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Abstract

In emergency situations, decision-makers need quickly adaptable methods that enhance their ability
to detect and respond to crises. These actions also need to be monitored to make sure the measures
implemented are working as planned. This work attempts to assess the effectiveness of the travel
ban imposed by Portugal on southern African countries between November 29th and December 13th,
2021. A spatial cross-correlation analysis was utilized to understand if South Africans’ mobility, tracked
using card transactions, had any relationship with the spread of the omicron variant. Despite the fall
in the number of transactions during the period when travel restrictions were imposed, the measure
was ineffective in decreasing or delaying the spread of omicron. Neither spatial cross-correlation study
provided any statistically significant correlation between South Africans’ card transactions movements
in Portugal and the spread of the variant in the country. However, more in-depth research needs to be
conducted to fully understand if there is a way card transactions could ever be considered a good proxy
to predict the proliferation of future pandemics.
Keywords: Spatial cross-correlation, Omicron incidence, Card transactions, Travel ban

1. Introduction
1.1. Motivation

On December 31st, 2019, Wuhan Municipal Health
Commission reported the first cluster of cases of
what would eventually be identified as a novel
coronavirus [1]. COVID-19 (Coronavirus Disease-
2019), transmitted by respiratory droplets, quickly
spread worldwide, reaching Portugal on March 2nd,
2020 [2][3]. On March 11th, the World Health Orga-
nization (WHO) declared a pandemic, and govern-
ments worldwide were forced to take various pre-
ventive measures.

As is common in viruses, COVID-19 changed over
time creating variants. Some of these changes al-
tered the virus’s properties, affecting its transmis-
sibility, the severity of the resulting illness, and the
effectiveness of treatments [4]. In late 2020, certain
variants posed a heightened threat to public health
which prompted WHO to classify some as Variants
of Concern (VOC). As of the beginning of 2022, the
most significant variants were: alpha, beta, gamma,
delta, and omicron.

In the backend of 2021, the omicron variant was
first discovered in South Africa and it rapidly spread
worldwide, reaching Portugal on November 17th [5].
This variant quickly rose to prominence, becoming

the dominant variant in Portugal by the second to
last week of the year (from December 20th to 26th,
2021).

To try to mitigate this rapid spread, governments
all around the world based their decisions on pre-
vious studies, emphasizing the current reliance on
data to create the best possible course of action [6].
Ergo, it’s important to assess the effectiveness of
measures implemented, as well as explore alterna-
tive approaches that can successfully protect the
population while minimizing negative impacts on
society.

Previous works show that travel restrictions,
alongside quarantine protocols, and social distanc-
ing guidelines, were one of the most common mea-
sures implemented worldwide during the pandemic.
In addition, the research also showed that spa-
tial correlation models were widely used and were
deemed quite useful for understanding the spread
of the virus.

Furthermore, early detection of COVID-19 VOCs
was critical for adapting non-pharmacological inter-
ventions aiming to mitigate the virus’s impacts on
public health. Additionally, Early Warning Detec-
tion Systems (EWDS) enable healthcare organiza-
tions to prepare for potential surges in cases and al-
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low researchers to study the efficacy of current vac-
cines and treatments against these new strains. As
such, effective surveillance and monitoring of VOCs
are essential to maintaining an agile and effective
response to the ongoing pandemic.
Incorporating new and unconventional data in

EWDS can significantly enhance their ability to de-
tect and respond to the emergence of VOCs. One
such data source is electronic payment systems,
which can provide valuable information about the
country of origin of transactions. By analyzing spa-
tial patterns in electronic payments, it might be
possible to identify potential correlations between
the introduction of VOCs and increased economic
activity from individuals originating from affected
regions. This information can serve as an early
warning signal for public health officials, allowing
for the implementation of targeted interventions
and mitigating the risks associated with the intro-
duction of new VOCs.

1.2. Objectives
For the reasons portrayed above, a deeper spatial-
temporal analysis of the evolution of COVID-19
in Portugal needed to be conducted. For it, the
time period concerning the rapid emergence of the
omicron variant was chosen. During that span, on
November 29th, Portugal decided to ban air traffic
coming from South African countries.
This dissertation aims to answer two questions:

• Was the air traffic ban imposed by Portugal on
South Africa effective in preventing the spread
of omicron?

• Can South Africans’ tracked movements
through card transactions be used to predict
the spatiotemporal spread of omicron?

This study focuses on South African citizens
since, as previously mentioned, that is where the
first case of omicron was discovered. An interrupted
time series (ITS) and spatial cross-correlation anal-
ysis were the methods chosen in pursuance of the
answers to the two questions posed above.

1.3. Literature Review
Numerous studies tried to determine to which ex-
tent international travel bans actually impacted the
initial spread of the virus. It was estimated these
measures led to a reduction of cases exported glob-
ally between 70% and 77% [7][8]. However, some
research shows that in order for travel bans to be
justifiable for a nation they need to be strictly tar-
geted. Meaning that some unfocused restrictions
have little to no impact on the overall evolution of
the pandemic [9]. Even a thoroughly focused travel
ban might also not be enough given the highly in-
terconnected world we live in nowadays [10]. On

account of this, border restrictions were found to be
more effective when coupled with mandatory quar-
antine and screening [11].

After the initial set of proposed measures, au-
thorities required mechanisms to monitor the ever-
changing landscape of the pandemic in order to
adapt and retool their strategy. To do so, several
EWDS were utilized to detect early-stage changes
in the territorial spread of infections [12].

A study suggests that the ability to aggregate
large datasets from different sources with the trac-
ing of confirmed cases and the prediction of the local
dynamics of contagion through early indicators can
be an effective way to combat future pandemics [12].
This rapid interpretation of evolving data can be
imperative in the delineation of the best course of
action to prevent and contain infection outbreaks.
Furthermore, more timely measures may diminish
the need for prolonged restrictions that carry more
drastic socio and economic implications.

The EWDS may be coupled with the monitor-
ing of other relevant datasets. Successful research
was done using data from Google searches [13] and
even the social media platform, Twitter [14], to
uncover early-warning signals of COVID-19 out-
breaks. Other non-conventional datasets such as
wastewater measurements and animal surveillance,
were also deemed successful in the early detection
of VOCs [15][16].

Understanding the spatiotemporal intricacies of
COVID-19 became critical in the effort to continue
with a flexible strategy to mitigate its spread.

A study in China ascertained the distribution of
COVID-19 cases and their correlation with the mi-
gration of Wuhan’s population in the early phases
of the pandemic by using a spatial-temporal model.
Such discovery can be critical for early warning and
prevention of future outbreaks [17].

Geographic analyses that mapped information to
all administrative levels were carried out worldwide.
The data was used to create dashboards [18], mon-
itor epidemiology trends [19], help find hotspots
and outbreaks [20][21], and overall better track the
evolution of the pandemic. It was also crucial for
resource management as it offered decision-makers
the necessary aid to balance the supply and demand
of limited materials.

Moran´s I was used to try to map the spatial
distribution of COVID-19 cases and the pandemic
spread rate [22][23]. In Brazil, Moran’s I was uti-
lized in an attempt to analyze the spatial correlation
between confirmed cases and the intensive care unit
beds exclusive to the disease in the municipalities of
Paraná. This study allowed the finding of priority
areas of care in the state regarding the dissemina-
tion and control of the disease [24].

Additionally, space-time statistics are helpful in
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the development of more targeted measures. For
instance, in Melbourne, a spatial analysis was car-
ried out to determine areas of priority that have a
substantial number and proportion of elderly indi-
viduals aged 65 or above with disabilities, as well
as significant obstacles in accessing primary health-
care services [25]. With these types of examina-
tions, authorities can focus on more at-risk commu-
nities and politicians can implement specific mea-
sures that help alleviate their circumstances.
Statistical models not only grant decision-makers

with accurate existing data but also allow for pre-
dictions and forecasts to be made. It is proven that
the use of spatiotemporal models significantly en-
hances the predictions of the number of people in-
fected by the virus thus helping create better health
policy proposals [26].
In 2022, a study accurately predicted daily

COVID-19 cases by employing aggregate mobility
statistics collected from Google’s Community Mo-
bility Report [27]. The year prior, researchers had
found evidence that movement patterns are corre-
lated with the level of transmission [28]. This makes
mobility a good investigation proxy for infection
propagation and opens the door to numerous re-
search forecasting possibilities.
In the last decade, card transactions have been

used as a proxy for human mobility. Research con-
ducted suggests there is substantial value in using
datasets of bank card transactions for studies of var-
ious aspects of domestic and foreign people’s behav-
ior inside the country. It also concludes such data
has the potential to be used to support policy deci-
sions [29].

2. Dataset Description
2.1. COVID-19 Daily Confirmed Cases Data
This work focuses on COVID-19 infection data,
specifically the daily confirmed cases of COVID-19
in each of the 278 municipalities in Continental Por-
tugal. It spans between November 15th, 2021, and
December 26th, 2021, the period when the omicron
variant entered the country and gained prominence.
In that time frame two variants, delta, and omicron,
were active in Portugal. Within the dataset, there
are no individual identifiers, meaning all cases re-
mained anonymous.
The data was provided by the Direção Geral da

Saúde (DGS) in a CSV (Comma-Separated Values)
file. In the dataset, every row represented the daily
number of reported cases of each variant in each
municipality.
During pre-processing, all data concerning the

delta variant was deleted as the focus of the study
was solely on omicron. The daily cases were then
aggregated into a 7-day cumulative. This was done
to enable a comparison with the data from card
transactions. Lastly, the weekly incidence rate per

100,000 inhabitants was calculated for each munic-
ipality.

2.2. Electronic Payments Data
The data for card transactions was provided in a
TXT (Text File) format by SIBS (Sociedade Inter-
bancária de Serviços), a financial services company
that manages the integrated banking network in
Portugal. SIBS Analytics possesses aggregate data
on all payments with bank cards in Portugal, in-
cluding with national and foreign bank-issued cards.
Therefore, SIBS was able to provide all weekly pay-
ments done by SIBS card owners from August 2nd,
2021, to February 6th, 2022. Once again, it is im-
portant to reiterate, that just like the COVID-19
Data, there are no individual identifiers, and all
transfers are anonymous.

For the purpose of this research, only details re-
garding the week of the transaction, the municipal-
ity where it occurred, and the country the card was
registered were taken into account. Once again, the
research only focuses on data from omicrons’ origin
country, South Africa, so all other information was
deleted.

It is important to note that every data point rep-
resents a transaction by a card. Meaning the same
card could be responsible for several transactions
on the same day, week, or month. So what this
dataset portrays is the number of transactions made
by South African cards and not the number of South
African people that made card transactions.

This dataset was used in two different processes,
interrupted time series and spatial cross-correlation.

For the ITS methodology, the entire span of the
dataset was applied and the municipalities were dis-
regarded. Meaning every single South African card
transfer that occurred in the same week in Portugal
was grouped together.

Regarding the spatial cross-correlation analysis,
it is important to note that since it can only be
executed using also COVID-19 data, only transfers
made between November 15th, 2021 and December
26th, 2021 were taken into account.

To conduct this methodology, the weekly number
of transfers of interest for each municipality was re-
quired. To do so, South African transactions made
in the same municipality were aggregated.

Lastly, that number of transfers was transformed
into a rate per 100,000 inhabitants.

3. Methodology
3.1. Interrupted time series
One of the goals of this dissertation is to determine
the success of the air traffic ban imposed by Portu-
gal on South Africa from November 29th to Decem-
ber 13th, 2021 . To do so, an interrupted time series
analysis was conducted. This process was chosen
since it has been proven valuable in evaluating the
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efficacy of health interventions implemented at a
clearly defined point in time [30].
In order to conduct this methodology three vari-

ables are required. T, the time elapsed since the
start of the study, in the unit representing the fre-
quency with which observations are taken (in this
case, weeks). Xt, a dummy variable indicating the
pre or post-intervention periods, it has the value of
1 for the two weeks the travel ban was in effect and
0 for the weeks before and after that. And Yt, the
outcome at time t.
The following regression model was used:

Yt = β0 + β1T + β2Xt + β3TXt . (1)

Where β0 constitutes the baseline level at the be-
ginning of the study (T=0), β1 is the change in
outcome allied to the passage of time, β2 represents
the level change succeeding the travel ban, and β3,
depicts the slope change following the restrictions.

3.2. Spatial Cross-Correlation
This dissertation tries to ascertain if South
Africans’ tracked movements through card transac-
tions could be used to predict the spread of omicron.
To do so, a correlation methodology was needed.
A paper by Chen, proposing a novel set of

models and analytical procedures for spatial cross-
correlation analysis, was chosen. This new theo-
retical framework is derived for geographical cross-
correlation modeling and shows a rethinking of
Moran’s index [31].
For this work, the two variables measured

were the weekly incidence of omicron and the
weekly number of South African card transactions.
Throughout this section, they will be referred to as
a pair of vectors, X and Y respectively.
The centralized variables can be described by

XC = X − µx , (2)

YC = Y − µy , (3)

where µx and µy represent the average values of
the variables xi and yi, that can also be expressed
as

µx =
1

n

n∑
i=1

xi , (4)

µy =
1

n

n∑
i=1

yi , (5)

in which n is the total number of elements in a
system. Meaning that in this study, n is the number
of municipalities.
The variables’ variances are calculated by

σx
2 =

1

n

n∑
i=1

(xi − µx)
2
=

1

n
XT

c Xc , (6)

σy
2 =

1

n

n∑
i=1

(yi − µy)
2
=

1

n
Y T
c Yc , (7)

where σx and σy reflect the standard deviations
of xi and yi respectively, and the ”T” signifies trans-
pose.

With this, a pair of standardized vectors x and y
can be obtained

x =
X − µx

σx
=

Xc

σx
, (8)

y =
Y − µy

σy
=

Yc

σy
. (9)

Both x and y length is equal to n.
As the model is based on spatial distance, an n-

by-n unitary spatial weights matrix needed to be
defined

W = [wij ]nn . (10)

This matrix was created using a spatial contigu-
ity matrix and it has three main properties: sym-
metry; zero diagonal elements, meaning the entries
in the diagonal are all 0; and unitization condition,
meaning the sum of all matrix entrances is 1.

According to Chen, a coefficient of spatial cross-
correlation can be calculated by taking into account
an improved formula of Moran’s index for spatial
auto-correlation. The new coefficient, the Spatial
Cross-correlation Index (SCI), is as follows

Rc = xTWy = yTWx . (11)

SCI values fall between -1 and 1.
Two pairs of scatterplots are needed to visu-

ally portray spatial cross-correlations. To generate
these plots, the six following variables were required

f (xy) = xyTWx , (12)

f (yx) = yxTWy , (13)

f (xx) = xxTWy , (14)

f (yy) = yyTWx , (15)

f (x) = nWx , (16)

f (y) = nWy . (17)
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Scatterplot Abscissa Ordinate Trend Line

1st plot x f(y) f(xy)

2nd plot x f(y) f(xx)

3rd plot y f(x) f(yx)

4th plot y f(x) f(yy)

Table 1: Variables relations for spatial cross-correlation
scatterplots.

Table 1 shows how the variables are matched in
order to make the cross-correlation scatterplots.

When an overlapping of the trendline and the
scattered data points is made, a scatter diagram for
spatial cross-correlation analysis can be obtained.
And, since the first and second plots are the same,
and so are the third and the fourth, only two scat-
terplots are needed to fully illustrate spatial cross-
correlation.

The model also defines two other variables: the
Simple Correlation Coefficient (SCC) and the Par-
tial Spatial Cross-correlation Coefficient (PSCC).

The SCC can be treated as a special case of SCI
when spatial distance is left out of account

R0 = xTW0y = yTW0x , (18)

where W0 represents a unitary identity matrix,
which takes the place of the unitized spatial weights
matrix. R0 is just a Pearson’s correlation coeffi-
cient, which indicates a simple cross-correlation be-
tween x and y.

Chen also defines the PSCC as

Rp = R0 −Rc . (19)

Bearing all that in mind, the spatial correlation
coefficients can be clarified in the following way.
The spatial cross-correlation index, Rc, portrays the
correlation between x and y taking into account spa-
tial distances. The partial spatial cross-correlation
coefficient, Rp, depicts the cross-correlation be-
tween x and y, free from the spatial distances. And,
the simple correlation coefficient, R0, which conveys
both cross-correlations.

4. Results and discussion

As this research was conducted using aggregated
weekly data, Table 2 shows each week’s correspond-
ing dates.

Weeks Dates
Week 1 November 15th to 21st, 2021
Week 2 November 22nd to 28th, 2021
Week 3 November 29th to December 5th, 2021
Week 4 December 6th to 12th, 2021
Week 5 December 13th to 19th, 2021
Week 6 December 20th to 26th, 2021

Table 2: Dates of each week of the study.

4.1. Data Exploration
A visual overview was performed at the beginning
of the study to help with the familiarization and
better understanding of the data available.

Figures 1 and 2 show the evolution curves of both
the weekly number of confirmed omicron cases and
the weekly number of South African card transac-
tions in continental Portugal.

Figure 1: Omicron cases curve.

Figure 2: South African card transactions curve.

The omicron curve shows a steady but relatively
mild increase in cases in the first three weeks (sec-
tion 1 of the graph) followed by a steep and quick
rise (sections 2 and 3). The transactions curve dis-
plays a decrease in the number of transactions made
in the middle of the 6-week period (section 2). This
drop coincides with the travel ban imposed by the
country on Southern African flights.

To further comprehend the spread of both vari-
ables, heat maps of continental Portugal were made.
The spatial evolution of both omicron and South
African card transactions’ rates in the six-week span
of the study can be found below in Figures 3 and 4.

In them, the rapid spread of the omicron variant
is apparent. It is also clear that the first hotspots
appeared around Lisbon and in the northwest re-
gion of continental Portugal. These are some of the
country’s most populous areas and are near the two
busiest airports. From there, omicron proliferated
to the majority of all Portuguese land territory in
a matter of weeks. By the final week of the study,
there was also a very high concentration of omicron
incidence in Alentejo.

Despite changes in mobility restrictions, the ma-
jority of the transaction rate numbers remained
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quite consistent throughout the entire time.

Figure 3: Evolution of omicron incidence.

Figure 4: Evolution of transactions incidence.

4.2. Travel Ban Analysis: Interrupted Time
Series

To assess the effectiveness of the travel ban imposed
by Portugal on southern African countries, an ITS
methodology was employed. In it, the total number
of transactions made by South African cards any-
where in Portugal was taken into account. The re-
sults of the analysis performed are depicted in Fig-
ure 5.
The travel ban was put in place on November

29th, 2021 but only lasted 15 days as it was lifted
on December 13th.
There was an abrupt fall in the number of trans-

actions during the period when travel restrictions
were imposed. However, that number quickly re-
turned to around its average as soon as the regula-
tions changed back.
The decrease in the total number of South

African transactions is much sharper in Figure 5
than in the previous figures because for this travel

Figure 5: Interrupted time series of the total number of
transactions from South African cards in Portugal, with the
travel ban highlighted from November 29th to December
13th, 2021.

ban analysis data from all of Portugal was utilized,
not just from the continental part of the country.
This was done because the ban was also imposed in
the archipelagos airports.

The linear regression pre and post-ban go in dif-
ferent directions. However, since the post-ban pe-
riod available is quite short, more data needed to be
gathered to fully understand if this was a trend or
if the numbers just needed some time to stabilize.
Since other restrictions, like quarantines, were being
enacted at the time, it is plausible that there might
have been a slight decrease in the overall number of
transactions even after the ban was lifted.

Although Figure 5 shows that technically the
travel ban was effective in diminishing the transac-
tions when taking into account the omicron spread
demonstrated above it seems the measure did not
have the intended impact on COVID-19 propaga-
tion.

4.3. Omicron Spread Analysis: Spatial
Cross-correlation

A spatial cross-correlation analysis was utilized
to try to understand if South Africans’ mobility,
tracked using card transactions, had any influence
on the spread of the omicron variant, therefore be-
ing useful to possibly predict the proliferation of
future pandemics.

Figures 6 to 9 display scatterplots that reflect
the action y (card transaction incidence) has on
x (omicron incidence). Only one scatterplot was
used since it would not make sense to plot the ef-
fect COVID-19 cases might have on transactions.
In Tables 3 through 6 correlation coefficients that
provide a deeper understanding of the relation be-
tween omicrons’ incidence and South African card
transactions in continental Portugal can be found.

Since COVID-19 can take some days to develop
and detect this analysis was carried out over a pe-
riod of time larger than a week. For all the omicron
data available, a test was conducted for the trans-
actions made the same week (lag=0) and the week
prior (lag=1). Due to a lack of data, it was not
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possible to perform the lag=0 analysis for week 1.

This study was first conducted for all 278 munic-
ipalities of continental Portugal. However, there
were several municipalities without any omicron
cases and/or South African card transactions that
only added zeros to the model and therefore might
have been skewing the results. For this reason, the
same study was conducted but only for 64 specific
municipalities, the ones that recorded transactions
in at least three of the weeks.

4.3.1 Robustness Test 1

Figures 6 and 7 and Tables 3 and 4 show the results
of the study conducted on all 278 municipalities of
continental Portugal.

Week 1 Week 2 Week 3 Week 4 Week 5 Week 6
SCC -1,72E−2 2,04E−3 -1,73E−2 2,29E−1 2,26E−1 2,96E−1

SCI 7,49E−5 5,13E−3 3,87E−3 -1,35E−3 4,68E−3 2,18E−3

PSCC -1,72E−2 -3,09E−3 -2,12E−2 2,31E−1 2,21E−1 2,94E−1

R2 2,71E−6 3,45E−3 6,58E-−3 2,74E−4 1,25E−3 2,45E−4

F 7,51E−4 9,59E−1 1,83 7,59E−2 3,47E−1 6,79E−2

P 9,78E−1 3,28E−1 1,77E−1 7,83E−1 5,56E−1 7,94E−1

Table 3: Correlation coefficients values for 278 municipali-
ties and lag=0.

Week 2 Week 3 Week 4 Week 5 Week 6
SCC -1,54E−2 -1,58E−2 9,27E−2 2,29E−1 2,34E−1

SCI 4,75E−3 2,74E−3 1,94E−4 2,14E−3 1,69E−3

PSCC -2,01E−2 -1,85E−2 9,25E−2 2,27E−1 2,33E−1

R2 2,95E−3 3,30E−3 5,62E−6 2,61E−4 1,50E−4

F 8,20E−1 9,17E−1 1,56E−3 7,23E−2 4,16E−2

P 3,66E−1 3,39E−1 9,68E−1 7,88E−1 8,38E−1

Table 4: Correlation coefficients values for 278 municipali-
ties and lag=1.

Since the first omicron hotspot worldwide was in
South Africa it would be plausible to assume there
could be a connection between South Africans’ card
movements in Portugal and the spread of the vari-
ant in the country. Meaning, a strong direct cor-
relation was excepted especially at the begging of
the study before Portuguese people start being sick
and spreading it themselves. However, that is not
found in the results.

All correlation values are low and do not have any
statistical significance. The cross-correlation val-
ues fluctuate between being positive and negative
meaning no conclusion between the type of correla-
tion (direct or indirect) can be drawn.

However, most of the negative SCC and PSCC
values occurred when the overall number of trans-
actions was decreasing, between weeks 1 and 3,
and the number of omicron cases was slowly ris-
ing. For the last three weeks of the study, when
both the number of transactions and the number
of cases were increasing, the correlations were pos-
itive, which is what was expected. It is also impor-
tant to note the SCI, which is the correlation factor

that takes into account spatial distances, is almost
always positive, except for week 4 with lag=0.

It does not appear to be any significant difference
between lag=0 and lag=1 analysis.

The numbers show the PSCC values are con-
stantly higher than SCI ones, except for week 2
lag=0. This is curious since SPCC portrays the
cross-correlation between x and y, free from the spa-
tial distances.

The outliers seen in the scatterplots represent the
municipalities with the highest rate of transactions.
For weeks 1, 2, and 5 that municipality is Trofa, for
weeks 3 and 6 is Caminha, and for week 4 is Lagos.

4.3.2 Robustness Test 2

Figures 8 and 9 and Tables 5 and 6 convey the re-
sults of the study conducted on only the 64 mu-
nicipalities of continental Portugal that had South
African card transactions for at least three of the
six weeks.

Week 1 Week 2 Week 3 Week 4 Week 5 Week 6
SCC -1,42E−1 -1,20E−1 3,79E−3 -9,79E−2 6,32E−2 3,11E−1

SCI 6,64E−4 6,09E−4 -4,63E−4 -2,80E−4 4,35E−5 -2,03E−4

PSCC -1,42E−1 -1,21E−1 4,25E−3 -9,76E−2 6,31E−2 3,11E−1

R2 1,50E−2 1,16E−2 8,49E−3 1,98E−3 1,00E−4 1,54E−3

F 4,22 3,25 2,37 5,50E−1 2,77E−2 4,27E−1

P 4,41E−2 7,62E−2 1,29E−1 4,61E−1 8,68E−1 5,16E−1

Table 5: Correlation coefficients values for 64 municipalities
and lag=0.

Week 2 Week 3 Week 4 Week 5 Week 6
SCC -1,39E−1 1,83E−2 5,44E−2 -9,79E−2 1,38E−1

SCI 8,64E−4 -7,62E−4 7,77E−4 3,91E−4 -2,71E−4

PSCC -1,39E−1 1,90E−2 5,36E−2 -9,83E−2 1,38E−1

R2 2,33E−2 2,30E−2 1,52E−2 8,15E−3 2,72E−3

F 6,61 6,52 4,28 2,28 7,55E−1

P 1,25E−2 1,31E−2 4,28E−2 1,36E−1 3,88E−1

Table 6: Correlation coefficients values for 64 municipalities
and lag=1.

Correlation values, although still quite low, have
slightly risen when compared to the first study.
This shows municipalities without transactions
might have been skewing the results. Now, some
statistically significant f and p-values can be found
for: week 1 lag=0, week 2 lag=1, week 3 lag=1,
and week 4 lag=1. However, in those weeks half
the correlation coefficients are positive half are neg-
ative making it hard to conclude anything.

The same fluctuation between positive and neg-
ative values that occurred in the first study can be
seen in the second one. However, the relation be-
tween a negative SCC and PSCC and the overall de-
crease in South African transactions is not as clear
as it was for all 278 municipalities. Unlike in the
previous analysis, the SCI is constantly switching
from positive to negative.

There are more statistically significant results for
lag=1 than for lag=0.
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Figure 6: Spatial cross-correlation scatterplots for omicron incidence, for 278 municipalities, from weeks 1 to 6 with
lag=0.

Figure 7: Spatial cross-correlation scatterplots for omicron incidence, for 278 municipalities, from weeks 1 to 5 with
lag=1.

Figure 8: Spatial cross-correlation scatterplots for omicron incidence, for 64 municipalities, from weeks 1 to 6 with lag=0.

Figure 9: Spatial cross-correlation scatterplots for omicron incidence, for 64 municipalities, from weeks 1 to 5 with lag=1.

All throughout the weeks, PSCC continues to be
the dominant cross-correlation factor over SCI.

The same outliers are displayed in the scatter-
plots, the municipalities of Trofa (for all weeks ex-
cept the 4th), Caminha (weeks 3 and 6), and Lagos
(in week 4).

4.4. Discussion

An ITS analysis was performed to answer the first
question posed in this dissertation: was the air traf-
fic ban imposed by Portugal on South Africa effec-
tive in preventing the spread of omicron? The re-
sults show that although during the ban there was
a decrease in the number the transactions it appar-
ently did not have the intended impact on COVID-
19 propagation.

The ineffectiveness of the measure might be due
to the late introduction of the travel ban. By
the time the country closed its border with South
Africa, the variant was already in other countries,
including Portugal, making this targeted ban re-
dundant. Since other nationalities could freely en-

ter the country and bring with them the virus.

The second question put forward in this work
was: can South Africans’ tracked movements
through card transactions be used to predict the
spread of omicron? The results of the spatial cross-
correlation analysis performed show that this is not
the case. As neither study revealed a significant
correlation between both variables.

After the literature review, these were not the
results excepted. However, some explanations as to
why that is the case can be as follows.

Firstly, it is feasible South Africans did not repre-
sent the biggest influence on the omicron spread in
Portugal. Since the variant quickly spread through-
out the world meaning other nationalities could
have been responsible for the proliferation of omi-
cron in continental Portugal. Perhaps if the study
focused on a broader group of people (not just
South Africans) it would have been able to reach
more statistically significant results.

Secondly, although the study contains the most
crucial part, the introduction of omicron and the
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beginning of the spread, the time frame might have
been too short and thus making it unable to fully
capture the phenomenon.

It is also important to remember that every data
point only represents a transaction by a card and
not an individual. This could also have impacted
the results since a high rate of transactions in a
specific location does not necessarily translate to a
high rate of South Africans in that same region.

Another reason might be the possible ascertain-
ment bias in the COVID-19 daily confirmed cases
dataset. If there is hesitancy by South Africans to
get tested in Portugal, that can lead to a misrepre-
sentation of reality and a reduced number of omi-
cron cases especially in the beginning. This means
the first emergence of the variant might not have
occurred in those exact locations recorded in the
dataset. As South African travelers could have in-
fected other residents who themselves could have
moved inside the country. This means there is a
chance the reported case and the actual infection
occurred in different municipalities.

Due to all the limitations expressed, future re-
search needs to be conducted to extensively under-
stand how successful card transactions can be as
a proxy for mobility. Also, more in-depth analyses
should be made to truly comprehend if mobility can
ever be a useful tool in predicting the evolution of
an epidemic

5. Conclusions

The aim of this dissertation was to try to answer
two different questions. Firstly, was the air traffic
ban imposed by Portugal on South Africa effective
in preventing the spread of omicron? And secondly,
can South Africans’ tracked movements through
card transactions be used to predict the spread of
omicron? An ITS and spatial cross-correlation anal-
yses were the methodologies chosen to do so.

The ITS analysis indicated a fall in the number of
transactions during the period when travel restric-
tions were imposed. However, that number quickly
arouse as soon as the regulations changed back. Al-
though technically the travel ban was effective in di-
minishing the transactions there did not appear to
be any decrease or delay in the spread of omicron.
This was perhaps due to the fact the variant, at
that point in time, was already in several countries
not included in the ban and had already reached
Portugal.

The spatiotemporal analysis was performed in
two datasets. Firstly, on one with all 278 munic-
ipalities from continental Portugal, and secondly,
on one with just the 64 municipalities that recorded
transactions in at least three of the weeks, half the
time span of the study. Since COVID-19 can take
some days to spread, this analysis was carried out

over a period of time larger than a week. So, for all
the omicron data available, a test was conducted for
the transactions made the same week (lag=0) and
the week prior (lag=1).

Neither study portrayed a statistically significant
spatial cross-correlation between South Africans’
card transaction movements in Portugal and the
spread of the variant in the country. However, more
in-depth research is recommended to fully under-
stand how good a proxy card transactions are to
citizens’ mobility and if card transactions could ever
be considered a good method to predict the prolif-
eration of future pandemics.
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