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Focus: pros and cons on using these data sources for tourism statistics



Tourism statistics (at Bank of Italy)



Tourism statistics

Balance of Payments (BoP) perspective:  
• Foreigners travelers visiting Italy (the reporting country)
• Italian travelers visiting abroad 

But also (BoP standards): type of the trip (business vs. personal), border/seasonal workers, trip 
for medical care, students studying abroad, residence issues (foreigners permanently living in 
Italy/Italians permanently living abroad), international transports…

No domestic tourism

Interested in:  
• Number of travelers
• Expenditure (accommodation, transports, restaurants, shopping,…) 
• Nights spent  



Tourism statistics: traditional source

Source: 
sample survey at selected border points (since 1996)

Operations conducted each month to meet ECB data requirements
Annually ~ 1.1 mln of countingoperations and ~ 100k of interviews

1. Counting operations for estimating the number of 
travelers, broken down by their residence

2. Interviews face-to-face for assessing the tourist 
expendituresand other variables



Tourism statistics: traditional source

Source: 
sample survey at selected border points (since 1996)

Drawbacks: 
• Expensive
• Time-demanding (slow collection of data)
• Subjected to sudden interruption due to external 

factors (e.g. the covid-19 pandemic)

Big data: 
• Timelier
• Cheaper
• Less impacted by external shocks



Mobile Phone Data



Mobile Phone data

May represent an alternative data source to count the number of travelers

Nationality of the company issuing the SIM card = 
proxy for the traveler’s country of residence

Arrival of a foreign traveler: 
signaled by the connection of foreign SIM cards to the cells 
controlled by an Italian network operator

Departure of an Italian traveler abroad:
disappearance  of the signal of an Italian SIM card near the 
border  

[only complementarydata source if interested also in tourist expenditures]



Mobile Phone data

May represent an alternative data source to count the number of travelers

Nationality of the company issuing the SIM card = 
proxy for the traveler’s country of residence

Arrival of a foreign traveler:
SIM followed along all its permanence in Italy until it disappears 

info on number of night and cities/provinces visited

Departure of an Italian traveler abroad:
Wait until it appears again in Italy. “Welcoming SMS” as proxy of 
the country visited abroad  

[only complementarydata source if interested also in tourist expenditures]



Mobile Phone data

Data provided by one of the major Italian Mobile Network Operator (MNO).

The MNO:

• Filters and process the data (~ 20 billion of records per day)

• Develops an algorithm for estimating the travelers inflows and 
outflows:

 Per each border point
 Per each nationality/visited country
 Takes into account its share among the other MNOs and 

does the grossing-up (expand to the reference population)



Mobile Phone data

Main challenges to face:

• Identify and filter the Non-humans (M2M) SIM cards

• Presence of dual SIMs

• Excluding foreign SIM cards that appear too often in 
Italy (foreigners permanently living in Italy)

• Handover effect between phone cells near the border
 Careful choice of the minimum docking time of a 

SIM card in the cells in order to be considered a 
traveller



Mobile Phone data

Main challenges to face: [solutions]

• Identify and filter the Non-humans (M2M) SIM cards

• Presence of dual SIMs

• Excluding foreign SIM cards that appear too often in 
Italy (foreigners permanently living in Italy)

• Handover effect between phone cells near the border
 Careful choice of the minimum docking time of a 

SIM card in the cells in order to be considered a 
traveller

[updated list of M2M SIM identification 
number by the MNO]

[MNO estimates]

Careful calibration of the algorithm

Trial and error approach through 
comparison with:
• Places/events where the number 

of people is known (concerts, fairs, 
shows,..)

• Other statistics (Bank of Italy, official 
airport data,…)



Mobile Phone data

Continuous cooperation between MNO and Bank of Italy 
necessary to achieve the desired standards

Preliminary tests on two main Italian border points.

Fiumicino airport  (Rome)

BI= Bank of Italy statistics
MPD= mobile phone data statistics
ADR= official airport data statistics



Mobile Phone data

Tarvisiohighway
(main border with Austria)

Huge discrepancies 
(order of 50%)

BI   MPD MPD/BI%   BI        MPD BI       MPD

Aug-18 2,005,595 980,066    -51.1 662,710    115,841    1,342,885 864,225    

Sep-18 1,544,727 785,843    -49.1 408,999    78,895      1,135,728 706,948    

Oct-18 1,026,265 416,988    -59.4 261,135    64,948      765,130    352,040    

Nov-18 691,340    340,325    -50.8 212,436    80,532      478,904    259,793    

Dec-18 600,309    285,953    -52.4 272,065    103,197    328,244    182,756    

Jan-19 686,784    366,037    -46.7 219,408    128,927    467,376    237,111    

Total 6,555,020 3,175,212 -51.6 2,036,753 572,340    4,518,267 2,602,873

ITALIANS FOREIGNERSTOTAL

A second test was needed where 
the docking time had been 
shortened



The Bank of Italy has replaced all the counting operations (but few for checking purposes)  
with the statistics coming from MPD since the end of 2020

Take away:

• MPD are suitable to be integrated with the frontier survey in the estimate of the number 
of international travelers 

• Careful when dealing with M2M SIM cards, handover effects, dual sims…

• A constant interaction with the MNO is necessary to define metrics that are coherent with 
tourism and obtain reliable statistics

Mobile Phone data
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Mobile Phone data

Questions?



Electronic payment data



Electronic payment data

Database provided by one of the main Italian paytechoperator

Foreign card & Italian POS/website Foreigners expenditure in Italy  
Italian card & foreign POS/website Italian  expenditure abroad 

Variables: 
• Date (day/month/year)
• Nationality of the bank issuing the payment card
• Type of purchase (Merchant Category Code - 10 categories) 
• Country where the POS or website is located
• Amount

Aggregated by all the variables above

Can we use electronic payment data to estimate tourist expenditure? 
Can we build a model to provide timelier provisional estimate?



Electronic payment data

Foreigner travelers’ expenditure in Italy

Acquiring= electronic transactions made by foreign payment 
cards in Italy

BoPelectronic payments= official bank of Italy statistics 
(expenses declared to be payed by payment cards) 

Correlation by categories

Transactions on POS (physical)

E-commerce  transactions 
on different lags

Very high correlation

High correlation (for 
certain categories)



Electronic payment data

Italian travelers’ expenditure abroad
Issuing= electronic transactions made by Italian payment 
cards abroad

BoPelectronic payments= official bank of Italy statistics 
(expenses declared to be payed by payment cards) 

Correlation by categories

Transactions on POS (physical)

E-commerce  transactions 
on different lags

high correlation only on 
total and few categories

No significant correlation 
but hotels and restaurants



Electronic payment data

• Confidentiality issues allow only aggregated data:
 you do not see the single payment card transaction
 Difficult to tell apart transactions made by foreigners living permanently in Italy using 

foreigners payment cards/ Italians living permanently abroad using Italian cards

• Share of the paytechcompany unknown:
 we cannot expand the data to the reference population

General problems in using payment data for tourism statistics:

• The nationality of the card is a proxy of the traveler’s residence (issues with Revolut, N26..)

• Lack of info on cash and wire payments, and on the type of the trip (business/holiday)
• Identification of the transactions that are related to tourism from the ones that are not, based 

on the Merchant categories (especially in the e-commerce). Identification of good for resale



Electronic payment data

• Confidentiality issues allow only aggregated data:
 you do not see the single payment card transaction
 Difficult to tell apart transactions made by foreigners living permanently in Italy using 

foreigners payment cards/ Italians living permanently abroad using Italian cards

• Share of the paytechcompany unknown:
 we cannot expand the data to the reference population

General problems in using payment data for tourism statistics:

[outsourcing the estimates to the 
Paytech company as done with MPD?]

• The nationality of the card is a proxy of the traveler’s residence (issues with Revolut, N26..)

• Lack of info on cash and wire payments, and on the type of the trip (business/holiday)
• Identification of the transactions that are related to tourism from the ones that are not, based 

on the Merchant categories (especially in the e-commerce). Identification of good for resale



Electronic payment data: general problems

Transactions through Digital International Platforms

FR NL IT



Electronic payment data: general problems

Transactions through Digital International Platforms

1. Transactions not covered/misallocation by counterpart country

FR NL IT

In tourism statistics:a French traveler pays an accommodation in Italy  (Italian credits)
In electronic payment data:
 Transaction from France to The Netherlands not covered
 Transaction from The Netherlands to Italy (IF made by payment cards)         misallocation 

Underestimation of Italian credits



Electronic payment data: general problems

Transactions through Digital International Platforms

2.     Misallocation by counterpart country

IT NL FR

In tourism statistics:an Italian traveler pays an accommodation in France  (Italian debits)
In electronic payment data:
 Transaction from Italy to The Netherlands          misallocation 



Electronic payment data: general problems

Transactions through Digital International Platforms

IT NL IT

3.    False positive: domestic trip seen as international

In tourism statistics:domestic tourism
In electronic payment data:
 Transaction from Italy to The Netherlands misallocation
 Transaction from The Netherlands to Italy (IF made by payment cards)         misallocation 

Overestimation of Italian debits

Overestimation of Italian credits



Electronic payment data: general problems

Transactions through Digital International Platforms

IT NL FRApril 2022

August 2022
4.    Time of recording issue

In tourism statistics: trip made in August
In electronic payment data:
 Transaction from Italy to The Netherlands in April           seen as trip made in April

Time of recording issue common to ALL on-line transaction



Electronic payment data: general problems

Transactions through Travel Agencies/Tour operators

Only one merchant category code to describe transactions towards travel agencies/tour operators

 Impossible to identify the purchased services (accommodation/transports/package tour…)

 Same time of recording issues/misallocation issues/transitions not covered as Digital 
platforms, depending where the travel agency is located 



Electronic payment data: what we can do with them

Tested some forecast models: 
• Ridge
• Lasso
• Lasso with positive coefficients
• Regression trees
• Boosted regression trees

Training set:years 2015-2017
Validation set: year 2018 (for choosing the discount parameter 

of the Lasso/Ridge models)

Test set: year 2019
Supplementary test set: covid year 2020

Goal: forecasting credits and debits of the total travel expenditure

Data: monthly data from January 2015 to August 2020

Foreigners in Italy Italians abroad



Electronic payment data: what we can do with them

Features selection



Take away:

• Important issues inherent of the database:
 misallocation by counterpart country and time of recording
 transactions not covered
 DIPs and travel agencies
 misclassification of domestic trips

• Some problem might be solved by more granular data (more payment categories, 
identification of the single payment card, description of the transaction…)

• Proved useful to be a valid input of preliminary tourist expenditure estimates

Electronic payment data



Take away:

• Important issues inherent of the database:
 misallocation by counterpart country and time of recording
 transactions not covered
 DIPs and travel agencies
 misclassification of domestic trips

• Some problem might be solved by more granular data (more payment categories, 
identification of the single payment card, description of the transaction…)

• Proved useful to be a valid input of preliminary tourist expenditure estimates

Electronic payment data

Questions?



Google Trends



Internet search data: Google Trends

Website that analyses the popularity of search queries on Google  

Input: 
 Keywords that must have been included in the query
 Reference period
 Geographic area where conducted the web search
 Category of the search

https://trends.google.it/trends/?geo=IT

Example: 
 ‘Italy’
 2006-2019
 Germany, France, Spain , UK, USA
 Travel

Output: for each day/week/month in the time frame it selects the queries containing the 
chosen keywords in the selected geographic areas and category, producing the GT index:

GT=100 when reached the maximum volume of queries over the selected time frame
GT=x when reached x% of the volume of queries of GT=100
GT=0            no queries …it’s a relative index!

https://trends.google.it/trends/?geo=IT


Internet search data: Google Trends

Website that analyses the popularity of search queries on Google  

https://trends.google.it/trends/?geo=IT

Example: 
 ‘Italy’
 2006-2019
 USA
 Travel

https://trends.google.it/trends/?geo=IT


Internet search data: Google Trends

Can the GT index be used to improve the provisional estimates on the number of travelers?

The model: seasonal AR(1)

GT parameters: 
 Keyword: ‘Italy’
 Time: 2006-2019
 Location: Germany, 

France, Spain, UK, USA
 Category: ‘Travel’

𝑁𝑐,𝑡 =number of travelers from country c in month t

Known from the survey Lag chosen as the one minimizing the out-of-sample 
forecasting performance in terms of Mean Square Error

 one-step ahead forecast with expanding windows approach



Internet search data: Google Trends

Results: In all cases the GT index increased the performanceof the predictive model, 
except for France where β was not statistically different from zero.

(1) (2) (3) (4)

DE ES UK US

Nt-1 0.20*** 0.34*** 0.33*** 0.13***

(0.04) (0.05) (0.05) (0.04)

Nt-12 0.73*** 0.46*** 0.76*** 0.89***

(0.05) (0.05) (0.05) (0.04)

GTt-l 6.01*** 2.11*** -1.50*** -0.91***

(1.17) (0.29) (0.44) (0.24)

Const -182.49*** -22.78* 29.87* 38.84***

(43.34) (12.07) (15.52) (13.93)

R
2 0.92 0.77 0.89 0.92

Lag=0
Solid line: observed data; Dashed line: predicted data



Internet search data: Google Trends

Results: In all cases the GT index increased the performanceof the predictive model, 
except for France where β was not statistically different from zero.

(1) (2) (3) (4)

DE ES UK US

Nt-1 0.20*** 0.34*** 0.33*** 0.13***

(0.04) (0.05) (0.05) (0.04)

Nt-12 0.73*** 0.46*** 0.76*** 0.89***

(0.05) (0.05) (0.05) (0.04)

GTt-l 6.01*** 2.11*** -1.50*** -0.91***

(1.17) (0.29) (0.44) (0.24)

Const -182.49*** -22.78* 29.87* 38.84***

(43.34) (12.07) (15.52) (13.93)

R
2 0.92 0.77 0.89 0.92 UK lag=4  US lag=6

Solid line: observed data; Dashed line: predicted data



Limits of  Google Trends

Peak of search queries 
in March 2020 while 
Italy was blocking the 
tourist inflow



Limits of  Google Trends

Peak of search queries 
in March 2020 while 
Italy was blocking the 
tourist inflow

Drop of smaller 
magnitude that the 
‘real’ tourist presence



Take away:

• In presence of extraordinary events (like the covid-19 pandemic) the Google classification 
seems to be less effective with higher risk of outliers

• Useful as explanatory variable for estimating the number of international travelers

• Promising source of information but the possible noise of the index could be misleading. 
Use of other/more words as search queries (maybe referring to specific Italian tourist 
destinations) could generate more accurate results 

Google Trends
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Questions?



Thank you 
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