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The identification of sociodemographic barriers to policy implementation has not yet become an intrinsic 
part of the policy and policy instrument anticipation, formulation and assessment process. However, in 
this sense, synthetic data have the potential to help building completely new policy instruments due to 
its ability to replicate attributes of individuals, their opinions and sentiment while preserving their privacy, 
becoming the key input to understanding such sociodemographic barriers. Synthetic population data 
could support the policymaking process in, potentially, all fields and the use cases we chose to present 
are meant to convey such diversity of scope, spanning from health (Section 6), COVID-19 re-opening 
(Section 4) and energy efficiency policies (Section5). For instance, in the case of the latter, the allocation 
of structured household into houses could enable creating highly realistic activity profiles in domestic 
energy modelling. Thus, it could support policies on building energy efficiency or sociodemographic 
capacity for solar panels installations.  



















 

20 

For each archetype, the number of daily contacts (DC) was calculated under the following 
assumptions: 

- Household size: all people in household meet daily, added to DC 
- Apartment house adds 5 (3 for smaller apartment houses) to DC, detached houses add 0 
- If schooled: 50 contacts added for all types of school 
- Public transport: 50 contacts added to DC if in densely populated area, 30 for medium 

population, 10 for scarcely populated areas.  
- Meeting relatives/friends: 5(10) people added for daily contacts, 5(10)/3 for every week, /10 for 

several times a month, /30 for once a month, /80 for less than once a month, 0 for no contacts. 
- Cinema/concerts/cultural sites/stadium: coefficient 24/265 for going at least three times a year 

to the event, 2/365 for less than three times a year, zero for every other situation; coefficient 
was multiplied by 300 for concerts and stadium visits, 50 for cinema and 20 for cultural sites. 

- Same approach for voluntary activities, where people on average meet 100 other people on 
activities related to participation in in/formal voluntary activities and active citizenship.  

For 2) and 3) data from the complete EULFS18 (European Union Labour Force Survey) 2015 database 
were extracted on professions (isco3d, isco1d codes), economic sector (nace1d, incdecil), by 
sex/gender, and country. EULFS is a large household sample survey providing quarterly results on 
labour participation of people aged 15 and over as well as on people outside the labour force and it 
currently contains data for all Member States, as well as data for Iceland, Norway, Switzerland and the 
United Kingdom. In total, data covering 218 million economically active people (those with ISCO and 
NACE codes) were used further in the study. Data on physical proximity by economic sector, and 
therefore daily contact potential, was estimated based on Dingel and Neiman study (Dingel & Neiman, 
2020). The graph below shows as an example the physical proximity (scoring on X axis, the higher the 
closer proximity to others) vs. income deciles (1-10 on Y axis, 10 is the highest income decile) by 
economic sector, profession, and gender (blue ring around blob = men, red= women). 

 
Figure 2 Physical proximity vs income for all sectors with Manufacturing and Health highlighted 

 

                                           
18 https://ec.europa.eu/eurostat/web/microdata/european-union-labour-force-survey 
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 We show in Figure 5 the distribution of the different lifecycles with respect to the age group: 
 

 
Figure 5 Distribution of lifecycle among age groups 

 

The HETUS profiles are using statistical weights helping us to distinguish how important the profile is, 
and how high is the probability that this specific profile can be chosen for the specific person.  

For simplification we have chosen to model a typical day of the population of Commune de Lille (59350)20 
consisting of 230.000 people plus people commuting into Lille. In total, we have identified 170.000 
economically or schooled people that go to Lille to work or attend school. Furthermore, in order to utilize 
the highest variability of profiles, we have selected Tuesday and April as the most typical and data-rich 
time slices and added other profiles with adequately lower probabilities (e.g many people leave for their 
weekend houses and this can be seen in the Monday and Friday profiles) (Figure 6). 

 
Figure 6  Aggregated time of travel by the day of the week. Please note that, in the legend, the week starts 
with Sunday. 

In total, we have obtained 9000 categories for behavioural profiles, each consisting of at least 2 profiles. 
As the next step, we have started modelling the population. Below is the population distribution resulting 
from the assignment of households into real houses.  

 

                                           
20  https://www.insee.fr/fr/statistiques/2011101?geo=COM-59350  
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Figure 9 Activity-based model of city of Lille - Reasons for travel 
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Reasons for travel is only a trivial example of what can be achieved if we analyse the population as a 
graph together with mapped behaviour, be it work, consumption, sentiment or opinion mapping. We 
have no interest in knowing if and where the actual person went. But, when re-aggregated, the picture 
becomes rather consistent and informative.  

The combination of realistic population with realistic behavioural model can become very useful for a 
range of computational models such as regional planning, pollution exposure assessment, or building 
energy models: as shown in Figure 10, mobility patterns can be combined with data on the household 
structure and on the building properties to construct an energy efficiency model encompassing all those 
inputs and giving a more realistic and granular depiction of energy use. 

 
Figure 10 Example of inputs to building energy modelling 

 

4.3 Lessons learnt 

The synthetic population generated from the population model has been found very useful. The most 
important aspects are the quality and heterogeneity of population structure, and how easy it is to build 
agent- and activity-based models.  

The method presented in this chapter for population generation is convenient due to its reuse of the 
upstream model provided by the French Statistics Office (INSEE). Population has been distributed into 
dwellings using limited available knowledge and more data would be needed to provide more precise 
assignment of families into houses, for instance the prices per square meter and the houses topology 
(surface, number of bedrooms) would help establishing the link between households in a specific income 
range and composition and houses. 

Behavioural profiles from the HETUS data are a very useful guidance, though a closer inspection shows 
how unbalanced the profiles are. For research and demonstration purposes, the data are fully sufficient 
and open the path to quantitative behavioural modelling.  
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We can see in Figure 11 that low and high gas consumption areas clustered, which encourages further 
exploration to find variables with major impact.  

As displayed in Figure 12, data for each housing type show three distinct patterns when drawn using 
two-dimensional kernel density estimation of distribution of average area gas consumption vs. 
consumption of households in the area by house type. Data have been reweighted to reflect the real 
distribution. 

  

 
Figure 12 Average gas consumption by house type gas consumption. From top left corner, clockwise: a) 
kernel density estimation of all house types, b) only Detached and Approved not yet inhabited houses, c) 
only Semi-detached, Terraced and Corner houses, d) only Apartment and Rental houses. 

The three major patterns are clearly visible here. First, detached houses are usually major contributors 
to the area consumption (Figure 12 b), except for low energy or probably passive ones at the bottom of 
the chart. Apartment, rental houses as well as approved but not yet inhabited houses tend to have very 
low gas consumption (Figure 12 b-d). Row houses are coming in full gamut, from the very energy 
efficient ones to the other side of the spectrum.  

To further investigate such quantitative links, we studied a simple Pearson correlation in 17060 buurt 
areas of Amsterdam with non-zero gas consumption, the rationale behind being that these correlations 
would pinpoint the socio-economic variables that contribute the most to gas consumption. 
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household increase the gas consumption, yet the single parent families cannot afford the same thermal 
luxury. 

 

 
Figure 15 House type gas consumption by ethnicity and morbidity 

Exploring the details of mortality and ethnicity in Figure 15, we can see that people of Western origin 
tend to consume substantially more than people of other ethnic origins. Moroccans and Turks are 
possibly the better situated among other ethnic groups and once they reach the wealth allowing them 
to afford their own houses, they do consume energy at the level similar to Westerners. Alternation of 
generations seems to also have a big impact on the gas consumption.  

Let us not forget here that correlation does not induce causation. We may point to group behaviour but 
we have no information about individual behaviour. Ethnical correlation may have origin in a type of 
building, specific underlying issues etc. Therefore, we would like to raise the caveat that we are just 
using one type of data without cross check, only the first input for a policy analyst.  

 
Figure 16 Gas consumption by income group 
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Figure 21 Relation between house type, year of construction and gas consumption 

 
Figure 22 Relation between year of construction, house type and gas consumption 
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The key difference between data aggregates and the individual data lies in the loss of structural 
information in the aggregated data. Disaggregated synthetic population serves us as a vehicle in 
stochastic mapping of a very complex function. By assigning these generated individuals to synthetic 
households and then to real houses, we have enabled the follow up analyses to approximate the 
function of gas consumption without having to explicitly express the function.  

We have disaggregated population statistics using iterative proportional fitting (IPF) with applied above 
described multivariate distributions. The resulting population was created with high-entropy target, i.e. 
avoid grouping data around the median. Higher jitter could lead to higher error in correct population 
assessment but highly improve results of the analysis since we are not interested in individuals but in 
their communities.  

The source data cluster well so there is a good chance that we will be able to find links in the data: 

 
Figure 26 Source data clusters 

Our analysis so far hints that low-income families with children may lack the means to invest into 
insulation, and, also, elderly people may have little interest in taking a loan, which spans several year, 
to insulate their houses. This evidence from the data could be the basis for a targeted survey to confirm 
these behaviours and preferences. 

Our goal was to validate these findings from aggregated level against the synthetic individual data. The 
data of individuals, households and houses were joined and pivoted against gas consumption 
normalized by the apartment surface area. Even though the synthetic population was generated from 
the official univariate statistics and the distributions were learnt from the overall picture of the whole city, 
we can see the more nuanced yet credible outcomes of simple tri-variate comparisons.  

For the validation study we have used 377,307 synthetic households of 597.608 people, 105.193 
houses, 223.352 apartments in 16,323 census areas where all population, housing and energy 
consumption data were known. 

  
Table 7 Distribution of households in the study area and their average gas consumption per m2 and year 
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The ten quantiles seem to be fine grained enough to cluster based on common features. The features 
point to realistic energy classes A: 0-1.5, B: 1.5-8.8, C: 8.8-19, D: 19-310m3 p.a.  

 

 
Figure 29 Artificial energy classes of Amsterdam buildings with absolute and relative counts by a building 
type 

The most distinguishing features were dependence on social assistance, construction year before 1946, 
presence of the mixed roof type and a low/middle apartment building, single-person household, age 25-
44 and low personal income.  

We have pivoted the most important variables against house types and visualised the normalised per 
square meter gas consumption: 

 

  
Figure 30 Pivoting individual data against house type and household consumption of gas per m2 
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Figure 36 Quantitative variables (date of birth, last known vital status, incidence) in original dataset (left) 
and synthetic dataset (right). 
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We can check the consistence of the synthetic data by plotting the same graph but with a different colour 
scale for the deceased patients: 

 
Figure 37 Date of birth, last known vital status, incidence, in original dataset (left) and synthetic dataset 
(right) wit deceased patients in a different colour scale. 

 

We can see the patients who are still alive concentrated on the date line of data collection/submission. 
Synthetic data seem to be practically identical, perhaps with more live patients on the earlier submission 
date.  
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Another way to demonstrate consistence was elementary descriptive statistics, here for age distribution 
by cancer groups: 

 
Figure 38 Age distribution by cancer groups, in original (left) and synthetic (right) dataset. 
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Tongue cancer, total 3275 cases in the original data, 3273 in the synthetic ones (0.6% of all cases):  

 

 
Figure 44 Incidence of cases of tongue cancer by age class in original (left) and synthetic (right) dataset, 
and difference matrix (middle). 

 

Though we are already pushing the limits of what a neural network can learn, we still see a surprisingly 
good fit. As data are becoming sparse, the difference in specific years/age group can be higher than 
expected.  

 

Renal pelvis, total 809 cases in the original data, 854 in the synthetic ones (0.16% cases):  

 
Figure 45 Incidence of cases of renal pelvis cancer by age class in original (left) and synthetic (right) 
dataset, and difference matrix (middle). 

Unexpectedly, the overall data still show rather convincing distributions.   
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Adrenal gland, total 381 cases in the original data, 331 in the synthetic ones (0.06% cases):  

 
Figure 46 Incidence of cases of adrenal gland cancer by age class in original (left) and synthetic (right) 
dataset, and difference matrix (middle). 

Other male organs, total 126 cases in the original data, 113 in the synthetic ones (0.02% cases):  

 
Figure 47 Incidence of cases cancer affecting other male organs, by age class in original (left) and synthetic 
(right) dataset, and difference matrix (middle). 

Even such a weak signal was translated relatively correctly into the synthesis process.  
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6.4 Lessons learnt 

Deep learning methods of data synthesis have specific advantages compared to statistical methods 
especially in terms of scalability. The level of privacy preservation can be fully controlled, checked and 
verified. The veracity of the data produced is thus very high. Nevertheless, the synthesis process is 
dependent on well-processed data with ideally continuous distributions and introduction of additional 
constrains is necessary.  

Data for ingestion into deep learning systems need to be heavily pre-processed to avoid confusing the 
neural network. Controlling cardinality, meaningful dates or semantic consistence are the key 
prerequisite to quality outcomes. Yet the sheer quantity of data is the primary and defining quality of the 
input. In other words, clean and abundant data are the most important factor in training representative 
model.  

Current methods of data synthesis using open source tools are relatively powerful but only for flat tables, 
with limited number of constraints, low cardinality categorical variables and continuous, without hard 
breaks. Hierarchical data still need industry-strength commercial solutions where elaborate heuristics 
and robust filters accompany the vanilla GANs/VAEs. The field is evolving very fast and we may expect 
competitive open source solutions in the near future.  

Synthetic data have proven great potential and are the go-to methods ready to be deployed in real-life 
scenarios. Policy applications can now be researched and developed with little risk involved. 
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A.3.5 Small IRISes 

As mentioned earlier, IRISes are defined small if the area covers less than 200 people. These IRISes 
are indicated with XXXX in the original data. In these cases, a larger area has been considered, 
incorporating adjacent census areas. 
 

A.3.6 Enrichment of profiles with POIs 

Based on the aforementioned BPA dataset, starting from the locations of home, workplace / education, 
we assigned the most likely points of interests to individuals. The closest facilities to home, workplace / 
school were filtered according to the distance and assigned to the record of each individual. 
 

A.3.7 The parallel processing 

The algorithm has been applied over the whole French territory, taking as a computational unit the 
census area (IRIS or arrondissement for the metropolitan areas). The calculation has been performed 
on the JRC in-house Big Data Analytics Platform BDAP (Soille et al. 2018), suitable for large-scale 
computations46, that uses HTCondor as a job scheduler and Docker Universe set up.  
The batch processing job has run over 500 nodes, each node running a Docker container equipped with 
the image created ad-hoc with all the software and libraries needed (essentially scripts in Bash and 
Python 3, including pandas, geopandas, numpy, scipy, shapely etc.). 
Around 35k jobs were run, one for each French commune, each job taking 1 CPU. At our disposal were 
20 servers of 40 CPUs each and 1TB RAM, and relatively unlimited storage space. The machine set 
was shared with other users. 

 

A.4 Quality check 

We performed a quality check on the city of Lille (DEPCOM = 59350). First, we compared some general 
statistics against the official ones47.  

 Synthetic population estimate Official statistics (2018) 

Population Lille 230655 233098 

Number of households 135734 121429 

Percentage of salaried jobs on the 
total workers 

91% 91.3% 

 

We also compared the synthetic population against the High Resolution Population Density Map from 
Facebook For Good48. This latter, for France refers to census data collected on 2009. This dataset 
individuated 7 categories: population, males, females, females aged 15 to 49, children aged 0 to 5, 
young people aged 15 to 24, elderly people aged 60 or older.  

In the following figure, on the left is the split according to Facebook For Good dataset, and on the right 
is the synthetic dataset. 

 

                                           
46 https://jeodpp.jrc.ec.europa.eu/services/shared/home/  
47 https://statistiques-locales.insee.fr/#c=report&chapter=compar&report=r01&selgeo1=com_courant.59350  
48 https://dataforgood.facebook.com/dfg/tools/high-resolution-population-density-maps  





 

71 

Annex II. The MOSTLY. AI full report 

 

 

 


































