
Planning Tourist Agendas for Different Travel Styles
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Abstract. This paper describes e-Tourism2.0, a web-based
recommendation and planning system for tourism activities
that takes into account the preferences that define the travel
style of the user. e-Tourism2.0 features a recommender sys-
tem with access to various web services in order to obtain
updated information about locations, monuments, opening
hours, or transportation modes. The planning system of e-
Tourism2.0 models the taste and travel style preferences of
the user and creates a planning problem which is later solved
by a planner, returning a personalized plan (agenda) for the
tourist. e-Tourism2.0 contributes with a special module that
calculates the recommendable duration of a visit for a user
and the modeling of preferences into a planning problem.

1 INTRODUCTION

ARecommender System (RS) [13] is a personalization tool
aimed to provide the items that best fit the individual tastes
of people. A RS infers the user preferences by analyzing the
available user data, information of other users and of the en-
vironment. The target of the extensively popularized Tourism
RSs (TRSs) is to match the user preferences with the leisure
resources and tourist activities of a city [15] by using some
initial data, usually explicitly provided by the user. The rel-
evance of TRSs relies in their capacity of automatically in-
ferring the user preferences, through an explicit or implicit
feedback of the user, as well as providing the user with a
personal tourist activity agenda. Typically, TRSs use a hy-
brid approach of recommendation techniques such as demo-
graphic, content-based or collaborative filtering [2] and they
are confined to recommendations within a delimited area or
city since tourism infrastructure is usually developed to pro-
mote the tourism demand in particular spots [6, 11].

The latest developments in TRSs share a common main-
stream, that of providing the most user-tailored tourist pro-
posal. Hence, some tools like SAMAP [3] elicits a tourist
plan with recommendations about the transportation mode,
restaurants and bars or leisure attractions such as cinemas
or theaters, all this accompanied with a detailed plan ex-
planation. Scheduled routes presented in a map along with
a timetable are nowadays a common functionality of many
TRSs, like e-Tourism [6], which also include context informa-
tion such as the opening and closing hours of the Points Of
Interest (POIs) to visit and the geographical distances be-
tween POIs to compute the time to move from one place
to another. Some other tools allow the user to interact with
the plan or develop interfaces specifically designed to be used
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in mobile devices ([12, 16]). Personalization is interpreted in
CT-Planner [9] as emphasizing the concept of interactive as-
sistance between the user and a tour advisor, where the advi-
sor offers several plans, learns the tourist preferences, requests
feedback from the users and customizes the plans accordingly.
CT-Planner also accounts for user preferences like the walk-
ing speed or reluctance to walk, in which case the planner will
suggest short walking distances in the plan.

Recent advances in TRSs go one step ahead towards per-
sonalization and propose to adapt the duration of the visits
to the user preferences. For instance, PersTour [10] calcu-
lates a personalized duration of a visit to POI using the POI
popularity and the user interest preferences, which are au-
tomatically derived from real-life travel sequences based on
geotagged photos. And the work in [14] considers user pref-
erences based on the the number of days of the trip and the
pace of the tour, that is, whether the user wants to perform
many activities in one day or travel at a more relaxed pace.

In this paper, we present e-Tourism2.0, a TRS that draws
upon the recommendation model and planning module of e-
Tourism [6] and significantly enhances the personalization of
the recommendations. e-Tourism2.0 improves e-Tourism in
two main aspects:

• context-aware tool : it establishes a connection to several
web services to capture up-to-date context information
such as opening hours of POIs to visit, location of POIs,
ratings of users, modes of transport in the city, etc.;

• preference temporal planning : it handles a full range of user
preferences such as the user interest in visiting a POI, the
pace of the tour (relaxed vs busy) and variable durations of
the visits within a temporal interval; all these preferences
represent the user travel style. e-Tourism2.0 uses OPTIC
[1], a state-of-the-art planner that addresses the full set of
preferences defined in PDDL3.0 language [7].

This paper is organized as follows. Section 2 summarizes
the main aspects of e-Tourism. Section 3 explains the pro-
cedure to calculate the recommended duration of an activity
for a given user and section 4 details the construction of the
planning problem and the encoding of the user preferences
within the planning problem. Section 5 shows several cases of
study to test whether the defined preferences are taken into
account correctly by the planner and last section concludes.

2 e-Tourism2.0 TOOL

e-Tourism [6] was developed as a web application to generate
recommendations about personalized tourist tours in the city
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Figure 1. e-Tourism2.0 Architecture

of Valencia (Spain). It was intended to be a service for foreign-
ers and locals to become deeply familiar with the city and plan
leisure activities. e-Tourism makes recommendations based
on the user’s tastes, her demographic classification, the places
visited by the user in former trips and, finally, her current visit
preferences. One of the main components of e-Tourism is the
planning module, aimed at scheduling the recommended ac-
tivities. Thus, the output of e-Tourism is a real agenda of
activities which not only reflects the user’s tastes but also
provides details on when to perform the recommended activ-
ities. Specifically, the construction of the agenda takes into
account duration of the activities to perform, the opening
hours of the places to visit and the geographical distances be-
tween places (time to move from one place to another). All
this information is compiled into a planning problem that can
be formulated as a Constraint Satisfaction Problem or as an
Automated Planning Problem [8].

Let us take three tourists, Rose, Mark and David, interested
in visiting Valencia. Rose and Mark like visiting museums, but
Rose likes museums more than Mark. Both decide to visit
the National Museum of Ceramics. Rose wishes to visit the
museum for 2h30min, whereas Mark only wants to be there
for about 1h30min. Moreover, since this is Mark’s first time
in Valencia, he would like to include quite a few POIs in his
agenda, namely 5 POIs, and not to have much spare time
between activities. Rose, however, visited Valencia last year
and she would like to explore in depth two museums that
she already visited last time. Therefore, she would like her
agenda to contain only these two visits over a full day and
no much free time between them. In contrast, David has been
in Valencia several times and he would rather include in his
agenda two or three quick visits and spare time to walk around
and sit in a terrace to have a beer. These three examples show
different travel styles around two preferences: the number of
visits and the time spent in each visit. e-Tourism2.0 handles
taste preferences of the user as well as this new type of travel
style preferences.

The e-Tourism2.0 architecture is composed of five subsys-
tems (Figure 1): the control node, responsible of coordinating
the whole recommendation-planning process, the web appli-
cation, the recommender system, the intelligent planner and
the database.

Figure 2. e-Tourism2.0 system: agenda preferences.

2.1 Tourist agenda

We developed a new web-based interface which can be ac-
cessed through different devices such as computers, smart-
phones, tablets, etc. The first step in the construction of the
tourist agenda is to build the user model. The user regis-
ters in the system and enters her personal details and general
preferences. With this information the system builds an ini-
tial user profile. Besides, each time the user enters the system
for a new visit she will be requested to introduce her specific
preferences for the current visit, shown in Figure 2: the date
of the visit date, her available time slot (T tour

s , T tour
e ), the

time interval reserved for lunch (T lunch
s , T lunch

e ), the mode
of transport she prefers - walking, driving or public trans-
port -, her initial location locationinitial and final destina-
tion locationfinal. Moreover, she also indicates her prefer-
ences related to her travel style: pref#visits indicates if the
user prefers to include many or few visits in the tour or has
no preference over it; and prefoccupation indicates if the user
prefers to obtain an agenda with a high or a low temporal
occupation or has no preference over it.

The second step is to generate a list of activities that
are likely of interest to the user by means of the Gen-
eralist Recommender System Kernel (GRSK), which uses a
mixed hybrid recommendation technique. A detailed descrip-
tion of GRSK can be found in [5]. The intelligent planner is in
charge of calculating the tourist agenda, scheduling the
activities recommended by the GRSK according to the restric-
tions of the environment and user preferences with respect to
the configuration of the agenda. Figure 4 shows two agendas
computed for a particular user and a map with the path she
should follow. When the user logs again in the system, she is
asked to rate the activities in the last recommended plan
(through the option Rate in the top bar menu of Figure 2).
The information obtained from these ratings is further used
to improve the user profile and provide more suitable recom-
mendations.
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2.2 Database

The database schema of e-Tourism2.0 is shown in Figure
3. We manage two sets of tables: those used for the recom-
mendation process and those used for the planning process.
Table places stores information about the POIs to recom-
mend such as the name or the geographical coordinates. Ta-
ble users contains personal details of the user, such as the
name and other demographic data (this is neglected in Fig-
ure 3 for the sake of clarity). These two tables are used in both
processes. The information used by the GRSK is: (1) tables
preferences, places preferences and users preferences,
which store the characteristics of the POIs to recommend and
the user preferences inferred by the GRSK, respectively2; (2)
tables history and history data, which store the past in-
teraction of the user with the system. The planner uses the
information in table timetables, which stores a list of open-
ing hours for each POI, and movements time, that keeps the
estimated and actual travelling time between two locations
according to the value of travel mode (see Figure 3).

2.3 External data sources

As explained above, e-Tourism2.0 accesses various web ser-
vices in order to obtain some up-to-date information about
location of restaurants and POIs, opening hours, transporta-
tion modes, etc. For obtaining this information, we selected
the Google location and mobility web services, specifically:

• Google Directions3 for obtaining a route (path) between
two given coordinates, addresses or name of places. It is
also possible to add some intermediate points in the path
and to select the travel mode (walking, cycling, driving or
with public transport)

• Google Places4 for obtaining information about a given
place. In e-Tourism2.0, this service has been used to elicit
the opening hours of the places to visit and to find restau-
rants close to an specific place.

• Google Maps5 for the visualization of the map along with
the route provided to the user with the recommended places
to visit.

Information like the catalog of POIs or the route between
two places is stored in the database, which allows us to accel-
erate the process of calculating the recommendations and the
plan. However, since information can become obsolete and
needs to be updated, Google web services are periodically
queried to update the data (see section 4 for more details).

3 RECOMMENDATION OF THE VISIT
DURATION

The GRSK of e-Tourism2.0 elicits the list of POIs or activ-
ities to include in the travel agenda of the user according to
her preferences. This list is an ordered set of tuples of the

form:
〈
a, Pra

〉
, where a denotes the recommended activity

2 A more detailed explanation about the domain ontology can be
found in [4].

3 https://developers.google.com/maps/documentation/directions/
4 https://developers.google.com/places/
5 https://developers.google.com/maps/documentation/javascript/

Figure 3. e-Tourism2.0 system: database.

and Pra ∈ [0, 300] is the estimated degree of interest of the
user in activity a.

For each activity a, we assign a duration in average, de-
noted by μa, which represents the recommendable duration
of a for a typical tourist. The value of μa joint with σa define
a normal distribution X(μa, σ

2
a). This is used by the GRSK

to return a time interval that encompasses the minimum and
maximum recommendable duration of a for the user according
to Pra. Following the definition of the normal distribution, σa

is computed as μa divided by α, so that, 68% of tourists spend
[μa − μa/α, μa + μa/α] minutes in visiting a, whereas about
4% of the tourists spend less than μa −2 ∗μa/α or more than
μa + 2 ∗ μa/α minutes. In our experiments, we set α = 5 and
we empirically tested that consistent durations are returned.
Our future objective is to estimate this distribution by study-
ing the actual behaviour of tourists by means of an analysis
of Twitter interactions, similarly to the analysis described in
[10].

Once the normal distribution X(μa, σ
2
a) for each activity is

defined, the recommended interval (duramin, dur
a
max) is com-

puted as (X(Pra/300/2), X(Pra/300)). That is, the values of
probability that leave an area of the corresponding argument
on the right. For example, let’s assume that the a=National
Museum of Ceramics has μa = 180 and, therefore, σa = 36,
meaning that a typical tourist would spend 180 minutes vis-
iting this museum, and the dispersion for the other tourists
is 36 minutes. Then, by the normal distribution, 68% of the
tourists spend between [144,216] minutes in this visit and ap-
proximately 4% of the tourists spend less than 108 or more
than 252 minutes. If the GRSK determines a degree of inter-
est of 100 out of 300 for a given user, the duration interval
will be [145, 164], whereas if Pra is 260, the duration interval
will be [174, 220].

In [10], the visit duration is adjusted with the category
of the activity a and the interest of the user in the category.
However, durations in eTourism2.0 are more accurate because
we consider the degree of interest of the user in a, not in the
category of a. Moreover, since the GRSK returns a tuple of

the form
〈
a, Pra, duramin, dur

a
max

〉
for each a, the planner can

select the most appropriate duration within the interval the
according to the travel style preferences of the user.
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4 PLANNING PROBLEM SOLVING

The Control node receives the list of the recommended activ-
ities along with the recommended duration interval from the
GRSK and generates the planning problem. Planning a set of
recommended activities for a tourist requires some function-
alities: (1) temporal planning and management of durative
actions (e.g., duration of visits, time spent in transportation,
etc.); (2) ability of reasoning with temporal constraints (e.g.,
scheduling the activities within the opening hours of places,
planning the tour within the available time slot of the tourist,
etc.) and (3) ability of reasoning with the tourist preferences
(e.g., selecting the preferred activities of the user for planning
the tour). Reasoning with time constraints and preferences si-
multaneously is a big challenge for current temporal planners.

Among the few automated planners are capable of han-
dling temporal planning problems with preferences, we opted
for OPTIC because it handles the version 3.0 of the popular
Planning Domain Definition Language (PDDL) [7], including
non-fixed durations and soft goals. Soft goals are preferences
that we wish to satisfy in order to generate a good plan, but
that do not have to be achieved in order for the plan to be
correct. We need to identify and describe the preferences in
PDDL3.0 as well as stating how the satisfaction, or violation,
of these constraints affects the quality of a plan. Thus, the
violation costs (penalties) associated to the preferences are
considered at the time of selecting the best tourist plan; i.e.,
the plan that satisfies most tourist preferences and thereby
minimizes the violation costs. This section describes the au-
tomatic generation of the corresponding planning problem in
PDDL3.0.

4.1 Initial state

The specific values of the variables of a problem are described
in the initial state by means of predicates and functions. The
predicates and functions for an activity are:

• The interval duration of an action (activity) a is de-
fined through the functions (min visit duration ?a) and
(max visit duration ?a). They will be assigned the val-
ues duramin and duramax returned by the GRSK, respec-
tively.

• An activity a has an opening hour and a closing hour that
are specified by a timed-initial literal: (at topen (open a))
and (at tclose (not (open a))), to indicate when the ac-
tivity is not longer available.

The duration of moving from one location pj to another
location pk is defined by the function (travelling time pj
pk) that returns the time in minutes needed to travel from pj
to pk by using the travel mode indicated by the user. If the
duration of this action is not available in the DB from a past
user, an estimated duration is calculated with the Haversine
formula, used for calculating Earth distances, and the classi-
cal uniform linear motion formula, where speed depends on
the mode of transport, and adding a small correction θ for
awaiting times:

EstimTime(A,B) =
Haversine(A,B)

speed
+θ∗Haversine(A,B)

The predicate (person at ?l) is used to represent the lo-
cation of the user and the function (total available time)

returns the available time of the user, which is initially set to
Tfinish = T tour

e − T tour
s .

We must note that web services are queried to obtain the
initial data of the planning problem and that most of these
data (timetables, distances between monuments) are stored
in the database in order to keep the number of queries as low
as possible and quickly retrieve the data during planning. In
case a particular distance is not found in the database during
the construction of a plan, we estimate the distance with the
Haversine formula explained above, thus avoiding access to
web services at planning time. Estimated times will be then
updated after the planning process with the actual values by
querying the corresponding web services.

4.2 Goal and preferences

We handle two types of goals: hard goals, that represent
the realization of an activity that the user has specified
as mandatory (e.g., the final destination at which the user
wants to finish up the tour (person at id hotelastoria));
and soft goals or preferences, that represent the realiza-
tion of a desirable but non-compulsory activity; e.g., vis-
iting the National Museum of Ceramics: (preference p1

(visit location id museumceramics)).
The objective is to find a plan that achieves all the hard

goals while minimizing a plan metric to maximize the prefer-
ence satisfaction. This is expressed in the form of penalties,
so that when a preference is not fulfilled, a penalty is added
to the metric. Specifically, we define three types of penalties:
for non-visited POIs, travelling times and the non-fulfillment
of other configuration parameters of the agenda.

The penalty for non-visited places, aimed to help the plan-
ner to select the activities with a higher priority for the user,
is calculated as the ratio between the priority of the activities
not included in the plan Π and the priority of the whole set
of recommended activities RA:

Pnon visited =

∑
a∈RA−Π Pra∑
a∈RA Pra

The penalty for movements forces the planner to reduce
the time spent in travelling from one location to another, so
that closer activities are visited consecutively. This penalty is
calculated as the duration of the move actions of Π, Πm:

Pmove =
∑

a∈Πm

dur(a)

Initially, the user defines her travel style preferences (see
section 2): pref#visits represents the preference for the num-
ber of visits and prefoccupation denotes the user preference for
the time to be spent in the visits or, conversely, for the free
time between activities. The idea of combining both prefer-
ences is to give response to the different travel styles described
in section 2. For example, Rose would set pref#visits to ”few”
and prefoccupation to ”high”. In order to take into account
these preferences, two penalties are included.

P#visits is the penalty that considers the user preference
for the number of visits. It takes into account the number of
visits in the plan with respect to the number of recommended
activities:
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⎧⎪⎨
⎪⎩

(|RA|−|Πv|)
|RA| ∗ Tfinish : pref#visits = many

|Πv|
|RA| ∗ Tfinish : pref#visits = few

0 : pref#visits = indifferent

Poccupation is the penalty that considers the user preference
for the temporal occupation. Similarly to P#visits, Poccupation

takes into account the time that remains available in the plan
with respect to the total time of the user.
⎧⎨
⎩

Tfinish −∑
a∈Π dur(a) : prefoccupation = high∑
a∈Π dur(a) : prefoccupation = low

0 : prefoccupation = indifferent

Both penalties return a value in the interval [0, Tfinish].
The combination of all these penalties defines the plan metric
or optimization function to minimize by the planner:

Ptotal = Pnon visited + Pmove + P#visits + Poccupation

4.3 Actions

Three different types of actions are defined in this tourism
domain. Due to space restrictions, we will only focus
on the visit action. The input parameters of this ac-
tion are the activity to perform ?a and the user ?y.
The duration of the action is defined within the interval
(min visit time ?a) and (max visit time ?a). Moreover,
this duration must be smaller than the remaining available
time (total available time). The planner will choose the
actual duration of the action according to these constraints.
The conditions for this action to be applicable are: (1) the
user must be located in ?a during the whole execution of the
action; (2) the POI ?a is open during the whole execution
of the action and (3) the activity ?a has not been performed
yet. The effects of the action assert that (1) the activity is
done, (2) the number of visited locations is increased and (3)
the user available time is updated according to the activity
duration. The action to perform the activity of having lunch
is similarly defined to the action visit. The action of moving
between locations essentially modifies the current location of
the user, the available time of the user and the time spent
in travelling from one location to another according to the
duration stored in the database.

Regarding the periodical update of the information, only
the location of restaurants and distances between restaurants
and monuments are not retrieved beforehand because the list
of restaurants is rather changeable. The planner deals with a
’dummy’ restaurant, which is instantiated to a real restaurant
that matches the user’s tastes after planning.

5 CASES OF STUDY

In this section, we show some cases of study and we analyze
whether the resulting plans of the OPTIC planner are compli-
ant with the user preferences. We use two metrics to measure
the plan quality:

OΠ =

∑
a∈Π dur(a)

Tfinish
UΠ =

∑
a∈Πv

(Pra ∗ dur(a))∑
a∈Πv

dur(a)

OΠ is the occupation rate of the plan; i.e., the total time
during which the user is performing some action (visiting,

Figure 4. Plan generated for case studies C1 and C2

moving or having lunch). UΠ is the utility of the plan, defined
as the rate between the priority of the activities performed in
a given interval and the total duration of such activities. UΠ

returns a value in [0, 300].
First, we performed a comparison to see how the selection

of the mode of transport affects the final plan. Figure 4 shows
the paths obtained for two cases: C1 and C2. C1 represents a
basic case, where the user only specifies he would rather walk.
In this case, the focus of the planner is on finding the best
route taking into account the degree of interest of the user in
the POIs, the opening hours and the reduction of the walking
time. The resulting plan is an agenda with OΠ = 90.625% and
UΠ = 217.22. The case C2 differs from C1 in that the user
can either walk, or use the public transport when the distance
between two consecutive places is greater than a threshold.
In this case, the system generates routes that include POIs in
which the user is highly interested but are far away from each
other, returning an agenda with a higher utility. For example,
the user is advised to use the public transport to visit Museo
Principe Felipe, given that this POI is not within walking
distance of the previous visited POI in the plan. In this case,
OΠ = 64.57% and UΠ = 251.62.

In the next experiment, we selected a fixed initial and final
locations, the available time slot, time reserved for lunch and
transportation means, and we generated a set of cases with all
the possible combinations of pref#visits and prefoccupation.
The results are shown in Table 1. Columns #visits and
occupation indicate the value of the preferences pref#visits

and prefoccupation, respectively. Column #POIs shows the
number of POIs included in the agenda, whereas columns
move and visit indicates the percentage of the time devoted to
move and visit actions, respectively. Finally, columns OΠ and
UΠ indicate the occupation rate and the utility of the plan.

The results show that the preferences indicated by the user
are effectively reflected in the agenda. We can observe that
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#visits occupa #POIs move visit OΠ UΠ

Indiff Indiff 3 7.2 28.7 52.59 220.96
Indiff High 4 21.6 61.64 99.97 242.35
Indiff Low 2 9.81 15.37 42.22 216.74
Many Indiff 4 10.37 41.11 68.14 246.74
Many High 4 21.66 61.64 99.97 242.35
Many Low 4 10.37 37.59 64.62 217.68
Few Indiff 2 6.6 19.44 42.77 236.66
Few High 3 21.66 60.9 99.23 242.01
Few Low 2 9.81 15.37 42.22 216.74

Table 1. Cases of study with different travel styles

when only one preference is set, clearly the other preference
influences the final result of the agenda. For example, when
pref#visits is set to ’Indiff’, the difference in OΠ is more than
57%. This also happens when prefoccupation is set to ’Indiff’,
where the number of visited POIs goes from 4 to 2, depending
on the value of pref#visits.

When pref#visits is set to ’Many’, the number of POIs is
the highest (4), but we can observe a clear difference in OΠ

depending on the value of prefoccupation: if it is set ’High’, OΠ

almost reaches 100%; and if it set to ’Low’, then the value of
OΠ is lower than the value obtained when prefoccupation is ’In-
diff’. We can find a similar situation when the number of visits
is ’Few’, where the only difference is that number of POIs to
include in the agenda increases in 1 when prefoccupation is set
to ’High’.

In the resulting plans, that we do not show due to space re-
strictions, we have observed that when prefoccupation is’Low’,
irrespective of the number of visits, the duration of the ac-
tivity is usually set to the minimum value of the duration
interval returned by GRSK. This is reflected in that the time
of visit when prefoccupation is ’Low’ is always lower than the
visit times when prefoccupation is ’High’ or ’Indiff’. Obviously,
UΠ is also the lowest in these cases and the highest utility is
always obtained when OΠ is also the highest.

The percentage of the time devoted to travelling ac-
tions is usually around 10%, except in the cases where the
prefoccupation is ’High’. This is because, in this particular case
of study, the user must travel to a distant POI to obtain a
high value of occupation.

The tourist-tailored plans obtained in the cases of study are
the result of the planner’s performance and of a faithful and
consistent modeling of the user preferences and corresponding
penalties.

6 CONCLUSIONS

This paper describes e-Tourism2.0, an enhanced recommen-
dation and planning system for tourist activities in the city of
Valencia (Spain). e-Tourism2.0 offers a personalized recom-
mendation of the duration of the visits suited to the interest
of the user in the place to visit. It also handles user prefer-
ences related with the configuration of the agenda, particu-
larly travel style preferences in terms of the number of places
to visit and the desired temporal occupation of the tour.

We tested the adaptiveness of the plans to the user prefer-
ences through some cases of study. From the results we can
conclude that an accurate modeling of the user preferences is

very relevant to obtain plans that effectively reflect the tastes
and travel style preferences of the tourist.
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