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Management Summary

Public transport gives much attention to environmental impact, costs and traveler
satisfaction. Good shetérm demand forecasting models can help improve these
performance indicators. It can help prevent denied boarding and overcrowding in
buses by detectg insufficient capacity beforehand. It could be used to operate
more economically by decreasing the frequency obtissize if there is

overcapacitylt could help operators plan their buses during incidental occasions
like big public events where lilinformation is knowrmnd it canihally be used

to reliably inform the travelers on the current crowdedness (Ohler et al., 2017; Van
Oort et al., 2015a; Pereira et al., 2015).

This study investigates the usefulness of a new data source; the usadgeadata o
trip plannerfor public transportin the Netherlands there are multiple planners
available to help find the most optimal (multimodafjvel advice These trip
planners require a dattime, an origin anda destinationpased on whickheyare
ableto construct multiple alternative journeys from which the user can chbose.
usage data of these planners could potentially be very insightfuhatimeresearch
guestiorthereforeis: Can one forecast shetérm ridership of buses using data
containing the consulted travel advices from a widely used trip planner for public

transport and what accuracy can one achieve in different scenarios?

Literature

During the literature review nosearch was found using trip planner usage data
for forecasting public transport demahtbwever, we found multiple factors which
are interesting to include. We will include factors from the groipmporal,

Demand characteristics, Weather, Event, Holida@Transit characteristics

Case study
For the study we used data of 20 lines (urban and regiopatated by Qbuzz in

GroningemandDrenthefor the first three months of 2017he time period is too

short to investigate holidayndlarge public everst

Data

For this study the data of 9292 was used. 9292 is one of the major trip planners in

the Netherlands and includes all public transport modes for the whole country. A
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regression analysis is used to determine the forecasting potential of tharriprmpl

usage data. This data is regressed towards smart card transaction data.

A few challenges had to be overcome in order to perform the study. Firstly, the
data that is logged by 9292 is not optimized to be used for forecasting demand: It is
unknown iftwo requests are made by the same person (viewing an alternative
journey plan is logged as a separate reqaest)here is no identifier for the bus
trip stored (onhaline number)lt is alsodifficult to match the trip planner trips
with bus trips, sine, over time, the 9292 private bus stops database evolved
differently and there is no information stored on the actual ddlagugh they are

used during the construction of the travel advices

Secondly, everyone has his own strategy (for different scenarios) in planning a
trip and will use the plannedifferently to fulfill his needs. The user interface
design and functionality of the trip planner influence this behavior and therefore
directly impact the usage data. Furthermore, it is unknown if a travel plan is made
for one person or for a group of people.

Methodology

We developed a model for forecasting the number of people boarding and a model
for forecasting the number of people alighting &ertain stop. These forecasts are
defined at the vehicistop level. By counting the number of people boarding and
subtracting the number of people alighting along the trip, the forecasted number of

passengers after a stop can be calculated (Ohler 20ar).

We compare five different machine learning models: multiple linear regression,
decision tree, random forests, neural networks and support vector regression with a
radial basis kernel (Zhang et al., 2017; James et al., 2013). We compare these
modeds with two simple rules: 1 predict the same number as last week, and 2
predict the historic average as number. The models are implemented in the Scikit
Learn library of Python (Pedregosa et al., 2Qdrid he data is stored in a
PostgresSQL database.

Thetrip planner datasets and smart card dataset are merged and preprocessed.
The resulted dataset is rather sparse; a lot of stops have zero passengers boarding or
alighting orare not requested in the trip planriEnerefore we investigated if
subsampling iseeded. From the datasets useful data is selected and features are
constructed. The features are standardized. Different number of features are tested,

these features are selected based on recursive elimination using a simple random
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forests model. Finallythe hyperparameters of the models are tuned and the optimal

configurations are stored. The scores are validated by using cross validation.

Results

We used the trips of one route during the morning peak to test our models. We
used different kind of dataartitions to train these models. All models are
constructed with a planning horizon of 15 minutes. In most cases the best
performing model used 20 features, the mmasm number that was allowed.

The random forests model predicted the number of peopleibgambst
accurate with a Root Mean Squared Error (RMSE) of 2.55 (R2 of 0.76). The
random forests model forecasted the number of people alighting most accurate as
well, with an RMSE of 2.20 (R2 of 0.76). The lower RMSE indicates that the
number of people mhting is more predictable. In both cases the best version of
the other models outperformed the forecasts of rule 1 and 2. It was discovered that
subsampling had a slight negative effect.

When combining the boarding and alighting model, random foregigsrdorms
the other machine learning models with an RMSE of 8.72. However, rule 2 has an
RMSE of 8.603. When looking at the percentage of trips correctly forecasted
within an absolute error of 5 passengers, rule 2 outperforms the random forests
model with84.08% against 58.9%. Thus, rule 2 outperforms the machine learning
models when it comes to forecasting the number of passengers. Combining the best
performing boarding and alighting model does not lead to the best forecast for the
number of passengers. Vfhlooking at the percentage of cormeaximum
number of passengepsedictions of trip§ the most important indicator for
adjusting the size of the busthe forecasts of rule 2 and the random forests model
severely underestimated (more than 10 pagssrigwer as the real value) the

maxmum number of passengds more than 27% of the trips.

The two most important features are the historical average of the number of
people boarding (or alighting) and the number of requests for the same line
aggregatd over a window of 3 hours. The first feature was included to give an
adequate baseline. The disaggregated version of the second feature is probably too
noisy and fluctuates too much. Aggregating this feature over time helps to reveal

the underlying trendhore reliably.
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Conclusion and recommendation

The trip planner usage data is an interesting source to detect the number of
additional people boarding or alighting. Especially since this process could be fully
automated. However, the different organizatisheuld adjust their data structures

in order to construct more useful features, do more valuable analysis and to

streamline the whole data preprocessing process of merging the different datasets.

Researchers could help this process by fudiegeloping these forecasting
models, testing more features and models, testing the models in different scenario's
and by researching models that forecast theimmax number of passengers using
a different method since combining the boarding and alightimdeirieads to
interference errors.
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1.1

Introduction

Research motivation

One of the main challenges in public transport is matching transport demand and
supply given budget constraints. A mismatch in demand and supply leads to
extended travel times, delays and less comfort in the-stront whh can have

effect on the mode choice in the letegm. Ohler, Krempels and Mébus (2017)

and Oort et al. (20Hp presentmultiple reasons why good demand forecasting is
important. For instance, forecasts can be used to allbuag=o prevent

cramming inbuseswvhich results in more favorable travel conditions for travelers.
By allocatingbusesvhere needed, no capacity will be wasted. Furthermore, this
will prevent delaysvhich are caused Bxtended alighting and boarding times
during peak demands. Monear, in the currenigh-techera, travelers expect

advanced accurate traffic information about expected arrival and departure times.

The fact that demand is fluctuating short term and long term, makes planning
for sufficient capacity a complex task. Fo@aenple,since travelers have different
habits and activities over space and time, their need for public transport varies and
is temporal and spatial dependent. Transit operators try to cope with fluctuations in
demand by updating their network and timetable designor two times a year.

These reparatiorts the bus schedulavolve high costs because osaowball

effect uporchanges to underlying operatiomsiring the year, some reinforcement
busesare available at all time to be assigned if needed. Howevaffiansnt

supply is often detected too late. Sometitinés results in measures taken by
traffic control, for example by sending (additional)ses If insufficient supply

could be forecasted, efficient matches in demand and supply could be realized.

This can also avoithconvenience for travelers.

To predict ridership and changes in demand, most operators do not have a
multimodal transport model that matches the level of detail of the public transport
operationsYan Oort et al., 2015b). Most operators sgeeadsheets with simple
rules instead of advanced traffic models. Over the last decade, a lot of research is
conducted to improve public transport usirarking data likeautomatic vehicle
location (AVL) dateof busessmart cardlata and mobile phordataon telephone
mast level (see e.g. Van Oort et al., 2015¢me of this research has been done to
develop new ways of revealing transport demand. The trend in research towards
big data is partly caused by the fact that these data are becoming nilaigeva

and partly because public transport organizations want to operate most cost
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effectively while delivering a higher quality of services. Big data can help to solve
these contradicting requirementéah Oort et al 2015a Van Oort et al.2015b).

A big data source thabuld be interesting for forecastipgblic transport
demand is the usage data of trip planners for public transhdic transport trip
planners are electronic tools where travelers can request a travel plan for a given
time and datend origin and destination. The usage data consists of these user

requests in combination with the travel plans which are consulted by the user.

Previous researdhto trip plannerge.g. Brakewood & Watkins, 2018hows
that trip planners reduce the (perceived) waiting time of their users, reduce the
(perceived) travel time of their users and increase the public transport demand.
Brakewood & Watkins (2018)lso showthatthese kinds of real timigavel
informationsystems influence different choices like travel, mode, route, boarding
stop and departure timé/e did not findresearch focused on forecasting ridership
with trip planner usage data. However, trip planner usage data could provide
valuable information orhe (shoriterm) transport demand.

This explorative research investigates the predictability of ridership of public
transport by using trip planner usage dateelog data of the trip planner are fused
with the transaction data efart card to investigte the correlation between
consulted trips and trips made.

We will utilize a case study for this research. The case smasistof the bus
network in Groningen and DrenthEhe network is planned and scheduled by OV
bureau Groningen Drenthe and opeatatg Qbuzz For this study the data of 9292
was used. 9292 is one of the major trip planners in the Netherlands and includes all
public transport modes for the whole country. The 9292 data is fused with the
transaction data of tH@V-chipkaart the Dutch mart card valid for all public
transport modes across the countifyis transaction data represents the realized

demand.

If the ridership in a bus can be predicted,-@\feau hopes to acquire new ways
to improve theioperationsFor instancethroughimproving the planning of
reinforcemenbuses Currently, O\bureau schedulenostreinforcemenbusesa
weekin advanceThebusedhat are assigned a week in advance are scheduled to
lines which were crowded the week befdrhis method is not vg dynamic as it
is based on the demand of last week and the expert judgement of the plafithers.
an appropriate forecasting model, @ureau could plan the reinforceménises
dynamically,e.g.only when insufficient capacity is forecast&teventing

insufficient capacity would boost the public image of-B/eau and public

3 Introduction



1.2

1.3

transport as a whalé&or instance, there was an unexpected peak in passenger after
the spring break in 2018 on linedth schools, which resulted in denied boarding
and ararticlein the regional newspapeith the headingBuses still on holidays,
but pupils and students not" (Trimba@®18§. In this case, OMureau was

misinformed by one of the schools, but still held all the blame.

A secondpossible application dhe new prediedn method could be the
planningof busegduring large public eventkarge public eventsr multiple
smaller onegause high variance transportdemand As informationon most
eventds limited and not centralizetheir influence on the systemtard to predict
(Pereira et al., 2015The demandaries with the attractiveness of the event, the
weather whetherthe event is at nigland whethepeople have to work the next
morning. Theséusesare scheduledy OV-bureaubased onrial and error and
historical data. O\bureau hopes to identify shortcoming supply before it happens
and thus preventing inconvenience to passengefsrecasting the ridership.
Unfortunately, the time period of the provided datadetsnot include large
events.Therefoe, we cannot analyze the predictability of the demand in the

scenario of a large event.

A third application isassigning the bus tyglynamically Changing to a smaller

bus size could decrease the costs but also the carbon footprint.

Finally, the forecasts could be used to give more reliable information on the

crowdedness in the bus. For instance, via the trip planner of 9292.

Research objective

The objective of thigxploratory research is to determine whether usage data of a
major trip planner can be used to predict the ridership of bus Tiyese should be

a correlation if the trip planner in question is widely used among the public
transporwser: If there are more travel advices consulted for a particular hour, it is
likely there are mor&ravelers intending to use public transputing that hour.
However, for the forecast to be valuable to the transit operator, this correlation
should hae a certain accuracy for time and space. More specifically, the operator
should be able to predict the ridership for a certain bus trip. Othetivisiog data

of a trip plannearenot an effective new information source for forecasting

shortcoming in kustransportatiorsupply.

Research questions

In order to address tlabjective the following main research question is

formulated:
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Can one forecasthorttermridership ofbusesusing data containing the consulted
travel advices from a widely used tptanner for public transport and what

accuracy can one achieve in different scenarios?

By answering the following questiartee main research question will be

answered.

1. What internal and external factors cause fluctuations in bus transport

demand accoridg to literature?

This question helps to get a better understanding afaoying public transport
demand. Transport demand varies with time and spacetiBerinternal

factors like fares and the typelmfisescan alsdnfluence the demand. The

result of this question is a list of factors which influences the transit demand in

Groningen and Drenthger bus line

2. What are the opportunities and challenges of using log datatiie®292
trip plannerfor forecasting ridership?

9292 is one of the maij trip planners in the Netherlands and includes all
public transport modes for the whole coun8292 has designed algorithms to
construct travel advices and a platform to communicasetuyvices with
travelers These designs effect which trips thevelergets to choose from,
which in turn effect the log dat@his question investigates the consequences
of selecting the log data of 9289#tead of otheavailable trip planners.

Furthermore, a list of requirements for trip planner data is derived.

3. Wha are the opportunities and challenges of using@ipkaart

transaction data to represent ridership?

The OVtchipkaart is the Dutch smart card valid for all public transport modes
across the countryfiravelersuse the OVchipkaart bytappingin and tgping

out at the start and end of their journey and each time they change between
operators or vehiclegxcept fortrainsand metraos However, this dataset is

not all encompassinghere arsstill some othefare paying methodavailable.
Thereforejt might be that some extra attention is needed when using data from
asmart cardBy answering thigjuestionwe create a better understandary

how to use the transaction data to represent rideMrapwill alsocreate a list

of requirements for themart cardransaction data.

4. To what extentloes 9292 log data relate with ridership?
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By answering the last research question, we get a better understanding of the
relation between 9292 and the ridership. With thidarstanding we can

answer the main research question.

1.4 Outline

The remaining chapters in this report are as folldwshapter 2 the literature will

be reviewed to answer the questidvhich scenarios cause fluctuations in bus
transport demand in Gronimg and Drenthe®hapter 3 will discuss the used case
study in three partén the fourth chapter the different data sources and used
datasets will be introducedhe fifth chapter explains the used methodology.
Chapter6 will introduce the results. The disssion of these results can be found in
chapter 7. The final chapter includes the conclusion to the research questions and

implications and recommendations for practice and science.

To make the report more concise and easier to read, some parts arg¢anoved
the appendixAnd the province Groningewill be abbreviated to just Groningen
And the city of Groningewill be referenced in full or as Groningen (city) to

denote the difference between the two.
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2 Literaturereview

A literaturereview is conductedtansweresearch questiolt What internal
and external factors caudkictuations in bus transport demand according to
literature? Internal factors are factors that can be regulated by the transit operator,

like fare and frequency. External factors are all other factors.

The literature searas conducted as recommendedWgbster& Watson
(2002) The exact used methodology can be foundppendix B The found
literature is presented ihé concept matrix shown iFable2.1. The concept
matrix shows he forecast type, aggregation level and concepts (types of used
factors) extracted from the respective artidleoncept is only attributed to an

article if the article actively included the concept.
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Rochat, 1999 Survey ; : X X
Khattak and
De Palma, Survey - - X X
1997
Chakrabarti, .
2016 Mode choice - - X X X
Hensher and .
Rose, 2016 Mode choice - - X X X
Spears et al., Long term
2013 demand : X X X
Upchurch and Long term ) Average
Kuby, 202 demand Station weekday X X X
Brakewood et Long term Average
al., 2015 demand Route weekday S i X 2 X
Kuby et al., . Average
2004 Long term Station S X X X X
Stopher, 1992 -ongterm Route Average X X X
demand time period
Choi et al., Long term Station to station Average X X X
2012 demand (OD pair) time period
Doi and Allen,  Medium term
1986 i — Route Month X X X
Tsai et al., Medium term .
2009 demand Station Month X X
Kalkstein et Short term
al., 2009 demand System Day X
Guo etal., Short term
2007 demand System Day X X
Lietal., 204 St Average route Average day X X X X
demand
Jiang et al., Short term .
2014 demand Station Day X
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Nietal., 2017 SIS B Station 4hours X X
demand
Van Oort et Short term . Morning
al., 2015a demand Station peak X X
Van Oort et Short term ]
al., 201% e — Station Hour X X
Zhou et al., Short term )
2017 e — System and station Hour X X X X
Pereira et al., Short term . X
2015 o — Clustered stations 30 minutes X X X
Rodrigues et Short term . .
al., 2017 i — Station 30 minutes X X X
Xue et al., Short term .
2015 i —— Route 15 minutes X
Lietal, 2017 S G Station 15 minutes X
demand
Sunetal., Short term . .
2015 i — Station 15 minutes X
Ding et al. Short term . .
2016 i — Station 15 minutes X X X X
Ohler et al., Short term .
2017 — Vehicle Stop passage X X X X X X
Zhang et al., Realtime Vehicle Stop passage X
2017 demand

Table2.1: Concept matrix

Existing researcheansit demandorecasting models can be categoribaded

on the lengtlof theprediction horizonLong-term models with a prediction

horizon of a year are mainly used to help decide on capitéénsive transit

oriented investments and to investigate the impact of major changes in service and

environment. Shotterm model$ with a prediction horizon of days or hoursan

be used by public transport operators to increase/decrease supply (dynamic traffic
management) and to timely notify travelers on possible crowding (Pereira et al.,
2015). Most models focus on predicting regutiemand (Li et al., 2017)Beside

the development of demand forecasting models, surveys are used to investigate the

stated preference of travelers regarding varying factors (Khattak and De Palma,
1997; De Palma and Rochat, 1999) and to develop modesamoidels

(Chakrabarti, 2016; Hensher and Rose, 2016).

The demand forecastingadels use different temporal and spatial aggregation
levels depending on the factors they want to research. For instance, Pareira et al.

(2015)used spatial aggregation when tlseynmed the arrivals of stations and

stops around large event venues to research the impact of Sattal levels

Literature review



vary from system wide to vehicltop passage level. Temporal levels vary from

month to single stop passages.

There is a consensus in raseh in the influence of time and date. Research
shows effects of seasonality, type of day and time of Xiag.et al. (2015) observe
that the AM peak is sharper than the PM peak since schools and jobs start at the
sametime butend at different timesSone researchers cope witredefluctuations
in demandy calibrating a model per time period. For instance, Stopher (1992),
calibrated a separate model for peak (combination on AM and PM peak), day and
night for weekdays and Li et al. (20)1developed a model per season. Others tried
to forecast thimpactof time by including dummy variables for type of day and
time period (Ohler et al., 2017)sai et al. (2009) coped with seasonality in the
data by using a moving avera@ame tried to cope with these fluctuations by
converting the variables to relativeem For instanc&hou et al(2017)utilizes
the ridershidor a givenhour andwveelday comparedo the monthlyaveragdor
that hourand weekdayThis waythe intraday trendand patterni ridership are

accountedor.

Spatial featuregsynonym for atibutes or variablesgdrealsoconsidered
important.In somearticles this feature is avoidedorexample by only
forecasting the ridership on rodtvel for oneroute Other models usgpatial
features likebuilt environment to denote tlatractiveness of a stop or route for
travelersFor instance, Kuby et al. (2004) included variables indicadling
intermodal connectivity of a station, such as accessibility, connesgingces park
spacesneighboringairpors, type ofstationandvarables as population and

employment within walking distance.

Another useaxplanatory variable for ridershig historic demandXue et al.
(2015)used lagged demand with a week, day and 15 minutes interval to forecast
ridership.Li et al. (2017)also uses lagged demand augmented by lagged demand
of 18 other major stations in the systempredict the number of passengers
alighting major metro statis in Beijing during speciaventsDing et al. (2016)
uses passenger counfaearbybusfeeder services to predict short term ridership
for the metroVan Oort et al. (2015a) and Van Oort et al. (2015®d historic

demand to represent the demanchia base scenario.

Theweathercan alsampact ridershipKalkstein et al. (20098howthat air
masses have an influence on ridership. This influence is stronger in the weekends
as more trips are discretiong@&hou et al.,2017)The effect is smaller durin

weekdays as these trips are mostly made by commuters which have to reach the
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destination. It is possible that the people that change from public transport to
private mode to avoid long walking in bad weather caoatthe people that go

from private topublic transport to avoid congestion. Furtherm#&wgkstein et al.
(2009) conclude thdhe effect ofseasoa is ittle. Ridership is more dependent

upon relative weather conditions travel survey conducted by De Palma and
Rochat (1999) in Geneva shsthat around 40% of the commuters are influenced
by adverse weather conditions in their travel choices. They report that departure
time choice was moraffected as mode and route choice. These results are similar
to the travel survey conducted by Khattaki @le Palma (1997) in Brussels. Li et

al. (201) observed a negative influence of humidity, wind speed, rainfall and
temperature on bus ridership in a region in Shanghai. They used absolute values of
the weather variables but note that this approach ntepdunce influences not

solely based on weather but also on seasorthligytothe presence of a weather
pattern throughout the year. Guo et al. (2007) utilizes relative weather variables for
this reason. In their research they also noted that the weat@eship relationship

is more complex because it is based on how individuals perceive and prepare for
the weathenthe presence oflagged effect and because some weather variables
correlate while others are synergeticet al. (204) also observe thahere is no
consensus on the specific influence of weather variables. For instance, some
studies showed a positive correlation between temperature and ridership whereas
other studies showed the opposite. As stated in their papeuld bethatsome

study areas hae a higher active mode share than others, resulting in a modal shift
to walking and cycling when the temperature riSeside the direct influence of
weather onravelersit alsohas an indirect influence on the journey. For instance
adversaveather lengthens running times, dwell times and disrupts service
reliability (Guo et al., 2007).

Research agrees that events cause additional ridekstigstein et al. (2009)
stated that during events and festivals the ridership significantly changes.
Rodrigues et al. (201jied to model this change utilizingformation from the
internetobtainedvia scraping athAPIs on events to forecast the additional
demand. Pareira et al. (2015) also scraped the information from the intéreet.
researched ifhte impact of an event could be predicted by including event
information like event type/category, time to next event and a variable denoting if
there is an event that day or not. Ni et al. (2017) used twittes@sal media
source to identify the popuity of an event and used the number of tweets and

unique users to forecast the passenger fBvme studiesy to avoidthe influence
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of events and holidays and therefore select a timespan in which they don't occur
(Zhou et al., 2017).

Holidaysalsoimpacts ridership.Doi and Allen (1986) observe less demand
during the summer holida@hler et al. (2017) included three different type of
holidays: public holidays, school holidays and semester breaks of the local
university. They researched twersions of representing these factors: via a binary
dummy variableandvia four dummy variable§lays since the start, days left, days
until next and days since previgu¥hey propose thlattermore elaborate way
since they observhatdemandalsoshifts just before and after a holidayhis
demand shift was also observed by Kalkstein et al. (2009). To avoid these

influencesthey discarded these days from the dataset.

The characteristics of the public transport system also impact the rid&fahip.
Hagen (2011) adapted the pyramid of Maslow towards customer needs. The
adapted pyramid consists of the layers (in order of importance); safety &
reliability, speed, ease, comfort and experiehcet al. (204) use a cluster
analysis to develop 3 clustersskd on average headway, route length, number of
bus stops, type of route (within district, urbsuburban and between districts) and
crowdedness. Per cluster they developed different forecasting mbheys.
observe that the influence othervariables islependent on the bus route type.
Brakewood et al. (2015) show that the introduction of real tieneelinformation
coincided with an increase fidership.Stopher (1992) utilizebusesper hour, a
measurement for the number miles driven in the sendgdegand the time of one
round trip.Kuby et al. (2004) incorporate station spacldgchurch and Kuby
(2014) use a centrality measure to denote the average travel time to all other
stationsOn a larger scale they incorporate a variable denoting the urban area the
total system coveragegan Oort et al. (2015a) forecast thieorttermdemand
using seat and crhgapacityand Van Oort et al. (2015b) use other characteristics
like the travel time

Li et al. (203) suggest that depending on the trip distance, external factors have
a different level of impact. Guo et al. (2007) reasons that weather has an influence
depending on infrastructure, trip characteristics, service characteristics and socio
economicsTravelers make certain travel decisitrased on perceived comfort.
This could depnan the shelter at stops and stations, climate control systems in

vehicles headways, purpose and access to other modes.

Thus,the presence and status of alternative modes also play BedRalma
and Rochat (1999) and Khattak and de Palma (1997) show that con¢essii®io
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a modal shift from car to transoi and Allen (186) included gasoline prices and
bridge toll prices in their forecasting modahd Chakrabarti (2016) used the

travel time by transit compared to the travel time by car as input variable.

Socioeconomic variables assowidely used to explaitransport flows and
mode choicesSpears et al. (2013) and Chakrabarti (2016) use the number of cars
per household asninput variableand Li et al. (203) recognize thenpactof
socioeconomicteaturesontotal ridership.They kept their dataset withayear to

limit the impact of a change in these factors.

Spears et al. (2013) also utilizes sociopsychological fact@spiain ridership.
Amongst these factors are attitudes towards transit and perceived safety.

The above described factors influenke public transport demand. More
specifically they influence the travel choices of (potential) travelers directly, which
in turn cause a change in dema@drrent travel behavior research uses utility
theory to explain travel choicdgke whether to travieor not, destination choice,
mode choice, route choice and departure time choice. Of these, route choice and
departure time choice are shtetm and thus sensitive to situational factors. These
travel behavior models calculate utility costs based on s@pects of the journey
like costs, time (acces, egress, travalaiting) andcomfort (De Donnea, 1972).
Furthermore, the travel behavior also differs depending on the trip purpose and
sociodemographic factors. Fastancecommuters value time highes a
noncommuters who are more sensitive to c@din, the availability of a car
influences the mode choidgut even if a household is in possession of a car, it
might not be available because another family member is using it or the person has
no validdriver'slicense (Chakrabarti, 2016). Spears, Houston and Boarnet (2013)
summarized the factors affecting transit use ingtte&ip'sphysical environment
and cognitive processéseeFigure2.1). The physical environment directly affects
the behaviarCognitive processes summarize the attitudes, social and personal
norms, perceived control and habits of the individual. The faatdiese two
groups lead to the current travel behavior which result in a persaronment fit
and certain short term atmhg-termadaptive actions, like changing the departure

time a moving houses.
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Figure2.1: Framework of factors affecting transit ugedapted from (Spears, Houston and Boarnet,
2013).

2.1 Conclusion

The variables used in the different studies differ aDependingon the time,
locationand level otemporal and spatial aggregatipthe impact of variables
differs. The usedpatial and temporal levid generally chosen so that the input
variables fluctuate.ong termdemand forecasting modelse variableshat only
change slowly over timéMedium terrdemanl forecastingnodels use variables
that change per month or seashort terrdemand forecastingiodels use
variables that changeith the time unit used in the forecasting meth&uth as

lagged demand, occurrence of events and weather

Thedifferent vaiables can be categorized in the following grodpsmporal,
Demand characteristics, Weather, Event, Holidays, Transit characteristics, Other
mode characteristics, Spatial/built environment, Secionomic and Socio
psychological. The first six of theseogips can be useful to predict short term
demand. Variables form the last four groups vary mostly only on thetéong

Depending on the location, time and aggregation level different variables are used.

Even when the influencing factors are known itt@es how they are used as
input in the modelFor instance, it is possible to use relative values, moving

averages or it could be useful to divide the variable in multiple dummy variables.

Literature review @



Apnisasen ¢
N A AT Al B
















































































































































































































































































































































