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ABSTRACT

Using data provided by public transport associations, new opportunities arise today 
to investigate passenger demand and user behavior in public transport. Of particular 
interest is information about the locations and times at which passengers use – or 
would like to use – public transport services. By analyzing the requests submitted to 
the electronic timetable information system (EFA), conclusions can be drawn regarding 
passenger demand and user behavior. Although electronically submitted requests 
represent only a portion of actual users, they can serve as an indicator for real passenger 
demand (Colpaert et al, 2016). In this paper, a methodology is developed for analyzing 
EFA request statistics and comparing them with real passenger volumes. The aim is to 
assess the informative value of the request data and to carry out an exemplary analysis 
and interpretation of these data.
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INTRODUCTION

To collect actual passenger numbers, vehicles in public transport are equipped 
with automatic passenger counting systems that record boardings and 
alightings at each stop. Based on EFA request statistics and supplementary 
passenger count data, this paper develops a concept for evaluating request 
data and assessing their informative value. In addition, the two data sets 
are used to illustrate which questions regarding passenger demand and user 
behavior can be investigated.

By evaluating the request statistics, the informative value of the data is 
assessed. A key question is how many passengers submit a request before 
travelling. Comparing the number of EFA requests with the passenger 
statistics yields a quotient (requests/passengers). The assumption is that the 
smaller the difference between requests and passengers, the greater the share 
of passengers who submit a request before starting their journey. Thus, the 
smaller the difference, the more informative the request data. Conceptually, 
the evaluation is performed based on the count data and an extrapolation of 
passenger numbers.

The evaluation is important for subsequent analyses. In principle, all request 
data can serve as an indicator of actual passenger demand, including data sets 
with a very large difference between counts and requests (Colpaert et al., 2016). 
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However, without first assessing the quality of the request data, it is difficult 
to derive reliable conclusions. By comparing and jointly analyzing request and 
count data, the quality of the data – and thus the quality of study results – can 
be improved (Nahverkehrsplan Berlin, 2019–2023).

EVALUATION OF THE REQUEST STATISTICS

The following evaluation concept was developed with the goal of conducting 
the most accurate and representative assessment of the request data possible. 
Depending on which data can be obtained from the public transport 
association, different approaches are suitable. In this case, EFA request 
statistics from the Karlsruhe Transport Association (KVV) from 31 December 
2018 to 10 November 2019 are available. The data include Trip Requests 
(TR) corresponding to timetable or journey enquiries. Besides various search 
options, a departure stop, a destination stop, and a departure or arrival time 
are specified.

In addition to trip requests, Departure Monitor requests (DM) could also 
be considered. These are departure monitor queries which, in contrast to TRs, 
specify only a departure stop. However, the number of DMs is comparatively 
high, and the large amount of such requests appears implausible. One 
possible explanation is that, in addition to EFA queries from public transport 
users, queries from other sources (e.g., public displays in restaurants) are also 
included in the data. Because of these uncertainties, DM requests are not 
considered further here.

To assess the TR request data, they must be compared with actual 
passenger demand. Given the available data, the evaluation is carried out 
using three different methods: (1) based on count data, (2) using an average 
calculation, and (3) by extrapolation. Each of the three approaches has 
advantages and disadvantages, and their results are then compared and 
evaluated.

Evaluation Based on Count Data

In the first evaluation method, the request data are compared with actual 
passenger figures. For this purpose, count data for tram line STR 1 for 22 
and 23 January 2019 are used. For each vehicle, the data indicate how many 
passengers boarded and alighted at each stop. When selecting and analyzing 
the data, inconsistencies and limitations in the data sets must be taken into 
account to maintain the integrity of the evaluation.

The count data for line STR 1 were requested specifically because this line 
has a particular alignment with several stops where there is no direct transfer 
to other lines or buses. If the evaluation is restricted to such stops without 
transfer options, the risk of error is reduced, because a connection requested 
for one of these stops is unlikely to be made using a different line. As shown 
in Figure 1 the six stops:
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•	 Badeniaplatz,
•	 Bannwaldallee,
•	 Europahalle/Europabad,
•	 Landesbausparkasse,
•	 Sophienstraße and
•	 Schillerstraße

were identified for which request and count data are compared. The stop 
“Badeniaplatz” does have an alternative bus connection, which was 
overlooked in the evaluation.

The count data contain the numbers of boardings and alightings as well as 
vehicle load for each stop. By comparing the number of boardings with the 
number of requests per stop, it is possible to determine how many requests 
correspond to how many passengers. Due to the file sizes of both the request 
and the count data, database systems are suitable for the evaluation; in this 
case, Microsoft Access was used. The data had to be cleaned, corrected, and 
formatted before queries could be executed, for example by ensuring that 
dates match the analysis period and by converting date and time columns in 
both data sets into a common format.

Figure 1: Excerpt from route map [KVV, 2019].

The count data for line STR 1 (22 and 23 January) had to be extrapolated 
because only three of the nine vehicles were represented and, for some vehicles, 
data were collected for only half of the train set. On the two days considered, 
a total of 115 TR requests were recorded at the six stops, whereas (after 
extrapolation) 8,592 passengers boarded line 1. This corresponds to around 
1.3%: for every 1,000 boarding passengers, there are about 13 requests. This 
suggests that roughly 1.3% of passengers submitted a request before starting 
their journey.
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Evaluation Based on the Average Calculation

The average calculation is based on count data for line STR 1 over roughly 
half a year (12 December 2018 to 20 May 2019) and represents passenger 
demand on weekdays (Monday–Thursday). As with the count data, the 
average calculation includes load, boardings, and alightings for each stop 
shown in Figure 2. 

In the period from 31 December 2018 to 20 May 2019, there were a total 
of 14,449 requests at the six considered stops. Since the average calculation 
only covers values from Monday to Thursday, requests from Friday to 
Sunday must be excluded. Without Friday, Saturday, and Sunday, the number 
of requests shrinks to 8,476, which is about 105 requests per day. In the 
entire analysis period, an average of 3,847 boardings per day were counted, 
so that on average 2.72% of passengers submitted a request.

Figure 2: Average ratio requests and boardings.

Evaluation by Extrapolation

To make the evaluation more representative, the entire public transport 
network is considered. All requests are extrapolated to one year and 
compared with the annual passenger figures taken from the KVV annual 
report. KVV reported around 166 million passengers for 2018 (KVV 2018). 
A query of the TR requests showed that between 1 January 2019 and 30 June 
2019, a total of 3,159,071 requests were submitted. Extrapolated to the full 
year, this results in 6,318,142 TR requests per year. In the same period there 
were also 55,342,152 DM requests, which corresponds to 110,684,302 DM 
requests when extrapolated to a full year. On this basis, the following ratios 
are obtained:

•	 TR requests / passengers per year ≈ 3.8%
•	 DM requests / passengers per year ≈ 66.7%
•	 All requests / passengers per year ≈ 70.5%

According to this extrapolation, there are on average around 3.8 TR 
requests and 66.7 DM requests for every 100 passengers. Overall, more than 
two-thirds of all trips would thus be represented in the request statistics.
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Comparison of the Three Methods

All three approaches provide a quotient that can be used to assess the 
informative value of the data. In this case, the results range from 1.3% (count 
data) to 2.7% (average calculation) and 3.8% (extrapolation). The count-
data method in principle offers accurate results because it relies on detailed 
passenger counts; however, only a small data set was available, and it had to 
be extrapolated, which reduces accuracy and representativeness. The average 
calculation circumvents this temporal limitation by using values averaged 
over a longer period, so seasonal or other fluctuations can be smoothed.

The extrapolation method has no temporal or spatial restrictions, as the data 
are extrapolated to a full year and all requests in the network are considered. 
The result is therefore representative for the entire transport association but 
is not based on a solid counting foundation; a certain inaccuracy must be 
assumed. Moreover, the request data may include relations outside the KVV 
network that are not reflected in the association’s annual passenger figures.

Each method therefore has strengths and weaknesses. Depending on the 
type and quantity of data available, the methods are more or less suitable 
for evaluating request data. Because none of the three methods yields both 
precise and fully representative results for the whole network, it can only 
be concluded that the requests represent between about 1.3 and 3.8% of 
passengers – on average approximately 2.6%. It can be expected that this 
quotient varies depending on stop or line and analysis period. If request and 
count data cover a longer period and multiple lines or stops, more precise 
and representative results can be calculated.

USER GROUPS AND PERSONAS

The personas defined in this section are fictitious individuals representing user 
segments of public transport. They were developed based on the user groups 
of the SmartMMI project (Keller, 2018). All personas are public transport 
users, but they differ in age, occupation, leisure activities, knowledge of the 
area and system, affinity for technology, and possession of a smartphone. On 
the basis of these criteria, user segments are defined. It is assumed that the 
personas differ in their request behavior due to these characteristics.

Owning a smartphone is an important prerequisite for submitting requests, 
since most requests are assumed to be made via mobile applications on 
smartphones or tablets. Public transport users who do not own a smartphone 
appear in the count data but are likely to have submitted fewer requests. 
It is also conceivable that users own a smartphone but still do not submit 
requests if they lack technological affinity and prefer printed timetables. Age 
is another criterion: the older a user is, the less frequently he or she typically 
submits electronic requests (Fritzen et al. 2017). Among retirees it is likely 
still common to obtain timetable information in a traditional way.

Occupation is also important. A working person with a highly routine 
pattern of use (for example, commuting with the same train at the same time 
every day) is less likely to submit requests and will simply go to the stop 
as usual. On the other hand, punctuality is very important for such users, 
so they may use requests more frequently to obtain information on delays 
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or cancellations when they absolutely must arrive on time. For students or 
non-working people, it is assumed that they submit requests more frequently, 
especially when travelling at unusual times or to unfamiliar places and 
therefore needing a journey planner. Poor knowledge of the area and/or 
system may also be a reason for submitting requests.

Persona 1: Kevin Ziegler – Student/Everyday User

Kevin is 21 years old and lives in Karlsruhe. He is a student with a part-
time job and has a high affinity for technology. Because he has only recently 
moved to Karlsruhe, his knowledge of the area is still limited, and his system 
knowledge is average. He owns a smartphone and a semester ticket and uses 
public transport every day to get to university and work as well as for leisure 
activities. He therefore submits EFA requests frequently, especially when 
travelling to unfamiliar destinations or at unusual times.

Persona 2: Michael Baumann – Commuter

Michael is a 50-year-old management consultant who attaches great 
importance to punctuality. He lives in Karlsruhe, has good knowledge of 
the area and system, and uses public transport daily for commuting with 
a monthly mobile phone ticket. His technological affinity is medium. He 
submits requests mainly to check for delays or disruptions on his usual route, 
especially when he has important appointments.

Persona 3: Hildegard Krause – Occasional User

Hildegard is a 69-year-old retiree who has lived in Durlach for many years 
and knows Karlsruhe well. She does not own a smartphone and has little 
affinity for technology. She uses public transport only occasionally for small 
errands or trips to the city centre and normally does not submit electronic 
requests. She represents a user group that appears in passenger counts but 
hardly in request statistics.

In addition to the different characteristics of the personas, trip purposes 
can also be used for interpretation. According to the MiD 2017 survey, 
there are seven main motives for mobility. In Germany, 16% of all trips are 
work-related, 11% have a business purpose, and a further 7% are related to 
education. Shopping and errands account for about 30% and leisure activities 
for about 28% of trips; the remaining 8% are escort trips where the purpose 
is accompanying someone (MiD, 2018). Since trip purposes change over the 
course of the day and week, they can be used to analyze user behavior and 
identify user segments.

ANALYSIS AND EVALUATION

In the following section, it is examined whether the count data reflect the 
expected fluctuations in demand and how the request behavior of public 
transport users changes over time. Short-term, medium-term, and long-term 
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fluctuations are considered and interpreted using the previously defined 
personas and trip purposes.

Fluctuations in Passenger Demand and Requests

Passenger demand in public transport fluctuates over the course of a day, 
within a week, and over the year. Intra-day fluctuations can often be attributed 
to different trip purposes. When many trips with the same purpose occur at 
a similar time, demand peaks arise (Kittler, 2010). Weekly fluctuations can 
be interpreted similarly, while seasonal fluctuations associated with changing 
weather conditions can cause variations in demand over months or across 
the year.

Short-term fluctuations were examined by comparing the temporal 
distribution of requests with the count data for the two January days. Clear 
peaks in passenger demand occur in the morning and afternoon. Demand is 
lowest at night. When the requests are scaled such that, on average, 3.8% 
of passengers submit a TR request, the temporal patterns of requests and 
passenger demand broadly correlate: a morning peak, a midday rise, an 
afternoon peak, and a decline in the evening. Individual requests still occur 
at night, even when there are no corresponding boardings in the count data.

Medium-term fluctuations were analyzed by examining request data from 
31 December 2018 to 20 May 2019. TR requests vary across the week: 
roughly similar numbers are submitted on Mondays and Thursdays, slightly 
fewer on Tuesdays and Wednesdays, most on Fridays, and the fewest at 
weekends. Long-term fluctuations were analyzed using monthly aggregates. 
The number of requests is highest in January and decreases towards spring. 
A pronounced drop in February is particularly noticeable, which may be 
related to exam periods and semester breaks at local universities as well as 
school holidays.

Interpretation of Fluctuations Using Personas

The fluctuations in requests and demand can be interpreted using the 
personas and trip purposes. In the morning peak between 7 and 9 a.m., 
work-, business-, and education-related trips likely dominate. Personas such 
as the student and the commuter represent typical users at this time. Many 
of these users depend on punctual arrival, so they are more likely to submit 
requests to check their connections and possible delays. This explains why 
the ratio of requests to passengers is comparatively high in the morning.

As shown in Figure 3 between about 9 and 11 a.m., the number of requests 
decreases, while passenger demand declines only slightly. Trip purposes such 
as shopping, errands, and leisure dominate, and user groups such as retirees 
and non-working adults are more strongly represented. These users tend to 
submit fewer electronic requests, which explains the relatively low share of 
requests in this time window.

At lunchtime and in the afternoon, demand rises again, driven by school 
trips, work-related trips, and leisure activities. In the afternoon peak, the ratio 
of requests to passengers is lower than in the morning, as many users travel 
home and are under less time pressure. In the late afternoon and evening, 
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the number of requests increases again, primarily due to leisure trips where 
departure times and destinations are less familiar. Younger user segments, 
which have a higher affinity for technology, are still mobile at these times and 
submit above-average numbers of requests.

Figure 3: Extrapolated trip requests and passenger demand throughout the day.

The decrease in the number of requests towards spring can partly be 
explained by seasonal effects: as temperatures rise, some trips shift from 
public transport to walking or cycling, particularly among younger and more 
active users. In addition, the exam periods and semester break at universities, 
as well as school holidays, reduce education-related trips. Because these user 
groups submit a comparatively high number of requests, fluctuations in their 
travel behavior are particularly clearly reflected in the request statistics.

SUMMARY AND CONCLUSION

This paper developed a concept for evaluating request data in public 
transport and carried out an exemplary analysis of EFA request statistics 
for the Karlsruhe Transport Association. The aim of the evaluation was to 
assess the informative value of the request data by comparing Trip Requests 
to counted boardings. Depending on the calculation method used, values 
between around 1.3% and 3.8% were obtained for the share of passengers 
who submit a request before travelling.

To obtain precise and representative results for an entire network, both 
count and request data must be available for a larger temporal and spatial 
extent. Nevertheless, the analyses showed that request data can be used to 
investigate fluctuations in passenger demand and user behavior. By visualizing 
and interpreting the data over the course of the day, week, and month, 
demand and request fluctuations could be explained using user segments 
represented by personas.

Explanations derived solely from request data should, however, be treated 
with caution. In particular, medium- and long-term developments in the 
request curve can only be interpreted as indicators of passenger demand 
as long as no additional data on actual capacity utilization are considered. 
In combination with further data sets, request statistics offer a promising 
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basis for answering a wide range of questions in public transport planning 
and operation, such as the spatial distribution of demand or the evaluation 
of service changes.
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