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Introduction 

The project “Machine Learning for Sample Data Geographic information systems” (LEARN4SDGis) 
aimed to extend the use of geographic information systems technology (GIS) to sample data for which 
detailed regional estimates are normally not available. More specifically, dissemination of indicators for 
the sustainable development goals (SDGs) is supported by maps. These maps have an enhanced 
geographic resolution, compared to direct regional estimates from relatively small survey samples in the 
social statistics domain.  

The project explored the use of new data sources on spatial distributions, registers and their integration 
with sample data by machine learning algorithms. The selected indicators are part of the national SDG-
indicator set. This report provides the proof-of-concept application for indicators on poverty, health and 
education which can be disaggregated at the level of enumeration districts or 500 metre raster in Austria. 
Machine learning is employed to derive synthetic estimates from sample data and a broad range of yet 
unused relevant auxiliary information. The results of this exercise simulate the outcomes of established 
surveys, as if they were collected from a full census. Consequently, synthetic estimates aim for 
consistent definitions with official statistics. In particular, poverty estimates are coherent with the 
definitions used in the European Community Statistics on income and living conditions (EU-SILC). 
Likewise, the indicator on lifelong learning is coherent by definition with the same indicator derived 
from the Labour Force Survey (LFS).  

Coordination between different organisational units at Statistics Austria was an essential part of this 
project. In the first year of the project, this has been achieved in particular through a series of short 
internal workshops, which formed an integral part of this action. These 1.5 hour meetings of 6-8 
statisticians were scheduled on an approximately monthly basis to achieve a common understanding of 
terminology and methods among different organisational units at Statistics Austria. 

Overview of Meetings LEARN4SDGis in the first project year: 

Workshop Topic date workshop led by 

Kick-off 10.01.2018  Social Statistics 

Introduction to the SDG indicators  28.02.2018  Social Statistics 

Indicators of geographic accessibility 21.03.2018 GIS unit 

What is INSPIRE? 29.05.2018  GIS unit 

Comparison of register household definitions and sample data 26.06.2018  Methodology unit 

Workflow for integrating of geo-information in EU-SILC  25.07.2018  Social Statistics 

Available regional aggregations from registers as area level predictors 09.10.2018  GIS unit 

In the second year, meetings addressed specific methodological decisions and discussion of preliminary 
results. Meetings in the final months included consultations with the Legal Service, Director General, 
Quality Management and the Quality Committee of the Austrian Statistics Council on the role of 
experimental statistics. 

Before the final dissemination, also a written consultation with regional statistical offices 
(Landesstatistik) was launched. 
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The present report documents all steps in the project leading up to the publication of results for the 
estimated spatial patterns of three important sample based indicators. These indicators are used to assess 
the Sustainable Development Goals (SDGs) in Austria. The results complement the conventional direct 
sample estimates and are entirely based on machine learning algorithms, which make optimal use of a 
vast array of auxiliary data. In short, they may be considered as the current best guess for the likely 
outcome if a full census were taken. 
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Task	1	Review	of	SDG	indicators	

The project LEARN4SDGis started with a broad review of the national SDG-indicators set which could 
be used to extend the use of geographic information systems to sample data. For this, a screening of the 
national SDG-indicators set – developed by Statistics Austria in December 2017 - was necessary. 
Selection criteria were determined to find the most useful indicators for the process of exploring the use 
of new data on enhanced spatial distributions. 

Objective	

This task set the scene for the further steps in the project. It included a brief review of indicators with 
high policy relevance for Austria which a) are compiled from survey sample data b) are in need of higher 
geographic resolution c) have a potential for enhancing precision by use of auxiliary and geospatial 
information. 

Sustainable	Development	Goals	

Sustainable development objectives are at the heart of policies all around the world. The UN 2030 
Agenda for Sustainable Development and its 17 Sustainable Development Goals (SDGs) and 169 
targets, adopted by the United Nations (UN) in September 2015, provide a new policy framework 
worldwide towards ending all forms of poverty, fighting inequalities and tackling environmental 
problems like climate change, while ensuring that no one is left behind.  

To monitor progress towards the targets of the Agenda 2030 a solid framework of indicators and 
statistical data is necessary. For this, indicator sets on the global, regional and national level were 
developed. For monitoring the goals and targets on the global level, an UN set of 244 indicators was 
selected by the IAEG-SDG (Inter Agency Expert Group on SDGs). This global indicator framework 
was adopted by the General Assembly on 6 July 2017. It provides a template for the national 
implementation of the SDG indicators. 

On the regional level Eurostat is called to regularly monitor progress towards the SDGs in an EU context. 
For this purpose, Eurostat coordinates the development and further improvement of the EU SDG 
indicator set and produces regular monitoring reports on the EU-progress towards the SDGs. The EU-
set consists of 100 indicators that are structured along the 17 SDGs. Each goal has 6 indicators primarily 
attributed to it, except for goals 14 and 17 which only have 5.  

At the national level, independent statistical offices like Statistics Austria take a major role in the 
generation of the national SDG-indicator sets. This follows the UNECE “Road Map on Statistics for 
Sustainable Development Goals”, which provides guidance to national statistical offices on producing 
statistics for SDGs. The road map fosters the role of national statistical offices and states “the provision 
of statistics for SDGs to support the measurement and achievement of SDGs (or monitoring) is the task 
of statisticians”1 (UNECE, 2017, page 18). 

 

                                                      
1 https://www.unece.org/fileadmin/DAM/stats/publications/2017/ECECESSTAT20172.pdf 
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The 2030 Agenda emphasizes that national implementation is voluntary and mainly supported by the 
countries. Implementation by regions and countries should take account of national realities, capacities 
and different stages of development and consider the different relevance of each target on regional and 
national level.  

This means that indicators on the global, regional and national level can match to a high degree but they 
do not have to. 

Implementation	of	SDGs	on	national	level	

In Austria all federal ministries were tasked with the coherent implementation of the 2030 Agenda by a 
decision of the Council of Ministers of 12 January 2016 on the political level. Austria has not 
implemented national targets to measure the SDGs.  

Regarding monitoring and reporting on progress towards the SDGs, Statistics Austria took the role of 
the “national focal point” for SDG-Indicators. Coordination of NSO-data and data of other national data 
producers (as well as data coordination with the international agencies) is in the responsibility of this 
national focal point. Coordination with the European indicators is largely accomplished through the 
Eurostat Working Group on Sustainable Development and Europe 2020 indicators, which handles the 
SDG-Indicators on the regional level, and the UNECE expert group on Statistics for SDGs. In March 
2020 a first report on SDG indicators was published (Wegscheider-Pichler 2020). 

Disaggregation of data is an important topic at the UN. Several UN working groups discuss the 
possibility of data disaggregation, like the mentioned UNECE Expert Group on the regional level. Data 
disaggregation of statistics for SDGs is also a relevant topic regarding the use of geospatial data and 
methods. Also the Working Group on Household Surveys works on the mapping of global Goal 
indicators that can be derived from household surveys, including for data disaggregation2. 

Statistics Austria published in December 2017 a first national set of indicators, which has been further 
developed and updated in 2018 and again in December 2019. The national indicators follow as closely 
as possible the UN indicator specifications, but taking into account the methodical requirements of the 
European Statistical System (ESS). Some indicators with high policy relevance for Austria supplement 
the national SDG indicators set. In December 2019 the Austrian indicator set consists of about 200 
indicators. A detailed data disaggregation is not yet part of the set.  

The project LEARN4SDGis uses this national data set. In wide-ranging discussions within the project 
team, indicators were identified, which are available on sample basis. 

 	

                                                      
2 UNESC, E/CN.3/2019/25, Statistical Commission, Fiftieth session, Report of the Intersecretariat Working Group 
on Household Surveys, https://unstats.un.org/unsd/statcom/50th-session/documents/2019-25-HouseholdSurveys-
E.pdf More specifically for SDG 1 , Statistics Austria is chairing a Task Force on the disaggregation of poverty 
measures. 
https://www.unece.org/fileadmin/DAM/stats/documents/ece/ces/ge.15/2018/mtg1/Presentation_A._DIAPOM_T
F.pdf  



9 

 

Selection	of	indicators	for	the	LEARN4SDGis	project	

The selected indicators had to meet the following criteria: 

- Indicators must be included in the national SDG set.  

- Indicators must be derived from sample data.  

- Data source of the Indicator must be Statistics Austria.  

- Indicators should have some policy relevance for Austria. 

- Indicators should provide further useful information when enhancing regional resolution. 

- The sample size had been taken into account since a reasonable regional resolution must come 
along with a sufficient number of cases.  

 

The SDG-Indicators have been presented during monthly meetings. The process for the indicators 
selected for further use in the project took place in two stages: 

 First, all members of the project team were invited to select generally all indicators relevant for 
the project. 

 Second, specific indicators with policy relevance were picked for further consideration. 

General	selection	process	

According to the criteria specified above the members of the project team marked all indicators 
according to the following three categories:  

A. Suitable for development of estimation methods 
B. could be made visible in the project report (no more estimates needed, for example registers, 

maps available) 
C. not usable for the project. 

Only category “A” indicators were retained for the further process of the project. This led to the eleven 
SDG indicators as stated in table 1.1. Indicators from 4 different goals (goal 1, 3, 4 and 8) were selected 
for further consideration.  
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Table 1.1: Overview of potential SDG indicators at Statistics Austria 

 

S: Statistics Austria. 

Specific	selection	process	

An intense discussion of the potential eleven Indicators (table 1.1) led to a priority setting for the ongoing 
project. Finally, a set of 4 indicators was selected for the project (table 1.2). The selected indicators meet 
the targets for reducing poverty (1.2), promoting mental health and wellbeing (3.4) and access to 
education (4.3). 

Indicators for target 1.2 poverty, which are based on EU-SILC data, have the highest potential for 
enhancing precision by usage of auxiliary and geospatial information. 

Next, a closer inspection of indicators on health, which are also based on EU-SILC data, might be 
worthwhile. These indicators are depicted in target 3.4. These data could be compared to the health data 
of the “health survey” (Gesundheitsbefragung) on regional level. Compared to the EU-SILC, which is 
a yearly survey, the health survey is conducted once in 5 years. 

Finally, the indicator on life-long learning, which corresponds to target 4.3 is of interest for the project. 

Goal Target National Indicator Unit 2010 2011 2012 2013 2014 2015 2016 2017
Assess-

ment
People at risk of poverty 
(60% of the national median 
equivalised disposable 
income)

Percentage 14,7 14,5 14,4 14,4 14,1 13,9 14,1 14,4 A

People at risk of poverty or 
social exclusion

Percentage 18,9 19,2 18,5 18,8 19,2 18,3 18,0 18,1 A

1 1,4

By 2030, ensure that all men and women, 
in particular the poor and the vulnerable, 
have equal rights to economic resources, 
as well as access to basic services, 
ownership and control over land and other 
forms of property, inheritance, natural 
resources, appropriate new technology 
and financial services, including 
microfinance

Severely materially deprived 
people

Percentage 4,3 4,0 4,0 4,2 4,0 3,6 3,0 3,7 A

Very good or 
good  % of 

69,5 68,8 70,0 68,7 69,6 69,9 70,3 70,4

Fair  % of 
population

21,3 21,8 21,0 22,3 21,5 21,3 21,6 21,6

Bad or very bad  
% of population

9,2 9,4 9,0 9,0 8,9 8,8 8,1 8,0

Life satisfaction (scale 0-
10)

Mean . . . 7,8 7,8 7,9 7,9 7,9 A

4 4,3

By 2030, ensure equal access for all 
women and men to affordable and quality 
technical, vocational and tertiary 
education, including university

Adult participation in 
learning - Lifelong learning

% of population 
aged 25 to 64

13,8 13,5 14,2 14,1 14,3 14,4 14,9 15,8 A

8 8,1

Sustain per capita economic growth in 
accordance with national circumstances 
and, in particular, at least 7 per cent gross 
domestic product growth per annum in the 
least developed countries

Private household final 
consumption expenditure 
per capita 

Index, 2010=100 100,0 100,9 101,0 100,6 100,3 99,7 100,0 100,8 A

Hourly gross earnings (excl. 
overtime) 

(Median) 
in Euro

12,8 . . . 13,9 . . . A

Unemployment rate (ILO 
definition)

% of active 
population aged 
15 to 74

4,8 4,6 4,9 5,4 5,6 5,7 6,0 5,5 A

Employment rate
% of population 
aged 20 to 64

73,9 74,2 74,4 74,6 74,2 74,3 74,8 75,4 A

8 8,6
By 2020, substantially reduce the 
proportion of youth not in employment, 
education or training

Proportion of youth not in 
education, employment or 
training

% of population 
aged 18 to 24

7,4 7,3 6,8 7,3 7,7 7,5 7,7 6,5 A

ASelf-perceived health 

By 2030, reduce at least by half the 
proportion of men, women and children of 
all ages living in poverty in all its 
dimensions according to national 
definitions

By 2030, reduce by one third premature 
mortality from non-communicable 
diseases through prevention and treatment 
and promote mental health and well-being

By 2030, achieve full and productive 
employment and decent work for all 
women and men, including for young 
people and persons with disabilities, and 
equal pay for work of equal value

1 1,2

3 3,4

8 8,5
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Table 1.2: Selected SDG indicators and SDG‐Targets 

  

S: Statistics Austria, Note: UN Indicators and National indicators can differ per definition. 

 	

Goal Target UN Indicators National Indicator

1 1.2

By 2030, reduce at least by half the 
proportion of men, women and children 
of all ages living in poverty in all its 
dimensions according to national 
definitions

1.2.1 Proportion of population 
living below the national poverty 
line, by sex and age

People at risk of poverty 
(60% of the national median 
equivalised disposable 
income)

1 1.2

By 2030, reduce at least by half the 
proportion of men, women and children 
of all ages living in poverty in all its 
dimensions according to national 
definitions

1.2.2 Proportion of men, women 
and children of all ages living in 
poverty in all its dimensions 
according to national def.

People at risk of poverty or 
social exclusion

4 4.3

By 2030, ensure equal access for all 
women and men to affordable and quality 
technical, vocational and tertiary 
education, including university

4.3.1 Participation rate of youth 
and adults in formal and non-
formal education and training in 
the previous 12 months, by sex

Adult participation in 
learning - Lifelong learning

By 2030, reduce by one third premature 
mortality from non-communicable 
diseases through prevention and 
treatment and promote mental health and 
well-being

3 3.4 Additional national indicator Self-perceived health
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Task	 2	 Problems	 and	 recommendations	 for	 adding	 detailed	 spatial	
information	to	EU‐SILC	sample	data	

At Statistics Austria, all samples of social surveys are drawn from a so-called “rich frame” (Burg, 
Kowarik et al. 2018). The frame is derived and regularly updated from the population register. This 
register is regularly matched to a building register which contains detailed geoinformation, including 
geographic coordinates.  

Thus, in principle all available geoinformation can be potentially linked at the time of drawing a sample. 
While geoinformation is essential for data collection purposes, such information is not automatically 
provided in the further data processing phase. Hence it is necessary to define a general framework which 
will allow to merge geoinformation and sample data for EU-SILC, and in fact all other social surveys 
carried out at Statistics Austria. 

Framework	 on	 merging	 geographic	 information	 to	 sample	 and	
administrative	data	

Enhancing sample or administrative data with geographic information is not a straightforward task at 
Statistics Austria. This is mainly due to the fact that these data sources are deliberately separated to 
protect sensitive information for individuals. However, they can be linked through certain identifiers. 

Data	collection	process	

Household or personal samples are drawn by the Department of Quality Management and Methodology 
using a pseudonymised version of the central register of residents, a so-called rich frame. Instead of 
names or addresses it contains personal identifiers or encoded object numbers respectively which can 
be decrypted for the purpose of a survey only. The personal identifier can be decrypted by the ministry 
of internal affairs and the encoded object number by the department on Registers at Statistics Austria. 
This department is a separated both from methodology which maintains sampling frames as well as 
social statistics which executes most survey operations.  

With the decrypted object number, the address of the household or person can be retrieved using the 
building and housing register. The object number in the rich frame is only available in encoded form 
since it links directly to an address and is therefore considered sensitive information. Figure 2.1 below 
displays schematically how the sample is augmented with geoinformation before data collection. 
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Figure 2.1: Augmentation of sample data with address data before data collection 

 

 

 

 

 

 

 

 

 

S: Statistics Austria. 

After a sample has been drawn, and addresses and names are decrypted, each survey object is assigned 
a so called FID, an identifier specific to each survey. This is used to identify survey objects during the 
process of data collection and the calculation of statistical figures. Name and address are supplied to the 
data collection unit only for the data collection process.  

Figure 2.2: Three versions of sample data 

 

 

 

 

 

 

 

 

S: Statistics Austria. 

Draw sample from rich 
frame 

Register Department 
decodes object number 

Ministry decodes 
personal identifier 

Sample with addresses 
and names 

FID is added to sample 

FID, names and 
addresses for data 

collection 

FID and survey data 
(without address) for 
calculating estimates  
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decoded object 
number 

geographic 
information 

FID with geographic 
information 

The responsible unit in the directorate on population statistics receives the collected data as well as the 
FID without direct identifiers.  

Thus, geographic information is separated from the survey data and only the Department of Quality 
Management and Methodology holds both the FID as well as the object numbers. Addresses and names 
are deleted shortly after the data collection process. 

Merging	geographic	information	with	survey	data	

Using the FID it is possible to link geographic information to survey data ex post, without compromising 
the existing measures to protect sensitive information. The Department of Quality Management and 
Methodology can send decoded object numbers to the GIS-unit through the Register Department which 
decodes object identifiers. GIS will return the requested geographic information (geo-coordinates, grids, 
spatial typologies) in encoded format. Afterwards the geographic information with the FID can be sent 
to the Social Statistics Directorate to enhance the sample data with geographic information. Using the 
encoded object number, it is also possible to augment the rich frame with additional geographic 
variables. 

Figure 2.3: Procedure for merging data 

 

 

  

   

  

 

 

 

 

 

 

S: Statistics Austria. 
 

In practice, the described process is not used very frequently and no automated service exists. In the 
context of this project, merging geospatial information required extensive communication between three 
parties: GIS experts, methodology experts and encoding experts.  

Methodology holds FID 
and decoded object 

number  

Directorate Social 
Statistics holds sample 

with FID  

GIS-Department adds 
geographic information  
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Although the procedure is designed to be triggered from Methodology by requesting geospatial 
information for a list of encoded object numbers, it should also be possible that GIS provides object 
numbers with such information. It is essential that reference dates are specified explicitly so that sources 
can be perfectly aligned.3  

                                                      
3 Historical documentation of both the building and dwelling register as well as regional breakdowns and 
dependencies in Austria have been described in the Geostat 2 project (Haldorson et al. 2017 p 27-32). 
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Task	3	Merging	auxiliary	data	with	EU‐SILC4	

 

Overview	of	variables	

Population	data		

Population data originally consists of individuals, which are registered at a specific address. Households 
are constructed with a methodology which is applied in a similar fashion also to the register-based 
census. Especially, when correct apartment numbers are missing, this is not an easy task and some 
households might not be generated correctly. An additional problem in the household concept from 
administrative data in comparison to survey data, is the difference between these two “realities”, there 
are various reasons for persons not to be registered at the correct address from a pure error to personal 
interests like school application or parking permits. Attempts to use machine learning to predict 
discrepancies between household composition in the register and compulsory data collection during the 
Austrian Microcensus - Labour Force Survey did not prove successful. This would suggest that the 
current methodology of constructing households has exhausted the available information and is unlikely 
to be considerably improved by other methods.  

Employment	status	and	education	

The education in the population data also differs in part from the education obtained through 
questionnaires. The true value can be present in both sources. 

The employment status is a purely administrative status based on social insurance and administrative 
unemployment registration data. This concept was developed to be used as calibration variable in the 
Austrian labour force survey, since it has a high correlation with the ILO labour force status, however 
especially for unemployed the connection is not perfect due to different definition. 

Domain	specific	variables	

In Austria, the production of income variables for the sample of the Community Statistics on Income 
and Living Conditions is based primarily upon administrative data which is combined from 10 different 
sources and a huge number of different variables. Typically, the unit of the administrative are income 
streams rather than individuals. An individual may have several of those incomes. For the calculation 
of EU-SILC target income variables separate processing of the different incomes is often necessary. 
This holds for example for pensions which are distinguished before retirement age, invalidity pensions 
or widow’s pensions. This implies a lot of redundant data. Information which qualifies a certain source 
of income needs to be repeated several times. Over the years, these variables may also change, so that 
without expert knowledge on the particular administrative sources it becomes difficult to determine 
which individual components of income are required. Without unified data storage, data processing 
therefore becomes a cumbersome task. While for a sample this appears just manageable for domain 
specialists, re- processing the original administrative data for the total population does however present 
a major challenge. 

                                                      
4 A detailed list of variables used is provided in the annex to this report. 
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The following sources5 are used to provide input into the production process and are also considered for 
deriving auxiliary variables which are as similar as possible to those which are used in the production 
of EU-SILC: 

- Income tax (Lohnsteuerdatensatz)  
- Tax adjustment data (Arbeitnehmerveranlagungsdatensatz) 
- Pensions (Pensions Jahresdatensatz)  
- Social security data (HV-Qualifikationen)  
- Unemployment and other transfers (Transferdatensatz) 
- Family allowances (Familienbeihilfedatensatz+ Kinderbetreuungsgelddaten) 
- Pensions paid by accident insurance (Unfallrentendatensatz) 
- Student allowances (Studienbeihilfendatensatz +Schülerbeihilfendatensatz) 

In addition, for the purpose of this project special social security information has been retrieved 
(including specifically derived variables to identify individuals who are insured as self-employed or 
recipients of means tested social transfers. 

Geospatial	variables	

Statistics Austria has a standard portfolio of geospatial statistics which is typically disseminated on the 
basis of grids. After extensive discussion in the project team it has been decided to use statistical 
enumeration districts instead. Unlike grid cells, enumeration districts are designed such that they 
comprise an approximately similar number of individuals. This ensures potentially meaningful 
aggregates which may be used as auxiliaries for predicting poverty. In total, Austria is divided into 8825 
enumeration districts, each comprising approximately 1000 individuals. Given the large number of 
possible geospatial variables across different domains and aggregation levels, the need occurs to reduce 
these to a reasonable number by means of principal component analysis or use machine learning to 
extract relevant features. 

In addition to the standard portfolio of geospatial data, Statistics Austria has unique data on accessibility 
to important infrastructures and services. Each building can thus be connected to an overall accessibility 
index as well as its sub-indices on “Retail Sale”, “Education”, “Health”, “Security” and “Leisure” (Saul 
2017).  

All geospatial auxiliary information is used for only one reference data (i.e. the most recent year 
available). This reflects the assumption that geospatial determinants of poverty are structural and less 
volatile over time than individual level auxiliary data such as the employment status. 

SDG‐	indicators	

Apart from general, domain specific and geospatial auxiliary information, this project may specifically 
consider SDG related variables as auxiliary information. An example may be to investigate indicators 
of gender pay gap on the level of enumeration districts to represent SDG5. This task has however not 
yet been begun. 

                                                      
5 For a detailed description see the national quality report (in German) p22 
http://www.statistik.at/wcm/idc/idcplg?IdcService=GET_PDF_FILE&RevisionSelectionMethod=LatestReleased
&dDocName=117238  
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Problems	and	recommendations	

Statistical offices store huge amounts of data which are potential determinants of poverty. In the current 
exercise the selection of auxiliary variables turned out to be a most cumbersome manual task. As these 
data is often from different domains and not readily warehoused, special preparation requiring detailed 
domain specific expertise is unavoidable. A sort of automated script which would process the available 
pieces of information may be an unrealistic expectation without ‘tidy’ data structures. Following Lanz 
(2015) learning algorithms can only be as good as the input data and sufficient effort must be invested 
on data preparation and exploration. 
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Task	 4	 Explore	 machine	 learning	 predictions	 for	 EU‐SILC	 poverty	
variables	

Review	of	machine	learning	methods	

For this research we want to examine if a generic approach can be found that allows to improve estimates 
of SDG indicators from geospatial information and sample data without massive domain and task 
specific fine tuning. The project identified machine learning algorithms as a potential strategy to 
approach this problem.  

The field of machine learning is growing rapidly and new methods are developed continuously. It can 
be difficult to keep track of these methods and select the appropriate algorithm for a specific modelling 
or prediction task. For certain problems, best practice methods have been established. For instance, deep 
neural networks have become a de-facto standard for image and speech recognition. However, with the 
use of more structured data types from conventional official statistics such as tabular or survey data, 
best practice remains to be identified. 

This short review selects only a small number of models which are commonly used when trying to setup 
a model for prediction, namely 

- Random Forest 
- Boosting 
- Support Vector Machines 
- Neural Networks 

We also identify three potential alternatives against which advanced algorithms may be benchmarked 

- Random Selection According to Given Distribution 
- (Stepwise) Logistic Regression 
- k Nearest Neighbour 

All of the above mentioned models are implemented in most computational programming languages, 
making them easily accessible. The following section presents brief summaries of the distinct 
characteristics for each of the methods, which have been explored and will be evaluated in later stages 
of the project. 

In the context of the interdisciplinary approach of this project, it is essential to acknowledge the specific 
terminology involved in machine learning. For example, the machine learning literature appears to refer 
to instances of the unit of observation for which properties have been recorded as examples. In perhaps 
more conventional terms of empirical social research, these may be called observations, cases, records 
or simply lines of a rectangular dataset. The recorded properties or attributes of examples that may be 
useful for the learning algorithm are commonly referred to as features. Features are to machine learning 
what independent variables or predictors are to the language of econometrics. However, the machine 
learning approach will hardly care about a feature’s independence from other features or whether they 
have any logical or causal relationship with the variable to be explained. All what matters is the 
predictive power attached to them and machine learning algorithms are excellent tools to optimize 
predictions in most pragmatic ways. 
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This initial review is primarily written from the perspective of finding useful predictions for the poverty 
status of individuals. This represents a typical classification problem with a binary outcome variable. Of 
course, machine learning is not limited to classification and can handle numeric outcome variables as 
well. Even in the case of poverty indicators, prediction of binaries may not be the only solution when 
aiming to derive aggregates for spatially defined units. The choice of the scale of the predicted outcome 
variables will be given further consideration when during assessment of accuracy of machine learning 
predictions (task 5). 

Random	Forest	

The idea is of random forest is to compute many decision trees which are in itself noisy but 
approximately unbiased and then average over the results of those decision trees. To be more precise 
the procedure is as follows 

For 𝑏 1 to 𝐵: 

1. Draw a bootstrap sample from the training data 
2. Grow a random forest tree to the bootstrapped data until a minimum node size is 

reached. In each node do the following: 

• Select 𝑚 from 𝑝 predictor variables at random 
• Pick the best variable and split points according to an impurity measure (e.g. 

mean squared error, Gini index or entropy) 
• Split the node into two daughter nodes 

Return the 𝐵 random forest trees 

In case of classification the final output will be decided by majority-vote principle. For regression the 
final output is the average over the results of each individual tree. 

Since each tree is easy to compute and the method is intuitively clear, random forests are a very popular 
machine learning method (introduced in Breiman, 2001). For our study, we use the random forest 
implementation of the R-Package ranger version 0.12.1(see Wright and Ziegler, 2017). 

Boosting	

Boosting follows, similar to random forest, a bagging principle, where a classifier 𝐶 is applied multiple 
times to data set and the final output is calculated by combining the results for each application of the 
classifier 𝐶. To illustrate the procedure, the AdaBoost (see Freund and Schapire, 1997) is presented as 
it’s the most common type of boosting for a classification problem with binary output. 

Initialize for each observation it’s weights, 𝑤 , to  with 𝑁 as the sample size. 

For 𝑏 1 to 𝐵: 

1. Fit the classifier 𝐶  to the data using the weights, 𝐶 𝑋, 𝑤 . 
2. Calculate the weighted error rate 𝑟  

𝑟
∑ 𝑤 𝐼 𝑦 𝐶 𝑥 , 𝑤

∑ 𝑤
 

with 𝐼 𝑦 𝑥  being 1 if 𝑦 𝑥 and 0 otherwise.  
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3. Calculate 

𝛼 log
1 𝑟

𝑟
 

4. Update the weights for the next iteration through 

𝑤 𝑤 exp 𝛼 𝐼 𝑦 𝐶 𝑥 , 𝑤  

The final output is then defined through 

𝐶 𝑋 𝑠𝑖𝑔𝑛 𝛼 𝐶 𝑋, 𝑤  

There are many variants of boosting, which mainly differ in terms of loss function. As regression or 
classification trees can be applied in many real life situations since they can deal with mixed type data, 
missing values, irrelevant inputs and easily scale with rising 𝑁 they are an ideal candidate for boosting 
leading to a method called Boosting Trees. For this research study, we use the implementation of 
boosting from the R-Package xgboost version 0.90.0.2 (see Chen et al. (2019)). 

Support	Vector	Machines	

The idea of support vector machines is to construct optimal separating hyper-planes between two or 
more classes. The formal model is defined by 

𝑦 𝑓 𝑥 ℎ 𝑥 𝛽 𝛽  

with ℎ 𝑥  as an expansion function. For instance using ℎ 𝑥  as a linear function the separating hyper-
plane between two classes will be a straight line. The coefficients 𝛽 and 𝛽  of above model are estimated 
through the following optimization problem 

min
,

1 𝑦 𝑓 𝑥
𝜆
2

||𝛽||  

where  indicates the positive part of the expression inside the brackets. The final output for a binary 

classification problem is defined by 𝑠𝑖𝑔𝑛 ℎ 𝑥 �̂� 𝛽 . Besides linear function, it is also possible to 
use more flexible basis expansions like polynomials, radial basis or sigmoid function. These are 
especially useful if the underlying data is not separable by a linear function. Besides the choice of basis 
expansion, the procedure also involves a cost parameter 𝜆 which can be tuned using cross validation. 
For this research study, we use the implementation of support vector machines from the R-Package 
liquidSVM version 1.2.4 (see Steinwart and Thomann (2017)). 

Neural	Networks	

Neural Networks are powerful learning methods with applications in many fields. Nevertheless, they 
have not been as successful in connection with tabular data as for instance with image classification, 
voice recognition and so on. A neural network usually contains of an input layer 𝐼 one or more hidden 
layers 𝐻  and an output layer 𝑂. A single hidden layer feed forward neural network can be defined by 

𝐻 𝑔 𝛼 𝛼 𝑋 ,  𝑢 1, . . . , 𝑈 
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𝑓 𝑋 𝑔 𝛽 𝛽 𝐻  

In the first hidden layer 𝑈 features 𝐻 ,𝑢 1, . . . 𝑈, are extracted using each time a linear combination 
of the inputs 𝑋 which are transformed using an activation function 𝑔 . For the next step the features are 
constructed as a linear combination of 𝐻 , 𝑢 1, . . . , 𝑈 and used as input for the second and possibly 
different activation function 𝑔  to result in the output layer. During run time, the neural network learns 
the parameters 𝛼 , 𝛼 , 𝛽 , 𝛽 from the data such that a certain loss function is minimized. Besides 

called fully connected layer, as described above, there are many other possibilities to connect two layers, 
like convolutional layers, recurrent layers (long term short term memory layers), pooling layers and 
many more. The choice of layers and how many to use is not necessarily clear and can be highly problem 
specific. The same holds true for activation functions. A look at existing literature can give an idea on 
what layers and activation functions can be useful in some situations. However, there are no guarantees 
or proofs that a certain choice of activation function or layer is optimal given some properties of the 
data. For this research study, we use the R-Package keras version 2.2.5.0 (Allaire and Chollet (2019)), 
which is a front end for Tensorflow (Abadi et al. (2015)). 

Random	classification	

To ensure that a sophisticated machine learning algorithm is of any practical relevance, its predictions 
should be compared to more conventional alternative scenarios.  

An absolute lower boundary for a useful method must be the random assignment of value 0 or 1 
according to a given known (well estimated number) 𝑝, the ratio of 1 in the population. If the ratio of 1-
values in the population is 𝑝 0.20, we can achieve an accuracy of 80% by assigning 0 to all 
observations. But we would not have the desired number of 1s in our estimation. Now we can assign 
20% of the population to the 1 group and we will achieve a accuracy (hit-rate) of about 68%. Obviously, 
every useful method should hit the population estimate (20% in this example) and have a higher accuracy 
than 68%. 

Preliminary	conclusions		

There are some best practices for modelling which can be applied regardless of the choice of model. 

1. Scale the data: Scaling the data is useful for many methods. It is often easier to derive 
optimal model parameters from the underlying optimization problem if the input data has been 
scaled beforehand. However, it is not always necessary, for instance classification trees and 
random forest are invariant against monotone transformation of the inputs. 

2. Build features: Although many machine learning methods do some sort of feature 
engineering under the hood it is always preferred to modify the inputs beforehand if the 
modification is known to be beneficial as input. 

3. Cross-Validate: To assess the performance of a model it is common to use cross-validation. 
That is, splitting the available data into two parts, training the model on one part of the data 
and applying to the other part to check if the model performs well on unseen data points. 

Application	of	machine	learning	predictions	for	EU‐SILC	poverty	variables	

The previous section presented an overview of several potential algorithms that may be used for 
prediction of poverty out of the constraints of the EU-SILC sample. This report now presents an 
empirical evaluation of different algorithms and model specifications. 



23 

 

The different models are inspected and compared for the prediction of the poverty variable (povmd60) 
from EU-SILC. Unlike many other indicators like health or education, which are relevant for the SDGs, 
this variable is defined on a household basis. All individuals living in a common household are defined 
as poor if their pooled annual income (for the calendar year preceding the survey) falls short of the so-
called poverty threshold. Although poverty is genuinely a household variable, in this project, modelling 
and precision assessment is always done on an individual level. Consequently, predictions may vary 
across individuals which are registered at the same address. This reflects the situation in EU-SILC better, 
because administrative data on household relations and the actual living reality which is captured by a 
survey are often different. It turned out that applying the model on an individual level keeps the predicted 
poverty among sample cases more consistent with the original variable from EU-SILC. The evaluation 
of algorithms should primarily reflect the quality of predictions rather than differences in how well real 
life household composition is captured by registers. Modelling on the individual level implies that errors 
in measurement of household composition have a limited influence on the prediction. 

The performance of the various models is assessed using cross validation and comparing different loss 
measures between predicted and original values on the test data. During the cross validation process the 
models are estimated using different input data sets to show the influence of the different data sources 
on the variable of interest, in our case povmd60. Details on the cross validation process can be found in 
the section which describes Task 5. 

Overview	of	input	data	

Three groups of variables which are useful for predictions can be distinguished: 

Administrative data regarding the household composition and people registered in the same household 
(~ frame variables) 

Income variables derived by administrative tax data 

Spatial data on small geographic regions (~ geographic variables) 

The target variable, povmd60, alongside a personal identifier (BPK) was taken from EU-SILC for the 
years 2014 to 2017. Income and frame variables were linked to the EU-SILC data according to the BPK 
and year, where the income variables correspond to the survey year with a lag of 1. As the frame 
variables are not available for the year 2014, the variables from the beginning of 2015 are used as a 
proxy. The spatial data was linked through geographic identifiers alone (see first interim report). It 
turned out impractical to update geographic information for every year because geographic references 
often change over time. Furthermore, the change of these variables over time is expected to be minor. 
For this work we used the geographic situation of January 2018. 

All three data sets combined include 388 variables not including derived variables. The number of 
variables per source is presented in Table 4.1: 
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Table 4.1: Number of variables per source 

 
Number of 
Variables 

Frame 24 

Income 15 

Geographic 349 

S.: Statistics Austria. 

 

Frame	variables	
The rich frame, which is based on the central housing and population registers, contains socio-
demographic variables on each registered individual as well as household specific variables. Available 
variables on an individual level include but are not limited to age, gender, highest completed educational, 
employment status and citizenship. Household size, state of residence, regional classifications etc… are 
available as household specific variables. 

Since the variable of interest (povmd60) is modelled on an individual level, some data transformations 
are required to include information from cohabitants into the model. A simple approach like using the 
highest education of the individual with the highest income from administrative sources, tend to discard 
a lot more information than they preserve. In addition, such rules are very problem specific thus when 
modelling other variables of interest, the discarded information might be essential to the problem at 
hand. Since meaningful transformations are not easy to derive and are not known beforehand we propose 
to count the categories of individual variables on a household level and include those aggregated 
variables as ordered categorical variables into the machine learning models. For example, such a variable 
may represent the number of unemployed living in the same (register-) household. This approach aims 
to include as much individual information from co-residences as possible while transforming this 
information as little as possible. 

Nevertheless, it has to be pointed out that meaningful transformations of individual variables which are 
already known should be included as feature variables. 

Income	variables	
Variables on income consist of income from employment, derived from administrative tax data, and 
social transfers from the state. The later consists of components like pensions, family allowances, 
housing benefits and other. Together these components cover about 85% of the total household income. 
Notwithstanding the impressive aggregate figure of income which is covered by register data, there is 
no register information on certain income components.   

Most notably, the Austrian EU-SILC survey does not measure self-employment income on the basis of 
tax registers, because the tax data becomes available only with a long time lag and is generally not 
considered suitable to assess the true living standards because (notably privately used) operational 
expenditure and investments are often used to keep taxable amounts low, in many cases even suggesting 
a financial loss. Therefore, self-employment income is collected as the amount of money (and goods) 
drawn out of the business for personal use (for consumption or saving, including the market value of 
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goods produced or purchased by the business but taken for personal use). This information can only be 
collected in an interview. While this is not used in the EU-SILC survey, the available tax register data 
for those self-employed who have filed a special tax declaration (“Arbeitnehmerveranlagung”) is used 
in training the algorithm. 

Registers are not providing any useful information on income from capital based on financial assets or 
property, private pensions or transfers between households such as alimony. The lack of register 
information on these sources will affect especially groups which depend on such sources such as single 
parents, farmers or the self-employed.  

Certain register information can be useful to identify special cases, such as individuals earning money 
abroad. In EU-SILC this data is used for validation and sometimes imputations. In the present context 
these variables had hardly any predictive value, possibly because of the small number of observations 
in the sample.   

For each individual, total register income (IncomeAdmin) was derived from 14 different income 
components in gross and net form. Each income component, including the aggregated individual 
income, is aggregated over the administrative household and divided by the equalised size. The same 
equivalence scale as in EU-SILC (modified OECD scale) is used. In the majority of cases, roughly 
79.6% of the households in EU-SILC, the household composition derived from administrative data is 
identical to the true living conditions. Therefore, IncomeAdmin often gives a close to perfect 
approximation of the equalized household income EU-SILC. As input variables the income components 
as well as the aggregated versions are used in the models. 

Geographic	variables	
Three different kind of geographic variable sets are available for modelling. The first corresponds to 
various aggregates of socio-demographic variables in enumeration districts (Zählsprengel, ZSP). These 
aggregates consist of the number of residents living in each ZSP by various variables like age categories, 
citizenship, employment status, NACE category of workplace. In addition, the number of houses by 
construction year, number and size of apartments and so on are also available. These aggregates contain 
a lot more information than the rich frame. In total this data source contains 281 variables. Due to the 
large number of variables the dimensionality of this data source was reduced via principle component 
analysis. The number of principle components was chosen was 92 which explain at least 95% of the 
variance present in the data set. 

The second source of geographic variables represent accessibility (Saul 2017). These variables are 
linked to object numbers and contain the proximity in km as well as the travelling time in minutes to 
important infrastructure such as for example hospitals, pharmacies, schools, banks or police stations. In 
total 42 variables are present in this data set. 

The third source contains property prices for houses and apartments per m^2. They are available on an 
ZSP level but the underlying data is not completely reliable or available for every ZSP, thus it was 
imputed for some of the ZSP. 

Algorithms		

The following models were considered when using cross-validation 

• Random Forest 
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• Boosting 
• Support Vector Machines 
• Neural Networks 

Each of these models has their own set of hyper-parameters. In most of the cases we used the 
default set of hyper-parameters which are implemented in the corresponding R-packages. The 
following hyper-parameters were explicitly set for the cross-validation: 

• Random Forest: The number of trees was to 1000. 
• Boosting: The maximum number of trees rounds was set to 1000, the learning rate was 

set to 0.01, the maximum depth of each tree was set to 5. 
• Support Vector Machines: The regularization parameter 𝜆 and the bandwith of the kernel 

𝛾 were choosen using 5 fold cross validation 
 

The architecture chosen for the Neural Network does play a vital role for the performance and is 
therefore presented in a bit more detail in the following subsection. 

Neural	Network	architecture	
The architecture for the Neural Network is shown in Figure 4.1. The inputs for the income and 
geographic variables were scaled, e.g. centred and normalized, and the frame variables, which only 
contain categorical variables, were one-hot encoded before supplying it to the Neural Network. One-hot 
encoding a categorical variable with p different values implies representing it in binary form using p-1 
variables. The most left input (Input Frame Household) contains the categorical variables of each 
household member represented as text. This input is then fed into an embedding layer and mapped into 
a high dimensional real space using the Word2Vec technique, see Mikolov et al. (2013).  

Please note that this technique is usually performed for tasks like word or text classification and that our 
approach, applying it on categorical variables, is rather unorthodox. However, this approach is not 
unheard of, see for instance Cheng et al. (2016), and it basically needs little data transformation since 
the information is fed into the model as-is. Another difference to the other models is the use of the 
geographic variables. They are not pre-processed using PCA since dimensionality reduction can be 
explicitly defined using different layer, in our case dense e.g. fully connected layers. For all dense layers 
we use rectified linear units (~relu) as activation function (this is one of the parameters that need to be 
specified in the model). 
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Figure 4.1: Neural Network Architecture 

 

S.: Statistics Austria. 
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Criteria	for	evaluation		

Performance	Measures		
For comparing the different models, we chose the following error measures: 

 Accuracy 

 Sensitivity, e.g. true positive rate (TPR) or recall 

 Specificity, e.g. true negative rate (TNR) 

 Mean absolute error between predicted probability and binary variable (MAE) 

 ROC-Curve (Receiver Operating Characteristic Curve) and its AUC or AUROC (Area Under 
ROC Curve) 

 Area under the precision recall curve, AUPR 

 
When comparing the predicted and actual values for a binary outcome variable the confusion matrix, 
containing the number of true negatives (TN), true positives (TP), false positives (FP) and false 
negatives (FN) is defined as follows: 

 
 true Outcome 

 0 1 

pred. 
Outcome 

0 TN FN 

1 FP TP 

The accuracy (ACC) is then defined by 

𝐴𝐶𝐶
𝑇𝑁 𝑇𝑃

𝑇𝑁 𝐹𝑁 𝐹𝑃 𝑇𝑃
 

the true positive rate TPR, false positive rate FPR, and Precision are defined by 

𝑇𝑃𝑅
𝑇𝑃

𝑇𝑃 𝐹𝑁
 𝐹𝑃𝑅

𝐹𝑃
𝐹𝑃 𝑇𝑃

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
𝑇𝑃

𝑇𝑃 𝐹𝑃
 . 

 

To estimate these measures, the predicted probabilities, need to be rounded beforehand. For this work 
the cut-off for rounding the predicted probabilities up and down was derived from the training data, 
e.g. the share of cases with outcome 1 in the training data set. Since rounding does imply a somewhat 
arbitrary cut-off to map a probability to a binary variable the AUC is also considered. It is a measure 
between 0.5 and 1 derived from the ROC-curve. The ROC-Curve shows the relationship between the 
true positive rate and false positive rate when the cut-off for mapping the probabilities to a binary 
variable varies between 0 and 1. Estimating the area under the ROC-Curve gives the AUC. Figure 4.2 
shows an example of an ROC-Curve with the corresponding Area under the Curve (AUC) in grey. An 
AUC of 1 indicates that the model can perfectly separate the binary variable, whereas an AUC of 0.5 
implies that the model is completely uninformative. 
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Figure 4.2: Example of ROC‐Curve with the Area under the Curve (AUC) in grey. 

 

S.: Statistics Austria. 

 

As noted by Davis and Goadrich (2006) the area under the precision recall curve (AUPR) gives a more 
informative picture on the performance a model compared to the area under the ROC given that the 
predicted feature is highly skewed. Since this is the case for most of the indicators which are investigated 
in this work we also included the APRC for comparing the models. The precision recall curve is defined 
very similarly to the ROC, but uses the precision and recall instead of TPR and FPR. It can take on 
values between 0 and 1, although the baseline for an uninformative model would be the share of positive 
cases in the test data. Figure 4.3 shows an example of a precision recall curve, estimated from simulated 
data. 
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Figure 4.3: Example of Precision Recall Curve with the Area under the PRC (AUPR) in grey. 

 

S.: Statistics Austria. 

 

Comparing	with	estimates	derived	from	the	survey	data	
Besides using more conventional measures to compare the different models we want to compare the 
models by how well the resulting predictions replicate estimates derived from the survey data for various 
sociodemographic subgroups. This comparison can be especially useful since the predictions from the 
model should primarily yield good estimates for sociodemographic subgroups and does not necessarily 
need to be precise on an individual level. 

We calculated point estimates and corresponding 95% confidence intervals from the EU-SILC data 
using the 3 year averages for 2016 to 2018 and for the labour force survey of the year 2017 for the 
following sociodemographic subgroups 

 age group x gender 

 municipality size 

 household type 

 citizenship and country of birth 

 gender of main earner in household 

 education 
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We used 42 sociodemographic subgroups in total. Some of these variables can yield different values for 
data collected in the field compared to using only register data. For example, household type or gender 
of main earner in household. To derive a useful comparison, which can also be used when assessing the 
prediction for the whole Austrian population, we redefined these variables for using only data available 
from register. 

We compare the estimates from the survey data with the predicted values from machine learning by 
checking if the aggregated predicted values lie inside the 95% confidence intervals of the point 

estimates. To be more precise, let 𝑝 , … , 𝑝  be the predicted probabilities, for cross validation 𝑏, 𝑏
1, … ,4, for each individual for a sociodemographic subgroup, for instance every male person in the 

sample. Furthermore let 𝜃 . , 𝜃 .  be the bounds of the 95% confidence interval of the points 
estimate for this sociodemographic subgroup then the aggregated predicted values lie inside the 
confidence interval if 

∑ �̂� 𝑤
∑ 𝑤

∈ 𝜃 . , 𝜃 .  

with 

�̂�
1
4

𝑝  𝑖 1, … , 𝑘 

where 𝑤 , 𝑖 1, … , 𝑘 are the sample weights.  

Please note that the second formula reflects the fact that we used repeated cross validation and have 
for each individual 4 predicted probabilities. When using this comparison on the whole population we 
don’t use the weighted average but the arithmetic mean. 	
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Task	5	Evaluate	accuracy	of	machine	learning	predictions	‐	results	from	
cross	validation	

The different models were tested using repeated cross validation. Test- and training data were split 
according to unique household IDs, meaning that if a household was drawn for the training data the 
observations for every year of EU-SILC for this household were included in the training data as well. 
As the EU-SILC as well as the labour force survey have a rotating panel design and the variables of 
interest do not change rapidly over the years having the same households in test and training data but 
for different years can result in artificially high accuracy, which can mask the fact that the model might 
have actually been overfitted. For each cross validation the available household IDs were split into 5 
groups, according to unique household IDs which have roughly the same number of households. Then 
each of the 5 groups was used once as test data and the remaining ones as training data. This procedure 
was repeated 4 times over resulting in a total of 20 test results. In each run the model was fitted using 
the frame variables (~Frame) with and without the geographic variables (~GIS) or income variables 
(~Income) respectively. The test sets contained on average a poverty rate of 12.19%. 

All of the models were used without supplying sampling weights since the variables which were used 
for calibration are already contained in the model. In addition, preliminary results including the use of 
sampling weights showed no improvement and in some cases even a slight reduction for the performance 
measures presented in the previous section. 

Comparing	Models	

Figure 5.1 shows the distribution, displayed as violin plot, of the different performance measures 
estimated for each model and input variable set. It can be instantly seen that the different models tend 
to give similar results. Not unexpectedly, the predictions depend much more on the variables fed into 
the algorithm. The different measures improve especially when income variables from registers are 
included. For instance, when looking at accuracy (top left panel) regardless of the algorithm, about 91% 
to 92% of individuals would be correctly classified when the income variable set is included. This needs 
to be compared to the interpreted accuracy of the uninformative model which would simply randomly 
assign poverty to 12.19% of cases and no poverty to all other cases. The baseline is therefore an expected 
accuracy of 78.59%. 

The distribution of the true positive rate, or sensitivity, (top right panel) also shows the input variables 
mainly drive performance differences in contrast to model choice. Including income variable for each 
model does increase the TPR by about 20%. The differences between the models for this measures are 
larger than for accuracy. 

For the area under the curve and area under the precision recall curve (bottom left and right panel) the 
models reach values of about 95% and 70% respectively, when income variables are included. As 
mentioned in the previous section the base level for the area under the precision recall curve is the 
proportion of positive cases in the test data, so the base level would thus be 12.19% 

The results for all other indicators are shown in appendix A. They show a similar picture as Figure 5.1 
however the improved performance when using more variables, especially income variable, is not as 
distinct as with the indicator poverty. Overall there is not clear preference regarding model choice when 
comparing the models based on these performance measures. They often yield very similar results and 
depending on the indicator one of the models appear to perform slightly better than the rest. It has to be 
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noted that the differences in performance are so small that one can expect to eliminate them when 
optimally tuning each model for each variable combination. 

Besides more conventional performance measures we also compared the models based on their ability 
to reproduce estimates for selected sociodemographic subgroups. 

Figure 5.2 shows for each indicator the proportion estimates from the predicted probabilities which lie 
inside 95% confidence intervals for estimates derived from the survey data. The models for these 
estimates used all variable sets, e.g. GIS, Income and Frame. 

It can easily be seen that for indicators which are directly dependent on income variables, like povmd60 
or arose, the predicted probabilities replicate the survey based estimates quite well, regardless of model 
choice. For poverty (povmd60) every model reaches a share above 90%, the Neural Network even scores 
100% for this indicator. For indicators which are not heavily influenced by income the share of 
“correctly” replicated estimates reduces quite a bit. It should however be noted that the estimates for 
some of these subgroups are in the single digit percent range and thus the corresponding confidence 
intervals are very narrow. In many cases the estimates derived from the predictions are just slightly 
outside the confidence intervals. Overall it seems that the Neural Network does best when replicating 
the point estimates. 
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Figure 5.1: Cross validation results for poverty (povmd60). Each panel shows for each model and variable 

combination the result for a different performance measure 

 

S.: Statistics Austria. 



35 

 

Figure 5.2: Bar plot showing the share of estimates derived from predicted probabilities which are within 

95% confidence intervals from estimates derived by survey data. 

 

S.: Statistics Austria. 

In Figure 5.3 the point estimates for poverty (povmd60) from the predictions (y-axis) are plotted against 
the point estimates from the survey (x-axis). Each panel shows the result using a different model, where 
each model was trained using all variables available. Green data points indicate that the estimate derived 
from the predicted probabilities is within the 95% confidence interval. The size of the points indicates 
the number of data points behind each estimate. The identity line is displayed through a dashed line and 
indicates a “perfect fit” meaning that if each point would be on the identity line the estimates from the 
predicted probabilities perfectly replicate the estimates from the survey data. 

Comparing the panels, it is evident that the estimates resulting from predicted probabilities and survey 
data correlate very well. Thus each of the models seems to replicate the estimates well. The cases when 
the model based estimates are not within the 95% confidence interval occur either when there is little 
underlying data and/or the corresponding confidence intervals are very narrow. The first case addresses 
each red and small point in Figure 5.3, the second each red point which is very close to the identity line. 
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Figure 5.3: Scatterplot showing estimates for poverty (povmd60) from the predictions (y‐axis) against the 

point estimates from the survey (x‐axis). For points coloured in green the estimate derived from 

the predicted probabilities is within the 95% confidence interval. The size of the points is scaled 

by the number of underlying records in the sample. 

 

S.: Statistics Austria. 

The scatterplots for the other indicators can be found in the appendix B. For each of the plots the models 
were trained using all the available variables. For the indicators self-perceived health or lifelong 
learning, the models cannot replicate the survey based estimates as well as for poverty. Nevertheless, 
there is always a very strong correlation between survey- and model-based estimates. Similar to the 
interpretation for the performance measures it should be noted that difference between the models can 
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very well be the result of a non-optimal choice of hyper parameters and one cannot derive the conclusion 
that a specific model is superior to the others based on these results. 

Conclusions	

In the present application the selection of the algorithm appears to be of only secondary importance 
because the income given by the register information yields large explanatory power for predicting the 
poverty status. Even when auxiliary data on income does not have such a crucial impact on model 
performance the choice of algorithm does not seem to have a large impact. A crucial point which can be 
derived from the results presented above is that the data quality used for training the machine learning 
models plays a more prominent role than the choice of algorithm. 

As a consequence, the preference must be with the most robust and technically least demanding strategy. 
A reasonable choice for the present application appears to be the random forest algorithm, since its 
implementation in Wright and Ziegler (2017) is fast and memory efficient. 
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Task	6	Obtain	predictions	for	each	unit	in	the	frame	population		

The model which was developed in task 4 and selected after careful evaluation in task 5 ultimately 
provides a unit level estimate of the probability to be poor. In contrast to the cross validation exercise 
we split the sample data into 10 parts of roughly equal size and trained the model 10 times using the 
leave-one-out technique. This results in 10 probability estimates for each unit in frame which are finally 
aggregated using the arithmetic mean. We choose to train the model multiple times before applying it 
onto the frame population to limit the possibility of producing extreme outliers in the estimates.  

It is important to understand that the propensity estimate refers to the likelihood that the person would 
be classified as poor if it were surveyed by EU-SILC. This implies for example that it must be expected 
to reproduce any measurement errors, which would occur in a survey such as EU-SILC. The uncertainty 
is not limited to that. What the predictions produce are probabilities for the poverty status. Even when 
probabilies are extremely high, say above 90%, the actual poverty status can still be different. This 
uncertainty is clearly larger than that of any information that was collected in an interview or directly 
from register data. Therefore, these individual level estimates cannot be held as an equally true 
representation of the individual concerned. This needs to be considered in the further processing of this 
information. Consequently, we refrain from using the individual estimate. The unit level data is stored 
exclusively in the methodology unit to keep it separate from any operational handling of names and 
addresses. The latter happens during data collection by the survey infrastructure which is located in the 
social statistics directorate. The unit level data itself is not foreseen to be published. The methodology 
unit does however provide various aggregations for later public dissemination. 	
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Task	7	Produce	maps	and	data	sets	for	dissemination		

The predictions provided by machine learning refer to individuals in the population frame so there are 
no sampling errors and there are in principle no limits to the level of disaggregation. Estimates can be 
obtained either by classification of individuals into poor and non-poor or summation of the individually 
predicted propensities over adequate spatial entities. 

For genuinely political reasons, there is a great desire to disaggregate spatial patterns for SDG indicators. 
National, regional and local authorities should have the knowledge to direct their policies and resources 
adequately and should make themselves accountable to the public. To be credible for such purposes, 
disaggregation must be accurate and robust.  

Given the political sensitivity and the experimental character of these estimations, it will also be wise to 
follow two principles for the dissemination of such estimates.  

 Confusion of estimates and official statistics should be avoided  

 Contradicting results should be avoided  

In the present work, this is accomplished by adequate labelling as experimental statistics and provisions, 
which ensure coherence at the lowest level of disaggregation for EU-SILC. All machine learning 
estimates are scaled such that they reproduce the 3-year average on NUTS2 level. Regional smoothing 
is applied. 

Regional	smoothing	and	adjustment	to	EU‐SILC	estimates	on	NUTS2	level		

For Austria as a whole, the summation of the raw random forest probability estimates yields an average 
at-risk-of-poverty rate of 15.17% compared to 14.30 percent according to the 2018 EU-SILC estimate. 
While these overall estimates already appear reasonably close, further provisions are necessary. Two 
safety measures to increase robustness are suggested to be applied before further processing of the data. 
The first is the smoothing of erratic regional dispersion.  

For this project, the enumeration district was selected as the lowest level of disaggregation for 
dissemination. Austria has around 8800 enumeration districts, which comprise - on average - about 1000 
residents each. In contrast to raster cells which often include extremely sparsely inhabited territories 
which raise privacy concerns, enumeration districts are designed to be of approximately equal size (with 
a few exceptions). For this application, enumeration districts appear therefore more suitable for 
dissemination. 

Without any smoothing, it could not be ruled out that adjacent enumeration districts would yield quite 
different estimates. If for example results would suggest that persons living on the other side of a road 
had their poverty risks doubled against their neighbours this may be politically delicate. However, the 
uncertainty associated with such comparisons may be too large to justify any political decisions.Machine 
learning is not designed for deriving explanations why such situations may occur and credibility can 
hardly be claimed without satisfactory answers. A simple smoothing step should therefore polish the 
most extreme outliers. To this purpose, the value of each enumeration district is replaced by a distance 
weighted average which includes values of its 4 nearest neighbours. Distance is calculated upon 
coordinates and size. Enumeration districts which are included in this calculation must have at least 4 
residents to further reduce the risk of outlier polluted estimates. This operation has hardly any impact 
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on the overall poverty level, but drastically reduces the number of enumeration districts with extreme 
poverty estimates, which exceed 50% of their (usually small) population. 

Figure 7.1: Effect of kNN smoothing on the dispersion of poverty rates in enumeration districts 

 

S.: Statistics Austria. 

The smoothing operation is very effective in eliminating outliers within all NUTS2 regions 
(Bundesländer). Figure 7.2 shows NUTS2 regions in alphabetic order, starting with Burgenland which 
for many years was Austria’s only region which had been an eligible target region for cohesion funds, 
and was recently phased out during the “Operational Programme Phasing Out Burgenland 2007-2013 
ERDF “. The estimated poverty rates almost seem to follow alphabetic order. The region with the highest 
poverty rate and dispersion of rates across enumeration districts is Vienna (code 9 in the graph) which 
before smoothing reached as high as 80% in individual enumeration districts. 
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Figure 7.2: Effect of kNN smoothing on the dispersion of poverty rates  in enumeration districts within 

NUTS2 regions  

 

S.: Statistics Austria. 

Notwithstanding the careful assessment through cross validation, a comparison of the smoothed 
estimates with original EU-SILC estimates can be quite illustrative for the plausibility of results. As the 
subnational estimates are subject to -in some cases very large - standard errors, we plot EU-SILC 
estimates, which were cumulated over three successive years (2016-17-18) against the random forest 
estimates for 2018. Obviously, the comparison is strictly for different reference periods, but under the 
assumption of relatively stable structural patterns both estimates should be reasonably close. For the 
regional disaggregation, we choose a combination of NUTS2 and degree of urbanisation, which yields 
22 regions for Austria. The size of each region in the bubble chart below is proportional to the average 
sample size behind the cumulated EU-SILC estimate. The larger bubbles represent relatively precise 
EU-SILC estimates, which appear to be very close to the random forest estimates. The distance from 
the diagonal is markedly larger for regions with small sample size. 
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Figure 7.3: Comparison of Machine Learning estimates and 3‐year averages 

 

S.: Statistics Austria. 

When it comes to dissemination of EU-SILC sample data, the lowest level of spatial disaggregation in 
Austria is usually NUTS2 level, which represents the 9 Bundesländer in Austria. NUTS2 regions vary 
considerably in size, and direct sample estimates are subject to substantial sampling error for the smaller 
regions. Therefore, the dissemination strategy of regional EU-SILC sample estimates focusses on three 
year averages. These do not only considerably reduce sampling errors but also prevent too erratic 
fluctuations over time. These published estimates are also used to benchmark the random forest 
estimations. The effect is illustrated in figure 7.4, which shows the distribution of predicted individual 
level propensities. 

Transforming	and	supressing	adjusted	estimates	

Instead of disseminating the model based regional estimates as is we recommend transforming 
the estimates into categories, from low to high. The categories help to clearly highlight regional 
differences and also potentially mask single extremely high or low values, which could very 
well be implausible. In this work we chose 5 categories for each indicator, which are built 
around the national estimate 𝜃, derived from sample data, for each indicator. The middle 
category is a symmetric interval around the national estimate with length 𝑙% 

𝜃
𝑙
2

, 𝜃
𝑙
2

 

The categories below and above the middle category also have a width of 𝑙% and the lowest 
and highest categories contain the lowest and highest values which do not fall in any of the 
other categories. For all indicators we chose 𝑙 5 except for deprivation for which we chose 
𝑙 2. 
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For the case of at-risk-of-poverty with a national 3-year average estimate for 2017 of 14.30% we would 
get the following 5 categories 

0,6.8   6.8,11.8   11.8,16.8   16.8,21.8   21.8,100   

Depending on the model based estimate each region would fall into one of these 5 categories. 

When disseminating the results, it is also important to keep in mind confidentiality concerns as well as 
possibly implausible results. Estimates for regions with a low number of inhabitants or with possibly 
implausible results should be suppressed for data dissemination. For this work we set a minimal 
threshold of 50 people living inside a region as a requirement for disseminating a model based estimate. 
Concerning the treatment of implausible values, it would be ideal to manually check the estimate for 
each region, which is of course not feasible. 

Instead we constructed a 95% pseudo-confidence interval for the estimate in each region. If the pseudo-
confidence interval would cover more than 2 categories, like described in the previous paragraph, we 
supress the estimate for this region. Applying this rule to the indicator at-risk-of-poverty we would 
suppress every estimate with a pseudo-confidence interval larger than 10% points. 

We calculate the pseudo-confidence interval for a region using the predicted probabilities 𝑝  for each 
unit 𝑖 1, … , 𝑛 inside this region. Let 𝑋  be a random variable which takes value 1 with probability 𝑝  
and 0 with probability 1 𝑝 , so a bernoulli experiment for each unit 𝑖. Then the variance of ∑ 𝑋  

can easily be estimated assuming that all 𝑋  are independent from each other: 

𝜎 𝑉 𝑋 𝑝 1 𝑝  

The 95% pseudo-confidence interval for the regional estimate can then be constructed by 

1
𝑛

𝑝 𝑧 . 𝜎  

We denote this as pseudo-confidence interval as it only capture any uncertainty which results from the 
predicted probabilities. In future work this should be extended to incorporate more sources of 
uncertainty. 
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Figure 7.4: Effect of adjustment to 3‐year averages  

 

S.: Statistics Austria. 
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Illustrative	maps	and	SDG‐Atlas	

The ultimate output of this study is the production of disaggregated data that can be visualised in detailed 
maps. It is foreseen to make these maps accessible interactively through a so-called "SDG-Atlas". 
Currently it is planned to present data on NUTS3 level as well as for political districts and grid cells 
(2km,1km and 500m). Unfortunately a consultation with regional offices on these results could not be 
completed before this report was finalised. The final format of publication will be decided based on their 
feedback and possible methodological revisions, including for example suppression rules and 
classification intervals. Therefore, the following maps should merely be understood as illustrations of 
the possible visualisation while actual results need to be derived from the Atlas which is regularly 
updated. 

The following map is an early example of the various maps produced during this project. It is the first 
time that estimates on poverty among Austria’s 35 NUTS3 regions are presented. It shows that poverty 
is largely concentrated in Vienna with a poverty rate of more than 20 percent. The rate is significantly 
above average only in 4 territories, surrounding Austria’s second largest city Graz, the capital region in 
Tirol and Vorarlberg and the north-western part of Tyrol. This general finding is robust against the 
methodology of estimation. The visualisation of these patterns may however vary with the choice of 
classification brackets. 

Map 7.1: Spatial pattern of poverty in Austria (NUTS3 regions) 

 

 

S.: Statistics Austria. 
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Map 7.2 provides the view on a different indicator as it will be presented in the SDG Atlas. It shows 
rates of severe material deprivation created for NUTS 3 regions. Vienna again has the highest values of 
poverty with a deprivation rate of more than 6.2% of severe material deprivation, followed by the 
territory surrounding Graz, Reference Year is 2017. 

Map 7.2: Spatial pattern of severe material deprivation in Austria (NUTS3 regions) – SDG‐Atlas 

 

S.: Statistics Austria. 
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The machine learning estimates allow an even deeper look into these spatial patterns, for example further 
disaggregating NUTS3 regions by degree of urbanisation. This map reveals that indeed the urban 
agglomerations of Vienna, Graz and Innsbruck are mostly affected by income poverty. At the same time, 
areas surrounding Linz, the capital of upper Austria, stand out as having especially low poverty rates 
even below 8%. 

Map 7.3: Spatial pattern of poverty in Austria (NUTS3 regions x DEGURBA regions) 

 

 

S.: Statistics Austria. 
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Even further disaggregation to municipality level show that, while poverty levels in four districts in 
Vienna even exceed 24 percent, many municipalities in lower and upper Austria have estimated poverty 
rates only between 4 and 8 percent. However, also some municipalities in border regions to Germany 
appear to have particularly high estimates. In these regions, estimates could be biased because of the 
absence of register information and scarcity of cross border workers in the EU-SILC training sample. 
Given the topography of Austria this presentation was found to be not optimal. Firstly, large parts of 
Austria are mountains and valleys which expand over only relatively small territory are actually 
inhabited. As a consequence, some municipalities which are inhabited only by a relatively small 
population but cover a large territory dominate the picture in certain regions. The presentation of 
estimates by municipality is also a politically sensitive especially when estimates for adjacent 
municipalities appear to differ markedly. Two situations appear especially problematic. The first issue 
is that the threshold for classification is essentially arbitrary and a different colour in the map may not 
actually imply a statistically robust difference. Secondly disparities within municipalities may be 
masked. For instance, there may be concentrations within the territory of a municipality which are 
overlooked.  

Map 7.4: Spatial pattern of poverty in Austria (municipalities) 

 

S.: Statistics Austria. 
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The following map from the planned SDG Atlas shows the At-Risk-of-Poverty or Social Exclusion 
(AROPE) indicator in political districts in and around Vienna. It clearly shows how poverty is 
concentrated in certain parts of the city. Traditional working class districts 2, 5, 10, 15, 16 and 20 have 
the highest estimated poverty rates each exceeding 24 percent of the population.  

Map 7.5: Spatial pattern of poverty in Austria (districts within and municipalities around Vienna) 

 

S.: Statistics Austria. 
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A view on enumeration districts can reveal spatial patterns within districts. A closer look at Vienna 
proves that the capital’s poor are concentrated in neighbourhoods outside and in the vicinity of the outer 
ring road (“Gürtel”). This figure is from an early version of the analysis. It suppresses estimates for a 
number of enumeration districts. Those are characterised by either comprising less than 50 inhabitants, 
more than one third of inhabitants without any register information or exhibiting an unusually high 
poverty rate (> 20) while property prices are at least two times as high as on average in the city.  

Although enumeration districts have played a central role for model specification as most geographic 
features were aggregated to this level, it is currently not foreseen to disseminate results on the level of 
enumeration districts. The reasoning is similar to the arguments brought forward with regard to 
municipalities. Enumeration districts typically have a similar number of inhabitants but can vary vastly 
in their surface.  

Map 7.7: Spatial pattern of poverty in Austria (enumeration districts in and around Vienna) 

 

 

S.: Statistics Austria. 

Map 7.8 displays the preferred visualisation using 500 meter raster. It displays the AROP rate for Linz, 
the capital of upper Austria. That raster data actually cut across administrative borders is actually a 
desired feature which makes such maps also independent from changes in such borders over time. 
Furthermore rasters may serve as a universal georeference for diverse topics, including for example 
environmental or sensor data for which administrative borders are not necessarily meaningful.  
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Map 7.8: Spatial pattern of poverty in Austria AROP ‐ Linz (500m Raster)  

 
Note: AROP stands for At-risk-Of-Poverty rate and is among the current Europe 2020 set of indicators. 
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Dissemination		

In line with the grant agreement, Statistics Austria provide results of this project to the public. One 
option commonly found in the European Statistical System is to present research findings, which should 
not be confused with official statistics as “experimental statistics”6. Usually this term refers to the use 
new sources and application of innovative methods in the production and presentation of data, which 
are, however, still under development. As these statistics have not reached full maturity in terms of 
coverage, methodology or even international harmonisation, they are always marked clearly visible by 
the term “experimental statistics”.7  

The limitations of the experimental statistics with regard to the interpretability of the results and the data 
are precisely explained in every corresponding statistic. This prevents confusion when comparing results 
with well-established and officially published statistics like EU-SILC. 

Legal	Background		

It should be kept in mind that the general statistical principles laid down in the Regulation (EC) No 
223/2009 on European statistics and the Austrian Federal Statistics Act are the common statistical 
framework of all statistics produced by National Statistical Authorities. 

The compilation of statutory statistics as well as of statistics on a contractual basis is subject to relating 
provisions stipulating the specific requirements (e.g. Article 4 to Article 8 of the Federal Statistics Act 
2000 regulate the legitimacy of personal survey orders; Article 14 and Article 24 Federal Statistics Act 
2000 regulate the principles; Article 19 and Article 30 Federal Statistics Act 2000 regulate publication).  
Regulation (EC) No 223/2009 on European statistics applies of course as well for all these themes of 
official statistics. 

In principle and according to the provisions of the Federal Statistics Act 2000 and of Regulation (EC) 
No 223/2009 there are strict rules for compiling statutory statistics and statistics that are based on a 
contractual basis. However, it must be emphasized that experimental statistics shall not have the status 
of official statistics published according to their specific legal statistical framework.  

When performing its duties, Statistics Austria shall apply the principles of objectivity, reliability, 
relevance, cost-efficiency and transparency and shall seek to ensure that all statistics are as consistent 
as possible; the compiling of statistics shall be objective and impartial;  statistical methods and 
procedures shall be applied using internationally accepted statistical principles and standards and shall 
be published; statistics shall be subject to permanent control with the aim of improving quality;  statistics 
shall be kept as up-to-date as possible;  the burden on data subjects and respondents shall be minimised 
and they shall be provided with sufficient information;  there shall be compliance with the principles of 
publication and  confidentiality. 

The validity of the listed principles is mandatory for statutory statistics and statistics that are based on a 
contractual basis, but not all of them are valid to the same extend for experimental statistics. Some 

                                                      
6 Specific guidance on experimental statistics is provided by Eurostat see 
https://ec.europa.eu/eurostat/web/experimental-statistics or the UK’s statistical office  
https://gss.civilservice.gov.uk/wp-content/uploads/2016/02/Guidance-on-Experimental-Statistics_1.0.pdf  
7 examples of national experimental statistics often employ small area estimation, machine learning and other big 
data approaches – see for example for Switzerland https://www.experimental.bfs.admin.ch/de/ or experimental 
statistics in Italy https://www.istat.it/en/experimental-statistics. Statistics Netherlands uses the term “Beta 
products” to identify their most innovative statistical output https://www.cbs.nl/en-gb/our-services/innovation. 
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principles apply to the full extent to experimental statistics (e.g. compiling of experimental statistics 
shall also be objective and impartial; statistical confidentiality must be guaranteed). Anyway, some 
principles (e.g. statistical methods and procedures shall be applied using internationally accepted 
statistical principles and standards) do not have the full impact on experimental statistics. Experimental 
statistics are not obliged to stick to the statutory framework of official statistics, for example they can 
apply statistical methods which are still under development, and the outcome can as well be the further 
development of the statistical method itself. However, transparency and explanation must be strictly 
provided as accompanying measures to experimental statistics. 

As described experimental statistics are not bound to all specific statistical provisions laid down in the 
statistical legal framework, however the core principles of official statistics must not be weakened.  For 
instance, statistical confidentiality as one of the fundamental pillars must be unconditionally guaranteed. 
In particular, personal and enterprise-related data may not be presented in personal or enterprise-related 
form.  

Conclusions	

Dissemination of indicators based on machine learning algorithms should follow the following 
principles: 

 Methodology must be made transparent to guarantee that results are reproducible. 

 Auxiliary register data has to be properly warehoused, documented and accessible.8 

 Accuracy must be systematically assessed.  

 The lowest level of disaggregation for dissemination are enumeration districts (or raster data). 

 Results must be clearly labelled as experimental to be distinguishable from official statistics. 

 Maximum coherence with published official statistics must be ensured.  

 When results are considered as unreliable, e.g. due to a small number of observations or data 
anomalies these results should be suppressed before publication. 

 	

                                                      
8 This requires a long term commitment and substantial resources. Without access to the input data, algorithms are 
of limited use.  
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Task	8	Assess	feasibility	of	tasks	2‐7	for	the	Labour	Force	Survey	

The tasks 2-7 can easily be extended to any indicator from a personal or household sample. This does 
however not imply that the resulting estimates will be of satisfactory quality. During the project we 
applied the tasks 2-7 to lifelong learning - an SDG indicator which is based on the Labour Force 
Survey (LFS). Since the sample size for the LFS is much larger than for SILC we would expect to 
have a potential boost in the quality of the trained model. The auxiliary data source for this exercise 
was the same as was used with the EU-SILC data. 

Figure 8.1 shows the results from the cross validation. It should be noted that for the Neural Network 
we only trained the model using all variable sets since the run time increased substantially due to the 
larger training data. Training the model once took between 2 and 3 hours. We see that although there 
is a lot more training data available the performance measures are not as high as for At-Risk-Of-
Poverty or At-Risk-of-Poverty and social Exclusion (AROPE). For this indicator where income 
variables do not play such a crucial role the differences between the models are more clearly visible. 
Looking at AUC or APRC (bottom left and right panel) it seems that boosting or neural networks 
perform slightly better than the other models. 

Figure 8.2 shows, similar to Figure 5.2, the proportion of estimates from the predicted probabilities, 
which lie inside 95% confidence intervals for estimates derived from the survey data. The models for 
these estimates used all variable sets, e.g. GIS, Income and Frame. 

The ML estimates for lifelong learning (si_lll) do not reproduce the survey based estimates quite as well 
as for example for ML estimates for the subjective health indicator (health3). For both indicators the 
income variable is not as important as for the poverty indicator. Figure 8.3 shows the scatterplots 
between the model based and survey based estimates A strong correlation between the two types of 
estimates is still visible, but it is much weaker as for the poverty indicators. Also it is notable that the 
dispersion in the ML estimates is considerably smaller than in the sample estimates. Due to the larger 
sample size, direct estimates are certainly much more robust than for the EU-SILC indicators. At the 
same time, there has been no manual selection and model specification. Apparently, some modelsare 
less capable of detecting the relevant regional patterns. In particularly SVM seems to perform worse 
than the other alternatives.   

To conclude, it is evident that the estimates derived from using the LFS are of lower quality than the 
ones derived from EU-SILC. This is however most likely caused by the fact that the models and the 
choice for the respective hyper parameters were tuned for estimating at-risk-of-poverty. Also the 
auxiliary data used was selected as potentially strong features to predict poverty. Consequently, it has 
to be acknowledged that the choice of hyper parameter and feature engineering may not be universally 
applicable to other surveys or indicators of completely different nature. 
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Figure 8.1: Cross validation  results  for  lifelong  learning  (si_lll). Each panel shows  for each model and 

variable combination the result for a different performance measure 
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S.: Statistics Austria. 

Figure 8.2: Bar plot showing the share of estimates derived from predicted probabilities which are within 

95% confidence intervals from estimates derived by survey data. 

 

S.: Statistics Austria. 
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Figure 8.3: Scatterplot showing estimates for lifelong learning (si_lll) from the predictions (y‐axis) against 

the point estimates from the survey (x‐axis). For points coloured  in green the estimate derived 

from the predicted probabilities  is within the 95% confidence  interval. The size of the points  is 

scaled by the number of underlying records in the sample. 

 

S.: Statistics Austria. 
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Task	9	Final	Recommendations	

“Machine learning systems aren't perfect, even at a closed system like chess. There will be cases where 
an AI will fail to detect exceptions to their rules. Therefore, we must work together, to combine our 
strengths. I know better than most people what it's like to compete against a machine. Instead of raging 
against them, it's better if we're all on the same side.” 

Garry Kasparov9  

This project aimed at nothing less than a generic approach to find the best possible spatial estimates for 
established indicators, which hitherto are only known on a national level. This reflects the pledge "to 
not leave anyone behind" that underpins the United Nation’s 2030 Agenda and their Sustainable 
Development Goals (SDG). The project provides proof of concept that it is possible to use machine 
learning algorithms for augmenting geospatial and census information with indicators which are 
otherwise only available from sample data. While this is a potentially revolutionary approach towards 
smart statistics, the project has also demonstrated clear limits to what a statistical office can do at present. 
Machine learning may not have reached supremacy over alternative approaches yet, or at least the 
necessary practical procedures have not yet been established.  

The following section distinguishes recommendations which refer to the general organisational context 
and specific technical priorities. 

The	role	of	domain	specialists		

First of all, it must be stated as clearly as possible that domain specific expertise remains critical. Human 
interventions are especially important in three tasks: 

1. Identifying appropriate input data and preparing data set up  
2. Selecting criteria and evaluating plausibility 
3. Dissemination of trusted statistics  

With the current situation, it appears illusionary to expect some sort of automatic procedure that leads 
to what may be called “smart trusted statistics”. The common wisdom “rubbish in - rubbish out” applies 
to machine learning just as much as to more conventional approaches to small area estimation. Great 
effort is also required to make “machine guessing” digestible for human intuition. Machines can learn 
to optimise predictions but they are rarely useful for providing explanations that would be convincing 
for human reasoning.  

Imagine a simple question such as “where do the poor live?”. A common-sense rule may be for example, 
that poverty in locations with very high property prices is highly implausible. This is a simple case of 
an explanatory theory, which can be used to formulate empirically verifiable hypothesis.  It is the 
strength of the algorithm to be not driven by preconceived human ideas or advanced theory. The machine 
learning algorithms used in this project simply optimise on certain criteria for predictions within the 
input data. As a consequence, it becomes difficult to understand results which may contradict certain 

                                                      
9 Science  07 Dec 2018:Vol. 362, Issue 6419, pp. 1087 DOI: 10.1126/science.aaw2221 
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common-sense rules. Domain specialists will find it therefore easy to recognise obviously doubtful 
estimates.  

On the other hand, domain specialists are also likely to disagree among each other, for example when 
they had to rank the approximately 8800 enumeration districts in Austria by the rate of poverty. It would 
already be difficult to establish consensus about the poorest and be richest districts, but almost 
impossible for borderline cases for which no obvious explanation for example with regard to property 
prices exists. This is where machine learning may perhaps produce its least contested results. Domain 
specialists need to acknowledge the practical utility of predictive models, rather than explanatory models 
which dominate most of the current academic research. 

In the current situation, users must also be prepared to accept the evolving character of these estimates. 
When algorithms are improved, spatial estimates may change significantly. While revisions are a 
common phenomenon in statistics, they may be more frequent and radical with a methodology, which 
is still under development. The term experimental statistics captures very well these features and results 
must be labelled accordingly as the experimental character must be clearly recognizable.  

Creating	data	science	environments		

A second major insight is that mere application of existing algorithms may not suffice to accomplish the 
ambitious goal of machine learning supremacy. Many useful machine learning tools exist but they were 
usually not developed for information from sample surveys. Also we see that tuning of algorithms makes 
a difference and it is difficult to determine the optimal level of sophistication. To have confidence in the 
algorithm itself requires a lot of work and there are cases in which ensembles of methods may improve 
performance (Shmueli 2010). 

In practice, this means that customized algorithms need to be continuously developed and assessed or 
combined with each other. This however requires substantially more resources than are currently 
available for an average statistical office – both in terms of the number of data scientists as well as its 
processing power.  

Predictive modelling is the focus of a data science environment. Its effectiveness does however depend 
crucially on the access to data and domain expertise for identifying relevant data and preparing 
appropriate data setups. Within a statistical agency, data science builds upon solid domain statistics. It 
cannot replace conventional data collection and should not undermine the capacity of producing such 
data. An integrated approach of data science also requires specific coordination with geospatial 
information. Georeferenced information is important both for modelling spatial determinants but also in 
the dissemination of results.  

For example, domain statistics on education produces indicators according to international standards. If 
these data are georeferenced, models can be applied which consider distance to learning facilities for 
example. When spatially disaggregated indicators are available, they can in turn be contrasted with 
geospatial information - on transport for example – which opens new opportunities for informed policy 
decisions.  
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Specific	technical	priorities	for	future	work	

Several technical aspects have been highlighted throughout the report. This section shall mention a few 
additional priorities for the further work. 

Accuracy	of	measurement	in	training	data	

It should be understood that the approach described in this report is essentially a form of mass imputation 
where the number of missing observations greatly exceed the number of valid observations. The success 
of training algorithms depends on the accuracy of these observations. If the measurement is inaccurate 
-even for a relatively small group- this can have severe consequences. For example, it will usually not 
have a great impact on the national poverty rate if the poverty status of cross border workers cannot be 
measured correctly because no register information can be accessed. If their poverty status is however 
used to train the algorithm this error will be copied to all imputed cases. Poverty in border regions will 
thus be massively overestimated. A similar bias has to be expected for persons which make a living 
largely from unregistered incomes, diplomats or entrepreneurs. If these groups live in regional 
concentrations poverty rates would be systematically overestimated in those neighbourhoods. Such 
patterns are indeed found in the estimates. As they reflect the likely outcome of a normal survey 
operation ML estimates can potentially contribute to detecting potential quality problems in sample 
surveys.  

Usage	of	weights	in	training	data	

This project has used machine learning algorithms without considering the sample design. As the 
algorithms are automatically optimising their predictions they will usually give more importance to 
frequent cases. Some sampling designs are however over-representing certain areas – whether 
deliberately or by reasons of selective nonresponse. In an extreme case, sampling units may be 
concentrated in certain areas or groups. Without specifying weights, this information is not accessible 
to the algorithm. A potential solution may be to repeat observations by the number of weights.  

Adjusting	machine	learning	results	to	known	controls	

Machine learning makes optimal use of available data. Some of the results found in this project provoked 
criticism. In particular, informed users raised doubts on the plausibility of poverty estimates for certain 
local areas. Often judgments used common knowledge on wealth such as obviously expensive 
neighbourhoods. Perhaps even more importantly, spatial disaggregation should not contradict higher 
aggregates obtained directly from indicators. In principle, it would be possible to formulate such 
constraints already in the machine learning estimation. These controls would have a similar effect as 
calibration of sample estimates. As currently available packages have usually not been developed for 
survey sample data, this will require customized machine learning algorithms.  

Standard	criteria	for	assessing	errors		

Any statistical estimate is subject to uncertainty. For sample estimates, standard errors have become 
established as a conventional currency of confidence in results. As yet there is nothing comparable for 
machine learning estimates. An approximate indication of uncertainty was proposed in this project 
which may be further developed. For a long term perspective, it appears important that statistical offices 
exchange their positions and lay down standards for the assessment of errors in machine learning. It will 
be important to distinguish the criteria for publication from criteria that should be commonly applied to 
compare different algorithms or model specifications.  
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Shared	IT	infrastructures	for	data	science	in	official	statistics	

In the current setups of many NSIs on-premise server solution are the major if not the only solution 
offered to data scientist. Throughout this projects we used several machine learning techniques on an 
only modestly large data set, but we still had peak memory (>120GB) and cpu (a couple of days of 
computing time) usage that were hard to handle in-house. Obviously, there is the possibility of scaling 
up in-house server infrastructure, but this does not seem to be cost-effective. Secure cloud platforms 
should be developed within the EU public sector to provide for EU and national public authorities, e.g. 
NSIs, the infrastructure they need for modern data science practices. UN Global Platform and the EU 
Big Data Test Infrastructure are initiatives to have a shared but secure cloud solution in a cost effective 
manner. This should be followed up and further developed. 
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Annex	

Results	from	cross	validation	

Figure:  Cross validation results for at risk of poverty and social exclusion (arose). Each panel shows for 

each model and variable combination the result for a different performance measure 

 

S.: Statistics Austria. 
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Figure:    Crossvalidation  results  for  deprevation  (deprived4).  Each  panel  shows  for  each model  and 

variable combination the result for a different performance measure 
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S.: Statistics Austria. 

Figure:   Crossvalidation  results  for  subjective health  (health). Each panel  shows  for  each model and 

variable combination the result for a different performance measure 

 

S.: Statistics Austria. 
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Figure:  Crossvalidation results for lifelong learning (si_lll). Each panel shows for each model and variable 

combination the result for a different performance measure 

 

S.: Statistics Austria. 
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Scatterplot	comparing	model	based	estimates	with	survey	based	estimates	

Figure:    Scatterplot  showing  estimates  for  at  risk  of  poverty  and  social  exclusion  (arose)  from  the 

predictions  (y‐axis) against  the point estimates  from  the survey  (x‐axis). For points colored  in 

green the estimate derived from the predicted probabilities is within the 95% confidence interval. 

The size of the points is scaled by the number of underlying records in the sample. 

 

S.: Statistics Austria. 
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Figure:  Scatterplot showing estimates for deprevation (deprived4) from the predictions (y‐axis) against 

the point estimates from the survey (x‐axis). For points colored in green the estimate derived from 

the predicted probabilities is within the 95% confidence interval. The size of the points is scaled 

by the number of underlying records in the sample. 

 

S.: Statistics Austria. 
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Figure:  Scatterplot showing estimates for subjective health (health) from the predictions (y‐axis) against 

the point estimates from the survey (x‐axis). For points colored in green the estimate derived from 

the predicted probabilities is within the 95% confidence interval. The size of the points is scaled 

by the number of underlying records in the sample. 

 

S.: Statistics Austria. 
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Figure:   Scatterplot showing estimates for  lifelong  learning (si_lll) from the predictions (y‐axis) against 

the point estimates from the survey (x‐axis). For points colored in green the estimate derived from 

the predicted probabilities is within the 95% confidence interval. The size of the points is scaled 

by the number of underlying records in the sample. 

 

S.: Statistics Austria. 
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Variables for predicting poverty 

Rich	Frame	Variables	

Variable Type Description 

BDL original Federal Provinces 

year_reg original Survey year 

STAT_URTYP original Regional topology 

HH_SIZE9 transformed Household size, upper censored by 9 

HHtypmitPension transformed Household type for 
households containing retiree 

HHtypohnePension transformed Household type for 
households containing no retiree 

HHtypohnePensionChildren transformed Household type for 
households containing children 

Hauptverdiener transformed Gender of main earner 

Gemeindegr transformed Population size of municipality, 
categorical variable 

age_c transformed Age categories 

GESCHL original Gender 

EDU_HAB_NAT original Highest education achieved 

FLAG_GSVG original Has selfemployed insurance 

FLAG_KA transformed 
Selfemployed according to 

available information as of 31st of October 
for each year 

FLAG_VERS transformed Selfemployed insured 
at least 1 day a year 

FLAG_AZ transformed Receives compensational payment 

GrenzG transformed Works abroad 

FAMST original Family status 

ERW_STATUS original Employment status 
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Variable Type Description 

ZUZUG_OE transformed Years living in Austria 

STAATB transformed Citizenship 

GEBSTAAT transformed Country of birth 

VERWERB original Employment status encoded 
as used for the microcensus 

HH_STATUS original Household status 

Income	Variables	

Variable Type Description 

income_c transformed 
equivalized household income 

transformed into categories 
containing equal number of observations 

income_c2 transformed 
Equivalized household income 

transformed into categories 
of equal length 

poverty_est transformed 
Poverty estimate derived 

directly from 
equivalized household income 

FLAG_noIncome transformed 
Binary variable equal to 1 
if no income information 
from register is available 

PeinkVWD_net original Total registered personal income  

betrag_fambh original Family allowance 

betrag_KBG original Child care allowance 

s_lbetr original Unemployment benefits 

unf_rente original Accident pension 

schbh_g original Educational allowance 

stip_g original Stipends 

krank_n original Sickness benefits 

wog_n original Maternity pay 
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Variable Type Description 

kranka_g original Sickness benefits among unemployed 

uek_n original Employee’s compensation 

pen_n original Pensions 

abf_n original Severance payment 

est_g original Income tax 

bundpfg original Federal care allowance 

PeinkVWD_net_hh transformed Total registered incomes in household 

betrag_fambh_hh transformed Total family allowance in household 

betrag_KBG_hh transformed Total child care allowance in household 

s_lbetr_hh transformed Total unemployment benefits in household 

unf_rente_hh transformed Total Accident pension in household 

schbh_g_hh transformed Total educational allowance in household 

stip_g_hh transformed Total stipends in household 

krank_n_hh transformed Total sickness allowance in household 

wog_n_hh transformed Total maternity pay in household 

kranka_g_hh transformed Total sickness benefits among unemployed in household 

uek_n_hh transformed Total employee income in household 

pen_n_hh transformed Total pension income in household 

abf_n_hh transformed Total severance payment in household 

est_g_hh transformed Income tax 

bundpfg_hh transformed Federal care allowance in household 

BG_SUM transformed Tax basis (self employed income) 
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Geographic	Variables	

Variable Type Description 

Appartment_ArithMean transformed Mean appartment prices per m2 

Appartment_GeoMean transformed Geometric mean of appartment prices per m2 

Appartment_Median transformed Median appratment prices per m2 

Haeuser_ArithMean transformed Mean housing prices per m2 

Haeuser_GeoMean transformed Geometric mean of housing prices per m2 

Haeuser_Median transformed Median housing prices per m2 

Haeuser_ZSP_min transformed transformed average housing prices on 'Zählsprengel' level 
proportional to average housing prices on federal province 

Haeuser_ZSP_max transformed transformed average housing prices on 'Zählsprengel' level 
proportional to average housing prices on federal province 

Appartment_ZSP_min transformed transformed average appratment prices on 'Zählsprengel' 
level proportional to average housing prices on federal 

Appartment_ZSP_max transformed transformed average appratment prices on 'Zählsprengel' 
level proportional to average housing prices on federal 

Haeuser_GCD_min transformed transformed average housing prices on municipality level 
proportional to average housing prices on federal province 

Haeuser_GCD_max transformed transformed average housing prices on municipality level 
proportional to average housing prices on federal province 

Appartment_GCD_min transformed transformed average appratment prices on municipality 
level proportional to average housing prices on federal 

Appartment_GCD_max transformed transformed average appratment prices on municipality 
level proportional to average housing prices on federal 

Haeuser_POL_min transformed transformed average housing prices on political district 
level proportional to average housing prices on federal 

Haeuser_POL_max transformed transformed average housing prices on political district 
level proportional to average housing prices on federal 

Appartment_POL_min transformed transformed average appratment prices on political district' 
level proportional to average housing prices on federal 

Appartment_POL_max transformed transformed average appratment prices on political district' 
level proportional to average housing prices on federal 

Haeuser_ZSP_min_cat transformed variable Haeuser_ZSP_min transformed into categorical 
variable containing 5 groups 

Haeuser_ZSP_max_cat transformed variable Haeuser_ZSP_max transformed into categorical 
variable containing 5 groups 

Appartment_ZSP_min_cat transformed variable Appartment_ZSP_min transformed into 
categorical variable containing 5 groups 

Appartment_ZSP_max_cat transformed variable Appartment_ZSP_max transformed into 
categorical variable containing 5 groups 
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Variable Type Description 

Haeuser_GCD_min_cat transformed variable Haeuser_GCD_min transformed into categorical 
variable containing 5 groups 

Haeuser_GCD_max_cat transformed variable Haeuser_GCD_max transformed into categorical 
variable containing 5 groups 

Appartment_GCD_min_cat transformed variable Appartment_GCD_min transformed into 
categorical variable containing 5 groups 

Appartment_GCD_max_cat transformed variable Appartment_GCD_max transformed into 
categorical variable containing 5 groups 

Haeuser_POL_min_cat transformed variable Haeuser_POL_min transformed into categorical 
variable containing 5 groups 

Haeuser_POL_max_cat transformed variable Haeuser_POL_max transformed into categorical 
variable containing 5 groups 

Appartment_POL_min_cat transformed variable Appartment_POL_min transformed into 
categorical variable containing 5 groups 

Appartment_POL_max_cat transformed variable Appartment_POL_max transformed into 
categorical variable containing 5 groups 

Appartment_imp transformed Binary variable equal to 1 if appartment prices in this 
topology have been imputed 

Haeuser_imp transformed Binary variable equal to 1 if housing prices in this 
topology have been imputed 

hws original Resident population (number of persons with main 
residence), Number 

hws_15plus original Population 15 years and over, Number 

erw_status_m_1 original Population by current activity status and sex, Employed 
[male] 

erw_status_m_2 original Population by current activity status and sex, Unemployed 
[male] 

erw_status_m_3 original Population by current activity status and sex, Persons 
below the age of 15 [male] 

erw_status_m_4 original Population by current activity status and sex, Persons 
receiving a pension [male] 

erw_status_m_5 original Population by current activity status and sex, Students 15 
and over (not economically active) [male] 

erw_status_m_6 original Population by current activity status and sex, Other 
currently not economically active persons [male] 

erw_status_w_1 original Population by current activity status and sex, Employed 
[female] 

erw_status_w_2 original Population by current activity status and sex, Unemployed 
[female] 

erw_status_w_3 original Population by current activity status and sex, Persons 
below the age of 15 [female] 

erw_status_w_4 original Population by current activity status and sex, Persons 
receiving a pension [female] 

erw_status_w_5 original Population by current activity status and sex, Students 15 
and over (not economically active) [female] 
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Variable Type Description 

erw_status_w_6 original Population by current activity status and sex, Other 
currently not economically active persons [female] 

ast_oenace_m_a original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section A - Agriculture, Forestry and 

ast_oenace_m_b original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section B - Mining and Quarrying 

ast_oenace_m_c original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section C - Manufacturing [male] 

ast_oenace_m_d original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section D - Electricity, Gas, Steam and 

ast_oenace_m_e original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section E - Water Supply, Sewerage, 

ast_oenace_m_f original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section F - Construction [male] 

ast_oenace_m_g original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section G - Wholesale and Retail 

ast_oenace_m_h original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section H - Transportation and Storage 

ast_oenace_m_i original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section I - Accommodation and Food 

ast_oenace_m_j original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section J - Information and 

ast_oenace_m_k original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section K - Financial and Insurance 

ast_oenace_m_l original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section L - Real Estate Activities 

ast_oenace_m_m original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section M - Professional, Scientific and 

ast_oenace_m_n original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section N - Administrative and Support 

ast_oenace_m_o original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section O - Public Administration and 

ast_oenace_m_p original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section P - Education [male] 

ast_oenace_m_q original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section Q - Human Health and Social 

ast_oenace_m_r original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section R - Arts, Entertainment and 

ast_oenace_m_s original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section S - Other Service Activities 

ast_oenace_m_t original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section T - Activities of Households as 

ast_oenace_m_u original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section U - Activities of Extraterritorial 

ast_oenace_m_x original Population by economic activity (OENACE 2008) of the 
local unit and Sex, unknown [male] 
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Variable Type Description 

ast_oenace_m_y original Population by economic activity (OENACE 2008) of the 
local unit and Sex, not applicable [male] 

ast_oenace_w_a original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section A - Agriculture, Forestry and 

ast_oenace_w_b original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section B - Mining and Quarrying 

ast_oenace_w_c original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section C - Manufacturing [female] 

ast_oenace_w_d original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section D - Electricity, Gas, Steam and 

ast_oenace_w_e original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section E - Water Supply, Sewerage, 

ast_oenace_w_f original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section F - Construction [female] 

ast_oenace_w_g original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section G - Wholesale and Retail 

ast_oenace_w_h original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section H - Transportation and Storage 

ast_oenace_w_i original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section I - Accommodation and Food 

ast_oenace_w_j original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section J - Information and 

ast_oenace_w_k original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section K - Financial and Insurance 

ast_oenace_w_l original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section L - Real Estate Activities 

ast_oenace_w_m original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section M - Professional, Scientific and 

ast_oenace_w_n original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section N - Administrative and Support 

ast_oenace_w_o original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section O - Public Administration and 

ast_oenace_w_p original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section P - Education [female] 

ast_oenace_w_q original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section Q - Human Health and Social 

ast_oenace_w_r original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section R - Arts, Entertainment and 

ast_oenace_w_s original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section S - Other Service Activities 

ast_oenace_w_t original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section T - Activities of Households as 

ast_oenace_w_u original Population by economic activity (OENACE 2008) of the 
local unit and Sex, Section U - Activities of Extraterritorial 

ast_oenace_w_x original Population by economic activity (OENACE 2008) of the 
local unit and Sex, unknown [female] 
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ast_oenace_w_y original Population by economic activity (OENACE 2008) of the 
local unit and Sex, not applicable [female] 

edu_hab_abfeld_nat_0 original Population by field of education (attainment), Generic 
programmes and qualifications 

edu_hab_abfeld_nat_1 original Population by field of education (attainment), Education 

edu_hab_abfeld_nat_2 original Population by field of education (attainment), Arts and 
humanities 

edu_hab_abfeld_nat_3 original Population by field of education (attainment), Social 
sciences, journalism and information 

edu_hab_abfeld_nat_4 original Population by field of education (attainment), Business, 
administration and law 

edu_hab_abfeld_nat_5 original Population by field of education (attainment), Natural 
sciences, mathematics and statistics 

edu_hab_abfeld_nat_6 original Population by field of education (attainment), Information 
and Communication Technologies 

edu_hab_abfeld_nat_7 original Population by field of education (attainment), Engineering, 
manufacturing and construction 

edu_hab_abfeld_nat_8 original Population by field of education (attainment), Agriculture, 
forestry, fisheries and veterinary 

edu_hab_abfeld_nat_9 original Population by field of education (attainment), Health and 
welfare 

edu_hab_abfeld_nat_10 original Population by field of education (attainment), Services 

edu_hab_abfeld_nat_99 original Population by field of education (attainment), unknown 

edu_hab_abfeld_nat_m1 original Population by field of education (attainment), Not 
applicable 

famst_1 original Population by legal marital status, Never married 

famst_2 original Population by legal marital status, Married 

famst_3 original Population by legal marital status, Widowed 

famst_4 original Population by legal marital status, Divorced 

edu_wlau_1 original Population by participation in formal education, Primary 
school 

edu_wlau_2 original Population by participation in formal education, Lower 
secondary school/New secondary school 

edu_wlau_3 original Population by participation in formal education, Special 
(SEN) school 

edu_wlau_4 original Population by participation in formal education, Pre-
vocational school 

edu_wlau_5 original Population by participation in formal education, Academic 
secondary school, lower level 
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edu_wlau_6 original Population by participation in formal education, Academic 
secondary school, upper level 

edu_wlau_7 original Population by participation in formal education, 
Vocational school for apprentices 

edu_wlau_8 original Population by participation in formal education, 
Intermediate technical and vocational school 

edu_wlau_9 original Population by participation in formal education, Higher 
technical and vocational school 

edu_wlau_10 original Population by participation in formal education, Schools 
for nursing and medical services 

edu_wlau_11 original Population by participation in formal education, Post-
secondary course 

edu_wlau_13 original Population by participation in formal education, 
University/Fachhochschule (university of applied 

edu_wlau_99 original Population by participation in formal education, Other 
formal education 

edu_wlau_m1 original Population by participation in formal education, Currently 
no participation in formal education 

edu_wlau_m2 original Population by participation in formal education, Not stated 

erw_stell_beruf_m_1 original Population by status in employment and Sex, Employees 
[male] 

erw_stell_beruf_m_2 original Population by status in employment and Sex, Employers 
[male] 

erw_stell_beruf_m_3 original Population by status in employment and Sex, Own-
account workers [male] 

erw_stell_beruf_m_4 original Population by status in employment and Sex, Contributing 
family workers [male] 

erw_stell_beruf_m_5 original Population by status in employment and Sex, Not stated 
[male] 

erw_stell_beruf_m_6 original Population by status in employment and Sex, Currently 
not economically active [male] 

erw_stell_beruf_w_1 original Population by status in employment and Sex, Employees 
[female] 

erw_stell_beruf_w_2 original Population by status in employment and Sex, Employers 
[female] 

erw_stell_beruf_w_3 original Population by status in employment and Sex, Own-
account workers [female] 

erw_stell_beruf_w_4 original Population by status in employment and Sex, Contributing 
family workers [female] 

erw_stell_beruf_w_5 original Population by status in employment and Sex, Not stated 
[female] 

erw_stell_beruf_w_6 original Population by status in employment and Sex, Currently 
not economically active [female] 

edu_hab_nat_1 original Population: educational attainment - highest completed 
level, Compulsory schools 
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edu_hab_nat_2 original Population: educational attainment - highest completed 
level, Apprenticeship 

edu_hab_nat_3 original Population: educational attainment - highest completed 
level, Intermediate technical and vocational school 

edu_hab_nat_4 original Population: educational attainment - highest completed 
level, Academic secondary school 

edu_hab_nat_5 original Population: educational attainment - highest completed 
level, Higher technical and vocational school 

edu_hab_nat_6 original Population: educational attainment - highest completed 
level, Post-secondary course 

edu_hab_nat_7 original Population: educational attainment - highest completed 
level, Post-secondary colleges 

edu_hab_nat_8 original Population: educational attainment - highest completed 
level, University/Fachhochschule (university of applied 

edu_hab_nat_m1 original Population: educational attainment - highest completed 
level, Not applicable 

dem_alter_m_01 original Resident population by age groups and sex, under 5 years 
[male] 

dem_alter_m_02 original Resident population by age groups and sex, 5 to 9 years 
[male] 

dem_alter_m_03 original Resident population by age groups and sex, 10 to 14 years 
[male] 

dem_alter_m_04 original Resident population by age groups and sex, 15 to 19 years 
[male] 

dem_alter_m_05 original Resident population by age groups and sex, 20 to 24 years 
[male] 

dem_alter_m_06 original Resident population by age groups and sex, 25 to 29 years 
[male] 

dem_alter_m_07 original Resident population by age groups and sex, 30 to 34 years 
[male] 

dem_alter_m_08 original Resident population by age groups and sex, 35 to 39 years 
[male] 

dem_alter_m_09 original Resident population by age groups and sex, 40 to 44 years 
[male] 

dem_alter_m_10 original Resident population by age groups and sex, 45 to 49 years 
[male] 

dem_alter_m_11 original Resident population by age groups and sex, 50 to 54 years 
[male] 

dem_alter_m_12 original Resident population by age groups and sex, 55 to 59 years 
[male] 

dem_alter_m_13 original Resident population by age groups and sex, 60 to 64 years 
[male] 

dem_alter_m_14 original Resident population by age groups and sex, 65 to 69 years 
[male] 

dem_alter_m_15 original Resident population by age groups and sex, 70 to 74 years 
[male] 
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dem_alter_m_16 original Resident population by age groups and sex, 75 to 79 years 
[male] 

dem_alter_m_17 original Resident population by age groups and sex, 80 to 84 years 
[male] 

dem_alter_m_18 original Resident population by age groups and sex, 85 to 89 years 
[male] 

dem_alter_m_19 original Resident population by age groups and sex, 90 to 94 years 
[male] 

dem_alter_m_20 original Resident population by age groups and sex, 95 to 99 years 
[male] 

dem_alter_m_21 original Resident population by age groups and sex, 100 years and 
over [male] 

dem_alter_w_01 original Resident population by age groups and sex, under 5 years 
[female] 

dem_alter_w_02 original Resident population by age groups and sex, 5 to 9 years 
[female] 

dem_alter_w_03 original Resident population by age groups and sex, 10 to 14 years 
[female] 

dem_alter_w_04 original Resident population by age groups and sex, 15 to 19 years 
[female] 

dem_alter_w_05 original Resident population by age groups and sex, 20 to 24 years 
[female] 

dem_alter_w_06 original Resident population by age groups and sex, 25 to 29 years 
[female] 

dem_alter_w_07 original Resident population by age groups and sex, 30 to 34 years 
[female] 

dem_alter_w_08 original Resident population by age groups and sex, 35 to 39 years 
[female] 

dem_alter_w_09 original Resident population by age groups and sex, 40 to 44 years 
[female] 

dem_alter_w_10 original Resident population by age groups and sex, 45 to 49 years 
[female] 

dem_alter_w_11 original Resident population by age groups and sex, 50 to 54 years 
[female] 

dem_alter_w_12 original Resident population by age groups and sex, 55 to 59 years 
[female] 

dem_alter_w_13 original Resident population by age groups and sex, 60 to 64 years 
[female] 

dem_alter_w_14 original Resident population by age groups and sex, 65 to 69 years 
[female] 

dem_alter_w_15 original Resident population by age groups and sex, 70 to 74 years 
[female] 

dem_alter_w_16 original Resident population by age groups and sex, 75 to 79 years 
[female] 

dem_alter_w_17 original Resident population by age groups and sex, 80 to 84 years 
[female] 
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dem_alter_w_18 original Resident population by age groups and sex, 85 to 89 years 
[female] 

dem_alter_w_19 original Resident population by age groups and sex, 90 to 94 years 
[female] 

dem_alter_w_20 original Resident population by age groups and sex, 95 to 99 years 
[female] 

dem_alter_w_21 original Resident population by age groups and sex, 100 years and 
over [female] 

dem_staatb_01 original Resident population by citizenship, Austria 

dem_staatb_02 original Resident population by citizenship, EU Member States 
(14) 

dem_staatb_03 original Resident population by citizenship, EU Member States 
(10) 

dem_staatb_04 original Resident population by citizenship, EU Member States (3) 

dem_staatb_05 original Resident population by citizenship, Former Yugoslavia 
(without Slovenia, Croatia) 

dem_staatb_06 original Resident population by citizenship, Turkey 

dem_staatb_07 original Resident population by citizenship, EEA, Switzerland, 
associated microstates 

dem_staatb_08 original Resident population by citizenship, Other European 
countries 

dem_staatb_09 original Resident population by citizenship, Africa 

dem_staatb_10 original Resident population by citizenship, North America 

dem_staatb_11 original Resident population by citizenship, Latin America 

dem_staatb_12 original Resident population by citizenship, Asia (without Turkey 
and Cyprus) 

dem_staatb_13 original Resident population by citizenship, Oceania 

dem_staatb_14 original Resident population by citizenship, Stateless, not stated 

dem_gebstaat_01 original Resident population by country of birth, Austria 

dem_gebstaat_02 original Resident population by country of birth, EU Member 
States (14) 

dem_gebstaat_03 original Resident population by country of birth, EU Member 
States (10) 

dem_gebstaat_04 original Resident population by country of birth, EU Member 
States (3) 

dem_gebstaat_05 original Resident population by country of birth, Former 
Yugoslavia (without Slovenia, Croatia) 
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dem_gebstaat_06 original Resident population by country of birth, Turkey 

dem_gebstaat_07 original Resident population by country of birth, EEA, 
Switzerland, associated microstates 

dem_gebstaat_08 original Resident population by country of birth, Other European 
countries 

dem_gebstaat_09 original Resident population by country of birth, Africa 

dem_gebstaat_10 original Resident population by country of birth, North America 

dem_gebstaat_11 original Resident population by country of birth, Latin America 

dem_gebstaat_12 original Resident population by country of birth, Asia (without 
Turkey and Cyprus) 

dem_gebstaat_13 original Resident population by country of birth, Oceania 

dem_gebstaat_14 original Resident population by country of birth, Stateless, not 
stated 

geb original Number of buildings, count 

gebmwhg original Number of residential buildings, count 

ntz original Number of usage units, count 

wgeb original Number of buildings with dwellings, count 

whg original Number of dwellings, count 

bp_vor1919 original Buildings by construction period, before 1919 

bp_1919b1944 original Buildings by construction period, 1919-1944 

bp_1945b1960 original Buildings by construction period, 1945-1960 

bp_1961b1970 original Buildings by construction period, 1961-1970 

bp_1971b1980 original Buildings by construction period, 1971-1980 

bp_1981b1990 original Buildings by construction period, 1981-1990 

bp_1991b2000 original Buildings by construction period, 1991-2000 

bp_2001b2005 original Buildings by construction period, 2001-2005 

bp_2006b2010 original Buildings by construction period, 2006-2010 
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bp_2011b2015 original Buildings by construction period, 2011-2015 

bp_2016b2020 original Buildings by construction period, 2016-2020 

bp_unbekannt original Buildings by construction period, unknown 

wgeb_1whg original Building by building use, Residential buildings with one 
conventional dwelling 

wgeb_2whg original Building by building use, Residential buildings with two 
conventional dwellings 

wgeb_3pwhg original Building by building use, Residential buildings with three 
or more conventional dwellings 

wgeb_gem original Building by building use, Buildings for institutional 
households 

geb_hotel original Building by building use, Hotels and similar buildings 

geb_buero original Building by building use, Office buildings 

geb_handel original Building by building use, Wholesale and retail trade 
buildings 

geb_verkehr original Building by building use, Traffic and communication 
buildings 

geb_indust original Building by building use, Industrial buildings and 
warehouses 

geb_kultur original Building by building use, Buildings for public 
entertainment, education and health care 

geb_sonst original Building by building use, other buildings 

geb_unbekannt original Building by building use, unknown 

gfl_lt50 original Buildings by gross area, less than 50m2 

gfl_50b74 original Buildings by gross area, 50 to 75m2 

gfl_75b99 original Buildings by gross area, 75 to 100m2 

gfl_100b149 original Buildings by gross area, 100 to 150m2 

gfl_150b249 original Buildings by gross area, 150 to 250m2 

gfl_250b499 original Buildings by gross area, 250 to 500m2 

gfl_500b999 original Buildings by gross area, 500 to 1.000m2 

gfl_ge1000 original Buildings by gross area, more than 1.000m2 
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gfl_unbekannt original Buildings by gross area, unknown 

rwg_01b02 original Buildings by residential use and number of dwellings, 
Purely Residential buildings (100% residential) with 1 or 2 

rwg_03b10 original Buildings by residential use and number of dwellings, 
Purely Residential buildings (100% residential) with 3 to 

rwg_11b20 original Buildings by residential use and number of dwellings, 
Purely Residential buildings (100% residential) with 11 to 

rwg_21p original Buildings by residential use and number of dwellings, 
Purely Residential buildings (100% residential) with 21 or 

rwg_gem original Buildings by residential use and number of dwellings, 
Purely Residential buildings (100% residential) purely 

wgnn_01b02 original Buildings by residential use and number of dwellings, 
Residential buildings with other uses (>=50% residential) 

wgnn_03b10 original Buildings by residential use and number of dwellings, 
Residential buildings with other uses (>=50% residential) 

wgnn_11b20 original Buildings by residential use and number of dwellings, 
Residential buildings with other uses (>=50% residential) 

wgnn_21p original Buildings by residential use and number of dwellings, 
Residential buildings with other uses (>=50% residential) 

wgnn_gem original Buildings by residential use and number of dwellings, 
Residential buildings with other uses (>=50% residential) 

nwg_01b02 original Buildings by residential use and number of dwellings, Non 
residential buildings (<50% residential) with 1 or 2 

nwg_03b10 original Buildings by residential use and number of dwellings, Non 
residential buildings (<50% residential) with with 3 to 10 

nwg_11b20 original Buildings by residential use and number of dwellings, Non 
residential buildings (<50% residential) with with 11 to 20 

nwg_21p original Buildings by residential use and number of dwellings, Non 
residential buildings (<50% residential) with with 21 or 

nwg_gem original Buildings by residential use and number of dwellings, Non 
residential buildings without dwellings 

nwg_unbekannt original Buildings by residential use and number of dwellings, 
unknown 

nurhws original Buildings by type of residence, Buildings with only 
persons with main residence 

nurnws original Buildings by type of residence, Buildings with only 
persons with secondary residence 

hwsnws original Buildings by type of residence, Buildings with both 
persons with main residence and persons with secondary 

ohnews original Buildings by type of residence, Buildings without 
residents 

whg3pwfl_lt200 original Residential buildings with 3 or more dwellings by floor 
space, less than 200m2 

whg3pwfl_200b299 original Residential buildings with 3 or more dwellings by floor 
space, 200 to 300m2 
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whg3pwfl_300b499 original Residential buildings with 3 or more dwellings by floor 
space, 300 to 500m2 

whg3pwfl_500b799 original Residential buildings with 3 or more dwellings by floor 
space, 500 to 800m2 

whg3pwfl_800b1499 original Residential buildings with 3 or more dwellings by floor 
space, 800 to 1500m2 

whg3pwfl_ge1500 original Residential buildings with 3 or more dwellings by floor 
space, more than 1500m2 

whg1wfl_lt60 original Residential buildings with 1 dwelling by floor space, less 
than 60m2 

whg1wfl_60b89 original Residential buildings with 1 dwelling by floor space, 60 to 
90m2 

whg1wfl_90b119 original Residential buildings with 1 dwelling by floor space, 90 to 
120m2 

whg1wfl_120b149 original Residential buildings with 1 dwelling by floor space, 120 
to 150m2 

whg1wfl_150b199 original Residential buildings with 1 dwelling by floor space, 150 
to 200m2 

whg1wfl_ge200 original Residential buildings with 1 dwelling by floor space, more 
than 200m2 

whg2wfl_lt120 original Residential buildings with 2 dwellings by floor space, less 
than 120m2 

whg2wfl_120b149 original Residential buildings with 2 dwellings by floor space, 120 
to 150m2 

whg2wfl_150b199 original Residential buildings with 2 dwellings by floor space, 150 
to 200m2 

whg2wfl_200b249 original Residential buildings with 2 dwellings by floor space, 200 
to 250m2 

whg2wfl_250b299 original Residential buildings with 2 dwellings by floor space, 250 
to 300m2 

whg2wfl_ge300 original Residential buildings with 2 dwellings by floor space, 
more than 300m2 

wraum_1 original Dwellings by number of rooms, 1 room 

wraum_2 original Dwellings by number of rooms, 2 rooms 

wraum_3 original Dwellings by number of rooms, 3 rooms 

wraum_4 original Dwellings by number of rooms, 4 rooms 

wraum_5 original Dwellings by number of rooms, 5 rooms 

wraum_ge6 original Dwellings by number of rooms, 6 or more rooms 

wraum_unbekannt original Dwellings by number of rooms, unknown 
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fl_lt45 original Dwellings by floor space, less than 45m2 

fl_45b60 original Dwellings by floor space, 45 to 60m2 

fl_60b75 original Dwellings by floor space, 60 to 75m2 

fl_75b90 original Dwellings by floor space, 75 to 90m2 

fl_90b120 original Dwellings by floor space, 90 to 120m2 

fl_120b150 original Dwellings by floor space, 120 to 150m2 

fl_150b200 original Dwellings by floor space, 150m2 to 200m2 

fl_ge200 original Dwellings by floor space, more than 200m2 

fl_ohne original Dwellings by floor space, unknown 

EH_BEKL_MIN original Distance to closest facility in minutes - Clothes and 
footwear 

EH_BEKL_KM original Distance to closest facility in kilometres - Clothes and 
footwear 

EH_LB_MIN original Distance to closest facility in minutes - Groceries 

EH_LB_KM original Distance to closest facility in kilometres - Groceries 

EH_SONSTLB_MIN original Distance to closest facility in minutes - Other goods  

EH_SONSTLB_KM original Distance to closest facility in kilometres - Other goods  

TKST_MIN original Distance to closest facility in minutes - Automotive fuel 

TKST_KM original Distance to closest facility in kilometres - Automotive fuel 

BANK_MIN original Distance to closest facility in minutes - Financial service 
activities  

BANK_KM original Distance to closest facility in kilometres - Financial 
service activities  

POST_MIN original Distance to closest facility in minutes - Postal activities 

POST_KM original Distance to closest facility in kilometres - Postal activities 

KIGA_MIN original Distance to closest facility in minutes - Pre-primary 
education 

KIGA_KM original Distance to closest facility in kilometres - Pre-primary 
education 
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SCHULEN_1_PS_MIN original Distance to closest facility in minutes - Compulsory 
schools 

SCHULEN_1_PS_KM original Distance to closest facility in kilometres - Compulsory 
schools 

SCHULEN_2_WS_MIN original Distance to closest facility in minutes - Secondary schools 

SCHULEN_2_WS_KM original Distance to closest facility in kilometres - Secondary 
schools 

ALTEN_MIN original Distance to closest facility in minutes - Residential care 
activities 

ALTEN_KM original Distance to closest facility in kilometres - Residential care 
activities 

APO_MIN original Distance to closest facility in minutes - Pharmacies 

APO_KM original Distance to closest facility in kilometres - Pharmacies 

KA_AKUT_MIN original Distance to closest facility in minutes - Acute Care 
Hospitals 

KA_AKUT_KM original Distance to closest facility in kilometres - Acute Care 
Hospitals 

MED_DENTAL_MIN original Distance to closest facility in minutes - Medical specialists 

MED_DENTAL_KM original Distance to closest facility in kilometres - Medical 
specialists 

MED_GENERAL_MIN original Distance to closest facility in minutes - General 
practitioners 

MED_GENERAL_KM original Distance to closest facility in kilometres - General 
practitioners 

MED_SPEZIAL_MIN original Distance to closest facility in minutes - Medical specialists 

MED_SPEZIAL_KM original Distance to closest facility in kilometres - Medical 
specialists 

POL_MIN original Distance to closest facility in minutes - Police 

POL_KM original Distance to closest facility in kilometres - Police 

KINO_MIN original Distance to closest facility in minutes - Cinemas 

KINO_KM original Distance to closest facility in kilometres - Cinemas 

MUSEUM_MIN original Distance to closest facility in minutes - Museums, 
libraries, other cultural activities 

MUSEUM_KM original Distance to closest facility in kilometres - Museums, 
libraries, other cultural activities 

REST_MIN original Distance to closest facility in minutes - Restaurants 



90 

 

Variable Type Description 

REST_KM original Distance to closest facility in kilometres - Restaurants 

SPORT_MIN original Distance to closest facility in minutes - Sport facilities 

SPORT_KM original Distance to closest facility in kilometres - Sport facilities 

ZOO_MIN original Distance to closest facility in minutes - Botanical and 
zoological gardens and nature reserves activities 

ZOO_KM original Distance to closest facility in kilometres - Botanical and 
zoological gardens and nature reserves activities 

 

 


