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of Artificial Intelligence
(Al) was dominated by
its main sub-branch,

dchine Learning (ML)
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own so much recently
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for filtering email, fot
automatic translation
and for object

recognition
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MACHINE LEAR]

Before LLM,
algorithm ber
assistants like Siri,

Corfana and Alexa
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For example
want fo forecas
number of tourists o
a certain destination
(e.g: Bergamo).
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. pme  identify which are
variables that may
iINnfluence the number of

tourists in Bergamo
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flight prices, train prices
but also rainfall and
femperature and the

oresence of holidays,
rT|'S, and exhibitions




MACHINE LEAR

For each da
years you kn
historical value
total number of tourists
Bergamo and of the othe
related variables



number of clusters = 20
- Average

. room price

You can plof two
R variables like the average
verage
flight room prices and the flight

* J N prices

orices. Each point

represent a single day of
last 20 years




number of clusters = 20
- Average

. room price

Average
flight

* J N prices

ML algorithm only groups
together nearby points
instead of finding @

formula that relates the
number of tourists in
Bergamo as a function of
these two variables




number of clusters = 20
- Average

. room price

In this case, the algorithm
R detects that poinfs can
verage
flight be organized in 20

* J N prices

groups (called clusters)




number of clusters = 20
- Average

- room price

Average
flight

* J N prices

To predict the number of
tourists, we just plot the
new point corresponding

to the day you want to
forecast, and you look at
which cluster it belongs
or it is closer to




number of clusters = 20
- Average

| room price
For example, the new
point is closer to the

Average S

flight green cluster, soitis

prices

associated to it




number of clusters = 20
- Average

. room price

Average
flight

* J N prices

Then, the algorithm
assign to the new point
the same number of

tourists associated to the
green cluster (usually the
average number of
tourists of all its points)




number of clusters = 20
- Average
. room price

Average
flight

* J N prices

The only assumption of
ML is that points close
between them also have a

similar number of tourists,
which is a reasonable one
if your variables are highly
related to the number of

tfourists.




number of clusters = 20
- Average

. room price

Average
flight
*f o\ prices

In this graph we only
showed two variables for
ease of viewing, but

usually ML models
employs many more.
Anyway, their principle is
the same




number of clusters = 20
- Average

- room price

Average
flight

* J N prices

It's better to use ML In
conjunction with Big Data
so the number of points

available from past
observation is very high
and the new point is
closer to ifs clusters,
improving the forecasts




number of clusters = 20

Average
flight

* J N prices

The methodology
behind many ML
techniques (this one is

called Clustering
Analysis) is not
complicated, only its
application is.




Wy

i .f—':%—a—. -:.': . -

¥ oy

L]
L M

1 " g s
=

. - 2

-
N

" \--' 1 Backpack a8

®
Sl

&

: He NG,
LAY
§ IC\' |:| 3
=2 I/%T @
=2 w
: n'I'm/’-

\
\
.
AN

MACHINE LEA
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The most impc
advance in A
machine learning o
last decade bofore LL
was object recognition
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Gender

Happy
Sad

Surprised
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Object recognition was
made possible thanks
to a breakthroughin
2015, when the level of
accuracy of facial
recognition finally
surpassed 95%.
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It employs a ML technigue called Convolutional

Neural Networks
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The secret |
the size an

of the original |
without removing the
mMost important

elements
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and pixels, the
IS able to recognize the
shape of the horse
quickly and efficiently.
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1. To process user-
generated content
collected from Big
Data before it can be
properly used.
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IMPACT OF Al Q)X

g

UAIOS, Ol

Al tags charc
of pictures, c
videos shared by usel
and can also identity
sentiments from textual
or visual information
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These techniques
makes user-

generated content
much more useful
by providing

User-Generated information not
° Content |
O ing only from text
d @ )« sources

3ookmarks
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‘It you like adventure and culture,

you might want to go to Alicante.”
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Smart fravel assistants are app that have access fo the
user's data (i.e., his/her preferences, interests, availability)
and are thus able to provide suggestions on-demand or

autfonomously, anficipating the user’s needs.
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Which digital assistants are people using?

O .
B

- \_/ y
9% 36% 306% 25% 1%

Microsoft Apple’s Google Amazon Other
Cortana SIrl Assistant Alexa

Also Chatbots (both textual and vocal) are increasingly
used, not only as personal assistants but also in web sites

of online travel agencies as Booking.com or Airbnb

IT for Tourism Services - Master in PMTS



ol

What’s my flight status?

Your flight is on time and on a budge’r, currently

is scheduled for 6:00 AM™
you have o spend

hours looking for flights,
accommodation and
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What’s my flight status?

Your flight is on time and information anc

is scheduled for 6:00 AM™ |
generate failorea
recommendations
based on your profile,

by savi hours of
,/ ___;\\; |ng your hours o
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IMPACT OF Al ON/TOURIER

Must navigate the realn

of the unknown,
characterized by
differing habits,

i __Gnguoges, cultural
ol

~ horms, cmd uisine, etc.
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ifinerary, or helpir
language and cultural
barriers that prevent

tourists from exploring

& thelocal culture
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Al is helping the development of automatic translation
applications and simultaneous translation systems that'd greatly
Improve the tourist's experience (see hitps://hu.ma.ne/aipin)

IT for Touris



Face recog
used in the
process 1o
automatically recogni
guests
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It can also be
the number o ‘ 3
certain area N‘hvs
detect emotions in the
people who pass by a
certain point (e.g:

Na pmess of those leaving

\\v rea kfas’r buffe’r)
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IMPACT OF Al O\
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Hierrrrr s Forecasting of tc

demand of ¢
destination is we
suited for Al
algorithms,
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Important tocC
develop marketing
strategies, financial
mMmanagement and
allocation of human
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IMPACT OF Al )‘y\ *
For example (<

an app based or

predict optimal fligh

and hotel prices ’rha’r

already sold more than
$600 million worth of
~flight tickets




tracking a fl
provides

recommendations on
whether he/she should
buy it now or wait for a
Detter price




IMPACT OF Al O\
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6. |A can be infegrated
iNn fravel apps to make
them smarter (e.g: find @
trekking around the
town that you didn't do
already)
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IMPACT OF Al

/. Al may all
rooms ACCO
guest value an
preferences, and can
adapts the cuisine
available in restaurants
f fothetastes of the

i, f‘& stomers
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IMPACT OF Al

It also helps
most appro
employees, an
improves energy
management of the
hotel and tourist
onsumption



ldentify the
between to
travel packages,
tailoring them fo their
needs

\.‘\\w\ m Services - Master in PMTS



IMPACT OF Al O\ \

Tourists heec Q

a series of de \ 1S
about future trig
choosing a destination
fransport,

accommodation,
| Qctivities, and so on
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with their trip. Tourists
have an almost infinite
array of options, so they
eed assistance
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IMPACT OF Al ON/TOURIER

Unftil now they usuall
asked fo fra
but the process ¢
matching demand withr
a product is very

complex one and it may

s== be better suited to the
——
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behavior, so that an
accurate user profile
can be defined



IMPACT OF Al O\

Thus, tfravel age
that employ A
probably change fromr
marketing to many
people to marketing to
one




IMPACT OF Al O\

Al also facilitates the

use of robofsin the ixse

desk, for delivery anc
stock management
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IMPACT OF Al

The role of
the hospital
will change: they w
evelop a small set of
fasks that are extremely
difficult fo automate
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differential factor, as is

currently the case in
gas statfions, where you

~can choose to be

m—
ma

oo

IT fo \o\\\?\ m Services - Master iIn PMTS



be replaced by robotfs \
the next decade (Bo

and Morosan, 2018)
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* However, In’
b R ol ¢ the tourism sec
. loose part of its
hospitality, which is one

of itfs core features

//f;{;::;;: - ::::’Xn;::& N
= N
/ \‘\\

N
RN
NN

e 0

mwY

s

. “‘\\;;“‘ . . c
‘OlNsm Services - Master in PMTS




uuuuuuuuu .
&

AP - TN
& ENE
2 DAA )2
allnlla /)

CONCLUSIONS

Overall Al'll probal
enhance the
experience anc
better for all the actors:
Businesses will be able
to understand their
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CONCLUSIONS

From the fouri
perspective, A
them to prepare theit
trips more quickly, with

lower transaction costs
and a fully personalized
oackage that suits their

\ .
~nheeds and inferests
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CONCLUSIONS

ideally, languc
cultural diffe ‘
not be barriers tc
tourism as they are
today, but an additional
affraction instead
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which using mc

compulsory and noft |
an option, as is already
occurring in some
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The privacy anc -‘=~
data will not ¢ x ol=

‘ ¢
P

guaranteed. EmE ovees
will find it difficult to W
hand in hand with robots
and Al systems.
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e Bulchand (2020): Impact of Al in Travel, Tourism and Hospitality
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