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Abstract Resumo

In reservationrbased industries, an accurate booking cancellationNagestao de receitas em turismo e hotelaria, a exatidao da previséo d
forecast is of foremost importance to estimate demand. By cancelamento de reservas é dxtrema importancia para estimar a
combining data science tools and capabilities with humanprocura. Através da aplicacdo de ferramentas e recursodata
judgement and interpretationthis paperaimsto demonstrate how science com apoio do julgamento e interpretagdo humanos, temos
the semiautomatic analysis of the literature can contribute to como objetivo demonstrar como a analise semiautomatica da literaturaj
synthesizing research findigs and identify research topics about pode contribuir paraistetizar a investigagao existente para a previsdo
booking cancellation forecasting. Furthermore, this works aims, byle cancelamento de reservas, incluindo a identificacdo dos tépico
detailing the full experimental procedure of the analysis, toabordados pela investigacdo. Para além disso, ao detalhar
encourage other authors to conduct automated literature analysisprocedimento experimental da andlise, temos como objetivo encorajalf
as a means to understancurrent research in their working fields. outros aubres a realizar analises automatizadas de literatura. Os dado
The data used was obtained through a keyword search in Scopusgilizados foram obtidos a partir das bases de dados da Scopus e da Wgb
and Web of Science databases. The methodology presented natf Science. A metodologia utilizada, além de atenuar o viés humand,
only diminishes human bias, but also enhances the fact that datalemonstrou como as técnicas de visualizagéo de dadtztext mining
visualsation and text mming techniques facilitate abstraction, facilitam a abstracdo, fomentam a aceleragio da andlise e contribuen
expedite analysis, and contribute to the improvement of reviews.para a melhoria das revisdes. Os resultados mostram que, embora p
wSadzZ 1a aK2¢ (GKIFIG RSALIAGS (KS pravisid NdcangelaBenta de resedas seja ierécahhebida ymPddtancll: G A 2
forecast in terms of understanding net demand, improvingpara a compreensdo da procura lidaie melhoria das politicas de
cancellation, and overbookg policies, further research on the cancelamento e overbooking ha ainda necessidade de mais
subject is still needed. investigagéo sobre o assunto.

Keywords: Data science, forecast, literature review, prediction, Palavraschave Data ScienceGestao de receitas, previsao, revisao de
revenue management literatura, processamento de linguagem natural

1. Introduction put into making decisions. Therefore, the role of revenues

) ) management systems (RMS) in modern RM is comprehensibEe
Revenue management (RM) is considered one of the mog, ¢ it enaples us to manage demand on a scale and level E)f

successful application areas of operations research (Talluri §bmplexity that would have been impossible otherwise (Talluri

Van Ryzin, 2005). The main goal is that of increasing revengeyan Ryzin, 2005). One of the most critical tools in RMS ié

through de.man.d management dec?smns, I.€. dz_am.smns b_as?grecast performance. Without accurate forecast performance,f

on the estimation ofdemand and its characteristics, which by  wa{ Qa NI S YR FBEAE O Rf A G2
Yh1S das 2% LINAOS FyR OF LI Ohgi g, E?é Mg Eirteflanld! Eandi e Vah Ryzin, 280, Y R
(Talluri & Van Ryzin, 2005). RM is customarily applied Weatherford & Kimes, 2003). stimation and forecasting,

industries that. have f!xed:apamty, ? varllable and uncertain together with data collection, optirsation, and control, are the
demand, a perishable inventory, aghicost fixed structure, and FTdzyRI YSy(Glf &aG8L3 Ay wad !y waf

customers with different sensitivities to prices (Kimes &szmeasures such as room nights, arrivals, price sensitivity, and
2003). It is therefore not surprising the success of RM in t{aveé)ooking cancellations. In fact, an acater booking cancellation
and tourismrelated industries like airlines, hotels, cruises, rent forecast is of foremost importance to determine net demand
a-cars, or golf (Kimes & Wi, 2003; Talluri & Van Ryzin, 2005)'i.e. demand deducted of bookings predicted as likely to be

Theoretically, the problems addressed by RM are not new. If&ncelled (Lemke, Riedel, & Gabrys, 2013; Talluri & Van Ryzin,
novelty comes from the methods being employed in the?005).
decisioamaking process, mainly the sophistication of

> . With cancellations reaching 20% to 60%lbbookings received
technology, and the detail and strong operatibragproaches

by hotels (Liu, 2004; Morales & Wang, 2010) it is
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understandable that hotels implement overbooking oroutcome (LewidBeck, 2005; Matsuo, 2003). For predicting
restrictive cancellations policies to reduce cancellation ratebooking cancellations in the context of machiearhing, these
(Chen, 2016; Talluri & Van Ryzin, 2005). However, such policgsals are cast as two different problems. When the objective is
canhaveadverg effects in terms of reallocation costs, socialsolely to estimate the cancellation rate a regression then
reputation, or revenue decrease due to the discounts grantethe problem should be considered a forecasting problem. When
(Guo, Dong, & Ling, 2016; Noone & Lee, 2010). To reduce thiming at estimating the likelihood of a booking todascelled,
negative impact of overbooking and restrictive cancellatiorand understanding the cancellation drivers, then the problem
policies, as wll as the uncertainty in demand managementshould be considered a classification problem. In this case, the
decisions, cancellations and #bow forecasts are used as booking cancellation predictions enable the estimation of the
inputs in RMSs (Antonio, Almeida, & Nunes, 2017a; Morales @erall cancellation rate.

Wang, 2010; Talluri & Van Ryzin, 2005). However, despite the o .

importance of booking cancellat forecast models (Chen, 2.2 Automatic literature revew

2016), only a few works have tested or developed forecasfne analysis of prior relevant literature is essential to identify

cancellation models. the areas covered within a body of research and uncover areas
Wgere further research is necessary. An effective literature
review isa foundation for the advancement of knowledge
(Webger & Watson, 2002). Nevertheless, the task of
conducting a comprehensive literature review is becoming
increasingly complex. The abundance of potentially relevant
research, not only in the research field, but also in related and
2. Literature review even nonrelated fields, nakes the task evermore demanding
(Delen & Crossland, 2008; Nureir, lannone, Pijanowski,
Kong, & Fei, 2016). This progressive diffidaltyarryingout an
The importance of forecasting in RM research togaied in adequate literature review causes some authors to defend the

the latest literature reviews (Chiang, Chen, & Xu, 2007; DeniZt§€d to take advantage of technologiealvances to automate
Guillet & Mohammed, 2015; Ilvanov & Zhechev, 2012). Demarliierature reviews. This automation would potentially enable
forecasting is identifieds one of the focuses of research in RMfaster and less resourdetensive literature reviews (Bragge,
However, forecasting is believed to be difficult, thpsand ~Relander, Sunikka, & Mannonen, 2007; Feng, Chiam, & Lo,

occasionally failing to produce satisfactory results. Th&017; Tsafnat et al., 2014). In fact, in a literatueview

literature recommends that future research should taketonducted by Feng et al. (2017), the authors found 32 relevant

advantage of technological and mathematical/scientificStudies that advocated the use of automated or semi

methods, including big data, to develop new and improve@Utomated solutions to support systematic literature reviews.

forecasting models (@mng et al., 2007; Ivanov & ZhechevySystematic literature reviews assess and interpret existing

2012; McGuire, 2017; Pan & Yang, 2017). literature pettinent to a specific research topic, subject, or
phenomenon (Kitchenham & Charters, 2017).

This work takes advantage of advanced data science metho
to synthesie the current research findings on the development
of forecast/prediction model for booking cancellation in
travel and tourismrelated industries and to identify the main
topics covered by booking cancellation research.

2.1 Revenue management and forecasting models

Despite the importance of forecasting hotel demarttie

literature on the topic is scarce and does not take advantage diS identified by Tsafnat et al. (2014), the automationttu
technological and scientific methods. The existing literaturditérature review has the potential to help researchers in almost
shows three types of methods: time series, advance bookinG!! Systematic review tasks, namely, faration of the review
and combined modelling (Lee, 2018). However, these methodi/€stions, finding previous systematic reviews, writing the
are parametric and assume that data has a known distributioRrotocol, devising the search strategy, searching, finding
and that it is possible to estimate the needed parameterduplicates, scanning abstracts, obtaining -teit articles,
(Talluri & Van Rjgy' = HAanp0® | 26 S @S NESCANIng j{ufext vagigega fgwarg sapdshagkyard ation
performance can suffer when the demand distribution differsS€arching, data extraction, data conversion asghthesis
FNRY GKS LI NFYSGSNEQ | aadzy ligfaiue yechsckingaggiastly, writing ypihg fevieg Hqlgny, g
F2NBOI&aGAY3d Y2RSEQa LISNF 2 NKICPBIad @98 sipe thatghe aoplicsligp gisadvaneee
nonparametric models, like neural networks dher advanced methods that allow for the automation dhe literature review
machine learning methods (McGuire, 2017). could potentially lead to the following: enhancement of the
retrieval of data, charactesation of the research based on
I f 0 K2dAK GKS 4 SN¥a G F 2 NB O Imatédaty Botrnal alitRors, C{)thSdVRg), QdvdaPR of tnew I NB
considered synonyms and are employed interchangeablchnical concepts or technical relationships, identification of
(Matsuo, 2003), formally they have different meanings andhe main topicsand subtopics of the research, identification of
definitions. While forecasting aints calculate or predict future  the relationship between topics and metadata, and provision of
events and is frequently associated with a time seri@s, insights on research directions. The application and benefits of
prediction is also used to reconstruct and explain some pashese advanced methods are witnessed by some examples of
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automated, or at leas semiautomated literature analysis. For Some are fully automated, some are manuahd others are
instance, Moro et al. (2015) employed text mining (TM) tchybrid activities, i.e. partially automated. The details are
identify relevant terms and topics of business intelligenceresented in the following subections, jointly with some of
research applied to the banking industry. NusMiz et al. the results to help explain the rationale behind the
(2016) used TM methods to demonstrateow automated methodological choices.

content analysis couldhelp synthesizeknowledge from the

enormous volume of ecology and evolutionary biologyA” the steps of the experimental prodere presented in Figure

literature. Guerreiro et al. (2016) conducted TM analyses tg were cond.uc_ted usmg_ R (R Core Team, 2016), Wh_'Ch _'S
study research in causelated marketing. Park & Nagy (B)1 powerful statistical tool with numerous packages extending it
employed TM to study thermal comfort and building Controlcapabilities and designed to facilitate data analysis. The R sour

research. Haneem et al. (2017) bl data analytics and TM in code and fjatasets us.ed in this work candmwnloaded from
a literature review in master data management to show hoV\pttps://osf.|0/d2xr5/?V|eW_onIy:957dba4a77724ebeb4f7963b

they could assist the process of literature analysis. 8932e614.

All the abovecited examples of automated/semiautomated Figure 1 - Experimental procedure workflow diagram

literature reviews employed TM. TM seeks to extract usefL Daaexraction SEOR SRR SCiene
information from documents collections through the 2MdPEPEESINg % l_lg
identification and exploration of patterns. While data mining

(DM) assumes that data is stored in a struetliformat, TM

data needs no structured format. Thus, TM data requires th P
application of preprocessing operations to identify and extrac L_. disambiguatin |
features representative of natural language documents

|

(Welbers, Van Atteveldt, & Benoit, 2017). Due the

Duplicates removal

importance ofnatural language processing in TM, the latter [ Processcustom |
. . T stopwords and ngrams ‘
draws on the advances of other computer science discipline B
like data science, to achieve its objectives. Data science is Taqic Data::g;;;adata
fairly recent discipline that combines the use of mathematics "2""9
. . . ! Definition of terms to !
operational research,machine learning, natural language ! narrow results
processing, statistics, data visualization, and other tools an
capabilities from different disciplines; it is also complementec
with a broad understanding of the problem domain to pre——
dzy RSNEGF YR FyR | yhutt, 20l RI G Keywords topic modeling :
! Definition of terms to | .
3 Methodology | rowresas | :
Usually, authors consider two types of literature reviews: ¢ :
mature topic that has an extended body of knowledge .
- . . . . s 1 :
requiring analysis and synthesis; and a promising topic the xg;;‘*d | ewogiion | oo :
could benefit from further theoretical groundwork (Wster P | e :
. . . .
& Watson, 2002). By focusing on the analysis of literatur g :
from a confined and recent topic, bookings cancellatior ! ! 3
. . . . Data and metadata . .
forecasting/prediction in travel and tourismrelated ‘ analysis ‘ BRI TSI ‘ e s ‘
industries, this work is an example of the latter type. In ordel = l .
. . . . . Humen | Results interpretation : °
to achievethe objectiveof this paper data science tools and  anaysis b I

capabilities, especially TM, natural language processing, ai . .
Full texts readin !
data visuakation, are employed to conduct a semiautomated L 0

I _activity__|
analysis of the existent literature. Foird™
Other works on the automation of literature review proposed
somewhat similar processes to conduct literature analySiSData visuafiation is considered a powerful resource to ease
(Delen & Crossland, 2008; Feng et al., 2017; Haneem et %,ata abstraction and improve reviews (Fabbri et al., 2013).

2017; NuneMir et al., 2016; Tsafnat et al., 2014). However"l'herefore, data and metadata analysis are involved in the

those processes diffein the .technlques Of approaches . ration of several data visustions of the fultext corpus
employed.The presenproposal is bsed on the process used to aid the identification of patterns, namely, word clouds with

by Hf';meem et al.. (201?) ada.pteq to the current topic; adiagra%p frequent unigrams and bigrams, heatmaps of frequent
of this process is depicted in Figure 1. The new procedure is

divided into four main steps splitting into diverse activities.
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terms, and etworks analysis of authors, countries, andd S+ NOKSR T2 NJ aNBASNDI A2y € d = NA
keywords. andinthe! Y FYR ! YSNAOlFY 9y3afAakK 2F
wereaccounted for. The application of TM for multiple languages
presents methodological difficidts. However, given that the
Quality literature analysis must cover relevant literature on theyost relevant research is published in English, the search was
research topic and should not be confined to one specifigmited to English documents. The timespan was defined from
research methodology, one set of jouraabr one geographic 1990 to 2018, with May 4th 2018 being the final extraction date.
region (Webster & Watson, 2002). The search strategy is &flnce each database has its own documetessification
important component of an analysis of literature. The presentategories, the type of documents selected in each of the
approa?h is ba'seAd on erat Al v& Usman ,(2018)' call affatabases was different. For Scopus, the chosen document types .
abdzi2YFUSR aSkNOKEéZ UKEO A apere hriicd arickig fresd, hdbk, bhoaid dhaptlr Kebrifererdes £ A S
electronic databases keyword searches. The number Qfaper, or review. For WoS, the chosen documents wetgpefs
databases used and their type are essential guidelines tgricle, book, book chapter, proceedings paper, or review. The full
guarantee the quality of the review (Ali & Usman, 2018). Thisearch strings are shown in Figure 2 and Figure 3, respectively.
work relies on two welknown databases: Scopus and Web of\jote that upon cancellation, the customer informs the service
Science (WoS). These talaases cover most sources of provider before the time of service provision, whilk y |- Gy 2
literature related to tourism and travel industries. A3K2g¢ GKS Odzati2YSNI R2Sa y20 AyT:
An adequate selection of keywords must be used in the corred@ils to checkh y @ | { (-KRAz#X¢ alyRB (2 0SS (NZX
construction of the search string (Ali & Usman, 2018; Delen & Yy OSt t | (A2 ¥ KT g &6 KB & SWX G a ¥y FOf dzRS |
Crossland, 2008). Taking into consideration pheblems that thus avoiding the identification of works that solelgdaess the
might arise from the differences among database searchJNE 0 f SY¥a K2 aky ZF2NBOF ald 06 KAOK A&
engines (Tsafnat et al., 2014), a simple query was executed aitline industry).The Scopus search result was exported to a CSV
both databasesand the results were filtered to narrow the (comma separated values) file using Scopus export
search to the present objective. The search string founfunctionality. The WoS search result was exported to a TSV (tab
simutarS 2 dza dzal 38 2F G(KS g2NRa Gl GyR: Oy &S DI FOESHI tR2yaaS4
in the title or keywords of documents. In the case of the Scopuesults, a randomly selected number of documents were
database, the words were also searched in the abstract; Washecked to ascertain their inclusion of the search words. Next,
does not have this functionality. Since sometimes the wordhe inclusion of known documents on the search topic results
G NB &SN (23S RAEAAYEYISI R 27T wasalsbgheadddy 3¢ 4S8 | f a2

Figure2 ¢ Scopus search string

3.1 Data extraction and preprocessing

TITLE-ABS-

KEY ( ("booking" OR "bookings" OR "reservation” OR "reservations”) AND ( "cancellation” OR "cancel
lations” OR "cancelation” OR "cancelations")) AND (DOCTYPE (ar) OR DOCTYPE (ip) OR DOCT
YPE (bk) OR DOCTYPE (ch) OR DOCTYPE (cp) OR DOCTYPE (re)) AND PUBYEAR > 1989 A
ND ( LIMIT-TO ( LANGUAGE , "English"))

Figure3 ¢ WoS search string

(((TsS=(("booking" OR "bookings" OR "reservation" OR "reservations") AND ("cancellation" OR "cancellations"
OR "cancelation" OR "cancelations")) OR TI=(("booking" OR "bookings" OR "reservation" OR "reservations")
AND ("cancellation" OR "cancellations" OR "cancelation" OR

“"cancelations")))))AND LANGUAGE: (English) AND DOCUMENT TYPES: (Article OR Book OR Book
Chapter OR Proceedings Paper OR Review)

Timespan: 1990-2018. Indexes: SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI, CCR-
EXPANDED, IC.

The fusion of multiple databases from different origins is always eountries were written differently in some documents (e.g. USA,
challenge due to differences in the database structures, datdnited States, oUnited States of America).
formats, and data quality. For this reason, and according to th

ure 4 Datasetfield matching diagram
scope of this work, it was decided to create a single dataset baseog 4 gdiag

Scopus Fused WOS
on the fields described in Figure 4 by fusion of the two results. This Am“at';ns Affliations o1
involved a normadation process: the conversion of &t into Authors —————— Authors —_— A
| h f . ” d . f f Index.keywords —————  IndexKeywords
owercase, thus transforming all words into umiform form Author keywords Adthorkeywords bE
(Welbers et al., 2017). All text preprocessing was performed using Document.type ———————— DocumentType
GKS dab[té€ 61 2NYA1S HAMTO | YR auY%‘deOQSKQSNEIE‘MJS EN\QWN[Z HAMT G
packages. An additional field was created to store thé &2 NI & Abstract Abstract
country. Its content was automatically extracted from the Tile Tite m
o . i . i i Abbreviated.Source.tite ————————— SourceAbreviaton ———— DS2
Affiliations field with further manual manipulation since some Source fite ——————— Source ——— 50
Year ———8 ™ Year —— PY
ED —mm™— ID —_—uT
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As can be observed (Figure 5), the fusion of the two datasegs2 NRa G KIF G FNB O2YY2y Ay I+ f| y3da

resulted in a total of 318 documents (168 from Scopus and 15®rmalses words with different morphological variations, such as
from WoS) of which a substantial part were duplicates. The onlyerb conjugation suffixes or the plural form of a noun (Welbers ef
common field identifier in both databases the DOI, but not all al., 2017). Title preprocessing allowed tfee capture of duplicate
documents have a DOI. Thus, the removal of duplicates wascuments that a simple comparison would not. For example, th
achieved after the titles of the documents were preprocessed;thi§ A Gt S 2F 2y S I NIAOt S Ay { O2 Lpdz
was achieved by comparing the titles and then comparing the DOxception to the automatic identification of duplicates was found:
Preprocessing is a process that tokesiull texts to smaller and two documents shared the samiitle and abstractbut had
specific features, including the norngliion of words, for different sources, DOIs, and authors. A manual verification showed
improved analysis and enhanced computational performancehat it was the same document, but was presented at two different
Preprocessing text involves the removal of punctuation, removal @bnferences. The removal of duplicates reduced the dataset to 194
numbers, removal of stopwords, and stemmii®opwords are documents (Figure 5)

puls

Figure5 - Document selection funnel

318

Dataset
fusion

194

Duplicate
removal

88

Out of topic
removal

13

Out of specific
topic removal

Document type == article == article in press == book chapter - conference paper == review

With the help of a documerterm matrix (DTM) the frequency relevant were simplyeamoved from the title, author keywords,
of common terms was verified. A DTM, or corpus, is a commdndex keywords, and abstract, while the relevant bigrams were

form for representing a collection of documents. It assign®2 y SNI SR Ayd2 dzyAINF Y&d 6Sé30d ¢
documents to the rows of a matrix and tes contained inthe 02 Yy @SNI SR Ay (2 -AKRBBY loyf 55 Q258D SANY:
documents to columns. The cells of the matrix indicate th&xy 2 a K2 g € 0 ®

frgquency of the terms in the documents, allowing for anélySI%.ZOut of topic removal

with vector and matrix algebra (Welbers et al., 2017). This was

necessary to identify terms that, although presigt a high The B4 documents obtained from the previous step were
FTNBljdSyOez 6SNB y2i0 NBt SGI Eampodes ldyA28 (669D drtiglss BR (R7M) con@eerre papers, ®  NA
NBaSNDSRES aSit It FYz2zy3d AWESokEhappersh2(1%jiakiSes i frass and 2(1%y rRvEWSG S NI
that were relevant but composed of multiple words were The documents came from 152 different sources. From those
convertedtooned 2 NR G SNX¥a o0So3d & NSaulesdedly 2% thyidreahanvoBe/dicéimeat. Nhe sources are
ay-2K2®¢Dy ¢aX GSN¥a -ONIYY a &t 33 doploSNBOMigiire 8, Randaityis possible to verify that the

Gyé AYRAOIGSA (KS ydzyo SNJ 2 F dogugnbidisaceme! froma Bifjererit Sreas,2sNAR adi Gpaldtions & O
I Gdzy AINBYAR HSM¥2Aa Ol tf S Rresearct bospitaity managentent, Rnedicide add/health, and
(Welbers et al., 2017). The terms identified as not beingransportation and logistics management

11
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Figure6 - Documents per source (sources with more than one document)
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Although all previous works on the topic of bookingscounting of the frequency of each term in the corpus. Using the
cancellation forecast/prediction could potentially be relevantd 6 2 NROf 2dzR¢ w LI O 38 dovekt f 254 =
for the objective of this research, this is inie for areas where elaborated to enable the analysis of the terms with a frequency
business characteristics are not compatible with traxad equal to or above 10 (Figure 7 and Figure 8). Regarding
tourismrelated industries. Therefore, it was decided that allunigrams, it is possible to verify that the most frequent terms
documents unrelated to travel and tourism industries wereto- N6 NBf F 6 SR (2 GNF @8t FyR (2dzNR
be excluded from the dataset. NBASNBEOD 2NJ FNB 3ISySNIf (SN¥a
Twoterm document natrices (TDM, i.e. a matrix where termsI .g-S @S NE a_2 YS_ us _NJ_{a EATS oLk uAs
edicine and health industries. A similar pattern seems to

are assigned to rows and documents are assigned to columng}n S
. . erge in bigrams, where the more frequent terms are related
were created using a preprocessed version (removal o

tothetravelandtolh &Y AY RdzZAGNASEA o60SdId 40
numbers and stopwords, and stemmed) of all the abstracts in CAK28E05 odii 2GKSNE 588Y G2 68
the dataset to identify the terms to besed in the search for )f . . A

documents strictly related to travel and tourism industries. One i:z? 337\ L(f)fYSTE N ¥I-RLiL£J207\ yuetd 2N Stsoul
TDM for unigrams and another for bigrams allowed for the

Fgure 7¢ Unigram word cloud Figure 8 Bigram wordcloud
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Corsidering the analysis of term frequency, the chosen filter termkeywords, and abstract of each documemtlléwing an analysis of
to restrict the documents to be searched were as follows: tourisnthe top 10 terms identified in each of the 12 topics by the LDA betz
hotel, airline, aviation, restaurant, golf, event, travel,the Dirichlet prior on the petopic word distribution (Figure 9)

GNF YALRNIIFGA2Y I N}Af G+ &3 |y RshdvdtBafayidast tbple 10is ralaiedorbetiSdancelicdiondiringtg 2 T

terms was then looked for in preprocessed versions of the titleand cruises. Topic 4 ses to be on forecasting and modelling.
author keywords, index keywords, and abstract of the 19©Dther topics, like 1 and 5, seem to relate more to methodologica
documents in the dataset. Every document not containing one @spects.
the terms was excluded from the fused dataset, filtering th

i %hen looking at the probability of a document covering a topic, if
dataset b a total of 88 documents (Figure 5). g P vy 9 P

is possible to identify which documents cover which topics by usin|
To understand which topics are covered by the resultinghe ganma distribution of LDA (Figure 10). An analysis of titles an|
documents, we decided to employ the latent Dirichlet allocatioriopics revealed that some documents were not in the
(LDA) method (Blei, Ng, & Jordan, 2003) using the R packdg® NB OF &G Kk LINBRAQGA2Y Y2RStfAYy

Gli2LIAOY2RSt &4¢ 6 DWIAfe nsost populdd/and] abd alippingvniitigatijn in OFDM by augmented compressivé

widely used method for topic modelling (Calheiros, Moro, & Ritai Sy & A -$afad & AHNaffouri, 2012) is related to electronics,
2017), being a statistic model that groups text documents baseddny R & [ 2 Ol £ A YL} Ol 2F NBTF¥dzaS$S
a classification given by computed measures representing tHey Rdz& i NB ¢ O YN} A4S GI X wHnamTO
R2 OdzySy (i Q& RA a iitahdidm theNiBceht to Itdu yinclitidd dancellations, but not modelling them). Thus,
the known a priori (Arun, Suresh, Madhavan, & Murthy, 2010wasdecided tonarrow the search even further. The new filtering
Therefore, what should be the ideal number of topics was decidegalas carried out through another automated search of terms. Thi

daAy3a G(GKS w LI O1F 38 at RI { dzy kinfedtévaséeardhddiniithHocumenischaddn thie irépiocessibdC

four different methods to help deo&the number of topics. Based title, author keywords, index keywords, or abstract a stemmed
on the results, the more adequate number of topics was#SNE A 2y 2 IINBIKASO ([iAS2Ngea 20NJ 4 F2 N
determined to be 12. LDA was then applied to a corpus formed witlesulted in a total of 13 documents (Figure 5).

the preprocessed versions of the title, author keywords, index

Figure 9 Top 10 terms per topic
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Documents

Figure 10 Documents probabilities per topic

using data science to predict hotel... (Antdnio et al., 2016} 1
using advanced transaction and workfiow models.... (Puustidirg, 2007)
markov p inthe... (L etal., 1999)
the search for the bast deal:. (Chen et al., 2011)
the overbooking problem in hotels with.... (Hadjinicola et al., 1897}
sunk costs and travel cancellation: facusing... (Park et al., 2014)
single-leg airfine with King (Aydin et al., 2013)
simulation shows not 1o panic about... (Weatherford, 2018) 1
simulation optimization for revenue management of... (Goeavi et al., 2007)
seat inventory control for sequential multiple... (Park et al., 2011) 4
foom occupancies: cruise ines out-do the... (Toh et al., 2006)

ying

0 under cholce {Slerag et al., 2015)
inady {B et al., 2003)

1t for outp pp Joint... (i fe et al., 2012)

o apply el 1?7 (Greg 2016)

repiacement of tie in the rallway... (Kanidass etal., 2013)

regrat In g and fare-cl (Lan etal., 2011)
railway d 1t in (Sharif et al., 2013)
of X sarvice busin (Metzger et al., 2012)

0 hotel with a_.. (Antonio et al., 2017)

plualls oialﬂna mm management obsarvations (Oancesa, 2014) 4
performance notificaion in a reservation-based parking... (Yugopuspito et al., 2017)
peak reduction and cipping mitigation In... (Al-safadi et al., 2012)

overbooking with subsStutable tory classes (K et al., 2004) 1
optimal reservasion policles and market sagmentation (Georgiadis et al., 2014)
optimal dynamic upgrading In y et al., 2016)
optimal control of i val mn-anomn (Chalwh 1996 1
on the perf of carrier-basad... (S i et al., 2008)
on a queueing-inventory with (Krishnamoorthy et al., 2016)
non-parformance pu\amea in I'n hotel Industry (Dekay et al., 2004)
Itiperiod airfine g with a single... {Chatwin, 1998)
models for g and ... (Petr, 2012)
maodeling the large scale asmpnon:of (Janic, 2005)
modallng overbookings on air cargo transpartation (Singhasenl et al., 2013)
'] g. and walk-ins... (Tse et al., 2017)
h based to ek... (Subulan et al., 2017)
maximlxmg service value: a casa study_. (Rianthong et al., 2014)
market structure and the value of... (Chua et al., 2016)
managing cancallations and no-shows of reservations. .. (Sulistio et al., 2008)
local Impact of rulugeo and migrants_. (Rouska, 2017}
linaar app app {Yoon et al., 2012)
impact of on .. (Yeo etal., 2012)
hotel cancefiation policies in respact of... (Hafley etal., 1990)
grabshare: the construction of a realtime.... (Widdows et al., 2017)
gaining customer knowledge In low cost... (Liau et al., 2014)
forecaating hotel arrivals and eccupancy using... (Zakhary et al., 2011} 1
forecasting canceliation rates for services booking.., (Romero et al., 2010)
Neet sct g and disp g for 1i] ... (Hom, 2002)
factors infl g r's intention to... {Sahu et al., 2017)
lving f¢ for airline... (Lemke et al., 2013)
electronic chart for indian rallways (Nidhin et al., 2014)
aynamic pricing foe (Xu, 2010)
dynamic pricing for hotel revenue management... (Bayounl etal., 2013)
y pricing & {Yoon etal., 2017)
dynamic discrete choice model for raltway.... (Cirlllo et al., 2018)
dynamic contract breach (Zhang, 2011)
d of by... (Lemke et al., 2009)
do service providers adopting market segmentation... (Du et al., 2016}
differentiation of cancellation policles in the... (Chen et al., 2013)
parsp on Ing: the fallure. . (Guo et al., 2016)
customer ifalime value p g negal ... (Wang, 2015)
time airline g with tim, fares... (Chatwin, 1999)
ity al for of different... (Schiez et al., 2013)
can you get a ticket? adaptive._.. (Wang et al., 2016)
best buy: what does it mean.... (Guizzardi et al., 2017)
are customens ready to accapt ravenus. .. (Etemad-sajadi, 2018)
pp y peog g for capacity (Schiez et al., 2012)
pp of reind g In airine.... (Sklenar et al., 2012)
analysis of mm&won l.ncm basad on... {Saljo et al., 2017)
an for ad hotel... (El et al., 2011)
airline yield o with 9 {Sub etal, 1999)
airline by (Maller et al., 2008} 1
alr passenger rights In the electronic... (Haanappel, 2018)
atemp based p for (Taai, 2011)
a atudy of ing (Kato et al., 2017)
a app to profe services... (Lal et al., 2007)
a app to hotel (Lai et al., 2005)
a stalic model In single leg... (Frenk et al., 2017)
a based app for hotel... (Fouad et al., 2015)
& reinforcement 0 Spp s (G | et al., 2002)

a multi-period optimization model for service... (Xu et al., 2015)

a model of capacity control with... (Xu &t al., 2008)

a hybrid simutation and genetic algorithm... (Peng et al., 2014)

a hazard model of us aifine.... (liescu et al., 2008)

afr for I of... (Halkos et al., 2015)

a dynamic madel lorrauay freight... (Feng et al., 2015)

a dual-response for {Wu, 2010)
a decision-support tnol for airline yud - (Pulugurtha et al., 2003) 1
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3.3 Automated analysis clustering, and full texts topic modelling results were

To continue \ith the determination of an adequate document interpreted and analged together with an ingrpretation of
dataset on booking cancellation forecast/prediction for travel andne text resulting from manually reading the documents. The|
tourism industriesautomatic disambiguation of author names wasfollowing sections are dedicated to the description of the
conducted. This enabled the identification of several author@Utput of this analysis
whose name wa written diversely in different documents (e.g.n dwS & dzf a4 YR RA&Odzaairzy

nly with the first and last nam r with the full name). The nam . . . __
\(/)ve?,e rr:ar:uZIlys;toarr:ctzsélt foarl SESSun;n: d?)clilm:nt Z)naly;s.a eﬁs previously discussed (Section Saillhoughthe- fllte.rlng Of.

documents by terms related to travel and tourism industries

The PDF files for all 13 selected documents were manualyas unable to capture all the documents from other areas,
downloaded fromthe # OdzY' Sy 0 a Q LJdzo t A & K oW tdie Rictidiihgwhas rdvbdled ®9BeYa good approach td
scientific repositories. A new corpus was then created bynderstand the topics addressed by the 88 documents specifi
including a preprocessed version of the full text of eachq pookingcancellation. The two topics with more documents
document. This preprocessing included several nosaidtin probabilistically assigned to them, topics 4 and 12, show
processes, namely, case lowering, removdl mumbers, gy2RSt¢ Ay GKS (2L GKNBS VY1
removal of punctuation, removal of the neénformative terms

QX
[N
-

. ! - ’ associated with topic 4 consider forecasting of arrivals,
previously identified, conversion of tweord terms to one  gccypation, and demand. Documentssaciated with topic 12
word terms (for the terms previously identified), and stemminggeem to be focused on airline models. Topic 7 also includefs

=3
The new corpus was used to classify documents by clusters aick S 62 NR aVY2RSté¢ Ay Ada GpLI o
topics. Document clustering is perhaps the most commonly useaksociated with it consider issues related to overbooking. A
methodand is the determination of the number of clusters to bereasonable number of documents ar@robabilistically
RAAO2OSNBR oYl 841 Y6 N} = H A massigdedotoki& 2, ®, 8, hild 00| TopiS2 artd TopidBiaddiekdi NI £
(Kassambara & Mundt, 2017) was used to identify and apaly different types of optiméation problems in service industries.
clusters.For determining the number k of expected clusters forTopic 3 seems to be related to the understanding of why
GKS RIFIGlIFasSds GKS aStoz26é YSdust@Brs danyedl seivikeS. Tapic e0Satidre3s8s differentihatglzS G | ¢
method were used. Despite using a weighted term frequencycancellationrelated problems. From the 13 documents finally
inverse document frequency {ifif) DTM, results were k=1 for filtered, 7 address the topics covered in topic 4 to some
GKS 6Sto26R YSGKARNI Vi KS 4 ledNTFhat Boneioh thekKe2ddebmieintS d@ddress topics 2, 5, §,
method. This is probably associated with the small number aind 9 is clearly because the terms in those topics mainly covdr
documents, which also explains the result for topic modellingproblems specific to airlinesr other service industries; for
020GFAYSR 6A0GK GKS af RI i dzyy %example, somd.dovdrioptiBafan antl Kdhddulify®oBens A I/ SR {
the number of topics should be ahged from 10 to 13. .
3.4 Human analysis

As can be seen in Figure 11 (and in Table 1), the first docume?t
on the topic dates from 2003 and only from 2009 onwards:

Finally, to create a global view of the set of the 13 selectedoes the publication of documents continbaincrease
documents, the data and metadata analysis, document

Tablel ¢ Summary of the 13 final documents

Author (Year) Type Citations Topics (Fig. 10)
Pulugurtha & Nambisan (2003) Article 6 4,12
Lemke, Riedel, & Gabrys (2009) Conferencepaper 5 4
Morales & Wang (2010) Article 21 8,4,3
Lan, Ball, & Karaesmen (2011) Article 15 8
Tsai (2011) Article 0 11
Gayar et al. (2011) Article 24 7,4
Zakhary, Atiya, BBhishiny, & Gayar (2011) Article 20 4
Metzger, Frankn, & Engel (2012) Conference paper 23 8
Azadeh, Labib, & Savard (2013) Article 1 4,3
Lemke et al. (2013) Article 4 4
Antonio, Almeida, & Nunes (2017c) Book chater 0 10
Antonio, Almeida, & Nunes (2017b) Conferencepaper 0 10
Cirillo, Bastin, & Hetrakul (2018) Article 0 1
SourceAuthors.
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Figurel - Documents published overhie years for the final selection
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¢tKAa KStLla (G2 02y TANY [/ KSy Qublidatiort ok te tapik. Hdwevérknghingany grébipslrddsT LI LIS
on booking cancellation forecast/prediction is relatively lowcollaboration between authors from different countries. As

(Chen 2016), but it is important to remember that this is ashown in Figure 13, only the groups of authors from Egypt,
relatively new sulgct of research. Portugal, and Taiwan do not show external collaborations. The

. ... .countries with more collaborations are the USA, Germany, and
The network analysis shows that forecast and prediction is . . .

) . . . the United Kingdom. Note that the size of the name of the
confined to a few groups of authors, with no collaborations mcountr represents frequenc
between (Figure 12). Only three groups show more than one yrep q y

Figure2 - Authors' network
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The analysis of the keywords in the 13 selected documentseywords is sparse. Like for the autHametwork (Figure 12),
aK2ga GKIFG GKS (g2 Yz2aild TiNBdpyasds ihetwdrlSiNaod@posédbBsomé Baé grolndy
YIEylF3aASYSyiGé YR aF2NESIATRyzAENHARNS a6 R addaSaANE KT GKI
FYR GiUNIYALRNIFGAZ2Y S0O2y 2 YAdidrdssing dfferandzdliis per group of ukh@s dza S 2

m_
[atN
R ax

Figure4 ¢ Author and index keywords network
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SourceAuthors

In fact, a heatmap showing the frequency of all stemmed termshows a onelocument cluster (Figure 16), which is precisely
in the corpus with a frequency equal to or above 100 (Figure 15yhat Metzger et al. (2012) found related to logistics.

shows the topics each document deals with. For example, thI‘—grom the 12 selected works identified five travel and tourism
G SNY aF2NBOk éreqaenc&JN&ae&Wocamemﬁ ﬂcﬁistries 8 are actually apout modelling bogking, cancellatior }
YSEYGsKAE ST aLINBRAOGGE LINB&ES nyrécé{sﬁpredictioﬁ 71_%(.5&9 (fobbsibfé)sémagyed%%l .3/ 24
common (except for Lan et al. (2011)). This suggests that whilg, from Lufthansa Systems AG to develop models to forecast
some works address forecasting, others address predictioR, ellation rates as a way to improve demand forecast-

Development or discussion of a model seeto be transversal madels. Morales & Wang (2010) employed hotel data in the:

G2 Ffyz2ad rtt R20dYSyda dAy Qe%eloﬁi%ﬁt I%15&1f n?odef‘t@1 forecadt é‘aﬁcgiltdtiﬁnegt/m% l sz y d
in all documents except that by Metzger et al. (2012). The teryeniying variables relevant for a better understanding of + L
GK2GSt ¢ ak26a OFNBAYI T NBI zgykifon arivdi hffen efdh 2618) debdiofed dmodbRp G KS
R20dzySydQa &LISOATA OAyi(Antoticet upﬁeg’ct &%%ngalnd dadcthi&iond Yok £7ifhAY operator.:

al., 2017b, 2016; Gayar et al., 2011; Zakhary et al., 2011).  aptonio et al. (2017a, 2017b) employed hotel data to develop:
The suggestions arising from the analysis of the heatmam2z RSt & (2 LINBRAOG SIHOK 06221 Xy3IQa
presented in Figure 15 are confirmed by reading the fuII texts cxﬁmultaneously, net demand Tsai (2011) used railway data té

by Lan et al. (2011). The authors intended to describe a modg018) developed a model to predict when railway customers
to optimise overbooking and fare class allocation instead ofvould exchange or cancel their tickets.

building a forecasting or prediction model. The works Ofy of the previous works employed different methods: time
Antonio et al. (2017b, 2017c), Gayar et al. (2011), and Zakhaljeshased techniques (Lemke et al., 2009, 2013), econemics
et al.(2011) were the only ones focused on hotels while Lan §f,¢aq techniques (Cirillo et al., 2018; Tsai, 2011), and more
al. (2011), Lemke et al. (2009, 2013), Morales & Wang (2010}, gern techniques usually applied in ofne learning

and Pulugurtha & Nambisan (2003) worked with airlines ofqpjems, like genetic algorithms, neural networks, or other
employ airline data. Azadeh et al. (2013), Cirillo et al. (2018 dvanced classification techniques (Antonio et al., 2017b,

and Tsai (201) worked with railways. The only document that2017c; Azadeh et al., 2013; Morales & Wang, 2010; Pulugurtha
did not deal with industries related to travel and tourism is that& Nambisan, 2003Excepthe works by Antor et al. (2017b

by Metzger et al. (2012). This fact is also illustrated by th3017c) and Morales & Wang (2010), who considered bookings
clustering analysis. The analysis of the laster hypothesis ., qllation estimation a classification problem, all other

authors considered it a regression problefhe advantage of
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