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Abstract: The focus of promotions targeted to increase the use of public transportation concentrates on increasing
the attractiveness of it, particularly by decreasing transportation fares. To serve that purpose, this paper proposes a
novel passenger scoring model, namely RFLT (recency, frequency, loyalty, and time), for offering a free-pass promotion
in public transportation. It presents the comparison results of RFLT and wRFLT (weighted version) using a real-world
dataset obtained by a near field communication (NFC) mobile payment application. The experimental results show that
the w-RFLT model provides a more balanced score distribution than the RFLT model, and the frequency parameter
(F), among four metrics (R, F, L, and T), influences the scoring results the most. The results of this study can be used
to establish an efficient policy for increasing public transportation ridership.
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1. Introduction
Public transportation (PT) plays an important role in everybody’s life, especially in terms of their economic
and social life quality. Observation of developed provinces shows clearly how high the importance given to PT
is. However, even though PT has gained importance lately, car dependence in a local area has increased steadily
over the last decade. This causes a series of problems in terms of human health and the environment [1]. In
order to overcome car dependency and encourage the use of PT, some promotions may be planned and offered
for the use of everybody. This paper gives an idea about the type of activities to be conducted in order to
encourage people to use PT.

The most significant factors affecting the intention to increase the use of PT are personal norm, service
quality, and economic factors [2]. All these factors have a positive effect on encouraging the use of PT. The
present paper focuses on the third factor (economic) through the offer of free-pass promotion. Socioeconomic
factors (i.e. sex, hometown, and education level) do not have a direct influence on the intention to increase the
use of PT but have an indirect effect through vehicle ownership [2].

The aim of the present study was to develop a sustainable policy for promoting PT. The “free riding
right”, which has a great motivating effect on the use of PT [3], has been the subject of study for this purpose.
The rewarding of active PT riders is referenced as an incentive method. The active passengers to be given free
passes can be determined by a scoring method.

A novel passenger scoring method, namely RFLT (recency, frequency, loyalty, and time) is proposed. The
well-known marketing model RFM (recency, frequency, and monetary) [4] was extended by adding two other
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parameters, loyalty (L) and time (T), to form the RFLT model. While loyalty defines the time period between
the user’s first entry to the system and today, time measures roughly the times of daily public transport usage.

The novelty and main contributions of this paper are three-fold. First, it proposes a novel passenger
scoring mechanism (RFLT). Thus, it introduces a new version of the RFM model that differs from previous
studies. Second, it demonstrates the applicability of four metrics (recency, frequency, loyalty, and time) on PT
for the first time. Third, the proposed approaches (RFLT and its weighted version wRFLT) are compared using
a real-world dataset for sensitivity analysis. To the best of our knowledge it is the first time that sensitivity
analysis has been applied to determine how variations in these parameters change passenger scores.

In the experimental studies, the proposed scoring technique RFLT was applied to a real-world dataset
obtained by a near field communication (NFC) mobile payment application. The RFLT and w-RFLT (weighted
version) techniques were compared with each other to investigate the importance of the parameters. The
experimental results show that the proposed scoring method is practical and can be used efficiently for promoting
PT.

This paper is divided into five sections and organized as follows. Section 2 presents related work on the
topic and describes the benefits of free-pass promotion in PT. Section 3 presents basic concepts, notations,
novel definitions, and the proposed method. Details on the experiments are presented in Section 4, including
a description of the dataset, the experiment design, and the comparative results. Finally, Section 5 concludes
the paper with a summary and discusses possible future works.

2. Related work
2.1. Advantages of free-pass promotion in public transportation

Applying small discounts to riding prices has an impact on the use of PT, but a free pass is a very strong
tool to change the driving habits of citizens. The study by Thogersen and Moller [5] confirms that a free 1-
month transportation card effectively releases the habits of car drivers and increases their use of PT. Galey [6]
also presents the benefits of free passes in relation to the city of Tallinn, capital of Estonia. He mentioned
that, with free-pass rights, preliminary results indicated an increase in passenger demand of 3% citywide in the
3-month period after implementation. Notably, however, passenger counts increased 10% in a district of the
city. Belter et al. [7] explain the advantages of free PT services from four different points of view: aspects for
public transport users, for the community, for the local authority, and for the public transport operator. From
the point of public transport users, they mentioned that public transport becomes more attractive as it can
be used free of charge. The study by Fearnley [8] also shows that a free pass in public transport is necessary
because of its positive social, economic, health, and environmental impacts. Decreasing the number of cars
on roads reduces congestion, pollution, and parking challenges. The study by Gase et al. [9] also presents the
benefits of providing free-pass rights to students in Los Angeles county. According to their research, free transit
passes for students enables them to increase school attendance, have more freedom and mobility, strengthen
social networks, decrease contact with the justice system, and increase disposable income, while reducing traffic
volume and allowing them to participate in sports and cultural events.

To encourage the use of PT and, in this way, to provide the benefits aforementioned, a novel scoring
mechanism is proposed here to determine the free-pass rights of the inhabitants of a province in a fair way. The
proposed scoring method can be implemented by the public transport operators and can be effectively used by
the municipalities as a campaign tool within the scope of free rides.
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2.2. RFM and its versions
RFM is a scoring method for analyzing customer behavior using the three following variables: recency (R) -
time elapsed since the last purchase, frequency (F) - the number of purchases, and monetary (M) - the value of
the purchases. The main purpose of this method is to find customer segments and identify target customers for
marketing campaigns and events. The RFM model was first proposed by Hughes [4] in 1994. This model has
proven very effective [10] when applied to marketing databases.

RFM analysis is a marketing technique generally used for customer selection, cross-selling, and customer
churn prediction. Moreover, several studies based on the RFM model have also been proposed for various
areas such as manufacturing [11], computer security [12], government [13], tourism [14], social media [15],
the automobile industry [16], education [17], banking [18], health care [19], dental care [20], the hairdressing
industry [21], telecommunications [22], and the electronics industry [23]. The importance of our work comes
from being the first study in which the RFM concept has been applied in the field of PT.

Table 1 presents different versions of the RFM model [16, 17, 20, 22, 24–35] that have been proposed by
changing or adding some parameters. The reasons for these modifications are to adapt it to different fields or
to achieve better results than the basic RFM model.

Table 1. Different versions of the RFM model.

Author Year Method Description Area
Babaiyan and Sarfarazi [22] 2019 LRFM Length, recency, frequency, and monetary Telecomm.
Ravasan and Mansouri [16] 2018 WRFM Weighted RFM Automobile
Huang et al. [24] 2018 RFMS Recency, frequency, monetary, and standard deviation Banking
Peker et al. [25] 2017 LRFMP Length, recency, frequency, monetary, and periodicity Marketing
Zhang et al. [26] 2015 RFMC Recency, frequency, monetary, and clumpiness Marketing
Chen et al. [27] 2015 RFL Recency, frequency, and length Television
Cho et al. [28] 2015 FRAT Frequency, regency, amount, and type of service Marketing
Liu and Chen [29] 2014 RFAT Recency, frequency, average monetary, and trend Marketing
Al-Shayea and Al-Shayea [30] 2014 RFMT Recency, frequency, monetary, and time Marketing
Golsefid et al. [31] 2012 RFMCT Recency, frequency, and Monetary, continuity, trend Marketing
Wei et al. [20] 2012 LRFM Length, recency, frequency, and monetary Dental care
Chang and Tsai [32] 2011 GRFM Group RFM Marketing
Bizhani and Tarokh [33] 2011 RF*M* Recency, new definition of frequency and monetary Banking
Yan and Chen [34] 2011 RFD Recency, frequency, and duration Recommend
Chang [17] 2010 EL-RFM RFM model for E-learning Education

Yeh et al. [35] 2009 RFMTC Recency, frequency, monetary, the first
purchase (T), and churn probability (C)

Marketing

In the transportation industry, the RFM and RFM-based models have also been used to determine the
values of passengers [36–44] (Table 2). The common characteristic of these studies is that all of them consider
the “frequency” parameter. This situation indicates the soundness of the effect of frequency on encouragement in
transportation. In some articles [36, 38, 40], simple RFM models have been utilized for passenger segmentation.
However, determining passenger value in each type of transportation study has its own characteristics, which
might not be fully satisfied by the same model. Hence, different RFM-based models were generally constructed
in order to better reflect the behavior of passengers. For example, in the airline industry, the measures of
the LDcFR model [39] include length, distance, frequency, and recency, whereas the FSLC model [41] focuses
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on frequency, season, locations of traveling, and cancellation times; the FMCN model [43] contains frequency,
monetary, cancellation times, and the number of family members measures. Our proposed model (RFLT) differs
from these previous studies in two respects. First, unlike previous studies that focus on airline, highway, and
intercity transfers, our model is proposed for PT (i.e. urban bus and metro transfers). Second, our model
considers different parameters (loyalty and time) to meet the needs of local public transport, because some
parameters used in the previous studies such as monetary, cancellation times, and the number of family members
are not suitable for local public transport. Carmona [45] presents a conceptual model for the implementation of
relationship marketing in urban public transport operations, which points to the promotion of loyalty approach
for building competitive advantages.

Table 2. Comparison of our model (RFLT) with other RFM-based models in transportation.

Ref. Year Method R F M Other parameters Type of transportation
[36] 2019 RFM

√ √ √
- High-speed train

[37] 2019 FMA
√ √

A: Average number of group travelers Airline industry

[38] 2018 RFM
√ √ √

- Electronic toll collection
in highway transportation

[39] 2018 LDcFR
√ √ L: Length

Dc: Distance
Airline industry

[40] 2017 CV-RFM
√ √ √

CV: Customer values Weekend city traveling

[41] 2017 FSLC
√

S: Season
L: Locations of traveling
C: Cancellation times

Airline industry

[42] 2017 CFMY
√ √

C: Recency/avg. ticket buying time
Y: Total days of tickets booked/
♯ tickets purchased

Highway passenger
transport

[43] 2014 FMCN
√ √ C: Cancellation times

N: Number of family members
Airline industry

[44] 2012 FPDN
√

P: Price discount
D: Destination
N: No‐show

Airline industry

RFLT (proposed in this paper)
√ √ L: Loyalty

T: Time (peak or off-peak hours)
Public transportation

3. RFLT model
RFLT, which is a modified version of the RFM method, is a novel scoring technique proposed in the present
study for the PT field. The RFLT model brings a framework to the table for objectively measuring the following
four ideas on a numerical scale:

• Recency - How recently did the customers use PT?

• Frequency - How often do they use it?

• Loyalty - How long do they use it?

• Time - What time do they generally use it?
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To demonstrate RFLT scoring, an example dataset about passenger transactions is given in Table 3. The
first column, public transportation card number (PTCN), is a unique number to identify passengers. The other
columns are recency, frequency, loyalty, and time values.

Recency is the number of days since the passenger’s last boarding. It measures the interval between the
most recent transaction date and the analyzing date. For example, if the last transaction date of the passenger
is 16.12.2016 and the analyzing date is 30.12.2016, the recency value will be 14 days. For instance, passenger P2
given in Table 3 has a recency value of 1, which means that passenger P2 used the PT yesterday, if the baseline
is today. Recency is measured in days, that is, the lower the number of days, the higher the score of recency.
According to RFLT, the passenger who has recently used PT is rewarded with a higher score, as well as more
free-pass rights. Hence, citizens may prefer to use PT more than they do presently to keep short the interval
between his/her last boarding date and the analyzing date. In addition, it is a valuable measure to identify
passengers at risk of churn (when recency is low). To calculate the recency parameter, it is necessary to find
the last riding date value of the related passenger. Recency is calculated by the last boarding date subtracted
from the analyzing date, as given in Equation (1).

Table 3. A sample dataset about passenger transactions.

PTCN Recency
(days)

Frequency
(number)

Loyalty
(days)

Time
(number)

P1 6 720 1000 288/720 = 0.40
P2 1 840 620 720/840 = 0.86
P3 24 512 90 412/512 = 0.80
P4 2 53 27 10/53 = 0.19
P5 5 464 58 455/464 = 0.98
P6 7 57 222 30/57 = 0.53
P7 35 75 150 30/75 = 0.40
P8 3 892 45 695/892 = 0.78
P9 150 834 450 576/834 = 0.69
P10 10 576 556 46/576 = 0.08
P11 14 345 360 87/345 = 0.25
P12 34 30 185 20/30 = 0.67
P13 87 854 859 700/854 = 0.82
P14 8 90 156 54/90 = 0.60
P15 38 5 40 1/5 = 0.20

Definition 1. (Recency). Recency is the number of elapsed days between the last date of the period
being analyzed and the last date the PT was boarded. The recency value (R) for the passenger Pi in days is
calculated as

R(Pi) = ED − max
SD≤t≤ED

TD
(t)
(Pi)

, (1)

where SD and ED are the start and end dates of the analyzing period t, respectively, TD(t)
(Pi)

includes the trans-
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action dates recorded in the period t for the ith passenger, i = 1, 2, ...,m, and m is the number of passengers.

Frequency is a magic parameter to identify active and inactive passengers. It is the number of rides per-
formed by the related passenger in a given time period. The frequency value is increased each time a passenger
boards a public transport vehicle even though the boarding may be the result of a transfer from another route
to complete the same one-way journey (i.e. a transfer between vehicles is counted as two unlinked trips). For
instance, passenger P2 given in Table 3 has a frequency value of 840, which means that passenger P2 used PT
840 times during the period between January 2014 and September 2016. Frequency is measured in terms of ride
counts. Some passengers might transit several times during the same day. However, the number of boardings
is counted independently from the day, and so each boarding of the public transport vehicle is considered a
separate trip even through occurring in the same day. Over time, frequency can be used to predict the future
likelihood. According to RFLT, the passenger who has frequently used PT should be rewarded with more scores
and so more free-pass rights as well.

Definition 2. (Frequency). Frequency is the number of boarding transactions made by a passenger
during the analysis period. The frequency value (F) for the ith passenger is calculated as

F(Pi) =

ED∑
t=SD

∣∣∣B(t)
(Pi)

∣∣∣ , (2)

where SD and ED are the start and end dates of the analyzing period t, respectively, and |B(t)
(Pi)

| is the number
of boarding transactions recorded in the period t related to the passenger Pi .

Loyalty is the time period of membership. Loyalty is measured in terms of days, and is calculated by
the first boarding date subtracted from the analyzing date. For instance, passenger P2 given in Table 3 has a
loyalty value of 620, which means that passenger P2 has used PT for the first time 620 days before the analyzing
date. The higher the number of days means the higher the score of loyalty. In recent years, loyalty has gained
importance in PT [46, 47]. Loyalty is important since the cost of getting new passengers is noticeably higher
than the cost of retaining the existing ones when we target increasing the use of PT. Furthermore, it assures
continuity of the passenger life cycle. Loyalty is important, since it focuses on the value of the passenger in
terms of PT ridership. Increased loyalty prevents citizens from transferring from PT to private transportation.
It can be an easy and good strategy to encourage former passengers, mainly because of old habits. Hence,
loyalty is a key metric for many organizations and an inherently supported capability within most intelligent
software systems. Generally, organizations tend to reward former members. From this point of view, former
users are more valuable and deserve to be rewarded in the RFLT method.

Definition 3. (Loyalty). Loyalty is the number of elapsed days to date from the first boarding transaction
date of the passenger. The loyalty value (L) for the ith passenger Pi is calculated as

L(Pi) = ED − min
SD≤t≤ED

TD
(t)
(Pi)

, (3)

where SD and ED are the start and end dates of the analyzing period t, respectively, and TD
(t)
(Pi)

includes the
transaction dates recorded in the period t for the passenger.
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The time parameter in the RFLT model is the average off-peak hour travel times. In other words, it is
the ratio of the number of trips the passenger took on the transportation service during the off-peak period to
the total ride counts (frequency) of the passenger. For instance, passenger P2 given in Table 3 has a time value
of 0.86, because he used PT 720 times at the off-peak period and 840 times in total (frequency value of P2) and
so the ratio is 720/840 ∼ 0.86 . Peak hours can change from province to province but generally there are two
peak times in a day: from 7 am to 9 am and from 4 pm to 6 pm. The time parameter is important in order
to provide a higher service quality, especially availability, in PT by encouraging riders to use it outside of peak
hours [48]. Traveling at an out-of-peak hour is more valuable to reduce passenger volume (i.e. overcrowded
boarding) at peak hours. For this reason, in the RFLT model, the passengers who use PT at off-peak hours
are rewarded with higher scores. Thus, free-pass opportunities will encourage passengers who can choose their
departure time to make the trip at off-peak hours. In this way, the PT system can reduce the burden by peak
spreading [8].

Definition 4. (Time). The time parameter in the RFLT model is the ratio of off-peak hour ride counts
to total ride counts of the passenger. The time value (T) for the passenger Pi is calculated as

T(Pi) =
∣∣∣E(t)

(Pi)

∣∣∣ /F(Pi), (4)

where
∣∣∣E(t)

(Pi)

∣∣∣ is the number of transactions recorded at out-of-peak hours in the analyzing period t for the ith

passenger, i = 1, 2, ...,m, and m is the number of passengers.

The monetary parameter in the original version of the RFM is discarded because in urban PT ticket
prices are fixed; thus cost information is not an accurate parameter for segmenting passengers. The monetary
value of a passenger is directly related to frequency, which already exists in the model.

In principle, RFM analysis can be performed by following one of two common scaling and scoring methods:
(i) quintiles (equal-frequency binning) and (ii) simple fixed ranges (threshold-based binning) [49]. In the quintiles
method, the records are sorted and divided into five equal groups, and then the top 20% values are given a
score of 5, the next 20% values are given a score of 4, and so forth. In other words, grouping is done based on
the number of passengers but passengers with equal values should be in the same group. In the second method
(simple fixed ranges), the records are also sorted and then scored based on the range of numerical values. For
instance, recency can be divided into five intervals according to the following ranges: 0–2 months, 3–6 months,
7–11 months, 12–24 months, and 25+ months, which are scored as 5, 4, 3, 2, and 1, respectively. Different
businesses may use different methods for ranking the RFM values on the scale of 1 to 5. Each approach has
some advantages and some drawbacks compared to the other. The quantiles method yields equal numbers of
customers in each segment, but it gives little insight about relationships. In the fixed ranges method, it is
difficult to decide on ideal boundaries and update them periodically as the data grow. Several segments can be
very small and so it may not be worth targeting the segment if it contains a very small set of customers [49].

In the present study, we chose the quintiles method for the RFLT model for the public transport industry
because of four reasons. First, dividing passengers into equal segments is an ideal way for giving free-pass rights
to passengers. In the range-based method, the bins vary significantly in the number of passengers. Giving
too many free-pass rights is not acceptable for the municipalities or transport authorities because this type of
promotion leads to the loss of thousands of dollars each day. Second, there are challenges with fixed range
calculation for RFLT scores since the users should decide what range they consider ideal for recency, frequency,
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loyalty, and time values. However, the quintiles method is an easy way to manage since ranges are picked from
the data themselves. Third, the quintiles method is more appropriate if segmentation schemes are generated
periodically (i.e. free-pass rights of the passengers may be calculated at the end of each month). However, in the
range-based method, the boundaries may need frequent adjustment when the data grow. Fourth, the quintiles
method is easy to understand for public transport passengers. Complex and dynamic range calculations are not
easily explained to passengers, especially to old and low-educated passengers.

Table 4 shows the main steps of the RFLT model involving scaling of passengers based on each R, F,
L, and T factor separately. The process starts with sorting passengers in ascending order based on recency,
i.e. period since last boarding. The passengers are then divided into five equal parts and the top 20% given a
recency score of 5, the next 20% a score of 4, and so on. Passengers are then sorted by frequency in decreasing
order and then scored similarly. This process is then undertaken for the loyalty and time columns as well.
Lastly, all passengers are ranked by concatenating R, F, L, and M values and scored by the average of them.

Table 4. The steps of the RFLT analysis.

PTCN Recency R PTCN Frequency F PTCN Loyalty L PTCN Time T PTCN RFLT Score
P2 1 5 P8 892 5 P1 1000 5 P5 0.98 5 P2 5555 5
P4 2 5 P13 854 5 P13 859 5 P2 0.86 5 P13 1555 4
P8 3 5 P2 840 5 P2 620 5 P13 0.82 5 P8 5514 4
P5 5 4 P9 834 4 P10 556 4 P3 0.80 4 P1 4452 4
P1 6 4 P1 720 4 P9 450 4 P8 0.78 4 P5 4325 4
P6 7 4 P10 576 4 P11 360 4 P9 0.69 4 P10 3441 4
P14 8 3 P3 512 3 P6 222 3 P12 0.67 3 P9 1444 3
P10 10 3 P5 464 3 P12 185 3 P14 0.60 3 P11 3342 3
P11 14 3 P11 345 3 P14 156 3 P6 0.53 3 P6 4233 3
P3 24 2 P14 90 2 P7 150 2 P1 0.40 2 P14 3233 3
P12 34 2 P7 75 2 P3 90 2 P7 0.40 2 P3 2324 3
P7 35 2 P6 57 2 P5 58 2 P11 0.25 2 P12 2133 2
P15 38 1 P4 53 1 P8 45 1 P15 0.20 1 P4 5111 2
P13 87 1 P12 30 1 P15 40 1 P4 0.19 1 P7 2222 2
P9 150 1 P15 5 1 P4 27 1 P10 0.08 1 P15 1111 1

There is an inverse relationship between recency and passenger score. This means that the recent usage
has a positive effect on the method; thus, if recency is small, the score of the passenger is increased. For
this reason, the recency column is sorted in ascending order, while the others are sorted in descending order.
Frequent, former, and off-peak hour travelers are more valuable than the infrequent, newer, and peak hour
travelers.

The RFLT analysis assigns a quadruple value to each passenger on the basis of his/her past behavior. To
deal with 625 different score combinations, it is possible to homogeneously group RFLT scores into segments
that have similar characteristics, such as best, good, valuable, ideal, medium-level, uncertain, new, nonvaluable,
and churned passengers. As shown in Table 5, the best passengers are in quintile 5 for each factor (5555) who
have used PT most recently, most frequently in the off-peak period. While passengers with score 5111 are
new passengers, 1111’s are nonvaluable. The passengers that have the RFLT pattern x51x are valuable ones
because they have used PT frequently in a short period. The passengers with score xxx5 can be evaluated as
ideal passengers, because they generally use PT at out-of-peak hours. Transportation operators or governments
can use RFLT values in developing different strategies for different passenger segments. For example, they can
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identify churned passengers who have 1555 value and may contact them to get them to return.

Table 5. The passenger segments according to RFLT scores.

Segment Example RFLT patterns Example passengers
Best passengers 5555, 5554, 5545, 5455, 4555 P2
Good passengers 4444, 4445, 4454, 4544, 5444 P1
Valuable passengers 5514, 4514, 4515, 5415, 5414 P8
Ideal passengers 4325, 4425, 3425, 4235, 3345 P5
Medium-level passengers 3333, 3334, 3324, 3343, 3433 P11
Uncertain passengers 2222, 2223, 2232, 2322, 3222 P7
New passengers 5111, 5112, 5113, 5114, 5115 P4
Nonvaluable passengers 1111, 1112, 1211, 2111, 1122 P15
Churned passengers 1555, 1554, 1553, 1455, 1454 P13

3.1. Passenger scoring
Scoring in PT must be performed in order to determine how many free-pass rights will be given as a promotion to
passengers in a particular month. This study proposes the new scoring methods: RFLT and wRFLT (weighted
version of RFLT). In the RFLT method, each parameter has the same effect on the result, WR = WF = WL =

WT = 1 ; while in the wRFLT model, each parameter has its own weight equal to or higher than 1. In these
methods, the score of the passenger Pi is computed by Equation (5).

wRFLT(Pi) =
WR ∗R(Pi) +WF ∗ F(Pi) +WL ∗ L(Pi) +WT ∗ T(Pi)

WR +WF +WL +WT
+ α+ β, (5)

where R(Pi) , F(Pi) , L(Pi) , and T(Pi) represent the recency, frequency, loyalty, and time values of passenger Pi

and WR ,WF , WL , and WT represent the weights of each variable, respectively, according to their importance.
The average RFLT score can vary between 1 and 5. The parameter α is used to express “special day effect”.
In PT, municipalities may want to give extra rides to citizens on special days such as birthdays, the first day of
school, international women’s day, and teachers’ day. Hence, citizens may prefer to use PT rather than private
transportation, since it is more economical on these special days. This parameter can be tailored according to
the decisions of the municipality where scoring is done.

A free-pass promotion may be given to infrequent users to encourage them to use PT. Frequent passengers
do not need much encouragement as they are already active users; on the other hand, infrequent passengers can
be expected to travel more if they are encouraged with free PT tickets. Likewise, PT agencies or institutions
trying to encourage irregular car users to shift to PT can try to identify nonrecent and nonloyal passengers and
offer them free PT tickets. In our model, these motivations are provided by the last parameter (β ), which is
used to encourage nonrecent, infrequent, nonloyal, and peak-hour (rush-hour) passengers. This parameter has
an inverse relationship with the R, F, L, and T values such that β = x/(R(Pi) + F(Pi) + L(Pi) + T(Pi) ),
where x is an integer determined by the user; thus, lower R, F, L, and T values will lead to an increase in
free-pass promotions. Table 6 lists the meanings of symbols used.

The coding of recency, frequency, loyalty, and time values is arbitrary. Quintiles (5-recency, 5-frequency,
5-loyalty, and 5-time value divisions) are frequently used and hence 625 different score combinations are assumed.
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However, as given in Table 5, RFLT codes can be grouped into several segments, similar to the study by Olson
and Chae [50]. In addition, depending on the application, RFLT coding can be changed with the parameter k,
i.e. quartile (256 cells) or thirds (81 cells), in the case of an insufficient number of passengers. Which records
will be included in each segment is depicted by Equation (6).

Dt =

k−1⋃
i=0

(|Dt|)/(k ∗ (i))− |Dt|/(k ∗ (i+ 1)), (6)

where Dt = {d1, d2, ..., dn} is the dataset that consists of transactions recorded in the period t and k is the
number of partitions. The top and bottom limits of each segment, recording number, and order are determined
with this equation, e.g., for the dataset including 40 records, where k = 4, the resulting groups will be as follows:
[0–10], [10–20], [20–30], and [30–40]. The value of k will be defined by the organization, i.e. local government
or PT operator.

Table 6. Notation table.

Symbol Description
t Time period
Dt Dataset (transactions recorded in the period t)
|Dt | The number of transactions in Dt

k The number of partitions
m The number of passengers
a The number of attributes, i.e. a = 4 for RFLT (recency, frequency, loyalty, time)
Pi ith passenger, where i = 1, 2, ...,m

R(Pi ) The recency value for the passenger Pi in days, where R(Pi) = ED − max
SD≤t≤ED

TD
(t)
(Pi)

F(Pi ) The frequency value for the passenger Pi, where F(Pi) =
∑ED

t=SD

∣∣∣B(t)
(Pi)

∣∣∣
L(Pi ) The number of days up to now from the first ride of Pi, where L(Pi) = ED − min

SD≤t≤ED
TD

(t)
(Pi)

T(Pi ) The ratio of off-peak hour usage to total usage, where T(Pi) =
∣∣∣E(t)

(Pi)

∣∣∣ /F(Pi)

B The boarding transactions recorded in a day, where B ⊆ Dt

E The transactions recorded at out-of-peak hours, where E ⊆ Dt

WR Weight for recency R
WF Weight for frequency F
WL Weight for loyalty L
WT Weight for time T
α Special day effect such as birthday and international women’s day
β Parameter to encourage inactive (nonrecent, infrequent, nonloyal) and peak-hour passengers

In the RFLT model, the free-pass right of a passenger is calculated as the weighted average of R, F,
L, and T values of the passenger as given in Equation (5), and so 625 cells are reduced into five scores only,
between 1 and 5. For instance, while passenger P2 with 5555 RFLT value in Table 4 is scored as 5 on average,
passengers P13, P8, P1, P5, and P10 are scored as 4, and so forth.
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3.2. Algorithm description

The RFLT algorithm is applied by defining the scales of R, F, L, and T attributes. This process consists of four
steps as follows:
Step 1: Sort the data according to R attribute.
Step 2: Partition the dataset into k equal parts and the records in each part are assigned as k, k-1, ... ,1 score
referring to passenger contribution to the use of public transportation.
Step 3: Repeat the previous two steps for other attributes F, L, and T individually.
Step 4: Calculate free-pass rights by dividing the sum of multiplied R, F, L, and T values with their weights by
total weight value.

The time complexity of the RFLT algorithm is composed of sorting, scaling, and merge operations as
follows: O(nlogn ∗ a+ n ∗ a+ n) , where n is the number of transactions in the dataset and a is the number of
attributes.

4. Experimental results

In the present study, the proposed model RFLT and its weighted version wRFLT were applied to the real-world
dataset to demonstrate their applicability in PT. The number of free-pass rights to be given to passengers for
the following month in order to encourage the use of PT was calculated by the RFLT scoring technique.

4.1. Dataset description

In the present study, real-world data obtained through the use of NFC-enabled mobile phones in PT were used.
These particular data were collected between January 2014 and September 2016. The dataset is composed
of 35,230 transactions belonging to 520 different PT cards. Therefore, the values of the input parameters are
t = 33 months, k = 5 , a = 4 , m = 520 , and |Dt| = 35, 230 .

The dataset covers five attributes drawn from different tables in the database by queries. They are
PTCN, last boarding, membership, total usage count, and total off-peak hour usage count. Table 7 shows the
attribute names, their meanings, and min./max. values of the dataset. Peak hours can change from province
to province but generally there are two peak hour times in a day: from 7 am to 9 am and from 4 pm to 6 pm.

Table 7. The attributes of the dataset with minimum and maximum values.

Attribute name Description Min. value Max. value

PTCN Public transport card number is a unique
virtual card number to identify passenger.

16 digit numeric value.

Last boarding Date and time value of the last transaction
before analyzing time (dd.mm.yyyy hh:mm).

20.10.2014
06:35 pm

09.09.2016
11:34 am

Membership Date and time value of the first transaction
(dd.mm.yyyy hh:mm).

20.01.2014
06:32 pm

06.09.2016
09:25 am

Total usage count Total transaction count of the user (in the period t). 1 1473
Total off-peak
hour usage count

Total transaction count of the user in off-peak
hours (in the period t).

0 1095
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4.2. Comparison of RFLT and wRFLT
The RFLT and w-RFLT techniques were compared with each other to investigate the importance of parameters.
First, using the attributes shown in Table 7, R, F, L, and T values were calculated with the proposed algorithm.
Afterwards, using the formula given in Equation 5, RFLT score values and consequently the “free-pass right”
numbers were calculated. The number of free-pass rights is minimum 1 and maximum 5. The extra free-
pass right (α) to be given on special days and the promotion strategy (β ) to be given to encourage inactive
passengers were considered 0 in the present study. However, they can be easily added to the scoring results
upon demand since the model supports them.

Weight values are determined as 1 (WR = WF = WL = WT =1) initially, and afterwards passenger scores
are calculated with different weight values. The weight values in the present study were calculated according
to priority values of the variables following discussions with the municipality. For example, R4F3L2T1 means
that RFLT index weights are WR = 4, WF = 3, WL = 2, and WT = 1.

Table 8 and Figure 1 compare RFLT and wRFLT techniques and show how many passengers have won
how many free-pass rights, varying from 1 to 5. In all cases, the passengers were awarded 3 free rides at most,
while they were generally assigned 1 free ride at least. According to the RFLT results, 108 people won 2 free
rides, 254 people 3 free rides, 145 people 4 free rides, and only 13 people 5 free rides. Score distribution in the
RFLT technique is observed to be imbalanced. There is nobody winning just 1 free-pass right while almost 50%
of the users win 3 riding rights. It is possible to make score distributions more balanced by changing the weight
values in the wRFLT technique. It is observed that the most balanced situation arises when the frequency
parameter is emphasized more, i.e. with R2F4L1T1 weight values. The R4F3L2T1 model constructed a form
quite similar to the bell curve. Actually, it is an expected situation for a good scoring process. However, the
skewness and kurtosis of the curve can be changed by using different weight parameters. As a result, use of the
weighted RFLT technique is more suitable for this dataset. In the experiments, the weight values were limited
to the range [1, 4] in order to avoid strong effects of the parameters. However, the wider ranges can also be
determined to give stronger effects on some parameters of wRFLT.

Table 8. Comparison of the RFLT and wRFLT techniques.

Number of passengers
Score 1 2 3 4 5
RFLT 0 108 254 145 13

w
R
FL

T R2F3L1T3 18 113 228 152 9
R4F3L2T1 2 155 205 137 21
R1F1L4T1 10 171 186 135 18
R2F4L1T1 9 159 172 150 30

4.3. Sensitivity analysis of the RFLT model
Sensitivity analysis of the RFLT model was performed to find out how sensitive passenger scores are to any
change in R, F, L, and T weights. This study is applied to determine how different weight values impact free-
pass promotion in PT. Four types of analysis were performed for this purpose. In each analysis, we changed
one weight while keeping the other weights constant.

Figure 2 gives the changing curve for each riding right (from 1 to 5) obtained by different weight values
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Figure 1. Comparison of RFLT and wRFLT with different weight values.

in the wRFLT method. The maximum weight value was limited to 3 times in order to avoid strong effects of the
parameters. In all cases, the passengers were awarded 3 free rides at most, while they were assigned 1 free ride
at least. For example, according to R3F1L1T1 results, 144 people won 2 free rides, 201 people 3 free rides, and
154 people 4 free rides, while only 19 and 2 people won 5 and 1 free rides, respectively. All models produced
nonzero free-pass rights, except the RTLT model, in which nobody won 1 free-pass right. When weight values
differ, the number of passengers winning 1 and 5 pass rights does not quite change, while those winning 2, 3,
and 4 pass rights are considerably influenced. The minimum decrease in the number of those winning 3 pass
rights occurs when the loyalty weight value is increased. The most balanced score distribution (4 free rides =
157, 3 free rides = 172, 2 free rides = 161) is realized when the frequency weight value is increased. The fact
that loyalty, recency, time, and frequency attributes affect passenger scoring results is displayed with this study.
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Figure 2. Sensitivity analysis of the RFLT model with different weight values.

4.4. Discussion
The strategies aiming to change behavior regarding PT can be broadly classified into experiments aimed at
encouraging the use of PT [2, 3, 5, 6, 51] and those aimed at reducing peak congestion [48, 52]. The proposed
scoring model in the present study, named RFLT, aims to achieve these two objectives, increasing the ridership
by analyzing the recency (R), frequency (F), and loyalty (L) parameters and reducing travel demand in rush
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hours by considering the time (T) parameter.

Different promotional strategies can be designed to persuade or remind target clients about PT ridership.
The promotions can be designed to identify potential clients, keep loyal clients, increase the use of a prod-
uct/service, get people to try products/services, teach clients about potential services, provide information,
and even create awareness [53]. Any PT agency or institution may seek to achieve one or more of these goals.
For example, it can focus on infrequent passengers since they need encouragement or it can focus on frequent
passengers to keep loyal clients.

Mechanisms involving incentives usually offer monetary incentives, such as free PT tickets, to encourage
irregular car users to try alternative behavior such as using PT. Hence, infrequent, nonrecent, and/or nonloyal
passengers of PT can become permanent if they are encouraged with free PT tickets. Once a number of
participants adopting the behavior use free PT tickets, then they can begin to use PT frequently by changing
their habitual behavior. In order to serve this purpose, a scoring mechanism can be defined to identify target
passengers and to give them a free-pass promotion with the purpose to shift them from private transportation
to PT.

Previous research on fare-free PT has shown that different policies can be designed to enhance the
attractiveness of riding PT and has emphasized a critical need to “clearly identify the objectives addressed by
the free-pass policy” [8, 51]. Based on this motivation, our scoring method is designed to be able to promote
recent, frequent, loyal, and off-peak hour passengers through R, F, L, and T values with their weight parameters
WR,WF ,WL, and WT , respectively, and nonrecent, infrequent, nonloyal, and peak-hour passengers through
the β parameter. These parameters (actually target passengers) can be adjusted according to the decisions
of the PT agency where scoring is done. The findings of the experiments performed with different parameter
settings will be useful to policymakers evaluating free-pass PT and considering how best to target and promote
relevant policy. Our model can therefore be classified as a combination of a commitment strategy (supporting
willingness to commute by PT as usual) and an incentive strategy (differentiating potential users, who need
encouragement).

The time parameter in our RFLT model is important in order to provide a higher service quality, especially
availability, in PT by encouraging riders to use PT at off-peak hours. Traveling at out-of-peak hours is more
valuable to reduce passenger volume (i.e. overcrowded boarding) at peak hours. The policy that provides
peak-hour travelers with easier access to an unfamiliar option through a monetary incentive (free PT tickets)
may encourage them to use the PT option at off-peak hours on an occasional or even regular basis. Hence, in
our model, a time-based free-pass promotion strategy is also designed to route passengers out of peak time.

A number of experiments [48, 52] have been conducted whereby a free PT pass or discount is given to
participants for traveling within the off-peak period. One example [48] showed that 23% of rail passengers in
Melbourne, Australia had shifted their travels away from the morning peak time (before 7:00 a.m.) with an
average time shift of 42 min. Another example [52] employed several off-peak incentives to especially shift PT
demand from the peak hour to less congested times of day (before or after the peak). Their results showed that
off-peak strategies have a positive impact on travel demand (reducing the peak ridership). All these experiments
have proved that the promotions related to peak and off-peak hours serve as an incentive for passengers to shift
their travel times to an earlier or later period. Based on this motivation, our model is designed to provide
free-pass opportunities with the purpose to encourage passengers, who tend to shift their arrival/departure
times to their jobs/home, to make their trips at off-peak hours.
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In our model, both peak and off-peak hour passengers can be rewarded by adjusting the WT and β

parameters. As the passengers travel at off-peak hours, they are rewarded with higher scores (i.e. more free
PT tickets) since the T value increases. The previous studies in the literature [48, 52] support our assumption
that promoting off-peak hours can be effective in shifting trips outside the peak period. On the other hand,
the policymaker can determine a high value for the β parameter to be able to support peak-hour passengers.
Hence, different free-pass promotion strategies can be applied by the PT agencies where scoring is done.

The parameters we have formulated for use with the RFLT model hold the promise of a long-term
sustainable policy and aim to take the traffic situation in a region under control over time. These are the main
policies that are currently employed by municipalities or PT authorities.

5. Conclusion and future works
One of the important policies to increase the use of PT is through free-fare promotions. In order to determine
how many free-pass rights the passengers will win the next month, the present study proposes a novel scoring
method, namely RFLT. RFLT is a modified version of a well-known marketing method, RFM, and is based on
four key metrics: recency, frequency, loyalty, and time. Recency is the number of days between the most recent
travel time date and today. Frequency measures the number of journeys made in a given time period. Loyalty
is the number of days from the first transport ride until today. Time is the ratio of off-peak hour travel counts
to total usage counts.

Experimental studies conducted using real-world data collected through an NFC-enabled mobile payment
application used in a city in Turkey show that the proposed RFLT method is suitable for PT and can be applied
effectively. However, it is observed that the weighted version provides a more balanced score distribution. The
sensitivity analysis performed showed that the frequency parameter (F) among the 4 parameters (R, F, L, and
T) influences the score results the most. The study results can be used to establish an efficient policy to increase
PT ridership.

In a future study, different parameters such as passenger types (adult, student, discounted, etc.), distance
covered, type of vehicle (metro, sea transportation, bus, etc.), or demographic properties of passengers (age,
economic status, education level, etc.) can be added to the RFLT model according to need and to make it
more comprehensive. The parameters in question can be tailored based on the purposes of the municipalities.
Another future study can cover different prizes such as giving free theater/movie tickets instead of free-pass
rights in order to encourage the use of PT.
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