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ABSTRACT:

Increasing interest in ‘soft’ policy approachesleanand management, initially in
personal travel, now in water and power usage,theequestion of how to measure
the effectiveness of interventions. Much of theubas been on statistical reliability
of measured change where sample surveys are thargrimeans of estimating
change. Sample surveys also pose issues of norlisgrapors, especially when the
‘measure’ is the difference between two estimdtefdre’ and ‘after’).

In some cases, direct measurement of usage appssudifficult — both electricity
and water consumption are metered in Australia.chadlenge in these cases is to
establish the extent to which changes in consumjatie real and to what extent they
are the result of factors such as seasonal diftee(either between seasons or from
year to year) or demographic change in the houdehol

This paper outlines the principles and pitfallsrieasuring behaviour change,. It
draws on voluntary travel behaviour change, usingraber of approaches, including
but not limited to Individualised Marketing. A kégsue is the extent to which
repeated experience can validate the effectivesfeasiuntary behaviour change
interventions in general, despite statistical erafrindividual measurements.

Measurement is fundamental to evaluation of outsrtean also aid the selection
of locations with high potential to achieve chatig®ugh identification of key
success factors. In the specific case of travehielr change, there is now a
substantial body of research that potentially almutcomes to be related to socio-
demographic and other factors. To-date, no strelagionships have been identified,
but this would a useful area for further research.

Experience does demonstrate, however, that the s€#he intervention is important.
Interventions with more than 5000 households ansistently more successful than
small ones, even allowing for the greater staastrariability of measurement for
smaller projects. Large-scale also offers oppotiemior intervention design to
benefit from the potential for diffusion beyond sieadirectly involved in the project.



INTRODUCTION

The focus of urban transport policy has shifteanfr@ads to public transport and
non-motorised transport, from infrastructure tovgms, and from demand
satisfaction to demand management. This is a tefteof changing values about
what represents viable and sustainable cities amhwnities as much as it is of the
financial, physical and social realities of attemgtto provide major road
infrastructure to satisfy continually growing derddor car travel.

Demand management has been given further impettigeliyin pressures of global
climate change (private motorised transport iggel@nd growing source of
greenhouse gas emissions) and, more recentlypthalled ‘Peak Oil' phenomenon.
Peak Oil contends that conventional oil productias either peaked or will do so
within the next decade, which would be a major leimgle in its own right but is
exacerbated by the continuing rapid growth in eiinéind from developing
economies, particularly China. This paper is netglace to debate the extent or
consequences of Peak Oil (see, for exaniytp;//www.peakoil.ngt but there is
widespread agreement that energy for transporttfehéom conventional oil,
unconventional oil (oil shale, tar sands) or alaitre sources) will be more costly.

At the same time, we are more aware of and condéame¢he adverse health effects
of lower levels of physical activity, partly resaly from increasing car use.

There is a large amount of research over morehh#ra century to support the
analysis and estimation of the impacts of ‘dematsfaction’, although much of this
is problematic when there are substantial impactsuwod use. Demand management
does not have the same history of application, todang and analysis. Voluntary
travel behaviour change is relatively new in thategt of demand management.

The primary issue with any new transport initiatisédentifying and estimating the
impacts on the amount and type (including modéjasfel. This paper outlines the
state of current practice, the issues arising antesways of resolving them for
voluntary travel behaviour change through housebakkd programs, primarily in
transport but also in the emerging areas of watdredectricity.

VOLUNTARY BEHAVIOUR CHANGE

What Is Voluntary Travel Behaviour Change?

Voluntary travel behaviour change is one part eftdavel demand management
toolkit, not a single ‘silver bullet'. It is the ¢@ of demand management that operates
largely without ‘carrots’ (direct incentives, indimg system improvements) or

‘sticks’ (disincentives, such as additional chargesegulation). In most cases,
voluntary travel behaviour change (VTBC) raisesr@nass, improves availability of
information and support for people to try altermeas to driving their cars, working
through empowerment and motivation.



VTBC, itself, has a range of tools that operatthanhousehold, school and workplace
contexts, each of which is almost a separate dréavelopment. Household-based
programs are of two principal types:

= Those that deal with the whole identified populat{asually of an area), but with
a structured program that focuses on those withtified sub-populations that
have the greatest potential for change. The magmgram of this type is
Individualised MarketindIndiMark®). See, for example,
http://www.travelsmart.gov.au/training/packagingmeo_indi.html

» Those that deal with a sub-population, often sellé&ed. These are largely based
on Travel Blendin§ and its derivativéiving Neighbourhood$(see, for
example http://www.travelsmart.gov.au/training/packagingmen_blend.html)
Travel Blendin§/Living Neighbourhood8may also include aspects of
community development, but we are concerned onitly thie travel behaviour
outcomes in this paper.

= A third group (such as the ‘Households on the Mgweject in the Australian
Capital Territory) is aimed at people or househahd&king changes such as
moving house that will inevitably have an impactt@vel behaviour. Such an
approach is potentially very effective for indivailg, but because the participating
people or households would change their travel\aebhaanyway (because they
are moving house or changing jobs, for examplekgti®eno way of estimating the
extent of travel behaviour change or even dematrsgréhat it has occurred.

Typically, there are no changes to transport itfuasure or services, other than the
provision of route and timetable information at Ist@ps (in the case of IndiMark,
new stands with route maps and stop-specific tiobletaformation). Whilst there is
some evidence that service improvements implemeantednjunction with
IndiMark® can have a compounding (positive) effect (UITM&)9service changes
duringan initiative can have a detrimental impact byairdating information and
confusing participants.

What Is Voluntary Behaviour Change Trying to Achiewe?

From a public policy perspective, it is importamtoe clear about the objectives that
are being sought by an intervention, before weesaablish how best to measure the
extent to which they have been achieved by thevietgion. This sounds trite or self-
evident, but is often not clearly articulated ie tirofessional debates on such topics.
In the case of water and power consumption, theable is usually expressed in
terms of actual consumption of water or electriditythe case of transport, there is

! The change in bus boardings in the City of Subi&erth, Western Australia, as measured through

the Transperth ticketing system, was much lowe¢hase areas where bus services were re-
organised during the Indimatlperiod (personal communication from Departmenfftanning and
Infrastructure, Perth, Western Australia).



less convergence on a single outcome and thisdmastsnes led to confusion about
the nature and validity of measurements.

There are many potential outcomes of travel behagbange that are of interest,
across the full range of economic, environmentdl gotial outcomes, including:

= Economic
— The economic cost of transport
— Traffic congestion

= Environmental
— Greenhouse gas emissions
— Local air pollution
- Noise
— Water pollution

=  Social
— Accessibility
— Social inclusion

In transport terms, these objectives are oftenaeduo the shorthand of mode share
targets, although these are usually aspirationgéta rather than achievable
outcomes. There are good reasons for the aspighti@ture of targets, including the
fact that the primary strategic objective is toroypa from increasing personal car use.
It is also important that, since most of the poliegasures that could contribute to
this objective are new or have not previously b&drjected to rigorous analysis, we
do not know how effective they are likely to bajindually or in combination.

At the strategic level, the extent of car drivawvel is a direct measure of the amount
of private motor vehicle travel, which is the pipal determinant of most of the
higher level outcomes. There is much less certahtut the achievability of targets
of the non-car modes than for the car driver madkraeasurement of change is also
correspondingly more difficult as they represestraller initial quantum.

| NDICATORS OF CHANGE

It is difficult to measure the impacts of behaviamwhanges as a result of marketing
actions. There are several methods available artdless advantages and
disadvantages. So when measuring the successoofsatiold-based travel behaviour
change project, it is preferable to combine thesthods and if they all point in the
same direction and are consistent with the saneeasizhange, then it is most likely
that there was real success.

There are three main measures that should be evadid



Marketing IndicatorsThese are determined by the amount and type of
information requests compared with the total tagyetp, and the quantitative
feedback from residents throughout the project.éxample, one of the desired
changes is to increase the use of public trangpatistop-related timetables are
sought after by many people. It is extremely urljikbat thousands of
households order specific, address-based timet#idéshey are not interested in
and will never use.

In traditional direct marketing, these types ofitadiors are the onlguccess
factors used. That might be a little too couragebusthey are reliable, precise
and easy to measure indicators which should najrimeed.

Further to this, it has to be remembered that hehachange tries to effect a
mind or culture change and it achieves this quieno Hundreds and thousands
of comments from people are available which docuregactly this. These are
unprompted comments from real people and are,riview, as important as
changes measured in counts or surveys: ‘Your prograwas a great success,
because it was the first time in 25 years that osbland used public transport and
left his beloved Jaguar in the garage’ (Nuernb20§1).

And, when it comes to changes in the mind set waftdct longer term planning,
this type of indicator should not be dismissed: “8¥e moving house soon and
have now disregarded the option with bad publicgpart connections”
(Vancouver, 2006). After moving house, these peopg no longer live in the
TravelSmart area, but they are still part of thiecome.

External Indicatorsnclude measuring public transport patronagehén t
TravelSmart program in Western Australia, bus biogslare collected and
analysed independently and the ability to do sblvélenhanced by the recent
successful introduction of a comprehensive Smartl Geketing system
(SmartRider). ITP (2007) supports the value of trsticorroborative data’.

Behavioural IndicatorsThe effectiveness of travel behaviour changeggtsjcan
also be evaluated by measuring changes in the ityothlaracteristics of
residents, by conducting extensive ‘before’ anteiatravel surveys. The
analysis is detailed, based on mode share, aet\atnd travel time and shows the
mode shift from car-as-driver trips to environmdlgtiiendly modes. The key
measures are the reduction in greenhouse gas ensssi

Most attention has been focussed on behaviouralatats, often to the exclusion of

the marketing and external indicators. For exteamal behavioural indicators, it is

important to measure changes against a contropgild®, 2007, para 9.48).

Whatever methods are used, acceptance of thegedglilbe highly dependent upon

comprehensive and consistent documentation of pseseand outcomes.



| SSUESRAISED BY VOLUNTARY TRAVEL BEHAVIOUR CHANGE
Engagement of the Community

A key success factor for any program of VTBC is¢ngagement of the community.
According to AGO (2006, p23):

There appears to be a correlation between changésvel behaviour and:

= personal engagement

» individualising materials to people’s particularcumstances

= gscale of the intervention — securing community supps well as individual
participation

= public visibility of the project (this is less inmpant than the other points)

The first two of these are difficult to measuret there is clear evidence that the
scale of travel behaviour change intervention meisrgoact on the outcome measured
in terms of the change in car driver trips (Figliye

Figure 1  Travel behaviour change outcomes and sohietervention (IndiMarK)
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Public visibility will have a more substantial ingtavhere diffusion is designed into
the project (see ‘Diffusion into the Broader Comiityinbelow).

Induced Demand?
Stopher (2003) argues that reduction in car dtires from one part of the

community will improve traffic conditions and indeiadditional car use. This is not
a valid argument for car travel generated by hoolskshin the target area, as any such



effect will already be included in the survey estigs. It might, however, have some
validity for car trips generated beyond that apamarily for trips undertaken in the
most congested times and places in peak periods.

No evaluations have attempted to estimate any sffiebt largely because it is likely
to be diffuse and could only be estimated throudletailed network-based traffic
model. The authors are not aware of any succeag&rhpt to incorporate travel
behaviour change into a network-based travel deraaddraffic model, which would
be necessary to do this, although the requirenfentioing so have been established
(Ker, et al, 2005). It should be noted, howeveat #my such analysis would have to
deal appropriately with statistical and modellimgoes inherent in all traffic models.

The only reported measurement of VTBC impacts duahcoad traffic volumes was
for Darebin, Victoria, Australia. This appearedstow a reduction, relative to the
metropolitan Melbourne average, of between 1% &adf roads outside the project
area and between 2% and 3% on both main and loadsmwithin the project area
(Richardson, 2005). These data are consistentditimishing impact of travel
behaviour change by Darebin residents with distérmee Darebin, but it is not
possible to disentangle the extent of induceditréfbm outside Darebin resulting
from the lower traffic volumes. The same point iada by ITP (2007, p110).

The practical value of the Darebin data is sigatfity reduced by apparent problems
with the other measurements of travel behavioungbdor Darebin, including low
response rates and sample losses from the panel.

Diffusion into the Broader Community

Diffusion is not a theoretical statistical concdnit a very real contributor to
behaviour change across the whole population ddneg those outside the identified
project population. It is well-known in many aredscommercial marketing.
Diffusion relates to the extent to which awarenasi#udes and behaviours are
transmitted within a population without externakeirvention (see box).

In the most common type of travel behaviour chamqg@ications, large-scale
diffusion could only take place outside the areapgdlication (as the total population
was targeted). Since before and after surveysrdyecarried out in the identified
target population, there has been no measure adiffagion effect into the wider
community. Indeed, to the extent that the diffussdiect might influence the control
group (where one was established), diffusion winade led to under-estimation of
car driver trip reduction in the identified targetpulation.



Diffusion

There are three main models of innovation diffusiordels, each arising from a

different account of how innovations spread (Youz@)7):

= Contagion People adopt an innovation when they come itambnvith someone|
who has already adopted.

= Social thresholdPeople adopt when enough other people in thepgnaue
adopted.

= Social learning People adopt once they see enough evidence aoniang
adopters to convince them that the innovation ighvadopting.

Contagionwas deliberately avoided in the original SouthtfPerlot project, in order
to test the effectiveness of the IndiM&3nkethodology itself. Subsequent larger-scale
applications have not attempted to limit contaglaut, have effectively kept its
influence low by targeting a very large proportafrthe population of an area — many
of each person’s contacts will already be parhefinitiative.

Social thresholeffects are most likely to occur whehee innovation is clearly
visible to the casual observer — as in the casottiing fashion or the use of mobile
phones. Travel behaviour will have some elementhkisf(eg if you see more peopls
cycling), but in any area such visibility is limitdoy the extent to which travel in an
area is undertaken by people from outside that area
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Social learningprovides an explanation of why a person would adagnnovation
given that others have adopted it — the adopti@msti flows directly from expecte
utility maximization. Specifically, the decisios based on reason to believe the
innovation is better than what he is doing now, rehibe evidence comes from
directly observing the outcomes among prior adepteor example, when a new
product becomes available, many people will warset® how it works for others ov
a of time before trying it themselves.
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Working against diffusion imertia, the fact that people delay in acting on new
information. In the case of TravelSmart/IndiM3rknertia is mitigated by its being
known that the initiative is of a finite duratiogven though the outcomes are
expected to be durable and long-term.

In North Brisbane, Queensland, only 66% of houssshalere contacted as part of the
Household TravelSmart project. This approach siimegliand reduces the costs of
making initial contact to establish a target popata At the same time, it leaves
‘space’ within total population of the area forfdgion to occur.

The measured travel behaviour change for the ta@milation was consistent with
expectation from previous IndiMark applications.@ reduction in car trips). There
was no measurement of travel behaviour changeeinett of the area population.

The North Brisbane project created space in theavention communities in which
contagion, social threshold effects and social teag could be manifest — only 66%



of households were directly contacted. The venydarcale of the North Brisbane
project will have enhanced the likelihoodsaicial thresholeffects. There is also
likely to have been a diffusion impact from seva@iponent (sub-area)
interventions being under way at any point in time.

The key indicators of the extent to which the sdeiarning model is likely to apply
are those relating to the satisfaction of partictpavith first the process and second
the outcomes (ie their actual experience with the-car alternatives they use).

The evidence regarding the process is largely artacdnd overwhelmingly positive.
It is extremely rare for people to express distatigon with the TravelSmart/
IndiMark® process, whereas many positive responses areedcei

The evidence regarding the experience of the nodternatives is, however, more
tangible. In the North Brisbane project, the ‘dfsarvey of travel behaviour was
undertaken in March/April 2007, between 3 and 12the after the TravelSmart/
IndiMark® intervention (the intervention was progressivelyed out across the area
over a nine-month period, April-December 2006j}s lanlikely that those who had a
negative experience with the non-car alternativeslavstill be using them months
afterwards.

In turn, this supports the contention that the iotpaf voluntary travel behaviour
change will continue as long as the people who nia&kehange continue to receive
the same quality of travel experience as they d@lly. This will require continued
resourcing of public transport and walking/cyclinfrastructure to ensure that
additional demands that factors such as populgtiowth and higher fuel prices put
on other transport systems do not reduce the Esdrvice they offer.

There are sound reasons to believe that diffudi@cts will work better with large-
scale than smaller applications:

= Materials for supporting travel behaviour changearailable for the target area
only;

= The larger the target area, the greater is thegptiop of participants’ family,
friends, work colleagues and others (to whom infatiron and attitudes might be
transferred though such means as general pubdiodyword of mouth’) who are
likely to live in the area covered by the intervent

= A large-scale project takes place over a longeeftiame, creating additional
opportunities for diffusion while the project isllsh progress; and

= A large-scale application increases the likelihtitat when a household moves to
a new location it will be able to access comparaitation-specific information
such as local access maps and public transportatinies in a familiar form.



Picking the ‘Low Fruit'?

Figure 1 does not include three interventions phatluced very low car trip
reduction. These are:

= Marangaroo (4%) and Cambridge (7%) in Western Aliatrwhich were
specifically chosen to test the lower bounds of@adble outcomes. Both had
poor public transport, high car use and poor piowisf local facilities (important
for walking and cycling). Including these would leantroduced substantial
variation in a range of variables that were notespnted in the regression.

= Darebin, Victoria, which had a low survey resporae (50% or 1346 responses
out of 2772 sample) for the ‘before’ survey andstabtial further losses for the
‘after’ survey (881 responses out of 1346 in thefdoe’ survey — Richardson,
2005). Differences in response rates have beenrstmaffect the reported travel
activity (Brog & Erl, 1999) and the sample lossesiaeen the ‘before’ and ‘after’
surveys are likely to be statistically biased.

This prompts the question of whether these outcahe®/n in Figure 1 are the result
of ‘picking the low fruit’ or selecting target areavith high potential (Bonsall, 2007).
The Marangaroo and Cambridge examples indicatehbeag is potential for this to
occur, but the wide range of situations (for examgie pre-existing car driver mode
share in IndiMark applications in the UK and Aub&r&aries from less than 50% to
60%) in which comparable results have been achiedidates wide applicability
rather than ‘low fruit’, albeit in the sensible @yl context of not choosing overtly
unfavourable areas.

Limited analysis of Australian IndiMark interventi® has not demonstrated any
strong relationships between outcomes and sociaggrmaphic parameters (Ker,
2007). However, this analysis was undertaken fempilrposes of providing
benchmarks for evaluation of a specific projectnére rigorous multi-variate
analysis would potentially allow interventions frather countries to be included and
issues of multi-colinearity to be dealt with.

The recent North Brisbane Household TravelSmaleptdas demonstrated that a

wide range of values for key socio-demographic ipatars does not preclude the

achievement of car driver trip reduction at leashparable to those achieved in

smaller, more homogenous, and apparently favoutabédions. For example, the

North Brisbane area included areas with:

= 1.81t0 3.1 (whole area 2.5) persons per household;

= 4% to 27% (whole area 12%) of households havingamp

= 42%to 77% (whole area 54%) of population in empplent;

= 21% to 62% (whole area 38%) managerial/professiemgdloyment status; and

= 40% to 63% (whole area 53%) of employed peoplemyitheir car to work
(ABS 2007).
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Durability

There is limited evidence of the durability of tehbehaviour change outcomes,
although what there is tends to show sustaineccteshs in car use for 4-7 years
(Roth, et al. 2003). Bus ticketing data in Cambeid@/estern Australia, has shown a
consistent (and, if anything, increasing) increagaublic transport use (Figure 2).

The most likely time for ‘disillusionment’ to be parienced and reversion to previous
behaviour to occur, is within the first few montifshe changed behaviour. Since
‘after’ surveys are typically undertaken 6-9 mondiffter the intervention, it is

unlikely that those who had a negative experienitie the non-car alternatives would
still be using them months afterwards. According/taunsell Australia (2004a, p57),
previous experience indicates that for householdfoainity initiatives there appears
to be some reversion to previous travel choices theefirst nine months following

the TBhC project but that people who have not reeeby this time tend to stay with
their new travel choiceOn this basis, the ‘after’ survey will alreadgamporate the
most substantial part of any ‘reversion’ to preddaehaviour.

There are strong arguments to support at leastumetérm durability, provided

those who change continue to experience the sarakdgservice in their newly-
adopted modes. If there are doubts about the dityadfi behaviour change, it would
be appropriate to use a shorter period for evaloatifor example, New Zealand uses
a 10 year evaluation period for travel behaviowande and other ‘soft’ policies
(Maunsell Australia, 2004a). At typical public sectliscount rates, this would reduce
the present value of benefits by 40% compared2®-gear evaluation period. Whilst
this is a substantial reduction, the impact on benest outcomes is unlikely to be
critical, with benefit-cost ratios in excess of Blypically being recorded for
IndiMark® projects with 25 year evaluation periods.

M EASURING BEHAVIOUR
Direct Measurement?

The behaviours in which we try to measure change#ten not directly measurable.
Water , electricity and gas, in Australia, dieectly metered at the consumer
household level. However, we still do not know wtet water or electricity is used
for and the effect of exogenous factors can becditfto identify. Some of the
complexity of doing so, even at a highly aggregéd¢ed|, is outlined in
http://www.daa.com.au/case-studies/water-usage

A common problem with direct metering is ensurigguate and timely readings on
a regular basis. These problems can be eliminatesibg self-reporting meters,
which are already available on a walk-by basisifater, electricity and gas (see,
eghttp://www.neptunetg.cojrwith no need for access to premises or manual
recording of meter reading) and could be adapteditomatically send readings by
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phone at specified times. Alternatively, data-laggeould be attached to meters for
periodic automated walk-by download.

For the basic parameter of concern in VTBC, carassériver, the extent of
experience now available to support the robusttffeness of the main travel
behaviour change tools, has been interpreted (AB06) to support the use of
simpler single measures such as odometer readifoggever, this is not without its
own problems, particularly in the case of househ@ith multiple motor vehicles,
where vehicles are used both for personal and bsssitnavel (a common issue in
Australia with its Fringe Benefits Tax providingraessional taxation of cars as part
of remuneration packages) and where vehicles heee bought or sold during the
monitoring period.

Some | ssues with Meters

In the recent behaviour change literature, it terokaid that the use of meters (in
transport: odometers) would be a promising togdbbetter results. The main
arguments to support the use of meters are thadmegnts in surveys are self
reporting and might want to report project-friendigults and that meters are more
precise and statistically valid. However:

= Even in water projects (where meter readings pethe only source for
evaluation), the readings are reported readingdhdrcase of water, even by an
‘independent’ person. But painful experience frovne fvater projects has shown
that meter readers make mistakes, are sloppy notleven read the meter and
make the results up.

= In an odometer reading project, these problemggstter. It is self-reporting
again, in this case by a household member. And tlgly — as is sometimes
argued in survey-based evaluations — want to giwggt-friendly results? This
risk alone would cut out odometer readings as bl@iaption, because there is
nothing easier than to simply report 1000 km lesgretend great success.

= Additionally, the common odometer reading projextkieve very low
participating rates (recruitment rates Stophea) €2007a, Table 1) reports for
newly recruited households vary between 12 % an®pP&nd need a strict
regime to be kept by the households. Adding tgotloblems of low participation
in any given wave, about 25% of households willtéaprovide odometer
readings(Stopher, et al, 2007a). At best this increasesehquired sample size,
but in conjunction with low recruitment rates ibks more like evidence of
systematic bias that cannot be addressed by sampleln a recent validation
survey on odometer readings presently conductesosialdata Australia
(recruitment rate 80 %), about two thirds of thadiags were reported in doubt
(collected at the wrong time, wrong day, wrong caading invented, later
readings lower than earlier ones, distances tred ef several thousands
kilometres a day, etc.)

Even if the meter reading is correct, it tells oghng about the type of travel, its
frequency (number of trips) or trip purpose.
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For travel generally, and car use in particularaneforced to less direct means of
estimation, unless the outcome is so large thantfeasibly be measured through
road traffic volumes. Even then, we face the pnobté differentiating the traffic
generated by the target population from that geedray the rest of the city.

It has been argued that geographical positionistesys (GPS) technology can
provide a means of directly measuring travel aydnferential means, mode use
(see, eg, Stopher 2007a). However, this is, asupgtoven in at least two key areas:

= The robustness of the algorithms for inferring made; and

= The potential for the measurement actually to enflee travel behaviour — for
example, a person ‘equipped’ with a GPS device tbhglmore aware of their
travel behaviour (as distinct from its being hablfuand use transport more

efficiently while carrying the device.

Unfortunately, there do not appear to have beercamparisons between GPS and

surveys in respect of either error or data capi@O, 2006, p57).

GPS might have potential value in validating aétaliary or survey (for example in
terms of places visited and times of travel), scibje the caveat of measurement
influencing behaviour, above, but the reporteddclitfies of recruiting people to take
part in trials (Stopher et al, 2005) and retairtimgm in subsequent waves of a GPS
panel (Table 1) suggests that it might be diffitcalachieve a sampling basis that is
sufficiently representative of the community getigrimr useful results to be derived.

Table 1l  Recruitment and retention in GPS trial (BoAustralian Panel)

Status South Australian Panel (50 Households ndiyjna
Wave 1 Wave 2 Wave 3

Recruited (new to wave) 57 17 0

Completed 50 (88%) 14 (82%) 0

Continuing (Recruited)

35 (61% of 57)

44 (59%(BT+17)

Completed (Continuing)

32 (56% of 57)

36 (499%(5T+17)

Source: Stopher et al (2007a, Table 3)

Alternatively, GPS might have a more robust rolatibched to the vehicle rather
than the person, subject to the caveats alreadyradtout multi-vehicle households,
vehicle changes and identifying business use atle=h

For public transport, ticketing systems may allavect measurement of trips
originating in an area. Where this was possibtéeting data has been consistent

with the change estimated from travel surveys (sgefigure 2).

Implementation of smartcard ticketing systems faidiilitate use of ticketing
information to estimate changes in public transpattonage related to VTBC.
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Figure 2 Public transport boardings and IndiM&tk Cambridge, WA
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Surveys

VTBC initiatives have most often been assessedibyeys of various types (see
‘Cross Sections or Panels, below). We generallysomeachange as the difference
between 'before’ and ‘after’ surveys, with ‘cornects’ indicated by a control group
(see ‘Measuring Differences’, below). It followsaths critical that the ‘before’,
‘after’ and ‘control group’ surveys are undertakesing the same survey design and
methodology. Differences in design or methodology aifect response rates (see
‘Response Rates’, below) or have more subtle ingpathe accuracy of responses
that make comparisons problematic.

Cross-Sections or Panels for Surveys

Many travel behaviour change interventions havesatba cross-sectional survey
approach to estimating ‘before’ and ‘after’ trabbehaviour. For small projects, this
can create issues of statistical reliability of tlierence between the two surveys,
but these are less severe for larger applications.

It has been suggested that a panel survey approsiclg, the same people for both
surveys, would be more suitable. However, panelesis have their own problems
that are more systematic and less amenable toneeaby statistical analysis.

= Even an ageing population ages more slowly thamttigiduals that comprise it.
At a more aggregated level, it ages more slowln tha households or other
groups that comprise it. Even a panel that rematast over a period of time,
will not be the same at the end of the period as# initially.
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= Whilst this might not make very much difference tioe typical ‘before-after’
time period of 12 months, it has an increasing ichpaer time and adversely
affects the comparability over longer time periadsl, hence, the estimation of
the durability of behaviour change.

= In practice, there is attrition of panels. If ndiae is taken to replace, the integrity
of the panel is compromised by the possibilityelf-selection bias among those
opting out. It also poses a difficult problem oémdifying and recruiting
replacements who have the same characteristit®as who leave.

= People also suffer from ‘survey fatigue’ and magpdout or become less reliable
for that reason. Whilst this can be addressed giraefreshment’ (replacing a
proportion of the panel on a periodic basis), #$® raises the issue of how to
ensure that replacements have the same charactgristluding travel, as those
who are discarded.

Whilst panels have been argued to require loweptessizes, some of the
parameters enabling smaller sample sizes alsorigeéo survey designs which are
more difficult to undertake. For example, panelsyrdata is more difficult to obtain
(with full control of other biases) than repeateoss-sectional data (Richardson et al,
2003). Acquiring repeated data from the same redguts is challenging and a
reduced response rate in the ‘after’ survey caah teaampling bias (ITP, 2007, para
9.24).

One of the examples of a panel survey to estinmgeffect of a VTBC initiative had
a low initial response rate (49% - 1346 out of mgle of 2772 households) for the
‘before’ survey and substantial further loss betwtee ‘before’ and ‘after’ surveys.
Furthermore, in the ‘after’ survey only 682 of 8®1 households that responded to
the ‘after’ survey had the same composition asién‘before’ survey (Richardson,
2005). At the individual level, people may exhiaitbstantially different travel
behaviours at different times for reasons thafparely idiosyncratic and not related
to the intervention being investigated.

In two cases where both panel and cross-sectivegsivere carried out (North
Brisbane, Queensland, and Victoria Park, Westerstralia), the panel survey
recorded slightly smaller, but still very substahtreductions in car driver trips
(119%/13% and 12%/14%, respectively). This mighalesult of people who are less
likely to change residential location (and henceanlikely to remain in the panel)
being also less likely to change other behavidnduding travel (see Box).

Integral measurement of travel behaviour, as dateintervention, is a form of

panel survey that highlights some of these probjenust notably those of attrition
and measurement actually influencing the outconaeét behaviour).
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Comparing Panels and Cross-Section Surveys: Two Case Studies

Two unpublished studies in Australia have evaluat@davelSmart project (Brisbane

North and Victoria Park, Perth) with a panel aegdeated cross-sectional (random)
surveys.

Sample sizes (respondents — persons)

Before | After Panel After Cross-Section
Brisbane North 1309 825 1381
VictoriaPark 905 780 766

The response rates were in the seventies andesglite combined response rate for

the panels in the mid-sixties. If we compare tlsilts of the panels with the cross-
section survey, we can see that the behaviour esapigked up in cross-section we
always greater than in the panel.

Measured travel behaviour change — panel and ceestion (random) surveys
VICTORIA PARK

BRISBANE NORTH

Relative change Relative change

Panel

Random

Panel

Random

+32%
+33%
n/a
-11%
+8%
+16 %

+49%
+ 58 %
n/a
-13%
+8 %
+22%

Walking
Bicycle
Motorcycle
Cardriver
Car passenger
PT

+12%
+60 %
nfa
-12%
-1%
+14%

+12%
+48 %
nfa
-14 %
0%
+17%

This supports the anecdotal evidence accumulatedrogre than hundred projects
that people who are flexible, move more, changeemeasily and are

underrepresented in panels, which tend to focustatility, less change, status-qua.

Behaviour changes measured in panels therefore teelkensmaller than in reality.

This conclusion is supported by current researthtiavel behaviour change proje¢

for which panel evaluation has been selected.| lthase surveys, the response rate
the ‘before’ survey was at least in the mid-seven#éind the response rate of the
‘after’ always in the eighties. Thus the combine@ag response was always over
60%.

Using the speed of response technique, it waslgedsi simulate to traditional
before and after panel with a response rate ifotudorties (before) and the low
seventies (after) —a common combined responsefateout 30%. In terms of the
analysis above, the selection worked even moravaur of stability and no change
This is clearly reflected in the results. Behavioianges in a panel with a combine
response rate of about 30% are smaller than imel path a combined response ra
of 60+%.

» of

e

This research will be presented in full at anotharasion.
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USING SURVEYS
Sample Size

With a sample survey, the reliability of a samémaate (in this case, the mean
proportion of trips by car as driver) is inversedyated to the sample size, both in
absolute terms and as a proportion of the populdteang sampled.

A great deal of attention has been paid to ther#imal requirements for sample
sizes to identify relatively small changes at asoeable level of confidence. Stopher,
(2005) suggests that to identify a change of 2#%&@B®5% confidence level it might
be necessary to gather data from around 8,000 @&opl before and after study.
Such a requirement would be beyond the resourdtetylto be available for
monitoring any such project and would, in any casbstantially diminish the
resources available for actually delivering the \CTBitiative.

The focus on establishing statistical confidencgir@ments for small levels of
behaviour change appears to stem from an erroressusnption that the behaviour
change withndiMark® was measured only over the actively-participapingulation
(Stopher, 2003). The Australian Greenhouse Offarioted thalin some of the
reports evaluated, there appears to have been me&standing of statistical
methods used to interpret results, and hence pnobl@ the sample sizes, sampling
methods and evaluation periods emplog®&&0O, 2006, p58).

Much of the contention about sample sizes, howeasgredicated on a desire for
accurate estimation of the level of travel behavithange, whereas the public policy
imperative is for assurance that the level is greitan the level that would justify
the initiative in socio-economic terms. Given thghhbenefit levels from travel
behaviour change, this level is a very low bare-glospective benefit-cost ratio for
completion of the Perth TravelSmart Household paogestimated a benefit-cost
ratio of 67:1 on the basis of a 10.7% reductionandriver trips (which was the
weighted average of projects to-date in Perthpigiclg two project areas
(Marangaroo and Cambridge) specifically chosertHerr ‘low potential’) (Ker,
2004). Typically, urban transport projects are rdgd as ‘justified’ if they achieve a
BCR of 3:1 or 4:1. On this basis, VTBC would betifiesd in benefit-cost terms with
a car trip reduction as low as 1%.

There has also been a strong tendency to focuseoprobability of the change being
less tharestimated through sample surveys, with little @reécognition of the
corresponding probability of its being greater.

If the population mean is greater than 2% (ash@linterventions except Darebin

indicate), by a factor of up to seven times andwarage of around four times, the
sample size requirements become much less onerous.
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Most of the debate on sample size has been orathie df sampling error estimation.
In practice, the error due to systematic factogsrésponse rate, qv, below) can be
many times larger than statistical error (TableT2js is a serious problem, even if
we do only focus on significance, because theralavays two types of errors to be
considered in empirical studies:

= Random errors (sampling-related) and
= Systematic errors (design related).

Since there are always systematic errors, the leddzlirandom errors are always
based on a wrong assumption (that there are nersgsit errors).

But the real problem of these two types of errertheir nature:
= Random errors can be calculated exactly, but noected, whereas

= Systematic errors can be corrected but not (priggisalculated.

But in travel behaviour, the systematic errors @igv the random errors in size
significantly.

One of the most useful factors, to understandutatie and correct systematic errors,
is the response rate of a survey, and one of thieviagiables is the number of trips
per person per day. In a mailback survey, the respoan be analysed by speed of
response. This has two advantages: lower respategagan be easily simulated, and
the whole process can be analysed to estimatenidg@inknown) result for the total.
Both things have been done and this function has bsed to analyse the likely
shortcomings of a parallel survey that achieved @bl % response (Figure 3).

Figure 3  Trip rate by response rate: Vienna 198%ponse rate 85%)

Trips per 130
person B
(cumulated, 124
Index) 121
115
112
L 109
107 406
104

Response
rate (%) | I I I —4 | I

20 40 50 60 75 80 100

measured =00l - - === estimated

Source: Brog and Erl (1999)

The technique developed and used has been funthgrgssed and applied in the
Netherlands’ National Travel Survey, the only lamgning continuous travel survey
in the world (MVRWAVYV, 2007). As a consequence padfic self-validating design
has been developed and applied. This design caactdor non-reported items, non-
reported trips and non-response and is not depéondezxternal data.
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If we look at the respective response curve, welssedetailed analysis of reasons
and effects with improved design of survey methodglhas reduced the non-
response-effect significantly, yet it is still teeWith an estimate of the total trip rate
to be 3.1 (100), the trip rate at a 40 % respoatewould still be 10 % higher
(Figure 4).

Figure 4  Trip rate by response rate: Netherland€OM- Mobiliteitsonderzoek
Nederland)

Trips per
person e 130
(cumulated,
Index)

Response 20 40 60 90
rate (%) ' ' ' ' '

measured @200 @z——-=---- estimated

(specific non-response surveys)

Many current designs applied to evaluate behaviaima@nge projects have a much
higher influence on systematic errors and the iffee in the trip rate at a 40 %-level
(which is normally regarded as good) would be atersibly greater. However, if we
use the MON data and simulate a situation of a 4@$ponse rate we would have
needed a gross sample of 166 250 people and adraetvip rate of 3.4. The ‘real’
MON achieved an overall response rate of 72 % anigh ate of 3.1

In the first case, the systematic error would 8etlps per person and day, the
random error only 0.02. This one type of systematior, on its own, using only one
variable shows already that the systematic errbfteen times the (widely and
commonly used) random error (Table 2).

Table2 Random and systematic errors

Net responses 66,500 respondents (net)
Response rate 40% 72%
Gross sample required 166,250 92,350
Trips per person per day 3.4 3.1

Random statistical error

+0.02 trips per persondasr

Systematic (response rate) error

+0.30 trips pesgoeper day

2 Non-reported trips are very similar at all responates (c5%), so the inverse relationship between

trip rate and survey response rate is not a functfcmon-reporting.
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It has been suggested that the use of GPS for meg$tavel behaviour would
permit a smaller sample size than for a conventitvagel survey (Stopher, et al,
2007b). For example, we understand that the sasigeeproposed for long-term
monitoring of travel behaviour change in North Base, using GPS, is 300
households. It is not clear why this is any moréhsm would be the case for multi-
day diaries, as the variability due to random samgplould be the same in both
cases. The potential for non-sampling and respernses exists, in different ways,
for both methods, but is not related to sample. $imbeed, the difficulties of
recruiting and retaining households in GPS panelesis (Stopher et al, 2005 and
2007a) suggest that non-sampling errors are likcehe a severe problem.

Daily or Weekly ‘Diaries’?

Most travel surveys are based on a single daydadn @ousehold, rather than a full
week, despite the fact that travel behaviour foriadividual will vary by day of
week. This is most notable, on a systematic bbsisyeen weekdays and weekends,
with most trip purposes, other than leisure ande@on and some types of shopping
trip, being focussed on weekdays. The rationalénoledn daily diary is precisely that
this differentiation issystematic and therefore can be picked up by apiate
sampling on each day of the week. Daily diariesutheepresent each day of the
week equally.

A weekly travel diary will pick up the variation tveeen days for individuals and

individual households, but does so at the expehse o

= A lower response rate, as fewer people are willingommit to the extended
commitment;

= A higher attrition rate, as people cease to retioed travel during the week;
and/or

= Lower quality data towards the end of the surveghkyas the novelty wears off.

Repetition

Experience with repeated applicationimdiMark® (Figure 1) shows a high degree of

consistency with:

= greater variability of outcomes for small appliocais (consistent with statistical
expectations resulting from smaller survey samjziess; and

= larger reductions in car driver trips (and loweriakility) for larger applications.

The probability of allof these outcomes being over-estimates of thelptipno value
(let alone sufficiently large over-estimates toadhdate the principal evaluation
conclusions for VTBC) is very small and gets snraltéh every repeated
application.

Alternatively, if the individual projects were te@ laggregated into a single notional

‘program’ with a number of different spatial locats for evaluation purposes, the
total sample size would now exceed the theores@alple size required for
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measuring a level of change that is less than geyuaf that actually achieved. If
these had been undertaken as one project, everethisement would have been
achieved. The consolidated result for Perth Trawel$ projects, including locations
chosen for their likely poor performance (Marangaaod Cambridge), is a 10%
reduction in car driver tripstp://www.dpi.wa.gov.au/travelsmart/14960.asp

This conclusion is supported by the Australian Gheeise Office (AGO, 2006, p53):
For households, predicting the effectiveness afeadlsmart project is now
essentially a solved problem. The eleven Austrgdrafects evaluated here join over
50 other formal evaluations conducted internatidpahd many other informal
assessments (See Ker 2003, Maunsell Australia @004« Department of Transport
2004 for a list of some other evaluations.) Whildividual outcomes vary with
geographic location, what can be said broadly stttommunity-based household
projects will achieve a reduction in car travel®f15%, and this change appears to
be sustained for several years without furtherrveation. Methods for achieving
these results are now well understood, and furéwaluations are unlikely to add
much to existing knowledge.

The practical value of repetition is evident frame City of Nirnberg, Germany
(500,000 people), which uses Individualized Margf{indiMark®) to promote

public transport (ie not in multi-modal mode). tihded in 1996 with a small project
of nearly 5000 people. From then on, every yeaeisg\projects have been
conducted. Since 2006, early areas are workedrahdosecond time and by the end
of 2007 a total of 600 000 people has been patieprogram (including repetition).
All projects were successful and attitudes in tieM city have been changed.

Each project has been evaluated separately. In @0@x¢aluation surveys up to a
certain point were amalgamated and analysed. Tudtiie an increase in public
transport by 13 % (fully supported by counts anldudated against control groups)
and — although not targeted — a reduction in caedtrips of 3% (Figure 5). This is
still continuing.

Figure 5 Consolidated Behaviour Change 1996-2004rnKkerg, Germany

Before After Relative change
24 Walking 24 Zl
10 Bicycle 9 -6%

1 Motorbike —1 —0——
34 Saves 33 3%
11 ' pa%gtragger 11 ' +1% '
20 PT 22 +13%

parsortday

Source: Nurnberg (2006)
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Response Bias

There is sometimes a danger that the very factiparson is part of a program will
influence that individual's actual or reported bebar. In the case of VTBC, the
influence on actudbehaviour is precisely what is sought by the paogrprovided
that this is an ongoing response and not a temypore simply to be able to present
in a better light for the program itself.

The greater danger lies with ‘program-compliangagedbehaviour, although this is
more likely to be found in panel surveys than ipe@ed cross-section surveys.
Participants in a panel survey will know what tlasd travel behaviour was (the
‘before’ survey) and could, theoretically, repgopeopriately changed behaviour in
the ‘after’ survey, even if actual behaviour had cttanged. Participants in a cross-
sectional ‘after’ survey will not have a ‘base’dompare themselves against and will
be less familiar with the detailed program objessiv

Misreporting travel behaviour in surveys happemsafgariety of reasons, irrespective
of any potential desire of the ‘observed’ to pletise‘observer’. The best way to
guard against the latter is exactly the same athé&former. Since even apparently
simple activity and travel patterns can be quiteglex, involving issues of location,
duration, speed and mode, it is more difficult thaight be expected to falsify a
survey response in a realistic way. Detailed inspe®f survey responses will show
up unusual, inconsistent or infeasible travel banhawvhat can then be followed up
for clarification and, where necessary, correcfion.

Bonsall (2007) draws attention to the possibilitg tepeated cross-section surveys
will by happenstance, result in some households bemgatied more than once
which he says could have negative (eg househeklm§ hassled by repeated
surveys) or positive (the ability to explore chamgeindividual behaviour)
consequences. In practice, unless sample sizégrges than necessary or surveys
are continually repeated to assess durability,iplatcontact households will be too
few for any such issues or opportunities to be tsubisil.

Control Groups

Behaviour change initiatives do not operate inasoh. Almost by definition, such
initiatives are funded because there is a sympathevernment policy environment.
In recent times, the increasing price of petrol al$o be having a systematic impact
on travel behaviour. This requires that, wherewssyble, we identify ‘control
groups’ of people or households similar to thodgest to the intervention, so that
the impact of factors external to the interventian be identified and appropriate
adjustments made to the measured outcomes intdrgention group.

The second author has direct experience of thimindiMark® project, having been part of the
‘after’ survey and contacted for clarification da§thousehold’s ‘unusual’ travel pattern — only one
car and one licensed driver in a household of &xludts; circular trips involving delivery on-foot
of local newspapers; low level of travel activitgry low car driver trips.
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This poses a problem for interventions that doatt@mpt to measure change over the
whole target population, as there is a potentiailijh degree of self-selection in the
intervention group that makes them different framy potential control group.

The key criteria for a control group include:
= Spatial location

= Demographics (age, gender, household size/strychw@me, education,
employment type and status)

= Opportunities in the relevant area (eg similar gpart systems and activities)

= EXxposure to the same exogenous factors such as pete, public transport
fares and transport system development.

The only group that, in principle, meets all ofgberiteria (subject to sampling
variability) would actually be a random sample frtre population of the
intervention area itself. This is particularly sdwa very large-scale application that
covers a spatially-large and demographically-dieenea. In practice, however, even
those who are not part of the target populatiorhagkly likely to be influenced by
the intervention itself (see ‘Diffusion into thedader Community’, below).

Control groups, where used, are usually externtdlgéantervention community and
any measured travel behaviour changes in them lbeee small, as would be
expected over a short period of 12 months. In rnegears, the major systematic
influence has been from increasing fuel pricesiarsdhighly likely that the same
impact would be found in both the control group #melidentified target population.
The effects of this can be unexpected, however eXample, in the recent North
Brisbane project, the petrol price in March/ApflQZ (‘after’) was very similar to the
price in March/April 2006 (‘before’), but in betwed¢here was an increase (followed
by a decrease back to earlier price levels). THaawon in price leading up to
March/April 2007, coming after a 2-year period o$tined price increases, could
account for a measured incre@sear use in the control group (Ker, 2008).

Response Rates

The response rate to a survey is an important measuts reliability. It also affects
the value of key parameter estimates from the suve obtain accurate data, it is
important to interview a representative sample.eWa survey’s response rates are
low, it's unlikely that the sample interviewed israpletely representative. The data
collected from a survey with low response ratesstdfer from non-response bias
and the decisions made using those data may bedlaesponse rates in all forms
of travel surveys have been declining and teleplsoineey response rates are rarely
above 60% and are often 20-30B49://rns.trb.org/dproject.asp?n=14124)

With telephone surveys, non-respondents can indigie mobility people (who are
often not at home) as well as those who don’'t @erdhemselves to have a
sufficiently strong ‘stake’ in travel issues (eghase they travel very little).
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With mailback surveys, it has been shown that ttezgage number of trips per person

per day varies inversely with the response ratéd& Erl, 1999). In other words,

people who are less active in terms of travel @ss likely to respond to surveys. This

has a double importance when we are seeking ima&stithalifferencebetween two

estimates:

= For any percentage change, the number of tripsdepend upon the absolute
values which in turn is inversely related to thep@nse rate. It follows that a low
response rate is likely to over-estimate not ohé/liefore and after trip making
but also the difference between them.

= A difference in response rate between the ‘befanel ‘after’ surveys will also
affect the estimate of the difference between tHéthe ‘before’ response rate is
higher than the ‘after’ rate, the difference i®likto be under-estimated, and vice
versa.

The best estimate of difference between two crestiemal surveys of given sample
size will come from surveys that achieve a sintiigth response rate. IndiMark
applications typically have survey response raté®©eB0% for ‘before’ surveys and
70-85% for ‘after’ surveys. These surveys also saaensistency of frequency of
out-of-home activities between the ‘before’ andedfsurveys, indicating that the
difference between them is unlikely to be a mapfluence on trip rates or mode
usage.

Low and varying (between ‘before’ and ‘after’ suysgresponse rates might be a
partial explanation for differences in measuree@afteness between types of
intervention.

M EASURING AND REPORTING BEHAVIOUR CHANGE
Measuring Differences in Behaviour

It is intrinsically more difficult to measure chawjin behaviour than behaviour itself,
largely because changes can only be measured dgférence between behaviour
before and after. Estimation of differences isrefmre, affected by all of the issues
associated with the measurement of both the befwdeafter states.

In principle, this problem can be eliminated in tin@ited context of measuring travel
behaviour across the whole participant populatas) for example, with earljravel
Blendingapplications), with the before and after travalrgis being an integral part
of the overall intervention. Unfortunately, thisoprdes no information about
behaviour change among those who do not participgttethrough the process and
no generalisation to the whole population is pdssib

For those interventions that do measure behavioamge across the whole identified

target population, irrespective of their level m¥olvement (including zero), it is still
possible to make some useful assessment of tlabitali of estimates.
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So, let’s look at a specific example. The NorthsBane Household TravelSmart
project achieved an estimated 13.4% reductioninmgeer trips (8 percentage points,
from 58.4% to 50.4%), which is significantly difeert from zero with a 99%-plus
probability* (Socialdata, 2007). However, the tests do nomesé the potential range
of the magnitude of the difference.

This result can be used inferentially to estimhteupper and lower confidence limits
for the value of the difference between the means:

= The ‘before’ and ‘after’ surveys each have a sangptlistribution for the
estimated mean value of car driver trips;

= The sample size for each of the surveys is sufftreclose that we can assume,
for practical purposes, that the sampling distidoufor each is the same;

= The sampling distribution can be described in teoitbe standard deviation;

= A 99% probability that the proportion of car driteps was lower after
IndiMark® means that there is less than 1% overlap betveetwo sampling
distributions;

= With a normal distribution, 99% of the samplingtdizution is within 2.5758
standard deviations of the mean;

= |t follows that the difference between the estirdateeans is at least 5.15 standard
deviations with 99% probability (Figure 6);

=  Whilst the distributions of the ‘before’ and ‘afteample means indicates that the
true value (99% probability) coulte anywhere between zero and 15.6 percentage
points (26.8% of previous car driver trips), thetdbution is heavily weighted
towards the mid-range;

= The difference between any two normal distributimnigself normally
distributed. A normal distribution with a 99% prditay range of 0 to 15.6 has a
standard deviation of 3.0.

Since Figure 7 shows an 80% probability of the otida in car driver trips being
betweern3.8% and 12.2% of all trips and the range outthdeevenly distributed
above and below that range, the probability ofrétkiction being greater than 3.8%
is 90%. There is a 10% probability that the reducegxceeded 12.2% of trips.

In terms of the more commonly stated percentageactexh in car driver trips, these
figures are equivalent to:

= An 80% probability of the reduction being betwee#®%6 and 20.4%;
= A 90% probability of the reduction being greatearit6.4%; and
= A 10% probability of the reduction being greateartt20.4%.

*  Target Group net sample size 1,309 (‘before’) /381 (‘after’), with 76% and 79% response

rates, respectively. Total population: 277,000 peop 113,000 households.
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Figure 6 Sampling distribution of the Figure 7 Sampling distribution of the
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If we redo this for a 95% probability that the diftnce exceeds zero and for a more

‘typical’ measured reduction of six percentage or 10% (from, say, 60% car
driver trips to 54%), we get the following:

» The range of estimates will be between zero anget@entage points (20% of car
driver trips);

= There is an 80% probability of the reduction bdiegween 2.1 and 9.9
percentage points (3.5 to 16.5%);

= There is a 90% probability of the reduction beingager than 2.1 percentage
points (3.5% of car driver trips);

There is a 10% probability of the reduction beingager than 9.9 percentage points
(16.5% of car driver trips).

Population or Participants?

A specific issue that has received little atteni®that intensive interventions may
have substantial impacts on particular individualiouseholds but, because of their
intensive or intrusive nature, may achieve lowatip@ation rates. It is essential that
comparative evaluations are on a like-for-like basid, given that the strategic
objectives for travel behaviour change are poputabiased, reflect the outcomes
across the identified target population as whabe jusst for the participating
individuals or households.

IndiMark® reports travel behaviour change across the wheletified target
population, including those who do not activelytjggpate. This approach also
facilitates the use of control groups (qv) not etiéel by the intervention. Although
one would not normally expect external factorsdawena major impact on travel
behaviour over the typical 12-month period betwi#en'before’ and ‘after’ surveys,
the rapidity of petrol price changes in recent gaaan exception to this.
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Travel Blendin§ and other approaches that use travel diaries asegral part of the
process, are only able to report outcomes acresgdficipating population — and
specifically only those who complete both beford after travel diaries. Because the
participants self-select through their choice tgph# of the program, and there is a
further stage of self-selection in the ‘loss’ oftgapants between the Stage 1 and
Stage 2 diaries, the only measurement is of a dstradsly non-representative
sample. Perkins (2002) estimated that the repoemdlts of Travel Blending in South
Australian pilot projects would have to be factodedvn by 0.6 to estimate
population-wide outcomes on a basis comparabliedidark®.

CONCLUSION

Voluntary travel behaviour change (VTBC) aims tduee car driver trips without
either specific investment in physical infrastruetor transport services or regulation
of transport activity (including pricing). The pdipal techniques used in the
household context differ in whether they deal wita whole identified target
population, the means of identifying those who ipgoate actively, the methods of
participation and the way of assessing the extetmawvel behaviour change.

Some interventions (such @isavel Blendin§ andLiving Neighbourhoodd work

only with self-selected participants and measueebghaviour change for those
participants only. Others (primarilpdiMark®) measure behaviour change across the
whole identified target population. This differerttas led to some confusion in the
literature, withindiMark® results being wrongly ‘scaled back'.

VTBC is almost uniqgue among transport initiativeghat it has been developed from
a strong theoretical and observational basis, dpeel through a series of
interventions with proper experimental design (ihg control groups) and has
been subject to comprehensive monitoring and etiatuaf outcomes with the
process and outcomes being widely documented ipubkc domain. Despite (or
perhaps because of) that, it has been subject te imi@nsive scrutiny than any
comparable development. Much of this has focusseti® sample size requirements
for measuring quite small changes with a satisfgadegree of statistical reliability
(usually 95% probability).

In practice, measured estimates of travel behawbange have consistently been in
the range 5-15% reduction in car driver trips. Tduasistency, repetition of results
from successive applications and the cumulativepéasize now achieved is
generally accepted to have successfully countergdiaubts about effectiveness
based on the method of measurement.

® This is not a criticism ofravel Blending alone. It is an observation of the difficulty dntifying

policy-relevant outcomes from interventions thatdhthe measurement tool as an integral part of
the process. Behaviour change can only be estinfiatédose who participate right through the
process and cannot be extrapolated to any largeipgr
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The most straightforward way of overcoming any rigrimg issues of statistical
reliability in measuring behaviour change for adiwdual VTBC initiative is to
undertake very large-scale interventions. This ceduhe relative sample sizes
required to achieve a specified level of statistiehability and, hence, the cost of
monitoring relative to delivery. A recent applicatiin North Brisbane, to 74,500
households out of an area population of 113,00@¢loeids, has demonstrated that
the change in car driver trips is significantlyfdient from zero with 99% confidence.
This is equivalent to a 90% probability that théuetion in car driver trips exceeds
6.4% (or 3.8 percentage points).

Very large-scale interventions, appropriately desdy also create substantial
opportunities for achieving travel behaviour chatigeugh diffusion at little or no
cost to the project. Further research into thergxaésuch diffusion would be useful.

Confidence in the estimates of outcomes is furémiranced by consistent high
survey response rates, in the castdiMark®, which minimises the effects of non-
response bias.

Further development is required of the potentialdicect or indirect measurement of
car driver trips/travel as an alternative to sus/eg provide robust estimates of the
primary travel behaviour outcome. This might beieefd through measurement
related to household vehicles rather than to indial members of households.
However, such approaches do not automatically oveecissues related to sampling
and non-sampling errors associated with surveys.

Further research would also be desirable into xitené of induced car travel resulting
from the reduction car traffic generated by theidation of the intervention area. In
particular, this should focus on the circumstangeghich such induced traffic might
be significant.
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