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ABSTRACT

The tourism industry has experienced huge growth of business volume in recent years leading to a
rapid increase in the amount of data being generated. To leverage these data, tourism companies can
greatly benefit from incorporating business intelligence tools in their daily operations, which can
contribute to the creation of new value and to sustainable growth. In this work, we develop a business
intelligence solution for Parques de Sintra - Monte da Lua (PSML), a public company that manages
ticket sales for some of the most visited cultural attractions in Portugal, which are part of the UNESCO
Cultural Heritage. We optimize their current transactional database structure for data analysis by
following a dimensional modelling methodology. Then, we develop three dashboards on top of the
resultant model. Each dashboard aggregates different visuals and provides information from different
perspectives of the business, namely sales, attractions, and customers. We analyse the layout and
visualization capabilities of the dashboards and provide insights regarding data interpretation. With
this work, we provide the PSML team with a tool that can aid in the quick monitoring of their business
at different levels and has the potential to inform decisions and strategies in the areas of sales, logistics,
advertising, and customer satisfaction.

KEYWORDS

Tourism management; Data visualization; Business Intelligence; Ticket management; Cultural
tourism
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1. INTRODUCTION

Companies that canretrieve insightful information from data stored in daily transaction activities have
a competitive advantage in the industries and markets in which they operate (Nyanga et al., 2019). As
such, information management systems and reporting tools that allow for insightful data visualization
and analysis are increasingly being used. Companies and institutions that wish to apply these Business
Intelligence solutions are required to continually store data and structure their databases to optimize
the process of data reporting (Pencarelli, 2020). In this context, tourism companies that adhere to
information management systems, at the level of database management (Lopes et al., 2019) and
business intelligence solutions (Vajirakachorn & Chongwatpol, 2017), as means to improve their
revenue (Fuchs et al.,, 2014), advertisement (Chugh & Grandhi, 2013) and customer satisfaction
(Berezina et al., 2016), as well as cultural and landscape preservation (Yang & Han, 2020), can do so in
a smart and sustainable manner, one that ensures present and future desirable outcomes (Fuchs etal.,
2013). Business intelligence (Bl) approaches have been applied in various aspects of the tourism
industry such as hotel performance (Girsang et al., 2017; Lau, 2020; Lavrador & Laureano, 2019),
tourism destination management (HOopken et al., 2015) and social media analysis (Hyseni, 2017;
Marine-Roig & Anton Clavé, 2015b; Miah et al., 2017). Specifically, in culture tourism, Bl techniques
have also been applied in recent years for user-generated content analysis (Qi etal., 2018) and tourism
information systems (Angelaccio et al., 2013; Lopes et al., 2019).

Inthis work, we follow current advances in the tourism industry and develop and implement a Business
Intelligence solution for Parques de Sintra - Monte da Lua S.A. (PSML). PSML is a public company
responsible for managing, promoting, and protecting the UNESCO cultural landscape of Sintra,
Portugal. The company manages around 45% of the World Heritage area in Sintra, including the famous
Parks of Pena and Monserrate, and important cultural buildings such as the Palaces of Pena and
Monserrate, the Moorish Castle, and the National Palaces of Sintra and Queluz. These sites receive
millions of visitors annually, mostly from other countries, and are a core part of the Portuguese
touristic sector, both in terms of the revenue generated and cultural heritage. Currently, PSML is
storing all the data generated in day-to-day business operations in a relational database format. The
data stored is related to sales values and tickets sold for their cultural attractions, the different
modalities of tickets and payment methods, as well as some information regarding their clients,
including their origin. Since the data is managed in an OLTP environment, despite being able to query
the data on-demand, PSML is lacking an overarching view of their business at different levels, namely
forsales, customers, and cultural attractions. We created a new data model for the company, one that
is optimized for data analysis and reporting. Moreover, we developed three dashboards compiling
dynamic visualizations that aim at providing insightful information regarding ticket sales patterns. The
implemented solution provides PSML with a tool for the company to incorporate practices of smart
and sustainable tourism, by aiding decision making through the gauging of business metrics and
supporting the formulation of business strategies that contribute directly to ticket sales management
efficiency and, indirectly, to cultural heritage preservation.

We must say that during the development of this research, we have submitted a paper accepted to
Journal on Computing and Cultural Heritage.



2. LITERATURE REVIEW

Business intelligence (Bl) is a broad term that includes all the processes, applications and technologies
required for gathering, storing, accessing, analysing and visualizing business data for the purpose of
operative and strategic decision-making (Kimball & Ross, 2015). Therefore, it is widely applied in the
tourism industry because of its ability to provide data-driven decisions in an industry that is
increasingly complex, fast-paced and a competitive global business (King et al., 2000). Experts in the
tourism industry can keep abreast of company dynamics by evaluating and monitoring touristic data,
helping companies to improve revenue (Blagojevi¢ et al., 2020), estimate the market share (Ashiabor
et al., 2007) obtain competitors’ information (Vizjak et al., 2010) and support operational business
decisions such as service positioning and pricing (Mariani et al., 2018).

Several studies have explored various aspects of business intelligence applications in the tourism
sector (Vajirakachorn & Chongwatpol, 2017). For instance, to demonstrate how knowledge creation,
exchange, and application procedures for the Swedish tourism destination can be enhanced, Fuchs et
al. (2013) described a business intelligence method centred on online analytical processing (OLAP). By
analysing more than 100,000 relevant travel blogs and online travel reviews, Marine-Roig & Anton
Clavé (2015) studied the online image of Barcelona to support smart destinations. The author proposes
a method of massive gathering, cleaning up, and analysis of tourism-related user-generated content
data, leading to enhanced branding and positioning strategies among tourism and marketing firms.
Miah et al. (2017) proposed an approach to extract, rank, locate and identify meaningful tourist
information from social media-generated big data to support strategic decision-making in tourism
destination management. The authors used geotagged photos uploaded by tourists on Flickr and
Melbourne, Australia, demonstrating the applicability of the method in assisting destination
management organizations in analysing and predicting visitor behaviour patterns in specific
destinations. In a large hotel chain in Indonesia, Girsang et al. (2017) used Kimball's (1996)
methodology to build a data warehouse to integrate the data sources for providing fast and accurate
access to information and reports from each branch to make decisions. The reports were used to
explain regional information such as rooms, guests and amounts to help with decision making. In
Kosovo, (Hyseni, 2017) analysed the top thirty things to do based on the reviews on TripAdvisor!. The
data were web scrapped and imported into Power Bl? where visualizations were made to provide
valuable information about specific attractions and to support the government and local companies in
enhancing tourist satisfaction. Addressing similar problems, Lavrador and Laureano (2019) utilized the
Bl tools to monitor the performance of the Hotel Resort& SPA from the perspective of its financial
officer. Dashboards were built focusing on Key Performance Indicators relating to the financial
situation and accommodation to define the preferences of tourists. Blagojevi¢ et al. (2020) used the
public open data of the Republic of Serbia to analyse tourists in the last decade. Power Bl was used to
overview different types of touristic activities by Serbian regions and helped to identify the key factors
which could lead to an increase in tourist visits and revenue.

Although with less frequency, Bl solutions have also been applied to cultural tourism. In their research,
de Mooij et al. (2022) searched for patterns that might be applied to data from archives, museums,
and other institutions that deal with cultural property. They highlighted three interconnected
problems—query formulation, source selection, and data source alignment—that researchers may run
into while querying such distributed data sources. To tackle these issues, the authors presented a
multiagent architecture and presented about a prototype implementation of the design using multiple
technologies. Sarti et al. (2022) concentrated primarily on the technical material collection,
classification, and divulgation that led to the creation of a large open-source technical database, which

1 https://www.tripadvisor.com

2 https://www.powerbi.com
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supported the work of conservators, restorers, and researchers for preserving our Cultural Heritage in
response to the challenges encountered in the digitization of photographic and filmic material. Origlia
et al. (2021) organize information on cultural heritage from Wikidata, Wikipedia, and Flickr into a
unified, application-oriented resource that is arranged as a graph database. The authors proposed its
use as a common benchmark for technological applications designed to support the effective
management of cultural resources. They also discussed the potential use of this resource to perform
multiple source analyses targeting the particular case of cultural tourism on a national scale.

Based on the above literature review, the implementation of Bl seldomly focused on cultural tourism
or helping preserve cultural heritage. Therefore, this paper is to demonstrate a Bl solution focusing on
data warehousing and data visualization for a public company that manages ticket sales to support the
team to quickly monitor the business.



3. METHODOLOGY

In this section, we describe the available data and detail the most important methodological decisions
applied to optimize the original PSML database for data analysis.

3.1.DATA

PSML provided historical transaction data comprising the years 2017, 2018 and 2019. The data was
made available in a relational database backup document that was restored using SQL Server
Management Studio® (SSMS). On first analysis, the database contained 159 tables with 1389 columns,
mostly business-related tables such as tickets, events and locations that were mixed with other tables
regarding logs, security roles and empty tables. Figure 3.1 shows the relational diagram of the original
database.
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Figure 3.1 —The relational diagram of the original PSML database

We first checked the objects and their data quality by querying them in SSMS. As a result, we
performed an initial cleansing process, in which tables that were not relevant to answer the needs
regarding the core business of ticket sales management were removed. This removal process also
included empty and log tables since they were unrelated to the core business and could not be
combined into the expected model. Figure 3.2 shows the relational diagram of the cleaned database.

3 https://docs.microsoft.com/en-us/sql/ssms/sql-server-management-studio-ssms?view=sql-server-verl6
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Figure 3.2 — The relational diagram of the cleaned PSML database

3.2. DATAWAREHOUSE DESIGN

In this work, we resort to Moody and Kortink’s (2000) method for developing dimensional models,
from relational models in four steps: Classify Entities, Identify Hierarchies, Produce Dimensional
Models, and Evaluation and Refinement.

3.2.1. Step 1: Classify Entities

The first step consists in dividing the entities (tables) into three categories — Transaction, Component
and Classification. Transaction entities keep track or measure the specifics of certain business
occurrences and events. The two transaction entities identified in the model were “Exhibition Tickets”
and “Exhibition Service”. Component entities are directly linked to a Transaction entity via a one-to-
many relationship and give context to the business events. We identified 8 component entities:
“Discounts”, “Membership”, “Ticket Events”, “Ticket Services”, “Ticket Types”, “Payment Types” and
“Postal code”. Finally, Classification entities are directly linked to component entities, but only
indirectly linked to Transaction entities, and are used to further classify them. Two (2) Classification
entities were identified: “Districts” and “Age Category”. The model with the entities classified is shown
in Figure 3.3.
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Membership Age Category

Exhibition
Ticket

Payment Types
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Exhibition

Districts Service
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«Black: Transaction entities
sGrey: Component entities
«White: Classification entities

Figure 3.3 - Entity classification model of PSML

3.2.2. Step 2: Identify Hierarchies

In the second step, we defined the hierarchical structure underlying the entities’ relationships which
are suggested by the one-to-many relations existing in the database structure. A hierarchy is called
maximal if it cannot be extended upwards or downwards by including another entity. In total, there
were 9 maximal hierarchies in the model:

. Districts > Postal Code > Exhibition Service > Exhibition Ticket
. Discounts > Exhibition Ticket

. Ticket Events > Exhibition Ticket

. Ticket Service > Exhibition Ticket

o Country > Exhibition Service > Exhibition Ticket

o Membership > Exhibition Ticket

. Age Category > Ticket Types > Exhibition Ticket

. Payment Types > Exhibition Ticket

. Payment Types > Exhibition Services > Exhibition Ticket

3.2.3. Step 3: Produce Dimensional Models

In the third step, we generated a preliminary dimensional model by collapsing the hierarchies
identified in step 2. In this process, higher-level entities can be combined into lower-level entities
within one hierarchy (from left to right). Figure 3.4 shows the entity “District” collapsed into “Postal
code”, and Figure 3.5 the entity “Age Category” collapsed into “Ticket Types”.

11
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Figure 3.4 - District Entity “collapsed” into Postal code
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Figure 3.5 - Age Category Entity “collapsed” into Ticket Types

3.2.4. Step 4: Evaluation and Refinement

Hierarchies were collapsed until the component entities’ level and an initial Star Schema design was
reached, containing two (2) fact tables: “Exhibition Ticket” and “Exhibition Service”; and six (6)
dimension tables: “Postal Code”, “Ticket Service”, “Ticket Event”, “Ticket Type”, “Membership” and
“Payment Types”. These tables were related through a one-to-many relationship. Moreover, the fact
table “Exhibition Service”, which shared a relationship with “Exhibition Ticket”, was collapsed into the
latter to reduce model complexity and facilitate comparison between related facts. The “Exhibition
Service” table collected a large amount of ticketing information, which included the number of tickets
purchased by the customer, the total amount, and geographic information. The two tables were
merged into a fact table called “Fact Ticket”. Furthermore, the dimensions of “Ticket Event”, “Ticket
Service” and “Ticket Type” were considered conceptually related, as they describe information
regarding the types of the ticket. As a result, they were merged into a single dimension table “Ticket
Type”, as shown in figure 3.6.

Ticket
Service

Lcke Ticket
TEJ{kahett LJ‘> T y p e

Ticket
Type
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Figure 3.6 - Combining dimensions of Ticket Type

3.3. EXTRACT, TRANSFORM AND LOAD

The transactional data for the period between 2017 and 2019 was acquired from the SQL server
database and loaded to Power BI%. All the necessary model transformations were applied through the
Power Query editor (creating a date table, removing duplicates, removing unnecessary columns,
merging columns, joining tables, etc.). Finally, tables and column names were changed to English and
renamed according to a dimensional model nomenclature. The final model is shown in figure 3.7 and
contains one fact table “Fact Ticket” and seven dimension tables: “Dim Country”, “Dim Location”, “Dim
Payment Type”, Dim Membership”, “Dim Date”, “Dim Discount Type” and “Dim Ticket Type”-

[E] pim_country

Hame

Dim_Date

553

* ok

Fact_Tickat

[B] pim_Lacation

Dim_Discount_Type

_Amount

Dim_Payment_Type

=_Mame

SK_Paymert_Typs

[E] pim_Membership

Figure 3.7 - The implemented dimensional model for PSML

4 https://powerbi.microsoft.com
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4. RESULTS

After defining the dimensional model for PSML solution, we proceeded to develop insightful data
visualizations for the process of ticket management. These visualizations were compiled in three
dashboards — “Overall Performance”, “Attraction Insights” and “Customer Segmentation” — each
pertaining to a different perspective of the business. This section details the results of the data
visualization work carried out in Power BI.

4.1. OVERALL PERFORMANCE DASHBOARD

The first dashboard (illustrated in figure 4.1) provides an overall view of the company’s performance.
It allows the PSML team to monitor sales performance from several points of perspective, namely gross
sales, net sales, discount values, ticket amount, tax paid and average consumption. The totals foreach
perspective are displayed in a card format in the header of the dashboard.

Gross Sales Discounts Tax paid Net Sales Ticket Amount Avg. Consumption
™ groos3me | 5.34Me 17.76M€  [§95.18M€ 10.23M 9.83€

Clients by Country Clients by Age and Payment method Sales Quarterly Trend
@ ATM @Cash @ Check @ Credit Card 20,7V
e ®o 00° 5] 20ME
% . . fau “ 15M€
e ° on’ y :P%:Po ° s I. 10Me€
° 501 &, 8 Family
m og 52°%2 Z & ™ I SME 410
o® B%9° s o0 o ]
°.@ © 000 ome
00 0o © 0 Kid I st
A @ uarter
B Microsoft Bing. © 2022 Microsoft Corporation Terms. oM sM Castelo dos Mouros @Palacio da Pena @ Palacio de Monserrate @ Palacio de Sintra @ Palacio Queluz
Sales Performance Sales Monthly Trend Month Name  %GT sales  Sales MoMS%  Sales YoY%
-
) @Sales —Ticket Amount January 3.01% A 28.23% A 70.29%
7.12M (6.62%) February 422% A 2.04% A 67.65%
March 6.63% A 57.06% A 63.61%
Current April 9.77% A 47.39% A 60.66%
100.53ME dOMIC L May 1051% A 7.55% A 59.49%
June 047% V -0.84% A 5894%
Ta July 11.34% A 19.73% A 56.29%
August 12.38% A 9.15% A 52.15%
107.65M . l September  11.16% W -0.88% A 50.58%
e o October 1024% YV -822% A 52.17%
B o November 5.65% W -44.86% A 59.81%
100.53M€ (93.38%) R " December 471% ¥ -16.60% A 5460%

Figure 4.1 - Company performance dashboard

Looking at each visual, on the top left, it is displayed a map showing the distribution of PSML clients
geographically. Most clients come from Europe, being the top three (3) countries in terms of client
origin are the United Kingdom (UK) (1.9 million clients), Portugal (1.3 million clients) and France (1.1
million clients). Outside of Europe, Brazil is the country where most clients come from, with 0.8 million
clients.

On the top centre, next to the map, a stacked bar chart shows the age distribution of customers and
the preferred payment method for each age category. The majority of the clients fall into the adult
category and, overall, cash is the preferred payment method (3.7 million clients), followed closely by
ATM (2.6 million), whereas other payment methods are residual.

In another column chart (top right), the quarterly sales trend is displayed in a clustered column chart
for the different types of cultural locations. Paldcio da Pena has sales values significantly higher than
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other sights for all quarters. Not surprisingly, due to the influence of the summer season, the third
quarter is the one with higher total sales, with 20.7 million.

On the bottom left, a yearly sales indicator of performance is displayed in a donut chart. A percentage
number shows the remaining proportion of the target for the three-year period. Currently, the target
value used in this chart is merely indicative, since we do not have access to the actual sales target
defined by PSML. Nonetheless, the real values can be easily incorporated allowing for the company to
understand the gap to sales targets more directly.

To measure the monthly behaviour of gross sales and ticket amount, we designed a line and clustered
column chart. As well, a table was created showing the weight of each month in the total sales and
displaying a comparison to the previous month and the same month last year, showing the percentage
differences. Again, we note that summer months achieve higher values of sales and clients. Overall,
March is the month that has the higher increase in percentage of sales compared to the previous
month (57%), which means that sales tend to duplicate from February to March. On the opposite end,
sales tend to decrease almost by half from October to November.

All these visuals can be filtered to show data for a specific year by pressing one of the options in the
year filter, on the top left corner. Figure 4.2 displays an example of the dashboard filtered for 2019.

Gross Sales Discounts Tax paid Net Sales Ticket Amount Avg. Consumption
36.58M€E 1.96M€ 6.37TM€ 34.61ME 3.52M 10.38 €

2017 2018

Clients by Country %Y EZ ---  Clients by Age and Payment method Sales Quarterly Trend
@ATM @Cash @ Check @ Credit Card 6.9ME
° ®o 00® °
& A Lom 11
4 ]
@ s @ d‘%@ ° Senior II
o
° o Cﬁ& ] Fami
(-] ) Family
L 0g 20090 & i II
o o %% o
o8 of® ° ° Young
°.® g0 0@
o, oBoo wa | .
A ® uarter
& vicosoteng - © 2022 Microsoft Corporation. Terms oM M castelo dos Mouros @ Palacio da Pena @ Palacio de Monserrate @ Palacio de Sintra @ Palacio Queluz
Sales Performance Sales Monthly Trend Month Name  %GT Sales Sales MoM%  Sales Yov%
a
®5ales —Ticket Amount January 4.43% 'V -4.20% A 27.34%
7.12M (16.2%) February 468% A 5.60% A 17.46%
e March 7.08% A 51.32% A 16.79%
Current : oam April 10.14% A 4314% A 21.44%
36.58ME May 1077% A 6.25% == 7.85%
June 0.66% W -10.37% A 12.39%
Target July 11.23% A 16.28% == 627%
oav  August 1167% A  3.88% W -1.66%
43.70M September  10.30% W -11.68% W -0.44%
s October 9.65% ¥ 6.33% == 095%
36.58... (83.7%) RCQPPCL IR £ & Nevember 5.81% W -30.80% == 0.41%
! o e o o o s ;
o o December 457% W -21.29% W -127%

Figure 4.2 - Company performance dashboard filtered for 2019

This is the year with more sales, with 36.6 million euros, followed by 2018 and 2017, with 33.9 million
and 30.0 million euros, respectively. Hence, there is a clear pattern of the continual increase in sales
(as well as ticket amount) during these three years. Moreover, the user can also select a field from one
visual and filter other visuals to display only the data for that field. As an example, in figure 4.3 we filter
the entire dashboard to show only data for UK clients in 2019, by pressing the country’s bubble on the
map. In this case, one can see for example, that the month with more sales was October, instead of
August.
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Figure 4.3 - Company performance dashboard filtered for UK clients in 2019

4.2. ATTRACTION INSIGHTS DASHBOARD

The second dashboard focuses on the ticket metrics for the different cultural attractions managed by

PSML. For this purpose, a filter was added at the top of the page that allows the user to select the
attraction to be analysed. Figure 4.4 displays the dashboard filtered for Paldcio da Pena.

Date
Chalet da Avg. Consumption
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Mouros cdla Capuchos Pena Monserrate Sintra Queluz 996 €
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@ Ticket Amount @ Avg. Price 20.73m
10M €14 ELY 17.05M
e12 1w 1224
10M 8.9eM
0.5M €10
5M P 2.97M A8 b 1am
0 [ 0.52M€ D.3me 0 56ME
oM — e
1 4
0.0M €6
z 10 12 1 16 15 @Gross Sales @ Net Sale @ Tax Paid @ Disount Value
Sales by Day Year Quarter Month Name SalesQTD SalesYTD a
-
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Figure 4.4 - Attraction Insights Dashboard filtered for Paldcio da Pena

On the top left, a double-line chart displays the number of tickets sold and the average price per hour
(limited by opening and closing hours), being the period between 10 am and 12am the one with more

tickets sold, while the opening time (8 am) displays the higher values of average price. This may have

to do with the fact that in the early morning period, visitors are adults without family that do not get
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any discount. This visual can assist the company in analysing customers’ time regularity and
consumption habits on purchasing tickets.

This page also displays the quarterly trend for each metric and the quarter-to-date and year-to-date
sales values, through a clustered column chart and a table, respectively. On the left side we can see a
line chart that displays the sales evolution across the timeframe considered. It directly shows data
fluctuations over a large time range, based on which sales teams can quickly find outliers among
historical data and spot commercial possibilities. This visual confirms the high seasonality of PSML
business. To help predict sales trends and support planning for future strategies, a forecasting (red line)
was performed on the daily sales for each attraction. The forecast can easily be updated to
accommodate new data for 2022 and on.

4.3. CUSTOMER SEGMENTATION DASHBOARD

Lastly, the Customer Segmentation dashboard (shown in figure 4.5) displays information that can be
used for the PSML team to monitor the most critical customer features and it is divided into several

charts.
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Figure 4.5 - Customer Segmentation Dashboard

One piece of information that can be extracted from the customers’ transaction data is the discounts
applied in ticket sales. The bar chart shows on the top left show the customer amount forthe ten most
used discounts. “Grupos 11+”, which stands for groups with more than eleven members is the discount
type through which more clients buy tickets (352K clients). The client’s preferred payment method,
the age distribution of clients, preferred attractions and their country of origin are presented more
specifically in this dashboard. With the year slicer and drill-down of visuals, the detailed performance
can be observed more easily.

In addition, the district distribution for Portuguese customers is displayed through a stacked bar chart
(top right side of the page). The two most common Portuguese districts of origin are Santarém and
Lisboa. We must note that this field (district) presents a significative quantity of null values, which can
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make the data displayed here less credible. Nonetheless, with the correct data available, geographic
information will allow PSML to learn the performance of different countries or regions in detail, which,
combined with other attribute information of customers in the dashboard, can help the team during
decision making processes for perspectives such as regional sales, advertising strategy and customer

services.
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5. CONCLUSIONS

In this work, we developed a Business Intelligence solution for PSML with the objective of supporting
the decision-making process for ticket sales management. First, we analysed and cleaned their
transactional database, keeping only the relevant fields for the scope of our analysis. Moreover, we
designed a new data model that served as the bases for the development of dashboards for three
different business perspectives. These dashboards are analysed to describe the most important trends
found in the data. This solution allows the company to measure business performance indicators to
assist in decision making and support the development of business strategies that directly contribute
to the efficiency of ticket sales management and indirectly contribute to the development of business
strategies that integrate smart and sustainable tourism practices and cultural heritage preservation
for the company. Likewise, our work demonstrates the potentiality of Business intelligence solutions
in tourism and provides a general methodology that can be carried out in similar contexts to support
tourism ticket sales services. These results need to be complemented with dashboard user guides so
that new users can understand and operate the dashboard. The work is limited by the lack of more
information in the database such as the membership details, advertising channels of clients, and inside
traffic count of each location. For future work, researchers can add other measures and visuals to the
dashboard to provide analyse in a wider perspective. Locations and entrances inside the park could
also be taken into consideration with the analyse of the customer behaviour. The datasets generated
during and/or analysed during the current study are available from the corresponding author on
reasonable request.
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