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Abstract

The hospitality industry is growing anhadncreasingly faspace across the world which
results in accumulating a large amount of dateludingemployee details, property details,
purchase details, vendor detaélad so on. The industry is yet to fully benefit from these big
data by applyindvlachine LearningML) and Artificial Intelligence(Al). The datéhas not
been investigated tdhe extent that such analysis can support decisioaking or
revenue/budget forasting. The cata analytics maturity model is used as the conceptual
model for evaluating both data analytics and data governarnhis researchin this paper,
the author has expladethe data and produdesome useful visual reportsvhich are
beneficial for top managementas the resultprovide additionalinformation about the
inventoried data by applyingL. Demand forecasting is done using deep learning
techniquesLong shortterm memory (LSTM])s used to find the demand forecasting of spend

and quarity using time lags.

The research proposes an extenfilachework for integratinghl within the e-procurement

of the hospitality industry. Thal integrated technologies will enable stakeholders of the
industry to be interoperable with all the providers aotproviders toobtaininformation
easily and efficiently to identifghe best solution for their requinents. The proposed
framework of integratind\l in the conceptual framework could be used by medium to large

enterprises for interoperability, int@menectivity and to take optimum decisions.

This paper has uses $#. methods to check the accuracy scoring of the predicted duration
of purchase. The duration is predicted using feature varjabldadingrecent purchase

frequency of purchasespenderpurchase, days between the last three purchasgdsiean



and standard deviation of the difference between purchase days. Logistic Regression,
XGBoost and Naive Bayes modehave proven to be usefiar this kind of study where

three different scenars are drawn. Other major results of the research include an answer to
what to buy when to buy and how much to buy using demand forecasting for the e
procurement in the hospitality industry. The novel LSTM time series algorithm proved to
work best for demad forecasting. Various descriptive, diagnostic, predictisad
prescriptive analysis is done on thprecurement data. The deep learning model developed
canperform thousands of routirsnd,repetitive tasks within a fairly shogeriod compared

to what it would take for a human being without any compromigéequality of work.

Finally, an interview with aubject matter expert is dote evaluatehe result and confirm
the importance of the study survey is also conducted wh people involved inthe
procurement process as part of triangulation. The survey revealed p2%ti@pants agreed
that having an integrated-grocurement framework is very important fitve hospitality
industry. The integration of Al and ML ieproaurement will revolutionis the hospitality

industry.

Keywords i artificial intelligence,data analytics maturity moddhospitality, systematic
literature review, big data, predictive analyticprecurement, machine learning, conceptual

framework demandorecasting
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Chapter 1: INTRODUCTION

The notion othospitality precedes that of tourism (King, 1995; Higgins, 2009), which came

intouseinthe170bs The Oxford Learners Dictionary 202

and generous behaviour towards guestlido, whi l
editon defines it as Athe friendly welcome and
usually includes offering them food and dri nl

for leisure and includes activities such as sightseeing andimgrf\ikipedia). The total
contribution of the hospitality sector to Global 8In 2019 was US$9.258llion and it is

forecast to rise by 4.9 percent per annum, as per UAE government tourism statistics (2019).

The hospitality business purchases products from its suppliers, such as food and drink, in
bulk (Hassanien, Dale & Clark€011) The process of obtaining supplies isreéd to as
procurement. Orgarasions firmly believe that applying information teckogy to their
procurement processes can produce vital advantages in their opgf&diocsezRodriguez,
MartinezLorente & Hemsworth2020) E-procurement is a competitive factor in all types

of businesses in which information technology and purchasisgurees like purchase
orders, supplier details, and catalogues are involved to exchange information and to make

purchasing decisions (SancHeadriguez, Martinez.orente & Hemsworth2020).

E-procurement provides opportunities to access purchasing netvorksuppliers and
buyers, expands the selection of products, and makes information more easily obtginable

Mathew,2019) E-procurement is one process involved in supply chain management.

1(2020). Available at: https://study.com/academy/lesson/hospitatitystry-history-origin.htmi



ASupply chain management ( SGéhgtherawmnmatedalspr oces

or components an enterprise needs to create a product or service and deliver that product or

servi ce t dPerkins tWailgenr 2020) SCM has six components, namely:
planning, sourcing, making, deliveg, returning, and eling?. Therefore, the process
involves manufacturers, distributors, resellers, and suppliers, according to Boris Evelson,
Vice President and Principal Analyst at Forrester Research (2018). This means if anybody
wants to apply Artificial Intelligence (Ain SCM, they need to collect data from all of these,
which makes the process tedious and ttm@ n s u mi n g . AThe

process, whil e pr 6lomy 20200Mdis dconcepsis depiciedim Migel.o f
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Fig. 1 Main concepts in eprocurement adapted from Podlogar, 2007

For instance, an epidemic outbreak, such as a novel coronavirus (€X9Y,|Bas anassive

supply

impact on SCM. When the epidemic is at its peak it will compel companies to initiate some

kind of regulation orshut assembling and manufacturing plaras least temporarily.

Moreover, the imports and exports from the affected countries will decrease dras#cally

2 (2017)https://www.cio.com/article/2439493/whitsupply-chainmanagemerscmmasteringlogistics

endto-end.html
3 (2020)https://hbr.org/2020/03/wharecompaniedegalobligationsaroundcoronavirus

t

ch

~

0]


https://www.cio.com/article/2439493/what-is-supply-chain-management-scm-mastering-logistics-end-to-end.html
https://www.cio.com/article/2439493/what-is-supply-chain-management-scm-mastering-logistics-end-to-end.html
https://hbr.org/2020/03/what-are-companies-legal-obligations-around-coronavirus

AgentBased Technology(ABT) for risk analysis can predict the risk in procuring
commodities fromhe affected region and changes in exchange rates. These predictions will
help the procurement managers to take proactive steps in planning the demand and supply

based on the aftermath of economical fluctuations and travel controls.

In this paper, @rocurenent has been used interchangeably for the supply chain to obtain a
broader view. This research usesrecurement processes from a chain hotel in the UAE. E
procurement has an important place in the hospitality industry, which contributes over $9.258
trillion to Global Domestic Product (GDP) per annum. In international hotel chains, the
importance of @orocurement is much greater as it enables strategic growth and supports
hotels to segregate the final products and services from comp@iismisfous & Bekhodja

2019)

Integration of Al is peakg, especially in the UAEas the visionaries of the country

procl aimed that AArtificial Intelligence bec
and we focus our efforts on building the future of the UARBda on a forwartboking vision

that adopts global trends and developments, and ssppoghtest young minds and
encourage i nnov &tAs quoted, ahe tWAECT sty itovintegrated Al in

almost all fields. It is worth mentioning that Duba named as the leading city in
international visitor spending worldwide by Statisthe No.1 business data platforrand

the occupancy rate has increased in past years in Dubai. Hence, the integration of Al in the

hospitality industry is essential.

4 (2018)https://u.ae/en/about-the-uae/the-uae-government/governmenopf-future/innovation-in-the-uae



https://u.ae/en/about-the-uae/the-uae-government/government-of-future/innovation-in-the-uae

1.1 Problem Statement

There are several problems in thg@recurement of the hospitality industry. McKinsey

analytics who works together with clientstiuild analyticsdriven organiations and achieve

better performance through data publishedrticlen201 8 f ol | owi ng a survey
functions where Al has been adoptedd. As per
been adopted by industry do not even mention the hospitality industry. Only 18% of travel,
transport, and logistics industry resigents specified adoption of Al gneven in other

industries, the adoption of Al in the supply chain is comparatively less. This study proposes

an Al integrated @rocurement system in the hospitality sector by using the data analytics
maturity model to eadicate several issues faced in the procurement processes. The

enumerated problems with spboblems are given below in separate paragraphs.

Product taxonomy in-procurement is a major issue because there is no standard taxonomy

setup per productip taxonomy in procurement is the categorical hierarchy of spend and

sourcing groups, from general to specif(jeviki)]. Therefore, individual buyers or suppliers

are free to choose any category for a product
becdegoreed as a O0Coffeed i tem Therusercarhkeyimsapyst em w
category and the system will not reject it even if it is wrdrgs impacts the analytics and
requires tremendous effort in cearscordthatt i ng a

l' ists key information about an inventory ite

Currently, the buyers can buy from listed suppliers or from local suppliers who are part of a
vast administration structure. For example, the suppliers need to provide a lot of

documetation to confirm their compliance with the qualification requirements. Complete



automation of this process will increase availability and transparency. Moreover, there exists
a signficant amount of duplication ofvork taken by either a supplier or a lany

Furthermorethere exist duplicate suppliers and products in the system.

The prices for commodities bought from the same vendor at different properties showed
variations at a given time. A single system that integrates across all regions with adstandar
rate for each commaodity from individual vendors was missing, where vendors can maintain

their negotiated fixed price for that period in the system.

There is always a world of difference between what is on the documentation and the actual
product. The isue is that supplier compliance is not recorded anywhere Himeabecause
such norcompliance from the supplier will not reach top management for review during the

supplier selection process.

Another problem is budget development for procurement. Titlgdi for the given financial
year should be developed and approved beforehand. Most of the time, buyeos order
budget due to the bullwhip effe¢illhe bullwhip effect is a distribution channel phenomenon
in which forecasts yield supply chain ineféncie® (Wiki)]. There exists no mechanism to

predict the budget accurately.

Furthermore, their contingency plans aotfool-proof against cyberattacks which are quite
commonnowadays. As per the study conducbsdssabayeva, Yesseniyazowand Grega

(2019) during three quarters of 201tBere were more than 14,000 cyberattacks while the

number of registered attacks in 2019 exceede-t



as one of the costly risks. According to their calculatiofisould cost the global economy

more than A120 bi (Is$abagena, Yessenyazava &CGrep@ @) 1 7 ) 0

The X Hotelda pseudonym to maintain anonynjihave a database server to collect big data

for purchasing requests. This system is limitedsrgb or t i ng f aci lextracty f or
data from the Oracle database into an Excel sheet. In their opinacie@s limited to data
visualisation and reporting together. In other words, their current system cannot display the
report as per the regeiment of managers. Therefore, thanagers extract data from the
database to compile a monthly report of expense records. Foremost businesspeople are
seriously thinking about incorporating the data analytics maturity model, as it offers limitless
possibilties of the commercial revolution and functioning efficiency. Headlines on Amazon
and Walmart using data analytics has captured the attention of both practitioners and
researcherglttmann, 2015) SCM industries are flooded with data to such a degreeathat
recent report noted that fAbusinessegRsscol | ect
Wamba et al. 2018 his is particularly true for the hospitality industry as they use collected
data only for biweekly or monthly reports, which are usedéonparative study. Although

most companies have high expectations for data analytics the actual use is restricted and

many multinationals struggle to reveal its business worth.

To bring awareness to practitioners girecurement in the hospitality secttris paper is
mostly focused on 1) analysing previously published papers on Al connected-with e
procurement and hospitaljt®) using thedata analyticsnaturity modefto apply Machine
Learning (ML)technique®n historical data of a chain hoteloptimise eprocurement dafa

3) investigating how the current hospitality framework can integrate Al in its functionality



using data analytics maturity model anishafly 4) identifying the perception o& subject
matter expefs) on the results obtainedurthe mor e, the study expl or
purchasing function to understand the purchasing process and identify the limitations of using

e-procurement data.

Nowadays, the passionate race in an industrial setting means that tourism and hospitality
businessesave to toil rigidly to sustain and progress their competitiveness. As the industry
includes addressing the human interest to travel and to embrace the warmth of new
experiences, understanding customer interests and being able to harness both, can promote
guest loyalty by proactively adding value to their expectations using cognitive technology.
Hence, digital or electronitechnology supports the orgaaii®n in managing information
dynamically and influences business competitiveness by assisting denakens to make

appropriate investments and decisions.

1.2 My Contributions

Thisaut hor s maj or contri buti on&mghNLiacoptimdee t he i
e-procurement in the hospitality industry by developing@endedramework as a roadmap
for all stakeholders of procurement processes. Having such a system incorporated following

the data analytics maturity model will help to solve the enumerated problems.

My first contribution isan extendedrameworkintegrated withAl in the eprocurement of
the hospitality industry. Item master and product taxonomy should be defined clearly and
accurately as part of data models. Reak supplier compliance will be recorded, which will

support the calculation of supplier ratingdasupplier selection, while negotiations will be



easier. The completely integrated intelligence system will be interconnected and
interoperable, as well as able to sense, accumulate, explore,fandata dynamically.
Standardisd communication protocolsgreedamong stakeholders across thesystem,
will increase interoperability, interconnectivity, and thus, trustworthiness. Thereby, the key
stakeholders or decisiemakers can make use of the Al integrated decision support system
and use management swédre for a variety of cases to improve their business and strategic

planning.

The framework follows the data analytics maturity model. The data analysis based on a
descriptive, diagnostic, predictive, prescriptive, and cognitive level is myaihaibutiors.

This will help the managers tobtain varied reports with numeric and graphical
representations of data. Descriptive and diagnostic nhumerical and visual reports are my

second and third contributions.

An ML algorithm for demand forecastinging LSTM timeseries predictions my fourth
contribution.ML is appliedto historical data collected over 5 years for demand forecasting
of spend and quantity. The ML algonthensemble with deep learning gives accurate

prediction which will help the top management in budget forecasting.

An ML algorithm for finding purchase duration is riifgh contribution. Purchase duration
is found usinga supervised ML techniquehich will give top management an ideavdiat
to buy when to buy and how much to buy. This result will help the stakeholders be ready for

better cash flow.



A systematic literature review on the relevant topiang next (sixth) contribution. A
systematic literature review is conducted on litexatrelated to Al, g@orocurement, and
hospitality. This systematic study detail@nvous results showing the trend of publication,

most used keywords, amaajor topics researched.

An interview with a subject matter expert and a survey with people workindpein
procurement process are further contributi(sessenth)of this study. A detailed interview
with a subject matter expert is conducted to evaluate the results obtained in this research. The
same is validated by surveying people involved in procurempentessesThe survey

conducted with procurement professionals will be my eighth contribution.

Overall, this thesis makes significant contributions. The conceptual framework proposed in
this thesis is beneficial for future research in Al linking hospitaiid eprocurement. The
recommendations will be helpful for all stakeholders to maintain a-teimg business
outlook by having automated dsion making, interoperability anishterconnectivity, and

ML to optimise procurement in the supply chain of theitality sector, and implementing
suitable actions. Moreover, the framework and its componentgeareraliable to the

hospitality industry.

1.3 Significance of the Study

Most of the previous researthat studied IT in hospitalitfocused on the adoption of IT
(Alsaadi & Tubaishat, 2020; Helo, Gunasekaran & Rymaszewska, 2017; Korte, 2013) while
my work focuses on the integration of Al in particular and applying ML-prazurement

within the hospitality industry. The truth is thedpatality industry has grown extensivety



most of the world however, there is limited research published in the scientific world on
hospitality linked with procurement and Al (Gomezelj, 2016). However, the travkel an
tourism industry has initialed mary kinds of business and technology research, which will
impact revenue directly (Mariani, Baggio, Fuchs & Hoepken, 2018). The stakeholders
involved in the procurement process of the hospitality industry are numerous (Boris Evelson,
2018) and obtaining approval from all of them to use their data is a real challenge
(McKinsey, 2018). There is no doubt that there is a high demand foro$ttteart
techniques and technology wherever these are found to be apt and useful (Korte, 2013).
Adapting such a statef-the-art infrastructure is crucial in this era when technology is

growing exponentially (Treiblmaier, 2018).

Moreover, such advancement is especially required for competitive operations in the
hospitalitysector, as well as to strategithe marketing ahdistribution of these sectors on a

global scale. Over the last few decades, research and development (R&D) in the area of Al
haeedr astically advanced (Bogetil, Antil & Lek
departments have been integrated liersame purpose, especially as a large amount of data

is being accumulated in all industries (Mariani, Baggio, Fuchs & Hoepken, 2018). The
hospitality industry has only recently intaged digital technologies a systematic manner

(Edghiem & Mouzughi, 208). Few early studies were anecdotal and did not make any
contribution to the industry, nor to academic research, as they focused on the individual

operation or the locality only (Brandalones & Kauppi, 2018).

Another major reason for late adoptionhattadoption requires a large amount of time and

money, so the industry, especially small and medium enterprises, showed reluctance (Lamba
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& Singh, 2017). Furthermore, senior management oftersfintard to understand the
concept of Al in the hospitalitindustry as they cannot relate it to any business benefits or
profit (Mariani, Baggio, Fuchs & Hoéepken, 2018). As per International Research
Organisation2018), another reason for such changes in any industry is the lack obtalent

skilled people irthe organiation.

As discussed, one of the major problephshis topicis limited academic studies exploring

the hospitality industry linked with Al in procurement processes and at the same time not
having skilled personnel to implement any staft¢he-art technology. This study is vital for
hospitality as it provides the stakeholders of the procurement process of the hospitality
industry with a roadmap on how to integrate Al and ML-precurement. The study shows
that knowledge gathered online or ofé should be used further for data analytics and
predictions and thus tbring greater benefit to orgaatsons efficiently and effectively.
Content analysis on recently published articles and visual represesdtitatais conducted
intensivey. Demam forecasting to optimeseprocurement data by applying deep learning
will ease the decisiemaking for procurement stakeholders. The author proposes a new
conceptual framework for the integration of Al and applying ML in the hospitality industry

and paicularly in eprocurement.

The spread of IT generates opportunities and pressures in the hospitality industry that are
aggressive and influencing IT implementation. To enhance customer satisfaction, online data
retrieval, online booking, feedbacind so on, have been adopted across the hospitality
industry. Integration of Al is considered the latest trend and a lot of opportunities for data

analytics have been forecast. Even though integration has substantially expanded information

11



availability ard transparency, intelligent analytics has been trialled to a minimal level in e
procurement, especially in hospitality. This paper tries to highlight theo@irement
operation in the running of a chahhotels. Furthermore, ihvestigates the use ofqrured

dataand most importantly to optineseprocurement data with ML.

The required information will be collected through qualitative and quantitative methods.
Intense content analysis is conducted to identify the integration level of Al and ML.
Furthemore, document analysis is undertaken on the proposed new framework with Al to
review its integration with the current architecture within the industry. Data is collected for
a chain of hotels in the UAE over the past five years for descriptive, diagnustitictive,

and prescriptive analysis. Demand forecasting is done by applying ML with deep learning.
Finally, an interview and survey are conducted with a subjattemexpert to understand the
perception of the results derived in the study. Furthermibiee researchereviews the
feasibility for future works that can be derived from this study with a synopsis into cognitive

analytics.

The study is valuable for-grocurement within the hospitality industry, as it will enhance
strategic decisiomaking @pabilities, risk assessment, cdlslwv management, and thus,
reduce costs and increasing revenue. Additionally, with the latest spread on developing
refined ML-based techniques and, in particular, with the deep learning algorithms, higher
accuracy and posvrful results obtained can be an -@pener to stakeholders within the
hospitality industry. These results will help them to foresee many other issues to be solved
in e-procurement across the industry. Though the novel centralised framework that is

integraed with Al will take time for complete implementation, it will solve problems on

12



product taxonmy, duplication of supplier,product and work, programme rofbut

compliance, procurement budget forecasting, demand forecasting, and many more.

1.4 Theoretical Framework

The esearch can be divided intwo main sections. One for creating tifiemework that
integrates Al in the-@rocurement system and the otherldy data analytics. In this paper,

the data analytics maturity model is used as the conceptual modeVédoping both studies

The data analytics maturity model is described under five main classifications: descriptive,
diagnostic, predictive, prescriptivand cognitive analytics. There are seveath analytics

maturity moals developed by various orgaati®ns using a variety of terminology. It is
interesting to note that all of these summarise similar concepts. The author in her research
has followed te model defined by Krol and Zdonek (2020), specifically influenced by
International Research Organisafioe mat ur ity model . Traditional
selfassessment, qualitative interviews, and quantitativdies. Data analytics that dudly
developed can be defined as the progression of an organisation in integrating, managing, and
leveraging all significant internal and external data sources into key decision points. The
ecosystem thus formed should facilitate insight and action. Henteeaniytics maturity is

not just having technology in place, rather it should have the technology, data management,
analytics, governance, and organisational components. Moreover, it may take a long time for
proper implementation. Analytics maturity refeto how intensely and successfully the
organisation uses tools, people, processes, and strategies to accomplish and scrutinise data to

inform business decisions. Maturity models are used to direct this conversion process.

13



The maturity model canbeassess t o check the organisationds
assessment is usually conducted using various lengths and widths. These dimensions may
include an assessment of techninfdastructure, assessmaitorganisational issues, and an
assessment ofuman resources. Technical infrastructure would include all the equipment,
software, and data collection method. Organisation issues include analytics culture, the
degree of support and democratisation of analytics, and the level of acceptance towards an
aml ytics culture in the entire enterprise.
competencies. When assessing an organisation, it can fall under five categories depending on
their level of data analytics maturity level. The five stages & datlytics are depicted in

Figure 2. An organisation that is unaware of the benefits of data analytics or that has a
negative attitude towards adopting data analytics is referred to as analytically lagging or
learning; this is also referred to as the ini&ge of an organisation. The next stage is the
infected stage where the executives are interested in the idea of data analytics and slowly
start to develop models. The third stage is the acceleration stage where the organisation uses
data analytics forampetitive advantages. The fourth stage is known as the momentum or
impulse stage where the data analytics is developed and implemented throughout the
organisation providing motivation and inspiration. The fifth stage, known as being ahead of
data analytis, is when the company regularly gains benefits of its entenpraeanalytics

capability and focusesiacontinuous analytics reviews.

Ahead,Onthe
Initiation Accelaration front

Infection Momentum,
Impulse
Fig. 2. Five stages of analytics continuum adapted from Krol and Zdonek, 2020
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The model can be used by aganisation without regarding their current stage of analytics
continuum as the model that is proposed is a roadmap to be ahead of data analytics. Data
analytics indicates strategies and directions of development and is a source of innovation that

would eventually result in revenue enablement.

1.5Research Aims and Objectives

The researchpapers evaluated suggest that for the stakeholders to take advantage of the
procurement big data being acquired, more effective and efficient studies need to be
conducted. Ta stakeholders may not have enough background to conduct a realistic study
on assessing the effectiveness of the data and the system being used. Thus, this miper inten
to provide a proper systematic analysis to suggest efficient ways to enhance the data
management system in the hospitality industry, especiallyproeurement by using ML
methods and\l. In the cited articles, several authors note the importance of having the latest
stateof-the-art technology in general, but the gap is felt in the haligitsupply chain. This

paper aims to identify how the latest technological advancement can be used to enhance SCM
in the hospitality industry to make better decisions. Another major aim is tou®mp
descriptive, diagnostic, predictive, and prescriptaealysis 6 historical data of €

procurement within the hospitality industry.

The study is conducted across the 20 U#dSed properties of a globally w&thown hotel
chain. The spend related detailsrevavailable, which will help imnderstanthg the cash
flow requirements of each property at different times. There was, however, no access to the

consumption data, that would have otherwise assisted with a detaildaboe$t analysis.

15



The name of the hotel sd sf gstuflyptheraetcl nane ara s
other nondisclosure details are kept confidentitthe X Hotelshas more than 20 properties
in the UAE ranging in various luxurious statuses from 3-gtar rating. Each of the local

properties habetween 100 to 750 guesbrus.

The objectives of this research are listed below:

1. Create a clear and precise framework on how to integrate a coherent added value Al
system to the selected industry.
2. Apply descriptive, diagnostic, predictive and prescriptive analysisohoeurement
data
3. Suggest a noble technology on ML analytics that can use more automatic prediction
using Al:
a. What is applied demand for go&s
b. ML to optimise procurement

4. Find the perception of seasoned professionals in the selected industry

1.6 Research Questions
To meetthe purpose of the study, the author has considered the following as the research

guestions:

RQ 1) How can the statef-the-art technologies be part of the contemporapyaurement
system within the hospitality industry?
1. What is the adoption level of Ah the hospitality industry?

2. How can the industry improve performance by integrating Al?

16
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RQ 2) How can the data analytics maturity model be adapteebmo@rrement data of the
hospitality industry?
a. What visualisition techniques are most effective in explg eprocurement data
in the hospitality industry?
b. How can Machind_earning (ML) analytics optimes procurement efficiency in
the hospitality industry using Deep Learning?
RQ 3) What is the perception of subject matter expert(s) on the proposed ietegyatem
with Al and ML in eprocurement of the hospitality industry?
The required information will be collected through qualitative and quantitative methods. As
part of the qualitative method, intense document analysis and revieaanapéetedolus an
interview/survey with an expert(s) in the relevant area on the results obtainedthEhus,
triangulation isundertakento validate the model developed. Quantitative analysis will
involve various descriptive, diagnostic, predictive, and presee@nalyticsusing the data

collected over fivgyears from the hospitality industry, using Python deep learning methods.
1.7 Organisation of the Thesis

The remainder of the thesis is orgaui as follows. Chapter 2 reviews current research works

on relatedapics. The systematic review is separated fthaliterature review and kept in
Chapter 3. A detailed narration of the research methodology is included in Chapter 4. Chapter
5 provides details of data analysis. The rest of the chapters from 6 to 9 meptleeeesults

and discugsns of the study. Chapter 6,7 aBdshow results of data analytics including,
descrptive, diagnostics, predictive anprescriptive analytics, respectively. Chapter 9

discusses the proposegtendecetwork that integrates Al and ML in thepeocurement of

17



the hospitality industry. The results from the survey and interview of subject matter
expert(s)ods perception of the findings 1in t
Chapter 10 containthe limitations and reecomendations of the research. Chapter 11

providesconclusions and discusses possible future works.
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Chapter 2: LITERATURE REVIEW

The review demonstrates thsgveraltechnologybased innovations could be used in the
hospitality sector as a whelwhich could benefftom improved decision support. The state
of-the-art technology and techniques being discussed in this paper are big data analysis, Al,

ML, and ABT. The chapter alsoghlightstheimportance of having quality data for analysis.

2.1Integration of Al
Al has been formally defined as Atechnol ogi e
computational systems) that would require 6i

These include: learning and adaptation; sengodgrstanding and interaction; reasoning and

[a})

pl anning,; optimization of procedur®Al and p
methodologies established in the earlier decade predominantly used algorithms have
drastically developed the proficiency of Ad identify complex patterns, optimize for

particular results, and create automated decisions. To conduct all these needs massive amount

of relevant and quality data, a strong algoritbma machine learning method narrow

domain and a concrete objectivihe consolidatiorcan result in intense enhancements in

reliability, efficiency and productivity and thus becomes outcome d(WéeF, 2019)

Operationally, big data allows the researchers to work with the entire population under
analysis as peGerald ¢ al. (2016) Furthermore, the studies make it more reliable and
powerful to address novel research questions that will give innovative frameworks to the

enhancement of knowledge, ultimately to top management decisions as mentiGezdldy

5 Definition from the Engineering and Physical Science Research Council, a UK government research funding
body
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et al. (2020. For that, it is important to have an excellent business intelligence system that
handles the big data to extract the specific knowledge required for managerial decisions
(Verhoef et al., 2016 Although the competition isgnificant within the hospitaty industry,

the question is still what kind of knowledge can be evaluated and managed? Should
practitioners look for direct or indirect effects? Do practitioners need Al in place? The paper
focuses on finding the importance of integrating Al systemspnoeurement within the

hospitality industry worldwide.

In the industry, Al thoughts need to be elaborated to clinch-anganeational matters

concerning the frameworks and courses within organisational netwiidkghiem &

Mouzughi, 2018)Big data analycs within the data science, in general, are overtaking many
technological headlines and it is an important concept in which Al has a broad scope and
cannot be overlooke@specially in the field of procurement in the hospitality industry as it

is the mapr cost investelttmann, 2015)Most available data have been formed in the past

few years while the ter me ABO @5 ,Daitmtor chdawsc ebde el
Media after creating the term web 2.0. Nonetheless, the practice of data and kndwakedge

been around much longer (bigitahistory). Although the adoption of a system is evidence

in the research, to t heeryfewpapershdve bednipublisreedit hor 6
connecting big data and Al ingrocurement within the hospitalitgdustry. There exists a

need taunderstand t research gap betweAh e-procurement, and hospitality.

2.2 E-procurement in the Hospitality Industry
Kothari, Hu, and Roehl (20)&onductecan exploratory study on adoptingPeocurement

technology in a chaihotel and the results are shown herewlthe rospitality industryis
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becoming more technologyased in the gue$acing areas whiléhere issignificantscope

for improvement within the back tiehouse. Thereby, it was identified to be very important

to understand-procurement practices atideir related processes. In this study, the author
attempted to find the challenges encountered by top management wépkengcand
implementing erocurement The major finding was #t the company lacked
standardiation in purchasing processes across various propertiealaodnot all suppliers

showed interest to be part tfe centralisd eprocurementnitiative. Kothari, Hy and

Roehb $2018) study rewalaed ambiguitiesin the coopany 6s audi t ed/y st em.
purchasing system would be a soluttorthis ambiguity. This system will contrtthe audit

system from a corporate level and at the same time, simplify day to day communication
between accouimg and operations staff in different propertiearthermore fiadopt i ng a
e-Procurement system would enable the hotel company to be more efficiently and accurately

know how much they are spending corponatde inthe various purchasing product area,

alowi ng them to use the | ever aggeasmafrated byei r bu
Kothari, Huy andRoehl (2018)The hotel industry then can negotiate with the vendors for

better prices and deals for bulk purchases.

The property undestudy being smahad many variationsn both what supplies procured

and how it is purchased. Even the cost in various propertssliferent even if it was
bought from the same vendor. Thus, it is obvious that there was a communication gap
betweerthe corporate officeand operations at the hotel properties. Simultaneously, this was
resulting in increased operational coat the property level. The data transferred to the

corporate office was inconsistent which made the office difficult to track the progrees of
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given property. The standardation lacked a common unit of measurement and

categorsation also.

Furthermore, in this study Athese indicator
system that allows for a possibility of audit control at the corporat# snd facilitation of
regular communications between accounting and operations personnel at the corporate office

and t he var (Kothad, Hyp andrpehli2@18)e s 0

2.2.1Benefits & Barriers of E-procurement
The research aim is to defihew eprocurement enhancement at this stage for the hospitality
industry can be done. Several journal articles have beensaddty perform further system

evaluation and it was identified as necessary to assess current systems capabilities.

As per KatruKauppi,hypothetical studiearesignificant which implies the importance of e
procurement factors in vigorougpeocurement technology reception. Peleg €28102) and

Yu, Yevy andNani (2020) discovered a few advantages of integration being vitheto t
organigtion, help the client in the online hunt. Simultaneously, Attaran and Roche (2001)
stated a few benefits as it enables paperless processes, integration of supply chain, and eases
operational management. Yu, YevandNani (2020) in their studytate the benefits of-e
procurement as control of vendor relationship, ease and accurate ortlendutfienhanced
efficiency in the usefulness of the purchasing order. Further research done by &wbom
BrandonJones in 2007 suggests few more benefitkiding cost reduction, better access to
supply chain, mimhisingunnecessary purchases, diminishieguest order process castd

SO on
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The perceived barriers teprocurement integration found in several articles are explained
herewith. Liao et al2003), CroonandBrandonJoneq2007) states the major obstacles are
incorrect floor prices, the items seas replacements may not be of the same quality, the
procedure to choose the contracts may be inappropriate, breach of information, unkind
managemt, supply propagation and lack of top management bacKingk -Paukand
Ulengin Q015) state orgasational dysfunctionalities in practice, cost/benefit concerns,
incompatibility, and inadequate IT infrastructure and inadequate business proces®are maj
barriers in managing intelligence related tprecurement. Whereas Anagappa and Eric
(2016) mentioned other barriers like lack of knowledge and skills, resistance to change, the

time needed for the change, and lack of system integration are identified.

The critical success factor in data management in termspobceirement would be a
previous experience that includes social, tacit, and explicit knowledge. This will apply
common sense knowledge with technical knowledge d&kerthe eprocurement systera
succes factor. Some factors that affetie successful implementation ofpeocurement
include high investment cost of IT, infrastructure, and software, customers are hesitant to

accept change as they are happy with the current system.

The advantages dhe perceived organizational performance of procurement can be listed
from various authors that seemed similar are listed here. The®indyctedoy Shuklaet

al. (2015) observed the following changes: large procurement costs have decreased, can have
customary strategies, less time for request handling, less administration cost, and stock

expense. Whereas Brandem al (2018) found out the feasible measure, sbgpstep
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transformation, promotion incentives, and government support are few another factor that

enhances the performancetbeadoption of eprocurement.

2.2.2Quality of Data in E-procurement of Hospitality Industry

The usage of data and benefit dependdeqguality of data collecte(Pramdana, 2039The
weaknesses in data can end apdirect or indirect damages ttecisionmaking in an
organiation Hazen et a.2016. Nevertheless, SCM also fores@eoblems in having poor

data being anased whichleads to later bad impaata the organization. Moreover, a recent
survey depicts that the managers claim that poor data in the pool is one of the major obstacles
to adapt business strategies by data analyilez€n et a).2016. Therefore, SCM needs

quality data control for fostering the results gained by data analytics.

Accuracy, timeliness, consistency, and completeness are the four dimensions that come under
intrinsic data quality. Relevancy, vaka€lded, quantity, believability, accessibilitgnd
reputation of the data are dimensions being considered in contextual data quality. Contextual
data quality refers to the information being derived from the data more than the data quality.
Hencethe intrinsic quality of data is more relevant when considgidiata analytics aa

means tanake strategic decisionblézen et a).2016. The major things to consider before

any data analytics are whether the data is free of errors, is it up to date, are all data presented
in the same format, and are there any impaot missing data. These abovementioned
measurements should be evaluated to get a good impact from theedmtia that will help

in making strategic decisions for the top management. This is takeof gathefirst task

in data analytics.
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Therelevance of data and the significance must be made aware to all resources involved in
data entry so that these data used by arsatyst derive better effective decistamaking

tools (Hazen et 312014).

2.2.3Data Analytics in the Hospitality Industry

The research that is conducted in big data business analytics (BDBA) is always linked with
either logistic supply chain management (LSCM) or supply chain analytics (SCA). In this
paper, analytics is discussed undare main classifications: descriptivajiagnosic,
predictive, prescriptiveand cognitiveanalytics.Wang et al (2016), the three categories are
descriptive, predictiveand prescriptive. Greaslef2019) suggestadding a diagnostic
analysis intathe analytics modeHowever, in a recent study b§r6l and Zdonek (2020)
suggestaddingcognitive analytics a® the fifth data analjcswhile explainingheanalytics
maturity model. A combined data analytics matumntpdel adapted frominternational

Research Organisatig@018 and Krél andZdonek (®20)aregiven below in Figre 3.

What'sthe
T bestaction?

Cognitive

How can we
make it happen?

What will

Predictive
Analytics

Why did it
happen?

Diagnostic
Analytics

Value

What
happened?

Descriptive
Analytics

Difficulty

Fig. 3: Data Analytics Maturity Model adapted from Krél & Zdonek, 2020
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. Descriptive analytics is conducted on existing data or processes to identify
problems and opportunities. In most cases, descriptive analysidestaken

in most organisations as part of report generation which itself is part of online

anal yti cal processing (OLAP). I't expl a

. Diagnostic analytics is another traditional analytics in which decisions taken
by assured delays. Theldgis due to th necessity to gather and analgata
and then interpret them. Diagnostic analytics supports the finding of

consistencies and measurable relations between variables via historical data

anal ysi s. I't explains Awhy did it happ

Predictiveanalytics is mainly used to forecast and predict using carefully
workedout algorithms and programming to determine illustrative patterns
inside the data. Various techniques and programs can be used to do this, which
include web/data mining using the Pythdata analytics toollt explains
Awhat will happen in the futureo?

. Prescriptive analytics is used for hitgvel decisioamaking and finding
alternatives to meet the strategic gopalghich are described by high
dimensions and density to enhance busipestormances. t ex pl ai ns
action to be takeno?

. Cognitive analytics are based on réale analytics. Datas collected,
organised, analgsl and interpreted mainly to find regularities and patterns.
These models are kept in the data stream which affects the collaboratio
between guests and the orgaitisn. That is the way of communication with

the guests and the reception of a brand whicblu@s reatime monitoring
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of the situation anda g u e st 0 sur pateeimsaand fnally selecting a

behaviaral pattern that is optimalhisisalsonamed per i shabl e i

Prescriptive and predictive analytics plays a significant role in fosteheglavel of
importance an organisation attributes to making effective decisions d&3eperkan and
Delen (2013)In this paper, the researcher focuses on integrating BDBA and SCA to manage

uncertainties in the organisation.

BDBA itself has two dimensiongig data (BD) and business analytics (BA).

ABD refers t o-vélacity,landwnighlvarietesets di dygamic data
that exceed the processing capabilities of traditional data management

appr odRusoms2011; Chen and Zhang, 20WMang etal, 2016).

nsi

ABA is the study of the skill s, techno

organizationwide strategies and operations continued to obtain insights and
guide business planning of an organization through evideased data,
statistical and operains analysis, predictive moldieg, forecasting, and

opti mi zat i dRussbnme 2000nChenieteak, 8018; Wang eall 6).

The difference in foreign exchange commodity fluctuations, which in turn affect commodity
pricing, is a big challenge in ¢hsupply chain. The solution is to have siale pricing to

ensure the best commer ci al terms and to
country and regioispecific economic development impact global trade flows and the global

economy more thaa v gBlagkburn et al, 2015 Changes occur daily, which is challenging
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as the social, economic, and political worlds are closely interlinked and cover more

multicultural environments than ever befgBtackburn et al, 2015)

The important dimensions ofiis current economic environment are revealed in the term
VUCA: volatility, uncertainty, complexity, and ambiguitlackburn et al, 2015V olatility

refers to the rapidity and degree of change in information and surroundings. Uncertainty is
the oppositef certainty. Complexity is linked with several aspects and their interactions in
cause and effect systems concerning time. Ambiguity articulates the unclearness, lack of
transparency, and opacity in the meaning and interpretation of events and amligiotson
VUCA presents severe challenges for different forecasting me(Btatskburn et al, 2015)

The author will try to devise appropriate data analytics which is an indispensable tool for SC

decisionmaking.

Demand uncertainty is the overriding causk uncertainty (Blackburn et al, 2015)
Furthermore, the economy holds growing challenges for demand forecasting. The increased
rate of product innovation leads to a shorter product life cycle and the volatility of customer
preferences leads to a reductinrthe use of historical data, which is the basis of forecasting
data. One will need close interaction with multiple sources oftieal data to generate a
beneficial forecasting process that will impact performance posiiiBégkburn et al, 2015;

Acar and Gardner, 2012 he study intends to explain demand uncertainty with a predictive
methodology. The techniques that mainly reside within predictive analytics are i) classical
statistics ii) knowledge discovery from databases (KDD) (data miniag) iii) ML. A
synthesis between these three techniques bears the immense potential for predictive data

analytics (Perner, 2018) P e r n studg dnvestiga® how supply chain analytics
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methodology based on forecasting with covariates can benefit from thsiamcaf internal

and external data into a statistical model based on the predictor variable. To predict the
demand, the variables considered are public holidays, the relationship between customer and
supplier, industrial value chain, industpecific indcators, changes in the regulatory
environment, future enhancement in the company and, leading indicators as suggRBsted by

Blackburn(2015)

2.2.4Predictive Analytics in the Hospitality Industry

Varioussituations, such as optimisation of operations, revenue, cost, and competitiveness,
win significant support from big data. Business opportunities and revenue can be forecast by
prediction models. Previously, internal big data from past years are uskgtigion support

and forecasting on pricing, rate rules, distribution channel management, and inventory
optimisation. However, recently very few organisations have started to use a neural network
to analyse the given input with the expected output to mbthietter multattribute decision

or prediction as to the result. Contextual information can be used to calculate the best price
from vendors to gain lonterm profit for those parties involvéBendoly, 2013)That is why

the organisation needs to coméiboth internal big data and contextual data to generate an

efficient result.

Al not only fosters humaoomputer interaction but also accelerates maetumeachine
communication and at the same time it combines mulsiplece data automatically. For
exanple, the system can tabulate not just revenue from the room but also income from
different divisions too. Predictive analysis is used in various services including customer

services, strategic planning, and forecasting. Voice recognition can be ustsaot iwith
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a robot concierge, for example. Al technology integrated with forecasting algorithms can be
used to identify the demands and requirements in SCM. The outcomes arpudattésing

plans, financial management, and manpower adjustn{@sera et al., 2015; Huang,
2014) Furthermore, a predictive analysis could be used to identify suspicious behaviour
among employeefCollins et al. 2019)and apply information managent for decision
making(Stalidis et al.,2015)The paper also focuses onhAl technology can be integrated

with predictive analysis that could be useddentify the demands and requirements in e

procurement.
A. The nitial framework for Predictive Analytics

To develop a clear roadmap to the findings,InternationalResearch Organisatidmas
suggested a few steps to follow and aniahiframework is given in Figurd on getting
started with perspective analytics. Moreover, another framework for developing a business

intelligence system is also provided.

Analytics Human Input

Descriptive

What happened?
Diagnostics

Why did it happen?

Data Predictive
What will happen? Decision Action

Prescriptive Decision Support >

What should | do?
Decision Automation

Fig. 4: Initial Framework for Predictive Analytics Adapted from International

Research OrganisationSymposium,2019
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Big data can undergo much analytics as shown in figu(glibt & Andrews 2019.
Descriptive analytics will give an idea of what has alreadygpened in the organisation.
Diagnostics analysis will provide a rationale for what has happened. Predictive analytics not
only uses a lot of statistical tools but also a deep neural network algorithm. The prescriptive
analysis provides a decision suppystem that gives suggestions and recommendations on

a particular prediction. If the situation demands automation of the process it is also possible
by decision automation systems. Most of the above analytics need human input for action
except in automatedecisions. Data science usually has multiple participants in various roles.
The result is to know how to manage theadeffectively as an employee withtactical
background. A business expert, who has a broad knowledge of data extraction, is important

to have on the teaffauleen & Wang2017)

B. The nitial frameworkfor Integrating Al

Ecosystems

Data and Analytics Intelligence Platform

loT

IS Platform

Fig. 5. Initial Framework for Integrating Al Adapted from

International Research OrganisationSymposium2019
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The framework shown in Figur® adapted frominternational Research Organisation

Symposium (Dubai, 2019ith the tittefn Di gi t al Pl atforms: The rol e

in their successo. I ntelligence is effecti

way an organisation explain®©Ww data and analytics evolve, starting data and analytics
programme initiatives, or even making a data and analytics strategy successful. This involves

connecting a lot of components.

Traceability, awareness, and consistency are very important in makiegisaon, so it is

critical to have a skilled workforce in place to manage and analyse the data. The ecosystem
clearly can be defined as the stakeholders of the organisation who will interact with the
business intelligence systems and so is a critical oaemt of the platform. The language in
which we capture our dataptured s very relevant to depict
scenario. Demystifying one angle makes it relevant to have more at one time to increase the
relevance for the given situatioData Analytics is a great opportunity to often see the
operating model in a format that is innovative and tailored to the nature of datasfietiic

to the organisation. Data analytics is the best way to connect all different components in the
organsation, such as IT platforms, I0T, customers, and stakeholders. The decision should be
taken as per the context of a given organisation. Decisions can again be used to generate
further decisions, for example, tactical decisions can be used for operdecsbns. For

this kind of decision, regime data or near reéime data should be used, for example, what

the best next action is. Evolution of the idea of continuous next, where humans and computers
work together, is important to optindsand resolvepportunity leveraging analytics by

effectively applying augmented intelligence. From this given platform the research seeks to
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develop a framework that gives solutions for digital and analytical decisions effectively for

the selected sector.

2.2.5Deep Learning and Machine Learning Techniques in Eprocurement of the
Hospitality Industry

Several techniques exist as ptadian et al. (2019 Al as suggested solutions to problems

in SCM, such as genetic algorithm (GA), neural network (NN), rough set theory,(&8IT)

grey system theory (GST). These tools are accepted worldwide as search techniques to
recognise the rough way out for multifaceted optimisation obstacles. GA is considered a
heuristic technique that cannot provide the best solution all the time Ai#t iBcluded in

all decisionmaking techniques. Several authors suggest the GA method for supplier selection
in SCM. The technigue in which themesinput and output connectiomsused in NN where

each link is assigned with a weight. These weights inetipe predictive analysis to reach a

final decision. This method is used mainly to predict supplier bid p(less & Ouyang,

2017; J Chai et al.,2013)

GST is used to provide interval values, which is not a precise value but rather a point
estimation. his technique is mainly used in supplier selection from a different perceptive,
while RST is used to find operational connections within inaccurate or noisy data. There are
several minor Al techniques too, which are used in SCM for various purposesingaud

decision tree, cadeased reasoning, association rule, and ant colony algorithm.

Cyberspace offers a limitless commercial setting and a robust contentious market. The
hospitality industry is increasingly innovative in finding ways to distinguish gind

importance to properties among an enormous number of oppd¢GéaisLiu & Ngai 2013)
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They can take advantage of cymdrysical interoperability and interconnectivity to gain
access to their customers with their preferences and conduct market analysis to better inform
decisionmaking processe@uhalis & Leung,2018) While some hotelierhave adopted
technology in ambiance and intelligence as the central point of their progress some others are
still using the inherited technology. Th& #hdustrial revolution is disturbing the smooth
running of the hospitality sector, especially the usafythe Internet of Things and the
Internet for Everything. Currently, data procured is considered the most important asset in
the hospitality industry. There are a lot of possibilities with the data gathered if it is processed

efficiently and effectively.

ABig data collected from both internal and
to make use of historical databases to forecast and predict business trends such as occupancy,
rates and yield, | abouhaogestlt20158Bohdlisé&eunge st men't

2018) However, only limited research has been done on the data gathered during
procurement, despite the numerous possibilities for this. Moreover, the available data does
not follow any standardised format, so it is a challeilogestrieve and process it to make a
reliable sense of this large data. The hospitality industry involves a large number of
stakeholders in the form of employees, suppliers, managers, dealers, customersggrgests

so on. The data collected can be hdlpduall of these stakeholders only if they can access
and analyse it. The management relies on the historical and contextual data for prediction

and forecasting of future trends in pricing to attract customers.

With stateof-the-art technology, it ipossible to generate dynamic data, and thus to establish

a decision support system that can maintain business operations to exploit the value for all
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participants and intelligence. Such a system will ignite a healthy competition between those
who are involked and to attain the values of each stakeholder. The hospitality industry is

considered a highly connected and interoperable industry to make use of all these
collaborative systems. Marketing and distribution have improved drastically in recent years

dueto the smart systems available.

2.2.60ptimisation in e-procurement

One of themostimportant factors othe accomplishment of a business affective SCM.
Managing revenue and inventory in a muldéitional chain hotel structure is a tedious task as
it is mostly multifaceted to predithedemand of the majority of the commodities (Ampazis
2015). Globally, travel and tourism Vyeevolved massively due tweial, political and
technological advancement (Song, Qiu & R&afKL9). As a result, cost and benefits may rise
too, due toan unusual demanébr resources (Song, Qiu & ParR019). Hence accurate
forecasts are vital for each stakeholder where theyotgxploit the growths in the market
demand and balance local ecological and supply chain capacities (Hemmington, 2007). The
optimisation ofthe supply chais is vital for any orgarsation that involvesuying/selling
since these procedures may openly afteistomer service, inventory and cost, and reaction
to the everchanging situations. Therefomecisioamaking SCM should think through basic
uncertain events while collaboratimg the goals and objectives of the various processes

involved. (Ampazis2015).

2.2.710T in H ospitality
A surrounding monitoring system using the l1oT technology would add value in carrying out

automatic activities. Al oT functions into
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acquisition); connectivity (data transmissioa)nd anal yti cs (actuate o
(Chuah et a).2016) A smart hotel should be enabled with intelligence that can enhance
interaction amongst everything existing in the environment, tradd basic needs of

humankind and thus provide values to its stakeholders (Nguyen & SigKUT). Other

features of an intelligent hotel would be to keep it environmigritaéndly, proper usage of

space, excellent daily operations, depends on natueadjgrhighly cautious on health and
safety of everyone around it, st-lokreghestt der s o
and so or{Ghaffarianhoseini et al2017). Simultaneously, smart hotels also find historical

data to be useful inidentifyfgn cust omer sd& pr ef anceanore a&tmactitep mak e
to go greenand to have effective waste management systems (Ghaffarianhoseini et al.

2017).

The suggestion is to have this kind of smart and intelligent system as garhobpitality
industry. Sensors should be used to examine the activities inside and outside the premises of
a building. Sensors can bgood support to haveseamless flow of infanation within the
network. Havingthe cybephysical systems in place will provide humaomputer
interaction and interaction with machinegich areinteroperable and interommunicable

by remotegHersent, Boswarthick & Elloum011; Samie, Bauer & Henke&2019. The
humungous amount of sensory information, calculatiand processing are all essential for

loT. Since all of thesarepossible with 10T, human intervention to manage su@normous

amount of data will be decreased drastically (Als&adiubaishat, 2015). Ever since the
World Wide Web started sseminatingnformation in the formof reviews and stars from

customer experience, travel and tourisnvehdirecly impaced on the hospitality sector
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(Noone & McGuire 2013). Thereforethe hospitality sector is becoming more and more
competitive enabling the scrutization of situations now and then and make strategic
changes proactively tmaximise thebenefit out of these data attained (Buhalis & Foerste

2015).

The four major macrenvironmental factors are namely, political, economic, soarad
technological PEST) which arefactorsthat leaders mugiroactivelyadapt tobased on the

strategic plans and key performance indicators. PEST has a direct or indirect influence in the
hospitality industry. That is any change in PEST can affect the smooth runnivehotel

and so hoteliers should act proactively by reviewing and revising the situation when it
dynamically conflicts (Alvarez & Campo, 2014; Cheng et al., 2016). Economic instability
alsoaffects the decision of the customer to stay in a particulat fibaag et al. 2016) by

choosing a higlguality ambance. Althoughseveral factorsnfluence the decision of
customers in choosing a place to stay, technology advancement is frontier choice as they can

do everything in déw clicksand even edit their choc e s . ATechnol o.gy can
create hotexp guidNeunaies Bubdlisa&yladkin2015).

Nowadays, online reputation is a big factor
network plays an important role otecisioamakingwhen it comes to entertainment and
accommodation. Hence, technological changes should be adopted quickly to keep the
customer satisfied and to maintain loyalty that would influence the guest to revisit the
property. Tstay history sotilab b eetnédsand carbe used for analysis and
prediction on preferences. I0T and sensors would collaa@saamount of internal and
external data that influences the ,@M4r all sa

With instant service recovery respses fromahoteb s end, guestsbd servic
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personalisd and custorsable which wouldeventually leave an unforgettable experience
that the guests would cherish for a longer period. Virtual assistance could be used to improve
their overall staySensors can be used to examine the expiry date of food and beverage items
and help the chef with making purchases and consumptions (Far2efid). The RFID tags

(radio frequency identification) par stock levels can be done and examined to send out
purchase orderdirectly to suppliers so that there is no problem of out of stock items and
hence, reducing the time taken for inventory and manpower required to do this task. Details
of loT usagearegiven in the table below. At least eidloications are remmmended to keep

IoT devices whichnclude four inside the hotel antbur outside the hotel premises. The

recommended IoT location is given in table 1.

Table 1: Recommended IoT location adopted from Buhalis and Foerste, 2015

Promotion beacon

Inside Hotel i
Guest Room Movement sensor Energy management system adjusted in-room environment and ‘
ambiance according to guest presence and their location inside

room i

Voice sensor Voice activation controlling in-room devices such as curtain, |

lightings, room temperature etc :

Temperature sensor Measure room temperature ensure guest can stay with conforta]

environment 3

Door lock Mobile app can act as keyless card for door lock system :

Wearable sensor Monitor guest health situation during their workout and provide |

Restaurant & Lobby Location sensor Identify registered members presence and send push welcome

message or events invitation

Hotel facilities

Availability beacon

Delivery availability notifications to hotel guest

Warehouse

Inventory tag

Detect item profile and location; Examine expiry date and par-si
level

Outside Hotel

Measure external temperature and make adjustment on energy§

Building Temperature sensor
management system
Light sensor Detect the sunlight and adjust the blinds and brightness of the lit
system |
Roadside Traffic sensor Detect parking space and traffic situation 3

Social Network

Content sensor

Monitor social netwrok and UGC sites content related to hotel a
alert manager to feedback promptly; customer's stay history car;
extracted from internal big data for management review

PEST Data

Contextual data extractor

Extract PEST contextual data around the world and store in |
hospitality big data )
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2.2.8Agent-Based TechnologyABT) in the hospitality industry

ABT has become crucial in ARnthony Jnr 2019)ABT consists of computational entities

that sense and act intelligently to finish their-gedined task¢Rudenko &Borisov, 2006;
Bokolo, 2018) The characteristics of agents as pethony Jnr which are described by
Yang et al (2015)re as follows: autonomy, @perability, reactivity, being practive, and

social ability (Woodridge & Jennings, 1995Anthony Jnr 2019 ). The agents collect
information from internal and external environments. For example, agents will get a sales
alert that quantities of a particular product are low and send a notification to the seller. A
single agent collaborates with multiple agents that react itireato customer procurement
orders(Plinere & Borisov 2011)Anthony Jnihas shown that the 10 different agents required

in a procurement process are as follows: user interface agent, searching agent, monitoring
agent, query retrieval agent, negotiating agemository agent, evaluating agent, acquisition
agent, presentation agent and information agent. The description of fethehaments is

shown in table 2

The supply chain has to collaborate with several business processes that have a common aim.

For thesame reason of having various components and processes, the progression is an
intricate process, as p&nthony Jnr The breadth and width of these processes to interoperate

and interconnect makes its implementation complex. To reduce diversity thela Isbau

better way to synchronise and standardise the core business prdBémse®t al., 2019)
Recentl vy, Afan application [ABT] of Al i's con
g e n e r @lsatoohy & Ayoun2018) Moreover, their study reveals that there is a positive

relation between ABT and a hotel ds food proc
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Table 2: Integrated software agents and their description (Bokolo Anthony Jnr, 2018)

Software Agents

Description

Userinterface Agent

This agent provides access to buyers by serving as a connection betw
buyers and the procurement system. Hence, buyers can search for pr
information through the interface agent. Additionally, a buyer can view
current product stas through this agent.

Searching Agent

This agent is responsible for a search query executed by the buyer.
Following this, the searching agent accepts the query from the buyer
through the interface agent. This agent searches and collects related
productinformation from the procurement product knowledgebase.

Monitoring Agent

The agent mainly sends a notification to the seller and procurement
manager when the buyer makes an order for a particular product addé
the seller. Subsequently, this agent atgmitors the procurement
transaction prominence and detects possible errors.

Query Retrieval Agent

This agent retrieves procurement product information, such as a prod
category sellerbés |l ocation on G
product informgion for the buyer.

Negotiating Agent

This agent requests product price information from the seller or
procurement manager to the buyer to negotiate product procurement.
negotiation or order status is confirmed by the buyer if he/she is satisf
with the product after the buyer makes the procurement order.

Repository Agent

This agent enables the sellers to add products into the procurement p
knowledgebase. The repository agent also collects and stores produc
orders confirmed by the seller.

Evaluating Agent

This agent enables the procurement manager to approve products ne
added by the seller. This agent
system to be procured by buyers. This agent also verifies sellers and
sends t preduc ieférrhadon t she procurement product
knowledgebase.

Acquisition Agent

This agent enables the procurement manager to search, add, update,
delete procurement products in the procurement product knowledgebg
With the support of this agenhe procurement manager can update
product information, such as pr

Presentation Agent

This agent simplifies procurement operations in the system by sendin
notification to the procurement manager on every procuremeatigiro

sale in the system. Furthermore, this agent generates procurement re
to the procurement manager in regards to buyer procurement orders.

Information Agent

This agent provides information to the procurement manager by retrie
procurementelatal information, such as sales information and product
delivery information from the buyer and seller.
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2.2.9Ecosystem in Hospitality

Figure 6. adaptedrom Buhalia and Leung (2018)eveals the major inclusion of the sub
ecosystem in orange. Hospitality runs ahresources including manpower, money, and
materials. Suppliers are one of the largest groups of stakeholdems thighhospitality
industry, as hotels cannot be sustained without food and beverage suppliers, heating,
ventilation, and akconditioning suppliers, technology vendors, maintenance and service
providers, and many others. Moreover, these supply chains might also be linked to sub
contractors such as butchers, farms, wineries, transportation companies, wareimouses

on (Zhang et al., 20138uhalis& Leung, 2018) Even though these subcontractors are not

directly linked with hotels, but rather involved only as providers for services or goods, they

also contribute significantly to hotekperiences.
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Fig. 6 Stakeholders of the hospitaty sector adapted from Buhalis &Leung, 2018
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Technology is a medium that dynamically improves supply chain efficiencies to enhance
collaboration with these stakeholders to provide appropriate supplies within the budget and
time limit. The smart technologiewill enable them to be interoperable with all these
providers and subroviders to obtain information easily and efficiently to secure the best
solution for their requirements. Through interconnectivity, the obstacles to working together
are reduced byuecessfully supporting hotels to regularly assess the direct and indirect

stakehol derd6s requests and approaches.

The suggested framework [Buhalis and Leung(2018pr a smart hospitaly system is
depicted in Figre7. It contains three layers: the fitalyer is the network layer which inter
operates with several application systems of stakeholders to increase consistency and
accuracy and to reduce redundancy. The second layer, being the cloud and data layer, helps
in data aggregation from internal bigtd and contextual data and stores it for later usage.
The third laye is the Allayer, which chooses the big data required for intelligence analysis
and decisiormaking. Applications in hospitality may be adapted to situational demand and
further decisiorsupport, as marketing or pricing decisions can then be broadcast by using
beacons (low energy Bluetooth devic8juational demandsan provide optimetion of

hotel internal application systems and business intentions could be disseminated by beacons.
Beacons can push information and locaft@sed data points to pertinent stakeholders
conferring to management decisions.Ufeg 7. will be the base for developing a state of art

novel framework for integrating Al ithee-procurement system tfie hospitdity industry.
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Intelligetioe analysis with decision support
ARTIFICIAL
INTELLIGENCE LAYER A
Aggrepaled
.................................................................. Big Dato
CLOUD AND DATA LAYER
Big Dzta ual Data
Be-aoons
O Hotel internal Extemal
applications and Business partners Environment and
sensqrs application systems Sensors

Dynamics Feedback J

Fig. 7 Smart hospitality framework adapted from Buhalis and Leung, 2018

2.3 Gap in theliterature

The frameworkby Buhalis and Leungoes notcover thecompliancewith data analytics
maturity model. Moreover, this framework is mployable in any ecosystem as it does not
speak of infrastructure compatibility generaliability. The scope dhecloud layer andil

layer is not defined clearlyOverall, the framework needs some updates on-sfates-art
techniquesln this reseaih, the researcher is leveling all these gaps. The data analytics,
agentbased technology, and the entire framework proposed in this atethade in a way

to revolutionize eprocurement inthe hospitality industry.The existing framework is

extended to &ive one more important layer for ABT with 14 agentssewerajobs.

In my paper, a mixture of data analysis aath mining is undertaken to a greatent. Data
analysis includes the analysis of data procured without regarding the size of data, for

example, the effect of national holidays in occupancy rate; in contrast, data mining applies
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ML and statistical models to reveal hidden patterns in VU@#.dTo predict the demand

using deep learningthe variables considered in my study are lags in spend or quantity for 12
iterations and month are used as other information like consumption, wastage of sesource
events, etc. were not available which wolldve added more accuracy to the results.
Purchase duration in dayso6 calculation is
which uses recency, frequency, spend, occupancy rate, etc as feature variables. Apart from
these analytics, my study alsacludes a database, data -precessing, descriptive, and
inferential statistics incorporating a representation of data in numerical data tables and
visualization. LSTM (Long Short Term Memory), a version of RNN (Recurrent Neural
network) is used for deamd forecasting and train_test split with crgafidation is used as

deep learning technigues in this research.

The initial framework for Predictive Analysis and Al integrationlbiernational Research
Organisationis used as the backbone in my studjeTmethodology of proposing the
extended Al integrated framework is based on these frameworks. The smart hospitality
framework by Buhalis and Leung is the base framework for proposing the extended
framework for integrating Al with ML. The ecosystem wiltlade all stakeholders depicted

in figure 6. The proposed extended framework will enhance interoperability,

interconnectivity, and thus traceability, awareness, and consistency.

In my study, the barriers in the framework proposed by Buhalis and Leungtese i
organkation, interorgansation, technical and political issues such as lack of imuke new
system, exposure of information to competitors is mitigatethejntroduction of loT and

ABT. Anonymity and confidentiality of stakeholdensupheld by introducing more agents
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apart from the ones suggestedAnthony Jnr Although Buhalis and Leung talk about big
data analyticsthere is no clear roadmap on how to achieve the objective to make it
convincing for stakeholders. In my study, seV/&th techniques are used to show the impact
to optimse the eprocurement datawhich is undoubtedly impressive for stakeholders,
especially the study is unique in this ar€aere is no single proposal on having stitart
technology combining data agtits maturity moded, agents, or mukagents and that
integrate Al for complete efficient and smooth functionalltye data analytics, agebased
technology, and the entire framework proposemhynstudyaremade in a way to reform-e

procurement inhe hospitality industry.

2.4 Chapter Summary

The literaturereview has revealed a framework to integrate Athi@ hospitality industry

which will be used in this study as the base to propose the novel conceptual framework for
e-procurement inthe hospitality industry. The fundamentals of descriptive, diagnostic,
predictive and prescriptive analytics are narrated. Moreover, an overview of predictive and
forecasting analytics along withe advantages ansteps involved in processing which
presented togethevith an insightinto cognitive analytics. The majobjective of the study

is to conducdemand forecasting in several ways in the hospitality industry. The author has
tried to highlight the advantages of havirgn integrated system, current trends in the
industry, and applyingViL in e-procurementvithin the hospitality industry along with gaps

in theworks of literatureaeviewed.
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Chapter 3: A SYSTEMATIC REVIEW

3.1 Structured Review

At the time of scripting the paper (January 2020), 5,950 results appeared for thengtar

the keywopdociliAlememt® on the Google Schol ar
keyword Ahospitalityo gave 286 results. Furt/|
results. From the raft, any article with at least twkeywords combinations not in the body

or if mentioned only once were remové&arty-eight results had these keywords only in the

reference page. Books, thesis papers, aneEmgtish language papers were also removed,

eight in total. Eleven articles did not alloaccess even with university credentials. Few
papers were —repeatedly |l i sted as well, |l ea
technol ogies machine | earning is O¢Reaieof the
2020 with other technologies afata analysis and predictive analysis. Thus, from the results
obtained, big data, ML, deep learning, and-atgmas of Al are included, and 52 articles were

shortlisted. Figre 8shows the stages of the selection process of the literature review.

Database Search term Limited to Paper S2articles
A Goo AAL - Ahosp published were
Schol procurement a in since selected that
' 2015 were
l ; directly
related to
5950 286 121 these
keywords.
—

Fig. 8: Stagesof the selection process of literature for review
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Al is a technology or computer system used to operate in a way that reflects how the human
brain works. The area of Al is an overarching field of computer science that includes
extensive classifications owrising natural language processing, ML, deep learning, neural

nets, content abstraction, decisimaking, and more (Deer, 2020).

3.1.1Statistics of thetrend in publishing

Trend in publishing

18
16
14
12
10

Count

Number of articles published

o N M O

2015 2016 2017 2018 2019
Year

Chart 1: Statistics of literature selected

In this study, 52 articles were selected from the Google Scholar seanifs. The line graph
above (Gart 1) shows the statistics of articles selected from the search which were relevant
for the subject matter. It is interesting to notice that the nurmbarticles published Isa
increased by 20% in the last decade. This clearly shows more researchers find this topic
relevant for studies and that it requires even more attention. This is a clear indication that in

the coming years there will be more pehtions in the field of hospitality angpeocurement.
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3.1.2Major areas of research
A pie chart is displayed below @rt 2) showing the major areas of research for the past five

years in eprocurement and hospitality concerning Al.

Major area of research for past 5 years

Curriculum

ent

gt-Analysis = Curriculum Development

e
L

ce

= Deep learning
= Game theory
Market Analysis
= Natuaral Language Processing
= New Business Model
= Robotics
= Use and Benefits of application

used

= Predictive Analysis

Chart 2: Major topics of research in the selected articles

The literature shortlisted contained almost 14 various topics out of which content analysis
was the most highly researched at 22% overall. After that, the most common topic was big
data analytics with 16% ansbftware adoption with 13%. It is interesting to note that
although various areas of Al are included in the research, the numbers are less compared to
the ones listed above. There were papers on deep learning, ML, natural language processing

process autonti@n, predictive analysis, and robotics. The topic seems to be covered less
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compared to what occurred because the search waspimcerement and hospitality in

particulr. Intense studies are-goingin other industries and departments.

3.1.3Content analysisin the selected publications

The keywords from each papecollated to display the most researched content in the past

five years in the selectgmhper a displayed in Chart 3.

Keywords in the publication

PLKF2NBOFE&GAY IKLINBRA OnlifepetfoiiNdS=TeNdS=titie=yi=i( R S 3 O NJA LI
Supply chain(risk) management/ food SCM
.dzaAySaa

LYGdSttAIASY OSw=Spmdmdzdmtetey=S d 84 | LILI AOIF GAZY
owt kalfS& | YR RA d=i=Ndwmd=dzit=a=yc Kk LINE RdzO0 A 2 y X
Cyber crime/fraud/Legal/security s —

DSS/knowledge managemen im—
Agents/multiagents/bots/robots ——
Customer s
(e)-Auction/supplier selection E

Blockchain =

0% 2% 4% 6% 8% 10% 12% 14%

Chart 3: Keywords in the publication

In a content analysis of the pap produced more than 50 various keywords were evident.
Then similar keywords were grouped to produce a cluster of topics. From there, the most
repeated research work was observed on the topic related to Al. Moreover, keywords
repeated at least three tisnare listed, while others were categed as miscellaneous.

Blockchain was the leassed keywordwhich does not belong to the miscellaneous group.
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3.1.4Comparing various studies in the field of Al /eprocurement/supply chain
/hospitality

Here fifty-two different research papers are displayed in the tablethgiuthor namethe
major focus of researckand the topic of researchThe papers are varied and with little
repetition. It was onef the limitations of this research to find appropriate papers. The search
was broadened to travel and tourism as well. Papers that areated tel either supply chain

or hospitality are not listed though they are used ééenence. The comparisondsplayed

in Table 3.
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Table 3: Insight into works of literature in the area of Al in procurement/supply chain /hospitality

Type of
Paper
Source |Data Data .
# _lFfssiiarch Article Title ég:rors, ;(lionceptu and Type |Collection Analysis \[;Zfa?zea?irg:g & Major Results
P . of Data |Method Method
/Emperical
)
A Developed Software Basic .T?b'es of
Descriptive
Agent Knowledge- Self- Statistics And
Process [Assisted Procurement [Anthony . Administered [Php And Agent Based Model
. Emperical |Structured Graphs, Uml, .
AutomationManagement Tool For (Jnr, 2019 Surveysurvey |Mysql Support Supply Chai
- . Use Case And
Retailing Enterprise A From
Feasibility Study Class
Diagram.
Systematic Literature
Content Review On Electronic |Aital, Un- Literature Benefits And
Analvsis Reverse Auction: Issue{Pawar & |Emperical Structured Review 2005 |N/A N/A Challenges Of E-
y And Research Behl, 2017 To 2015 Reverse Auction
Discussion
ST e [
Decision 9 Rekik Et - |un- Published - : Quality Of Website Is
. Approaches To Assess Emperical Decision Detailed Tables | =
Making . Al., 2016 Structured Between 2009 . Listed
The Quality Of Web 2015 Making
Sites. (Mcdm)
Developing Design FocUSArouD-
Process Principles For The Srai & Un- Type Igull- P Graphs & Psm Digitalisation
. |Digitalisation Of Lorentz, Conceptual Psm Literature%yp Proposed Desigl Grid With Application
Automation . Structured ay . . L
Purchasing And Supply|[2019 Grids Design Implications
Workshops
Management.
The Authors Present
Content New Business Models Delafenestr Un- mzzghl;seg:)i?tiif;
Analysis Sgpply Ch_auns: A e, 2019 Emperical Structured 292 Document]VVos Viewer |Structured Maps The Potential Search
Bibliometric Study. .
For New Business
Models.
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When Digital Digital Discussions On
Content |Government Matters FoKalbaska E Conceptual Un- Government N/A N/A Digital Innovation To
Analysis [Tourism: A Stakeholder|Al., 2017 P Structured Stakeholder Advance The Touris
Analysis Analysis Sector
The Systematically
Analysed And
. Presented Insights In
E-Gov And Pougel, 30 A_rtlcles _ The Current State Of
Content . - . Published Statistical
Analvsis Sustainability: A Bonnel & |Emperical |Structured Between 2012 Manual Analvsis Reports Research In The
¥ Literature Review Beier, 2020 ¥ P Context Of The
Ans 2018 o
Digitalisation-
Governance &
Sustainability.
Multiple .
The Role Of Mobile Sources Are E:;rgrsr'r;—r-n Suggest Future
Technology In Tourism:|, . . Used Such As 9 Clusters And Research And Strate
Content . Kim & Kim, Un- For Content L . .
. Patents, Articles, News Conceptual Patents, . Descriptive Directions For
Analysis . 2017 Structured . Analysis And .
And Mobile Tour App Academic . Tables Academia And
. . Leximancer .
Reviews Articles, And Managers In Practice
Program
News,
Curriculum|Curriculum Developmer .. . . _ Highlight The Main
: Ozdemiir, . Un- Curriculum Statistical Importance And
9|Developmd Of Scm Master'S Degre Emperical . N/A . .
2018 Structured Comparison Analysis ReportgPriority Of Scm In An
nt Program In Turkey
Industry
. . D iptive A .
. Big Data Analytics In E- gscrlptl_ve i Establishes There Is
Big Data .| Mathew, . About 1 Disgnostic .
10 . Procurement Of A Chai Emperical |Structured . Manual N Lot To Do With E-
Analytics 2019 Million Data Vsualization
Hotel Procurement Data.
Reprot
Utilise E-Business
Use And Applications So That
Benefits Of The Use And Benefits Wokabi & Statistical They Are Able To
11 .. _|E-Technology Business|Fatoki, Emperical |Structured 330 BusinesseSpss Analysis ReportgCreate And Deliver
Applicatio . .
n Used Applications 2019 And Tables Value Propositions In

An Efficient And
Effective Manner

52



Examining The

Survey Data

Results Confirm The

LBJZ:J]QT: of Antecedents Of The ?(;:220;_ Collected Partial Least Core Tam
12 Aoplicatio Technology Acceptance KaupDi Emperical |Structured From 139 E- Squares Summary Relationships Within
nTJpse 4 Model Within E- o 1gp ’ Procurement |~ Descriptive An E-Procurement
Procurement Users Tables Context
Provides Researche
In The Field With
Text Mining Applied To |, . L|teraFure on Descriptive, Elemer_1ts And
. . Lis- Sustainable . Analysis That
Content |Literature On Sustainabl ., . : Analytical Visual e
13 . . Gutiérrez E{Both Structured Supply Chain |Clustering Facilitate The
Analysis |Supply Chain Reports And .
(199612018 Al., 2020 From 1996 To Content Analvsis Understanding Of
2018 ¥ Knowledge
Production Dynamics
In The Subject Mattel
11 Papers Thg
Rethinking Supply Met Ppc .
Process . Hennelly Et Un- . Summaries All Papelr
& Automation C.hz.il ns_ In T he Age Of Al., 2019 Conceptual Structured Qu_a “ty And - \N/A N/A Evaluated
Digitalization Editorial
Requirements.
Intelligent Agent Exploratory Statistical
Technology: What Survey In A |Factor . :
: . Alsetoohy . Un- . Analysis Benefits And
15(Robotics |Affects Its Adoption In Emperical Hotel -88 Analysis,
Et Al., 2019 Structured . . Represented In |Challenges Of lat
Hotel Food Supply Cha Participants [Simple
. Tables
Management? Regression
How The Hotel Websitg Survey With Establishes The Top
. - Of Interests And Wor
Management Influence [Roespinoec Hotel Descriptive And . .
Deep . .. : Un- o During The Period
16 . Hotel Supply Chain ji EtAL, Emperical Employees |Pls-Sem Descriptive . . .
Learning Structured With Various Studies
Management And 2019 About 300 Tables
. Conducted Across T
Tourism Industry? Employees

World In Summarized
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Agent Based Fraud

James K,

Un-

Java And

The Study
Demonstrated Abt Cg
Be Used To Detect
And Stop

17|Robotics  |Detection And Reportin(-) o Both — Interviews,Obs — Fraud/Corruption In
In E-Procurement ervations, Prot Public Entities
type Thereby Deriving
System,Questi Use Case Maximum Value For
nnaire Diagrams Taxpayers Money
Developed A Web-
Based Negotiation
Game, Named C-
C-Negotiation Game: Al Negotiation Game,
Game Educational Qame Mod Dzeng & 72 o Php And Game Model For Enablmg Student
18 Theor For Construction Wana, 2017 Both Structured Participating Mvsal Archotecture To Make Simulated
y Procurement And 9 Students ysq Decisions In
Negotiation Construction
Procurement And
Negotiation
Processes.
Ontology Based Multi BlisauEdl The Multi Agent Designed And .
Process Agent System For Benmiled & Svstem Developed A Multi
19 . |Improved Procurement - Emperical [StructuredN/A N/A Y . Agent System (Mas)
Automation . Ghédira, Interactions .
Process: Application F( 2014 Diaarams For The Supply Chai
The Handicraft Domain 9 Automatization.
- Proactive Supply Chain Extensive Data Mining Data Mining -
Predictive [Performance : Un- . - Tables And New Predictive
20 . . Stefanovic, |Conceptual Literature Predictive . .
Analytics [Management With Structured : : Forecasting Supply Chain Model
L : Review Analytics
Predictive Analytics Graphs
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Big Data And The

The Investigation
Uncovered An
Expectation Gap In
The Perception Of Th

21 Big Da_ta Percewe_d _Expectatlons Ca!deron & Emperical Un- 15,463 Tweets,lbm Watson Sennm_e-nt Efficiency And
Analytics |Gap In Digital Onita, 2020 Structured Analytics Analysis .
. Effectiveness Of
Authentication Processg .
Different
Authentication
Methods.
Analysed The
Operational Strategy,
Business Strategy,
- Business Strategy Of T(Radhakrish F|nan<:|'a| St§b|l|ty,
Decision . . Un- L&T Marketing Mix,
22 : Indian Company: L&T |an, Aithal & Conceptual Manual N/A . -
Making Structured Company Competitors, Training
Infotech L.M, 2018 .
And Recruitment
Strategy Of The
Company Briefly
Using Theory A.
The Paper Draws Oy
Characterizing Custome Witell Et Un- Document Eelizgﬁgiu;i:j
23INLP Experience Managemel Conceptual . N/A N/A b .
: Al., 2019 Structured Analysis Develops Managerial
In Business Markets .
Implications For B2B
Firms
A Conceptual
Develop |E-Tourism: Definition, FEPEITRPAG (rinsereeE])
va & Un- Document Framework Of The E
24|New Development And Conceptual : N/A N/A .
Santana, Structured Analysis Tourism System,
Model Conceptual Framework . :
2020 Introducing Basic

Groups (Subsystems
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Intelligent Agent

The Study Provided
Academia With A

Technology:The SIZ:trooh Survey Of Comprehensive
Process [Relationships With Hote Y . Managers At |Hypothesis Review Of The Prior
25 . & Baker Emperical |Structured . N/A
Automation Food Procurement Luxury Hotels | Testings Research On lat
. Ayoun , . .
Practices And In Florida Benefits In Food
2017 .
Performance Supply Chain
Management
Shapl_ng Industrial . Recommendations O
Relations In A Literature Digitalisation
Content Digitalizing Services Holtgrewe Un- Review And . .
28 Analysis |Industry - Challenges |Et Al., 2020 Seieenee Structured| Interview With /A N Serwce_s To Be_lglum
. Strategic Decision
And Opportunities For Experts
. Makers
Social Partners
The Most Important
Supply Chain Impact Factors Are
Managemen_t: Survey With o pescnntverand Supply_Chaln _
27 Content Implementation Issues |Sutono, Emperical Un- Hotel Statistical Statistical Data Marketing Planning
Analysis |And Research 2019 P Structured Employees In [Study Tables Capabilities And
Opportunities In Tourisr Indonesia Better Supply Chain
Industry Marketing
Implementation.
A Utility-Driven The Results Generat
Approach To Supplier Supplier Using The Proposed
Process Evalua}tlon And_ _ Ulutas Et _ Evalua}tlon Fuzzy_ Tables Of Framework I§
28 Automation Selection: Empirical Al 2015 Emperical |Structured Selection Functional Validations Compared With The
Validation Of An v Related Assessmenty Actual Historical Datg
Integrated Solution Articles Collected From The
Framework Company
Enterprise Resource
Planning (Erp) Systems| The Research
In The Egyptian Higher Contributes To The
9 Software |[Education Institutions: [Soliman & Concentual Un- Document N/A N/A Advance Of Concept
Evaluation|Benefits, Challenges ArKaria, 2016 P Structured Analysis And Dimensions For

Higher Education
Institutions: Benefits,

Challenges And Issues

Erp System From
Heis' Standpoint
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Essence Of Digital

Annual Report

An Emergent StructuJ

Tr ansf or ma t|Pramanik, Detailed For A Digital
Market . L Un- Four Large o .
30, . stations At Large Kirtania & |Conceptual Manual Qualitative Transformation
Analysis . ) o : Structured Banks In North . )
Financial Institutions  [Pani, 2019 America Analysis Maturity Model
From North America (Dtmm)
The First Study That
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Service y Of The Islamic Credit
Card.
This Study Adds
Legal Technologies In Theoretical And
Software Action: The Future Of et £ Un- Qualitative Charts And Practical Implicationg
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Evaluation|, . . . Al. 2019 Structured . Tables ) .
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Projects
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Study Of Various
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Analysed, And
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The Study Led To
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Inve.stment Decision- Four Benefit Models
Making And .
S . About Big Data
. Coordination Of A Threq, . . Three Stage |Various - .
Decision : Liu & i, Un- . Statistical Information And
51 . Stage Supply Chain Conceptual Supply Chain |Model . .
Making . 2018 Structured . Equations Centralized &
Considering Data Stakeholder [Analysis .
. Decentralized Supply
Company In The Big .
Chains
Data Era
Doctoral Dissertations | A Score For
Logistics And Supply 150 Measuring The
50 Content  |Chain Management: A |Rajkumar E Emperical Un- Dissertation Manual N/A Significance Of
Analysis |Review Of Nordic Al., 2016 b Structured Papers From Article-Based
Contributions From 200 2009 To 2014 Dissertations Is
To 2014 Proposed

The listed articles suggelsavingflexibility and decentralisd decisiormaking as one of the success fastarthe adoption of any
technology (B\K a r a ,
has the flexibility indecisioamakingconcerningourposes and conditions used to adapt it to suit various cenigixbut considerably

reducing its efficacy. The studies by Rdiolina et al. (2018) and Ivanov, Webster &elyyedi, (2020) suggest that adoption of

agents does not depend on a®yrdogr ap hi c

technically sound establishments. This study supports my framework as it is iniohednclusion ofthe latest statef-the-art
technology and making stakebels life easier is inthe plan. The listed authors have used structured or unstructured and both

empirical or conceptual models in developing their studies and making lasioncThis clearly shows th#tere is nopreferred

detail s
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method without strictlyriclining to one. But as per Creswell (2008), for a competitive rasult

is always preferred tthave amixed approacthwhen the problem and solution are defined
quantitatively and qualitativejythis approach igollowed in my research. It is important to
select a set of strategies that fit the research type. In this study, most of the questiohs\are on
what,andwhyso itis better to use case studies, experiments of histories (Creswell & Creswell

2008).

As perStefanovic (2014)a business intelligence system that is capable of tracing, evaluating,
modeling forecasting and delivering information that helpsdétisionmaking must be
maintained in an orgardation supporting the supply chain to achieve the goal in stipulating
accuate information to the stakeholders at the exact time. Mainly, the indicators are backward
looking without any prediction or forecastirgfefanovic (20143tates that the efficiency of the

supply chain can be promoted by having proactleeisionmakingthrough powerful data

mining algorithmghatcompare, anabg, and forecast accurate predictive insights. Few of the
researchers have contributed to the research world on the supply chain performance framework.
While Lambert and Pohen introduced a framdworf or pr ogr essing metric,
framework analyses supply chain performance a
framework vas developed by considering the four major processes including planning,
sourcing, makingand deliveringThese frameworks were introducied enabling managets

makebetter decisionswith an extensive outlook of both tangible and intangible assets. As per
Stefanovic (2014)regularisition of supply chain performance is one of the essential criteria for

real supply chain performance measurement. Data analysts estimate that from the large data

aggregated in supply chain transactional software, 80% of data is irreleva@tigionmaking
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(Altin et al. 2018). Moreover, further analyses have to be done on the remaining 20% to make

it useful. St e f a nioventory dnenagement is an essential process in the supply chain.
Incorporating predictive analysis in inventory management has adesnike cost reduction,

higher customer satisfaction, optimal reordering policy, enhanced produycmndtyultimately,
increasescoss f f ecti veness. The study also states tt
projects related to predictive performanmoea n a ge ment 0. The suggesti ons
Gunasekharan et.&ladagreat influence on my research and tried my best to include each point

in the proposed framework to be proactivel@tisionmaking

3.2 Machine Learning and Deep Learning used for Predition and Forecasting

Data analytics is crucial especially in this era as in all fields are getting smarter day by day by
the introduction of intelligent systems. The usability of big data is enormous and finding ways
to make it informative is also very portant. For making this big data consistent by data mining,
slicing and cleansing are critical in the decision support system. M#lasg data available to
optimise the operations, revenue, cost, and competitives@sajor task for all orgaratons

A limited amount of this was undertakana traditional revenue management system which
usually useghe pastfve year s6 data to forecast recommend
distribution channel management, and inventory optimization (G&ilMbhammed, 2015) but

by using traditional methods. It is recommentteatartificial neural networks, analytic network
processesand fuzzy goal programmaease usedo mine anl improvea multi-attributedecision
makingprototype to meet theras andobjectives of the orgaration. To enhance trdecision

makingand revenue management of any orgation it would be bettetio collaborate internal

64



big data and external contextual data. This big data analytic reports would then be made into a

smart dashtard for the users to make their reporting life easier.

ML specific search did not give much threrelevant topic. A sample difteen papers that ere
found in theGoogle Scholar search is iteded herewith in &ble 4 with details showing the

techniquesised in each study.

Table 4: A synopsis of machine learning used publications

ML algorithms used in prediction - a synopsis view

Area of Researchers | Machine Learning Results Software's
research Models Used Used

1 | Stock Market | Pahwa& 1. Support Vector The random Forest Not specified
Trend Agarwal, 2019 | Machine algorithm performs the
Prediction 2. Random Forest best for large datasets anc

3. K-Nearest(KNN)
4. Naive Bayes

Naive Bayesian Classifier
is the best for small

5. Softmax datasets.
2 | BreastCancer | Bharat, N & 1. Decision Tree The Seleukos algorithm | Weka
Prediction Reddy, 2018 |2. Algorithm (C4.5) | accelerated the learning
3. Seleukos curve for breast cancer an
(Clustering 4 percentage points better
Algorithm) than C4.5 in the early
4. Naive Bayes stage.
5. SVM
6. KNN
3 | Disease Kohli & Arora, | 1. Logistic Logistic regression is goo( Python
Prediction 2019 Regression for Heart disease
--Heart Disease 2. Decision Trees prediction.
--Breast Cancer 3. Random Forest SVM is good for Diabetes
--Diabetes 4. Support Vector prediction.

Machines(SVM)
5. Adaptive Boosting

AdaBoost for Breast
cancer prediction

4 | Car Popularity | Mamgain, 1. Logistic SVM was found to be Python
Prediction Kumar & Regression more accurate
2. KNN
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Manijari
Nayak, 2018

Class Result Pushpa et al.,
Prediction 2018

Urban Traffic Lee & Min,
Prediction 2017

Prostate Cance| Wen et al.,
Survivability 2017
Prediction

Black Friday Wu, Patil &
Sales Gunaseelan,20
18

Coconut Sugar | Alonzo et al.,

Quality 2018
Assessment ant

prediction

Travel Time Goudarzi,
Prediction 2019

3. Random Forest
SVM

E

1. SVM

2. Naive Bayes

3. Random Forest
4. Gradient Boosting

1. Random Forest
2. Gradient Boosting
3. KNN

4. Multi-Layer
Perception

1. KNN

2. Decision Tree
3. SVM

4. Neural Network

1.Linear Regression
2. MLK Classifier

3. Deep Learning
Model using Keras
4. Decision Tre

1. Artificial Neural
Network

2. Stochastic gradien
descent

3. k-nearest
neighbairs

4. Support vector
machine

5. decision tree

6. random Forest

1. Nearest
Neighbarrhood

2. Windowed
Nearest
Neighbaur

3. Linear
Regression

4. Artificial Neural
Network
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Random Forest Classifier| Python
gives the most accurate
result

Gradient Boosting Not specified
Regression

Neural Network has the | Not specified
best accuracy

deep learning with a neure Python
network is far better than
other methods

SGD is superior in terms | Python
of accuracy but falls short

to KNN and SVC in terms

of running time.

In the comparison, GoogleMaps
APl and C++
the best results were

obtained by applying a
shallow

neural network with three
hidden layers.



11 | Predicting Hua, Y., Zhao, 1. SVR Deep Learning with Long | Not specified

traffic and user | Z., Li, R., 2. ARIMA ShortTerm Memory for
mobility in Chen, X., Liu, 3. FFNN Time Series Prediction
telecommunicat Z. & Zhang, H. /4. LSTM outperform other methods

ion networks , 2019

12 | Trajectory Yeom, H., 1. Random Forest | LSTM Improves Accuracy Python
Prediction Kim, J. & 2. Gradient of Reachingrrajectory
Chung, C. Boosting Prediction From
2020 3. KNN Magnetoencephalography
4. MLP Signals
5. LSTM
13 | Forecasting SiamiNamini, |1. ARIMA LSTM proves to predict | Python
Economics and| S. & Namin, |2. LSTM better than ARIMA in time
Financial Time | A.,2018 series forecasting
Series
14 | Electricity price | Lihong, D. & |1. Dickey-Fuller LSTM proved to be quite | Not specified
forecast Qian, X. ,2020 Test accurate at predicting
2. LST™M fluctuations in electricity
consumption.
15 | Multiple Bandara, K., |1. MSTL LSTM-MSNet Python
Seasonal Bergmeir, C. |2. Auto STR computationally more
Patterns & 3. TBATS efficient than many
Hewamalage, 4. Prophet univariate forecasting
H., 2020 methods.

The studies sampled showistdifficult to judge which techniques are more useful than others.
After applying several ML techniques, choose the algorithm with the best accuracy. In other
words, some ML is better than others based on the available data. Neverthsl@s®resting

to noe that all sequential time seribased research suggests LSTMam® of the best
techniqus. The descriptive and diagnostic analysis is used for representing visual reports in my
study. It is the primary source of information for the managemenmt tdh and deep learning
techniques are applied for predictive and prescriptive analyitiits. techniques include
descriptive, diagnostic, and advanced predictive data analytics. Prescriptive analytics uses

simulation andvIiL to suggest actions to be takerathieve the desired results. Collecting data
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would be the first step in all data analyses. Then osgaamd analse the data collected. The
concept involved in this process is narrated below.

3.2.1A conceptual framework for applying machine learning and deep learning
Thedescriptiveand diagnostic analysis is used for representing visual reports. It is the primary
source of information for the management telth.and deep learning techniques are applied
for predictive and gescriptive analyticsML techniques include descriptive, diagnostind
advanced predictive data analytics. Prescriptive analytics uses simulatidflLatmdsuggest
actions to be taken to achiete desired results. Fige9 shows the steps involvedapplying

ML and deep learningy several authors mentioned in the table ab@adlecting data would

be the first step in all data analysis. Then orgaand analse the data collected. The concept

involved inthis process is narrated below.

Collect Data for 5 years

\ 4

Data Wrangling

Feature Engineering

! ¢

Data Visualization Data Analytics

Selecting a machine learning model

v

Multi classification model/Time series

Checking for accuracy

Fig. 9: Conceptual processes involved in forecasting problems
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3.2.2Classification algorithm selection

The literature review covered in this section on conceptdlfortechniques used two books
namely APyt hon f orRadehka JuliamndHedrtg @016)anchRython Haya
science cookbook by Subramanian (2015). The section includes the relevant modules used in

this researcifonly).

No onecan say a specific classifiertise best, as it depends on many conditions. This might
vary in the feattes or samples, the noise in the datas®d so onMoreover, it is important to
see if the datds linearly separable or not. Therefomme has to execute trial and error with
various classifiers and choose the best that suits the given sitliatimnend, the precision and

accuracy depend on the data available.

The five main steps that are involved in trainindl algorithm can be summaeid as follows:

1. Selection of features.

2. Choosing a performance metric.

3. Choosing a classifier and optsaiion algorithm.

4. Evaluating the performance of the model.

5. Tuning the algorithm.

The scikitlearn API helps inthe implementation of various classification algorithms and has
got many convenient functions to greocess data and to fitene and evaluate any models.

Thetrain_test_splifunction from scikitlearn's cross_validation module is dgethe esearch
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with 20% test data. Furthermorapplying feature scaling usirfgtandardScaleclass from

scikit-learns preprocessing module is important to opt#ni performance. Instead of

misclassification error, classification accuracy is found in this study. The datases ne¢d

continuous data and so not linearly separable. Thus, linear regression and lagjistisioe

performs well on linearly separable clasgé¢se most commonly used machine learning models

and described below:

a)

b)

Logistic Regression (LR): This a technique borrowed by ML from statistics. It is
commonly used for binary classification probleriibe name came from therfction

used in it, also called th&gmoid function that has an S shape and takes any value
between [0,1]

Naive Bayes Classification (NB): This themost commonly usedmnost popularand

simple probabilistic classifier. This meldis good for predicting a particular label with

the given feature variables. One of the assumptions in NB is that each feature is
independent of each other and in this research, it has worked better than other models as
that is the case with the datasensidered.

Support Vector Machine (SVM)rhis is anothermost commonly useth supervised
learning techniques both in classification and regression. In this peazaél feature is
considered as eordinates in rdimensional space. Classification is ddaysfinding the
hyperplane by which the classes are differentiating. If the classes are linearly separable
many hypeiplanes can be drawn. The optimum hyperplane is found by the margin

lengths.
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d) Random Forest (RFThe cecision tree model usestlassificaton model that works by
splitting the data into a minimum of two
test on the features,branch depicts the result and\es are decisions made aftbe
succeeding process on training. Whereas RF growsaelassification trees. The input
vector is kept down in each tree to give a classification that is considered as a vote. RF
is usually fast and @snot overfit. RF is considered more accurate than NB and liked
by many researchers.

e) Gradient Boosting (8): Boosting develops a collection of trbased models by training
each of the trees in the collection of different labels and then combining the trees. This
is the same idea used in GB to improve robess over a single estimator. Thiis,
combines seval weak predictors to build a strong predictor.

f) k-Nearest Neighbours (KNN):HE classification is predicted by a predefined number of
training samples nearest in distance to a new point. This algorithm is simple and
considered good even on instancethefrregular decision boundary.

g) Decision Trees (DTreeYhisis considered as a simple representation for classification
where the data is continuously split according to a certain parameter. The outcome in

this type of classifier ifit or unfit for categoical /discrete decision variables.

3.2.3CrossValidation
The various classification models are evaluated by aralédation. This requires inputs
andtargets. For every fold, onmique partition is used as the test aatl the remaining

(k-1) partitions were used for training. The accuracy achieved for all folds were averaged
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to evaluate the model that used a certain classification method. This method is iterated k

times so that k models and performance estimates tameth.

Normally, crossvalidation is used for model tuningvhich is finding the optimal
hyperparameter values that produce an adequatraliezation performance. Once this
is done, the model is retained on the complete training set and obtain arfioahpace

estimate using the independent test set.

3.2.4Fine Tuning the hyperparameterswith GridSearch
The parameters of the learning algorithm are opgchiseparately which are called
tuning parameters or the hyperparameters of a model. GridSearch caonatigliti
enhance the performance of a model by finding the optimal combination of
hyperparameter values. In this reseatisimodels are evaluated using model accuracy
which is a useful metric to quantify the performance of a model in general. Using
param_gid the parameters for tuning are specified. After this process, the score of the
best performing model with thHeest_scorattribute is obtained arttie parameteaithat
can be accessed through best_paramsttributeare checkedrinally, theindependent

test dataset is used to estimate the performance of thedbested model.

3.2.5LSTM & RNN
RNN can be considered as feedforward neural networks with feedback loops or
backpropagation through time. Before the neurons get momentarily disabled, it fires for
a limited time and enables other neurons that fire at a later stage.ai hdditional

time variable that is not in muliayer perception (MLP). This additional featuretiodé
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Amemory | inedo will allow the model to not

input.

Hochreiter and Schmidhuber introduced LSTM in 1993TM is a better versioof

RNN. RNNhas an architecture that embeds the memory concept, yet they suffer from a
certain problem called "the vanishing and exploding gradient problem”, LisEVa
solution that avoids this problem. The notion in LSTM is te phe last output in
memory and use that #geinput for the following stepThe studyconductedy Namin
andNamin on forecasting economic and financial time series in 2018 depicthéhat
LSTM algorithns are superior and outperform traditiorbhsed ther time series
algorithm as the error reduction ratesurned ardetween 887% (Hua et a).2019
Yeom,Kim&Chung2 020) . Moreover, the study al so
of training times has no effect on the performance of the trained forecast, and it shows
just an unsystematic behaurq SiamiNamini & Namin 2018)Bandara, Bergmeiand
Hewamalage (202@tateghatthe LSTM techniquearemore efficient than many other

univariate forecasting methods in their study on multiple seasonal cycles.

3.3 Current Level of Adoption

As per the recent study published Imgernational Research Organisati{#2020), decisin
augmentation is the most widely adopted Al technology, which uses predictive and prescriptive
analytics. The study gave the following results as shown in Chart 4. The key findings of the
study undertaken in 447 companies in North America are as folkmwty-eight percent of the
selected subjects reported either deploying or piloting an integrated systerthFestpercent

of the subjects surveyed mentioned cost as one of the topmost barriers for adoption. Hitherto,
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most companies focus on descriptarel diagnostic use cases and predictive to a limited extent.

Hardly any companies fully explore prescriptive decision augmentation.

Planning to Pilot
after 3 Years
8%

] Knowledge
Gathering/Investi
gation/Developm

ent Strategy

13%

® No Plan/Not Sure
1%

Chart.4: Stages of Adoption (nternational Research Organisation Artificial
Intelligence Trends: DecisionAugmentation,2020)

In the same study of AArtificial Inlemdtiaedl | i gence
Research Organisatip8020), barriers to adoptiomere explored, whiclredepicted in Chart

5. Although adoption has a lot of advantages, most of the companies surveyed mentioned that
acquiring skilled people was the greatest barrier. It is worth mentioning that the respondents do

not consider data collection as a high barrerjt was the lowest considered barrier. Other

barriersto their rate othebarrier are given in the following chart.
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Chart.5: Decision Augmentation barriers adapted fromInternational Research Organisation(2020)

3.4 Major Gaps in theL iterature

Certainly, it was found tha¥lL in the eprocurement of hospitalityeeds more attention and
development in the field of research, especially in academia. Though hospitality is gaining
attention, the studies are mainly to forecast hotel occupansyor flow, travel package
recommendations, tourism marketing knowledgyed so on(Grover & Kar, 2017). It is also
noticeable that there are industrial publications, but these too are restricted to a few of the major
streams like travel and tourisnmdanot particularly @orocurement in the hospitality industry.

The pieces of literatureeviewed either focus on framework or data analytics. Thenetia

single paper thatommendsthe enhanceent of the grocurement systesnwhile giving

importance talata analytics too. This would be the major gafhe literature and my studg
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