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Abstract—The paper presents a hybrid context/model-based
tour planning service aimed at recommendation generation by
providing the tourists the sequence of attractions that are more
interesting for him/her based on previous activity with the
service. The service is developed based on SCoR recommender
system that is aimed at recommendation generation based on
calculating the synthetic coordinate between tourists of the
service in according with their ratings. SCoR is a model-based
collaborative filtering algorithm, constructing a model based on
the user’s personal ratings as well as exploiting collaborative
information from the ratings of the rest of the users. One of the
main advantages of SCoR’s model is its ability to incorporate
additional training information (new ratings) without having to
perform the training process from the beginning. The prototype
has been implemented for Android-based smartphone and has
been evaluated for St. Petersburg city. For the evaluation the
attraction database has been formed that includes attraction
location information from OpenStreeMaps platform, location
description and media from Wikipedia, and ratings from Google
Place.

I. INTRODUCTION

With the penetration of Internet access all over the
globe, consumers’ choices have multiplied exponentially. Even
though this allows for a multitude of choices and a wider
variety of selection, it has become increasingly difficult to
match consumers preferences with the most appropriate prod-
ucts, especially given the diversity of needs between them.
Recommender systems [1], [2] try to amend this situation
by analyzing consumer preferences and trying to predict the
preference of a user for any single item.

The problem of content recommendation can be described
as follows. Given a set U of users, a set [ of items and a
set R of rankings (evaluations) of users for items, we need to
estimate (predict) the ratings for a user-item pair which is not
in R.

One of the well known application of recommender sys-
tems is their use in consumer sites with a vast range of
products, in order to provide consumers with targeted in-
formation about products that might interest them. Another
application can be found in designing marketing strategies,
where recommender systems are used to predict the popularity
of products. Recommender systems are also used to provide

users with recommendations for other entities than consumer
items, such as web pages.

A promising application area for Recommender Systems is
that of Tourism and Travel (see [3], [4], [5]). The use of such
techniques in this field presents itself with several opportunities
as well as challenges. The obvious advantage stems from
the fact that, most of the times, tourists visit a previously
unknown place. A recommender system can provide visitors
with filtered information about places to visit and/or events
to attend, tailored to their personalized needs and preferences.
In addition, studies have shown that people have difficulty in
expressing their preferences and needs [6]. A tool which can
provide them with personalized recommendations will make
planning a trip much easier as well as enjoyable. Recent study
[7] have also shown that the majority of travelers rely on
the web and other digital tools (social media, search engines
etc.) to research and decide on their potential destinations.
In addition most users make frequent use of applications in
their mobile phone, thus making it easier for them to adopt
and use a mobile Recommender System. Finally, especially in
the case of planning a trip, Recommender Systems are more
beneficial to the user that in other cases. Planning a vacation
usually involves combining a large number of diverse entities
(accommodation, points of interest, events, travel routes) as
compared for searching for a specific type of product to buy
for instance. Furthermore, from the point of view of operators
and service providers, Recommender Systems for Tourism can
boost tourist flows and revenues by providing an easier and
more pleasurable experience to visitors. By recommending the
appropriate suggestions to the visitors, chances of him/her of
purchasing a service or product or attending some event are
increased.

The paper presents an approach to context-driven tour plan-
ning service that is based on the SCoR recommendation system
aimed at recommendation generation based on information
about tourists, attractions, and ratings that tourists provide for
attractions. The described prototype of the service is based on
recent research conducted by authors [8], [9] earlier.

The paper is structured as follows. Section II describes the
related work in the area of recommendation generation for
tourists. The SCoR recommendation system is described in
section III. Section IV presents the developed tourist decision
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support system. The system evaluation is presented in Section
V. Main results are summarized in the Conclusion.

II. RELATED WORK

As mentioned, Recommender Systems [10] purpose is to
direct the user to a small subset of items out of a large pool,
which might interest him/her the most. As such, they can be
defined as a subclass of information filtering systems with the
aim of predicting the preference of a user for an unknown
(to him/her) item. A wide range of techniques and approaches
have been proposed over the years in the effort to accurately
predict the preferences of users, leading to a diversity of efforts
to tackle the aforementioned problem. In this Section, we
shall provide a brief but needed categorization of the various
approaches as well as a brief overview on the most recent
advances in the use of recommender systems in the field of
Tourism and Travel.

A. Collaborative Filtering

Collaborative Filtering approaches provide user recommen-
dations by “studying” the preference patterns of all available
users. Collaborative Filtering approaches usually only require
an existing dataset of user-item preferences (ratings), which is
used to deduce future user preferences. Initial approaches using
this method employed a ratings-based similarity function and
are called Memory-based Collaborative Filtering methods [11].
Since then however, the majority of the literature is comprised
by the so called Model-based Collaborative Filtering methods
[12]. These approaches employ Machine-Learning technique in
order to “study” the known preferences and construct a model,
which in turn can provide the necessary recommendations.

B. Content-based

Content-based recommender systems [13] require the ex-
istence of item meta-data (i.e. descriptive attributes/features)
that accompany each item. These meta-data provide additional
information (other than just simple user-item ratings) on the
nature of each item which is exploited by recommendation
systems in order to provide more accurate predictions. In
such systems, meta-data are often used either in item-to-item
similarity functions and/or in order to automatically construct
a user preference profile. Their main draw-back is that the
required meta-data are not always available or can be easily
mined from existing raw data.

C. Context-based

According to [14], “Context is any information that can
be used to characterize the situation of an entity. An entity
is a person, place, or object that is considered relevant to the
interaction between a user and an application (including the
user and the application themselves)”. Context can thus be any
situational information, usually related to the user, such as time
of day, weather conditions, mood, location and so forth. These
approaches [15] take this type of information into account as
well as possible additional information usually related to other
types of recommender systems. Context-based Recommender
Systems are especially suitable and popular approaches for a
Tourism-related recommender system.
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In the rest of this Section we shall provide some recent
examples of uses of recommender systems in the Tourism and
Travel sector. For additional analysis of Tourism and Travel
related recommender systems we refer the interested reader to

[9].

Tourec [16], [17] is a fully functional, mobile-based appli-
cation for tourist trips containing suggested points of interest
(POIs) in an iterative form. It is a hybrid Context/Content-
based system where POIs are automatically retrieved by
FourSquare and suggested to the user. The user first specifies
his/her preferences for various types of POIs, creating a
preference profile. Then he/she specifies an origin, a desti-
nation and the preferred duration of the trip. Subsequently, the
system compiles a list of POI recommendations and combines
them in order to create the optimal route which meets user’s
specifications. This route is presented to the user through the
mobile application’s graphical interface.

The authors in [18] aim at studying the correlation between
the features of tourist destinations and the seven-factor model
of tourist preferences [19]. Datasets with extensive features
per destination were used and linear regression analysis was
employed which showed the significant relation between the
features and the factors of the model. In addition, feature-
based clustering on the available destinations was performed,
which resulted in their classification into six categories, which
contributes to a more generalized solution of mapping without
the need of prior information.

SigTur/E-Destination [20] is another hybrid approach that
employs a number of content-based as well as collaborative
filtering-based techniques to provide personalized recommen-
dations of touristic activities. Users access the service through
a web-based interface and specify their preferences of content
types. Content is described through a detailed ontology which
captures the nature of the destinations as well as their suitabil-
ity for various types of activities. Several methods are used to
generate recommendations for a particular user. Knowledge-
based techniques are used to provide content-based recommen-
dations. In addition, collaborative filtering recommendations
are also produced by employing a wide range of different
similarity functions. All recommendations are combined based
on each predicted rating and its confidence level, to present
the user with the final recommendations. In addition the user
is able to rate the proposed destinations/activities and thus
automatically update his/her preference profile.

The work described in [21] was designed as an content-
based upgrade to the recommendation engine of wOndary
(https://wondary.com), a platform where independent
travelers can plan their trips. An automatic method was
employed, aggregating information both from Google
Places  types  (https://developers.google.com/places/web-
service/supported_types) and FourSquare
(https://developer.foursquare.com/docs/resources/categories)
in order to assign each possible destination some type derived
from a pre-designed ontology and thus generate the required
content information for each destination. User preferences are
also automatically derived from his/her existing travels, stored
on the wOndary site.

Finally, a recent, interesting notion that has emerged in
the context of Tourism-related Recommender Systems is that
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of group recommendations. Classic recommender systems’
purpose is to provide personalized recommendation to each of
its users. It is common practice however for tourists to travel
in groups (tour-operated groups, friends, family, etc). In recent
years, several approaches have emerged in order to address the
issue of group recommendations. A popular approach [22] is
the aggregation of individual recommendations using aggrega-
tion strategies such as Average, Average without Misery, and
Most Pleasure. Other approaches such as [23] employ group
consensus strategies.

III. THE SCOR ALGORITHM

The basis for providing the necessary Recommendations
is SCoR, a novel personalized recommendation algorithm.
We refer the reader to [24] for a detailed description of the
algorithm. The algorithm uses a Model-based Collaborating
Filtering approach, which is dependent on a known set of user-
to-item preferences, in order to train a preference prediction
model. Thus, a number of known preferences of each user for
some items must be already known, each one provided in the
form of a triplet (u,,r), where r is a scalar rating of user u
for item ¢.

In the core of our proposal lies the spring metaphor
which was inspired the Vivaldi synthetic network coordinate
algorithm [25]. Thus, the basis of the SCoR algorithm is
a Synthetic Euclidean Coordinates system, which randomly
assigns an initial position in an N-dimensional space to each
element in the user U and the item I sets. The algorithm
iteratively updates the positions of all elements until, for every
known rating (u, ,r), the Euclidean distance between user u
and item ¢ corresponds to the rating value . The positions are
updated using (1), as follows:

p(z) — p(y)
d(z,y)

where p(x), p(y) are the positions of a user-item pair, d(z,y)
is their current Euclidean distance, dd(z,y) is their desired
distance (based on the rating value r), % is the unit
vector that gives the direction node z should move, and &
controls the method’s convergence, since it is the fraction of
distance node z is allowed to move toward its ideal position.
This process is performed iteratively for each known user-item
pair (i.e. for which there is a known rating r).

p(x) =p(y) +0 - (dd(z,y) — d(z,y)) - )

Upon algorithm convergence (i.e all users and items in the
N-dimensional space rarely change their positions any more),
the Euclidean distance between user u and an unrated (by
user u) item ¢ provides the basis for a prediction for the
preference of user u for item 7. The algorithm is deemed
to have converged when the training RMSE change after a
number of updates falls below a pre-defined threshold.

RMSE = \/E{(R - R)?} @)

The main input of the algorithm is a list of known (u, i, r)
triplets which are used to train the model. In addition, some
straight forward execution parameters need to be defined.
These are:

e  The number of dimensions of the Euclidean space
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TABLE L RMSE OF THE EIGHT RECOMMENDATION ALGORITHMS FOR
THE FOUR DATASETS
Dataset SmallNetflix ML Jester2  Jester3
ALS 1.160 0.964 0.943 1.380
ALS-CCD++ 1.140 0.932 0.917 1.300
SGD 0.961 0.898 0.872 0.906
Bias-SGD 0.958 0.897 0.872 0.909
Bias-SGD2 0.967 0.888 0.861 0.923
SCoR 0.940 0.875 0.854 0.894
RBM 0.941 0.900 0.880 0.912
SVD++ 0.989 0.944 0.910 0.953

e The minimum and maximum values allowed for rat-
ings (1)

e  The termination threshold of the algorithm.

In its original publication, SCoR was compared against
seven state-of-the-art recommender systems. In Table I,the
comparison of SCoR is shown, in terms of accuracy (RMSE),
against the following seven state-of-the-art algorithms [26]:

e ALS, the Alternating Least Squares algorithm [27].

e ALS-CCD++, the Parallel Coordinate Descent ap-
proach to Matrix Factorization [28].

e SGD, the Stochastic Gradient Descent method [29].

e Bias-SGD, the Biased Stochastic Gradient Descent
method [30].

e Bias-SGD2, an improved alternative of the Biased
Stochastic Gradient Descent method [30].

e RBM, the Restricted Bolzman Machines [31].
e  SVD++ method [30].

The datasets used to compare the recommendation algo-
rithms were the following four real world datasets, with diverse
structural characteristics (density, average degree, etc):

e  SmallNetflix a reduced version of the original Netflix
Prize dataset.

e ML, the MovieLens dataset by GroupLens website
(https://grouplens.org/datasets/movielens/)

e  Jester2 and jester3 datasets
(http://www.ieor.berkeley.edu/ goldberg/jester-data/)

The algorithm’s performance is measured using the Root
Mean Squared Error (RMSE) [32], [33]. The RMSE values are
computed using a “ground-truth” set of known user ratings,
whose values are treated as unknown by the algorithms. For
each rating in the “ground-truth”, each algorithm calculates a
predicted recommendation value. These are compared against
the actual ratings using (2), where R is the set of “ground-
truth” values and R are the corresponding predicted values
computed by each algorithm. A lower RMSE value indicates
a more accurate prediction. Table I shows how SCoR outper-
formed all other algorithms for each dataset.

IV. TOUR PLANNING SYSTEM

The developed tour planning system is aimed at tourist sup-
port with information about interested for the tourist attractions
based on his/her preferences and context situation in the region
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location. To take into account tourist preferences the SCoR
system described in the prevoous section is used. Context in
modelled based on ontology management technique [34].

The system consists of the two main modules: tourist
smartphone and cloud (see Fig. 1). The tourist interacts with
the smartphone via the graphical user interface and access to
the attraction that are ordered for him/her based on the ratings
and the accessibility possibilities. The tourist sets these ratings
to estimate previously attended attractions. Mobile application
installed to the tourist smartphone is responsible for providing
to him/her the following information: list of attractions with
description; media information about interested attraction; rat-
ings of attractions. SCoR module is used to access to the SCoR
system to calculate the closeness of a tourist to an attraction
based on the estimations of other tourists in the system (see
section III). Offline attraction database keeps information about
all known attractions.

Database management service is located in the cloud
environment and responsible for attraction database formation
from different Internet services. The OpenStreetMap platform
is used for generating list of attractions in the tourist location.
Wikipedia platform provides attraction description and media
information, and Google Place platform provides the rating
information about found attraction in the tourist region. Data
management service provides web interface for the tourism
experts who can view and manage the attraction in the database
as soon as create new region. Database management service
creates the offline attraction database and shares it with the
tourit mobile device.

Tourist smartphone provide to the tourist a tour that con-
sists of the set of attraction that have been determined that is
most interesting to see for him/her as soon as these attractions
are reachable by the reasonable time based on the context
situation in the tourist location region. Context includes the
location, time, traffic situation, weather. Tourist has possibility
to see text and media information about attraction. Media
information includes photos, videos, and / or audio. After the
browsing the attraction the tourist has possibility to estimate
it by providing the rating from the following interval (0, 5].
The rating is provided for the current context that includes
weather situation and company of the tourist. Weather situation
is actual for the outside attractions (such as parks, monuments,
bridges, and etc.). In case of rain the rating can be completely
different compare with sunny weather. The same situation for
company. If the tourist is travelling alone he/she can have one
preferences but in case of travelling with family the preferences
can be different and more oriented to the children.

V. EVALUATION
A. Data Extraction

To conduct the experiment the attraction information for
St. Petersburg, Russia has been processed. The attraction data
extraction from the OpenStreetMaps and Wikipedia platforms
is described in details in the paper [35]. The general scheme
of attraction rating extraction is presented on Fig. 2.

Firstly the ratings for the attractions were taken from
the Google Places service (https://cloud.google.com/maps-
platform/places). This service allows users to fetch various
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information about attractions around the world with possi-
bility of free provision of a certain amount of data. For the
experiment, the authors gather the attraction geo-data, title,
and rating. To reduce the number of calls to the Google Place
service, several points in the city with the greatest number
of attractions have been selected. For each point, a search
has been performed within a radius of 50 kilometers on the
presence of various attractions. Data was requested in Russian
and English languages to increase attraction coverage.

After that, the additional search has been done
by using the Google Knowledge Graph service
(https://developers.google.com/knowledge-graph). This
service can be described as a semantic knowledge database
with possibility of the linked data search. Each item from
Google Place data was processed with additional search by the
following template: {title: place_title, types:
["Place’, ’'TouristAttraction’], languages:
[“en’, 'ru’l}. The types field describes the item
type in knowledge graph. For some attraction the Wikipedia
references is accessible that provides possibilities to merge
attraction found in Wikipedia and attraction found in Google
Place Service. As result, the authors get a array with merged
data from both services.

At the end, the mapping process between attractions from
the offline database and attractions from Google Places and
Knowledge Graph is started. Firstly, the search process for
the references to Wikipedia articles was performed among the
Google data. This references let the authors match different
attractions, because every attraction from offline database
contains link to the Wikipedia about itself. Secondly, the
geographical search was performed in the offline database with
filtering data by using attractions’ titles similarity based on
Levenshtein distance.

B. Ratings Generation

To conduct the experiments the personalized ratings are
required that can characterize the user’s interests. State-of-
the-art analysis of the existing tourism portals and research
papers showed that such databases are not accessible. In this
case authors propose in the paper the following rules for the
personalized rating formation (see table II). The general idea
is to create the unique group of people with own attraction
preferences. It is proposed to create 8 groups. Each group
contains 10 people who create ratings for each attractions in
according to pattern described in the table II. Variable rating
in the table represents overall rating from the user and belongs
to the following range: rating € [0, 5]. If the result is out of
bounds in the generation process, it is reduced to the minimum
or maximum values.

User groups I-III constructs their ratings based on the
ratings acquired from the Google Places service. Variable G,
represents the original rating from the Google Places service
belongs to the following range: G, € [0,5]. Group I
takes the non-zero rating and adds a value from the S, () =
random(—0.5,0.5) function. This function takes a pseudo-
random value from [—0.5,0.5] range. Group II choose the
opposite rating from the G, and Group III divides incoming
rating by 2.
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2. Attraction media
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—

Oftline Attraction|
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Fig. 1. Developed Tour Planning System: A Reference Model
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Fig. 2.

Groups IV-VIII shares another approach: people in these
groups choose a certain kind of attraction and rate only that
types of attractions. Variable R, is a base constant, which is
equal 4.5, tag is a attraction type from OpenStreetMaps data.
For a suitable attraction, the value of the function S..() is
added to the R, constant. For the current steps, only museums,
theatres, parks, monuments and bridges are processed.

TABLE II. EXPERIMENT DATASETS
User group Explanation
I rating = Gr+5:0), lf g_rating > 0
None, otherwise
5— Gy, if g_ratin
I rating = 5—Gri g__Ta ing > 0
None, otherwise
1 rating = Gr/2,if !]_Tfltzng >0
None, otherwise

"y R + Sy (), if tag == "museum’
rating =
g None, otherwise

R. + S, (), if tag == ’theatre’

v rating =
g {None, otherwise

VI rating = R + S:-(), IF tag == 'park
None, otherwise
! rating = Re + 5,0, lf tag == "monument
None, otherwise
VIIL rating = {R“ + Sr(),if tag == "bridge

None, otherwise
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Google scores

Cloud

*SCoR - A Synthetic Coordinate based Recommender system

C. SCoR Integration

Described in the section III SCoR recommendation system
has been adapted for smartphone utilization. The SCoR algo-
rithm was originally implemented as a stand-alone application
[36]. In order to meet the needs of the current work, this
implementation has been modified into a Java library, which
can be integrated into any Android application. Its API exposes
the following methods:

void trainModel (Iterable<Rating>
train, File coordsFile, String
coordsOutputFile) — trains the SCoR Model.

e train: A Collection of the available known user pref-
erences ( (u,,r) triplets ).

e coordsFile: The location of previous training data.
If this parameter is not provided, the model will be
trained from scratch.

e coordsOutputFile: The desired location to store the
new (updated) training data

double getRecommendation (String userlID,
String itemID) — provides rating prediction for a single
user,item pair

e userID: The ID of the user in question.
e itemID: The ID of the item in question.

e  Returns the predicted rating of the user for that item.

ArrayList<RecResult>
getRecommendation (String userID) — provides
rating predictions for a single user on all available items.

e userID: The ID of the user in question.

e Returns a sorted Collection of the predicted ratings
of the user on all items.

In addition, the following variables/parameters can be set
by the developer, prior to training:
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e dims: The desired number of dimensions of the Eu-
clidean space.

e min: The minimum allowed value of any rating.
e max: The maximum allowed value of any rating.
e threshold: The value of the termination threshold.

e nrOfThreads: The total number of threads to be used
during the Model training, for parallel execution.

D. Implementation

The authors use Android prototype of the offline tour trip
planning system (described in paper [34]). Recommendations
are generated locally at the client side. Google Places ratings
are stored into the offline sqlite database and generated dataset
is attached in APK as a JSON file. This file contains an array
of dictionary objects with attraction id as key and user rating
as value.

The training process of the recommendation model is per-
formed once on the application startup in a background thread.
During the training the user gets information about attraction
in according with the trained last time model. This allows
continuous user experience with the application. As input,
the SCoR recommendation system requires an iterable array
which contains data about user rating for an attraction. After
the training the recommendation system can predict the tourist
preferences for other attractions. In case of adding new ratings
to attractions, the model is retrained again to present the tourist
on-the-fly recommendations based on his/her preferences.

The prototype screenshots of the proposed tour planning
service are presented on Fig. 3 and Fig. 4. Each time if the user
enters main screen, the recommendations based on users scores
and preferences are presented in the “The best attractions in
the location” part of the screen. Each entry in section contains
the following information: attraction image and title, distance
from the tourist to the attraction, attraction rating from the
Google Places, and synthetic score calculated by the SCoR
system. Fig. 3 shows the situation when the tourist open the
service. In this moment he/she has preferences about museums
and theaters (calculated by SCoR system). Fig. 4 shows the
reordered list of attractions when the tourist preferences have
been updated (scores have been calculated after the user
estimates brifgrs and parks. It should be noted that additional
training process (in the case of user preferences update) does
not require model training from scratch as previous training
results are used in the new training in order to significantly
reduce training time.

E. Performance Experiments

The performance experiments have been conducted in the
Android emulator. The computer specification is the following:
Intel(R) Core(TM) 17-8700 CPU @ 3.20GHz process, 16 Gb
RAM, 1 TB HDD. Based on the principles from subsec-
tion V-B, the datasets were generated. Each dataset contains
the different amount the user group: 10 people, 100, 250, 500,
750 and 1000 accordingly. The time of the initial training
(Fig. 5) and time of recommendations retraining after user
rating addition (Fig. 6) were measured. The retraining speed
is significantly faster than initial training speed, however, it
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is recommended to manipulate with model in the background
thread for improving user experience with the application.
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Fig. 5. First training Performance graph
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Fig. 6. Retraining performance graph

VI. CONCLUSION

The paper presents an approach to context-driven Tour
Planning based on synthetic coordinate recommendation. The
paper shows joint work between teams from SPIIRAS, Russia
and TEI of Crete, Greece. Integration of the SCoR recom-
mender system developed by the TEI of Crete to the tourist
trip planning system provides benefits for potential users. The
preliminary experiments described in the section V-B shows
that for such city as St. Petersburg with amount of attrac-
tions accessible in OpenStreetMaps the recommendations are
implemented in real time. For the experiments 80 users have
been generated with ratings based on information imported
from Google Place. The tests show that based on the users
ratings the system quickly retrain the model and reordering
the attractions. In the future authors are going to extent the
experiments.
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