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ABSTRACT

The widespread adoption of automated fare collection (AFC)
systems by public transport authorities around the world
means that, increasingly, people carry and use passive sen-
sors (embedded inside of public transit tickets) to record
their daily movements. Unlike mobile phones, the records
held by AFC systems provide a rich and detailed source of
data about peoples’ transport habits: times of travel, modal-
ities, destinations, trip durations, and fares paid. In this
work, we explore the extent that this data offers the possibil-
ity to both build and measure future of travel-based ubiqui-
tous computing applications. We focus on two potential end-
users: first, how fravellers may be aided by feedback mech-
anisms in order to re-align misperceptions of their travel be-
haviour and leverage this data to change their habits. In par-
ticular, we analyse differences between 85 travellers’ sur-
veyed perceptions of their public transport habits and their
actual usage of the system. Second, how transport author-
ities can use this data to measure and implement incentive
mechanisms that produce the expected impact. We use
anonymised AFC data to measure the extent that financial in-
centives implemented by London’s transport authority (such
as peak-hour fares and student discounts) correlate with mea-
surable changes in millions of travellers’ behaviours.
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INTRODUCTION
Many applications of pervasive computing use mobile phones
or active sensors embedded into the environment in order
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to achieve their goals [1]; recent examples include using
phones to encourage sustainable travel behaviours [2] and
sensors to measure household water usage [3]. The advent
and widespread adoption of automated fare collection (AFC)
systems by public transport authorities around the world now
means that people are also regular carriers of passive sensors
that they may use when moving about urban spaces. These
systems, based on radio-frequency identification (RFID) con-
tactless “smart” cards (e.g., the Pasmo System in Tokyo,
Japan, the Oyster card in London, England), not only store
each traveller’s current tickets, but generate streams of de-
tailed travel records that allow transport operators to con-
struct rich profiles of their passengers’ habits [4, 5].

Travellers will often have complex and seemingly contra-
dicting needs with regards to their daily travel habits, in-
cluding temporal constraints (time to destination), flexibility,
cost of travel, as well as being influenced by the availability
of public transport and a varying willingness to engage in
eco-friendly travel behaviour [2, 6]. By recording peoples’
daily travel habits, smart card data implicitly captures how
people balance their travel requirements, paving the way for
systems that offer personalised [7] and live [8] travel infor-
mation services. To date, however, this data has been studied
in relation to the performance of the public transport system
itself: for example, to estimate journey time or model tran-
sit demand [9, 10]. By being a system that links individual
travellers to the public transport network, this data also has
the potential to give insights into individuals’ habits and test
hypotheses relating to many aspects of urban mobility.

In this paper, we demonstrate how AFC records reveal hid-
den individuals’ behaviours and responses to travel incen-
tives. In particular, we use this data to evaluate two hypothe-
ses, relating to two target audiences:

1. Travellers’ perceptions of their usage of public trans-
port do not match their actual behaviour. Are there any
differences between people’s perceived and actual tran-
sport-usage habits? This question is important for two
reasons: (a) travellers will be basing their travel decisions
on their perceptions; misperceptions may lead to incor-
rect decisions, and (b) feedback applications that record
and visualise travellers’ behaviours may leverage com-
mon misperceptions of travel to induce an awareness and
encourage travellers to make positive changes in their
habits.



In the first part of this paper, we report on the design of,
and results from, a survey that, combined with data from
smart cards, allows us to compare the differences between
how 85 people report that they both purchase tickets and
move in a city with how they actually do it. We believe
that this is the first in-depth study to not only directly com-
pare self-reported and actual public transport usage, but
also the perceived relation between usage and payment.

2. Transport operators offer incentives that do not work.
Public transport systems around the world will each have
implicit incentives built into them; for example, they may
implement time-varying fares (e.g., charging higher fares
for rush-hour travel, to discourage non-essential travel).
Do travellers respond to these incentives? We propose to
test this question by using AFC data. An understanding
of these aspects will be the foundation for any system that
aims to stimulate additional behaviours.

In the second part of this paper, we examine and enumer-
ate a number of incentives that have been implemented
by the public transport authority in London, England. We
then seek to determine the extent that travellers are re-
sponding to these incentives by looking for evidence of
the encouraged behaviour in two large, anonymised
datasets of trips and ticket purchases of London travellers.

BACKGROUND: TRANSPORT FOR LONDON

The Transport for London (TfL) public transport infrastruc-
ture is a vast, multi-modal network of underground trains (11
interconnected lines with 270 stations), overground trains (5
lines with 78 stations) and buses (about 8,000 buses serving
19,000 stops) as well as trams, river services, and other spe-
cialised services. At the broadest level, travellers must opt to
either use a single, contact-less smart card (the Oyster card)
to pay for their journeys, or buy paper-based tickets. Trav-
ellers who use an Oyster card must decide between purchas-
ing credit that is then deducted on a per-trip basis (i.e., using
“pay as you go”) or buying a travel pass (i.e., “travel card”).
Pay as you go fares will vary based on the time of day, the lo-
cations of the origin and destination, and the travel modality.
Travel cards, instead, are valid for unlimited travel within
a certain geographic area, for a particular length of time (1
week, 1 month, 1 year), and sometimes for a specific trans-
port modality (i.e., bus only). While these details are cer-
tainly specific to London, we note that other cities across the
world share similarities. For example, New York’s Metro-
Card allows for purchase of unlimited travel during 7-day
and 30-day periods and San Francisco’s BART’s fares take
into account length and speed of trip, as well as differentiat-
ing between user groups.

TRAVELLER SURVEY DESIGN

In order to understand how travellers report that they move
around their city, we designed an online survey. The survey
was composed of 25 questions covering two broad areas of
interest: how respondents perceive their travel and how they
perceive their fare purchasing habits. The first set of ques-
tions were about week day and week end travel habits: typi-
cal number of trips per day, travel time, modality of choice,
whether trips are multi-modal, where their typical origin and
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Figure 1. The user-trip distribution over 8-weeks of travel history; our
respondents took between 4 and 249 trips.

destinations are, and how they rate the consistency of their
habits (1 star was “very irregular” and 5 stars was “very
regular”). The second set of questions dealt with purchas-
ing habits instead. We split the questions into two groups:
“when you use pay as you go,” and “when you use travel
cards.” For the former, we asked how much credit they tend
to purchase (if they ever do), and both when and why they
chose to purchase credit. We also asked what travel card
they bought (if they ever do), where they are valid, and why
they opt for this purchase.

SURVEY AND SMART CARD DATA COLLECTION

We disseminated the resulting web-form questionnaire on-
line and received 119 responses. The survey data tells us
about respondents’ perceptions of their own mobility; the
next step we took was to obtain the data of their actual trips.
Transport for London currently stores eight weeks’ travel
history for each registered Oyster card; after the eight weeks,
the data is anonymised. The last question of our survey thus
asked for (a) permission to retrieve the respondent’s travel
history and (b) the unique identifier on their Oyster card that
would enable us to do so. In total, 85 respondents allowed us
to retrieve their history. Note that, once we received the data,
we assigned a unique identifier to match travel history with
survey responses and, in so doing, effectively re-anonymised
the data (we cannot link it back to the individual users who
responded to the survey). Furthermore, we explicitly did not
collect any demographic information (other than the type of
Oyster card the respondent owned) in order to comply with
TfL’s privacy requirements relating to disclosing the Oyster
card histories. The Oyster card type gives us an indication of
the demographic groups we captured in the survey: the ma-
jority of respondents (62%) owned adult Oyster cards, while
30% held 18+ student cards (required to have access to stu-
dent fare discounts), 1% had 60+/Disabled “freedom’ cards
(which entitle the bearers to free travel), while the other 7%
listed “other” or did not input an answer.

In Figure 1 we show the data’s distribution of trips. In the
data we received, which spans from 11 November 2010 to
1 January 2011, the respondents used their Oyster card be-
tween 4 and 249 times. This is an early indication of the
widely varying requirements that city residents have with re-
gards to their public transport network: some rely on it for
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Figure 2. Comparing the survey results and smart card data on trips per day (left, on week days; right, on week ends)

continuous use, while others will be very infrequent users.
In order to compensate for seasonal effects (i.e., Christmas
and New Year), when travellers habits may be change signif-
icantly, we exclude any data after December 23rd from the
following analysis.

Transport for London also provided us with two additional,
fully anonymised, datasets. The first contains all Oyster card
records from a one month period (March 2010). The second
contains trip, payment and Oyster card details data from a
5% sample of travellers (roughly 300,000 people) over two
83-day periods: 3 May to 25 July 2009 and 18 October 2009
to 9 January 2010. These datasets allow us to compare the
results from our survey respondents to the wider population.
In the following sections, we refer to these as the 100% and
5% datasets respectively.

COMPARING PERCEIVED AND ACTUAL BEHAVIOUR
The first hypothesis that we test is whether travellers’ per-
ceptions of public transport usage match their actual usage
of the system. In this section, we compare the reported be-
haviours from our survey to the smart-card recorded trips
made by the survey respondents. We decompose the analysis
into a number of sections: trips per day, travel times, choice
of modality, geographic areas of interest, and fare purchas-
ing habits. Following this comparison, we summarise the
key findings and enumerate a number of opportunities for
feedback-based systems that leverage this data.

Trips Per Day: Incorrectly Estimating Transport Usage

The first point on which we compare the survey and smart
card data is the estimated trips per day. We defined a “trip”
as a journey from one place to another using public trans-
port. As an example, we described going from home to
work and back home again as two trips. Respondents had
to estimate how many trips they take in a typical week day
and week end day (Saturday or Sunday), and were asked
whether their typical trips are multi-modal. We then com-
pute how many trips they have taken per day by looking at
their Oyster history. To account for potential multi-modal
trips, we only count a smart card swipe as a new trip if it is
at least half an hour after the last trip’s exit swipe. In Figure
2, we compare the reported and inferred values. In particu-
lar, we multiply the reported value (e.g., “2 trips per week
day”) by the number of (week day) travel days that we ob-
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Figure 3. Comparing the survey respondents’ self-evaluated trip regu-
larity (where 1% is “very irregular’ and 5* is “very regular”) for week
days and week ends.

serve in the data, and compare this result to the number of
actual inferred trips from the data. In this case, making an
accurate estimate of one’s daily travel habits translates into
a value that lies near the y = « line (shown in each figure).
We find that a large proportion of users consistently over-
estimate their usage of public transport: the inferred values
are less than those that were reported. The distance between
each point and the y = x line shows the extent that travellers
incorrectly estimate their travel habits. By normalising each
distance by the number of days each user has travelled, we
can get an intuition as to just how far estimation errors arise:
in the week day data, travellers are off by 1.77 £ 1.51 trips;
on week ends, this value lessens to 0.98 & 0.88 per user.

Users were also given the option to claim that they never use
public transport during week days: 2 of the 85 respondents
opted for this answer. However, the smart card data held
no evidence of this: all of the respondents used the public
transport system in (at least) 1 week day. As per Figure 1,
this may be explained by low-frequency travellers (for exam-
ple, those who used public transport 4 times in the data). The
differences between reported and computed average trips per
day on week ends (Figure 2(b)) are not as high as the week
day data. A total of 18 respondents claimed to not travel
during week ends, and 17 smart card histories were missing
week end trips. As before, many respondents tend to under-
estimate the number of trips they take, while overestimating
that they only take 1 trip.

In this case, the data shows that, in general, respondents
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Figure 4. Comparing the survey results and smart card data on trip times per day (left, on week days; middle, on week ends) along with the number
of ongoing trips in the anonymised dataset London travellers, clearly showing the commuting trends during week days.

are unable to accurately estimate how much they use pub-
lic transport. Respondents were also asked to rate the extent
that they believe their week day or week end trips are reg-
ular; where a 1 star rating means “very irregular” and a 5
star rating implies “very regular.” The distributions of these
ratings are shown in Figure 3. Overall, respondents tend to
claim that their week day trips are regular (the distribution
is biased toward the right), while week end trips are irregu-
lar (the distribution leans toward the left). This result con-
trasts the previous comparisons, where we found that trav-
ellers were better at estimating the frequency of their week
end trips: it thus seems that travellers are better at estimating
their irregular travel habits!

Travel Times and Peak-Time Commutes

The second topic covered in the survey asked about typical
travel times. The available answers were split into ranges:
before 06:30 AM, 06:30 to 09:30 AM, 09:30 to 12 PM, 12
to 4 PM, 4 to 7 PM, 7 to 10 PM, and after 10 PM. These
bins include the two peak-fare times defined by TfL (06:30
to 09:30 AM and 4PM to 7PM), when week day travel, on
a single fare, is more expensive. Unlike before, we found
that, in this case, respondents’ claims were closer to their
actual data in the week days rather than week ends (Figures
4(a) and 4(b)). This is likely due to commitments relating to
work: the two-spiked commuting pattern clearly emerges in
both the survey and travel history data. However, travel out-
side of peak hours is underestimated; these may include, for
example, opportunistic trips taken during lunch-time hours.
A difference of a similar magnitude appears in the week end
data (Figure 4(b)), where respondents report that they travel
later than they actually do.

We also looked into the 100% Oyster card datasets to seek
out any differences in the respondents of our survey and the
wider population. In Figure 4(c), we show the cumulative
ongoing trips over a week. The two-spiked commuting trend
is very apparent in this data too, especially when compared
to the pattern observed on week end days.

Travel Modality: Flexible or Opportunistic Trips

TfL operates a large multi-modal network. By turning to the
smart card data and examining the distribution of travellers’
trips with different transport modes (Figure 5(a)), we find

that the underground (the “tube”) is the most popular trans-
port option, with over 50% of week day trips. However,
there is a distinct shift on week ends, when buses carry a
higher proportion of travellers than the underground instead
(although, compared to week days, there are fewer trips).

The survey included a question of typical transport modal-
ity. In this case, we can use the travel modes that people
claim to use on typical days to infer trips that may fall out-
side of their routine, and quantify how much of their travel
history represents a-typical trips. We first examined the pro-
portion of users who did not claim to use a particular modal-
ity, but actually did during their Oyster history. For exam-
ple, we looked for respondents who reported to only use the
underground during the week, but had week day bus trips
registered in their travel history. Of the 85 total users, 47
(55.3%) used modalities that they did not claim to typically
use during week days. On week ends, this number fell to 27
(31.8%).

An intuitive explanation of these numbers would be that re-
spondents are telling us what they “typically” do, and this
mismatch may arise from irregular, off-the-beaten track trips.
If this were the case, we would expect that the proportion of
these trips would be low, compared to all the trips by each
traveller. In other words, if a person claims to not ride the
bus during the week, but has done so, we would expect that
the proportion of week day bus trips for this user would be
small compared to the total number of trips taken. We there-
fore computed the distribution of per-user trip proportions
that are taken on modalities that they claim to not use. The
resulting distributions are in Figures 5(b) and 5(c); the corre-
sponding means are 17.17% for week days and 30.70% for
week ends. This means that, in our data, respondents take an
average of 30.70% of all their week end trips on modalities
that they did not claim to normally use on weekends. Both
of the figures show a power-law distribution; most notably,
there are some users who have taken more than half of their
trips on modalities that they did not report to use.

There are two points to note here. First, the travellers with a
very high proportion of these trips have a varying number of
trips in their history (i.e., some of them are irregular users of
public transport). Figures 5(b) and 5(c) include points that
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Figure 5. Usage of transport modalities: (a) the week day and week end distributions of trips on the underground, buses, overground rail and the
Docklands Light Railway (DLR) system based on smart card data, (b) the distribution of the proportion of respondent’s week day trips that they
spend on modalities they do not typically use, along with the number of trips their smart card data contains, and (c) the same for week end data.

denote the total number of trips that each user has. The plots
include a trend line, which is a linear regression on the total
trips data. Both trend lines have a positive slope: as users
have a higher number of trips, the proportion of trips that
occur on modalities that they do not report to use decreases.
However, there are exceptions to this trend. The dataset in-
cludes travellers who have both a high number of historical
trips and a high proportion of trips on unreported modalities.

Origins, Destinations, and a-Typical Stations

The survey also asked respondents to list their rail trips’ typ-
ical origins and destinations (the form itself allowed for an
unlimited number of stations to be listed). By comparing
these station names to the recorded smart card data, we can
discover the extent that users travel between a fixed num-
ber of locations. As above, we are interested in comparing
two variables: the proportion of trips that include an origin
or destination that is not listed as a typical place and the
total number of trips taken by that user. We note that two
respondents used generic terms (e.g., “various,” “others”)
when listing their week end destinations. One respondent
even appended a comment to a station name: “when open,”
reflecting that this station is often closed during week ends
due to ongoing construction work. Since we had no means of
mapping generic terms to specific locations, we disregarded
these users from the analysis.

On average, 64.09% of each respondent’s week day rail trips
were from or to a station that they did not list as a typical
location. On week ends, that average rises to 87.86%. As
above, the total number of trips in each user’s smart card
data is inversely proportional to percentage of user trips that
include a-typical origins or destinations. In other words, the
survey respondents who were more frequent users of pub-
lic transport were better at enumerating the stations that they
use. The adoption of generic terms further indicates that the
respondents themselves seem to be aware of the fact that
week end mobility is less likely to be between familiar lo-
cations, as they are not constrained by work-related commit-
ments, and more likely to be disrupted by station closures.
However, the average week day trips per user that include
a-typical stations remains high. There are two types of trips
that may explain this trend: (a) ad-hoc, opportunistic trips

that travellers do not consider to be typical, and (b) adap-
tive travel behaviours (e.g., alighting at an earlier station and
walking) when responding to congestion, station closures, or
unforeseen events.

Cash-Fare Purchasing Habits: Overestimating Cost
There is currently no system for travellers to relate the way
they use public transport to their fare purchasing habits [11].
Recall that travellers can opt to pay for their trips on a per-
trip basis by buying travel credit (using “pay as you go”
fares), or use 7-day, monthly, or annual passes, also called
travel cards. The act of adding pay as you go credit to an
Oyster card is denoted as “topping up,” and travellers may
do so online, via ticket machines or attendants in stations, or
in local shops. In this section, we focus on these cash-fares
that are bought by travellers.

In the survey, we asked users how much they typically top-
up by each time they do so. The largest groups claimed that
they spent between GBP 5 and 10 (33.78%), and between
GBP10 and 20 (35.14%) at each purchase. The smart card
data contained all the top-up amounts of our respondents;
using this, we can compare the amounts that travellers think
they typically spend at each purchase and how much they
actually do, on average, spend each time. The data con-
tained 381 purchases; in Figure 6 we compare the range that
users claim to purchase within at each purchase and the ac-
tual average of all their purchases. Overall, majority of the

User Cash Purchase Average

Spend (GBP)

Figure 6. (Blocks) The ranges that users claim to spend when they top
up and (line) their smart card average cash purchase: 20.27% of these
users claim to spend more than they do.



averages fall within the range claimed by the respondent; we
find that 10.81% spend, on average, more than they claim to.
However, more importantly, 20.27% of respondents actually
spend, on average, less than they claim: the average amount
they spend per purchase is less than they claim. This is a
substantial group of users who spend less on public trans-
port than they think.

The 5% dataset also contained all of the top-up amounts
of the sample of travellers, amounting to 3,379,570 top-up
transactions. In these, we found that top-ups of less than
GBP 5 accounted for 49.8% of all transactions, and 24.2%
were between GBP 5 and 10. The minimum credit card
transaction at ticketing machines is GBP 5 (which is also
the smallest bank note value): these are thus top-ups made
using coins. These figures show a much higher proportion
of very small transactions than both our survey and respon-
dents’ Oyster histories showed, which reflects on the socio-
economic status of the respondents we were able to reach
(who were mostly university staff and students—people who
have access to the web).

Summary: Opportunities for Feedback Applications

The analysis above displayed a wide variety of traveller be-
haviours. Differences emerge between travellers (reflecting
differences between individuals’ travel requirements) and be-
tween what survey respondents reported and actually did
(misperceptions of travel patterns). In this section, we sum-
marise our findings and relate them to potential applications
that may be built from passively collected transport data.

Public Transport Usage Awareness. We noted that, while
most respondents are using public transport less than they
claim (Figures 2(a) and 2(b)), some clearly over-estimate
how much they do, by reporting they take over five trips
on a typical day. These results complement research that
relate giving feedback to the uptake of public transport: be-
havioural awareness, in some cases, lead to an increase in
public transport by 50% [12].

Regularity of Travel and Real-Time Information. Majority
of respondents rated their weekend trips as highly irregular,
but provided better estimates of how many trips they take on
these days. Regularity thus seems to be a notion that is as-
sociated with time of travel (Figures 4(a) and 4(b)) and des-
tinations rather than the amount of travel itself. This result
could be used to augment research on real-time travel alerts,
where feedback has been shown to reduce waiting time and
increase travellers’ satisfaction with public transit [13].

Journey Planning by Context. The increased usage of buses
during weekends (Figure 5(a)) may indicate that buses are
viewed as a less reliable means of transport, thus suitable
for leisure but not for commuting (though other explana-
tions could be applicable here). Also, 17.17% of respon-
dents’ week day trips and 30.70% of their week end trips
were taken on modalities that they did not report to typically
use. This result may indicate that travellers are more flex-
ible in their travel habits than they report to be. The clear
distinction in modality choice over different time periods is

a key piece of information that AFC data can feed into trip
planning systems.

Exploring the City. More than half of respondents’ week day
rail trips included a station that was not listed amongst their
typical origins or destinations. Mobility data like this can be
used to build recommender systems for city residents, letting
them discover locations and social events that may be of in-
terest to them, both in areas that they commonly frequent
and unexplored parts of the city [14].

Fare Purchase Awareness. When considering only credit-
based purchases, 20.27% of respondents claim to spend more
than they actually do. Note that this statistic says nothing
about those who buy the incorrect fare (where there was
a cheaper option) and do not realise how much they might
have saved. Building systems that facilitate the cost-effective
use of public transport may also attract those travellers whose
primary concern is how much they need to pay [11].

CORRELATING INCENTIVES AND BEHAVIOUR

In the above, we focused on how travellers perceive their
behaviour. We now turn to an alternative: how transport
operators try to influence travellers’ decisions. Travellers’
behavioural choices are often guided by conflicting require-
ments: for example, the need to be at work on time vs.
the choice of the cheapest modality; these choices may be
swayed in a particular direction by providing different forms
of incentives. Much like airlines, transport operators could
give “reward miles” to loyal customers that can later be ex-
changed for free travel; they could also build games and de-
sign dynamic fare systems that encourage travellers to make
use of their services. Incentives in the public transport do-
main are already well established: for example, bike sharing
users in Paris, France, are given credit for taking bicycles to
up-hill stations!. In this section, we show how AFC data can
also highlight the incentives that travellers are responding
to, and those that have no effect. In particular, we focus on
the relation between usage and a number of features of the
pricing system in London that are aimed to trigger particular
travel and purchase behaviours.

Travel Cards: Encouraging Public Transport Usage
Oyster card users can choose to pay for public transport in
a variety of ways. As above, the first decision is whether
to purchase credit that will then be docked from their smart
card on a per-trip basis (pay as you go) or buy a fixed-price
pass that allows unlimited travel within a certain geographic
area over a specified amount of time (a travel card). Travel
cards may also be solely for use on buses or not restricted by
modality at all.

The most generic difference between pay as you go and travel
cards is that the former entails multiple (incremental) pay-
ments, while the latter requires a single payment followed
by unlimited use. Since an important concern for travellers
who use public transport is cost [2], the implications seems
to be that the purchase of a travel card not only reduces the

"http://blog.velib.paris.fr/blog/?p=318
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Figure 7. Examining the effect of pricing incentives: positive values indicate a higher proportion of travel card passengers, while negative values
represent a higher proportion of pay as you go passengers. Figure (a) shows that travel card owners will use buses more, Figure (b) reproduces the
2-spike commuting pattern and shows that pay as you go passengers tend to avoid peak-times, Figure (c) shows that pay as you go travellers who are

given free travel (capped) will travel more.

barrier to entry into the system (since, throughout the valid-
ity of the travel card, no further financial commitments need
to be made) but will also act as an implicit incentive to use
the system, in order for travellers to feel that their initial pay-
ment is well spent. Does a fixed fare, with unlimited travel,
encourage travellers to use public transport more?

To examine whether this incentive is reflected in the Oyster
data, we focus on bus usage. Buses are not the most popular
form of transit, and since they can be used for opportunistic
trips (where even walking may be a viable alternative), they
are most likely to show whether travel cards correlate with a
higher use of the system. Unfortunately, since buses only re-
quire travellers to use their smart card upon entry, we cannot
know how far each person travelled. The 100% dataset con-
tains a total of 172,286,012 smart card bus trips. We pruned
all of those which were taken with bus-only passes, leaving
115,173,544 trips. If travel cards were not an incentive to
use buses, then we would expect travel card holders to use
buses as much as non-travel card holders. More formally,
we were able to quantify, for each traveller, how many trips
she/he took in that month, and how many of them were taken
using pay as you go or a travel card. We binned the data by
number of trips; for each number of trips taken in the month
1, we have IV; p sy travellers on pay as you go and N; 7¢
travellers on travel card. We combined each pair of values
as follows:

_ Nyrc — Nipavac

= 1

Nirc + Nipave )
The normalised values V; will be —1 when all of the trav-
ellers are on pay as you go, +1 if all the travellers are us-
ing travel cards, and O if there is an equal number of each.
If travel cards were not an incentive to use buses, then we
would expect all of these normalised values to be zero. The
results, comparing number of bus trips taken in the month to
the normalised value, is shown in Figure 7(a). Not only are
none of the values zero, but there is a clear inflection point
(from pay as you go to travel cards) at 28 trips in the month
(an average of just below 1 bus trip per day): after this point,
the use of travel cards vastly exceeds the use of pay as you
go on the bus network.

Overall, in the data, 61% of bus trips and 75% of rail trips
are completed using travel cards. This is both evidence that
per-trip payment reduces the usage of public transport and
that low-frequency users of public transport will opt to pay
per-trip.

Peak Times: Discouraging Non-Commuters

The public transport authority in London has also imple-
mented time-varying fares: during week days, between 06:30
to 09:30 and 16:00 to 19:00, pay as you go fares are more
expensive (on rail services only). The change in price only
affects pay as you go users; those commuters who are trav-
elling with travel cards are exempt from fare differences be-
tween the peak and off-peak hours. The explicit rule is aimed
to act as in incentive for non-essential travel to be avoided,
in order to reduce congestion; this may couple with payment
since those who are less frequent travellers will (or poten-
tially should) be using pay as you go. However, as Figure
4(c) shows, the spikes in congestion remain unaffected by
this rule. Is there any evidence to show that non-essential
travel is being avoided (i.e., that this incentive works)?

As above, we can investigate the extent the smart card data
holds evidence of the effect of this incentive by grouping
travellers. The dataset contains 78,005,747 week day rail
trips. From these, we compute two vectors, counting the
normalised ongoing trips with travel cards and with pay as
you go:
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In this case, we performed the normalisation step first to ac-
count for the higher proportion of travel card trips that are
taking place. We then combine each pair, in order to see the
relative bias towards one fare type (pay as you go or travel
card) over the course of a day:

Vi=Ti - D 3)

As above, V; will be positive when all trips are taken us-
ing travel cards and negative when there is a majority of pay
as you go being used. If the variable fare structure did not
sway travellers’ decisions, then we would expect the com-



bined and normalised distribution to be close to zero at all
times (i.e., the balance between pay as you go and travel
cards would be roughly the same at all times).

First, recall that the two-spiked commuting pattern, the num-
ber of ongoing trips over time, was displayed in Figure 4(c).
The unnormalised vectors did already show that there are
more trips outside of peak hours using pay as you go. The
opposite is true for peak hours. After combining and normal-
ising the data, shown in Figures 7(b) (week days), this pat-
tern is highlighted even more clearly: by looking at the rel-
ative distribution over time of the fares that travellers use to
access public transport, which have, built into them, incen-
tives for peak and off-peak travel, we reproduce two-spiked
commuting pattern. The travel data clearly shows that peak-
fare pricing does not prevent peak-hours from being the most
congested: what these results show is that peak-fare pricing,
instead, guides travellers’ purchasing decisions rather than
their choice to travel.

Daily Capping: Switching to Free Travel

Pay as you go Oyster card usage is also subject to “daily
capping:” the amount of credit that will be deducted from
the traveller’s smart card will not exceed the equivalent price
of buying a daily travel card. In other words, once the cap-
ping threshold has been reached, travel throughout the rest
of the day is free. This switch from paid to free travel should
inherently act as an incentive to use public transport. For
example, travellers may opt to use a bus (instead of a car, or
even instead of walking) for short, opportunistic trips once
they have already reached their daily cap.

The 100% dataset contains 91,391,155 trips taken using pay
as you go. Of these, 90.37% are uncapped trips; travellers in
this fare group often do not reach the capping limit. How-
ever, if their behaviour were unchanged when they do, we
would expect to see a similar distribution of modality usage
across both groups. In the uncapped group, 54.83% of trips
are taken with buses. However, if we focus on the capped
group, the proportion of bus trips rises to 73.53%. Suddenly,
the usage of buses has become much more attractive.

We can examine this further by comparing the number of pay
as you go trips that a traveller makes throughout the month
with the proportion of those trips that have been capped (and
are thus free). We consider proportions of trips since trav-
ellers need to pay until they reach the cap. Therefore, if they
never do reach this cap (even if they still travel often) then
a low proportion of their trips will be free. By averaging
across all users we can see the trend that emerges across the
city. The results are shown in Figure 7(c), where the x-axis
denotes number of trips taken in the month and the y-axis is
the average proportion of capped trips. The pay as you go
travellers who are using the system the most are those who
are taking advantage of the free travel they have earned.

Students Do Not Purchase Discounted Fares

The 5% sample data we have contains 184,923 students,
identified by the type of Oyster card they use (note that TfL
has no requirement that students must have student cards).

Pay As You Go Proportion

= Student
~—Non Student

Proportion Pay As You Go

Figure 8. Comparing the number of trips taken in the dataset to the
proportions of trips by students and non-students that were made us-
ing pay as you go. Although students are offered discounts for travel
cards, even those who travel frequently use travel cards less than other
travellers.

This card is valid throughout their period of study, and al-
lows them to purchase travel cards at a discounted price (pay
as you go is not discounted). We have a total of 10,723,473
trips taken by the students, and 48,888,268 trips taken by ev-
eryone else. If students were unaffected by the prospect of
a discount for their travel card purchases, we would expect
the relative proportion of trips taken with each fare type to
be similar. However, we find that students slightly favour
pay as you go trips: 35.15% of their trips were credit-based,
compared to 31.88% of the pay as you go trips taken by ev-
eryone else (a difference of 3.27%). The data seems to show
that students are not attracted to buying discounted travel
cards.

We can deepen this analysis by comparing students and non-
students who have the same travel requirements, or make the
same number of trips in the dataset’s time period. As before,
if two people have the same high levels of travel require-
ments (expressed as number of trips in a given period) and
one is a student, the availability of the discount would seem
to imply that the student will be more likely to be using a
travel card. In Figure 8, we find that the opposite is true. By
plotting number of trips to average per-traveller proportion
of trips using pay as you go, we find that the students who
take a large number of trips consistently average more pay
as you go trips than everyone else.

The data thus suggests that students are, overall, not benefit-
ting from the discounts they are offered. There are a number
of potential explanation for this. For example, purchasing
a travel card requires a larger one-off payment than pay as
you go (even though, cumulatively, more may be spent on
pay as you go), and students may not feel to be in a finan-
cial position to commit to such a payment. The purchase of
a travel card may be unappealing for other reasons too: one
survey respondent commented that “as a student with a flex-
ible timetable, it isn’t always obvious whether a travel card
is a better deal than pay as you go,” while another stated
that “my travel habits change every semester depending on
courses.”

Summary: Evidence of Financial Incentives
In this section, we have observed how smart cards can mea-
sure the effect of incentives given to travellers. All of the in-



centives operated by TfL are financial: they balance a ticket
type (which has a cost) with an intended behaviour. How-
ever, we did not find that the former (ticket type or cost)
always affects the latter (travel pattern); in fact, in some
cases, the opposite is true. Furthermore, a number of re-
lations emerged:

Accessibility and Balancing Requirements. By allowing pas-
sengers to easily access the system (with a one-off payment
followed by unlimited travel), travel cards encourage higher
use of the system: this is particularly noticed by the sig-
nificantly higher proportion of bus trips that are taken by
these travellers (note that bus stops do not have facilities—
like train stations—to recharge Oyster credit).

Free Travel. As expected, those travellers who use pay as
you go but reach the daily capping limit (after which travel
is no longer charged for) are encouraged to, overall, use the
system more. This relates to research by Shampanier, Mazar,
and Ariely [15], who looked at the (often drastic) effect that
free, or the appearance of free, services have on the purchas-
ing options of customers.

Targeted Discounts. We found that not all students ben-
efit from discounts — due to the fact that the discounted
fares (travel cards) either do not match their travel require-
ments, which are often infrequent, or their budget of avail-
able funds. This observation once again highlights the rel-
ative importance of various travel requirements to different
travellers (and demographic groups).

DISCUSSION

The cornerstone of the analysis above is the rising adoption
of automated fare collection systems by public transport au-
thorities, which translates into an ever-increasing number of
travellers who carry passive sensors that record their travel
behaviours. Although our focus was on London (Oyster),
similar systems are in place in Beijing (Yikatong), Hong
Kong (Octopus), Washington D.C. (SmarTrip), and Seattle
(Orca), as well as many other cities around the world. Each
system is designed in a unique way, both in terms of fare
structure and geographic layout. However, the homogenis-
ing characteristic—the use of contact-less smart-cards—means
that all of these systems will be subject to similar analysis.

Although the main task of these smart cards has been to
act as a sensing device, to facilitate public transport access
and payment, these powerful sources of data now also have
the potential to become integral components of technologies
aimed at two different audiences: towards both the travellers
and transport operators. By being a source of long-term,
individual public transport usage data for an entire city of
commuters, these smart cards are powerful means of mea-
suring how people use public transport (to aide future sys-
tems’ design), how their perceptions reflect their actual us-
age (to build feedback applications), and the extent that they
respond to incentives that are designed to encourage public
transport usage (to measure the effectiveness of policy). In
the future, as means for secure access to this data are en-
abled, a variety of applications may be designed to leverage

it and help and promote urban mobility with public transport.
The effect of any introduced incentive will be quantifiable
using similar analysis on smart card data.

There are a number of dimensions of urban mobility that we
did not cover in this work and leave as future work; for ex-
ample, we did not investigate how users respond to or seek
travel information when disruptions or delays occur. London
also implemented a road congestion charge in 2003 (and ex-
tended it in 2007): drivers must pay a fixed fare to drive
into the centre of the city between 7AM and 6PM during
week days. Our Oyster data is from 2009 and 2010: ear-
lier samples of the data would indeed show whether drivers
were opting to leave their cars at home in exchange for a
commute by public transport. However, an important caveat
remains: reducing road congestion will eventually encour-
age travellers to return to their own vehicles [16]. The intro-
duction of shared bicycles in cities around the world?> now
presents the opportunity to also build applications that inter-
twine exercise, health, and mobility using public transport.

RELATED WORK

Mobility has been a central theme of research into ubiqui-
tous systems; an important theme in this area has been de-
tecting mobility and inferring human activity from mobile
phone data [17, 18, 19]. This data can then be leveraged to,
for example, build social event recommender systems [14]
or understand the design of a city via travel flows [20]. In
this paper, we argue that AFC data is equally important for
the design of future systems that will guide travel behaviour,
manage travellers’ individual needs, and provide incentives
for sustainable transport. AFC data has the added benefit of
not requiring an inference algorithm to operate on it (in order
to, for example, classify transport modality [19]): the data it-
self contains fine grained details of travellers’ behaviours.

Recent work has also examined how blind and deaf-blind
people use public transit systems [21]. AFC records are also
a rich, and non-invasive source of data about how this par-
ticular target group (along with all city residents who are
ineligible for car licenses) use public transport’.

The disparity between survey respondents’ reports and their
actual actions extends beyond transport contexts. Recently,
similar investigations into shoppers’ behaviours highlighted
that shoppers claim to be more ethical in their purchasing
choices than they actually are [22]. Our work is also part of
a growing literature on voluntary behavioural change relat-
ing to public transport usage [23], including mobile-based
solutions that visually represent the sustainability of trav-
ellers’ choices [2, 24]. Mankoff et al. [25] have also investi-
gated the role that social networks play in moulding peoples’
decisions. The most direct form of incentive that is often
built into mobile applications is based on earning rewards
for behaving in a specified way. Often, those rewards are
virtual: such is the case in the Ubigreen interface proposed
by Froehlich et al. [2].

For example, http://www.tfl.gov.uk/roadusers/cycling/14808.aspx
3See: http://www.freedompass.org



CONCLUSION

In this paper, we demonstrated how AFC records reveal hid-
den aspects of individuals’ behaviours. To date, research on
this data has focused on measuring the transport system’s
performance: in this work, we show how complimentary
analysis can be used to measure the needs and choices of
the system’s end users.

We first addressed mis-alignments between self-reported and
actual behaviour: we compared travel perceptions and smart
card data from 85 London residents, and uncovered a num-
ber of differences that pave the way for future feedback-
based travel applications. Many respondents were already
using public transport more than they claimed to; we also de-
termined that travel regularity is related to destinations and
time of travel rather than the amount of travel. We also ex-
amined the extent that travellers (a) use modalities and (b)
take trips from stations that they do not include in reports of
their typical behaviour.

We then examined the extent that smart cards can be used
to measure travellers’ responses to various incentives, by
comparing behavioural patterns with TfL’s cost-related in-
centives. We showed that students do not tend to buy the
discounted fares, and that switching to free travel does in-
deed encourage a higher use of the system. More generally,
these results demonstrate that AFC data is a powerful too for
measuring the success or failure of travel incentives.
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