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Abstract Bikesharing is an affordable mode of
transportation and a potential tool to reduce car usage
in cities. However, in many cities, bikesharing seems
to be used mostly by affluent populations. Indego,
Philadelphia’s bikeshare, embraced the promotion of
equity as part of its primary goals. While previous
measures were not adequate for that cause, Indego
decided to integrate e-bikes into its system to promote
usage among current non-users. In this study, I exam-
ine how the integration of e-bikes influences Indego’s
usage in disadvantaged areas. For that purpose, I
combined official publicly available data using spatial
analysis methods. Furthermore, I used random for-
est and spatial negative binomial regression to exam-
ine factors associated with shared bicycle and e-bike
usage in Philadelphia. The findings show that e-bikes
increase the overall usage of Indego, specifically in
disadvantaged areas. In these regions, the users use
shared e-bikes for commute, leisure, and other utili-
tarian purposes, while in the rest of the city, users use
e-bikes mainly for commuting. I conclude that the
integration of e-bikes was successful in promoting
bikesharing usage in disadvantaged areas.
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Introduction

Bikesharing is an affordable mode of transporta-
tion and a potential tool to reduce car usage in cit-
ies. However, in many cities, bikesharing seems to be
used unproportionally by affluent populations. Disad-
vantaged areas are often underserved by bikesharing
(Lin et al., 2018; Ogilvie & Goodman, 2012; Rixey,
2013), while bikesharing users tend to have a higher
income than the average (Bernatchez et al., 2015;
Fishman et al., 2014; Murphy & Usher, 2015).

A new tool that can increase bikesharing usage in
disadvantaged areas is the electric bicycle (e-bike).
Most of the underserved regions are located at the
periphery of Indego’s service area. The e-bike’s
motorized power and speed allow users to travel
faster from these distant neighborhoods to the CBD
and other distant key destinations. This may espe-
cially be relevant for persons without a car or those
living in areas poorly served by public transport. The
reduced effort required by e-bikes has the potential to
attract new populations to Indego. However, there is
no evidence that e-bikes increase bikesharing usage
in disadvantaged areas. This study aims to fill that
gap.

Indego, Philadelphia’s bikesharing system, joined
the Better Bike Share Partnership (BBSP) to pro-
mote cycling among disadvantaged areas and popu-
lations in the city (BBSP, 2018). To promote equity,
Indego offers a cash payment option for those with-
out a credit card, gives discounts for food-stamp
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recipients, and has built additional docking stations
in underserved regions (BBSP, 2018). However, these
early efforts were not effective enough to equalize the
usage between low, medium, and high income areas
in Philadelphia (Caspi & Noland, 2019).

In the past year, Indego integrated e-bikes into its
docked bikeshare. In November 2018, Indego started
a pilot with ten e-bikes (Indego, 2019a), and in May
2019, the bikeshare added 400 e-bikes to its 1500
bicycle fleet (Indego, 2019b). Indego’s pass costs
$17 a month or $156 a year for regular users and $5 a
month or $48 a year for food-stamp holders. In addi-
tion to Indego’s membership fee, e-bike usage costs
15¢ per minute or 5¢ per minute for food-stamp hold-
ers. Penalties for missing or damaged equipment are
$1000 for a bicycle and $2500 for an e-bike (Indego,
2019b). BBSP’s manager, Waffiyyah Murray, sees
e-bikes as a vehicle for equity: “The introduction of
e-bikes has been a game-changer in the bike share
industry. This new technology will help address sev-
eral barriers and open the door for new cyclists to try
biking for the first time or use it more often as a regu-
lar form of active transportation” (Indego, 2019a).

In this study, I examine the influence that shared
e-bikes have on usage in disadvantaged areas served
by Indego. My research questions are: Has electric
bikesharing increased Indego’s usage in disadvan-
taged areas? How many people in disadvantaged
areas use shared bicycles and e-bikes in comparison
to other regions? Do trips that start or end in disad-
vantaged areas have different patterns than trips in
other areas? Finally, how do different spatial demo-
graphic factors associated with bikesharing and
e-bikesharing usage?

To answer these questions, I examined Indego’s
usage in three months in 2019 — June, September, and
December. I used descriptive statistics, Random For-
rest (RF) analysis, and regression analysis. In Sect. 2,
I examine the existing literature. In Sect. 3, I describe
the methods and the data sources I used. In Sect. 4,
I portray the results of my analysis. In Sect. 5, I dis-
cuss the results of the different methods I used in rela-
tion to my questions and the existing literature, and in
Sect. 6, I conclude this paper.
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Literature review

The bicycle is an affordable mode of transportation,
cheap to buy, use, and maintain. Naturally, it has great
potential to attract underprivileged people. Bicycles
have been in the world since the nineteenth century.
They have had great usage in developed countries,
such as Denmark and the Netherlands (Garrard et al.,
2012) and developing economies such as China and
India (Zuidgeest & Brussel, 2012). In the U.S., census
tracts with the highest bicycle commute share have
lower median income and higher poverty levels than
other census tracts (Schneider & Stefanich, 2015).

However, some disadvantaged individuals seem to
reject bicycle transportation (Gibson, 2015). Cycling
has an image of privileged activity and a symbol of
gentrification and displacement of disadvantaged
communities (Gibson, 2015; Wild et al., 2018) but
also an image of unsuccessful individuals (Hull
Grasso et al., 2020). Also, fear of robbery and assault
is a major barrier for cycling among blacks and His-
panics (Brown, 2016).

Bikesharing is disproportionately used by affluent
individuals (Bernatchez et al., 2015; Fishman et al.,
2014; Murphy & Usher, 2015), and bikesharing sta-
tions in low-income areas are used less than others
(Caspi & Noland, 2019; Lin et al., 2018; Ogilvie &
Goodman, 2012; Rixey, 2013). Most bikesharing sys-
tems across the U.S. provide better service to advan-
taged communities (Brown et al., 2019), while disad-
vantaged areas tend to have fewer stations (Goodman
& Cheshire, 2014; Smith et al., 2015). Nevertheless,
lower income individuals are more likely to shift
from being a non-cyclist to being a regular bikeshar-
ing user (Reilly et al., 2020). In Vancouver, lower
income individuals are more likely to be among the
most frequent 10% users who are responsible to more
than half of the trips rather than among less frequent
users (Winters et al., 2019).

Race and gender also affect bikesharing usage
(Hull Grasso et al., 2020); users are mainly white,
educated, employed, young, and male (Buck et al.,
2013; Fishman, 2016; Fishman et al., 2013; LDA
Consulting, 2012; Virginia Tech, 2012). There is
some evidence, however, that disadvantaged people
of color use bikesharing more than disadvantaged
whites (Dill & McNeil, 2021). Bikesharing may be
unsuitable for disadvantaged areas as these are often
too far from desirable destinations such as service and
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employment hubs. The high distance makes cycling
uncomfortable, and users may exceed the bikesharing
time limit (Hull Grasso et al., 2020). There is limited
evidence that by overcoming accessibility barriers
bikesharing might be used by disadvantaged individ-
uals at the same rate as others (Dill & McNeil, 2021).

The integration of e-bikes to bikesharing fleets
gained popularity in Europe and expanded to Asia
and North America (Galatoulas et al., 2020). E-bike-
sharing systems can be docked (BiciMAD, 2014;
Citi Bike NYC, 2019; Indego, 2018) or dockless
(Guidon et al., 2019), integrated into a system with
regular bicycles (Citi Bike NYC, 2019; Indego, 2018;
Nice Ride Minnesota, 2018) or have their own sys-
tem (Anzilotti, 2019; BiciMAD, 2014). Users prefer
e-bikes to serve a wider variety of purposes, more dis-
tant destinations, deal with topography, and substitute
walking (Langford et al., 2013). In China, e-bikeshar-
ing attracts more car and transit users than non-pow-
ered bikesharing, as well as more young to middle-
age low-income males (Campbell et al., 2016). An
inquiry into Zurich’s e-bikesharing system shows that
e-bikesharing riders travel the same or even shorter
distances than regular cyclists. In Park City, Utah,
however, user completed distant e-bikesharing trips
(He et al., 2019). In urban context, e-bikesharing pri-
mary trip purpose is commuting, and it is competing
with public transportation and taxi (Guidon et al.,
2019). In touristic destinations, e-bikesharing is being
used mostly for long round trips by casual users (He
etal., 2019).

E-bikes are more expensive than non-motorized
bicycles. E-bikes usage is biased toward higher-
income individuals (MacArthur et al., 2014; Simse-
koglu & Klockner, 2019). In e-bikesharing, however,
the users do not need to buy the vehicle. E-bikeshar-
ing can benefit disadvantaged individuals by provid-
ing a faster and easier way to ride a bicycle to reach
more distant destinations and make bikesharing suit-
able for their purposes. On the other hand, the higher
price of e-bikes may deter them from using that ser-
vice. To date, there is no evidence that the integration
of e-bikes in a bikesharing system promotes usage
equity, and I do not expect it to do so.

Methodology

In this study, I examined Indego’s usage in three peri-
ods in three steps of analysis. First, I used descriptive
statistics to explore usage patterns in Indego’s trip
logs. After calculating spatial variables, I created a
Random Forest (RF) model to investigate the impor-
tance of several external influences on Indego’s rid-
ership rates. One of the most significant benefits of
RF is its ability to examine the importance of many
explanatory variables without the need to account
for multicollinearity. However, RF does not provide
the direction (positive or negative) of the association.
Therefore, in my last step, I used a spatial negative
binomial regression model to utilize the benefits of
the RF model and compensate for its shortcoming.

Data

The data in this study is an integration of Indego trip
logs, census statistics, and other spatial components
of Philadelphia. I retrieved Indego’s trip logs between
April 2018 and March 2020 while later choosing to
focus on a shorter period. The trip logs provide infor-
mation for each trip conducted in the system and
include the time, date, and location of departures and
arrivals. They also include the type of shared vehicle
— bicycle/e-bike, the type of subscription, and the bike
ID. T used these datasets for a) descriptive statistics
analysis, b) extracting the locations of active dock-
ing stations, and c) aggregating the total trips depart-
ing and arriving at each station in different periods.
To reduce the risk of error records, I excluded trips
longer than 12 h.

After examining Indego’s annual usage pattern, I
decided to focus on three periods: June, September,
and December 2019 (Fig. 1). Focusing on three peri-
ods allowed to examine the assimilation of e-bikes in
Indego over the course of the year while controlling
for seasonality. A full-year analysis was impossible
as the service was interrupted by a temporary suspen-
sion of the e-bike fleet between mid-January to mid-
February 2020. Moreover, the COVID-19 pandemic,
which erupted in the U.S. in mid-March 2020, led to
a sharp decline in Indego’s ridership. The three peri-
ods that I decided to examine represent three phases
in the Indego service: June — Bikesharing usage is at
peak while e-bikesharing usage is still growing; Sep-
tember — Bikesharing and e-bikesharing usage are at
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Fig. 1 Daily usage of Daily indego trips
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peak; and December — Bikesharing and e-bikesharing
usage are at a low due to the winter.

To examine the role of external influences on
Indego’s usage, I geocoded the locations of the active
docking stations during each of the examined peri-
ods and created service area polygons (Figs. 2 and 3).
Some stations were introduced, and some were shut
down during the examined period. The service area
polygons are based on a 400 m street network distance
from the stations with any overlapping areas allocated
to the closest station. Other research has used a wide
variety of buffer areas. For example, these range from
200 m (El-Assi et al., 2017), 250 m (Faghih-Imani
et al., 2014), 300 m (Faghih-Imani & FEluru, 2015;
Zhang et al., 2017), 400 m (Caspi & Noland, 2019;
Mateo-Babiano et al., 2016; Noland et al., 2016; Sun
et al., 2018; Wang et al., 2016) 500 m (Wang et al.,
2018), and 800 m (Buck & Buehler, 2012). NACTO
(2016) recommends that a 3—5 min walk between sta-
tions is best (5 min is about 400 m). The service area
polygons served as the study unit in the RF and the
regression analysis.

Using ArcGIS 10.7, I calculated the spatial com-
ponents of the service areas, which are listed in
Table 1. The demographic variables retrieved from
the American Community Survey (ACS) 2014-2018
5-year estimates by the U.S. Census Bureau (U.S.
Census Bureau, 2019). These are aggregated demo-
graphics at the census block group level. I used
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area-based weighted means to project the variable
values from the census block group polygons to the
service area polygons. Since Indego’s trip logs do not
include demographic data, I had to use area-based
demographics.

Five census block groups that overlay with eight
Indego service areas had no residents and no demo-
graphic variables. Two of them are on the west bank
of the Schuylkill River, in the area of the Univer-
sity of Pennsylvania. Three census block groups are
located at the Philadelphia Naval Business Center
at the city’s southern shore. To avoid any bias, |
excluded the affected service areas from the analysis.

Before examining bikesharing usage in disadvan-
taged areas, there is a need to define what is consid-
ered disadvantaged. The common tool across micro-
mobility studies is income (Caspi & Noland, 2019;
Goodman & Cheshire, 2014; Heinen et al., 2010;
Ogilvie & Goodman, 2012; Smith et al., 2015). How-
ever, low income can misleadingly classify students,
who tend to use micromobility more than other popu-
lations, as disadvantaged (Caspi et al., 2020; Schnei-
der & Stefanich, 2015). Another indicator can be the
rate of the population under the poverty line, which
may reduce the false indication of students. Race is
another important demographic indicator that was
found to be correlated with bikesharing usage. Previ-
ous studies suggest that bikesharing is used more by
whites (Biehl et al., 2018; Wang et al., 2016) while
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Fig. 2 Daily bicycle trips
(departures and arrivals) in
September 2019 by docking
station service area
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others, including blacks and Hispanics, avoid the ser-
vice (Brown, 2016). I, therefore, used the measure-
ments for the annual median income per household,
the rate of households under the poverty line, the pro-
portion of the white population, and the proportion of
the black population. I also included the proportion of
the student population to control for its effect.

To determine the disadvantaged areas, I ranked the
value of each of the four variables for each docking
station service area. I summed the ranks and flagged
the lowest 25% service areas (35 stations in each
month) as disadvantaged areas. In the descriptive sta-
tistics section, I compared the disadvantaged areas
to the rest of the areas. The differences in attributes
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Fig. 3 Daily bicycle trips
(departures and arrivals) in
September 2019 by docking
station service area
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between the disadvantaged station and the other sta-
tions are detailed in Appendix A.

While the focus of this study is on sociodemo-
graphic factors, I used a wide variety of variables to
control for influences, which were found to be sig-
nificant in previous bikesharing studies (Eren & Uz,
2020). These variables are listed in Table 1. Cer-
vero and Kockelman (1997) coined the term 3D’s
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to indicate density, diversity, and design as major
contributors to increasing non-motorized transporta-
tion. This study used population density to measure
density, land use entropy to measure diversity, and
intersection density to measure street design. Many
bikesharing studies found that denser environments
(Ahillen et al., 2016; Biehl et al., 2018; El-Assi et al.,
2017; Faghih-Imani et al., 2014, 2017; Lin et al.,
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Table 1 List of spatial variables

Variable Range Source

Median annual income per household (100 K US$) 0.09-1.40 (U.S. Census Bureau, 2019)

Poverty proportion 0.01-0.52

White population proportion 0.01-0.91

Black population proportion 0.02-0.98

Student population ratio 0-0.96

Population density (per square meter) 0-0.48

Males proportion 0.12-0.68

Cars available per person 0-1.9

Residential land use proportion 0-0.59 (Department of Planning and Development, City of Philadelphia,
Commercial land use proportion 0-0.83 2014)

Industrial land use proportion 0-0.31

Recreational land use proportion 0-0.36

Land use entropy 0.17-0.78

Bikeway in the polygon 0/1 (OpenStreetMap, 2019; Streets Department, City of Philadelphia,
Bikeway length in the polygon (kilometers) 0-3.68 2014a)

Bikeways to roads ratio 0-0.62

Bikesharing stations within 800 m 0-10 (Indego, 2020)

Closest bikesharing station (kilometers) 0.06-1.37

Employment density (per 100 m?) 0-42.36 (US Census Bureau Center for Economic Studies, 2019)

Bus stops 1-78 (NJ Office of Information Technology, 2020; Southeastern Penn-
Trolley stops 0-24 sylvania Transportation Authority, 2019)

Regional rail stations 0-1

Metro stations 0-3

Transit stations and stops (total) 1-89

Intersection density (per 100 m?) 0.02-0.37 (Streets Department, City of Philadelphia, 2014b)

Distance from CBD (kilometers) 0.3-7.48  Author’s analysis, based on the street network

2018; Noland et al., 2016), mixed land uses (Lin
et al., 2018; Zhang et al., 2017), and denser street net-
works (Li et al., 2018; Lin et al., 2018) increase bike-
sharing ridership.

I calculated the land use entropy, a measurement
for the diversity of land uses in each service

area, using an entropy formula: Entropy =

{—2 [(p;) (Inp;)] }/(mk) in which p; is the pro-
k

portion of each land use and k is the number of land
uses measured (Song et al., 2013); scaled from zero
to one, this index increases as land use mix
increases within a polygon.

Other factors found to increase bikesharing usage
include higher employment density (El-Assi et al.,
2017; Lin et al., 2018; Sun et al., 2018; Wang et al.,
2018), and shorter distance to the CBD (Biehl et al.,

2018; Faghih-Imani et al., 2014; Li et al., 2018; Wang
et al., 2016). Land use compositions have been found
to influence ridership in different manners (Faghih-
Imani & Eluru, 2015; Goodman & Cheshire, 2014;
Noland et al., 2016; Wang et al., 2018). Residen-
tial land uses, for example, generate more trips in
the mornings and attract more trips in the evenings
(Mateo-Babiano et al.,, 2016; Zhang et al., 2017),
while commercial land uses show the opposite direc-
tion (Buck & Buehler, 2012; Faghih-Imani et al.,
2014). Other studies, however, found different pat-
terns (Li et al., 2018; Sun et al., 2018). Based on Phil-
adelphia’s official dataset, I divided the land use into
five categories: residential, commercial, industrial,
recreation, and others (which include infrastructure,
transportation, water, cemeteries, and more).

In some cases, bikesharing stations in proximity
to bus stops and metro and rail stations have higher
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ridership (Caspi & Noland, 2019; El-Assi et al,
2017; Faghih-Imani et al., 2014; Goodman & Chesh-
ire, 2014; Li et al., 2018; Noland et al., 2016). Here,
I examined the influence of bus stops, trolley stops,
metro stations, and regional rail stations separately. In
addition, I concluded all the transit locations into one
variable.

Bicycle infrastructure has been found to have a
great influence on bikesharing and cycling in general
(Buehler & Dill, 2016; Faghih-Imani & Eluru, 2015;
Faghih-Imani et al., 2014; Fishman, 2016; Heinen
et al., 2010; Mateo-Babiano et al., 2016; Wang et al.,
2016, 2018; Zhang et al., 2017). Here I tested three
different approaches to measuring bikeways, which
include on and off-road trails dedicated to cycling: (a)
a dummy variable for the existence of any length of
bikeways in the service area, (b) the total length of
bikeways in the service area, and (c) the ratio between
bikeways and roads, which should compensate for
variations in nature and size of the service areas.

The location of a docking station within the bike-
sharing system also influences its usage. Some studies
found that docking station density increases ridership
(Ahillen et al., 2016; El-Assi et al., 2017; Faghih-
Imani et al., 2014, 2017; Li et al., 2018), while others
found the opposite (Faghih-Imani et al., 2017; Wang
et al., 2016, 2018; Zhang et al., 2017). I used two
measurements for docking station density: the num-
ber of docking stations within 800 m and the distance
to the closest docking station.

Pucher et al. (2010) claim that car availability
greatly influences an individual’s decision to cycle,
although the findings regarding the influence on bike-
sharing are mixed (Biehl et al., 2018; Buck & Bue-
hler, 2012; Lin et al., 2018). Women use bikeshares
substantially less than men (Beecham & Wood, 2014;
Faghih-Imani & Eluru, 2015; Ogilvie & Goodman,
2012). Therefore, I added the number of cars avail-
able per person and the proportion of males in the
population.

Random forest

To understand how different spatial factors associated
with bikesharing usage, I used RF analysis. RF is a
machine learning technique based on a decision tree
model. Decision tree analysis split the sample based
on the value of a selected explanatory variable (X;)
into two groups with similar response values (Y;).
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This process repeats until no more splits are possible
(Hastie et al., 2009).

RF is an array of decision trees, where each deci-
sion tree is given a limited set of explanatory vari-
ables. The data are divided into a training set and
a validation set. The training set is used to build
the model, and the validation set is used to evalu-
ate the model’s accuracy. As a result, the RF pro-
vides an importance analysis of the explanatory
variables (Hastie et al., 2009). The importance of
each variable is measured for its contribution to the
improvement in the split-criterion across the forest
using two measurements: Increased Mean Squared
Error (MSE) and Increased Node Purity. Increased
MSE is calculated by subtracting the MSE of a
permuted variable from the MSE of that variable:
Increased MSE = (MSE, ., s — MSE) /MSE.  The
higher the Increased MSE value, the greater the
importance of this variable. Increased Node Purity
is based on the Gini impurity technique, used by the
RF model to determine the node splits (Hoare, 2018).
However, the Increased Node Purity may be biased
(Strobl et al., 2007); thus, in this study, I use the
Increased MSE measurement.

The advantage of machine learning and specifi-
cally RF over regression analysis is the possibility
of using a large number of explanatory variables.
Unlike in regression analysis, the decision tree model
does not use all the explanatory variables but algo-
rithmically chooses the most effective one that splits
the sample in the best way. There is no collinearity
in that case since the influence is not divided among
the exploratory variables, as it is done in a regression
analysis. The RF analysis iteratively provides a ran-
dom set of variables for each decision tree and makes
sure that all the variables are considered for splitting
the sample.

The RF method is useful in evaluating the impor-
tance of different variables in an explanatory pro-
cess. However, RF does not provide the direction of
the effect of explanatory variables on the dependent
variable, as a regression model does. Moreover, RF
strength comes from large samples and is suitable
for big data tasks. In this study, the sample is small
(N=126 to 135 stations, depending on the month),
and the error is big. Therefore, I use regression analy-
sis in addition to RF to strengthen my findings.

For this study, I created 48 RF models using ran-
domForest package in R. For the three periods, June,



GeolJournal (2023) 88:1559-1617

1567

September, and December, I examined departing and
arriving bicycle and e-bike trips in four temporal divi-
sions: all the sample, weekday mornings (7-10 AM),
weekday evenings (47 PM), and weekends and holi-
days. For each RF model, I found the optimal number
of trees and used the default number of variables in
each tree, nine (The total number of explanatory vari-
ables divided by three). The findings are portrayed in
Sect. 4.2.

Spatial negative binomial regression

To get better insights into the usage of Indego’s bike-
sharing and e-bikesharing, I performed an additional
regression analysis. Indego’s usage rate is represented
by the number of trips conducted in each station. As
appropriate for count data, the usage rates have a
negative binomial distribution. Due to the nature of
the bikesharing system, and as I found in a series of
Moran’s I tests, that usage rates are spatially autocor-
related, i.e., affected by the station’s location. There-
fore, I adopted a conditional-autoregression (CAR)
approach for spatial negative binomial (Poisson-
Gamma) regression, using the INLA package in R.
A negative binomial CAR regression model allows
examining the effect of explanatory variables on a
count exploratory variable while accounting for the
spatial distribution. INLA provides an approximate
Bayesian inference for Latent Gaussian Models (Rue
et al.,, 2021). In addition, I performed a Moran’s I
test for the residuals of each model and reported the
results. Insignificant spatial autocorrelation indicates
that the model successfully accounted for the spatial
component.

In this study, I use 25 different variables to meas-
ure the spatial components of the docking stations’
service areas. To reduce the risk of multicollinear-
ity in the regression models, I did not include two
variables with a Pearson’s correlation higher than
0.3 (Appendix B). I also only included one variable
from a series of variables representing the same phe-
nomena (e.g., bikeway (dummy), bikeway length, and
bikeways to roads ratio). In each regression model, I
included the variables with the higher increased MSE
(Mean Squared Error) values found in the RF analy-
sis. Before running the regressions, I ensured no mul-
ticollinearity by performing a series of variance infla-
tion factor (VIF) tests. All the VIF results were below
2, and there was no concern of multicollinearity.

Results
Trip statistics

During its first half-year of operation, Indego’s
e-bikes were used less than its standard bicycles.
In May 2019, Indego added 400 e-bikes to its 1500
shared bicycle fleet, composing 26.7% of all the
vehicles (Indego, 2019b). However, the e-bike usage
share was lower than this proportion. In June, e-bike
usage was only 12.7% of the total usage in the sys-
tem; in September, the share of e-bike trips increased
to 22.2%, and in December, it reduced to 18.5%. The
share of round trips to the same station, which implies
recreational usage, was almost double for e-bikes than
bicycles as the service launched, but the difference
diminished as time progressed (Table 2).

Compared to the previous year, bicycle usage was
lower in June and December but higher in Septem-
ber (Table 3). However, the total usage of Indego
increased across the city. E-bike usage was responsi-
ble for a tremendous increase in Indego usage in dis-
advantaged areas in June and September. In Decem-
ber, bicycle and e-bike usage decreased and led to
only a slight increase in the total number of trips.

Disadvantaged areas composite 25% of the sta-
tions. These stations were the origin or the destina-
tion of about 22-23% of Indego’s bicycle trips in
2018, while the rest of the trips remain entirely in
non-disadvantaged areas. In 2019, the share of bicy-
cle trips in disadvantaged areas remained similar and
even decreased, but together with the e-bike rider-
ship, disadvantaged areas were responsible for about
25% of Indego’s ridership in June and September. In
December, Indego’s ridership share in disadvantaged
areas was even lower than the previous year.

The most significant advantage of an e-bike is its
ability to go faster and further than bicycles. Indeed,
e-bike trips were longer in length, a gap that inten-
sified throughout the year. However, the average
trip speed for e-bikes was lower than for bicycles in
June, about the same in September, and faster only in
December. E-bike trip duration was much longer than
bicycle trip duration in June and September and only
slightly longer in December. The increase in distance
and duration is higher in disadvantaged areas, which
indicates that users in those areas use e-bikes to reach
more distant destinations. Most of the disadvantaged
areas are in the periphery of the bikesharing system

@ Springer
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Table 3 Ipdego trip Disadvantaged = % of total ~ Rest % of total ~ Total
summary in June, July, and
December 2019 compared June 2018 Bicycle 16,593 22.6% 56,887 77.4% 73,480
(0 2018 —in disadvantaged September 2018 Bicycle 14,961 22.5% 51497 77.5% 66,458
areas versus the rest of
the areas and the percent December 2018 Bicycle 7148 23.1% 23,850  76.9% 30,998
change from the previous June 2019 Bicycle 15,858 22.8% 53,773  772% 69,631
year % change  —4.4% -5.5% -5.2%
E-Bike 4090 40.2% 6080 59.8% 10,170
Total 19,948 25.0% 59,853 75.0% 79,801
% change  20.2% 5.2% 8.6%
September 2019  Bicycle 16,061 22.1% 56,733 77.9% 72,794
% change  7.4% 10.2% 9.5%
E-Bike 6834 32.8% 13,993 67.2% 20,827
Total 22,895 24.5% 70,726 75.5% 93,621
% change  53.0% 37.3% 40.9%
*Disadvantaged areas December 2019 Bicycle 5663 21.1% 21,167 78.9% 26,830
defined in Sect. 3.1 as the
lowest 25% serving areas % change —20.8% —-11.2% —13.4%
ranked for income, poverty, E-Bike 1616 26.6% 4469 73.4% 6085
white population, and non- Total 7279 22.1% 25,636  77.9% 32915
black population. Figures 2 % change  1.8% 75% 6.2%

and 3 presents these areas

(Figs. 2 and 3); hence it is reasonable to observe
longer trips.

Round trips indicate leisure trips. Indego’s pric-
ing mechanism makes it unreasonable to use the ser-
vice to reach destinations far from docking stations.
Throughout the examined period, the share of bicy-
cle and e-bike round trips was higher in non-disad-
vantaged areas. The only exception is a higher share
of e-bike round trips in June in disadvantaged areas.
These findings imply that leisure trips were less com-
mon in disadvantaged areas, but e-bikes leisure trips
were more common in June.

In disadvantaged areas, Indego’s usage, as shown
by the number of trips per station in Table 2, was
slightly lower than the rest of the system. The usage
of shared e-bikes in these areas, however, was higher.
In June, e-bike trips that started or ended in disadvan-
taged areas almost doubled the trips between two non-
disadvantaged stations. Thus, the overall increase of
Indego usage was higher in disadvantaged areas than
in the other areas. However, bicycle usage remained
lower in disadvantaged areas. Figure 2 shows that
bicycle usage in September was low in disadvantaged
areas compared to other areas, while Fig. 3 shows that
e-bike usage was as high as other parts of the system.

The temporal distribution of ridership on week-
days (Fig. 4) and weekends (Fig. 5) implies Indego’s

trip purpose. The two-peek pattern, which indicates
commute, is apparent for weekday bicycle trips in
disadvantaged and non-disadvantaged areas in all
months. The e-bike usage, however, has a weaker
two trips pattern. Moreover, the pattern is weaker in
disadvantaged areas and getting weaker with the pro-
gress of the year. The distortions in these patterns
indicate either a greater share of leisure trips, utilitar-
ian trips for purposes other than commute (such as
errands, getting with friends, or participating in rec-
reational activities), or commuting at different times.
The weekend patterns show a one-peak pattern in all
the months around all the areas as expected.

Random forest results

The Increased MSE measurements for each explana-
tory variable are reported in Table 4 for the Total trips
and in Appendix C for all the models by month. The
most prominent explanatory variable across many of
the models is the distance from the CBD. This vari-
able accounts for the effect of location on the usage
rate. Using Moran’s I tests, I found that all the usage
variables are spatially correlated. Therefore, the dock-
ing station location plays a significant role in its usage
patterns. This effect is slightly weaker for e-bike trips
in some models; hence e-bike trips are slightly less

@ Springer
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Fig. 4 Indego’s hourly usage patterns for bicycles and e-bikes on weekdays in disadvantaged regions versus the rest of the regions
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Fig. 5 Indego’s hourly usage patterns for bicycles and e-bikes on weekends and holidays in disadvantaged regions versus the rest of

the regions

related to the distance to the CBD. E-bikes may ben-
efit areas farther away from the city center.

In most models, the sociodemographic vari-
ables have a low to medium effect on the number of
trips. Among the four sociodemographic variables,

@ Springer

the white population proportion has the most potent
effect on bikesharing and e-bikesharing usage across
24 RF models. Median annual income per household
has the most considerable effect across 16 models.
The proportion of the population under the poverty
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Table 4 Scaled increased MSE measurements for explanatory variables in Random Forest models for Indego trips in June, Septem-

ber, and December 2019

June September December

Bicycle E-Bike Bicycle E-Bike Bicycle E-Bike

Dep Arr Dep Arr Dep Arr Dep Arr Dep Arr Dep Arr
Median annual income 0.33 0.39 0.09 0.35 0.29 0.32 0.12 0.05 0.00 0.09 0.14 0.32
Poverty Rate 0.09 0.17 0.53 0.00 0.06 0.14 0.05 0.23 0.13 0.02 0.10 0.64
White Rate 0.43 0.47 0.55 0.75 0.33 0.36 0.33 0.28 0.39 0.27 0.08 0.18
Black Rate 0.14 0.14 0.00 0.00 0.00 0.02 0.00 0.10 0.19 0.11 0.00 0.00
Residential Land Use 0.07 0.06 0.00 0.00 0.09 0.16 0.23 0.34 0.40 0.29 0.28 0.11
Commercial Land Use 0.16 0.26 0.41 0.23 0.18 0.17 0.69 0.52 0.30 0.34 0.43 0.04
Industrial Land Use 0.18 0.16 0.07 0.08 0.23 0.15 0.29 0.30 0.03 0.00 0.00 0.00
Recreational Land Use 0.12 0.15 0.38 0.26 0.24 0.17 0.17 0.00 0.05 0.00 0.19 0.00
Entropy 0.13 0.06 0.00 0.19 0.07 0.18 0.22 0.00 0.18 0.22 0.20 0.25
Population Density 0.20 0.24 0.53 0.07 0.36 0.31 0.31 0.17 0.45 0.38 0.40 0.81
Employment Density 0.22 0.19 0.17 0.05 0.33 0.21 0.80 0.81 0.17 0.26 0.44 0.39
Intersection Density 0.11 0.19 0.35 0.00 0.14 0.03 0.55 0.42 0.25 0.21 0.59 0.58
Student Rate 0.18 0.18 0.29 0.31 0.14 0.14 0.30 0.51 0.00 0.12 0.10 0.44
Male Rate 0.25 0.00 0.49 0.22 0.15 0.09 0.42 0.47 0.21 0.13 0.15 0.48
Cars per people 0.18 0.18 0.39 0.12 0.25 0.14 0.49 0.53 0.13 0.15 0.05 0.00
Transit Stops 0.12 0.00 0.91 0.56 0.02 0.08 0.57 0.74 0.00 0.13 0.61 0.54
Bus Stops 0.09 0.00 1.00 0.46 0.11 0.05 1.00 0.98 0.10 0.12 0.54 0.46
Trolley Stops 0.00 0.00 0.20 0.00 0.03 0.03 0.00 0.04 0.15 0.12 0.03 0.00
Train Stations 0.00 0.00 0.09 0.00 0.05 0.04 0.07 0.16 0.00 0.13 0.14 0.27
Metro Stations 0.01 0.13 0.02 0.31 0.00 0.00 0.17 0.00 0.00 0.00 0.06 0.00
Bikeway (dummy) 0.05 0.03 0.13 0.17 0.15 0.16 0.05 0.00 0.21 0.12 0.01 0.35
Bikeway Length 0.12 0.10 0.34 0.00 0.12 0.27 0.06 0.00 0.30 0.28 0.20 0.59
Bikeways/Roads 0.02 0.08 0.01 0.18 0.09 0.01 0.12 0.24 0.05 0.29 0.21 0.23
Closest Docking Stations ~ 0.17 0.08 0.00 0.00 0.08 0.01 0.05 0.00 0.41 0.26 0.13 0.26
Stations within 800 m 0.25 0.25 0.93 1.00 0.31 0.27 0.40 0.63 0.26 0.31 0.30 0.45
Distance from CBD 1.00 1.00 1.00 0.62 1.00 1.00 0.85 1.00 1.00 1.00 1.00 1.00
Trees 1100 200 100 100 300 200 400 200 100 300 700 100
MSE 33,193 37,784 1320 1266 45,213 46,605 3871 3744 12,372 13,274 868 933

line is the largest across eight models, and the black
population proportion is the strongest in one model.
For the models that examine the overall ridership and
presented in Table 4 the increased MSE is higher for
white population except for e-bikes in December,
where it is higher for income. This suggests that a
higher white population contributes more to the usage
than the median income in that area. There are no
major differences in these patterns between bicycle
and e-bike trips. In all months, socio-economic sta-
tus had a medium association with bicycle and e-bike
usage with no clear trend.

Examination of the morning and evening trip mod-
els resemble commute patterns for both bikesharing
and e-bikesharing. Bikesharing morning departures

are associated with residential land use, population
density, and intersection density (this correlation may
be negative or positive), and arrivals are associated
with commercial land use and employment density.
Interestingly, e-bikesharing adopts this pattern only
in September. Recreational land uses have a relatively
low increased MSE across the models. The scores are
slightly higher for September weekend e-biking trips.

E-bike trips were more associated with the student
population most of the time. The share of males in
the population has a low effect on the RF models but
slightly higher on e-bike trips in June and Septem-
ber. The ratio of cars to people in the household has a
low-medium effect throughout the models. Although
in some models, it exceeds the association with other
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sociodemographic variables. Among the various tran-
sit variables, bus stops had a consistently high effect
on e-bikesharing across the models but low on non-
motorized bikesharing. This indicates that e-bikes
are being used more in areas highly served by buses
or poorly served by buses. Bicycle infrastructure
has a low effect on bikesharing and e-bikesharing.
Bikesharing density, represented by the existence of
other bikesharing stations around the service area,
has a medium effect in June and September and a
medium-high effect in December for both bicycle
and e-bike trips.

Negative binomial regression results

A conceptual summary of the regression results is
presented in Table 5 for June, Table 6 for September,
and Table 7 for December. These tables show only
the significance levels (p-values) and direction of the
coefficients for the different explanatory variables
while the full results are presented in Appendix D.
As discussed in Sect. 3, each model used a different
set of explanatory variables, based on the RF results.
Empty cells in the regression results tables represent
variables that were excluded from the models.

The regression results show that socio-economic
status related the usage of bikesharing and e-bike-
sharing. Each of the 48 regression models has no
more than one of the four variables that indicate the
sociodemographic level: median income, poverty
rate, white population rate, and black population rate.
In 11 models, however, the number of cars per per-
son, which is highly correlated with the sociodemo-
graphic variables, had a higher increased MSE than
the four sociodemographic variables. Therefore these
models do not have any sociodemographic variable.
Nevertheless, in all but one model that include the
number of cars, this variable is not significant. Thus,
models with car availability show a weak connection
between Indego’s usage and sociodemographics.

In June, socio-economic status was a signifi-
cant factor for all the bikesharing models, but not
for e-bikesharing, suggesting that e-bikes were used
around neighborhoods from all levels of sociode-
mographics. In September and December, socio-
economic status was a significant factor for all the
bikesharing but only for about half of the e-bike mod-
els. Throughout the model, when they were signifi-
cant, median income and white population rate had a

@ Springer

positive correlation with usage, while the poverty rate
had a negative correlation with usage, all in alignment
with expectations. These results indicate that bicycle
usage was much more related to sociodemographics
than e-bike usage.

Indego’s weekday usage patterns imply that users
use both bicycles and e-bikes for commute trips. In
all the three examined months, most morning bicycle
and e-bike trips start in a residential area (or area with
higher intersection density) and end in areas with
high employment density. Recreational land uses are
mostly not correlated or negatively correlated with
Indego trips. The only exception is among weekend
e-bike trips in September.

The rate of students in the population is positively
correlated in most e-bikes and bicycles model when
present. In June, the student ratio is significant only
for bicycle trips. In September, the student rate is cor-
related with two of two bicycle trip models and one
of two e-bike models.

Interestingly, Indego’s ridership is positively cor-
related with bus stop locations and transit stops and
stations across many regression models. This is more
apparent in e-bike models. Trolley stops and regional
train stations are mostly insignificant. Metro stations
are positively significant in six out of nine models.
Bicycle infrastructure is positively correlated with
many bicycle models, but only three e-bike models.
This shows that e-bike trips took place in areas with
fewer bikeways and implies that e-bike riders are less
sensitive to infrastructures.

Discussion

Indego’s usage has increased from June, September,
and December 2018 to June, September, and Decem-
ber 2019. Many factors could contribute to this
growth, including the introduction of new stations,
a possible increase in the bicycle fleet, and a greater
acceptance of bikesharing in the city. However, the
most significant change in the system at that period
was the integration of 400 e-bikes which led to an
overall increase of Indego’s fleet. This study shows
that while bicycle trips decreased in June and Decem-
ber and increased by 9.5% in September, together
with e-bike trips, the total ridership increased in all
the three examined months. It is also likely that the
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reduction in bicycle trips caused by a shift to e-bikes
by some users.

In disadvantaged areas, e-bike usage led to a
greater increase in ridership than in other areas.
Moreover, the average e-bike trip duration and dis-
tance in these areas was higher than in other areas,
which assures that people in disadvantaged areas used
e-bikes to reach more distant destinations. There-
fore, my conclusion is that the integration of e-bikes
increased Indego’s usage in disadvantaged areas but
did not increase its bicycle fleet usage.

While bicycle usage remains lower in disadvan-
taged areas, e-bike usage was relatively higher. The
average e-bike ridership in a disadvantaged station
was almost double than in non-disadvantaged stations
in June. However, the difference decreased to less
than 1.5 times more e-bike ridership in September
and only 12% more in December. Similarly, disadvan-
taged areas, which composite a quarter of the study
areas, were responsible for 25% of Indego’s ridership
in June, 24.5% of the ridership in September, and
only 22.1% of the ridership in December.

The RF results show no clear trend in the relation-
ship between sociodemographics and ridership, but
the regression results strengthen the notion of greater
e-bike usage in disadvantaged areas. The coefficients
remain highly significant for bicycle usage through-
out the year, similar to the findings in previous
Indego research (Caspi & Noland, 2019). For e-bikes,
in June, none of the sociodemographic variables were
correlated with e-bike ridership, while in September
and December, only about half of the coefficients
were significant. These findings suggest that the inte-
gration of e-bikes in Indego increased the overall rid-
ership in disadvantaged areas by increasing e-bike
usage but did not increase the usage of bicycles in
these areas. The decline in ridership in disadvantaged
areas in December may indicate that the e-bike effect
was temporary; however, this study only examines
three months, and a more extended period is required
to determine that.

During the warm months, the share of e-bike trips
was relatively high in disadvantaged neighborhoods,
while those trips were much longer in time than bicy-
cle trips in those areas and e-bike trips in other areas.
The lower average speed of e-bike trips in disadvan-
taged areas implies that riders did not use the shortest
route from their origin to their destination.

The hourly weekday e-bike trip distribution in dis-
advantaged areas (Fig. 4) shows a weak two-peak pat-
tern. While bicycles and e-bikes used form commute
across the city, the share of commute e-bike trips in
disadvantaged areas was lower than in other areas.
It strengthens the notion that e-bike trips in these
areas were less for commute purposes compared to
the usage of bicycles in these neighborhoods and
e-bikes and bicycles in other neighborhoods. Though
the prevalence of non-standard working hours among
low-income workers may explain part of the weak-
ened peaks, the bicycle usage at these areas at the
same period does show a two-peak pattern.

When examining the entire network, Indego’s users
use e-bikes for commuting, although less than they
use bicycles for that purpose. The RF and the regres-
sion results show that for both bicycles and e-bikes,
morning weekday trips are from residential areas to
employment centers and in the other direction in the
evenings. This finding is interesting as McKenzie
(2018) suggests that dockless e-bikesharing services
are not used for commuting but short utilitarian trips.
The difference in pricing — subscription in Indego
versus pay per ride in dockless e-bikesharing may be
the source for the difference in trip purpose, although
this requires further investigation.

The RF results suggest that race has slightly more
association with Indego usage than income. This is
interesting as income represents sociodemographics
by default in many bikesharing studies (Bernatchez
et al., 2015; Eren & Uz, 2020; Fishman et al., 2014;
Murphy & Usher, 2015). Bikesharing and e-bikeshar-
ing are more common where the share of white popu-
lation is larger. The median annual income and the
proportion of the white population increase Indego
usage, while the proportion of households under the
poverty line and the proportion of the black popula-
tion decrease ridership.

Findings from both RF and regression analyses
show that Indego usage has some correlation with a
high rate of student population. A high correlation of
shared micromobility usage with students is a recur-
ring finding in micromobility research (Caspi et al.,
2020; Schneider & Stefanich, 2015) and was used in
this study to control for that effect. This correlation
raises the concern that low-income users are students
rather than disadvantaged people. However, in most
of the RF models income has a higher increased MSE
value and in all the regression models that include
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students, the sociodemographic variable is highly sig-
nificant. Therefore, disadvantaged populations that
use Indego in this study are less likely to be students.
The presence of bus stops in the service area was
found to be highly correlated with Indego usage in
both the RF and the regression analyses. However,
a correlation was not found with other transit modes
including metro, trolly, and regional train stations.
Interestingly, the bus variable is not correlated with
any other variable, including the distance to the CBD.
It is unlikely that Indego users use the bus in connec-
tion with bike riding, but not other modes, however, [
cannot think of any other explanation for this finding
and further investigation in this matter is required.

Conclusions

The integration of e-bikes in Indego offers an interesting
case of e-bikesharing in a city with vast social polariza-
tion. E-bikes benefit riders with easier and faster cycling
and give an option to use the bikesharing to reach more
distant locations. As many disadvantaged areas served by
Indego are in the periphery of the system, the additional
e-bikes can better fit the needs of the residents of these
areas. In this study, I examined the usage of bicycles and
e-bikes, comparing disadvantaged and non-disadvan-
taged areas.

I found that the integration of e-bikes in Indego
increased the overall ridership in disadvantaged neigh-
borhoods. The average e-bike usage in these areas was
higher than in other areas, but bicycle usage remained
lower. People in disadvantaged areas use e-bike to
have longer trips and reach more distant locations. The
increase in ridership was high in the summer but weak-
ened in the winter. A further study should examine the
long-term effect of e-bikes on the overall ridership.

My various analyses’ findings suggest that like bicy-
cles, e-bikes are being used for commuting in both dis-
advantaged and non-disadvantaged areas. The temporal
analysis presents two-peak patterns in the mornings and
evenings, and RF and regression results delineate trips
from residential to commercial areas in the mornings and
commercial to residential areas in the evenings. How-
ever, in disadvantaged areas, the share of e-bike commut-
ers is lower, while riders use the vehicles for leisure and
non-commute utilitarian trips more than in other areas.

The RF analysis also reveals that among the sociode-
mographic variables that I examined, the share of white

population in the docking station’s service area has a
greater association with ridership than the median annual
income in almost all the models. This finding is interest-
ing as many bikesharing studies use income to repre-
sent demographics (Bernatchez et al., 2015; Eren & Uz,
2020; Fishman et al., 2014; Murphy & Usher, 2015).

This study has some shortcomings in terms of the
length and depth of the data. As mentioned, the soci-
odemographic analysis in this study is based on aggre-
gated census data. Therefore they reflect the character-
istics of the residents around Indego’s docking stations
rather than the characteristics of the actual users. Due
to privacy aspects, Indego does not provide user infor-
mation; hence, there is a need to contact users actively
to address this limitation. In addition, due to the lack of
consecutive trip logs free of the interruptions of shut-
downs and pandemics, I only examined three months of
Indego usage. Bikesharing usage changes all time and is
related to many factors along the way. To better view the
integration of e-bikes in the long term, there is a need to
examine a more extended period. Future studies should
address these limitations.

This study generates a few possible policy implica-
tions. First, the integration of e-bikes in bikesharing is
beneficial for promoting bikesharing equity. Second,
e-bikes could connect distant neighborhoods with
desired destinations and attract individuals who prefer
a shorter and less exhausting bicycle ride. In addition,
bikeshares should promote usage in areas with a less
white population rather than areas with lower income,
as the former show less participation in bikesharing.

The study focuses on the case of Indego in Phila-
delphia, a city with affluent white population in its
center, surrounded by non-white non-affluent neigh-
borhoods. The findings of this study can be general-
ized to cities with similar form and similar cultural
context, such as North American cities, and possibly
cities in western countries. Cities with a different
form and cultural context may benefit from the find-
ings of this study with the appropriate adjustments.
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and the rest of the service areas

See Table 8

June September December
Explanatory Variable Disadvantaged Rest Disadvantaged Rest Disadvantaged Rest
Median Annual Income per Household (US$)  $30,133 $68,749  $29,951 $72,629  $29,895 $68,542
Poverty Rate (0-1) 0.33 0.12 0.34 0.13 0.34 0.12
White Rate (0-1) 0.27 0.66 0.28 0.67 0.28 0.66
Black Rate (0-1) 0.55 0.13 0.54 0.13 0.54 0.13
Residential Land Use (0-1) 0.29 0.23 0.29 0.24 0.29 0.22
Commercial Land Use (0-1) 0.2 0.22 0.21 0.22 0.21 0.24
Industrial Land Use (0-1) 0.03 0.03 0.02 0.02 0.02 0.03
Recreational Land Use (0-1) 0.06 0.06 0.06 0.05 0.06 0.05
Entropy (0-1) 0.57 0.54 0.57 0.53 0.57 0.53
Population Density (per square meter) 2.7 5.17 2.73 6.28 2.73 6.35
Employment Density (per 100 square meters) 6418.7 23,198.4 6549.8 27,2409 6561.7 29,679.8
Intersection Density (per 100 square meters)  0.13 0.15 0.12 0.16 0.12 0.15
Student Rate (0-1) 0.23 0.22 0.25 0.2 0.25 0.23
Male Rate (0-1) 0.48 0.47 0.48 0.48 0.48 0.47
Cars per people 252.9 563.9 250 599.7 248.9 568.3
Transit Stops 24.74 22.68 24.66 23.06 24.57 21.11
Bus Stops 22.54 20.94 22.66 21.15 22.57 19.41
Trolley Stops 1.91 1.46 1.69 1.65 1.69 1.45
Train Stations 0.06 0.03 0.06 0.02 0.06 0.03
Metro Stations 0.23 0.24 0.26 0.24 0.26 0.22
Bikeway (dummy) 0.77 0.86 0.77 0.88 0.77 0.86
Bikeway Length (kilometers) 774.9 676.7 753 684.4 750.2 634.5
Bikeways/Roads 0.14 0.18 0.14 0.18 0.14 0.19
Closest Docking Stations (kilometers) 0.61 0.53 0.63 0.53 0.63 0.52
Stations within 800 m 2.03 3.23 2.03 3.19 2.06 3.44
Distance from CBD (kilometers) 3658.6 2710 3661.3 2463.2 3661.3 2620.8
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Appendix C
Random forest results

See Tables 12, 13, 14

Table 12 Scaled increased MSE measurements for explanatory variables in Random Forest models for Indego trips in June 2019

June 2019 Bicycle Trips E-Bike Trips

All Mornings Evenings Weekends All Morning Evenings Weekends
Explanatory Dep Arr Dep Arr Dep Arr Dep Arr Dep Arr Dep Arr Dep  Arr Dep  Arr
Variable

Median Annual 0.33 0.39 044 027 025 070 063 066 009 035 022 007 0.00 042 000 0.68
Income

Poverty Rate 0.09 0.17 026 031 036 030 013 003 053 000 024 028 0.9 028 000 0.5
‘White Rate 0.43 0.47 040 045 057 052 034 036 055 075 034 023 016 018 020 043
Black Rate 0.14 0.14 0.18 024 017 017 019 011 000 000 056 024 0.00 0.03 004 0.03

Residential Land  0.07 0.06 073 015 033 039 015 0.13 000 000 0.00 0.18 0.00 0.18 0.00 0.00
Use

Commercial 0.16 0.26 0.05 056 035 008 0.08 0.01 0.41 023 013 052 016 0.00 0.09 024
Land Use

Industrial Land 0.18 0.16 0.21 0.17 021 0.16 0.18 0.17 007 008 060 027 0.04 023 000 041
Use

Recreational 0.12 0.15 006 007 005 009 014 035 038 026 045 009 0.07 031 0.13 0.20
Land Use

Entropy 0.13 0.06 0.18 010 025 013 027 029 000 019 0.00 0.02 0.00 011 000 0.12

Population 0.20 0.24 033 020 010 029 032 027 053 007 068 037 039 100 056 0.54
Density

Employment 0.22 0.19 0.20 1.o0 092 010 038 024 017 005 073 100 043 000 0.00 0.29
Density

Intersection 0.11 0.19 1.0 0.10 000 092 025 021 035 000 062 029 049 1.00 031 0.30
Density

Student Rate 0.18 0.18 034 036 004 019 023 031 029  0.31 028 048 097 000 0.14 019

Male Rate 0.25 0.00 0.15 005 021 013 011 011 049 022 065 039 051 000 0.00 0.16

Cars per people  0.18 0.18 028 009 007 036 024 023 039 012 055 029 010 038 022 043

Transit Stops 0.12 0.00 0.17 022 025 029 017 017 091 056 0.5 032 034 035 045 053
Bus Stops 0.09 0.00 0.00 008 024 029 014 0.09 1.00 046 079 042 042 052 100 0.86
Trolley Stops 0.00 0.00 0.08 000 027 007 000 000 020 000 0.00 0.00 0.00 0.00 024 0.00

Train Stations 0.00 0.00 0.00 009 023 000 0.11 002 009 000 000 0.08 000 0.10 0.00 0.10

Metro Stations 0.01 0.13 0.00 011 0.00 000 006 0.07 002 031 0.00 0.08 000 0.08 049 033

Bikeway 0.05 0.03 0.09 005 009 000 000 000 013 017 0.14 0.07 0.00 0.00 028 0.00
(dummy)

Bikeway Length  0.12 0.10 0.18 002 004 015 018 0.09 034 000 038 006 0.00 035 028 0.13

Bikeways/Roads  0.02 0.08 0.14 011 0.5 005 000 003 001 018 0.00 0.07 045 0.00 000 0.07

Closest Docking  0.17 0.08 0.08 018 000 016 019 023 000 000 048 028 0.00 0.10 0.00 0.00
Stations
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Table 12 (continued)
June 2019 Bicycle Trips E-Bike Trips
All Mornings Evenings ‘Weekends All Morning Evenings Weekends
Explanatory Dep Arr Dep Arr Dep Arr Dep Arr Dep Arr Dep Armr Dep  Arr Dep  Arr
Variable
Stations within 0.25 0.25 0.03 040 044 009 031 031 093 1.00  0.05 036 058 035 063 044
800 m
Distance from 1.00 1.00 073 075 100 100 100 100 100 062 1.00 062 1.00 045 093 1.00
CBD
Trees 1100 200 800 300 100 2200 1100 1500 100 100 100 1000 100 700 100 200
MSE 33,193 37,784 3269 878 1760 5553 4823 5175 1320 1266 42 22 51 78 191 182

Table 13 Scaled increased MSE measurements for explanatory variables in Random Forest models for Indego trips in September

2019
September 2019 Bicycle Trips E-Bike Trips
All Mornings Evenings Weekends All Mornings Evenings Weekends

Explanatory Variable Dep Arr Dep Arr Dep Arr Dep Arr Dep Arr Dep Arr Dep Arr Dep Arr
Median Annual Income 0.29 0.32 065 0.00 0.0 070 050 049 012 005 000 0.17 016 055 042 037
Poverty Rate 0.06 0.14 043 021 018 045 0.12 014 005 023 000 0.08 019 041 033 0.20
White Rate 0.33 0.36 031 024 033 045 020 023 033 028 1.00 026 021 0.17 015 0.00
Black Rate 0.00 0.02 0.18  0.11 000 0.10 0.14 000 0.00 010 024 016 0.10 007 0.00 0.07
Residential Land Use 0.09 0.16 1.00 0.09 000 040 0.18 007 023 034 023 0.1 021 0.6 006 0.17
Commercial Land Use ~ 0.18 0.17 045 070 064 026 0.08 000 069 052 008 084 053 010 029 020
Industrial Land Use 0.23 0.15 0.11 0.09 028 0.00 0.11 009 029 030 001 0.17 011 0.18 025 0.14
Recreational Land Use  0.24 0.17 054 005 000 036 035 023 017 000 035 0.06 001 030 043 040
Entropy 0.07 0.18 053 016 011 015 0.19 017 022 000 000 0.13 006 0.06 022 0.04
Population Density 0.36 0.31 057 031 043 034 029 044 031 017 076 030 027 061 020 025
Employment Density 0.33 0.21 0.10 1.00 1.00 0.15 014 026 080 0.81 0.04 1.00 066 0.19 056 0.65
Intersection Density 0.14 0.03 094 015 015 083 021 014 055 042 042 041 023 1.00 052 036
Student Rate 0.14 0.14 043 039 027 035 0.18 024 030 051 000 057 048 023 040 048
Male Rate 0.15 0.09 002 014 028 033 0.01 0.08 042 047 021 0.03 030 028 027 028
Cars per people 0.25 0.14 076 016 0.08 045 024 028 049 053 000 017 025 056 044 053
Transit Stops 0.02 0.08 040 0.02 003 011 004 000 057 074 003 0.09 045 056 077 0.77
Bus Stops 0.11 0.05 000 005 012 034 005 000 1.00 098 065 0.03 058 0.66 1.00  0.99
Trolley Stops 0.03 0.03 0.14 0.00 0.09 000 0.00 017 0.00 004 000 000 0.00 007 021 0.11
Train Stations 0.05 0.04 017 0.5 006 000 004 013 007 0.16 000 0.07 000 0.I11 003 0.11
Metro Stations 0.00 0.00 000 0.00 000 000 0.00 007 017 000 000 0.00 000 0.06 050 0.30
Bikeway (dummy) 0.15 0.16 0.17 0.09 0.3 007 010 014 0.05 000 000 003 0.03 000 0.00 0.04
Bikeway Length 0.12 0.27 005 000 0.00 000 007 013 0.06 000 016 000 0.00 017 023 029
Bikeways/Roads 0.09 0.01 0.16 0.07 014 021 002 000 012 024 031 0.02 008 025 043 0.14
Closest Docking Sta- 0.08 0.01 000 017 002 008 0.14 019 005 000 000 017 0.11 000 0.05 0.06

tions
Stations within 800 m  0.31 0.27 015 029 034 008 023 000 040 063 038 024 032 0.18 039 026
Distance from CBD 1.00 1.00 086 0.68 0.99 1.00 1.00 1.00  0.85 1.00 023 084 100 040 0.87 1.00
Trees 300 200 200 1000 500 100 4100 100 400 200 100 600 500 1200 400 300
MSE 45,213 46,605 4562 5016 3333 5815 4696 4606 3871 3744 126 126 207 346 462 430
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Table 14 Scaled increased MSE measurements for explanatory variables in Random Forest models for Indego trips in December
2019

December 2019 Bicycle Trips E-Bike Trips
All Mornings Evenings Weekends All Mornings Evenings Weekends
Explanatory Variable Dep Arr Dep Arr Dep Arr Dep Arr Dep Arr Dep Arr Dep Arr Dep Arr
Median Annual 0.00 0.09 0.35 000 000 042 015 013 0.14 032 020 0.00 0.14 077 0.67 025
Income

Poverty Rate 0.13 0.02 0.47 0.00 0.00 0.60 013 019 0.10 064 000 0.00 0.08 008 0.00 0.24
White Rate 0.39 0.27 0.32 0.07 031 040 026 0.16 0.08 018 058 0.08 042 053 029 047
Black Rate 0.19 0.11 0.00 0.00 0.00 0.00 0.00 000 0.00 000 040 0.00 0.00 014 039 024

Residential Land 0.40 0.29 1.00 0.09 021 0.80 027 0.17 028 0.11 1.00  0.01 020 052 051 0.31
Use

Commercial Land 0.30 0.34 0.51 0.57 074 045 022 0.17 043 004 024 042 048 0.00 0.02 037
Use

Industrial Land Use  0.03 0.00 0.02 0.07 0.16 0.04 0.02 0.05 0.00 000 0.06 0.00 0.12  0.00 047 0.12
Recreational Land 0.05 0.00 0.15 0.04 0.00 0.30 0.18 0.04 019 000 0.00 0.06 0.00 026 0.00 0.04
Use

Entropy 0.18 0.22 002 000 001 026 021 020 020 025 029 0.00 0.08 000 0.00 0.10
Population Density ~ 0.45 0.38 0.55 028 0.67 097 054 033 040 081 086 0.17 030 038 036 025

Employment Density 0.17 0.26 0.28 1.00 099 0.30 035 0.17 044 039 020 1.00 1.00 043 096 0.83

Intersection Density ~ 0.25 0.21 0.68 026 0.09 092 026 035 059 058 075 0.17 0.18  0.81 1.00  0.88

Student Rate 0.00 0.12 0.16 049 030 0.07 0.16 001 010 044 026 0.12 0.14 047 0.00 022
Male Rate 0.21 0.13 0.03 000 006 000 017 017 0.15 048 000 000 000 0.12 036 0.18
Cars per people 0.13 0.15 0.21 0.00 027 051 011 0.3 005 000 09 002 017 022 0.00 0.39
Transit Stops 0.00 0.13 0.12 000 0.00 0.08 0.16 008 0.61 054 024 0.00 052 051 048 048
Bus Stops 0.10 0.12 0.00 0.11 006 0.03 024 024 054 046 058 0.03 058 046 0.71 1.00
Trolley Stops 0.15 0.12 0.00 0.15 007 0.14 0.00 000 0.03 000 036 0.00 0.00 000 028 0.17
Train Stations 0.00 0.13 0.01 0.08 003 000 004 000 014 027 029 034 000 0.17 000 0.00
Metro Stations 0.00 0.00 0.00 000 0.00 0.05 000 000 006 000 000 000 004 025 077 055
Bikeway (dummy) 0.21 0.12 0.10 020 0.16 0.21 004 005 001 035 020 0.00 000 000 029 0.00
Bikeway Length 0.30 0.28 0.17 0.13  0.08 0.37 027 019 020 059 027 0.08 005 075 032 030
Bikeways/Roads 0.05 0.29 023 028 052 031 0.10 0.19 021 023 039 010 022 045 027 036
Closest Docking 0.41 0.26 0.11 041 048 0.11 000 0.5 013 026 0.10 025 031 000 048 0.30
Stations
Stations within 0.26 0.31 006 030 054 024 024 017 030 045 000 0.34 062 063 0.14 026
800 m

Distance from CBD  1.00 1.00 0.81 060 1.00 1.00 1.00 100 1.00 1.00 053 0.27 0.75 1.00  0.60 0.53

Trees 100 300 300 300 600 1000 800 700 700 100 100 2400 800 200 200 1900
MSE 12,372 13274 1545 538 973 1801 891 922 868 933 44 41 73 64 67 67
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Appendix D
Negative binomial regression results
See Tables 15, 16, 17, 18, 19, 20, 21, 22, 23, 24, 25,

26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38

Table 15 Negative binomial regression results for all the bicycle trips in June 2019

All Bicycle Trips—June

Departures Arrivals

Mean 2.5% 97.5%  SD t-value  p-value  Mean 2.5% 97.5%  SD t-value  p-value

Intercept 4.456 3362  5.547 0.556 8.01 0.001 4.893 4445 5.348 0.230 21.27  0.001
Median Annual Income

Poverty Rate

White Rate 1.299 0.820 1.787 0.246 528  0.001 1.335 0.854 1815 0.245 5.45 0.001
Black Rate

Residential Land Use

Commercial Land Use 0.900 0224 1.583 0.346 2.60  0.01
Industrial Land Use -1.306 —4250 1.670 1507 -0.87 ns -1.587 —4.454 1.324 1.471 -1.08 ns
Recreational Land Use -0.553  -1.841 0.757 0.661 -0.84 n.s

Entropy

Population Density

Employment Density 0.013 —0.010 0.037 0.012 1.08 n.s

Intersection Density 0.380 —1.340 2.098 0.874 0.43 n.s
Student Rate 0.717 0.065 1.365 0.330 217  0.05

Male Rate 1.176  -0971 3.332 1.095 1.07  ns

Cars per people

Transit Stops

Bus Stops

Trolley Stops 0.009 -0.015 0.033 0.012 0.75 n.s
Train Stations 0.140 -0.296  0.594 0.227 0.62 n.s
Metro Stations 0.161 —-0.009 0.334  0.087 1.85 0.1

Bikeway (dummy) 0244 -0.036 0.521 0.142 172 0.1 0.292 0.001  0.579 0.147 1.99  0.05
Bikeway Length

Bikeways/Roads

Closest Docking Stations

Stations within 800 m

S. Autocorrelation —0.008 —0.140 0.151 0.070  —0.11 n.s -0.005 —0.132 0.133 0.068  -0.07 n.s
Log Likelihood —945.457 —943.707
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Table 16 Negative binomial regression results for morning bicycle trips in June 2019

Morning Bicycle Trips—June

Departures Arrivals

Mean 2.5% 97.5%  SD t-value  p-value  Mean 2.5% 97.5%  SD t-value  p-value
Intercept 1318 —-0462 3.102  0.908 145 ns 2.562 1.082  4.028  0.749 342 0.001
Median Annual Income 0.898 0.287  1.557 0.323 2.78 0.01
Poverty Rate
White Rate 1.440 0.785 2.108  0.336 429  0.001
Black Rate
Residential Land Use
Commercial Land Use
Industrial Land Use 2212 -1.676 6.174 1.998 1.11 n.s
Recreational Land Use -1.069 -2.881 0.772 0.930 —1.15 n.s
Entropy 0236 —-0.868 1.335 0.560 042 ns
Population Density 0.657 -2.312  3.780 1.555 0.42 n.s
Employment Density 0.086 0.054 0.120  0.017 5.06  0.001
Intersection Density 5.834 3.516  8.167 1.183 493  0.001
Student Rate 1.622 0.755 2492  0.441 3.68  0.001
Male Rate 1.343  —1.605  4.279 1.497 090 ns -0.753 -3.640 2.162 1.476  -0.51 n.s
Cars per people
Transit Stops 0.010 0.002 0.019  0.004 250 0.05
Bus Stops
Trolley Stops
Train Stations 0274 -0339 0910 0.318 0.86 ns 0356 —-0.201 0952  0.293 122 ns
Metro Stations 0.408 0.175  0.650 0.121 3.37 0.001
Bikeway (dummy) 0.470 0.100  0.835 0.187 2.51 0.05 0337 —-0.054 0.723 0.198 .70 0.1
Bikeway Length
Bikeways/Roads
Closest Docking Stations
Stations within 800 m
S. Autocorrelation -0.003 -0.134 0.140 0.070 -0.04 ns -0.008 -0.127 0.128  0.060 -0.14 ns
Log Likelihood —737.994 —702.978
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Table 17 Negative binomial regression results for evening bicycle trips in June 2019

Evening Bicycle Trips—June

Departures

Mean

2.5%

97.5%

SD

t-value

p-value

Arrivals

Mean 2.5%

97.5%

SD

t-value

p-value

Intercept

Median Annual
Income

Poverty Rate
White Rate
Black Rate

Residential Land
Use

Commercial
Land Use

Industrial Land
Use

Recreational
Land Use

Entropy

Population
Density

Employment
Density

Intersection
Density

Student Rate
Male Rate

Cars per people
Transit Stops
Bus Stops
Trolley Stops
Train Stations
Metro Stations

Bikeway
(dummy)

Bikeway Length
Bikeways/Roads

Closest Docking
Stations

Stations within
800 m

S. Autocorrela-
tion
Log Likelihood

3.109

1.472

-0.920

—-0.746

0.051

0.945

—-0.003
0.457

0.805

—-0.002

=777.878

1.760

0.901

—4.470

2.245

0.021

-1.702

—0.032
—0.054

—0.058

-0.129

4.459

2.043

2.670

0.784

0.082

3.594

0.026
0.996

1.682

0.123

0.687

0.290

1.818

0.770

0.016

1.347

0.015
0.267

0.443

0.065

-0.51

-0.97

0.70

-0.20
1.71

1.82

-0.04

0.001

0.001

n.s

n.s
0.1

0.1

n.s

2.549 1.028
0.983  0.540

—0.449 —1.424
1522 —0.944

3.778 1.707

1.208 -1.385

0.012  0.005

0.404  0.080

-0.007 -0.137

-786.859

4.023
1.432

0.522
4.197

5.809

3913

0.019

0.717

0.130

0.762
0.226

0.495
1.307

1.043

1.354

0.004

0.162

0.070

3.35
4.35

-0.91
1.16

3.62

3.00

2.49

-0.09

0.01
0.001

n.s

n.s

0.001

0.01

0.05

n.s
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Table 18 Negative binomial regression results for weekend bicycle trips in June 2019

Weekend Bicycle Trips—June

Departures Arrivals

Mean 25% 97.5% SD  t-value p-value Mean 25% 97.5% SD  t-value p-value
Intercept 27704 1474 3.928 0.624 4.33 0.001 2878 1.577 4.175 0.661 435 0.001
Median Annual Income 0962 0524 1404 0.223 431 0.001 1.001 0.536 1.470 0.238 421 0.001
Poverty Rate
White Rate
Black Rate
Residential Land Use
Commercial Land Use
Industrial Land Use —4.137 =7.229 —-0.995 1.587 -2.61 0.05
Recreational Land Use 0.843 —0.621 2.394 0.767 1.10 ns 1.434 —0.132 3.105 0.823 1.74 0.1
Entropy
Population Density
Employment Density 0.002 —0.025 0.029 0.014 0.14 ns
Intersection Density 1.141 —-0.710 2983 0939 122 ns 0491 —-1.368 2351 0946 0.52 ns
Student Rate
Male Rate 2475 0174 4791 1.175 2.11 0.05 2.062 —0.300 4.438 1205 1.71 0.1
Cars per people
Transit Stops 0.009 0.002 0.016 0.004 225 0.05
Bus Stops
Trolley Stops 0.012 —-0.013 0.037 0.013 092 ns
Train Stations -0.076 -0.542 0415 0.243 —031 ns —0.120 -0.614 0.400 0.258 —0.47 n.s
Metro Stations 0.166 —0.016 0.353 0.094 1.77 0.1
Bikeway (dummy) 0363 0.062 0.661 0.152 2.39 0.05
Bikeway Length
Bikeways/Roads
Closest Docking Sta-
tions
Stations within 800 m 0.038 —0.011 0.087 0.025 1.52 ns
S. Autocorrelation —0.008 -0.125 0.113 0.061 -0.14 n.s —0.005 -0.118 0.125 0.060 —0.09 n.s
Log Likelihood —820.980 —815.044
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Table 19 Negative binomial regression results for all the e-bike trips in June 2019

All E-Bike Trips—June

Departures

Arrivals

Mean

2.5%

97.5%

SD

t-value

p-value

Mean

2.5%

97.5%

SD

t-value

p-value

Intercept

Median
Annual
Income

Poverty Rate
‘White Rate
Black Rate

Residential
Land Use

Commercial
Land Use

Industrial
Land Use

Recreational
Land Use

Entropy

Population
Density

Employment
Density

Intersection
Density

Student Rate
Male Rate

Cars per
people
Transit Stops
Bus Stops
Trolley
Stops
Train Sta-
tions
Metro Sta-
tions
Bikeway
(dummy)
Bikeway
Length
Bikeways/
Roads

Closest
Docking
Stations

Stations
within
800 m

S. Autocor-
relation

Log Likeli-
hood

5.107

0.038

-0.204

0.247

—2.562

0.016

0.125

0.006

0.031

—0.008

—716.663

3.873

-0.739

—1.528

-1.313

—4.589

0.008

-0.328

—-0.255

—0.006

—-0.140

6.264

0.858

1.151

1.809

—-0.388

0.023

0.610

0.264

0.068

0.133

0.606

0.406

0.682

0.794

1.066

0.004

0.239

0.132

0.019

0.069

8.43

0.09

-0.30

0.31

-2.40

4.00

0.52

0.05

1.63

-0.11

0.001

n.s

n.s

0.05

0.001

n.s

5.205
0.000

—-0.194

-2.570

0.013

0.142

—-0.146

0.033

-0.012

—714.346

4.076
—0.341

—1.468

—4.634

0.007

—0.296

—0.776

—0.004

-0.137

6.262
0.335

1.111

—-0.381

0.019

0.610

0.487

0.070

0.132

0.555
0.171

0.657

1.081

0.003

0.230

0.321

0.019

0.067

9.38
0.00

-0.30

-2.38

433

0.62

-0.45

1.74

-0.17

0.001

n.s

n.s

0.05

0.001

n.s

0.1
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Table 20 Negative binomial regression results for morning e-bike trips in June 2019

Morning E-Bike Trips—June

Departures Arrivals

Mean 2.5% 97.5% SD t-value p-value  Mean 2.5% 97.5% SD t-value p-value

Intercept 3.169 1.903 4427  0.642 4.94 0.001 2.750 1.304 4182  0.732 3.76 0.001

Median
Annual
Income

Poverty Rate —0.100 —1.201 1.014  0.564 —0.18 n.s
White Rate
Black Rate

Residential
Land Use

Commercial
Land Use

Industrial —4.738 -8.727 -0.749  2.030 -2.33 0.05
Land Use

Recreational —1.141 -2.675 0413  0.786 —1.45 n.s —1.047 —2.946 0.894 0977 -1.07 n.s
Land Use

Entropy
Population 2.277 0.185 4.488  1.093 2.08 0.05
Density
Employment 0.083 0.052 0.117  0.017 4.88 0.001
Density
Intersection 1.315 -0.504 3.162  0.932 1.41 n.s
Density
Student Rate 0.330 —-0.304 0979  0.326 1.01 n.s
Male Rate —-3.205 -5.550 -0.848  1.196 -2.68 0.01 —2.303 —5.165 0.592  1.465 -1.57 n.s
Cars per —-0.328 -0.637 -0.023  0.156 -2.10 0.1
people
Transit Stops
Bus Stops 0.019 0.011 0.028  0.004 4.75 0.001
Trolley Stops

Train Sta- 0.350 -0.187 0916  0.280 1.25 n.s 0.200 —0.421 0.882 0331 0.60 n.s
tions

Metro Sta- 0.090 —0.160 0347  0.129 0.70 n.s
tions

Bikeway 0.095 -0.202 0.390  0.151 0.63 n.s 0.440 0.039 0.836  0.203 2.17 0.05
(dummy)

Bikeway
Length

Bikeways/
Roads

Closest
Docking
Stations

Stations
within
800 m

S. Autocor- —0.004 —-0.140 0.142  0.072 —0.06 n.s —0.011 —0.143 0.125  0.065 -0.17 n.s
relation

Log Likeli- —463.983 —469.756
hood
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Table 21 Negative binomial regression results for evening e-bike trips in June 2019

Evening E-Bike Trips—June

Departures Arrivals

Mean 2.5% 97.5% SD t-value  p-value  Mean 2.5% 97.5%  SD t-value  p-value
Intercept 3.815 2.747 4.883  0.543 7.03  0.001 2.733 1479 3.984  0.637 429  0.001
Median Annual Income -0.156 —-0.496  0.187 0.174 -0.90 ns
Poverty Rate —-0.392 —-1.207 0429 0416 —094 ns
‘White Rate
Black Rate
Residential Land Use
Commercial Land Use
Industrial Land Use
Recreational Land Use 0.038 —1.371 1.479  0.725 0.05 ns 1.046 —-0.463 2619 0.784 133  ns
Entropy
Population Density 1.657 -0.499 3.952 1.131 147 ns
Employment Density
Intersection Density 1.921 0.204  3.643 0.875 220 0.05
Student Rate 0.100 -0.388 0.598  0.251 040 ns
Male Rate -2.768 —-4.804 -0.732 1.036 -2.67 0.01 -1.215 -3.534 1.115 1.182 -1.03 ns
Cars per people
Transit Stops
Bus Stops 0.013 0.006 0.021  0.004 325 001 0.016 0.008  0.025 0.004 4.00  0.001
Trolley Stops
Train Stations -0.082 —0.568 0433 0254 -032 ns —-0.184 -0.736  0.403 0290 -0.63 ns
Metro Stations
Bikeway (dummy) -0.013  —0.283 0251 0.136  —-0.10 ns
Bikeway Length
Bikeways/Roads
Closest Docking Stations
Stations within 800 m 0.040 0.002 0.078  0.019 211  0.05
S. Autocorrelation -0.006  —0.127 0.132  0.067 -0.08 ns -0.009 -0.136 0.126  0.068 —-0.13 ns
Log Likelihood —530.928 —531.802

@ Springer



1598

GeoJournal (2023) 88:1559-1617

Table 22 Negative binomial regression results for weekend e-bike trips in June 2019

Weekend E-Bike Trips—June

Departures

Mean

2.5%

97.5%

SD

t-value

p-value

Arrivals

Mean

2.5%

97.5%

SD

t-value

p-value

Intercept

Median Annual Income
Poverty Rate

‘White Rate

Black Rate

Residential Land Use
Commercial Land Use
Industrial Land Use
Recreational Land Use
Entropy

Population Density
Employment Density
Intersection Density
Student Rate

Male Rate

Cars per people
Transit Stops

Bus Stops

Trolley Stops

Train Stations

Metro Stations
Bikeway (dummy)
Bikeway Length
Bikeways/Roads
Closest Docking Stations
Stations within 800 m
S. Autocorrelation
Log Likelihood

3.696

0.380

-0.349

-1.599
—0.084

0.013

-0.199

-0.074

0.029
-0.010
-592.986

2.279

—1.183

—2.408

—-4.210
—0.427

0.004

—0.763

—0.394

-0.019
—0.149

5.091

1.963

1.680

1.037
0.262

0.022

0.389

0.242

0.077
0.123

0.715

0.800

1.040

1.335
0.175

0.004

0.293

0.162

0.025
0.070

5.17

-0.34

-1.20
-0.48

—-0.68

—0.46

1.16
-0.14

0.001

n.s

n.s

3.056
0.085

0.685

2.526

-0.795

-0.513

0.016

—-0.120

—-0.143

-0.010
—584.642

1.627
-0.372

-0.814

0.181

—2.789

-3.075

0.008

—0.656

—0.470

—0.134

4.463
0.547

2.186

4.998

1.193

2.059

0.024

0.431

0.183

0.130

0.721
0.233

0.763

1.225

1.013

1.306

0.004

0.277

0.166

0.069

4.24
0.36

0.90

2.06

-0.78

-0.39

4.00

-0.43

-0.86

-0.14

0.001

n.s

n.s

0.001

n.s
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Table 24 Negative binomial regression results for morning bicycle trips in September 2019

Morning Bicycle Trips—September

Departures

Arrivals

Mean

2.5% 97.5%

SD t-value

p-value  Mean

2.5%

97.5%

SD

t-value

p-value

Intercept 2.601

Median Annual
Income

Poverty Rate
‘White Rate
Black Rate

Residential Land
Use

Commercial
Land Use

2.507

Industrial Land 0.149

Use

Recreational
Land Use

Entropy

-0.928

Population 1.035
Density
Employment
Density
Intersection
Density
Student Rate
Male Rate

Cars per people

0.912
0.298

Transit Stops 0.010
Bus Stops
Trolley Stops

Train Stations —0.195

Metro Stations

Bikeway 0.470

(dummy)
Bikeway Length

Bikeways/Roads

Closest Docking
Stations

Stations within
800 m

S. Autocorrela- —0.004
tion

Log Likelihood —792.246

1.238 3.975

1.512 3471

—3.943

4.362

-2.986 1.226

-1.084 3.353

-1.717
-0.142

3.552
0.746

0.000 0.020

—0.821 0.492

0.067 0.858

—0.131 0.143

0.697 3.73

0.498 5.03

2.114

0.07

1.073 —-0.86

1.127 0.92

1.341 0.68
0.226 1.32

0.005 2.00

0.334 -0.58

0.201

0.068 —0.06

0.001 2.751

1.541

0.001

n.s 3.117

n.s -2.297

0.053

2.710
n.s —-1.650

0.014

n.s 0.279

0.387

n.s -0.012

—757.454

1.449

0.860

—1.064

-4.229

0.022

1.760
—4.203

0.003

-0.320

-0.019

—-0.137

4.051

2227

7.395

-0.319

0.085

3.696
0.910

0.024

0.920

0.786

0.111

0.662

0.348

2.153

0.995

0.016

0.493
1.301

0.005

0.315

0.205

0.060

4.16

4.43

1.45

-2.31

3.31

5.50
-1.27

2.80

0.89

-0.19

0.001

0.001

0.05

0.01

0.001

n.s

0.01

0.1

n.s
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Table 25 Negative binomial regression results for evening bicycle trips in September 2019

Evening Bicycle Trips—September

Departures

Arrivals

Mean

2.5%

97.5%

SD

t-value

p-value

Mean 2.5%

97.5%

SD

t-value

p-value

Intercept 3.237

Median Annual
Income

Poverty Rate
‘White Rate 1.535
Black Rate

Residential Land
Use

Commercial
Land Use

Industrial Land 1.148
Use

Recreational —2.473
Land Use

Entropy
Population
Density

Employment 0.033
Density

Intersection
Density

Student Rate 1.868
Male Rate —-1.064
Cars per people

Transit Stops

Bus Stops 0.012
Trolley Stops

Train Stations 0.354
Metro Stations

Bikeway 0.430
(dummy)

Bikeway Length
Bikeways/Roads

Closest Docking
Stations

Stations within
800 m

S. Autocorrela- —0.010
tion

Log Likelihood —797.144

2.223

1.003

-2.127

-4.012

0.009

1.161
-3.067

0.004

—0.136

0.108

—0.140

4.250

2.071

4.500

—-0.895

0.058

2.594
0.947

0.021

0.877

0.747

0.123

0.516

0.271

1.687

0.793

0.012

0.365
1.021

0.004

0.257

0.163

0.068

6.27

0.68

-3.12

2.75

5.12
-1.04

3.00

1.38

—-0.14

0.001

0.001

n.s

0.01

0.01

0.001

0.01

n.s

0.01

n.s

2951 1.792
1.032 0.587

-0.946  -3.995

0.115  —-1.666

0.121  -1.619

4.578 2.643

-0.144 2374

0.013 0.004

0.100 -0.477

0.409 0.093

-0.005 —0.136

—821.745

4.119
1.482

2.201

1.910

2.070

6.483

2.113

0.023

0.746

0.715

0.129

0.592
0.228

1.576

0.907

0.937

0.975

1.142

0.005

0.310

0.158

0.069

4.98
453

-0.60

4.70

-0.13

0.32

-0.07

0.001
0.001

n.s

0.001

n.s

0.05

n.s
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Table 26 Negative binomial regression results for weekend bicycle trips in September 2019

Weekend Bicycle Trips—September

Departures

Arrivals

Mean 2.5% 97.5% SD t-value

p-value

Mean 2.5%

97.5%

SD

t-value

p-value

Intercept

Median Annual
Income

Poverty Rate

‘White Rate

Black Rate
Residential Land Use

Commercial Land
Use

Industrial Land Use

Recreational Land
Use

Entropy

Population Density

Employment Density

Intersection Density

Student Rate
Male Rate

Cars per people
Transit Stops
Bus Stops
Trolley Stops
Train Stations
Metro Stations

Bikeway (dummy)

Bikeway Length
Bikeways/Roads

Closest Docking
Stations

Stations within 800 m
S. Autocorrelation

Log Likelihood

3.202
1.098

2.169
0.577

4.257
1.578

0.531 6.03
0.255 4.31

-3.732 -6.771 —0.556 1.581 -2.36

0.900 -1.031 2738  0.958

0.836 —0.959 2.820  0.960 0.87

1.388 —0.434 3.181 0.919 1.51

0.466 —1.544 2.497  1.028 0.45

0.011  0.002 0.020  0.005 2.20

-0.085 -0.623 0.513  0.288 -0.30

0474  0.158 0.780  0.158 3.00

-0.008 —0.132 0.136  0.067 -0.12

—836.568

0.001
0.001

0.05

0.05

n.s

0.01

3.420
0.978

2.338
0.460

-3.211 -6.592

0423 —1.454

1.172 -0.630

0.897 -1.025

0.589 -1.554

—-0.001
-0.244
0.225
0.499

—-0.032
—-0.783
0.018
0.163

-0.008 -0.133

—841.914

4515
1.479

0.273

2.353

3.138

2.821

2.753

0.030

0.345

0.441
0.826

0.135

0.554
0.259

1.746

0.975

0.957

0.978

1.096

0.016

0.286

0.108
0.169

0.069

6.17
3.78

—1.84

—0.06
-0.85
2.08
2.95

-0.11

0.001
0.001

0.1

n.s

n.s
n.s

0.05
0.01

n.s
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Table 27 Negative binomial regression results for all the e-bike trips in September 2019

All E-Bike Trips—September

Departures Arrivals

Mean 2.5% 97.5%  SD t-value  p-value  Mean 2.5% 97.5%  SD t-value  p-value
Intercept 4.707 3903 5515 0.410 11.48  0.001 4.380 3.555 5207 0.420 10.43  0.001
Median Annual Income
Poverty Rate
White Rate
Black Rate
Residential Land Use
Commercial Land Use
Industrial Land Use —1.045 -3.352 1.287 1.180 -0.89 ns -0.970 -3.367 1.407 1.213 -0.80 ns
Recreational Land Use 0315 -0.949 1.591 0.645 049 ns 0.078 —-1.243 1396  0.672 0.12  ns
Entropy
Population Density
Employment Density 0.020 0.002 0.039  0.009 222 0.05 0.017 -0.001 0.036  0.009 1.89 0.1
Intersection Density 2.143 0.836 3452  0.665 322 0.01 2219 0.866  3.528 0.676 328 0.01
Student Rate
Male Rate —0.840 -2.490 0.828 0.844 -1.00 ns -0.769 —-2.413 0.900 0.844 -091 ns
Cars per people -0.064 -0307 0.182  0.124 -0.52 ns -0.053 -0.295 0.190 0.123 -043 ns
Transit Stops
Bus Stops 0.018 0.011 0.025 0.004 4.50  0.001 0.019 0.012 0.026  0.004 475  0.001
Trolley Stops
Train Stations 0.066 -0363 0532 0227 029 ns 0.041 -0.377 0.496 0.222 0.18 ns
Metro Stations
Bikeway (dummy) 0.315 0.083  0.549 0.119 2.65 0.05
Bikeway Length 0.008 -0.126  0.152 0.071 0.11 ns
Bikeways/Roads
Closest Docking Stations
Stations within 800 m
S. Autocorrelation —0.007 -0.143  0.129 0.071 -0.10 ns -0.006 —0.138 0.135 0.071 -0.08 ns
Log Likelihood —821.398 —817.551

@ Springer
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Table 28 Negative binomial regression results for morning e-bike trips in September 2019

Morning E-Bike Trips—September

Departures

Mean 2.5%

97.5%

SD

t-value

p-value

Arrivals

Mean

2.5%

97.5%

SD

t-value

p-value

Intercept

Median Annual
Income

Poverty Rate
White Rate
Black Rate

Residential Land Use

Commercial Land
Use

Industrial Land Use

Recreational Land
Use

Entropy
Population Density

Employment Density

Intersection Density

Student Rate
Male Rate
Cars per people
Transit Stops
Bus Stops
Trolley Stops
Train Stations
Metro Stations

Bikeway (dummy)

Bikeway Length
Bikeways/Roads

Closest Docking
Stations

Stations within
800 m

S. Autocorrelation

Log Likelihood

2.654  1.561

0.813  0.243

-1.372

—-0.935

0.001 —0.021

-0.333 —-2.449

0.013  0.005

-0.853 -1.625

—-0.005 -0.133

—581.484

3.759

1.419

1.865

0.498

0.024

1.785

0.022

—-0.078

0.133

0.559

0.300

1.614

0.723

0.011

1.077

0.004

0.393

0.069

-0.85

-1.29

-0.31

-2.17

-0.07

0.001

0.01

n.s

0.01

0.05

n.s

2.556

0.848

0.620

—1.653

0.047

1.576
-2.101

0.011

0.055

0.227

-0.011

—583.382

1.308

0.257

-2.973

—3.387

0.021

0.796
—4.550

0.002

—0.526

—0.146

-0.135

3.791

1.435

4.323

0.123

0.076

2.412
0.369

0.020

0.683

0.590

0.117

0.631

0.300

1.854

0.894

0.014

0.414
1.252

0.005

0.307

0.187

0.067

4.05

0.33

—1.85

-0.16

0.001

0.01

n.s

0.1

0.001

0.001
0.1

0.05

n.s
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Table 29 Negative binomial regression results for evening e-bike trips in September 2019

Evening E-Bike Trips—September

Departures

Arrivals

Mean 2.5%

97.5%

SD

t-value

p-value  Mean 2.5% 97.5% SD t-value p-value

Intercept

Median Annual
Income

Poverty Rate
White Rate
Black Rate

Residential Land
Use

Commercial Land
Use

Industrial Land
Use

Recreational
Land Use

Entropy

Population
Density

Employment
Density

Intersection
Density

Student Rate
Male Rate

Cars per people
Transit Stops
Bus Stops
Trolley Stops
Train Stations
Metro Stations

Bikeway
(dummy)

Bikeway Length
Bikeways/Roads

Closest Docking
Stations

Stations within
800 m

S. Autocorrela-
tion
Log Likelihood

2.673 1.685

0.685 0.221

0.105 -2.767

—1.014 -2.463

0.005 —0.017

0.474 —-0.132

-0.912 -2.872

0.020 0.012

0.063 —0.412

0.354 0.063

—0.005 -0.132

—632.39

3.668

1.146

3.028

0.508

0.028

1.130
1.039

0.028

0.571

0.643

0.123

0.505

0.235

1.473

0.756

0.012

0.323
0.995

0.004

0.250

0.148

0.066

0.07

—1.34

0.42

1.47
-0.92

5.00

0.25

—-0.08

0.001 2.297 1332 3.261 0.491 4.68 0.001

n.s 0.358 -2.387 3.152 1.409 0.25 n.s

n.s 0429 -0.996  1.883 0.732 0.59 n.s

0.514 —1.007  2.154 0.803 0.64 n.s

3.530 1.902  5.157 0.827 4.27 0.001

n.s
n.s 0252 -1.706  2.234 1.002 0.25 n.s
-0.002 -0.290  0.288 0.147 -0.01 n.s

0.001 0.021 0.013  0.030 0.004 5.25 0.001

n.s —0.104 —0.615  0.445 0.270 -0.39 n.s

0.015 -0.137  0.174 0.079 0.19 n.s

n.s -0.010 -0.139  0.125 0.066 —-0.15 n.s

—628.205

@ Springer
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Table 30 Negative binomial regression results for weekend e-bike trips in September 2019

Weekend E-Bike Trips—September

Departures

Arrivals

Mean

2.5%

97.5%

SD

t-value

p-value

Mean

2.5%

97.5%

SD

t-value

p-value

Intercept

Median Annual
Income

Poverty Rate
White Rate
Black Rate

Residential Land
Use

Commercial
Land Use

Industrial Land
Use

Recreational
Land Use

Entropy

Population
Density

Employment
Density

Intersection
Density

Student Rate
Male Rate
Cars per people

Transit Stops
Bus Stops
Trolley Stops

Train Stations

Metro Stations

Bikeway
(dummy)

Bikeway Length

Bikeways/Roads

Closest Docking
Stations

Stations within
800 m

S. Autocorrela-
tion
Log Likelihood

3.239

-1.312

1.455

0.004

1.935

—0.291
0.041

0.019

0.037

—-0.059

—0.005

—680.834

2.333

-3.961

0.009

-0.017

0.437

—2.155
—0.236

0.011

—0.457

-0.212

—0.134

4.153

1.363

2.924

0.026

3.437

1.580
0.321

0.028

0.574

0.103

0.136

0.463

1.354

0.741

0.011

0.763

0.950
0.142

0.004

0.262

0.080

0.069

7.00

-0.97

0.36

-0.31
0.29

4.75

0.14

-0.74

—-0.08

0.001

n.s

0.05

n.s

0.01

0.001

n.s

n.s

n.s

3.227

—1.444

1.545

0.007

1.935

-0.310
0.056

0.019

0.029

—-0.039

-0.010

—682.521

2.322

—4.071

0.103

—-0.013

0.439

-2.161
-0.218

0.011

—0.464

—-0.190

—-0.133

4.139

1.213

3.008

0.029

3.437

1.550
0.333

0.027

0.564

0.123

0.122

0.462

1.344

0.738

0.011

0.762

0.944
0.140

0.004

0.261

0.079

0.066

6.98

-1.07

-0.33
0.40

4.75

0.11

—0.49

—0.15

0.001

n.s

0.05

n.s

0.01

n.s

0.001

n.s

n.s

n.s
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Table 31 Negative binomial regression results for all the bicycle trips in December 2019

All Bicycle Trips—December

Departures

Arrivals

Mean

2.5%

97.5%

SD

t-value

p-value

Mean

2.5%

97.5%

SD

t-value

p-value

Intercept

Median Annual
Income

Poverty Rate
‘White Rate
Black Rate

Residential Land
Use

Commercial
Land Use

Industrial Land
Use

Recreational
Land Use

Entropy

Population
Density

Employment
Density

Intersection
Density

Student Rate
Male Rate
Cars per people
Transit Stops
Bus Stops
Trolley Stops
Train Stations
Metro Stations
Bikeway
(dummy)
Bikeway Length
Bikeways/Roads

Closest Docking
Stations

Stations within
800 m

S. Autocorrela-
tion

Log Likelihood

4.958

0.088

—-0.903
3.339

0.747
—0.095

—0.005
—0.092

0.222

—0.007

-916.224

3.457

-0.797

-2.072
1.055

—1.884
—0.500

—0.040
—0.747

—0.004

-0.142

6.456

0.978

0.255
5.803

3.434
0.319

0.031
0.633

0.455

0.124

0.763

0.452

0.592
1.207

1.354
0.208

0.018
0.351

0.117

0.068

6.50

0.19

-1.53
2.77

0.55
—-0.46

-0.28
-0.26

1.90

-0.10

0.001

n.s

n.s

0.01

n.s

n.s

n.s

0.1

n.s

4.520

-2.014

—2.566

2.484

0.640
0.049
0.005

0.073

0.947

—-0.008

-912.473

3.083

—6.173

—4.678

0.145

—2.160
—0.382
—0.005

—0.572

0.016

—0.130

5.947

2.246

-0.379

5.001

3.485
0.485
0.014

0.791

1.898

0.122

0.728

2.143

1.094

1.234

1.437
0.221
0.005

0.346

0.479

0.064

6.21

-0.94

-2.35

0.45
0.22
1.00

0.21

-0.12

0.001

n.s

0.05

0.05

n.s

n.s

n.s

0.05

n.s
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Table 32 Negative binomial regression results for morning bicycle trips in December 2019

Morning Bicycle Trips—December

Departures

Arrivals

Mean

2.5%

97.5%

SD

t-value

p-value  Mean

2.5%

97.5% SD

t-value p-value

Intercept

Median Annual
Income

Poverty Rate
White Rate
Black Rate

Residential Land
Use

Commercial
Land Use

Industrial Land
Use

Recreational
Land Use

Entropy

Population
Density

Employment
Density

Intersection
Density

Student Rate
Male Rate
Cars per people

Transit Stops
Bus Stops
Trolley Stops

Train Stations

Metro Stations

Bikeway
(dummy)

Bikeway Length

Bikeways/Roads
Closest Docking
Stations

Stations within
800 m

S. Autocorrela-
tion
Log Likelihood

3.029

-2.670

2.868

2.300

—1.886

0.844

—0.556

0.009

0.294

0.365

—0.005

—702.798

1.268

—4.166

1.831

—2.360

—4.224

—1.670

—3.801

-0.002

—0.428

0.106

—0.126

4.795

—1.145

3.897

7.146

0.532

3.535

0.020

1.092

0.633

0.135

0.897

0.770

0.525

2.420

1.210

1.323

1.662

0.006

0.386

0.134

0.066

3.38

-3.47

0.95

-1.56

0.64

—0.33

0.76

-0.08

0.001 1.006

0.001
1.903

0.001

n.s 2.172

n.s -2.903

0.042

1.878
n.s —0.468

0.011

n.s 0.498

0.765

n.s -0.007

—674.851

—-0.656

1.096

-2.707

—5.265

0.014

0.850
—-3.600

-0.001

-0.234

0.304

-0.013

2.648  0.840

27709 0410

7.233  2.532

-0.494 1214

0.073  0.015

2953 0.536
2.698  1.602

0.023  0.006

1.305 0391

1.215  0.232

-0.002  0.004

1.20 n.s

4.64 0.001

-2.39 0.05

3.50 0.001
—0.29 n.s

1.83 0.1

1.27 n.s

3.30 0.01

-2.05 0.05
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Table 33 Negative binomial regression results for evening bicycle trips in December 2019

Evening Bicycle Trips—December

Departures Arrivals

Mean 2.5% 97.5% SD t-value  p-value  Mean 2.5% 97.5% SD t-value  p-value

Intercept 2.566 1.116 3993 0.732 3.51 0.001 3.659 1.921 5.401 0.886 4.13 0.001

Median Annual
Income

Poverty Rate —2.753 -4.050 -1.388 0.677 —4.07 0.001
White Rate 1.880 1.171 2.588 0.360 522 0.001
Black Rate

Residential Land
Use

Commercial
Land Use

Industrial Land —1.480 —5.865 3.078 2.278 —0.65 n.s —1.650 —5.666 2.540 2.089 -0.79 n.s
Use

Recreational —3.404 -5.514 -1.263 1.082 -3.15 0.01 -2.072 —4.477 0440 1.252 —1.65 0.1
Land Use

Entropy

Population 2.495 0.225 5.031 1.221 2.04  0.05
Density

Employment 0.024 —-0.004 0.054  0.015 1.60  ns
Density

Intersection 5.410 2.853 7.949  1.296 4.17  0.001
Density

Student Rate

Male Rate —-0.479 -3.313 2.403 1455 -0.33 ns —-1.202 —4.564 2.231  1.730 -0.69 ns
Cars per people

Transit Stops

Bus Stops

Trolley Stops —0.008 —0.044 0.030 0.019 -042 ns -0.017 —-0.055 0.022  0.020 -0.85 ns
Train Stations 0.431 —0.244 1.175  0.360 120 ns

Metro Stations 0.310 0.049 0.582  0.136 228  0.05 0.190 —-0.104 0.503  0.155 123 ns

Bikeway
(dummy)

Bikeway Length 0.448 0.205 0.699 0.126 356  0.001
Bikeways/Roads 1.081 0.078 2.101  0.515 2.10  0.05

Closest Docking
Stations

Stations within
800 m

S. Autocorrela- —0.005 —0.120 0.126  0.062 —-0.08 n.s —0.005 —-0.128 0.130  0.067 —0.08 n.s
tion

Log Likelihood -713.729 —727.766
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Table 34 Negative binomial regression results for weekend bicycle trips in December 2019

Weekend Bicycle Trips—December

Departures

Arrivals

Mean

2.5%

97.5%

SD

t-value

p-value  Mean 2.5% 97.5% SD t-value p-value

Intercept

Median Annual
Income

Poverty Rate
‘White Rate
Black Rate

Residential Land
Use

Commercial Land
Use

Industrial Land
Use

Recreational Land
Use

Entropy
Population Density

Employment
Density

Intersection
Density

Student Rate
Male Rate
Cars per people

Transit Stops
Bus Stops
Trolley Stops
Train Stations
Metro Stations

Bikeway (dummy)

Bikeway Length
Bikeways/Roads

Closest Docking
Stations

Stations within
800 m

S. Autocorrelation

Log Likelihood

2.112
0.795

0.519

—0.853
3.645

1.772

0.013

—0.088

0.105

—0.006

—719.023

0.504
0.182

—0.340

-2.017
1.189

-0.875

0.002

—0.748

-0.113

—0.125

3.728
1.359

1.377

0.297
6.236

4.454

0.025

0.651

0.336

0.118

0.821
0.302

0.437

0.589
1.284

1.356

0.006

0.355

0.114

0.060

2.57
2.63

—1.45
2.84

1.31

2.17

-0.25

0.92

-0.10

0.01
0.01

n.s
0.01

n.s

0.05

n.s

n.s

2.954

—-1.941

—1.027
2.753

4.266

0.909

0.014

0.134

—0.004
—700.581

1.646

—2.854

—2.055
0.843

2.336

—1.418

0.004

—-0.048

-0.135

4.269

—0.983

—0.003
4.828

6.221

3.279

0.024

0.323

0.128

0.668

0.475

0.522
1.012

0.988

1.195

0.005

0.094

0.065

4.42

—4.09

-1.97
2.72

4.32

0.76

2.80

1.43

-0.06

0.001

0.001

0.05
0.01

0.001

0.01

n.s
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Table 35 Negative binomial regression results for all the e-bike trips in December 2019

All E-Bike Trips—December

Departures

Arrivals

Mean

2.5%

97.5%

SD

t-value

p-value

Mean

2.5%

97.5%

SD

t-value

p-value

Intercept

Median
Annual
Income

Poverty Rate
‘White Rate
Black Rate

Residential
Land Use

Commercial
Land Use

Industrial
Land Use

Recreational
Land Use

Entropy

Population
Density

Employment
Density

Intersection
Density

Student Rate
Male Rate

Cars per
people

Transit Stops
Bus Stops
Trolley Stops

Train Sta-
tions

Metro Sta-
tions

Bikeway
(dummy)

Bikeway
Length

2.599
0.332

—1.106

—1.160

0.025

3.439

0.309

0.012

-0.015

—0.005

1.281

—0.090

—4.237

-3.113

0.003

1.439

=2.111

0.003

—0.635

—0.195

3.912
0.755

2.131

0.830

0.048

5.454

2.796

0.022

0.678

0.194

0.669
0.215

1.620

1.002

0.011

1.021

1.249

0.005

0.334

0.099

3.88
1.54

-0.68

-1.16

3.37

0.25

2.40

-0.04

-0.05

0.001

n.s

n.s

0.05

0.001

n.s

0.01

n.s

3.030

-0.859

-0.461
1.935

2.801

0.621

0.014

-0.177

—0.050

1.689

—1.801

—1.505
0.141

0.877

—1.745

0.005

—0.804

-0.237

4.375

0.102

0.580
3.888

4.774

3.037

0.023

0.525

0.145

0.683

0.484

0.530
0.952

0.992

1.217

0.005

0.338

0.097

444

-1.77

-0.87
2.03

2.82

0.51

2.80

-0.52

-0.52

0.001

0.1

n.s

0.05

0.01

n.s

0.01

n.s

Bikeways/
Roads

Closest
Docking
Stations

Stations
within
800 m

S. Autocor-
relation

Log Likeli-
hood

—0.008

—719.734

—0.132

0.124

0.066

-0.13

n.s

—0.008

—713.844

—0.136

0.109

0.064

-0.12

n.s
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Table 36 Negative binomial regression results for morning e-bike trips in December 2019

Morning E-Bike Trips—December

Departures Arrivals

Mean 2.5% 97.5% SD t-value p-value  Mean 2.5% 97.5% SD t-value p-value

Intercept 0.940 -1.103 2985  1.040 0.90 n.s 1.065 —0.664 2.784 0.877 1.21 n.s

Median
Annual
Income

Poverty Rate
‘White Rate 1.426  0.619 2.236 0.411 3.47 0.001
Black Rate

Residential 1.768 0.644 2902  0.575 3.07 0.01
Land Use

Commercial
Land Use

Industrial 1.090 -3.309 5.628 2.274 0.48 n.s
Land Use

Recreational —-2.381 —-5.238 0.485 1.456 —1.64 n.s
Land Use

Entropy 0.719 —0.945 2375  0.845 0.85 n.s

Population —0.081 —2.651 2719 1.365 —-0.06 n.s
Density

Employment 0.063  0.029 0.100 0.018 3.50 0.001
Density

Intersection 0.383 —-2.237 3.031 1.340 0.29 n.s
Density

Student Rate
Male Rate -0.112 -3.697 3.519 1.836 —-0.06 n.s —-1.319 —4.483 1.910 1.627 -0.81 n.s

Cars per 0.094 —-0.459 0.656  0.284 0.33 n.s
people

Transit Stops
Bus Stops 0.011 —0.006 0.027  0.008 1.38 n.s 0.015 0.000 0.030 0.008 1.88 0.1
Trolley Stops

Train Sta- -0.575 -1.609 0.540  0.546 -1.05 n.s 0.748 -0.076 1.677 0.445 1.68 0.1
tions

Metro Sta-
tions

Bikeway
(dummy)

Bikeway -0.079 -0.349 0202 0.140 —-0.56 n.s 0.015 -0.267 0.303 0.145 0.10 n.s
Length

Bikeways/
Roads

Closest

Docking
Stations

Stations
within
800 m

S. Autocor- -0.007 -0.013 -0.002  0.003 -2.13 0.1 -0.007 -0.014 0.015 0.007 -1.14 n.s
relation

Log Likeli- —497.528 —467.819
hood
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Table 37 Negative binomial regression results for evening e-bike trips in December 2019

Evening E-Bike Trips—December

Departures Arrivals

Mean 2.5% 97.5% SD t-value p-value  Mean 2.5% 97.5% SD t-value p-value

Intercept 0496 —1.067 2.033 0.788 0.63 n.s 0.565 -0.992 2.117  0.791 0.71 n.s

Median 0.425 —0.091 0.945  0.263 1.62 n.s
Annual
Income

Poverty Rate
White Rate 1.607  0.930 2.284 0.344 4.67 0.001
Black Rate

Residential
Land Use

Commercial
Land Use

Industrial 0.034 -3.811 4.008 1.989 0.02 n.s
Land Use

Recreational —-1.365 -3.521 0.841 1.110 —1.23 n.s -0.776 -3.041 1496  1.152 -0.67 n.s
Land Use

Entropy

Population
Density

Employment 0.034  0.009 0.062 0.013 2.62 0.01
Density

Intersection 4.005 1.674 6.368  1.194 335 001
Density

Student Rate
Male Rate 0.714 -2.253 3.750 1.527 0.47 n.s 1.067 —1.809 3.997 1477 0.72 n.s

Cars per
people

Transit Stops 0.012 0.001 0.023  0.006 2.00 0.05
Bus Stops 0.023  0.011 0.036 0.006 3.83 0.001

Trolley Stops

Train Stations 0.494  —0.199 1.278 0.375 1.32 n.s -0.119 —-0.895 0.728 0413 -0.29 n.s

Metro Sta-
tions

Bikeway
(dummy)

Bikeway —0.027 —-0.256 0211  0.119 -0.23 n.s
Length

Bikeways/ —0.487 —1.440 0.478 0.488 —1.00 n.s

Roads

Closest

Docking

Stations

Stations 0.037 -0.016 0.090 0.027 1.37 n.s
within

800 m

S. Autocor- —0.007 -0.018 0.064 0.025 -0.27 n.s —0.007 —-0.013 —0.002  0.004 —2.04 0.05
relation

Log Likeli- —533.774 —537.806
hood

@ Springer



1614

GeoJournal (2023) 88:1559-1617

Table 38 Negative binomial regression results for weekend e-bike trips in December 2019

Weekend E-Bike Trips—December

Departures

Mean 2.5%

97.5%

SD

t-value

p-value

Arrivals

Mean

2.5%

97.5%

SD

t-value p-value

Intercept

Median
Annual
Income

Poverty Rate
White Rate
Black Rate

Residential
Land Use

Commercial
Land Use

Industrial
Land Use

Recreational
Land Use

Entropy

Population
Density
Employment
Density
Intersection
Density
Student Rate
Male Rate

Cars per
people
Transit Stops
Bus Stops
Trolley Stops
Train Stations
Metro Sta-
tions
Bikeway
(dummy)

Bikeway
Length

0.997 -0.453
0.214 —-0.260

-1.323 —5.000

0.017 —0.007

3.981 1.798

1.163 -1.672

0.003 —0.031
—-0.406 —1.166
0.308 0.060

—-0.026 -0.233

2432

0.691

2.441

0.043

6.221

4.072

0.038
0.406
0.570

0.186

0.734
0.242

1.893

0.013

1.125

1.462

0.018
0.400
0.130

0.107

1.36
0.88

-0.70

0.17
-1.02
2.37

-0.24

n.s

n.s

n.s

0.001

n.s

n.s
n.s

0.01

0.621

0.897

-0.872

—-0.625

0.002

3.009

0.860

0.020

—-0.066

—0.774

0.325

—4.179

-2.515

—0.022

1.041

-1.769

0.010

—-0.255

2.003

1.467

2.498

1.303

0.026

4.996

3.532

0.031

0.127

0.706

0.291

1.699

0.971

0.012

1.006

1.349

0.005

0.097

—0.51 n.s

—0.64 n.s

4.00 0.001

—0.68 n.s

Bikeways/
Roads

Closest
Docking
Stations

Stations
within
800 m

S. Autocor-
relation

Log Likeli-
hood

-0.007 -0.012

—542.269

—0.002

0.004

-2.03

0.1

—-0.003

—533.546

—-0.132

0.134

0.066

—0.04 n.s
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