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Abstract

Recommender system is a system that recommends something that a person would like. Recommender systems are
widely used and evolving in various fields such as Amazon product recommendation, Facebook or Linkedin friend
recommendation, Netflix and Watcha movie recommendation, behavior based advertisement, news recommendation. In
the academia, interest and research on recommender systems are steadily increasing, and the number of papers in this
field is increasing year by year, and the field of research is becoming more and more fragmented and diversified.

In this paper, we constructed a dataset based on dissertation data of recommender system obtained from IEEE
Xplore Digital Library and ACM Digital Library, and proceeded with the analysis in order to grasp major research

topics, application domains, preference techniques, and trends in research topics.
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[ Paper ID Keyword Year
189  |visualization 2009
543  |visualization 2012
1167 |visualization 2014
1270 |visualization 2014
312  |visualization of recommendations| 2012
1458  |visualization recommendation 2015
1780 |visualization recommender 2016
1986 |visualizations 2017
267  |voting 2010
1458 |wandering 2015
1654 |watson analyitcis 2016
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Rayword vear 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 |Total
collaborative-filtering 0 1 3 1 5 6 17 8 22 46 59 85 90 98 (1134
|personalized recommeng 0 0 0 0 1 0 2 0 5 19 19 46 36 42 35 44 36 43 28 (356
social-network 0 0 0 0 0 0 0 2 2 1 11 23 40 27 30 53 52 51 22 (314
e-commerce 0 1 3 1 4 2 12 4 13 19 23 31 26 30 21 14 21 38 17 |280
|user preference 0 0 0 2 2 0 3 3 3 7 C 13 28 20 18 27 28 30 14 |207
movielens 0 0 0 0 2 0 2 1 3 5 4 14 10 20 29 26 24 28 10 |178
\cold-start 0 0 0 0 0 0 0 0 5 1 4 12 14 20 20 19 25 27 24 (171
|sparsity 0 0 0 0 1 0 2 1 2 8 15 5 8 13 13 23 18 22 16 | 147
data-mining 0 0 0 1 0 2 7 3 4 4 13 14 11 10 6 8 23 20 19 |145
hybrid recommendation| 0 1 0 0 2 1 1 0 2 2 3 6 4 13 14 15 16 24 8 |112
|content-based filtering 0 1 1 1 0 3 4 1 3 3 4 13 3 8 15 12 10 18 12 |112
association rule 0 0 0 1 0 2 6 1 1 3 6 11 15 10 11 13 14 15 2 |111
\user profile 1 1 1 1 1 0 1 1 1 3 5 9 7 12 14 18 14 8 7 | 105
context-aware recomme| 0 0 0 0 0 0 0 1 2 2 1 3 10 12 18 13 18 15 7 | 102
linformation filtering 1 1 0 0 1 2 2 4 4 6 14 6 10 8 6 5 9 13 6 98
|decision-making 0 ] 0 0 2 0 1 3 1 2 1 8 9 12 4 15 15 17 8 98
matrix-factorization 0 0 0 0 0 0 1 0 0 3 0 2 7 3 9 14 21 21 13 | %4
machine-learning 0 0 0 0 1 1 0 0 1 2 7 4 5 5 6 12 16 18 15 | 93
|item-based collaborative 0 0 0 0 1 1 1 2 2 4 10 7 8 7 9 14 7 13 5 91
content-based recomme| 0 1 0 0 0 0 1 1 1 4 3 6 4 9 13 12 13 9 4 | 81
|user-based collaborative| 0 0 0 0 0 0 0 0 1 3 4 8 3 6 12 16 7 16 4 | 80
% 8 Axd 7|9/ 8I(EEE)

Fig. 8. Keyword frequency by year

D\o\ma:hear 2002{2003 2004 2005‘2006‘2007 2008‘2009‘2010‘2011 2012‘2013‘2014‘2015 2016‘2017 Total
book 1 1 1 8 6 9 10 13 15 165
cooking 11 1 2 4 6 3)18)
e-learning 2 2 1 1 41 2|14
health 1 2 3 2 4 38 6 5 1|27
hotel 1 4 2 4 1 113
job 1 1 2 7 5 12 6|34
location 1 1 2 2 6 3 7 1))
movie 21 4 1 2 4 9 11 1919 A 19 21 15 151
music 1 3 269 8| 5 3y 9 ey 9 @ 18 12 |135)
news 1 21 8 5 7 7 11 1416 3 |81
travel 2 2 1 6 9 7 6 14 14 16 10)87

3% 9. FHA|AH o7 Toold 8l%(EEE)
Fig. 9. Frequency per domains
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R Year 1999|2000 | 2001 | 2002 | 2003 | 2004 | 2005 | 2006 | 2007 | 2008 | 2009 | 2010| 2011 | 2012 | 2013 | 2014 | 2015 | 2016| 2017
a PaperCount 3 7 9 7 (14| 15| 24 | 24| 58 | 94 | 125|157 | 163 | 185 | 201 | 208 | 186 | 225 | 285
n KeywordCount
k 14 | 35| 29| 24 | 59 | 52 | 87 | 94 | 209 | 352 | 478 | 631 | 616 | 705 | 764 | 797 | 693 | 875 | 1079
Keyword
1 |collaborative-filtering 333 [286 [333 ] 207 25,5 (312|217 |21.5 |16.8 |11.4 (11,5 |16.1 |15.6 |10.9
2 [social-network . 34 |32 |96 (89 |86 54 (75 |58 |59 [53 |25
3 |personalization 143 |71 |77 |83 [125|52 |74 |64 |89 |43 |27 (60 |19 |54 |40 |46
4 | matrix-factorization 43 /32|19 |74 |27 |65 |77 |65 |40 |46
5 |context-aware recommendatiol 4.2 16 |25 |80 |65 |55 [53 |32 |27 |18
6 |content-based filtering 71 |77 17 |11 |40 |13 |31 |16 |35 |24 |16 |44 |18
7 |diversity 42 |42 11 |24 25 |22 |35 (34 |27 |31 |32
8 |cold-start 34 |21 |24 |19 |37 30 |38 |22 |18 |32
9 |machine learning 143 |111 143 |77 |42 |42 |34 |21 |24 16 |30 |14 |16 |31 |25
10|group recommendation 08 |38 |37 |32 |05 |24 |16 |18 |28
11|e-commerce 71 12,5 (12,5 11 13 |18 20 (19 |27 |27 |14
12| hybrid recommender system 1.7 21 /08 |13 |12 |27 |35 |10 |11 |13 |18
13|implicit feedback 333 17 13 |12 |32 |15 |14 |11 |04 |28
14|similarity 143 |77 4.2 53 |08 |19 |12 |05 |15 |10 09 |21
32 10, 7I9E 2 HIES(ACM)
Fig. 10. Frequency rate per keyword
Ra"k‘ 2008 2009 2010 011 2012 213 2014 215 2016 iy
1 collaborative-fltering Jcollaborative-filtering Jcollaborative-fitering Jcollaborative-fitering Jcollaborative-filtering Jcollaborative-filtering borative-fltering | collaborative-fitering J collaborative-fltering Jcollaborative-filtering
2 fizati social-network I lizati social-netwark luati social-network matrix factorization | matrix factorization | sacial-network deep-learning
3 dlustering I lizati social-netwark context recomrf context recomr§ matrix factorization  Jevaluation social-network content-based filtering|matrix factorzation
4 similarity trust evaluation matrix factorization |social-network evaluation social-network personalization matrix factorization | personalization
5 matrix factorization [ content-based filtering| con‘ext personalization group recommendaticf personalization context-aware recomr context-aware recomrf personalization user modeling
6 evaluation preference elicitation | group recommendaticf cold-start implicit feedback [ context-aware recom cold-start evaluation diversity cold-start
7 lifelong leaming matrix factorization  Jweb 20 context clustering content-based filtering] twitter diversity machine leaming  Jdiversity
8 long tal ranking folksonomy evaluation hybrid recommender 4 diversity diversity e-commerce context-aware recomr{group recommendation
9 multimedia tagging social tagging group recommendatid matrix factorization | nybrid recommender § social media big data e-commeice implicit feedback
10 shiling web 20 user profle content-based filtering|personalization news content-based filterind eold-start tapic model recurrent neural networ
11 social-network blogs user study context-aware ranking cold-start group recommendatid ontology user modeling machine-learning
2 web mining dustering context-aware recomrf movie recommendaticuser modeling machine-learning ~ e-commerce scalability user profile social-network
13 [gold-start cold-start music recommendatiof user preference user profile social media mobile application | spasiy evaluation clustering
1¢ collaborative tagging [ diversity ontology diversity diversity user modeling personalization user modeling top-n rec imilarity
15 complex network ana explanation cold-start novelty music recommendatiof information retrieval ranking content-based filteringl adaptive system neural network
16 flickr information retrieval Jexplanation clustering social tagging privacy active leaming crowdsourcing cold-start privacy
17 hybrid rec der d machine-| matrix factorization fle-commerce twitter trust application data mining data mining content-based filtering
18 information loss social so'tware semantic web metrics user experience big data benchmarking deep-leaming deep-learning context fecomme
19 machine-leaming  Jtop-n recommendatiof similarity multidimensional user study e-commerce big deta emation emotion evaluation
20 manipulation-resistang| user study user experience tags content-based filterind linked data data mining group recommendatid explanation health recommender sy:
21 multi-agent system [ context user modeling usage log data mining ranking dedision making location-based service group recommendaticihybrid recommender sy:
2 novelty context-aware recomr] active learning user experience folksonomy topic model implicit feedback ~ Imachine-learning | recurrent neural netwglconvolutional neural nel
23 ontology detection challenge adaptation information retrieval Jbenchmarking infarmation retrieval Jnutrition sacial recommender sfe-tommerce
24 open source software | digtal library collaborative tagging Jcontext modeling ~ Jknowledge managemd conversatianal recom@ machine-learning ~ Jplanning transactional memory ffactorization machine
25 plea folksonomy content-based filtering| contextual informatiolearning to rank decision making novelty sentiment analysis | human cmputer intefjsentiment analysis
26 popularity markcv models context-aware decision making machine-leaming [ decision tree sentiment analysis ~ fsmart health hybrid recommender §social recommender sys
27 randem walks minimax regret e-commerce emotion metrics implicit “eedback agerithm music rec fatioftopic model
28 ranking novelty explicit feedback hybrid recommender §serendipity learning to rank social web android natural language prodjuser experience
29 reinforcement learninglontology hybrid recommender §implementation software development] location based social i text mining anomaly detection | neural network big data
a8 11, 2008~20174 FRIIYE =2 HSHACM)
Fig. 11. Keyword ranking changes
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(ACM, 20174)
Fig. 12. Domain frequency comparison visualization
example
Rank Domain(CtTnt) Recommender Technique Keyword |  Research Topic
1 |music | 302 |collaborative filtering 1508|cold start 227
2 |movie | 180 |context aware recommendation| 371 [sparsity 177
3 Jtravel | 173 |content based filtering 365 |implicit feedback 72
4 |book 104 |machine learning 247 |diversity 66
5 |health | 70 |matrix factorization 189 |scalability 36
6 |food 51 |hybrid recommender system | 145 |novelty 28
7 |e-learning| 43 |association rules 115 |grey sheep 7
J8 13 B4 A9y 7| E =9 (1998~2017,
|EEE+ACM)
Fig. 13. Keyword ranking by analysis area (1998~2017,
|EEE+ACM)
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