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ABSTRACT

There is increasing evidence on the association between public transit usage and obesity. To further understand the causal impact of changes in
county public transit usage on county obesity rates, this paper presents a longitudinal study on this topic. Annual health data from the Behavioral
Risk Factor Surveillance System (BRFSS) and transportation data from the National Household Travel Survey (NHTS) were aggregated and matched
at the county level, to create a panel data set with 227 counties from 45 states across two time periods, 2001 and 2009. Annual public transit
funding, obtained from the National Transit Database (NTD), is chosen as an instrumental variable to simulate changes in public transit usage caused
by exogenous changes in public policies. Possible confounding variables such as amount of leisure time physical activity, health care coverage and
distribution of income are explicitly controlled. All time-invariant county level heterogeneities are implicitly controlled using first difference estimators. This study shows that promoting public transit in a county can effectively decrease the county obesity rate. Specifically, a one percentage
point increase of frequent public transit riders in a county population is estimated to decrease the county population obesity rate by 0.473% points.
This result supports findings in previous research that the extra amount of physical activity involved in public transit usage can have a statistically
significant impact on obesity. In addition, this study also provides empirical evidence for the effectiveness of encouraging public transit usage as a
public health intervention for obesity.

1. Introduction
Since World War II, the United States has witnessed a spiraling growth of obesity rates and automobile travel. In the past five
decades, the national obesity rate in the United States has increased more than 20% , reaching 35.1% among the population with age
over 20 years in 2012 (Cutler et al., 2003; Ogden et al., 2014). In about the same period, annual vehicle miles traveled (VMT) of all
vehicle types in the United States experienced a steady increase, both in gross amount and per capita (Puentes and Tomer, 2008).
Jacobson et al. (2011) and Behzad et al. (2013) document a high correlation between obesity rates and VMT per licensed driver from
1985 to 2007 at the national level, with R2 above 90% . Public transit usage, in contrast, is shown to be negatively correlated with
obesity rates (Besser and Dannenberg, 2005; Edwards, 2008; Flint et al., 2014; Frank et al., 2007; Tiemann and Miller, 2013; She
et al., 2017). These associations naturally lead to the following question: will obesity rates decrease if more people choose to
commute with public transit instead of their own vehicles?
Current literature provides no straightforward answer. It is possible that the association between transit mode choice and obesity
is a spurious correlation in which other variables simultaneously influence both transportation patterns and obesity rates, so that
change of transit mode choice cannot cause changes in obesity rates. For example, there is evidence that individuals who are obese
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tend to prefer driving over other transit modes (Plantinga and Bernell, 2007; Eid et al., 2008). Therefore, a preference for sedentary
lifestyle may simultaneously cause high VMT per licensed driver and high obesity rates. However, it is difficult to measure people’s
subjective preference in lifestyle using nationwide data. Consequently, simple models such as ordinary least squares cannot answer
this question. Hence, despite the various associations documented, few studies consider the causal effect of public transit usage on
obesity directly.
This study investigates causality between public transit usage and obesity through changes in a longitudinal setting. The hypothesis that higher public transit usage causes lower obesity rates is tested with longitudinal data from 2001 and 2009. A first
difference model is used to implicitly control for all time invariant omitted variables (e.g., weather patterns). This type of model is
ideal for this investigation, since geographic specific transit and lifestyle choice are most likely to be time invariant at the county
population level. For example, Tucker and Gilliland (2007) review evidence that weather patterns can impact physical activity in
some regions. Hence, the first difference model is capable of addressing the omitted variable problems in previous cross sectional
studies, such as Flint et al. (2014) and She et al. (2017).
Moreover, this study adopts the latent class instrumental variables framework to design a quasi experiment, which provides causal
evidence for the effectiveness of public health interventions for obesity based on changes in transit mode choice. Specifically, there is
an ongoing debate about the impacts of public transit service availability on physical activity (Chang et al., 2017; Cao et al., 2010).
The challenge is that studies of this type are best conducted in a longitudinal setting, because cross sectional study often suffers from
the self selection bias (Cao et al., 2010). However, the previous longitudinal studies are mostly at the local level. For example, Chang
et al. (2017) conducted a local longitudinal study, and showed that the implementation of bus rapid transit (BRT) in Mexico City
significantly increased the local residents’ time spent in physical activity, especially walking. To generalize the existing local longitudinal studies to a national scope, this paper creates a panel data set with 227 counties from 45 states, and partitions them into four
groups, based on the presence of frequent transit riders in the county in year 2001 and 2009. This partition seeks to explain the
between group difference of obesity rates in counties where the intervention (public transit riding) was utilized in only one year of
2001 or 2009 (but not both). Furthermore, to exploit exogenous variations of public transit usage within these groups, this study uses
the change in public transit funding in each county between 2001 and 2009 as an instrumental variable to simulate policy induced
transit behavior changes. In summary, to estimate the effectiveness of frequent transit riding as a public health intervention for
obesity, this model uses both the between group difference (existence of frequent transit riders in a county) and within group
difference (changes of frequent transit riders as a percentage in overall county population) in public transit usage to explain the
difference of obesity rates in these counties between 2001 and 2009. Therefore, this study can help policy makers to assess the
potential public health impacts of providing frequent transit service in a county.
This paper is organized as follows. Section 2 introduces the data sources used in the first difference model, and explains the
construction and meanings of the dependent and independent variables. Section 3 illustrates the regression model of this study,
emphasizing the structure of the first difference approach and the selection of instrumental variables. Section 4 presents the estimation results, while Section 5 and Section 6 discuss the implications of these results and conclude this study.
2. Data sets and preprocessing
Following from previous research studying the relation between public transit usage and obesity rates with U.S. data, a national
level analysis of this relation can only be performed at an aggregate level (Tiemann and Miller, 2013; She et al., 2017). Specifically,
since health and transportation data need to be drawn from different sources and may not possess a default common identifier, they
need to be matched at a geographically aggregated level for further analysis. This study uses three data sources as in She et al. (2017),
as well as public transit data from the 2016 National Transit Database Annual Data Products (NTD). Data measuring obesity rates and
common risk factors for obesity were compiled from the 2001 and 2009 annual surveys of the Behavioral Risk Factor Surveillance
System (BRFSS) (Centers for Disease Control and Prevention, 2016). Notably, since BRFSS only surveys the adult population, this
study only analyzes observations from individuals with age at least 18 years. Transportation data were collected from the 2001 and
2009 National Household Travel Survey (NHTS) (United States Department of Transportation, Federal Highway Administration,
2001; United States Department of Transportation, Federal Highway Administration, 2009). Data from the 2000 and 2010 national
census provide the necessary demographic and geographic data for this analysis (United States Census Bureau, 2015b; United States
Census Bureau, 2015a; United States Census Bureau, 2010; United States Census Bureau, 2002). The county level public transit
funding data in 2001 and 2009 are calculated from the 2016 National Transit Database Annual Data Products (NTD) (Federal Transit
Administration, 2017). These data are matched using the same matching strategy proposed in She et al. (2017). Observations from
these three sources are aggregated and matched at the county level. In the aggregated dataset, 227 counties from 45 states in the
United States are included, with each county having at least 30 individual observations from both BRFSS and NHTS to balance the
representativeness of the sample space and efficiency of estimates obtained, as explained in She et al. (2017).
To obtain a panel structure, each observation is indexed over time. As a result, each statistic in this analysis has a time dimension
t
T and a spatial dimension i
I . The time index set T has 2 elements, year 2001 and year 2009. The spatial index set I has 227
elements, representing the counties which have records in both year 2001 and year 2009 in the data set. The final panel dataset used
in this study contains the following statistics:

•

XiHC , defined as XiHC
XiHC
2009
2001 , is the difference in percentage of health care coverage in that county between year 2009 and year
I = {1, …, 227} . Here XitHC measures the percentage of county i’s population with some health care coverage, for
2001, where i
T = {2001, 2009} .
example health insurance, prepaid plans or government plans such as Medicare, during year t
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•
•
•
•
•

XiMHI , defined as XiMHI
XiMHI
2009
2001 , is the difference in median household annual income in that county between year 2009 and year
I = {1, …, 227} . Here XitMHI measures the median household annual income in county i during year
2001, where i
t
T = {2001, 2009} .
XiLTPA
XiLTPA , defined as XiLTPA
2009
2001 , is the difference in percentage of population engaging in some kind of leisure time physical
I = {1, …, 227} . Here XitLTPA measures the percentage of
activity in that county between year 2009 and year 2001, where i
county i’s population that engages in some kind of leisure time physical activity on at least a monthly basis during year
t
T = {2001, 2009} .
YiObese
YiObese , defined as YiObese
2009
2001 , is the difference in county population obesity rates between year 2009 and year 2001, where
Obese
i
I = {1, …, 227} . Here Yit
measures the percentage of county i’s population with Body Mass Index (BMI) at least 30 kg/m2 ,
where BMI is the individual’s weight in kilograms divided by the square of their height in meters during year
t
T = {2001, 2009} .
XiPov , defined as XiPov
XiPov
2009
2001, is the difference in percentage of population that live below the poverty threshold in that county
I = {1, …, 227} . Here XitPov measures the percentage of county i’s population that live
between year 2009 and year 2001, where i
T = {2001, 2009} . The poverty threshold is based on United States Census Bureau
below the poverty threshold during year t
(2015b).
XiPub
XiPub , defined as XiPub
2009
2001, is the difference in percentage of the population that use public transit at least 11 times a month
I = {1, …, 227} . Here XitPub measures the
or at least two days a week in that county between year 2009 and year 2001, where i
percentage of county i’s population that use public transit at least 11 times a month or at least two days a week during year
t
T = {2001, 2009} .

• X
•I

I = {1, …, 227} . Its derivation is explained in Section 3.
is a fitted value of XiPub , where i
a categorical variable, that takes the value 1 if there is a positive percentage of county i’s population that use public transit
T = {2001, 2009} , and takes the value 0 otherwise, where
at least 11 times a month or at least two days a week during year t
i
I = {1, …, 227} . In other words, IitPub measures the existence of frequent transit riders in county i during year t.
IiFund is a categorical variable, that takes the value 1 if the base year (2001) public transit funds are nonzero, and takes the value 0
otherwise
Pub
i
Pub
is
it

•
•

XiFund , defined as

XiFund
2009

XiFund
2001

XiFund
2001

, is the proportional difference of public transit fund available to county transit agencies between

I = {1, …, 227} . Here XitFund measures the amount of public transit fund available to county
year 2009 and year 2001, where i
T = {2001, 2009} . For those counties with zero XitFund in both periods, XiFund is set to 0. If a
transit agencies during year t
county have nonzero public transit funding in year 2009 but zero public transit funding in the base year 2001, the XiFund of this
county is set to 1.

In the rest of the paper, the dependent variables of interest are YitObese and YitObese , while other variables are considered as
independent variables. Specifically, county population obesity rates are measured by YitObese , county population public transit usage is
measured by XitPub , daily energy expense in non travel related physical activity is approximated by XitLTPA , local accessibilities of
health resources are reflected in XitHC and income distributions are controlled by XitMHI and XitPov . When expressed as temporal
differences between 2001 and 2009 (i.e. YitObese, XitPub , XitLTPA , XitHC , XitMHI and XitPov ), these variables are used to estimate the
longitudinal model. Details of this first difference approach are discussed in Section 3. Instrumental variable IitPub indicates whether
frequent transit riders exists (= 1) in county i of year t. Instrumental variable IiFund denotes whether public transit funds are nonzero
(= 1) in county i of year 2001. Instrumental variable XiFund measures the proportional increase in public transit fund in year 2009,
compared with the amount of public transit fund in year 2001. The purpose and role of the instrumental variables are discussed in
Section 3.
3. Methodology
This section derives an estimator of the causal impact of public transit usage on obesity. The estimator is derived in a longitudinal
framework, and hence, is statistically independent of all time invariant omitted variables by construction. The derivation of this
estimator is based on the following key assumption: the linear association between the dependent variable of interest YitObese and
independent variables XitPub , XitLTPA , XitHC , XitMHI and XitPov does not change over time. In other words, this derivation assumes that, for a
time invariant county fixed effect, i ,

YiObese
2001 =

2001

+

Pub
Pub Xi2001

+

LTPA
LTPA Xi2001

+

HC
HC Xi2001

+

MHI
MHI Xi2001

+

Pov
Pov Xi2001

+

i

+

i2001 ,

(1)

YiObese
2009 =

2009

+

Pub
Pub Xi2009

+

LTPA
LTPA Xi2009

+

HC
HC Xi2009

+

MHI
MHI Xi2009

+

Pov
Pov Xi2009

+

i

+

i2009 ,

(2)

and

I = {1, …, 227} . Under this assumption, a first difference
share the same set of parameters = { Pub, LTPA , HC , MHI , Pov } , where i
estimator will be derived to estimate this common set of parameters . Specifically, in this step, one would estimate the linear
association presented in (1) and (2) with the temporal difference variables (i.e. YitObese, XitPub , XitLTPA , XitHC , XitMHI and XitPov )
instead of their cross section counterparts (i.e. YitObese, XitPub , XitLTPA , XitHC , XitMHI and XitPov ). Notably, this estimator implicitly controls
for all time invariant omitted variables because the county fixed effect, i , is time invariant and therefore is eliminated in the
temporal differences. Moreover, the latent class instrumental variable method is employed to design a quasi experiment and evaluate
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the effectiveness of encouraging public transit usage as a public health intervention for obesity. Specifically, the 227 counties are
partitioned into four latent classes based on the existence of frequent transit riders in year 2001 and 2009. Here the existence of
frequent transit riders can be interpreted as a treatment assigned to obesity prevalence: counties where frequent transit riders existed
are analogous to the patients who received the treatment (treatment group), while counties where frequent transit riders did not exist
are analogous to the patients who did not received the treatment (control group). By this interpretation, these four classes can be
labeled following the standard terminology in biostatistics (see Baker et al. (2016)):
Pub
1. Always-Receiver: Counties where frequent transit riders exist in both year 2001 and year 2009 (IiPub
2001 = 1 and Ii2009 = 1). The dataset
contains 168 county observations in this group, in which the District of Columbia had the largest increase in the percentage of
frequent transit riders.
Pub
2. Consistent-Receiver: Counties where frequent transit riders exist in year 2009 but not in year 2001 (IiPub
2001 = 0 and Ii2009 = 1). The
dataset contains 33 county observations in this group, in which Kanawha County in West Virginia had the largest increase in the
percentage of frequent transit riders.
Pub
3. Inconsistent-Receiver: Counties where frequent transit riders exist in year 2001 but not in year 2009 (IiPub
2001 = 1 and Ii2009 = 0 ). The
dataset contains 18 county observations in this group, in which East Baton Rouge Parish in Louisiana had the largest decrease in
the percentage of frequent transit riders.
Pub
4. Never-Receiver: Counties where frequent transit riders exist in neither year 2001 nor year 2009 (IiPub
2001 = 0 and Ii2009 = 0 ). The
dataset contains 8 county observations in this group. These counties are mostly in low population density area such as Ada County
in Idaho and Yellowstone County in Montana.

Moreover, to explore the variations of XitPub within each of these four classes, this study uses the proportional change in public
transit funds in each county between year 2001 and 2009, XiFund , as another instrumental variable to simulate the policy induced
changes in public transit usage in between these periods.
Pub
Fund
, XiFund
To ensure that the simulated changes in public transit usage are exogenous, the instrumental variables IiPub
2001, Ii2009, Ii
and IiFund × XiFund should only associate with obesity rates YiObese though public transit usage XiPub . Specifically, here two assumptions are made:
1. Relevance Assumption: Changes the existence of frequent transit riders and amount of public transit funding (i.e., the instrumental
variables) should be associated with changes in public transit usage (i.e., the dependent variable in the first stage regression).
2. Exogenous Assumption: Emergence/disappearance of frequent transit riders and public transit funding decisions (i.e., the instrumental variables) should not be directly associated with obesity concerns (i.e., the dependent variable in the second stage regression).
The relevance assumption is empirically supported by the weak instrument test performed in Section 4. While the exogenous
assumption cannot be tested directly, Section 4 provides partial empirical support to this assumption through the Wu-Hausman test
and the Sargan test. Moreover, the specific instrumental variables chosen in this study play a key role in limiting the potential sources
of endogeneity. While other trends may have influenced county-level obesity rates between 2001 and 2009, the exogeneous assumption is violated only if these trends lack independence with the instrumental variables. Based on the instrumental variables
chosen in this study, the exogenous assumption therefore requires that not all frequent transit riders in a county choose public transit
Pub
as their main transit mode due to these other trends (i.e., these other trends are independent of IiPub
2001 and Ii2009 ), and that transit
funding decisions are not made based on these other trends (i.e., these other trends are independent of IiFund, XiFund and
IiFund × XiFund ).
Beyond the empirical assessments of the exogenous assumption to be presented in Section 4, the following points provide rationale for the two key components of the exogenous assumption.

• The emergence/disappearance of frequent transit riders, represented by I

and IiPub
2009 , should be exogenous to obesity concerns in
population. This is logical, since individuals may choose to ride public transit for many reasons. Hence, from a county population
perspective, it is unlikely that all frequent transit riders in a county choose public transit as their main transit modes out of obesity
concerns.
Some frequent transit riders in a county, on the other hand, were likely to choose public transit as their main transit modes due to
health considerations. However, it is not necessary to assume that all within-group variations in public transit usage are exogenous. Instead, this study only requires public transit funding decisions, represented by IiFund, XiFund , and IiFund × XiFund , to be
exogenous to obesity concerns among county population.
Pub
i2001

•

In summary, this study uses policy induced exogenous changes in public transit funds to simulate exogenous changes in public
transit usage within the four groups: Always-Receiver, Consistent-Receiver, Inconsistent-Receiver and Never-Receiver, and only
assumes that changes in public transit usage across these groups were exogenous. Therefore, the estimated effects of public transit
usage on obesity can be interpreted as the treatment effect of a public health intervention in a quasi experiment setting.
The main model of interest in this study is a two stage least squares model. The first stage regression uses instrumental variables
IitPub, IiFund and XiFund to simulate variations in XitPub ,
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XiPub =

0

Pub
1 Ii2001

+

+

Pub
2 Ii2009

+

Fund
3 Ii

+

4

XiFund +

Fund
5 Ii

× XiFund +

6

XiLTPA +

7

XiHC +

8

XiMHI +

9

XiPov +

i,

(3)

I = {1, …, 227} . The simulated temporal differences in public transit usage,
where i
estimate the parameter of interest, Pub , as in

YiObese =

+

Pub

XiPub +

LTPA

XiLTPA +

HC

XiHC +

MHI

XiMHI +

Pov

XiPub ,

XiPov +

are then used in the second stage to
(4)

i,

I = {1, …, 227} . In this two stage least squares model (3) and (4), the dependent variable
where i
obesity prevalence in county i between year 2009 and year 2001. Independent variables, XiPub ,
measure the temporal differences of XitPub , XitLTPA , XitHC , XitMHI and XitPov , as introduced in Section 2. Notably, these difference variables
have the same set of coefficients as their counterparts in (1) and (2). The intercept term, , is the difference between 2009 and 2001,
= 2009
namely
2001. It measures the average difference in county-level obesity prevalence in the United States when there is no
change in XitPub , XitLTPA , XitHC , XitMHI and XitPov . Other parameters have the same interpretations as in (1) and (2):

YiObese measures the difference in
XiLTPA , XiHC , XiMHI and XiPov ,

•
•
•
•
•

Pub measures the percentage point change in county population obesity rates caused by a one percentage point increase of
frequent public transit riders in the county population. The objective of this study is to provide further evidence for the potential
causal effect of public transit usage on obesity.
LTPA measures the percentage point change in county population obesity rates associated with a one percentage point increase of
individuals who engage in some kind of leisure time physical activity at least on a monthly basis in the county population.
HC measures the percentage point change in county population obesity rates associated with a one percentage point increase of
health care coverage in the county population.
MHI measures the percentage point change in county population obesity rates associated with a one dollar increase in county
median annual household income.
Pov measures the percentage point change in county population obesity rates associated with a one percentage point increase in
the poverty rate in the county population.

The first difference estimator derived from the model in (3) and (4) can better address possible omitted variable bias in the
ordinary least squares model (1) and (2). To obtain an unbiased estimate of Pub from (1) and (2), one needs to ensure that omitted
variables measured by i are independent of other regressors Xit , where Xit {XitPub , XitLTPA , XitHC , XitMHI , XitPov } . However, this is a very
strong assumption. For example, transit mode preference can be a potential omitted variable which is simultaneously associated with
obesity YitObese and public transit usage XitPub . Therefore, a first difference model (3) and (4) is necessary for this study.
4. Results
Table 1 presents the estimation results of the parameters in model (3) and (4). The overall model is statistically significant at the
= 0.01 level, with a p -value of 3.12 × 10 7 . 1 There are three main findings in these results.

• The estimation result of
•

•

Pub confirms the causal impact of public transit usage on obesity rates, and suggests that a one percentage point
increase of frequent public transit riders in a county population can decrease the county population obesity rate by 0.473% points. This
result is significant at the = 0.05 level. This estimation result is also consistent with other studies with cross sectional data (e.g.
(Flint et al., 2014; Tiemann and Miller, 2013; She et al., 2017)).
Encouraging public transit usage and leisure time physical activity can both effectively reduce obesity rates. Taking public transit more
frequently may have a larger impact on obesity rate, though the difference is not statistically significant. The joint hypothesis test
= 0.1
comparing the impacts of these two factors (H0 : Pub = LTPA , H1: Pub
LTPA ) cannot reject the null hypothesis at the
level ( p -value = 0.15). Similar results are also found in Flint et al. (2014) with data from the United Kingdom. Therefore, when
aiming to reduce obesity rates, policy makers will face less individual heterogeneity if they choose to reduce obesity rates through
encouraging more population level leisure time physical activity, while the impact on obesity rates may vary if they choose to do
so through encouraging more population level public transit usage.
The estimated value of
suggests that obesity remains a public health concern in the United States, as the average obesity rates in the
United States increased by 8.50% from 2001 to 2009 when there was no change in public transit usage ( XitPub ), levels of leisure time
physical activity ( XitLTPA ), health care coverage ( XitHC ), annual median household income ( XitMHI ) and poverty rates ( XitPov ). The result is
statistically significant at = 0.01 level and its 95% confidence interval contains the 7.386% increase reported in a similar study by
Dwyer-Lindgren et al. (2013), where a first difference estimation is conducted on obesity rate in the United States in the 2001 to
2009 period with BRFSS data with a similar set of covariates. The difference between this study and Dwyer-Lindgren et al. (2013)
is that public transit usage is controlled in this study but not in Dwyer-Lindgren et al. (2013); hence, the obesity trend in the
United States in the 2001–2009 period found in this study is consistent with other studies analyzing the same dataset.

From Section 3, the validity of instrumental variable design in (3) and (4) depends on two assumptions, namely the Relevance
1

The corresponding Wald statistic is 38.41, which follows a Chi-Squared distribution with 5 degrees of freedom.
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Table 1
The estimate values represent the percentage point change in county population obesity rates independently associated with a one unit increase in
each factor of model (3) and (4). The unit in every factor in this table is percentage points, except Income , whose unit is dollars.
Factor

Parameter

Estimate

Pub

(−0.906, −0.0399)

1.99 × 10
0.0334

15

−0.473

(−0.258, 0.0470)

9.89 × 10
0.176

6

−0.106

8.00

(Intercept)
Public
LTPA

LTPA

Income

MHI

Healthcare
Poverty

95% Confidence Interval

HC

Pov

(6.17, 9.83)

−0.314
−2.75 × 10
0.0781

p value

(−0.449, −0.178)

(−4.44 × 10 4 , −1.07 × 10
(−0.00254, 0.159)

4

0.00158

4)

0.0590

Assumption and the Exogenous Assumption. Based on the data analyzed in this study, these assumptions can be at least partially
empirically justified as follows.

• Relevance Assumption: The F-test of the first stage regression (H :

•

0
1 = 2 = 3 = 4 = 5 = 0 in (3), H1: At least one parameter is
non-zero) yields a p-value of 5.08 × 10 5 , suggesting that the coefficients of instrumental variables are jointly significant in the first
stage at the = 0.05 significance level. The F-statistic of the instrumental variables in (3) is 5.7675, which implies that the
maximum bias in instrumental variable estimators is less than 20% . In other words, if one is willing to accept the maximum bias in
instrumental variable estimators to be less than 20% , instead of the 10% rule of thumb suggested by Staiger and Stock (1997), the
relevance assumption of our instrumental variable choices holds (Yamano, 2010). To further rule out the weak instrument
0 for each
problem, this study examines the significance of each parameter individually (i.e., H0 : i = 0, H1: i
i = 1, 2, 3, 4, 5), yielding p-values of 0.000185, 0.000819, 0.00871, 0.0165 and 0.0145, respectively. Taken together, these tests
suggest that the instrumental variables are both jointly and individually significant at the = 0.05 significance level. These results
confirm that the instrumental variables chosen are indeed correlated with the dependent variable XiPub in the first stage regression (3), and therefore satisfy the relevance assumption.
Exogenous Assumption: To investigate whether the selected instrumental variables could resolve a potential endogeneity problem,
the Sargan test is used to assess whether there exists a set of parameter values in the second stage regression (4) that makes the
regressors in the first stage regression (3) independent of the resulting residual errors in the second stage regression (i.e., H0 : Such
parameter values exist and H1: Such parameter values do not exist). This test yields a p-value of 0.123, suggesting that the
instrumental variables chosen in this study have the potential to address an endogeneity problem. Moreover, if it is assumed that
the instrumental variable approach used in this study avoids endogeneity issues, the Wu-Hausman test can assess whether an

ordinary least squares approach to the regression model presented in (4) can do the same (i.e., H0 :

2SLS

=

OLS

and

H1: 2SLS
OLS , where 2SLS and OLS are vectors containing the 2SLS estimators and OLS estimators of the regression parameters
in (4), respectively). This test yields a p-value 0.0425, suggesting that the ordinary least squares would not be able to avoid an
endogeneity problem. Hence, when taken together, the results of these tests suggest (at the = 0.05 significance level) that there
is potential for the two-stage least squares approach proposed in this study to avoid endogeneity problems, while an ordinary least
squares approach would not be able to do so.
Hence, all of these tests support the instrumental variable choice in this study.
5. Discussion
Though there is abundant evidence of an association between public transit usage and obesity, relatively little is known about the
causal relation between public transit usage and obesity. Previous studies on this topic are based on cross sectional models with
limited controls for possible confounding effects (Flint et al., 2014; Frank et al., 2007; Tiemann and Miller, 2013; She et al., 2017). In
particular, no data directly document individuals’ preferences for specific transit modes and whether shifting from people’s preferred
transit modes to public transportation can lead to other outcomes which increase obesity rates, such as increased food consumption or
decreased non travel related physical activity (Saunders et al., 2013; Plantinga and Bernell, 2007; Eid et al., 2008). Consequently,
hypotheses of this kind cannot be directly tested with a cross sectional model when there is not enough data to explicitly control for
the aforementioned possible confounding effects. Therefore a longitudinal study, which can implicitly control for all time invariant
omitted variables, is needed to understand the causal effect of increased public transit usage on obesity.
This study provides evidence for a negative causal relation from public transit usage to obesity with longitudinal data in a quasi
experiment framework. Since all time invariant confounding variables are differenced out in the estimation process, individual
preferences in transit mode, as a time invariant factor in the aggregate level, cease to be confounders in the model. Therefore omitted
variable bias in cross sectional models is better addressed through the longitudinal design of this study. Moreover, the latent class
instrumental variables design provide evidence for a causal effect of public transit usage on obesity in a quasi experiment framework,
and confirms the effectiveness of encouraging public transit usage as a public health intervention for obesity. In fact, most of the
counties in the Consistent-Receiver group had made considerable investment in public transit infrastructure during the 2001–2009
period. For example, Kanawha County in West Virginia started a weekday bus route between Huntington and Charleston under a
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three-year federal grant in 2009, which provided more than 13,000 rides in 2009 (The Herald-Dispatch, 2015). As such, the NHTS
dataset used in this study shows that the county had a 23.92% emergence of frequent transit riders during the 2001–2009 period.
Overall, estimation results presented in Section 4 provide strong evidence for the hypothesis that an increase in county population
public transit usage will cause a decrease in county population obesity rates.
Lastly, it should be noted that the treatment effect of public transit usage on obesity is estimated based on simulated variations in
public transit usage. As discussed in Section 3, this study only uses the fitted value of public transit usage, simulated by the emergence/disappearance of frequent transit riders and changes in public transit funds, to derive the estimate of the treatment effect.
Nevertheless, though the estimated impact of public transit usage on obesity is larger in magnitude compared to that documented in
She et al. (2017), their 0.221% point estimate falls in the 95% confidence interval for Pub reported in Table 1. Therefore, the
estimated impact of public transit usage on obesity does not contradict the estimate reported by She et al. (2017), who conducted a
cross sectional study using the same data sources.
6. Conclusion
This paper uses aggregated county level panel data to identify causal relations between public transit usage and obesity.
Specifically, all time invariant omitted variables which can potentially influence this relation are implicitly controlled and differenced
out in the estimation process. This study provides longitudinal evidence for the causal impact of county population public transit
usage on county population obesity rates. The estimated impact is consistent with those from previous studies. Therefore, this study
suggests that encouraging public transit usage is indeed an effective public health intervention for obesity.
As an observational study, this research still leaves some questions open regarding the causality relation between public transit
usage and obesity. For example, this study does not rule out the possibility of time variant confounding effects in this relation. In fact,
causal relation is best understood through randomized controlled trial (RCT). Ideally, the increase in public transit usage should be
randomly assigned to different subpopulations, to ensure that the treatment group and control group are from the same population
and only differ in their amounts of public transit usage. Though rare, RCT data indeed exist. For example, to limit the number of
vehicles on the road, the Traffic Management Bureau of Beijing, China, requires a lottery for each citizen who wishes to purchase a
new private vehicle in Beijing after January 1, 2012 (Traffic Management Bureau of Beijing, 2011). This is essentially a random
assignment of transportation methods among populations who are otherwise the same population. The obesity rate difference between the group who win the lottery and the group who does not win is thus a result of randomized control trial. As these RCT data
become available, a more direct estimate of the causality relation between public transit usage and obesity can be obtained.
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