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This paper introduces an approach for identifying user preferences using social network analysis (SNA).
Main idea was to reduce complexity and enable effective and affordable social network analysis harness-
ing particular tools and techniques. As a proof of concept, we performed the research that included two
sources: (1) the control data source — analytical data collected from mobile application FilterApp for
cultural events and (2) the experimental data source — data based on survey for users of the mobile
application. The results revealed three clusters of cultural events based on user preferences towards
certain types of cultural events, the frequency of visits to cultural events and the size of groups when
visiting these events. The obtained conclusions were used to develop system of recommendations and
for customization of offer and marketing strategies according to the identified users’ preferences. The
main value of this paper is reflected in the clearly defined research process with all the phases from data

collection to validation of results.

© 2018 Elsevier B.V. All rights reserved.

1. Introduction

Social network services include a plethora of personal, business
and educational interactions among users. Data generated within
social networks represents an input for social computing. The
term social computing refers to an emerging concept that enables
analysis of users’ profiles, as well as their interactions and behav-
iors [1]. Discovered information could be used in various contexts.
For example, results of social computing research can lead to new
targets and facilitate the process of introducing new products or
services [2]. By introducing social computing online services, shar-
ing of knowledge, experience, equipment, and resources can be
increased among individuals, companies and research groups [3].

Social computing facilitates collective actions and social inter-
actions by using various applications and services for multime-
dia content exchange and knowledge aggregation [4-6]. Social
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networks are the most explored part of social computing. Social
Network Analysis (hereinafter: SNA) is the result of harnessing
social computing in the analysis of social networks. SNA represents
an interdisciplinary methodology for mapping and measuring of
relationships and flows between people, groups, organizations,
computers, URLs, and other connected information entities [7].
SNA collects the data important for market research, making busi-
ness decisions, analysis of marketing activities, identification of in-
fluential users of social networks, determining the interconnection
of users of a particular social network, etc.

This paper shows an approach to identifying user preferences
based on social network analysis. The main aim of the paper is to
investigate possibilities of harnessing SNA for determining users’
preferences in the context of cultural events. The paper should con-
tribute to the literature by introducing an approach that enables
SNA that is not dependent only on data from well known social
networks, i.e could be performed on data from domain specific so-
cial network. As a proof of concept, SNA was used for exploring data
from two different sources: (1) control data set represents analytics
data from mobile application FilterApp that presents the offer of
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Table 1
Social computing systems compared to traditional systems.
Source: Adapted from [9].

Traditional systems

Social computing systems

Standardized procedure for quality
assurance

Top-down structure

Strictly defined

Focused on a specific area

Point out the organizational boundaries

Quality is based on customer feedback

Bottom-up structure

Flexible

Focused on different interest areas
Expand borders and develop a
community

Centralized Decentralized

cultural events in the city of Belgrade, Serbia and (2) experimental
data set created with data collected using survey for users of
this mobile application. The result of the research should describe
different groups of cultural events separated based on their impact
on users. These results should help us target marketing strategies
to reach best results in terms of the number of application users
and consequently the results of promotion of events through the
application.

2. Theoretical background
2.1. Social computing

Social computing presents the use of computational devices
to facilitate or augment the social interactions of their users, or
to evaluate those interactions in an effort to obtain new infor-
mation [6]. Main characteristics of social computing are [8]: the
need for real-time communication, sharing experience, improving
business and customer relationship management, online learning
and statistical analysis of data collected from the Internet. A com-
parative overview of the characteristics of the traditional business
system and social computing systems is presented in Table 1.

Social computing simply refers to the concept of the availability
of social functions, such as communicating people over the Inter-
net, creating communities on the web or information sharing. In
a broader sense, social computing implies the realization of func-
tions that involve the decision making, creation of a public opinion,
knowledge aggregation, marketing forecast and reputation system.
Numerous users’ profiles are grouped according to different crite-
ria and create a social network. In the scope of the social network,
social computing can be used for economic purposes. The network
is analyzed in such a way that conclusions about the characteristics
of users or structures enable improving economic parameters [ 10].

Social networks are online environments where people can
present themselves through their individual profiles, make links
to other users and communicate with them [11]. User engagement
within social networks can be described through following [12]:
(1) downloading, viewing or listening to the content, (2) sorting,
filtering, evaluating and commenting content created by other
users, (3) the creation of content by other users and establishment
of cooperation and communication, (4) communication frequency
among users.

2.2. Social network analysis

The main elements of each social network are their users. User
profiles have a threefold role: they contain information about the
user (interests, activities, education, etc.), links to other members,
and information about the users’ affinities according to different
stakeholders [10]. Users of social networks can be classified into
several categories: [13,14]

e Influencers. Users or groups of users with a high level of
knowledge, authority or position that can influence the
decision-making of individuals on social networks.

e Advocates. Sub-groups of influential users who support or
promote a brand or goal.

e Socializers. Active users on social networks, with a stable
network of contacts, own their groups or pages, with great
popularity and visitor numbers.

e Observers. They are quite inactive in generating and distribut-
ing any content, but they use information and services.

SNA aims to understand networks and their participants and
has two main focuses: the actors and their relationships in a spe-
cific social context [12]. SNA portrays mapping and measurement
of relationships and flows between people, groups, organizations
or communities. In paper [15], social professional networks anal-
ysis was performed using SNA tools. Networks such as LinkedIn,
GitHub and StackOverflow were investigated. The authors claim
that different research topics address social professional networks
and are divided into issues and tasks. The issues emerge from the
need for crawling, storing, managing and treating the data from
the networks. On the other hand, the tasks represent the ways
that such networks can be analyzed, used, improved and applied
in different contexts.

The methodological procedure of SNA includes determining
cooperation among users, institutions and organizations, and anal-
ysis of hidden relationships, roles, and communities [10,16,17].
Furthermore, application of SNA methodology enables identifica-
tion of direct correlation of network performance and cooperation
in many different areas [17,18].

2.3. Social network analysis for detecting user preferences

With the merging of the cyber world and physical world, event-
based social networks have been playing an important role in
promoting the spread of offline social events through online chan-
nels [ 19]. The most common social networks used for this purpose
are Facebook, Twitter, Instagram, and Meetup.

The process of collecting data about users is based on mon-
itoring their geographic location, posts, likes, hashtags, favored
events, frequency of activities on the social network and users’
influence on their connections. Majority of papers who deal with
the detection of user preferences, bases their research on various
algorithms, such as content-based filtering, K-Nearest Neighbor,
collaborative filtering, matrix factorization and many others to
process data.

In [19] heterogeneous graph of interactions among different
types of entities was constructed and event scoring algorithm
called reverse random walk with restart was proposed in order
to obtain the user-event recommendation matrix. The results of
this paper are two heuristic algorithms for event participant scale
control to balance the arrangements of users among upcoming
events. Chen and Sun [20] propose a social event recommenda-
tion method that exploits a user’s social interaction relations and
collaborative friendships to recommend events of interest. This
paper, through research carried out on data collected from social
networks Facebook and Meetup, shows that proposed method is
able to identify representative acquaintances of users to recom-
mend events relevant to the preferences of the acquaintances.
Chonghuan in [21] proposes a novel recommendation method
based on the social network analysis using matrix factorization
technique. The author clusters users and considers a variety of
complex factors in order to increase accuracy and diversity of
recommendation results and alleviate the sparsity and cold-start
problems. Koren, Bell, and Volinsky in the paper [22] claim that ma-
trix factorization models are superior to classic nearest neighbor
techniques for producing product recommendations, allowing the
incorporation of additional information such as implicit feedback,
temporal effects, and confidence levels. In [23] grid-group cultural
theory was incorporated in social network analysis to provide
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significant and alternative insights about the complexity of water
pollution management. This paper states that the combination of
qualitative and quantitative methods provides the breadth and
depth of understanding and corroboration of complex problems.
Jhamb and Fang propose a dual-perspective latent factor model
for group-aware event recommendation by using two kinds of
latent factors to model the dual effect of groups [24]: one from
the user-oriented perspective (e.g. topics of interest) and another
from the event-oriented perspective (e.g. event planning and or-
ganization). Using data from Meetup for events organized in four
cities in the U.S.: New York, San Francisco, Washington DC and
Chicago this article proves that latent factor model can be applied
to other recommendation tasks where certain factors may have
a dual view which is precisely the case in our research. Based on
previous research on the subject of the recommendation of cul-
tural events [25], this paper combines latent factor model, multi-
relational matrix factorization, and probabilistic latent preference
analysis in order to determine target groups of users for each event
type.

Regarding data collection methods, in paper [26] a survey is
recognized as one of the network data collection techniques along
with sequenced and census. Furthermore, the authors of the pa-
per [27] developed a close-ended survey to collect data for SNA as a
process evaluation measurement instrument to gauge specific do-
mains of potential partner interactions. The SNA survey measured
material benefits, such as the number of referrals, collaboration,
and sharing, and ideational benefits, represented by overall trust
in the network. Following the success of these works, we have
adopted the survey as a valid method of collecting data necessary
for further research.

3. Identifying user preferences using SNA

The main idea of the research is to identify cultural events that
are most visited as well as user preferences to different types of
cultural events. Cultural events themselves were used as a suitable
context where we could investigate if our approach was good
enough or not.

The research should answer the following research questions:

1. Which types of cultural events are most preferred?

2. Which types of cultural events are most often visited?

3. Which types of cultural events are visited by the largest
groups of visitors?

For the purposes of this research, mobile application FilterApp
and online survey were used as data sources. Users’ preferences
determined according to information about them collected dur-
ing application use should be compared with the expected users’
preferences collected through the survey. Comparison and fur-
ther analysis should be performed using SNA tools: Ucinet and
Vosviewer. After data processing, a comparative analysis of the
results of different clustering methods is required in order to
compare identified and expected user preferences. The results
should allow better market segmentation, planning social network
marketing and personalized marketing campaigns through push
notification in the FilterApp.

3.1. Research procedure

Research procedure for identification of user preferences for
cultural events involves four different phases: data collection,
data preparation, data processing and data visualization. In the
first phase of the research, data was collected from two different
sources, mobile application FilterApp, and an online survey. Two
different data sources will be used to compare the expected and

actual user preferences. Analytical data collected through the mo-
bile application is a presentation of real user preferences, based on
monitoring application usage patterns. The data collected through
the survey represent the expected user preferences, which can be
influenced by various factors, such as the desire of the respondents
to present themselves in a socially acceptable way.

After data collection, it is necessary to prepare data for fur-
ther research. Preparation involves summarizing survey data and
scaling and normalizing obtained results. Prepared data will be
presented with Excel Matrix Editor. Adjusted data is imported
into network analysis software tool Ucinet and processed with
two different clustering algorithms - tabu search and Johnson'’s
hierarchical clustering method. The resulting clusters are validated
and further analyzed through data visualization tools Netdraw
(part of Ucinet tool) and Vosviewer. With these tools, clusters will
be presented as areas within a network of event types. Alongside
event type nodes, nodes for differentiation criteria will be pre-
sented in order to more easily detect cluster areas. Also, clustering
density map will be presented in order to determine the validity of
the resulting clusters. Characteristics of the network as distance
and number of connections between nodes, their size and color
intensity will be defined with survey data. After data visualization,
itis possible to compare clusters identified on the created network
with clusters obtained with clustering algorithms.

3.2. Data collection

Data for the research were collected from two sources: (1) mo-
bile application usage analytics and (2) online survey distributed
through a mobile application.

Mobile application FliterApp

FilterApp is a mobile application that serves to make the search
for cultural events and institutions in the city of Belgrade easy, fast
and simple. The app is a part of a startup project with support from
the Ministry of Culture, Republic of Serbia. The main idea of the
application is to bring closer the cultural offer of the city of Belgrade
to visitors and to show the offer of various cultural institutions in
one place. This application unifies the offer of cultural events such
as movies, concerts, theatrical plays, festivals, public discussions
and exhibitions of the city of Belgrade, Serbia. The main function-
alities of the application are focused on filtering the offer of cultural
events. Available filters are:

e event type — includes festivals, movies, public discussions,
exhibitions, concerts and theatrical plays.

e institution type — contains libraries, cinemas, galleries, con-
certs, cultural centers, museums, theaters and cultural insti-
tutions.

e event time — filter implies any time period in the future and
price range filter makes the difference between free and paid
events.

e price range — common price range filter.

Further, it is possible to look at the offer and information of
a particular institution. The application provides the functionality
that enables event comparison. Events can be marked as favorites
so that users can receive notifications about selected events.

Within the application, services for tracking usage analytics are
integrated. For this purpose, Firebase Analytics [28] and Fabric
Answers are used [29]. For a better understanding of the collected
data and personalized experience during application usage, user
authentication is enabled using the Firebase Authentication Ser-
vice [30]. The application is intended for anyone interested in
the cultural offer of the city of Belgrade, regardless of the socio-
demographic characteristics or any other criterion.

The first data source includes information collected during the
application usage. Analytical data is calculated on a user base of
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Fig. 1. Number of sessions by activity group (Data collected with fabric answers).
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Fig. 2. Daily user engagement (Data collected with firebase analytics).

over 600 members. Since the application shows cultural events in
Belgrade, over 90 percent of users are located in that city. These
data include information about the type and combination of filters
that users use in order to find the events that interest them, most
frequently reviewed institutions and events, events that are most
often favored, the most frequently selected types of events and
institutions, as well as plenty of other information.

In order to determine whether the sample was representative,
we used two researches related to Cultural practices of citizens
of Republic of Serbia [31,32]. As for the structure of our sample,
most respondents are between 18 and 35 years old, which is under-
standable because our sample was collected by submitting a survey
through a mobile application. Regarding the gender structure of
the sample, as in the previous research, there is a slightly higher
number of women than the number of men.

Data that influence the validity of the results is the number
of user sessions during the day. Fig. 1 shows the total number of
sessions during the day, with reference to the number of sessions
of each of the identified group relative to the intensity of the
application use (low, medium and high activity).

Fig. 2 shows average daily engagement with a graph that dis-
plays trends for the last 30 days, the name of the screen class and
the average amount of time that screen was used for the time
period selected [33]. The average session duration is 2 m 11 s and
the most visited screen is PlaysActivity which shows filtered search
results.

Percentage of male and female users by age group is presented
in Fig. 3. The diagram shows that the users of the application
are predominantly young (about 40% younger than 34 years). In
younger age groups, the dominant gender is female while in the
older age groups the case is reversed.

Data collected from the application provide information about
users’ preferences. Users are divided into two groups that contain
different types of events. The first group represents users who
prefer theaters, concerts, and festivals, while another group of
users prefers public discussions, movies, and exhibits. The first

Demographics @

Gender
@® Female
53%
41.8%

Male
47%
1 1.8%

Fig. 3. Percentage of male and female users, by age group (Collected with firebase
analytics).

Table 2
Questions in the online survey.

Question

Purpose

Rank event types in relation to your
preferences?

Compare the expected or
pre-determined preference with the
actual user preference.

Determine the coefficient of the
importance of a particular user on the
attendance of cultural events.

When you visit the events that you Examine the influence of the group
rank as the most important, how many size on the attendance of a particular
people do you go with? type of event.

How often do you attend events that
you rank as the most important?

Determine the coefficient of the
importance of a particular user on the
attendance of cultural events.

How much money do you spend to
attend these events on a monthly
basis?

group of users makes 52.4% of the total number of users while the
rest of the group makes 47.6%.

Survey

The second source of data is the survey created using Google
Forms [34]. The survey consisted of the following questions
(Table 2):

Using these questions, we wanted to extract the clustering cri-
teria that we will use on the collected data. Total of 50 respondents
answered the survey questions. Users were motivated to respond
to the questions by getting the right to participate in the prize
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Table 3
Data collected using a survey.

Score Score (%) Frequency (mth) Connections

Movie 53 25.24 3 5
Concert 46 21.90 2 3
Theatrical play 38 18.10 2 2
Festival 31 14.76 2 2
Public discussion 24 11.43 2 2
Exibition 18 8.57 1 1

NORMALIZE

Dimension: Columns

Method: Marginal

Diagonal valid? YES

Input dataset: raw dataset

1 2 3
Score Frequ Conne
.252 0.273
.219 0.182
.181 0.182
.148 0.182
.114 0.091
.086 0.091

Movie

Concert
Threatrical play
Festival

Public discussion
Exhibition

AN AW

Fig. 4a. Normalized data.

game for free tickets for the selected event after completing the
survey. Also, participants were aware of the fact that their data
is captured in purpose of this research. During the survey, users
ranked preferences according to defined types of events on the
scale from 1 to 6. Sum of ranks of an event type represents the
event’s score. After calculating the scores as a sum of the obtained
ranks, all scores were divided with greatest common divisor (total
sum of the scoreswas 50 x 6 +5+4+ 3+ 2+ 1 = 1.050 and
GCD was 5 for collected data). The frequency criterion represents
the average number of visits to a particular type of event within a
month by one user. In order to determine the association between
people visiting cultural events, it is necessary to determine the
number of persons in the group when visiting cultural events of a
particular type (this criterion is named Connections in the further
analysis). Table 3 presents data obtained from the survey.

In this dataset, rows represent different types of events and
columns different criteria for analysis. Each data record represents
the value of a particular analysis criterion for a certain type of
event. Due to the scope and complexity of the data, various soft-
ware tools, such as Ucinet and Vosviewer, are used for further
analysis and visualization of research results [35,36].

3.3. Data preparation

Based on the data obtained from the survey, a dataset was
created using the Excel Matrix Editor’s Ucinet tool. The next step
was processing the data in order to prepare them adequately for
further analysis. As the data was obtained on different scales, it was
necessary to normalize [37].

After the data was normalized, the results are shown in Fig. 4a.
For Cluster Analysis Tabu search clustering method [38] is used in
order to obtain preliminary results of event types clusters. For the
purpose of this analysis, a matrix of scores for the types of events
was created based on the results obtained by the survey (Fig. 4b).

3.4. Data processing
Tabu search clustering was done on the basis of mutual sim-

ilarities and differences of network nodes. Since the matrix is not
square and rows and columns do not represent the same data (rows

IMPORT EXCEL FILES

Input network dataset: Scores dataset (C:\
Excel file has row labels: YES
Excel file has column labels: YES
How to save output data: a single 3D dataset
Output dataset: Scores dataset (C:\

123456
1 Movie ©10036
2 Concert 001432
3 Theatrical Play © 13411
4 Festival ®©3 3218
5 Public discussion 431011
6 Exhibition 6210180

Fig. 4b. Score matrix of event types.

TABU SEARCH OPTIMIZATION (TSO)

Diagonal valid? YES

Number of clusters: 2

Type of data: Similarities/Strengths/Cohesion
Method: correlation

Input dataset: Scores dataset (C:\Users\steva\

Starting fit: 1.062
Starting fit: 0.290
Fit: 0.290

Fit: 0.290

Fit: 0.290

Fit: 0.290

r-square = 0.504

(smaller values indicate better fit.

Clusters:

1: Movie Public discussion Exhibition
2: Concert Theatrical Play Festival

156 423

15:6 423
1 Movie | 6 3 6 | 1 |
5 Public discussion | 461 | 31
6 Exhibition | 6 1 6 | 2,1
4 Festival | 1 | 633
2 Concert | 32| 461
3 Theatrical Play | 11| 416

Fig. 5. Tabu search results.

indicate the type of event, and columns indicate the number of
specific score occurrences), the diagonal elements are considered
as valid in the analysis (Fig. 5).

After the analysis, event types were divided into two clusters.
The first cluster contains movies as the most visited type of event,
and public discussions and exhibits as the least visited types of
events. This cluster represents outliers of the network. The sec-
ond cluster contains festivals, concerts, and plays that are ranked
among the extremes from the first cluster. This cluster represents a
group of events that should be targeted if the goal of the marketing
campaign is to include diverse user structure. Also, the density of
the table created by clustering pointed out that difference between
clusters was large. The density of the first cluster is 4.33, the density
of the second cluster is 3.78, while the density between the clusters
is 0.89.

The next cluster method used is Johnson’s hierarchical cluster-
ing method (Fig. 6) [39].

For the purposes of this analysis, the normalized dataset from
Fig. 6a was used. During the analysis, the similarities of the types of
events were compared and as the comparison method, the average
value was used among all couples. At the level of similarity of 6
units, the first cluster of movies and exhibitions was created. The
second cluster was created at the level of similarity of 3.5 units and
was made by festivals and concerts. In the last step, at the level of
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JOHNSON'S HIERARCHICAL CLUSTERING

Method:
Type of Data:
Input dataset:

WTD_AVERAGE (average between all pairs)

Similarities

Scores dataset (C:\Users\steva\OneDrive
Theatrical Play 3

HIERARCHICAL CLUSTERING
324516 Concert 2
level 324516 Festival 4 L
;éééé 7 7 7 7 );X)} Public discussion5
3.5000 XXX . XXX
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9.8889  XXXXXXXXXXX }7
Exhibition 6
Fig. 6. Johnson’s hierarchical clustering method results.
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Fig. 7. Clusters obtained by Ucinet Netdraw data analysis.

similarity of 2.25 units, public discussions were added to the first
cluster and theatrical plays were added to the second cluster.

4. Results
4.1. Data visualization

The results obtained by hierarchical clustering method match
the results obtained by the Tabu search method. The result of
the analysis is represented by two clusters in which networks
outlier were clearly separated from the central nodes. Validation
of previously identified clusters is performed through the graph
that presents all types of events, as well as all the criteria used for
clustering. Normalized data is used as the coordinates of the nodes
within the graph. Nodes representing the types of events in the
graph are represented by blue circles while the clustering criteria
are represented by the squares of the red color (Fig. 7).

In the chart, criteria are represented with red squares while
events types are represented with blue circles. It can be noticed
that the movie as the most visited type of event with the largest
groups of visitors and the most frequent visits distinguishes from
the rest of event types. On the other hand, exhibits and public
discussions are also distinguished from others as the least visited
types of events. Festivals, plays, and concerts have more similari-
ties with each other than with the other types, so it is obvious that
they represent a separate cluster. The graph confirms results from
tabu search method and hierarchical clustering method.

With collected data and documentation provided in [40], a
Pajek network file is created (.net) using Vosviewer tool. The cre-
ated dataset is defined by analogy to the example from [41]. An
explanation of how to create a dataset in the Pajek network file
format is shown in Fig. 8.

Within research, we used normalized scores of the correspond-
ing criterion as the weighted coefficients of the relationships. After
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Fig. 8. Pajek network file.

map loading, before analyzing the data, the map looks as shown
in Fig. 9a, and after normalization as in Fig. 9b. First of all, we use
the data normalization with association strength method [42]. It is
necessary to change the additional parameters, that is, to increase
the sampling precision in order to get the best possible results in
terms of the sample size.

The next step is data analysis, i.e. the application of clustering
over defined groups. Before using this functionality, it is necessary
to define Resolution and Min. cluster size parameters. The first pa-
rameter affects the total number of clusters on the map, while the
second parameter determines the minimum size of each cluster. In
our research, since the types of events are clustered in relation to
the three criteria, the resolution parameter is set to 3. Since 6 pre-
defined types of events are included in the survey, the minimum
cluster size is obtained when the total number of types of events
is divided by the total number of dividing criteria — each cluster
contains at least 2 nodes. The final map, after normalization and
clustering, is presented in Fig. 10.

The map in Fig. 11 shows three clusters, each in a different
color. Cluster one includes exhibits, concerts, and score. Cluster
two contains festivals, plays, and frequency. Cluster three includes
movies, public discussions, and connections. Display of density of
elements and clusters density is shown in Fig. 11.

Density map shows that the concert and exhibition cluster is
highly incoherent, as opposed to cluster consisted of theatrical play
and festival. Cluster with movies and public discussions has high
density because it contains the movie as the most dominant type
of event.

5. Discussion and conclusion

This paper portrays an approach for social network analysis
related to user preferences for cultural events. Data were collected
from two different sources: mobile application FilterApp and an
online survey. Main conclusions from the analysis are:
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CONCERT

MOVIE
EXHIBITION
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THEATRICAL PLAY MaVviE
EXHIBITIONPUBLIC FESTIVAL PUBLIC
DISCUSSION DISCUSSION
(a) (b)
Fig. 9a and b. Vosviewer map before and after normalization.
°°'£ER"' the frequency of visiting cultural events coincide (0.182), so
EXHIBITION this cluster is the most coherent among all.

A o Cluster in which the dominant segmentation is based on user
preferences includes concerts and exhibits. User preferences
score for a concert is dominant and hence the clustering of the
concert in this cluster is justified. On the other hand, exhibit,
as the least visited type of event and the worst rated in all cat-
egories, appears to fit into this cluster due to the previously

SCORE defined limit for the minimum number of elements in each

) 4

-, ‘ cluster.
FREQUENCY @ I
CONNECTIONS The main idea was to prove that our methodology for SNA can
THERTRICAL PLAY MoViIE be used in area of culture and art. Specific conclusions related to
= @ the cultural events themselves were not of biggest importance for
FESTIVAL PUBLIC the research. Key contribution of the paper is reflected in the fact
- DISCUSSION

Fig. 10. Vosviewer map after cluster analysis.

CONCERT

THEATRICAL PLAY

FESTIVAL PUBLIC
DISCUSSION

Fig. 11. Clustering density map.

e Cluster in which the dominant segmentation is based on the size
of a group of users includes movies and public discussions.
Their score for group size criterion is higher than the scores
related to preferences or frequency. However, a score of pub-
lic discussions is significantly lower in relation to the score of
a movie, so cluster incoherence is clearly noticed.

e Cluster in which the dominant segmentation is based on the
frequency of the visit includes plays and festivals as event
types whose highest scores refer to this criterion. Also, the
scores of these two event types according to the criterion of

that the proposed approach could be used in different contexts
and environments, particularly when data from common social
network websites are not available or not adequate for the analysis.
Further, steps, tools, and methods described within the paper could
be useful for marketing activities within small and medium enter-
prises, startups, new product development departments where it
is extremely demanding to get data related to customers behavior
and preferences. The paper aims to make an impact on practice
related to usage of SNA.

Numerous researchers and practitioners connect SNA with data
from well-known social networks [20,24]. Furthermore, this paper
allows immediate validation of research findings thanks to the use
of information collected through the mobile application analytics
service. Other papers, such as [19,20,23], require confirmation
of results through further research and validation. The results
obtained with research based on an online survey about users’
preferences coincide with the results of the analytics analysis of
the mobile application.

Limitations of this work in relation to the reviewed literature
refer to the inability to identify the influential users in the network.
The results of this paper related to the cultural events are not
fully generalizable as they depend on several factors such as the
economic standard of the population, the marketing activities of
the cultural institutions, the habits of the users and many others.
However, cultural events themselves were used as a proof of con-
cept where we could test our approach.test. Accordingly, we did
not focus on other researches in cultural industry. The main value
of this paper is reflected in the clearly defined research process
with all the phases from data collection to validation of results. The
obtained conclusions are used to develop system of recommen-
dations and for customization of offers and marketing strategies
to the identified users’ preferences. Promotions for group visits
are created for movies and public discussions, monthly and season
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tickets are introduced for plays and festivals and groups of tickets
for thematic units for concerts and exhibits. In future work, we will
endeavor to examine the correlation between users’ preferences
in the social network of mobile app and user preferences in global
social networks.
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