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This document encloses the documentation of the integrated methodological framework for modelling
circularity in mobility and building and household services, through a spatially-explicit and data-driven
approach resorting to machine-learning techniques, due to the use of a wide range of attributes and the model
complex and comprehensive nature.

The overarching objective of such an integrated modelling approach is to enable the identification of trade-offs
and, most importantly, synergies between mobility and the built environment, considering two key urban
resource dimensions: energy and materials. To do so, an Atrtificial Neural Network (ANN) model, developed
by Silva et al. 2017 (focused on the effect of urban form on energy use), was expanded to include relevant
urban aspects beyond the physical dimension, namely by capturing socio-economic and behavioural factors,
and including the materials dimension formerly missing. This has been tested in two case-studies: Porto and
Berlin.

Herewith follows a detailed explanation of the methodology adopted, from the model design stage (expansion
of former one) to its actual implementation in the case studies, to ensure transparency and reproducibility of
the work conducted. This is complemented by the open-source code and data available on Zenodo
, following CircEUlar Milestone 17) referring to the preliminary integrated
modelling tool, and allowing for additional exploration of the algorithms developed and modelling results.

The description here provided includes the data sources and data pre-processing operations, the indicators
measurement (and respective maps), and finally the model set-up, key architecture and other characteristics.
The overall model performance for the two case studies is also presented, which shows encouraging results
and reinforces the relevance of such an integrated approach, modelling energy and materials altogether.

Additional insights from the knowledge discovery stage, including the application of the final models to assess
different circularity scenarios will be presented in the upcoming D8.2.

spatial analysis, machine-learning, model, buildings, transport, energy, materials
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Cities are largely known as important energy consumers and GHG emitters, accounting for 65%
and 70%, respectively (UN-Habitat, 2020) , but they are also responsible for a significant part of
materials demand, with construction and demolition waste (CDR) representing over one third of all
waste generated in the European Union (EU).

With increasing renewable energy penetration and energy efficiency improvements across the EU
and beyond, with both the buildings and mobility sectors benefiting from improved standards and
codes, there is on one hand a greater emphasis on embodied energy and carbon in materials
(buildings and infrastructure), as well as on the material implications of current decarbonization
strategies (Creutzig et al., 2024).

Due to the increasing linkages between energy and materials dimensions, this work explores how
different urban characteristics, including the physical configuration of urban areas, may impact the
overall demand for both resources in an integrated way. It departs from a former model focusing on

the links between urban form and energy demand for buildings and transport (M. Silva, 2017), and
expands this previous model to encompass socio-economic and behavioural aspects (on the
driversdé side), and the materials di mension as

The expanded model i the so-called Spatial Urban Energy and Materials Model (SUE2M) i is
spatially-explicit, with all variables being measured in a Geographical Information System at a high-
resolution (down to the block scale), hence preserving their spatial nature, while being modelled
resorting to machine learning (ML) techniques. These have proven to be able to appropriately deal
with high the levels of complexity inherent of urban systems (e.g. Nachtigall et al., 2023, 2025;
Ron-Ferguson et al., 2021; M. Silva et al., 2017).

The overall methodological framework grounds on five main steps:

1. Definition of the conceptual model: Literature review, identification of relevant circularity
determinants

2. Data collection and database setup: Mapping data sources, data collection, processing, and
reconciliation with conceptual model and spatial units of analysis

3. Spatial Analysis: Measurement of indicators, compatibility with modelling approach and
extraction

4. Modelling: Development of the machine learning model prioritizing simpler architectures,
testing of different types of optimization algorithms, and model parametrization

5. Analysis of model results, fine-tuning until final model and knowledge extraction: Analysis of
overall model performance (e.g. R?, MAPE, MAE), mapping the prediction errors in the territory,
application of knowledge extraction techniques (e.g. Gar s on 6 s and SHAR andlykian

The sections below in this report describe the methodology adopted at each stage, and the
iterative process held until reaching the final models. Its application to two case study cities (Porto
and Berlin) will be later presented in D8.2.
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The definition of the present conceptual model started by considering the former model from M. Silva
(2017) and including two additional types of drivers (socio-economic factors and behavioural
aspects) as well as the materials dimensions on the impacts side, both for buildings and mobility
infrastructure. This is illustrated in Figure 1 below. The elements in white are brought from the 2017
model, while the elements in grey are newly added ones. There are no (causal) relationships

represented amongst each of the elements on purpose, and thisisme a n t
modelling process itself.

Urban form Heating
(many i
variables) Cooling
Built Urban Energy
environment demand
Mobility
patterns
Socio-
economic
factors
Materials in
buildings
Transport i
it — Materials
) Materials in
Behavioural mobility
aspects infrastructure
Policy-making
Planning

t o

be

ndi

Figure 1. Conceptual model of the integrated methodological framework for modelling circularity in mobility and building &
household services

Note: Elements in white are originally from the 2017, elements in grey are newly-added ones.

Once the layers to be considered were identified, the next step consisted of:

i) revising the former model, with a view at selecting only the most relevant variables that could
potentially impact the two dimensions (energy and materials) T section 2.1, and;

i) defining appropriate indicators and metrics to appropriately capture these elements, while
reconciling these with data availability i section 2.2. The selection of the indicators was a key

step towards definition of the model architecture in the later modelling stage.

2.1 Former model revision

The 2017 model was revised with a view at identifying the predictors of urban form with highest
explanatory power in the case of previous applications, while still allowing to capture different
possible urban configurations. For example, in the case of density, it is widely acknowledged that
attribute can be measured through a variety of metrics, and hence it is deemed necessary to include

a few density metrics enabling to understand the underlying urban environments.

Deliverable 8.1
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Given that new dimensions were to be added to the new model, it was necessary to limit model
complexity to accommodate for the new ones. In this sense, the most relevant urban attributes
selected were: Density, diversity, green areas, building compactness, accessibility and proximity to
public transport (as identified in Figure 2 by the orange rectangles within the urban form layer) i for
further detail please see (M. Silva, 2017; M. Silva et al., 2017).

The attributes kept are essentially macro-level urban attributes, which, in line with the literature are
those leading to higher impact. It is acknowledged that there may be some degree of correlation
amongst them, but it is considered that they remain complementary to each other and that they help
capture different urban configuration patterns, which will be useful later on during the application of
the CircEUlar pathways to the case studies.

Even if the methodological approach for some indicators was kept from the 2017 model, it is
important to note that all indicators have been recalculated based on more recent data and spatial
uni t soérieb.ounda

2.2 Model expansion

In addition to streamlining the variables of urban form, new variables and indicators have been
added, aiming to capture relevant socio-economic and behavioural patterns. The selection of new
variables was grounded on an initial literature review, which took place in parallel with the data
mapping and collection process, to check for data availability at the desired level of resolution.

On the social front, aspects like demographics (i.e. age groups), education levels and dependency
of some household members (i.e. performing care roles) were identified as potentially influencing
the proneness of households to adopt circularity practices. Household sizes also reflect social
aspects, for instance indicating the family size but are present as a more structural dimension, in
the boundary of reflecting peopleds | ifestyl es.

Importantly, these variables have also been selected in an effort to align with work conducted in
other WPs (notably WP4), allowing to triangulate and identify common indicators between the
model to be developed, and the consumption survey to then inform the scenario application,
especially for the Berlin case study.

Economic aspects to include comprised housing prices as proxy to income levels (income levels at
block scale are largely unavailable), as well as employment / unemployment levels deemed to
provide an indication of how much time people would spend at home (hence as proxy to heating
and cooling needs) or as well as to investigate association with living in specific building types.

Finally, aspects such as car ownership and vacant buildings are considered to reflect some
personal preferences and behaviours, such as adopting private motorized vehicles as primary
means of travel, or preference for new constructions versus existing/ renovated ones, respectively.

Deliverable 8.1 10
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Figure 2. Integrated model version

Adapted from Silva, Oliveira e Leal (2017) Urban form and energy demand: A review of urban attributes with energy
relevance, Journal of Planning Literature, 32(4) 346-365.

With regards to material intensities, again, to limit model complexity, it was decided to consider
overall material intensities associated with both buildings and mobility infrastructure. The material
intensities considered refer to structural materials only, as these can be more easily mapped with
urban stocks, given that the primary focus was to investigate urban planning takeaways. The
disaggregation by material type was hence not pursued, as this would turn the modelling extremely
complex and most likely too challenging to interpret. All of the units and respective metrics used
across indicators are presented in Section 3.

Such high-resolution models have the potential to inform urban policy and planning decisions, with
current results to date supporting the adoption of an integrated approach considering both energy
and materials, and suggesting that these are significantly dependent on the design and structure of
the urban environment.

Further detail on the specific indicators and metrics considered, as well as on the measurement
process are described in section 3 below.

3.1 Data collection and key pyrocessing operations

The methodological framework here presented grounds on an extensive data collection work, which
took place prior to the actual indicator measurement and modelling.

Deliverable 8.1 11
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Some of the background data needed included cartographic information pertaining to the case
studies under analysis, such as building footprints, street networks, the spatial units for the analysis
(i.e. the lowest level of disaggregation possible for statistical units) 7 all of these representing the
basis upon which many of the indicators would be measured.

In addition, further data needed included statistical data on urban functions, public transport
provision, building types, material stocks, energy needs, mobility flows, and socio-economic data
(e.g. household sizes, housing prices, etc). The aforementioned data was compiled from different
data sources, at different levels of resolutions and in different formats, which required a pre-
processing and reconciliation work to enable further analysis. The source(s) of the data needed to
calculate each indicator is identified in the corresponding indicator subsection, alongside the
description of the measurement approach (Section 3).

The pre-processing work conducted for the building footprints is of particular importance. The
geodata collected contained several building categories that were not relevant for the analysis (e.g.
garages, parking lots and swimming pools), and hence were filtered and deleted.

It was also identified the need to set a minimum limit to building size, given that the buildings layer
had numerous small structures (e.g. up to 5 m?7 likely the result of design conversions), which were
affecting the results for some of the indicators (e.g. density and compactness ones). In this sense,
built-up structures with gross floor areas (GFA) lower than 35 m? were eliminated, based on the
Portuguese general regulation of urban built-up structures (the so-called RGEU), which establishes
this threshold for licenced dwellings (and 9 m? for single rooms). The resulting layer was used for
the calculations the indicators considered, as described below.

3.2 Scale of analyséd indicators overview

Allindicators here presented have been measured and calculated for the spatial units under analysis.
In the case of Porto, the spatial units considered are the so-called statistical subsections with 2021
boundaries (roughly corresponding to the urban block), while in the case of Berlin, the highest
resolution available corresponded to the so-called Lebensweltlich orientierte Raume (LOR), i.e. the
local planning areas.

Even if some of the indicators for Porto are common to the former 2017 model, it is important to note
that all of them were measured and calculated from scratch again, making use of the most recent
data available, and ensuring that the latest spatial units (many with revised boundaries) were
considered.

To give a sense of the level of detail, the average block size in Porto is 25 m?with a total number of

spatial units of 1659, while in the case of Berlin it is of 1.3 km?2 and the total number of spatial units
is 542.
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Figure 3. Spatial units of Porto case study (urban block)
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Note that the different sizes / granularity of the spatial units used for the two case studies, may lead
to somewhat significant differences in the ranges of specific indicators (e.g. floor areas per capita).
Please interpret them in this light.

The next section details the indicators used, the metrics chosen and describes the (spatial)
measurement approach adopted for each of them. The approach is case-specific as it depends on
the type and format of the data available for each city. This was done for transparency and
reproducibility purposes. However, even if small adjustments may be needed when applying to other
cities, the overall rationale can be kept.

The indicators considered for modelling have been classified into predictors, i.e. the explanatory
variables; and targets, i.e. the dependent variables which vary as a function of the former ones.
Table 1 provides the overview and the predictors considered, while Table 2 provides the overview
of the targets.

Table 1. Dimensions, attributes and indicators considered for the predictors

PREDICTORS
Dimension Urban Attribute Indicator Indicator Unit of measurement
code
Urban Form Density Building  heights [/ F # floors
number of floors
Density Ground Space Index  GSI Index (n¥/m?)
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Density

Granu

larity

Diversity

Building age
Compactness
Accessibility
Accessibility
Proximity to PT

Building

energy

performance

Green

Socioeconomic

Areas

Density

Building
occupation
Building
occupation
Population activity
Population activity
Literacy

Income / purchase

power
Behavioural

Housing

preferences
Mobility
preferences

Floor Space Index
Subdivision Indicator
Mixed-use Index

Building age

Surface to volumeatio
DivAct Public Transport
DivAct Pedestrian
Public transport route
density

Share of
building labels
Spatial distribution of
green areas

Population density

Household size

efficient

Floor area per capita

Unemployment rate
Dependence index
Years of education

Housingprices / rental
values
Vacant housing units

Car ownership

Table 2. Dimensions and indicators considered for the targets

Dimension

Energy | Buildings
Energy | Buildings
Energy | Buildings
Energy | Transport
Materials | Buildings

Materials | Transport
Infrastructure

3.3 Predictors

TARGETS
Indicator

Energy needs for heating in buildings
Energy needs for cooling in buildings
Renewable energy production
Energy needs for transport

Material intensities of buildings

Material

intensities  of
infrastructure

mobility

FSI
SubDiv
MXI

BAge

STV
DivAct_PT
DivAct_Ped
PT_RD

BEL
AiSi

PopDens
FamSize

GFApc

Unemp
TotDep
YoE
Rent

Vacants

CarOwn

Indicator
code
Eh

Ec
Eren
ET
MiB
MIT

Index (nt/m?)
# buildings/ m

Index (residential #
total m?)
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Index (01)
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€

Share (61)
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vkm/néfyr
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t/m?

The predictors considered fall into three major categories: urban form, socioeconomic and behavioural.
Understandably, the behavioural factors are the most challenging to capture at such high-resolution. These
are here captured through a couple of indicators only (one for buildings and another one for mobility), as a
result of data availability. All of the predictors considered are described as follows.
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3.3.1 Urban Form

Building heights

Indicator description:

Building heights stands as an indicator of the density of the built environment, which is largely acknowledged
to influence energy demand in buildings and also for travel purposes. More recently it has also been accredited
to affect material intensities of the built environment.

In this case, building height is measured by the number of floors (rather than in meters), as it seeks to reflect
density of occupied spaces.

Data sources:
Porto: Portuguese Statistics Office (INE) geodatabase.
Berlin: Berlin Senate / Berlin open data portal.

Measurement approach:
Data on the number of buildings per floors was readily available in both cities for the spatial units under
analysis.

In the case of Porto, the data referred to number of buildings belonging to number of floors categories: ranging
from 1 to 7 or more floors. To estimate average building floors within each spatial unit, a weighted average of
the number of buildings per number of floors category was considered. For the highest category (7 or more
floors), eight floors were considered to account for some (few) potentially higher buildings. This resulted in the
average number of floors per block, as depicted in Figure 5.

w
Building Floors (average)

Figure 5. Average number of floors (F). Porto.

For Berlin, the data was available at LOR scale, which included the average building height and the average
number of building floors.
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13

Building Floors (average)

Figure 6. Average number of floors (F). Berlin.

Ground Space Index

Indicator description:

The ground space index (GSI) describes the surface on the ground which is effectively built-up (M. B. Pont &
Haupt, 2005; M. Y. B. Pont & Haupt, 2009). It is calculated as the ratio between building footprint area and the
total ground area of an urban block.

Data Sources:

Porto: Municipality of Porto.

Berlin: Berlin Senate/Berlin open data portal.

Measurement approach:

In both cases, the buildings footprint area was available at building scale and the total spatial unit area was
naturally available per spatial unit.

For Porto, the individual building footprint areas were calculated directly from the geometry of the respective
building polygons. The total footprint area was then summed for each census tract. The indicator was obtained
by dividing the total building footprint area by the total spatial unit area.
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Figure 7. GSI. Porto.

For Berlin, the footprint areas were readily available in the dataset. These values were aggregated by LOR by
summing all footprint areas, with the calculation of the indicator following the same approach as for Porto.
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0.185

0.138

0.101

Ratlo between bullding coverage and the total ground area of an urban block

0.009

Figure 8. GSI. Berlin.

Floor Space Index

Indicator description:

The floor space index (FSI) describes the total amount of built-up area ground which is effectively built-up and
gives a sense of built-up intensity (M. B. Pont & Haupt, 2005; M. Y. B. Pont & Haupt, 2009). It is calculated
through the ratio between the building gross floor area (GFA) and the total ground area of the spatial unit.

Data Sources:

Porto: Municipality of Porto.
Berlin: Berlin Senate/Berlin open data portal.

Deliverable 8.1 18



CROGULAR:.

Measurement approach:

In both cases, the buildings gross floor area was calculated at building scale and the total spatial unit area was
naturally available per spatial unit. The product of the building footprint by the average number of floors
provides an approximation of the existing GFA. Therefore, FSI was obtained by the sum of total GFA in each

spatial unit divided by the total ground area of the corresponding spatial unit.

Figure 9. FSI. Porto.

Figure 10. FSI. Berlin.

Subdivision Index
Indicator description:

r0.52

ro.24

6.27

1.71

114

0.79

Ratio between the building gross floor area {GFA) and the total ground area of the urban block

- 0.02

3.24

1.29

0.76

0.5

Ratio between the building gross floor area (GFA) and the total ground area of the urban block

-0.01

As a granularity indicator the subdivision index counts the number of urban plots per block. It gives a sense of
diversity in the urban space, capturing aspects like block size and subdivision. It is given by the ratio between

the number of buildings and the area of the spatial unit.
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Data Sources:
Porto: Municipality of Porto.
Berlin: Berlin Senate/Berlin open data portal.

Measurement approach:
In Porto, the number of building polygons was counted for each census tract, through a spatial overlay. The
area of the spatial unit was calculated, using the respective feature geometry data. The indicator was obtained
by dividing the number of building polygons by the total spatial unit area. In Berlin, the number of buildings per
LOR was readily available.

4.47e-03
1.12e-03

6.80e-04

Subdivision Index

3.90e-04

Figure 11. Subdivision index. Porto.

2.02e-03

8.87e-04

6.58e-04

Subdivision Index

4.61e-04

2.7%e-04

3.60e-05

Figure 12. Subdivision index. Berlin.

Mixed-use Index

Indicator description:

The mixed-use index aims at capturing the diversity of urban functions within a given spatial unit (van den
Hoek, 2008). It is calculated by the ratio between residential gross floor area (GFA) and the total GFA in the
urban block. In this sense, values closer to 1 are dominantly residential, values close to 0 are dominantly non-
residential and values around 0.5 are those with a more balanced mix.
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Data Sources:
Porto: Municipality of Porto.
Berlin: Berlin Senate/Berlin open data portal.

Measurement approach:

In the case of Porto, the data available consisted of the number of buildings by residential floor area interval
at spatial unit level. For each residential floor area category, the median value was taken and multiplied by the
number of buildings of the corresponding category, allowing to estimate the total residential floor area in the
spatial unit. The total GFA of the spatial unit had been previously derived for other indicators as the product of
building footprint by building heights.

The MIX indicator was then calculated as the ratio of the residential floor area by the total gross floor area of
all buildings within each census tract.

For Berlin, since both the residential gross floor area and the total gross floor area of buildings had already
been calculated for other indicators, the indicator was obtained directly by dividing the residential GFA by the
total building GFA.

0.75

0.5

Mixed use index

0.25

Figure 13. MXI. Porto.
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Figure 14. MXI. Berlin.

Building ages

Indicator description:

Building ages are closely linked with building types, as well as with their respective energy performance and
construction materials used. The indicator was built by calculating building age in relation to a reference year
(2023 in the case of Porto, and 2021 in the case of Berlin i determined by the most recent year for which data
was available).

Data Sources:
Porto: Portuguese Statistics Office (INE) geodatabase.
Berlin: Berlin Senate / Berlin open data portal database.

Measurement approach:

In the case of Porto, the data available represented the number of buildings by construction period at block

level. In particular, the categories corresponded to the following time periods: Before 1919, 19197 1945, 19461

1960, 19611 1980, 19817 1990, 1991i 2000, 20017 2005, 2006i 2010, 20117 2015, 20167 2021.

With a view at determining average building ages, the construction year for each category was assumed as
follows: for buildings c¢od%5 was onbsieaed;doBtbd falowg agddro@@s, t he vy
the latter year of each category was considered (1945, 1960, 1980, 1990, 2000, 2005, 2010, 2015, 2021),

except for the 19197 1945 category, where the average value was considered instead due to its larger duration.

Finally, a weighted average of building ages was calculated for each spatial unit of analysis, using the year

2023 as the reference year (dataset base year).

For Berlin, the procedure was similar, but the age periods and the reference year were different in the original

dataset. The data was structured by the following construction periods: Before 1900, 19017 1910, 19117 1920,

19217 1930, 1931i 1940, 19417 1950, 19517 1960, 1961i 1970, 19717 1980, 19811 1990, 19911 2000, 20011

2010, 20117 2015).

For each interval, a representative year was assumed as the average year of each category (except in the
AfBefore 19000 category, wh e andbulldmngages eexe calculat®dby saldracing ns i d e |
these years from the 2021 reference year (dataset year). Finally, the results were aggregated to the spatial

unit of analysis by performing a weighted average of building age.
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Figure 15. Average building ages. Porto.
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Figure 16. Average building ages. Berlin.

Surface to Volume

Indicator description:

The surface to volume (STV) ratio describes building compactness, and is measured by a ratio of the total
area of exposed fagades in relation to the total building volume. Lower STV values are associated with greater
building compactness, which is expected to be associated with greater energy and material efficiencies.

Data sources:
Porto: Municipality of Porto.
Berlin: Berlin Senate/Berlin open data portal.

Measurement approach:

The surface area is determined for each building, as the product of the building perimeter by the average
building height. The volume is computed by the product of the footprint area by the average building height.
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With a view at considering only exposed surfaces, a geopreprocessing method (so-called dissolve) was
applied ensuring that contiguous buildings within the same block were aggregated, by removing the internal
edges (facades).

In both cases, the perimeter and area were multiplied by the respective height values, resulting in surface (S)
from the perimeter and volume (V) from the area. The surface-to-volume ratio was then obtained by dividing
S by V at the spatial unit level.
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Figure 17. STV. Porto.
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Figure 18. STV. Berlin.

Public Transport and Pedestrian Accessibility

Indicator description:
Accessibility is here captured through the DivAct Index for two key travel modes, public transport and walking
(C. Silva, 2013). This index measures the diversity of activities reached by public transport and by walking
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from each spatial unit, under realistic travel conditions, i.e. the actual street network, and within a given time
budget.

Data sources:
Porto: OpenStreetMap/Geofabrik and Porto Municipality.
Berlin: OpenStreetMap/Geofabrik and Berlin Senate/Berlin open data portal.

Measurement approach:

In both cities, the indicator sums, across activity types, the number of accessible activities / urban functions
within a given time threshold (in this case 35 minutes for public transport and 15 minutes for walking), multiplied
by their use-frequency weights and normalised for an index readable within a 07 1 scale. The indicator is
calculated for two travel modes, public transportandwalking( as t her e i sndt much differ e
accessibility by car, which is mostly 1 across the whole city). It follows a similar methodology in both cities.
The procedure starts by computing mode-specific origini destination (OD) travel-time matrixes between all
pairs of spatial units, by using the centroid of each polygon. The underlying routing process is based on a
multimodal transport network which combines an extract from the OpenStreetMap street network (walking and
road/street layers) with GTFS feeds from the local operators to obtain scheduled public transport routes,
timetables, transfers, and access/egress walking.

For public transport, departures were set to a representative morning peak time (08:30 on a weekday). The
resulting centroid-to-centroid travel times included access walking, waiting, transfers, and in-vehicle travel.
For each origin and activity type, the number of destination units offering such activity within the mode-
specific time threshold was counted (and weighted by the expected frequency of use for that activity type).
The sum across all activity types provided a composite accessibility score for spatial unit. The resulting
values range from 0 (no access to relevant activities) to 1 (full access to all activities considered).
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0.61
r0.44
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Diversity of Activities reached by Public Transport compared ta maximum acessibility

—0.06
Figure 19. Public transport Accessibility. Porto.
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Figure 20. Pedestrian Accessibility. Porto.
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Figure 21. Public transport Accessibility. Berlin.
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Figure 22. Pedestrian Accessibility. Berlin.

Public transport route density

Indicator definition:

This indicator seeks to capture proximity of different urban locations to public transport infrastructure, as a
potentially enabling condition for generation of fewer private car trips. The indicator is computed as the number
of public transport stops/ stations, divided by the area of the block.

Data sources:
Porto: Porto Municipality.
Berlin: Berlin Senate/Berlin open data portal.

Measurement approach:

For both Porto and Berlin, data on the number of stops per spatial unit was available. The shape area of each
census tract was calculated, and the indicator was obtained by dividing the total number of stops by the ground
area of the corresponding spatial unit. In the case of Porto, two types of public transport (the two most
important) are considered: buses and the metro system. In the case of Berlin, the urban rail system has also
been considered due to its prominence and wider coverage at urban level. The difference observed in terms
of the indicator range across case studies can be explained by the different sizes of the geographical units of
analysis among the two cases.
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Figure 23. Public transport route density. Porto.
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Figure 24. Public transport route density. Berlin.

Building Efficiency Labels

Indicator description:

The aim of including an indicator on building energy efficiency performance is to understand what building
types present the highest levels efficiency and to explore potential linkages between energy and material
efficiencies. For this purpose, the indicator is built as a share of the highest efficiency levels in relation to all
building certificates issued.

Data sources:
Porto: Portuguese Energy Agency (ADENE) energy certification system (SCE).
Berlin: Data not available/ not found. Indicator not considered for modelling.

Measurement approach:

The data was made available at bock level (upon request i not public) as the number of energy efficiency
certificates by efficiency class (A+, A, B, B-, C, D, E, and F).
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For the indicator, the most efficient classes considered were A+, A, and B. The indicator was calculated as the
proportion of certificates in these three categories in relation to the total number of energy efficiency certificates
issued in each block.

1.0
0.39
0.17

r0.03

Proportion of issued energy certificates with highest energy efficient labels (A+ to B)

Figure 25. Share of efficient buildings per spatial unit. Porto.

Spatial distribution of green areas

Indicator description:

Green areas have been acknowledged to create more pleasant and walking-friendly built environments. They
have also been accredited to create more temperate urban microclimates, by providing services like shading
and humidity control, and helping tackling the urban heat island effect. For these reasons, the use of a green
area indicator in the revised expanded models has been tested. The indicator used consists of the proportion
of the green area in relation to the area of the whole spatial unit.

Data sources:
Porto: Porto Municipality. Indicator not included in the final model, due to relatively low explanatory power.
Berlin: Berlin Senate / Berlin open data portal.

Measurement approach:

In the case of Porto, the green area polygons were available from the local municipality, including public and
private green areas in the city. The area of each green space was calculated directly from its geometry, while
the area of the spatial unit of analysis was also available from the respective polygon geometry. The ratio was
then directly calculated.

For Berlin, the data available consisted of polygons with land use categories (including uses such as
park/green space, forest, or allotment garden). The area of each green space was calculated directly from its
geometry. These areas were aggregated by LOR (spatial join) by summing all green areas. The total area of
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each spatial unit of analysis (LOR) was calculated also based on the feature geometry. Finally, the proportion
of green areas was obtained by dividing the total green area by the total area of the spatial unit.
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0.0001

Figure 26. Spatial distibution of green areas. Porto.
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0.007

Figure 27. Spatial distribution of green areas. Berlin.

3.3.2 Socioeconomic

Population density

Indicator description:

Population density is a widely used indicator for investigating the influence of density on built environment
performance. It is here seen as a socio-economic indicator, as it is considered that density of resident
population does not necessarily reflect density of the built environment, here captured by indicators like F, GSI
and FSI. The city of Porto is a clear example of different dynamics, with resident population shrinking, while
new buildings demand continues to increase. Overall, it is considered that higher population densities lead to
improved built-environment efficiencies (for energy and materials).

Data sources:

Porto: Portuguese Statistics Office (INE) geodatabase.
Berlin: Federal Statistical Office (Destatis) - Zenzus 2022.
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Measurement approach:
In both cases, the indicator is simply calculated by dividing the number of (resident) individuals by the area
(km?) of each spatial unit.
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Figure 28. Population density. Porto.
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Figure 29. Population density. Berlin.

Household size

Indicator description:

Household size is considered as an indicator of efficiency in the use of built-up space. Larger households are
expected to lead to improved economies of scale in the use both of energy and materials in buildings, and
potentially for travel purposes.

Data sources:
Porto: Portuguese Statistics Office (INE) geodatabase.
Berlin: Federal Statistical Office (Destatis) - Zenzus 2022.

Measurement approach:

In the case of Porto, the data available corresponded to the number of households by household size. The
household sizes were divided in two categories: households with 1 or 2 people; and with 3 or more people. In
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this sense, to determine average household sizes by spatial unit, the number of households with 1 or 2 people
were multiplied by an average size of 1.5 people, and households with 3 or more people were multiplied by an
average size of 3.85 people. The sum of these weighted values was divided by the total number of households
within the spatial unit of analysis.

For Berlin, the data was already available as an average household size. However, since the geographical
units were different from the LOR boundaries, the values were converted to the spatial units of analysis
proportionally to the respective gross floor area.
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1.8

Household Size (average)

1.8

Figure 30. Household size. Porto.
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Figure 31. Household size. Berlin.

Floor area per capita

Indicator description:

Floor area per capita is a complementary indicator to household size, also providing a sense of efficiency in
the use of the built environment. It complements the former in the sense that this one considers the amount of
(liveable) built-up space allocated to each person. It is measured as a ratio between gross floor areas and
resident population.

Data sources:
Porto: Porto Municipality and National Statistics Office (INE).
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Berlin: Berlin Senate/Berlin open data portal.

Measurement approach:

For Porto, the gross floor area (GFA) of each building is estimated by multiplying the respective number of
floors by the building footprint (polygon) area. These were aggregated by spatial unit by summing the gross
floor area of all buildings within that unit. The number of resident population was readily available from INE.
Finally, the indicator was calculated by dividing the total GFA by the resident population of each spatial unit.

For Berlin, the process was even simpler, as the GFA was already provided in the dataset. The indicator was

directly calculated then.

Figure 32. Floor space per capita. Porto.

Figure 33. Floor space per capita. Berlin.

Unemployment rate
Indicator definition:

296.92
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The unemployment rate was an indicator tested seeking to provide an indication of how much time people
spend at home (hence as proxy to heating and cooling needs), as well as to investigate association with living
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in specific building types (e.g. social housing blocks, or more segregated location within the city, among other
factors).

Data sources:
Porto: Portuguese Statistics Office (INE) geodatabase.
Berlin: Data not available/ not found. Indicator not considered for modelling.

Measurement approach:

In the case of Porto, the data was available as the number of as ffirst-time job seekersdoand fnew job seekersa
These were summed to derive the total unemployed population at block level. The indicator was calculated by
dividing the total unemployed population by the economically active population (i.e. total population - children
and retired population).

1.0

Estimated unemployment rate for 2021

ro.2

Figure 34. Unemployment rates. Porto.

Dependency index

Indicator description:

Considering a dependency index (i.e. as a proxy of the need to perform care roles in a certain household 1
either for children or elderly care) was thought relevant to capture a potential influence on the proneness of
households to adopt circularity practices (e.g. carlessness). This was also relevant in alignment with
conclusions from work conducted in other workpackages (e.g. the survey results from WP4).

Data sources:
Porto: Portuguese Statistics Office (INE) geodatabase.
Berlin: Federal Statistical Office (Destatis) - Zenzus 2022.

Measurement approach:

In both cases this consisted of a ratio of potentially dependent population over total population. The age
intervals slightly differed based on the data available.

For Porto, it was calculated as the ratio between population within ages groups [0-14], [15-24] and [65 and
over] and the total population.

For Berlin, it was calculated as the ratio between population within ages groups [0-18] and [65 and over] and
the total population.
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Figure 35. Dependency index. Porto.
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Figure 36. Dependency Index. Berlin.

Years of education

Indicator description:

Similarly to the dependency index, the years of education was thought to potentially influencing the proneness
of households to adopt circularity practices. Presumably, more educated people would be more open to adopt
such practices. The inclusion of these socio-economic indicators is also useful to map with the results of the
WP4 consumption surveys, to identify areas within the city where implementation of circularity practices could
potentially be more successful.

Data sources:

Porto: Portuguese Statistics Office (INE) geodatabase.
Berlin: Data not available/ not found. Indicator not considered for modelling.
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Measurement approach:

The data was available as the number of individuals in each education level (first basic/ primary school, second
basic, third basic, secondary/post-secondary, and higher education). In order to estimate the years of
education an average number of years of education was considered for each category (assuming the last year
of school attainment of each one): 4, 6, 9, 12.5, and 15 years, respectively. The sum of these products was
then divided by the total population, resulting in a weighted average of years of education at the block level.
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10.8
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9.0
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79

Figure 37. Years of education. Porto.

Housing prices/ rental values

Indicator description:

The housing prices or rental values have been considered as a proxy of income levels, and hence purchase
power, which at high resolution scales is not available due to confidentiality/ privacy concerns. This was
thought to potentially influencing the proneness of households to adopt circularity practices. Presumably,
higher income groups would be less open to adopt practices, as they are typically willing to pay more for larger
dwellings sizes, or not giving up their cars. The inclusion of these socio-economic indicators is also useful to
map with the results of the WP4 consumption surveys, to identify areas within the city where implementation
of circularity practices could potentially be more successful.

Data sources:

Porto: Portuguese Statistics Office (INE) geodatabase. Indicator not included in the final model, due to
relatively low explanatory power.

Berlin: Federal Statistical Office (Destatis) - Zenzus 2022.

Measurement approach:

In the case of Porto, the data available corresponded to the average sales price per square meter of a
residential dwelling unit, across the four quarters of 2022 and the first three quarters of 2023. The indicator
was calculated as a weighted average of transaction prices across all trimesters, based on the number of
transactions for each spatial unit.

For Berlin, the data considered corresponded to average monthly rents per square meter, which was available
in a grid format (100m*100m). For each square of the grid, the average monthly per square meter were
multiplied by the corresponding GFA. The following step, was to convert these data into the spatial units of
analysis, based on the proportion of gross floor area for each unit of analysis (through spatial overlay of the
buildings layer).
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Figure 38. Housing price values. Porto.
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Figure 39. Housing rental values. Berlin.

3.3.3 Behavioural

Vacant housing units

Indicator description:

Vacant housing units complement the building occupation indicators described above (floor space per capita
and household size) by providing a sense of the portion of built-up space that is effectively unoccupied, and
which could potentially be seen as a first order priority on strategies to improve urban circularity. Nevertheless,
this is considered under the behavioural dimension as deemed to relate more with personal preferences or
attitudes (e.g. on choosing to keep a secondary home, or on the preference between choosing to live in newly-
built dwellings versus occupying existing ones).
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Data sources:
Porto: Portuguese Statistics Office (INE) geodatabase.
Berlin: Federal Statistical Office (Destatis) - Zenzus 2022.

Measurement approach:

For Port o, data on number of dwel ling wunits was <conyv
residences, which were divided by the total number of dwellings, to derive the indicator. This represents the

share of vacant or unoccupied dwellings at block level.

In the case of Berlin, data on the ratio of vacant housing units was directly available in a grid format, hence the

average was calculated for each spatial unit of analysis, following a similar procedure to that described for

rental values above.
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Figure 40. Proportion of vacant residential units. Porto.
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Figure 41. Proportion of vacant residential units. Berlin.
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Car ownership

Indicator description:

Car ownership was meant to provide an indication of individual preferences towards driving private motorized
vehicles, and it has been used in the literature and associated with higher motorized trip frequency. The
indicator identified has been the proportion of households owning a car. Despite its relevance it was not
possible to include this in the later modelling stage, as data at the desired level of granularity was not available.

Data sources:
Data not available in neither case.

3.4 Targets

3.4.1 Energy needfor heating

Indicator description:

The indicator representing the energy needs of buildings for heating refers to energy needs per square meter
of built-up space. Nominal energy needs for heating are deemed appropriate in this case as they closely relate
to the needs depending on the physical characteristics of the built environment, and leave aside some
behaviour-driven patterns that would hardly be interpreted at the block/ district scale, generating more noise
in the dataset.

Data sources:

Porto: Portuguese National Energy Agency (ADENE) i National building certification system (SCE).

Berlin: SUFFICCS (Sustainable Urban Form for Integrated Climate Change Mitigation Solutions) project,
20217 2024.

Measurement approach:

In Porto, the data was directly retrieved from ADENE, referring to nominal annual final energy needs for heating
(kwh/m2.year) by urban block. No further calculations were made.

For Berlin, the data was provided as energy intensity values (kWh/mZ2.year) for different building archetypes at

the postal code level. To calculate the indicator, these values were aggregated to the spatial unit of analysis
(LOR) by averaging the energy intensities (weighted by GFA) across postal codes.
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Figure 42. Average nominal heating needs. Porto.
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Figure 43. Average nominal heating needs. Berlin.

3.4.2 Energy needs for cooling

Indicator description:

The indicator representing the energy needs of buildings for cooling refers to energy demand per square meter
of built-up space. Nominal energy needs for cooling are deemed appropriate in this case as they closely relate
to the needs depending on the physical characteristics of the built environment, and leave aside some
behaviour-driven patterns that would hardly be interpreted at the block/ district scale, generating more noise
in the dataset.

Data sources:
Porto: Portuguese National Energy Agency (ADENE) i National building certification system (SCE).
Berlin: Data not available. Indicator not considered for modelling.

Measurement approach:

In Porto, the data was directly retrieved from ADENE, referring to nominal annual final energy needs for cooling
(kWh/m2.year) by urban block. No further calculations were made.
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Figure 44. Average nominal cooling needs. Porto.

3.4.3 Renewable energy production

Indicator description:

The indicator represents the annual nominal energy production in the built environment.

Similarly to above, nominal energy production is deemed appropriate translating the production potential based
on the physical characteristics of the built environment (e.g. year of construction, building type) and reference
equipment standards, building location, etc. It leaves aside potential noise from technology malfunctioning or
other types of failures.

Data sources:

Porto: Portuguese National Energy Agency (ADENE) 7 National building certification system (SCE).
Berlin: Data not available/ not found. Indicator not considered for modelling.

Measurement approach:

The data was directly retrieved from ADENE, referring to nominal annual renewable energy production
(kwWhlyear) by urban block. No further calculations were made.
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Figure 45. Renewable energy production. Porto.
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3.4.4 Mobility needs

Indicator description:

The mobility needs are here measured in physical terms, i.e. through an indicator combining a quantification

of the number of trips generated by the built environment and of the respective distances travelled, i.e. vehicle-

kilometres (vkm) per square meter. This can later be translated into energy needs by using an aggregated

factor forthecityy, but this hasndt been done speci fvalweaiddoiggitf or mc
(it wouldnoét pr gpatialdaiabdity)y addi ti onal

Data sources:

Porto: Porto Municipality mobility survey 2018 (upon request i no public data).

Berlin: Berlin mobility survey (Mobilitat in Stadten i SrV 2018) (SrV) 2018, TU Dresden and Berlin Senate
Department (upon request i no public data).

Measurement approach:

For Porto, the data available consisted of trip origins and destinations (flows) at the level of the mobility model
zoning areas (74 zones) for daily peak hours. These were affected to the urban street network in order to
estimate the respective distances travelled among each pair, and hence the vkm. These were transferred to
the block scales based on the procedure from Silva (2017). The peak hour vkm were scaled to daily and then
annual values based on the respective factors indicated by the local authority. The indicator was then
calculated by dividing the vkm by the gross floor area of spatial unit.

For Berlin, the data was already made available as vehicle kilometres (vkm) by postal code, based on the
mobility survey results. These values were first converted to the spatial unit of analysis (LOR). The indicator
was then calculated by dividing the vkm by the gross floor area of residential buildings in each LOR.
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Figure 46. Mobility needs. Porto.
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Figure 47. Mobility needs. Berlin.

3.4.5 Materials intensitiesf buildings

Indicator description:
The indicator selected to measure the material intensity of buildings is a widely used one, describing building
mass by built-up area (GFA), in tonnes per square meter.

Data sources:

Porto: Porto Municipality and E2BE project (Energy Efficiency in the Built Environment, 2013i 2015) for
Northern Portugal building archetypes and construction materials.

Berlin: Berlin Senate / Berlin Open Data Portal, E2BE (Energy Efficiency in the Built Environment, 20131 2015)
and TABULA Database.

Measurement approach:

The estimatonof Bui |l di ngs6é Materi al I ntensities (MiB) is bas:¢
footprint data with archetype information describing structural and material properties of the local building

stock. The procedure follows four main stages:

0) compilation and preprocessing of geometric and contextual descriptors;
(ii) assignment of archetypes to individual buildings;

(i) estimation of volumes of construction elements; and

(iv) conversion of volumes into material masses and spatial aggregation.

The starting point is a geographic layer containing building footprints for the study area. Each building is
assigned to an archetype that represents typical construction systems and material compositions. Archetypes
are defined by the combination of building type (e.g. single-family, multi-family), construction type (e.g. row,
semi-detached, or detached), and construction period. Each footprint thus inherits the material properties of a
representative building type, including wall types, roof structures, slab typologies, and associated material
thicknesses.

Each building is described into its main construction elements: external walls, internal walls, slabs, ceilings,
and roofs. The archetype table provides typical thickness values for each element and material types. Where
minimum and maximum thickness values are available, average values are considered.

Volumes are attributed to five material classes (ceramic blocks in slabs, hollow brick masonry, stone, concrete,
and wood). Material volumes are converted into masses using standard densities, per material type and per
building. The total building mass was calculated and converted to tons. Finally, a spatial aggregation is
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performed by summing individual building masses within each spatial unit, and dividing by the respective GFA,
to derive the respective intensity indicator.
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Figure 48. Material intensities of buildings. Porto.
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Figure 49. Material intensities of buildings. Berlin.

3.4.6 Material intensities of transport infrastructure

Indicator description:
The indicator selected to measure the material intensity of mobility infrastructure is a widely used one,
describing mass by infrastructure surface or area, in tonnes per square meter.

Data sources:

Porto: Porto Municipality, OpenStreetMap/Geofabrik and Wiedenhofer et al., 2024 .
Berlin: Porto Municipality, OpenStreetMaps/Geofabrik data and Wiedenhofer et al., 2024.
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Measurement approach:

A similar approach was followed for both cities. The first step included identifying the different categories of
infrastructure in the mobility networks dataset, which were standardized and mapped into the categories used
by Wiedenhofer et al., (2024), with a view at using the respective material intensity factors.

The infrastructure width (based on the respective geometry) and material intensity factors were assigned to
each type of infrastructure, such as motorways, railways, and underground subway. Calculations were carried
out separately for the rail and road networks. For rail, the length of each track was multiplied by its width and
the corresponding material intensity. For roads, the area of each segment was multiplied by a coefficient of
0.8 and by the material intensity values, following Wiedenhofer et al., (2024) approach. The 0.8 coefficient,
corrects for a systematic overestimation of road areas in OpenStreetMap.

The total material intensities for each geographic unit were obtained by summing the values from rail and road
networks and finally dividing by the GFA.
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Figure 50. Material intensities of mobility infrastructure. Porto.
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Figure 51. Material intensities of mobility infrastructure. Berlin.
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Given the complexity of the integrated modelling exercise at stake, machine learning emerges as a suitable
modelling method, given their proven ability to deal with non-linear relationships and ability to learn complex
patterns and generalize.

The starting point for the development of the novel integrated model was the one from Silva et al. (2017), which
applied a neural network algorithm to model the links between urban form and energy demand at urban level.
Nevertheless, other types of algorithms have also been tested in the expanded model, to ensure that the most
suitable and best-performing methods are applied.

4.1 Model Setup

In line with the conceptual model defined in Section 2, the overall development rationale was that energy and
materials for buildings and mobility vary as a function of three key drivers (urban form, socioeconomic and
behavioural factors), as follows:

{Ebuitd, Emob, Mbuild, MMap} = f (U, SE, B).
where,
E = energy; M = materials; U = urban form; SE = socioeconomic; and B = behaviour.

Even if based on past work which resorted to artificial neutral networks (ANN), a preliminary exploratory
analysis had been conducted for the new models to be developed, to ensure that other modelling techniques
would also be considered. This was done with the former model setup, to test the application of other machine
learning algorithms. Besides ANN, other algorithms tested included: Gradient Boosting (GB), Decision trees
(DT) and XGBoost (XGB). The overall model performance was compared across the different algorithms (e.qg.
using R2, as well as percentage and absolute errors), and it was concluded that ANN continued to perform
best across a number of iterations, and are the technique adopted for further modelling development.

Table 3. Comparison of performance metrics across different modelling techniques

Eh Ec ET
GB DT XGB | ANN | GB DT XGB | ANN | GB DT XGB | ANN
R? 0,3 0,14 0,2 0,44 0 0,026 | 0O 0,08 0,4 0,212 |04 0,24

MSE 0,069 | 0,079 | 0,071 | 0,01 0,033 | 0,033 | 0,035 | 0,02 0,03 0,037 | 0,028 | 0,02
RMSE | 0,262 | 0,28 0,267 | 0,12 0,182 | 0,182 | 0,187 | 0,14 0,173 | 0,192 | 0,169 | 0,12
MAE 0,186 | 0,2 0,194 | 0,09 0,138 | 0,137 | 0,141 | 0,09 0,132 | 0,142 | 0,127 | 0,1

MAPE | 243,4 | 273,7 | 2464 | 45,4 138,1 | 1414 | 1385 | 274 69,0 75,8 66,9 31,8

The overall modelling approach adopted consisted of starting with simpler models, i.e. fewer targets and
neurons in the hidden layer, to limit complexity and facilitate interpretability, and increase them stepwise to
identify the best performing solutions, and better understand the impact of changing model architectures.

In both cases, the model follows a feedforward fully connected specification through the Python Keras package
(version 3.9.0) where the single hidden layer uses ReLU-activated units, initialized with He-normal initialization
to improve training dynamics for rectified activations( Bi r canoj | u & A r-idieber,,2020)Alirkar
output layer maps to the target variables.
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To avoid overfitting and enhance training stability, batch normalization and dropout regularization (rate = 0.2)
were applied after the hidden layer (Srivastava et al., 2014). Moreover, all input and output variables were
preprocessed using a PowerTransformer (Yeo, 2000) followed by MinMax scaling, in order to normalize
distributions that are typically skewed in spatial socio-environmental datasets. This is particularly important in
urban studies where many variables (e.g., floor area, population, energy intensity) exhibit heavy-tailed or
power-law distributions.

For model optimization, we used the Adamax algorithm (Kingma & Ba, 2017) with a learning rate of 0.0099,
and early stopping based on validation loss with a patience of 20 epochs to ensure generalization. The loss
function was a custom mean squared error with masking, allowing flexible handling of missing values in
individual target variables. The neural network internal training mechanism adopted a random 90% - 10% split
for training and testing.

After an iterative process, considering different activation functions, learning algorithms, training epochs,
modelling splits, number of hidden neurons, and other model parameters, the final model architecture for Porto
consisted of a simple (one hidden layer) ANN with 18 predictors in the input layer, 23 neurons in hidden layer
and 6 targets in output layer, using the ML hyperparameters, as follows:

- Adamax(learning_rate=0.0099)

- kernel_initializer="he_normal’

- ReLU

- BatchNorm

- Dropout(0.2)

- EarlyStopping(patience=20, min_delta=1e-4)
- batch_size=118

- epochs up to 700

- validation_split=0.1

In the case of Berlin, the final model architecture consisted of a simple (one hidden layer) ANN with 17
predictors in the input layer, 16 neurons in hidden layer and 4 targets in output layer, using the same
hyperparameters.

The evaluation metrics were calculated through a hold split of 80% for training and 20% for validation (more
detail in section 4.3). Evaluation metrics for each target are calculated individually, allowing to capture both
average and variance-sensitive aspects of model performance across the different dimensions of energy and
materials. Note that hold-out on the neural network model training and hold-out for final validation metrics are
different procedures. The first is defined as an hyperparameter of the model, at the training level (through the
keras implementation).

4.2 Case studies datasdtaodel inputs)

As part of the pre-processing operations conducted before the modelling, one of the most relevant ones

consisted of a filtering of all of the spatial units without a complete set of model targets. A review work was

conductedt o i denti fy where A0s0 in the dataset would have a
to missing data. This was especially relevant in the case of the energy needs, where it was observed that a

number of spatial units had buildings, but not energy needs data. In these cases, spatial units with missing

data were not included for modelling purposes.

Another filtering applied consistedoft he r emoval of fatypical o subsections
structure or use, would expectedly lead to unusual energy and materials demand and hence create noise to

the model learning. Examples included blocks of stadiums, university campuses, hospitals, or exclusively

occupied by green parks.

From this, out of the original 1659 spatial units in Porto, a selection of 1481 proceeded to modelling. In the
case of Berlin, because the spatial units were much larger (and hence more heterogeneous) from the initial
542 spatial units, 535 proceeded to modelling.
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As mentioned earlier, sample sizes differed significantly among the two case studies, and so did some of the
indicators considered. We assume that most of the differences observed result from different original data sets
and their underlying data collection methodologies (e.g. the number of floors (F) in the case of Porto was
limited by the fact that the tallest category warm
(with Berlin having as maximum 12 floors).

For an initial grasp of each of these, Table 4 and Table 5pr ovi de the descriptive

predictors and targets, for Porto and Berlin case studies, respectively.

Table 4. Descriptive Statistics of model inputs. Porto.

count mean std min 25% 50% 75% max
F 1481 3,10 1,49 1 2,03 2,83 3,75 8
GSlI 1481 0,270 0,138 0,006 0,170 0,247 0,345 0,896
FSI 1481 1,16 0,81 0,02 0,59 0,95 1,52 6,27
SubDiv 1481 0,0008 0,0006 0 0,0004 0,0007 0,0011 0,0045
MXI 1481 0,37 0,18 0,002 0,24 0,37 0,48 1
BAge 1481 57 21 2 42 55 70 108
STV 1481 0,25 0,08 0,08 0,19 0,23 0,29 0,67
DivAct_PT 1481 0,52 0,20 0,06 0,34 0,53 0,68 0,98
DivAct_Ped 1481 0,29 0,19 0,02 0,16 0,24 0,36 0,97
PT_RD 1481 5,67 10,09 0 0 0 7,94 130,07
BEL 1481 0,20 0,25 0 0 0,09 0,33 1
PopDens 1481 9906 7402 83 4441 8292 13514 57696
FamSize 1481 1,96 0,19 1,50 1,84 1,95 2,08 2,85
GFApc 1481 64 28 9 51 62 74 297
Unemp 1481 0,091 0,049 0,024 0,063 0,085 0,110 1
TotDep 1481 0,485 0,1 0 0,43 0,48 0,54 0,96
YoE 1481 9,3 15 6 8 10 11 13
Vacants 1481 0,24 0,15 0 0,13 0,22 0,32 0,86
Eh 1332 79,1 34,6 11,8 56,1 73,4 94,5 264,9
Ec 1332 8,7 3,2 0,9 7,0 8,3 9,8 79
Eren 1136 1501 1662 8 602 1040 1831 23534
ET 1481 35,2 58,7 0,26 11,3 22,9 41,5 1213,6
MiB 1481 2,09 2,58 0,15 1,24 1,65 2,17 62,02
MiT 1472 0,8 3,9 0 0,08 0,15 0,35 93,8

With regards to the data distribution, the distribution plots in Figure 52 and Figure 53 below, for both predictors
and targets, are useful to observe that in fact many of the indicators considered do not have a normal
distribution, hence supporting the use of machine learning techniques.
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Figure 52. Distribution plots of predictors. Porto
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Table 5 provides the descriptive statistics of the indicators, both predictors and targets, used in the Berlin case
study.

Table 5. Descriptive Statistics of model inputs. Berlin.

count mean std min 25% 50% 75% max
F 535 3,88 1,95 1,02 2,09 3,83 5,21 12
GSl 535 0,178 0,094 0,009 0,113 0,159 0,240 0,492
FSI 535 0,76 0,57 0,01 0,29 0,64 1,11 3,24
SubDiv 535 0,0006 0,0003 0,00004 | 0,0003 0,0006 0,0008 0,002
MXI 535 0,72 0,20 0,03 0,64 0,78 0,87 0,98
BAge 535 72 23 15 53 73 90 131
STV 535 0,12 0,07 0,04 0,07 0,10 0,14 0,67
DivAct_PT 535 0,21 0,18 0,001 0,07 0,13 0,34 0,82
DivAct_Ped 535 0,15 0,15 0,001 0,04 0,08 0,21 0,69
PT_RD 535 5,09 5,72 0,11 1,61 3,00 6,46 44,26
AiSi 535 0,123 0,156 0 0,013 0,069 0,169 0,814
PopDens 535 9921 7569 43 3614 8591 14846 36271
FamSize 535 1,93 0,35 1,38 1,72 1,85 2,08 6
GFApc 535 52 8 38 47 51 56 94
TotDep 535 0,358 0,08 0,10 0,31 0,36 0,42 0,53
Rent 535 7,8 1,2 3,4 7,1 7,8 8,4 13
Vacants 535 0,06 0,06 0 0,03 0,04 0,06 0,44
Eh 535 183,64 27,37 96,50 165,4 183,8 205,4 260,2
ET 535 1,2 3,7 0,02 0,2 0,5 1,1 75,2
MiB 535 0,702 0,29 0,01 0,48 0,62 0,93 2,09
MiT 535 0,82 1,93 0,00 0,09 0,25 0,66 23,05
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Figure 54 - Distribution plots of predictors. Berlin
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