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Resumo

A adocdo de sistemas de bicicletas partilhadas (BSS) vem crescendo com o objetivo de
melhorar a forma como as pessoas se deslocam pelas cidades, mas também para estimular o
desenvolvimento de uma mobilidade urbana mais sustentavel. Para o bom funcionamento de
um BSS é importante que haja bicicletas permanentemente disponiveis nas estagcdes para 0s
utilizadores iniciarem as suas viagens, pelo que a literatura tem empreendido esforcos, sob a
Gtica do operador do servico, para melhorar o processo de redistribuicdo das bicicletas e assim
garantir a sua disponibilidade nas diferentes esta¢cdes. Como a garantia de bicicletas disponiveis
ndo pode ser assegurada, este trabalho propde-se desenvolver, sob a ética do ciclista, uma prova
de conceito sobre a viabilidade de informar o utilizador acerca da possibilidade de iniciar uma
viagem num intervalo de tempo pré-definido. As principais contribui¢es deste trabalho s&o:
(i) a capacidade de previsao de quantas bicicletas chegardo a uma determinada estacao é uma
melhoria vidvel para os BSS, (ii) os modelos desenvolvidos atraves da aproximacao Zero-
Inflated Regression sdo um caminho que pode ser explorado para melhorar a previsao e (iii)
contributo metodoldgico inédito a literatura sobre os BSS com foco no poder decisério do

utilizador final sobre se sera, ou ndo, possivel iniciar uma viagem em breve.

Palavras-chave:  Sistemas de Bicicletas Partilhadas, Zero-Inflated Regression, Séries
Temporais






Abstract

The adoption of bicycle sharing systems (BSS) is growing in order to improve the way people
move around cities, but also to stimulate the development of a more sustainable urban mobility.
For the proper functioning of a BSS, it is important to have bicycles permanently available at
the stations for users to start their trips, so the literature has undertaken efforts, from the
perspective of the service operator, to improve the process of redistribution of bicycles and thus
ensure their availability at the different stations. Since the guarantee of available bicycles cannot
be assured, this work proposes to develop, from the cyclist's perspective, a proof of concept on
the feasibility of informing the user about the possibility of starting a trip in a pre-defined time
interval. The main contributions of this work are: (i) the ability to predict how many bicycles
will arrive at a given station is a feasible improvement for BSS, (ii) the models developed
through the Zero-Inflated Regression approach are a path that can be explored to improve
prediction and (iii) unprecedented methodological contribution to the literature on BSS
focusing on the end-user's decision power about whether or not it will soon be possible to start

a trip.

Keywords: Bicycle Sharing Systems, Zero-Inflated Regression, Time series

vii






Index

Acknowledgment iii

Resumo v
Abstract vii
Chapter 1. Introduction 1
Chapter 2. Systematic Review of Literature 5
2.1. Research and Selection Criteria 5
2.2. Discussion 6
Chapter 3. Methodology and Results 13
3.1. Domain Understanding 13
3.2. Data Understanding 14
3.3. Data Preparation 23
3.4. Modeling 28
3.5. Evaluation 33
3.6. Deployment 38
Chapter 4. Conclusions 39
4.1 Concluding remarks 39
4.2  Limitations and Future Research 40

Bibliographic references 43






AlIC
ARIMA
ARIMAX

BSS
CRISP-DM
EDA
FP-Growth
GBM
GEV

GPC

GPS

IQR
LSTM
MAE
PEST
R-GCN
RMSE
SVM

VIF

ZIR

Index Glossary of Acronyms

Akaike Information Criterion

Autoregressive Integrated Moving Average

Auto Regressive Integrated Moving Average with exogenous

variables

Bicycle Sharing Systems

Cross Industry Standard Process for Data Mining
Exploratory Data Analysis

Frequent Pattern-Growth

Gradient Boosting Machine

Generalized Extreme Value

Gaussian Process Classification

Global Positioning System

Interquartile Range Rule

Long short-term memory

Mean Absolute Error

Political, Economic, Socio-cultural and Technological
Relational Graph Convolutional Networks
Root-mean-square error

Support Vector Machines

Variance Inflation Factor

Zero-Inflated Regression

Xi






Introduction

The adoption of bicycle sharing systems (BSS) has been growing, improving the way city
residents travel around town, and stimulating the development of sustainable urban mobility.
The bike sharing system allows users to rent a bike at one of the bike docks found in the city,
use it for their trips and return it to any bike dock (Macioszek et al., 2020). It is important to
note that there are also BSS that are dockless, i.e., the beginning and end of the journey are not
associated with a fixed bike dock, thus providing more freedom to the cyclist to decide the point
of departure and arrival (Liu & Pelechrinis, 2021). This work focuses only on fixed dock BSS.

The transition to multimodal and shared transport has been seen by urban planners and
transport system engineers as an important way to drive cities to thrive and pave the way for a
sustainable future (Liu & Pelechrinis, 2021). Bike Sharing Systems have been adopted in many
cities as an alternative to other manners of transport, whether public or private (Cenni et al.,
2021). According to Ge et al. (2020) bike-sharing systems are short-term rental services that
provide convenience to users and serve as an effective means of solving significant urban
mobility challenges such as the “last mile” problem?, connection to public transport and
reduction of dependence on a private car in some situations.

Furthermore, as Ge et al. (2020) point out, using bicycle-sharing systems also contributes
to keeping users' health and reducing environmental pollution. Notwithstanding the benefits of
the BSS mentioned above, these systems bring some challenges that restrain users from fully
enjoying their benefits. Such as the irregular distribution of bicycles at stations and the difficulty
in anticipating whether bicycles will be available to start a journey or if there will be free docks
to return them to the destination bike rack (Cenni et al., 2021).

Forecasting demand and availability become a key element for the proper functioning of
BSS, and several authors made efforts to make accurate forecasts of the demand, availability,
and redistribution of bicycles (Almannaa et al., 2020; Ashgar et al., 2017; Cavallaro &
Tramontana, 2021; Cenni et al., 2021; Z. Chen et al., 2021; Feng et al., 2017; Liu et al., 2019;
Ruffieux et al., 2019). Even so, Sardinha et al. (2021) point out that recent contributions have

shown limited success in forecasting demand for this type of transport, as spatial,

! Additional short distance to destination that one must travel after leaving a public transport service (Ge et al.,
2020)



meteorological, situational, and seasonal contexts play essential roles when it comes to
forecasting demand and availability of shared bicycles.

Although forecasting the demand for bicycles, precisely to help ensure the availability of
bicycles at bike docks, has received significant attention in the literature, many of these
problems are dealt with at a more operational level, with the aim of helping operators to improve
their service provision. This work intends to study the availability of bicycles from the user's
perspective and bridge this gap in the literature, that is, since the availability of a bicycle to start
a journey is not guaranteed, it would be important to supply the user with information about the
possibility of starting a journey shortly. In other words, providing the user with information
about whether a bicycle will arrive at that particular station in the next minutes, so that with the
arrival of this bicycle, it will be possible to start a journey.

The goal of this work is to develop, from the cyclist's perspective, a proof of concept on
the feasibility of informing the user about the possibility of starting a trip in a pre-defined time
interval by predicting whether bicycles will arrive at a given station. Along these lines, it is
intended to predict, for each station, whether a bicycle will arrive soon. If the forecast is
positive, that is, if the model predicts that bicycles will arrive in in a while, it is also important
to approximate how many bicycles will arrive. A specific goal of this study is to verify whether
models based on a zero-inflated probability distribution, called zero-inflated regression (ZIR)
model, are suitable for this type of problem, as the bicycle count is non-negative and has a high
proportion of zeros. Thus, the problem is twofold: first a classification task to deal with the high
excess of zeros and later a regression problem to handle non-zero values.

This study followed the Cross Industry Standard Process for Data Mining (CRISP-DM)
process model, which is divided into six steps: (i) Domain understanding, which is expressed
here both by the framing of the theme in this Introduction, and through the reflection of the
literature review concerning to the problems inherent to the BSS and the use of data science
methodologies to solve these problems; (ii) Data Understanding, which consists of the
interpretation and analysis of the datasets to better relate it with the goal of this study; (iii) Data
preparation, a step that consists of transforming, cleaning, aggregating, and reformatting the
original data for exploration and modeling purposes; (iv) Modeling phase, in which prediction
models are built to train and test model selection and development; (v) Evaluation stage, in
which the evaluation of the models is done in order to assess if they meet the goals of this study.
That is, if the models can predict how many bicycles will arrive in the next minutes and if the
models integrated into the Zero-Inflated Model framework are more capable of performing such

a prediction; (vi) Deployment, as the last stage of CRISP-DM, it was intended to trace the



implementation path aimed at improving the level of service delivery of bike-sharing systems
at the user level.

Having completed all the CRISP-DM stages, conclusions were drawn, and the main
contributions and limitations of the work were aligned considering the aim of the feasibility of
informing the user about the possibility of starting a trip in a shortly and on the contributions

that the models based on ZIR can bring to this matter.






CHAPTER 2
Systematic Review of Literature

2.1. Research and Selection Criteria

This section aims to clarify the methodology used to conduct the Systematic Literature Review.
The starting point has been that of understanding whether it is possible, through zero-inflated
data science techniques, to predict the arrival of a bike to a BSS station.

To conduct the Systematic Review of the Literature to promote a thorough, objective, and
reproducible research, it was chosen, among the various sources that can be consulted for a
systematic review, the SCOPUS bibliographic database, as it indexes many scientific journals
and can be easily accessed.

The sample of papers composing the literature review conducted in this work originated
from the junction of four queries, as can be seen in Table 1. Each query has a distinct objective
and selection criteria which together form the content needed to understand how the prediction

of bike arrivals in each station, fits into the current scientific context.

Table 1 - Used queries and their purposes

Query purpose Query # # Selected Selection criteria
Docume  documents
nts
analyzed

Query 1 — Obtain TITLE-ABS-KEY (bike OR bicycle- 49 Title or abstract that
literature on forecasting sharing OR "bike-sharing” OR "Bicycle- directly addresses the
the availability of bike-  sharing system" OR "Bike-sharing system" issue of predicting bike
sharing systems OR "Bike sharing" OR public W/2 bike availability

AND prediction OR predicting OR predict

AND availability)
Query 3 — Obtain (ALL ( prediction OR predict OR 20 Title or abstract that
literature on waiting predicting AND "waiting time" OR directly mentions the
time to pick up abike waiting OR wait AND bike OR bicycle issue of the user's
)) AND AUTHKEY ( "Bike sharing waiting time to start a
demand" OR "Bike-sharing systems" OR trip

~waiting )
Query 4 — Obtain ALL ( "context-aware" OR 10 Title or abstract that
literature on context ~ “spatiotemporal” OR "situational context" directly mentioned the
awareness applied to OR "contextual factors" AND bike OR issue of situational
BSS "bike-sharing” ) AND AUTHKEY ( context applied to BSS

"Data Science”) AND (LIMIT-TO (

PUBYEAR, 2022) OR LIMIT-TO (

PUBYEAR, 2021))
Query 5 - Obtain  TITLE-ABS-KEY ("~Zero-Inflated " AND 17 Title or abstract that

literature on Zero-
Inflated Model

bike OR bicycle OR bss OR "~Bike Share
Systems")

directly addresses the use

of the Zero-Inflated
model in relation to the
prediction of use of BSS




The SCOPUS database is used to search for relevant material published from the last 10

years, considering keywords related to bike availability prediction in bike-sharing systems.
Except for query number four, for which the research was limited only to publications from the
years 2021 and 2022, since the intention was to collect the most recent practices in the use of
external variables.
All queries’ results were analyzed by reading their titles and abstracts to select the documents
that were in line with the aim of this study and with the selection criteria of each one of the
queries, as depicted in Table 1. Twenty-eight documents were chosen to be kept in Mendeley,
a reference manager software, for further reading of the abstract, introduction, results and
conclusions of each of the selected documents.

2.2. Discussion

There are several studies dedicated to forecasting bicycle demand in bike sharing systems,
i.e. the expected number of bicycles to be collected and returned to a BSS station. (L. Chen et
al., 2016; E et al., 2020; Liu & Pelechrinis, 2021; Lucas & Andrade, 2021). Bacciu et al. 2017
pay attention to the time a user will need to wait to get a bicycle or return it. In fact, for other
public transport systems, such as trains, subways, and even buses, it is common to have a panel
showing the waiting time for the next transportation service to arrive.

In this regard, scholars have highlighted that when the bike start station is empty, that is,
there is no way to start a journey as no bike is available, the user experience can be improved
by informing the users about (i) how the situation will evolve, (ii) whether a bicycle will arrive,
and (iii) how long it will take to arrive (Bacciu et al., 2017; Soheil et al., 2020; J. Wang et al.,
2022). As highlighted by some authors (J. Wang et al., 2022), the BSS literature has not paid
much attention to the time an end user has to wait at a given station. The lack of efficiency in
transport systems often arises from uncertainty, such as the lack of a bicycle to start a journey
in a BSS (B. Chen et al., 2013). In order to correct this inefficiency, researchers explicitly
included, in their predictive models, exogenous variables, such as weather and traffic
information, which significantly helped to predict the waiting time till a bike trip could be
started or till a bicycle could be left at an available bike rack at the end of a trip (B. Chen et al.,
2013). Although the focus may not precisely be the waiting time till a bike trip starts, other
authors have also equated the problems studied with end-users, in addition to system operators,



regarding increasing the predictability of the availability of resources for the proper functioning
of bike-sharing systems (Gast et al., 2015; Salih-Elamin & Al-Deek, 2020).

Forecasting the availability of bicycles and free docks in bike racks has been central to
ensuring the success of such bicycle-sharing systems (Demidova et al., 2022). The demand for
bicycles and bicycle racks is an unbalanced factor during the day, with significant pressure in
some stations.

What is currently being introduced as a novelty is the use of data that incorporates context
awareness to make the most accurate demand forecasts (Demidova et al., 2022). The
incorporation of context awareness is critical for more reliable predictions (Sardinha et al.,
2021). For these authors, the contributions in this area have seen limited success in predicting
the demand for the bike-sharing service because they do not include exogenous explanatory
variables in the model. There is a strong dependence between bicycle demand and the
meteorological context. For example, in addition to the situational aspect of the seasons and the
inability of most predictors to consider the effects of high or low demand on nearby stations, it
has a direct effect on the demand forecast and, consequently, on the availability in each bike
rack (Sardinha et al., 2021).

Also with the goal of providing insights into the rebalancing operations of the bicycle
network, developed a statistical model applied to the bicycle system of the city of Lisbon, in
Portugal, based on the Zero-Inflated Model and Hurdle model, to predict the number of trips
that will occur between two stations at a certain time, as well as the duration of these trips
(Lucas & Andrade, 2021). Furthermore, part of the success of the model developed by Lucas
& Andrade (2021) is due to the incorporation of contextual variables in the model: explanatory
variables, including the weather, effects of intramodality in transport, the effects derived from
the location of the stations due to their proximity to different types of points of interest, and the
effective travel time (Lucas & Andrade, 2021).

Given the importance of these external factors, some authors developed a new method on
how to acquire, consolidate and incorporate different variables for the context-enriched analysis
of traffic data, as many different situational contexts have been considered in previous research
works to analyze the dynamics of traffic (Cerqueira et al., 2021). This data includes weather
information, potential occurrences from Twitter data, accident records, sports matches,
festivals, and other events inferred from social data (Cerqueira et al., 2021). Therefore,
analyzing data from trips together with context data brings significant benefits in the
development of more robust models capable of predicting the demand and availability of bike-

sharing systems with greater accuracy. That is, traffic sensors, global positioning system (GPS)



trajectories and location-based social media data provide several sources of information that
help to detect and analyze spatio-temporal events. (Lam et al., 2019). The heterogeneous
combination of GPS data with geotagged tweets produced satisfactory results for inferring
human mobility, especially during unprecedented events, according to a study carried out by
Miyazawa et al. (2019). However, it is important to note that data from social media are subject
to age bias and inconsistencies in data collection (Thu et al., 2017).

Corroborating that demand for bike-share is affected not only by common contextual
factors such as time of day and weather, but also by opportunistic contextual factors such as
social events, for example, Chen et al., (2016) proposed a dynamic cluster-based structure to
forecast excess demand. Depending on the context, they developed a weighted correlation
network to model the relationship between bicycle stations and dynamically group neighboring
stations with similar bicycle usage patterns into clusters. Then, they adopted the Monte Carlo
simulation to predict the probability of excessive demand for each cluster.

Most of the forecasting models developed on bike-sharing systems, as highlighted by
Zhang et al. (2018), are based on their own usage history, which impairs prediction when some
sudden event occurs. In this sense, Zhang et al. (2018), when considering these systems as an
integral part of the public transport system, use the interrelationship between bike sharing and
other transport to capture the impact of sudden events, thus improving the predictive capacity
of the developed models. Complementarily and to corroborate with this vision, it is also
important to mention that, as Liu & Pelechrinis (2021) emphasize, most studies on demand
forecasting in bike-sharing systems consider only observed demand, that is, the demand
reflected in the trip data recorded by the system. However, total demand also includes trips that
never took place but were intended by users. In this way, Liu & Pelechrinis (2021), developed
a regression model capable of predicting the difference between the total demand and supply
of bicycles.

Some authors used LSTM (Long short-term memory) models in their studies. Liu et al.
(2019) highlighted that LSTM models have the advantage of being able to be built with multiple
input data and with multi-time steps, which improves prediction accuracy. Jiang et al. (2019)
point out that bicycle trips can be formulated as a time series and, therefore, LSTMSs have been
used successfully to train complex time series data in a variety of applications, such as road
traffic forecasting, for example. LSTM models are particularly suitable for classification,
processing and forecasting tasks with time series data that have a time gap between notable
events of unknown size or duration, just as in bike-sharing problems (Jiang et al., 2019). Zhang

et al. (2018) also developed a prediction model based on neural networks with the LSTM



architecture. According to these authors LSTM is adopted because it shows excellent
performance for learning long-term temporal existing dependencies on BSS (Zhang et al.,
2018).

Salih-Elamin & Al-Deek (2020) when predicting short-time and short-distance BSS trips
duration throughout the day under weather conditions concluded that the Stepwise Multiple
Linear Regression is the model that has the best performance compared to Autoregressive
Integrated Moving Average (ARIMA) and Auto Regressive Integrated Moving Average with
exogenous variables (ARIMAX). Cenni et al. (2021) with a similar goal but a focus on long-
term bike availability predictions, realized that models based on Gradient Boosting Machine
(GBM) offer a solid approach to implementing reliable predictions in conditions where there
are few bikes available. As well as (Sathishkumar et al., 2020) when comparing five? different
modeling techniques, with the objective of guaranteeing availability and accessibility of
bicycles in bicycle racks, concluded that the GBM, even with different combinations of
predictors, is the best model they developed.

Some authors have decided to apply deep learning to develop algorithms based on
relational graph convolutional networks (R-GCN) to reposition bikes and manage bike-sharing
systems (Yoshida et al., 2019). The proposed algorithm consists of three parts: predict the
check-outs and check-ins of bicycles; find the ideal number of bicycles to satisfy the entire
demand of the system; determine the truck route to rebalance bikes in the system. The results
suggest that the developed model can propose routes that are more realistic to be implemented
compared with the current models (Yoshida et al., 2019). When trying to improve the routes of
bicycle rebalancing trucks, other authors also used neural networks; but they assessed a
Multilayer Perceptron algorithm, which was also able to perform the prediction with greater
accuracy (Ruffieux et al., 2019).

Authors such as Cavallaro & Tramontana (2021), in the context of user assistance software,
propose an approach using frequent pattern-growth (FP-Growth) to estimate where bicycles
will be shortly, leveraging the use of such transport modality, since users are informed in
advance about the availability of bicycles. Ensuring that a user arrives at a station has also
received attention from other authors, who have developed probabilistic predictions based on a
time-inhomogeneous queuing model, which can satisfactorily predict the availability of
bicycles a few hours in advance and thus provide guidance to the end-user (Gast et al., 2015).

2 Linear Regression, Gradient Boosting Machine, Support Vector Machine, Boosted Trees, and Extreme
Gradient Boosting Trees



The travel planner software niche has been growing, so the interest in selecting the best travel
routes, including those that are faster to do when using bicycles, is of great interest to scholars
in this area (J. Wang et al., 2022).

Although the rebalancing of shared bicycle systems is one of the main factors included in
the problem of the analyzed studies, the prediction of bicycle availability has also sparked
interest in other branches (Yoshida et al., 2019). In this sense, the search for models and
methods that better fit the data related to other problems inherent to BSS, such as frequencies
and station-level analysis, is remarkable. Anyway, there is plenty of room for the literature to
mature in the context in which BSS data are characterized by zero-inflation; that is, the count
data has an excess of zeros.

To predict the trips that will occur between a station of origin and destination on a given
date, Lucas & Andrade (2021) came across with data set in which only 4.3% of the target
variable were different from zero, which means that is an excessive amount of zero counts,
which has implications in the data modeling. Making efforts to deal with the significant
limitations of earlier studies in tackling the excessive number of zeros in the dataset, Lucas &
Andrade (2021) developed models based on a method that will fit zero-augmented data,
specifically the hurdle model and the zero-inflated model. The application of the referred
models surpassed the generalized linear models, being the hurdle model the best one based on
the Akaike Information Criterion (AIC).

With only 6.3% of the data being non-zero, Kim & Cho (2021) also used a model built on
the Zero-Inflated Model to study the origin-destination pairs of the BSS of Seoul in South
Korea, once the data were zero-inflated. The Zero-Inflated Model developed here is a negative
binomial constituted of a zero-inflated binary logit regression aiming to classify zero counts
and a negative binomial model to manage the non-zero outcomes (Kim & Cho, 2021). However,
it is important to note that not all studies (Ashqar et al., 2021) at the station level are faced with
the problem of excess zeros, although they also need to use count models to make predictions.

When investigating the frequency of e-bike trips, Xu & Wang (2019) resorted to the
Bayesian zero-inflated with a random effect modeling method to understand the variables
contributing to e-bike trip frequency. The authors claim that the frequency count of the e-bike
trips is inflated by zeros. Earlier studies suggested that zero-inflated models can be used to solve
the presented situation of zero-inflated counting, once typical Poisson and negative binomial
cannot fit the data (Xu & Wang, 2019). In addition, the results state that the likelihood of ratio

test, a test to compare the goodness of fit of two nested regression models, shows that the
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random effects significantly increase zero-inflated model fitness in indicating whether a person
will use an e-bike (Xu & Wang, 2019).

Other authors (K. Wang et al., 2018) also used zero-inflated negative binominal models
applied to different issues related to BSS. In this specific case, the goal was to estimate hourly
trips for five age cohorts: younger millennials, mid millennials, older millennials, Generation
Xers and Baby Boomers. The authors emphasize that the excess of zero in the frequency of
trips is generated by processes inherent to human activity, such as, for example, not using
bicycles at dawn or on days with fog and rain, and the zero counts that arise through to BSS
infrastructure issues (K. Wang et al., 2018). The models developed include two components:
the first for counting the frequency and the second one given by a probabilistic part dedicated
to dealing with the zero use of bicycles, considering the impacts of time and weather. After
analyzing the over-dispersion parameters, likelihood ratio test and Vuong Test, they concluded
that zero-inflated negative binomial model could better estimate hourly trips for the five age
cohorts (K. Wang et al., 2018).

Other authors (Soheil et al., 2020) also, facing the need to deal with a considerable number
of zeros, chose to use generalized extreme value (GEV) count models instead of using zero-
inflated or hurdle models. They argue that inflated frameworks models have a complex
structural model that is difficult to estimate in general, especially when it is necessary to deal
with other excesses, such as excess counts of ones, twos, and threes (Soheil et al., 2020).
Through this study, it was possible to predict, with some success, the arrivals, and departures
in an aggregated way, that is, for the entire bike-sharing system, but also in a disaggregated
way, that is, for each of the bike racks (Soheil et al., 2020).

The literature on BSS is expanding, and considerable efforts have been made on one of the
key issues of these systems: the need for an effective rebalancing of bicycles, providing users
with the permanent possibility of starting a journey. However, as it was possible to verify
throughout this literature review, in view of the organic flow of bicycle trips, it is difficult to
guarantee that there are always bicycles available at all bicycle stations at a given time. For this
problem, there have been repeated and diverse ways of forecasting demand and rebalancing the
bicycles across the BSS stations. But while efforts continue to be undertaken to rebalance the
bikes, users, when faced with empty bike racks, still have no information of any kind about
when it will be possible to go on aride.

A way to bridge this gap is by informing the user if bicycles are expected to arrive at a
given station in the next few minutes. Nevertheless, the count of bicycles arriving at the stations

has a zero-inflated distribution, which makes it difficult to predict how many bicycles will

11



arrive. Given these two gaps, it was intended to predict how many bicycles will arrive, for each
of the stations and to examine whether it is possible to obtain more satisfactory results by

addressing this question through ZIR.
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CHAPTER 3
Methodology and Results

In order to understand whether it is possible, through zero-inflated data science techniques, to
predict the arrival of bikes to a BSS station, the Cross Industry Standard Process for Data
Mining (CRISP-DM) methodology was applied. This methodology consists of a set of good
practices, divided into six main steps: (i) Domain understanding; (ii) Data Understanding; (iii)
Data Preparation; (iv) Modeling; (v) Evaluation; (vi) Deployment.

The CRISP-DM procedural model will help explore how data science techniques can
inform the user if there is no bicycle available at a particular station and whether or not a bicycle

will arrive in a specific time window, thus helping in improving the user experience.

3.1. Domain Understanding

Through the Systematic Review of the Literature, one learned that shared bicycle systems
have been growing and consolidating themselves as complementary and essential transport
modality in urban centers worldwide. However, for the proper functioning of these systems,
several problems need to be dealt with efficiently, such as, the lack of organic balance in the
distribution of bicycles in the stations to ensure availability. Nevertheless, in addition to the
issue of redistribution of bicycles, an issue that has received due attention in the literature, other
problems have not been widely addressed such as the lack of communication with the end user
about whether a bicycle will be arriving at a given station or not. In this way, it is important to
study whether it is possible, through zero-inflated data science techniques, to predict the arrival
of a bike to a BSS station in the next few minutes.

This is a frequent question., precisely because of the lack of effective balancing, or even
the overload of the system, stations often do not have any bicycles available, which prevents
the user from starting a trip. However, the cyclist's experience could be improved if he had
information about the bicycle’s probable arrival time at that station. Empowering the end user
with this information the cyclist has satisfactory conditions to assess whether it is worth waiting
for the arrival of a bicycle at the station, or if it is better to travel in another way.

Similarly, information about when it will be possible to start a new journey is quite

common in different schedule-based types of transport, such as public buses, trains, boats, and
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many others. Supplying information if it will be possible to start a bicycle journey - not only
improves the user experience by ensuring predictability of the service status - but also brings
Bicycle Share Services closer to more traditional means of transport in the sense of it being
viewed as a mobility solution.

To bridge this gap in the literature, the goal of this work is to develop, from the cyclist's
perspective, a proof of concept on the feasibility of informing the user about the possibility of
starting a trip in a pre-defined time interval. Along these lines, it is intended to predict, for each
station, whether a bicycle will arrive soon. If the forecast is positive, that is, if the model predicts
that bicycles will arrive in in a while, it is also important to approximate how many bicycles
will arrive. To achieve this aim, the technical goal of this work is to develop a predictive model
to understand whether it is possible to predict the arrival of a bike to a BSS station in the next
60 minutes and to provide that information to the cyclist. If the indicator that a new bike will

arrive is positive, it is still essential to predict how many bikes will arrive.

3.2.  Data Understanding

The data analyzed in this study is the integration of three distinct datasets. The first one, which
is the fundamental database, has the records of all trips that took place in the year 2021. A
second database, also from Metro Bike Share System, is analyzed, but it holds descriptive
information about each of the bicycle docks in the system, so it is essential to understand the
properties of these docks, such as where they are located and how many there are. Additionally,
meteorological data are analyzed and joined with the other two mentioned above, in order to
hypothesize that exogenous variables can improve the understanding of the original data and

provide better predictions.

3.2.1. Los Angeles Metro Bike Share System Exploratory Data Analysis
This work uses an open-source data from the Metro Bike Share System, a BSS in the
metropolitan area of Los Angeles, California, USA.

The data with travel information were extracted from the Metro Bike System website®,
where datasets grouped quarterly with data from all trips that took place in 2021 are available.
In this work, data from all the quarters of 2021 were extracted to be further analyzed, totaling
12 months of observations and fifteen variables.

The fifteen variables of this dataset are:
e trip_id: Locally unique integer that identifies the trip;

3 https://bikeshare.metro.net/
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e duration: Length of trip in minutes;

e start_time: The date/time when the trip began, presented in ISO 8601 format in
local time;

e end_time: The date/time when the trip ended, presented in ISO 8601 format in
local time;

e start_station: The station ID where the trip originated (for station name and
more information on each station see the Station Table);

e start_lat: The latitude of the station where the trip originated,;

e start_lon: The longitude of the station where the trip originated,;

e end_station: The station ID where the trip terminated (for station name and
more information on each station see the Station Table);
end_lat: The latitude of the station where the trip terminated;
end_lon: The longitude of the station where the trip terminated;
bike_id: Locally unique integer that identifies the bike;
plan_duration: The number of days that the plan the passholder is using entitles
them to ride; O is used for a single ride plan (Walk-up);

e trip_route_category: "Round Trip" for trips starting and ending at the same
station or "One Way" for all other trips;

e passholder_type: The name of the passholder's plan;

e bike_type: The kind of bike used on the trip, including standard pedal-powered
bikes, electric assist bikes, or smart bikes;

The work was developed iteratively, and it was noticed that the computer processing power
would have a high cost, therefore, would be necessary for high RAM abilities. This way, the
Google Colab Pro+ license was used, in which 52GB of RAM was made available. These
settings, however, were not enough for the study to be conducted with all the data available on
the the Metro Bike Share System website; for this reason, only data from 2021 is used, which
stands for 220.997 rows.

To get to know the data and its variables better, Exploratory Data Analysis (EDA) is carried
out to discover patterns, detect anomalies, and verify assumptions. The analysis process was
started by checking the completeness of the columns and if there were missing data, which
would need to be handled. Missing data was detected in the following columns: start lat,
start_lon, end_lat, end_lon, start station name and end station name. These last two columns
were excluded from the travel log dataset as they were not common to all quarterly files. The
treatment of other cases of missing data will be detailed in the following. When checking for
duplicate trips based on trip ID, 17880 duplicate records were found. As duplicate data
interferes with the EDA process, all duplicates were removed.

Next, the variables day of week, start month, start year, start date, end_date,

start_hour, end_hour, start_minute, end_minute, business_day, season, and time_period were
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created from the existing variables. The creation of these variables is important because it eases
the exploratory data analysis process, since it provides greater interpretability, and later, they
may have a better predictive capacity about the variables from which they originated.

It was initially observed that, on average, during the year 2021, 556.46 trips took place per
day. However, it is possible to observe in Figure 3.1, that there are sinuous movements
concerning the number of trips that took place throughout the year. In October, for example,
there was an abnormal peak in demand, so it is crucial to investigate whether it is possible to

detect any explanation for this high demand and for the other patterns detected.
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Figure 3.1 - Number of Trips per Day

When analyzing the boxplots of trips by month in Figure 3.2, it is possible to see an increase
in the counts during the mid-year months. Attention is drawn to the high peak of trips that occur
in October, but this is explained by the fact that CicLAvia—Heart of LA took place in that month,
an event promoted by Metro in which the streets are closed to traffic and bikes ride is for free.
On the other hand, the month in which there were fewer trips was December, particularly
around the Christmas and New Year celebration dates.

Boxplots of Trip Counts Per Month
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Figure 3.2 - Boxplots of trip Counts Per Month
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To have a first idea about the characteristics of the data, descriptive statistics measures
were calculated to understand each variable better. Through the analysis of these statistics, it
was possible to notice, for example, that the duration variable has an average value far from the

maximum value, so a closer look at this variable is important, as can be seen in Figure 3.3.
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Figure 3.3 - Duration analysis

The high frequency of trips lasting more than 90 minutes is explained by the fact that, for
all trips with technical problems, the system often does not compute the real end time of the
trip so long trips may be the result of a system or user error.

Based on the geographic coordinates of the start and end stations of the trip, it was possible
to calculate, through the Haversine Distance Formula - the distance between two points on a
sphere - the angular distance between the start and end stations. In Figure 3.4 it is possible to

see the distribution of trips by distance.
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Figure 3.4 - Number of Trips by Distance in Kilometres

Note that as this feature is created based on the start and end stations and it is not intended
to measure the distance cycled by an end-user, but the direct distance between the start and end
of the trip, which in some cases may inform whether a cyclist has traveled to a near or a far
station. Trips that start and end at the same point have a distance equal to 0, since it is impossible
to associate any distance to that trip through the available data.

Through the Figure 3.5 it is possible to observe that the demand for bicycles has an
increasing trend throughout the day. The demand starts to grow early in the morning and reaches
its peak at 17:00, after which the demand drops dramatically. However, when analyzing the
stratification for business days and non-business days, it is possible to conclude that demand is
lower on non-business days and that the demand curve is flatter, which means that demand is

more distributed throughout the day.
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Figure 3.5 - Count of Trips by Hour
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Before continuing to the subsequent analyses, it was decided to remove the remaining
missing values, since these values reduce the statistical power and the next steps of the analysis

require no missing values.

3.2.2. Stations Overview
In addition to the database with travel information, the database with details from all stations
was also used and joined to the trip dataset to have more descriptive information on start and

end locations.The four variables of this dataset are:

e Station ID: Unique integer that identifies the station (this is the same ID used
in the Trips and Station Status data)

e Station Name: The public name of the station. Staff uses “Virtual Stations” to
check in or out a bike remotely for a special event or in a situation in which a bike could
not otherwise be checked in or out to a station.

e Go live date: The date that the station was first available

¢ Region: The municipality or area where a station is located

e Status: "Active" for stations available or "Inactive" for stations that are not
available as of the latest update

In the dataset with travel records for the year 2021, 217 stations were spread over three

distinct regions: Downtown LA, Westside, and North Hollywood, as seen in Figure 3.6.
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Figure 3.6 - Location of stations in the city of Los Angeles

It is worth noting, through figure 3.7, that even though not substantially different, the bike
stations with the most demand for a start-trip vary between non-business days and business

days.
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Figure 3.7 - Heatmap comparing bike demand on business days and non-business days

Regardless of whether it is on a business day or not, the stations in the downtown area are
the most demanded. However, it is possible to note that there is a variation in the stations that
are the most popular in Downtown Los Angeles depending on whether it is a business day or
not. As far as West Los Angeles is concerned, demand in this region increases during non-
business days, which may be explained by the proximity to beaches and other leisure areas.
However, to confirm this, it would be necessary to develop a study of the points of interest in
the city of Los Angeles and how the activities of these points impact travel demand

During the analysis of the stations, it was observed that the popularity of the stations has a
standard deviation of approximately 982.54, which means that the count of trips that starts in
each station is not homogeneous, thus being dispersed from the average value 808.7. That said,
it was found that the least popular bicycle station to start a trip during the year 2021 - Universal
City station presented only four trip starts. The most popular station - Ocean Front Walk &
Navy - presented 7836 trip starts. The frequency of departure in these two stations has a
difference of 199.796%.

3.2.3. Adding Context Awareness: Weather Data
To add context awareness to this study, data from other sources were further combined in order
to expand the scope and interpretative character of the analysis. Several other context
information could have been integrated here, such as: real-time traffic information, data from
episodic social gathering events happening in the city, and other situations that affect, in one
way or another, how people travel. Nevertheless, for lack of resources, this work focuses solely

on meteorological data combined with the travel dataset presented before.
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The meteorological data were purchased through the Open Weather Map website*, which
offers a product called History Bulk, allowing the extraction of hourly historical weather data
for over 40 years for any chosen location or pair of coordinates. It includes fifteen weather
parameters represented in twenty-six variables. In this sense, History weather bulk for Los
Angeles from January 01, 2016, until March 21, 2022, was obtained.

The twenty-six variables obtained are:

e city_name: City name

e lat: Geographical coordinates of the location (latitude)

¢ |on: Geographical coordinates of the location (longitude)

e main.temp: Temperature

e main.temp_min: Minimum temperature at the moment. This is deviation from
temperature that is possible for large cities and megalopolises geographically expanded
(use these parameters optionally).

e main.temp_max: Maximum temperature at the moment. This is deviation from
temperature that is possible for large cities and megalopolises geographically expanded
(use these parameters optionally).

e main.feels_like: This temperature parameter accounts for the human perception
of weather

e main.pressure: Atmospheric pressure (on the sea level), hPa

e main.humidity: Humidity, %

e main.dew_point: Atmospheric temperature (varying according to pressure and
humidity) below which water droplets begin to condense and dew can form. Units —
default: kelvin

e wind.speed: Wind speed. Units — default: meter/sec

e wind.deg: Wind direction, degrees (meteorological)

e wind.gust: Wind gust. Units — default: meter/sec

e clouds.all: Cloudiness, %

e rain.lh: Rain volume for the last hour, mm

¢ rain.3h: Rain volume for the last 3 hours, mm

e snow.1lh: Snow volume for the last hour, mm (in liquid state)

e snow.3h: Snow volume for the last 3 hours, mm (in liquid state)

e weather.id: Weather condition id

e weather.main: Group of weather parameters (Rain, Snow, Extreme etc.)

o weather.description: Weather condition within the group

e weather.icon: Weather icon id

o visibility: Average visibility, metres. The maximum value of visibility is 10km

e dt: Time of data calculation, unix, UTC

e dt_iso: Date and time in UTC format

e timezone: Shift in seconds from UTC

4 https://openweathermap.org/
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Another crucial step in this study is the process of adding context awareness to the trip data,
making it possible to understand how external factors affect the observed trips. For this work,
the focus will solely be meteorological data, as these are easy to obtain and seems to have a
profound impact on travel frequency, hence, they are candidates to be good predictors for the
count variable (B. Chen et al., 2013; Lucas & Andrade, 2021). It is emphasized, however, that
the combination of data from multiple sources can be a factor capable of enriching the
predictive models; for this reason, several other types of external data could be combined here
to assess this increase in the quality of forecasts, as highlighted in the literature review
(Cerqueira et al., 2021).

After reading the CSV file, procedures to transform the date format were applied so that it
was possible to integrate the hourly weather data with the corresponding date and time in the
trip records data frame. Then, variables whose values do not vary or data were unavailable were
excluded, since the lack of assigned values and variables with only one frequency, do not bring
relevant information in the forecasting aspect. The list of the excluded variables is the
following: snow_1h, snow_3h, grnd_level, sea level, city_name, lat, lon, weather_icon, dt,
dt_iso.

All sets of data were merged into one. After merging, it was necessary to assign values
equal to zero for situations where NA (not a number) was present in the variables rain_1h,
rain_3h and wind_gust, because in this specific case, the NA represented that no rain or gust
had been observed.

As one can see in Figure 3.8, most trips took place when the sky was clear. However, there
were also many trips when it was cloudy and with dry fog.
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Figure 3.8 - Number of Trips by Weather
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Regarding the temperature at which the trips took place, most trips occurred when the
temperature was between 15 and 20 degrees. However, it is possible to observe, through figure
3.9, that some trips also took place when the temperature was extreme, that is, close to 5 degrees

or close to 35 degrees.
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Figure 3.9 - Number of Trips by Temperature (Celsius)

3.3.  Data Preparation

In this step, the goal was to fix anomalies and prepare the data for developing a prediction
model. Thus, the aim is to transform and adjust the input data so that it is possible to have a
high-quality and adequate dataset to use in training the model.

Metro Bike Share highlights that a virtual station is used “by staff to check in or check
out a bike remotely for a special event or in a situation in which a bike could not otherwise be
checked in or out to a station” (Metro Bike Share, 2022). Thus, all trips that started or ended at
the virtual station were excluded from the records once it was intended to analyze the trips that
took place in an organic way.

As expected, due to the previous descriptive analysis of the variables observed during the
data understanding, through the Interquartile Range Rule (IQR) relating the box plot presented
in Figure 3.3, it was possible to confirm that the duration variable presents a huge number of

outliers that it was decided to remove, as shown in figure 3.10.

23
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50000 50000

40000 40000

ips

30000 30000

Number of Tr
Number of Trips

20000 20000

10000 10000

5min 10 min 20 min 30 min 45 min 60 min 90 min Longer Y 5min 10 min 20 min 30 min 45 min 60 min 90 min Longer
Duration in minutes Duration in minutes

Figure 3.10 - Comparison of trip duration data with and without outliers.

3.3.1. Establishing relevant time intervals
This step in the Data Preparation is dedicated to creating the data structure that will be used in
the forecasting models. The focus of this work is to give some predictability to the cyclists
about how the situation of not having any bicycles in each station would evolve. Initially, it was
thought that supplying a forecast of how many bicycles would arrive at a given station in a 10-
minute interval would be a practical choice, as, in comparison with other more traditional means
of transport, such as bus, subway, and train, 10-minutes intervals are in general an acceptable
waiting time till the transport arrives. However, there is a trade-off when it comes to setting up
these time intervals. The smaller the time interval, the greater the volume of data, in view of
the resampling to be performed. In other words, using 10-minutes intervals requires a higher
computational capacity than a 60-interval window. In addition to these difficulties, by using a
shorter time interval, the complexity of the modeling process increases substantially. Therefore,
as the objective is to provide the user with information about whether it will be possible to start
a trip, in the next few minutes and verify if the Zero-Inflated Model can predict whether new
bicycles will arrive at a given station, the 60-minute interval will be used, which means that the
constructed analysis works as a proof of concept in order to verify how many bicycles will
arrive the next hour.

To make this forecast available based on 60-minute intervals, resampling will be necessary
since the data are not available at the same frequency in which predictions are intended. As
seen in Figure 3.11, each row of the original dataset represents an individual trip. The following
procedures were followed: (i) change in the frequency of the observations into 60-minutes
intervals; (ii) create a new column called “count” to count how how many trips took place in

each of the 60-minute interval.
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Original Data Structure

Date Index Station Index X1 X2 X3
2021-01-0113:30:00 Station_1
2021-01-0113:34:00 Station_1
2021-01-0114:23:00 Station_1

Data Structure After Resampling at 60-minutes Intervals

Date Index Station Index X1 X2 X3 count
2021-01-0113:00:00 Station_1 2
2021-01-01 14:00:00 Station_1 1
2021-01-01 15:00:00 Station_1 0

Legend:
‘ INDEX ‘ FEATURES || COUNT THE VALUES OF INDEXES FALLING INTO A BIN. |

Figure 3.11- Change in data structure after resampling process (author's elaboration)

With this grouping, individual characteristics of the trips had to be disregarded, such as the
indication whether the bicycle used in the trip is electric or mechanical, what type of contract
the cyclist has with the Metro Bike Share System, if the trip is round-trip or one-way and all
the characteristics that are related to the beginning of the trip,. Since the objective is to analyze
the frequency with which bicycles arrive, regardless of which station they departed from, the
departure station and the attributes that detail the beginning of the trip or the client are irrelevant.

On the other hand, the grouping was created according to the station where the bicycle was
delivered and when it was delivered. Since the stations started working on different dates, the
resampling process must be done individually for each one of the stations.

Another particularly crucial point is that, during the resampling, there are intervals in which
no trips arrived, meaning the count for these intervals will be equal to zero. Since these intervals
are more frequent that the intervals in which a bicycle arrived, the resampling process inflates
the count variable with zeros, gaining a new characteristic: is zero-inflated, which means that
the frequency of zeros is excessively high compared to the frequency of other values.

During the resampling process, variables such as Distance_ KM and duration, as they are
features that describe the trip, were also aggregated. Thus, selecting a summary statistic to
calculate the new aggregated values is necessary. The average Distance_KM and duration for
the trips that occurred in the respective interval was assigned to each of the grouped rows.

It was also necessary to assign values equal to zero for the distance and duration in the
cases of intervals where no trip was observed, since, when resampling, these variables had

unassigned values, because there were no observations to perform the average.
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As the objective is to predict how many bicycles will arrive in the next 60 minutes, it was
necessary to create a new target column, called next_count, which, as the name implies, is the
result of shifting the newly created count variable so that the y of a given row is the count of
bicycles that arrived in the subsequent 60 minutes, defining this way the target variable of this

study.

3.3.2. Feature Selection
This step is dedicated to the process of selecting variables that are relevant to the development
of the model. The selection of variables aims to, through statistical tests, to select only those
variables with the ability to predict the target variable.
This process began by transforming string variables into categorical ones so that it was possible

to study the correlation between them, as seen in Figure 3.12.
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Figure 3.12 -Correlation Heatmap
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Firstly, it was found that visibility has a high degree of correlation with the
weather_main_cat variable. However, the visibility variable presents null values preventing its
use in the following processes. Furthermore, as the correlation between these two variables
shows a value between moderate and high, it was decided to exclude the visibility variable to
the detriment of dropping rows with NA values. As several other variables present high
correlation values it was defined that, for each pair of features correlated by a value greater than
80%, the variable with the lowest correlation with the target variable should be eliminated. By
applying this logic, three variables were eliminated: temp_min, temp_max and temp.

In addition to the study of correlation, which is always applied to a pair of variables, it is
also interesting to conduct the study of multicollinearity, which is the verification whether there
is a linear relationship between three or more independent variables, even if no pair of variables
has a high correlation. Detecting multicollinearity is important because it reduces the statistical
significance of the independent variables. The Variance Inflation Factor (VIF), a measure of
the amount of multicollinearity, was calculated However, when calculating the VIF for each of
the features, a threshold must be set to select the variables according to the value of the VIF.
And the question that arises here is the following: what is the best threshold value of VIF? Some
authors argue that a VIF of 2.5 or more can already indicate considerable collinearity (Johnston
et al., 2018); other scholars are more tolerant and would consider using a VIF lower than 10
(Allison1999, p. 142 apud Johnston et al., 2018). As a measure of balance, variables presenting

VIF lower than 5 in the Table 2 were selected for the modeling step.

Table 2 - Features and their respective variance inflation factor (VIF)

VIF VALUE FEATURE NAME
1.077 rain_3h
1.108 wind_gust
1.284 rain_1h
1.473 End_Station_Region_cat
2.045 Distance_ KM
2.332 count
2.513 clouds_all
2.545 wind_deg
2.840 duration
3.144 wind_speed
3.152 time_period_cat
3.580 weather_main_cat
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5.005 end_month

7.017 day of week_cat
7.095 business_day
12.337 season
17.744 weather_description_cat
83.529 dew_point
184.818 feels_like
239.409 humidity
744.060 timezone
1226.982 pressure

3.3.3. Preparation for Zero-Inflated Framework
This study aimed to predict how many bikes would arrive at a given station using zero-inflated
techniques. Zero-Inflated Models are considered metamodels as they depend on other
estimators to make predictions. The Zero-Inflated Model is a meta-regressor for zero-inflated
datasets, that is, when the target variables have a lot of zeroes and two tasks must be performed:
classification and regression. The classification task aims to classify a binary variable, in this
case, are bikes arriving in the next 60 minutes or not. The regression tasks deal with all non-
zero values predictions and are to be used only after the classifier determines that the predicted
value is not a zero. In summary, a Zero-Inflated Model first classifies whether the output is
zero. If yes, then it outputs zero. Otherwise, the regressor goes into action, performs its
prediction, and then outputs it.

Hence, it is necessary to arrange the data of this work in a data structure based on a time
series, so that features that characterize past trips contribute to the prediction of future bicycle
counts arriving at a station. It is important to note that the Zero-Inflated Model regression task,
in the context of the scikit-lego library, technically requires it to be a regressor of the scikit-
learn library. In short, by arranging the dataframe in a time series structure and treating the goal
of this work as a supervised learning problem, it will be possible for the time series prediction

to be performed within the scope of the Zero-Inflated Model regression task.

3.4. Modeling

As previously referred, the goal of the modeling step is to develop and fit a model capable of
predicting how many bicycles will arrive in the next 60 minutes at a given station using the data
prepared in the previous steps. It is important to note that since it is intended to make forecasts
individually for each bike rack, the modeling process is applied separately for each one of the
stations, considering that, since behaviors are different between the stations, there is a different
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time series for each one. The modeling process consists of the following four steps (Figure
3.13), which are triggered apart for each of the bike stations in a for-loop statement:

1 -Generate Test

. 2 - Scaling 3 - Build Model 4 - Assess Model
Design

Figure 3.13 - Modelling Process Steps

During the first step of the modeling process consists in the generation of the test design:
the division of the data set into a training and test set, where the former will be used to train the
model, and the latter used to test whether the training was successful. Since the data in this
study are time series it is mandatory to have samples that are observed at fixed time intervals,
TimeSeriesSplit function, a time series cross-validator from Sklearn, is implemented to split the
data set into training set and testing set while maintaining data continuity and, in parallel, carry
out a walk-forward cross-validation behavior. Still, it is important to define the sample size
used in the training set. If not indicated otherwise, the training set will automatically consist of
the number of samples divided by the number of splits + 1. Therefore, all models will be trained
with five different train-and-test designs to find the optimal split size: (i) 90%-10%, (ii) 85%-
15%, (iii) 80%-20%, (iv) 75%-25% and (v) 70%-30%.

During the second step, called scaling, to make it easier for a model to learn and understand
the problem, the values of each one of the features were scaled. The third step, where the model
is built, is intended to define the model algorithm and its parameters and describe the model to
guarantee that the results can be interpreted. The last step is the one that evaluates the model.
Depending on the evaluation results, the parameters are reconfigured (in step three) to improve
the model's performance.

By implementing these steps individually for each of the stations, each one will have its
own prediction model, in which the learning process will consider its particularities.
Furthermore, as information on how the situation on bicycle arrivals will be given at the station
level, it is important to understand the intrinsic patterns of bicycle racks in order to create
models capable of generalizing the specific activity of each one. The aim is to create models
and progressively increase their complexity. In this sense, the following models were built
within the Zero-Inflated Model framework, which, as mentioned before, performs a

classification and a regression task.
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3.4.1. Zero-Inflated Regression Models
The ZIR Models were built considering only the variables that have a VIF lower than 5,
calculated after eliminating highly correlated variables; each model was cross validated five
times. In order to reduce the complexity and to develop a proof-of-concept of this methodology,
the models presented in the Table 3 were built considering only the North Hollywood region of
the City of Los Angeles. It should also be noted that the models were developed considering

the default configuration of their hyperparameters.

Table 3 - ZIR models

MODEL # CLASSIFIER REGRESSOR
ZIR1 Decision Tree Decision Tree
ZIR1.2 Decision Tree (Ada Boost) Decision Tree
ZIR 2 Random Forest Random Forest
ZIR 3 Extra Trees Extra Trees
ZIR 4 Gradient Boosting Gradient Boosting
ZIR5 Gaussian Naive Bayes Gradient Boosting

The first model developed in the Zero-Inflated Model is the ZIR 1 model, which is based
on the Decision Tree algorithm. The models developed based on decision tree algorithms set
up decision nodes that are related to each other by a hierarchy composed of the first node of the
tree, which is the root node (represented by the features of the dataset) and leaf nodes, which
are the results that the model generates. Additionally, a variation of ZIR 1 was built, the model
ZIR1.2, an Ada Boost algorithm based on Decision Trees, which is an algorithm that builds a
model using training data and builds the second model to correct the error that occurs in the
first model, boosting the classifier (Choudhary & Narayan Singh, 2020).

After constructing the ZIR 1 and the variant with the AdaBoost model, it was decided to
develop the ZIR 2 model based on Random Forest. This approach is designed following the
logic that a single decision tree, done in the ZIR 1 model, may not be enough to produce
satisfactory results, so the random forest algorithm will be implemented, since it combines the
result of several trees created randomly, to output the result. In other words, random forests are
a collection of decision trees, which are integrated into a single final result. Another expected
benefit of ZIR 2 compared to ZIR 1 is that as random forests, compared to decision trees, use
multiple trees and each tree is differently composed, so the chance of overfitting decreases,
which is a significant improvement, considering that one of the main disadvantages of the

decision tree is precisely its prone to overfit (Jun, 2021).
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An important attribute of the models built based on the random forest algorithm is that
these models, in their default settings, use a sampling process called bootstrap to build each of
the trees. The Bootstrapping process reduces the variance of the prediction as it randomly
chooses which data each tree will use from the training dataset. That is, in a dataset composed
of distinctive features, the ZIR 2 model will sample subsets of observations with different
features of the dataset. A decision tree is built on this subset (Jun, 2021).

However, it is important to observe how a forest of trees would behave using the whole
original sample to construct each tree, so the ZIR 3 model, based on Extra Trees, is developed.
Like Random Forest models, Extra Trees models also build several trees (a forest) to make
predictions (Geurts et al., 2006). However, models based on Extra Trees, in addition to not
doing bootstrapping, divide the node randomly, and the random forests calculate what would
be the best division to be performed before dividing a node. Given these two characteristics of
models based on Extra Trees, one expects that the ZIR 3 model will have a lower bias, since
the entire data set will be used to construct a tree, however, it is also expected that the ZIR 3
model will reduce variance, as the node split point will be selected randomly (Geurts et al.,
2006).

Both Random Trees and Extra trees models build their forests through independent trees,
so the strengths and weaknesses of each of these trees are not analyzed. In this sense, to try to
minimize the deficiencies of each of these trees, the ZIR 4 model was developed based on
Gradient Boosting algorithm. In other words, unlike the forests developed in the ZIR 4 and ZIR
3 models, the ZIR 4 collaboratively builds the forest, that is, trees are gradually created to
populate the forest, however each tree is designed to improve the existing weaknesses in the
forest, in order to drive improvements concerning to the deficiencies of the trees that were
produced previously. That process reduces the gradient of the loss function and therefore, it is
expected that this method will yield better results than the previous models (Jun, 2021).
although it is more prone to overfitting than models relying on Random Forest, for instance.

In light of the fact that the Naive Bayes algorithm is one of the most efficient and effective
for solving machine learning classification problems (H. Zhang, 2004), ZIR 5 was developed
because it is an easy-to-implement algorithm with competitive results compared to more
complex machine learning models. Additionally, this algorithm is known to have a speedy
training process (H. Zhang, 2004). However, although it is a reputable classifier, Naive Bayes
is not a good estimator (H. Zhang, 2004), so the regression task for the ZIR 5 Model is based

on Gradient Boosting. That said, the ZIR 5 is a hybrid model that combines a classifier with a
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good reputation and a regressor with several strengths, as highlighted above, so satisfactory
results are expected from this combination expressed through the ZIR 5 model.

3.4.2. Zero-Inflated Regression Models built Without Success
For a Zero-Inflated Model to be successfully constructed, the classifier must be able to predict
that some training labels are non-zero. This prerequisite is essential for ZIR models to perform
their two tasks: classification and regression, as regression is only performed if the classification
predicts non-zero labels. In other words, if the classification task predicts that the training labels
are all zero, the regression task of a ZIR model will become obsolete, so the classifier must be
improved or changed for the regression to be workable.

It is worth noting that, during the modeling stage of this work, several classifiers were used
to build ZIR models, but many were unable to predict non-zero labels and, therefore, could not
be considered for comparison between ZIR models and plain regression models. This
comparison is important for this work, as it is a way to assess whether the Zero-Inflated Model
framework can more accurately predict whether a bicycle will arrive in the next 60 minutes.

ZIR models with the classification task based on Support Vector Machines (SVMs) had a
tough time doing non-zero classifications. When using the standard parameters of the SVM
classifiers, these models were not able to classify any non-zero label, so this algorithm, with its
default settings, was unsuccessful for this work. Nonetheless, when defining the regularization
parameter C with a remarkably high value, that is, above 230, and the gamma parameter, a
parameter that controls the influence of features on the decision boundary, above 5, the model
was able to classify labels different from zero. Assigning high values for the C parameter leads
to overfitting, resulting in low bias and high variance. Therefore, more careful analysis and a
thorough tuning process must be carried out, such that there is no overfitting (Ethridge et al.,
2010). Thus, the ZIR models that guide the classification task in the SVM algorithm will not
be considered for evaluation and comparison with the other ZIR models.

Like ZIR SVMs, Logistic Regression models within the ZIR framework was also unable
to perform non-zero classifications with its default settings, which means that the model is
obsolete, as it does not perform the regression task. Even after a hyper parameterization process,
the ZIR model based on logistic regression continued to classify all values as zero, so this
classifier also lacks a more careful tuning process that would make it comparable with other
models or to draw conclusions that this model is ineffective for the problem that this work

studies.
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As far as some other classification algorithms are concerned, such as k-nearest neighbors
vote, Gaussian Process Classification (GPC) based on Laplace approximation, Multi-layer
Perceptron and Quadratic Discriminant Analysis, there has been an attempt to implement them
as classifiers in the Zero-Inflated framework, but further analysis and development around the
sample weight argument is required to successfully fit the model. In other words, Sample
weight is an unexpected argument for the Zero-Inflated framework, so it was not possible to fit

the previously mentioned models.

3.5.  Evaluation

The objective of this section is to compare the performance of different models, more precisely
whether models were able to predict how many bicycles will arrive in the next 60 minutes for
each of the stations and to assess if models within the Zero-Inflated framework perform better

than a plain regression.

3.5.1. Evaluation Metrics
Root mean square error (RMSE) - as an evaluation metric, is often better at identifying
differences in the model performance since it gives higher weight to poor conditions(Chai &
Draxler, 2014). The lower the RMSE, the better a model fits a dataset (Amalia et al., 2021).

Understanding the RMSE metric is more straightforward since the error is presented in the
same unit as the response variable, because squared errors have units of their squared response,
and the square root of the squared error is also represented in the same unit as its response
(Kambezidis, 2012). In this study, since the response variable is the bike count arriving at a
station in the next 60 minutes, the RMSE stands for the error between the observed and
predicted bike count. In other words, if the RMSE is 0.5, for example, the forecast model is
miscounted by half a bicycle.

Of note, it is important to reinforce that, regardless of the choice of metric for evaluating
model performance, a single metric emphasizes only a certain aspect of the error characteristics,
so a combination of metrics, such as RMSE and mean absolute error (MAE), for example, is a
clever way to get a complete picture of how comparatively the models are performing.
Theoretically, the RMSE score will never be smaller than the MAE score. This is due to how
both metrics are calculated (Chai & Draxler, 2014). Moreover, a joint version of the two scores
would not reproduce an analytically meaningful result (Hodson, 2022).

MAE, as the name suggests, is the mean absolute error that the model's predictions have in

comparison with their corresponding actual observed values (Hodson, 2022). This means that
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the closer the MAE value is to zero, the better the model predictions are. Thus, the RMSE and
MAE metrics simultaneously will be used to evaluate whether the models built based on the
Zero-Inflated framework are more proper to answer how many bicycles will arrive in the next

60 minutes, if any.

3.5.2. How are RMSE and MAE computed?
As described earlier, there were five different training-test splits for all the models developed
in this work. Each training and test set created for every station was cross validated five times.
The score of each training-test split is the average value of the five cross validation interactions.

At this point, every station has five RMSE and five MAE computed, but it is necessary to
choose one score for each metric to make the comparison across the models easier. Thus, the
training-test split that resulted in the RMSE and MAE closest to zero, but greater than zero, is
chosen as the final score for a given station.

After the mentioned procedures, each station has only one score for the RMSE and only
one score for the MAE, so that the calculation of these metrics for the overall model gets
simpler. The global metrics of each of the forecast models are given by the average of the scores

of each of the stations. That is, each of the models has only one RMSE and one MAE.

3.5.3. Baseline
The evaluation process of the Zero-Inflated models developed in this work begins with defining
a baseline model. This is a reference model that will inform - before a detailed analysis of the
results - whether the objective of this work is being attained. The baseline model can thus be
depicted as a plain decision tree regressor, a decision tree model that was not built within the
Framework of the Zero-Inflated Model.

This baseline considered all the data preparation presented earlier and followed the entire

model building method as reported in the CRISP-DM modeling step.

3.5.4. Comparing the developed models
This section aims to assess whether, by framing the problem in the Framework of the Zero-
Inflated Model, it is possible to reduce the RMSE and MAE of the developed models. To
compare the performance of the Zero-Inflated Model framework - for the models developed
through this method - analogous models were also developed: Plain RF, which means Plain

Random Forest Regression and Plain GB, which means Plain Gradient Boosting Regression.
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Analog models are single regression models using the same regression algorithm that a ZIR
model was based on, but without being within the Zero-Inflated framework.
As shown in Figure 3.14, all ZIR models have a better performance, in terms of RMSE,

than the models not included in this framework, although they used the same regression
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Figure 3.14 - Average RMSE for each Model

The improvement observed in the ZIR models over the analogous regression models can
be explained by the classification task that the ZIR models conduct before carrying out the
regression assignment. By performing the classification task before starting the regression, the
classifier reduces the complexity of the task that the regressor must do, since the regression will
not need to deal with such an excessive number of zeroes.

In Table 4 it is possible to observe how much the ZIR models were able to minimize the
RMSE and MAE.

Table 4 - Models developed and their respective scores

MODEL # CLASSIFIER REGRESSOR X RMSE X MAE

BASELINE Plain Decision Tree Regressor 0.0777 0.0173

ZIR1 Decision Tree Decision Tree 0.0721 0.0068

ZIR1.2 Decision Tree Decision Tree 0.0701 0.0066
(Ada Boost)

PLAIN RF Plain Random Forest Regressor 0.0733 0.0177
ZIR 2 Random Forest ~ Random Forest 0.0669 0.0060
ZIR 3 Extra Trees Extra Trees 0.0686 0.0063

PLAIN GB Plain Gradient Boosting Regressor 0.0690 0.0182
ZIR 4 Gradient Gradient Boosting 0.0667 0.0061

Boosting
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ZIR5 Gaussian Naive Gradient Boosting 0.0693 0.0179
Bayes

In relation to the Baseline, the ZIR 1 model reduced the RMSE by 7.21%. When the Ada
Boost Algorithm (ZIR 1.2) is applied to the Decision Tree Classifier task, the reduction of the
RMSE over the baseline is approximately 9.78%. Regarding the models developed using the
Random Forest (RF) algorithm, ZIR 2 outperformed Plain RF by reducing the RMSE by 8.73%.
If the comparison is between ZIR 2 and the Baseline, the RMSE reduction reaches 13.90%. As
for the models based on Gradient Boosting, it is seen that the Model ZIR 4 also outperformed
its Plain version, although the reduction of the RMSE, in terms of percentage, was more modest
than the algorithms compared previously. Notwithstanding it is not such a significant difference
in terms of percentage, it was still possible to reduce the RMSE of Gradient Boosting by 3.33%
while framing it within the Zero-Inflated framework. Nonetheless, ZIR 4 has an RMSE 14.15%
lower than Baseline.

An explanation for why the difference between the RMSE for the Plain GB model and the
ZIR 4 model is not highly significant is that the Gradient Boosting algorithm is prone to overfit,
and the Plain GB Model used the parameters by default and therefore the number of trees added
to the model was not limited enough to prevent overfitting. However, such a hypothesis would
need to be confirmed through tuning, that is, selecting proper hyperparameters. The ZIR 5
model, on the other hand, performs 10.55% better than the baseline, however, when comparing
its performance to the Plain GB model, the ZIR 5 model, with its standard hyperparameters,
failed to reduce the RMSE.
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Figure 3.15 - Average MAE for each Model
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When comparing the models using MAE score, as seen in the Figure 3.15, the conclusion
iIs that the ZIR models outperform the plain regression models. For example, by comparing ZIR
1 model to the baseline, ZIR 1 has a 60.69% reduction in MAE score. The reduction in MAE
becomes even more remarkable when contrasting the performance of the ZIR Grandient
Boosting based model. There was a 66.48% reduction in the MAE of ZIR 4 over Plain GB.
Nevertheless, it is important to pay careful attention to the characteristics of the MAE and
RMSE before drawing any conclusions about the benefits of ZIR models over simple regression
models.

As mentioned earlier, RMSE penalizes outlier errors more strongly than MAE. That is,
when analyzing the performance of the models developed using MAE, it can be seen that the
simple regressions err at a much higher frequency than the ZIR models. On the other hand,
when analyzing the error of the models from the perspective of RMSE, it is observed that
although the plain regressions comment errors more frequently (conclusion drawn with MAE),
the magnitude of the error is similar in all models.

Once RMSE and MAE are averaged forms of the L2 norm and L1 norm, which are the
Euclidean and Manhattan distance, respectively (Hodson, 2022), RMSE ignores small errors
and amplifies large ones, while from MAE's perspective small errors have larger weight. To
illustrate this, a small error of predicting 0.5 instead of O is taken as an example, which from
the RMSE perspective, becomes a loss of 0.52, which is equal to a loss of 0.25. Whereas for the
MAE, the loss is 0.5, thus greater than the RMSE. In this regard, the evaluation that one makes
is that the errors that the plain regression model makes on the zeroes have a small distance from
the real counts. Moreover, plain regression models make this error much more frequently than
ZIR models. Hence, according to MAE, the ZIR models are incredibly better than the plain
regression models. Although even through the RMSE, the ZIR models also show an
improvement over the single regression models, even if the improvement is marginal in some
cases.

In this study, one sought to build forecasting models to predict whether a bicycle would
arrive at a given station in the next hour. Concomitantly with this goal, since the target variable
is predominantly equal to zero, the reasoning followed in this study was devoted to
understanding if models built within the Zero-Inflated Model framework are better at making
these kinds of predictions. One can conclude that for the models developed in this study, there
was a gain in prediction when developing such models in the Zero-Inflated framework. The

models that were able to make the best predictions are the ZIR Random Forest and ZIR Gradient
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Boosting based models, with an RMSE of 0.0669 and 0.0667 and an MAE of 0.0060 and
0.0061, respectively.
Still, it is recognized that there is much room for these predictions to be improved, such as

hyper parameterization of the models and new feature engineering processes.

3.6. Deployment

As a deployment suggestion, the implementation of the contributions of this study is primarily
aimed at improving the level of service delivery of bike-sharing systems at the user level. This
means that the forecasts made, although in need of improvement, should be integrated into the
application users use to check-in and check-out bicycles at the stations. Thus, if a user wants to
start a trip and there is no bike available, the cyclist can check if any bike is expected to arrive
in the next hour. With this integration, the value proposition of BSS would be enhanced, and
since such an implementation increases the predictability of when a user would be able to start
a trip, all the effort put into developing the model and implementing it is valuable. Some of the
more traditional means of transportation, such as the bus, subway, and train, already provide
ways to indicate and predict when a user will be able to continue their journey, so it is necessary
to bring BSS closer to these more traditional modalities to contribute to the adoption of this
sustainable transportation.

Monitoring and maintaining the deployed machine learning process is another very
important aspect. In this study, the models were built considering only the North Hollywood
bike stations, however, there are stations in other areas of the city, so a roll-out strategy needs
to be developed to integrate other areas in the city into the current system. However, since the
behavior patterns towards the stations are different, as new stations become part of the system,
adjustments to the current model should be made. This is a continuous process, as political,
economic, socio-cultural, and technological (PEST) aspects have a direct impact on how
services operate and how people conduct their daily activities, changing previously pre-

established patterns.
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CHAPTER 4
Conclusions

4.1. Concluding remarks

One has argued throughout this work on the need to develop ways to improve the service
provided by BSS from the end-user's perspective, filling a gap in the literature and providing
an unprecedented methodology to improve BSS service. It was seen through the literature
review that much of the knowledge produced is focused on service improvement more at the
operational level, such as the bicycle rebalancing process. However, since perfect rebalancing
still cannot be guaranteed across the entire BSS service, some bicycle stations will run out of
bicycles available for a user to start their trip at some point.

In this sense, as some of the researchers (Demidova et al., 2022) pointed out, one of the
impediments to greater adoption of bicycles as a common means of transportation in the daily
life of an urban population is precisely because of the lack of predictability of availability. This
study main goal was to the develop, from the cyclist’s perspective, a proof of concept on the
feasibility of informing the user about the possibility of starting a trip in a pre-defined time
interval by predicting whether bicycles will arrive at a given station. If affirmative, it was
important to predict how many bicycles will be arriving.

Additionally, it was intended to analyze whether a Zero-Inflated Regression (ZIR)
framework would be able to improve the forecast models developed. That said, one developed
plain regression models based on Decision Trees, Random Forest and Gradient Boosting, and
concomitantly, created new models based on these algorithms, but inserted them within the
Zero-Inflated Model framework with the objective of understanding if their performance would
improve when performing a classification task before regression. Besides these algorithms,
Decision Tree with Ada Boost, Extra Trees and Gaussian Naive Bayes models were also
developed in the Zero-Inflated framework.

The main contributions of this study are: (i) the ability to predict how many bicycles will
arrive at a given station is a feasible improvement for BSS, as the models developed throughout
this work are able to inform whether or not a bicycle will arrive at a station, thus proving that
this concept is a viable functionality for BSS; (ii) the models developed through the Zero-

Inflated Regression approach are a path that can be explored to improve prediction models
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applied to the BSS when there is a high frequency of zero counts, once ZIR models
outperformed the plain regressions models developed; (iii) unprecedented methodological
contribution to the literature on BSS focusing on the end-user's decision power about whether
or not it will soon be possible to start a trip. By proving that this concept is viable, this work
provides a novel solution in the sense that since it is not possible to guarantee that there will
always be bicycles available at a given station for a user to start a trip, it is important to provide
the user with information whether or not it will be possible to use the BSS soon by predicting
if bicycles will arrive at that station in the next few minutes.

Furthermore, this concept, of predicting whether a user will have bicycles available to
start a trip soon, is applicable and generalizable to any fixed docks BSS where data is available
on all trips arriving at each of the stations and there is a risk that there will be no bicycles
available to start a trip. However, improving predictions by means of ZIR models are applicable
only to systems where the bicycle count is zero-inflated, that is, the frequency of counting zeros
is excessively higher than the other values.

4.2.  Limitations and Future Research

It should be noted that this work focus was put on tree-based models’ implementation. When
looking at the performance of the models, the gain from fitting a tree model within the Zero-
Inflated framework is modest but still can represent gains of around 10%, in terms of RMSE,
for some of the tree-based algorithms discussed previously. Therefore, future research is needed
to evaluate the behaviour of other algorithms in the ZIR framework and compare them with
analogous plain regression models such as, among others, feedforward neural networks and
support vector machines (SVM). During this dissertation, there was an attempt to apply the
SVM machine learning technique, but due to the need to better investigate the
hyperparametrization of the model, it was decided to consider other models instead of SVMs.
Additionally, this work did not dedicate itself exhaustively to finding the best parameters for
each of the models developed, so this is also a gap to be fulfilled.

The meteorological variables proved to be of great importance in this study; it is enough to
observe the VIF they obtained before the construction of the forecast models to be clear that
they undeniably play a notorious role in the forecasts. In this sense, it is beneficial to trigger
specific studies with the aim of realizing that other exogenous variables can bring precious
information to improve the performance of the forecast models.

Furthermore, incorporating findings from land use and origin-destination studies into the

forecasting models of this work could also play a significant role in improving the performance
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of the models, as they could help to understand fluctuations in the patterns of travel destinations.
Therefore, there is plenty of room for new contributions in the BSS literature, regarding the
interest in informing the user about how the situation in the stations will evolve. With this, there
would be a greater chance of success for the development of bike station-based features.

Additionally, another variable that in the future could play a significant role in making
predictions of how many bicycles would arrive at a given station is a feature that indicates an
estimate based on transition probability, knowing the ongoing bicycle trips. Given all the
ongoing trips that have not yet ended, what is the probability that this trip will end at the station
where | want to predict how many bicycles will arrive?

Initially, this work created lags from the target variable to be used in the model, however,
an analysis to identify the optimal number of lags would be necessary to offer improvements to
the study carried out. In this sense, it was decided to build models without lag variables next,

since with the arbitrary numbers from 1 to 6 lags, no improvement was identified.
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