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Fig. 4. Interest scores of the topics for the whole population for the duration of the entire research period from 1% October 2015 to 20* December
2015. The IS enables comparison of the public opinion to different topics.

size, the first part alone doesn’t require a highly scalable system
for operation. The second part, however, is dependent on the
size of the population. Each loop iteration (Fig. 2, steps 17-23)
can be executed independently for each user and is thus easily
parallelizable and as such suitable for porting to e.g., a
map-reduce framework [30], [34]. In this way the data can be
split into multiple partitions, which are processed in parallel,
while the final reduce step requires only a summation of the
interest score. Such system is feasible to work also in real time,
where some additional stream processing techniques for
real-time applications [31] must be applied. The system was
tested on data set available to us and the algorithm is written in
manner that enables simple parallelization, however the
detailed memory consumption analysis and scalability
efficiency determination is left for future work.

V. RESULTS AND DISCUSSION

To demonstrate the usability of our implementation of the
proposed framework we have conducted several measurements
of the IS in different time periods and for different number of
topics. The value of the IS answers the question about which
topic is more popular or more interesting to the users.

First we calculated the values of IS for 41 randomly chosen
topics. Their IS values for the period from 1% October 2015 to
20 December 2015 are shown in Fig. 4. The IS in Fig. 4
enables topic interest comparison in term of quantity, but fails
to linearly represent the quotients between them. For example,
in the graph we see, that the IS of “China” is about twice as high
as IS of “Hungary”, but we cannot conclude that China was
twice as popular as Hungary, just that it was more popular than
Hungary.

The interest score through time analysis was performed on a
different time scale. For the period from January to August
2016, we analyzed the monthly popularity of several Slovenian
political parties. This analysis shows the daily IS of a particular
topic, in our case the interest in political parties (Fig. 5).

We compared the calculated IS scores to the publicly
available polling results, done by the Slovenian polling agency
Ninamedia d.o.0. [29] that performs public opinion research by
surveying people, using a sample of N=700. The results are
published monthly in the form of a table with percentage of the
population that would vote for particular party. The results for
the year 2016 are listed in Table 1.

Three parties were selected for the opinion measure analysis:

Fig. 5. Interest score (left axis) of the Slovenian political parties based on the entire population, together with scores obtained from a polling
agency (Ninamedia, right axis) for the period between January and August 2016.
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Fig. 6. Interest scores of the Slovenian political parties for the whole population for a research period from 6™ August to 25" August 2016 with
the IS for the “gold medal”. The decline in IS in period from 8% -10™ August for political parties is accompanied by the massive increase in IS for
topic “gold medal”. The decrease in IS for “gold medal” is then followed by the increase in IS for political parties.

“NSi”, “SD” and “SDS”. According to the polling results in
Table 1, the most popular party in Slovenia in 2016 till August
(“SDS”) lost the first place to the “SD” party. “NSi” was
selected because the popularity of the party is relatively
constant.

The calculated IS shows the trends of the increase of the
popularity of “SD” and the decrease of the popularity of “SDS”.
The calculated IS correctly shows the trends of popularity of
the observed parties (rising “SD” and falling “SDS”), but fails
to get their absolute ranking according to Table 1. However, the
analysis shows that there is a correlation between the public
opinion analysis performed by surveying people and the public
IS estimated by the proposed system.

The noticeable decline in IS for political parties in the period
from 8" to 10" August presented in Fig. 6 needed detailed
research. After inspecting the news for the mentioned period,
we found out that in this period Slovenia won the first two
medals at the Olympic Games in Rio de Janeiro. For example,
on the 9" Slovenia won the first medal, which received 35% of
the whole Slovenian TV viewers' population at that time. The
next day Slovenia won the second medal. In the IS of political
parties together with the IS for “gold medal” are shown. We
Table 1. The percentages of people that would vote for a particular

political party in each month in 2016. The sample size of the
analysis is 700. Adapted from [29].

Jan Feb Mar Apr May Jun Jul Aug
DESUS 48 38 35 46 34 35 46 3,1
NSi 53 32 41 57 43 53 48 68
SD 85 83 108 104 109 89 101 12,1
SDS 178 214 168 166 124 143 141 113
SMcC 1,55 85 98 100 94 84 109 93
ZaAB 03 02 02 00 01 08 02 03
ZL 66 53 87 65 81 81 67 69
SLS 13 16 05 1,6 16 05 16 21
Rest 438 47,6 456 44,9 49,6 50,1 47,0 48,1

notice the high IS for the topic “gold medal” and low IS for
political parties in period from 8% to 10" August, especially on
the 9, followed by the decrease in IS for “gold medal” and
increase in IS for political parties in period from 10" to 12
August.

Next we analyzed the weekly IS of the topic “Enrollment
into school”. Our aim was to check if the interest in this topic
coincides with the actual enrollment in school for high school
students. The weekly IS of topic “enrollment” for the period
from February to August 2016 is shown in Fig 7. We notice 4
major increases in the IS. The first increase in the first week of
February coincides with the information day, when students
visit schools that they are interested in. The second increase
lasts from the last week of March to the first week of April. This

Interest score of enrollment
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Fig. 7. Weekly interest scores of topic “enrollment” for the period
from Feb till end of August 2016. The IS show four major increases of
interest: in the first week of February, in the last week of March, in the
first week of April, and in the first week of August.
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period coincides with the period before the actual enrollment in
schools that is at the beginning of April. The increase in the first
week of August is a one-time event that occurred only in 2016,
when students could for the first time buy the unified ticket for
bus and train, which resulted in massive waiting lines for tickets,
which likely resulted in the high interest in this topic.

The presented results show that the IS obtained by the
implemented system is correlated to public interest and opinion.
For example, a daily IS for the topic of "gold medal" and
weekly IS for the topic "enrollment" in Fig 7. correctly show
the increased public interest in both topics. Also, the daily IS
for the political parties during the one month period shows the
trend that is in correlation with publicly available survey
results.

Nonetheless, despite demonstrating the feasibility of the
proposed approach, it has to be mentioned that several
assumptions were made during the current implementation of
this system, which could affect its accuracy. One such
asumption is that the context that is solely inferred from the
spoken word drives the majority of the channel changes in users,
as well as the rule-of-thumb intervals for metric calculation;
accurate quantification of the effects of these assumptions is
left for future work that will be highly interdisciplinary and
multidisciplinary. for example, using a better psychological
model of the user could prove beneficial for determining the
state of the user with better accuracy.

VI. CONCLUSION AND FUTURE WORK

In this paper we presented a novel framework for public
interest and opinion analysis based on IPTV user behavior. We
presented the basic framework components and provided their
desirable properties and functionalities. We further described a
possible implementation of the framework in detail. The
presented interest score was analyzed and the results showed its
usability as the public interest measure. Some shortcomings of
IS were identified and possible solutions to them were
discussed.

In the future work we will continue to focus on the
crowd-sourced data collection and mining of the IPTV
network-based event data. The research will be divided into
small segments, described in the framework section. The first
segment of the improvement of the system is in the data
collection part, where program information will be added for
broader range of transmissions. The second part of the future
work will focus on improving the language model. The last part
of the improvement is analysis of various evaluation
algorithms.

Another very important task left for future study is the
mapping of the implicitly collected public interest measure into
a credible and reliable public opinion measure. All of the
abovementioned future tasks involve interdisciplinary and
multidisciplinary research.

ACKNOWLEDGMENT

The authors would like to thank companies Telekom
Slovenije and RTV Slovenija for all collaboration that made

this research possible.

REFERENCES

[11 U. Sedlar, M. Volk, J. Sterle, A. Kos, and R. Sernec, “Contextualized
monitoring and root cause discovery in IPTV systems using data
visualization,” IEEE Network, vol. 26, no. 6, pp. 40-46, 2012.

[2] M. Sadiku and S. Nelatury, “IPTV: An alternative to traditional cable and
satellite television,” IEEE Potentials, vol. 30, no. 4, pp. 4446, 2011.

[3] B. O. Obele, S. H. Han, J. K. Choi, and M. Kang, “On building a
successful IPTV business model based on personalized IPTV content &
services,” 2009 9th International Symposium on Communications and
Information Technology, 2009.

[4] Y. Xiao, X. Du, J. Zhang, F. Hu, and S. Guizani, “Internet Protocol
Television (IPTV): The Killer Application for the Next-Generation
Internet,” IEEE Communications Magazine, vol. 45, no. 11, pp. 126-134,
2007.

[5S1 R. W. White, I. Ruthven, and J. M. Jose, “The Use of Implicit Evidence
for Relevance Feedback in Web Retrieval,” Lecture Notes in Computer
Science Advances in Information Retrieval, pp. 93—109, 2002.

[6] Zibriczky David, Petres Zoltan, Waszlavik Marton, and D. Tikk, “EPG
Content Recommendation in Large Scale: A Case Study on Interactive
TV Platform,” 2013 12th International Conference on Machine Learning
and Applications, 2013.

[71 D. Vilares, M. A. Alonso, and C. Gomez-Rodriguez, “A syntactic
approach for opinion mining on Spanish reviews,” Natural Language
Engineering, vol. 21, no. 01, pp. 139-163, Sep. 2013.

[8] “Oznacevalnik,” Sporazumevanje. [Online].
http://www.slovenscina.eu/tehnologije/oznacevalnik.
12-Apr-2017].

[9] G. Dziczkowski, K. Wegrzyn-Wolska, and L. Bougueroua, “An opinion
mining approach for web user identification and clients' behaviour
analysis,” 2013 Fifih International Conference on Computational Aspects
of Social Networks, 2013.

[10] M. Kren, A. Kos, and U. Sedlar, “Mining the IPTV Channel Change
Event Stream to Discover Insight and Detect Ads,” Mathematical
Problems in Engineering, vol. 2016, pp. 1-5, 2016.

[11] A. Azgin and Y. Altunbasak, “Analyzing performance tradeoffs for the
delivery of concurrent channel change streams to enable fast channel
change in IPTV networks,” 2012 IEEE Consumer Communications and
Networking Conference (CCNC), 2012.

[12] A. Azgin and Y. Altunbasak, “Dynamic Channel Reordering to Reduce
Latency During Surfing Periods in IPTV Networks,” IEEE Transactions
on Broadcasting, vol. 59, no. 3, pp. 471-483, 2013.

[13] Y. Hu, Y. Koren, and C. Volinsky, “Collaborative Filtering for Implicit
Feedback Datasets,” 2008 Eighth IEEE International Conference on Data
Mining, 2008.

[14] K. Khan, B. Baharudin, A. Khan, and F. E-Malik, “Mining opinion from
text documents: A survey,” 2009 3rd IEEE International Conference on
Digital Ecosystems and Technologies, 2009.

[15] E. Agirre and P. G. Edmonds, Word sense disambiguation: algorithms
and applications. Dordrecht: Springer, 2006.

[16] J. M. G. Hidalgo, M. D. B. Rodriguez, and J. C. C. Pérez, “The Role of
Word Sense Disambiguation in Automated Text Categorization,” Natural
Language Processing and Information Systems Lecture Notes in
Computer Science, pp. 298-309, 2005.

[17] F. Martinez-Santiago, J. M. Perea-Ortega, and M. A. Garcia-Cumbreras,
“Evaluating Word Sense Disambiguation Tools for Information Retrieval
Task,” Lecture Notes in Computer Science Evaluating Systems for
Multilingual and Multimodal Information Access, pp. 113—117, 2009.

[18] M. Apidianaki, “Data-driven semantic analysis for multilingual WSD and
lexical selection in translation,” Proceedings of the 12th Conference of
the European Chapter of the Association for Computational Linguistics
on - EACL '09, 2009.

[19] H.Songand T. Yao, “Improving Topic Extraction in Chinese Documents
Using Word Sense Disambiguation,” 2009 Fourth International
Conference on Innovative Computing, Information and Control (ICICIC),
2009.

[20] J. Sivic and A. Zisserman, “Efficient Visual Search of Videos Cast as
Text Retrieval,” IEEE Transactions on Pattern Analysis and Machine
Intelligence, vol. 31, no. 4, pp. 591-606, 2009.

[21] S. Marinai, B. Miotti, and G. Soda, “Digital Libraries and Document
Image Retrieval Techniques: A Survey,” Learning Structure and

Available:
[Accessed:

1551-3203 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/T11.2017.2695371, IEEE

Transactions on Industrial Informatics

TII-16-1283

Schemas from Documents Studies in Computational Intelligence, pp.
181-204, 2011.

[22] B. Sriram, D. Fuhry, E. Demir, H. Ferhatosmanoglu, and M. Demirbas,
“Short text classification in twitter to improve information filtering,”
Proceeding of the 33rd international ACM SIGIR conference on Research
and development in information retrieval - SIGIR '10, 2010.

[23] F. Abel, Q. Gao, G.-J. Houben, and K. Tao, “Semantic Enrichment of

Twitter Posts for User Profile Construction on the Social Web,” The

Semanic Web: Research and Applications Lecture Notes in Computer

Science, pp. 375-389, 2011.

S. Schiaffino and A. Amandi, “Intelligent User Profiling,” Lecture Notes

in Computer Science Artificial Intelligence An International Perspective,

pp. 193-216, 2009.

[25] M. Sanderson, “Christopher D. Manning, Prabhakar Raghavan, Hinrich
Schiitze, Introduction to Information Retrieval, Cambridge University
Press. 2008. ISBN-13 978-0-521-86571-5, xxi 482 pages,” Natural
Language Engineering, vol. 16, no. 01, p. 100, 2010.

[26] H. Lieberman, C. Fry, and L. Weitzman, “Exploring the Web with
reconnaissance agents,” Communications of the ACM, vol. 44, no. 8, pp.
69-75, Jan. 2001.

[27] W. Wang, P. Chen, and B. Liu, “A Self-Adaptive Explicit Semantic

[24

Analysis Method for Computing Semantic Relatedness Using Wikipedia,”

2008 International Seminar on Future Information Technology and
Management Engineering, 2008.

[28] R. Baeza-Yates and B. Ribeiro-Neto, Modern information retrieval. New
York: ACM Press, 1999.

[29] “Ninamedia,” Ninamedia.
[Accessed: 12-Apr-2017].

[30] P. Basanta-Val, N. C. Audsley, A. J. Wellings, I. Gray, and N.
Fernandez-Garcia, “Architecting Time-Critical Big-Data Systems,” IEEE
Transactions on Big Data, vol. 2, no. 4, pp. 310-324, 2016.

[31] P. Basanta-Val, N. Fernandez-Garcia, A. J. Wellings, and N. C. Audsley,
“Improving the predictability of distributed stream processors,” Future
Generation Computer Systems, vol. 52, pp. 22-36, 2015.

[32] S. Andrews and C. Orphanides, “Knowledge discovery through creating
formal contexts,” International Journal of Space-Based and Situated
Computing, vol. 2, no. 2, pp.123-138, 2012.

[33] J. Wang, E. Kodama, and T. Takata, “Identifying relations between
frequent patterns mined at two collaborative websites," International
Journal of Space-Based and Situated Computing, vol. 5, no. 4, pp.
209-221, 2015.

[34] J. Dean, and S. Ghemawat, “MapReduce: simplified data processing on
large clusters,” Communications of the ACM, vol. 51, no. 1, pp. 107-113,

[Online]. Awvailable: http:/ninamedia.si/.

2008.
Matej Kren graduated in 2014 from the
Faculty of Natural Sciences and
ks Mathematics, University of Maribor,
\f Slovenia, and is currently working towards

the Ph.D. degree on the Faculty of Electrical
Engineering, University of Ljubljana. He is
a Junior Researcher at the Laboratory for
Telecommunications. His main research

\mﬁa
interests include data mining, data

visualization and pattern mining of large datasets.

Andrej Kos is a full professor at the
Faculty of Electrical Engineering,
University of Ljubljana, Slovenia, as well
as the head of the Laboratory for
Telecommunications. He started working
in the field of telecommunications in 1996.
Since 1999 he has specialized in modeling
and design of high-speed networks and
services. Currently, at the center of his work are broadband
systems and applications of the Internet of things.

10

Yuan Zhang received the M.S. degree in
Communication Systems and Ph.D. degree
in Control Theory Engineering both from
Shandong University, China, in 2003 and
2012 respectively. He is currently an
- Associate Professor at University of Jinan
- (UJN), China. Dr. Zhang was a visiting
‘ \ / - profes.sor at Comptlter Science Department,
Georgia State University, USA, in 2014.
As the first author or corresponding author he has published
more than 40 peer reviewed papers in international journals and
conference proceedings, 1 book chapters, and 5 patents in the
areas of mHealth. He has served as Leading Guest Editor for
four special issues of IEEE, Elsevier, Springer and
InderScience publications, and has served on the technical
program committee for numerous international conferences. He
is an associate editor for IEEE Access. Dr. Zhangs research
interests are in human centered computing and mHealth. His
research has been extensively supported by the Natural Science
Foundation of China, China Postdoctoral Science Foundation,
and Natural Science Foundation of Shandong Province with
total grant funding over one million RMB. Dr. Zhang is a
Senior Member of both IEEE and ACM. For more information,
please refer to http://uslab.ujn.edu.cn/index.html.

Anton Kos received his Ph.D. in electrical
engineering from University of Ljubljana,
Slovenia, in 2006. He is an assistant
professor at the Faculty of Electrical
Engineering, University of Ljubljana. He is
a member of the Laboratory of Information
Technologies at the Department of
Communication and Information
Technologies. His teaching and research
work includes communication networks and protocols, quality
of service, dataflow computing and applications, usage of
sensors in biofeedback systems and applications, signal
processing, and information systems. He is the (co)author of
fourteen papers appeared in the international engineering
journals and of more than thirty papers on international
conferences.

Urban Sedlar received his Ph.D. from the
Faculty of Electrical Engineering,
University of Ljubljana, Slovenia, in 2010.
He is currently assistant professor at the
Faculty of FElectrical Engineering,
University of Ljubljana. His work focuses
on Internet technologies and protocols,
quality of service and quality of experience
in fixed and wireless networks, and
applications of distributed sensor networks in domains of
infrastructure monitoring, e-health and emergency systems.

1551-3203 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



