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Abstract

For passenger rail operators worldwide a common concern is to
better understand and improve passenger experience. Based on
factors including train movement times and crowding, the
Journey Time Metric and Disutility Metric can be used to
quantitatively assess the journey experience of individual
passengers. However an assessment of overall network
performance is also desirable. This paper presents a whole-
network assessment metric that captures passenger experience
by aggregating and normalizing individual journey
assessments. The newly developed metric is validated against
customer satisfaction data measured in passenger surveys of the
London Underground Limited Victoria Line with a statistically
significant correlation (P<0.005) between the predictions and
the measurements. It is found that there is a high degree of
correlation (p=1.00, P<0.005) between the network scores
calculated using the new whole-network assessment metric
with either the Journey Time Metric or Disutility Metric despite
their different formulations and countries of origin. Through
development of the new metric it is identified that many
commonly used network assessment metrics (e.g. Public
Performance Measure and the end-to-end journey time of
passengers) are insensitive to crucial aspects of passenger
experience. The newly developed metric could be used by rail
operators to better select strategies for improving passenger
experience.
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45 Highlights

46 e A new whole-network assessment metric is developed
47 to capture passenger experience by aggregating and

48 normalizing individual journey assessments.

49 e Two different passenger journey assessment metrics of
50 different international origin are compared.

51 e The new whole-network assessment metric is validated
52 against measured data from the London Underground
53 Limited Victoria Line.

Nomenclature

1) — individual passenger journey score*

Y — distribution of passenger journey scores
¢ — network score*

I — number of states in a passenger journey

i — counter for enumerating sequence of states
t; — time passenger spends in their i state (seconds)
Q1 — Value of Time weighting function*

a; — passenger journey stage of i state®

B; — vector describing conditions of passenger’s i state*
& —number of passenger train changes

w — crowding penalty function*

6 — number of passengers on train

Omax — train maximum capacity

y —train crush capacity

1 —number of seats

1 — crowding factor

cq to ¢3 — constants

k, to k, — constants

R — number of passengers

d, — distance travelled by " passenger

T — Kendall Rank Correlation Coefficient B*

* Values specific to a metric are indicated with the superscript text: JTM or DM

54 1 Introduction

55  With demand for rail travel having doubled in the last 20 years
56  (Davis, 2018) and 40% more passengers predicted by 2040

57  (Carne, 2018), rail travel has an increasingly important role to
58  play in meeting the passenger journey needs of Great Britain
59  (GB). To fulfil this role the rail industry Technical Leadership
60  Group (2017) set targets for the GB network that included
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“improving [the] customer experience” of passengers. The
experience of passengers and their satisfaction is also a network
performance indicator for other rail networks internationally,
e.g. across Europe (TNS Political & Social, 2013) and in Japan
(Kunimatsu et al., 2012). Traditionally, however, rail networks
have been assessed with train-focussed metrics. For example,
the GB industry standard Public Performance Measure (PPM)
describes the percentage of services that arrive at their final
destination within five minutes (ten for long distance trains) of
the timetabled time, this metric having no sensitivity to the
effect on passengers if the train arrives late at intermediate
stations, or to the comfort of their journey. In this paper a new
method is developed which combines assessments of individual
passenger journeys, i.e. journey scores, for all passengers in a
network to give a network score that quantifies the experience
of passengers. In a case study relating to the Victoria Line of
the London Underground Limited (LUL) network, the whole-
network assessment metric is validated against measured data
from passenger surveys surmised by LUL (2018a).
Furthermore, international comparison is made when the
whole-network assessment metric is used with individual
passenger journey assessment metrics from different countries
of origin. The developed whole-network assessment metric will
allow operators to provide a parameter summarising overall
network performance from the passenger perspective, enabling
this to be effectively optimised.

2 Metrics to assess networks

The aggregate of passenger end-to-end journey time has been
used as a metric to assess network performance, for example by
Vuchic and Newell (1968), Chang et al. (2000) and Cacchiani
and Toth (2012). However, there is evidence that end-to-end
journey time does not fully capture the passenger experience.
For example, Susilo and Cats (2014) show that, for public
transport travellers, factors such as station environment, ease of
transfer, service frequency and safety are significant
determinants of passenger satisfaction. Because Chen and Chen
(2010) describe customer satisfaction as being affected by
customer experience, in the current paper it is assumed that the
satisfaction of a passenger is an indicator of their experience,
and the effect of other factors such as ticket pricing is
disregarded. Consequently, in the current paper, decreasing
passenger dissatisfaction or disutility and increasing passenger
satisfaction are considered to be equivalent to “improving
passenger experience”. The disconnect between passenger
journey time and passenger satisfaction is evident in the results
of a rail passenger survey by Transport Focus (2016) which
showed that journey time has a smaller influence upon
passenger satisfaction than punctuality of the service or
cleanliness. Therefore, to better capture passenger satisfaction
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it is necessary to quantify a passenger journey in greater depth
than journey time or punctuality alone.

2.1 Describing a passenger journey with stages

A passenger journey can be modelled as the combination and
repetition of specific activities, i.e. stages. For example, Wang
et al. (2015) state that a passenger journey can be well
represented with the stages: walking into and out of a station,
waiting on the platform, riding on a train and transferring
between platforms. However, they do not take into account the
relative impact of time in each stage upon the whole passenger
experience. Vansteenwegen and Van Oudheusden (2007) and
Sels et al. (2016) describe a passenger journey using two stages
(“In Station” and “On Train”) and capture the varying impact
of time in different stages by weighting these times with a
different Value of Time (VoT). The VoT concept has been
developed in Transport Economics and describes, in monetary
terms, the disutility experienced by a passenger over a time
period. It can be thought of as the price a passenger would pay
to reduce their travel time by one unit, hence a greater VoT
indicates a worse experience for passengers. As well as being
sensitive to the journey stage of a passenger, a VoT can be
sensitive to the mode of transport, journey purpose and
distance, for example having different values for travel by car,
bus, train or other public transport (ARUP et al., 2015).
Wardman (2004) showed that the VoT is sensitive to the
activity of the passenger, and Vansteenwegen and Van
Oudheusden provide values showing that passengers rate 1
minute of waiting in a station to be equivalent to 2.5 minutes on
a moving train. By modelling the amount of time passengers
spend in both of these stages and weighting it by the VoT for
each stage, Vansteenwegen and Van Oudheusden create a
network assessment metric which can capture the relative effect
on passengers of time savings in either stage. However, their
metric does not capture the effect of crowding (i.e. the number
of passengers on a train relative to the number of seats and
standing space) which can reduce the personal space and
comfort of passengers, causing additional disutility and hence
increasing the VoT.

Horowitz (1978) showed that, as well as the journey stage, the
“environmental conditions” that a passenger experiences during
a stage (referred to as conditions in the current paper) affect the
VoT. Horowitz considered weather conditions, that are not
considered here, but also standing vs seated travel and
crowding levels. Models to quantify the effect that crowding
has upon the VoT have been developed for example by
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Wardman and Murphy (2015) and Qin (2014). Two metrics
developed in different international systems to assess individual
passenger journeys across journey stages and crowding levels
are the Journey Time Metric (JTM) and the Disutility Metric
(DM).

The JTM has been developed by LUL and shared with the
authors by private communication, the most informative
accessible documentation being the investigations of Chan
(2007) and Hickey (2011). It describes passenger journeys
using five stages “Buying Ticket”, “Moving Through Station”,
“On Platform”, “On Platform (Left Behind)” (where a
passenger has not been able to board a suitable train because it
is overly occupied) and “On Train”. The effect of crowding
conditions are considered in the “On Train” stage by modifying
the VoT with a crowding penalty that is dependent on the
number of passengers, train capacity and seats. The DM has
been developed in Japan and is documented in English by
Kunimatsu et al. (2009, 2012). It takes a similar approach to the
JTM, but resolves a journey using two stages (“On Train” and
“In Station”) with weightings different to those used by the
JTM. Similar to the JTM, the DM applies a crowding penalty
for passengers in the “On Train” stage that is sensitive to the
same factors as the JTM crowding penalty, however a different
formula is used. The DM is used again by Kanai et al. (2011) to
assess individual journeys as part of a network assessment
metric used in a decision support tool for delay management.
They discuss different methods of combining journey scores
into a network score, however none of their methods normalize
for the distance travelled by passengers, meaning that networks
providing shorter journeys could compare favourably against
networks providing longer journeys.

Moving from individual journey to network metrics, Ali et al.
(2017) predict network performance by combining journey
scores calculated using an individual journey metric with
similarities to the JTM and DM. The network metric is
demonstrated to predict observed simple qualitative
relationships between timetable features and network
performance, e.g. fewer train services result in worse network
performance as determined by their metric.

The JTM, DM and the metric described by Ali et al. are the
only metrics, found for this review, to capture the multi-stage
nature of passenger journeys and weight the time spent in each
stage including the effect of crowding. They therefore capture
individual passenger journeys in more detail than the other
metrics identified here which consider journey stages or
crowding only. However, the parameter values used within the
metric of Ali et al. could not be retrieved so this is excluded
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from further analysis. To the best of the authors’ knowledge, no
publicly available documents describe the validation or
comparison of the JTM and DM, or network assessment
metrics based upon them. This gap defines the targets of this
paper, to make a comparison of the JTM and DM methods, and
to develop a validated network metric based upon them.

3 Network assessment metrics that capture

the passenger perspective
To assess a rail network we evaluate individual passenger
journeys and examine the distribution of experiences. To
evaluate modelled passenger journeys, we introduce the term
state to describe a specific combination of journey stage and
conditions. A passenger journey is decomposed into a sequence
of states as shown in Figure 1, which illustrates an example
four-state passenger journey. Shading is used to indicate which
journey stage the passenger is in (“On Train” or “In Station”).
Crowding is only considered in the “On Train” stage and text is
used to indicate this. The markers to to t4 indicate the times at
which the passenger changed state. At to, the passenger enters
the origin station, at t| the passenger boards their train. At t, the
train stops at an intermediate station where more passengers
board making it crowded. The passenger journey stage does not
change, but the state does. At t3 the passenger reaches their
destination station and exits at t4. The number of states in a
passenger journey, /, is variable dependant on the journey and
we use the counter, i, to enumerate the sequence of states, i = 1,
2,... L

Time — —
to t, t, ts t,

State: ‘ Uncrowded ‘ Crowded l

Key
= In Station - =0On Train | Conditions (if any)

Figure 1 — An example passenger journey decomposed into four states. The journey
is described with two stages: On Train and In Station. The shading of the state
indicates the stage. Text is used to describe the conditions of the state. The markers
to to t4 relate to the times when the passenger changed state.

The sum of VoT weightings across all states of a passenger
journey can be used as an individual journey score. The
following section describes how this is calculated when either
the JTM or DM is used. The following section also compares
how the JTM and DM calculate the crowding penalty. Section
3.2 then describes how the distribution of journey scores is
evaluated to give a network score.



247
248
249

250

251

252
253
254
255
256
257
258
259
260
261
262
263
264

265

266

267
268
269
270
271
272

273
274
275
276

Page |7

3.1 Calculating an individual journey score
A journey score calculated using the JTM is computed from the
formula:
i=I
l/)]TM — Z tiQ]TM(ai]TM»ﬂi]TM» w]TM)

i=1
(1

Where 1) denotes the journey score, t;, the time (in seconds)
spent in the i state, Q, the VoT weighting function, a; and f3;,
respectively the journey stage and conditions of the passenger’s
i state and w the crowding penalty function. P (given by
(2)) is calculated similarly to /™ but has an additional term
to capture the relative disutility experienced by passengers
changing train with a parameter for the number of times a
passenger must change trains, &, and a weighting factor, k. A
value of 600 is used by Kunimatsu et al. for k;, meaning that
each train change has an associated disutility equivalent to 10
minutes (600 seconds) travelling on an otherwise unoccupied
train. Table 1 provides the other parameter values for each

metric.
i=I
YoM = ) QPN (@PM, B, 0PM) + e
i=1
)
| 2 3 4 5
DTSR (08 On Train On On Moving  Buying
Platform Platform Through Ticket
(Left Station

Behind)

A S S

Pt/ 2 |
On Train In Station

T 3

Table 1 — The VoT weighting, (, for both metrics dependent on the journey stage, a,
of a passenger’s i" state. A description of the journey stage relating to a is also
shown. The VoT weighting for the On Train state is dependent on a crowding penalty
function, w, calculated using the conditions of the state, B. For the JTM, these
values have been shared with the authors by personal communication and for the
DM they are taken from Kunimatsu et al. (2012).

Table 1 shows the relative weighting both metrics put on each
state (a lower value of () indicates a better passenger
experience) and that the JTM describes a journey using five
journey stages whereas the DM uses two. Both methods
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consider crowding only when passengers are in the “On Train”
journey stage. The JTM crowding penalty, w/™ , is determined
with the formula given by (3) using values given in Table 2.

0, §<u

w/™ = §—u ou—u
C1+C2 ]/ _C3

’ f <6 < Omax

3)
Where § denotes the number of passengers, i, the number of
seats on the train, 6., the maximum passenger capacity, v,
the crush capacity and c¢; to c; constants. The crowding penalty
formula given by (3) has been shared with the authors by
personal communication from the Transport Planning
department of LUL (Kelt, 2015). The second term of (3)
captures the number of standing passengers relative to the crush
capacity of the train and the third term captures the effect of
seated passengers also. The value of y describes the theoretical
maximum number of people that can fit into the train assuming
seven passengers per square meter of standing floor space.
However, LUL have determined that the practical maximum
capacity of a train is less than y and under “normal operating
conditions” the value of 6,,,4 is defined as 71% of y. The DM
crowding penalty, wP, is determined with the formula given
by (4) and requires computing the crowding factor, 17, given by
(5). The constants k, to k7 and ¢, to c3 are shown by Table 2.

k,m, n<1
wPM = ksn — ky, 1<n<15
ksn — ke, 15<n<2
4)
k)6
"7 Bax
(5)
Name | ¢i 2 c3 k> k3 ka ks ke | kr
Value | 0.85| 1.915 | 1.03 | 0.027 | 0.0828 | 0.0558 | 0.179 | 0.2 | 2

Table 2 - Constant values used to calculate the crowding penalty, '™ and oM, in

(3) and (4). For the JTM, these values have been shared with the authors by
personal communication and the DM constants k,to ks are taken from Kunimatsu et
al. (2012). The value of k7 is informed by Nippon (2018).

The values of ¢; to ¢ have been derived by LUL and shared
with the authors by personal communication (Kelt, 2015). The
values of k, to k¢ are listed by Kunimatsu et al. (2012).
Although Kunimatsu et al. do not explicitly define 1, they
describe it as the “congestion rate of the train”, therefore it can
be inferred as being proportional to § /6,.x- However because
Nippon (2018) report the largest crowding factor (1) observed
in Japan during 2017 as 2 (relating to when “bodies come into
contact with each other and one feels considerable pressure”),
the scaling factor k- is introduced into (5) and given a value of
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2. The values of u, 6.4 and y are rolling stock specific and are
defined by LUL for each fleet. For the LUL 2009 rolling stock

(used on the Victoria Line and the subject of this investigation)
their values are 288, 730 and 1028 respectively (Kelt, 2015)

Figure 2 compares w’/™ and wPM on the y-axis for varying
number of passengers (J). The number of seats on the train is
shown by a vertical dashed line and reflects that when § < p,
the JTM does not apply a crowding penalty. A crowding
penalty is applied by the DM even at this level of occupancy,
but it is small in comparison to the minimum VoT weighting
for passengers in the “On Train” journey stage (the dash-dot
horizontal line). When § > u, the JTM applies a crowding
penalty that is 4 to 8 times greater than the DM crowding
penalty. For both metrics, the crowding penalty is always less
than the minimum VoT weighting for the “On Train” stage.
Both the JTM and DM models of crowding assume that
passengers are homogenously distributed throughout the train
and that passengers will always find and occupy a seat if one is
available. Although this may not be realistic, it is the same for
both models so the comparison is like-for-like.

The VoT weightings (in Table 1) and crowding penalty
function for the JTM and the DM have been derived for the
LUL network and Japanese railway respectively. It is therefore
expected for these values to capture local preferences and
expectations.

T T ‘ T T T T T
[
1 I
\
[
\
[
0.8 r \ p
[
o \
£ — JTM
506F |,.... DM
2 w
= Minimum VoT for On Train stage
|_
o ———0=pu
> 04+ ‘ a
[
\
[
0.2+ | 1
| ‘.-“‘
U — sonnzngrenecnet . . . .
0 100 200 300 400 500 600 700

Figure 2 - The crowding penalty, w, applied by the JTM and the DM for different
numbers of passengers, o, in LUL 2009 rolling stock up to its maximum capacity.
The number of seats, 1, is shown by a vertical dash line. The minimum VoT
weighting applied by both metrics to passengers that are in the “On Train” stage is
shown by a horizontal dash-dot line.
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3.2 Calculating a network score from journey scores
Networks provide journeys for multiple passengers so there is a
distribution of journey scores. To improve the network
assessment metric and ensure that journey scores only capture
the quality of the service provided to the passenger by the
network (and not the distance of the passenger journey which is
a passenger choice), we normalize journey scores by the
distance travelled. This allows like-for-like comparison of
journey scores within the distance-normalized journey score
distribution, ¥, given by:

Y1 Y2 Yr

Y= [dl,dz,....,dR]

(6)
Where 1, and d,. respectively denote the journey score and
distance travelled relating to the 7 passenger and R the number
of passengers. Different features of ¥ can be used to provide
the network score, ¢, for all R passengers conveyed. Although
we wish to capture the effect of passenger numbers upon
crowding, we also wish the network score to be independent of
the number of journey scores within W. Consequently, an
additional passenger-number normalization step is included so
¢’™ and $pPM are defined by:

¢ =
(7)

Beyond this network score the characteristics of the distribution
of W can offer additional insight. For example, an operator
wishing to examine the consistency of their service to
passengers taking different journeys may evaluate the range of
Y in addition to ¢. In the current paper we focus primarily on
¢ to study quality of service provided to all passengers within
the network.

4 Validation and comparison

To validate the network assessment metric, ¢ values are
calculated using either the JTM or DM (¢p/™ or ¢pPM) for the
Victoria Line of the LUL network. For the same network, a
network score is determined from measured Customer
Satisfaction Survey (CSS) data, ¢p“5. The predictive values of
¢’™ and $pPM are compared against the measured ¢S5 values
and the correlation between their changes relative to a baseline
year is quantified. The predictive values are then compared to
each other to determine a relationship between the network
assessment metric when either journey score metric is used. To
calculate ¢p/™ and ¢PM data describing the network operation
was combined with data describing the passenger load and
captures the effect of varying timetables and passenger loads
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over ten years. For the Victoria Line in the period investigated,
the formation, length and interior layout of rolling stock remain
constant, therefore the frequency of trains (determined by the
timetable) has the greatest effect upon the passenger carrying
capacity of the network. Decreasing the speed of trains on a
line slows travel but also reduces headway with potential to
decrease intervals between trains, so typically there is a trade-
off between journey times and frequency. To meet increasing
demand for travel, minimise crowding and generate more
revenue, whilst maintaining competitive journey times against
other transport modes, there is a pressure on LUL to balance
this trade-off when updating their timetable.

4.1 Data sources

The data sources used in this investigation are: Victoria Line
Working Timetable (WTT) numbers 31 to 41 (London
Underground Limited, 2007, 2009, 2011, 2012a, 2012b, 2014,
2015a, 2015b, 2016b, 2016¢, 2017), Access, Egress and
Interchange (AEI) data provided by LUL (2016a), the
Performance Data Almanac (PDA) (London Underground
Limited, 2018a) and the Rolling Origin Destination Survey
database (RODS) (London Underground Limited, 2018b). In
the following section, the data is described in more detail.

4.2 Input data

The network operation data is taken from the WTTs and the
AEI data. For each day, the WTTs provide the average train
frequency and interstation run times for the three weekday
operational periods on which our investigation concentrates:
Morning Peak, Midday Off Peak and Evening Peak. Later
operational periods are excluded because their timings are not
consistent between the WTTs. The effect of this exclusion is
unlikely to be significant because observing the RODS
database indicates that this period is when the fewest
passengers travel and so it has the least weighting on the
network score. Weekends and holidays are not considered
because they are more likely to be affected by events (e.g.
sporting events or planned line closures for maintenance works)
that affect passenger experience but are not captured in all the
input data sources. The operational pattern described in the
WTT is applied for every day the timetable was in effect (LUL
update their timetable irregularly, but the date of introduction is
provided be each WTT). The WTTs also provide the distance
between adjacent station pairs. The AEI data describes the
passenger travel time from station door to platform and vice
versa, and platform to platform. The AEI data available relates
to every four week period of the year beginning 2011 (the LUL
reporting year begins on 1% April), over which the year mean is
2.23 minutes. Because data is only available for one year, this
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is applied for all years of the investigation, implicitly assuming
that personal mobility within the station remains constant over
this period.

The passenger load data is a combination of two data sources:
the PDA and RODS. RODS provides the proportion of
passengers included within the database that travel between
adjacent station pairs in an operational period, i.e. line section
loadings. However, this data does not describe whole
passenger journeys (i.e. an origin and destination with any
transfer stations). The PDA provides the total number of
passengers travelling on the Victoria Line each year, and the
quarterly CSS data. To collect the CSS data, LUL use
questionnaires to ask approximately 2,500 passengers per
quarter to rate, on a scale of 1 to 10, their satisfaction with their
travel on the line of the last leg of their journey. The mean of
the ratings is then multiplied by 10 and reported for each line
by LUL.

4.3  Methodology

To calculate ¢/™ and ¢pPM, the line section loading data was
scaled by the yearly passenger numbers data and used to
disaggregate the journeys of passengers who travelled further
than the station adjacent to their origin, into a series of journeys
between adjacent station pairs. For each operational period
(Morning Peak, Midday Off Peak and Evening Peak) and line
section, the number of passengers per train was calculated by
dividing the number of passenger journeys in that period by the
number of trains. Where demand for travel exceeded provision,
the excess passengers were modelled as being “left behind” by
one train before catching the next. The frequency of trains was
used to determine the total passenger time spent in the “On
Train”, “On Platform” and “On Platform (Left Behind)” stages.
The journey score metrics were used to calculate the VoT
weighting for these states. To avoid over-counting, the AEI
time and weighting was only applied twice for each whole
passenger journey defined by the PDA data rather than the
RODS data. The “Buying Ticket” journey stage was
disregarded because the use of pre-paid travel cards (“Oyster”
cards) and contactless payment at ticket gates is common for
this network. For example, in 2012 Oyster cards were used for
over 80% of public transport travel in London (Transport for
London, 2012). The inter-station distances were multiplied by
the line section loadings so that the aggregate of the VoT
weightings could be normalized by the total passenger distance
travelled. This analysis was conducted for the Morning Peak,
Midday Off Peak and Evening Peak operational periods of
every weekday and was dependent on the daily timetable and
yearly number of passenger journeys. To calculate the network
score for that day, the values from the three operational periods
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of the day were summed. The year value was calculated as the
mean of the year’s day values. This process is illustrated by
Figure 3 which shows ¢/™ , ¢PMand ¢S5 being calculated for
corresponding years so that comparison is like-for-like.
Because the CSS data is already normalized for passenger
numbers and distance travelled, it is not relevant to normalize

¢SS using (7).

e Working timetable

e Access Egress Interchange data

e Passenger load

A 4

e Passenger seconds in each state

e Mean number of passengers on each train

A 4

Network assessment metric

A 4

Operational period ¢/™ and ¢°M

A 4

Y d!/™ and Y ¢PM over all
operational periods

A 4

Day value ¢/™ and

¢DM

A 4

Calculate for every day
of the year

Mean of day values

A 4

Performance Data
Almanac

A

[

Quarterly ¢p¢55

\

A

Mean of quarterly values

A 4

/ Year value ¢/™ and ¢pPM /\A‘// Year value ¢S5 /

501
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503
504
505
506

507
508
509

Compare

Figure 3 - The method for calculating the measured network score, 55, and
predicted network score using the Journey Time Metric or Disutility Metric, /™
and ¢PM respectively, from the Working Timetable (WTT), Access Egress and
Interchange (AEI) data, passenger load data and Customer Satisfaction Survey

(CSS) data.

4.4 Results

Figure 4 enables comparison of ¢p55 with ¢/™ and ¢pPM, and
also presents data where no distance or passenger normalization
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is applied, ¢/ (UN) and ¢pPM (UN)_ for the years 2008 to 2017.
The number of passengers, R, is also included in the plot.
Upward-pointing bars with values displayed on the left ordinate
are used for ¢35, while /™ (UN) /DM (UN) = hJTM apd ¢pPM
are represented by downward-pointing bars with values
displayed on the right ordinate. Because the prediction metrics
measure dissatisfaction and ¢ measures satisfaction, the
right ordinate is inverted. A positive change in the vertical
position of a bar-top for ¢S5 indicates a “better” performing
network. R is also represented by markers with values
displayed on the right ordinate. To allow comparison of relative
changes on different scales and using different units, all series
have been normalized against their 2008 value.

It can be seen that over time, in general, the measured network
scores (¢¢5%) indicate improving network performance, with
rising values relative to 2008. In general, this behaviour is
successfully predicted by ¢/™ and ¢pPM. However, ¢p/™™ (UN)
and ¢pPM (UN) predict deteriorating network performance and
correlate with the increasing passenger numbers. It should be
noted that, whilst the prediction metrics appear to give equal
scores in 2008, this is because of the series normalization
process. The importance of normalizing the predictive values
by passenger numbers and distance travelled is clear if the
metrics are to be compared over time.

ElCssSIg. ™™ (UN) DM (UN)illoTMCIDM @ R

R

Ragos

and

¢DM

¢JTM

$PM(UN)

&/ TM(UN)

Year beginning
Figure 4 - Bar chart to compare predicted and measured network scores for
different years and different prediction methods. Measured customer satisfaction
scores, 55, are shown by the left ordinate. Predictions using the Journey Time
Metric, '™, Journey Time Metric with no distance or passenger normalization,
/™ WUN) - Disutility Metric, pPM, and Disutility Metric with no distance or
passenger normalization, P YN, are shown by the right ordinate which has been
inverted. The right ordinate also displays the number of passengers, R. All values
have been normalized against the corresponding 2008 value.

To investigate the importance of applying VoT weightings to
different passenger states, Figure 5 enables comparison of

PSS, p/™ , pPM and a simple end-to-end journey time, ¢EE.
To ensure like-for-like comparison, ¢pEE has been normalized
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for passenger numbers and distance. The ordinates are similar
to Figure 4 with the right ordinate now displaying ¢
normalized against the 2008 value. To quantify the level of
agreement between predicted and measured performance,
Kendall’s rank correlation coefficient B, 75, is calculated
between the series of ¢S5 with each series of: /™, $PM and
¢EE. For the series of ¢S5 with ¢/™ and ¢S5 with ¢pPM a
value of -0.82 (P<0.005) is found (-1.0 indicates perfect
(negative) correlation between prediction and measurement and
0 indicates no correlation). For the series of ¢p55 with ¢pEE a
value of -0.73 (P<0.005) is found, indicating worse correlation
and that network assessment metric is improved by
representing a passenger journey as a series of states and
applying weighting to these.

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

Year beginning
Figure 5 - Bar chart to compare predicted and measured network scores for
different years and different prediction methods. Measured customer satisfaction
scores, ¢35, are shown by the left ordinate. Predictions using the Journey Time
Metric, '™, Disutility Metric, M, and end-to-end journey time, pFE, are shown
by the right ordinate which has been inverted. All year scores have normalized
against the 2008 value for the corresponding metric.

To explore the importance of the crowding penalty Figure 6
enables comparison of ¢p/T™ and ¢pPM against the case where
no crowding penalty has been applied in the calculation,

P/™ (NO) and pPM (NO) | The y-axis displays the raw values of
¢, i.e. they are not normalized against the 2008 value. To
determine what proportion of the network score is contributed
by factors other than the crowding penalty, the value of

¢ N /¢ is calculated. For the JTM and DM series
respectively, a mean value of 0.91and 0.99 is found both with a
standard deviation less than or equal to 0.002. This behaviour is
discussed in Section 5.
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MR TV T™M (NC)[TIoM MM (NC)|

0.05

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

Year beginning
580 Figure 6 — Bar chart to compare the predicted network scores, ¢, for different years
581 and different prediction methods. Predictions using the Journey Time Metric, '™,

582 and the Disutility Metric, M, are compared against the case where no crowding
583 penalty is applied, pI™ N and ¢pPM NO respectively.

per passenger)
o o o
o o o
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<

584  Figure 7 plots ¢PM against ¢p/T™™ for the data from the years
585 2008 to 2017. The strong linear relationship of the data

586  (p=1.00, P<0.005) suggests that, in general, similar changes in
587  network performance are predicted by the JTM and the DM. A
588  linear fit to this data shows a gradient of 1.013 (95%

589  confidence bounds of 1.012 and 1.015). The intercept has been
590  forced to the origin because both metrics are zero under the
591  same condition: when no passenger time is spent in the

592  network. The gradient implies that ¢/™ is consistently

593  approximately 1.3% greater than ¢p°™, but both are reacting
594  consistently to external change over the period investigated.

595

0.042

O  Predicted values
Fit

0.035

¢JTM (VoT weighting per metre
per passenger

0.028 ! )
0.028 0.035 0.042
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596 per passenger

597 Figure 7- The relationship between the ten network score predictions for the
598 Victoria Line from 2008 to 2017. The fit has an intercept forced to the origin and a
599 gradient of 1.013.
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5 Discussion

The results in Figure 4 indicate that, to successfully predict
behaviour of ¢p55 it is necessary to normalize the network
assessment metric by the number of passengers and the
distance they travel. In this investigation, the ratio between
different line section loadings remains constant for all years
therefore the value of R plotted in Figure 4 represents changes
to passenger numbers and distance travelled. Consequently, the
results in Figure 4 show that without passenger numbers and
distance normalization, the predicted network scores become
sensitive to both. This effect is unwanted therefore including
passenger number and distance normalization within our
network assessment metric is supported.

Choosing a typical significance level of 0.005, the results
shown in Figure 5 are statistically significant evidence that the
null hypothesis (that predicted and measured data are
uncorrelated) can be rejected. Although the choice of
significance level is arbitrary (Wasserstein and Lazar, 2016),
considering the JTM and DM have been developed from
empirical studies of passenger preferences and there is evidence
that end-to-end journey time influences passenger experience
(Transport Focus, 2016), we choose to accept the alternate
hypothesis that there is correlation between CSS data and

predictions with our network assessment metric when using the

JTM, DM or end-to-end journey time. Because 7/ " and 3™

are closer to -1 than 75, these results suggest that using our
network performance metric with the JTM or DM better
predicts relative changes to the CSS data than using end-to-end
journey time. However, observing tables calculated by Walker

(2016) indicate that even the 80% confidence intervals of

™ BM and tEF are too large to determine a statistically

significant difference between the values of Tl];TM, 2M and tZE.
To determine a statistically significant difference by reducing
the confidence interval without altering the significance level,
more years of data for comparison are needed in the series of ¢.
It is unsurprising that 7" and 75 do not equal -1.0 because,
in this study, ¢/™ and ¢$”M do not capture the effect of some
factors, beyond the timetable and passenger load, which may
affect p©55, e.g. delayed trains. Our network assessment metric
using the JTM or DM can capture the effect of some of these
other factors, but the limitation of data available to this study
means that they are not well captured by the model of network
operation used. Similarly, because of factors such as survey
design and implementation, the CSS data may not fully capture
influencers to passenger experience that distinguish ¢p/™, ¢pPM
and ¢EE | e.g. if the surveys were not conducted during times of
high travel demand the effect of crowding will not be well
captured. Consequently, not being able to determine a
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statistically significant difference in the accuracy of ¢p/™  $pPM
and ¢EE might also be a limitation of the measured CSS data.

Section 3.1 describes that for low passenger numbers, ¢/™ is
insensitive to crowding (because no crowding penalty is
applied), whereas ¢pPM is. However when some passengers are
standing (the normal operating regime for many GB services,
e.g. 70% of services into London St. Pancras during the
morning peak (Peluffo, 2018)), /™ will be more sensitive to
crowding than ¢p°M because it applies a crowding penalty four
to eight times greater. This is confirmed by the results of Figure
6 which demonstrate that the contribution of the crowding
penalty to the network score is on average 9% and 1% for the
¢’™ and pPM respectively. Section 3.1 also describes that the
DM applies a greater VoT weighting than the JTM to
passengers who are “In Station”. Because the VoT weightings
of the JTM and DM have been derived from surveying
passengers, this may reflect local differences in passenger
expectations where the metric was developed. For example,
when used in our network assessment metric the JTM
(developed in London) penalises crowding more and delay on
the platform, less, than the DM (developed in Japan). This
suggests that when considering a specific network, it is
important to ensure the use of VoT weightings relevant to the
passengers of that network. However, the similarity of the
¢’™ and ¢pPM values in the results indicate that the difference
in weightings placed on different passenger journey states
approximately cancel out (for the study network in the years
investigated). The results in Figure 7 show a high degree of
correlation (p=1.00, P<0.005) between network scores
calculated using the JTM and network scores calculated using
the DM, despite their different formulations and countries of
origin.

Considering all the results together suggests that using our
newly developed network performance metric with the JTM or
DM can be used to predict network performance from the
passenger perspective, and successfully aggregates across
passenger states to capture effects such as crowding and
different journey stages. There is evidence that the network
assessment metric, using either the JTM or DM, better predicts
changes to customer satisfaction than end-to-end journey time.
Because the JTM, CSS data and network operation data are all
related to LUL, this result might be considered special to this
case where there is a “closed-loop” between metric and
validation. However, the DM has no connection to the LUL
data but is demonstrated here to achieve similar outcomes. This
indicates the result is not special to the “closed-loop” case.
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6 Conclusions

Passenger journeys are multi-stage and the conditions of a
journey stage, e.g. crowding when on a train, can vary. We
have introduced the term “state” to describe a specific
combination of stage and conditions. A passenger journey can
be described as a series of states and the literature has shown
that the relative time spent in each of these will have different
effect on the overall experience of the passenger. Measuring the
passenger end-to-end journey time alone, or the train
punctuality at final destination (as used in the common UK
performance measure, PPM) will not capture this. The JTM and
DM are journey assessment metrics that can capture individual
journey experience by applying a VoT weighting to time spent
in each state. Both metrics sum the weighted time spent in each
state, but they use different weightings, journey stages and the
DM applies an additional penalty for train changes. Both apply
a crowding penalty to capture the additional disutility caused to
a passenger when traveling on a train with other passengers.
For networks operating in the regime where some passengers
cannot find a seat, the crowding penalty applied by the JTM is
four to eight times greater than the DM. In this regime, the
assessment of network performance using the JTM is more
sensitive to crowding than when using the DM. Both the JTM
and the DM can be used as part of a network assessment metric
we introduce where the network score is taken to be the
aggregate of journey scores normalized by the distance
travelled and the number of passengers. It is found that, for the
Victoria Line of the LUL network from 2008 to 2017, there is a
high degree of correlation (p=1.00, P<0.005) between the
network scores calculated with the JTM and network scores
calculated with the DM, despite their different formulations and
countries of origin. Extending the number of different networks
in this comparison is an area for future work, to determine if
this result is network-specific or general.

When comparing network scores against measured values of
customer satisfaction for the same network (obtained from
surveys) there is statistically significant evidence (P<0.005) to
reject the null hypothesis that predicted and measured changes
do not correlate. Considering other evidence from the literature,
we therefore accept the hypothesis that predicted and measured
changes are correlated which means our network assessment
metric can be applied to predict the relative performance of
different networks from the passenger perspective. For the data
available, our network assessment metric using the JTM or the
DM better predicted relative changes to customer satisfaction
than end-to-end journey time. However, to determine a
statistically significant difference more data for comparison is
required. Therefore future work is to investigate networks
where more than ten measurements of network performance
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can be collected and corresponding predictions computed (in
the case of our experiment each measurement corresponds to a
year over which passenger satisfaction data is available
corresponding to the timetable operated that year, but any
timescale in which a system change and its effect can be
measured may be considered in future experiments). This might
be achieved by re-investigating the Victoria Line in the future
as additional years of customer satisfaction data become
available. Further future work is to investigate networks where
a more detailed description of the passenger route is available
so that the effect of train transfer on passenger experience can
be captured. The network assessment metric could then be
validated for journeys which include this activity and might
also allow a statistically significant difference with end-to-end
journey time to be discerned. Updating the network assessment
metric with new VoT weightings to capture other factors which
influence passenger experience (e.g. cleanliness and journey
purpose) is also an area for future work.
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