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Abstract

Cycling remains a marginal mode of transportation in many countries despite its known
benefits and the efforts made by those countries to promoi2aikness may be one
barrier to cycling, as without sufficient light cyclistsay experience a reduced sense

of safetybecausdt is more difficult tosee obstaclem their path ando be seen by
other road userfike motorists toavoid collisions The main aim of this thesis is to
investigate the effect of darkness on cycling rates.

Previous studies have usacdcomparison of cyclist counts in case hours (that change
between daylight and darkness) and control hours (that remain in the same ambient light
condition) to assess thedfectof darkness on cycling. These studies tended to use only
one to two case and control hour combinations in their analysis, when up to 88 other
combinations are possible across their datasets. This thesis shows that the choice of case
and control hours sigficantly impacts the measured effect of darkness.afternative

method is therefore proposed to combine all possible case and control hour

combinations into a single measure of the effect of darkness on cycling.

The improved method is theappliedto cycling data from 1%itiesaround the worldo
investigate theeffect of darknesson their cyclists.The findings from thisanalysis
confirm a reduction in cyclist numbers after davkith the size of this effect varying
acrosscities. When exploring this varianeg a city scaletheeffectof darkness tended
to decreasen citieshigher in latitude and stronger in cycling culturehen exploring
this variance athe scale of cycling sites within the cjtshe effect of darkness tended

to decreasen sites dominated butilitarian cycling andcloser to the city centre
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ChaptBarrniers to cycling

1.1.Introduction

While cycling has many benefits, its uptake in some countries remains marginal despite
extensive national efforts to promote urban mobility. This is likely because cycling is
discouraged by a range of adverse factors. One such factor is darkness [Wirdlers e
2011]; the absence or insufficiency of light can significantly reduce visibility for
cyclists and those who share the road with them, which may lead cyclists to feel unsafe
and opt for an alternative method of transportation that is perceiveds@aféefor travel

after dark.

The research reported in this thesis explores the impact of darkness on cyclist numbers
and how any impact of darkness is mediated by factors such adedaeon of the
country, the local cycling culture, arahy cycling site attributes (e.g. the presence of
street lighting). This chapter discusses the benefits of cycling, the efforts and initiatives
made to promote it, and the barriers that may stand in the way of cycling uptake,

including darkness.

1.2. Benefits of cycling

Cycling is the utilization of a bicycle for transport, sport, or recreation [Encyclopaedia
Britannica, 2024]. Cycling can offer many benefits when compared to motorised

transport. The following are examples of such benefits:

1 Improved personal health: cycling can improve health and fitness due to the
physical exertion associated with it [Hamer & Chida, 2008; World Health
Organization, 2010]. This includes improved functional and cardiorespiratory

fitness and reduced cancer amluesityrelated mortality [Oja et al., 2011].



1 Reduced energy consumption: A cyclist travelling at 21 km/h is estimated to
consume about 3% of the energy (per kilometre travelle@sifigleoccupancy

car driving on the motorway [MacKay, 290p. 234.

1 Reduction of lifecycle C@emissions: It is estimated that cyclists have 84% less
life cycle emissions (the sum of emissions produced during the production,
operation, and disposal of the vehicle) than users of other modes of
transportation. Emissions can be lowered by more fltatimes when compared
to driving a fossil fuel powered car [Brand et al., 2021].

1 Social benefits: Increased cycling can make streets livelier and increase social
interaction which helps strengthen communities and deter crime [Pucher &
Beuhler 2012].

1 Economic benefits: Cycling is more affordable and accessible to communities of
lower income: 1 km cycled costs 6 times less when compared to the same
distance when driven by car §Gsling, 201band the overall cost of buying and
maintaining a bicycle is approximately 1%5% of the cost of buying and

maintainng a car [Queensland Health, 2016].

With all these clear benefits from cycling, efforts to promote it have long been a policy
focus in many countries. The next section discusses how such promotional efforts can

contribute to an increase in cycling and shape cycling future for cities.



1.3. Promotion of cycling

Promotional interventions aiming to increase cycling share can manifest in several
forms of government supportthis includes funding, education, urban planning
regulation, legislation, and ptoycling initiatives Emanuel, 2019Pucher& Beuhler,
2008]. These efforts can contribute to an increase in the number of people cycling
[Goodman et al., 2013; Yang et al., 2010].

Countries like The Netherlands, Germany, and Denmark are good examples of how
consistent support since the mid 197006s mac
[Pucher& Buehler, 2008], landing a few of their cities among the highest ranked
cycling-friendly cities in multiple global indexes [e.@€openhagenize, 2019; Luko,

2027. Effective efforts observed in these countries (summarizddbie 1.1) can make

cycling fAirresistibled and help maintain it

Table 1.1 Cycling promotion measures applied in the Netherlands, Germany, and Denmark [Pucher
& Buehler, 2008].

Promoti onal Exampl es

Welclonnected Separate cycling |l anes and c)

infrastructusystems, integration with pul

Traffic cont Protective | awsafomingymeiasus
nei ghbour hoods.

Trepd facili Extensive parking t hyewauwrhiotuy
garages

Accessibilit Affordable andhaasnpngtechsmebi
bicycle purchases in the Nett
bi ked schemes.

Journey planEase of access to comprehensi
that aid in planning journey:¢

Education caHeaf bbhused public awarenes (
competitions, cycling tours f

Feedbd¥ Gt Public surveys measuring | eve
integration of public feedbac¢
city council s




However, despite similar promotional efforts being applied in other countries such as
the UK (Table 1.2, their cycling shares remain small when compared to the
Netherlands, Germany, or Denmark. For example, in 2022 cycling in thadd&unted

for 2% of all trips (under 5 miles) made using different transport modes [Walking and
Cycling Statistics: Department for Transport, 2023], while in the same year in the
Netherlands cycling made up 28% of all trips [Netherlands Institute for poats
2023]. This diference between the two countries has been largely consistent throughout
the last decadeThe European Commission, 2(Qli3despite an increased budgettdf.2
billion five years earlier in the UK, aiming to double cycling and walking by 2025
[Department for Transport, 2017There may be several reasons behind the contrast
between cycling in the UK and in countries like the Netherlands. Promotional efforts in
the UK (see examplesn Table 1.2 have often been shetérm and limited in
geographical scope, relying on competitive local funding and-timend programmes

In contrast,in the Netherlandgsee examples iMable 1.1), cycling promotion is
embedded in longerm national transport and urban planning strategies that are
supported by consistent funding from central governments and implemented by
individual municipalities [Pucher & Buehler, 2008This type of consistent and
coordinated support may boost cycling not only by making it séfer consistently
improving infrastructure), but also by shaping the image of cycling and reinforcing
cycling culture, both of whiclare central in mitigating some of tharriersthat cyclsts

face (e.g. safety concerrntepography darkness)The variation in the scale and duration

of promotional efforts are also relevant to the broader state of knowledge on cycling
barriers. Research increasingly recognises that physical, social, and environmental
barriers do not operate in isolation but arediated bythe policy and cultural conkés

in which cycling occurs. In settings with sustained and coordinated promotions (e.g.
The Netherlands), barrierske perceived safety, weather, or darkness may be less
influential, as cycling is supported by infrastructure, culture, and policy continuity.
Conversely, in places where initiatives are localised and intermittieamtsamebarriers

may exert a stronger deterrent effdttmay therefore be important to examibarriers

to cycling acrosslifferent settings (i.e. different countries) to understtmimpact of
contextual factors ortheir relevant significance. Potentidlarriersto cycling are

explored in the next section.



Table 1.2 Examples of promotional efforts applied in the UK in the last two decade [Sustrans, 2017,
Department for Transport, 2019; Department for Transport, 2022; Cycling UK, 2024; Betterpoints.
n.d.].

I nitiative Description Ai m
veaf applic
Cycling DenAn initiative foclncr aaaesal spi
Towns and cintervention towrperson on cyc
20@3 11 to Al7
Cycle to wcAn initiatifveeofof Promote cycl:i
199N going purchase for emplcarbon footopr
them to employee:
Big Bike ReA campaign | ed bylncrease cycl
20bhgoing of fering free rejg
training, and ot
Cycling ancA government streDouble cyclin
i nvestment investment plans journeys
2012025
Communi ty Local initiatives«sPromote actiyv
progr dmemgs i ncentives for c\
Betteypoint

1.4.Barriers to cycling uptake

There are several factors that can be considered when exploring barriers to cycling
uptake and frequency. These factors are commonly grouped into several themed
categories when discussed in previous studies [e.g. Piatkowski and Bopp, 2021; Willis
etal., 2015].Figure 1.1summarizes the different factorgroupgng overlapping themes

into threecategories of barriers: ijinter)personabarriers, which include the individual

and socialinfluences,ii) Physical barriers, which include attributes that cyclists may
interact within both the natural and buiknvironmens, and iii) Policy, which may
influence certain factors within thenter)personal and physical barriezategoriesThe

three categorieare detailed further in the following subsections.



(Inter)personal

Social Individual

Safety concerns,

Cycling culture,

Skill & Fitness level,

Status of the bicycle,

Attitude

Gender norms

Figure 1.1 Barriers to cycling as summarized from the literature reviewed for this seatiapted into
a socieecological model.

1.4(1lnter ) personal barriers

At the most basic level, the decision to cyahay beinfluenced by personal barriers,

such as a personds |l evel of fitness; and in
in a locationWhi |l e a countryés cycling culture is
and Ebert [2012] suggest that it is formed of three aspects: legislative, social, and
cultural. The legislative aspect of cycling (i.e. policy and planning) is more widely
exploredini t erature than the O6i mmaterial é soci
2009]. One example of the socedcultural aspects that may deter cycling is the status

of the bicycle in a country [Horton, 2007]. Horton discusses how attitudes towards
cycling can influence this statuthese attitudes are of cyclists towards themselves and

of observers towards them. Cycling can sometimes reflect high status and can
someti mes be O6stigmatisedd. This can depen
a cyclist, their gear, and attire. &n wi t hin di fferent groups
attitudes reflect a perceived hierayciThese attitudes can often shape how cyclists are
viewed and treated on the road by other cyclists and road users. Thus, this aspect should

be considered when exploring the varying levels of cycling between different locations.



Additionally, individual aspects that may vary from person to person could also obstruct
cycling uptake. Cycling requires skill and a certain level of fitness. The absence or lack
of confidence in either may deter some people from cycling, particularlysdéety
concerns (i.e. fear of injury when cycling with trafficfterslebe® Appleton, 200T.

This overlap with physical barriers such as traffic is explored in the next section.

1. 4P h2y.si cal Dbarriers

Safety is a major concern for cyclists [Pucl8eBuehler, 2008]. This is because there

are several experiences and interactions that may cause cyclists to feel unsafe while
travelling. These interactions can be with particular attributes in their journey, such as
heavy traffic [Lee& Moudon, 2008; Segadilh& Sanches, 2014]; or with environmental
attributes such as harsh topography [Harris et al.,, 2013; Parkin et al., 2008;
Vandenbulcke et al., 2011], weather [Miranitoreno & Nosal, 2011], or darkness
[Winters et al., 2011]. The following is a discussion of several of these barriers and

actions that may be taken by decision makers to mitigate them.

1.4.2.1. Journey attributes

The presence of separate cycling infrastructure is often reported as a key demand by
cyclists and potential cyclists [Heesch et al., 2012; Sanfleesoper, 2013], as cycling

next to heavy traffic can be a significant discouragementfortléimé sl i ng et al
Lee& Moudon, 2008; Segadilh& Sanches, 2014], especially in locations where speed

control is not strongly enforced [Segadil@BaSanches, 2014]. This can cause cyclists

to choose alternative routes that may be longer in distance just to awidsth of
injury, noi s e, and air pollution commonly &
2019]. This perceived fear is a reasonable concern, as the risk of injury or fatality has
been known to increase in specific locations that cyclists maylaelg encounter, such

as nonlinear road segments (e.g. roundabouts and intersegconyith an increase in

the length of the road taken [Meuleners et al. 2019]. Daniels et al. [2008] compared 91
intersections in Flanders, Belgium, before and afterdpeonverted to roundabouts and

reported a 27% increase in the risk of injury in the latter, stressing that the number of
crashes increased to 48% i fuptbherreawsn d arbhoeu t

behind the increased risk of crashes at roundahisuaiributed to speed and visibility

T



field issues [Cumming, 2011]. This risk can be mitigated at a macro level (nation or city
wide) by targeting more naturally levelled areas for selection of routes by planners
[Meuleners et al., 2019], and on the meso or micro legdle-6pecific) by speed

controlling treatments [Cumming, 2011].

Another journeyrelatedaspect that may contribute to the limigio f cy cl i ngds i n
is infrastructure connectivity. For cyclists to be able to rely on the bicycle for their
commutes, it may be essential for cycling infrastructure to be connected with
neighbourhood infrastructure, improved further with ease of adoessrvices suchs

public transport and trygnd facilities such as bicycle parks or shared bicyokes and

docking stations Kigure 1.2). However, despite the presence and quality of cycling
infrastructure, cycling uptake may still be limited by interactions with certain

environmental attributes. Such interactions are detailed in the following subsection.

Figure 1.2 Example of a designatezbne for hiring shared bicycles in Shoreditch, London, UK.
(Photograph by author).

1.4. 2. 2. Environment al attributes

Three environmental attributes are consistently associated with a reduction in cycling
in previous studies: i) Topography, ii) Weather, and iii) Darkness. Each of these

attributes is explored belowyith an outline oftheir influence on cycling uptake.



Topography Cycling requires a certain level of physicaffort, and it is
reasonable to assume that challenging topography such as steep inclines or
uneven terrain magnake it more difficult fopeopleto cycle. Research confirms

that cycling rates are reduced in areas with steeper slopes [Parkin et al., 2008;
Vandenbulcke et al., 2011] but argues that the level of experience in cycling may
influence this interaction [Heinen et al., 2010]. The negative influehcsteeper
slopes is likely because cycling uphill requires additional expenditure of physical
strengt h, as gravitational forces <can
output when cycling uphill. This was reported in a study by Dahmen et al. [2011],
which featured field and simulation tests with an 8.3% inclination.

Additionally, cycling downhill can introduce a different set of challenges
relating to speed control and safety. Cycling downhill increases the speed of a
bicycle and with it the risk of a crash [Harris et al., 2013]. Studies on cycling
crashes have idefiied slopes as a significant factor, associating it with an
increase in the risk of a crashes with and without the involvement of a motorist,
compared to levelled roads [Meuleners et al., 2019]. However, other studies
argued that average zonal slope was pusitively associated with crashes(.

Chen et al., 2015]and suggestethat the reason behind this is that there are
generally less cyclists because of the slope, adding to the complexity of this

relationship.

Weather Unlike motorists, cyclists lack the protective enclosure and climate
control features (i.e. heating and -@iwnditioning) provided in a car. It is
therefore understandable that seasonal variations may have a significant impact
on cycling. Researcton the impact of weather on cycling suggests that
temperature may generally have a positive impact on cycling nunjb&3S c k e r
et al., 2019;MirandaMoreno and Nosal, 2012Tin Tin et al., 2012] For
example, the studies by Miranddoreno & Nosal and Tin ih et al. analysed

data from automated cycling counters in Montreal, CA, and Auckland, NZ,
respectively, and reported an increase in cycling as temperature$ fise

MirandaMoreno, this increase was up to 50% with rising temperatures up to 28°,



ii)

where the positive impact starts to reverse, especially with an increase of
humidity above 60%. For Tin Tin et al., the reported increase was 3.2% for every
1° increase in temperature. However, all three studies also reported that rainfall
had the oppositeffect on cycling. Tin Tin et al. reported a decrease of 10.6% in
cycling volumes with each 1mm of rainfall, and MirapBl@reno & Nosal
reported this decrease up to 21.8% within a period of up to 3 hours after
precipitation, but only in morning and afteron hours.

In a similar study, Bean et al. [2021] employed b#earing data to investigate
the impact of weather on cycling in 40 cities (in 16 countries). Their findings
confirm the same positive trend reported in MiratMareno and Nosal [2012],

in which temperattes influence cycling positively up to the 28° mark where it
starts to reverse. Additionally, the findings reported that rainfall was one of two
variables with the most impact on cycling, resulting in a direct reduction in
cycling activity. The other varlde was timeof-day, where the change in

ambient light may have a significant influence on cycling.

Darkness While it may be expected thaycling naturally occwsless after dark
since this periodoften coincideswith periods associated with resfollowing
typical working hours research suggests thae reductionin cycling when est
is not a factomightrelate more tdime-of-dayroutinesthanto ambient lighting
conditions.For instance the change in ambient lighting conditioasrossthe
year meanghat some hoursf the day(e.g. 18:0018:59 may be in daylight
during summeand in darknesduring winter depending on the locatioReople
cycling to or back from work isuch hours may still choose tor have on option
but to) cycle, evenwhen thosénoursare in darknesfrevious studiesHotios et
al., 2019; Fotios et al., 2023; Foti&@sRobbins, 2021; Uttley et al., 2020; Uttley
et al., 2023b; Uttley Fotios, 2017 Wessel, 202Phaveutilisedthese seasonal
variationsto comparecycling activity in daylight and darkness for the same time
of-day, confirming a reduction in cyclingin those hours when they are in

darkness compared to when they are in daylight

Darkness, unlike other factors (e.g. infrastructure, rainfeislope) may benore

difficult to quantify,especiallybecausét is unclear to what extend street lighting
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can mitigate thisThis may explairthe limited number o$tudiesfocusing on its
impact on cyclingDarknesss also uniquan its influence on cycling because,
unlike otherfactors it impacts all cyclists regardless tdcation topography,
weather, orinfrastructure making it a universal conditiothat requires more

research.

Although previous studies recognise an increased risk and a reduction in cycling
after dark,their findings only reflect the change in cycling in specific hours
within a single city, leaving uncertainty as to whether similar patterns occur
elsewhere or at other times of day. Moreover, it remains unclear how contextual
factors, such as the type of cywdi journey undertaken, interacts with the impact
of darkness.A clearer understandingof how darknessinfluences cycling
behaviour to what extent, and how it may be influenced by other factsrs,
essential iimmitigating any negative impact from it. Thisay help inimproving
cyclist safety and uptake, as daninform lighting and design strategiesnd
support the promotion of cycling as a sustainable mode of transportation.
Exploring the effect of darkness on cycling is the focus of this thesis. Its chapters
lay the theoretical and empirical foundation that inform the methodology
followed to quantifying the impact of darkness on cycling and understand the
extent of its influece across different locations, cycling cultures, and journey

attributes.

. 4P.a3l.i cy

Policy and legislation can contribute to the decline of cycling, especially when motor

traffic is prioritised.When road design standards, funding allocatjcand transport

policies neglecthe need for cyclist to feel safe, cycling uptake and route choice may

directly beaffected Providing £parate cycling infrastructure can reduce both actual

and perceived rislassociated with cyclinfRavensbergen et al., 2022]. While policy

can have a large influence time personal, interpersonal, and environmental factas, it

detailed examinatiofies beyond the scope of thigssearch

This thesis focuses ahe impact of darkness babnsiders the influence of some of the

factors mentione@bove, such aktitude and cycling cultureThe overall aim of this

NN



thesis and the structure it follows to meet it igided in the remaining sections of this

chapter.

1.5.Overall aim of the thesis

While darkness may be a barrier to cycling, the extent of its impact may not be
generalizable. As such, the aim of this thesis is to explore and quantify this impact of

darkness to understand how it affects cyclists and to what extent.

To achieve this, cycling data frodb cities in 10 countriesare analysed using a case
control methodThis method quantifies the impact of darkness on cycling by comparing
cyclist numbersunderdifferent ambient lighting conditions usiran odds ratio(OR),

which represents the change in cycling rates between those condifimsesults are

then used to explore why the impact of darknessy/ varyacross different citigsby
analysing it against macroscale factéesg.latitude); and acrosslifferentcycling sites
within cities, by analysing the impact of darkness against microscale factors (e.g. the
presence of street lighting).

Understanding how darkness impacts cycling can help inform how its influence is

mitigated, ultimately benefiting efforts to promote cycling, particularly after dark.

1.6. Structure of the thesis

Chapterl discussed the importance of cycling and listed its environmental, economic,
health, and social benefits. It briefly explored reasons behind cycling remaining
marginal in many countries despite extensive promotional efforts by policy makers and

communities Darkness was identified as a key environmental batoieycling.

Chapter2 explores why cyclists may find darkness discouraging and presents a review
of literature on this effect. It identifies methodologicalimitation in previous work

and proposes extensions fits limited scope which introduces seven research
hypotheses.

Z
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Chapter3 addresses the methodological limitation in previous work by introducing
improvementgo the caseontrol method angresening the results of itsapplication
on cycling data from 15 cities to quantify the impact of darkness on their cyclists.

Chapter4 explores the association betweemacroscalefactors (such as latitude and
cycling culturey andthe impact of darknesscrosshe 15 citiesIt descibesthe method

and data collection process then preséhésresults.

Chapterss and 6 focus on exploring thassociation between microscale factors (such
as the presence of street lighting and the type of journey undertaken) and the impact of
darkness across individual cycling sites within 5 cities. The method and data collection

process are described in chapbeand the results are presented in chapter

Chapter7 discusses the results presented inghevious chapterand how they address
eachof the 7research hypothes. It also describes the limitations and implications of

the research.

Finally, the conclusion of thiwork is presented in Chaptér

The structure of this thesis is illustratedRigure 1.3,

NO
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Figure 1.3 A summary of thesis structure with a brief description of subject areas discussed in its
chapters.
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Chaptlirt @rature review

2.1.Introduction

Chapterl described the benefits of cycling and discussed the impact that prombtion
efforts can have on cycling uptake in different countries, giving examples of how
Germany, the Netherlands, and Denmark boosted cycling and made it attractive. Chapter
1 also discussed barriers to cycling, suggesting that darkness can significantly impact
cycling. Chapter2 explores why darkness may deter cyclists and reviews past studies
that investigated the effects of darkness and street lighting on cydliveystructure of

the chapter isdetailedin Figure 2.1.

Chapter 2: Literature Review
Why are cyclists deterred by darkness?

2.2 Defining ‘darkness’

e e -
Theoretical evidence Empirical evidence
2.3 Effect of darkness on cyclists 2.6 Darkness as a deterrent to cycling
2.4 Personal security issues 2.6.1 Self report studies 2.6.3 Revealed preference studies
2.6.2 Limitations 2.6.4 Limitations
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Figure 2.1 Structure for chapter. ZAfter defining darkness, theoretical and empirical evidence are
reviewed to understand why darkness deters cydbgervations anliimitations from the latter

inform the aimsf this research and itg/potheses.

The impact of darkness on cycling has been investigated in previous studies using self
report and revealed preference methods.-8gbrt studies are those where participants
record information about themselves through questionnaires, journals, or awsrvi

[Castillo-Parades et al., 202Hesjevoll et al., 2021]. Revealed preference studies are
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those where behaviours and preferences are observed or recorded, without the observed
person being aware, for example by using traffic counters to record the number of road
users [e.g. Fotio& Robbins, 2021; Wessel, 2022].

Findings from seHreport studies [Castill®arades et al., 2028egadilha& Sanches,

2014; Lee& Moudon, 2008; Winters et al., 2011] suggest that cyclists are deterred by
darkness. For example, Winters et al. [20bkked 1,402 participants (cyclists and
potenti al cyclists) -how afteutedatkat 60af Aioe
and found it to result iconsiderableleterrence, particularly for potential cyclisg&elf-

report studies have also concluded that the presence of adequateliglatrencourage

cycling by making it feel safer [Le& Moudon, 2008; Sander& Cooper, 2013].

However, seHreport faces several challenges that could impact the reliability and
accuracy of i1its findings, such as response
reflect actual behaviour due to question design or for-eseHanement) and
confirmation bias (e.g. selective interpretation of findings). Furthermore, asking people

to respond to a gquestion conltiatt nahgerstadaaek
exaggerate their negative responses, which is a form of responsfSbrepers et al.,

2014; Uttley et al., 2020].

The findings from traffic count studies show that cyclist numbers are reduced after dark,
even after accounting for tiref-day and seasonal variations [Foti®@sRobbins ,2021;
Fotios et al., 2023; Uttle§ Fotios, 2017; Fotios et al., 2019; Uttley et al., 2020; Uttley
et al., 2028]. However, there areseveral issues ithe data and analyses presented in
these studigs including inconsistent definitioa of darknessand a fundamental
methodological limitationChapter2 starts by defining darkness and thgmceeds to

discuss why darkness is a deterrent to cycling.

2.2.Defining darkness

Investigatingthe degree to which darkness deters cycling requires that darkness is

precisely and consistently defined. This is not the case in previous Watkg 2.1).
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For example, Uttley and Fotios [2017] defined darkness as the period between sunset
(marked by the descension of thegandsunri@es geon
(marked by the ascension of the )swhertéas geon
other studies [e.g. Fotio& Robbins, 2021; Wessel, 2022] noted that the transition
between daylight and darkness is gradual, defining (true) darkness as the period between
civil dusk (when the sun drops t6° below the horizon in the evening) and civil daw

(when the sun is rising and reach®s below the horizon in the morning)

Table 2.1 Darkness as defined in previous studies focusing on lighting and mobility.

Study Focus Definition of darkne

Utt&kegtios |l mpact of amb The period between s
pedestrians a

<8}

Foti os et

Uttley édt al mpact of amb The period between s
cyclists acknowl edges that th

Uttley et almpact of amb

cyclists
The period after ci
Fot&Raebbins | mpact of amb ending with civil da
pedestrians, t hat period was no

Uttley @t acCyclist fatal The period between t
sunri se

Fotios et almpact of amb
road traffic

Sta The period between ¢

Wessel [ 202 f
s Sav

0
ht

SKQ

Periods within a typical day can be categorised by the ambient lighting conditions,
whether daylight, darkness (the absence of daylight), or the intermediate twilight
periods. Darkness refers to the period starting when the geometric centre of the sun is
at an altitude of-6° (i.e. 6° below the horizon after sunset, also known as civil dusk)
and ending when it returns to aftitude of -6° before sunrise the following day (also
known as civil dawn) seeFigure 2.2. The period between solar altitudes of (flie

horizon) and-6° is known as civil twilight. During civil twilight the scattering of
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sunlight means there is still sufficient light to allow for outdoor activities to continue
without the need for additional lighting. Civil twilight is thus a confounding period for
analysis of the effect of darkness or daylight on outdoor eyantsshould therefore be
omitted from analyses of ambient light level [Fotios et al., 202 Raynham et al.,
2020]. Hluminances in the two remaining periods of twilight, nautie@! (0-12° solar
altitude) and astronomicati2° to-18°) are much lowemanging from2.33 Ix to 0.001

Ix (seeTable 2.2 [Muneer, 1997]and thus present less of a confound.

- Sunset Horizon Sunrise ”

120 S=—""Nautica

18° V

18°

Astronomical Astronomical

Figure 2.2 The transitiorin ambient light conditions across a-Bdur period. lllustration by the
author using data from Muneer [1997].

Table 2.2 Definitions and visibility descriptions of ambient light conditions.

Ambi ent Sol ar alVisibility concDescriptive i
conditio (J
Daylight d> O0A I'l'lumination is<Horizontal su
cloudless sky
355 I'x, sun a
103,000 I x,
Civil twoO0Az>-@lA Enough illuminéEnd of <civil
enabl e outdoor
continue unhinc
resorting to tt
l'ighting
Nautical -6A ¢>-1@dA The | imit of trFEnd of astron
approaching a +t0.001 | x

stronom-12A:>>18/The instance of-
twilight receipt of |igt
t he sun

Ni ght -18As O d - -

* As described byuneer [1997].
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The amount of ambient light available (daylight, darkness, or twilight) for a location
varies with latitude and season [Schmal et al., 20B@jure 2.3 shows an example of
the distribution of ambient light throughout the year in Sheffield, UK (latitude 53.38°),
with sky photographs of the different conditions taken on a street in Sheffield.

22:00 LR
:20:00 civil Twiligp,
18:00
a
o 1400 = =
o 12:00 g g
10:00 g ;,
@ 08:00 = ®
= 06:00 . ‘
— 04:00 Civip pwitigh!
= 02:00

00:00

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
TIME OF YEAR

[] Daylight [ Civil twilight [ Darkness

Figure 2.3 Top: Changes in ambient daylight for Sheffield, UK (latitude 53.388%ed on datkom
Muneer, 1997 and timeanddate.com. Bottom: Photographs of typical daylight, civil twilight and dark
conditions (photographs taken in Sheffield, UK.).

2.3.Effects of darkness on cyclists

After dark, low light levels bring a reduction in visual function. For example, the ability
of the visual system to process information about low contrast objects is significantly
reduced at low light levels, which increases our reaction time to thesetshbyhile in
travel (Figure 2.4) [Plainis et al., 2006]. Furthermore, visual acuity (the ability to see
small details) is significantly reduced with lower levels of lighting [Boyce, 2014, P. 96
70], further reducing our visual function after dark compa@diaylight. This means

that cyclists, like other road users, have a reduced ability to see their surroundings, see
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others, and react to them after dark. Darkness can also bring increased apprehension
about personal security (sometimes referre:i
by reducing visibility (the ability to perceive an object against a background, as
determined by lighting conditions and capabilities of our visual system [Boyce, 2008.

P. 46]), which is essential in aiding the appraisal of prospect (the ability to see ahead

and visually scan for signs of danger and escape routes) and refuge (aasafdql

shelter from potential danger) [Fish&rNasar, 1992].

§ nd
600 |- N / - e_
; Ve 20 cd/m’
§ . 7
9 s00 - ] Ve -
wn
g N H . 7 2 cd/m’
2 / 7
= . — yd
R . —0-
.E - 8 & — 0.2 cd/m’
E  — /
W —
~ | / - .Q - "'H_ ana ...
| --:_ -_————
a"‘-o_ Q— 0.02 cd/m?
1 I 1 | 1 I 1 |
0 50 100 150 200
1/C
e | | |
0.1 0.02 0.01 0.005
Contrast

Figure 2.4 An example of results from experiments by Plainis and Murray [2002] showing an increase
in reaction time (RT) with decreasing contrast (1/C) across different luminance levels. Each data point
represents the mean of a minimum of 24 and maximum of 32 meanteand the error bars + S.E.

The trendlines represent the least squares regression fits.

While the fear of crime and the ability to see and be seen generally affect all road users,
they are likely to be more deterring for vulnerable road users such as cyclists [Woods
& Masthoff, 2017]. Cyclists have less powerful lights than motorised vehigiaking

it harder to see potential hazards in their path. Cyclists also have a smaller profile than

motorised vehicles, meaning they can be harder for other road users to see. They are
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also more physically vulnerable on the road than motorists, as they are not surrounded
by a protective metal case. Cyclists are likely to feel a greater sense of vulnerability to
being a victim of crime, compared with motorists, as they do not have thecpire,
lockable vehicle surrounding them, and they have less ability to escape from danger due
to the slower speeds they can travel at. Observational evidence supports thieatdea
darkness may be a greater deterrent for cyclists than it is for matorfet example,

Fotios & Robbins[2021] assessed the impact of darknesghennumbers of cyclists

and motorists at specific times of the day. They found that the number of motorists in a
specific hour of the day remained constant, regardless of whether it was daylight or after
dark. This was not the case for cyclists however, wignificantly fewer people cycling

in daylight compared with darkness, at the same time of @hgir findings Eigure

2.5) confirm that uwlike pedestrians and cyclists, motatks vehicle flow is not
significantly impacted by darknes$his is evident byheir calculateddds ratio (OR)

where ORs larger than 1.00 suggests that counts have decreased in darkness compared
to daylight, and ORs equal to 1.00 suggests no impact.

The next two sections (secti@4 and?2.5) are further exploration of the two observed
impacts from darkness on cyclistseduced feelings of personal security and reduced

visibility.
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2.4.Personal security issues

Cyclists, particularly those new to cycling or having less experience, can have concerns
about their personal security, specifically being the target of physical harm or bicycle
theft [ Mosquera et al ., 2012] . T hmag deters s 0 me

individuals from cycling.

The word O6crimed is used to describe any ac
formal retribution [Thotakura, 201Mi chal ows ki, 2016]. OFear6
et al . [ 202 3] as Aan adaptive emoti on t h
confronFa@aai owd. crime is therefore defined

emoti onal response of dread to crime or syrI



These definitions distinguish the subjecti
assaulted) from the objective action of crime (e.g. | have been assaulted). Both can exist
independently with different dynamics and a different impact on the commuBiityf

et al., 2019]. For example, the fear of crime can often mirror recorded crime, increasing
where crime rates are higher, but the opposite is not trnime rates are not necessarily

higher in an area just because fear of crime is high [Deka e2@l8§]. Additionally,
individuals previously victimized by crime express a higher fear of crime than
individuals previously not victimized [Farrall et al., 2009]. This fear is also heightened

in individuals indirectly af fsebeeneidimibegg) cr i m
[Doran& Burgess; 2012; Hale, 1996] and individuals with a perceived physical or social
vulnerability [Franklin et al., 2008].

The effect of darkness and lighting on both crime and the fear of crime has been
investigated. For crime, research found mixed results about its relationship with
darkness and lighting, varying between a strong correlation [W&IBharrington, 2008;
Ferrell & Mathur, 2012], a correlation only with specific types of crime (e.g. robbery)
[Erturk et al., 2024;,Fotios et al., 202 1Fotios et al., 202& Uttley et al., 2024], and

no strong correlation [Castill®aredes et al., 2020]; for fear of crime, howeseveral
studies suggest that darkness can increase this fear of being victimised by crime [e.qg.
Uttley et al., 2023; Beckers et al., 2023].

It is worth noting that studies investigating the influence of darkness and lighting on
reassurance and the fear of crime typically focused on pedestrians. It is reasonable to
assume similar effects may also be found for cyclists, with people being dktewne
cycling due to personal security issues and a lack of reassurance to travel after dark.
Supporting evidence for this assumption can be found in a study on cycling in the U.S.
by Duren et al. [2023], which identified 11 key factors that may influgneeeived

safety of cyclists, and conducted a survey whei@®b participants were asked to rate

the importance of these factors using a fp@nt scale. Using principal component
analysis (PCA), Duren et al. found crime concerns to be among the five main factors

influencing the perceived safety to cycle.

Reduced lighting reduces the visual information available to process and thus we might
expect perceived safety to reduce with it. This has been shown in several studies [e.g.
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Fisher& Nasar 1992; Gover at al., 2011]. For example, the study by Gover et al. [2011]
used a questionnaire to investigate differences in perceptions of safety and crime in
different ambient light conditions among staff at the University of Colorado Denver,
USA. Their findings report that respondents felt an increase in feelings of fear and
perceived risk after dark, and this was higher in female stafible 2.3. The study also

suggested that increased lighting on campus might reduce these feelings. of fe

Table 2.3 Differences in perceptions of fear and perceived risk between males and females on
campus [Gover et al., 2011]. In thes&@ scale ratings, 1= not at all afraid; 10 = very afraid.

Fear (d Fear (n Perceive Perceive

(day) (night

Mal e Fema Male Fema Mal e Fema Mal e Fema
M 1.7 2.4« 2.47 4.0¢ 2.0z 2.0¢& 2.8:7 4. 4¢<
SD 0.9¢ 1.5¢ 1.6¢ 2.2t 0.9¢ 1.4¢ 1.6C 1.0¢
Signi f
of gen p < 0.0 p < 0.0 p < 0.0 p < 0.0
di ffer
Respondents were asked the following questions:
Fear ofl)créiDmeg:ing the day, while you were on campus,
robbery, assault, and rape?d6; 2) O6At night, while
theft, robbery, assault, and rape?b5b
Perceived rli)s kDuofi ncgr itnmee: day, 6éhow | ikely do you thin
theft, (2) robberAt rniBghtass@hdw | (Kl y apbe;y®Y think
(1) theft (2) robbery, (3) assault, (4) rape.

Street lighting is understood to help decrease the fear of crime in multiple ways. For
example, lighting increases visibility after dark, which increases community
surveillance [Boyce, 2014, p. 485]. Increasing visibility can also help identify escape
possbilities and limit concealment, thus, improving prospect and with it the chance of
spotting and reacting to a predator in a timely manner [N&skisher, 1993]. Another
example is that lighting improves feelings of safety after dark by facilitating sissss

of perceived intentions from other pedestrians as inferred from visual cues (e.g. their
facial expressions or visibility of their face and/or hands) [Boyce, 2014; F&tbang,

2013; Hamoodh et al., 2023]. Lastly, lighting may also deter potential offenders due to
the fear of being identified [Wels& Farrington, 2008] or by the image it casts of
competent and trustworthy governance which increases perceived safety [Perkins et al.,
2015].
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Reassurance, in the context of pedestrians, refers to the sense of confidence they may
feel from factors such as street lighting, especially when walking alone after dark [CIE
236:2019; Fotios et al., 2015The positive effect of lighting on reassurance has been
investigated further in several types of studies: the first isregbrt studies. These
studies had participants record their reassurance level after being exposed to different
situations and condidns of ambient light in person and on site [Beyet al., 2000;

Fotios et al., 2014]. For example, Fotios et al. [204]9conducted a field study with 10
locations to investigate how pedestrian reassurance is impacted by changes in
illuminance. Ratings of pedestrian reassurance were recorded before and after dark and
plotted against lighting measurements to understandnipact of changes in lighting.

The findings suggested that changes in lighting affected the level of reassurance, with
increases in illuminance and uniformity improving levels of reassurance. The second
type of studies investigating the positive impactighting on the fear of crime is traffic

count studies, where a casentrol method is used to analyse observed data [Fotios et
al., 202b; Uttley & Fotios 2017; Fotio® Robbins, 2021]. The assumption is that a
reduction in the number of people travelling indicates lower levels of reassurance, all
other things being equal. Findings from these different study designs suggest that while
darkness can generally cause peoplevadk or cycle less, as evident by the reported
reduction in active travel after darkompared to daylight periods in traffic count
studies, lighting may improve reassurance, as evident by the improved levels of
reassurance reported at higher illuminances in therselbrt studies [Boyce et al.,

2000; Fotios et al., 2019]. However, it istna foregone conclusion that street lighting

and increases in light levels can increase reassurance and address cycling deterrence
caused by darkness. For example, fear of harassment and assault is increased due to
being 6on viewd t g, apaeicul@arucbnicarncfor wadmen veho feet c |
vulnerably exposed to the male gaze [Horton, 2007, p. 134].

In summary, darkness promotes fear and therefore street lighting may help reduce fear

by enhancing visibility. In turn, this could encourage more cycling.
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25.Cyclistsd ability to see and to be seen

2. 5T.hie. reduction in visibility after dark

Cyclists who feel safe from being involved in a crash are more likely to cycle. A survey

by Sallis et al. [2013] asked participants<ri, 780, aged 20 to 65 years, Seattle, WA)

to estimate how improved feelings of safety from motorists would impact their cycling
activity, using a 5point scale ranging frormeverto every day It was found that
participantsdo cycl i ng waouré 26). Fonexampla,syeling f t he
would increase at least once more per week for approximately 40% of bicycle owners

(n =488from abaseline sample 0f,229).

[] Current cycling level Ml If cycling is safer

80

71.0
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60
50

40
34.0

30 27.0
20.3

24.2
20

10 10.1

Percentage of respondents

Never Less than ~ One-two three-six Every day
once/week  times/week times/week

Reported cycling frequency

Figure 2.6 A comparison of cycling frequencies showing current cycling levels and projected cycling
levels if the same sample felt safer in the Seattle, VA, and Baltimore, MD areas i@ @I®Sallis et
al., 2013].
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The reduction in visibility after dark can impair our ability to see and avoid potential
hazards while in travel. This is revealed as a lower probability of detecting a hazard,
and/or an increase in the time from onset/first visible presence of the Haziatection

of the hazard (reaction time), particularly for low contrast low luminance objects
[Plainis and Murray, 2002; Plainis et al, 2005]. This delayed reaction time in poor
lighting conditions contributes to an increase in critical stopping distd@&D), as
Plainis [2006] observed when comparing differences in CSD for vehatldgferent
speedsfi{gure 2.7). Poor lighting conditions increase reaction times to detect a hazard,

resulting in an increase in CSD of between 5.3 and 12.4 m, depending on vehicle speed.

B Additional [ Breaking [0 Perception

0 ———
o
o
o] -
\ | . | | |

0 40 80 120

Speed (mph)

Stopping distance (m)

Figure 2.7 A comparison of critical stopping distances (CSDs) between different vehicle
speeds [Plainis et al., 2006]. Three CSD components are shown: Breaking distance, perception
distance (distance travelled during average reaction time), and additional digthstzace
travelled during additional delay to reaction time caused by poor lighting conditions).

Delayed reactions caused by poor lighting conditions can also impact cyclists, making
them more prone to collisions [Perkins et al., 2015]. This is because similarly to
motorists (sed-igure 2.7), the delayed reaction caused by the increased detection time

can significantly increase the critical stopping distance needed to avoid collisions,
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particularly at higher speeds. This might be more pronounced in older cyclists, as vision,
muscle strengthand reaction time reduce with age [European Road Safety Observatory

- Pedestrians and cyclists, 2018]. These concerns can heighten the feeling of danger for
people cycling after dark and negatively influence the decision to cycle [Sustrans,
2018], particlarly when compared to being able to make the same trip in daylight,
which has been highlighted by research as a key motivator for people to cycie sV

et al., 2011].

Reduced visibility after dark coupled with low conspicuity of cyclists (conspicuity
refers to the ability of an object to effectively draw the attention of the observer against
a background [Langhar& Moberly, 2003]) can increase the rates of injury for them
[Twisk & Reurings, 2013]. Such impairment in vision also impacts other road users like
motorists, making motoristyclist collisions more prevalent after dark compared to
daylight [Fotios et al., 2021, Raynham et al., 2020], increasing with it the s&yeof
resulting injury [Asgarzadeh et al., 2018; Twi&kReurings, 2013; Yan et al., 2011].
Unlit roads particularly increase the odds of fatal collisions for cyclists after dark.
Uttley et al. [2023] calculated this increase as an odds ratio of 8.50, suggesting that
the risk of fatality is increased by eight times after dark in unlit roads when compared
to lit roads. Figure 2.8 compares injury rates from cyclistotorist collisions in
different ambient light conditions, showing an increase in collisionperiods with

reduced lighting (early morning and late evening) compared to periods of daylight.
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Figure 2.8 A comparison of cycling injury rates (per million kilometres travelled) in different ambient
light conditions, with the involvement of motorists (left) and without it (right), for the period-2008
[Twisk & Reurings 2013].

Thus, enhancing visibility for cyclists and motorists who share the road with them is
essential for safety. This is especially a necessity in countries where cycling
infrastructure is not separated (where sharing the same road space by cyclists and
vehicles is more commonandthus more visibility is needed) and in countries where
limited cycling activity could mean that drivers do not expect cyclists on the road and
are therefore less accustomed to interacting with them [Reynolds et al., 2009]. Within
suchsettings, motorists are reported to be more likely to attempt lowering their own
risk of collision with oncoming traffic at the expense of the wading of cyclists who
share the road with them [Rasch et al., 2022].

2.5Li2ghting for hazard detection

One aim of street lighting is to enhance visibility after dark [BS 548920, 2020]In
addition to addressingoncerns about the fear of crignkghting canaid cyclistsin
detectingobstacles and lieg visible to otherscontributing to a reduction ithe risk of
injury and fatal traffic collisions [Che& Shen, 2016, Uttley& Fotios, 2023]. A
systematic review of 62 studies on lighting and collisions by Donnel et al. [2010]

confirms this, with an estimation from more than half of the studies reviewad t
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lighting intervention on unlit roads is expected to reduce collisions after dark by at least
30%, however, it should be noted that these studies did not specifically target-cyclist

vehicle collisions.

Madsen et al. [2013] investigated tassociatiorbetween improved cycling safety and
the use of permanent running cycle lights (lighting mounted on a bicycle that runs while

the bicycle is in use despite tiro#-day). This was done by monitoring two groups of

cyclists: a O0tr eat maming lghtsonstpli@d (w 1,84%), apdear ma n e 1

6control groupo6 wit hout=20@08)rfomanreetiretyear. Thein i n g
findings reveal a reduction of 19% for cycling crashes with personal isjudy47% for
cycling crashes involving other road users for the treatment group when compared to

the control group. This suggests that lighting can enhance the safety of cyclists.

Further laboratory experiments have been used to investigate the effect of lighting on
obstacle detection for both pedestrians and cyclists. For pedestrians, Uttley et al. [2017]
conducted an experiment where 30 participants in two age groups (young@&bthaad

older than 50 years old) recorded their detection of obstacles, focused particularly on
peripheral vision which was achieved by providing a moving fixation target for
participants to interact with while walking on a treadmill. This task was domerun
different combinations of five illuminances and three Scotopic/Photopic Luminance
ratios (S/P ratios: a ratio used to characterise the effect of spectral power distribution
(SPD) on visual performance at mesopic levels). Findings from this experiment suggests
that increased illuminance improved obstacle detection performance, but this effect
plateaued after illuminances greater than 2 lux. Additionally, age sfada8o of light
source were found to impact detection at low illuminances, with obstacle detection
performance being worse for older people compared with younger people and with ligh
that had a lower rather than higher S/P ratio. A further study by Fotios et al. [2017] used
a series of experiments to investigate peripheral obstacle detection for cyclists in
different light variations (street lighting and cycle lighting), reportingttimcreases in
illuminance were associated with better hazard detection performance in the path ahead
of cyclists.Both studies [Fotios et al, 2017; Uttley et al., 2017] identified illuminance
and spectrum as lighting attributes that enhance this obstltkction. They also
highlighted the importance of optimizing street lighting and fixed bicycle lights (already

a legal requirement for cycling in many countries like the US and UK) for this detection.

This adds to the evidence that lighting mitigatesiessrelated to impairment of vision
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for cyclists after all, this is a key principle for lighting roads after dark: creating
conditions that support safety for pedestrian and cycling journeys and to enhance
general visibility [BS 54891:2020, 2020].

In summary, the literature suggests darkness may influence the decision to cycle or not
to cycle due to the reduction in perceived safety and security of cyclists, and through
reduced visibility that can impact on the ability to see hazards and be seen by other road
users. Enhanced street lighting may aid in mitigating this discouragement by imgrovi
feelings of reassurance; and by helping cyclists see better to avoid hazards and to be
seen better to avoid collisions with motorists.

The next section explores further empirical studies that investigate the effect of

darkness on reported and actual behaviour under conditions of darkness.

2.6.Darkness as a deterrent to cycling

The previous section described how there may be strong theoretical reasons why
darkness could have an influena@ecycling rates and why lighting can help offset such
influence. Darkness may reduce feelings of personal security and impair visibility,
impacting the ability of the cyclist to see potential hazards and the ability of other road
users to see the cyclist gssection2.4 and 2.5). These factors could therefore deter
people from cycling after dark. Lighting could mitigate this by improving vigipil
conditions which helps in the detection of hazards and can increase feelings of personal

security.

This section discusses empirical evidence related to how darkness and lighting influence
rates of cycling, exploring two types of studies: 1) Selbort studies about preferences

and attitudes towards cycling, and 2) Observational studies on cyclingibehav
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2. 6Setkt.éport studies

Self-report here refers to studies where participants record information about
themselves through questionnaires, journals, or interviews. With regards to cycling,
these studies typically gather information about attitudes and experiences to understand
how behaviour is impactedT@ble 2.4). Behaviours such as deciding to cycle to work

or choosing one route over another have been linked to attitudes of cyclists or potential
cyclists towards personal perceived safety [Casfbrades et al., 202%aterslebe &
Appleton, 2007;Segadilha& Sanches, 2014JA number of studies have shown that
cyclists consider darkness a major deterrent. For example,& &éoudon [2008],
Segadilha& Sanches [2014], and Gaterslel®&mppleton [2007] found that inadequate

l ighting is a key concern for cyclists. Thi
a strong demand for safe and comfortable cycling journeys R.edoudon, 2008;
Sanders Cooper, 2013]. Winters et al. [2011] found and that being able to cycle during
daylight hours was one of the top 10 motivators to cycle, and using a route that was not
well lit was one of the top 10 deterrents to cycle, out of 73 factors asked about in a
survey of 1,402 people. This study alund that cycling a route not well lit after dark

was a bigger deterrent for novice cyclists than regular cyclistsHigpge 2.9).

Table 2.4 Previous studies using sedport methods to investigate the impact of attitudes and
experiences on travel behaviour.

Met hod Focus Study Key finding
|l mpact of nelLe&Moudon Adequate |
environment [2008], dar k among

Questiortravel Cas tPialrlaode mMoti vator s

al [ 2022 Presence of
influence a
Moti vators aWi nters elflnadequate
of cycling deterrer fo
Road design SandeQosope adequate |
for cyclists[2013] increase fe
motorists, a safety
transit user
Cycling rout Segaa@&iSlama Li ghting am
[ 2014] influences
choice

FeedbackAttitudes thGater &l ebil nadequate

after ccdecision to Appleton |deterrer fo
and how they upt ake

ti me
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| Potential cyclists Occasional cyclists  mFrequent cyclists  m Regular cyclists

—

Cyclist type

0.00 - 0.15 - 0.30 - 0.45 - 0.60 - 0.75

Deterrence score

Figure 29 Reported deterrence fHdm raduteas dtalr&td aeorne dn
frequencies. Greater negative score indicates greater deterrence. Novice cyclists are the most impacted
[Winters et al., 2011].

While studies inTable 2.4 employed different variations of seléport and explored
different aims, they confirmed that darkness is perceived as a deterrent to cycling, with
one study finding that this effect is stronger in potential cyclists compared with regular
cyclists [Wintes et al. 2011]. Enhanced street lighting was named as a factor in
mitigating the deterrence of darkness. However, criticism can be made attasrsstif-

report stug and similar onesas they tend to include problems such as unintended
subjectivity and stnhulus range biasHotios et al., 208; Fotios & Castleton, 204].

These issues are discussed in the following section.

2.6Li2Zmi t ati-oppootinaglf

Studies using selfeport face several challenges that could lead to unreliable data.
These challenges are typically centred around accuracy of reporting, with factors like

self enhancement and relying on memory to recall past behaviour affecting its
credbility [Paulhus& Vazire, 20077 . Peopl ebs stated prefe
vary from their revealed preferences or actual behaviour. For example, stated attitudes

towards sustainable transport are not always reflected in transport behaSieng pt
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al., 2017. This section discusses problems with s@port, with examples drawn from

the studies ifMmable 2.4in the previous section.

1)

2)

Response bias/leading questiari@hen cyclists and potential cyclists are asked

about the improvements that could make cycling more attractive to them,
enhanced street lighting is consistently among the top recurring preferences.
However, this stated preference might be directly influenbg experimental

desi gn. For exampl e, adding fAnenhanced s
participant is being asked to evaluate might bring it to their attention and lead

them to consider it, thus, following theg>x r i ment er 6 s opi ni on a
matter [Fotios et al., 2@l Fotios& Castleton, 2015]. This can be seen in two of

the studies mentioned ihable 2.4for example, where participants were asked

to evaluate how street lighting would influence their route choice [Segadilha and
Sanches, 2014; Winters et al., 2011], bringing an issue to their mind that they

may not have otherwise considered relevant. Theaoehof language might have

also led participants to specific evaluations. Winters et al. askedipanits how

a route thdtidgds affnctr welrlk 0 i nfl uence th
forcing a negative consideration of the issue on participants. Moreover, the
guestion does not define what darkness is or what alebute should mean.

It alsodoes not define the road type used nor the purpose of the trip. It does not

factor in any other conditions, assuming it to be to be a sifegitor issue.

Confirmation bias To avoid leading questions, Sanders and Cooper [2013] used

an operended question in an attempt not to influence participants about what
they should consider. They asked participants to name all the street
improvements that would increase traffic safetytftoeem. Their results show that
nearly 30% of participants answered thi
largest percentage of participants (about 20%) answered this question with 14

di fferent answers that the exmpememér rstoer
This might bring about confirmation bias criticism; where the level of
approximation the experimenter did to fit answers into selected categories is

unknown (no evidence of PCA found)For example, participants might have

on



appraised different aspects of street lighting (increase or reduction in brightness,
colour, uniformity, use of smart lighting, etc.) but were grouped into one
category titled fAi mproved | ightingo. It
this survey wee intercepted in the street while walking or cycling. Their answers
might have significantly depended on appraisal of the location they were
intercepted at. This interception might have not captured a representation of
people already deterred from cycling favour of other modes, although the
researchers argue that intercepting people walking to bus stops and upon

entering/existing local businesses might have accounted for this.

3) Self-enhancement Previous studies have shown that active travel behaviours
and patterns do not always align with sedported behaviours and patterns. For
example, when comparing daily cycling journals against wearable cycling
camera data, Kelly et al. [2014] reported dim seltreports about journey
aspects such as duration and frequency. Participants tended to overreport their
journey times by an average of 12% compared to camera data. Similarly, Geng
et al. [2017] suggests that sedported positive attitudes towardastainability
in travel are not consistently reflected on actual travel behaviour; these attitudes
can be reconsidered or ignored when intersected with inconveniences such as
distance, among other factors. One reason for the misalignment between self
reported behaviour and actual behaviour could be the perceived social
desirability behind some seteported answers. This can impact answers about
perceived fear and safety across different communities and genders. Someone
could say that they do not fear #aess just to improve impressions about them
but can choose to take a route thabesterlit when given the option. The studies
in Table 2.4focused on the improved feelings of safety gained from lighting

after dark, leaving room for instances of setfhancement.

Additional criticisms can be made for studies that focused on the influence of
neighbourhood attributes on active travel [CastParades et al., 2022; L&Moudon,

2008] , as perceived safety in oneds own ne
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interaction and road safety are relevant, and has been positively linked to more walking

and cycling for adolescents [Carver et al., 2005].

It is therefore unclear from seteport studies whether darkness and street lighting truly
influence behaviour or not. They also do not allow any conclusions to be drawn about
how darkness is defined or about tblearacteristicof street lighting and how these
may influence cyclist numbers. Knowing that a befteroute may encourage more
cycling than a worsdit route is useful to some extent, but what constitutes better or
worse is not weldefined. Understanding and quantifying the relationship between
street lighting characteristics, such as illuminance, spatial distribution and spectrum,
and rates of cyctig after dark should be considered if we are to optimise street lighting
to encourage cycling whilst avoiding energy waste and harmful ecological effects of
excess light pollution. A method for evaluatingdaquantifying the effects of darkness
and street lighting on cycling behaviour and preference is therefore needed, so that street
lighting can be optimised to increase cycling propensity. Such efforts are discussed in

the next section.

2. 6Re3v.eal ed preference studies

Self-report studies suggest that cyclists feel deterred by darkness arstré®dighting

may mitigate this, but this type of study
tends to include limitations that reduce credibility in the conclusions that are drawn (see
sections2.6.1. and 2.6.2). An alternative approach to investigating the impact of
darkness on cycling is to observe actual C
their preferences in the process. The studiefable 2.5employ dfferent methods to

do this. These studies sought to eliminate the subjectivity and bias that pervade self
report by utilizing sensor data (GPS or traffic counters) to report on cycling behaviour.
Such data can provide insight into the number of peopléimryand their behaviour

(route choice, speed, etc).
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Table 2.5 Previous studies using different methods that employ sensor data to investigate the impact
of environmental factors (including lighting) on cycling.

Met hod Approach Study
RegressilLogistic regression peChen et8 al . [
model | irrecorded GPS data with

Linear regression perfZachaMeag [ 2(

records with environme

Logistic and | inear reWessel [ 202 2]

automated counter dat s

Cageontr Analysis of cycling coUtt&kgtios [ 2

I k td l'ight [/ d k b
cloc c aylig arkness © Eot&REbbI ns [

change
Fotios et al
Uttley2eR3al
Cageontr Analysis of cycling coUttley &t al

whol e ccomparin eriods of t
y P g P Fotios &t al

against periods of the
Uttley et al

2.6.3.1 Regression modelling

Regression modelling is statistical analysis method used to determine the relationship
between a response variable (known as a dependent variable) and explanatory variables
(independent variables), facilitating the understanding of how changes in the latte
affect the response variable [Ott and Longnecker, 2016]. Previous studies used this
method to investigate how independent variables such as changes in weather and
ambient light [Wessel, 2022] or buiinvironment attributes such as lighting [Chen et

al., 2018; Zachariast Meng, 2021] affect cycling.

For example, Chen et al. [2B[Lmapped cycling routes in Seattle, USA using GPS data
collected through a smartphone app for cyclists and introduced alternative routes that
might be taken instead. The study then pinpointed locations of built environment
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attributes (e.g. land use, infrastructure, green spacesstaeetlighting) to understand

how these attributes influenced route choice. A logistic regression model revealed that
cyclists tend to choose a route depending on multiple factors that influence their
perceived safety, convenience, and comfort. One of the iftehtfactors was the
presence os$treetlighting, alongside other factors such as infrastructure, length of trip,

traffic volume and speed, and slope.

Zacharias and Meng [2021] similarly identified built environment attributes in Beijing,
China, but mapped it with records of deldss shared bicycles (this variety can be
picked up and dropped off anywhere without a docking station. e.g. Lime and Uber
bicycles in the UK). A linear regression model then revealed that six factors
significantly contribute to the use of dockless bicycles. These six factors are: separated
infrastructure streetlighting, sidewalks, bicycle parking lots, density of POI (point of
interest) per ki and road segment length. These factors were equally as important for
uptake and depositing of bicycles. The researchers confirm that the findings also match
that of previous work on fixed docks shared bicycles [Alc&rdiao, 2019; Mertens et

al., 2017].

Wessel [2022] used basic and {bgear regression models to investigate how cycling
numbers in Germany are impacted by changes in ambient lighting and weather
conditions, extending the analysis further to understand how the extent of these changes
is impeacted by journey type and public holidays. The results suggest an increase in
cycling when ambient lighting conditions are better (e.g. Daylight, or clear skies in the
civil twilight period). However, the extent of this improvement is influenced by trip
type (utilitarian, mixed, or leisure journeys) and time of day (the study assigned two
periods for this: morning hours defined as 04:00 to 09:00 and evening hours as 15:00

to 22:00). Additionally, seasons and weather also limited the positive influence of
daylight.

Beyondthe three studiegsingregression modelling mentionedTable 2.5 alternative
forms of regressioibasedanalyses were used, or could in princidgde used,to
investigate the effect of darkness on cyclist numbers. For example, Zhao [2016]
employed a timeseries analysis, specifically an Autoregressive Integrated Moving
Average (ARIMA) model, to examine the effect of several factors including daylight

duration on daily cycling volumes in Seattle, USA. The study found that daylight
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duration contributed to seasonal variation in cycling, with lower cycling volumes in

shorter winter days. This approacbhuld, in theorype adapted to incorporatanbient
lighting conditiors rather thandaylight duration. Other types of timseries analyses,

such as structural timseries models, may also be useful in exploraygling trends

associated with the change in ambient light; however, no study directly examining this

effect on cycling was found. These Tirseries approaches can be used but thagght
be more suitedor modelling broader patterns rather thmymparingchangesn cycling

rates across differemmbient lightconditions which is central to this thesis.

Other forms such as regression discontinuity (RD) could also be used, particularly

because they examine observations immediately before and after a boundary (e.g. the

end of civil twilight). However, this would be more complex to apply here as the timing

of civil twilight, if used as a thresholad¢hanges continuously throughout the year. The

use of spatial models or spatime models is also common in transport research and

has been used in cycliffgcused studieso investigate aspects like route choicalan

di fferent conditions (including o6énightfal/l

models mayalsonot be wellsuited for isolating and comparing the effect of darkness

on cyclingin specific hours of the day that alternate between daylight and darkness, nor

do they readily accommodate analyses involving multiple such hours that change

throughout the year.

Thus, br the aims of this thesisggressiorbased approaches may r@suitableas the
primary method of investigationThe second type of method identified in previous
studies, the caseontrol method,may offer abetter alternativeas it allowsclearer

isolation of ambient light conditions (i.e. examining the same hour in different

conditions) Its findings may then be combined with regressb@msed analyses to
explore any variation across different locatiofifis method is discussed in the next

subsection.

2.6.3.2 The caseontrol method

The casec ont r ol met hod i s named after t he
selected for its varying ambient l i ght

having the same lighting condition at all timsrepresent a baseline for comparison
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This enables a rati o comparison between cy

daylight and when itds in darkness) agai
the case hour), resulting in adds ratio (OR) [Szumilas, 2010]. This OR gives a
measure of the effect of darkness on cycling, while also accounting for factors like
weather changes in the process. When the i@RReases significantly from 1.0, it
suggests that cyclist numbers have decreased in darkness compared with daylight for
the same time of day. The further the OR exceeds 1.00, the larger the effect of darkness.
This method was originally used by Johansson et al. [2009] to assess the impact of
darkness on the risk of a pedestrian being involved in a road traffic collision, and has
been applied in recent studies to investigate multiple events such as crime [Fotios et al.,
2021a; Fotios et al., 202a; Uttley et al., 2024], cycling crashes [Muelenetsl., 2019],

traffic flow [Fotios& Robbins, 2022], and the impact of darkness on cyclseg{able

2.5).

Studies employing the casmntrol method investigate the effect of darkness on cycling
using two approaches: cloghange [Fotio& Robbins ,2021; Fotios et al., 2023; Uttley

& Fotios, 2017; Uttley et al., 20BBand whole year [Fotios et al., 204;9Uttley et al.,

2020; Uttley et al., 2029. These approaches differ only in the duration of the case and
control period: clock change compares cycling activity in the same number of days
before and after DST (daylights savings time) clock change, where them@inight
change is sudden at a given time of the day; while whole year compares it through the
entire year, where ambient light changes are gradtigu(e 2.10).
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( Whole-year )

An approach that compares cyclists in a CASE
and CONTROL hour for the entirety of the year

Case
A B A
hour
01 JAN APR JUL SEP 31 DEC
T T

Control @ D C
hour

Odds Ratio = (B/A)/(D/C)

( Clock-change )

An approach that compares cyclists in a CASE and
CONTROL hour for a fixed period around both DSTs

Case A A
hour B B

01 JAN 31 DEC

1 L] 1 1 1 1 1 1 1
Control C C
hour D D

Odds Ratio = (B/A)/(D/C)

Figure 2.10 An illustration comparing the study periods of clock change and whole year

Studies using the clock change method reported that darkness significantly reduced the
number of cyclists. However, the use of clock change intervention to investigate activity
changes has a few limitations that may challenge the validity of the concldsagm

[Johansson et al., 2009], these are:

1) Limited sample sizes. The use of a single case hour reduces the number of events
available for analysis in the limited number of days selected around DST. In
addition, using only a short period (e.g. 7 or 14 days) either side of the DST
clock change redusathe sample of events available for analysis. Smaller sample

sizes lead to greater uncertainty in any calculated odds ratio.

2) Seasonal variations may introduce bias, particularly around the fall DST where

conditions of road surfaces worsen closer to winter.
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Fotios et al. [201B] added a third limitation, in which they suggested that cycling rates
can directly be impacted by any events taking place in the short periods of study (for
example, a cycling event taking place in the week before the clock change), and
proposed an alteative approach that uses data from the entire year instead. For this
approach, they analysed data from the same database used in&J&kmyos [2017] to
understand the differences between the two approaches. All three previous studies using
the whole yeanapproach [Fotios et al., 20b9Uttley et al., 2020; Uttley et al., 20BB
confirm the general finding from studies using the clock change approach [Rbtios
Robbins ,2021; Fotios et al., 2023; Uttl&y Fotios, 2017; Uttley et al., 20BB that

darkness is associated with a reduction in the number of people cycling.

Similarly to Wessel [2022], most casentrol studies utilized data from automated
cycle counters (with the exception of Fotios et al. [2023], where manual count by human
observers was used) to report on the number of people cycling in different phases of
ambient lighting (daylight, twilight, and darkness). All studies reported a general

decrease in cycling numbers after daflalple 2.6).
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Table 2.6 Previous studies using odds ratios to compare travel counts for cyclists in different ambient
light levels.

Study Dat a Met hod of analysis OR (95%CEffec
Location ApproacCase h Control hfor effesizer
period dar knes:

travel <

Uttley Arlingto Clock c¢cSpringSpring: 1.38-1(.13. Smal |

FotROg7Virginia, 18:1080: 16:-13M: 29: p<0.001
2021016 20: 29315124

21:-2820: 29
Aut umn Aut umn:
17 :-100: 15 :-1360: 29 -

19: 29:141 %

20:-2310: 29

Fotetosa Arl ingto Whole y18:iD®: 15:iD®:59; 1.67-1(.16. Smal |

[2 019 Virginia, 21iDD: 59 p<0.001
2021015

Uttley, Birmingh Whole y18:iD®: 14:iD4€:59; 1.327i1.13 Smal I

& Lovel 202D 15 220DD: 59 p<0.001

[20P0

Fotios Cambridg Clock c¢cSpring Spring: 1.57-1(.16. Smal |

Robbins202dM20 18:-1080: 14:-1040: 59; p<0.001

[20P2 21:59

Aut umn Aut umn:
17:-00 14:104: 59 ;
17:59 21:59

Uttley, Bergen, Clock c¢cSpring Spring: 1.13-1(.11. Negl i

RobbinsLilleestOrs 19:100: 14:-1040: 59; p<0.001

MoscosoKristian 21:59

[20BB Trondhei Aut umn Aut umn:

Nor way, 17:-100: 14:-1040: 59 ;
202820 21:59
Whol e y18:1080: 13:100:59; 1.05-1(.10. Negl i
22:59 p<0.001

*An OR>1.0 indicates a reduction in the numbers of ¢\

daylight

** 0Odds ratio effect size thresholds suggested by Ol
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While all studies inTable 2.6 addressed the effect of darkness on cycling, some
extended their focus to include walking [Fotios et al., 20 1otios et al., 2023; Uttley

& Fotios, 2017] and driving [Fotio& Robbins, 2020]. The findings report a reduction
in pedestrians after dark but no significant impact on vehicles. Uttley et al. [2020]
extended their focus to exploring the relationship between the calculated ORseatd
lighting measurements. They compared ORs from 48 locations in Brimingham, UK,
with: 1) Records of lantern dsity, and 2)streetbrightness measurements estimated
from aerial images, following a method by Keuchly et al., [2012]. The comparison
suggests thadtreetlighting has a positive influence on cyclists, increasing the number
of people cycling after dark even with a small increase in brightness. Further increases
in brightness or density dtreetlighting did not yield additional benefit.

In summary, all nine revealegreferences studies reviewed for this thesis [Chen et al.,
2018; Fotios et al., 2019; Fotios et al., 2023; Fot&sRobbins, 2021; Uttley et al.,
2020; Uttley et al., 2028 Uttley & Fotios, 2017; Wessel, 2022; Zachari@sMeng,

2021] confirm a general deterrence of cycling associated with darkness and low light
levels. The extent of this deterrence was shown to vary across locations compared in
Table 2.6

2. 6Lidmi tation of previous studies: selective

One limitation of previous work using the casentrol method to investigate the effect

of darkness on cycling [Fotios et al., 2@l Fotios et al., 2023; Fotia® Robbins, 2021;
Uttley et al., 2020; Uttley et al., 20B3Uttley & Fotios, 2017] is the limited choice of
case and control hours. For example, Uttédyal.[2020] used one case hour (18:00
18:59) and two control hours (14:404:59 and 22:022:59) in their analysis. However,
based on the definitions of daylight and darkness applied in their study, there are five
other case hours and nine other control hoareaning that a number of alternative
combinations could have been used instékab(e 2.7). This limitation of using only a
selective number of case or control hoapplies to all previous studies using the case
control method, where several alternative combinations of case and control hours could

have been possible for the locations used in each silalyl¢ 2.9.
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Table 2.7 The alternative case and control hours that could have been used by Uttley et al. [2020] for
their analysis of cycling in Birmingham, UK.

Case hour Control hour

Used Addi tional pos<Used Al ternative possib
18:iD®: 517 :-100: 59:;191L%5:90:0 14:iDH: 59 09 :-0090: 59 :101:06:90:D11 15:!
20: 59:06065:90-:0707 22:i®D: 5912 :-100: 59 :1 31 35:90:D 32 3*5:

0 0 :-0000: 59 :0 10 15:90:0 20 5:

Table 2.8 A comparison between the number of case and control hour combinations used in previous
studies and the total number of possible case and control hour combinations that could be used, based
on the definitions of daylight and darkness used in those studies.

Study Location anitiApproacNumber of Tot al numbe
combinati possible cc
Uttley & FcArlington, 'Clock c¢8 42
2021016
Fotetop2I®M19 Arlington, 'Whole y?2 90
202015
Uttl ey, Fot Birmingham, Whole y2 66
Lovel ace [;20422015
Fotios & RcCambridge, I Clock c4 40
[2021] 202920
Uttley2@®dp3eBergen, ,LiOsiClock c4 36*

Kristiansani

Trondhei m, |WhOIe y 2 80~

208220

* This number is an approximation generated using typical case and control hours shared between the
five cities in the study (i.econtrol houris any hour between 10:00 to 14:59 and 22:00 to 02:59; and
for the whole year methodase houris any hour between 05:00 to 07:59 and 17:00 to 21:59).

It is possible that the use of alternative case and control hours could lead to different
results, potentially even different conclusions about the effect of darkness on cycling.
An example of how results can vary with different choice of hours is theysisabf
cyclist and pedestrian flows in Arlington by Uttley and Fotios [2017]. This work used
four control hours, two in daylight and two in darkness, these beginning either 1.5 hours
or 3.5 hours away from the start of the case hour. The ORs determineyctsts for

each control hour varied from 1.36 to 1.43, and from 1.17 to 1.75 for pedestrians: one
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apparent trend is that the OR was closer to 1.0 for the control hours closer to the case
hour (dark control and day control rather than late dark and early dafFigee 2.11).
This difference in OR contributes to the apparent difference in ORs reported by studies

using different choices of control hours.

o Cyeclists Pedestrians
Late Dark Control — e ——
=
2
= Dark Control - A el
=%
£
= Early Day Control — ted (|
S
)
Day Control —§ tol F
1 I 1 | 1
1.00 1.25 1.50 1.75 2.00
Odds ratio

Figure 2.11 Odds ratios increase in cyclists and pedestrian frequencies during daylight compared
with dark, relative to control periods. Error bars show 95% confidence intervals. [&tHeyios,
2017].

Uttley and Fotios [2017] used the clock change method in their analysis. When
analysing count data for the same location but using instead the whole year method with
two control hours, Fotios et al [20&Pfound ORs of 1.75 and 1.22 for the control hours
starting at 15:00 (daylight) and 21:00 (dark) respectively, revealing a much larger effect
of control hour choice when compared to Uttley and Fotios [2017].

One reason why the choice of case and control hours may influence the OR is because
the numbers and/or the type of traveller (or purpose for travelling) may change
significantly between certain hours of the
inpeak commuting time may show a different
peak. The choice of which case and control hours to use represents one of many
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researcher degrees of freedom; if different choices are made, different conclusions may
be reached [Simmons et al., 2011; Wicherts et al, 2016]. Further work is required to
determine the extent to which the choice of case and control hour affects the OR

caculated from those data.

2.7.Exploring causes of variance in the deterrent effect of darknessrcrosscities

It can be seen ifable 2.6in the previous section that the OR is not the same in each
city. This may suggest that something other than darkness influences the tendency to
cycle after dark. Sectio@.7 explores causes of that variance at a macro scale, i.e. the
differences across cities. Other causes may also impact darkness on at a micro scale,
i.e. across different sites within the same city, as the results from Uttley et al. [2020]
show when comparm sites within Birmingham, UK. These causes of variance at the

micro scale are expred in sectior2.8.

Previous studies investigating the effect of darkness on cyclists explored locations in
the UK [Fotios& Robbins, 2021; Uttley et al., 2020], USA [Fotios et al., 2019ttley

& Fotios, 2017], Germany [Wessel, 2022], and Norway [Uttley et al., B0Zheir
findings showed that the impact of darkness is not uniform across these analysed cities.
For example, cities in Norway were shown to be the least impacted by darkness, with
an OR of 1.05, whereas Arlington in the USA was the most impacted, witbRaof

1.67.

Two causes of variance are explored hietatitude and cycling culture.

2. 7L alt.i tude

Previous studies have analysed cyclist flows at latitudes ranging from Arlington at
38.88° [Uttley& Fotios, 2017] to Trondheim at 63.43° [Uttley et al., 2BR3hange

in latitude might affect cycling decisions because latitude, the position of a location on
anorthsout h scale based on distance from the
climate and the amount of daylight it receives during a year (ding the seasonal

change in the amount of daylight across a ygachmal et al., 2020]. Both ichate and

the amount of daylight can significantly influence cycling (see se@iérB).
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Table 2.9shows the ® and latitude for cities analysed in previous work using the-case
control method. Latitudes were determined using lthétude and Longitude Finder
website (www.latlong.net)Figure 2.12 shows OR plotted against latitude of cities in
previous work. These tentative findings indicate that i/ tend to decrease with

higher latitudes.

Table 2.9 ORs and latitudes of cities analysed in previous studies.

Study Location LatitudOR
FotéetopaIlbl 9 Arlington, Virgini 38. 9A 1.67
Uttley, Fotios Birmingham, UK 52 . 5A 1.32
Fotios & RobbirCambridge, UK 52.2A 1.57
UttdtepyaldR 3 Bergen, LillestrBn60.4A 1.05
Kristiansand, & T

*Mean average latitude of the five Norwegian cities analysed.

1.75

15

1.25 y =-0.0272x + 2.7877

OR

1 R2=0.761 ®

0.75

0.5

30 35 40 45 50 55 60 65
Latitude

Figure 2.12 The relationship between latitudes and ORs established in the previous studies listed in
Table 2.9.
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Uttley et al. [2028] suggested thahe high latitude of Norway means dark periods are
longer and the weather more adverse when compared to previously studied locations,
and this may make cyclists more resilient to suboptimal cycling conditions like adverse

weather or darkness.

There is also support for this theory from reveapedference studies exploring the
impact of exposure to adverse weather conditions on cycling. For example, Goldmann
and Wessel [2021] compared 30 German cities using cycle counts and weather data and
repated varying degrees of adaptation and resilience to adverse weather across these
cities. While the study did not identify latitude as a contributor to this variation, several
factors were identified, including cycling culture and infrastructure conneygtivinis
resilience to adverse weather, commonly r
reported by Nosal and Miranedoreno [2012] and Bean et al. [2021] when comparing

the impact of weather on cycling in multiple cities. The latter study also ifdsoht
similar contributing factors to those reported in Goldmann and Wg282L ], including

cycling culture, which may contribute to the variation in cycling rates across different

countries. Cycling culture is discussed in the following subsection.

2. 7Cy2c.l ing cul ture

Cycling culture refers to the collective values and attitudes shared among cyclists of a
location, which impact how cycling is perceived and practicddies using the case
control methodFotios et al., 2018; Fotios et al., 2023; Fotia% Robbins, 2021; Uttley

et al., 2020; Uttley et al., 203 Uttley & Fotios, 2017]applied it on locations with
varying levels of cycling activity. Uttley et al. [20BBcompared the propensity to cycle

in cities analysed in previous work using cycling modal shafesble 2.10 and
suggested that cycling culture may be one reason why cycling modal shares vary
between those cities. There is support for this suggestion from Haustein et al. [2020]
who reported cycling culture as a reason behind differencesdhingyrates between

Stockholm, Sweden, and Copenhagen, Denmark.
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Table210Ut t l ey et al

[2023Db] 6s

captured and analysed to assess the impact of ambient light on cycling rates.

comparison

Study Location Availabl Year Modal st
counterc<range for cycl

Fotios et al Arlingto 33 202101 2%

Uttley et al Birmingh 48 202D1 1%

Fot&Rebbins [Cambridg 14

Uttl ey

et al Norway** 14

2082902 18%

202D 2 4%

* Mo d a |

** Coun

Figure 2.13 shows ORs plotted against modal shares of cities analysed in previous

share for cycling i

ts from five cities
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work. The limited association between the two variables mayallgrbe explained by

the small range of modal shares shown, as most cities range between 1% and 4%, with
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therefore be beneficial to include cities with a wider rangeyafing modal shares in
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order to understand how it relates to the deterrent effect of darkness.
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Figure 2.13 The relationship between modal shares and ORs established in the previous studies listed

in Table 2.10.
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In summary, research indicates that geographical variance can impact cycling numbers
through the variation in the amount of available daylight, climate differences, or cycling
culture. Multiple studies addressed the impact of weather on cycling, but dtetoe
understand the regional impact on cycling has been identified as one of the main gaps

in current literature [VidalTortosa& Lovelace, 2024], stressing the need to examine
countries that vary in their latitude and cycling culture. This is an issatehths long

not been addressed, being identified as a gap in cycling research by Heinen et al. in
[2010], in their review of literature, stating thati n or der t o gain bett
the transferability of knowledge, bicycle research should be conducted across a wider
range of .countrieso
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2.8.Exploring causes of variance in the deterrent effect of darknessuithin -cities

2. 8Lolurney type

The impact of darkness on cyclists may vary depending on the purpose of their journey.

For example, Utilitarian cyclists (e.g. commuters cycling to and from work) may be

more persistent against darkness or low light levels in their journeys comparedeo tho

cycling for leisure, because they may cycle more regularly and have less choice about

the times they travel. Utilitarian cyclists are reported to be generally less affected by
factors that deter other types of cyclist and 1oyelists [Duren et el., 2. Duren et

al. hypothesize that the greater the experience in cycling, the less affected cyclists are

by safety concerns (these concerns being a key reason why darkness may deter cyclists).
This is Ilikely due tefédncethhddagtecadenems ®ne

ability and acquired skills to overcome obstacles or challenges.

While previous research has investigated and confirmed a reduced influence from
factors like weather on commuters regularly cycling to and from work [Ahmed et al.,
2017; Heinen et al. 2011], the impact of darkness on journey type has largely been
overlookal. One limitation that hindered such investigation is that previous work
studying the impact of darkness on cyclists [Fotios et al., BOE®tios & Robbins,

2021; Uttley et al., 2020; Uttley et al., 2d23Jttley & Fotios, 2017] uses data recorded

by autonated cycle counters in its analysis, and these counters are not able to record
the purpose of cycling journeys. Thus, a classification method for journey type is needed
in order to understand how journey type affects the impact darkness has on thendecisio

to cycle.

Wessel [2020] proposed a classification method that can be applied to cycling counts in
individual counter locations to enable an estimation of the main use for each route,
ranging between O6utilitarianod, Or eciogneat i on
method (summarized iRigure 2.14) works by comparing patterns in cycling counts in

peak and offpeak periods. It takes influence from a studyNmsal and Miranda Moreno

[2012] which classified journey types to understand how they are impacted blyexveat

Wessel [2022] updated this classification method and used it to confirm that the
negative impact of weather on cycling is increased on leisure journeys. Additionally,

Wessel 6s results confirmed that betgker 1ig
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civil twilight, compared with darkness) lead to an increase in cycling, but the extent of

this increase depends on journey type and time of day. However, the classification
proposed by Wessel categorises a location into one of three possible optionagcaeat

strict measure of the dominant journey type in the location. This approach may lack the
flexibility that could better represent the nature journey types in these locations, a
flexibility that could be gained from a continuous measure such as a scaleatio.
Additional l vy, Wessel 6s analysis focuses on
exploration of how different journey type interact with different climates, ambient light

patterns, and cycling infrastructures.

Classification criteria

Utilitarian journey Leisure journey
‘A|>|B|and |\C/|>‘\D/| |A‘<‘B‘and\\CJ<|\DJ
— PN W he re —, —_—
A B < D
Total number of cyclist in Total number of cyclist in A a
07:00 to 09:00 11:00 to 13:00 Totalnumbelzdof cyclist Totalnumbekr ofdcycllst
on weekdays on weekdays on Weexgays on weekends
Figure 214 1 Il l ustration of Wessel 6s [ 2022] cycling |

suggested that a route is dominated either by utilitarian or leisure cycling. If neither sets of criteria are
met for utilitarian or leisure journeys, thenarouteiscldss ed as A mi xedo.

282Li ghting characteristics

Locations where street lighting is present may show less of a deterrence for cycling
after dark. This is because lighting can enhance visibility for cyclists which may
increase reassurance (see sectihd¥and hazard detection (see secti@r) after dark.
When comparing cycling in lit and unlit routes, research reports a reduction in cycling
flow in unlit routes. For example, Fotios et al., [2B01%sed on odds ratio to compare
active travel in locations with installed street lighting £n11) and withat street
lighting (n=7), recording an OR of 1.61 and 1.95 respectively. This suggests that the
deterrence coming from darkness is less significant in locations that are lit when

compared to unlit locations. Alternatively, Uttley et al. [2020] used lantern density to

PO



classify the presence of lighting in counting locations, between a lantern density of none
(no lanterns present), low (<2.7 lanterns/100 m), or high (>2.7 lanterns/100 m), and
recorded ORs of 2.17, 1.31, and 1.20 respectively. This suggests that ther=terr

coming from darkness is less significant in locations with any lantern density when

compared to unlit locations.

While findings from both studies suggest that cyclists have a clear preference for lit
routes, a few limitations can be observed. First, itis it unclear if this preference is shared
in locations with different latitudes (where weather, longer daylighibpsr and cycling
culture could play a role). Second, it is unclear if journey type plays a role; would
utilitarian cyclists be less deterred by a location that is unTit?rd, while Fotios et al.
[201%] observed that omoad cycling locations are typadly lit, whereas a large portion
(39%) of offroad locations are unlit, the extent that infrastructure plays a role in making
a | ocation cyclable even if itds unl it
buffered from traffic, would cyclists feedafe to cycle while relying only on their

mounted lights?

2. 8Pr30.ximity to city centre

A third mediating factor that may contribute to a reduction in the impact of darkness on
cycling is proximity to the city centre. This may be because cyclists and pedestrians
feel safer in zones where traffic is controlled or restricted, and such areadtame
centralized within the city, particularly in larger cities [Puch&rDijkstra, 2000].
Additionally, city centres are where a large portion of services are typically located.
Services here refers to urban amenities: whether commercial (such aj, ralic

(such as governmental buildings or public transport); or infrastructural (designated
cycling areas). The following is further exploration of reasons why proximity to city

centre may influence the effect of darkness:

1) Integration with public transport Main public transportation hubs (i.e. railway
stations and bus terminals) in cities are typically located in central areas.
Proximity to public transport and connectivity with cycling infrastructure has
been associated with an increase in utilitarian exg[Heesch et al., 2015]. This
might be due to the availability of cycling parks and infrastructure or because
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cyclists can integrate public transportation for a portion of their journey.
Although the study by Heesch et al. was conducted on adults over 40 years old
in Brisbane, Australia, its findings are echoed by other studies such as Titze et
al. [2010] which sggested that utilitarian cycling is influenced by mékoger

than micro, smaller than macroattributes like access to infrastructure,
neighbourhood connectivity, greenery, and traffantrolled streets. Proximity

to public transport has also been mengd in the study by Zacharias and Meng
[2021], reporting that the frequency of dockless hire bicycle use in Beijing,
China, increased with proximity to public transport, and while this study did not
classify the purpose of the journey, a study by Cheal.g2020], found that the

use of Dockless hire bicycles for utilitarian travel is four times higher compared
to other types of journeys. For Leisure cycling, research suggests that it is
influenced byourneylength, cycling network, and low vehicle zor&un et al.,
2017]. Another meso attribute considered by multiple studies is bicycle parking.
For example, utilitarian journeys are reportedly increased with the provision of
ot+«inp facilitiesod, |l i ke Dbicycle parkini
[Buehler, 2013]. The availability of cycling facilities and the integration with
public transportation might help cyclists feel less deterred by darkness.

Car-free zones in city centresA carrf r ee cent r al zone i s a
implemented in multiple major cities around the world including Copenhagen,
Milan, Madrid, and many more. There are several aims behind it such as
improvements in air quality, reducing congestion, and promgotphysical
activity. HassKlau [1997] gives an example of how such efforts can benefit
cyclists, reporting that cycling in Lineburg, Germany increased 59% and the
number of injuries decreased 13.5% in one year following the implementation of
carfree zores in the city centre in 1993. Separate cycling infrastructuaekesy
factor in making cyclists feel safeL¢e & Moudon, 2008; Sander& Cooper,
2013; Segadilh& Sanches, 2014], thus, the reassurance coming frorfirear
zones in city centres may help cyclists feel less deterred by cycling in the dark.
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3) Environmental zones and lighting designLighting design guidelines vary
between different zones of the city. For example, lighting design guidance
suggests higher illuminances for areas of a higher environmental zone, which
may lead to a reduced impact from darkness on cyclists in the cityecehin
compared to zones further from iTable 2.11 shows the classification for
Environmental Zones E2 to E4, these being the zones associated with inhabited
areas [LP, 202]. For subsidiary roads in England and Wales, BS548920
[BSI, 202Q recommends a higher lighting class (P3: average illuminance = 7.5
IX) for zones E3 and E4 than it does for zones E1 an@PB2 5.0 Ix)(see Table
A.5 of BS54891:2020BSI, 202Q ) . According t o a I
interpretation of the environmental zones, the classifications showirale
2.11 might lead them to set¢ a lower light level in peripheral areas than in
central areas of a town or city. This would affect the impact of darkness on
cycling rates if lower light levels are associated with a greater deterrent effect of
darkness [ttley et al, 202(

Table 2.11 Environmental zones and lighting environments [ILP, 2021].

Zone SurrouncLighting envircExampl es

E2 Rur al Low district brSparsely inhabite
or relatively dar
|l ocation

E3 SuburbarMedium districtWel] inhabited ru
settl ements, smal
suburban |l ocation

E4 Ur ban High district FtTown/city centres

ni ghtme activity

2.9.Research Aims and Hypotheses

The overall purpose of this thesis is to understand how darlafésstscycling rates.
This is divided into three focused aims based on the literature reviewed in cRapter
The three aims are addressed through seven research hypo{Repe® 2.15) as

described below.
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Aim 1 Hypothesis 1

Improve the - -
— P <_| Choice of case and control hours influences OR |

case-control method

Aim 2 Hypothesis 2
Understand
Assess whether ]
; ejli;ect of darkness deters <_| Darkness reduces cyclist numbers |
arkness on ol
cyeling rates
Hypothesis 3 Hypothesis 4
Macroscale | Hioher latitudes are less || Greater Cycling cultures are
Aim 3 deterred by darkness less deterred by darkness
Explore causes of
. variance in the <+ Hypothesis 5 Hypothesis 6 Hypothesis 7
impact of darkness
Utilitarian cycling Deterrence Unit roads
less deterred by L of darkness || more impacted
Microscale darkness than rec.iuced near by darkness
leisure cycling city centre than lit roads

Figure 2.15 Summary of research aims and hypotheses that address them.

Research aim limprovethe methoddf analysisfor quantifying thempactof darkness
on cycling The varying results that can be obtained from diffecarste and control hour

choicesare addressed through the following hypothesis

Hypothesis 1 The choice of case and control hour has a significant influence on the

odds ratio produced.

Research aim 2:Assess whether darkness deters cyclihge effect of darkness on

cycling is addressed through the following hypotheses.

Hypothesis 2 Darkness reduces the number of cyclists after dark.

Research aim 3:Explore causes of variance in the impact of darkness on cycling. This
exploration is addressed on two levels: first, macroscale factors that may influence the
effect of darkness (i.e. latitude and cycling culture) are addressed through the following

hypotheses.

Hypothesis 3 Locations at higher latitudes will show less of a deterrent effect of

darkness on cycling.

PT



Hypothesis 4 Locations with a greater cycling culture will show less of a deterrent

effect of darkness on cycling.

Next, microscale factors that may influence the effect of darkness (i.e. journey type,
distance to city centre, and presence of lighting) are addressed through the following
hypotheses.

Hypothesis 5Locations that have a higher proportion of utilitarian cyclist journeys will

show a smaller deterrent effect of darkness.

Hypothesis 6Locations that are further from the city centre will show a larger deterrent

effect of darkness than locations closer to it.

Hypothesis 7 Locations where street lighting is present will show a smaller deterrent

effect of darkness than locations where no lighting is present.

2.10.Summary

2. 18e¥%. poi hi ¢ efirrredvm reev

As the main aim of this thesis is to investigate the effect of darkness on cyclist numbers,
the literature review begins by defining wittrknessneans. This is particularly useful
because definitions varied in the reviewed studies, especially around the inclusion or
exclusion of twilight in periods of darkness. Therefore, in this thesis, darkness is defined
as the period st atitude in-§° beldwethe hdriboe at sunsethand a |
ending when thes un 6 s &l-& below dhe horizon at surse. This definition
excludes civil twilight but includes nautical and astronomical twilight periods in
darkness, ensuring a clear distinction between the periods of ambient light being defined

as daylight and darkness.

After dark, low light levels bring a reduction in visual function. This can affect cyclists
in two ways. First, it reduces their ability to see their surroundings and be seen by
others, making them more vulnerable to hazards and collisions; and seciocdedises

their fear of crime by hindering the visibility that helps them appraise prospect and

refuge. These factors could deter people from cycling after dark.
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In a review of empirical studies investigating the influence of darkness and lighting on
cycling, a total of 15 studies were identified for this thesis. These studies were grouped

into two types:
1.Set éporting=6s)t.udi es (n

This refers to studies in which participants report information about their preferences
and behaviours. Findings from six reviewed studies can be summarised in four key
points: 1) Darkness and inadequate lighting are considered a deterrent for cycling. 2)
Potential cyclists are more deterred by darkness than regular cyclists. 3) Better lighting
conditions are consistently a top demand for safe and comfortable cycling journeys. 4)
Cycling during daylight hours is preferred to cycling after dark.

However, selreported studies face the criticism that they tend to include several issues
like leading questions and confirmation bias, and-sefiorted attitudes and behaviour
often do not correlate well with actual behaviour. Additionally, the studiiésot allow

for a consistent conclusion to be drawn about characteristics of street lighting or the
definition of darkness used. It could therefore be argued thategdirt studies may not
reflect the true influence of darkness on cycling behaviouusThn alternative type of

study that observes actual cyclist behaviour in relation to darkness is considered.

2 . Reyealfed ence9ystudi es (n

Nine revealeebreference studies were reviewed. These studies analysed sensor
recorded cycling data against secondary data such asofiday to investigate the
influence of light on cycling activity and route choice. These studies used either
regressioranalysis or a caseontrol method to reveal that darkness and low light levels
can indeed deter cyclingtreetlighting can reportedly mitigate this even with a small
increase in brightness. However, several gaps that impact the scope and generalizability

of these studies were observed.
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2. 1Gaps in literature

Three gapsre identifiedin the reviewed literaturethe first concerns the casentrol
method used in previous studies, and the second and third concern the scope of those
previous studies. These gaps influenced the division of the main research aim into three

focused aims described in sectidr®.

1) Methodological issuesFindings from previous caseontrol studies are limited
by their choice of case and control hours. When different choices are made,
different results are reached. Additionally, several revisions such as a concise

definition of darkness can be made to enteantudy design.

2) Lack of geographic and cycling culture varietyMore research is needed to
confirm if darkness deters cycling and whether this effect varies between
countries with different latitudes (resulting in different seasonal changes and

ambient light patterns) and cycling cultures.

3) Unaddressed mediating factoraMore research is needed into the impact of
locationspecific factors on the extent of the deterrence caused by darkness on
cycling. These factors include journey type (leisure vs. utilitarian), the presence

or absence of street lighting, and proximity be tcity centre.
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2.11.Analysis overview

Thefollowing plan provides a general outline for the methodology of this thEggsire
2.16 illustrates this plan, dividing it by chapter and highlighting the hypotheses relevant

to eachstageof analysis.

@l Revised case-control method |

| |

Across-cities analysis (macroscale) Within-cities analysis (microscale)
Case-control analysis ~ 15 cities Case-control analysis ~ 74 cycling sites
@ | Impact of darkness on cyclists | Impact of darkness on cyclists |
Regression analysis Regression analysis

Influence of journey type |

@ | Influence of latitude |
| Influence of cycling culture |

BEE

| Influence of distance to centre |

Influence of street lighting |

Chapter 3 Chapter 4 Chapters 5 & 6

Figure 2.16 Outline of the methodology in this thesis, highlighting the relevant hypotftésisi7)
addressed by the results from each stage of the analysis.

Chapter3 assessethe impact of different choices of case and control houarthe effect
of darkness. This aims tddress H1, which states tht&e choice of case and control
hours influences the ORs produced. An improved gasdrol method that combines

all case and control hours is introduced as the foundation for two scales of analysis:

Acrosscities analysis of the impact of darknesshe impact of darkness on 15 cities is

assessed using thienproved casecontrol method, which establishes ORs that are
presented in chapte3. This aims to address H2, which states that darkness reduces
2N



cyclist numbersTo explore the influence of macroscale factors (i.e. latitude and cycling
culture), the established ORs aealysed against records of latitudes and estimates of
cycling cultures using linear regressionhis is presented in chaptdrand aims to
address H3 and H4, which state that locations in higher latitudes and with greater

cycling cultures are less deterred by darkness

Within-cities analysis of the impact of darkne3#ie impact of darkness o tycling

sites within five cities is assessed using theproved casecontrol methog which
establishes ORs tha@uantify theimpact of darkness at individual sites rather tlan
the city level To explore the influence of laroscale factors (i.gourney type, distance
to city centre, and the presence of street lightinge established ORs are analysed
against estimates dhese four factorsising linearand stepwiseegressionanalyses
This is presented in chaptebsand 6, and aims to address H3%7, which state that
darkness is less of a deterrent fdilitarian journeysand locations closer to the city

centre, and more of a deterrent for unlit locations after dark.
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ChaptlempBotvheagmet hod of analy

3.1.Introduction

In previous work, ORs for the effect of darkness on cyclist flows were determined using
typically only one case hour and one or two control hours. There are other possible
choices, and some initial evidendeotios et al., 20118, Uttley & Fotios, 2017 suggests
different choices of case and control hours lead to different ORs. As Identified in the
literature review(Chapter2), the limited choice of case and control howsed in
previous studiess a key methodologicdimitation of research investigatinthe effect

of darkness on cyclist number€hapter3 addresses this limitatiordescribng the
process ofrefining the casecontrol methodand introducingadditional considerations

to improve study design.

L

3.2.The casecontrol method

The casecontrol methodcomparesyclist numbers inwo defined periodsa case hour

and a control hour. The current work considers the effect of change in ambient lighting
conditions and therefore a case hour is one that dayight for part of the year and in

darkness for another pam control houlf necessary to provide a
baseline for comparison$ one that remains in dayliglfor darknespacross thevhole

year.For example, irLeeds, UK one possible case hourl8:00to 18:59,because that

hour is in darkness during winter but in daylight during summer, whil®0to 11:59

remains in daylight for the whole year and is thus a possible control hour.

Comparing the frequencies of events occurring within specific parts of the case and
control hours usin@n OR [Szumilas, 20105hows the size of the deterrent effedt
darknessEquation 1 shows how the OR isalculatedandEquation 2 shows the 95%
confidence interval (95%CI) for the OR [Johansson et al., 2009]. When thedddases
significantly from 1.0, itsuggeststhat cyclist numbers have decreased in darkness

compared with daylight for the same time of day.
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The casecontrol method can be applied in two approaches: cldwknge and whole
year (see sectio@.6.3.2). This thesis follows the whole year approatlsing cyclist
counts from the entire year rather thidwe limitednumber of daysn the clockchange
approachincreases thelatasampleand includescounts acrosseasonal changes that

may affect cycling patterns

. T

\ - (1)

wu B OADHE) &Y pRPI — — — — (2)

Wher e

Y i s otddes ratio for the effect of darkness on ¢
A is the number of cyclists when the case hour
B is the number of cyclists when the case hour
C is the numbeaertboét cwlhdrnod#bseworuri s in daylight.
D is the numbaertbt cwhdr atbleehuoruri s in dar kness.

To establishithe values ofA, B, C, and D, twaypes of data are required allow for

cyclists counts to be allocated to specific ambient light conditions. These are:
1) Hourly counts of cyclists.
2) The daily times of sunset, sunrise, and the start and finish of civil twilight.

Cyclist count data for the current and previous studiesips et al., 2019 Fotios et
al., 2023; Fotios Robbins, 2021; Goldman& Wessel, 2021MirandaMoreno and
Nosal, 2011;Uttley et al., 2020; Uttley et al., 20B3Uttley & Fotios, 2017; Wessel,
2027 are gained using automated counters. These counters are installed by local
authorities for their own needand here thelata is availabléo the public The count

sensors employ various technologies (e.g. piezoelectric cables, inductive loops, etc.).
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On-street counting by observers is also possiblg.[Buhler et al., 203 but that greatly

restricts the count data.

The daily times of sunset, sunrise, and the start and finish of civil twilight can be
obtained from  multiple sources, such as online platforms (e.qg.
https://www.timeanddate.com) or from built datasets and packages available in
statistical analysis softare such as Microsoft Excel and (B free opersourcedata

analysis software)

Sectiors 3.3 and 3.4 introduce thetwo datasets collected for this studgutlining
revisions made teach of thento improve the overall study desigompared tdhat of

previouswork.

3.3. Hourly counts of cyclists

Previous studieausing automatedcycle counterdatain their analyss [Fotios et al.,
201%; Fotios et al., 2023; Uttley et al., 2020; Uttl&yFotios, 2017fended to consider
only a singlecity. A few studies[Fotios& Robbins 2021; Uttley et al, 2023; Wesse|]
2022] extended theiscopeto include multiple cities, though theyfacedlimitations in
sample sizeFor example, Wessel [2022] incorporated 23 cities in his analpsis,
severalof themhad a very low number of coung sites including sixcitieswith data
from a single cyclingcounter This does not meet the recommended thresholdt of
counters (per clusters of locations with similar cycling patterns, e.g. leisure cycling)
recommended by Nordback et §2019] to improve data reliabilityrurthermore both
Wessel [2022] and Uttley et al. [208Rrestricted their analysis to cities within a single
country (Germany and Norway, respectively), reducing geographic diversity.

To improve representatignihe current work usedycling datafrom 15 citiesacrossl0
countries. These cities were choseumsing the following set of criteria applied in

sequence

1) Data availability: citieswere first screened based on the availabilitycg€le

count data to the public and in a suitable forrt@g. hourly countasa CSV
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file), with an effort tdocatedatafrom a range otountries and continents where

available

2) Data threshold: cycle count data from the step above were examined for two
requirements: aminimum of four countng locations per city, meetingthe
thresholdrecommendedby Nordback et al. [2019]and a minimum of one
complete calendar year bburly countsThese requirements ensure that cycling
activity is represented across varying locations and seasons within each city.

Cities meeting both requirements were retained.

3) Bicycle-friendliness citiesremainingfrom thepreviousstep were crosshecked
againstL u k @&llsal Bicycle Cities Indej_uko, 2027, andwere retained only
if they appeared on the 9fity list. This stepensuredthat only cities with an
adequate baseline of cyclingctivity were included in theanalysis,thereby
minimising anypotentialconfound from low cyclinggolumes Luko60s i ndex
selectedhere as it was themost detailed and comprehensivelex identified
during this researclsee sectiom.2.2.3. Its use also aligns with later analyses

in this thesisfocusing on cyclingulture

An initial list of 12 cities were identified using the criteria above. To those, a further
three cities that were either examined in previous studies (Arlington, VA, USA, and
Birmingham, UK) or were being examined in a parallel study (Leeds, UK) were added
given that publicly accessible sources were provided in the original skatyof et al.,
2019b; Uttley et al., 2020Yesiltepe et al.under reviey. These cities were added to

enable comparability with previous work.

Table 3.1lists all 15 cities collected for analysis in this reseaiaohtotal, the dataset
includes277 couner sitesacrossthe 15cities. This isa larger sample thethat used in
previous studiege.g.a total 0of146 counters in Wessel [202XeeTable 2.10for other
examples.
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Table 3.1 The 15 cities included in the ciscale analysis of the deterrent effect of darkness on
cycling The table shows the range for which data were available and the maximum number of
counters in each city.

LocationMax No Date¢Data source
counte rangt
Ant werp, 30 201:Projektgrupde eBirdywleadd DMatya
Bel gi um 201¢https:-dabacygeddtialycl es
Arlingto?25 201:Bi keAr[regtoerved January 2
USA 201thttps:// count er s-f bdrekveea rolpienr
Auckl and 37 201 Auckl and i NZ@ovseprormentr i eved
Zeal and 201¢https: /] at w@dKti .nmgZ r eyselair cd
moni tor i rcg/emaemitthdryi ng/ #ar cl
Berl in, 26 201¢Berlin Senate Department f
201¢Climate Action, [ared rtileer eEln
https:// www. ber | i-mndle/ sen/
verkehr/ verkehrsplanung/ra
radi nfrast r uknfduarh/rzr aaedhbl asrtoene
Birmingh 438 201:Birmingham [Cridgtyr iCOhwenct i Decert
201thttps:// data.birminglkastogaes
Dubl in, 5 201¢Dublin Ci[tryetCGauervceidl June 20
https:// data. god gineyyehease
count s?package_type=dat ase
Edi nburg?7 201¢EdinburghJC€oenz20?23]
Scotl and Provided by Rachel WBioadsma
contact
Hel sinki 19 201 :Fi nlOgprech [DraettalNio & e e2h0tpr
201¢https:// www. opendata. f-i/ da
pyorailijamaarat
Leeds, L27 201(Leeds Cifye€Courued Februar
201¢https:// dat ami | Famonratghegloeo g t
M¢nster, 8 201 ¢Op&MRWNRWover f men tOic ¢ 02b0&Pr
Ger many https://open. nrw/dathasatdive
t ages adkattuoedl | e
Montreal 40 201¢Gover nmento poefn [Claantasdiaeved Mz:
Canada https:// open. canada-1l@aldbact
baHe&0b6d2c7297
New Yor k 5 201 NY®pen [Daettari eved July 202
201¢https:// data.cityofnewyorKk

CountskBczfabout dat a

2T



LocationMax No Date¢Data source

counte rangt
Osl o, Nol2 0O1¢Norwegian Publ i c [Roeadrsi eAvdend
O1¢https:// www. veghhesen. no/ tr
O1¢French Publ ifcr eDtartiae Wwd cht May
Ol¢https:// www. data. goue-hdst &

Pari s, F 55

N N NN

d o n nrcecersp teesuirdbeeso mpt ag e/

Seattle, 10

N

01:Seattle DepartménetofevVean

N

O1¢https:// www. seattl eagdv/ tr
programs/ ppoonga @end lbn tker s

* Database no longer accessible through the listed page. A previously downloaded version is used for
the analysis.

The data presented fable 3.1were first cleaned to ensure consistariusions.This

resulted in the removal dahe following:

1) Data fromcountersmissing more than half a year of cycling counftkis means
that, for any givencounter incomplete years were remov&dhile whole years

were retained.

2) Data for the years 2020 and 2021. While this data was available at the time of
collection a decision was made tomit them from analysis to avoid any
confoundsfrom the Covidl9 period, which saw an overall cycling boom
Cycling counter data showed that cycling averages in Europe increased by up to
8% and inthe USAby up to 16% [Behler & Pucher 2021], this was facilitated
by an unprecedented increase in bicycle sales [Co&nlizardqg 2021] and a
rising phenomenon of 0 Covi dafte yhe Ifiret L ane
lockdown [Rérat et al, 2022]. This resulted in data frofour locations(Dublin,

Edinburgh Montreal, and Minsteitp be reduced to a single year of counts.

3) For locations included in previous research (Arlingt/8A and Birmingham
UK), datafor years that were nancludedin those previoustudiesvereomitted
This means that for both these locations, data beyond 2015ewelededdespite
their availability. This omissiontargets consistency and comparability with

previous work
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4) Missing or negative values, indicag a fault in the operation of the counter,
were checkedand removedThe numbers forthe corresponding control or case
hour were alsaremovedto ensure an accurate comparison between the two
periods For example, if a cycle count was missing for the proposed case hour
18:00-18:590n January 12012 in a counting location, the cycle count for any
controlhour paired with it for the same date and location was removed from the
analysis.

While the aim of the data cleaning process was to improve consistency and
comparability across different citieg,should be noted that the sensor technology
used in automatedycle countes can differ across andvenwithin cities. Each
sensor type carries specific limitations that may influence count accurabye 3.2

lists known sensor typsfor each city and highlighttheir potentiallimitations. For

most sensors, thedienitations are not expected to introduce systematic bias in the
results related to the effect of darkness on cyclist numbl2ng.exception to this
might be the camerbased sensor, which has the potential to underestimate counts
during hours of darkness as accuracy may depend on image quality, which is likely
to deteriorate under lower light levels. However, given that the caitvesad
sensors are only known to be used in one city (Antwerp), and only in a limited
number of locationsvithin it, any possible bias inttuced by these sensors is likely

to have little influence on the overall results of the study. Therefore, inafirctive

loop sensors used in the majority of counting sites, the associated limitations can be

expected to largelpe consistentand comparablacrossthe majority of cities.
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Table 3.2 Sensor types used in automated cycle counters in the 15 cities (as specified in the source
material or relevant webpages) and their potential limitations. Cities in bold use more than one type.

City Sensor ty|Sensor | imitations

Ant werp I nductive May be prone to undercou

Arl ington

Berlin p Faced with installatio

Dubl i n i ssues [ Nordback & Jan

Montreal * p Used in complex road s

New Yor k roundabouts [Kothuri e

Osl o p Cyclists do not pass d

Paris * [ Ozan et al., 2021].

Seattl e p Bicycl es arfeermaodnea gonfe tn

(i.e. carbon fibre) [N

Edi nburgh Piezoel ec Harder to install, due t

Osl o sensitive to weather con
fluctuations or rain) [C

Ant wleirmi ted Cameraassed Count accuracy mhiygbe oe
condi tions, paéritDAcu Itarclhy
[ Guan et al ., 2023; Ozan

Auckl and Unspeci fi -

Bri mingham

Hel si nki

Leeds

Munster

*Not clearly specified in source materi al but its

3.4.Daily times of ambient lighting conditions

Within a typical day ambient lighting conditions change betwedaylight, darkness,
andthe intermediate phases of twilighThe definitions of darknesgsedin previous
casecontrol studiescompared inSection 2.2, are inconsistem, particularly in how
events occurringluring civil twilight periods were categorizedFor example, Uttley

and Fotios [2017] defined darkness as the period between sunset and stihsskal
altitude),which meansthat cyclist countscapturedduring civil twilight were included

in the period labelled adarknessAnalysis of road traffic crashes suggests thathsan
assumption can cause the difference between daylight and darkness to be
underestimated [Fotios et al., 208, which may be becauseivil twilight remains
daylit to some extentlue tothe scattering of sunlighOther studiesuch as Wessel
[2022] and Uttley et al. [2020Fcognized this and conducted separate aealf civil
twilight periods with the latter study showinghat conditions of twilight produced
lower odds ratios than conditions of darkness, when compared with daylight. This
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suggests the inclusion of civil twilight in the definition of darkness is likely to dilute

the estimated effect of darkness on cycling.

Some studieschose tocompletelyexclude counts in civil twilight from their analysis

[e.g. Uttley et al., 20Z24to provide a clearer separation between counts occurring in
darkness and in daylight. The counts removed may present a confound when added to
either the daylight or darkness periods, as previous work [Uttley et al. 2020] reported
that people cycle less ieivil twilight periods compared to daylight, but that tleect

i sndét as st r mafipm dasknesshperiodset er r e

The current workhereforedefines darkness as the period starting whelar altitude
is-6° (i.e. the sun ibelow the horizohafter sunsebne eveningand endingbefore the

next sunrisewhensolaraltitudeis -6° below the horizonDaylight is the period when
solar altitude is abov@°. This definition ensures that periods of civil twiligfdolar
altitudes of0° to-6°) are omitted from the analyses to give a stronger contrast between
daylight and darknes&.or each location,lapossible darkness and daylight peridds

each of thelb5 cities were defined according to data collected from the Time an@ Dat
website [ttps://www.timeanddate.comThis data provides times of daily sunrise and
sunset (solar altitude 0°) and the transitimetweencivil and nautical twilight (solar
altitude-6°).

3.5.Choice of case and control hours

In Chapter2, it was suggested that a limitationmfevious studiess ther limited choice

of case and control hourfhese studies tended to use only one case houunamatwo
control hoursdespite the availability o$everal othecase and contrdioursto choose
from (seeTables 2.7and 2.8). This was done with the assumption that the choice of
case and control hours would not significantlyatter. However,comparing ORs
reported in previous studies using different control hours at the same lo¢atibas

et al., 2019; Uttley & Fotios, 2017]suggests that hour selection may impact the
estimated effect of darkness (see sec2dh4.]).

To investigate whether the choice of case and control hour matigrsst count data
were collated for all possible case and control hours, and ORs were calculatdt for

possible combinations of case and control Iso@ase and control hours were defined
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for each cityaccording to solar altitude dat@ase hours containing periods of daylight
or darkness for less than two months per year were exclifdedontrol hour contained
any amount of civil twilight at any point in the year, it was not usadure 3.1 shows

the case and control hours for eaafithe 15 citiesincluded inthis thesis

-020: 5
-2030: 5!

23:

-1020: 5
-1030: 5
-1040: 5!
-1050: 5
-1060: 5!
-1070: 5
-1080: 5
-1090: 5
-2000: 5
-2010: 5
22:

:-1010; 5¢

12
13
14
15
16
17
18
19
20

11
21

Ant wer p,

Arl ingt

Auckl an

Birming
UK

Berl in,
Dubl i n,
Edi nbur

Hel si nki

Leeds,

M¢nster

Montreal

New Yor k

Os | o, N

Pari s,

Seattl e,

R e

Figure 3.1 Case (light shaded) and control (dark shaded) hours includked aurrentinalysis.
Unshaded cells are hours that are excluded from calculation as they included some period of civil
twilight at some point during the year.

An OR wascalculated for each combination of case and control hlmuAntwerp, for

example, there are four case hours and twelve control hours, resulting in 48 (4 x 12)

—
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combinations of case and control hours and thus 48 calculated T2Rk 3.3 shows

the number of combinations for each city.

Table 3.3 Number of ORs for each city as determined by the number

of possible combinations of case and control hours.

City Tot amber @ferOl
New Yor k, USA 45

Ant wer p, Bel gi 48
Arlington, VA,

Auckl and, New
M¢nster, Ger me
Paris, France 52
Edi nburgh, Sc¢54
Hel sinki, Finl
Montreal, Cani56
Seattl e, USA
Birmingham, uleo
Leeds, UK
Berlin, Ger mat
Osl o, Nor way
Dubl i n, Il rel ar72

A weighted mean was used teport the OR across a range of case and control hour
combinations, similar to metanalyses methods where a weighted OR is used to
measure the overall effect across multiple studies [Deeks et al., 2018jvdighting

for a specific ORs the total numbers of cyclists in tihelevantcase and control hours.

This was determined following the Mankllaenszel method for calculating weighted
odds ratios, developed originally for assessing factors associated with disease [Mantel
and Haenszel, 1959; Silcock005] as shown irEquation 3. The 95% Confidence
Intervals for the weighted ORs are calculated using the method proposed by Robins,
Breslow, and Greenland/] as outlined irEquations 4and5 [Silcocks, 2005].
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0O 3
5 (3)
Wh e:r e
MHyvodds i shMantHalenweegbtdesd ratio
[ i nékéesx each combination of case and control
A is the number of cyclists when the case h
Bi is the number of cyclists when the case h
Ci is the number of cyclists when the control
Di is the number of cyclists when the control
Ni i s ttohteal number i-oh g moifidMBaHCI+®Dim t he
95% Qo= @ € QQi pdo @lw (4)
o BYdo BUGYH 04 % B Ydq (5)
her e,
Pi is cal cAkB@R)t/H)d as ((
Qi i s calcBt@Uumd as ((
R i s cal cADpNepd as ((
S i s cal cBiCgNed as ((
Ni i s ttohel number itoh comiidMBaHEi+®im t he
[ indexes each combination of case and control

A weighted mearOR was used because thdathmetic mearOR may notbe suitable.
For exampleconsiderFotios et al [201B] who used the case hour 18:A®:59 paired
with the control hours 15:005:59 and 21:021:59in Arlington, VA, USA. Theyfound

an ORs of 1.75 and 1.22or those two control hourgCalculatingthe arithmetic mean
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gives an OR of 1.49Calculatinginsteadthe ManteltHaenszelweighted OR using the
combined data for the two control hoursteadgives an OR of 1.67Such instances
can particularly arise where cyclist numbers are significantly different at different
hours, which may have a largerfluence on ORs calculated using combined data from

these hours compared to arithmetic Gfasculated from individually calculated ORs.

The Manteil Haenszel weighting approach is widely used to combine odds ratios across
strata with different sample sizes. It assigns greater influence to strata (in this case,
specific caseand control hour combinations) with more observations and therefore
lower sampling variance. This minimises random noise without introducing systematic
bias, provided that the strata represent comparable instances of the same underlying

effect here, the impact of light conditions on cycling.

It could be argued that some cas®lcontrol hour combinations may be less comparable

due to systematic variations in cycling activity across the day (e.g. commuting peaks).
Likewise, case and control hours closer in time might appear more directly comparable.
However, because each odds ratheasures theelative change between the same
seasonal periods, the Martelaenszel method captures the common directional effect

of darkness rather than absolute hourly differences. Moreover, treating all casd/contro
combinations symmetrically avoids subjective bias that could arise from manually
selecting Acloseodo or Adistanto pairs, whi l

aggregate estimate across all possible pairings.

3.6.Results

3.6Qdlds ratio arrays

The ORs determined for each combination of case and control hour are prasehisd
sectionas an array, one per city, to enable trends to be observed, ifAasymmary
table is first shown to describe the range of ORs obse(Veathle 34), before the

detailed arraysire presenteth subsection8.6.2to 3.6.16

From a total of 821 established ORs, 74% we@reater than 1.0, with &trong

concentratiorof ORs between slightly larger than one (e.g. 1.01) and 1.3.
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Table 3.4 Total number of odds ratios for each city and their range.

) Numb OR range
City of C Mi n OF MediGRn Max O
Ant wer 48 0.88 1.05 1.27
Arling 48 0.94 1.45 2.65
Auckl a 48 1.01 1.34 1.92
Berlii 60 0.74 1.0 1.41
Birming 60 1.00 1.54 2.62
Dublir 72 0.84 1.07 1.60
Edi nbu 54 0.72 1.21 4. 21
Hel si n 54 0.60 0.98 1. 45
Leeds 60 0.98 1.23 1.52
Munst e 48 0.96 1.09 1.24
Montre 56 0.76 1.03 1.77
New Yo 45 0.69 1.21 1. 44
Osl o 60 0.53 0.78 1.59
Pari s 52 0.77 1.06 1.19
Seattl 56 0.78 157 4. 33

Tables 35 to 3.19 and Figures 32 to 3.16 presentthe ORs for each combination of
case and control hour in each city. The tabkeghlight which of these ORs are
significantly below 1.0 (shaded dark purple) or significantly above 1.0 (shaded light

purple) (p<0.05), and the minimum and maximum OR for the city.

Table 35 andFigure 3.2show the ORs for AntwerBE. ORs are greater than 1.0 in
the majority of cases (m 37 of 48); the remaining are ten ORs below 1.0 and a single
OR equal to 1.0. Statistical significance (p < 0.05) is indicated with light shading if
above 1.0 and dark shading if below 1.0. Unshaded cells indicateigoificant values.
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Table 3.5 ORs forAntwerp, BE, calculated for each combination of case and control hours

Case hours
Control hou Mor nin Evening
06:-06: 5/ 18:-0@: | 19:-00: 20:-20: §
23:-26: 5 1. 1. M®dno
00:-00: 5 M®Dn m
I n dar 01:-0a: 5 1. 1. M®dnc
02:-0@Q@: 5 1. 09 1. 09 M®DPMoO
03:-0@: 5 1.11 1. 13 M®PH O
09:-09: 5 1. 10 1. 16 1. Ra%.
10:-D0: 5 1. 05 1. 09 1. 18
11:-aQ: 5 1.00 1. 04 1. 11
I n day 12:-0@: 5 1. 06 1.12 1.23
13:-006: 5 1. 03 1. 08 1. 18
14:-0@: 5 1. 02 1.10
15:-06: 5 1. 02 1.01 1. 08 1.19
1.4
Casehour
06:00 - 06:59
1.3 —p 18:00 - 18:59 1.27 (Max OR)
g 1900 -19:559
12 g 7(1:00 - 20:59
s \/\/
1
0.9
0.88 (Min OR)
0.8
Control hour

Figure 3.2 ORs for Antwerp, Belgium (n= 48). An OR greater than 1.0 tentatively suggests a
reduction in the number of cyclists after dark.

Table 3.6 andFigure 3.3 show the ORs for Arlington, VA, USA, calculated for each

possible combination of case and control hours. ORs are greater than 1.0 in all but two
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ORs (n= 46 of 48). Statistical significance (p < 0.05) is indicated with light shading if
above 1.0 and dark shading if below 1.0. Unshaded cells indicatsigafificant values.

Table 3.6 ORs forArlington , VA, USA, calculated for each combination of case and control hours.

Case hours
Control hou
06:-06: 59 18:-08: 59 19:-00: 59
22:-Q@: 5 0. 96 1. 37 1.62
23:-23: 5 1.05 1. 45 1. 70
00:-00: 5 1.08 1.51 1. 73
I n Dark 01:-0Q: 5 1.15 1. 20 1. 38
02:-0Q2:5 1.19 [ 0. 94 | 1.009
03:-0@: 5 1.23 1. 18 1.29
04:-0@: 5 1. 214 1. 64 1. 87
08:-0@: 5 1. 22 1.58 2.00
09:-:09: 5 1. 13 1. 39 1. 73
10:-D0: 5 1.08 1. 21 1. 47
11:-aQ: 5 1.18 1. 33 1.62
In Dayl 12:-0@: 5 1.27 1.55 1.93
13:-086: 5 1. 38 1.80 2. 26
14:-0@: 5 1. 45 1. 96 2.52
15:-06: 5 1.52 2.02 2. Ras.
16:-06: 5 1. 49 1.80 2. 44
d Case hour (Max OR)
05:00-06:50 e 18:00-15:50  emmgem 19:00 - 19:59 2.65
25
&
1.5
L T o N A Y
0.94
(Min OR)
o a1} ] a1 ] ] ] ] ] ] q1 ] a1 a1} ] a1 a1}

Control hour

Figure 3.3 ORs forArlington, VA, USA (n=48). An OR greater than 1.0 tentatively suggests a
reduction in the number of cyclists after dark.
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Table 3.7 andFigure 3.4show the ORs foAuckland, New Zealand, calculated for each
possible combination of case and control hours. All ORs are greater than 2 .43(n
Shaded cells indicate statistical significance (p < 0.05).

Table 3.7 ORs forAuckland, NZ, calculated for each combination of case and control hours.

Case hours
Control hou
06:-06: 59 18:-08: 59 19:-a40: 59
22:-Q@: 5 1. 04 1. 17 1.52
23:-@28: 5 1. @ik, 1. 14 1. 46
00:-00: 5 1.21 1.01 1.54
I n Darly 01:-0Q: 5 1. 05 1. 23 1. 47
02:-0@: 5 1. 15 1. 26 1. 49
03:-0@: 5 1. 38 1. 30 1. 70
04:-0@: 5 1. 35 1. 39 1. 85
08:-08: 5 1. 16 1. 31 1. 80
09:-09: 5 1. 17 1. 25 1. 70
10:-00: 5 1. 25 1. 23 1. 65
11:-aQ: 5 1. 33 1. 26 1.69
I'n Dayl 12:-0@: 5 1. 35 1. 29 1.72
13:-483: 5 1. 38 1. 34 1. 79
14:-04@: 5 1. 35 1. 36 1. 84
15:-06: 5 1.33 1. 38 1. 9a%.
16:-06: 5 1.21 1. 33 1.81
Case hour
05:00-06:50 =mgem1B8:00-18:50  eegemi19:00-19:59 1.92 (Max OR)

OR

4

A

1
0-14:58
16:59

1
4
b
1:00-11:58
4
6

Control hour

Figure 3.4 ORs forAuckland, New Zealand (= 48). An OR greater than 1.0 tentatively suggests a
reduction in the number of cyclists after dark.
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Table 38 and Figure 3.5 show the ORs for Berlin, Germany, calculated for each
possible combination of case and control hours=(®0). 55% of all ORs are greater
than 1.0, while 10% are equal to 1.0 (indicateduogerlinedlettering), and 35% are
below 1.0. Statistical significance (p < 0.05) is indicated with light shading if above 1.0

and dark shading if below 1.0. Unshaded cells indicatesignificant values.

Table 3.8 ORs forBerlin, DE, calculated for each combination of case and control hours.

Case hours
Control h
: 2 0 -2000:
23:-Q0: |
I n : \
dar k .00
: 1. 07 1. 03 0.99 1. 06
09:-00: 1. 014 1. 22 1. 25 1.30 1. 41
10:-00: 1.00 1. 18 1. 18 1. 21 1. 33
I n 11:-00Q: 1.00 1. 14 1.15 1. 18 1. 32
dayl |12:-0a@: 1.02 1. 14 1.15 1.19 1. 33
13:-00: 1. 04 1. 16 1. 17 1. 21 1. 36
14:-08@: 1.07 1. 17 1. 18 1. 24 1.40

Case hour
- 05:00-05:59 w/
—p—05:00-06:59
1.3 —t17:00-17:59
—e—18:00-18:59 \——///
e —e—19:00-19:59 \=;======’==='

e 20:00-20:59

OR

0.7 0.74
(Min OR)

-23:50

00
3:00-13:58

23
00:00 - 00:59
01:00-071:59
02:00 - 02:59
08:00 - 08:59
10:00 - 10:59
11:00-11:59
12:00-12:59
14:00 - 14:59

1

Control hour

Figure 3.5 ORs forBerlin, DE (n=60). An OR greater than 1.0 tentatively suggests a reduction in the
number of cyclists after dark.
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Table 39 and Figure 3.6 show the ORs for Birmingham, UK, calculated for each
possible combination of case and control hours @0). ORs are greater than 1.0 in all
but one combination (& 59), where the OR is equal to 1.0 (indicatedunderlined

lettering). Shaded cells indicate statistical significance (p < 0.05).

Table 3.9 ORs forBirmingham, UK, calculated for each combination of case and control.

Case hours
Control h
05:-0%0: | 06 :-0060: | 17 :-100: | 18:-108: | 19 :-1090: | 2 0 :-2000:
23:-28: 1.11 1. 39 1.59 1.61 1. 97 2.16
I n 00:-00: 1.21 1.50 1.61 1. 66 2. 07 2. 33
darkio1:-00: 1. 29 1. 65 1. 84 1. 85 2. 23 2.45
02:-0Q@: 1. 35 1. 80 1. 86 1. 92 2. 35 2 . RaZ
09:-00: 1. 07 1. 25 1. 37 1. 44 1. 87 2.11
10:-00: 1. 05 1. 22 1. 33 1. 38 1. 77 2. 08
I n 11:-00Q: 1.03 1. 21 1. 32 1. 36 1. 73 2. 03
dayl |12:-0a@: 1. 02 1. 20 1. 29 1. 34 1. 72 2.01
13:-006: 1. 03 1. 20 1. 31 1. 35 1. 73 2.01
14:-0@: 1. RiG 1.18 1. 27 1. 31 1.70 1. 97
Case hour
2.8
e 2.62 (Max OR) 05:00-05:50 =—gee=D6:00-06:53
54 g 17 00-17:50 o 18:00-18:59
2.2 / —— 10001850  mmgem20:00-20:59
"'———0_.*_‘_
2 o ——
o f \‘\. N
— T —
1.6 /
v n— —
1.2 — o ——3
1 ---------------------------------------------------------------------------
1.00 (Min OR)
[I.E. pl ] ] ] ] ] ] =] =] a ]

Control hour

Figure 3.6 ORs forBirmingham, UK (n=60). An OR greater than 1.0 tentatively suggests a
reduction in the number of cyclists after dark

YN



Table 3.10 and Figure 3.7 show the ORs for Dublin, Ireland, calculated for each
possible combination of case and control hours (#2). The majority of ORs (approx.
76.4%) are greater than 1.0, only three ORs (4.2%) are equal to 1.0 (indicated by
underlinedlettering), and fourteen ORs (19.4%) are below 1.0. Statistical significance
(p < 0.05) is indicated with light shading if above 1.0 and dark shading if below 1.0.
Unshaded cells indicate nesignificant values.

Table 3.10 ORs for Dublin , IE, calculated for each combination of case and control hours.

Case hours
Control h
05:-0%: | 06 :-0060: | 17:-100: | 18:-108: | 19 :-1090: | 2 0 :-2000:
23:-28: 1. 014 0. 98
| n 00:-00: 1. 21 0. 97 1.00
dar k 01:-0Q: 0. 96 1. 46 1. 06 1.04 1. 05
02:-0Q: 1. 114 1.04 1. RaQ 1.09 1. 07 1.12
03:-0Q: 1.01 0. 96 1. 37 1. 03 1. 03 1. 08
09:-00: 1. 21 1.10 1.15 1.12 1. 17 1. 27
10:-00: 1.09 1.00 1.11 1. 04 1.08 1. 16
11:-00Q: 1.11 1.00 1. 17 1. 05 1. 09 1. 17
da|1yn| 12:-0@: 1.11 0.99 1. 16 1. 03 1. 07 1. 14
13:-00: 1. 12 1. 02 1. 20 1. 05 1. 09 1. 17
14:-0@: 1.09 0.99 1. 17 1. 03 1. 07 1.13
15:-06 : 1.11 1. 02 1. 20 1. 06 1.10 1. 16
1.7 Case hour
1.6 1.60 (MEXOR:I 05:00-05:59 —g—(6:00-06:59
1.5 —=17:00-17:59 ——15:00-18:59
4 —19:00-18:59 g 0:00-20:59

OR

N

2358

02:00-02:59
03:00-03:59
09:00 - 09:59
10:00-10:59
11:00-11:589
12:00-12:59
13:00-13:58
14:00 - 14:59
15:00-16:58

23:00 -

Control hour

Figure 3.7 ORs forDublin, Ireland (n= 72). An OR greater than 1.0 tentatively suggests a reduction
in the number of cyclists after dark.
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Table 3.11 andFigure 3.8 show the ORs for Edinburgh, ScotlardK, calculated for
each possible combination of case and control hours §4). The majority of ORs
(72.2%) are greater than 1.0, fourteen ORs (27.8%) are below 1.0. Statistical
significance (p < 0.05) is indicated with light shading if above 1.0 and dark shading if

below 1.0. Unshaded cells indicate msignificant values.

Table 3.11 ORs forEdinburgh, SCT, calculated for each combination of case and control hours.

Control h Case hours
05:-0%0: | 06 :-060: | 17 :-1070: | 18 :-108: | 1 9 :-1090: | 2 0 :-2000:
I n 00:-00: 3.17 2. 82 1. 44 1.07 1. 07 1. 21
darkito1:-00: 3. 36 2. 87 1. 27 0. 98 1.11 1.19
02:-0Q: 3.15 2.91 1. 20 0.94 1.13 1. 21
I n 09:-00: 4. Rk 3.90 1.69 1. 36 1. 44 1.69
dayl [10:-00: 3.08 2. 88 1. 34 1.01 1. 20
11:-00Q: 2. 56 2. 42 1. 21
12:-0aQ@: 2.50 2. 40 1.19
13:-00: 2.61 2. 47 1.20
14:-0@: 2.56 2. 41 1. 18
4.5 Casehour
421 (Max OR)
05:00-05:59
4 g 0G:00-06:59
—y 17:00-17:59
3.5 g 18:00-18:58
e 19:00-19:59
3 —a —a—20:00-20:59

OR

0.72 (Min OR)

0.5

00:00 - 00:58
01:00-01:58
02:00-02:58
09:00 - 09:58
11:00-11:589

10:00-10:59
12:00-12:59
13:00-13:569
14:00-14:59

Control hour

Figure 3.8 ORs forEdinburgh, SCT, UK (n=54). An OR greater than 1.0 tentatively suggests a
reduction in the number of cyclists after dark.
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Table 3.12 and Figure 3.9 show the ORs for Helsinki, Finland, calculated for each
possible combination of case and control hours=(54). Nearly half of all ORs are
greater than 1.0, as twengight ORs (approx. 51.8%) are below 1.0. All values
significantly depart from 1.0 (p < 0.05). Statistical significance (p < 0.05) is indicated
with light shading if above 1.0 and dark shadingetdw 1.0.

Table 3.12 ORs forHelsinki, Fl, calculated for each combination of case and cohtwais.

Case hours
Control (17:-(18:-(19:
17 18 19:
I n ) )
dar k 0 1 :-0010:
1 0 :-1000:
| 11 :-1010:
N 12100
dayl
13 :-1030:
1 4 :-1040:
1.6

145 (Max OR)
1.4 \

—_—
% =

AR EEFREREREERERETRRERE N NI EEEEEEERNE FTilosssssguunnnn

§ % —

H
| 1]

:E-_
0.5 g S =
[
[=] [
0.6 ] .
Case hour
0.60
0.4 (Min OR) 04:00-04:58 g (15:00-05:59 g 06 0 0-06:59
—g=07:00-07:59 —y—17:00-17:59 —g—15:00-18:59
0.2
—g—19:00-12:59 —g 20:00-20:59 ——71:00-21:58

01:00-01:58
10:00-10:58
11:00-11:58
12:00-12:58
13:00-13:50
14:00-14:59

Control hour

Figure 3.9 ORs forHelsinki, Finland (n=54). An OR greater than 1.0 tentatively suggests a
reduction in the number of cyclists after dark.
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Table 3.13 andFigure 3.10show the ORs for Leeds, UK, calculated for each possible
combination of case and control hours<©0). All but two of the ORs are greater than
1.0, out of the two one is equal to 1.0 (indicatedumgderlinedlettering) and one is
below 1.0. Statistical significance (p < 0.05) is indicated with light shading if above 1.0

and dark shading if below 1.0. Unshaded cells indicatesignificant values.

Table 3.13 ORs forLeeds UK, calculated for each combination of case and control hours.

Case hours
Control h

05:-0%0: | 06 :-060: | 17 :-1070: | 18 :-108: | 1 9 :-1090: | 2 0 :-2000:
23:-28Q@: 1.01 1. 25 1. 28 1. 31 1. 38 1. 35
I n 00:-00: 1. 114 1. 36 1. 38 1. 43 1.51 1. a2
darkro01:-00: 1. 05 1. 27 1. 30 1. 35 1. 44 1. 41
02:-0Q: 1. 05 1. 30 1. 37 1. 36 1. 45 1. 43
09:-00: 1.07 1. 19 1. 16 1. 24 1. 36 1. 41
10:-00: 1. 02 1.12 1.10 1.16 1. 27 1. 33
I n 11:—0&:_ 1. 07 1. 06 1.11 1. 20 1. 27
dayl |[12:-a@: 1.00 1. 009 1. 07 1.12 1. 21 1. 29
13:-008: 1.02 1.10 1. 08 1. 13 1. 23 1. 30
14:-04@: 1.01 1.10 1. 009 1. 12 1. 23 1. 31

1.6 Casehour

1.52 (Max OR)

05:00-05:59  ——g=06:00-06:59
g 17:00-17:58 g 15:00-18:59

e 19:00-19:58 g 20:00-20:59

N

—

X

OR

1 FesssssssnessEEEEEEEEEEREE RN NN ENENEEEEEEEEEAEEEEEN AT NN R RN R RN R

0.98 (Min OR)

23:68
00:00-00:59
11:00-01:59
0-02:68
0:65

09:00 - 09:59
11:58

0 -12:50
3:00-13:68
14:59

11:00 -
14:00 - 14:55

12
1

5] [= = = —

Control hour

Figure 3.10 ORs forLeeds UK (n=60). An OR greater than 1.0 tentatively suggests a reduction in
the number of cyclists after dark.
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Table 3.14 andFigure 3.11 show the ORs for Miunster, Germany, calculated for each

possible combination of case and control hourss(#48). All but six ORs are greater
than 1.0, out of the six one is equal to 1.0 (indicateduibgerlinedlettering) and five

are below 1.0. Statistical significance (p < 0.05) is indicated with light shading if above

1.0 and dark shading if below 1.0. Unshaded cells indicatesngmficant values.

Table 3.14 ORs forMunster, DE, calculatedor each combination of case and control hours.

Case hours
Control hou [19:-a0:] 20:-20: 5
23:-Q8: 5 1. 02
00:-00: 5 1.00 1. 03
I n dar 01:-0Q: 5 1. 07 1. 05 1. 05 1.11
02:-0@: 5 1. 17 1.12 1. 13 1. 20
03:-08: 5 1.20 1.11 1.10 1. R4.
09:-00: 5 1. 08 1. 08 1.10 1.16
10:-00: 5 1. 05 1. 08 1. 08 1.11
11:-0Q: 5 1. 06 1. 05 1. 06 1.12
I n day 12:-0@: 5 1. 08 1. 07 1.10 1.16
13:-0483: 5 1. 009 1. 06 1.10 1.18
14:-0@: 5 1. 09 1. 07 1.11 1.18
15:-06: 5 1.09 1. 07 1.11 1. 18
(Max OR) Case hour
125 124 06:00-06:59 —ege=1B:00-18:59
g 1900 - 19:59 g 2000 - 20:59

OR

0.96 (Min OR)

~ I

2359

00:00 - 00:58
01:00-01:58
02:00-02:58

3:00 -

03:00 - 03:58

09:00 - 09:58
10:00-10:58
11:00-11:58
12:00-12:589

Control hour

13:00-13:689
14:00 - 14:59

15:00-15:658

Figure 3.11 ORs forMunster, Germany (= 48). An OR greater than 1.0 tentatively suggests a
reduction in the number of cyclists after dark.
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Table 3.15 and Figure 3.12 show the ORs for Montreal, Canada, calculated for each
combination of case and control hours{&6). The majority of ORs (55.4%) are greater
than 1.0 , three ORs are equal to 1.0 (indicatedrerlinedlettering) and twentytwo

are below 1.0. Statistical significance (p < 0.05) is indicated with light shading if above

1.0 and dark shading if below 1.0. Unshaded cells indicatesmgmificant values.

Table 3.15 ORs forMontreal, CA, calculated for each combination of case and control hours.

Control hou Case hours
06:-06 : 5 18:-08: 5
22:-2@: 5 0. 96
23:-@2@: 5 0. 98
'n Dar | 00:-00: 5 1. 17
01:-0Q: 5 1. 44 1.01 1. 07
02:-0Q: 5 1. dak. 1.01 0. 98 1.10
03:-0@: 5 1. 74 1. 02 1. 014 1.12
08:-08@: 5 1. 14 1.15 1. 25 1. 47
09:-00: 5 1. 30 1. 16 1. 23 1. 42
10:-D0: 5 1. 21 1.00 1.00 1. 21
I'n Day 11:-00Q: 5 1. 26 1. 23
12:-4@: 5 1.29 1. 25
13:-0406: 5 1. 32 1. 25
14:-0@: 5 1. 23 1. 21
15:-06: 5 1. 25 1.29
(Max OR) Case hour
e 1.77

06:00 - 06:58

g 17:00-17:59

g 15:00 - 16:59

g 19:00 - 19:59

0.8

076 (Min OR)

0.6

22:00-22:59
23:00-23:59
00:00 - 00:59
01:00-01:59
02:00-02:59
03:00 - 03:59
08:00 - 08:59
08:00 - 09:59
10:00 -10:59
11:00-11:59
12:00-12:59
13:00-13:59
14:00 - 14:59
15:00 - 15:59

Control hour

Figure 3.12 ORs forMontreal, Canada (i 56). An OR greater than 1.0 tentatively suggests a
reduction in the number of cyclists after dark.
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Table 3.16 andFigure 3.13show the ORs for New York, NY, USA, calculated for each
combination of case and control hours{d45). ORs for the evening case hours 18:00
18:59 and 19:00:19:59 are greater than 1.0, while ORs for the morning case hour 6:00
6:59 are below 1.0. Statistical significance (p < 0.05) is indicated with light shading if

above 1.0 and dark shading if belo@1Unshaded cells indicate naignificant values.

Table 3.16 ORs forNew York, NY, USA, calculated for each combination of case and control
hours.

Control hou Case hours
06:-06: 59 18:-08: 5 19:-00: 59

22:-Q@: 5 1. 30 1. 30
23:-28: 5 1. 25 1. 26
00:-00: 5 1.19 1. 21

I n Dark 01:-0Q: 5 1. 22 1. 22
02:-0Q: 5 1. 21 1. 23
03:-06: 5 1. 23 1. 27
04:-0@: 5 1. 42 1. 44.
08:-08: 5 1. 18 1. 24
09:-09: 5 1.18 1. 22
10:-D0: 5 1. 30 1. 31

I'n Day 11:-aQ: 5 1. 26 1. 28
12:-a@: 5 1. 17 1. 20
13:-08: 5 1. 16 1. 21
14:-0@: 5 1. 22 1. 27
15:-06: 5 1. 22 1. 28

Casehour
1.5 (‘\’MOR) 06:00 -06:59
144

—a—18:00-18:59

—p—19:00 -19:59

OR

0.69 (Min OR)

3:00-23:58
12:59

22:00-22:58
00:00 - 00:58
01:00-01:58
02:00-02:58
03:00-03:58
04:00 - 04:58
08:00 - 0B:58
08:00-09:59
10:00-10:59
11:00-11:58
12:00 -

13:00-13:58
14:00 - 14:58
15:00 - 15:58

2

Control hour

Figure 3.13 ORs forNew York, NY, USA (n=45). An OR greater than 1.0 tentatively suggests a
reduction in the number of cyclists after dark.
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Table 3.17 and Figure 3.14 show the ORs for Oslo, Norway, calculated for each
combination of case and control hours{60). The majority of ORs are below 1.0. All
ORs for the evening case hours 19D®59, 20:00:20:59, and 21:001:59 are greater
than 1.0. OR for the case hours 18859 is greater than 1.0 when combined with a
control period in darkness. Statisticagsificance (p < 0.05) is indicated with light
shading if above 1.0 and dark shading if below 1.0. Unshaded cells indicate non

significant values.

Table 3.17 ORs forOslo, NO, calculated for each combination of case and control hours.

Case hours

Control : -(20:=-(21 :-1{

1 20:121:
I n 4 1. 4 1. 3
dar k

3 1.5 1.5

1] 1. 3| 1. 4
I n O 1.3 1. 4
dayl

O 1.3 1. 4

1l 1. 4 1. 5

(Max OR) 1.59

/
\

[
\

0.8
0.4 Casehour 0.53 (Min OR)

04:00-04:58 omgem 05:00-05:59 oogem06:00-06:59 =geu07:00-07:55 —ge0E:00-08:59

0.2

g 17:00-17:58  comgem 15:00-15:59  oomgum 19:00-19:59 oo Z0:00-20:59  songgem 71 :00-21:59

01:00-01:59
10:00-10:59
11:00-11:59
12:00-1 2589
13:00-1 358
14:00-14:59

Control hour

Figure 3.14 ORs forOslo, Norway (n= 60). An OR greater than 1.0 tentatively suggests a reduction
in the number of cyclists after dark.
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Table 3.18 and Figure 3.15 show the ORs for Paris, France, calculated for each
combination of case and control hours{62). The majority of ORs (approx. 67%) are
greater than 1.0, one OR is equal to 1.0 (indicatedrmerlinedlettering), and sixteen
total ORs (approx. 30.8%) are below 1.0. Statistical significance (p < 0.05) is indicated
with light shading if above 1.0 and dark shading if below 1.0. Unshaded cells indicate

non-significant values.

Table 3.18 ORs forParis, FR, calculated for each combination of case and control hours.

Case hours

Control hou
06:-06: 5 18:-08: 5 19:-00: 5 20:-20: 5
23:-@Q@: 5
00:-00: 5
I'n dar 01:-0Q: 5
02:-0Q@: 5 1. 02 1.00
03:-0@: 5 1.09 1. 014 1.01
04:-04@: 5 1.01 1.15 1.11 1. 07
09:-00: 5 1. 03 1. 009 1.11 1. 17
10:-D0O: 5 1. 02 1. 13 1.11 1. 14
11:-00Q: 5 1. 06 1. 06 1.10
I n day 12:-0@: 5 1. 03 1. 07 1.09 1.15
13:-A48: 5 1. 06 1. 12 1. 13 1. 3.3
14:-04@: 5 1. 07 1. 12 1. 13 1. 19
15:-06: 5 1. 07 1. 13 1. 13 1.19
L 1.10 (Max OR)
1.1
1 bssssmnsnnnnnnrnnnnfufannplasnnnsnnsnnsnnnnn s s npnnnd s s nnnnnEn R R EEEEEE
g
o Casehour
06:00-06:59 g 1500 - 18:59
" g 19:00 - 19:58 g 20 :00 - 20:58
0.77 (Min OR)

-23:59

00:00 - D0:59
01:00-01:58
02:00-02:59
03:00 - 03:59
04:00 - 04:55
09:00 - 08:55
10:00-10:58
11:00-11:59
12:00-12:59
13:00-13:59
14:00 - 14:59
15:00 - 15:59

23:00

Control hour

Figure 3.15 ORs forParis, France (r= 52). An OR greater than 1.0 tentatively suggests a reduction
in the number of cyclists after dark.
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Table 3.19 andFigure 3.16 show the ORs for Seattle, WA, USA, calculated for each
possible combination of case and control hours §6). The majority of ORs (approx.
83.9%) are greater than 1.0, Nine ORs in the dark control period are below 1.0. All
values significantly depart from 1.0 (p < 0.05). Statistical significance (p < 0.05) is
indicated with light shading if above 1.0 and daHading if below 1.0.

L

Table 3.19 ORs forSeattle WA, USA, calculated for each combination of case and control

Case hours
Control hou

19:-00: 5 20:-20: 5
22:-Q@: 5 1. 43 1.60
23:-@2@: 5 1.53 1. 84
00:-00: 5 1.55 2. 36
I n dar 01:-0Q: 5 1.56 2.57
02:-02Q@: 5 1. 31 2. 75
03:-08: 5 1. 33 4 . 33
04:-0@: 5 1. 28 3.05
09:-09: 5 1. 31 1. 69 2. 28 2.54
10:-D0: 5 1. 21 1.58 2. 08 2. 32
11:-0Q: 5 1. 22 1.58 2. 06 2. 35
I n day 12:-04@: 5 1. 26 1.614 2.15 2.50
13:-0406: 5 1. 27 1. 63 2. 15 2.54
14:-0@: 5 1. 30 1. 64 2. 18 2. 63
15:-06: 5 1. 31 1. 64 2. 20 2. 62

4.5 433 (Max OR)

Casehour

06:00-06:59 —g—=15:00-18:59

——19:00-19:59 —a—20:00-20:59

0.78 (Min OR)

23:00-23:59
10:00 -10:58

00:00 - 00:59
03:00-03:59

@
b
=
=1
o
=]
=
=1

01:00-01:59
02:00-02:59
09:00 -08:58
11:00-11:59
12:00-12:50
13:00-13:59
14:00 - 14:59
15:00 -15:59

Control hour

Figure 3.16 ORs forSeattle WA, USA (n=56). An OR greater than 1.0 tentatively suggests a
reduction in the number of cyclists after dark.
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The figuredor the 15 citie{Figure 3.2-2.16)indicatethat ORs vary depending on case
and control houcombinations Different case hourggenerallymirror the riseandfall
patternset by the control houacross the dayalthoughthe strength of theffect of
darkness vari@ In some citiesthe largespread betweedifferentcase hoursndicates
that the exact hour matterashereas inothers, closely clustered case houmaiggest a
moreuniform effect.ORs typically peakin the first hourof the daylightcontrolperiod
then decreasedintil midday beforeincreasingagain towards eveningihese patterns

suggesthatcase and control hour choicesythereforeinfluence the ORs produced.

3. 6We2i.g hotdedds r at i os

Table 3.20 shows the weighted mean OR for each city, determined in accordance with
Equations 35 (see sectior3.5). With the exception of OsloyeightedORs are larger
than 1.0 in all cities. Departure from lappearsstatistically significant for all ORs
(P<0.05) P-values were derived using the Waldt&st, based on the natural logarithm

of the weighted OR and its standard errdhe threshold fora small effectsize is
exceeded irfive cities(New York, Auckland, Birmingham, Seattle, and Arlingjdyut

is negligiblefor the remaining ten.

Table 3.20 Weighted ORs and their 95% confidence intervals for each dflities arranged
ascendingly. All ORs significantly depart from 1.0 (p<0.05).

City Wei ght e95% CI z staPvalueEffect
Osl o, NO 0.87 0.8M0187-109. 1P < O.
Ant wer p, 1. 06 1. 0683 0€144. 7P < 0.
Paris, FR 1.08 1.0@M707169. 7P < 0.
Dublin, 1112.08 1.971.959. 76 P < 0.
Hel sinki, 1.08 1.08813»€202. 1P < O. _
M¢nster, 1. 09 18®1.0¢167. 9P < 0. Negl i
Montreal, 1.11 1.74a.22199.47P < 0.
Berlin, DI1. 14 1. 1143 1¢4521.1P < 0.
Edinburgh,1. 15 1.12443¢:71.09P < 0.
Leeds, UK 1.18 1.a8.83¢187.8P < 0.
New York, 1.23 1.@3.«:187. 0P < 0.
Auckl and, 1. 44 1. 441 4¢4¢573. 0P < 0.
Birminghail.51 1.6i.51469. 9P < 0. Smal |
Seattle, '1.74 1. 71364 1064. P < 0.
Arlington 1.76 1.787 7€¢676.2P < 0.

©
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3.7.Summary

This chapterdescribedhe casecontrol methodor investigating the deterrent effect of
darkness on cyclinglt highlighted study designmprovements such astroducing a
more precise definition of darkneasd addresxd a key limitation in previous studies,

which is thelimited choice of case and control hours.

The OR arrays established for each city showed variance in the impact of darkness
across different case and control hour combinations, which cthadge the outcome
of the analysisshould one combination be chosen over another. Theredorveighted

mean OR was proposed.

The aspects introduced in this chaps&sidress the first two hypothesis made in this
research concerning the significance of the choice of case and control hours and the
general impact of darknes3he next three chaptersdescribehow the revisedcase
control method established in this chaptas, appliedto addresghe remaindeof the
researchhypotheseswhich focus on factors that influence the impact of darkness on

cyclists across cities (Chaptéy and within cities (Chaptersand®6).
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ChaptAhkcr @43 daineasl ysi s of the i mpac

4.1. Introduction

In the literature review (chapt@y, it wasconcluded that the deterrent effect of darkness
varies between locations. The possible explanations for this variance are categorised
into factors that influence the impact of darknesstwn scales:macroscale factors
(acrosscities) and amicroscale factors (withhtities). Chapterd presents the method

and results for the investigation afacroscaldactorsi latitude and cycling culture.

This analysis is carried out for the 15 cities using the weighted mean OR reported in
chapter3. The analysisims to address hypotheses H3 and H4, which state that locations
at higher latitudes andith a greater cycling culture will show less of a deterrent effect

of darkness on cycling.

4.2.Exploring causes of variancen ORs

Two causes for the variance in ®Rcrossthe 15 cities are proposed: latitude and
cycling culture.Their monotonic association with ORs was assessedrardatbility to

explainanyvariance in ORs was explored using linear regression

4 . 2L alt.i t ude

Latitudes for the 15 cities (arranged north to south) and their corresponding weighted

odds ratios are presentedTiable 4.1

While latitudescould be established from geographicsource (e.gthe Latitude and
Longitude Finderwebsite: www.latlong.n¢t this would only represent the latitude of

the counters if those counters were uniformly distributesuad the city centre. To
addresshis, the atitudefor a city was alsodetermined bycalculatingthe arithmetic
meanlatitude oftheindividual countingsiteswithin thatcity. Coordinates for counting
sites were often available with the publicly accessible counter thatastances where
coordinates were not included in the data package, sficgte made to estimate them
using any information available in the source material (i.e. guide map). The difference

between the arithmetic mean latitude and the latitude established from a geographic

(O} N



sourcewas 0.01to 0.03 for seven locations; for the remaining eight locations, there was

no difference (se@able 4.1).

Table 4.1 Latitudes for the fifteen cities included in my research arranged from north to south, and
their corresponding ORs as establishechiapter 3.

City Odds Ratii Estimated | ati
City~ Mean of count
Hel sinki, F1.08 60. 19A60. 19A N
Osl o, Norwa0.87 59. 91A59.92A N
Edinburgh, 1.15 55.95A 55, 95A N
Leeds, UK 1.18 53.80A53.81A N
Dublin, lrel. 08 53.35A53.35A N
Berlin, Ger 1.14 52.52A52.51A N
Birmingham, 1. 51 52. 48A52. 48A N
M¢nster, Ge1l.09 51.96A51.96A N
Ant werp, Bel.06 51.22A51.22A N
Paris, Fran1l1l.08 48.86A 48.86A N
Seattl e, usi1. 74 47.61A47.62A N
Montreal, C1.11 45.50A 45. 53A N
New York, U1.23 40.73A40. 71A N
Arlington, 1. 76 38.88A38.88A N
Auckl and, N1. 44 36. 85A36.87A S

* Established usinghe Latitude and Longitude Finder website [www.latlong.net]

**Calculated as the atlimetic mearof individual counters within theity. All i ndividual counter

latitudes are available iAppendix A.

Next, the distribution of the ORs was assessed for normality using graphical
representation, measure of dispersion (skewness and kurtosis), and a statistical test
(ShapireWilk). It was determined that the data was not normally distributed, and since
ORs are the primary variable, assessing normality for other variables (e.g. latitude) will
not change the outcome. Thus, it is reasonable to bypass further normality tests and use
a Spearman Rank Correlatiorfinstead of a Pearson correlatioas the primary

investigation of the monotonic assotan between ORs and other variables (latitude

P



and cycling culture proxies) in the next subsectioAsSpearman rank correlation
coefficient §s) is calculatedon Microsoft Excel using the command =RANK.AV,
followed by =CORREL.The resulting coefficients = -0.534 (p=0.040) indicates a
statistically significant negative association with moderate strength [Dancey and Reidy,

2020, P. 183] as latitude increases, the odds ratio decreases.

Figure 4.1 shows latitude plotted against the ORs for each Gihg scatterplosuggests

a negative association between ORs and latitu@&stend to decrease witln increase

in latitude The variance in these data sisthat latitude is only a partial explanation
for the variance in OR§36.7%) but this is suggested to be a significant relationship
(p=0.017)

2.00
1.80 y =-0.0224x + 2.3521

1.60 R2=0.3671

1.40

Odds ratio

1.20 . ----------------- .
1.00 .

0.80

0.60
35.00 40.00 45.00 50.00 55.00 60.00 65.00

Latitude

Figure 4.1 The relationship between Odds ratios and latitude for the 15. cities

(OD2



4. 2Cy2c.l i ng cul ture

The secondactorsuggestedo influence thevariance in ORs fothe impact of darkness

on cyclists is cycling cultureCycling culture refers to the collective values and attitudes
shared among cyclists of a location, which impact how cycling is perceived and
practiced in a location. Thisay be a factor contributing to cyclists being resilient to
adversities such as weather or darkness [Bean et al., 2021; Goldmann and Wessel, 2021;
Uttley et al., 202B], however cycling culturei s ms@ntethingtangible, thus three
proxieswere usedo generate different estimationg @y/cling culture. These are:

i) Modal share of cycling, with the assumption that higher modal shares results

in a reduced impact of darkness.,

i) Total number of cyclists, with the assumption that the more cyclists there are

in a location, the less the impact of darkness.,

iii) Cycling-Friendly Cities indexes, with the assumption that the higher the city
is ranked on the list the higher the cycling culture, leading to its cyclists being

less impacted by darkness.

The association between each proxy and @&sablished irchapter3) is explored
below usinga Spearman Rank correlation test (since ORs, the primary variable, were
revealed not to be normally distributed), followed by a linear regression, ending with

an exclusion of outliers where applicable.

4.2.2.1Cycling modal share

The nodal share of cyclingn a city, typically expressed as a percentagefers to the
proportion of all cycling journeys relative to other modes of transportation ustgitn
city. Table 4.2 shows estimates of cycling modal shares for the 15 cities collected from
various online sourcess t was not possible to find one source of data for all of the 15
cities.
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Table 4.2 Modal sharesf cycling inthe 15 cities (arranged high to low) with sources of
their estimation alongside ORs established in Chapter 3.

Locati Odds Modal sSource of estimation
M¢nstel. 09 47 . 0% City of MigAnstt efr¢ r2 ORkRoeZ2mmu ni k
Ger man https:// www. muenster. de/ pr
gn/ kommuni kati on/ show/ 1129
Antwer 1. 06 42.0% UI'TP (Union Internationale
Bel giu https: // www. uiwapytsa n t hpai eopnsel
sust ad¢ oramul tei ng/
Berlinil1l.14 13.0% Deloitte City Mobility 1nd
Ger man https:// www2.del oitte. com/
31 _De-CoMpbe-l ity
I ndex/ Berl in_Global*CityMob
Paris, 1.08 11.2% Institut Paris R®gion 20214
France https://www.institdgtparisr
transports/ depleagd esmkrahteb i-E n
defsranciliens/
Helsinl. 08 9.0% City of Hel sinki Bicycle a
Finlan https:// www. hel . fi/staticl
ul kai su-82j0ulpkddi su
Dublin1.08 7.0% Deloitte City Mobility Ind
Il rel an https:// www2.del oitte. com/
31 _De-CoMpbe-lity
I ndex/ Dubl in_GIl obal*CityMob
Osl o, 0.87 6.0% UPPER project 2022
Nor way https:// www. upperprojecteu
content/ upl oadso/[4®2s01203./ pldf/ Ov
Edinbul. 15 4.0% Transport and Environmen+
Scotl a City Mobility Plan 2021
UK https:// democracy.edinburg
0-%20Ci ty %20Mobil-ity%20PI an
%20Mode %20Share%20Target . p
Montrel. 11 3.3% Union Cycliste Internation
Canada https: // www. ubcii-k eatrogn/t aaicetaid ¢ i
cCi-¢ gnarea-$ mMironsen ow/ 40x6 11 bv1iVQ
Seattl 1.74 3.0% Commute Seattle survey 202
USA https:// www. commuteseattl e
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Locati Odds Modal sSource of estimati on
New Yo 1.23 2.6% NYC Department of Transpor
USA https://nyc.street saldlaavg .niv-

h it thber a-& &3 icyal® 0 eem c 0 usruasgteai n a

transit

Arlingl. 76 2.0% MWCOG Regional Travel Suryv
VA, US Uttley &t al. [2023
Leeds, 1. 18 1.1% West Yor kisThriarnes p200rit6 St r at e

https: / / wwwa .wgeosvt.yuokr/knse d-i a/ :

str actveigdyjease. pdf
Aucklal. 44 1.0% Deloitte City Mobility 1nd
New https:// www2.del oitte. com/
Zeal an 31 DelCoiMpbe-l ity

I ndex/ Auckl and_GIl obadl CityN
Birminl.51 1.0% Deloitte City Mobility Ind
, UK https:// www2.deloitte. com/

31 DelCoiMpbe-lity
I ndex/ Birmingham_GIl ob%al Cit

*Webapge no | onger accessible

A Spearman Rankrs) correlationtest between the ORs and modal shares reveals a
coefficient ofrs = -0.752 (p=0.001)indicatng a strong and statistically significant
negative association [Dancey and Reidy, 2020, P. 183jcling modal sharetend to
increasewhenOR decreases. Following this, a logarithmic regression model is
employed to further explore the association between the two variables, as it provided a
better fit(higherR?) thanthelinear model andiisually alignedmore closelywith the
pattern observed in the scatterplotFigure 4.2. This shows a negative association
between ORs and cycling modal shares, confirming that ORs may decrease with an
increase in cycling modal shares. However, the resulting equétor-0.119

In(modal share) + 0.8766 suggeshat this decrease is not at a steady rate. The model
also suggests that 31.3% of variation in OR is explained by modal share, as revealed
by an R of 0.313 (p=0.03).
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1.6 y =-0.119In(x) + 0.8766

L4 15 R2=0.3134

Odds ratios

)
12 |
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Cycling modal share

Figure 4.2 The relationship between odds ratios and cycling modal shares in the fifteen cities. A
logarithmic trendline is fitted here.

To assess the influence of outliers, Minster and Antwerp are excluded due to their
exceptionally high cycling modal shares compared to all other cities. This is shown to
slightly increase the percentage of variation in ORs explained by modal share from
31.3% to .7 (Figure 4.3), with a marginal increase and no change in the strength

of association when using the Spearman rank correlation{0.750, p=0.001).

18

16 y =-0.173In(x) + 0.681

L4 R2 =0.3271

- ) ® .

Odds ratios

0.8
0% 2% 4% 6% 8% 10% 12% 14%

Cycling modal share

Figure 4.3 The relationship between odds ratios and cycling modal shares excluding outliers
(Munster and Antwerp). A logarithmic trendline is fitted here.
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4.2.2.2.Number of cyclists

An alternative approach testimate a measure foycling culturein a cityis to use

the number of cyclists int as an indicationThis numberwas establishedfrom
automatedcycling counter data, first as an annual average number of cyclists.
However, to allow a fair comparison across different cities with different population
sizes,these figures were normalized Ipppulation whilealso accounting for the
number of countingitesused each yedas some cities installed additional counters
over time) This is because more counters, more years, and a larger popwiation
increase cyclist counts regardless of cyglaulture.Table 4.3 presents the number

of cyclists per 1000 inhabitants in each city (see detailed calculatioAppgendix

B) alongsidepopulation estimatesestablished using th€ity Populationwebsite

[https://www.citypopulation.de/and weighted ORs as established in Chapter

Table 4.3 Cyclists per 1000 inhabitants in each ¢@yranged highest to lowedisted alongside
corresponding ORs. Population and avedagelist couns per counter are shown for reference.

City OR Population* Averagecyclistscount  Cyclists per 1000
per counter per year inhabitants
Munster, Germany 1. 0 303,772 2103122 6923.36
Antwerp, Belgium 1. 0 517,042 454584. 9 879.20
Helsinki, Finland 1. 0 635,181 469307. 8 738.86
Arlington, VA, USA 1. 7 238642 142810 598.43
Seattle, USA 1. 7 737,018 419680. 3 569.43
Dublin, Ireland 1. 01,263,219 527083. 8 417.25
Oslo, Norway 0O . 8 693,494 232501. 7 335.26
Edinburgh, Scotland, UK 1 . 1 529,580 174365.1 329.25
Berlin, Germany 1. 1 3,596,999 694355. 4 193.04
Paris, France 1. 0 2,113,705 222997. 3 105.50
Montreal, Canada 1. 11743687 259386. 9 148.76
New York, USA 1. 2 8804199 789456 89.67
Auckland, New Zealand 1 . 4 1654800 102620. 5 62.01
Leeds, UK 1. 1 809,479 36519. 77 45.12
Birmingham, UK 1. 51,074,283 35898. 29 33.42

*As estimated i nstao ytehaer rwaintghei no forcgxlit@adndgi lmé ¢ wwian g atb
Populwdhbhointe [https:// www.citypopulation. de/].
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A Spearman Rank correlation coefficient &f= -0.373 (p=0.172)indicates a weak
negative association between the two variables [Dancey and Reidy, 2020, P. 183],
suggesing that as the number of cyclists per 1000 inhabitants increase, ORs tend to

decrease slightlyThis relationship is not statistically significant.

Following this, a logarithmic regression model is employed to further explore the
association between the two variables, as it provided a better fit than a linear model and
aligned with the pattern observed in the scatterpldtigure 4.4. The modeldoes not
suggest a relationship between ORs and number of cyclistsinasial variation in OR

is explained by the number of cyclists, as revealed byZ%uof R.021 (p=0.608).

15 £ y =-0.027In(x) + 1.3853

13 R2 = 0.0208

Odds ratio

0 1000 2000 3000 4000 5000 6000 7000

Cyclists per 1000 inhabitants

Figure 4.4 The relationship between odds ratios and cyclists per 1000 inhabitants. A logarithmic
trendline is fitted here.

Munster shows an unusually high number of cyclists when compared to other locations.
A scatterplot that excludes Minster as an outlier is showFigare 4.5. A reducedR?

value of 0.0033 indicates that less than 1% of variation in ORs is explained by number
of cyclists. No change in the strength of relationship or statistical significance is

indicated with a Spearman rank correlation coefficientsef-0.333 (p=0.225).

NM=



1.8
°®
1.7

1.6
15 | ® y =-0.014In(x) + 1.3202
1.4
13 ......

12 | o

R2=0.0033

Odds ratio

0.9
0.8

0 100 200 300 400 500 600 700 800 900 1000

Cyclists per 1000 inhabitants

Figure 4.5 The relationship between odds ratios and cyclists per 1000 inhabitants, excluding Miinster
as an outlier.

4.2.2.3. Cycling friendliness

A third suggestion t@stimate a measure oycling culture in a city is to determine how
cycling-friendly acity is compared to other§ his information may be readily available

from various r anki n Globaldicycle @itses Indejtuko, 2022],L u k 0 0 <
CopenhageEhe iMos Brycldriendly Cities [Copenhagenize, 2019], and

Peopl eF BesBRldcesd00BikgPeopleforbikes, 2024]. Out of threeentioned
Lukods index has the clearest methodml|l ogy
= 12) from the 15 includedin this thesis.Therefore, it is used as the main source of

cycling friendliness estimation in thenalysis

L u k &svlzal Bicycle Cities Index 2022 uko, 2022]ranks 90 cities around the world
for their cycling friendliness usingix categories: City size, weather, bicycle usage,
cycling infrastructure, bicycle sharing, and cycling evetitshle 4.4 shows the ranking
of 12 cities out of thel5in my analysis, as ArlingtgrBirmingham,and Leeds were not
included in the ranking. While the data wiagtially accessedh 2023through the Luko
website https://de.luko.eu/en/advice/guide/bikedex/), the page na redirects to

Getsafe a Germandigital insurance company, which has acquired Luko in October of
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2023.However, @t a from Lukobés website including
were saved prior to the removal of the webpahe document saved
website before its removal (se®ppendix C) offers insightinto the methodology
followed by Luko to select and rank tB@ cities. The cities are chosen for their current

and future investment in cycling arteir willingness to improve infrastructure and

safety. A weighted average is calculated for the following six categories:

- Weather: a score is generated using aggregeagather data (e.g. average
annual precipitation penillimetre, number of days below 0° and above B0°
obtained from online sourcessich asVorld Weather Online

- Bicycle usage: a percentage estimated from sources such as local statistical

departments, UN, and others.

- Crime and safetya score calculated from estimated crashes, fatalities, and
bicycle theft per 100k cyclists in each city, estimated from multiple sources
such asNorld Bank

- Cycling infrastructure a score calculated from estimatefstotal length of
cycling paths, investment in infrastructure, bicycle ownershipd number
of bicycle shops per 100k cyclists using sources such as Open Street Maps,

Yellow Pages, andthers.

- Bicycle sharing schemesa score calculated from estimates of the number of
availableshare bicycles and rental stations per 100k inhabitants using sources

such as local bicycle sharing company websites.

- Cycling events a score for the presence of cyclifrgendly promotional

events such as No Car Dand the number of people attending such events.
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Table 4.4 Available ranking of 12 cities showing the score for each item

the six categories

in the six categories evaluated by Luko. Shaded colutankarfadiehscore of

Ran|City Si*z|Weat hHBicylCrime and safety Infrastructure Sharing Events Tot
scorqusag Sco

Fat a* i Acci def Bi cy|{Saf el No. o Road|{l nfras{infrast|Bike no. o|shar|No Crit|Even

thefjscor|Bicycqual|invest|scor e shari|sharelscor|car | mass|/scor

scor sho®ps/scor stati|bicyf® day|scor

#2 Munst (S 58.7439.1/0.53 445.58 83.0{88.428.1553.0(88.04 51. 23 35.52[26 31 N 23.8/445.|65.
#3 Ant we | S 62.61728.9/1.61 1165.884.6(77.0[73.5753.3|75.31 34.28 78.87/{100 89 Y 14.11165(60.
#16|Montr (L 49.6(018.2(0.42 986.47/94.7|87.5/19.0544.1|72.73 45.91 7.42 [3.67 6 Y 8.82986.|43.
#19|Berli|L 57.6915.0/0.58 407.56/86.9[89.8/{14.8250.7(92.81 48. 71 10.36({24.43|17 N 69.7407.|42.
#32|Paris]|L 66.313.00/0.75 318.1469.6{84.2/29.5158.5|91.61 63. 15 69.24/93.33|81 Y 32.6/318.(37.
#35|Hel si | M 47.14¢1M09Y1.05 222.36/88.7190.1/25.9751.9(91.61 45. 89 36.87(42.18|40 N 12.4222.|36.
#49| Auckl {L 74.648.00/0. 25 453.7298.0|194.5(11. 3 38.8(74.28 33. 73 1.08 1.07 1 N 1.48 453.|33.
#50| Seatt | M 71.923.50/0.67 1688.2/82.1{75.3/32.5956.7|90. 4 56.92 10.84(4.62 8 Y 4.231688|32.
#54|Edinb|S 62.53.00/0.95 1175.7/84.3|79.853.0752.8/78.014 43.82 11.57{10.59|11 Y 3.02/1175(31.
#55[0sl o M 47.4497.00/0. 53 226.4083.6{90.7/20.0738.5(71.083 30. 31 42.86/46. 15|45 N 10.1226.|31.
#60| Dubli | M 68. 743.00/0.63 517.0581.9186.9/66.1943.5/49. 21 35.91 47.07(37.14|42 N 7.44517.|129.
#6 7| New Y(L 60. 791. 20/0. 66 2157.785.1|71. 7/7.58 [48.2|90. 4 48.21 23.98/16.33|20 Y 2.5202157|28.

* Size interpretation: S (small) refers to cities with less than 500,000 inhabitants, M (medium) refers to

and L (large) refers to cities with 1 million inhabitants or more.

** Per 100k cycligs

cities withntghadtveeen 500,000 an®99,999,
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Scores for the six categor i e Jable45atbngside L u k o ¢
corresponding ORs for 12 available cities (out of the fifteen in this thesis). A Spearman

Rank correlation tess employedto explore the association between the six categories

and the ORsthe resultingcoefficientsare presenteth Table 4.6. The findings suggest

that bicyclesharing score has the strongest association with @Rs-0.859, <0.001)

and is also statistically significaiitas sharing score increases, ORs decrease.

Weather and Event scaeare shown to have a positive association with moderate
strength, suggesting an increase in these scores might be associated with an increase in
ORs, however, out of the two associations, only event score is statistically significant
(p=0.028). The remaing three categories and the overall Luko score are shown to have

a negative associating with weak strength and no statistical significance.

To account for multiple comparisons across the six Luko categories and the final score,
a Bonferroni correction was applied by dividing thwveginal threshold of §0.05 by the
number of comparisons (B 7), resulting in an adjusted significance threshold of
U=0.007. Following this correction only the association with bicycle sharing remains
statistically significant, while the previously significant Event score no longer meets
the thresholdqseeTable 4.6).

Table4d5 Scoring for all six categories defined in LI
from lowest to highedbtal score) alongside weighted ORs for each city and variance in OR as
explained by each category.

City OR | Weather Bicycle Safety infrastructure Sharing Event Total Luko
score usage score score score score score  rating
Mlnster  1.09 | 58.74 0.39 88.43 51.23 31 445.58 65.93 2
Antwerp  1.06 | 62.67 0.29 77.05 34.28 89 1165.81 60.51 3
Montreal 1.11 | 49.6 0.18 87.51 45.91 6 986.47 43.68 16
Berlin 1.14 | 57.69 0.15 89.86 48.71 17 407.56 4259 19
Paris 1.08 | 66.31 0.03 84.28 63.15 81 318.14 3753 32
Helsinki  1.08 | 47.16 0.10 90.19 45.89 40 222.36 36.62 35
Auckland 1.44 | 74.64 0.08 94.54 33.73 1 453.72 33.04 49
Seattle 1.74 | 71.92 0.04 75.3 56.92 8 1688.2 3293 50
Edinburgh 1.15 | 62.56 0.03 79.84 43.82 11 1175.78 31.32 54
Oslo 0.87 | 47.45 0.07 90.79 30.31 45 226.4 3131 55
Dublin 1.08 | 68.72 0.03 86.92 35.91 42 517.05 29.97 60
New York 1.23 | 60.75 0.01 71.76 48.21 20 2157.77 28.1 67
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Table 4.6 Interpretations of the correlation coefficients calculated between weighted ORs and the six
categories in the Luko index.

Statistical significance

Category Correlation with ORg¢r)  Relationship strength* (Bonferroni adjustedy>0.(07)
Weather 0.43 Moderate (positive) p=0.110, not significant
Bicycle use -0.25 Weak (negative) p=0.372, not significant
Safety -0.25 Weak (negative) p=0.372, not significant
Infrastructure 0.34 Weak (positive) p=0.218, not significant
Bicycle sharing -0.86 Strong (negative) p=0.000, significant

Events 0.59 Moderate (positive) p=0.028,not significant
Overall score -0.20 Weak (negative) p=0.481, not significant

* Interpreted using descriptions establishediancey and Reidy [2020].

Next, the relationship between the ORs and each of the six Luko categories is explored

in the scatterplots ifFigure 4.6, where polynomial trendlines appear to shotwRlues

ranging from 0.08 to 0.53. These are detailed furthdrable 4.7. The findings suggest

that among the six categories, weather score showed the strongest relationship with
ORs, with an R value of 0.535 (over 53% of variation explained). Sharing score

followed closely with an Rvalue 0f0.471 (47.1% of variation explained). However,

while initially only weather score wdsundstatistically significan{p<0.05) as sharing

score was just above the threshold of 0.05 (p=0.0%Hrrecting for multiple

comparisona dj ust s

t he

significance ttharnereofo |

the relationships remain statically significant after correctiéwditionally, the

direction of relationships was here reversed, where higher ORs were associated with a
higher weather score but a lower sharing score. The variables with the next biggest

influence were safety, event, and infrastructure scores with seerah@1% to 27% of

variation explained.

These results highlight that Weather and Sharing scores have the most influence on the

impact of darkness on cyclists among the six categories explaitidough this

influence may be limited once multiple comparisons are acealfor. The U-shaped

trendline shown in the scatterplatgy suggest that these relationships are not linear

scores may decrease around the-maidge of ORs but increase towards higher and lower

ORs.
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Table 4.7 Variance in OR as explained by each category and the total Bwre of themodels
remain statistically significant after Bonferroni correction (p<0.007).

Weather Bicycle Safety infrastructure Sharing Event Total

score usage score score score score  score
Explained variance in OR (R? 0.535 0.071 0.272 0.112 0.471 0.261 0.057
P-value 0.032 0.717 0.239 0.586 0.057 0.256 0.769
Weather Bicycle use Safety
o | y=00000e-0088a 32000 * : ¥=0.00025° - 0.0126x + 1.2654 Y y-0.0021¢-0.3638x +16.584
R?=0.5345 p R®=0.0812 R®=0.2724

Odds ratic
Odds ratic

Udds ratio

.« ® T e -1o0 . . g e W . .0

. . *
o
Score Score (%) Score
Infrastructure Sharing Events
. o | 1200 .
y = -0.0002x2 + 0.021x + 0.5462 < e00 v =0.0001x7-0.0156x + 1.4508 . y = -5E-08x2+ 0.0003x + 0.9887
2 =
. . R*=0.1119 R=1.4716 _ R®=0.2608
- . - .8 - .
e LI . R . e o —
L . .
45 4
Score Score Score

Figure46 The r el ationship between weighted ORs and
trendline is fitted on all scatterplots.

4.3. Summary

This chapter presentan exploration ofthe association betweerh¢é weighted ORs
(established in chapt&) andrecords of latitude and estimates of cycling culturkis
is doneto understand thanfluence thesenacroscaldactors may have on the effect of

darkness on cyclistacross the 15 cities
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Normality of datawas assessedevealng that themain outcome variable (OR$ not
normally distributed Thus, a Spearman Rank correlatidest was employedgoing
forward. The results (summarized ihable 4.8) suggest thaDRs may significantly
decrease in higher latitudes and with higher cycling modal shiard® impact of
darkness on cyclistends todecrease in locations higher latitudeandlocations with

a higher modal share of cyclirf@s an estimate of cycling culture)

Additionally, from the Luko scores, bicyclgharing was strongly associated with
variation inORs, revealing that ORs may decrease with a higher sharing sdbee
impact of darkness on cyclists is reduced in locations where bishdeng is
prevalent.This relationship is statistically significantVeather and event score were
the next to show association with ORs, with moderate strengdltating that ORs may
increase with higher scorebut aut of the two,only event score had a statistically

significant association.

The final stepwas the application of linear regression analysis to model the
relationshig between ORs and each variabldhesummaryresultsshown inTable 4.8
suggest that the tagtributesfor explaining significant variation in ORs may beu k 0 6 s
weather score (53.5%xplained, L u k obitycle-sharing score (47.1% explained),
latitude (37%explained, and cycling modal sharg31% explained. However, only
latitude, modal share, and weather score are statistically significant, with sharing score
just slightly above the thresho(@=0.057)

In conclusion,the results presented i@hapter4 suggest that the variation in ORs
observed in the 15 cities may be associated \athude and cycling culture(when
using modal share as proxyBicycle-sharingwas also shown to be associated; thus, it
may be reasonable for future work to include it as a proxy for cycling culvrele
here the focus was on thgeographial and cycling culture scope, influercérom
factors such aweatherand cycling promotional even&nergedasattribute that require

further investigationn the 15 cities.

Chapter4 exploredtwo macroscale factorglatitude and cycling culture)o support
hypotheses H3 and H4, which state that locations at higher latitudes and a greater
cycling culture will show less of a deterrent effect of darkness on cycChgpterss

and6 explore the influence ahicroscale factors.
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Table 4.8 Summary of findings from analysing the relationship between weighted ORs against latitude records (first results rol)caodlitye
estimates (remaining rows).

Attribute

Correlation tests (Monotonic association)

Linear Regression

Summary interpretation

Correlation Statistical Relationship Direction R2 R2after removing
coefficient () significance* and strength outliers
Latitude -053 0.040 negative moderate 0.367 p=0.017 n/a Ol todecr?:tsit(z (r;;(;derately G Ty
Modal share -0.75 0.001 negative strong 0.313, p#h.03 0.327 Ol todfr::cr)zzfihs;rrzggly Gt LE{ ey
Cvclists per 1000 ORstend tominimally dectreasevith higher
yinhab?[ants -0.37 0.172 negative weak 0.021, p=0.608 0.003 cyclist numbers. This relationship is not
@ statistically significant
E
g’) weather scorg 0.43 0.110 positive moderate 0.535, pH.032
=
§ Bicycle use -0.25 0.372 negative weak 0.081, p=0.717
(@) . . .
. _ ORs tend to decrease with a higher bicycl
Safety score -0.25 0.372 negative weak 0.272, p=0.329 sharing score. This relationship is statistica
significant.
Luko '”frassctg"fecwre 0.34 0.218 positive weak 0.112, p=0.586 na
ORs increase with higher weather then evg
Sharing score -0.86 p<0.001 negative strong 0.471, p=0.057 scoresThe relationship is only significant fa
event score.
Event score 0.59 0.028 Positive moderate 0.261, p=0.256
Overall score -0.20 0.481 negative weak 0.057, p=0.769

* Statistically significant valuegp<0.05)areshownin bold numbering.For Luko categories, a Bonferroni adjustment of p<0.007 is applied
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ChaptWirt lBiinnaineasl ysi s of the |1 mpac

Met hod

5.1.Introduction

Chapter3 focused on improving the cas®ntrol method used to quantify the effect of
darkness on cycling and presented the results of its application on 15 cities, as weighted
ORs. Chapte# focused on exploring the influence wfacroscaldacrosscities)factors

on these ORs.

Chapter5 describes therocess ofinvestigaing the influenceof severalmicroscale
(within cities) factorson the effect of darkness on cyclists. This is dahthe scale of
individual counting sitegather than the scale of the entire city as a.uhhte results of

this are presented in chapt&r

This exploration aims$o addresgsheremainingresearcthypothese#i5-H7, which state:

H5: Locationswith a higher proportion of utilitarian cyeig will show a smaller

deterrent effect of darkness.

H6: Locations further from the city centre will show a larger deterrent effect of

darkness than locations closer to it

H7: Locations where street lighting is present will show a smaller deterrent effect

of darkness than locations where no lighting is present.

Each of these hypothestargetonemediatingmicroscalefactorthat may influence the
effectof darkness on cyclistSTheseare journey type presence of street lightingand
distance from city centreAdditionally, while latitude andthe number of cyclistsvere
investigatedat the macroscale level in chapt#ito address H3 and H4, this chapter
includes them alongside the three other factors at the microscaleineestigationto

understand their influencat individual counting sites.

NNN



5.2.Procedure

While previouschapters Chaptes 3 and4) focused on assessingetketerrent effecdf
darknessacross cities establishing one weighted OR per cityr the macroscale
analysis Chapters and6 instead asseghis effectwithin cities, establishingveighted
ORs for individual countingsites rather than one general OR per ciBve out of the
fifteen cities were selected for this exploratiorAuckland, Edinburgh, Munster, Oslo,
and SeattleOne reason for this choice was the ability to identify data for individual

locations in the available count data.

All availablecountingsites wereused within the five citiesa total of 74 locations. The
coordinates of these sites are listed in Tables 5.1-5.5 and highlightedin the
corresponding maps ifrigures 5.1-5.5. In instanceswhere coordinates were not
included in the data package (e.g. Seattthgy were insteastimate using other
information available in the source material (igelide map or by exploring Google
street views of the locationsing details about the counterameto trace for visible

cyclecountersg(see example ifkigure 5.6).

Using the sameycling datasets and process describedhapter3, weighted ORsvere
established for each individual countiage within the five citiesNext, the association
betweenORsand dataestablishedor thefive factors(journey type presence of street
lighting, distance from city centrdatitude, andthe number of cyclisfswasexplored
throughlinear regressionto model the relationshgpand understand the strength of
association Following this, multi-collinearity was examinedn preparation to use all
variablesin a stepwise regressioff any variabls exceedthe threshold of aariance
inflation factor (VIF) above 5.0, they are excluded [Brooks and Barcikowski, 1999].
Finally, the stepwise regression analysisas performed using SPSS to identify
predictors of variation in ORs. Hel@Rs are setas a deperasht variableand allfive
factors as independent variableghe five factorsand their dataare described in the

following sections.
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Figure 5.1 Map of Auckland showing 37 counting sitgsverlayadded by authorSee Table 5.2. for
key information Base magsource: © Google Earthdata fromGoogle ccessed June 20R5
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Table 5.1 A list of counting sites in Auckland, New Zealand, arranged by order of appearance in
source data. The number of years data is available for varies between locations.

ID Counter location Data range Coordinates(DMS)

1 Beach Road 20152019 36°50'57.79"S 174°46'27.93"E
2 Carlton Gore Road 20162019 36°51'51.60"S 174°46'21.18"E
3 Curran Street 20162019 36°50'21.90"S 174°44'21.77"E
4 Dominion Road 20182019 36°52'13.40"S 174°45'10.59"E
5 East Coast Road 20132019 36°44'30.35"S 174°44'28.67"E
6 Glenn Innes to Tamaki Drive Sectio 20172019 36°52'25.11"S 174°51'2.61"E
7 Grafton Bridge 20132019 6°51'36.32"S  174°45'59.39"E
8 Grafton Gully 20152019 36°51'19.90"S 174°46'6.89"E
9 Great North Road 20172019 36°51'53.83"S 174°44'43.91"E
10  Great South Road Manukau 20182019 36°59'13.68"S 174°52'54.47"E
11  Hopetoun Street 20162019 36°51'21.96"S 174°45'27.09"E
12 Lagoon Drive 20132019 36°54'25.71"S 174°51'27.23"E
13  Lake road 20122019 36°48'9.54"S  174°47'14.81"E
14  Leigh Road 20182019 36°21'6.96"S  174°43'6.36"E
15 Lightpath 2 20162019 36°51'12.54"S 174°45'27.39"E
16  Mangere Bridge 20122019 36°55'56.46"S 174°47'10.64"E
17  Mangere Safe Routes 20172019 36°58'20.35"S 174°47'58.40"E
18 Nelson Street 20162019 36°50'59.61"S 174°45'32.50"E
19  Nw Cycleway Kingsland 20122019 36°52'8.88"S  174°44'38.47"E
20 Nw Cycleway Teatatu 20142019 36°51'30.33"S 174°39'13.46"E
21  Oceanview Road 20182019 36°47'1.35"S  175° 0'41.43"E
22  Orewa Path 20122019 36°35'46.89"S 174°41'38.59"E
23  Ormiston Road 20182019 36°57'54.64"S 174°54'33.45"E
24  Quay Street Eco Display Classic 20172019 36°50'34.26"S 174°45'53.43"E
25  Quay Street Spark Arena 20162019 36°50'47.40"S 174°46'40.31"E
26  Queen Street Pukekohe 20182019 37°12'13.13"S 174°54'3.49"E
27  Rankin Avenue 2019 36°54'43.45"S 174°40'55.59"E
28  Saint Lukes Road 20182019 36°52'16.17"S 174°43'32.74"E
29  SH18 Upper Harbour Drive 20132019 36°46'56.22"S 174°40'31.17"E
30 SH20A 2019 36°58'40.14"S 174°47'11.40"E
31 SW SH20 20132019 36°54'43.52"S 174°44'24.33"E
32  Symonds Street 20152019 36°51'35.16"S 174°45'45.61"E
33  Tamaki Drive Wb 20132019 36°50'52.59"S 174°47'20.56"E
34  Teatatu Peninsula 2019 36°50'59.60"S 174°39'5.03"E
35  Twin Streams 20132019 36°52'43.69"S 174°37'26.82"E
36  Upper Queen Street 20162019 36°51'33.42"S 174°45'38.34"E
37  Waterview Unitec 20182019 36°52'57.98"S 174°42'16.87"E
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Figure 5.2 Map of Edinburgh showing 7 counting sitgq®verlay added by authorpee Table 5.2. for

key information Base magsource: © Google Earth: data from Googkectessed June 20R5

Table 5.2 A list of counting sites ifedinburgh, Scotland, arranged by order of appearance in source

data. Data for all locations is available for one year only.

ID Counter location Data range Coordinates(DMS)

1 Silverknowes 2019 55°58'44.19"N  3°17'18.64"W
2 RBS Gogar 2019 55°56'11.83"N  3°20'13.13"W
3 Cultins Road 2019 55°55'44.31"N  3°18'23.49"W
4 North Edinburgh Access Road 2019 55°58'6.10"N 3°14'21.09"W
5 Middle Meadow Walk 2019 55°56'33.72"N  3°11'28.90"W
6 Spylaw Park 2019 55°54'23.70"N  3°15'41.76"W
7 Portobello Prom 2019 55°57'24.10"N  3° 6'56.24"W
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Figure 5.3 Map of Mlnster showing 8 counting site@verlay added by authorpee Table 5.3. for
key information Base magource: © Google Earth: data from Google (accessed June 2025).

Table 5.3 A list of counting sites iMUnster, Germany, arranged by order of appearance in source
data. Data for all locations is available for one year only.

ID Counter location Data range Coordinates(DMS)

1 Kanalpromenade 2019 51°55'2.52"N 7°38'57.00"E
2 Neutor 2019 51°58'1.15"N 7°36'55.58"E
3 Warendorfer Stral3e 2019 51°57'42.73"N  7°38'15.14"E
4 Huifferstralle 2019 51°57'42.73"N  7°36'39.23"E
5 Weseler StralRe 2019 51°57'2.06"N 7°37'3.75"E
6 Hammer StralRe 2019 51°57'16.24"N  7°37'34.61"E
7 GartenstralRe 2019 51°58'17.48"N  7°38'8.12"E
8 Promenade 2019 51°57'38.15"N  7°38'2.54"E
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Figure 5.4 Map of Oslo showing 12 counting sitgeverlay added by authoree Table 5.4. for key
information.Base magsource: © Google Earth: data from Google (accessed June 2025).

Table 5.4 A list of counting sites ifDslo, Norway, arranged by order of appearance in source data.
Data for all locations is available for two years.

ID Counter location Data range Coordinates(DMS)

1 Dr Eufemias vest 20182019 59°54'31.47"N  10°45'17.27"E
2 Dr Eufemias ost 20182019 59°54'31.18"N 10°45'14.35"E
3 lysaker 20182019 59°54'48.10"N  10°38'32.41"E
4 frognerst 20182019 59°54'40.26"N 10°42'14.26"E
5 Skullerod 20182019 59°52'9.11"N  10°49'46.91"E
6 Bryn 20182019 59°54'7.42"N  10°49'10.01"E
7 Breivol 20182019 59°55'23.02"N  10°49'52.95"E
8 Smestad 20182019 59°56'19.56"N 10°41'13.92"E
9 Gaustad 20182019 59°56'44.78"N 10°42'48.22"E
10  Munkedamsvein 20182019 59°54'40.38"N  10°43'32.44"E
11 Grorud 20182019 59°57'1.94"N  10°53'46.14"E
12 Akkersyke 20182019 59°56'24.48"N  10°47'31.32"E
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Figure 5.5 Map of Seattleshowing 10 counting sitgeverly added by autharpee Table 5.5. for key
information.Base magsource: © Google Earth: data from Google (accessed June 2025).

Table 5.5 A list of counting sites irseattle WA, USA, arranged by order of appearance in source

data. The number of years data is available for is similar for all locations except 2nd Ave.

ID

Counter location

Data range

Coordinates(DMS)

© 00 N O Ol b WN P

(=Y
o

Fremont Bridge

26th Avei Delridge greenway

39th Ave

BGT North
Broadway
Elliot Bay

2nd Ave

MTS Trail (1-90)

NW 58TH St Greenway
Spokanest. bridge

20142019
20142019
20142019
20142019
20142019
20142019
20152019
20142019
20142019
20142019

47°38'52.98"N
47°33'46.14"N
47°40'26.10"N
47°40'45.99"N
47°36'48.67"N
47°37'5.89"N

47°36'18.44"N
47°35'25.83"N
47°40'15.62"N
47°34'17.90"N

122°20'59.57"W
122°21'55.62"W
122°17'9.30"W

122°15'55.27"W
122°19'14.45"W
122°21'34.31"W
122°20'5.99"W

122°17'11.67"W
122°23'5.50"W

122°20'42.29"W
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Figure 5.6 Google street views showing examples of visible automated counters in two cycling sites
in Seattle WA, USA: pneumatic hoses in Delridge Greenway (left) and an inductive loop with a
display screen on Fremont Bridge (righithages surce: GoogleStreet View, ©2019 Google

(accessed Junend OctobeR025).

5.3.Journey type

5. 3T.hlee. proportion of | eisure journeys

The impact of darkness on cyclists may vary depending on the purpose of their journey
[Wessel, 2022]with the assumption thatclists commung to and from workaremore
resilient tolow light levelsthanthose cycling for leisureThis assumption is based on

the understanding thattilitarian journeys ardypically necessaryrips takenfor the
purpose of reaching apecific destination (e.g. workgducation, or shops)often
requiring travel regardless of ambient ligdmd otherconditiors. Leisure journeys on

the other hand, where the journey itself is the purpaflew for more flexibility in

choice of timeandpreferredambient conditions.

One limitation that hindered investigationto journey typesn previous workis that
cyclist count data from automated counters captures only the cyclist, not the purpose of

cycling.

To estimate journey type, whether leisure or utilitarian, the megpinodosed originally
by MirandaMoreno et al. [2013] and later adapted by Wessel [20283 used. This
presumeshat weekday cyclists tend to be utilitarian journeys and weekend cyclists tend
to be leisure journeydhis separations based on the assumptitmt people are more
likely to cycle to and from work on weekdays than on weekends, and more likely to
cycle for leisure on weekends than weekdays, implying that weekdays will be more

NNO®



dominated by utilitarian cyclpurneysand weekend will be more dominated by leisure
cyclejourneys These assumeiilends arereflected in the patternsf cyclist numbers by
hour of the day for weekdays and weekemstt®wn inFigure 5.7. In the five cities
selected fothe site-specificanalysis,cycling on weekdays display concentration of
journeysin peak hours where people aggically commuting to and from employment
or education, while on weekends this bimodal trend is largely apastht peak cyclist
volumes around lunchtime and early afternoon hotihas, as a first stepycle counts
for each location within the five cities aseparated intaveekdayg and weekenslcounts
using the =WEEKDAY function in Excel.

Auckland Edinburgh Seattle
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Figure 5.7 Hourly averages of cyclists per counter per years of data for weekends and weekdays in
five cities.

The proportion of leisure journey®\() at a givensite was established usirigquation
6. The resulting proportion would indicate that all journeys are utilitaridn+0, or all

journeysarefor leisure ifPL.=1.0.

o — (6)
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Using weekday vsweekend cycling to denote utilitarian .veisure cycling is an

estimate demanded by the limited nature of count data. Clearly it is not ahwaysate

because some people may cycle to work at weekends and some may undertake leisure

cycling in weekdaysTo provide some verification of this approach, a visual assessment

of counting sites was carried out. In whithe likely predominant journey type in a

counting site was visually assessedising Google Street ViewsLocations were

classifiedasutilitarian, leisure, ormixed, using the criteridevelopedn Table 5.6.

Table 5.6 Proposed criteria for visual classification of locations. If a leisure and utilitarian conditions
are met in the same location, then a location is classified as mixed.

Condition Proposed jourr
I f | ocaroad (tshrmddgh a park, al Leisure

I f I ocation is in an area that Leisure

mu lutsie recreational areas)

I f I ocation is in a residential Utilitarian
I f |l ocation is in a highway Utilitarian
I f | ocati ondoaonsi niannta nc oconinfiel rcceisa | Utilitarian
I f | ocati ethomisnamt ac csrhrmoeprsci al s Mi xed

I f I ocation is on a bridge connUtilitarian
I f path is not buffered from veUtilitarian

To verify the efficacy of the criteria shown inTable 5.6 an interrater validation

exercise was carried out where 20 PhD student colleagues were shown images of 10

cycling sitesand asked to state if they thougdachsite was predominantly used for



leisure cycling, utilitarian cycling, or mixed. Thsiteswere all fromSeattle, WA, USA
Their answerswere then compared tthe classificationproposedusing thecriteria
described Eachvalidatorwasshowntenslides;each containing one to twsireet vieve
anda satelliteimage ofone countingsite (see example ifrigures 5.8-5.10). Names of
locations were obscuretb avoid influencingresponses in instances where the name
could suggesthe use For exampleElliot Bay Cycling Trail in Myrtle Edwards Park
may influencevalidatorsto assumehat it is a destination for leisure cyclirggnce it
includes the wordsrail andpark. Overall, in 73% of cases the validators agreed with

the results determined according to the criteria showlraimle 5.6, which is higher than

chance level (33%)

Figure 5.8 ExampleA of slides shared with validators for visual classification. These images show
Fremont Bridge in Seattle, WA. This site was classified utilitarian dominant using the criteria. 70% of
validators were in agreement with thislagessource top left- Google Earth, data from Google,

©2024 (accessed October 2025); top right and bott@doogle Street View, ©2012023Google
(accessed June and October 2025).
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Figure 5.9 ExampleB of slides shared with validators for visual classification. These images show
Elliot Bay Trail in Myrtle Edwards Park in Seattle, WA. This site was classified leisure dominant
using the criteria. 70% of validators were in agreement withlthisgessource top left- Google

Earth, data from Google92022 (accessedune2025); top right and bottomGoogle Street View,
©20192024 Google (accessed June and October 2025).



Figure 5.10 ExampleC of slides shared with validators for visual classification. These images show
2nd Ave PBL in Seattle, WA, USA. This site was classified utilitarian dominant using the criteria.
90% of validators were in agreement with thisagessource top left- Google Earth, data from
Google,©2022 (accessed June 2025); top right and bottddoogle Street View, ©20 Google
(accessed June 2025).

After validating the efficacy of the criteria usinige visual classificatiormethod, these
criteria were applied to all counting sites. Tapproachesvere then usetb assesshe

reliability of the proportion of leisure journeys

First, weighted ORs were calculated for all sites categorized as Utilitarian, Mixed, and
Leisure, respectively. The assumption is that ORs would be higher for utilitarian sites,

validatingthereliability of the proportions.

Second, a bar chart was created to visually inspect whether grouping the data according
to my visual classification produces consistent trends (i.e. higraortion of leisure
journeysfor sites categorized deisure dominant These approaches would give an

indication as to the validity of usingroportion of leisure journeymethod.



5.4.Distance to city centre

To explore thenfluenceof proximity to city centreon ORs,éeity centrémust first be
defined. HereCity Hall was usedsuggested by Holian [20194s a pointo define the
city centre and use to measure distance to each counter locdtwm.alternative
methoddo establishdistance between the city centre and each counter locateonsed
These aralescribed belowFigure 5.11 illustratesan example othe two approaches
showing the distancketween the Seattl€ity Hall and one of the cycling counter

locations.

i) The Euclideandistance(km) between city hall and couimg location This
distance is measudeas a straightline s i ng Go omedasure Mstgnee b

function.

i) The cycling networkdistance(km) between city hall andachlocation This
is measured using tHairectionsfunctionon Google Mapschoosing cycling
as the mode of navigation and calculating the shortest distance of travel from
counter location to city hallAn attempt was made record these navigation

distances iroff-peak morning hourgl0:00-12:59) to avoid peak houtraffic.
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Figure 5.11 Example of the two approaches of calculating distance on a Google cycling map of

Seattle, WA, USAdata overlay by autharlNetwork distance refers to the shortest cycling distance
between two points as suggested by Google and Euclidean distance refers to a line measured between
two points on a maBase map source: © Good\daps,mapdata©2025Google (accessedlugust

2025).

5.5. Presence of street lighting

To explore the nfluence of the presence o$treetlighting on OR variation each
counting location wasisually assessed for the presence of street lightireg checking
for a visiblelamp post)in Google streeviews. Where this was not possiblenimage
searchon Google was used to find pictures taken by visitors ofidbation. The greet
views used were captured by Google in the permmdweenNovember2017 and
December2024

The cycling path was examined for a distance of 50m in both directions from the
coordinats recorded for a countelf installed street lighting fixtures were observed,
thesitewas designated di. If street lighting was not observed, the site was designated
asunlit. Locationswith no lighting installed but are minimally lit bigght spill from
adjacent areaare initially flagged agpartially lit but ultimately classified asinlit for
theregressioranalysis.Examples of the three cases are showRigure 5.12.



No street lighting
present :
Site is “unlit”

Partial/borrowed [ - l
street lighting :

Site is “unlit”

Cycle path

Figure 5.12 Examples of locations identified as lit and unlit after dark in Auckland(défa overlay

by author) Left: East CosRoad. Middle: Archibald Park. Right: Curran Street. Locations are
checked for the presence of street lighting for a distance of 50m in both direction of the coordinates
available for the sitdmagessource left - GoogleStreet View©2023 Google(accessedugust

2025; middle- Google Street View, ©281Google(accessedugust 202F right i Google Street
View,©2024 Google(accessedugust 202k

While this approach was chosen for practical reasons, it is a crude representation of
lighting conditions thatdoes not take into accourthe impact of the different
characteristics of the lighting provided. Such characteristics were shown to influence
the impact of darkness to different degrees in previous work. For example, Uttley et al.,
[2020] compared ORs from 48 locations in BirminghaUK, with records of lantern
density and relative brightness of street lighting (estimated from aerial images). They
reportal thatthe effect of darkness on cycling varied depending on how bright a street
waslit and the density of lamps on that street, suggesting the influence of lighting on
cycling after dark is nuanced and may not be entirely represented by the simple presence
or absence of street lighting. Thus, further research is required to more comprehensiv
assess the influence of street lighting and its characteristics on the impact of darkness

beyond the crude measure of the presence or absence of lighting

To test other measurespdot study was carried out as a part of this PhD research (see
Appendix G). Its aim was to establish measurements of street lighting characteristics
(i.e. illuminance) using an experimental method which follows a suggestion by Greffier
[2022] in using HDRI (High Dynamic Range Imaging) with a specialised post
processing softwart capture and analyse road surface luminance. This offers several
benefits when compared to using an illuminance metre, such as the ability to analyse an

entire field of vision with a single capture rather than the tounesuming poinbased



measurement of the metre. A comparison of the process of both methods is illustrated
in Figure 5.13.

Illuminance metre Camera

= Create grid based on dimensions of =Set up camera 20m away and capture
desired measuring ficld. image.

= Measure each intersection point (e.g. 40). *Upload image to software and get average

rcading of any desired number of points.
* Take average of all readings.

Figure 5.13 A Comparison between the process of using an illuminance metre to measure illuminance
vs. using an HDR camera and a ppsicessing software to measure luminance. Here an example of a
15m x 6m measuring field is given, which generates approx. 40 measduiritg po

However, die to several challenges regarding the correct process of using the equipment
and software, this study was notmpleted and no assumptions were made about its
effectiveness in lieu of the measure presented in this thBsésdocumented trialmade

hereinshould provide the framework for a future study using the same method.



5.6. Latitude and the number of cyclists

The influence of both latitude and the number of cyclists on OR variation across
different cities were explored in chaptet, where latitude showed significant
correlation, but the number of cyclists did ndhe influence of these two factors is

explored here again but withthe five selectities.

Latitudes for each counting site the five cities were established from the coordinates
provided inor estimated fronthe publiclyaccessible counter da{aeeTable 5.1t0 5.5

in section5.2).

For the number of cyclists, an annaakrage is established from the codataobtained

for each city While in chaptedt the number of cyclistavas weighted by city population
(see sectio4.2.2) to enable a comparison between cities of different sizes, this
approach may not be appropriate haheighting cyclist counts by population assumes
that the volume of cycling at a counting site is constrained by the wider population of
the city, butat the level oftheindividual counting siteyolumes may be influencedore
stronglyby site-specificaspects like infrastructure or network connectivity. Population
weighting could therefore givaisleadingpatterns making cyclingon a street in a large
city appear lessubstantialthan a similarly busy street in a smaller ciBiternative
approachesor weighting, such as usingathwidth, may bepossible; howeverthe use

of raw countsis adopted here as a direct representation of cycling activity at each

location.



5.7.Summary

This chapter described the method followed to investigaitroscalefactors that may
influence the level of deterrence caused by darkness on cyclists. The chapter began by
selecting five cities to focus on: Auckland, Edinburgh, Minster, Oslo, and Sdattle.
listed a total of 74cycle countingsites within them and proceeded to describe the

procedure followed for analysis as follows:
1. Weighted ORs are established for each individual courgites

2. Recordand estimated measwef four factors are collected for eashie. These
factors argourney type distance from city centrgpresence of street lighting

latitude, andthe number otyclists.

3. Linear regression is performed to model the relationships and understand the

strength of associatiolbbetween ORs and each factor

4. Multicollinearity is examined, and variables above the threshold are excluded

from the next step.

5. A stepwise regression analysis is performed to identify predictors of variance in

ORs and their levels of influence.

Chapter6 presentghe findings from theséve steps.
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6.1. Introduction

Chapter5 described thgrocess of investigating the influenceofcroscalefactors on
the effect of darkness on cyclists. It detailefiva-stepprocess for this, beginning with
establishing weighted ORs fandividual counting sites irfive cities, followed by
establishing datdor five factorsin order toenable linear and stepwise regression
analysedetween them

Chapter6 beginsby presening the weightedORsfor each location (& 74) within the
five citiesto understand the general impact of darkness on cyclist numbehem.
Next, results ofthe linear regressiorbetween ORs and each of tfige factorsare
shown The last section contains multicollinearity checks and the final stepwise

regression modsl

6.2.0dds ratios

Weighted odds ratios are established for each counting location in Aucilan@®7),
Edinburgh(n=7), Minster(n = 8), Oslo(n = 12), and Seattlén = 10). These are shown
belowin Tables 6.1 to 6.5 and are calculated usirgl possible case and control hour
combinationsestablished for each cifgeeexample of detailed calculations for Seattle
in Appendix D) as described i€hapter3. The majority of ORs shown are greater than
1.0, with only ten ORs belowl.0 (Edinburgh, n= 2, and Oslo, = 8) and one equal to
1.0 inAuckland This suggests that outside of those eleven locatidaskness reduces
the number of people cycling compared to daylight periods. The impact of darkness
variessignificantly across the five citieas shown irFigure 6.1, with the smallesDR
establishedbeing 0.75 ysakerin Oslo) and the largest being 8.7Re{gh Roadin
Auckland).

NON



8.50

B.00

6.50

6.00

5.50

5.00

OR

4.50

4.00

1.50

Seattle [l Oslo [] Auckland [ Miinster [ Edinburgh [

Figure 6.1 All 74 weighted ORs established across five cities. Only Oslo and Edinburgh have locations with ORs lower than 1.0.
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Table 6.1 Weighted ORs for 37 sites Auckland, NZ, arranged low to high, alongside estimates for
each microscale factor (shaded columns) established through the methods described in chapter 5.

Microscale factors

Site OR Effeit Euclidean Network Street . No. of
size P.  distance distance lighting  Latitude cyclists
(km) (km)** presence
Carlton Gore Road 1.00 0.25 1.53 1.9 Yes 366 8 324913
Dominion Road 1.09 0.27 2.16 2.4 Yes 3@®.70 233301
Symonds Street 1.11 0.28 0.78 0.95 indirect -3 66 @ 650985
Hopetoun Street 1.12 Negligible 0.25 0.63 0.9 Yes 365 @ 218979
Grafton Bridge 1.14 0.29 0.87 1.1 Yes 3@®.60 128643
Nelson Street 1.14 0.29 0.5 0.8 Yes 365 @® 678620
Upper Queen Street 1.20 0.31 0.76 0.75 Yes 365 ® 239369
Quay Street Eco Display 1.22 0.43 1.13 1.5 Yes 364 3B 106134
Beach Road 1.22 0.36 1.07 19 Yes 3®8.49 539342
Oceanview Road 1.24 0.53 23.39 Excluded Yes -3 .8 4 99802
Grafton Gully 1.25 0.38 0.57 0.9 Yes 36 . 8 651043
Saint Lukes Road 1.26 0.38 3.91 5.3 Yes 3@.7 1 147445
Nw Cycleway Kingsland 1.27 0.33 2.5 2.8 Yes 366 @ 183547
Teatatu Peninsula 1.30 0.38 9.98 12.8 indirect -3 @®.50 66509
Lagoon Drive 1.30 0.55 10.37 13.3 Yes 3®.07 486423
Lightpath 2 1.31 Small 0.39 0.51 1.1 Yes -3@®.5 3 591887
Great N. Road 1.33 0.33 2.07 2.3 Yes 3®865 121033
Great S. Road Manukau 1.36 0.45 18.28 20.3 Yes 3®.87 25693
Quay Street Spark Aren: 1.37 0.44 1.48 2.1 Yes 364 B 123447
Ormiston Road 1.43 0.49 18.02 27.1 indirect -3 ® .65 39808
East Coast Road 1.51 0.55 12.5 Excluded Yes 36 .27 . 309523
SH20A 1.53 0.45 14.06 17.2 indirect 3®.78 12103
Nw Cycleway Teatatu  1.54 0.50 9.77 12.0 indirect 3 @598 117893
Lake road 1.56 0.45 5.98 Excluded Yes -3 6038 414794
Tamaki Drive Wb 1.59 0.51 2.36 3.2 Yes -3 6 .88 . 113050
Rankin Avenue 1.61 0.44 9.79 11.1 Yes 369 1 2 12353
Curran Street 1.70 0.53 2.59 4.3 indirect -3 @®.39 120756
Mangere Safe Routes  1.79 0.50 13.68 17.7 No -3@.39 36400
Queen Street Pukekohe 1.86 0.49 40.89 53.3 Yes -37.2 0 4 8098
SW SH20 2.00 0.55 6.91 9.9 indirect -3 61 2@ 339850
Waterview Unitec 2.23 Medium 0.57 6.15 7.4 Yes -3 @.8 3 160174
Glenn Innes to Tamaki  2.29 0.57 8.13 10.8 No 367 8 30258
Mangere Bridge 2.34 0.63 9.59 11.1 No 3@®.32 116194
SH18 Upper Harbour 2.44 0.71 11.08 26.1 indirect -3 @.8 2 392246
Orewa Path 5.30 0.61 29 29.17 Yes 3696 888308
Twin Streams 6.13 Large 0.62 12.71 17.8 Yes -36798 300995
Leigh Road 8.72 0.73 55.78 95.3 indirect 3 @56 15963
*These effect size interpretations are based on categ
**Some values were excluded because the journey requi
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Table 6.2 Weighted ORs for 7 counting siteskdinburgh, Scotland, UK, arranged from low to
high, alongside estimates for each microscale factor (shaded columns).

Microscale factors

Site OR Effect size* Euclidean Network Street

PL distance distance lighting Latitude No._of

(km) (km) presence eyelens
RBS Gogar 0. ¢ 0. 19.26 10. 2 Yes 55. 934178
Mi ddl e Mead 0. ¢ Negligble 0. Z0.84 1.0 Ye s 55.944975
Cultins Roa 1. 0. 1762 9.0 Yes 55.926673
N . Edinburg 1. ¢ 0. :3.65 4.7 Ye s 55. 9€3005
Portobell o 1. : Small 0. <47 5.5 Ye s 55. 951912
Spyl aw Park 1. ¢ 0. t6.58 8.2 N o 55.9C5089
Silverknowe 3. % Medium 0. €6.89 8. 8 N o 55.977240
*These effect size interpretations are based on categ
Table 6.3 WeightedORsfor 8 counting sites iMinster, Germany, arranged from low to high,
alongside estimates for each microscale factor (shaded columns).

Microscale factors
Site OR Effect size* Euclidean Network  Street _ No. of
PL distance distance lighting Latitude :

(km) (km) presence CiE i
Weseler Stil. 0. 142 1.6 Ye s 51.9£1160¢9
Hammer Str. 1. ( 0. :0.79 0.9 Yes 51. 9E82715E€
Neutor 1. ¢ 0. 2106 1.3 Yes 51.9€43902
Promenade 1. C Negligible 0. 041 1.1 Yes 51.9€51032
Hefferstrail., ] 0. 2119 1.3 Yes 51. 9€20869C
Warendor feil. 0. 20.64 0. 85 Yes 51. 9€23711¢€
Gartenstra'1.]1 0. 122 1.5 Yes 51.979653C
Kanal prome 1. ¢ Small 0. ¢£5.46 1.1 Yes 51.911237E€E
*These effect size interpretations are based on categ
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Table 6.4 WeightedORsfor 12 counting sites i@slo, Norway, arranged from low to high,
alongside estimates for each microscale factor (shaded columns).

Microscale factors

Site OR Effec*t Euclidean Network Street _ No. of
Size PL distance distance lighting Latitude :
cyclists
(km) (km) presence
Lysaker 0.7 0. 1511 6.6 Yes 59.913907
Skull erud 0.8 0. :7.18 9.7 Yes 59. 8€5947
Munkedamsve 0. 8 0. 2047 1.1 Yes 59. 9111 650
Frognerst. SO0. 8 0. 2167 2.4 Yes 59. 9114577
Gaustad 0.9 0. 2389 4.9 Yes 59.946842
Bryn 0.9 o 0. 2491 6. 4 Yes 59.9C1504
Negligible o
Akersyke | 0.9 0. 2448 5.5 Yes 59.945007
Dr. EufemiaO0.9 0. 3123 1. 4 Yes 59.9C4247
Smest ad 1.0 0. 1393 5.5 Yes 59. 952636
Breivoll 1.0 0. 2557 6.5 Yes 59.929713
Dr . Eufemial. O 0. 119 1.6 Yes 59.9C3418
Grorud 1.0 0. 2987 12.4 Yes 59. 954905
*These effect size interpretations are based on categ

Table 6.5 WeightedORsfor 10 counting sites iBeattle WA, USA, arranged from low to high,
alongside estimates for each microscale factor (shaded columns).

Microscale factors

Effect

Euclidean

Network

Street

Site OR ek , ; " . No. of
Size PL distance distance lighting Latitude :
(km) (km) presence EyElEs
Broadway 1.0 0. :1.28 1.6 Yes 47.616578
2nd Ave 1. 1 Negligible 0. 204 0.45 Yes 47.6C1559
Fremont Bri 1.2 0. $513 5.6 Yes 47.646177
Spokane 1.2 0. 376 4.6 Yes 47 .571770
NW 58TH St 1.2 0. t 852 10. 0 Yes 47.674296
39th Ave 1.3 Smal 5 gys 11.3 Yes 47.673345
26t h Ave 1.4 0. :532 8.0 Yes 47.5€36514
BGT North 2.0 ) 0. £949 13. 6 No 47 . 6737185
MTS Trail o1 Medum 5 .3 58 4.9 No 47.5¢1751
EIli ot Bay 3.3 Large 0. t27 3.3 N o 47 . 6€&79 649
*These effect size interpretations are based on categ
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6.3.Journey type

After a weightedOR was establishedor each location, data fothe five proposed
microscalefactorswererecorded or estimatedhe first ofwhich beinga classification
of the dominant type gburneyundertaken in a locatiofi.e. utilitarian or leisure)This

is presented in sectio® 3.1, and its validity is assessed in secti®6.2

6. 3Thilee. proportionsof | eisure journey

Tables 6.1 to 6.5 (see sectior6.2) presenédthe P. establishedor all siteswithin the

five citiesandther correspondingveighted OR. A PL of 1.0 indicates a completely
leisure journey dominant site andPa of O indicates a completely utilitarian journey
dominant site Most tables appear to show an upward trend when inspected visually,
where PL may increase witha higher OR, except fora few midrange values that
occasionallydeviate from this This may initially suggest that ¢hdeterrence from
darkness on cyclists is increased with a higher proportion of leisure jourineys

Auckland, Edinburgh, Munster, and Seattle.

The relationship is explored further using linear regression, whignere 6.2 suggests

a positive association ORs increase with a high&.. However, the variation in ORs
explained byP. appears to vary across citjesgith the lowest R (Oslo) explairng only

2% of the variation which is substantially a weaker relationship when compared to the
other citieswith arangeof 31% to 64%variation explained

A linear regression analysigas also applied to data fatl five cities combined(n =

74). This also displayed a positive associatior? ®0.41, p<0.001)i ORstended to
increasewith a higherPL (Figure 6.3). To explore the influence of outliershey must

first be identified. Here, the general guideline thaicores above the common threshold

of 3.00 are considered outliers is used, particularly due to the sample size not being
very large(where a zscore cutoff is typically>4.00) or very small (a cutoff 0£2.50)
[Stevens, 2009]This means thaDRs larger than 5.0@ere excludedThis relationship,
shown inFigure 6.4, displays an improved associatidR?(= 0.53, p<0.01).
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Figure 6.2 The relationship between odds ratios and the proportion of leisure journeys in the five cities.
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Figure 6.3 The relationship between odds ratios and the proportion of leisure journeys across locations
in all five cities.
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6. 3Ve2i fication of jJjourney type by visual as s

This step was used to asselss validity ofthe proportion of leisure journeygP.). All
counting locations in the five citiewere visually assessed andlassified between
utilitarian, mixed, and leisure dominant locatgomhese classificationare presented

in Appendix E. Following this, two assessmenigrecarried out.

First, an overall weighted ORvasestablishedrom the combined data for tteategory
(Table 6.6). This initially shows that leisure locations are associated with higher, ORs
suggesting that theroportion of leisure journey$P.) may be a suitable method to
identify leisure locations. For utilitarian and mixed locations, ORs were close to each
other with only a 0.04 difference.

Table 6.6 Range of ORsalculated for locationgrouped by journey type
classification.

Il tem U M L
Number of | c25 35 14
Mi n OR 0.94 0.75 1. 4°
Max OR 1.61 2. 44 8. 7.

Wei ghted OR 1.19 1.15 2. 7.
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Next, Figure 6.5 presents the proportion of leisure journeys for all sites within the three
groups. The chart shows that on average ptiogortion of leisure journey@PL) appears

to increase from utilitarian sites to mixed sites, to leisure sites. While there is some
variation within each group, the pattern provides additional support for the validity of
using theproportion of leisure journeymethod to estimate the dominant journey type

in counting sites.

0.80
0.70
0.60
0.50

0.40 . .....oo'nooooo
eeoo® °

= Y

Utilitarian sites Mixed sites Leisure :

(P)

Figure 6.5 The proportion of leisure journeys for sites based on their visual classificatn. A
closer to 1.0 indicates a concentration of leisure journeys in the counting keitear trendline
reflects an increase from utilitarian to mixed to leisure

6.4.Distance to citycentre

The distance between countirsgtes and the city hall in each cityas presentedn
Tables 6.1 to 6.5 (see sectior6.2) using two alternative measurementg&uclidean

distanceandcycling networkdistance.

Linear regression analgs reveal positive relationshipswith ORs in nearly all
scatterplotsKigures 6.6-6.10) except fornetworkdistance in Minster, suggesting that
ORstendto increase the further away the journey is from city centre in almost all
locations. he OR variation explainedsingthe twoapproaches can vasjignificantly
from city to city and sometimes within the same ceg is the case in Munster (see
Figure 6.8), which shows an unusually high? Ralue foreuclideandistance contrasted

by a very low R value for network distance (0.90 and 0.04 respectivélfiere could

NOO®



be a number of reasons behind this and the reversed relationship direction between the
two approaches in Munster, suchtas density of built environment in the city centre
requiring longer routet beproposed by Google, or a discrepancy in the measurement.

For all cities but Auckland, the number datapointsmay be very low for meaningful
results.Thus,a further linear regressioanalysis is performedn data from all locations
combined. Tl two scatterplots inFigure 6.11 confirm a positive relationship ORs
tend toincrease the further away the location is from city centre. TheaRies shown
are 0.46 (P<0.001) foreuclidean distanceand 0.59 (P<0.001)or Network distance,
explaining 4%.7% and58.7% of variation in OR respectively.

To explore the influence of outliers, defined here as values witls@ee larger than
3.00, ORs larger than 5.00 and distances larger Btkm are excluded. This reduces
the R values drastically t0.20 (P<0.001) for Euclidean a@d13 (P=0.003) for network
distances.

Euclidean distance Network distance
y=0.0914x +1.0454 = 9 y=0.0665x+1.1209 .
R?=10.4867 ' R%=0.5815

OR

OR

) ﬁo-‘""t < ., ‘ . Fa"\- :,

KIm Km

Figure 6.6 The relationship between odds ratios and two approaches to measure distance to city centre
in Auckland, New Zealand.
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Figure 6.7 The relationship between odds ratios and two approaches to measure distance to city centre
in Edinburgh, SCT, UK.
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Figure 6.8 The relationship between odds ratios and two approaches to measure distance to city centre
in Minster, Germany.
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Figure 6.9 The relationship between odds ratios and two approaches to measure distance to city centre
in Oslo, Norway.
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Figure 6.10 The relationship between odds ratios and two approaches to measure distance to city centre
in Seattle WA, USA.
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Figure 6.11 The relationship between odds ratios and two approaches to measure distance to city centre
in all five cities combined

6.5. Presence of street lighting

Thepresenc®r absencef streetighting waspresentedn Tables6.1t0 6.5 (see section

6.2) for all counting sitesalongsidetheir corresponding OR®espite this, the majority

of cities havea small sample of datand that may prevent a meaningful outcome. It
may therefore be beneficial to perform a linear regression analysis on the combined data

for all cities similarly to all previous factors.

The R valuesfor individual cities range from 0.03 to 0.73 (3% to 73% variation
explained). However, it was not possible to calculate this for all five cities, since Oslo
and Munster had only one type assignedbinary entries (i.e. all 1s or all 0s). The
combined data for all cities shows ar ®alue of 0.2 (p=0.002) explaining12% of
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variationin ORs which may be a better representation since linear regression was not
possible for all cities when done individualRemovingoutliers, here defined as values
with a zscore higher than 3.00, exclud®R>5.00, which increasesR? value to 0.3
(p<0.001), ). explaining 33% of variation in ORs negative relationship here suggests
that locations with street lighting tend to have lower QREhe presence of lighting

may reduce the impact of darkness.
L

6.6. Latitude and the number of cyclists

Linear regression analgs betweenthe latitudes of cycle counting sites and their
corresponding ORsT@bles 6.1to 6.5) reveal a positive relationship for all cities but
Munster as shown in Figure 6.12 i ORs mayincreaseat higher latitudes within
Auckland, Edinburgh, Oslo, and Seattle, wRhvalues raning from 0.15to 0.40 (15%-

40% of the variation in OR is explainedand at lower latitudes within Minster, with
anR? valueof 0.73 (73% ofvariation in OR explained However, due to the low number

of entry points for most of the citieand the very small variations in latitude between
counting sites within the same cjtye reliability of these coefficients may be impacted.
Thus, the linear regression is repeated on data for all five cities combined7{n
entries) This reveals a negative association, as showrignre 6.13 suggesting that
ORs tend to decrease at higher latitudes. However, only 7% of OR variation is explained
by latitude hereR?=0.07, p=0.019). This weak association on the microscale does not
match the strong association established in chapter 4 for the macroscale, suggesting that
for small differences in latitude, the impact is not meaningful. One reason for this may
be that small withircity differences in latitude do not significantly change the amount
of ambient light levels across different locatioRepeating the regression with absolute
latitude values (thereby removing the negative soutiemisphere values for
Auckland) resulted an and additionaiminimal improvement of 0.02 to the?Ralue.

To explore the influence of outliers, here defined as values witls@wee larger than
3.00, ORs greater thah50 were removedThisimprovedthe R value further to Q.2
(p=0.003) and is statistically significanf{gure 6.14).
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Figure 6.12 The relationship between odds ratios andnter latituddor each of the five cities.
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Figure 6.14 The relationship between odds ratios and counter latitude for all five cities corafiiered
removing outlies

Thetotal number of cyclistsvaspresentedn Tables6.1 to 6.5 (see sectior.2) for all
counting sites, alongside their correspondingORs Due to the highly skewed
distribution of the number of cyclists, a logarithmic transformation was applied prior to
regression analysig\ linear regressioranalysis on these variablesvealsa negative
relationship for all cities but Seattbs shown inFigure 6.1517 ORsmay decrease as
thenumber of cyclists increasbut this trend is reversed in Seattle. Rfevaluesrange
from 004 to 0.72 (4%-72% of the variation in ORs explained. However, due to the
low number of entry points for most of the five cities, the reliability of these coefficients
may be impacted. Thus, the regression is repeated on data for all five cities combined
(n =74 entries) and here a polynomial trendline provided a closer visual fit to the data
and improved thdR? valueto 0.07 (p=0.085, explaining7% of the variation in ORs

but the relationship is nostatistically significant(Figure 6.16). To explore the
influence of outliers, here defined as values withstare larger than 3.00, ORs greater
than 3.50 were removed This improved the R value to 011 (p=0.005 andis now

statistically significan{Figure 6.17).
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Figure 6.15 The relationship between odds ratios and the number of cyclists as a proportion of city
population for each of the five cities.
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Figure 6.16 The relationship between odds ratios and the number of cyclists as a proportion of city
population for all five cities combineditted with a polynomial trendline
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Figure 6.17 The relationship between odds ratios and the number of cyclists as a proportion of city
population for all five cities combined after removing as outligted with a polynomial trendline

6.7.Stepwise regression

Sections6.3t0 6.6 explored the degree to which variance in ORs could be explained by
journey type, distance to cigentre presence of lightindatitude,and cyclist numbers.

Stepwise regression is next used to integrate those factors into a single model.

Out of thesdive factors,distance to city centre was establishesing two approaches:
Euclidean Distance andNetwork Distance. Sectior6.4 showed thatthe association
between ORs and network distance was stronger when compared to euclidean distance,
with R? values of 0.59 and 0.46 respectively. Thus, out of the two options, Network

Distance is retained for the stepwise regression.

Variance Inflation FactorsIFs) for thefive independenvariables were calculatad
SPSSto assessnulticollinearity. These values ranged fron04 to 1.36 (seeAppendix
F). Since allvalues were belowhe common threshold &.0, all variables were retained

for the stepwise regression analyfsooks and Barcikowski, 1999]
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Table 6.7 presents the modetesulting from the stepwise regression analysis. Stepwise
regression typically begins by evaluating individual variables first, and, liéstance

to city centrewas thestrongessingle predictor from all variables, with arf Ralue of

0.587, p<0.001 (0.581 when adjustedpubsequently, stepwise introduces thbéeo
variablesto the base model tassesgor improvement,and here addingjourneytype
Improved the R value, raising it to @81, p<0.001 (0.62 when adjusted)While in

some cases stepwise regression can identify improvements from adding more than two

predictors, here no additional improvement to the models was found beyond two

Table 6.7 The resulting models from the stepwise regression analysis.

ModDepe_n I ndependent variable Predictor R2 Adjzus!g. o]
NoJvari f{ R i n mo
1 Di st ar (constant), | 0.5§ 0.5 <0.00
city'(JournePrese No
ORs (NetWo (Propor Iigh1Latitcyc'I
. of | i (constant), | ]
2 di st)a proportion 0.64 0.6 <0.00

Table 6.8 shows the coefficient of terms in the modehere andhe constantrefers to

the predicted value of the dependant variable (OR) when all independent variables are
equal to zeroThis constant iessential in establishing the equasofor the model
(Equation 7), which can be useful in predicting ORs in locations outside of the 74 used

here

The findings suggest tharoximity to the city centre might have the largest influence
on the impact of darkness from thge variables. Thigs thenfollowed bythe type of
journey undertaken (utilitarian or leisuréllhe remaininghreevariables, thgresence

of lighting, latitude, andthe number of cyclistsvere shown to beexcluded fromthe
model suggesting that for locations in the five cities, their influence is not strongly
associated with a variation in @RWhen testing the equation to predict ORRsdfs,p

and then compare them to the weighted ORs established from cyclist caess (
Chapter3), a simple linear regressiofrigure 6.18) confirms that the equation is able

to explain 68% of variation.
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Table 6.8 Coefficients the final model.

Mo d e | No. Unstanda|Standaint 95% CI
Coeffici|Coef fi ( S
B Std.|bet a gLoweUpp(
erro
2 (Constant)-0.1§0. 28|- -0.6{0.5|-0.7|0. 3¢
Distance 84, 450.000.583 |7.3d0.0|/0.040. 0c¢
centre
Journey ty3.32/0.740.358 4.480.0[|1.844. 8(

Rodds.p= -0.182 + 0.050 + 3.325, (7)

Wh e,r e

Rodadas=fhe predicted weighted OR
D =Di sttamictey .centr e

PL =Journey otppope il om o) | eisure journey

Predicted OR
S
®

hd y = 0.6819x + 0.5102

R2=0.6813

0.00 1.00 2.00 3.00 4.00 5.00 6.00 7.00 8.00 9.00 10.00

Established OR

Figure 6.18 The relationship between predicted ORs¢8) and weighted ORs (Mtaag for all
locations.
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To explore the influence of outliers, here defined as values witls@ee larger than
3.00,the four following sites were removed from the stepwise analysis: Fremont Bridge,
Elliot Bay, Leigh Road, and Twin Streams. This did not improve the model
performance, as it lowered the Ralue from 0.681 to 0.620 and reversed the order of
the top predictors, with Journey type becoming the strongest predictor followed by
proximity to city centre. Variables previously excluded were still not retained,
suggesting that the model behaviour vimad impacted by those values.

6.8. Summary

Five out of the fifteen cities assessed for the effect of darkness on cycling numbers were
selected for further exploratiorHerg the aim was to investigate thefluence of
microscalefactors on the effect of darknessthin thosecities, andfive such factors

were identified. These arpurney typedistance from city centrghepresence of street
lighting, latitude, and thenumber of cyclistsThis chapter began with establishing
weighted ORs for each countirigcation (n = 74) within the five cities ORs ranged

from 0.75 to 8.72, suggesting a very wide effect of darkraesess those citiesNext,
records and estimates for thed factors were collected and their relationship with ORs

explored through linear regression.

The findingsfrom the linear regressiofsummarized inTable 6.9) suggestthat the
severalfactorsmay influence theeffect of darknesss hypothesizedHigher ORs are

shown to be associated with locations that are:
i) Leisure journey dominant,
i) Further away from the city centre,
i) Without street lighting present

Associatiors with the remainingtwo factors, latitude and the number of cyclisase
also observedut are weaker For both variables howevethe exclusion of outliers

improved the performance
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The strongest association acradkfactors was that between timetwork distance to
city centreand ORs &pprox.59% of variationexplained) anahe weakestvas the
number of cyclistsHowever, these observations are made when combining data from
all cities, as the reliability of observations on the influence on individual cities is

hindered by the low count of locations within some of the cities.

To explore the weights of influence frothe five factorsfurther, a stepwise regression
analysis was performedhere the factorsvereinserted as independent variabl@fe
resulting modelbroadly reflectsthe findings of the linear regression, suggesting that
ORs may be best predicted Mljistance to city centrefollowed by Journey type
Additionally, the presence of street lightintatitude,andthe number of cyclistsvere

not retainedin any of the modelswhich is consistent with the weaker associations
observed inthe linear regressiomnalyses.Excluding outliers did not improve the
model.

Finally, ORs predicted using thmodel equatiorwere assessed against ORs previously
established for all locations. The findings show that up8% of the variationin ORs

can be explainefly the model

L

In conclusion,the findings fromthe linear and stepwise regression analypessented

in chapter6 indicatethat the suggestemhicroscalefactors may influence the deterrent
effect from darknesso varying degreesWhile these findings representcansistent
pattern across the combined data from these specific five cities, this may equdbléy
reliable for these cities when examined individually. Furthermore, it is unknown if a
combination ofothercities outside of those fiveould fit the models established in this
chapter Chapter7 discusses such limitations andcludes a comparison ofmodels
established in this chapter to models established in coauthored work that exéinenes
different cities
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Table 6.9 Summary of the findings from linear regression analyses.

Variabl |[Approac|R?rangR? R? Additional steps Interpretation
(acro|(all cilexcludi
citiecombinejoutlier

Journey type 0.026/0. 4p<0.(053 (p<|Additional analysis wasORs tend to i né@utielaesies wri

validity of wusing the pcycling is more deterre
(PR as an estimate of t
|l ocation.

Di stanc|Eucl ide|[0.090{04 p<0.{020 (p<|Excluded from stepwise |[ORsendntopease with dist
centre di stanc cenithbecations further a
mo rdeet ebryr eddar kness.

Cycling|0.0050.6p<0.(013p=0.]- ORs increase with diist 4
ngtwork Locations further away
di stanc det ebryr eddar kness.

Presence of str{N/A f|021 (p=0|{033(p<QPearson correlation to |ORshow a modetratienteaads
all ¢ relationship reveals it/locations where street

Latitude 01®73{0.07 (piy0.22 (p|- ORshowaa twendency to de
|l atit@idHes suggests that

|l atitudes between count

contribute meaningfully

between cities as discu

Number of cycli|04072|070p98@)5|01X pH0O5 Due to the highly skewgORs show a weak tenldemg
of cyclists, a |l ogarithnumber of cyclists in t

prior to the regressionfindings in chapter 4,

cyclists may not meanin

variation within citief§g
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ChaptRBirsdussi on

7.1. Introduction

The overall aim of this thesis was to investigate the effect of darkness on cyclist
numbers.This was divided into three focused aims based on the literature reviewed in

chapter2:
i) Improve the method of analysis for quantifying the impact of darkness.
ii) Assess whether darkness deters cycling.
iif) Explore causes of variance in the impact of darkness on cycling.

The three aims were addressed through seven research hypotleaptr7 begins by
assessingnow the hypotheses were supported by the findings of the analgsesibed

in chapters of this thesis

It then discusses how these findings relate to previous work and addresses the

limitations faced. It concludes by making recommendations for future research.

7.2.Assessment of hypotheses

This section presents aassessmentdf eachof the sevenhypothegs to determine
whetherthey aresupported or refuted by findings of the ana&yslescribed in earlier
chaptersWhere relevant, further exploration and recommendations for future work are

discussed

7. 2Hyp.ot Hesi s

H1: Choice of case and contr ol hour signi
The limitation of selective case and control hours identified in previous studies using
the casecontrol methodwas addressed ichapter3. An array of ORs wasestablished

from all possible combinatiasiof case and control hosifor the 15 cities to explore the

influence of different choices of case and control houRather than the two
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combinations used in previous work, this analysis identified fadmto 72 case and

control hour combinations per city

Figure 7.1 illustrates the distribution of all ORser cityand their effect sizearranged

by case periods (morningr evening case hourg)gainst control periodsdéylight or
darkness control houysThe figure shows that ORs tenddenerallyincrease towards
later hours in the evening case periods in most cites.example, théaours 18:00 to
19:59areoften in the small to mediuraffect sizethreshold, while the hours 20:00 to
21:59areoften in the medium to large thresholaut this trend is more pronounced in
the daylight control period than in the dark periddiditionally, early morning case
hoursi typically 05:00 to 06:59 show lower ORs across most cities, compared to other
hours of the day. This trend is clearer wi@Rs are illustrated as line plots (degures
3.2t0 3.16 Edinburgh generallyshowsa reversed trendwvith anincrease in ORs in
morning case hours armdecrease in evening case houfer control periods, some
cities show an increase towards later hours of the period, while others remained
contained within the negligible threshol@ontrol hours in midday may lead to lower
ORs when compared to other hours in the same period, but this trend is not consistent

across all cities.

The trends observed between case and control hours suggest that the choice of hours
matters. Specifically, choosing a case hour in the morning period may lead to a
substantiallyjower OR than a case hour in the evening period. ShportsH1 which

states that the choice of case and control hours significantly impact the OR produced.

For this reason, a method that summarizes OR arrays into one summary figure is

recommended.
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Figure 7.1 ORs for all case and control hour combinations in each city with their effect size
(threshold based on interpretations by Olivier and Bell [2013].
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7. 2HyDp.ot Resi s

H2: Darkness reduces the number of cyclists.

With the increase of ORs towards later case hallustrated in Figure 7.1, it is
reasonable t@oncludethat darkness can bring a reduction in cyclist numlvengn
compared to daylight

To makeOR arrayseasily legible and provide one general @t quantifies the impact
of darkness for each cityach arraywas summarizethto a single figureweighted by
the number of cyclistsn each case and control hour combinatidinese Mantel
HaenszelweightedORs, illustrated inFigure 7.2, suggest that with the exception of
Oslo, the number of cyclists is reduced after dark when compared to daligfit
cities. This aligns with findings from the nine revealpdeferences studies reviewed in
chapter2 [Chen et al., 208; Fotios et al., 2019; Fotios et al., 2023; Fote%Robbins,
2021; Uttley et al., 2020; Uttley et al., 2023b; Uttl&yFotios, 2017; Wessel, 2022;
Zacharias& Meng, 2021] which suggestd a general deterrence of cycling associated
with darkness and low light levelgarticularly caseontrol studies which reportea
reduction in cycling numbers witBRs ranging from 1.05 to 1.67 (s&able 2.6

This supports H2 which states that darkness reduces the number of cyclists.

1.80
1.60
1.40

1.20 e

‘Weighted OR

1.00

0.80

Oslo,NO - e
Antwerp, BE |
Paris, FR —|
Dublin, IE —|
Helsinki, FL |
Miinster, DE —|
Montreal, CA —|
Berlin, DE
Edinburgh, UK
Leeds, UK
Auckland, NZ
Seattle, USA —
Arlington, USA

New York, USA —
Birmingham, UK —|

Figure 7.2 Weighted ORs for fifteen cities, arranged ascendingly. An OR significantly above 1.0
(P<0.05) for all cities except Oslo indicates that cycling is reduced after dark in those cities.
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Oslo was the only city where the established OR (0.87) suggested an increase in cycling
activity after dark. It is unknown why the impact of darkness on cyclists is reversed in

Oslo, butthere could beseveral reasonsehind thisi ncl udi ng Osl| 00s ext e
promotion efforts geeexamples inTable 7.1), its infrastructurejts latitude, or simply

the locations where the counters are installed

Table 7.1 Examples of cycling promotional efforts implemented in Oslo, Norway [Copenhagenize,
2019; Oslo Kommune, 2019].

Ef fort description
The fGaere | i veab I nitially Il,adrmdlsedpriomgrain @i me
2019 centreagdepnemot eT k& cit i ivteical truialvee

mul ti pl e innecarseyacsées ngoi n the ci:
enhangetding i,strlasgthrtmpgngyv,@emaent

cafrree central area connected
Subsidies The city offers many subsi,di e:
i ncilntggnanci al support for pur:

Winter support Winteady bicly©Od3leo sBamsgrnlgad pr. o
Financial supportpbochasaedded

The examples given for the efforts implemented in Gsl® not exclusive td. For
instancethe nextthreecitieswith the lowest ORsll have caifree zones in central
areas, which suggest that this may play a role in influencing the impact of darkness.
Mor eover, Osl o0b6s | atitude might darekness t hat [
and weather because they spend ntone in darknessn wintertimecompared to the
other citieson the list A comparison of total timspent in darknes@@s defined in this
thesis)in the upcoming2025winter solsticeof this yearis presented ifable 7.2and
illustrated inFigure 7.3, offering some support fahe proposal that resilience to
darkness may be association with time spent.iiflie general influence of latitude

and distance from city centre on the deterrent impact of darkness on cyclists were
explored further in the thesis. These are addresse®iand H7(subsectiong.2.3
and7.2.5.
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Table 7.2 Hours spent in darkness in the shortest day of this year for all cities analysed in this thesis,
arranged descendingly. Winter Solstice falls on Sunday 21 December 2025 for all cities except
Auckland, where winter solstice falls on Saturday 21 June 20®#%€eldurations were calculated

using www.timeanddate.com

City Houo#Har kne
i n winter

Os |
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B e
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N e
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O—sSsS9-S~">5-SSoTo

" —=s0wL3——as5wuo
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WWWADMBMAMDMDMRMOOUOOO®
s gl s i e e e e e o = = e e

—1—1—1—1—1—1—t£—t—t—t—‘

3

WOWRNWAOGOU ONERR
I IJ3IONPFPOWN®O O~NhO

3333333 3333

=~ —
NN B
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0.90 y = 6E06x2 - 0.0145x + 9.0068 ¢

0.70 R2 = 0.3922

0.50
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Minutes of darkness in winter solstice

Figure 7.3 The relationship between ORs and time spent in darkness in winter solstice (converted to
minutes from hours presented in Table 7.2).
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7. 2Hy».ot hesi s 3

H3: Locations at higher latitudes will show a smaller deterrent effect from
darkness on cycling.

Latitude contributes towards a cityods <clin
during a year[Schmal et al., 2020]. Both climate and the amount of daylight can
significantly influence cycling (see sectiah7). An exploration of the association

between theweightedodds ratios established for the fifteen cities and their latitude
reveakd that ORs may significantly decrease with higher latitudes= -0.534,

p=0.040) A linear regression modgkeeFigure 4.1) suggestd that for everyle of

increase in latitude the OR is predicted to decreasapipyoximately0.022. The model

also suggests that 36.7% of variation in OR is explained by lati({Rf€0.367,

p=0.017).

Following this exploration across the 15 citjethe influence of latitude waalso
explored withinselectcities. A linear regression analysis between weighted odds ratios
for 74 counting sitesvithin five citiesand their latitudesevealeda weak association
(R?=0.074, p=0.019). Although when exploring this effect within each city individually,
Miinster yields a high Rvalue (R?>=0.725, p=0.00), indicating a strong relationship,

this should not be interpreted as a meaningful effect. With only eight counting sites and
a narrow span of approximately 0.05° (around 6 km north to southjegressiormay

be sensitive to fluctuations in ORs. Additiongllktitude failed to be retained in the

stepwise regression analysis as a predictor of OR variation.

These findingssuggestthat while latitudecan have an influence on the impact of
darkness on cyclistshis influencemay be more relevant across citiedhere difference

in it can meaningfully impact ambient light and weather variatiohsis supports H3
which states that locations at higher latitudes will show a smaller deterrent effect from
darkness on cyclingbut it should be noted that this influence is agglble primarily

when changes in latitudere substantial These findings alsalign with the suggestion
made by Uttley et al. [2023b] that the latitude of Norway is one reason beftsind

c y c | reslienceéto darknessvhich may also contribute to explaining the reversed
impact of darkness reported in Oslo, the capital of Norway, in this tfesessubsection
7.2.2.
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7. 2Hyb. ot hesi s 4

H4: Locations with a greater cycling culture will show a smaller deterrent effect
from darkness on cycling.

Three proxiesvere proposedo quantifycycling cultureand explore if it influences the
impact of darkness on cyclists. The first proxgedwas cycling modal shares, where
an exploration of its association with ORs reweskd strong and statistically significant
relationship (s= -0.752, p=0.001)indicating thathigher modal shares are associated
with lower ORs. A linear regression mod@leeFigure 4.2) suggestd that 313% of
variation in ORs is explained by modal sharéR? = 0.313, p=0.03).

The second proxy, the number of cyclists per 1000 inhabitastiewed a weaker
association with OR, which is also not statistically significant=-0.373, p=0.172)

andexplairs only 2% of variation in OR¢seeFigure 4.4).

The third proxy usé wasa comprehensive ranking index of 90 cychfrgendly cities

by the nowdefunct insuranceeompanyLuko, where the associatiowas explored
between ORs established for th2 @ut of 15cities in my analysis and the scores for
multiple Luko categories While the overallLuko score given to a city shad a weak

and statistically insignificant association with ORs<-0.20, p=0.481)bicycle sharing
score was shown to have the strongest association with QRs-0.859, p<0.050),
which suggests lower scorésadicating less bicycle sharingyre associated with higher
ORs. A linear regression model shows that up to 47% of variation in ORs can be
explained by the bicycle sharing scqszeFigure 4.6). However, this is just above the

threshold of statistical significance (p=0.057).

In conclusion,for the three proxies used as a measure of cycling culturky, modal
sharesdirectly supportH4, which states that locations with a greater cycling culture
will show a smaller deterrent effect from darkness on cyclifigs also supports the
suggestions made by previous work [Haustein et al., 2020; Uttley et al., 2023b] that
cycling culture may be a reason behind differences in cycling rates across different

cities.
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7. 2Hy 9.0 tedb € s

H5: Locations with a higher proportion of utilitarian cycling will show a smaller
deterrent effect from darkness on cycling.

H6: Locations further from the city centre will show a larger deterrent effect of
darkness than locations closer to it.

H7: Locations where street lighting is present will show a smaller deterrent effect
of darkness than locations where no lighting is present.

The analysis used to address-H4 explored the influence ehacroscaldactors on the
impact of darkness on cyslisacrossl5 cities Out of those cities, 5 were chosen for
the nextstep of theanalysis which explores the influence aficroscalefactorsto
address the remaining hypotheses {HB). Three such factors were identifigdurney
type distance from city centreand thepresence of street lightingAdditionally, two
more factors,counter latitudeand the number of cyclistswere reintroduced at the

microscale to explore their influence within cities.

Using the revised cassontrol method, weighted ORs for each individual counsiig
(n = 74) within the five cities were established. ORs ranged from 0.75 to 8.72,
suggesting a very wide effect of darknegshin those citiesThe association between

ORs and theife factors was explored in two types of regression analyses.

First, linear regressiomnalysessuggestd that counting sites withlower ORs are

associated with:

i) A higher proportion of utilitarian journeysip to53% of variation explained)
suggesting that the impact of darkness on cyclists may be reduced in sites
that are predominantly used for utilitarian cyclifichis supports H5, which
states thatocations with a higher proportion of utilitarian cycling will show
a smaller deterrent effect from darkness on cycliftgese findings also align
with work by Wessel [2022],which suggestd that improved lighting
conditions may impaattilitarian journeydess than other typeand workby
Duren et el]2023], which reported that utilitariaryclists aregenerallyless

affected by factors that deter other types of cyclist and ayaists.
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i) Closer poximity to the city centre(up to 59% of variation explained)
suggesting that the impact of darkness on cyclists may be reduced in sites
that are closer to the city centfehis supports 8, which states thdbcations
further from the city centre will show a larger deterrent effect of darkness
than locations closer to therihese findings are not directly supported by
existingwork, as none of thetudies reviewedn chapter2 reported on this
directly. Those studies only reported that central locations may experience
fewer cycling barriers due to infrastructureno@ctivity, access to public

transportation, and environmental zones, among other factors.

iii) Presence of stredighting (up to 3% of variation explained)suggesting that
the impact of darkness on cyclists may be reduced in sites where street
lighting is installed.This supports H, which states thatocations where
street lighting is present will show a smaller deterrent effect of darkness than
locations where no lighting preserikhis aligns with findings reportedn
previous studief~otios et al., 2019b; Uttley et al., 2020], reporting a reduced
impact of darkness in locations lit after dark.

iv) Higher latitude and a highenumber of cyclists(only 7% of variation
explainedfor each variablg suggesting that to a much lesser degree, the
impact of darkness on cyclists may be reduced in $iigiser in latitude and
with a higher number of cyclistslowever,only therelationshipwith latitude
was statistically significant (p=0.19)n contrast to other factorshese two
appear to hava wealer influence

Second, a stepwise regressiechoal these findings, suggesting that ORs may be best
predicted bydistance to city centréollowed by Journey type However,the presence

of street lighting latitude,and thenumber of cyclistéailed to be included in any of the
models, which may suggest a reduced influentehe five cities These findings

generallysupport H5 and H7
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7.3. Limitations

The researclpresentedn this thesis has several limitations. These limitations can be
grouped into three categoriesample size and limited representation of ganple,
reliability of supportingdata, and further unexplored factors that may influence the

impact of darkness. These are discussetthe following subsections.

7. 3Salmpl engli 2e mi ted representation

While this thesis made an effort to expand the geographical scope beyond that of
previous work, the 15 cities analysed in it an¢hin the same socioecononriange All

cities are in highincome industrialized countries with access to multiple modes of
transportation. While these cities can offer insight into cycling behaviour in a developed
urban context, analysing cities with lowgrcome, different infrastructure, and less

support for cycling ould show very differentrends andesults.

Additionally, inconsistencies within the sample sipé the available datdbetween
different cities may significantly impact the accuracy of the reported cycling trends and
the ORs establishedr'he number of counting locatio@sd years the data was collected

for varied greatly between citiesanging from 5 counting locations (e.g. New York) to

55 counting locations (Paris), and a single year of data (e.g. Dublin) to 10 years of Data
(Leeds).This may impact the results of the analysis, particularly in chafterhere
across the five cities, Auckland has more than three times the number of counters
compared to the other four citieBable 7.3 shows a comparison between Minster and
Auckland as an examplef sample size inconsistenciebhe low number of 8 counting
locations in Minster might mean that they are strategically installed in areas with better
infrastructure and higher cycling traffias all counters in MlUnster are located on
cycling infrastructure buffered from traffic but only 27 locations out of the 37 in
Auckland are buffered from traffic. In Minsteall counting locations have street
lighting andthe average distance from counting location to city centre is 2.17 km, while

in Auckland 32% of locations are not lit after dark atite average distance is 13.33
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km. These reasons might contribute to the differencdimdings from both cities,

particularly theORs establishetbr them

Table 7.3 Comparison of counting location characteristics between Minster and Auckland.

M¢ ns,t eDE Auckl amNa&

Total number of counters 8 37
Years data available for 2019 2022119
Locations buffered from t 8 8 2737
Average network distance 2. km 13 .k3n8
Locations with street 1ig 8 8 2637
Wei ght ed OR 1.09 1. 44

*Established using visual assessment of counting location on Google street view

7. 3Re2l.i adfiulpsptoy t i anqggr alsag aal | ci ti es

While automated cycle counters can provide a valuable quantitativeabputcycling
volumes, they offenoinformation about the nature or purpose of the recorded journeys.
Thus, this thesi¢ried to establish estimates of such informatioom multiple sources

to understand hovwt influences the impact of darknesslowever, the accuracy of these
estimates and their method of collection can impact the results. The folloaveng

examplesof how this might bea possiblelimitation.

1) Modal shares Estimates of cycling modal shares were collecliexuin various
sourcesthat used varying method, sample sizg and timeframes. Thiscan
significantly impact their comparability across all 15 cities. For example, some
estimates were establishedfrom official sources such departments of
transportation or city surveys (e.flelsinki, New York, Oslo, and Miunster),
while others were establishedrom third-party reports (e.gDublin, Berlin,
Auckland, and Birminghai Some are established usi@dS datge.g. Pais)
or official surveys (e.g. Minsterwhile othes are less transparent about how

these figures were establish@elg. Montreal).
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2)

Additionally, these modal sharegere established for different years, ranging
from 2016 to 2024With the exception of Berlin and Leeds, the year the modal
shares were established for were outside the range of years for the collected
cycling counts. One reason for this was that sevefrdhemwereestablishedn
2020and 2021, which are years excluded from my analysis to avoid confound

from theimpact of theCovid-19 Pandemion cycling patterns.

Lukods B@ycle @tgihdex Several proxiesvere introduced in this thesis

to quantify cycling culture in thé5 cities, since it is notlirectly measurable.
These proxies were modal share, number of cyclists, and cyfriewdliness
indexes. One index that had comprehensive data for 12 cities out of the 15 in my
anal ysi s @labal BityalkGity Iadex 2022This index ranked a list of

90 cities based on scores given for multiple categories such as safety,
infrastructure, bicyclesharing, and moreWhi | e Lukoos dat a
accessiblafter being acquired by another company in 202 information on

the page was successfully saved before its removal Aggendix C). The
information on the paggives description othe methodology Luko followetb
calculate their city index scoredHowever, somemissing information and
inconsistenciesight impact the reliability of this index. For exampiehile the

scores for each category and subcategory are provided, the scoring system for

each 1 sndét explained, nor i s the weight

Additionally, this index was established in 2022, likely using the most recent
data aggregates. It is possible that infrastructures, bicycle sharing, and other
cycling attributes improved in the cities includedtims analysis since the last
year the collected counts, possibly causing an increase or decrease in cycling in
that is not captured by the count dakagure 7.3 illustrates the differences in
daily average cyclist numbenser counting sitan Paris, France, between my

analysis period and Lukobés i ndex.
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Thesis cycling count range Luko’s index publish date

Daily average number of cyclists per location

Year

Fig. 73. Pari s mean daily average number of cyclis
Chartsource: Paris Open Dataefrieved Jun€025]. Recreated by author with overldgom

data described in this thesis.

Another limitation concerns the number of contextual variables in the index.
Multiple potentially intercorrelatedmeasures relating to weather, safety,
infrastructure, and policy context were included. In principle, dimension
reduction techniques such as Principal Component Analysis (PCA) could be
applied to summarize the variables into a smaller number of components
However, in this case the variables used in the thesis were already consolidated
category scores (n = 6) derived from multiple underlying indicators (n = 10), and
further reduction may offer limited analytical benefttis possible that analysing

the &n underlying indicators in addition to the categories can offer beneficial
insight into their individual contribution. Howevethe relatively small number

of cities included in the analysis may limit theiability of PCA, which typically
requires larger sample sizes to produce stable and interpretable components
[Osborne & Costello, 2004]In addition to this, an issue was identified in the
Luko scores themselvewhere two reported valueEyvents(score category) and
Accidents per 100k cyclis{gndicator for Safetyscore) are exact duplicates of
each other(seeTable 4.4). It is urclear which of these twovaluesis the one
accurately reported, but thiduplication can potentially impact the results,
especially sincé&ventsscorewas shown to be associated with OHsable 4.7).
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3) Google $reetviews By visualy assesisig Street Vievs of cycle countingsites
on Google Mapsan estimation about two factors that may influence the impact
of darknesss establishedThese are the journey type dominant in the site and
whetherstreet lighting is installed. However, the accuracy of these estimates
might be limited. For exampleglassifying journey typevisually using the
criteria proposed(seeTable 5.6 can besubjective orinaccurate as it may be
unfair to classify a site as utilitariashominant just because it is mnesidential
area mightlt is reasonable to assume that residents of the area might feel safer
riding their bicycle for leisure within their neighbourhood, as they are more
familiar with traffic patterns and whab expect.lt may also be unjustified to
classify a site asitilitarianrd omi nant i f i tdés i n a,commer
butasleisured o mi nant i f itds i n a Stesnhatehadc i al
both offices and shops would potentially meet both criteria, introducing a degree

of subjectivity in allocating the site to one journey type over the other.

Additionally, the otherlimitation of using Google Street View to assess
microscale factors affecting cycling in darkness is the potential for a discrepancy
between the imagery date and the cycle count data collection period. For
example, if a change in building or land use ated during the cycle count
period but wasn't reflected in the Street View imagery, it coechdngethe
journey type classification for that site. Similarly, evaluating the presence or
absence of street lighting via Google StreetWmight be inaccurate if lighting

was installed or removed between the Street View image date and the cycle

counter data collection dates for that location.

7. 3Fu3r.t her unexplored factors

This thesis explored the influence of several @tale and sitscale factors on the
impact of darkness on cyclists. However, these factordilke®/ not the only ones to
have an influenceFor examplejt may be reasonable to assume that people may be
more resilient to darkness oeducedighting conditionsif the journey is short. While
the association betweehstance travellecand darkness iget to beexplored, previous
studies have confirmed that longer distances may gendealty/to less cyclingHeinen

et al, 2010.
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Other possible factors might inclugeurney duration as t may also be reasonable to
assume that if a person can reach their destination faster by bicycle than car (due to a
shorter network), they may choose to cygarticularly if not deterred by other factors
such as weather. Lastly, while previous studies explorethe influence of weather
[Miranda-Moreno & Nosal, 2011], heavy traffic [Le& Moudon, 2008; Segadilh&
Sanches, 2014], and harsh topography [Harris et al., 2013; Parkin et al., 2008;
Vandenbulcke et al., 2011] (sebapterl), the associatiolmetweenthese factorand

the impact of darkness is not yet explorédthough the analysis in this thesis briefly
consideredhe association of weather and infrastructure (using the &ukeather and
infrastructure scores), more research is needed to explore their influence on the impact

of darkness on cyclists.

Additionally, including more factors mayintroduce further complexity, including
potential interactiors betweenvariables thereby increasing modelling limitations.
Although the stepwise regression presented in this thesis explored the independent
influence of each microscale facton variation in ORs, it did not examine potential
interactions between the factors. Such interactiosild imply that the influence of

one factor may depend on the level of another. For exanipéeinfluence of distance

from city centre could differ depending on the dominant journey type in a location.
While it is reasonable to assume that simtkractionsexist, they were not tested this
analysis, and no direct evidence for their presence was established within the scope of
this study.Including theseinteraction terms (e.g. distance from city centre vs. journey
type) could therefore provide additional insight into compounded patterns. However,
introducing interactions substantially increases model complexityraquires a wider

range of data for each variablehich may be difficultgiven the limited number of
counters in each individual city. Thus, these were not considered in nhlkyseés

presented in théhesis,but it is recommended thateayare explored in future work.

L

7. 3SuWmmaorfy | i mi tations
Three categories of limitations are identified in this thesis. First, sample size limitations,
where inconsistencies in the range of years and number of locations in the data available

for the 15 cities might impact the ORs established, and subsequeatlgshlts readu.
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Second,several types ofupporting data collectedre estimates that may not reflect
accurate realife cycling patterns. For example, some sources of collection latked
transparency to show how estimates were collected, while others had obvious mistakes

in the reported data (e.g. Luko having duplicate scores for two categories).

Third, the thesis explored the influence of sevematroscalendmicroscalefactors on
the impact of darkness on cyclistsut these factors are likely not the only ones to have
an impact. Other factors that require more reseanchude the distance travelledthe

duration ofcycling journey, infrastructureondition and bpography.

7.4. Assessment of regression assumptions and sensitivity analysis

This thesigelies on regression modelling to explore the association between the impact
of darkness on cycling and factors that may influencd the macro and micro scale
These models are typically subject to underlying assumptions, including normality,
homoscedasticity, and multicollinearity, and it is therefore important to consider the
extert to which these assumptions are m#&thile the previous section discussed
limitations related to the data usedthe analysisthis sectioraims to understanthe
sensitivity d their findings to the assumptions of linear regressidhis is addressed
through a reestimationof all regression models reported in this thessng log
transformed ORg,ather thara detailedexamiration ofresidual diagnostics fagach of

the 16 models.Alternative specifications (e.g.opynomial term$ were retained only
where statistically significant, or where model fit improved when no specification was
statistical significancelTables 7.4 and7.5 compare the results from the original models
presented in chaptedsand5-6, respectivelyto those from thdéog-transformed models.
Additional details including a list of logransformed ORs and scatterplots are provided

in Appendix H.

The sensitivitycomparisonshows that reestimating the models using lagansformed
ORs does not change timeain conclusionfrom the initial findings, but it does affect
the strength andignificanceof some relationships. At the macroscalhépter4), log-
transformationled to similar or improved explanatory powé&sr most factors as
reflected by R values however, fewer of thse associations remained statistically

significant. This notably affectsthe initial finding from the thesisthat cycling modal
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shares areassociated withariations inORs, as this relationship is no longstatistically

supported under the revisegecification At the microscale Chapters5 and 6), log-

transfornation generally improved Rvaluesacrossall factors Model performance

improved for all but distance variables, where smaldluctionsin R? valueswere

observed, although statistical significance was retaidedrney type \as particularly

sensitive to outlier removahsstatistical significance was not retained.

Finally, for the stepwise regression reportat the end ofchapter6, using log

transformed ORs as the dependent variable improved ivalRe from 0.681 to 0.862,

and the model remained statistically significant. The two retained predictors, distance

to city centre and journey type, remained the same, although their order were reversed,

with journey typeemerging ashe top predictorA comparison of diagnostiesiduals

for the original and reestimated modelsHigures 7.4-7.6) suggeststhe using log

transformed ORs improved conformity to the assumptions of regresasoreflected in

the histograms and normal-fP plots Improvements in theresiduals vs. fitted

scatterplotsareminimal, suggesting that some heteroscedasticity remains.

Tab74eCompari son of rfeogrr ensosdiedlgs fChmgpdORgs @)y aasd olr ong d
ORsThe | atter are hdiagrihd i sghhaddkeinbgiddam ggersey n st ati sti cal
Linear Regression Linear Regression
(raw ORs) * (with log-transformed ORS) * o
Specification
Macroscale factor R2 after R2 after
R? removing R? removing
outliers outliers
Latitude 0.367, p9.017 n/a R?=0.393,p=0.012 - Linear
Modal share 0.313, p9.00 0.327 p=0.041 0.341, p=0.747 0.440, p=0.289| Polynomial
Cyclists per 1000 _ _ _ _ .
inhabitants 0.021, p=0.608 | 0.003 p=0.854 0.032, p=0.521 0.012, p=0.707| Logarithmic
weather scord 0.535, p9.032 0.532, p=0.293
()]
2 Bicycle use | 0.081, p=0.717 0.067, p=0.303
3
§ Safety score| 0.272, p=0.329 0.272, p=0.189
S Infrastructure B} ~ .
6 Luko score 0.112, p=0.586 n/a 0.139, p=0.689 ) Polynomial
Sharing scorg 0.471, p=0.057 0.507, p=0.077
Event score | 0.261, p=0.256 0.274, p=0.740
Overall score| 0.057, p=0.769 0.049, p=0.966

* Statistically significant valueg¢p<0.05)areindicatedin bold numbering.For Luko categories, a Bonferroni
adjustment of p<0.007 is applied
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Table 7.5 Comparison of regression findings modelsusing raw ORsGhaptes 5 & 6 and log
transformed ORsThe latter are highlighted in grey, with dark shading indicating changes in statistical
significance This table only shows Rvalues for the combined data of the five cities

Linear Regression Linear Regression
(raw ORs) * (with log-transformed ORSs)*
. Specification
Mi croscale R2? R2
R? . R? .
after removing after removing
outliers outliers
Journey t{0.,9k0. (0. 9%0.0|0. 68<20. Q0. 6pt=0. 3 ( Polynomial
Eucl i 08Pp<0.( 0. 19F0. 0 Li
disteo"‘p&o' 0.260.0 8 3p 5 N ) . inear
Di st arn
city Cycli .
netwdqoO. %0 0.,p30.0|0. 466Q. 0 0. 1®$6Q. O Linear
di st g
Presence of |0.,p20 0.,%%0.0]0. 2W<L0. 00. 3®80. 0 ( Linear
LatitudeO. ®FO 0.,p20.0|0. 1®9Q. 00. 1B86Q. 0 ( Linear
Number of* (0.70p=085011p=0.0|0.Q830. Q0. 1®30. 0( Pol ynomi

* Statistically significant valuegp<0.05)areindicatedin bold numbering.

** Raw numbers of cyclists were legyansformed to reduce skewness before the regression.

Freguency

Dependent Variable: OR

0

Regression Standardized Residual

4

Frequency

Dependent Variable: Log_OR

Regression Standardized Residual

Figure 7.4 Comparison of residual histograms for models using raw ORs (left) artcatogformed

ORs (right)

NTN




Figure 7.5 Comparison of Normal 4P plots for models using raw ORs (right) and-teansformed
ORs (right)

Figure 7.6 Comparison for residual vs. fitted plots for models using raw ORs (right) and log
transformed ORs (right)

In conclusion, using logransformed ORs to improve conformity to the assumptions of
linear regression supports the findings from the original models for the majority of
factors examined. One exception is cycling modal shares, for which the association wit
the impact of darkness is no longer supported and may therefore warrant re
examination. By contrast, the number of cyclists is now supported at the microscale
following the use of logransformed ORsThus, the comparisoof the modelsuggests

that only limited revisionto theinterpretationof original findingsis needed.
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