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ARTICLE INFO ABSTRACT

Editor: DR B Gyampoh This study proposes a more robust methodological approach to modeling the effect of weather
and calendar variables on the number of bike rentals. We employ penalized splines quasi-Poisson

Keywords: regression (a semi-parametric model), which involves some form of regularization, like those used

Bike rentals in lasso, ridge, and other types of parametric regularization models. We demonstrate that this

?:eml'll)aramemc modeling approach reveals hidden relationships that a pure parametric model fails to identify.
asua

Registered The findings show that visibility, windspeed, season, working day, and year all significantly

Washington D.C impact bike rentals. Increased rentals are associated with increased visibility and lower wind
speed. Rentals are negatively affected by the spring and winter seasons, while working days and
the year show positive trends except in a few cases. The analysis of rentals by registered and
casual users reveals similar patterns, though the magnitudes of the effects differ. These findings
highlight the importance of considering weather and calendar variables when managing and
promoting bike-sharing services. The study has implications for bike-sharing system operators
and policymakers, suggesting strategies such as improving visibility and wind protection,
seasonally tailoring promotional campaigns, targeting non-working days for casual users, and
adapting to changing user demands. The study adds to our understanding of the factors that
influence bike rentals and provides suggestions for improving the utilization and accessibility of
bike-sharing systems.

Introduction

Bike rental systems have gained significant popularity in urban areas as a sustainable and convenient mode of transportation [1,2].
Understanding the daily dynamics of bike rentals is crucial for optimizing resource allocation and meeting demand effectively.
Weather conditions and calendar events play a pivotal role among the factors influencing these dynamics. Weather conditions,
including temperature, precipitation, wind speed, and humidity, directly impact bike rental decisions [3-6]. Favourable weather, such
as mild temperatures and clear skies, tends to encourage bike rentals, while adverse weather conditions can deter potential riders [7].
Calendar events, such as public holidays, weekends, and festivals, also significantly influence bike rental patterns [8].

Abbreviations: GAM, generalized additive model; GAMs, generalized additive models; GLM, generalized linear model; P-IRS, penalized iterative
re-weighted least squares; EDF, effective degrees of freedom; GCV, generalized cross-validation.
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While previous studies have investigated the impact of weather and calendar events on bike rental demand [2-4,9-11], research
gaps still need to be addressed. Most importantly, many studies have employed a parametric model, neglecting the advantages of
combining parametric and non-parametric approaches. Also, most studies have focused on specific cities or regions, limiting the
generalizability of their findings. Additionally, there is a need for more comprehensive analyses that consider a wider range of weather
variables and calendar events to capture their subtle effects on bike rental patterns for registered and casual membership types.

This study aims to bridge these research gaps by employing a generalized additive model (GAM) approach that combines the
flexibility of non-parametric models with the interpretability of parametric models. Generalized additive models (GAMs) represent a
semi-parametric version of generalized linear models within the parametric model framework. The field of GAMs has witnessed
significant advancements. [12] discuss in their paper how GAM models are fitted using scatter plot smoothers. [13] also discuss the use
of GAMs in ecological modeling, providing insights into how related statistics are employed to select predictors and perform model
diagnostics and evaluation. The application of GAMs in environmental and meteorological data is studied by [14], demonstrating that
this approach works well for non-normal data.

In the context of predicting electricity grid load, where the suitability of generalized additive models is evident, the practical
application is hindered by the substantial size of the dataset, rendering their utilization challenging with existing methods. [15] in-
troduces practical fitting methods for generalized additive models designed for large datasets, specifically addressing cases where
smooth terms in the model are represented through penalized regression splines.

The findings will assist us in identifying the conditions necessary for establishing a successful bicycle rental system in other places
and provide a more appropriate approach to modeling bike rental data.

The paper’s outline is as follows: literature review and materials and methods are presented in Sections 2 and 3, respectively. The
results and discussion are presented in Sections 4 and 5, respectively, while Section 6 presents the conclusion and implications of the
results for further research.

Literature review

In recent years, there has been a lot of interest in analyzing daily dynamics in bike rental systems utilizing parametric models.
Weather conditions are one of the most important variables influencing bike rental demand. Feng did a time series study in Chicago
and discovered that meteorological conditions, such as temperature, precipitation, and wind speed, substantially impacted daily bike-
sharing demand. Similarly, [10] conducted a systematic review, underlining the relevance of sunny skies and pleasant temperatures in
encouraging bike rentals. [16] expanded on this research by investigating the function of smart bike-sharing systems in urban
transportation, highlighting the potential of technological developments to improve bike rental services.

Calendar events and weather factors have been identified as significant predictors of bike rental trends. [11] conducted a case study
and found that calendar events like public holidays and festivals substantially impacted bike-sharing system demand. These findings
agreed with those of Weng et al., who evaluated the impact of calendar events on bike-sharing demand in Beijing. [17] investigated the
potential of bicycle transportation to boost urban tourism in Warsaw.

Furthermore, some research has looked into many aspects of bike-sharing systems. [10] examined the elements influencing
bike-sharing demand, revealing consumer preferences and system design considerations. [18] concentrated on the efficient inventory
management of bike-sharing stations to improve such systems’ operational efficiency. Macioszek et al. conducted a case study on a
bike-sharing system in Poland, emphasizing the importance of such systems in promoting sustainable mobility. Modeling method-
ologies were used by [19,20] to study bike-sharing system demand and the factors that influence it. [21] investigated renting behavior
using linear regression.

While earlier research, like the ones described in this paper, has shed light on the impact of weather and calendar events on bike
rental patterns, research gaps remain. The potential advantages of merging parametric and non-parametric models have also gone
untapped.

The current work intends to solve these research gaps by employing a generalized additive models (GAMs) technique to analyze the
daily dynamics of bike rental systems. Generalized additive models (GAMs) have become an elegant and practical option in model
building, and so much research has been conducted to investigate its usage in many fields, extensions of the area, and related areas. A
generalized additive model (GAM) fits a response variable Y by sum of smooth functions of the explanatory variables, X; fori=1, ..., q
[12]. In practice Estimation of the smooth GAM component usually makes use of penalized iterative re-weighted least squares (P-IRLS)
algorithms ([22], p. 145-217). The history of GAMs dates back to [23]; Hastie et al. who introduced the concept to overcome the curse
of dimensionality, which is a problem in non-parametric regression. It is that the precision of the estimates obtained from a
non-parametric regression is inversely related to the number of explicate variables included in the model [24,25] proposed a method
for direct generalized additive modeling with penalized likelihood. In their study, they emphasized the importance of incorporating
penalized likelihood in the modeling process ([25], p. 193-209). [22] provides a comprehensive introduction to generalized additive
models using the R programming language. Several authors have some rich literature on GAMs, curious readers can visit [23,26]. This
approach allows us to capture all non-linear relationship between number of bike rentals and the calendar and weather variables. It
also allows us to incorporate a bivariate function which help us model the effect of location on the number of bike rentals. The findings
will have consequences for bike rental system operators, urban planners, and policymakers in implementing effective resource
planning, demand forecasting, and sustainable mobility initiatives.
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Materials and methods

This section first describes Washington, DC, the area under study in this paper and then describes the dataset used. The main goal of
this study was to understand the relationship between calendar and weather conditions on the number of bicycle rentals at the station
level and compare the effect of these predictors on the number of rentals by membership type (registered and casual). This section also
presents the proposed method as a robust technique to model "count" data instead of the traditional parametric count data models. In
addition, we show the model (semi-parametric Quasi-Poisson regression) we are building to achieve the goal of this study.

The geographical area covered by the study

Washington, D.C., was founded in 1790 and is the capital of the United States of America. This city houses the president of the
United States and other prominent members of the Country. According to the U.S. Census Bureau, it has a land area of 61.13 m?iles and
a population size of 689,545 as of 2020. Many nations and cities are trying to fight climate change, as is Washington, DC. Many of these
climate change problems are caused by excessive carbon released into the atmosphere, primarily because of burning fuel. The state’s
most available transport systems, including trains, buses, domestic aeroplanes, and individual vehicles, are known to contribute to
climate change.

To reduce traffic congestion which may lead to more carbon growth, most cities in the world have increased the use of bicycles for
short distances. Washington, DC, also shares the same faith as other cities. Fig. 1 shows the numerous bicycle rental stations in
Washington, DC. Capital Bikeshare system stations are shown in Fig. 1 with the blue location symbol, and this system has the potential
to help save energy, promote good climate conditions, and promote good health in the city’s people.

Dataset

Capital Bikeshare data

Capital Bikeshare is Metro DC’s bike-share system, with over 5000 bikes available at 650 regional stations. The system, which
opened in September 2010, offers residents and visitors a convenient, enjoyable, and cost-effective mode of transportation. You can
rent a bike from one of the hundreds of stations located throughout the metro D.C. area. Capital Bikeshare is a District-owned
transportation system with thousands of bicycles and over 300 stations in Washington, DC, and hundreds more in Arlington, Alex-
andria, Fairfax, Falls Church, Prince George’s County, and Montgomery County. According to the Executive Office of the Mayor, all D.
C. residents will be eligible for free Capital Bikeshare memberships beginning in October 2021. Users can either register (registered
customers) to rent the bike or use a bike when they want to without registering as members (casual customers). The services are
available 365 days, all time, and offer "registered" membership (Annual Member, 30-Day Member, or Day Key Member) and a "casual"
use (Single Trip, 24-Hour Pass, 3-Day Pass, or 5-Day Pass) [9].

Fig. 3 shows how the membership type number of rentals compares from a distributional point of view. The distribution of the
registered looks more like the combined distribution, which may suggest more rental by registered users than casual users. There is a
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Fig. 1. Map of Bike rental Stations in Washington DC.
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mobile App where people can access bike availability at various stations. Capital bike-share system started operating in 2010, and they
have all the data on the rentals from 2010 to date. [9] used the 2011 and 2012 rental datasets in his study to understand the Mete-
orological barriers to bike rental demands. However, our research uses a more recent capital bike-share dataset, allowing us to capture
the most recent changes in the bike rental system. In addition, [9] used only two years, but our study used four years from 2020 to
2023. Fig. 2 shows the dynamics in the total bike rentals in the region for variation seasons and years. The number of rentals is higher in
fall and summer for 2022 and lower in winter for all years. The highest for this period was recorded in summer 2022, with about 19,
000 daily rentals.

Calendar data

We accessed the database of all public holidays from April 2020 to May 2023 and created a new calendar variable called working
day, an indicator. It assumes O if the day is a weekend or public holiday and 1 otherwise. This variable allows us to understand bike
transportation’s role in developing a city. Fig. 4 shows this new variable’s dynamics in the number of rentals by membership type. It is
clear from Fig. 4 that registered members have the highest average rentals on a working day, which may suggest that this membership
type is more for people who go to work on a bike or go through the work hours using a bike as opposed to the casual members who used
bike more often on holidays and weekend probably for workout purposes or take fresh air. This study hopes to see this effect captured
in a model that can be used to predict daily rental numbers. We hope to see if people ride bikes more often during work or when they
are off work. This dataset was obtained from the Mayor of Washington, DC, executive office.

Weather data

The timeanddate website provides data on historical weather conditions, including daily average temperature, humidity, visibility,
etc. We extracted the ones of relevance to this study, as shown in Table 1. Table 2 shows the summary statistics of these weather
variables; the minimum daily average temperature recorded in the entire period is 14.86 F, and the highest is 88.71 F. The most humid
day recorded average humidity of 97.34%, and the lowest was 24.12%.

The core data set for this study is related to the four-year historical data corresponding to years 2020, 2021, 2022 and 2023 from
Capital Bikeshare system, Washington D.C., USA, which is publicly available on their website [27]. We aggregated the data daily and
then extracted and added the corresponding weather and calendar information. Weather information is extracted from (timeanddate
2023). Table 1 contains the variables obtained from the Capital bike share system website and the weather and calendar variables.

Modeling the number of bike rental

This study is focused on modeling the number of bike rentals; in so doing, we can quantify the effect of weather dynamics and
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Variable

Description

Total Rentals
Registered
Casual

Year
Humidity
Visibility
Windspeed
Temp
Working day
Month
Season
Latitude, Longitude

count of total rental bikes, including both casual and registered
count of rentals by registered users

count of rentals by casual users

(2020, 2021, 2022, 2023)

humidity measured in percentage.

is the measure of the distance at which an object or light can be discerned in km
wind speed measured in km/h

The raw temperature in Fahrenheit.

if the day is neither weekend nor holiday is 1, otherwise it is 0.
1 to 12 (1: January, ..., 12: December)

spring, summer, autumn(fall) and winter

Station Location coordinates

Table 2

Summary of Weather Variables.
Summary Total Rental Temp Windspeed Humidity Visibility
Min 497 14.86 3.714 24.12 2.304
Median 7964 60.39 8.429 64.13 10.000
Mean 8157 59.95 9.055 63.91 9.466
Max 19,531 88.71 20.667 97.34 10.000

calendar variables on the overall number of rentals and compare this effect for membership type number of rentals. In this model, the
response variable is the number of daily bike rentals, and the predictors are the weather and calendar variables. We also wanted to
capture station variability, so we used the stations’ latitude and longitude as our location variables. This will allow us to see the
location or station dynamics in the rental system. As shown in Fig. 5, the number of rentals differs by location and station. The south-
central part of the city has the highest number of rentals, and the lowest number are in stations located in the northeast and southwest
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Fig 5. Dynamics of bike rental by station.
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of the city.

In addition to accounting for location disparities, the target variable is count data. Poisson regression is mostly used for modeling
count dependent variable. It is assumed that dependent variable follows a Poisson distribution, However, one unrealistic assumption of
the Poisson distribution is that the mean and variation are equal. This assumption is shown mathematically in Eq. (1).

Suppose X follows a Poisson distribution

Pl p) = x=0,1,2, ..

where, y is an average number of bikes rental, e is the base of the logarithm and x is the random variable. then the following holds.
Var(X) = E(X) = p @

When the means and the variances of daily bike rentals’ overall counts are calculated, the ratio of the variance to the means in-
dicates that the variance is about five times greater than the means in all instances [11]. In addition, we performed dispersion test on
the poison model and found the presence of overdispersion. This result suggests that the Poisson assumption is unrealistic for this data
type; hence, we have the problem of "over-dispersion". [11] proposes a negative binomial regression approach to overcome this
problem. However, this approach also assumes a linear relationship between the log of the mean response and the predictors, such as
temperature. Still, it is flawed since the relationship between temperature and the number of bike rentals is not linear, as shown in
Fig. 6. When the temperature increases, the number of rentals also increases; when the temperature gets too hot, the number of rentals
starts to reduce. To capture all non-linear relationships well with limited assumptions, we propose a penalized splines quasi-Poisson
regression which will overcome the flaws of the model proposed by [11]. This model framework allows more flexibility and hence can
capture all non-linear relationships without making or thinking about necessary transformations to satisfy the assumption of linearity
in the classical parametric approach. We discuss this new approach briefly in the next section.

Generalized additive models (GAMs)

The analysis employs a semi-parametric approach called generalized additive models (GAMs) to capture linear and non-linear
relationships between variables. The GAM framework allows for flexible modeling of the relationships between the target variable
and the weather and calendar variables. A semi-parametric model has two parts; a parametric part to capture all the linear re-
lationships and a non-parametric part to capture the non-linear relationships. When the dependent variable is not normally distributed,
generalized linear models are often used by choosing the appropriate distribution usually from exponential family of distributions and
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a link function g(.) which is monotone and two times differentiable is employed to transform the model into linear in the parameters.
The GAM generalizes the GLM by introducing smooth functions for the predictor variables. GAMs provide useful approximations to
regression surfaces while maintaining the richness of GLMs but relaxing the assumption of linearity in the structure of the additive
effect.

A typical penalized spline regression model is given in Eq. (2)

g(Yi|X1i, Xoi) = Xuifp + f(Xoi) + &, (2)

where, (x;, ¥;) is the predictor/response pair, f(.) is a smooth function, and the errors, ¢;, are independent random variables
with E(¢;) = 0. In Eq. (2), the parametric part is the X;;# and the non-parametric part is the f(X;), which is assumed to be a smooth
function, and basis functions characterize these functions. X; is a design matrix containing 1’s in the first column and other variables
considered to have a linear association with the response variable. X, is any variable which is believed to have some form of non-linear
relationship with the response variable, however X, can be available even if its relationship with the response is linear because the
smooth function will capture the actual relationship. Note that, the specification in (2) is when identity link is used while the spec-
ification in (3) is more general with any given link function. A more general GAM model is fit a response variable Y by sum of smooth
functions of the explanatory variables, X;, j =1,..., p.

g(w) = g(E(Y)) =a+ Zf (X)), 3)

where, g(.) is a link function (log, logit, probit etc.), « is the intercept in the model and f; is the jth smooth function for the jth predictor
variable. It is also possible to have a bivariate smooth function (f,(X;X;), i # j) for two predictor variables such as longitude and
latitude which signifies location.

Penalized spline smoothing
One way to estimate the smooth function f is using penalized spline smoothing. One can view Penalized Spline regression from the
non-parametric point. A typical non-parametric regression model is given by.

yi=gi)+e, i<i< n, @

where, (x;, ;) is the predictor/response pair, g is a smooth function and the errors, ¢;, are independent random variables with E(e;) =
0.
A penalized spline regression defines the smooth function comprising parametric and non-parametric components, as shown in Eq.

(5).

K
glx) =7, +71X+Z”k(x*Kk)+= 5)
k—1
where
x—K;, x <K,
(x—Kk)+:{ 0,;2& Fand 1<k <K, (6)

where, Kks are called knots and symbolize where we believe the slope will change for a non-linear smooth function. One common
practice is to select evenly spaced knots.

A more general model for g is to replace (x — Ki) with Z(x), this allows us to define other types of basis functions. A more popular
choice is p = 3, also known as the piecewise cubic basis, because it has a continuous second derivative but some computational
instability [28]. One can use other basis functions, including thin-plate basis, B-spline basis, tensor product basis and many more.
However, this study uses the thin-plate basis, which has good convergence properties and is computationally stable.

K
8 =70 +rix+ Y wZ(x) @)

k—1

K
Yi= Yo +yIX+Zuka(x)+€,7 i= 17"'7 n (8)

k-1

The model parameters y,, y; and uy’s, as shown in Eq. (7) are estimated by solving the optimization problem in Eq. (9).

0

Minimize Z i -2 +4 / g9 dx |, (C)]
p

where, g(x) is an estimated smooth function for g(x), but we penalize the second derivative of the function to control the curvature of
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the smooth function. 1 is a smoothing parameter, and it controls the smoothness of the function.

The second derivative is penalized even in non-parametric density estimation. The reason for this choice is to penalize the
roughness of the function g, so we called this penalty term the roughness penalty term. The tuning parameters one needs to consider
when estimating g are the number of Knots(K), type of basis function (e.g. thin-plate, B-splines, cubic-spline etc.) and smoothing
parameter (1). A good choice for each of these tunning parameters determines the goodness and appropriateness of the fit.

Selecting the smoothing parameter (). The choice of smoothing parameter significantly impacts the resultant penalized spline that is
supported [28]. There are known algorithms for selecting the desired smoothing parameter. The R package "mgcv" uses data and a
method is known as generalized cross-validation to choose the smoothing parameter . Using the magnitude of the smoothing parameter
to assess the complexity of the penalized spline fit is inefficient because this value depends on the units of measurement of the data used
for the regression. Instead, effective degrees of freedom (EDF) measure the model’s complexity.

The effective degrees of freedom (EDF) is used to measure the complexity of the model; it is a monotone transformation of the
smoothing parameter to obtain a measure with meaning.

Given the design matrix denoted as X and a matrix D which are given by

Lxy zi(x) - Zg(x)
X = : : (10)
1 Xn 21 (xn) ot ZK(X’I)
02><2 02><K
D= 11
{kaz Ix (11)
The closed-form solution to the optimization is shown in Eq. (12). The solution is based on a selected smoothing parameter.
2(X;2) = X(X"X + D) "' X"y (12)
From (12), Egs. (13) and (14) can be obtained.
EDF(2) = tr{ X(X"X + D) ' x" X} 13)
RSS(2) = {yi— 34} (14)
i=1
The GCV finds the smoothing parameter IGCV which minimizes Eq. (14)
RSS(A
GCV() = @) (15)

- 32
{ | _ EDFQ) }

In this study, we will use the GCV approach to select the smoothing parameter for all the models, and we also use the number of
knots (K < 35). Most signal in practice is captured with knots close to 35.

Quasi-Poisson regression

A quasi-Poisson regression is a more general form of Poisson regression used when there is a problem of overdispersion in the data
under discussion.
log(E(Y|X)) = Xp (16)

As given in Eq. (3), a Poisson regression model makes a strict assumption of equal variance and mean, which, when violated, will
undermine estimates and statistical inference. In quasi-poisson regression, the model is the same as in Eq. (3). However, here it assumes
that the variance is linearly related to the mean, as given in Eq. (4)

Var(Y) = ¢u, a7)

where, ¢ is known as the dispersion parameter, and x is the mean.
Penalized splines quasi-Poisson regression

We propose a quasi-Poisson regression that combines parametric and non-parametric components. The model we proposed is
shown mathematically in Eq. (18) below. This model has the same assumption as shown in Eq. (17).
log(E(Y|X1, X2) = X\p+f(X2) (18)

However, we also capture the station dynamics using the latitude and the longitude. We do so by including a bivariate smooth
function, as shown in Eq. (19)
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log(E(Y|X1, Xa,lat, long) = X, +f(Xo) +f(lat, long), (19)

where, Y is the number of rentals (either total rentals or rentals by registered users or rentals by casual users), X;is a vector of variables
known to have linear relationships, so the parametric model is appropriate for them. In our study X; vector of variables, including
visibility, windspeed, season, working day, year, and a constant for the intercept. It makes sense to make this choice upon inspecting
the relationship between these variables and response. X is any variable which shows a non-linear relationship with the response,
which also includes temperature, humidity, the interaction between temperature and working day and month (smooth as a random
effect) and finally, the bivariate smooth function of lat (latitude) and long (longitude) for location effect.

Results

This section presents the modeling results and some descriptive to support the findings. This section first discusses some relevant
graphical summaries and then presents model results.

Descriptive analysis

Fig. 7 illustrates the scatter plot of total rentals against temperature, color-coded by visibility. Generally, rentals increase with
higher temperatures, but at extremely high temperatures, a decline is observed. Enhanced visibility is associated with increased
rentals. Two notable instances in Fig. 7 involve lower visibility (around 60°F) with a daily rental of approximately 18,000, and higher
visibility and temperatures resulting in elevated rentals. Despite different weather conditions, these two points exhibit similar total
rental numbers. The study aims to uncover the dynamics prompting higher bike rentals on the less visible day, possibly due to un-
avoidable events or efforts to avoid traffic congestion. Further insights into rental dynamics are pursued in this study.

Fig. 8 displays the fluctuating bike rental numbers across months and seasons. Rentals rise from January to July and decline from
August to December. Seasonal impact is evident, with higher rentals in late spring, summer, and early autumn, contrasting lower
numbers in winter and late fall. To capture these variations, Fig. 8 informs our modeling approach by treating seasonality and the
month effect as a random effect smooth due to the nuanced relationship with total rentals.

In Fig. 9, a correlation plot explores associations among continuous variables. This helps gauge predictor-response relationships
and identify potential multicollinearity issues. Variables like temperature, wind speed, humidity, and visibility are linked to bike
rentals. Despite humidity and visibility correlating (due to reduced visibility in humid weather), both factors contribute uniquely to
bike rental dynamics, justifying their inclusion for a comprehensive analysis.

The insight from the description in this section guided us in the model process. We present the results of this study in the next
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Fig. 7. Scatterplot of temperature against the number of rentals by visibility.
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Boxplot of Count of Total Rental Bikes Against month
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Fig. 8. Boxplot of the number of rentals for each month by season.

section.

Model results
In this section, we present all the findings from our study and discuss them in detail.

Model 1: total number of rentals

We built three separate models, and this section presents the first model’s results. This model uses the total number of bike rentals
as the target variable. This variable combines the number of rentals by both registered and casual users, as described in Table 1. In this
model, we have the estimates for all relevant variables’ effect on the total number of rentals in all the stations in Washington, D.C.

Visibility, with a positive estimate of 0.0281 (Pr(>|t|) = 0.003588), correlates significantly with increased bike rentals, attracting
more users. Conversely, windspeed, with a negative estimate of —0.01862 (Pr(>|t|) = 6.742e-17), discourages rentals in windy
conditions, aligning with [9] findings. Season is a categorical variable with three indicators, and their corresponding estimates indicate
the impact of the three seasons compared to fall (reference season). Spring, with an estimate of —0.2248 (Pr(>|t|) = 5.397e-05), sees
decreased rentals, while summer’s —0.1083 estimate (Pr(>|t|) = 0.05825) is not statistically significant. Winter, at —0.2798 (Pr(>|t|)
= 1.668e-06), significantly reduces rentals compared to fall.

The working day variable (estimate —0.08952, Pr(>|t|) = 7.02e-11) associates with fewer rentals on working days, suggesting
higher demand on weekends or holidays. Yearly trends show a significant increase in rentals in 2021 (estimate 0.1368, Pr(>|t]) =
1.651e-12) and a further rise in 2022 (estimate 0.3263, Pr(>|t|) = 1.178e). In summary, visibility, windspeed, seasons, working days,
and years are influential predictors in bike rentals.

The model includes yearly indicators for 2020, 2021, 2022, and 2023, comparing each to the reference year (2020). The estimate
0.1368 signifies increased rentals in 2021 (Pr(>|t|) = 1.651e-12), and 0.3263 indicates a further rise in 2022 (Pr(>|t|) <0.0001).
Visibility maintains a positive association with bike rentals, attracting more users. Conversely, windspeed negatively influences
rentals, discouraging bike usage. Seasons contribute, with spring and winter significantly decreasing rentals compared to fall, while
non-working days exhibit higher demand.

In addition to parametric estimates (Table 4), Figs. 10, and 11 present the non-linear effects of several predictors. Months reveal
varying patterns, highlighting non-linear associations with rentals. Geographical coordinates (longitude and latitude) underscore
location importance, while temperature exhibits a non-linear effect, with an optimal range for higher rentals. The interaction between
temperature and working days presents distinctive patterns with significant non-linear impacts. Humidity also demonstrates non-
linear associations with bike rentals.
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Fig. 11. Smooth functions for non-parametric estimates.

Fig. 10 illustrates the bivariate smooth for location effects, revealing higher rentals in the southern part of Washington D.C. with
fewer in the north and west. Rentals are relatively high in the middle, especially pronounced in the southernmost area. Southeastern
and northwest regions lack stations, resulting in no impact on recorded rentals. Fig. 11 presents smooth functions for other predictors,
showcasing non-linear relationships with total bike rentals.

Temperature influences rentals non-linearly, with an overall increase. However, at extremely high temperatures (around 75°F, as
shown in Fig. 11), scorching conditions deter bike rentals, causing a curve bend. Additionally, we explored the temperature and
working day interaction. Fig. 11 reveals that temperature’s impact on bike rentals depends on whether it’s a working day. Working
days show decreased rentals with rising temperatures, possibly due to people avoiding harsh conditions affecting their workday.
Conversely, non-working days exhibit a similar effect as temperature rises, suggesting flexibility in bike usage regardless of envi-
ronmental conditions.

Model 2: number of bike rentals by registered users

We present a model to compare how weather and calendar variables affect rentals by membership type. Table 5 shows the effects of
these variables on rentals by registered users. Model 2 focuses on this group. The intercept is 8.04, the expected rentals when all
predictors are zero. This baseline is lower than Model 1, which includes casual users. Visibility has a positive effect of 0.03189, larger
than Model 1. Higher visibility means more rentals by registered users (Pr(>|t|) = 0.0007055). Windspeed has a negative effect of
—0.01665, smaller than Model 1. Higher windspeed means fewer rentals by registered users (Pr(>|t|) = 1.495e-14). Table 5 also shows
the season effects, compared to autumn. Spring, summer, and winter have negative effects of —0.3047, —0.1961, and —0.3142,
respectively. These effects are larger and more significant than Model 1. All seasons have fewer rentals by registered users than autumn
(Pr(>|t]) < 0.001). An interesting finding is the positive effect of working day (0.09564), unlike Model 1. Working days have more
rentals by registered users than non-working days. This makes sense because registered users may use bikes to commute.

We compare the effects of different years on rentals by membership type. Table 5 shows the effects of binary variables for 2021,
2022, and 2023 on rentals by registered users, using 2020 as the reference year. Model 2 focuses on this group. The 2021 estimate is
0.2697, indicating more rentals by registered users in 2021 than 2020. This is significant, showing an upward trend in 2021. The 2022
estimate is 0.4803, indicating even more rentals by registered users in 2022 than 2020. This is highly significant (Pr(>|t|) = 1.668e-
88), showing a continued upward trend in 2022. The 2023 estimate is the highest, indicating the most rentals by registered users
compared to 2020. The year effects are larger and more significant in Model 2 than Model 1, suggesting that rentals have increased
over time and more so among registered users.

Table 6 shows the non-linear effects of predictors on rentals by registered users. The edf for the smooth function of the month is
7.363, showing a non-linear relationship between month and rentals. This means that rentals vary by month, with some months having
more impact than others.
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The smooth function of longitude and latitude has an edf of 16.89, showing a non-linear relationship between location and rentals.
This means that some locations in Washington, D.C. affect rentals more than others. The F-value of 9.87 and a p-value of less than
0.0001 show that this relationship is significant. The edf for the smooth function of temperature is 4.43, showing a non-linear rela-
tionship between temperature and rentals. This means that there is an optimal temperature range for higher rentals. Too high or low
temperatures may reduce rentals. The F-value of 44.69 and a p-value of less than 0.0001 show that this relationship is significant. The
smooth function of the interaction between temperature and working day has an edf of 0.000159 for working day 0 and 1 for working
day 1. This means that there is no non-linear effect of this interaction on rentals. The high p-values show that this effect is not sig-
nificant. The smooth function of humidity has an edf of 6.461, showing a non-linear relationship between humidity and rentals. This
means that some humidity levels affect rentals more than others. The F-value of 13.39 and a p-value of less than 0.0001 show that this
relationship is significant.

Fig. 12 shows how location affects rentals by registered users. This is different from Fig. 11. Rentals are still higher in the south, but
not as much as in Fig. 11. Rentals are lower in the northeast and southwest. Temperature affects rentals like in Model 1. We observed a
straight-line effect for temperature and non-working day. This means that rentals are constant for all temperatures on non-working
days, but decrease with higher temperatures on working days. The non-parametric estimates show the non-linear effects of pre-
dictors on rentals by registered users. These results show the importance of non-linear relationships and the effects of months, loca-
tions, temperature, and humidity on rentals by registered users. Bike-sharing system operators can use this information to adjust their
strategies, such as offering promotions in some months, optimizing bike availability in some locations, and considering temperature
and humidity levels to match the needs and wants of registered users.

Model 3: number of bike rentals by casual users

Finally, we considered model 3, where the response variable is the number of rentals by casual users. This section presents the
results for this model and compares the effects with the registered user’s model.

Table 7 shows the results of Model 3, focusing on rentals by casual users. We compare them with Model 2 for registered users. The
intercept is 8.148, the expected rentals when all predictors are zero. This is the baseline for casual users. Visibility has a positive effect
of 0.02656, meaning more visibility might lead to more rentals by casual users. This is significant (Pr(>|t|) = 0.0244), showing that
better visibility is associated with increased number of casual users. Higher windspeed is also associated with a reduction in number of
rentals by casual users. This relationship is significant (Pr(>|t|) = 8.698e-17), showing that windy conditions discourage casual users.
Spring has a negative effect of —0.0973, but this is not significant (Pr(>|t|) = 0.1421), meaning spring season might not affect rentals
by casual users much. Summer has a positive effect of 0.01005, but this is also not significant (Pr(>|t|) = 0.8823), meaning summer
seasons might not affect number of rentals by casual users. Winter has a negative effect, meaning fewer rentals by casual users in winter
than in fall. Working day has a negative effect of —0.353, meaning casual users rent less on working days than non-working days.
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Fig. 12. Location effect on total rentals by registered users.
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The years 2022 and 2023 have positive coefficients, meaning more rentals by casual users in these years than in 2020. These
relationships are significant, showing an upward trend in 2022 and 2023.

Table 8 shows the non-linear effects of predictors on rentals by casual users. The edf for the smooth function of the month is 7.219,
showing a non-linear relationship between month and rentals. This means that some months affect rentals more than others. The F-
value of 5.005 and a p-value of less than0.0001 show that this relationship is significant. The smooth function of longitude and latitude
has an edf of 18.8, showing a non-linear relationship between location and rentals. This means that some locations in Washington, D.C.
influence rentals more than others. This matches the visual from Fig. 5. The edf for the smooth function of temperature is 3.982,
showing a non-linear relationship between temperature and rentals. This means that there is an optimal temperature range for higher
rentals. Extreme temperatures may lower rentals. The F-value of 28.72 and a p-value of less than 0.0001 show that this relationship is
significant. The smooth function of the interaction between temperature and working day has an edf of 0.9225 for working day 0 and 1
for working day 1. This means that there is a small non-linear effect of this interaction on rentals. But the p-values (0.2683 and 0.4544)
show that this effect is not significant. The smooth function of humidity has an edf of 6.352, showing a non-linear relationship between
humidity and rentals. This means that some humidity levels affect rentals more than others. The F-value of 14.73 and a p-value of less
than 0.0001 show that this relationship is significant. The non-parametric estimates show the non-linear effects of predictors on rentals
by casual users. These results show the importance of non-linear relationships and the effects of months, locations, temperature, and
humidity on rentals by casual users. Bike-sharing system operators can use this information to improve their services and marketing
strategies by considering factors like month, location, temperature, and humidity to meet the needs and wants of casual users.

Comparing model 2 and model 3

We compare the effects of weather and calendar on rentals by membership type. We hypothesize that bike rental systems run both
types reasonably. We use Fig. 16 to test this hypothesis. It shows the effect bars for registered and casual users. In 2022 and 2023, both
types have more rentals than in 2020. In 2021, there is a difference between 2020 and 2021 rentals. This difference is negative for
casual users and positive for registered users. Bike rentals increase for registered users from 2020 to 2023, as shown by the rising bars
in Fig. 16. But casual users’ growth rate is not consistent. It decreases in 2021 and increases in 2022 and 2023.

The working day effect is different for both types. Registered users rent more on working days, while casual users rent more on non-
working days. Windspeed and visibility affect both types similarly in magnitude, but differently in direction. Fig. 16 shows that more
visibility increases rentals, while more windspeed decreases rentals. The season effect is also different for both types. Spring and winter
have negative effects for both types, but summer has a negative effect for registered users and a positive effect for casual users,
compared to fall.

Discussion

The results of our study, which revealed a nuanced non-linear relationship between temperature, humidity, and month and the
number of bike rentals, carry significant implications for both the bike industry and customers. While our findings align with previous
research on the positive correlation between temperature and bike rentals, our study adds a layer of complexity by uncovering that this
relationship holds true only within specific temperature ranges. Beyond these ranges, the number of rentals peaks and declines,
indicating a critical insight for the industry. In addition, similar non-linear relationship was seen with humidity and month with the
help of the GAM model. We also discovered an interaction between temperature and working days variable. We showed that the effect
of temperature on number of bike rentals depends on whether the day is a working day or not which is a new finding in this area.

Previous studies have not explored the effect of the potential dependency between temperature and whether the day is a working
day or not on the number of bike rentals. Since increasing temperature during working days is associated with a decreasing number of
total rentals, it gives bike operators insight into the type of customers they are dealing with. It is more reasonable to say that customers
use the bikes to commute to work, and since most people go to work in the morning, it makes sense to see a decline during the late
hours when temperatures are higher. On the other hand, during weekend, regardless of the temperature the effect on bike rentals
holding other variables constant does not change thereby insignificant. This makes this finding novel in the sense that it enlightens bike
operators to prioritize optimizing operations on working days.

For the bike industry, this implies a need for strategic temperature management in optimizing rental services. Businesses can
leverage this information to adapt their operations based on weather conditions, ensuring resource allocation and marketing efforts are
aligned with the identified patterns. Recognizing the non-linear nature of the relationship allows for more effective planning and the
ability to capitalize on peak rental periods while navigating less favorable conditions. For customers, the implication lies in the po-
tential for an enhanced rental experience. A bike rental service that adjusts its operations based on our insights can offer improved
reliability, ensuring that bikes are available when demand is high and optimizing the overall customer experience. This nuanced
understanding of temperature-related demand patterns contributes to a more efficient and customer-centric approach in the bike
rental industry.

Businesses can optimize bike rental operations by incorporating temperature-related demand patterns into various strategies. To
begin, they can implement flexible pricing by offering discounts during peak heat periods in order to encourage rentals during cooler
hours. Second, targeted marketing efforts can emphasize the convenience of biking in pleasant weather in order to attract customers.
Third, businesses can diversify their product offerings by providing bikes suitable for different temperatures, such as electric bikes or
those with adjustable gears. Fourth, localized operations can be accomplished by utilizing weather forecasts to allocate bikes where
demand is highest based on temperature trends. Furthermore, organizing evening events with incentives, such as group rides during
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cooler hours, can increase rental rates.

Improving customer comfort by providing amenities such as shaded rest areas and hydration stations for a more enjoyable biking
experience in hot weather is also critical. Collaborating with nearby businesses on joint promotions can help attract customers during
peak heat periods. Finally, technological investments, such as developing apps for real-time weather updates and bike availability, can
help customers plan.

We have uniquely captured the influence of location on bike rentals by employing a bivariate smooth surface that incorporates the
longitude and latitude of the stations. Our analysis revealed a distinct spatial pattern, indicating that a higher frequency of bike rentals
occurs in the southern part of the city, while the eastern and northern regions experience lower rental activity. Additionally, there is a
moderate number of rentals in the central part of the city.

This spatial insight not only enhances our understanding of rental patterns but also holds significant implications. For the bike-
sharing industry, it suggests the need for targeted resource allocation and marketing strategies. By recognizing the spatial varia-
tions in rental demand, companies can optimize bike distribution and promotional efforts in the high-activity southern areas,
potentially increasing revenue. Conversely, adjustments can be made in the less active eastern and northern regions to ensure efficient
resource utilization.

Furthermore, for urban planning and infrastructure development, acknowledging these spatial trends in bike rentals can inform
decisions related to station placement and the expansion of bike-sharing services. This insight contributes to the creation of more
effective and tailored strategies for both the bike-sharing industry and urban development initiatives.

Finally, our analysis demonstrates a clear distinction in bike usage patterns between registered and casual customers. Registered
customers predominantly utilize bikes on working days, suggesting a focus on commuting and regular weekday activities. In contrast,
casual customers exhibit a different trend, with a notable preference for bike usage during weekends and holidays. This divergence in
usage patterns highlights the distinct preferences and behaviors of these customer segments, providing valuable insights for tailoring
marketing strategies, service offerings, and operational considerations based on the differing needs of registered and casual users. The
methodology utilized in this study is effective, particularly for datasets with a relatively large sample size, making it applicable to
various regression problems. Generalized Additive Models (GAMs) boast a broad spectrum of applications, ensuring the generaliz-
ability of our methodology to diverse datasets.

Generalized Additive Models (GAMs) provide several advantages in statistical modeling. They offer flexibility and nonlinear
modeling capabilities, enabling the capture of complex relationships that go beyond linear assumptions. GAMs effectively handle noisy
data by incorporating smoothing functions, which result in smoother estimates of underlying relationships. Additionally, GAMs have
automatic feature selection, which reduces overfitting and improves generalization performance. Their interpretability allows re-
searchers to easily understand and communicate individual predictor effects, while their ability to model predictor interactions aids in
the capture of sophisticated dependencies within the data. Furthermore, GAMs exhibit robustness to outliers, which contributes to
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increased model stability. Finally, tuning GAMs with cross-validation ensures reliability on previously unseen data, increasing the
model’s overall robustness and validity.

While we successfully navigated through this study, there are several limitations that should be acknowledged. Firstly, our analysis
is based on a relatively short time frame, encompassing only three years (2021, 2022, and 2023). As a result, generalizing the findings
to other years may be constrained, and a more extended historical dataset would have strengthened the robustness of our conclusions.
However, obtaining and processing a more extensive dataset poses computational challenges.

Additionally, our study focuses on a single city with unique weather and calendar dynamics. Consequently, the results may not be
directly applicable to other cities with distinct environmental and temporal characteristics. It is crucial to recognize that variations in
weather patterns and calendar dynamics across different locations could yield different outcomes. Therefore, while our findings may
be relevant to areas sharing similar weather and calendar variables, caution should be exercised when extrapolating these results to
locations with markedly different situations (Figs. 13-15, Tables 3-8).

Conclusion

In conclusion, our study has unearthed hidden non-linear relationships between temperature, humidity, and month with the
number of bike rentals, presenting a nuanced understanding that significantly impacts the bike industry and customers. The identi-
fication of specific temperature ranges where rental patterns peak and decline offers a crucial insight, revolutionizing temperature
management strategies for bike rental services. Moreover, our exploration of humidity, month, and their interactions with temperature
on working days unveils novel findings, enhancing the comprehensiveness of our insights.

The spatial dimension adds another layer to our understanding, highlighting distinct rental patterns across different city regions.
This spatial insight not only informs targeted resource allocation and marketing for the bike-sharing industry but also provides
valuable input for urban planning and infrastructure development.

The discernment of usage patterns between registered and casual customers during weekdays and weekends emphasizes the
importance of tailoring services to different customer segments. This revelation guides marketing strategies, service offerings, and
operational considerations, acknowledging the differing needs of these customer groups.

While our methodology effectively addresses the identified gaps and proves applicable to various regression problems, it’s
imperative to recognize the limitations. The constrained time frame and focus on a single city may limit the generalizability of our
findings. However, these limitations offer opportunities for future research endeavors, urging scholars to explore longer historical
datasets and diverse city contexts to enhance the robustness and applicability of similar studies.

In essence, our study not only contributes methodologically but also offers practical implications for the bike industry, urban
planning, and customer-centric service optimization. It encourages a broader perspective on weather-related demand patterns, spatial
considerations, and customer segmentation, providing readers with valuable insights for both research and real-world applications.
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Table 3

Parametric estimates for predictors’ effects.
Characteristic Estimate Std. Error t value Pr(>|t])
(Intercept) 8.8 0.1059 83.13 0
visibility 0.0281 0.009628 2.918 0.003588
windspeed ~0.01862 0.002194 —8.487 6.742¢-17
season Spring —0.2248 0.05545 —4.054 5.397e-05
season summer —0.1083 0.05715 —1.896 0.05825
season winter —0.2798 0.05811 —4.816 1.668e-06
workingday1 —0.08952 0.0136 —6.585 7.02e-11
year2021 0.1368 0.01916 7.143 1.651e-12
year2022 0.3263 0.0217 15.04 1.178e-46
year2023 0.561 0.02781 20.17 2.58¢-77

Table 4

Non-Parametric estimates for predictors’ effects.
Characteristic edf Ref. df F p-value
s(month) 7.276 8 6.515 0
s(longitude, latitude) 18.71 23.58 15.54 0
s(temp) 4.237 5.315 35.5 0
s(temp): workingday0 0.4895 0.8286 0.02039 0.8966
s(temp): workingday1 1.001 1.001 6.77 0.009383
s(humidity) 6.217 7.42 16.22 0

Table 5

Parametric estimates for predictors effects (response: registered).
Characteristic Estimate Std. Error t value Pr(>|t)
(Intercept) 8.04 0.1046 76.88 0
visibility 0.03189 0.009387 3.397 0.0007055
windspeed —0.01665 0.002137 —7.793 1.495e-14
season spring —0.3047 0.05753 —5.297 1.419e-07
season summer —0.1961 0.05943 -3.3 0.0009979
season winter —0.3142 0.05973 —5.261 1.718e-07
workingdayl 0.09564 0.01364 7.012 4.071e-12
year2021 0.2697 0.01936 13.93 8.731e-41
year2022 0.4803 0.02195 21.88 1.668e-88
year2023 0.7595 0.02792 27.21 2.716e-125

Table 6

Non-Parametric estimates for predictors effects (response: registered).
Characteristic edf Ref.df F p-value
s(month) 7.363 8 9.013 0
s(longitude, latitude) 16.89 21.9 9.87 0
s(temp) 4.43 5.545 44.69 0
s(temp):workingday0 0.000159 0.0003113 0.01497 0.9983
s(temp):workingday1 1 1 12.29 0.0004721
s(humidity) 6.461 7.645 13.39 0
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Table 7

Parametric estimates for predictors effects (response: casual).
Characteristic Estimate Std. Error t value Pr(>|t])
(Intercept) 8.148 0.1285 63.43 0
visibility 0.02656 0.01178 2.254 0.0244
windspeed —0.02265 0.002679 —8.455 8.698e-17
seasonspring —0.0973 0.06624 —1.469 0.1421
season summer 0.01005 0.06785 0.1481 0.8823
season winter —0.238 0.07022 -3.39 0.0007241
workingday1 —0.353 0.01638 —21.55 2.653e-86
year2021 —0.03514 0.02224 —1.58 0.1144
year2022 0.1293 0.02512 5.146 3.13%e-07
year2023 0.2976 0.03261 9.128 3.22%-19

Table 8

Non-Parametric estimates for predictors effects (response: casual).
Characteristic edf Ref.df F p-value
s(month) 7.219 8 5.005 1.175e-06
s(longitude, latitude) 18.8 23.54 22.83 0
s(temp) 3.982 5.011 28.72 0
s(temp):workingday0 0.9225 1.422 1.07 0.2683
s(temp):workingday1 1.001 1.001 0.5605 0.4544
s(humidity) 6.352 7.544 14.73 0

Data availability

To access the data and code for this paper, use the GitHub link below: https://github.com/codoom1/Modelling-of-the-Daily-Dy-
namics-in-Bike-Rental-System-Using-Weather-and-Calendar-Conditions.git
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