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Modeling Framework
The models used in this study are described below. To estimate the models we used the R package brms (Bürkner, 2017) which is an interface for the Stan computing language (Stan Development Team, 2018). We used the default estimation algorithm (dynamic Hamiltonian Markov Chain Monte Carlo (MCMC)) and ran 4000 iterations (2000 of which were warmup) on three Markov chains with tuning parameters adapt_delta = 0.85, and max_tree_depth = 10, and ensured that each model parameter MCMC chain converged (r̂ < 1.01). The final models produced no other diagnostic warnings from Stan. Our general model structure for bicycling and SOV commuting is as follows:
	
	

	
	

	
	

	
	

	
	

	
	

	
	

	
	

	
	

	
	


where  is the number of bike (or SOV) commute days for row i[footnoteRef:1],  indicates the number of commute days for row i[footnoteRef:2],  is the linear model for the probability of bike (or SOV) commuting each day, and  is the linear model for the probability of not bicycling (of SOV commuting) at all (zero inflation).  and  are the intercepts for their respective linear models,  and  are vectors of intercepts that vary by year-month and person, respectively,  and  are vectors of slope parameters for the variables  (a vector of zeros and ones indicating “during” program participation) and  (a vector of zeros and ones indicating “after” program participation) that vary by person,  are the slopes for their products of  (predictor variables including both main effects and interactions, m),  is the covariance matrix factored as diagonal matrices of person level standard deviations () and correlation matrix () for the aggregate binomial (p) process. Each correlation matrix has one parameter representing the correlation between the two person-varying parameters. This equation is slightly generalized from the actual model because the R package brms automatically parameterizes models (for efficiency reasons) by centering all variables and converting the correlation matrices to Cholesky factors prior to estimation. [1:  Each row of the data is one person’s monthly aggregated commuting behavior.]  [2:  The number of commute days is person specific for each month based on their enrollment in the program and reported work from home and vacation.] 

We selected priors based on visual inspection of prior predictive simulations (McElreath, 2020). These are model simulations with only priors (no data) and plotted on the outcome scale to determine the plausibility of prior predictions. We determined plausibility based on our knowledge of the general variation in bike commute rates. We settled on priors that allowed occasional extreme predictions (e.g., nearly 100% of the predictions on the zero side of the scale), but more often predicted equal responses across the scale range of 0 to 25 commute days in a month. These included normal (Gaussian) priors for intercepts and slopes, half Student’s t-distributed priors for scale parameters, and the LKJ prior for the correlation parameter which is the commonly recommended (McElreath, 2020).
Computer Code
The following code was used to merge and synthesize the six spreadsheets of survey data over the duration of the project timeline (2015-2019). The code is written in the R programming language.
# +---------------------------------------------------------+
# | LIBRARIES                                               |
# +---------------------------------------------------------+
library(readxl)
library(dplyr)
library(lubridate)

# +---------------------------------------------------------+
# | FUNCTIONS                                               |
# +---------------------------------------------------------+
read_excel_allsheets <- function(filename, tibble = FALSE) {
  sheets <- readxl::excel_sheets(filename)
  x <- lapply(sheets, function(X) readxl::read_excel(filename, sheet = X))
  if(!tibble) x <- lapply(x, as.data.frame)
  names(x) <- sheets
  x
}

check.nonnumeric <- function(a) {
  x <- which( is.na(as.numeric(a)) & !is.na(as.character(a)) )
  return(x)
}

numeric.minute <- function(commute_time) {
  # For Excel Default time converted to minutes
  x <- as.numeric(round( (year(commute_time)-1899)*60*24 + 
                           hour(commute_time)*60 + 
                           minute(commute_time) + 
                           second(commute_time)/60 ))
  return(x)
}

delete.days <- function(x) {
  # To delete the characters "day" and "days" then convert to numeric format
  x <- gsub("days", "", x)
  x <- gsub("day", "", x)
  x <- as.numeric(x)
}

# +---------------------------------------------------------+
# | CODE                                                    |
# +---------------------------------------------------------+

# Read the primary survey data
data.consol <- read_excel_allsheets(
  "data/data_raw/Final Commuter Program Data Consolidation (scrubbed) with missing bike checkout.xlsx")
survey.colnames <- read_excel("data/data_raw/Survey_data_colnames.xlsx")

# Separate 6 sheets and rename
bike.app <- do.call(rbind.data.frame, data.consol[1])
ebike.app <- do.call(rbind.data.frame, data.consol[2])
bike.checkout <- do.call(rbind.data.frame, data.consol[3])
ebike.checkout <- do.call(rbind.data.frame, data.consol[4])
app.2016 <- do.call(rbind.data.frame, data.consol[5])
app.pre2016 <- do.call(rbind.data.frame, data.consol[6])
graduation <- do.call(rbind.data.frame, data.consol[7])
missing.checkout.date <- do.call(rbind.data.frame, data.consol[8])

# Read missing checkout Data
missing.checkout.data <- read_excel_allsheets("data/data_raw/Missing checkout Data (scrubbed).xlsx")
bike.checkout2 <- do.call(rbind.data.frame, missing.checkout.data[1])
ebike.checkout2 <- do.call(rbind.data.frame, missing.checkout.data[2])

# Read exit survey data
exit1 <- read_excel("data/data_raw/Final Google E-bike Exit Survey (Scrubbed Responses).xlsx")
exit2 <- read_excel("data/data_raw/Final Exit Survey 2.0 (Scrubbed Responses).xlsx")

# Change colnames and add an indicator column for the sheet name for each sheet
colnames(bike.app) <- t(survey.colnames[1:ncol(bike.app),"bike_app_colname"])
bike.app <- cbind(sheetname = "bike_app", bike.app)
colnames(ebike.app) <- t(survey.colnames[1:ncol(ebike.app),"ebike_app_colname"])
ebike.app <- cbind(sheetname = "ebike_app", ebike.app)
colnames(app.2016) <- t(survey.colnames[1:ncol(app.2016),"app_2016_colname"])
app.2016 <- cbind(sheetname = "app_2016", app.2016)
colnames(app.pre2016) <- t(survey.colnames[1:ncol(app.pre2016),"app_pre2016_colname"])
app.pre2016 <- cbind(sheetname = "app_pre2016", app.pre2016)
colnames(bike.checkout) <- t(survey.colnames[1:ncol(bike.checkout),"bike_checkout_colname"])
bike.checkout <- cbind(sheetname = "bike_checkout", bike.checkout)
colnames(ebike.checkout) <- t(survey.colnames[1:ncol(ebike.checkout),"ebike_checkout_colname"])
ebike.checkout <- cbind(sheetname = "ebike_checkout", ebike.checkout)
colnames(graduation) <- t(survey.colnames[1:ncol(graduation),"graduation_colname"])
graduation <- cbind(sheetname = "graduation", graduation)
colnames(missing.checkout.date) <- t(survey.colnames[1:ncol(missing.checkout.date),"missing_checkout_date_colname"])
missing.checkout.date <- cbind(sheetname = "missing_checkout_date", missing.checkout.date)

colnames(bike.checkout2) <- t(survey.colnames[1:ncol(bike.checkout2),"missing_checkout_colname"])
bike.checkout2 <- cbind(sheetname = "bike_checkout2", bike.checkout2)
colnames(ebike.checkout2) <- t(survey.colnames[1:ncol(ebike.checkout2),"missing_checkout_colname"])
ebike.checkout2 <- cbind(sheetname = "ebike_checkout2", ebike.checkout2)

colnames(exit1) <- t(survey.colnames[1:ncol(exit1),"exit1_colname"])
exit1 <- cbind(sheetname = "exit1", exit1)
colnames(exit2) <- t(survey.colnames[1:ncol(exit2),"exit2_colname"])
exit2 <- cbind(sheetname = "exit2", exit2)

data.consol <- read_excel_allsheets(
  "data/data_raw/Final Commuter Program Data Consolidation (scrubbed)_v4.xlsx")

# Investigation data from V4
inves.data <- do.call(rbind.data.frame, data.consol[11])
inves.data$Grad <- as.Date(as.POSIXct(as.numeric(inves.data$Grad) * (60*60*24), origin="1899-12-30", tz="UTC"))
colnames(inves.data) <- c("person_id","app_date","checkout_date","grad_date")
saveRDS(inves.data,file="data/investigation_data_V4.Rds")

# New saleforce app data
saleforce.data <- read_excel("data/data_raw/Salesforce applications_SCRUBBED.xlsx")
colnames(saleforce.data) <- t(survey.colnames[1:ncol(saleforce.data),"saleforce_colname"])
saleforce.data <- cbind(sheetname = "saleforce_app", saleforce.data)

# Read Missing_App_Data_04-12-21_Scrubbed
missing.app.data <- read_excel("data/data_raw/Missing_App_Data_04-12-21_Scrubbed.xlsx")
colnames(missing.app.data) <- t(survey.colnames[1:ncol(missing.app.data),"missing_app_colname"])
missing.app.data <- cbind(sheetname = "missing_app_data", missing.app.data)


# Fix errors in ebike.app 
# There is one error at 69th row timestamp
check.nonnumeric(ebike.app$timestamp)
  # ebike.app$timestamp[check.nonnumeric(ebike.app$timestamp)]
# Fix the timestamp from Excel default to POSIXct
ebike.app$additional_comment[69] <- ebike.app$timestamp[69]
ebike.app$timestamp[69] <- NA
ebike.app$timestamp <- as.POSIXct(as.numeric(ebike.app$timestamp) * (60*60*24), origin="1899-12-30", tz="UTC")

# Check errors in frequency columns
check.nonnumeric(ebike.app$frequency_drive)
ebike.app[414, c("frequency_drive","frequency_carpool","frequency_gbus","frequency_transit","frequency_bike","frequency_walk")] <-
  c(0,2,1,5,0,0)
ebike.app[626, c("frequency_drive","frequency_carpool","frequency_gbus","frequency_transit","frequency_bike","frequency_walk")] <-
  c(0,0,5,0,0,0)
# Convert the frequency to numeric
ebike.app[c("frequency_drive","frequency_carpool","frequency_gbus","frequency_transit","frequency_bike","frequency_walk")] <-
  lapply(ebike.app[c("frequency_drive","frequency_carpool","frequency_gbus","frequency_transit","frequency_bike","frequency_walk")], as.numeric)

# Fix errors in app.pre2016
# Check errors in commute_distance column
a <- check.nonnumeric(app.pre2016$commute_distance)
a
app.pre2016$commute_distance[a]
app.pre2016$commute_distance <- gsub("[a-zA-Z ]", "", app.pre2016$commute_distance)
app.pre2016$commute_distance[83] <- 5 # manually fix
app.pre2016$commute_distance[710] <- 40 # manually fix
app.pre2016$commute_distance <- as.numeric(app.pre2016$commute_distance)
app.pre2016$commute_distance[a]

# Check errors in timestamp
a <- check.nonnumeric(app.2016$timestamp)
app.2016$timestamp[a] # Some rows have POSIXct format timestamp while most are in Excel default format
app.2016$timestamp[-a] <- as.POSIXct(as.numeric(app.2016$timestamp[-a]) * (60*60*24), origin="1899-12-30", tz="UTC")
app.2016$timestamp[a] <- as.POSIXct(app.2016$timestamp[a])
app.2016$timestamp <- as.POSIXct(as.numeric(app.2016$timestamp), origin='1970-01-01', tz="UTC") 

# Convert commute_time to numeric minutes
app.pre2016$commute_time <- numeric.minute(app.pre2016$commute_time)
app.2016$commute_time <- numeric.minute(app.2016$commute_time)
# There are some huge values
which(app.pre2016$commute_time>180)
app.pre2016$commute_time[which(app.pre2016$commute_time>180)]
which(app.2016$commute_time>180)
app.2016$commute_time[which(app.2016$commute_time>180)]

app.data.graph <- bind_rows(app.pre2016,app.2016)
saveRDS(app.data.graph,file="data/app_data_commute_time_graph.Rds")


app.data.graph <- readRDS("data/app_data_commute_time_graph.Rds")
# Run linear regression with distance and time
par(mfrow=c(2,2))
par(mar=c(4.1,4.1,1,1))
fit1 <- lm(app.data.graph$commute_time ~0+ app.data.graph$commute_distance)
plot(app.data.graph$commute_distance, app.data.graph$commute_time, 
     main="1) Original Data Plot of Commute Distance vs Time",xlab="Commute Distance (mile)",ylab="Commute Time (min)")
abline(fit1) # Data with commute time > 200 minutes clearly has errors and is likely inputted the minutes as hours. 
summary(fit1)

a <- which(app.data.graph$commute_time<200 & is.na(app.data.graph$commute_time)==FALSE)
fit2 <- lm(app.data.graph$commute_time[a] ~0+ app.data.graph$commute_distance[a])
plot(app.data.graph$commute_distance[a], app.data.graph$commute_time[a],
     main="2) Original Plot with Commute Time <200 minutes",xlab="Commute Distance (mile)",ylab="Commute Time (min)")
abline(fit2)
summary(fit2)

# A threshold of 200 minutes is used to filter the errors. Any values > 200 will be divided by 60.
a <- which(app.data.graph$commute_time>200)
app.data.graph$commute_time[a] <- app.data.graph$commute_time[a]/60
plot(app.data.graph$commute_distance[a], app.data.graph$commute_time[a], 
     main="3) Corrected Commute Time Plot with Previous Linear Fit",xlab="Commute Distance (mile)",ylab="Commute Time (min)")
abline(fit2) # The corrected data fit the original linear regression

fit3 <- lm(app.data.graph$commute_time ~0+ app.data.graph$commute_distance)
plot(app.data.graph$commute_distance, app.data.graph$commute_time, 
     main="4) New Data Plot of Commute Distance vs Time",xlab="Commute Distance (mile)",ylab="Commute Time (min)")
abline(fit3) 
summary(fit3)



# Change height to char (and fix them later if we need to)
bike.app$height <- as.character(bike.app$height)
ebike.app$height <- as.character(ebike.app$height)
saleforce.data$height <- as.character(saleforce.data$height)

# Combine all the bike application survey data
app.data.all <- bind_rows(bike.app,ebike.app,app.pre2016,app.2016,saleforce.data,missing.app.data)

# Change each variable to correct format
cols <- c("sheetname","person_id","primary_mode","bike_access","bike_skill_level","ride_with_buddy","commitment",
          "approved","emailed","already_in_program","applied_other_program","use_bike_and_gbus","use_bike_and_transit",
          "parking_and_charger_at_home","motorcycle_license","parking_at_home","charger_at_home","ever_ride_ebike",
          "ever_use_commuter_benefits_program","car_access","familiarity_ebike","consider_buy_ebike","status",
          "type_bike_interested")
app.data.all[cols] <- lapply(app.data.all[cols],factor)

# frequencies from and to variables have character "day"/"days" in the end. Convert to numeric
cols <- c("frequency_carpool_to","frequency_gbus_to","frequency_transit_to","frequency_bike_to","frequency_walk_to",
          "frequency_drive_from","frequency_carpool_from","frequency_gbus_from","frequency_transit_from",
          "frequency_drive_to","frequency_bike_from","frequency_walk_from","frequency_remote_to","frequency_remote_from")
app.data.all[cols] <- lapply(app.data.all[cols], delete.days)

# Note that the emailed_date variable contains date format as well as some weird strings
unique(app.data.all$emailed_date) # Didn't clean because timestamp column should be sufficient 

# saveRDS(app.data.all,file="data/app_data_all.Rds")


# +---------------------------------------------------------+
# Build and clean checkout.data

# Check errors in timestamp
a <- check.nonnumeric(bike.checkout$timestamp)
a 
bike.checkout$timestamp[a] # Check the errors
bike.checkout$timestamp[805] <- NA
bike.checkout <- bike.checkout[-1,] # Delete the first row because it is the duplicated column labels
bike.checkout$timestamp <- as.POSIXct(as.numeric(bike.checkout$timestamp) * (60*60*24), origin="1899-12-30", tz="UTC")
bike.checkout$asset_bike <- as.numeric(bike.checkout$asset_bike)

# Do the same with bike checkout 2 and ebike checkout 2
bike.checkout2 <- bike.checkout2[-1,]
bike.checkout2$timestamp <- as.POSIXct(as.numeric(bike.checkout2$timestamp) * (60*60*24), origin="1899-12-30", tz="UTC")
bike.checkout2$return_date <- as.Date(as.POSIXct(as.numeric(bike.checkout2$return_date) * (60*60*24), origin="1899-12-30", tz="UTC"))
bike.checkout2$asset_bike <- as.numeric(bike.checkout2$asset_bike)

a <- check.nonnumeric(ebike.checkout2$return_date) 
a # 959
ebike.checkout2$return_date[a] # Check the errors
ebike.checkout2$return_date[959] <- NA
ebike.checkout2 <- ebike.checkout2[-1,]
ebike.checkout2$timestamp <- as.POSIXct(as.numeric(ebike.checkout2$timestamp) * (60*60*24), origin="1899-12-30", tz="UTC")
ebike.checkout2$return_date <- as.Date(as.POSIXct(as.numeric(ebike.checkout2$return_date) * (60*60*24), origin="1899-12-30", tz="UTC"))
ebike.checkout2$asset_bike <- as.numeric(ebike.checkout2$asset_bike)

inves.checkout <- inves.data[!is.na(inves.data$checkout_date),]
inves.checkout <- subset(inves.checkout, select = c(person_id, checkout_date))
colnames(inves.checkout) <- c("person_id","timestamp")
inves.checkout <- cbind(sheetname = "inves_checkout", inves.checkout)


checkout.data <- bind_rows(bike.checkout, bike.checkout2, ebike.checkout, ebike.checkout2, missing.checkout.date,inves.checkout)

# Change each variable to correct format
cols <- c("person_id","size","motorcycle_license","launch_location","waiver")
checkout.data[cols] <- lapply(checkout.data[cols], factor)

sum(duplicated(checkout.data$person_id))
# 119 duplicated person id

dup.check <- duplicated(checkout.data$person_id)&duplicated(checkout.data$timestamp)&duplicated(checkout.data$asset_bike)
sum(dup.check)
dup.id <- checkout.data$person_id[which(dup.check)]


test0 <- checkout.data[checkout.data$person_id %in% dup.id ,]
# There are 8 duplicates that checked out the same time (some with different return dates), 
# but none are from the new missing checkout. 

n_occur <- data.frame(table(checkout.data$person_id))
test1 <- checkout.data[checkout.data$person_id %in% n_occur$Var1[n_occur$Freq > 1],]
# After checking, there are people checking out different bikes from the new missing checkout.
# But because the bike is different, we didn't consider them to be removable duplicates

checkout.data <- distinct(checkout.data)


# saveRDS(checkout.data,file="data/checkout_data.Rds")

# +---------------------------------------------------------+
# Build and clean graduation data
cols <- c("person_id","subsidy_type","bike_type")
graduation[cols] <- lapply(graduation[cols], factor)

# saveRDS(graduation,file="data/graduation_data.Rds")

# +---------------------------------------------------------+
# Build and clean exit survey data

exit1 <- exit1[!colSums(is.na(exit1)) == nrow(exit1)]
# Remove all the column with no data (the possibly dummy code columns)
exit2 <- exit2[, !is.na(names(exit2))]
# Remove the duplicate questions and responses after column N

exit.survey <- bind_rows(exit1, exit2)

# saveRDS(exit.survey,file="data/exit_survey.Rds")

# +---------------------------------------------------------+
# Delete test IDs

# (5) a few unique IDs were tests and all records should be deleted with them 
# (4xG37,  R87VQ, 7wBWx, 2jxn7, lz2Ux, Cuf2g)
test.id <- c("4xG37","R87VQ","7wBWx","2jxn7","lz2Ux","Cuf2g")

app.data.all <- app.data.all[!(app.data.all$person_id %in% test.id),]
checkout.data <- checkout.data[!(checkout.data$person_id %in% test.id),]
graduation <- graduation[!(graduation$person_id %in% test.id),] # no test id in graduation
exit.survey <- exit.survey[!(exit.survey$person_id %in% test.id),]

# +---------------------------------------------------------+
# Add new var commute_rewards for the Reward Participants
data.consol <- read_excel_allsheets(
  "data/data_raw/Final Commuter Program Data Consolidation (scrubbed)_v3.xlsx")
commute.rewards.id <- data.consol$`Reward Participants`

# Move the first ID from column name to data
commute.rewards.id <- rbind(colnames(commute.rewards.id),commute.rewards.id)
colnames(commute.rewards.id) <- "commute_rewards_id"
saveRDS(commute.rewards.id,file="data/reward_participants.Rds")
commute.rewards.id <- readRDS("data/reward_participants.Rds")

commute.rewards.id<- commute.rewards.id[,1]

app.data.all <- app.data.all %>% 
  mutate(commute_rewards = ifelse(person_id %in% commute.rewards.id,TRUE,FALSE))
checkout.data <- checkout.data %>% 
  mutate(commute_rewards = ifelse((person_id %in% commute.rewards.id),TRUE,FALSE))
graduation <- graduation %>% 
  mutate(commute_rewards = ifelse((person_id %in% commute.rewards.id),TRUE,FALSE))
exit.survey <- exit.survey %>% 
  mutate(commute_rewards = ifelse((person_id %in% commute.rewards.id),TRUE,FALSE))

# Remove the 3 person that have no bike check-in timestamp
sum(is.na(checkout.data$timestamp))
checkout.data <- checkout.data[!is.na(checkout.data$timestamp),]

# Save the graduation data without alternations
saveRDS(graduation,file="data/graduation_data_raw.Rds")

# For graduation data with NA in date_eligible, use date_purchased for date_eligible. 
# Otherwise remove the person (removed 1 person)
graduation2 <- graduation[is.na(graduation$date_eligible),]
graduation$date_eligible[is.na(graduation$date_eligible)] <- graduation$date_purchased[is.na(graduation$date_eligible)]
graduation <- graduation[!is.na(graduation$date_eligible),]

saveRDS(app.data.all,file="data/app_data_all.Rds")
saveRDS(checkout.data,file="data/checkout_data.Rds")
saveRDS(graduation,file="data/graduation_data.Rds")
saveRDS(exit.survey,file="data/exit_survey.Rds")


The following code was used to model the aggregated data (see model structure in math notation above) and subsequently used for plotting. The code is written in the R programming language.
# +---------------------------------------------------------+
# | LIBRARIES                                               |
# +---------------------------------------------------------+
library(brms)

# +---------------------------------------------------------+
# | CODE                                                    |
# +---------------------------------------------------------+

# read data ----------
d.agg <-  readRDS("./data/bike_lending_model_month_aggregated.RDS")

priors <- c(set_prior("normal(0,2)",class="Intercept"),
            set_prior("normal(0,1.5)",class="b"),
            set_prior("normal(0,2)",class="sd"),
            set_prior("lkj(2)",class="cor"))
fit <- brm(bf(bike_days | trials(commute_days) ~ 1 + (1 + phase |person_idx) + 
                (1 | year_month) +
                phase + 
                log_commute_distance +
                phaseduring:pre_mar2016TRUE +
                phaseafter:pre_mar2016TRUE + 
                phaseduring:ebike + 
                phaseafter:ebike +
                phaseduring:GPS +
                phaseduring:bike_skill +
                phaseduring:multimodal),
           prior = priors,
           data = d.agg, 
           family = zero_inflated_binomial,
           warmup=2000,iter=4000,
           control=list(adapt_delta=.85, max_treedepth=10),
           chains = 3, cores=3)

saveRDS(fit,"./data/models/fit_zi_binom_final_month.rds")

# read data ----------
d.agg <-  readRDS("./data/bike_lending_car_model_month_aggregated.RDS")


priors <- c(set_prior("normal(0,2)",class="Intercept"),
            set_prior("normal(0,1.5)",class="b"),
            set_prior("normal(0,2)",class="sd"),
            set_prior("lkj(1)",class="cor"))
fit <- brm(bf(car_days | trials(commute_days) ~ 1 + (1 + phase |person_idx) + 
                (1 | year_month) +
                phase + 
                log_commute_distance +
                phaseduring:pre_mar2016TRUE +
                phaseafter:pre_mar2016TRUE + 
                phaseduring:ebike + 
                phaseafter:ebike +
                phaseduring:GPS +
                phaseduring:GPS:GPS_perc +
                phaseduring:bike_skill +
                phaseduring:multimodal +
                phaseduring:multimodal:multimodal_perc),
           prior = priors,
           data = d.agg, 
           family = zero_inflated_binomial,
           warmup=2000,iter=4000,
           control=list(adapt_delta=.85, max_treedepth=10),
           chains = 3, cores=3)

saveRDS(fit,"./data/models/fit_car_zi_binom_final_month.rds")
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