


[image: image]



References

Abbasi, A., Sarker, S., & Chiang, R. H. L. (2016). Big data research in information systems toward an inclusive research agenda. Journal of the Association for Information Systems, 17(2), 1–32.

Aguilar, J., Salazar, C., Velasco, H., Monsalve-Pulido, J., & Montoya, E. (2020). Comparison and evaluation of different methods for the feature extraction from educational contents. Computation, 8(30), 1–20.

Alaei, A., Becken, S., & Stantic, B. (2019). Sentiment analysis in tourism capitalizing on big data. Journal of Travel Research, 1–17.

Alcántara-Pilar, J. M., del Barrio-García, S., Crespo-Almendros, E., & Porcu, L. (2017). Toward an understanding of online information processing in e-tourism does national culture matter? Journal of Travel & Tourism Marketing, 34(8), 1128–1142.

Ardito, L., Cerchione, R., Vecchio, P. D., & Raguseo, E. (2019). Big data in smart tourism challenges, issues and opportunities. Current Issues in Tourism, 22(15), 1805–1809.

Arsalan . (2019). Opportunities and challenges of big data in hospitality and tourism management. Academic Master.

Baggio, R. (2016). Big data, business intelligence and tourism: A brief analysis of the literature. https//www.iby.it/turismo/papers/baggio_BigDataSurvey.pdf. Accessed on January 3, 2019.

Bello-Orgaza, J. J. C. (2015). Social big data: Recent achievements and new challenges. Information Fusion.

Bernabeu, M. A. C. (2016). Big Data and Smart tourism destinations challenges and opportunities from an industry perspective. In School of Hospitality and Tourism Management Conference, UK.

Bernabeu, C., Lopez, M., Norberto, J., Sanchez, G., Baidal, D. I., & Antoni, J. (2016). Big Data and smart tourism destinations challenges and opportunities from an industry perspective. Researchgate Publications.

Blei, D. M., Ng, A. Y., & Jordan, M. I. (2003). Latent Dirichlet allocation. Journal of Machine Learning Research, 3, 993–1022.

Brida, J., & Schubert, S. (2008). The economic effects of advertising on tourism demand. Economics Bulletin, 6(45), 1–16.

Brown, B., Chui, M., & Manyika, J. (2011). Are you ready for the era of “Big Data”. McKinsey Quarterly, 4, 24–35.

Bucur, C. (2015). Using opinion mining techniques in tourism. Procedia Economics and Finance, 23, 1666–1673.

Camilleri, M. A. (2019). The use of data driven technologies in tourism marketing. In 
V. Ratten, J. Alvarez-Garcia, & M. De l Cruz Del Rio-Rama (Eds.), Entrepreneurship, innovation and inequality exploring territorial dynamics and development (1st ed.). Routledge.

Çeltek, E., & Ilhan, I. (2020). Big data, artificial intelligence, and their implications in the tourism industry. In Handbook of research on smart technology applications in the tourism industry (pp. 115–130). IGI Global.

Chahal, H., & Gulia, P. (2016). Big data analytics. Research Journal of Computer and Information Technology Sciences, 4(2), 1–4.

Chen, G. H. (2017). Big data drive tourism enterprises integration innovation. In ITM Web of Conferences (pp. 1–3).

Chen, M., Mao, S., & Liu, Y. (2014). Big data: A survey. Mobile Networks and Applications, 19(2), 171–209.

Dai, Z., & Xiang, C. (2016). Research on intelligent tourism application based on big data. In 7th International Conference on Education, Management, Information and Computer Science (ICEMC 2017). Atlantis Press.

 Datascience101
. (2015). NIST defines Big Data and Data Science. WordPress.com
.

Demunter, C. (2017). Tourism statistics: Early adopters of big data? https//ec.europa.eu/eurostat/documents/3888793/8234206/KS-TC-17-004-EN-N.pdf. Accessed on January 29, 2020.

 EMC Education Services
. (2016). Data science and big data analytics: Disovering, analyzing, visualizing and presenting data. http//index-of.co.uk/Big-Data-Technologies/Data%20Science%20and%20 Big%20 Data%20Analytics.pdf. Accessed on May 4, 2020.


Fuchs, M., Höpken, W., & Lexhagen, M. (Eds.). (2012). Big data and business intelligence in the travel and tourism industry (pp. 127–131). Mid Sweden University.

Guanglu, L., Xiangye, S., Hong, L., & Hongzhi, L. (2015). Path analysis on big data in promoting intelligent tourism implementation. In International Conference on Management Science, Education Technology, Arts, Social Science and Economics.

Guilarte, Y. P., & Quintans, D. B. (2019). Using big data to measure tourist sustainability: Myth or reality? Sustainability Journal, 11(5641), 1–19.

Gupta, K., Gauba, T., & Jain, S. (2017). Big data in hospitality industry: A survey. International Research Journal of Engineering and Technology, 4(11), 476–479.

Habegger, B., Hasan, O., Brunie, L., Bennani, N., Kosch, H., & Damiani, E. (2014). Personalization vs. privacy in big data analysis. International Journal of Behavioral Development, 25–35.

Hammer, C., Kostroch, M. D. C., & Quiros, M. G. (2017). Big data potential, challenges and statistical implications. International Monetary Fund.

Haynes, N., & Egan, D. (2016, April). Towards an understanding of how Big Data is changing revenue management in hotels. University of Surrey Conference.

Hemlata, & Gulia, P. (2016). Big data analytics. Research Journal of Computer and Information Technology Sciences, 4(2), 1–4.

Hopken, W., & Fuchs, M. (2016). Introduction: Special issue on business intelligence and big data in the travel and tourism domain. Information Technology & Tourism, 16(1), 1–4.

Hu, Y. H., Chen, Y. L., & Chou, H. L. (2017). Opinion mining from online hotel reviews – A text summarization approach. Information Processing & Management, 53(2), 436–444.

Inanc–Demir, M., & Kozak, M. (2019). Big data and its supporting elements implications for tourism and hospitality marketing. In 
M. Sigala, R. Rahimi, & M. Thelwall (Eds.), Big data and innovation in tourism, travel, and hospitality. Springer.

Jha, M. M. (2018). Big data transforming travel. Travel Trends Today.

Jwa, J. W. (2016). Pedestrian network models for mobile smart tour guide services. International Journal of Internet, Broadcasting and Communication, 8(1), 27–32.

Kachniewska, M. (2019). Big Data Analysis as the tool for predictive intelligence and experience personalization in tourism (pp. 39–50). https://cor.sgh.waw.pl/bitstream/handle/20.500.12182/779/Kachniewska_Magdalena_Big_Data_Analysis_as_the_tool_for_predictive_intelligence_and_experience_personalization_in_tourism.pdf?sequence=2&isAllowed=y. Accessed on December 27, 2019.

Kapukaranov, B., & Nakov, P. (2015). Fine-grained sentiment analysis for movie reviews in Bulgarian. In Proceedings of the International Conference Recent Advances in Natural Language Processing (pp. 266–274).

Kavitha, S., Sathyavathi, S., Prabhakaran, S., & Swathi, S. (2017). Opinion mining on tourism. IJIRST – International Journal for Innovative Research in Science & Technology, 3(8), 128–131.

Latif, D. V. (2019). Big data analysis in determining tourist package prices. Journal of Advanced Research in Dynamical and Computer Science, 11(2), 1319–1325.

Law, R., Buhalis, D., & Cobanoglu, C. (2014). Progress on information and communication technologies in hospitality and tourism. International Journal of Contemporary Hospitality Management, 26(5), 727–750.

Leung, R., Rong, J., Li, G., & Law, R. (2013). Personality differences and hotel web design study using targeted positive and negative association rule mining. Journal of Hospitality Marketing & Management, 22(7), 701–727.

Liebowitz, J. (Ed.). (2013). Big data and business analytics. FL CRC Press.

Lingyun, Z., Nao, Z., & Min, L. (2012). On the basic concept of smarter tourism and its theoretical system [J]. Tourism Tribune, 27(5), 66–73.

Luo, C., Sang, C., & Ling, L. (2016). Quantitative analysis of tourism economic contribution degree based on big data information and time series. Model, 9(9), 305–316.

Ly, B. (2019). Utilization of big data in tourism industries. Research Journal of Economics & Business Studies, 3, 1–9.

Mankar, S. A., & Ingle, M. (2015). Implicit sentiment identification using aspect based opinion mining. International Journal on Recent and Innovation Trends in Computing and Communication, 3(2015), 2184–2188.

Maria, K. (2018). Big data in tourism. Master Thesis. Hellenic University. https://pdfs.semanticscholar.org/9562/40bd5f88f54a6facb7fa12527c8a46a5165f.pdf. Accessed on December 27, 2019.

Mariani, M. M., Baggio, R., Fuchs, M., & Höpken, W. (2019). Business intelligence and big data in hospitality and tourism: A systematic literature review. https//pdfs.semanticscholar.org/1f00/3999f952f67cd2bcb75fa417c568cf08faab.pdf. Accessed on January 4, 2019.

Mayer-Schönberger, V., & Cukier, K. (2013). Big data: A revolution that will transform how we live, work, and think. Houghton Mifflin Harcourt.

Miah, S. J., Vu, H. Q., Gammack, J., & McGrath, M. (2017). A big data analytics method for tourist behaviour analysis. Information & Management, 54(6), 771–785.

Mikolov, T., Chen, K., Corrado, G., & Dean, J. (2013). Efficient estimation of word representations in vector space. https://doi.org/10.48550/arXiv.1301.3781


Mirończuk, M. M., & Protasiewicz, J. (2018). A recent overview of the state-of-the-art elements of text classification. Expert Systems with Applications, 106, 36–54.

Mohan, A. (2016). Big data analytics recent achievements and new challenges. International Journal of Computer Applications Technology and Research, 5(7), 460–464.

Nichols, W. (2013). Advertising Analytics 2.0. Harvard Business Review.

O'Flannagan, D. (2014). The future of personalized marketing in travel. Boxever Skift Report.

Oussous, A., Benjelloun, F. Z., Lahcen, A. A., & Belfkih, S. (2016). Big Data technologies: A survey. Journal of King Saud University – Computer and Information Sciences, 30, 431–438.

Palomo, J. (2016). The use of new data analysis techniques in tourism: A bibliometric analysis in data mining, big data and structural equations models. http//agrilife.org/ertr/files/2016/12/RN90.pdf. Accessed on January 2, 2019.

Pan, B., & Yang, Y. (2016). Monitoring and forecasting tourist activities with big data. In 
M. Uysal, Z. Schwartz, & E. Sirakaya-Turk (Eds.), Management science in hospitality and tourism (pp. 43–62).

Parashar, P., & Sharma, S. (2016).Opinion mining of tourism review using hybrid technique of support vector machine and animal migration optimization. International Journal of Innovations in Engineering and Technology, 7(1), 718–731.

Patel, P. C., & Bhosale, A. (2018). Big data analytics. Open Access Journal of Science, 2(5), 326–335.

Pham, T. N., Nguyen, V. Q., Tran, V. H., Nguyen, T. T., & Ha, Q. T. (2017). A semi-supervised multi-label classification framework with feature reduction and enrichment. Journal of Information and Telecommunication, 1 4, 305–318.

Qiu, Z., Wu, B., Wang, B., Shi, C., & Yu, L. (2014). Collapsed Gibbs sampling for latent Dirichlet allocation on spark. Journal of Machine Learning Research, 36, 17–28.

Rajput, R. (2019). How big data triggered travel industry success? Meeting information need of travel industry. ThriveGlobal.

Ramzan, B., Bajwa, I. S., Jamil, N., Amin, R. U., Ramzan, S., Mirza, F., & Sarwar, N. (2019). An intelligent data analysis for recommendation system using machine learning. Scientific Programming. https://doi.org/10.1155/2019/5941096


Ransbotham, S., & Kiron, D. (2018). Using analytics to improve customer engagement. MIT Sloan Management Review.

Riahi, Y., & Riahi, S. (2018). Big data and big data analytics concepts, types and technologies. International Journal of Religious Education, 5(9), 524–528.

Robertson, S. (2004). Understanding inverse document frequency on theoretical arguments for idf. Journal of Documentation, 60, 503–520.

Salas-Olmedo, M. H., Moya-Gómez, B., García-Palomares, J. C., & Gutiérrez, J. (2018). Tourists' digital footprint in cities: Comparing Big Data sources. Tourism Management, 66, 13–25.

Satish, L., & Yusof, N. (2017). A review big data analytics for enhanced customer experiences with crowd sourcing. Procedia Computer Science, 116, 274–283.

Saunders, A. A. (2017). Transforming the travel industry with Big Data Analytics. https//www.digitaldoughnut.com/articles/2017/February/how-big-data-analytics-is-transforming-the-travel. Accessed on December 29, 2019.

Shafiee, S., & Ghatari, A. R. (2016). Big data in tourism industry. In 10th International Conference on E-commerce in Developing Countries with focus on e-Tourism (ECDC). IEEE Publisher.

Sheoran, S. K. (2017). Big data: A big boon for tourism sector. International Journal of Research in Advanced Engineering and Technology, 3(1), 10–13.

Siblini, W., Kuntz, P., & Meyer, F. (2019). A review on dimensionality reduction for multi-label classification. In IEEE Transactions on Knowledge and Data Engineering. Institute of Electrical and Electronics Engineers.

Sigala, M., & Rahimi, R. (2017). Big data in hospitality and tourism. Emerald Publishing Limited.

Sobolevsky, S., Sitko, I., Tachet des Combes, R., Hawelka, B., Murillo Arias, J., & Ratti, C. (2014). Money on the move big data of bank card transactions as the ne proxy for human mobility patterns and regional delineation. The case of residents and foreign visitors in Spain. Paper presented at the IEEE International Congress on Big Data (BigData Congress), 2014.

Song, H., & Han, L. (2017). Predicting tourist demand using big data. https//www.researchgate.net/publication/309092870_Predicting_Tourist_Demand_Using_Big_Data/citation/download. Accessed on December 27, 2019.

Song, H., & Li, G. (2008). Tourism demand modelling and forecasting A review of recent research. Tourism Management, 29, 203–220.

Stienmetz, J. L., & Fesenmaier, D. R. (2013). Traveling the network a proposal for destination performance metrics. International Journal of Tourism Sciences, 13(2), 57–75.

Thomas, H., & Davenport, J. D. (2013). Big data in big companies. International Institute for Analytics.

Tian, X., He, W., Tao, R., & Akula, V. (2016). Mining online hotel reviews a case study from hotels in China. In 22nd Americas Conference on Information Systems (pp. 1–7). San Diego.

Upadhyaya, S., & Kynclova, P. (2019). Big Data – Its relevance and impact on industrial statistics. Working Paper 11. United Nations Industrial Development Organization, Vienna.

Van de Cruys, T. (2011). Two multivariate generalizations of pointwise mutual information. In Proceedings of the Workshop on Distributional Semantics and Compositionality (pp. 16–20). Association for Computational Linguistics.

Vecchio, P. D., Mele, G., Ndou, V., & Secundo, G. (2018). Open innovation and social big data for sustainability evidence from the tourism industry. Sustainability, 10(3215), 1–15.

Verhoef, P. C., Kooge, E., & Walk, N. (2016). Creating value with big data analytics making smarter marketing decisions. Routledge.

Wang, H., Gao, S., Tang, O., & Yin, P. (2018). Identifying competitors through comparative relation mining of online reviews in the restaurant industry. International Journal of Hospitality Management, 71, 19–32.

Wang, J., Li, S., Jiang, M., Wu, H., & Zhou, G. (2018). Cross-media user profiling with joint textual and social user embedding. In Proceedings of the 27th International Conference on Computational Linguistics (pp. 1410–1420). 21–25 August 2018, Santa Fe, NM, USA.

Wang, J., Li, S., & Zhou, G. (2017). Joint learning on relevant user attributes in micro-blog. In Proceedings of the 26th International Joint Conference on Artificial Intelligence (pp. 4130–4136). 21–25 August 2017, Melbourne, Australia.

Wang, H., Xu, Z., Fujita, H., & Liu, S. (2016). Towards felicitous decision making an overview on challenges and trends of big data. Information Science, 367, 747–765.

Watson, H. J. (2014), Tutorial: Big data analytics: Concepts, technologies, and applications, Communications of the Association for Information Systems, 34, 124–168.

Wu, F., Huang, Y., Song, Y., & Liu, S. (2016). Towards building a high-quality microblog-specific Chinese sentiment lexicon. Decision Support Systems, 87, 39–49.

Xiang, Z. (2016). Analytics for tourism management needs and directions for research. Springer.

Yang, Y., & Stienmetz, J. L. (2018). Big data and tourism planning. Information Technology & Tourism, 20, 189–190.

Yaw, K. C. (2015). Sentiment analysis of hotel service system. http//eprints.utar.edu.my/1839/1/IB-2015-13ACB00854-1.pdf. Accessed on October 10, 2020.

Zerba, F. (2018). Big data tools and tourism market intelligence. In 15th Global Forum on Tourism Statistics Cusco. Peru.

Zheng, Q. (2014). Online public opinion needs tourism online reputation evaluation mechanisms. As Cited in Guanglu, L, Xiangye, S., Hong, L., Hongzhi, L. (2015). Path Analysis on Big Data in Promoting Intelligent Tourism Implementation. International Conference on Management Science, Education Technology, Arts, Social Science and Economics.

OPS/images/f04-22.jpg
0.25

o
o i I
= 7] N

Percentage Reviews

o
[l

0 III

@ &
LET LT F LS LSS
& & S «3-& xob &8 Q\e \? X

(IO

Features





OPS/images/CH006_2.jpg
P(W,





OPS/images/CH007_22.jpg
True Positive + True Negative

Accuracy = — — - -
y True Positive + False Positive + True Negative + False Negative





OPS/images/f04-14.jpg
Percentage Reviews

0.25

=
(%)

0.15

o
e

o
=}
a

2 & D S
& O F P

< N

Features

<o

2

&
&

o

(\‘7

.\4@






OPS/images/CH007_14.jpg





OPS/images/CH005_5.jpg





OPS/images/CH007_8.jpg
p@IB) = TIf-, VIF(B’{) H"V:]fov.f. , for @ ~Directory(B)

TL- i e(Bry)





OPS/images/f06-12.jpg
1000

800

600

400

200

Jooy doy

Alem uoys

A} U205
uoneyodsuesy d1gnd
[eanuow pjo
[330y 323w
awp pau
Bulusow xau
100p AU

Aep xau

oA mau
ajqnon yanw
Buiddoys urew
6 3se|

Ppooy ueiput
133em j0y
M3 Jeaub
anjea yealb
awn jeb
ace|d 3ealb
uonedo| yeaub
1210y 30216
|eap jea16
anjea poob
poob

125 poob
22e|d poob
uones0| poob
1230y poob
pooj poob
ysij6ua poob
Asap juoy
e Aipuaiy
Ny ysay
UOISS3DU0D YdUALY
3Nys 23y
Bunpied 33y
P 22y
K> uappiquoy
awn sy
ubIu ISy
[3304 Jnsejuey
13304 3U3|]22%3
|e213U0W UMOJUMOP
06ed1yd umoumop
woo1 3)gnop
spaq 2|gnop
paq 2jgnop
15ep{R3Uq [2IUBUNUOD
Ppooj asauIyd
UOpUO| [e1UID
I23043s2q






OPS/images/f04-04.jpg
Percentage Reviews

o
o
N

o
o
&

o
o
5

o
o
r

o
o
@

0.

o
R

0.

o
=

0

Beijing

Shanghai

Vegas

Chicago

Montreal New York New Delhi

Cities

San
Fransisco

London

Dubai





OPS/images/f05-04.jpg
Dubai

341 338 321 304 298 297 82

- ANy ysay
- 1330y 30216
- 4ye1s Ajpuaiy
- |2304 153q
- 2w IS4y
- 31\NYS 33y

- uonedo| poob

o~
2 - 1330y poob
o 5
S Joop xau
<
2 - anjea poob
T & &2 =& & o

sainjead Jo uno)

Top 10 Features





OPS/images/f06-04.jpg
600

500

400

300

200

100






OPS/images/CH007_20.jpg
f=>b+Uh(a;—...ai+w; W)






OPS/images/f04-12.jpg
good location

m beijing

m shanghai

m las-vegas

m chicago

m montreal
new-york-city

m san-francisco
london
dubai





OPS/images/f07-04.jpg
Accuracy

0.8

0.78

0.76

0.8606 0.8598
m Tf-Idf
0.8067 = LDA Topic Modelling
mDoc2Vec
Tf-Idf LDA Topic Doc2Vec
Modelling

Feature Type





OPS/images/f04-16.jpg
o <
S
o o

SM3IND

~
-
o
o

- =] o

=] = =1

o o
a8ejuadiad

0.04

0.02

0

Features





OPS/images/CH003_4.jpg
total number of documents
number of document comprising ¢ term

Inverse Document Frequency (¢) =





OPS/images/CH007_10.jpg
la,





OPS/images/CH004_1.jpg
count (4)
Support (4) = ————





OPS/images/CH007_16.jpg
p(0,z,d|a, B) = p(0|a)]]._ P (2:|0)p(Wu|zu, B)





OPS/images/f04-20.jpg
0.25

1

0
0.15
0.
0.05

0

.2

SMIINJY dSejuadiad

Features





OPS/images/CH005_7.jpg
P(NounAdj)





OPS/images/f05-10.jpg
Shanghai

90

100 97

130 119

180 175 174 163

204

- [2304 JU2|2IX3

- |30y 201U

- J00p IX3U

- 1330y 1ealb

[~ J2UIajul a3l

- UOISS2du0d ydualy

- uol3ed0| poob

- ucnedo| 1ealb

- anjea poob

- 1330y poob

200 -

2 g @

Sainjead Jo uno)

Top 10 Features





OPS/images/9781835493403.jpg
@®INTsS
p° ¥
&

&

BIG DATA
ANALYTICS FOR
THE PREDICTION OF
TOURIST PREFERENCES
WORLDWIDE

Dr. N. PADMAJA
Dr. RAJALAKSHMI SUBRAMANIAM
Dr. SANJAY MOHAPATRA






OPS/images/CH003_2.jpg
P(NounAdj)





OPS/images/f04-02.jpg
Percentage Reviews

0.12

0.

o
®

0.

o
>

0.

=3
B

0.

o
R

0

Beijing  Shanghai  Vegas Chicago  Montreal New York New Delhi San London Dubai
Fransisco

Cities





OPS/images/f06-02.jpg
300

250

200

150

100

50





OPS/images/fx1a.jpg
Name val

0 china_beijing_ascott_beijing__ [good value]
1 china_beijing_bamboo_garden_hotel__ [free internet, next door, good english, good ...
2 china_beijing_beijing_far_east_international_y... [hot water, chinese food]
3 china_beijing_beijing_friendship_hotel_grand_b... [good hotel, chinese food]

4 china_beijing_beijing_hotel__  [next door, good size, great location, short w...





OPS/images/CH007_1.jpg
tf,,





OPS/images/f05-06.jpg
London

100p IX3u
1330y poob
1Sepyealq [e3uaunRuod
Jlem uoys
131em Joy
wool 3|gnop
uopuo| |es3uUd
uonedo| poob
anjea poob

uonedo| yeaub

4000

8
]

sainjead Jo uno)

T
(=]
3
L]

3000 A

O.

Top 10 Features





OPS/images/f01-01.jpg
Communication Business process

World Wide Web Sensors Sensors
Systems generated data
4 p ( = Y r
Mobile Flight Voluntee;gd
Sh - 3 geographic
—  network Web activity —  booking Traffic loops o formation
operator data systems J (OpenstreetMap)
L J
r < \ 0 N
|| Smart mobile Dynamic || Stores cashier Smart energy | Wikipedia
devices data websites data meters contents
L ) L ) L J
) e 3\
_| Social media Static Financial Vessel radio | | Picture
posts websites | transactions identification collections
L ) L ) L )
[ Potentially relevant for tourism statistics ] Satellite
images
[ No direct relevance for tourism statistics }






OPS/images/f04-01.jpg
Collect Data

A

Prepare data

Review dataset through associative rule
mining algorithm

A

Classification and Results






OPS/images/CH005_1.jpg
P (4,B)
P(A)P(B)

PMI (4,B) = log





OPS/images/u05-01.jpg
Pseudo code for Pointwise Mutual Information

1. start counters for hash table Ha and Hs for accurate counts
. start an approximate Cab counter
. start lists of rank L representing a to k-best priority storing of queue (b, PMI (a, b))
. for every buffer b in stream do
. start I, representing (a, b) to {0,1} indicating whether (a, b) was examined in b
for (a, b) in b do
Set1 (a, b) =1
increment Ha (a) A initial 0 value

increment Hp (b) A initial 0 value

10. insert (a, b) into Cab

11. end for

12.  forevery ae X do

13. re-compute L (a) using current b € L (a) and {b [l (a,b)}=1}
14. end for

15. end for






OPS/images/CH007_4.jpg
DF

df,





OPS/images/f06-09.jpg
6000
5000
4000
3000
2000

1000

Great Next Good Good First Next Great Double Friendly Great New Good Short Good Next
location door location value time time hotel beds staff place VYork size walk hotel day

0





OPS/images/f04-17.jpg
0.25

.2
0

e
S

SMIINJY 3Sejuadiad

0
0.15
0.05

Features





OPS/images/fx2a.jpg
Name

0 china_beijing_aloft_beijing_haidian__ [0.023, 0.011, 0.008, 0.008, 0.008, 0.008, 0.0...
1 china_beijing_ascott_beijing__ [0.015, 0.011, 0.008, 0.008, 0.006, 0.006, 0.0...
2 china_beijing_autumn_garden_courtyard_hotel__ [0.022, 0.008, 0.007, 0.007, 0.006, 0.006, 0.0...
3 china_beijing_bamboo_garden_hotel__ [0.028, 0.012, 0.008, 0.007, 0.006, 0.006, 0.0...
4 china_beijing_beijing_century_towers__  [0.029, 0.024, 0.011, 0.011, 0.009, 0.009, 0.0...





OPS/images/f04-25.jpg
('small', 1364), ('excellent', 1229), ('large', 1155), ('free', 1019), ('little', 1012), ('best', 949), ('first', 792), ('many', 778), ('wonde
BIULEE ), ('spacious', 751), ('next', 746), ('big', 648), ('perfect', 632), ('quiet', 608), ('new', 604), ('right', 566), ('bad', 536),
sy', 534), ('full', 518), ('beautiful', 515), (‘'huge', 512), (‘'much', 506), ('downtown', 500), ('better', 492), ('high', 484), ('modern', 482),
('overall', 470), ('hot', 444), ('last', 424), ('available', 418), ('fantastic', 412), ('short', 410), ('montreal', 402), ('fine', 400), ('ple
asa*nt', 394), ('able', 394), ('main', 392), ('several', 366), ('expensive', 357), ('sure', 355), ('extra', 352), ('continental', 352)]

city = new-york-city .
Total Reviews = 55143

[('great', 12231), ('good', 8654), ('clean', 8176), ('new', 7339), ('nice', 6449), ('small', 6169), ('comfortable', 5182), ('helpful’', S5111), (
‘fr*iend[y', 4978), ('central', 4144), ('excellent', 3800), ('little', 3694), ('square', 3362), ('next', 2970), ('first', 2943), ('large', 2846)
, ('best', 2830), ('free', 2760), ('quiet', 2616), ('big', 2576), ('many', 2362), (‘'perfect', 2319), ('much', 2314), ('fantastic', 2270), ('spa
cious', 2006), ('wonderful', 1950), ('better', 1949), ('nyc', 1766), ('easy', 1699), ('grand', 1598), ('huge', 1546), ('last', 1530), ('right',
1521), ('safe', 1481), ('old', 1468), ('expensive', 1460), ('bad', 1435), ('high', 1412), ('fine', 1334), ('pleasant', 1320), ('overall', 1319
),eé'hot', 1309), ('available', 1296), ('short', 1287), ('double', 1268), ('modern', 1266), ('sure', 1217), ('long', 1190), ('full', 1143), ('a
ble', 1128)]

L

city = new-delhi

Total Reviews = 4917

[('good', 1089), ('clean', 708), ('great', 706), ('nice', 540), ('excellent', 456), ('new', 400), ('helpful‘’, 396), ('best', 393), ('comfortabl
e', 569), ('friendly', 329), ('first', 309), ('small', 278), ('indian',6 277), ('little', 228), ('expensive', 211), ('much', 208), ('next', 204)
, ('better', 199), ('large', 188‘(‘old‘, 180), ('hot', 168), ('free', 166), ('many', 163), ('bad', 161), ('spacious', 151), ('last', 146), ('
modern', 145), ('quiet', 142), ('delhi', 139), ('big', 138), ('high', 135), ('beautiful', 129), ('fantastic', 128), ('wonderful', 126), ('overa
11, 124), ('safe', 123), ('main', 120), ('pleasant', 118), ('fine', 112), ('ok', 111), ('international', 109), ('connaught', 106), ('sure', 10
6), ('top', 105), ('available', 103), ('extra', 102), ('central', 101), ('busy', 99), ('cheap', 99), ('different', 96)]

city = san-francisco

Total Reviews = 30401

[('great', 6288), ('good', 4388), ('clean', 3921), ('nice', 3661), ('san', 3309), ('helpful', 2753), ('comfortable', 2705), ('small', 2627), ('
friendly', 2588), ('free', 2035), ('excellent',6 1894), ('little', 1815), ('best', 1488), ('next', 1402), ('first', 1322), ('large', 1312), ('ma
ny', 1279), ('quiet', 1209), ('wonderful', 1139), ('big', 1059), ('much', 1043), ('easy', 1003), ('old', 996), ('perfect', 973), ('spacious', 9
09), ('right', 899), ('better', 890), ('fantastic', 814), ('new', 791), ('expensive', 753), ('overall', 733), ('bad', 731), ('beautiful’, 721),
('public', 711), ('pleasant', 707), ('safe', 688), ('available', 687), ('last', 671), ('high', 666), ('short', 665), ('fine', 639), ('modern’,
617), ('sure', 607), ('complimentary', 585), ('happy', 583), ('able', 572), ('central',6 555), ('close', 552), ('huge', 551), ('top', 541)]
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[('good', 14622), ('great', 12597), ('clean', 11301), ('small', 8959), ('nice', 8410), ('friendly', 6530), ('helpful', 6181), ('excellent', 617
0), ('comfortable', 6017), ('little', 4632), ('london', 4077), ('quiet', 3914), ('next', 3813), ('first', 3551), ('best', 3539), ('large', 3470
), ('central', 3336), ('much', 3162), ('many', 3147), ('big', 2944), ('free', 2869), ('modern', 2782), ('better', 2741), ('full', 2696), ('hot
, 2690), ('double', 2685), ('easy', 2675), ('pleasant', 2444), ('bad', 2414), ('fantastic',6 2401), ('short', 2353), ('old', 2306), ('spacious',
2293), ('perfect', 2248), ('expensive', 2241), ('last', 2228), ('new', 2203), ('high', 2117), ('fine', 2115), ('wonderful', 2082), ('english',

2003), ('single', 1865), ('available', 1840), ('right', 1793), ('overall', 1767), ('extra', 1721), ('tiny', 1718), ('ok', 1686), ('main', 1607
), ('lovely', 1571)]

city = dubai

Total Reviews = 11834

[('good', 2360), ('great', 2131), ('nice', 1400), ('excellent', 1262), ('clean', 1154), ('best', 1013), ('friendly', 969), ('free', 913), ('fan
tastic', 855), ('small', 771), ('helpful', 768), ('much', 754), ('first', 753), ('little', 743), ('next', 701), ('many', 654), ('comfortable',
647), ('large', 638), ('expensive', 632), ('big', 599), ('spacious', 535), ('huge', 497), ('new', 470), ('better', 465), ('wonderful', 464), (
dubai', 450), ('amazing', 432), ('beautiful', 428), ('main', 423), ('high', 421), ('last', 418), ('old', 405), ('available', 404), ('hot', 396)
, ('perfect', 380), ('bad', 375), ('cheap', 365), ('top', 355), ('full', 348), ('early', 333), ('short', 329), ('happy', 326), ('sure', 324), (
‘different', 323), ('complimentary', 318), ('extra', 317), ('worth', 316), ('cold', 308), ('lovely', 306), ('busy', 302)]
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