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Determinants of Transportation Cycling in American Cities 

 

 

Why do a larger percentage of people use bicycles for transportation in some American 

cities than others?  This question is more relevant than ever.  A very small percentage of overall 

trips are made by bicycle in the US; approximately 0.9% (NHTS, 2005) and the average share of 

trips to work is even lower at 0.4%   Regardless – or perhaps partly because of these low rates - 

a number of well-funded and highly organized efforts are taking place at national, state, city 

and neighborhood levels to increase bicycle mode share. 

 

One prominent area of work aims to increase physical activity by enhancing 

infrastructure availability and design to make it safer and more desirable to walk and bike.  

Funding for bike-related transportation projects has also recently increased, with a minimum of 

3% of the recent federal stimulus funding in transportation required to go towards 

“Transportation Enhancements”, which often go towards bicycle and pedestrian projects.  A 

national Non-Motorized Transportation Pilot program awarded 25 million dollars to four cities 

in 2005 with an express goal of increasing cycling and walking for transportation in those 

communities.  Program results are expected in 2011.  Also, there is evidence of support from 

the current presidential administration and Congress for increased bicycle and pedestrian 

infrastructure investments through a re-authorization of the transportation bill – SAFETEA-LU.  

Also, an alternative bill - CLEAN-TEA – would invest heavily in environmentally sustainable 

modes. 

 

Understanding determinants of transportation cycling is important to applying 

appropriate solutions to increase cycling.  An inventory (figure 1) of possible variables related to 

the incidence of transportation cycling shows the complexity of this topic.  This complexity 

along with a lack of excellent data in several key areas may be what leads Krizek and Forsyth in 

their recent comprehensive literature review to caution planners and policy professionals to 

“be careful not to overestimate the likely impacts of various treatments” (2009, pg 37).  Two 

national programs have begun within the last couple of years to try to address these data 

limitations by improving the overall quality and types of data available to researchers 

interested in cycling and walking, but these are very new and as of yet have not solved the 

problem (Alliance for Walking and Biking & Alta Planning). 

 

Many recent studies focus on the impact of specific design characteristics of the built 

environment on increasing cycling (Krizek, 2009).   Other studies have focused on evaluating 

policies and programs, the impact of land use characteristics, or micro-level psychosocial traits 

of individuals.  For this study I will attempt to evaluate the impact of demographic 
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characteristics and regional differences between Metropolitan and Micropolitan Statistical 

Areas (MSAs) on incidence of cycling.  I will use multiple regression analysis on variables 

constructed from 2006-2008 three year summary data from the American Community Survey 

and climate data from the National Oceanic and Atmospheric Administration. 

 

Literature 

 

Four prior studies share similarities with this approach.  Baltes (1996) used a multiple 

regression model and 1990 census data to discover that “MSAs with relatively high levels of 

nondiscretionary bicycling appear to have urban densities that promote shorter trips, relatively 

temperate year-round climates, and a large proportion of students, particularly college 

students” (Baltes, pg. 96).   Nelson and Allen (1997) did a similar analysis but also controlled for 

climate and topography and added a supply of bikeways variable.  However, their study only 

included 18 locations due to the challenge of gathering infrastructure data.  Dill and Carr (2003) 

performed similar regressions using 2000 census data along with expanded infrastructure data, 

gas price data, climate information, and state spending on bicycle facilities.  Still, their 

regression showed that only 30% of the variation in bike use for the 35 cities in their study 

could be explained by their variables.   

 

Pucher’s 2006 study of why Canadians cycle more than Americans also used a multiple 

regression model, but took a slightly different approach by looking at differences between US 

states and Canadian provinces.  His regression on the percent of work trips included the 

following variables:  precipitation, temperature, gas price, car availability, median distance of 

work trip, the cycling fatality rate and a US-Canada dummy (Pucher, 2006, p. 275), including 

federal funding, local government initiatives to promote cycling, bike parking, car parking, We 

did not include per-capita income because of its high correlation with car ownership, and also 

because the most important impact of income on cycling levels is probably via car ownership.  

(Pucher, 2006, p. 274).  He was unable to use policy variables in his regression due to the lack of 

good data.   

 

Very few studies have looked at the impact of infrastructure provision for large areas.  

One barrier is the lack of a uniform way to define facilities.  Even if a data source existed for 

miles of cycling facilities for MSAs (which it does not) the level of quality between bike facilities 

of the same type varies so much that it may still not be useful to use as a variable.  (Pucher, 

2006, p. 274).   

 

One possible proxy for infrastructure that I am interested in testing through this study is 

the percentage of cyclists in a given city who are women.  A recent article in Scientific American 

(Baker, 2009) provides the basis for this theory:   

 
“Women are considered an “indicator species” for bike-friendly cities for several reasons. First, studies 

across disciplines as disparate as criminology and child rearing have shown that women are more averse 

to risk than men. In the cycling arena, that risk aversion translates into increased demand for safe bike 

infrastructure as a prerequisite for riding. Women also do most of the child care and household shopping, 
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which means these bike routes need to be organized around practical urban destinations to make a 

difference. 

 

Typically, male cyclists outnumber female cyclists two to one.  I predict that if the total cycling 

population is more gender balanced, then there will be more cyclists overall in that community 

due to increased safety for everyone by way of more and better cycling infrastructure. 

 

The main hypotheses that I am interested in exploring through this study are:   

1) Controlling for underlying demographic and climate traits, US cities with a lower 

percentage of workers having long commutes (over 25 minutes) have a larger incidence 

of transportation cycling. 

2) Communities with a lower percentage of high car ownership (3+ cars per household) also 

will have a higher incidence of transportation cycling, and 

3) Communities in which a higher percentage of cyclists are women will have a higher 

incidence of cycling overall 

 

Multiple Regression Model 

 

Figure 1 (see appendix) shows a list of variables that may influence the incidence of 

cycling in MSAs.  Due to limitations in gathering data for a number of these variables, this study 

will focus on the following factors to try to explain the incidence of cycling in US Cities:  age, car 

ownership, ethnicity, climate, commute time and the percent of the total cycling population 

who are women. The specific variables are outlined in the regression function and listed below 

with their anticipated influences (positive or negative).  All except climate are aggregate cross-

sectional data drawn from 2006-2008 three-year summary data from the American Community 

Survey for 926 Metropolitan and Micropolitan Statistical Areas.  Climate data are cross-

sectional aggregate data from the National Climate Data Center (NCDC) at NOAA.  I intend to 

use similar variables for climate as Pucher in his 2006 study – normal April temperature and 

precipitation. 

 

While I was able to extract quality data for each state, it is beyond the scope of this 

project to gather unique climate data for each of the 926 MSAs.  Therefore, I will assume that 

the MSA climate data generally match the state data.  This is not 100% accurate because in 

some states there are significant climate variations between cities, but I am willing to accept 

this weakness for the sake of having generally appropriate climate variables vs. having no 

climate variables. 

 

Initial Regression Equation:  

 

cyclists  =  β0 + β1*young + β2*precip + β3*temp + β4*white + β5*threecars + β6*longcommute 

+  β7*percentwomen + ε 

 

Dependent Variable: 

• cyclists = percent of workers 16 or over who cycled to work 
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Explanatory Variables and expected influences on the incidence of transportation cycling 

(positive or negative) follow.  Each of these variables with the exception of two has been 

included in one of the four previous studies cited in the brief literature review above.  The two 

variables that have not been examined in cited studies are the longcommute and womencyclists 

variables.  My study will attempt to partially replicate results from the citied studies using more 

recent data and expanding the study area to 926 MSAs, as well as to explore the impact of 

women cyclists as an “indicator species” for bike friendly communities. 

 

My theory behind using the longcommute variable – the percentage of workers who 

traveled more than 25 minutes to work - is that a higher percentage of workers with long 

commutes to work should be an indicator of long commute distances, and therefore a more 

spread out community which could be the result of at least two significant variables related to 

land use and transportation planning: lower population density and less mixing of uses.  Since 

the unit is in time and not distance, this variable could be viewed as problematic since a higher 

percentage of cyclists would also potentially lead to longer average commute times.  However, 

the percentage of cyclists – even in places where there are relatively large percentages of 

people cycling to work – is so low that the impact of this potential conflict is most likely 

negligibly small compared to the benefit of including a variable which may stand in for 

commute distance and other planning-related policy variables. 

 

Explanatory variables and expected signs 

+ young = percent of total population between 15 and 29 (ACS) 

- precip = average monthly normal precipitation for April 1971-2000 (NOAA) 

+ temp = average monthly normal temperature for April (NOAA) 

+ white = percent of total population white only (ACS) 

- threecars = percent of workers 16 or older in households with three or more vehicles 

(ACS) 

- longcommute = percent workers 16 or older who did not work at home who traveled 25 

minutes or more to work (ACS) 

+ percentwomen = percent of the total cycling population who are women (ACS) 

 

Descriptive Statistics: 

Values are rounded to the 1/100th.  Correlation statistics may be found in the appendix. 

 

 N Minimum Maximum Mean Std. Deviation 

cylists 601 0 6.07 .56 .69 

percentwomen 619 0 1 .22 .19 

temp  926 23.9 75.3 53.80 8.46 

precip 926 .54 7.01 3.17 1.16 

longcommute  926 10.19 62.01 28.89 7.85 

young 926 11.52 44.72 21.79 4.07 

white 870 21.51 98.55 82.68 13.56 

threecars 926 17.37 57.67 35.44 5.92 

Valid N (listwise) 528     
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Initial Regression Results 

 

cyclists  =  β0 + β1*young + β2*precip + β3*temp + β4*white + β5*threecars + β6*longcommute 

+  β7*percentwomen + ε 

 

The results of the above estimated regression follow: 

 

 

Model Summary
b 

Model R R Square 

Adjusted R 

Square 

Std. Error of the 

Estimate Durbin-Watson 

1 .521
a 

.272 .263 .6013221 2.012 

a. Predictors: (Constant), % of workers 16+ in households with 3 or more vehicles, % of 

total population 15-29, percent women, % white only, Area-weighted normal April 

precipitation by state 1971-2000 (inches), Area-weighted normal April temperature for 

state - 1971-2000 (fahrenheit)  

b. Dependent Variable: % of workers 16+ commuting by bicycle to work 

 

 

Coefficients
a 

 

Unstandardized Coefficients 

Standardized 

Coefficients 

95.0% Confidence 

Interval for B 

Model B Std. Error Beta t Sig. 

Lower 

Bound 

Upper 

Bound 

(Constant) .235 .518  .455 .650 -.781 1.252 

percent women .316 .144 .083 2.188 .029 .032 .599 

Area-weighted normal April 
temperature for state - 1971-
2000 (fahrenheit)  

-.007 .004 -.092 -1.905 .057 -.015 .000 

Area-weighted normal April 
precipitation by state 1971-
2000 (inches) 

-.157 .026 -.252 -6.140 .000 -.208 -.107 

% workers who did not work 
at home who traveled 25 
minutes or more to work  

7.053E-5 .004 .001 .018 .985 -.008 .008 

% of total population 15-29 .063 .007 .381 9.655 .000 .050 .076 

% white only .003 .003 .046 .950 .342 -.003 .008 

1 

% of workers 16+ in 
households with 3 or more 
vehicles 

-.014 .005 -.110 -2.679 .008 -.024 -.004 

a. Dependent Variable: % of workers 16+ commuting by bicycle to work 
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As I have stated, I wish to use the percentage of people having long commutes to work 

(25 minutes plus) to act as a proxy for two important planning variables – population density 

and mixed land use.  My theory suggests that in a given city, the more people who have long 

commutes, the fewer cyclists there will be overall since cities having long commutes might be 

explained by a sprawling land use pattern.  Unfortunately, as the above chart of coefficients for 

the initial regression shows, the coefficient for this variable is near zero and the p-value is close 

to 1.  In this form, this is a useless variable in terms of explaining cyclists. However, rather than 

removing the longcommute variable right away, I will first test for incorrect functional form and 

omitted variable bias  (A re-evaluation of theory is required as well). A description follows in the 

next section. 

 

Tests 

 

To show that the regression coefficients in this OLS regression are the best linear 

unbiased estimators, a number of tests must be performed.  The following is a detailed 

discussion of the tests performed to evaluate the strength of this equation.  As we will see, this 

testing process leads to a close examination and re-tooling of elements of my original theory, 

the creation of two new dummy variables, the alteration of the functional form of one variable 

and the elimination of the longcommute variable 

 

I performed tests to check for the following problems: 

1. Incorrect Functional Form 

2. Omitted Variable Bias 

3. Multicollinearity 

4. Heteroskedasticity 

 

Functional form tests: 

Scatter plots comparing the dependent variable – cyclists – with each of the explanatory 

variables – % young people, precipitation, temperature, % white, high car ownership, long 

commute, and % women cyclists – may be found in the appendix.   Careful examination of 

these scatter plots will help determine if the functional forms of the variables are correct.   

 

 We can see from the scatter plots for at least four of the explanatory variables that the 

linear functional forms are indeed correct:  young, white, percentwomen, and temp.  A fifth – 

threecars – is more difficult to interpret.  On first glance it appears to have a polynomial 

(quadratic) function.  However, this is likely due to a handful of outliers which seem to imply a 

bell-shaped curve.  Given that there are 528 cases, and then turning one’s eye to the vast 

majority of cases under 2 on the Y axis (cyclists), a slightly downward linear trend is evident.  

Therefore, we confirm that the linear form for the threecars variable is correct as well. 

 

For precip and longcommute also, the concentration of points near zero makes it 

difficult to use scatter plot graphs to determine correct functional form.    However, upon close 

examination a log function trend line becomes apparent as a possibility.  Changing the precip 
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variable to log form would also match with a change to a more nuanced theory about the 

impact of precipitation on the incidence of cycling.  That is, cyclists decrease at a decreasing 

rate as precipitation increases.  Indeed, when we run an alternate regression using the log of 

precipitation or logprecip  (see Appendix, Model #3), and compare this to our initial regression, 

we see that the R2 value of the model increases along with the significance of other variables.  

It is therefore preferable to use the log form of the precipitation variable.  

 

As I have mentioned, upon running the initial regression, it is clear that both the 

potential explanatory power and the significance of the longcommute variable are extremely 

low given the linear functional form.  Its regression coefficient is 7.053E-5 and the t-score is 

.018.  A scatterplot diagram of the relationship of the dependent variable (cyclists) to the 

longcommute variable (Appendix #2) shows that a log function may fit this data better.  This 

would also fit with a theoretical interpretation that there is a threshold effect in play, where 

past a certain percentage of the total population having long commutes, its impact would be to 

decrease cycling at a decreasing rate.   Running alternate regressions will help us see how 

changing this variable to a log form impacts its significance and whether this may help improve 

the overall fit of the regression equation (if this has any impact upon the R2 value) .    

Unfortunately it does not (see Appendix – model #2).  Loglongcommute is also a non-significant 

variable.  After testing for omitted variable bias (see below), it may make sense to drop this 

variable from our equation. 

 

The dependent variable – cyclists – contains a good number of zero values.  At this 

point, I do not have any evidence that these are due to a problem with the data; therefore they 

should not be removed.  Given this, a left-side semi-log (logged dependent variable) or double 

log model is not under consideration. 

Omitted Variable Bias Tests 

 

If the model suffers from omitted variable bias, this would cause overestimation of the 

value of the regression coefficients and over-interpretation of the significance of these 

coefficients.  So, we must rule out omitted variable bias to have a robust model.  I will employ 

two methods to do this:  1) examine the values and signs of the coefficients in the initial and 

alternate regressions to try to determine if there is a missing variable causing bias in the 

expected direction, and 2) review the scatter plots of predicted to residual values of likely 

models to try to determine whether the variance in the error terms is random or whether in 

fact there is an omitted variable which shows up as a pattern in the residuals.  See the appendix 

for coefficient tables and scatter plots of all alternate models tested.  Also, a chart showing the 

outcomes of all tests is below.  It is labeled as “alternate regression models”. 

 

First, let's come back to the problem of the longcommute variable.  I have demonstrated 

that its regression coefficient in the initial model is neither statistically significant nor 

potentially valuable in terms of explanatory power.  If I can show that I do not invite omitted 

variable bias by doing so, I will re-evaluate my theory and remove it from the model.   

Examination of the Pearson Correlation matrix above shows that the longcommute variable is 
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correlated with both the dependent variable and with ALL of the other explanatory variables 

except percentwomen.  Also, when removed from the regression model,  the model does not 

suffer from omitted variable bias.  The signs on all of the other variables show hardly any 

change. Therefore, I determine that my initial theory about the validity of the longcommute 

variable was incorrect and remove it from my model.  This is probably why there is no 

precedent for the use of this variable in the literature! 

 

All of the coefficients in the initial regression with the exception of one carry the 

expected sign and approximate value.  Temp does not; we expected to see a positive co-

efficient.  That is, we expected the coefficient on the temp variable predict an increase in the 

incidence of cyclists as mean temperature for April increased.  Could omitted variable bias 

could be at play?  What potential omitted variable would cause a downward bias of the 

temperature variable?  That is, what could be positively correlated with temperature, but 

negatively correlated with cyclists? 

 

After considering this question and underlying theory, I devise a new dummy variable 

for “red states”.  The theory is that many republican states are in warm areas in the South and 

may also have car-centric planning and culture.  I use state-level data on the 2008 presidential 

election outcomes to construct this variable.   Since the democrat Barack Obama carried many 

“swing” states in 2008, only deeply republican states are in this group.  The hypothetical sign of 

this dummy variable on cyclists is negative.   Re-running the regression with the redstatedummy 

and precipitation logged (see appendix, model #4), shows that the redstatedummy variable, A) 

is statistically significant and has the correct sign (negative), B) increases R2, but C) does 

practically nothing to impact the sign of the temp variable.  It does however, make the temp 

variable lose its capacity to reject the null hypothesis (its t-score drops).  On the one hand, it is 

good to have increased R2 slightly by adding this variable;  but, rather than removing the 

omitted variable bias that we predicted, it points to the possibilty of a yet-to-be-determined 

omitted variable.  

 

At this point, I assess omitted variable bias by taking a look at the scatterplot of 

residuals for Model #4.  The scattter plot shows a strong cutoff  line pattern at the bottom.  

However, my interpretation of this pattern is that it is due to a quirk in the data itself – possibly 

the large number of dependent variable cases with a zero value – rather than a problem of 

omitted variable bias.  But a few outlying cases (no more than 12-18 out of 528 total cases) in 

the top right of the scatterplot do point to another possible pattern that direction (as well as 

possible heteroskedasticity), so a closer look at the traits of the cases themselves is warranted.  

I am able to determine that most of these extreme cases are from the three Pacific Coast states 

of California, Oregon and Washington.  What is unique about these states that may have a 

relationship to theory?  They all have relatively strong land use controls and progressive 

planning!   

 

So, the construction of a West Coast dummy is clearly demanded and an alternate 

model with this new variable included sees an increase in R2.  The westcoastdummy variable 

itself is also statistically significant and shows the expected sign (positive).  I am however, 
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concerned that a strong negative correlation between the westcoastdummy and the 

redstatedummy, means that my model is losing parsimony.   A test of an alternate model 

without the redstatedummy variable (Model #6) shows that in removing the redstatedummy 

variable there is no significant change in the coefficients on the other variables.  What's more, 

temperature and all other variables now have t-scores greater than 2 and we have decreased 

the likelihood of heteroscedasticity. 

 

In testing another alternate model, if the temperature variable is removed, the co-

efficient for westcoastdummy is significantly impacted, which would imply that we need to 

include it to avoid omitted variable bias (Model #7).  At this point, I take a step back and look 

again at the theory of the temperature variable.  My original hypothesis was that a warmer 

climate would lead to more cyclists.  What I failed to take into account and what I will now go 

back and account for in my theory is that temperature is also likely a proxy for some type of 

North-South difference, on the basis of which we would expect to see a negative sign on the 

coefficient.  Given a theoretical assumption that the South has a stronger car culture, is on 

average less government/planning friendly, and is also on average warmer, this makes sense.    

Meanwhile, the westcoastdummy variable helps controls for large and progressive California. 

 

Using the above tests to asses omitted variable bias and determine proper functional 

forms has led to appropriate changes to the original theory, construction of two new potential 

explanatory variables and the elimination of one.  

 

MulticollinearityTest 

 

 All of the variables in all of the alternate regression models below have VIF scores – 

Variation in Inflation Factors – of under 5.  (see appendix for precise values; all are very low, 

under two).  Therefore we can conclude that multicollinearity is not a problem.  Another way to 

tell the multicollinearity is not a problem in this model is that all of the t-statistics for the 

independent variables are significant.  Since multi-collinearity would serve to increase standard 

error and decrease the t-statistics, even if it were present in the model the results would still be 

significant. 
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Alternate Regression Models: 

 

Model Independent Variables 

Adjusted 

R
2 

Statistical 

Significance Multicollinearity 

Omitted Variable 

Bias (OVB) 

1) 

young, precip, temp, 

white, threecars, 

longcommute, 

percentwomen 

0.262 

all except temp, 

longcommute, white 

(temp significant at 

6% Type I error) 

VIF - all well 

under 5 
yes 

2) 

young, precip, temp, 

white, threecars, 

percentwomen 

0.263 

all except white, 

temp, (temp 

significant at 6% 

Type I error) 

VIF - all well 

under 5 
yes 

3)  

young, logprecip, temp, 

white, threecars, 

percentwomen 

0.267 all except white 
VIF - all well 

under 5 
yes 

4) 

young, logprecip, temp, 

white, threecars, 

percentwomen, 

redstatedummy 

0.283 
all except white, 

temp   

VIF - all well 

under 5 
No 

5) 

young, logprecip, temp, 

white, threecars, 

percentwomen, 

westcoastdummy, 

redstatedummy 

0.309 

all except 

percentwomen, 

redstatedummy 

VIF - all well 

under 5 
no 

6) 

BEST 

FIT 

young, logprecip, temp, 

white, threecars, 

percentwomen, 

westcoastdummy 

0.307 all 
VIF - all well 

under 5 

No, removal of 

redstatedummy does 

not cause other  

coefficients to 

change 

7) 

young, logprecip, white, 

threecars, 

percentwomen, 

westcoastdummy 

0.301 all 
VIF - all well 

under 5 

yes, removal of temp 

effects coefficients 

for redstate, 

westcoast 

8) 

young, logprecip, white, 

threecars, 

percentwomen, 

westcoastdummy, 

redstatedummy 

0.307 all 
VIF - all well 

under 5 
yes 
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HeteroskedasticityTest 

 
  

Close examination of the scatter plot of predicted to residual values helps  evaluate 

whether there is heteroskedasticity.  The problem with heteroscedasticity is not that it causes 

OLS estimates to be biased or inconsistent.  Rather, it creates the potential for standard errors 

to be underestimated, which might cause the statistical significance of the relationships  to be 

overestimated.  Upon first look at the scatter plot for the selected model (#6), there appears to 

be a slight horn shape, which would point to heteroscedasticity.  My initial interpretation is that 

this impression is incorrect.  Rather, the impression may be caused by a handful of outliers (no 

more than 10 – or less than 2% of the sample).  When the outliers are removed from 

consideration, the residuals takes on a clear cylindrical, or “envelope” pattern.  However, to 

confirm my interpretation, I run a Breusch-Pagan test for heteroscedasticity.   

  

I first square the residuals of my chosen model, then run a second regression of all of 

the independent variables with the squared residual term as the dependent variable.  I then run 

an F-test using the R2 value from this second regression using following equation.   Given: 

 

R
2 

(of the second regression on the squared residuals) = .062 

n (sample size) = 528 

k (# of variables included in the second regression) = 7 

 

F = (R
2
/k)/((1-R

2
)/(n-k-1)) 

 

F = 4.91 
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Since F=4.91, we reject the null that there is no heteroscedasticity.  My model has 

heteroscedasticity.  I determine to correct for this by recalculating the standard errors using a 

generalized linear model.   In doing so, the coefficients themselves come out the same, but the 

errors are slightly different.  (see Appendix for GSL model results).  Taking the square root of 

the chi-squared term gives us the new t-statistics.  These are presented in the table of the final 

regression model below.  The scatter plot of the new predicted to residuals for the GLS model 

(see appendix) also shows the error terms as more random. 
 

Model Fit 

 

We can compare R2 values across all models because the dependent variable is the 

same.  Comparing R2 values across the tested models above, and taking into account the desire 

to avoid potential omitted variable bias by dropping the temp variable, I select Model #6 as the 

best fit.  Also, as has been described above, this model by including the westcoastdummy 

variable removes a portion of the outliers from the residuals scatterplot, strengthening my 

interpretation compared to models without this variable. 

 

Final Regression Model and Interpretation 

 

Unstandardize
d Coefficients 

Standa
rdized 
Coeffic
ients 

Chi-
square 
using 
GLS 

sqrt 
chi-

square 

95.0% 
Confidence 
Interval for B 

Collinearity 
Statistics 

  B 
Std. 
Error Beta t Sig.   

new t-
score 

Lower 
Bound 

Upper 
Bound 

Toler
ance VIF 

(Constant)   0.441   0.316 0.75 0.148 0.385 -0.73 1.005     

westcoastdummy 0.489 0.088 0.218 5.548 0 12.08 3.476 0.316 0.662 0.848 1.18 

percent women 0.281 0.14 0.074 2.014 0.05 5.347 2.312 0.007 0.555 0.974 1.027 

temp  -0.01 0.004 -0.106 -2.295 0.02 4.45 2.11 -0.02 -0 0.612 1.635 

young 0.062 0.006 0.371 10.08 0 27.11 5.207 0.05 0.074 0.97 1.031 

white 0.006 0.002 0.101 2.27 0.02 3.949 1.987 0.001 0.01 0.667 1.499 

threecars -0.02 0.005 -0.17 -4.225 0 11.69 3.418 -0.03 -0.01 0.814 1.228 

logprecip -0.31 0.06 -0.204 -5.127 0 16.54 4.067 -0.43 -0.19 0.831 1.204 

a. Dependent Variable: % of workers 16+ commuting by bicycle to work 

 

cyclists  =  β0 + β1*young + β2*logprecip + β3*temp + β4*white + β5*threecars + 

β6*westcoastdummy +  β7*percentwomen + ε 

 

Since I have made changes to the theory in light of the new thinking described above, I 

state the expected signs as new hypotheses here, along with a table of the estimated 

coefficients (above).  The sign for temperature has been changed from the original hypothesis, 

one variable has been added (westcoastdummy) and one variable has been removed 
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(longcommute).  Again, westcoastdummy is a dummy variable where MSAs in Oregon, 

Washington and California have a value of 1.  

 

Hypotheses 

+   young 

-    logprecip 

-    temp  

+   white 

-    threecars 

+   westcoastdummy 

+   percentwomen 

 

 In this section I interpret each partial regression coefficient and explain what its value 

implies about its relationship to the % of workers 16 or older who commute to work by bike 

(cyclists).  First it is helpful to look at the standardized coefficients to interpret the relative 

importance of each of the explanatory variables in terms of its impact on cyclists.  Looking at 

the standardized coefficient column in the above, we can see that the top four variables (in 

order of explanatory power) are:  1) young, 2)  westcoastdummy, 3) logprecip 4) threecars.   

  

 Also, as is noted in the 'alternate regression models' chart and above, each of the seven 

explanatory variables is statistically significant at 5% Type I error without correcting for 

heteroscedasticity.  However, in order to correct for heteroscedasticity, we must use the new t-

values from the generalized linear model to interpret significance.  The only t-score which drops 

below 2 in this case is the white variable and this one only ever so slightly below 2 (1.99).  

Stated another way, we reject the null hypothesis that the regression coefficients are 

insignificant for each of the explanatory variables except white.  And if we are willing to accept 

a slightly higher Type I error of 5.5%, then we can reject the null for all explanatory variables. 

 

Unfortunately the Y-intercept (Constant) is not statistically significant.  This creates 

challenges in terms of the predictive value of the model.  The following is a brief narrative 

interpretation of the sample regression coefficients.  

 

Estimated impacts on cycling to work in MSAs (metropolitan and micropolitan statistical areas) 

– by order of highest standardized coefficient value to lowest. 

 

1) young –For every 8 percentage point increase in the % of the population ages 15-29 we 

would estimate a ½ of a percentage point increase in cyclists.  (95% confidence that the 

true regression coefficient is between .007 and .555)   

2) westcoastdummy – being an MSA on the west coast (OR, WA, CA) is correlated with a ½ 

a percentage point increase in the incidence of cycling to work.  (95% confident that the 

true regression coefficient is between .316 and .662) 

3) logprecip - for every 3  percent decrease in the mean April precipitation, we would 

estimate a one percentage point increase in cyclists.  We can reject the null at 95% 
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confidence - 95% confident that the true regression coefficient is between -.425 and -

.189. 

4) threecars - for every 4 percentage point increase in the % of residents owning three cars 

are more, we would estimate a 1/10 of a percentage point decrease in cyclists. Can 

reject the null at 95% confidence - 95% confident that the true regression coefficient is 

between -.032 and -.012) 

5) temp -  for every 4 degree increase in the mean April temperature, we would estimate 

1/20 of a percentage point decrease in cyclists. We can reject the null at 95% confidence 

- 95% confident that the true regression coefficient is between -.016 and -.001) 

6) white - for every 10 percentage point increase in the % of residents who are white, we 

would estimate a 1/20 of a percentage point increase in cyclists. We can reject the null 

at 95% confidence - 95% confident that the true regression coefficient is between -.001 

and -.010) 

7) percentwomen – for every every one percentage point increase in the % of all cyclists 

who are women, we would estimate a ¼ percentage point increase in cyclists.  Stated 

another way, for every four percentage point increase in the % of all cyclists who are 

women, we would estimate a 1 percentage point increase in cyclists. We can reject the 

null at 95% confidence - 95% confident that the true regression coefficient is between 

.007 and .555).  

 

 The signs on the coefficients of each variable are consistent with my final hypotheses.  

Also, the magnitudes of the coefficient estimates seem plausible.  It is important to note that in 

the cases of the following variables they are so small as to be practically meaningless in terms 

of their predictive power:  white, temp, and threecars.  That being said, the regression 

coefficients for other variables are more useful for interpretation, especially the 

westcoastdummy, precipitation, young and percentwomen variables.  Because measurement 

error typically biases results towards zero, my initial concern about only having climate data 

available at the state level turned out to not be an issue.  Both variables were significant in the 

final model. 

 

 The final adjusted R2 value of .307 tells us that this model explains just 30% of the 

variation from the mean.  This begs the question, what if anything might explain the remaining 

70%?  Is there just an inherent randomness to the incidence of cycling in American cities?  Is 

there an as-yet undiscovered or unattainable variable to account for the unique traits of a bike-

friendly city?  

 

Conclusion 

 

Studying bike determinants in US Metropolitan and Micropolitan statistical areas is 

murky territory.  For one, data are very hard to come by on variables that may be important to 

creating complete, unbiased estimates.  Another problem is that few cities have an incidence of 

cycling above 1% and the variations from the mean are so small overall.  While I was able to 

reject the null hypothesis of insignificance for all of the variables in my reconsidered theory 

(with the possible exception of the race variable), many of the coefficients are so tiny that they 
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are practically meaningless.  An example of this is my threecars variable.  While it is statistically 

significant and has the proper sign, the impact of the coefficient on cyclists is so small that I 

cannot confidently say I have shown what I set out to show in my initial hypothesis about the 

impact of car ownership. 

 As Figure 1 below suggests there are a number of potential variables which were too 

costly or difficult to obtain at the level of MSAs for this study.  Also, the model only explains a 

little less than a third of the variation from the mean.  The R2 value of .307 is not very high, but 

this is about on par with the rest of the studies on this topic using regression analysis.  These 

problems aside, this is the best model that could be developed, and there are a number of 

interesting conclusions to draw including suggestions for policy and further research. 

My theory revealed two interesting variables that are new to the academic literature.  

One, the West Coast dummy variable turns out to be quite valuable in terms of its explanatory 

power.  Since the mean value for cyclists across all MSAs is just over half a percent, a .5 

percentage point increase in cycling for West Coast cities represents a big jump.  They must be 

doing something right in Oregon, Washington and California to enhance the incidence of cycling 

so much.  My theory implies that this has something to do with land use and transportation 

planning policies/practice.  Further study of cycling incidence in these states may corroborate 

or refute this theoretical explanation, and would be worthwhile to undertake.  A policy 

implication might then be that other states interested in increasing cycling may wish to 

emulated West Coast land use and transportation planning policies. 

 

 The variable accounting for percent of the total cyclists who are women is also new and 

has shown to be significant (although with a rather large interval at 95% confidence).  The 

policy implication is clear.  As the Scientific American article suggests, women are an “indicator 

species for a bike-friendly city”.  All evidence from other research points to safety as the 

number one barrier to cycling and this is especially so for women.  Therefore, cities interested 

in increasing cycling should invest in improvements which enhance cyclist safety.  More study 

using this variable at different scales would be useful. 

 

The effect of temperature was somewhat surprising (negative instead of positive).  As I 

have discussed and accounted for in my theory, this is likely due to this variable’s proxy of some 

sort of politics/culture variable where being a city in a southern/warmer states has a negative 

impact on cycling.  Future study might go deeper in terms of understanding these impacts. 

 

Follow up studies might also focus on a slightly smaller sample size in order to allow for 

access to more data sources.  Of course, the problem with a smaller sample size might be a 

reduction in statistical significance which is why I chose the MSA scale to begin with.  Other 

data might include population density, proximity to bike lanes, neighborhood density, a direct 

infrastructure variable such as miles of bikes lanes and other policy variables, and costs of 

alternate modes.   

 

Also, MSAs are so large that they necessarily lump sprawling suburbs with bike-able 

urban neighborhoods.  This suggests that future studies evaluating cases at a smaller scale 
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(such as block group) might bring out significance for some of the variables suggested above 

which are not available at the medium level scale of MSAs.  Also, commute to work does not 

capture other trips.  Since work trips only capture a quarter of total trips, there may be richer 

information available in evaluating total bike trips, but data collection would be a major 

obstacle.  

 

I was able to replicate Pucher's results for precipitation, age, and car access.  The only 

one of these which has any potential policy implication is car ownership.  Race also appears to 

not play a great role; its coefficient is statistically significant, but miniscule.  Making it more 

expensive or difficult to own cars and drive, according to this model, would have the effect of 

increasing cycling. Changing mode share is a combination of carrots and sticks...making the 

roads safer and more comfortable for cycling (decreasing the costs of cycling), but also 

simultaneously increasing the costs of car ownership.  This study does not speak to the “how” 

of increasing the cost of car ownership, but policies to consider might be an increase in the gas 

tax, congestion pricing in cities and increasing the cost of parking. 
 

 

 

Data Sources: 

 

Data Source:  Area-weighted monthly normal temperature - National Oceanic and Atmospheric 

Administration (NOAA).  Online:   http://cdo.ncdc.noaa.gov/climatenormals/hcs/HCS_41.pdf 

 

Data Source:  Area-weighted monthly normal precipitation - National Oceanic and Atmospheric 

Administration (NOAA).  Online:  http://cdo.ncdc.noaa.gov/climatenormals/hcs/HCS_42.pdf  

 

Data Source:  2006-2008 American Community Survey 3-year estimates (ACS) – four variables 

constructed from detailed tables for Metropolitan and Micropolitan Statistical Areas:  

http://factfinder.census.gov  

 

2008 Presidential Election Results – for red state dummy construction.  Online:  http://www-

personal.umich.edu/~mejn/election/2008/  
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FIGURE 1 

Possible influences on transportation cycling 

 

 
Topic Possible Variable Likely Sources 

Incidence of cycling trips % workers to work by bicycle NHTS or ACS 

Age % between 15 and 29 ACS 

Median Income % $75,000+ household income ACS 

Distance Traveled to Work % workers 25 minutes + to work ACS 

Car Ownership % households with 3+ vehicles ACS 

Ethnicity % white only ACS – Ipums 

Population Density households/acre   

Public Investment $ per capita on bike/ped DOTs, survey of local gov’ts 

Proximity to bike trail, path avg distance to facility GIS – advanced 

Education / encouragement  Smart Trips style program research 

Climate annual days of precipitation NOAA - NCDC 

Street Connectivity index research 

Topography avg slope for block group? GIS – advanced 

Presence of Facilities  miles of bike lane / boulevard cities - advanced 

Advocacy presence of 501c3 advocacy org independent research 

Accessibility # of destinations within 2 miles Walkscore.com   

Cost of Car Ownership gas prices by state, parking policies, other AAA – avg. costs 

Safety annual bike fatalities per capita USDOT - FARS 

  

           
 

 

Glossary:   

NHTS – National Household Travel Survey 

ACS – American Community Survey 

USDOT – US Department of Transportation 

FARS – Fatality Analysis Reporting System  

AAA – American Automobile Association 

MSA – Metropolitan Statistical Area 

NOAA – National Oceanographic and Atmostpheric Administration 

NCDC – US National Climatic Data Center 


