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Abstract: The mobile data analysis is an authoritative source of information for problems solving in the fields of 

human activity recognition, population dynamics, tourism, transport planning, traffics measuring, public 

administration and other activities and could be the source for valuable information as a proxy indicator. 

One of the obstacles to user data from mobile operators is compliance to the General Data Protection 

Regulation, so the development of data analytics approach that protects personal data without a necessity to 

identify mobility of particular persons was developed, that still provides economically relevant data. In the 

present research, the method for the economic activity assessment based on mobile phone data statistics of 

any analysed region has been developed. The data of person activity was aggregated at the area of each base 

station by the 15 minutes interval, where the activity is defined as the number of outgoing and incoming 

calls, sent and received short message service (SMS), as well the number of the unique users. The Latvian 

counties have used as a case study where regions were grouped into the similar categories and compared for 

two periods: 2015 – 2016 and 2017 by the economic activity efficiency with particular attention to the 

seasonality effect for mobile phone activities in counties. It was concluded, that the economic activity of 

counties can be estimated and in the particular case positive dynamics of regional development has been 

detected.
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1 INTRODUCTION 

Today's working life is intertwined with the use of 

mobile phones. They have long ceased to be just an 

information exchange tool. Unlike stationary phones 

that could be used to get list recipients and analyse 

frequency and duration of calls made, in the case of 

mobile phones, additional information can also be 

obtained about movements of the owner of the 

phone over time. Investigating particular mobile 

phone activities (the facts themselves, not their 

content) can provide insight into the mobility of the 

population and its economic activity. The obtained 

conclusions can be useful for the decision-making 

about regional development and could serve as 

metrics characterizing national economy. The 

mobile data analysis is an authoritative source of 

information for problems solving in the fields of 

human activity recognition, population dynamics, 

tourism, transport planning, traffics measuring, and 

public administration. The authors in previous 

research have analysed the mobile positioning data 

for residents’ movements (Ahas et al., 2010; 

Zonghao et al., 2013), automatic recognition of 

population activities (Chetty et al., 2015; Lee and 

Cho, 2014), estimation of human trajectories (Hoteit 

et al., 2014; Larijani et al., 2015; Liu et al., 2013; 

Zilske and Nagel, 2015) and flows (Balzotti et al., 

2018), patterns of population dynamics (Deville et 

al., 2014; Trasarti et al. 2015). 

The identification of tourists’ destinations 

(Alexander et al., 2015; Raun et al., 2016), seasonal 

patterns (Ahas et al., 2007; Phithakkitnukoon et al., 

2015), traveler’s preferences (Y. Wang et al., 2018) 

and behavior (Z. Wang et al., 2018), evaluation of 

tourism sector (Ahas et al., 2008; Kuusik et al., 
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2014),  travel flow (Ni et al., 2018), tourist 

movement patterns (Zhao et al., 2018), trip 

modelling (Bwambale et al., 2017), analysis of 

number of travelers (Sørensen et al., 2018) and 

passengers demand (Hatziioannidu and 

Polydoropoulou, 2017) are the popular 

investigations problems. 

Mobile phone data have used for transport 

planning (Elias et al., 2016; Liu et al., 2014), traffic 

measurement (Dong et al., 2015; Hongyan and 

Fasheng, 2013; Steenbruggen et al., 2016) and 

modelling (Oliveira et al., 2017), trajectories 

evaluation (Bonnel et al., 2015; Chen et al., 2014) 

and predicting travel time (Woodard et al., 2017). 

The general problems in urban planning (Ahas and 

Mark, 2005; Ricciato et al., 2017; Jonge et al., 2012) 

and analysis (Lee et al., 2018), land using (Ríos and 

Muñoz, 2017) and smart city development 

(Steenbruggen et al., 2015) are solved by mobile 

phone data analyzing. 

As the basic unit of the mobile network 

infrastructure is a cell with its own base station, at 

the beginning of each call a specific base station 

determines the location of the mobile phone. If, 

during a call, the mobile phone moves beyond the 

limits of a particular cell, then switching to another 

base station takes place. If a person is sufficiently 

mobile, then a large number of base stations can be 

used to initialize calls. Although more than one base 

station may be used during one call, enough 

information can be obtained by analyzing only 

where the calls have started. If there are several base 

stations used for initializing calls during the day, 

then disposition of stations quite accurately reveals 

the habits of its owner. For example, if 

conversations in the mornings and evenings were 

initiated from one base station, but in mid-days from 

another, it may be assumed that these conversations 

geographically outline the person’s working place 

and residence.  

The data obtained can also be studied on the 

basis of information collected by the base stations on 

the calls initiated and/or short message service 

(SMS) sent. Changes in mobile activities during the 

day (week, month) can provide relevant information 

about the habits of the region's population. Within 

the framework of the study, it was intended to 

process data of the mobile telecommunications 

operator Latvian Mobile Telephone (LMT) to 

identify social factors influencing society and the 

national economy. The analysis of the mobile phone 

data statistics makes it possible to create different 

types of metrics of important processes in the 

society. In the original model the study of all mobile 

calls, anonymizing only the number was planned. 

Therefore, it still would be possible to trace 

activities of each particular anonymous person - to 

determine which calls were made using the same 

number (most likely by the same person), as well as 

observe the habits of moving this person. 

The General Data Protection Regulation 

(GDPR), which is determined by the Law on 

Personal Data Processing and started on 25 May 

2018, providing uniform rules for the protection of 

personal data throughout the European Union (EU). 

The Regulation will apply to any company, entity or 

organization that processes or stores data from 

identifiable individuals living in the EU (European 

Parliament, 2016). Taking into account the 

requirements of the GDPR within the framework of 

this study switching of particular individual calls are 

not fixed and tied to the corresponding activity. It is 
considered that it is reasonably sufficient to identify 

the base stations that ensure connection to the 

network. Where with another approach was used to 

do not require identification of mobility of a 

particular person - the data of person activity was 

aggregated at the area of each base station by the 15 

minutes interval; where the activity may be outgoing 

(calls and sent SMS) as well as incoming (calls and 

received SMS). Also, the number of unique users for 

each interval is counted. The last one gives insight 

about average activity of persons in the region of a 

particular base station. Therefore the person data 

protection is respected. Undoubtedly, if compared to 

the original, a significant part of the data is lost. 

However, in the current version, data can still be 

used to: 

 explore the mobility of people and their 

everyday habits (such as leaving home in the 

morning and returning to the evenings) as well 

as investigate serious demographic processes 

(relocation to cities, natural disasters, etc.); 

 explore social interactions. Mobile phone 

usage models in different layers of society 

(gender, age groups, education, etc.) vary 

significantly. Knowing behaviour patterns, it 

is possible to find out the proportion of 

different groups in the region, as well as to 

observe changes in the habits (or the 

proportion of different groups); 

 anticipate economic activity. Mobile service 

cost dynamics can quite accurately predict the 

upcoming crises. 

Call Detail Record (CDR) is a digital data 

recorder used for telephone communications or other 

equipment for telecommunications, which includes 

telephone conversations or other 
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telecommunications transactions (for example, text 

messages) that are broadcast on the device. CDR 

contains call time, duration, call status, caller and 

calling subscriber numbers. The CDR does not 

contain information about the content of the 

conversation. In previous research was concluded 

that  mobile phone data are suitable and updatable 

for the Latvian regional business index development 

(Arhipova et al., 2017). The regions with similar 

economic activity patterns using mobile 

communication data were identified and it was 

concluded that mobile phone activities have 

statistically significant relationship to regional 

economic activity such as Gross Domestic Product 

(GDP), number of economically active enterprises 

per thousand inhabitants, municipalities budget 

expenditures and other (Arhipova et al., 2019). As a 

result, the hypothesis that counties and regions with 
lower call activity have lower economic activity 

compared to other regions with higher call activity 

could not be rejected. 

The objective of this paper is to develop method 

for the economic activity assessment of any region 

being researched, based on mobile phone data 

statistics. Using previous research results, the first 

CDR data analysis was made for the time period 

from July 2015 to January 2018, with particular 

attention to the seasonality effect for mobile phone 

activities in counties. The second, the counties were 

grouped into the similar categories based on its 

economic activity and compared for two periods: 

2015 – 2016 and 2017. The third, the counties’ 

economic activity efficiency in and its change 

dynamics was estimated. The fourth, the region’s 

economic activity was estimated by Theil index and 

conclusions were made about Latvia region 

economic development tendencies. 

2 DATA AND METHODS 

In addition to the connection attributes already 

mentioned, CDR generated automatically by the 

mobile network operator initializing mobile phone 

call or sending SMS contains information about the 

base stations that provides the connection and 

calling side. Since the coordinates of the base 

stations are known, the location of the persons at the 

beginning of the call can be determined with 

appropriate precision. Each database entry includes 

the following parameters: the total number of calls 

and SMS, the total number of unique users, date and 

15 minutes time interval in the daytime, antenna 

identifier (ID) of the mobile network base station 

and its coordinates. 

2.1 Data 

The database used for the current case study consists 

of the roaming data of the mobile phone call 

activities of Latvia Mobile Telephone for 30 months 

from 25 July 2015 to 20 January 2018, altogether 

108 008 160 CDR (Call Data Record) from 1235 

base stations for 911 days with 15 minutes time 

intervals per hour. 

The distribution of network base stations 

between Latvia counties and regions was obtained 

using its geographical coordinates. An 

administrative division includes 110 counties and 9 

cities (Riga, Jekabpils, Jelgava, Jurmala, Ventspils, 

Liepaja, Daugavpils, Rezekne and Valmiera) in 

Latvia, but for statistical and planning purposes six 

statistical regions have been formed: Kurzeme, 

Latgale, Pieriga, Riga, Vidzeme and Zemgale. Data 

analysis shows the difference between the intensity 

of call activity on business days and on holidays 

(Saturday, Sunday or public holidays), which 

characterizes the economic activity of the area 

(Arhipova et al., 2017). At the same time, the 

maximum of the call activity is observed on noon for 

all days (Arhipova et al., 2019), as well the 

seasonality effect in summer and winter holidays.  

In Figure 1 the total number of calls and SMS for 

three cities Jelgava, Jurmala and Ventspils is shown 

from August 2015 to December 2017, where in 

summer time Jurmala has the highest call activity, 

Jelgava has the lowest call activity, but in Ventspils 

mobile call activity doesn’t have a strong seasonal 

effect. All cities have a seasonal effect in December, 

due to the winter holidays (Christmas and New 

Year). 

 

Figure 1: The total number of mobile phone activities in 

Jelgava, Jurmala and Ventspils. 

To analyse the distribution of counties and cities 

by economic activity, Principal Component Analysis 

(PCA) was used to find out which counties are 
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similar to the characteristics of the mobile phone call 

activities and group it into the similar categories or 

groups. In turn, the Theil index is proposed to 

distribute the regions according its economic 

activity. It is necessary to stress, that the Theil index 

measures the distribution of inequality not only 

within the same group, but also between different 

groups (Bellù and Liberati, 2006), for example, 

regional inequalities. 

2.2 Grouping of Counties by Similar 
Economic Activity 

Before grouping the counties into the similar 

categories based on its economic activity, the 119 

variables as the linear combination of the total 

number of mobile phone activities and the total 

number of unique users for all counties were 

developed depending on day during the 2015 – 2017 

time periods. The PCA was applied using Varimax 

rotation separately for two time periods:  

 from 25 July 2015 to 20 January 2017 and  

 from 21 January 2017 to 20 January 2018. 

In the first time period 67.6% of the total 

variance is described by the first two principal 

components (PC), where the 1st PC has high values 

in business days as the counties with higher 
economic activity, but the 2nd PC has high values 

holidays as the counties with lower economic 

activity (Arhipova et al., 2019). In the next time 

period from 21 January 2017 to 20 January 2018 the 

results of applied PCA shows that 71.0% of the total 

variance is described by the first two principal 

components. To find out the interpretation of 

principal components, their average values were 

calculated based on weekdays (Fig.2) and months 

(Fig. 3).  

 

Figure 2: Principal components average values depending 

on weekdays in 2017. 

It can be concluded that the 1st PC has the 

highest values on business days and lower values on 

holidays and summer months. In contrast, the 2nd PC 

has lower values on business days and higher values 

on holidays and summer months. The component 

loadings, which are the correlations of the observed 

119 variables with the first two principal 

components, are used to interpret the meaning of 

components. It is hypothesized that counties and 

cities with higher economic activity correlate highly 

with the 1st PC, but with lower economic activity 

correlate highly with the 2nd PC. The distribution of 

the counties and cities by economic activity can be 

shown using the loading plot an orthogonal solution. 

Latvian counties and cities are grouped into 8 groups 

according to their economic activity. These groups 

allow you to understand the profile of each county 

and depend on the economic activity on business 

days and on holidays (Saturday, Sunday or public 

holidays), as well as seasonality effect.  

 

Figure 3: Principal components average values depending 

on months in 2017. 

The summary of the proposed counties’ groups, 

using the two components loadings or correlation 

coefficients, is shown in Table 1. 

Table 1: Summary of counties’ groups. 

# Group 

Economic activity on 

business days  

(1st PC value) 

holidays  

(2nd PC value) 

1 Hard Workers 
high 

(0.8 – 1.0) 

average low 

(0.0 – 0.2) 

2 Congruent 
high 

(0.8 – 1.0) 

average 

(0.2 – 0.6) 

3 Moderate 
average 

(0.4 – 0.8) 

average 

(0.2 – 0.6) 

4 Disinterested 
low 

(0.0 – 0.4) 

average 

(0.2 – 0.6) 

5 Holidaymakers 
average low 

(0.4 – 0.6) 

average high 

(0.6 – 0.8) 

6 Party Makers 
low 

(0.0 – 0.4) 

high 

(0.6 – 1.0) 

7 Hedonists 
lowest 

(-0.2 – 0.0) 

highest 

(0.8 – 1.0) 

8 Phenomenon 
average 

(0.4 – 0.8) 

average low 

(0.0 – 0.2) 
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In order to evaluate the effectiveness of the 

economic activity strategy chosen by each county, 

40% to 100% efficiency curves were constructed. It 

is necessary to stress, that the amount of variance in 

each variable explained by the principal components 

or the component communalities are computed by 

taking the sum of the squared loadings for that 

variable, where component loadings are the 

correlations of the observed variables with the 

principal component.  

Therefore the efficiency criterion EC was 

calculated according to the formula (1): 

 

𝐸𝐶 = √𝑟1𝑛
2 + 𝑟2𝑛

2  (1) 

 

where 𝑟1𝑛
2  is correlation coefficient of the observed 

nth variable (linear combination of the total number 

of mobile phone activities and the total number of 

unique users in nth county) with the first principal 

component loadings, but 𝑟2𝑛
2  is correlation 

coefficient of the observed nth variable with the 

second principal component loadings. 

2.3 Theil Index for Regions Economic 
Activity Evaluation 

Theil index is a measure of overall inequality and 

primarily used to measure economic inequality. 

According the proposed hypothesis that mobile 

phone activities have statistically significant 

relationship to region economic activity, Theil index 

is calculated for the each county mobile phone 

activities data, aggregated by day for the time period 

from 25 July 2015 to 20 January 2017, using the 

formula (2): 

 

𝐸(1) =
1

𝑛
∑(

𝑦𝑖
𝑦̅
)

𝑖

𝑙𝑛 (
𝑦𝑖
𝑦̅
) (2) 

 

where yi is total number of mobile phone activities 

on a particular day, n is the number of days, and 𝑦̅ is 

the average number of mobile phone activities for 

observed time period. The higher is the value of the 

Theil index, the greater is the data inequality. 

Theil index is used to compare changes in 

mobile phone activities on business days and 

holidays. The higher the value of the Theil index, the 

higher the inequality between the number of mobile 

phone activities on business days and holidays.  

It should be noted that Theil indexes are equal 

for the two possible cases: high mobile phone 

activities on business days and low on holidays or 

low mobile phone activities on business days and 

high on holidays.  

Theil index was calculated for six statistical 

regions in Latvia: Kurzeme, Latgale, Pieriga, Riga, 

Vidzeme and Zemgale, using the number of mobile 

phone activities that are grouped by days for each 

statistical region. 

3 RESULTS 

Based on the PCA obtained results, Latvian 110 

counties and 9 cities are grouped into 8 groups 

(Table 1) according to their mobile phone activity 

for two periods: 2015 – 2016 and 2017. 

The efficiency of the economic activity strategy 

was calculated, using formula (1), and compared by 

40% to 100% efficiency curves. The mobile phone 

activity of six regions was estimated by Theil index 

and the obtained results have compared with 

counties’ mobile phone activity for the next Latvia 

region economic development tendencies evaluation. 

3.1 Latvian Counties Distributions by 
Groups 

Latvian 110 counties and 9 cities distribution by 

groups, according to their mobile phone activity for 

time period from 25 July, 2015 to 20 January, 2017 

is shown on Figure 4.  

The first groups “Hard Workers” is characterized 

by high activity on business days, but on average 

low activity on holidays. It is the driving force 

behind the Latvian economy, but does not fully 

exploit the holiday potential. The counties are highly 

dependent on fluctuations in economic activity, and 

it is necessary to develop the service sector. For 

example, the capital of Latvia the city of Riga is the 

central metropolis of the Baltic States, the 

international level port and infrastructure hub (The 

Freeport of Riga).  

Riga is characterized by transit and logistics 

companies, developing social infrastructure. At the 

same time, Riga is a monocentric city, which 

insufficient uses tourism potential, only 5% of small 

and medium enterprises (SMEs). Riga has a 

congested traffic infrastructure and a population 

reduction. The city of Jelgava is only 40 km far from 

to Riga and has excellent infrastructure, besides 

there is situated the Latvia University of Life 

Sciences and Technologies. However, there is small 

business activity on holidays and insufficient leisure 

opportunity, only 4% of SMEs work in tourism. The 

second group “Congruent” of Latvia's counties is 
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Figure 4: Latvian 110 counties and 9 cities distribution by groups in 2015 – 2016. 

characterized by high and moderate activity on 

business days and average activity on holidays. The 

group is characterized by balanced development, but 

insufficient resources for the next breakthrough. 

Depending on the priorities, it is necessary to 

develop the production or service sector, but the 

wrongly selected priorities can be broken down by 

the available resources. For example, the city of 

Ventspils has a developed production and logistics 

sector, a well-developed port, Ventspils University 

College and in tourism sector there is 5% of SMEs. 

The group “Holidaymakers” is characterized by 

an average low activity on business days, but on 

average high activity on holidays. The counties 

sufficiently use the holiday potential, but 

insufficiently on business days. It is necessary to 

develop the production sector and change the 

county's development strategy. For example, the city 

of Jurmala is a historic resort town near Riga with 

favourable strategic positioning, where 7% of SMEs 

are in the tourism sector. However, it does not fully 

use its potential on holidays.  

In both cities of Riga and Jelgava from group 

“Hard Workers” exist high activity on business days, 

but on average low activity on holidays, as well a 

strong negative seasonal effect in summer time.  

The city of Ventspils from the second group 

“Congruent” is characterized by high and moderate 

activity on business days and average activity on 

holidays and summer time. In turn the city of 

Jurmala from the group “Holidaymakers” has an 

average low activity on business days, but on 

average high activity on holidays, as well the strong 

positive seasonal effect in summer time.  

The average number of mobile phone call 

activities of LMT per month in Riga, Jelgava, 

Ventspils, and Jurmala in 2017 is given in Figure 5. 

  

  

Figure 5: The average number of mobile phone call 

activities in cities per month. 

The group “Moderate” is characterized by the 

average economic activity on all days. It is 

characterized by uniform activity, where the 

resource potential is not sufficiently used. It is 

necessary to increase labour productivity and 

economic potential, otherwise economic activity and 

regional development will decrease.  

The group “Disinterested” is characterized low 

activity on business days and average activity on 
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holidays. There is a holiday potential, but low 

economic activity on business days. It is necessary 

to develop the service sector and to change the 

development strategy of the region, threatening the 

region's degradation.  

The group “Party Makers” is characterized by 

low activity on business days, but high activity on 

holidays. It is necessary to develop the production 

sector and change the region's development strategy. 

There is a high dependence on the purchasing power 

of the population.  

The group “Phenomenon” is characterized by 

average activity on business days and moderate low 

activity on holidays, where in 2015 – 2016 it was 

Vilanu county, but in 2017 - Rugaju county.  

The “Hedonists” group is characterized by the 

lowest activity on business days, but the highest 

activity on holidays. There is no economic potential 

for the manufacturing sector. It is necessary to 

develop the production sector and change the 

region's development strategy. There is a maximum 

dependence on the purchasing power of the 

population. For example, Rucavas county has a 

strong positive seasonal effect in summer months 

and it is unique because the number of mobile phone 

activities on holidays is higher than in business days 

(Fig. 6). 

 

Figure 6: The average number of mobile phone call 

activities in Rucavas county per month and week days. 

3.2 Latvian Counties Economic 
Activity Efficiency 

The distribution of the counties by economic activity 

can be shown using the principal components loads 

with data aggregated by days. Latvian counties are 

divided into 8 groups according to their economic 

activity.  

The negative 2nd PC values in group “Hedonists” 

means, that the mobile phone activity during the 

holiday in absolute values is higher, that in business 

days. It is a character only for counties from group 

“Hedonists”: Saulkrastu county in 2015 – 2016 and 

Rucavas county in 2015 – 2016 and 2017 time 

periods.  

Groups allow you to understand the profile of 

each county, but the efficiency curve makes it 

possible to assess the effectiveness of the strategy 

chosen by each county (Fig. 7). 

1
st
 P

C
: 

h
ig

h
 v

al
u

es
 i

n
 b

u
si

n
es

s 
d

ay
s 

 

  
2015 – 2016                                                                          2017 

2nd PC: high values in holidays 

 

Figure 7: Distribution of Latvian counties in groups after the effectiveness of economic activity. 
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In 2017, in comparison with 2015 - 2016, the 

economic activity of Latvian counties is improving, 

as indicated by the distribution of groups, for 

example, the number of counties included in the 

group “Disinterested” decreased two times.  

The distribution of 119 Latvian counties in 2017 
according to the efficiency criterion EC displays that 

the number of the counties lies between the two 

different efficiency curves are the following:  

 16 counties from 95% to 100%; 
 31 counties from 90% to 95%; 
 36 counties from 80% to 90%; 
 36 counties from 45% to 80%. 

In comparison in 2015 – 2016 time period there 

were two counties with efficiency less than 45%. 

3.3 Distribution of Regions by 
Economic Activity using Theil 
Index 

In order to evaluate the regional differences in call 

activity between business days and holidays, Theil 

index E(1) for each region was calculated for period 

from 1 August 2015 to 31 December 2016.  

The highest index value indicates a greater 

difference in call activity between business days and 

holidays, which indicates a higher economic 

activity. According to the Theil index the higher 

economic activity is in Riga, than Kurzeme and 

Pieriga, but Latgale and Vidzeme have the lowest 

results in economic activity (Fig. 8).  

 

Figure 8: Theil index for Latvian regions in 2015-2016. 

The similar results were obtained, using the 

PCA, which shows that cities and regions with lower 

call activity have lower economic activity compared 

to other regions with higher call activity (Arhipova 

et al., 2019).  

To estimate the dynamics of the difference 

between regional call activities in business days and 

holidays, the Theil index for each region is 

calculated per month. There is a close correlation 

between regions’ Theil index change dynamics by 

months, except city of Riga, and indicates the related 

tendency of regions economic development. 

4 CONCLUSIONS 

The number of mobile phone call activities is an 

indicator of economic activity for counties and 

regions and could be used to develop a reliable tool 

for continuous and dynamic monitoring of the 

region’s economic performance.  

There is a seasonal effect in mobile phone 

activities, as well a significant difference between 

business days and holidays, that indicates and 

distinguishes counties and regions with different 

economic activity patterns. 

Data obtained from Latvian counties resulted in 

the identification of distinct 8 groups representing 

the unique pattern of economic activity. The 

efficiency curve makes it possible to evaluate the 

effectiveness of the strategy chosen by each county.  

Characteristics of the distribution of Latvian 

regional groups depend on economic activity on 

business days and holidays, as well on seasonal 

effect.  

In 2017, in comparison with 2015 - 2016, the 

economic activity of Latvian counties is improving, 

as indicated by the distribution in groups, for 

example, the number of counties included in the 

group "Disinterested" decreased by two times. 

The Theil index characterizes the difference in 

mobile phone activities between business days and 

holidays. The results of PCA and Theil Index give 

the same distribution of counties and regions by its 

economic activity. 

The authors propose the regional development 

index as a real-time or periodic monitoring tool. 

Developed method provides a practical tool for 

regional governments in keeping track on strategy 

implementation and strategic gap analysis.  

This method also provides dynamic visualization 

of strategic direction particular municipality have 

achieved between periods of measurement and can 

be used as central additional performance indicator 

regional governments measure regularly. 

The developed method tested on Latvian mobile 

telephone data sets as proxies, and the regional 

development index was created.  

Regional economic activity efficiency evaluation 

is based on mobile phone data statistics, taking into 

account the requirements of the GDPR, where 

switching of particular individual calls are not fixed, 

and the personal data protection is respected. 
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