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Abstract:

Considering that Social Media play an important role as an information source
for users, many companies focus on Social Media marketing as a strategic
tool for their business. According to the recent research, more then 60% of
users use search engines when looking for some information. Therefore, this
study aims to investigate to which extent Social Media appear in search engine
results, and what is the relevance of retrieved Social Media sites. Since the
goal of any Information Retrieval system is to retrieve relevant documents in
response to the user’s query, the set-based measure and rank-based measures
are used herein. Mathematically presented, these factors are very sensitive
to user relevance judgements and their properties are discussed. Through
conducted experiments, Precision, Recall and Average Precision of a Google
search engine are evaluated. Different tourism related topics, in terms of IR
evaluation metrics, are compared. The results show that Social Media content
appears in very low percentage (23.1%) of all search results. The most visible
social media are Facebook, Wikipedia and TripAdvisor.
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INTRODUCTION

It is well-known that Social Media (SM) is among top three Search
Engine Optimization (SEO) strategies, besides content quality and back-
links (Tober et al., 2014). From the company’s perspective, it is very im-
portant that, apart from links that lead to their official web pages, also
the links of their SM websites appear, so that users can raise their ratings.
From user perspective, SM plays an important role as an information
source (Kirchhoff et al., 2008). For example, 52% of tourists find inspira-
tion for travelling when using SM, where 29% find travel planning ideas
on Facebook, and 14% are inspired by TripAdvisor’s vacation planning
insight (Mdg, 2012). However, according to the research of the European
Tourism Association, SM is less effective when generating bookings in the
short term (Rossini et al., 2014). On the other hand, according to Google
research, 61% of tourists use search engines when searching for travel
related information (Google, 2014), and Social Networks, such as Google
+ and Facebook, are ranked among the first. Therefore, this study aims
to investigate to which extent SM appear in search engine results when
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searching for tourism related information, and what is
the relevance of the results obtained.

Another challenge is that Web 3.0 introduced smarter
web based on semantic web. The idea is that data on the
web are not just hyperlinked, but now there is a mean-
ing of their interconnections through added metadata
and machine interpretable statements. World Wide Web
Consortium (W3C) introduced several standards that
encourage webmasters to use standard data formats that
will enhance semantic web content development. The
Resource Description Framework (RDF) allows storing
data in a standard format in order to easily identify the
meaning of data when search engine processes the user
query. However, smarter web is not only about seman-
tics but also the usage of web data mining techniques in
order to get knowledge about the user. The smarter web
is also influenced by big data that are generated on the
web every second. Therefore, there is a need for tools that
will process and analyze big data. In practice, all of these
mean, that user, through advanced search engine, can
ask the specific question (search query) and receive al-
most concrete answers (relevant information). However,
a huge effort is in front of the search engines who seek to
improve relevance, and importance of search results by
understanding user intention and the contextual mean-
ing of user’s query (Girit et al., 2012).

Most search engines use search methods that are
not convenient for indexing and retrieval of semantic
markup content (Finin et al., 2005). When detecting
embedded markup within a document, search engines
index it, but not process the markup. Unfortunately,
the semantic markups (such as RDF or OWL) are typi-
cally used as knowledge representation languages rather
than markup. Therefore, the most search engines today
cannot use semantic markup to improve information
retrieval. However, Google has several ongoing pro-
jects and patents in the field of semantic search, such
as: Assigning terms of interest to an entity; Self learn-
ing semantic search engine; Knowledge graph based
search system and other. In order to find out to what
extent the information retrieval systems of today’s se-
mantic search engines are improved, in this paper, their
precision, average precision and recall of information
retrieval system using keywords to complete phrases of
tourism related topics are done.

This study is organized as follows: the first section
provides the background of the research, then the Infor-
mation Retrieval System Model is given, and the proper-
ties of evaluation metrics are discussed, and at the end
the experiment design and results are analyzed.

RESEARCH BACKGROUND

Development of dynamic websites was the trigger
for switching from static Web 1.0 to a dynamic and
highly social Web 2.0. Soon after, websites that enable
users to communicate with each other, share pictures,
videos, reviews, customize personal profiles, write blogs
and other, were developed. These websites are called SM
websites. However, the slight revolution in people’s so-
cial life has brought the advent of Social Networks. In
favour of this fact are the figures of social network users
where it is estimated that there are around 2.13 billion
users (Statista, 2015).

The SM refers to a group of dynamic web-based
applications where its content is mostly generated by the
users, so called user-generated content (UGC) sites (Ka-
plan et al, 2010). The current examples of SM websites
include social networking sites (e.g. Facebook, LinkedIn,
Twitter), Social News, Photo Sharing (e.g. Instagram,
Pinterest), Video Sharing sites (e.g. YouTube), Online
communities, Blogs, Forums, FAQ, Commenting, Tradi-
tional news, Virtual worlds etc. SM has a social structure
made of many connected nodes (individuals or objects),
that are composed of the concept and role in a form of
sub-object that has various characteristics. Nodes are di-
rect/indirect connected by specific types (such as frien-
dship, dislike, financial exchange). The overall graph mo-
del of SM forms the entire network (Choi et al., 2012).

In recent studies, it has been argued that SM started
replacing traditional information sources, and later then
that SM influence the users’ online purchasing behavior
process (Vinerean et al., 2013; Toanas et al., 2014). Since
SM has a significant impact on user’ information ac-
quisition, much effort is done in the field of application
that analyse the content of Social Network and informa-
tion retrieval systems (Kirchhoff et al., 2008; Nasution
et al., 2012; Korfiatis et al., 2008). With advancement
of the web, major search engines constantly introduce
new features. However, most information retrieval Sys-
tems have limited abilities to give personalized response
to the user request (Fernandez et al., 2011; Zidi et al.,
2013). Higher-level natural language processing tech-
niques such as chunking, word sense disambiguation,
parsing, compound recognition, part-of-speech tagging
and other methods, used in information retrieval, have
recorded very slow improvements (Brants, 2003; Fer-
randez et al., 2013).

Information retrieval (IR), as part of computer sci-
ence, studies the effective and efficient retrieval of rel-
evant information from a collection of web documents
in order to satisfy a user information need (Mehlitz et al.,
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2007; Crestani et al., 2001). There are several ongoing
issues such as relevance, performance, scalability, and
other. Relevancy from user perspective is subjective (us-
er’s judgment), situational (depends on user’s needs),
cognitive (depends on user perception), and dynamic
(changes over time) (Borlund, 2003). Another problem is
the size of the Web, where it is estimated that it contains
at least 4.72 billion pages (www.worldwidewebsize.com,
from November, 2015).

Evaluation of search engine systems is highly impor-
tant for measuring how successfully an IR system fulfills
users’ information needs (Clough et al., 2013). At the
beginning, this evaluation was mostly system-oriented
i.e. conducted in a laboratory setting environment with
the main focus on search algorithms, disk space, system
speed, and other relevant system factors, but with no
influence or with very little involvement of end users.
Today, it is mostly user-oriented which takes into ac-
count the user’s context, interactions with the system,
information searching behavior, satisfaction with the
search results and others (Borlund, 2009; Maskari et
al., 2011). Therefore, more research is dealing with in-
teractive information retrieval (IIR) evaluation (Kelly,
2009). An important role in establishing standards for
IIR evaluation belongs to the work of the organization
of the information retrieval evaluation events - Text RE-
trieval Conference (TREC) Interactive Track (Figure 1).

IR system evaluation is usually test collection based.
The test collection contains a set of statements expressed
as keywords, questions or longer written descriptions
that are related to some topic. In this paper, tourism re-
lated topics are used. The selection of keywords is done
upon a number of prevoius studies and recent trends in
tourism. The most searched keywords, that reflect the
broad tourism topics, are “hotels”, “restaurants”, “well-
ness”, “nightlife”, and other (Xiang et al., 2010). Recent
development in tourism involve Medical tourism, Edu-
cational tourism, Sports tourism and other. In order to

be consistent with the information search context, the
focus of the study is on the capital city Belgrade, as an
urban destination. Therefore, the selected pre-defined
keywords are combined with destination name to form
queries, which were entered then into Google.

In order to measure IR effectiveness, there are set-
based evaluation measures (precision and recall), rank-
based measures, and other. To evaluate the performance
of IR system, the paper measures how far down the
ranked list of results will a user need to look to find SM
relevant documents. The objective of the experiment is
to evaluate precision, average precision and recall of a
Google search engine.

According to the statistics, Google is the most used
search engine in the world, with 1.1 billion of unique
monthly visitors (eBiz, 2015), and 67.5% of market share.
At the beginning of the search engine era, Google ranked
pages according to the number of frequently used key-
words. Today, the goal of semantic search created the
set of new criteria such as the number of backlinks, user
signals efc. Due to this development, ranking factors are
constantly evolving. According to the Google ranking-
factors 2014 (Tober, 2014), the social networks, such as
Google +, and Facebook, are among the first. Howev-
er, the herein presented experiment demonstrates that
Google does not rank, or in very low percentage shows
the SM as search results.

INFORMATION RETRIEVAL SYSTEM MODEL
System model flowchart

In this paper adjusted system model flowchart is
used (Marjanovic-Jakovljevic, 2015a) (Figure 2). On
the left side of the diagram, shown in Figure 2, a user
query is presented. In this paper, tourism related topics
are used. In that stage, the user can enter some query,
like “Visit Belgrade” or “Book a hotel in Belgrade” etc.
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Figure 1. The history of IR system studies
Source: Kelly (2009).
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On the other hand, web provides huge amount of e-
commerce market data provided by tourism companies,
such as hotels, restaurants, online travel agencies. Search
engine system includes both documents, and estimates
at what degree ranked web documents meet user’s in-
formation requirements. The user rates retrieved docu-
ments as relevant or non-relevant. Therefore, the rel-
evance of the document is assessed according to the user
information need, not on query. The challenge in any IR
system is to retrieve only the desired web documents,
so various system performance criteria have been used
to measure the IR system effectiveness. In this paper,
Google search engine is used for measuring the IR sys-
tem effectiveness.

User query e-commerce
about tourism market
related topics

SEO

Search Engine
Matching algorithm

A

Search Engine list
of retrieved documents

|

[ User relevance judgment

I

[ Mathematical metrics

-

calculation

Figure 2. System Model Flowchart
Search Engine evaluation metrics properties

There are several evaluation measures in order to
assess the system effectiveness. The two most frequent
are: set-based measures (Precision and Recall), and
rank-based measures (Average Precision). Those meas-
ures are applied to the pages links from the ranking
list, assuming that the relevance judgment is known. In
this paper, binary relevance (relevant or non-relevant)
is assumed rather than graded relevance (relevant, par-
tially-relevant, or non-relevant) (Kekalainen, 2005). In
(Zhu, 2004), evaluation of those parameters is explained
and some of their properties are already discussed in
(Marjanovic-Jakovljevic, 2015).

Precision is calculated as the ratio of the number
of relevant retrieved web documents (N, ), and the
number of retrieved web documents within the rank-
ing list (N ). In other words, precision measures the
capability of the IR system to retrieve only relevant web
documents. However, it is influenced by retrieval of
non-relevant web documents.

N
Precision = Zrel_ret (1)

ret
Recall measures the ability to find all relevant web
documents within the entire result list, which is, in the
case of web search, a time-consuming job. It is defined
as:

N

[ t
Recall = _re_re

)
Nyel
Where N, presents the number of relevant web
documents within the entire result list.

Average Precision (Buckley et al., 2000) measures
ranked retrieval results, with focus on returning maxi-
mum number of relevant documents that are positioned
higher in the ranked list. In other words, Average Preci-
sion is the mean of the Precision that is calculated af-
ter retrieval of each relevant document. If the observed
document is assumed as non relevant, Precision has a
value of zero. Therefore, Average Precision might be
expressed as:

1 Nyet x; 4

1
2 ek )

re .
> x; Precision; =

AveragePrecision (i) =
i=1

rel _ret rel _ret

where:

Lif k" page link is relevant
= (4)

X, =
*|oif k™ page link is not relevant

All relevant documents that are retrieved may or
may not belong to SM. To estimate the significance
of SM marketing, the probability of SM in the Google
ranked list is calculated such as:

N appearings

P=—— (5)
N rel _ ret

where N presents the number of relevant SM

appearings
sites within a ranked list.

According to (1), after N_ ranked retrieved docu-
ments, the Precision is calculated as (6):

1 Nret

Precision yr = X
N Nyer k=1 g (©)
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From (2), using the same notations, Recall can be
calculated such as (7):

N ret

1
Recall, =—— > «x
k k 7
rel k=1 @

From (7), it is obvious that Average Precision is in-
fluenced by the number of retrieved relevant documents

1
AveragePrecision (i) = — (®)
i

and Recall parameter has the constant value:

1
Recall =—— = const. ©9)

rel

The difference of Average Precision (Fig. 3b) is cal-

. " i . culated as:
and their position within the ranked list. For the sake of
illustration, in Fig. 3 we assume that we have only one o 1
) ] . o i AAveragePrecision (i) = ———— (10)
relevant page link on the i* position within the rank list, i-(@+1)
where 1<i<N_.In such case, Average Precision param-
eter is calculated as:
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position of the relevantdocument

(a) Average Precision vs. Position of the relevant
page link: Nrel_ret=1;

position of the relews ntdocument

(b) AAverage Precision vs. Position of the relevant
page link: Nrel_ret=1;

Figure 3. shows that the value of Average Precision and the difference of Average Precision is particularly ex-
pressed from 1* to 10" position, when having relevant document on two adjacent positions.

Since the relevance judgment depends only on user preferences, it will be interesting to examine what is the regular-

ity of the change in the Average Precision, if switching a number of non-relevant into relevant. Supposing that k

presents the number of the switched judgments, we have 2% [

First, we assume only one switched judgment, i.e. k

switched

switched

N
ret: ) different possibilities.

switched

=1 on the j" position, where 1< j<N_. Therefore, the

obtained difference of Average Precision is expressed as (11):

AAveragePrecision (j) = AveragePrecision (x i =1) — AveragePrecision (x i =0)

Average Precision in case where j page link is not relevant, is presented as (12):

j—1
AveragePrecision (x]. =0)=

rel _ret i=1
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While, in the case where j* document is relevant, the Average Precision is presented as (13):

j-1
AveragePrecision(xj =)= ! > X
(Nrel_ret +D{i=1

Nret ' !

> x.Precision ;T Precision . + > x.Precision ;

i=j+1 (13)

x; present relevance judgments from j* position and it is considered that x; =x; for 1<i =i<N,,, and

Nyer_ret > 1, therefore, the change of Average Precision is calculated as:

Nrel_ret .

AAveragePrecision(j) = Precision . + )
I =it
rel_ret

; N
' 1 1/ rel_ret.]
x;APrecision; | = ————|— > x; + > ~x
Noel_ret. | 1k=1 =i (14)

where APrecision; = - presents the Precision difference on the i* position where x; =1.
1

Given that k simultaneous switches in relevance judgment produce the same difference of Average Precision as

k successive single switches, therefore the total change of Average Precision can be expressed as a sum of Average

Precision differences. Since AdveragePrecision (j) > AdveragePrecision(j +1) , it is clear that the value of AdveragePrecision is

higher when the switch is performed on the top of the ranked list.

EXPERIMENT DESIGN AND RESULTS

In this study, the following parameters have to be
specified: search engine, search queries, data process-
ing, and analysis. Since Google is the most used search
engine (Malik, 2014), in this experiment the precision
of Google search engine has been evaluated. Generally,
Google handles three major types of user queries, such
as navigational, informational and transactional que-
ries (Enge et al., 2012). Navigational queries mean that
the user knows what is looking for, so it is enough to
type “YouTube”, and Google recognizes what the user
wants, and shows the desired page. Informational que-
ries mean that the user types several keywords, such as
“bike”, “tourism” etc, and Google are using its relevancy
algorithm with semantic features to display search re-
sults. Transactional queries are used when the user wants
to purchase something on the web, and types for exam-
ple “book a hotel”, or “I want to do aesthetic surgery in
Belgrade”. Here the Google’s semantic function plays an
important role.

In this experiment, semantic search queries are for-
mulated using natural language. Acting as a foreign tour-
ist who wants to visit Belgrade, questions are placed in
the English language. For queries, a wide range of tour-
ism related topics, such as medical tourism, educational
tourism, were used. To research the relevance of search
results, all three IR evaluation parameters are calculated.
In addition, the type and position of the SM of a relevant
page, within the Google ranked list, is observed. In this
experiment “hands-on” research is done. In order to
make judgment about the relevance of web pages, the
following is considered:

+ the web page is considered relevant if it is closely
matched to the subject matter of the search query,
and

+ the page is categorized as non-relevant if it con-
sists of a whole series of links, or the site can not
be accessed, or is not related to the subject matter.

The column Relevance judgments, presented in the
Tables 1-4, shows the position of relevant (signed with
“1”) or non-relevant (signed with “0”) document within
aresult of 20 ranked web documents. Observing all three
parameters, with the goal to present the significance of
SM marketing, three experiments are described.

In the first experiment, different narrow related tour-
ism topics, in term of IR evaluation parameters, are com-
pared. The queries are: “visit Belgrade”, “hotels in Bel-
grade”, “restaurants in Belgrade”, “wellness in Belgrade”
and etc. The highest accuracy is achieved when searching
hotels. The average highest precision (means when the
document is listed at the beginning more times than oth-
ers) is obtained when searching restaurants. The most ap-
pearing SM sites are TripAdvisor followed by Facebook.

In the second experiment, different health topics, as
wider tourism related topics, in the term of IR evalua-
tion parameters, are compared. The queries are: “pri-

y o«

vate clinics in Belgrade”, “dental implant clinics in Bel-

» «

grade”, “aesthetic clinics in Belgrade

»  «

, ‘acupuncture in
Belgrade” etc. The biggest average precision of 100% was
achieved when searching aesthetic clinic in Belgrade,
since the top ten positions are relevant pages. The worst
results, according to all three parameters, are obtained
when searching private clinics in Belgrade. SM appear
in a very low percentage (Table 2).

In the third experiment, different educational tour-
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Table 1. IR metrics of narrow tourism related topics

Social Media
Avg. Precision ~ Precision Recall (followed by its P
position)

Relevance

Query judgments

11010

00101 2. Facebook
1 00110 0.47 0.35 0.7 4. TripAdvisor 0.285

00000

11110

01110 2. TripAdvisor
2 01010 0-5 0.82 ! 16. TripAdvisor

10000

0.200

11111
00010 1. TripAdvisor
3 01000 0.62 0.35 07 12. TripAdvisor

00000

0.285

11001
00000
4 01010 0.35 0.25 0.5 13. Facebook 0.200

00000

Average P 0.243

Table 2. IR metrics of health tourism topics

Relevance

judgments Avg. Precision  Precision Recall Social Media P

Query

01101
10101
1 00010 0.42 0.35 0.7 2. Blogspot 0.285

00000

11110
2 11111 0.91 05 1 10. Youtub 0.100
00100 . . . Youtube .

00000

11111
11111
00000
00000

11111
11101
4 00010 0.96 0.5 1 0

00000

Average P 0.195

Table 3. IR metrics of educational tourism topics

Relevance

. Avg. Precision  Precision Recall Social Media p
judgments

Query

11011

11100 1 e 1
00010 0.78 0.5 1. Wikipedia 0.100

10010

11101
01001
00010
01010

2. Wikipedia
0.66 0.45 0.9 3. Wikipedia 0.333
7. Facebook

11111 4, Wikipedia
11100 6. LinkendIn
01100 0.94 0.5 1 7. Facebook
00000 8. Facebook

0.400

10011
00000
01010
00000

0.28 0.25 0.5 1. Wikipedia 0.200

Average P 0.250
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ism topics, in terms of IR evaluation parameters are
compared. The queries are: “private universities in Bel-
grade”, “public universities in Belgrade”, “college of
electrical engineering in Belgrade”, “college of software
engineering in Belgrade” etc. The best results, in terms
of average precision, are achieved during the search of
electrical engineering in Belgrade, which also appears
mostly on SM, such as Wikipedia, LinkedIn and Face-
book. While the worst results, in terms of all parameters,
were achieved when searching the college of software
engineering. Generally, it can be concluded that most
universities are promoting via SM, and the most on Fa-
cebook, LinkedIn, and Wikipedia.

CONCLUSION

This study firstly confirms the growing significance
of SM as a valuable information source from user’s as-
pect, and strategic marketing tool from the company’s
perspective. Today, more users, before making a final de-
cision, want to read opinions of others about the specific
product or service. An increasing number of available
SM allows them to do so. Since the efficiency of infor-
mation retrieval systems is measured by how quickly
relevant documents are returned and presented on the
first page, and how well it reflects user’s needs, the ques-
tion that arises is to what extent IR systems represent SM
content in search results. Topics that are used in con-
ducted experiment are related to different types of tour-
ism as they are among the most searched content on the
Internet. In order to evaluate the quality of IR systems,
whose development today is influenced by the occurrence
of Semantic content on the Web, three main parameters
were observed (Precision, Recall, and Average Precision).

Mathematically, it has been shown that these factors
are influenced by users’ judgment which mostly depends
on user preferences. Based on the mathematical model,
it is demonstrated that the Average Precision decreases
with decreasing position of the relevant document. This
difference in Average Precision is particularly expressed
from 1st to 10th position of relevant documents in the
Google ranking list. Since this mostly depends on the user
judgment, it is examined the regularity of the change in
the Average Precision, replacing a number of non-rel-
evant into relevant documents. This fact significantly
simplifies the analysis of user judgment influence on
Average Precision, which is very important parameter
in IR system evaluation.

Empirically, it is shown that, depending on the topic,
different SM content is represented. However, the SM
content appear in a very low percentage (23.1%) of all

search results. The most visible SM are Facebook, Wiki-
pedia, and TripAdvisor. There may be numerous rea-
sons as to why SM do not occur in a large number. For
instance, it could be that Facebook is blocking access to
the crawlers so as not to burden their servers, or that
tourism content is just not sufficiently represented in
SM, or is not written in the English language.
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