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Abstract
Safely integrating bicyclists onto roadways in the United States has become an important
issue as the number of cyclists has steadily increased in recent decades. These concerns have led
many city and state legislatures to pass laws requiring drivers to provide a minimum amount
of distance between their vehicle and cyclists when passing them on roadways. Many believe
these laws are ineffective in reducing the number of bicyclist fatalities because they are difficult
for police to enforce, contain loopholes, and the minimum distance required is inadequate. This
claim is tested empirically using data on bicyclist fatalities from the Fatality Analysis Reporting
System (FARS) and a differences-in-differences approach, in a negative binomial model, to
identify the effect of minimum distance passing laws on bicyclist fatalities. The analysis fails
to find a significant effect of enacting a minimum distance passing law on the number of cyclist
fatalities after controlling for differences in weather, demographics, bicycling commuter rates,
state level traffic, and time variation.
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Introduction

Policy makers have long sought to reduce the external pollution and congestion costs created
by automobiles. Estimates have put air pollution costs at $0.03 per mile and congestion costs at
$0.065 per mile [Small and Kazimi, 1995, Fischer et al., 2007]. While many policies aim to make
vehicles more fuel efficient or divert traffic to off-peak times, reductions in these costs could also
occur by promoting alternative modes of transportation. Persuading a portion of the US population
to switch from automobiles to bicycles could drastically decrease these external costs.
Though bicycling exhibited the largest percentage increase in modal split share of all commuting
modes between 2000 and 2012, the number of bicyclists in the US is still modest [McKenzie, 2014].
To alleviate pollution and congestion through increases in bicyclist numbers, policy makers must
make bicycling an appealing substitute for automobiles. While bicycles and vehicles differ along
many dimensions, it appears that many marginal bicycle users are dettered by the dangers of
bicycling. When asked what factors prevent them from bicycling, individuals consistently report
safety concerns are a major deterrent [Goldsmith, 1992]. Bicyclists are some of the most vulnerable
users of roadways, and, as their numbers have increased, safely integrating them onto roadways
has become a major concern. Recognizing this, many states are seeking to make bicyclists safer to
encourage more bicycle use.
One solution used in recent years by state legislatures to improve bicyclist safety is minimum
distance passing laws (MDPLs). To date, 26 states and several cities have passed laws that require
motorists to leave a minimum amount of distance between their vehicle and bicyclists when overtaking them on roadways [NCSL, 2015]. The first of these laws was passed in Wisconsin in 1974,
but 24 of the 26 states have enacted MDPLs since April 2000. Generally, the laws stipulate drivers
may not come within 3 feet of bicyclists while passing.
Many welcome these laws as much needed passing guidelines, but others, including some bicycle
advocacy groups, question their effectiveness. Skeptics argue that vague language, loopholes, inadequate minimum distance, and the difficulty police officers have enforcing such laws means they
have little or no impact on cyclist safety.
The actual effect of MDPLs on bicyclist safety has remained ambiguous in the absence of
substantive evidence. This paper uses data on bicyclist fatalities to empirically test the impact of
MDPLs on bicyclist safety. The identification strategy utilizes a differences-in-differences approach
which uses states without MDPLs as controls and the variation in timing of state level MDPL
enactment to examine their effect while controlling for: state and time specific variations in traffic,
demographics, and weather, among other factors.
The results, which are insensitive to numerous robustness and endogeneity checks, show that
MDPLs do not have a statistically significant effect on bicyclist fatalities. Further, MDPLs do
not appear to have an economically significant effect on bicyclist fatalities either as the estimates
within the 95% confidence interval predict, at best, a reduction of 1 bicyclist fatality per state every
20.41 months after MDPL enactment. These results suggest that current MDPLs are ineffective in
improving bicyclist safety.
The remainder of this paper is organized as follows. The next section introduces where this
paper fits in the related literature. Section 3 provides an in depth background on MDPLs. Section
4.1 describes the data, section 4.2 the empirical methods and identification assumptions, section
4.3 the main results, and section 4.4 provides robustness checks. Section 5 discusses limitations of
the empirical work, and section 6 concludes with a brief overview of the policy implications.
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Literature Review

This paper examines the relationship between bicyclist fatalities and minimum distance passing
laws. This work lies at the intersection of the bicyclist safety literature and a broader area studying
safety laws and traffic fatalities. Compelling research on MDPLs, bicycle helmet use and safety
perceptions, and distracted driving legislation provide a strong background for this work and are
highlighted in this section.
The existing literature on MDPLs has focused on driver compliance with these laws, but does
not attempt to study any changes in driver behavior. Though this research doesn’t test the impact
of MDPLs on bicyclist fatalities, it provides important information about why these laws may or
may not be effective.
Love et al. observed vehicles passing five bicyclists over 10.8 hours of riding in Baltimore,
Maryland approximately one year after a MDPL took effect [Love et al., 2012]. The results suggest
MDPLs may not be effective as a sizable portion of Baltimore’s population does not abide by the
MDPL with 89 of the 586 recorded passes occurring within 3 feet or less of cyclists [Love et al.,
2012].
The economic literature on bicyclist safety and accidents is relatively sparse, and, for the most
part, centered around helmet use. Mandatory helmet laws for cyclists are another legislative attempt to improve bicyclist safety, but they may reduce the number of bicyclists and bicycle miles
traveled. It is no surprise that researchers have shown mandatory helmet use significantly decreases the number of head traumas suffered by cyclists [Ginsberg and Silverberg, 1994, Chatterji
and Markowitz, 2013]. Unfortunately, the decrease in head traumas may simply be caused by
individuals ceasing to bicycle due to their distaste for helmets, as bicycle helmet laws are also
associated with a decrease in other bicycle related injuries children suffer and an increase in the
number of injuries children experience while participating in other wheeled activities [Chatterji and
Markowitz, 2013].
Paradoxically, while required helmet use is unpopular, many individuals believe bicycling is too
dangerous. It has been shown that the perceived danger associated with bicycling plays a large role
in deterring new riders [Fernández-Heredia et al., 2014]. Thus, it would be reasonable to expect an
increase in cycling after a MDPL is enacted if it makes cyclists safer, or at the very least makes
them feel safer. Although the relationship between MDPLs and bicycle use has not been studied
directly in the literature, there is evidence that providing an additional buffer between cars and
cyclists increases the number of cyclists. Habib et al. find that the factor with the largest positive
effect on bicycle use in Toronto is providing on-street and protected bike lanes [Habib et al., 2014].
Another literature examines the impact of legislation on traffic fatalities. A few noteworthy
contributions study: marijuana laws [Anderson et al., 2013],blood alcohol content levels [Eisenberg,
2003], distracted driving [Abouk and Adams, 2013, Burger et al., 2014, Bhargava and Pathania,
2013,Prieger and Hahn, 2005], smoking bans in bars [Adams and Cotti, 2008], casino permits [Cotti
and Walker, 2010], and motorcycle helmet laws [Sass and Leigh, 1991]. While this paper shares
methodological and motivational similarities with many of these papers, the remainder of this
section will focus on distracted driving laws as they share several theoretical issues with MDPLs.
Public opinion holds that using a cellular phone while driving increases the likelihood of a crash.
This belief (which is supported by laboratory experiments) led 33 and 6 states to enact texting
bans and handheld phone bans, respectively, by 2012 [Redelmeier and Tibshirani, 1997,Abouk and
Adams, 2013]. However, the impact of these laws has been questioned as they can be difficult to
enforce and many contain loopholes that could render them useless. The literature has not reached
a consensus on the issue, with results ranging from no effect to significant decreases in fatalities.
Recent contributions have found that texting and driving bans decrease single vehicle single
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occupant fatalities if the laws are sufficiently strict [Abouk and Adams, 2013]. It has also been shown
that this reduction may diminish quickly over time, implying drivers may simply be reacting to the
announcement of the ban [Abouk and Adams, 2013]. Other researchers argue that distracted driving
laws have zero effect because of enforcement issues, low compliance rates, and driver heterogeneity
[Burger et al., 2014, Prieger and Hahn, 2005].
This strictness requirement and persistence issue are of particular concern when examining
MDPLs. There are only slight variations in the strictness of MDPLs, so it is possible that most
may be too weak to significantly reduce fatalities. It is also possible that the effect of passing laws
could diminish quickly after passage due to lack of enforcement, or it may take months for the law
to become effective as traffic officers must learn how to enforce it.

3

Policy Context

Motor vehicles and bicycles inherently travel at differential speeds which frequently leads to
overtaking maneuvers when drivers and bicyclists meet. These interactions become more dangerous
as the distance between bicyclists and vehicles decreases not only because the margin of error for
direct collisions decreases, but also because automobiles may generate enough air displacement to
affect a cyclists balance at close proximity [Kahn and Bacchus, 1995]. To lessen the probability of
a collision or crash, MDPLs attempt to increase the distance between vehicles and cyclists.
Prior to the passage of Wisconsin’s MDPL in 1974, no well established rules outlining how to
pass bicyclists on roadways existed. Formalizing bicyclist passing requirements caught on slowly.
However, in the past 16 years, policy makers, motivated by a desire to improve safety and increase
the number of bicyclists, have passed MDPLs in 24 more states. Although MDPLs are enacted
with good intentions there are several common critiques including: insufficient distance required,
loopholes in the legislation, and lack of enforcement.
MDPLs usually require motorists to provide 3 feet of space between their vehicle and cyclists
when passing on roadways. Bicycle advocacy groups argue this is not enough space in many
instances, and use MDPL legislation from the few states with higher minimum distances as examples
of passing laws that may be effective.1 Some believe setting the minimum distance at 3 feet actually
makes cyclists worse off. They argue the law effectively sets a benchmark that leads drivers who
previously gave bicyclists a wider berth to adjust their behavior to provide only the minimum
required distance.
Loopholes in the legislation allowing motorists to drive closer than the minimum distance specified if they slow to a safe speed may also undercut the effect of MDPLs. For example, California’s
law requires motorists to pass at a distance of no less than three feet, or if that is not possible
“the driver shall slow to a speed that is reasonable and prudent” [CA State Legislature, 2013].
This wording leaves the determination of reasonable and prudent speeds entirely up to the vehicle’s
driver, who likely has a different interpretation of reasonable and prudent than the bicyclist being
passed. This wording also undermines police officers’ ability to effectively enforce the law. Unless a
bicyclist is actually struck by a vehicle, it may be difficult for prosecutors to prove the automobile
was traveling at unsafe speeds, or even that they were within 3 feet of the cyclist.
Another enforcement problem also exists. If police officers are trained in bicyclist traffic laws
at all, it is often only secondary training provided by local bicycle advocacy groups.2 This means
1
For example, South Dakota requires 4 feet of space, and Tennessee requires 3 feet when driving below 35 mph
and 6 feet when driving over 35 mph [NCSL, 2015].
2
According to records provided by the League of American Bicyclists, new officers were trained in bicycling
enforcement as part of the police academy curriculum in only 23 states in 2014. In the same year, officers in 31 states
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many officers are inexperienced in handling bicyclists, and often do not monitor bicycling areas. If
the laws are not being enforced, they are likely not an effective deterrent.

4
4.1

Empirical Analysis
Data

A unique panel data set was created for the empirical estimation of this paper. Information
about traffic fatalities (driver, bicyclist, pedestrian, etc.) was provided by the Fatal Accident
Reporting System (FARS) of the National Highway Traffic Safety Administration (NHTSA) for the
years 1990-2014.3 Having monthly observations of bicyclist fatalities for individual states over 25
years should allow for factors that cause even small variations in fatalities to be precisely estimated.
The mean of monthly bicyclist fatalities in a state for each season can be seen in Figure 1
below. The number of fatalities in a state in a given month is highly seasonal, with the average
jumping in summer months and falling again as winter approaches. This is compelling evidence
that temperature should be a strong predictor of bicyclist fatalities.
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Figure 1: State average monthly cyclist fatalities by season

Winter
Summer

Spring
Fall

Notes: Winter is defined as December-February, spring as March-May, summer as June-August, fall as SeptemberNovember.

were provided with secondary bicycling enforcement training by bicycle advocacy groups.
3
Although data on all accidents (fatal or not) that occurred while a motorist was overtaking a bicyclist would
provide a clearer picture of cyclist safety, serious reporting concerns would exist as not all traffic accidents are reported
to police. For example, in New York City, up to a third of bicycle collisions that required hospitalization were not
recorded in traffic accident databases [Brustman, 1999].
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The effective dates of minimum distance passing laws were collected from state legislature
archives, and cross referenced using news reports and information provided by The League of
American Bicyclists. Figure 2 illustrates the effective month of MDPLs by state.4 In total, 23
states and the District of Columbia enacted MDPLs during the sample period, while Wisconsin did
so in 1974.5
Figure 2: Effective Date of Minimum Distance Passing Laws

12/2010 to 12/2014
12/2005 to 11/2010
12/2000 to 11/2005
12/1995 to 11/2000
4/1974 to 11/1995
No MDPL

Notes: While only 3 states enact MDPLs prior to 2000, the numbers sharply increase after this point. The majority
of MDPLs are past after 2005. Hawaii and Alaska are not depicted; neither state has enacted a MDPL.

State level monthly average temperature and total precipitation data were provided by the
National Oceanic and Atmospheric Administration. The temperature variable is placed into 5
degree bins as the analysis uses a quadratic temperature term, and there are several states that
have negative average temperature observations.
Unemployment and labor force data were gathered from the Bureau of Labor Statistics, while
monthly population estimates, and annual age, sex, and median income estimates were obtained
from the Census Bureau. State level annual estimates of the share of commuters using bicycle as
a mode of transportation from 2005-2014 were obtained from the American Community Survey.
Monthly state means and percentages for all variables are presented in Table 1. This information
is split into control and treatment state groups, with the treatment groups further separated into
all months, pre-law months, and post-law months. Table 1 illustrates several interesting state
characteristics, the most notable being states that enact a passing law, on average, have higher
bicyclist fatalities than the control states. However, this is true for pedestrian, driver, and total
fatalities as well, and is likely due to the treatment states being more populous. Other than
population and the number of traffic fatalities per month, there is little difference between control
and treatment states.
4
Effective dates: AZ 4/2000, AR 3/2007, CA 9/2013, CO 5/2009, CT 10/2008, DE 7/2011, DC 10/2013, FL
10/2006, GA 7/2011, IL 8/2007, KS 7/2011, LA 9/2009, ME 6/2007, MD 10/2010, MN 4/1995, MS 7/2010, NE
8/2012, NV 5/2011, NH 1/2009, OK 6/2006, PA 2/2012, TN 5/2007, UT 4/2005, VA 7/2014, WV 6/2014, WI 4/1974
5
WI enacted a MDPL over 20 years before any other state, which causes some concern about how similar Wisconsin
is to the other treatment states. To ensure that WI is not an outlier, the specifications discussed in the coming sections
are also estimated without WI, but the results do not change substantially.
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Table 1: Descriptive Statistics

Bicyclist fatalities
Driver fatalities
Pedestrian fatalities
All traffic fatalities

Monthly State Means or Percentages
Treatment States
Control States
Total
Pre-law
0.97
1.45
1.46

Post-law
1.33

37.05
7.26

42.2
9.12

43.58
9.46

37.68
7.44

53.75

62.75

65.17

54.08

54.31
3.21

54.29
3.27

52.69
2.96

4.53
0.48
0.06

4.52
0.48
0.06

4.49
0.48
0.06

54.84
0.002

55.53
0.001

53.20
0.005

MDPL
Temperature
50.65
Precipitation
3.36
(in.)
Population(millions)4.02
Share male
0.48
Unemployment
0.06
rate
Median income
54.00
Share commuting 0.002
by bicycle

Notes: All traffic fatalities is not limited to bicycle, driver, and pedestrian fatalities. Average temperature is
reported in degrees Fahrenheit, unemployment rate has been seasonally adjusted, median income is adjusted to
thousands of 2014 dollars.

Table 1 also shows that monthly bicyclist fatalities decrease after minimum distance passing
laws are enacted. While it is possible this decrease is caused by MDPLs, there is a downward trend
in all fatality types in the treatment states. This highlights the need for an econometric analysis
that properly controls for confounding variables to tease out the actual effect of the laws.

4.2

Estimation Strategy and Identifying Assumptions

The model explains the count of bicyclist fatalities in state, i, and month, t, as a function of
minimum distance passing laws and control variables, x, described in the previous section,
F AT ALIT IESi,t = f (M DP Li,t , xi,t ).
A count model is used as the dependent variable takes the form of non-negative integers. The frequency of monthly bicyclist fatality counts can be seen in Figure 3. Despite many zero observations
in the data there are no theoretical reasons to suspect the data generating process to differ between
zero and non-zero observations. This rules out hurdle and zero-inflated models, and deems negative
binomial or Poisson models more appropriate.
7

Figure 3: Frequency of monthly bicyclist fatality counts
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Notes: Monthly bicyclist fatalities has a median and mode of zero while the
mean is 1.211. The final bin contains observations of 20 or more monthly
fatalities.

A key assumption of the Poisson model is equidispersion: the conditional mean, µ, must be
equal to the conditional variance, var(yit |xit ). Stated explicitly, E(yit |xit ) = var(yit |xit ) = µit ,
where yit is the dependent variable [Cameron and Trivedi, 2013a]. In many economic applications
overdispersion, µit < var(yit |xit ), is present in the data. The negative binomial model corrects
for overdispersion without any further adjustments, while the Poisson model requires moving away
from complete distributional assumptions to handle overdispersion [Cameron and Trivedi, 2013b].
While both models can correct for overdispersion, negative binomial models can lead to more
efficient estimates in some situations [Cameron and Trivedi, 2013a].6
The level of overdispersion is tested by performing a likelihood ratio test on the negative binomial
model’s overdispersion parameter, α. The results of this test confirm that there is significant
overdispersion in the data, so a negative binomial model is chosen.
Two variants of the negative binomial model are widely used in the literature, “NB1” and
“NB2”. These models differ in the specification of their variance. The NB1 model specifies that
the conditional variance is a multiple of the mean, var(yit |xit ) = µ + αµ, while the NB2 model
specifies the variance as µ + αµ2 [Cameron and Trivedi, 2013a].
The NB2 model is used over the NB1 for two reasons. First, the NB1 model places more
restrictions on the overdispersion parameter than the NB2 model, and, as such, can estimate
coefficients of time-invariant regressors [Cameron and Trivedi, 2013a]. This model is criticized
as not being a true fixed-effects model [Allison and Waterman, 2002]. Second, the main pitfall
of the NB2 model, in this context, is that it leads to inconsistent estimates of the coefficients
in panels with few time periods. Several studies have shown that this inconsistency is small for
longer panels, and, as the panel used here contains 288 time periods, this is not likely a major
6
The results of the paper do not qualitatively change when the Poisson model is used in place of the negative
binomial.
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issue [Greene, 2007, Allison and Waterman, 2002, Cameron and Trivedi, 2013a]
The probability density function of the model7 is then,

α−1
yit

i
Γ(yit + αi−1 )
αi−1
µit
f (yit |µit , αi ) =
,
Γ(yit + 1)Γ(αi−1 ) αi−1 + µit
αi−1 + µit
where Γ is the Gamma function, the overdispersion parameter is αi > 0, the mean is specified as
µit = exp(δi + Ψt + M DP Lit Ω + x0it β) with δi being the individual specific constant, Ψt being the
time fixed-effects, and yit = 1, 2, 3, 4, ... [Cameron and Trivedi, 2013a,Allison and Waterman, 2002].
Here the mean will vary over time and individual, but the over dispersion parameter will vary only
by individual.
The NB2 model is able to control for fixed-effects by incorporating full sets of dummy variables
(year, state, state-month, seasonal, etc) [Cameron and Trivedi, 2013a]. Controlling for fixed-effects
is important as unobserved traffic conditions will vary between states and over time.
Due to the panel structure of the data, a grouped error term is a potential problem in this
analysis [Bertrand et al., 2004]. Because the observations within a state are likely correlated with
each other over time, the standard errors are clustered at the state level. This clustering assumes
that the errors are independent between states, but correlated within the state.
A differences-in-differences (DID) approach is used to identify the effect of MDPLs on cyclist
fatalities. The DID estimator, Ω, is an interaction term of two dummy variables. The first dummy
variable is activated if a state ever enacts a MDPL, while the second is activated in all periods that
the MDPL is effective.
The identification of the effect of MDPLs relies on the assumption that states that do not enact
a MDPL are comparable to states that do enact a MDPL conditional on the fixed-effects and time
varying controls included [Angrist and Pischke, 2008]. That is to say, in the absence of a MDPL,
changes in cyclist fatalities must be determined by the controls and fixed-effects in the model. This
means changes outside the trend are caused by the enactment of MDPLs. A visual inspection of
bicyclist fatalities over time, illustrated in Figure 4, suggests the trends are the same over time,
with fatalities in the control and treatment states following very similar trends, albeit with the
treatment states experiencing more volatility.
7

A derivation of the likelihood function from this density can be found in [Cameron and Trivedi, 2013a]
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Figure 4: Annual Average Bicyclist Fatalities Per State
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Notes: Averages are constructed by summing all fatalities in the control or
treatment states in a given year and then dividing by the number of states
in that group, 26 for control and 25 for treatment (the total of 51 is due to
the inclusion of D.C.

However, this visual inspection is not conclusive, and it is still possible that state and time trends
that violate this assumption could emerge. To control for this, state and time trend variables are
constructed and added to the model.8 Following the literature, the state trend is modeled as linear
deviations from the monthly national mean of cyclist fatalities [Shirley and Gelman, 2015]. The
time trend is incorporated as a simple linear month trend.

4.3

Main Results

The empirical work begins in Table 2 by estimating several baseline specifications of the reduced
form model. Column 1 gives results from a negative binomial regression that includes only the
MDPL variable and fixed-effects.9 Column 2 then adds weather and demographic controls while
column 3 adds variables to control for trends.
A simple method for interpretating the coefficients in a negative binomial model is the incident
rate ratio (IRR). The IRR of a variable, xj , is exp(βj xj ), so the model in column 1 predicts that
states with a MDPL have exp(.0783 ∗ M DP L) = 1.081 times as many expected bicyclist fatalities
as a state without a MDPL [Prieger and Hahn, 2005]. In other words, the model estimates an 8.1%
increase in expected bicyclist fatalities for states with MDPL.10
8

Though fixed-effects and trend controls should eliminate any violations of the identification assumptions a selection problem may persist. MDPLs may have been enacted in states that policy makers believed they would be
effective and not enacted in states where they would be ineffective. If this were true, in a counter-factual situation where the control states enacted MDPLs the effect of the laws might be even smaller. By this reasoning the
insignificant results found in the treatments states would also apply to the control states.
9
Season fixed-effects are used throughout the body of this work, but the main results do not change if month or
year fixed-effects are used. Some results with month and year fixed-effects can be seen in Appendix Table A1.
10
A commonly used rule of thumb approximation is exp(1 ∗ x) ≈ 1 + x if x < .1.
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MDPLs have a positive effect on bicyclist fatalities in all specifications. Put simply, the model
predicts MDPLs may increase bicyclist fatalities. There are several reasons this may occur. First,
there is a possibility that the MDPL coefficient suffers from an endogeneity bias. This would occur
if MDPLs are positively correlated with unobserved state characteristics that vary over time (for
example, bicyclist miles traveled, lack of bicycle lanes compared to control states, or a spike in
bicyclist fatalities before MDPL passage), that increase bicyclist fatalities. This would cause an
upward bias on the MDPL coefficient, and could be the cause of the positive coefficient. Numerous
robustness checks are performed in the next section to investigate this possibility, all of which
suggest that this is not the case.
There are also several plausible reasons to believe this positive coefficient may be estimated
correctly, and MDPLs may in fact slightly increase bicyclist fatalities. MDPLs may effectively set a
benchmark that could lead drivers who previously gave cyclists a much wider berth to adjust their
behavior to provide only the minimum required distance. Another possibility is that MDPLs make
cyclists feel safer, but have no effect on driver behavior. This could potentially lead to increased
cyclist numbers, less cautious bicycle riding, or both.11 Coupling these outcomes with no change
in driver behavior would lead to higher bicyclist fatalities.
The MDPL variable becomes insignificant when controls for weather and demographics are
added. This can be seen in columns 2-3 where the standard errors for the MDPL coefficient are
large enough to include the possibility of a zero effect. This indicates MDPLs either have no effect,
or an effect so small these specifications cannot precisely estimate it. More information about the
size of the MDPL effect can be gleaned by examining the effects within the 95% confidence interval.
For example, column 3 estimates a decrease in bicyclist fatalities of more than 4.12% can be ruled
out. Further investigation of the other covariates can help determine if this effect is estimated
correctly.12
The weather controls behave as predicted. Precipitation decreases bicyclist fatalities, but its
quadratic term is insignificant. Temperature should have a non-linear relationship with bicyclist
fatalities as people enjoy bicycling in warm temperatures, but if it becomes too hot they will
avoid riding. Temperature has a positive coefficient while the quadratic temperature variable has
a negative effect on bicyclist fatalities, confirming a concave relationship between fatalities and
temperature.13 As temperature increases bicyclist fatalities also increase, but at a decreasing rate.
A rise in unemployment significantly predicts decreases in bicyclist fatalities after trends have
been controlled for. The unemployment rate can be thought of as a proxy for vehicle miles traveled;
if unemployment is high, fewer people will be commuting and traveling. It is also possible that an
increase in the unemployment rate would increase the number of people bicycling, as it is a low
cost substitute for automobiles.
Population is a strong predictor of cyclist fatalities before the addition of the control variables.
However, this reversal of significance is expected. While states with very large populations (California) have more bicyclist fatalities than states with small populations (Wyoming) simply due to
differences in the number of potential cyclists, these differences are controlled for by state fixedeffects and trend variables. This means population should only predict cyclist fatalities when the
trend variables do not accurately capture the change in population.
As previously stated, the assumptions of the identification strategy are violated if any trends
in bicyclist fatalities that are not accounted for exist. To control for this several different trend
11

Controlling for changes in the number of cyclists is discussed more in the next subsection.
If the other explanatory variables are well behaved it is less likely that the specifications suffer from severe omitted
variable bias.
13
When interpreting the coefficient on the temperature variable, it is important to remember temperature has been
binned into groups (1◦ -5◦ ,6◦ -10◦ ,..).
12
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Table 2: Baseline Specifications
Dependent Variable: Count of bicyclist fatalities in a state per month
(1)
(2)
(3)
MDPL

0.0783**
(0.0360)

0.0393
(0.0408)
0.7055***
(0.0526)
-0.0481
(0.0335)
-0.0186***
(0.0016)
-0.0008
(0.0008)
0.0007
(0.0005)
0.1366
(0.4553)
0.5826***
(0.1822)

0.0307
(0.0364)
0.5450***
(0.1290)
-0.0613***
(0.0223)
-0.0147***
(0.0042)
-0.0022
(0.0020)
0.0016***
(0.0005)
-0.8342***
(0.3095)
0.4370
(0.2710)
0.0014
(0.0016)
-0.0019
(0.0014)
-0.1986*
(0.1095)
0.0058
(0.0100)

15,300
YES
YES
0.271

15,300
YES
YES
0.295

15,300
YES
YES
0.374

Temperature
Precipitation
Temperature2
Precipitation2
Precipitation*Temp
Unemployment Rate
ln(Population)
Pedestrian Fatalities
Driver Fatalities
State Trend
Time Trend

Observations
State FE
Seasonal FE
Pseudo R2

Notes: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

variables are utilized.
The driver and pedestrian fatality variables should detect any overall traffic fatality trends.
Changes in speed limits, road construction, traffic laws, and other factors would cause an overall
traffic fatality trend in a state. If these trends exist, as the number of other fatal accidents in a
state increases, bicyclist fatalities will also increase. The state trend variable is the linear deviation
from the current month’s national average of bicyclist fatalities. The time trend is modeled as a
simple linear trend that detects any linear increase or decrease in bicyclist fatalities between 1990
and 2014.14
Pedestrian fatalities, driver fatalities, and the linear time trend are all insignificant. However,
the state trend is significant at the 10 %. These state level trends in bicyclist fatalities could be
caused by differing numbers of cyclists, education programs, safety equipment requirements, and
other factors not explicitly controlled for.
14

Including more flexible time trends (quadratic and cubic) do not change the results.
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4.4

Robustness Checks

This subsection examines the robustness of the baseline estimates. In particular, the precision
of the estimates, the possibility of MDPL endogeneity, and time varying effects are discussed.
Though the effect of MDPLs has not been statistically significant in any specification with
controls, it has consistently been positive, small, and had a precisely estimated standard error.
Bicyclist fatalities are rare events when compared to motorist or even pedestrian fatalities, so,
despite the small standard errors reported, this model may not have the statistical power to detect
the effect of MDPLs if it is very small. To increase the statistical power, and produce more precise
estimates, a random-effects negative binomial model is also estimated. Random-effects models have
fewer free parameters to estimate than their fixed-effect counterpart, which could potentially yield
tighter estimates and produce statistically significant results.
In column 3 of Table 3, state level random-effects replace state fixed-effects. The state randomeffects specifications do estimate the effect of MDPLs with more precision than full fixed-effects
models, but even this does not lead to significant estimates of the MDPL coefficient. According
to these results, any effect that MDPLs have would be infinitesimal given the size of the standard
errors.
Total bicyclist miles traveled are not recorded precisely by any agency in the US, and, as such,
the baseline specifications do not account for the amount of bicycling in a state. Though state level
fixed effects control for the initial level of bicyclist miles traveled in a state, if this variable changes
differentially over time between treatment and control states the identification assumptions will
be violated. This introduces two endogeneity problems to the analysis. As discussed previously,
bicyclist miles traveled in a state may increase after MDPL enactment. Therefore, bicyclist fatalities
per mile biked may have decreased after enactment, but the change is unobserved due to the effect
of MDPLs being offset by increases in bicycle miles traveled. Second, the choice to enact a MDPL
may be influenced by unobservable state characteristics, namely states that enact MDPLs may be
experiencing more rapid increases in bicyclist miles traveled than control states, and correspondingly
high increases of bicyclist fatalities. Both of these problems would lead to upward bias on the
MDPL coefficient. As a first endeavor to address these issues, Table 3 includes several proxies for
the number of bicyclists in a state.15
Column 1 of Table 3 adds state median annual income to the analysis. It has been reported
that an individual’s income influences their decision of whether or not to bicycle, with individuals
with very high or very low incomes being the most likely to bicycle [McKenzie, 2014] Therefore,
states on either end of the income distribution may have higher numbers of bicyclists. Income is a
marginally significant predictor of bicyclist fatalities in one specification, but the size of the effect
is essentially zero.
Column 1 also adds the percent of the population that is male to the model. Past studies
indicated that males are much more likely to commute via bicycle than females, so larger male
shares of the population may be correlated with more bicyclists [McKenzie, 2014]. The coefficient
is always positive and significant, indicating states with a higher male share of the population
experience more bicyclist fatalities. This signals percent male may be a good proxy for bicyclist
miles traveled.
Age is a likely determinant of bicycle use for a multitude of reasons. Very old individuals are less
likely to bicycle, and very young individuals are not likely to be effected by MDPLs as most of their
bicycling is done off of busy roadways. This is controlled for by including state age distributions in
15
All of the variables added in Table 3 (percent male, age distributions, and median income) are provided at the
annual level, so there is less variation over time for these predictors.
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Table 3: Proxy and Random-Effects Specifications
Dependent Variable: Count of bicyclist fatalities in a state per month
Fixed-effects
Random-effects

MDPL
Percent Male
Median Income

Observations
Controls
Trend Controls
Age Controls
State FE
State RE
Seasonal FE
Pseudo R2

(1)

(2)

(3)

0.0338
(0.0378)
0.8688**
(0.4135)
0.0067*
(0.0040)

0.0363
(0.0358)
1.1430***
(0.4264)
0.0059
(0.0037)

0.0061
(0.0331)
1.1011***
(0.3843)
0.0022
(0.0032)

15,300
YES
YES
NO
YES
NO
YES
0.374

15,300
YES
YES
YES
YES
NO
YES
0.375

15,300
YES
YES
YES
NO
YES
YES
-

Notes: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. “Controls” includes: temperature,
(temperature)2 , precipitation, (precipitation)2 , precipitation*temperature interaction, unemployment rate, and
ln(population). “Trend Controls” includes: state trends and pedestrian and driver fatalities.

column 2.16 Only a few of these age bins are significant predictors of bicyclist fatalities (coefficients
suppressed for convenience), so they are not likely to be effective proxies for bicyclist miles traveled.
Including the proxies discussed has not qualitatively changed the results for the MDPL variable.17 Though the percent of the population male and median income (in one specification) are
significant predictors of bicyclist fatalities, the model still estimates that MDPLs have a statistically
insignificant effect. This is suggestive evidence that endogeneity, as discussed above, is not biasing
the results.
While detailed accounts of bicyclist miles traveled are unavailable, the American Community
Survey does produce annual estimates of the share of commuters that use bicycle to travel to
work in each state. Table 4 shows results from models that include an exposure term for the
estimated number of bicyclist commuters in a state. This exposure term is created using data on the
unemployment rate, labor force size, and the bicyclist commuter share information discussed above.
While the ACS data are annual estimates of state bicycle commuter rates, monthly unemployment
and labor force size are used in the estimates, so the count of bicyclist commuters varies by month.
Because this variable is a measure of exposure (the number of bicyclist fatalities is directly related
to the number of bicyclist in a state), the coefficient is constrained to equal unity [Cameron and
Trivedi, 2013a].
The ACS bicycle commuter data is only available from 2005-2014, so a large portion of the
16

ln(Population) is still included in specifications with age controls because the frequency of observations differ
between the two variables. The population estimates are at the month level, while the age distribution estimates are
at the annual level. Though a multicollinearity problem may exist, including both sets of variables does not have a
large influence on the standard errors.
17
Several other proxies are also considered in Appendix Table A2.
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Table 4: Specifications With Exposure
Dependent Variable: Count of bicyclist fatalities in a state per month
Fixed-effects

MDPL
Exposure

(1)
0.0588
(0.0546)
1
-

(2)
0.0599
(0.0557)
1
0.0027
(0.0025)
0.0006
(0.0006)

(3)
0.0605
(0.0554)
1
0.0027
(0.0025)
0.0006
(0.0006)
-0.0913
(0.9238)

(4)
0.0661
(0.0471)
1
0.0027
(0.0018)
0.0011
(0.0008)
-0.0839
(0.8766)

6,120
YES
YES
NO
YES
0.182

6,120
YES
YES
NO
YES
0.183

6,120
YES
YES
NO
YES
0.183

6,120
YES
NO
YES
YES
-

Pedestrian Fatalities
Driver Fatalities
Percent Male

Observations
Controls
State FE
State RE
Seasonal FE
Pseudo R2

Random-effects

Notes: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. “Exposure” is the estimated
number of bicyclist commuters in a state. “Controls” includes: temperature, (temperature)2 , precipitation,
(precipitation)2 , precipitation*temperature interaction, and unemployment rate.

panel is dropped in these specifications.18 Because of this, specifications with more covariates than
those in Table 4 strain the data too far and estimates fail to converge.
Despite these issues, the results from models that include the exposure term provide an excellent
robustness check. Columns 1-3 of Table 4 show results from fixed-effects models while column 4 is
a state random-effects model. The main result remains unchanged; the MDPL is still statistically
insignificant in all specifications, again suggesting that bicyclist miles traveled changed in a similar
manner for treatment and control states. Interestingly, percent male becomes statistically insignificant in columns 3 and 4. This provides additional support that percent male is a strong proxy for
bicyclist miles traveled. The other independent variables are similar in sign and significance to the
baseline specifications.
As discussed earlier, a state legislature’s decision to enact a MDPL may be influenced by the
number of bicyclists or bicyclist fatalities a state experiences. Large numbers of bicyclists and
bicyclist fatalities this period are correlated with high numbers of bicyclists and bicyclist fatalities
in future periods, and if MDPL enactment is based on either of these factors the MDPL coefficient
is likely biased upwards. Two methods are employed to investigate this possibility. First, a probit
model is estimated regressing MDPL on the count of bicyclist commuters in a state. This is
somewhat like a “first stage” of an instrumental variables approach, used to see if high numbers of
bicyclists lead to MDPL enactment. The results, in Table 5, show that the opposite is true. The
model shows that increasing bicyclist commuters in fact decreases the probability that a state has
a MDPL (albeit by a very small amount). Further, studying the relationship between the date
18

Appendix Table A3 uses multiple imputations to estimate pre-2005 data and shows that the results are robust
to this shortcoming.
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of MDPL enactment and count of bicyclist commuters on that date reveals a positive correlation,
meaning that states with fewer bicyclist commuters were the first to pass MDPLs. This implies
that state legislatures did not enact MDPLs because of high number of bicyclists in their states.19
Table 5: Effect of Count of Bicyclist Commuters on Probability of MDPL

Exposure
Observations
Controls
Trend Controls
Age Controls
State FE
Seasonal FE
Pseudo R2

Dependent Variable: MDPL
(1)
Probit

(2)
Probit

-0.0000***
(0.0000)
6,120
YES
NO
NO
NO
YES
0.121

-0.0000***
(0.0000)
6,120
YES
YES
YES
NO
YES
0.236

Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. “Exposure” is the estimated number of bicyclist
commuters in a state. “Controls” includes: temperature, (temperature)2 , precipitation, (precipitation)2 ,
precipitation*temperature interaction, unemployment rate, and ln(population). “Trend Controls” includes: state
and time trends.

A second approach is used to investigate if bicyclist fatalities, in particular recent bicyclist
fatalities led to MDPL enactment. If this is the case, a spike in bicyclist fatalities before the
enactment of a MDPL is expected. To investigate this possibility an event study is performed.
This is done by transforming the MDPL variable into a set of dummy variables indicating the
number of months before or after the passage of a MDPL, and excluding the month prior to the
enactment of a MDPL. The tails of this variable are then binned to show the effect of all periods
before or after the 20 month time window used. The model specification from column 2 of Table
3 is then estimated using this new set of event time variables in place of the MDPL variable. The
results can be seen in Figure 5.
The event study also illustrates if the effect of MDPLs varies over time. Drivers may react to the
announcement of such laws and initially abide by the law, but then return to their original passing
behavior. Alternatively, drivers may be slow to change their behavior, but obey the MDPL after
police begin enforcing it more effectively. This may lead the MDPL variable to only be statistically
significant for certain time spans.
19

It is also possible that treatment states pass MDPLs while control states use alternative, and potentially more
effective, measures to protect bicyclists. For example, MDPLs may be seen as a low cost substitute to providing
bicycle lanes on roads. This is explored briefly in the appendix, and the results suggest that the opposite is more
likely, states that enact MDPLs are overall more “bicycle friendly”.
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The point estimates show no discernible pattern, and only two coefficients are statistically
significant. In fact, the significant point estimates denote a drop in bicyclist fatalities around one
year before the enactment of a MDPL.20 This rules out a systematic increase in bicyclist fatalities
in states before they enact MDPLs. The event study also shows there is not a noticeable change in
the effect of MDPLs over time. This indicates MDPLs do not have a delayed effect, and any effect
they do have does not diminish over time.21
It is possible that the MDPL variable in the previous regressions suffers from omitted variable
bias that is not correlated to the number of bicyclists in a state, and captures an overall shift in
traffic fatalities in the treated states. To ensure that this is not occurring, a falsification test using
pedestrian and then driver fatalities as the dependent variable is performed.22 The results in Table
6 alleviate these concerns by confirming that MDPLs do not significantly affect pedestrian or driver
fatalities.
20

Specifications with leads and lags also produce similar results, with the leads having a negative coefficient. These
can be seen in Appendix Table A5.
21
Results from event studies with longer time frames (25, 35, and 45 months before and after MDPL passage) are
very similar.
22
Although pedestrians are similar to bicyclists in many regards, they do not share the road with vehicles (except
for crossing areas), so a MDPL should have no effect on pedestrian fatalities. Similarly, even if MDPLs do alter
driver behavior, they should not have a significant effect on driver fatalities because accidents involving vehicles and
bicyclists are unlikely to be fatal to those in the vehicle.
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Table 6: Falsification Tests

(1)
MDPL

Dependent Variable:
Pedestrian Fatalities
(2)

-0.0105
(0.0263)

-0.0038
(0.0237)

0.0025***
(0.0006)

0.0026***
(0.0005)
-0.0008
(0.0021)
0.0044
(0.2149)
0.0002
(0.0018)

(3)
0.0034
(0.0256)
0.0053***
(0.0007)

Pedestrian Fatalities
Driver Fatalities
State Trend
Percent Male
Median Income

Observations
Controls
Age Controls
State FE
Seasonal FE
Pseudo R2

15,300
YES
NO
YES
YES
0.320

Dependent Variable:
Driver Fatalities
(4)
0.0044
(0.0231)
0.0050***
(0.0007)

-0.0019**
(0.0009)
-0.3686*
(0.2041)
-0.0018
(0.0018)

15,300
YES
YES
YES
YES
0.320

15,300
YES
NO
YES
YES
0.317

15,300
YES
YES
YES
YES
0.318

Notes: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. “Controls” includes: temperature,
(temperature)2 , precipitation, (precipitation)2 , precipitation*temperature interaction, unemployment rate, and
ln(population).

5

Discussion

As mentioned previously, reliable estimates of bicyclist miles traveled are not available. I have
attempted to resolve this issue by: including proxies for bicyclist miles traveled, estimating the
effect of MDPLs on a shorter panel that incorporates an exposure variable that accounts for the
number of bicyclist commuters in a state, performing an event study to ensure bicyclist fatalities
did not increase before enactment of MDPLs, and examining the effect of bicyclist commuters on
enactment of MDPLs. These methods provide similar results, suggesting that changes in bicyclist
miles traveled have been controlled for sufficiently.
Though the use of state fixed-effects, linear time trends, and state level trends should eliminate
any violations of the identification assumptions, it is possible that policy makers enacted MDPLs
because they believed the laws would be more effective in their states than policy makers in other
states do. This means expected bicyclist fatalities for states without MDPLs could have responded
differently to MDPLs than the treatment states had they enacted MDPLs during this time period.
If this is true, policy makers in the control states likely thought MDPLs would be very ineffective
in their areas. This means that in a counter-factual situation, where the control states enacted
MDPLs, the effect of the laws might be even smaller. By this reasoning, the insignificant results
found in the treatment states would also apply to the control states.

6

Conclusion

This paper empirically tests the effect of minimum distance passing laws on bicyclist fatalities in
the US using a differences-in-differences approach, in a negative binomial model, for identification
18

of the effect. Baseline estimates of this effect are insignificant, a result that proves to be time
invariant and robust to alternative modeling choices, controlling for bicycle miles traveled using
proxy variables and estimates of bicyclist commuters in a state as an exposure term, and exploring
endogeneity concerns through an event study.23
In addition to finding that MDPLs do not have a statistically significant effect on bicyclist
fatalities, the results suggest an economically significant result can also be ruled out. In the
preferred specification (column 2 of Table 3), the average treatment effect of MDPLs indicates a
0.041 monthly increase in fatalities with a standard error of 0.045. Inspecting the effect within
the 95% confidence interval, the model predicts at best a decrease of 0.049 fatalities monthly, and
at worst an increase of 0.131 in monthly fatalities. This means a state with a MDPL is saving 1
life every 20.41 months compared to a state without a MDPL. This equates to a slim reduction
implying that MDPLs may not be effective way to reduce bicyclist fatalities. This insignificance may
be caused by driver non-compliance, inadequate minimum distance required, or other issues [Love
et al., 2012].
As MDPLs do not reduce bicyclist fatalities, the only benefits they generate are possible increases in bicyclist miles traveled. The costs of implementing MDPLs are relatively small and
include: publicity, police patrol time, court-system, education program, program management,
and more. Child bicycle helmet laws have been estimated to cost $8 million to implement in 26
states [Ecola et al., 2015]. Assuming MDPLs have similar costs as child bicycle helmet laws, and
using the costs of congestion and pollution per mile of $0.03 and $0.065 , respectively [Small and
Kazimi, 1995, Fischer et al., 2007]. This means a reduction of 84 million vehicle miles traveled, a
mere drop in the bucket when compared to US annual vehicle miles traveled, is required to offset
the costs of MDPLs.
Given the low costs of MDPLs, policy makers may still wish to enact them even if they are
ineffective in reducing fatalities. However, it might be possible to decrease the number of bicyclist
fatalities by implementing stronger versions of MDPLs and improving enforcement. These measures
may include: increasing the minimum distance, eliminating loopholes, increasing police training,
and altering drivers education courses to better disseminate information of the laws. Though further
research is needed to determine the effectiveness of these alterations, they could be implemented
with either zero or very low additional costs.

23
Although specifications using the proxy and exposure variables have shortcomings, they provide similar results.
Taken together they suggest that changes in bicyclist miles traveled have been controlled for sufficiently.
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Appendix
A.1 Alternative Fixed-Effects
The body of the paper only shows results from models that use season fixed-effects. However, the
results are not sensitive to the use of alternative time fixed-effects decisions. Table A1 shows results
from several specifications using month and year fixed-effects. The MDPL remains positive and
statistically insignificant when controls are included, but some variables also become insignificant
when year fixed-effects are used. Season level fixed-effects are used in favor of month level fixedeffects in the body of the paper because of the similar estimates and greater statistical power that
comes from reducing the number of fixed-effects that must be estimated.

A.2 Additional Proxies and Trends
Table A2 shows results from models that include additional proxy and trend variables. The
annual number of bicycle sales in the US is added to control for potential national level trends
in bicycling. If bicycle sales increase, the number of bicyclists on the roads would be expected
to increase. This variable is likely insignificant as it is at the national level and fixed-effects are
included in the model.
Columns 2-3 add state legislature party majorities as a final proxy for bicycling participation.
These variables enter as dummies that are turned on if either the Democratic or Republican party
holds a majority in both of a state’s legislative bodies. The excluded baseline is a split legislature
where neither party holds majorities in both the state house and senate. The number of observations
for specification with these variables falls to 14,700. This is because the District of Columbia does
not have a state house or senate, and Nebraska has a unicameral legislature, so observations from
these areas are dropped.
The validity of these variables as a proxy for bicyclist miles traveled is dubious at best. The
results confirm this as they are insignificant predictors of bicyclist fatalities.

A.3 Specifications with Exposure and Imputed Data
The bicycling commuter data obtained from the ACS only goes back to 2005 while the full
panel used in this paper begins in 1990. This means a sizable portion of the data is not being used
when controlling for the number of bicyclist commuters in a state. To show that the results from
these specifications are robust, pre-2005 data for bicyclist commuting is imputed and re-estimate
the models.
The multiple imputations approach is utilized here. To account for the within state correlations,
separate imputations are created for each state. A negative binomial model is also used for the
imputations as the measure of exposure is the count of bicyclist commuters in a state.
The estimates in Table A3 are produced using two different lengths of imputation. The first
two columns have data imputed for 2000-2004 while the final two columns have data imputed for
1995-2004. All specifications have 10 imputations.
Table A3 shows that the results would likely hold even if more bicyclist commuting data were
available. None of the specifications have a statistically significant MDPL coefficient.

A.4 “Bicycle Friendly” Rankings and MDPLs
It is possible that states enacting MDPL are using them as a low cost alternative to things like
bicycle lanes or educational programs while the control states are investing more heavily into these,
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potentially more effective, measures. If this is the case MDPLs may reduce bicyclist fatalities, but
to a lesser extent than the measures implemented by control states. This causes MDPL to appear
ineffective as the model compares the relative changes in bicyclist fatalities between treatment and
control groups.
To explore this possibility, the 2015 “bicycle friendly states” scores were obtained from The
League of American Bicyclists. This system assigns points to states in several categories that
improve bicycling: legislation and enforcement, policies and programs, infrastructure and funding,
education and encouragement, and evaluation and planning.24 If states with MDPLs are less bicycle
friendly compared to the control states it would be expected that MDPLs would have a negative
effect on score. Results from an ordinary least squares show a positive and significant effect of
MDPLs on score, potentially suggesting that states that enact MDPLs are, in general, more apt to
improve bicycling conditions than the control states.
While Table A4 supports the results of the paper, strong conclusions should not be made based
on this regression alone for several reasons. As only 2015 scores for states are used, the analysis
reduces to a cross sectional model with 50 observations. Also, as score is determined in part by
state legislation about bicyclists, the two should have some positive correlation regardless of the
other actions states undertake.

A.5 Leads and Lags
As mentioned in the body of the paper, it is possible that the effect of MDPLs vary over time.
In this situation, the MDPL variable might only be statistically significant for certain time spans.
To determine if this is the case, specifications with dummy variables that indicate 6 month blocks
of time prior to and after a MDPL became effective are estimated in Table A5.
The leads and lags do not significantly predict bicyclist fatalities, and do not change the significance of the MDPL. Results from specifications using different lead and lag lengths (12, 18, and
24 months) produce similar results. This means that MDPLs more than likely have the same effect
over time.
Including these leads and lags also addresses concerns that high numbers of bicyclist fatalities
may cause states to enact MDPLs. The coefficients on the MDPL leads, though statistically
insignificant, are mostly negative. This suggests that the decision to enact a MDPL is exogenous
to the number of bicyclist fatalities states experience in previous periods. These results mirror the
findings of the event study in the main paper.

24

Scores ranged from Alabama with 17.4 to Washington with 66.8 points.
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Table A1: Alternative Fixed-Effects
Dependent Variable: Count of bicyclist fatalities in a state per month
(1)
(2)
(3)
(4)
MDPL

0.0782**
(0.0365)

0.0910**
(0.0360)

0.0385
(0.0414)

0.0422
(0.0421)

Observations
Controls
Trend Controls
State FE
Month FE
Year FE
Pseudo R2

15,300
NO
NO
YES
YES
NO
0.280

15,300
NO
NO
YES
NO
YES
0.242

15,300
YES
YES
YES
YES
NO
0.300

15,300
YES
YES
YES
NO
YES
0.293

Notes: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. “Controls” includes: temperature,
(temperature)2 , precipitation, (precipitation)2 , precipitation*temperature interaction, unemployment rate, and
ln(population). “Trend Controls” includes: pedestrian and driver fatalities.

Table A2: Additional Proxies
Dependent Variable: Count of bicyclist fatalities in a state per month
Fixed-effects
Random-effects
(1)
(2)
(3)
MDPL
Percent Male
Median Income
National Bicycle Sales

0.0365
(0.0361)
1.1439***
(0.4282)
0.0059
(0.0037)
0.0287
(0.0292)

0.0479
(0.0323)
1.1487***
(0.3977)
0.0052
(0.0035)
0.0275
(0.0291)
0.0003
(0.0285)
-0.0202
(0.0376)

0.0061
(0.0349)
1.1394***
(0.3868)
0.0017
(0.0032)
-0.0180
(0.0294)
-0.0129
(0.0289)
0.0021
(0.0286)

15,300
YES
YES
YES
NO
YES
0.373

14,700
YES
YES
YES
NO
YES
0.373

14,700
YES
YES
NO
YES
YES
-

Democratic Majority
Republican Majority

Observations
Controls
Age Controls
State FE
State RE
Seasonal FE
Pseudo R2

Notes: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. “Controls” includes: temperature,
(temperature)2 , precipitation, (precipitation)2 , precipitation*temperature interaction, unemployment rate, and
ln(population). “Trend Controls” includes: pedestrian and driver fatalities.
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Table A3: Specifications with Exposure and Imputed Data
Dependent Variable: Count of bicyclist fatalities in a state per month
2000-2014
(1)
(2)
(3)
MDPL

0.0864
(0.0756)

0.0906
(0.0706)
-1.0705
(0.8242)
0.0006
(0.0052)

0.0526
(0.0837)

0.0150
(0.0822)
-1.2882
(0.8562)
0.0030
(0.0053)

9,180
YES
YES
NO
YES
YES
10

9,180
YES
YES
YES
YES
YES
10

12,240
YES
YES
NO
YES
YES
10

12,240
YES
YES
YES
YES
YES
10

Percent Male
Median Income

Observations
Controls
Trend Controls
Age Controls
State FE
Seasonal FE
Imputations

1995-2014
(4)

Notes: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. “Controls” includes: temperature,
(temperature)2 , precipitation, (precipitation)2 , precipitation*temperature interaction, and unemployment rate.
“Trend Controls” includes: state trends and pedestrian and driver fatalities.

Table A4: Effect of MDPL on Bicycle Friendly State Score
Dependent Variable: Bicycle Friendly State Score
OLS
MDPL
Temperature
Precipitation
Temperature2
Precipitation2
Precip*Temp
ln(Population)

Observations
R2

6.6169**
(3.1734)
19.3041*
(10.2866)
6.6892
(6.0474)
-0.6628**
(0.3248)
0.5270*
(0.2900)
-0.1795
(0.1367)
5.9814***
(1.8186)
50
0.399

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A5: Specifications with MDPL Lags and Leads

MDPL
Lead 24-19 Months
Lead 18-13 Months
Lead 12-7 Months
Lead 6-1 Months
Lag 1-6 Months
Lag 7-12 Months
Lag 13-18 Months
Lag 19-24 Months

Observations
Controls
Trend Controls
Age Controls
State FE
Seasonal FE
Pseudo R2

Dependent Variable: Count of bicyclist fatalities in a state per month
(1)
(2)
(3)
0.0465
0.0449
0.0506
(0.0352)
(0.0358)
(0.0382)
-0.0573
(0.1776)
-0.4600
(0.4017)
0.0058
-0.0211
(0.1450)
(0.1396)
-0.0330
-0.0329
-0.0613
(0.1606)
(0.1643)
(0.1682)
-0.0883
-0.0868
-0.0959
(0.0701)
(0.0739)
(0.0809)
0.0143
0.0022
(0.0569)
(0.0641)
-0.1014
(0.0812)
-0.0359
(0.0757)
15,300
YES
YES
YES
YES
YES
0.375

15,300
YES
YES
YES
YES
YES
0.375

15,300
YES
YES
YES
YES
YES
0.375

Notes: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. “Controls” includes: temperature,
(temperature)2 , precipitation, (precipitation)2 , precipitation*temperature interaction, ln(population), and
unemployment rate. “Trend Controls” includes: state trends and pedestrian and driver fatalities.
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