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Abstract 

The integration of big data in official statistics is now steadily moving forward in Europe. Sev-

eral national statistical institutes have been assessing the use of big data sources, analytics 

and technologies for a few years already and a joint European project involving statistical or-

ganisations from 20 countries is currently exploring the potential of various big data sources 

for official statistics and is preparing the conditions for subsequent production of statistical 

data. This paper presents results from one such project involving Statistics Belgium, Eurostat 

and the Belgian mobile network operator Proximus. This project is analysing aggregated geo-

location data collected by Proximus on the functioning of its mobile network for producing 

statistics on the population and its mobility. The initial approach was to attempt to reproduce 

existing statistics, in particular on the resident population, and to explore new statistics which 
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may be of public interest, i.e. indicators of present de facto population at a high spatiotem-

poral detail. However, this new data source offers also the possibility to re-think existing sta-

tistical concepts of population and their operationalization, in directions probably not fully ex-

plored in the past because traditional data sources would not allow it. The current statistical 

concept of resident population allocates an individual to the place where he/she spends 

his/her resting period (normally the night) for at least 12 months. In a first step, we assess 

the sensitivity of resident population statistics to a change of the threshold from 12 months to 

6 months or 3 months. We also investigate the possibility of dropping the time period alto-

gether as a threshold and instead simply breaking the population in each spatial unit down by 

the amount of time they have been living there. 
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1. Introduction 

Recent studies in several countries have demonstrated the potential of mobile phone data as 

a viable alternative to more traditional data sources used by national statistical institutes, 

most notably in the statistical domains of population, migration, tourism and mobility (Altin 

e.a., 2015, Deville e.a., 2014; European Commission, 2014). Quality issues need to be ad-

dressed, however, before they can be integrated into any regular statistical production. This 

paper focuses on the validity and accuracy of mobile phone data as a measure of resident 

population density in Belgium, to be compared with results of the Belgian Census 2011, pro-

duced by Statistics Belgium on the basis of the Belgian population register. The mobile 

phone data were obtained from Proximus, the leading  mobile network operator in Belgium. 

Three research questions are addressed: 
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(1) do mobile phone data constitute a valid source to assess population density? (validi-

ty); 

(2) what is the relation between population density based on mobile phone versus Cen-

sus data? (accuracy); 

(3) how can the value of mobile phone data be further enhanced for this purpose? (data 

integration and replicability) 

Both the mobile phone and Census datasets are approximations of reality, with known limita-

tions: 

• the Census data show the registered population based on the place of residence as 

recorded in the Population register, which is not necessarily the actual residence; 

• mobile phone data, on the other hand, show the actual present population in an area, 

which at night should be highly indicative of the actual place of residence, but likely to be bi-

ased by incomplete coverage (more than one device per person or none, varying local mar-

ket shares if not all operators provide data, atypical work or living arrangements, …). 

The quality of both data sources can be improved by further analysis, more observations and 

the use of additional information sources. In the case of mobile phone data, for instance, ob-

servation of individual phones over a longer period should make it possible to assign a ‘most 

likely living place’ and hence more accurately assess the actual resident population. 

The degree to which both sources converge provides a lower limit of validity and accuracy. 

We postulate that a high correlation between Census data and mobile phone counts at night 

indicate that both are valid and accurate measures of actual resident population. 
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2. Roadmap for the adoption of big data in the European Statistical 

System  

The basis of the answer of the European Statistical System to the challenges and opportuni-

ties brought by big data is the Scheveningen memorandum agreed by the heads of the sta-

tistical authorities at national and European level in 2013. 

The Scheveningen Memorandum recognises that the increasing level of digitisation of socie-

ty, and the consequent digital footprint people leave, offers an opportunity for the compilation 

of statistics and that it should be incorporated in the conceptual design of official statistics. In 

particular, it provides alternatives to deal with the current challenges faced by official statis-

tics, such as the decreasing response rates and the need to increase the overall efficiency of 

statistical production systems. However, the Scheveningen Memorandum also recognises 

that the use of big data poses challenges to the ESS. Therefore, it calls for an examination of 

the potential of big data sources and the development of an official statistics big data action 

plan and roadmap. 

The Eurostat task force on big data worked together with the ESS Task force to elaborate 

several actions in the several horizontal areas shown in figure 1, including pilots of big data 

usage for producing official statistics. The purpose of the pilots is to gain experience in using 

big data in the context of official statistics. This includes identifying, analysing and solving 

issues in horizontal areas as well as investigating and developing future business models for 

statistical data production related to specific data sources or statistical products. The Big Da-

ta Action Plan and Roadmap was then endorsed by the European Statistical System Com-

mittee (ESSC) in 2014. 

The overall purpose of the roadmap is to enable the ESS to gradually integrate big data 

sources into the production of European and national statistics. Given the rapid evolution of 
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technology, availability of sources and public perception, it is premature to provide a very de-

tailed description of the final “to be” state of the ESS related to big data usage. Therefore, the 

roadmap constitutes a high-level description of where we would like to be, in terms of long-

term vision (beyond 2020), medium-term aims (by 2020) and short-term objectives (by the 

end of 2016). 

3. Mobile phone data for population statistics 

One of the pilots run at Eurostat was the use of mobile phone data for population, mobility 

and tourism statistics. Mobile phone data provides an excellent test case for the use of big 

data in official statistics. Firstly, it has an extraordinary potential as a data source for official 

statistics in a very large spectrum of applications. It provides a relatively high spatial and 

temporal resolution for the positioning of mobile devices, and ultimately of the persons carry-

ing them, which can be used in the production of detailed population statistics. However, the 

geo-location of individuals and identification of their mobility profiles together with the net-

work information (the set of links between persons reflected by their communication events) 

combined with other spatial layers, gives it many further potential applications. Secondly, alt-

hough mobile phone data suffers from selectivity bias, there are official statistics on the pene-

tration rate of mobile phones which can help in assessing and possibly correct this bias. 

Thirdly, it is a relatively sustainable source as the chances that it will cease to exist are rela-

tively low compared to other big data sources. 

The first most critical step in this project was the establishment of a research partnership be-

tween Eurostat, Proximus and Statistics Belgium. The three institutions agreed on the core 

research questions, the data to be used, the methodological approach, and the way in which 

the quality of results could be assessed.  
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Clearly the benefits and lessons from this collaborative work extend much beyond the scope 

of this project. While assessing the potential of mobile phone data for providing policy rele-

vant insights about population, tourism, migration, mobility, transport and other related fields 

was our central target in this project. We also had the opportunity to address successfully 

some horizontal issues such as privacy, confidentiality, algorithmic transparency and quality 

assurance.  

4. Description of the data used 

4.1. Description of mobile phone data 

The focus in most studies so far (European Commission, 2014) has been on CDRs, call de-

tail records, used for billing purposes. These reveal the time and location of a mobile phone 

whenever it is used. Nowadays, however, network probing systems capture all signalling 

events, including non-billable transactions, and therefore offer a much better time granularity. 

In the Proximus network, the amount of useful signalling events is about 10 times higher than 

the amount of CDRs. For each device on the network a position is recorded at least every 3 

hours; with an active data connection, this interval decreases to approximately once every 

hour. In practice transactions are recorded even more frequently, especially for smartphones 

which often connect to the network without the owner being aware of this. Also, with newer 

technologies such as 4G more location samples become available; and intervals are further 

reduced when devices perform location updates as they move from one location area to an-

other. 

For each transaction on a mobile network, the mobile phone location is known down to the 

level of a cell identity. A mobile phone network is a cellular system which over time has grown 

ever more complex; antenna sites nowadays typically contain multiple technologies (2G, 3G, 

and 4G) and multiple cells. For the purpose of this study, a construct called TACS (Technolo-
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gy-Agnostic Cell Sector) was developed: the area served by all cells on a particular site with 

the same azimuth (direction of antenna main lobe) and irrespective of the technology used, 

consisting of all locations closer to the cell site than to surrounding ones (each also TACS). 

The resulting polygons are represented as Voronoi diagrams, making it possible to build a 

simplified model of the mobile network. As a first step, only macro-TACS (roof top cells) are 

considered; smaller cells are then added as points and remapped to their “parent” Voronoi 

polygon (see Fig. 2). This representation of TACS as Voronoi polygons is an approximation 

of cell coverage, which disregards the complexity of the different technology layers and thus 

allows for fast and performant calculations. 

A heatmap was then created in the form of Voronoi polygons for each TACS, showing the 

number of devices in each of them, on the basis of localisations by the mobile network. Dis-

continuities in time were resolved by interpolation (a device supposedly staying on its last 

known position, until a new one is known) and additional filtering was performed (e.g. ma-

chine to machine). Data were recorded every 15 minutes for one weekday (Thursday 8 Oc-

tober 2015) and one Sunday (11 October 2015). 

To protect the confidentiality of individual data, all data used at this stage were aggregates 

(counts of devices per TACS) which do not contain any information traceable to individuals. 

4.2. Description of the census data 

The Census data record the Belgian population on 1 January 2011. The variable ‘place of 

residence’ refers to the registered place of residence as declared in the population register 

and is used as a proxy for the place where people usually reside during the night, in the early 

mornings and in the evenings. 

These data were aggregated at the level of both 1 km² grids and Voronoi-areas. To produce 

km² grid data and Voronoi data for the Census, the addresses in the population register were 
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geocoded on the basis of a match between the population register and data from the land 

registry which is the source for the register of dwellings and buildings. 

5. Methods 

5.1. Mapping mobile phone data to the 1 km² Standard European grid 

While mobile phone data are organised in TACS varying in size (from quite small in cities to 

several square kilometres in less densely populated areas), the Census uses 1 km² grid are-

as (see Fig. 3 with an example in Brussels; the numbers in the polygons are mobile phone 

counts). 

The number of devices recorded in each polygon (Voronoi count) is split up proportionally per 

area and the resulting subtotals are allocated to each of the different 1 km² grids they are 

part of. These can then be summed for each km² grid. 

This method works very well for areas where TACS are relatively small but has its limits 

when large TACS cover huge areas where very few or no phones are present at night (e.g. 

the forests in the Ardennes). As population is evenly distributed across a TACS polygon in 

these cases too, it is obviously impossible to obtain a correct estimation of the population 

density per km². This problem could be mitigated by additional datasets (e.g. on land use). 

5.2. Mapping of population density from Census data to TACS (Voronoi polygons) 

This is the opposite of the previous approach. However, instead of assigning 1 km² popula-

tion proportionally to the TACS or parts of TACS it contains, analogous to the method de-

scribed above, census observation points (i.e. addresses) were allocated directly and there-

fore more precisely to a grid cell. 
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5.3. Analysis of the mobile phone dataset: cluster analysis 

The cluster analysis was performed on the average number of devices, over the three days, 

for each period of 15 minutes in the day (96 points for a whole day) in each TAC. The abso-

lute number of devices during the day were normalised to a mean of 0 and a standard devia-

tion of 1 in each TAC (procedure 'scale' in R, version 3.2.3, 'base' package) and the cluster-

ing was performed with the k-means algorithm (function 'kmeans' from 'stats' R package, with 

Hartigan and Wong algorithm with random centres). The number of clusters was chosen 

based on the within-groups sum of squares, finally yielding three clusters. In order to verify 

their plausibility, results were displayed as charts and overlaid with topographic maps to see 

whether the three workday patterns coincide with respective topographic features. Correla-

tions between number of mobile phones and Census resident population were calculated in 

R for the different clusters and their time patterns analysed. In addition, the contribution of 

each of the three clusters (profiles) to an individual Voronoi polygon was estimated using a 

linear regression model with constraints (using function 'sem' from 'lavaan' R package to es-

timate a structural equations model). 

6. Results 

6.1. Estimating population density from mobile phone versus Census 2011 data 

The two maps in Fig. 4 visually represent population density per km² based on Voronoi poly-

gons; the one on the left is derived from mobile phone counts per Voronoi polygon and calcu-

lated as an average between 3.45h and 4.30h in the morning over the three week days. The 

map on the right shows the population density based on the 2011 Census and geocoded us-

ing the dwellings and buildings register. 

The density of the TACS was scaled according to deciles, partially compensating for the fact 

that the market share of the mobile phone provider is less than 100%. While both maps show 
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similar density patterns, the map derived from the 2011 Census data shows higher densities 

in the areas that are adjacent to the agglomeration areas. 

Fig. 5 shows the correlation between both datasets at 15 min. intervals during the observed 

days based on the TACS. Correlation between mobile phone data and census data is higher 

during the night time dropping in the morning, reaching a minimum around 14h and increas-

ing between 16h and 19h. Although there is a striking similarity of the density of resident 

population and mobile phones visible in Fig. 4, the Pearson correlation only reaches a maxi-

mum of 0.65 during the night time. It seems that there are additional factors, such as delimi-

tation of the TACS, market shares of the mobile phone operator or disparities in distribution 

of geographic locations between the total population and the mobile provider's clients that 

influence the correlation. 

6.2. Cluster analysis of mobile phone data 

The purpose of the cluster analysis was to verify whether TACS can be grouped into a limited 

number of categories with characteristic and meaningful temporal patterns. 

Looking at the means of the normalised number of phones during the day shows three pat-

terns during the weekdays which account for most of the reduction in the within-groups sum 

of squares (SSW) and which can be interpreted in a meaningful way (see Fig. 6): 

• densities above average at night and below average during the day, corresponding to 

a residential area with people leaving in the morning and returning in the evening; 

• densities below average at night and above average during the day, suggesting a 

work area with people entering the TACS in the morning and leaving again in the evening; 

• two peaks with above average density in the morning (around 7.30h) and the evening 

(around 18h), which seems to correspond with a commuting zone peaking during rush hours. 
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A geographical representation of this three-way classification of TACS within the vicinity of 

Brussels (Fig. 7) shows a coherent picture, with most of the territory occupied by residential 

areas versus fewer working areas in and around city centres and commuting areas usually 

bridging these two. 

7. Conclusions 

A comparison of mobile phone data with register-based census data, shows them to be a val-

id and accurate source to approximate actual present population. Mobile phone data are, 

moreover, extremely timely, easily computable and not dependent on subjective responses. 

Their quality in this context will be further enhanced increased by confronting them with de-

tailed other spatiotemporal datasets. 

However, mobile phone data also present challenges from a statistical perspective. First of 

all, the data themselves are new and largely unexplored, and likely to be biased in unknown 

and possibly unknowable ways (e.g., no one-to-one link between persons and devices, net-

works only partially covering total population, selectively as to age, gender and other im-

portant variables). Other issues are guaranteed data access over time, the size of datasets 

compared to storage and processing capacity of statistical institutes, information about pre-

processing, and maybe most importantly, concerns about privacy and other legal aspects 

such as data ownership or non-disclosure guarantees towards network operators. 

The logical next steps, expanding to other types of mobile data, longer time periods, more 

spatial and temporal granularity and use of relevant auxiliary data, offer great promise not 

only for population and migration statistics, but also for domains like mobility and transport, 

labour mobility and migration, and tourism. 

Finally, a crucial condition for long-term success in integrating mobile phone data in official 

statistics is a mutually beneficial partnership between mobile network operators and statisti-
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cal institutes. Official statistics obviously has a lot to gain, but for operators as well the nec-

essary investment to process the data for statistical purposes needs to be offset by deeper 

insight in their own data and access to valuable additional datasets, making it possible to 

successfully and profitably exploit the mobile phone data. 
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Figure captions 

Figure 1: Areas of the ESS Big Data Action Plan and Roadmap 1.0  

Figure 2: Voronoi diagrams of macro-TACS with small cells mapped to their overlaying TACS 

Figure 3: Counts per TACS (Voronoi polygon) converted by proportional allocation to 1 km² 

grid counts for a small area in Brussels 

Figure 4: Density per km² from 2011 Census (left) and mobile phone data (right) 

Figure 5: Pearson correlation between mobile phone and census data for TACS 

Figure 6: TACS identified as 1: ‘work’, 2: ‘commuting’ or 3: ‘residential’ 

Figure 7: Mapping of the cluster results in the vicinity of Brussels and Leuven 
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