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Abstract

The hospitality and tourism sector has long played a significant role in Australia’s economy, especially in regional areas.
Due to the onslaught of COVID-19, numerous businesses have experienced lockdowns, restrictions, and closures due to
the fact that people’s activity in restaurants, shopping centers, and recreational destinations was restricted, and many other
places went into hibernation. After about 2 years since the outbreak, businesses in this sector are gradually starting to reo-
pen and revitalize themselves, but in order to have better decision support about the future of this sector, thus being able to
plan, businesses are suffering from an effective analytics solution due to the lack of broken data trends. Starting from fresh
day-to-day real-time big data, the study aims to develop a new data analytics model, adopting the design science research
methodology, which can provide invaluable options and techniques to make prediction easier from immediate past datasets.
This study introduces an innovative design artifact as a big data solution for hospitality managers to utilize analytics for
predictive strategic decision-making in post-COVID situation. The artifact can also be generalized for other sectors with
tailoring aspects which are subject to further studies. The proposed artifact is then compared with other design artifacts
related to big data solutions where it outperforms them in terms of comprehensiveness. The proposed artifact also shows
promises for primarily available UGC in managers’ decision support aids.

Keywords Big data - Data analytics - Decision support - Hospitality - Tourism - Machine learning

1 Introduction types of trading processes attract and enable people to travel
and make growth in various occupations such as cafe and

The Australian and New Zealand Standard Industrial Clas- restaurant managers, retail managers, bar attendants, and

sification (ANZSIC) categorizes hospitality businesses
encompassing different trades such as accommodation,
food, and beverages, which are served by cafes, restaurants,
and takeaway food services; pubs, taverns, and bars; hotels,
motels, and other accommodation; and hospitality clubs [6].
This sector plays a significant role in Australia’s economy,
particularly in regional and rural development [27]. These
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receptionists. According to The Australian Tourism Indus-
try [49], the total spending by domestic tourists and inter-
national visitors was $152 billion in 2019. However, the
spread of COVID-19 in early 2020 impacted the hospital-
ity and tourism sector seriously in Australia. According to
the Australian Bureau of Statistics [5], largest falls in gross
value added (GVA) among industries were seen in tourism-
and hospitality-related industries, reflecting the restrictions
imposed on movement. In addition, COVID-19 impacted
regional employment seriously. For example, in food and
beverage services, employment dropped from 818,900 in
2019 to 575,400 in 2020 [6]. The International Air Transport
Association does not expect international travel to return to
previous levels until 2024.

As comprehended, due to the nature of the hospitality
sector, this industry has been at the forefront of the toughest
restrictions and regulations during the outbreak. However,
after more than 2 years since the outbreak, borders have
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reopened, and restrictions were eased so that businesses
started returning to their normal processes. While many
studies have identified the great potential of big data analyt-
ics applications, such as Miah et al. [30] (impact of local
tourism on business growth), Raun et al. [41] (impact of
destination attraction), and Hu et al. [18] (people movement
analysis), studies are yet to focus on immediate past data for
generating quick indications for managers’ decision support.

In this paper, we introduce an innovative concept of
data analytics solution to assist hospitality managers with
a certain hope of returning to normal and making up previ-
ous losses or relevant decision-making. We aim to achieve
valuable insights by implementing “big data analytics,”
“machine learning algorithms,” and other predictive mod-
els for anticipating what the hospitality sector is going to
learn and observe in their regions. According to Lyu et al.
[26], big data in tourism research can be divided into user-
generated content (UGC) (72%), operations (web searching)
(17%), and the Internet of Things (IoT) (10%). Additionally,
UGC data which plays a key role in tourism and hospital-
ity research has some benefits such as data ubiquity, speed,
and simplicity of data extraction without necessarily pay-
ing cost, but relevant data transformation approaches are
still limited. Design science research (DSR) offers options
for problem-solving research with an interest in address-
ing information solution issues in organizations. The DSR
helps to create computational artifact design to solve prob-
lems [16] by generating new models that may contribute to
improving decision support practices or revitalizing design
processes that are identified for designing and evaluating an
artifact as a value-adding source of new understanding to the
information systems (IS) research field. Since our research
aims to develop a new data solution by analyzing UGC data,
the DSR approach is found to be suitable to answer research
questions. However, some methodological and ethical chal-
lenges might be faced considering the acquisition of a huge
size of the dataset. Hence, our main research question relates
to investigating the design activities of an innovative big
data analytics solution for hospitality managers, as follows:

RQ: How can we design a big data analytics solution for
the hospitality industry?

In order to reach a preliminary response to our question,
we use real hospitality data and try to implement a big data
solution, adopting a supervised machine learning (ML) tech-
nique and some predictive models to see how impactful they
all together would be. This paper can be seen as an important
attempt to design a data analytics model for post-COVID
time data transformation, which could assist the hospitality
industry’s growth in the future. To the best of our litera-
ture review, although data analytics using ML have been
implemented in the hospitality sector previously, limited
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evidence is found regarding existing approaches that may
offer a data-driven solution to deal with the post-pandemic
situation (e.g., for the regrowing of businesses).

The rest of the paper is written as follows: Sect. 2 dis-
cusses the relevant literature on the application of big data
analytics in the hospitality and tourism industries. Section 3
gives details of the design science research methodology,
and subsequently, we specify details of the data solution
framework, illustrating how to implement a related data-
driven prototype. We then address the significance of visual-
ization by providing relevant snapshots based on our sample
dataset analysis. The last section discusses the contribution
of the study, followed by the future perspective.

2 Related works

In this section, the paper includes a short literature review
to understand and interpret existing works and data-driven
methodologies in the field of tourism and hospitality.

2.1 Big data analytics research

Big data has opened new avenues for conducting data analyt-
ics research to improve the supporting mechanism of deci-
sion-making [40]. Large datasets are becoming increasingly
available as technology advances in operating businesses.
Various sources of data such as CCTV cameras, uploaded
photos and videos on social media, digital texts, and UGC
may provide input or insights that are to be significant ele-
ments for analysis. Xiang et al. [52] suggested that because
of the nature of big data, it provides large details of unstruc-
tured information about experiences, sentiments, interests,
and ideas. In general, the strategic value of big data in the
field of tourism has been addressed by several scholars
[20]; [25], [28] in areas relevant to destination preference
and management. Although research is at an early stage
(e.g., mainly for information systems design), the tourism
industry, as a data-intensive industry, has the potential to use
these possibilities, particularly for destination managers in
the context of tourism planning and operations [18].
Previous literature has introduced various analytics meth-
ods using ML techniques. For instance, Miah et al. [30] used
geo-tagged photos shared by tourists on social media to
analyze and predict tourist behavioral patterns in Australia.
They used several commonly accepted big data analytics,
such as textual metadata analytics, to capture tourists’ prior-
ities over destinations. Additionally, they applied clustering
techniques to the geographical data to identify interesting
locations and the flow of people in those places. Chang et al.
[9] applied deep learning solutions for sentiment analysis in
the airline industry to demonstrate the impact of COVID-19
on the feelings of passengers in several aspects. The work
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by Chang et al. used Tripadvisor to extract flight informa-
tion, and they used average ratings for services such as cus-
tomer service, cleanliness, food and beverage, and value for
money. For data analysis, they utilized aspect-based senti-
ment analysis, deep learning—based natural language pro-
cessing (NLP), and visualization. These studies are limited
to focus on people activity data insights to assist hospitality
managers and hosts to plan for their future business growth.

Biswas et al. [8] performed Poisson, quasi-Poisson, and
negative binomial regressions with Airbnb dataset from ten
cities around the world to find the determinants of the num-
ber of customer reviews received by these shared homes.
They used clustering techniques to make clusters of cities,
and for each cluster, they applied regressions separately.
Biswas et al. [8] concluded that hosts could receive more
reviews by improving six areas, namely, “website, host,
property, historical reviews, rental policies, and availability”
(p- 5). Giglio et al. [15] applied a supervised ML approach to
capture images posted on Flickr to extract tourists’ behavior
and find out which areas are more attractive to them in Italy.
Martinez-Torres and Toral [29] utilized an ML approach
to distinguish between positive, negative, deceptive, and
non-deceptive online reviews in the hospitality sector. They
performed classification methods such as SVM, K-nearest
neighbor, and gradient boosting random forest. Findings
suggest that their model offers options to separate between
deceptive and non-deceptive reviews by their polarity ori-
entation. These studies show promises in conducting a new
experimental design study in the hospitality industry.

Analytical approaches can provide managers with insights
into which model(s) might be suitable to apply in their
specific context. Whether they seek to predict a continu-
ous value or discrete value, managers can resort to various
machine learning approaches and visualizations.

Table 1 shows the top 10 relevant studies of analytics
design in hospitality management that utilize various ML
approaches.

2.2 Critical analysis

Tourism literature has several attempts to capture big data
analytics as a tool for prediction. For instance, Miah et al.
[30] designed an artifact for analyzing geo-tagged photos
of users shared on Flickr social media. Their approach fol-
lows “big data analytics,” which intends to assist hospitality
managers in strategic decision-making. Their artifact con-
tains four stages: textual meta-data processing, geographical
data clustering, representative photo identification, and time-
series modeling. They adopted the principles of design sci-
ence research, and they suggested an IT artifact that is able
to capture tourists’ destination patterns and behaviors. Raun
et al. [41] developed a methodology to capture visitor flows
using mobile positioning data (big data). They measured

three out of five measurable dimensions of a tourist’s des-
tination as temporal, geographical, and compositional and
concluded which destinations are more popular among vari-
ous nationalities. Similar to this, Giglio et al. [15] introduced
a big data model to identify the tourism’s location of inter-
est. They applied an artificial neural network model to train
millions of images shared on Flickr platform and then used
clustering techniques to homogenous group observations.
Most literature in this area suggested possible techniques,
theories, and approaches,however, the lack of suggesting a
design artifact is obvious. One positive point about having
an artifact is that although some sort of abstraction is used
in its design, it can be implemented and thus be created.
On the other hand, theory goes beyond the existed artifact
and entails additional knowledge [16]. The theory that is
considered in design science research model is called design
theory which contains more prescriptive knowledge rather
than descriptive knowledge [16], which is more useful for
our prediction purposes as the future embraces the use of
predictive and prescriptive analysis for big data analytics.

Geerdink [14] designed a specific kind of reference archi-
tecture developed by Angelov et al. [4] for predictive analyt-
ics using big data and open data sources. The big data solu-
tion reference architecture model contains three ArchiMate
layers as business layer, application layer, and technology
layer. Application and technology layers mostly deal with
the required computation systems, storage, and technical
infrastructures which are beyond our research purpose; how-
ever, business layer that intends to use predictive big data
analytics is our research interest. Despite analyzing a good
reference architecture, the main focus of Geerdink [14] is to
suggest a reference architecture based on big data for predic-
tive analytics, not necessarily suggesting big data analytics
models or algorithms. Our study is contributing to the lit-
erature in terms of suggesting an artifact, possible big data
models, and some real applications in the hospitality sector.

Previous literature extensively discussed big data analyt-
ics and its related artifact solutions separately. For example,
L’Heureux et al. [22] discussed machine learning approaches
and potential issues for big data analytics. On the other hand,
[45] analyzed the fundamental role that big data can play in
bringing insightful information to managers regarding their
customer’s demands. They designed an analytical framework
to assist managers in achieving their goals and, at the same
time, meet their customer’s needs. The paper develops big
data tourism analytical (BDTA) framework but without any
empirical testing of the model.

Our study integrates big data analytics with a novel arti-
fact managerial solution that, to the best of our knowledge,
has not previously been discussed. Another aspect of this
study that makes it unique is the implementation of design
science research. Design science is critical for building a
successful artifact in a special field.

@ Springer



Personal and Ubiquitous Computing (2023) 27:1509-1519

1512

[61] eAOYUSYOdAIS pue ONUILITY]

[1¥] T8 10 uney

[67] TeI01, pPUR SAIIO]-ZAUNIRIN

[vc]l e o7

[0¢] e 30 N

[16] Te 3o Sueryx

[S1] Te 30 o1S1D

[8] 'Te 10 semsig

[6] 'Te 10 Suey)

[0€] T8 32 Yoty

sordwA[Q o3 Surpunoxins
SONSST PIEMO) JUSWIIULS sowren-jsod
pue -o1d ur soouaIRyIp SurzAeuy

JjuowRSeuRW

uoneunsap JIoj eruojsH ur [[ed suoyd

o[iqowr ug1a10j 9y} Jo ejep JuTWeoT
uo paseq aseqeiep e 3urdofarsg

SMOTADI

JO UOIIBIUALIO JUSWITIUSS JY) pue

soynquie onbrun Jo 39s & UO paseq

yoeoidde sisATeue Juajuoo € SMo[[0f
pue 10309s Ajeirdsoy o) uo Sursnoo

IONIM], UO SIOqUIOUT

douarpne [eroos J-doy oy Jurkynuapr
Jo o[qeden sr jey) wsiueyodWw ursn)

ue)jeyURIA Ul UOTE]
-ndod [210Yy 21MU? 31} JNOGE SMITAI
auruo o} paje[ar Aiyenb uorewWIOJUT

Jo swre) ur suropjerd Sururuexq
SISLINOY UBIe)] JOJ 9AT}

-oe1e a1e saoe[d Yorym SULISA0dSI(]

POATRIDI SMATARI JOWO)SND SUIZARUY

s10adse

[BISAQS UI JUSWIIUSS [9ART) I9TUIS

-sed uo g1-AIAOD jo 1edwr ay)
djen[eAd 0} smaraal JySry Sururwexyg

Sunjew-uoIsSIOop

0139)enS I19Y) 10} Juowaeur
UOnEUIISAp JO SANSSI SUISSaIppy

[ennau Jo ‘9AT)

-e3ou ‘oanyisod se way) SuIkJIsse[o

Aq suo1ssardxa [euonowa 10eNXd
0) pauLiojaad sI SISAeuE JUAWNUAS

sar3ojopoyjow
yoreasar usisop payroads-un pasn

sar3ojopoyiow
yoreasar uSrsop payroads-un pasn

sar3ojopoyjow
yoreasar usisop payroads-un pasn
P399
-100 a1om weidoxd uoyiAg e Suisn
ejep 3unjooq pajeadar rowoisn)

(901n0s S)1 pue JudW
-1JUAS ONUEBWAS ONsISUI) SaIn)ea)
Inoj sey marAal y “Ajienb uon
-BULIOJUT 1O} }IOMAWERI) B paudIsoq
sar3ojopoyiow
yoIeasar u3isap payroads-un pasn)

sar3ojopoyjow
yoreasar usisop payroads-un pasn
sar3ojopoyjow

yo1easar usrsep payroads-un pasn

saury
-opIng udAas (£007) S.'Te 10 JouAdH

yoeoidde Jururw 1x9) pasny

Sunyjoen pue uruonisod a[iqow pasn

15910J Wopuel 3unNsooq JuarpeIsd
pue ‘I10qUSToU JSATBAU-Y ‘INAS POSN

auryoew
103094 110ddns pue y(qT pesn

[opour
SOLIJOWOUO0d puk SUTUTW JXd) Pas()

sonAeue 1x9) pue A PN
sonbruyo9) Surraisnyo
snid yoeordde TN pesiatodns pesn

MOTARI
Jowo)snd 3uizA[eue 10 TN PasN

uon
-eZI[ensIA ‘qIN paseq—Surures] deaq

sonAeue a3ew]

$3son3 pue sjsoy
Jo saanoadsiad 1onimy, uo sordwA|Q

eyep 3unjoeI) d[Iqowr
Suisn suoneunsap WsLINO) SULINSBIN

10309 Aypejidsoy oy ur
SMI1AI 2A1}d299p JO UOTIBOYNUPI
9 10§ yoroxdde Surures] suryorw Y

IONIM], UO SOJUD
-Ipne [e100s anfeA-ySiy jo Suryuey

uon
-e31)SOAUT BIRP Je[nuUeI3 9[eds-a3Ie] Y

wIS1INO) pue

Ayendsoy ur sonAeue eIpaw [BIO0S
SSouQAT)ORI)E

WISLINO) AJNUSPI 0} BIPAW [e100S JUIs()
Surraysnyo
SuIsn SMOIAQI JOWO)SND JO JUNOD

9} JO SIURUIULIDIOP ) SUTUIUexH

Ansnpur
aurpre 9y ur Jurured] doop Sursn
JUAWNUIS paseq-1oadse Sunorpaid

s1sA[eue Jo1ARYRq
JSLINO) IOJ poylow sonk[eue ejep sig

sioyny

ISI13 Wwa[qoid

se1So[opoyjou YoIeasay

spoyjew [eonAeue pasn

sorpmys oy Jo jurod urew ay [,

Juowageuew Arelrdsoy oy ut sarpnys Jueadal 0 do, | sjqel

pringer

Qs



Personal and Ubiquitous Computing (2023) 27:1509-1519

1513

3 Design science research methodology

Design science research has been a popular research meth-
odology for IS researchers due to the fact that it enables the
creation of new knowledge from the design and evaluation
of new artifacts. In this research, we adopt a significant class
of design science called the computational design science
paradigm which is rapidly growing for its supportive guide-
lines to develop a novel ML-based data analytics framework.
For the hospitality industry, the proposed innovation is to
meet the standard of supporting managerial insights that
are needed to better enable them for future planning. The
computational design science research will be adopted in
this research (extending the framework of DDSR given by).
According to the computational DSR provides IS scholars
with three guidelines to design an innovative artifact, which
can be an algorithm, computational model, and prototype
solutions for advancing the current data solution applica-
tions. The guidelines we applied in our design research are
given in Table 2.

Previous literature used DSR for designing and evaluating
solution artifacts for stakeholders such as Singh and Miah
[48], who argue that big data management and data analytics
are the critical aspects of a design artifact. Moreover, Miah
et al. [32, 38] utilized DSR to design and develop their Peo-
ple Tracker artifact, which is based on other design studies
[32, 34, 38], Miah et al. [33], Miah et al. [35]). They believe
that DSR is not only a methodology for designing an artifact
but also can be used for researchers to learn from artifact
solutions. Also, compared with the design science methods
by Peffers et al. [39] that provide various design steps such
as identifying the problem, defining the solution objectives,
designing and developing, demonstrating, evaluating, and
communicating, it is important to outline a specific method-
ological approach that may better guide our design research.

3.1 Big datain hospitality

According to De Mauro et al. [10], big data is an informa-
tion asset characterized by its high volume, velocity, and
variety, which requires specific technologies and analytical
methods to extract value from it. Due to the increased avail-
ability of the Internet around the world, social media activity
has increased, and a large number of user-generated content
(UGC) such as posts, images, videos, or reviews are being
posted by people every day [47]. According to Lyu et al.
[26], about 72% of the big data in tourism and hospitality
research is derived from the UGC. UGC is defined as crea-
tive work that is published on publicly accessible websites
and is created without a direct link to monetary profit or
commercial interest. It can be as forms of consumer reviews
(e.g., Yelp), personal blogs, microblogging platforms (e.g.,

Table 2 Three design science guidelines adopted in this study

In this research

Descriptions

Guidelines

The artifact design in this research addresses the characteristics

The artifact design should be inspired by key domain char-

Design inspiration: design meeting problem domain’s rules

of the hospitality and tourism sector for data acquisition. For

acteristics. For instance, developed a healthcare artifact in
which key contextual cues from the electronic health records
guided a novel Bayesian multitask learning approach for the

prediction of relevant events

example, data capturing on people’s activities and interactions
led us to design an artifact with its appropriate contextual

elements

The design of the artifact has not been previously introduced. It

Design researchers must demonstrate the innovative nature

Novelty demonstration: defining technical superiority

is novel because we combined existing ideas to apply them in

solving data solutions in the hospitality industry

of the artifact with its technical superiority by comparing
baseline approaches via quantitative metrics (e.g., accuracy,

precision, recall, F1, and others)

The artifact’s design requires basic knowledge of machine

Artifact’s design should contribute situated implementations

Key contributions of implementations: leading new IS knowl-

learning and visualization to be implemented. With the base
knowledge, it can bring value to the hospitality industries

or design theory (e.g., design principles) and/or well-devel-

oped design theory to the IS knowledge base [16]

edge

(cafes, restaurants, and pubs) and tourism industries (hotels

and motels)

@ Springer
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Tumblr), social networks (e.g., Facebook), and media-shar-
ing tools (e.g., YouTube) [37]. As a “digital footprint,” UGC
has a number of advantages in the research context, includ-
ing data availability, speed, and simplicity of data collection.
However, a large amount of data imposes problems in col-
lecting, organizing, and analyzing the bulk of this material.
In addition, extracting the identity of UGC creators and their
locations creates methodological and ethical challenges.
With all limitations, UGC is still popular among researchers
to extract people’s mobility patterns, including visualization
of digital footprints, sentiment analysis of consumer reviews,
and tourist experiences [25].

Various methods, analytical techniques, and machine
learning algorithms can be applied to UGC big data and
other sorts of datasets. Some top analytical approaches for
the UGC analysis that may have potential for our artifact
design innovations are sentiment analysis, clustering, clas-
sification, regression, ensemble methods, density-based
models, ANN, and content analysis.

4 Design and development
4.1 Big data analytics method

Applying forecasting models for transforming big data is
new to tourism research, e.g., for capturing tourism demand
by using various analytics techniques [17]. For example,
some website traffic data, such as Google Analytics website
traffic indicators, can be utilized to develop forecasts which
improve managerial decisions. In this study, we propose
a problem—solution framework based on data analytics to
address the most current issues of exploring future direc-
tions for business growth. As a core part of the proposed
data analytics solutions, the visualization, in our viewpoint,
can significantly assist hospitality managers in planning

their customer’s growth and retention for the future. We take
either numeric datasets or UGC as input leading to gen-
erating managerial implications and planning solutions as
output. Various tools can be used as forecasting tools, such
as vector autoregression models [17], time series models
[3], and seasonal autoregressive integrated moving average
(SARIMA), which are often used in tourism forecasting [7].
Figure 1 shows the methodology with the sequence of activi-
ties in the proposed solution.

Figure 1 shows how a specific dataset can be utilized
to generate insights. Both types of datasets in our model
might be used for generating different analytical methods.
For instance, one set of UGC retrieved from a social plat-
form can be interpreted via sentiment analysis. The last part
is the insight that is the result of our analytical implementa-
tion, which can be used for planning and managerial deci-
sion-making. Additionally, Fig. 2 is the big data analytics
framework as an extended illustration of how our proposed
analytics solution would operate.

As shown in Fig. 2, two main sections, big data and data
analytics, have been integrated and make big data analytics
as a comprehensive artifact. “Big data” section generally
deals with data management which entails processes and
required technologies to acquire, store, prepare, and retrieve
data for further analysis. “Data analytics” section refers to
the techniques and models applied to big data to gain intel-
ligence [13]. In addition, data pre-processing is applied once
we extract our data from external sources,this is to ensure
that the dataset is consistent and is ready for analytics. The
next step contains data sampling and feature extraction,
which are necessary when we are dealing with high-dimen-
sional big data and when we have imbalance class(es) [43].
Moreover, according to Seiffert et al [44] imbalance class
issues regarding big data may make the machine learning
model biased toward the dominant class(es). Data sampling
will alter datasets in such a way as to treat this issue. To

Fig. 1 Big data methodology

Numeric

Dataset

Applying Various Analytical Methods

Visualisation

Forcasting tools

Analysis and Decision Making

Managerial implication

Planning
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Fig.2 Big data analytics
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execute a supervised machine learning (e.g., regression,
classification), for example, splitting data into training and
testing is necessary for building an ML model. After training
the machine, it is ready to be used for prediction, and also,
its accuracy can be measured by using a confusion matrix.

The proposed solution architecture in Fig. 2 illustrates
how the input (numeric data, UGC) is going to convert into a
model for managerial decision-making in the hospitality and
tourism industry. In the framework’s first step, the big data
(e.g., customers’ flight satisfaction retrieved from a social
platform) is collected. In general, data can be structured like
tabular reports and spreadsheets or unstructured like pho-
tos, texts, or videos [13]. Then, it is sent for pre-processing
(e.g., data cleansing, data integration, stop word removal,
or another anomaly removal). Data pre-processing is a vital
step that usually contains identifying possible anomalies and
cleaning them. Moreover, data cleansing deals with detect-
ing and correcting errors in datasets [42]. Subsequently, it
is ready for the next step, which is feature extraction and
sampling processes. As mentioned earlier, feature extrac-
tion and data sampling are mainly used for treating high-
dimensional and imbalanced class datasets, which is very
common in large datasets. Following that, the sample data
will be sent for separating into training and testing datasets
(i.e., for supervised machine learning such as classification
or regression, we need to split the data into training and
testing). Based on what a decision maker seeks as an out-
come (discrete or continuous value), predictive techniques
can be categorized as regression (continuous value) or clas-
sification (discrete value) [13]. Data analytics models such
as visualization and forecasting can be applied to generate a
draft model. After evaluating its validation, it is going to be
converted into a solid model that can be used for prediction,
planning, and decision-making.

For an industrial application, for example, when custom-
ers’ flight satisfaction is retrieved from a social platform, it
probably requires some pre-processing as they usually come

from various heterogenous sources in unstructured formats
with inconsistencies and noises [1]. In order to increase the
quality of a dataset and thus a predictive model, data pre-
processing is necessary. Different data sampling and feature
extraction methods can be applied after the pre-processing
step. Subsequently, data is ready for applying one or multi-
ple analytics models. Choosing supervised machine learning
methods (e.g., regression) requires data split into testing and
training,however, unsupervised methods (e.g., clustering) do
not require training. Visualization can also be a useful tool
for dealing with extracting intelligence from big unstruc-
tured data [23]. There are several visualization models such
as histograms, heatmaps, bar charts, pie charts, and spider
webs. For instance, Talon-Ballestero et al. [46] utilized two
visualization models for their big dataset, namely chromo-
some proportions plot and the spider web representation.

Similar kinds of frameworks have been used by schol-
ars in different research papers. For instance, Dittert et al.
[11] depicted a big data analytics framework for small- and
medium-sized companies (SMEs), which includes the steps
as follows: define a task, collect and analyze the data, choose
and set up a model, format data, evaluate results, and report
to decision makers. Another model was the cross-industry
standard process for data mining (CRISP-DM) which is the
most commonly used framework for data mining solutions
introduced by Kotu and Deshpande [21] and shows different
steps of the data mining process in a business environment.

Although some big data analytics frameworks have been
suggested previously to deal with business problems, our
model specifically focuses on the hospitality and tourism
industry. Due to the nature of this industry and the high
volume of UGCs and unstructured data, pre-processing is
an important step before entering the data analytics sec-
tion. Also, visualization was considered in our framework,
which makes it richer because, as illustrated in Figs. 3, 4,
and 5, visualizations can provide highly valuable manage-
rial insights.
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Fig. 3 Income of deluxe rooms in different seasons (2010-2019)

4.2 Visualization for the validity of the proposed
framework

Visualization through plotting and scattering using Python
language would provide support for transforming helpful
data. As a case demonstration, we extracted “customer
flight satisfaction” and “hospitality cash flow” from https://
www.kaggle.com/. Customer flight satisfaction consists of
the details of customers that have already flown with them.
The feedback of the customers on various contexts and their
flight data has been consolidated. The main purpose of this
dataset is to predict whether a future customer would be

satisfied with their service, given the details of the other
parameter values (Fig. 5). The hospitality cash flow dataset
shows the inflow of income into this sector separated by dif-
ferent services (room types and restaurants) as it is shown
in Fig. 3. Figure 3 shows the income generated from deluxe
rooms in various seasons.

As it is shown in Fig. 3, seasons are shown in different
colors. The X-axis is the year, and the Y-axis is Income_
Deluxe_rooms_$. For example, in 2010 during spring,
summer, and winter, the hotel’s deluxe rooms made a good
income each season of more than $260,000. However, in
fall, it was less than $160,000. In spring 2019, deluxe rooms
made income just above $220,000, but in summer, winter,
and fall, the income was less than $180,000. Figure 4 is very
helpful; it shows the advertising/marketing expenses from
2010 to 2019 in various seasons.

Based on the chart (in Fig. 4) in 2010, 2011, and 2012,
marketing expenses increased in winter, and 2013 dropped
significantly. In 2019, spring, summer, and winter expenses
were almost around $80,000; however, in fall, it was around
$50,000. Figure 5 shows how males and females were satis-
fied with their flight experience.

As you can see, between the ages of 40 and 50, more men
were dissatisfied compared to women. On the other hand,
between the ages of 20 and 30, more women were dissatis-
fied compared to men. The flight company should pay more
attention to men in 40-50 and women in 20 to 30.

In summary, Figs. 3, 4, and 5 are illustrative examples
of how the big data analytics framework (Fig. 2) can be
followed for generating information for managerial deci-
sion-making. For example, the flight customer satisfaction
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dataset was collected as a sample from the Kaggle website
to do some visualization. After preparing the dataset such
as removing some unwanted columns, it was then tested
to make sure which visualization technique can be more
informative (e.g., bar chart, pie chart, and plotting). Finally,
after testing and comparing the visualized model with our
real dataset, then, a brief report will be added to explain the
visualized model.

5 Discussion and conclusion

This research intends to bring a new requirement for devel-
oping a big data analytics solution. As an initial component,
we described insights that are valuable for managers in the
hospitality and tourism industries and what can be captured
from the UGC big data, but also, it can be applied to numeric
data (as shown in the visualization as a proof of concept).
Although previous literature has extensively worked on big
data analytics in the tourism industry, our attempt was to
enhance our design understanding of data analytics solu-
tions for improving business practices in the post-pandemic
situation, providing a solid data-driven solution for busi-
ness revitalization. In this paper, we tried to introduce a
novel framework that aims to capture UGC or numeric data
applying them to précised analysis for providing managerial
implications for future planning. In the future, we intend to
develop a meta-artifact so that it would be able to work for
other industries apart from hospitality and tourism. Accord-
ing to Miah et al. [36], previous successfully implemented
empirical works in applying DSR methods and strategies
can be generalized as new knowledge to design more gen-
eral solution concepts as meta-artifact. However, this might
be quite challenging because, as mentioned, designing an

artifact requires familiarity with the characteristics of the
domain of interest. So, although designing a more general
artifact that can bring analytical value to more industries
might be challenging, it is not far from imagination. Moti-
vating into data analytics design research for making more
effective decisions and guidance to “navigate our digital
future,” we enhance the current knowledge of computational
DSR for better research support and guidance for future Al
research, in our case, leading to designing smart automa-
tion for better data-driven strategic decision-making in this
business domain. For exploration of current idea in terms
of its generalizability, further research may extend big data
analytics research in other problem-solving domains (e.g.
higher education [2, 12, 31] and healthcare information man-
agement [2]).
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