuously facing health issues, e.g., obesity (Lovasi et al.,
2009). As an affordable and sustainable transportation mode, bikeshare has been believed as a promising way to relieve this situation.
However, disadvantaged populations are still an unobvious proportion of bikeshare users (McNeil et al., 2017). Thus, many bikeshare
programs are addressing this issue by promoting bikeshare in disadvantaged areas. For example, in July 2015, Chicago introduced
the “Divvy for Everyone (D4E)” program, which provides affordable membership fees to qualifying residents (Motivate International,
2017).

Currently, as the fast development of bikeshare systems, more attention has shift from analysis of system operations and man-
agement to equity issues. However, most of the equity researches focused on addressing access barriers in order to attract more and
more residents from low-income and disadvantage communities (Lovasi et al., 2009; Motivate International, 2017). However, the
negative effects of air pollution are not trivial (Fishman et al., 2012), (Steinle et al., 2013). Cyclists may experience a certain level of
health impact since they are exposed to air pollution directly. Additionally, the spatial distribution of air pollution is more serious
along highways, where there are more disadvantaged communities (Karner et al., 2010), (Rowangould, 2013). Thus, we don't know,
to what degree, if there exists an uneven distribution of air pollution exposure to bikeshare users in disadvantaged communities.

2. Literature reviews
2.1. Health benefits by bikeshare systems

There are a considerable amount of researches on health benefits brought by active transportation systems. Many researches have
proved that active travel can significantly improve health, like decrease in mortality rate and relieve in cardiovascular load (Barnes,
2004)- (Tainioet al., 2016). Among all these methods quantifying the health effects, there are two main methods: Integrated
Transport and Health Impact Modelling Tool (ITHIM), and Health Economic Assessment Tool (HEAT). ITHIM includes a lot of models
and tools for health effect assessment developed by the Centre for Diet and Activity Research (CEDAR) (Integrated Transport and
Health Impact Modelling Tool (ITHIM), 2019). The ITHIM models cover the changes in physical activity, traffic accident risk, and air
pollution exposure. Similar to the function of ITHIM, the HEAT tool serves for users without expertise in health impact assessment,
which can be used directly to estimates the economic value of specified amounts of walking or cycling (HEAT).

Besides these research for general cycling and walking, there are specific researches focusing on bikeshare. Woodcock et al.
(2014) analyzed the health effects of a bikeshare system in London by comparing two scenarios (with and without bikeshare). Their
health impact modelling includes the change in physical activity, exposure to air pollution, and reduction in traffic injuries. As
pointed out in their conclusion that, overall health condition is positively improved by London's bikeshare, but all the potential
benefits have not been proved to apply to all different groups. Fishman, Washington, and Haworth (2015) studied bikeshare's direct
impact on active travel (e.g., walk and bike) and they concluded that, overall, bikeshare systems have positive influence on increasing
active travel time. According to their researches, a large population of cyclists can generate a significant amount of reduction in
health care costs. However, we have limited information of the potential uneven distribution of exposure to air pollution by active
travelling (especially bikeshare) among different social groups.

2.2. Human exposure assessment

With increasing vehicle travel, air pollution emissions will continue to adversely affect human health. The negative effects of air
pollution motivate policy makers and planners to evaluate transportation plans and policies in terms of their air quality and health
impacts and to develop solutions aimed at improving air quality.

Current health impact assessment (HIA) tools can be used to forecast the health effects of transportation plans, however they
generally output results at very coarse spatial scales (e.g. regional level or a single county) to quantify the average health benefits
across the population (Ojaet al., 2011; Woodcock et al., 2013; Tainioet al., 2016). These aggregated results do not shed light on
spatial variation in health outcomes that occur in communities or populations within a region. Additionally, given the spatial
variability of air pollution concentrations, this coarse scale limits these tools’ ability to accurately forecast the expected health effects
of a transportation plan or policy.

Integrated models of travel demand, emissions, and air dispersion have shown promise for allowing planners to evaluate the air
quality and health impacts for different groups and in different regions. They have been used to estimate existing transportation
pollution concentrations at fine spatial scales (Integrated Transport and Health Impact Modelling Tool (ITHIM), 2019; HEAT), as well
as to forecast the air quality effects of transportation plans and policies at fine scales (Woodcock et al., 2014; Cavill and Davis, 2017).
A handful of fine-grained integrated modeling studies go further by forecasting the health effects of transportation policies
(Rowangould et al., 2018) and plans (Poorfakhraei et al., 2017). Rowangould et al. (2018) quantified the health effects of fine
particulate matter (PM2.5) due to the revision of a clean truck program at the Port of New York & New Jersey by integrating vehicle
activity with the emissions, dispersion, and health models. Poorfakhraei et al. (2017) applied an integrated modeling framework to
evaluate the health impacts due to the implementation of a long range transportation plan in Atlanta. However, both studies overlay
US census block-level population estimates (which reflect static residential locations) with corresponding air pollution concentra-
tions, essentially assuming a static population distribution in the exposure assessment. Assuming a static population is also common
in epidemiological studies e.g. (Maizlish et al., 2013; Rojas-Rueda et al., 2011; Hatzopoulou and Miller, 2010). This type of ap-
proximation may be less problematic when comparing exposures in different regions (where a region's entire population is assumed
to be exposed to an average regional concentration.) However, for finer scale analyses that compare population or community
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exposures within a region, using residents' home locations to approximate their activity space fails to account for their exposure as
they travel to work, school, etc., likely over- or under-estimating their risks when these destinations coincide with lower or greater
concentrations than residents' homes, respectively.

Besides the human exposure assessment related to traffic activity, there a large literature about residential segregation issue in
PM2.5 exposure. There are two common conclusions across all these related researches. First, minority race is more likely to have
higher exposures of PM2.5 than white population (Bell Michelle and Keita, 2012)— (Morello-Frosch et al., 2011). Second, in general,
minority race (e.g., black) or low-income populations are more sensitive to unhealth outcomes (e.g., sinusitis) from exposure to
PM2.5 (Nachman and Parker, 2012), (Adamkiewiczet al., 2011).

3. Methods

In our research, we chose Chicago and Divvy bikeshare as a case in the preliminary study. The modeling domain is the City of
Chicago It has a total area of 234 square miles, which consists of 29,860 census blocks. Several major traffic corridors pass through
Chicago, including the Interstate Highway 90 (I190), the Interstate Highway 290 (1290), and the State Route 41. In this paper, air
quality modeling framework is applied to evaluate the population exposure of PM2.5. Emission modeling tool and air dispersion
modeling tool are used to provide a high-resolution concentration map at census block level. After that, the authors estimated PM2.5
exposure by integrating trip route information for every bikeshare OD pair, and conducted equity analyses. Fig. 1 illustrates the
process to conduct the whole analysis process.

It should be noted that although we only analyze the impacts of PM2.5 in this study, the method could apply to any primary, non-
reactive vehicular pollutant.

3.1. Air quality modeling framework

The air quality modeling framework includes the emission model, and air dispersion model. In this study, the U.S. Environmental
Protection Agency's MOVES (Motor Vehicle Emission Simulator, version 2014a) is applied as the emission model, and AERMOD
(version 16216r) is applied as the air dispersion model. Both of them are regulatory models that reflect the state of art and practice.

By incorporating the traffic information' collected from local agency (Fig. 2), MOVES is run in the “Emission Inventory” scale to
produce composite emission rates in terms of grams/hour (g/hour). After running the post-processing script for PM2.5 in terms of g/
hour, the emission rates for each link are extracted from the MySQL database from MOVES and passed on to the air dispersion model
to estimate concentrations at desired locations.

AERMOD is used to estimate the concentration of PM2.5 based on meteorological conditions, roadway locations and emission
rates from MOVES outputs. Then, we estimated the level of PM2.5 concentration for census blocks (Fig. 3) based on geographic
relation of census blocks and all receptors, i.e., the PM2.5 concentration level of a census block is the mean of all measurements by
receptors in it or surround it if there is not any receptors in it.

3.2. Disadvantaged areas

The authors created a 400-m buffer around each bikesharing station, which is same with a research by Cohen (2016). In this
research, disadvantaged communities refer to regions where low-income populations and people of color live. To define such
communities for this study, the authors first identified those buffer areas with a median household income below $50,000 (200% of
the federal poverty line for a household with four people) (Jiang et al., 2016), (U. S. Department of Health and Human Services,
2016). Then, low, moderate and high thresholds for minority populations were set using the mean and standard deviation of the
percentage of minority populations within each buffer. Finally, the process identified whether a bikeshare station buffer qualifies as a
disadvantaged area or not based on income and percentage of minority population levels.

3.3. Bikeshare OD and routes

Divvy bikeshare in Chicago releases their database for all bikeshare trips recorded since July 2013. Every trip record covers trip
origination and destination stations. Exploring this database, we can calculate the real OD matrix for the Divvy bikeshare system. This
OD trips will be used to weight the health impact index for every station. Additionally, we only focus on the OD pairs with recorded
trips since it will reflect the real bikeshare trip distribution situation.

To accurately calculate exposure to PM2.5 when finishing a bikeshare trip, we need to estimate trip routes for all bikeshare trips.
There are a few researches analyzing bikeshare or general cycling route choices (Rowangould, 2015; Hao et al., 2010). According to
their research, demographic information and route safety play important roles in deciding route choices. However, in our study,
demographic information for every trip maker is not available and bike path information is limited. Considering all the limitations,
we applied Google Direction API to estimate the most likely route choices for all OD pairs. For every route, the Google Direction API
divides a whole route into several steps, indicating direction, step duration, and step distance. That information is useful when we
accurately calculate air pollution exposure for bikeshare trips. The authors estimated the PM2.5 exposure based on every single step

! Traffic count data are from Illinois Department of Transportation (IDOT): http://apps.dot.illinois.gov/gist2/.
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Fig. 1. Flow chart of methodology.
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Fig. 2. Average daily traffic counts of main road in Chicago.

(step time times air pollution concentration level for this route step) in a trip route and summed them up to calculate a pollution
exposure value for a whole trip route. Fig. 1 shows a geographic map of all routes for all OD pairs. As we can see in Fig. 4, most of the
bikeshare stations are not located in disadvantaged areas. The majority of stations in disadvantaged areas are sited in south and west
of Chicago, where there are a considerable amount of non-white populations and low-income households. These OD routes there have
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Fig. 3. Census block in Chicago.

a high-level overlap with main roads in Chicago (Fig. 2).

3.4. PM2.5 exposure assessment

In this study, PM2.5 exposure levels are computed based on bicyclists’ route, duration information, and pollutant concentration
from AERMOD. The trip based PM2.5 exposure quantification is proposed by using the product of duration time in each spatial unit
and the concentration for that unit, which is showed in Equation (1). Similar approaches are observed in other human exposure
studies (Tayarani et al., 2016; Rowangould et al., 2018).

HPpppps = Z C(PM2.5); X T;

@

where C (PM2.5); is the PM2.5 concentration level (ug/m3) of a census block i, T; is the duration time of a bike trip in this block i, and
HPpyp, 5 is the health impact index (s*ug/m3) for this bikeshare trip.
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Fig. 4. Station distribution and OD routes.

4. Results
4.1. Air pollution in Chicago

MOVES is used to estimate the emission rates for each link. Meteorological files from the surface station at Chicago O'Hare
International Airport, which is the closest station to the modeling domain. This meteorological data is used to determine the tem-
perature and humidity required to calculate emissions.

In MOVES, PM2.5 emissions are estimated for vehicle exhaust, crankcase running exhaust, brake wear, and tire wear. The result is
the composite emission rates (g/hour) for each roadway links. Those links are then considered as emission sources in the AERMOD
model.

The Chicago O'Hare International Airport meteorological data are also used to estimate pollution dispersion. The processed hourly
meteorological data (including temperature, humidity, wind, etc.) and roadway information for each link (including emission rates,
longitude/latitude, angle, width, and length) are incorporated into AERMOD in the form of external files. Emissions from each link
are traced to user-specific point virtual receptor locations in AERMOD. The dispersion of emissions from each link to each receptor is
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Fig. 5. Air concentration in Chicago.

modeled independently by AERMOD. Receptors are placed at an average human inhalation height of 1.8 m. Since the pollutant
concentration varies along roadways to capture this heterogeneity receptors spaced at distances of 75 m within the case study domain
(resulting in a total of 121,501 receptors). The results are the annual average PM2.5 concentration (ug/m?) for each receptor and then
aggregated to census block by averaging the receptors in each block. The results estimated by air quality modeling framework is
showed in Fig. 5.

4.2. Trip-based PM2.5 exposure analysis

As mentioned in Section 3.3, we firstly divided every OD pair into several links by the boundaries of census blocks. A PM2.5
exposure index for every link is calculated using duration of trip in a census block and air concentration in this block (Equation (1)).
After that, a sum of PM2.5 exposure index is assigned to every OD route as in the left panel in Fig. 6. Links with higher PM2.5
exposure index (the right panel in Fig. 6) have a significantly spatial overlap with high air pollution highway areas (Fig. 5). However,
the PM2.5 exposure index for OD route is kind of different from that of links since a route may not include all links within high air
pollution areas. Most of routes with high PM2.5 exposure index are distributed in the southwest of Chicago, where there are more
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Fig. 6. PM2.5 exposure index for bikeshare OD links and routes in Chicago.

minority population or low-income communities.

Since we have two types of bikeshare stations (disadvantaged and other), there are four types of OD pairs: 1) disadvantaged areas
to disadvantaged areas; 2) disadvantaged areas to other areas; 3) other areas to disadvantaged areas; 4) other areas to other areas.
First, we show the health exposure of PM2.5 for every OD pair of different categories (Fig. 7). Trips both originating from and
terminating in disadvantaged areas (Type 1) have the same level of health exposure with trips within other areas. However, if a user
wants to travel between disadvantaged areas and other areas (Type 2 and 3), they will suffer from more serious air pollution
exposure. This results from the geographic feature of the case study city, Chicago. Most of the stations in disadvantaged areas are
located in the west and south of Chicago (Fig. 4). If users from disadvantaged areas want to bike to other areas, there is a high
possibility that they need to cross the highway area, where the air pollution is more severe. In order to remove the influence of trip
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Fig. 7. Boxplot of route health exposure index by OD types (“Dis” stands for “Disadvantaged”).
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time on health impact assessment of bikeshare trips, we also calculated the time-average health exposure index for every OD pair
(Fig. 8). The trips within disadvantaged areas have obvious higher time-average health impact than trips within other areas. The
reason is that trip within disadvantaged areas are short trips and near high air pollution areas.

Thus, users will have to bear a risk of exposure to more air pollution if they plan to commute to other areas where there may be
more job opportunities, more grocery stores, and better school, among many others. Unfortunately, they have no idea of the health
risk when they are making a bike trip.

We calculated the average health impact weighted by trip for every bikeshare station (Fig. 9). As we can see, most of the stations
in disadvantaged areas have a high level of health impact index on average. In terms of histogram (Fig. 10), the difference is more
obvious. There may be a couple of reasons to explain for the difference in experiencing pollution exposure between disadvantaged
areas and other areas. One obvious reason is that disadvantaged areas tend to be overlapped with areas with higher air pollution since
the house price or living cost is lower there. Another reason is that insufficient exclusive bike paths in disadvantaged areas. Ad-
ditionally, according to the Google Direction API estimation, most of the bikeshare trip routes in disadvantaged areas are closely
along local vehicle roads. Users there will easily be exposed to pollution generated by on-road vehicles when riding a bike on vehicle
roads.

5. Discussion

Since this research does not have true trip routes, readers may argue that the true bikeshare routes are not exactly the same with
the those estimated by Google API. However, there is no information about the true trip routes. Even though there are travel time
estimation errors by Google Direction API, existing research provides limited improvement of the estimation accuracy (Wu and Frias-
Martinez, 2015). Under current situation, the Google Direction API can provide an acceptable estimation of bikeshare trip routes.

This study has shown that bikeshare trips originated from disadvantaged areas tend to have higher time-average PM2.5 exposure.
There is one obvious reason that most of most of the bikeshare trip routes in disadvantaged areas estimated by Google Direction API
overlap with state highways. As informed by the developer guide for Google Direction API, this API will return a shortest bicycling
route via bicycle paths and preferred streets (where available). Because there is insufficient well-designed or exclusive bike paths in
those disadvantaged areas, users there tend to cycle on vehicle roads, where there is high level of air concentration caused by on-road
traffic. Currently, many researchers are concerned about access barriers for users from disadvantaged areas to enjoy bikeshare (Qian
and Niemeier, 2019), (Buck, 2013), (Howland et al., 2017). However, without enough bicycle facility infrastructure, users there will
have the risk of absorbing more PM2.5 when using bikeshare. Besides the health concern, there are also safety worry caused by
unprotected bike paths (McNeil et al., 2017), which is beyond the scope of this paper. Thus, a promotion of bikeshare in dis-
advantaged areas should be after or at least in accompany with that bicycle infrastructure is well developed there.

6. Conclusions and future work
In this study, the health impacts of vehicular air pollution are at a fine-grained spatial scale (i.e. census block level), accounting

for bikeshare user's route. The distribution of health impacts among bikeshare trips generated from/terminated at different demo-
graphic areas is evaluated by using proposed model framework and PM2.5 exposure assessment at the City of Chicago. Results show
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Fig. 9. Health impact at station level.

that the air pollution concentration have a greater value near the major corridor. In addition, we applied Google API to estimate the
most potential routes for every OD pair. As we can see (Fig. 4), most of the bike routes are assigned alone local vehicle routes and are
away from the main interstate highways, which are the major air pollution sources. However, the bikeshare users still cannot avoid
exposure to serious air pollution. We calculated human exposure by overlapping bikeshare trip route with PM2.5 concentration in
census blocks. Overall, bikeshare trip near main highways have a higher human exposure to air pollution (i.e., PM 2.5 in our case).
Though, this trip-level PM2.5 exposure varies by where you start or end a bikeshare trip. It means that if a trip is originated from or
terminated at a station in disadvantaged areas, the bikeshare user will be exposed to more serious air pollution, no matter in terms of
whole-trip or time-average health exposure (Figs. 7 and 8). However, for residents in disadvantaged areas, travelling to other areas
may mean access to more job opportunities or other essential services. Thus, disadvantaged population will, more likely, take a risk of
a potential health impact if they use bikeshare frequently to commute to other areas. Our study does not mean that bikeshare is not
suitable for disadvantaged areas. On the contrary, we want to remind our planners that promoting bikeshare in disadvantaged areas
should be combined with air pollution control and infrastructure design. A well-planned exclusive bike paths to avoid air pollution
areas and restricting serious air pollution sources there should be combined to address this equity issue raised by our study.

There are two main limitations in this research. First, this study is an empirical study on quantifying health impact of bikeshare

10
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trips. If time were allowed, a more comprehensive study with more case study cities and including all other pollution particulars
could be carried on. Thus, the conclusions in this paper could be applied to other cities around the world. Secondly, there is a
limitation in bikeshare data. Since the trajectory data for bikeshare trips are no available, we applied Google API to estimate the
potential route for every OD pair. If we could get access to the true trip route information, we could conduct a more accurate analysis
for health impact on bikeshare trips.
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