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Abstract

Urban planning relies on the definition, modelling and evaluation of multidimen-
sional phenomena for informed decision-making. Urban Building energy modelling,
for instance, usually requires knowledge about a building’s each use type’s energy
use profile and surface area. We do not have a detailed understanding of such infor-
mation for mixed-use developments, which are gaining prominence in urban plan-
ning. In this paper, we developed a methodology to quantitatively define the charac-
teristics of mixed-use developments using archetypes of programme profiles (ratios
of each programme type) of a city’s mixed-use plots. We applied our methodology
in Singapore, resulting in 163 mixed-use zoning archetypes using Singapore’s mas-
ter plan data and Google Maps Place Type data. We also demonstrated how these
archetypes augment the urban building energy modelling workflow for energy de-
mand forecasts and energy supply system design. The archetypes definitions are
represented and stored as a machine-readable ontology, improving adoption by other
researchers and building towards an automated workflow. The archetypes have many
potential urban planning applications beyond energy modelling.
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Highlights
• We develop a methodology to understand mixed-use developments using master-

planning data and Google Maps data.

• We formulate 163 mixed-use zoning archetypes in Singapore using machine
learning methods.

• We demonstrate how these archetypes improve Urban Building Energy Mod-
elling.

• We represent these archetypes as an ontology called ontoMixedUseZoning.
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1 Introduction

Mixed-use developments feature in master plans of cities around the world [6, 12, 36].
These developments are zoned in such a way that they generally allow a variety of dif-
ferent land uses to coexist on the same (land) plot. For example, a plot assigned with
a mixed-use zoning type in a city’s master plan could combine a mix of land use types,
such as residential, commercial, and office uses. Zoning legislation often specifies per-
mitted and non-permitted combinations of uses at different levels of granularity (e.g. at
the zoning, land use, or programme level).

Mixed-use developments can be implemented simply to increase conveniences for inhab-
itants (i.e. increased access to amenities), and mixing uses with various busy hours may
also improve an urban quarter’s liveliness throughout a day [17, 19]. More importantly,
mixed-use developments improve urban sustainability in a number of ways. For exam-
ple, certain combinations of mixed uses may significantly improve the efficiency and the
cost-effectiveness of urban energy systems [30]. Mixed-use developments can reduce ve-
hicular travel, as some trips are replaced by walking [33] and hence save urban transport-
related energy and reduce carbon emissions [3]. As a result, we argue that mixed-use
developments have become an important planning instrument for urban planning towards
a sustainable future.

However, while mixed-use developments are ubiquitous in urban planning, we do not
have a detailed understanding of what constitutes mixed-use, other than a combination of
uses. A land-use zoning plan - often the only source of information available about future
urban areas - does not provide uses and sizes at different granularities. We lack quantified
definitions or archetypes to represent the different types of mixed-use developments that
exist in terms of the numbers, kinds and distributions of uses that they contain.

Yet such information about the specific size and use of buildings is required for many
different urban analyses and simulations, such as agent-based mobility modelling [e.g. 16]
and urban building energy modelling [e.g. 9], the latter being the focus of this paper. An
urban building energy modelling (UBEM) simulation needs, as inputs, the type and size of
each UBEM use type in each unit of each building in the urban area under consideration.
The quality of inputs has a large impact on the model’s outcome, as different UBEM use
types and their sizes can imply widely different energy use intensities and (peak) operating
hours. Thus the lack of definitions and archetypes for mixed-use developments hinders
our ability to analyse and simulate their benefits concerning urban sustainability targets.

To address this, we have developed an approach to derive typologies of mixed-use zon-
ing archetypes, which can also be considered as "patterns" of mixed-use developments,
from a collection of urban datasets. These typologies of existing mixed-use develop-
ments could help city planners envision and plan particular types of developments and
help city scientists to more precisely model the impacts of mixed-use development. To
facilitate the use of our typologies by such stakeholders, we represent them in a machine-
readable ontology, which defines the characteristics, hierarchy and semantic relationships
of these mixed-use zoning archetypes. This will enhance cross-domain interoperability
and reusability of the derived mixed-use zoning archetypes, particularly within the con-
text of Semantic City Planning Systems [40]. While our approach can be adopted for
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other cities and their mixed-use plots, in this paper, we specifically derive mixed-use zon-
ing archetypes for Singapore and demonstrate how these archetypes improve a UBEM
workflow in a case study.

Singapore is a fitting context for this study due to the prevalence of its mixed-use develop-
ments. In Singapore, zoning and land use planning is carried out by the Urban Redevel-
opment Authority (URA), mainly via the Singapore Master Plan. This is a statutory land
use plan, updated every five years, which guides Singapore’s development over 10 to 15
years [36]. Figure 1 shows a UML (Unified Modeling Language) Class Diagram of the
zoning types included in Singapore’s most recent 2019 Masterplan. Of these 32 zoning
types, ten allow and encourage mixed uses, particularly commercial uses [32]. Mixed-use
development is ubiquitous in Singapore, with these ten zoning types representing ~10%
of all zoned plots in Singapore’s current master plan (authors’ calculation based on Sin-
gapore’s 2019 Master Plan). In this work, we used data on programme types, representing
a higher granularity than land use types, to link UBEM use types to zoning types.

Given the importance of mixed-use development in Singapore, an improved understand-
ing of its nature could be key to meeting Singapore’s ambition to significantly improve
urban energy performance and reduce carbon emissions by 2030 [15]. Specifically, un-
derstanding the different uses that mixed-use development is made up of is necessary for
carrying out UBEM analyses, which in turn are necessary for finding the most energy-
efficient land-use distribution. Many UBEM tools require UBEM use types and their
ratios as inputs. For example, EnergyPlus [7] and City Energy Analyst [9] directly utilise
or adapt use types defined in standards published by ASHRAE (American Society of
Heating, Refrigerating and Air-Conditioning Engineers) or SIA (Swiss Society of Engi-
neers and Architects). These standards provide energy use profiles per unit floor area for
each UBEM use type, such as multi-family residential or restaurants, which have specific
energy use intensities and schedules.

Figure 1: UML Class diagram linking zoning types and UBEM use types. The intermedi-
ate classes and relations have been defined by the authors.

The purpose of this paper is to link a master plan’s zoning types and UBEM uses types
to improve the accuracy of urban building energy performance assessment. Currently,
to bridge this interoperability gap, urban planners and energy engineers may estimate
a mixed-use plot’s UBEM use types and their ratios based on experience or rules of
thumb [29]. In this work, we first bridge the gap between zoning types and UBEM use
types by formulating mixed-use zoning archetypes at the programme level using urban
datasets and machine-learning techniques. Second, we create an ontology that links open
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zoning and UBEM-related data from different sources in a machine-readable format, pro-
viding a foundation for future applications that would be able to automatically assess the
energy performance of different mixed-use zoning types. Third, we apply the formulated
mixed-use zoning archetypes in a case study to demonstrate their impacts on UBEM for
mixed-use developments in Singapore.

Section 2 provides necessary background information for what follows. Section 3 presents
our five-step method for formulating each mixed-use plot’s programme profiles and defin-
ing the mixed-use zoning archetypes, which are implemented as the ontoMixedUseZon-
ing ontology. Section 4 presents the results and validates our results using measured data.
Section 5 introduces a case study to demonstrate the impact of our work in urban building
energy modelling. Section 6 reflects on the contributions and limitations of this work.
Finally, Section 7 summarises our work and presents future research outlooks.

2 Background

This section provides background information on the main ideas combined in our method-
ology. It reviews the use of archetypes in research and modelling related to urban planning
and design (Section 2.1), the data sources of zoning types and programme types (Section
2.2), the use of machine learning in urban morphology (Section 2.3) and the use of applied
Ontology to improve data interoperability (Section 2.4).

2.1 Archetypes

In urban planning and design, archetypes are typically used to express commonalities be-
tween individual objects or concepts, such as buildings, areas or land uses [23]. Archetypes
are commonly used in simulation-based studies on urban form for multiple urban qual-
ities, such as urban daylighting [26], urban vitality [38], or on-site renewable energy
use [31]. The use profiles required as inputs in UBEM analyses can also be consid-
ered archetypes. In UBEM tools, archetypes of different UBEM use types are used as
inputs [1] and such archetypes summarise highly variable data related to building use
and occupancy. Generally, these archetypes are formulated based on mass data of exist-
ing buildings and urban contexts. The archetypes developed in the present work differ
from other archetypes through their focus on mixed-use plots, which are not accurately
represented by existing archetypes.

2.2 Data sources

Our mixed-use archetypes are based on data from the Singapore government and Google
Maps. Zoning data are collected from the Singapore government’s open data platform,
which provide the geolocation, zoning type and Gross Plot Ratio (GPR, the ratio of a plot’s
gross floor area to the plot area) for each plot in Singapore. Singapore’s Master Planning
Act documents the land use types allowed in each zoning type [32]. Programme data, i.e.
data on the uses that take place in smaller units of the built environment, such as units in
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buildings or areas in parks, can be used as a proxy for UBEM use data. We considered
obtaining programme data for each plot from two different sources: OpenStreetMap and
the Google Place API service of Google Maps. We use Google data in this work due to its
greater likelihood of accuracy, i.e. the inclusion of all existing programmes in operation.
This accuracy is achieved thanks to regular updates on the operational status of Google
Places, made both by Google itself and by business owners and casual Google Maps users.
For these reasons, Google Maps data have also been used in the past to conduct UBEM
simulations [14, 24, 43].

2.3 Machine learning to derive urban archetypes

Our method to formulate archetypes is similar to previous efforts to formulate quantita-
tive archetypes of urban forms using unsupervised machine learning techniques such as
clustering. For example, Schirmer and Axhausen [28], Vialard Vialard [39] and Shi et al.
[31] have used clustering to formulate archetypes of street block typologies in Zurich,
Atlanta and Singapore. In all these works, archetypes are based on geometry-related data,
such as street block areas, block dimensions and GPRs. To our best knowledge, no stud-
ies have formulated archetypes based on the types of programmes and the ratios between
each programme type’s Gross Floor Area (GFA).

We use multivariate regression to estimate the GFA of each programme type. This tech-
nique is commonly used to analyse data with multiple unknown variables (in this case,
the floor area of each programme type), and has been used to link characteristics of urban
form to, for example, air pollution concentration [34], urban heat island effect [18] and
energy demand [5].

2.4 Applied ontology

We created an ontology to create machine-readable links between conceptual classes such
as programme types and zoning types, and instances of geospatial data. Applied Ontology
implies the application of ontological approaches (from the philosophical branch of On-
tology) to specific knowledge domains (in our case, land-use planning) and is commonly
practised in Information Science and Computer Science (e.g. the Knowledge Represen-
tation and Reasoning field of Artificial Intelligence). Ontologies represent relationships
between concepts within the same or between different knowledge domains, as well as the
kinds of properties that objects or concepts can have. Such ontologies can then be used
by Semantic Web Technology (SWT) applications that take diverse data as inputs and
perform operations that take into account such relationships and properties. For example,
our ontology could provide the basis for an application that performs automatic energy
analyses for plots based on their zoning type.

There are two main benefits to basing applications on ontologies. Firstly, an application
can reuse existing ontologies, while the new parts of the ontology can in turn be reused
by other applications. This saves time in the application development process. The sec-
ond benefit is their ability to be easily extended incrementally to include more concepts
from the same or from different domains. These new concepts and relationships can be
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easily linked to the existing ontology without having to fundamentally alter the original
data structure. For this reason, ontologies are often used to improve data interoperability,
including in the urban domain [40]. For example, our ontology of mixed-use archetypes
could be extended with concepts related to travel, such as defining an attractive destina-
tion as a plot that is the target of a certain number of trips and exemplifies a certain kind of
archetype. With data of the profiles and trips, the ontology could then infer that a certain
plot is such an attractive destination. In this way, the ontology allows linking data from
two different domains and sources to derive new knowledge.

It is possible to construct ontologies manually, based on domain expertise, as well as
through various automated or semi-automated means [2]. In the manual approach, the
concepts and relationships in the ontology are modelled by a human based on their un-
derstanding of the domain. In the data-informed approach, the ontology is abstracted
from data through various methods, including clustering and natural language processing
techniques [2]. We adopt a hybrid approach.

3 Methodology

This section introduces our data-informed methodology for linking zoning types to UBEM
use types via programme types, using Singapore as a demonstration. Figure 2 presents
the methodology’s five-step workflow. The first step (Section 3.1) is to collect the master
plan data and Google Place data for all mixed-use plots. The second step (Section 3.2) is
to group Google Places into Programme types, based on similarity from the point of view
of building function and occupancy. The third step (Section 3.3) is to formulate, for each
mixed-use plot, a programme profile (i.e. the floor area of each programme on the plot,
as a percentage of the plot’s GFA). In the fourth step (Section 3.4), similar programme
profiles are grouped together to form the mixed-use zoning archetypes. In the fifth step,
the archetypes and programme profiles are linked to other urban planning concepts in an
ontology (Section 3.5).

Figure 2: The methodology to derive mixed-use zoning archetypes and develop the on-
toMixedUseZoning ontology consists of five steps.
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3.1 Data collection

Our data collection began with a survey of Singapore’s 2019 Master Plan from the Sin-
gapore Government’s open data platform data.gov.sg. The master plan data contain each
plot’s geolocation, GPR and zoning type, as well as descriptions of the land use types
allowed by each zoning type. Of the master plan’s 32 different zoning types, our study
focuses on the ten mixed-use zoning types: Commercial, Residential with Commercial at
1st storey, Commercial & Residential, Commercial & Institutional, Business Park, Hotel,
White, Business 1-White, Business 2-White, Business Park-White. Each of these mixed-
use zoning types allows commercial uses to some degree. Figure 3 shows the 10,961
mixed-use plots assigned one of these zoning types.

10 km

central business district

Figure 3: Mixed-use plots in Singapore. The plots highlighted in red are assigned one of
the ten mixed-use zoning types in the Singapore Master Plan 2019.

Then, we collected data on Google Places, which are points of interest that appear on
Google Maps. We filtered these data using two criteria: location and Place Type. The
location filter simply included those Google Places located on mixed-use plots, using the
Nearby Search requests of the Google Places API service [11]. We then excluded some of
these places based on their Place Types, which are labels created by Google to describe the
function of each Place (each Place can have one or more Types). A Place was included in
our study if at least one of its Place Type labels corresponded to a land-use allowable in our
ten mixed-use zones, according to the master plan data discussed above [32]. Overall, 46
such corresponding Place Types were found (documented in Appendix A). This filtering
process resulted in a dataset with 57,730 Google Places and their attributes: geolocation
(latitude and longitude), name of Place, address and Google Place ID (a unique identifier
of the Google Maps platform). Data collection took place in January 2021. Of the 10,961
mixed-use plots in Singapore, 3,064 have a complete set of plot data, i.e. both a GPR and
at least one Google Place data point.
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3.2 Data processing

The data was processed by merging Place Types that are highly similar from the per-
spective of building function and occupancy. Specifically, many Google Place Types are
similar in their energy use intensity and temporal distribution, which are the main fac-
tors impacting an UBEM outcome. For example, the Place Types clothing_store and
shoe_store are similar in both of these respects (and were thus combined into a single
category, apparel_store), while a nightclub and a locksmith likely differ significantly (and
were thus kept separate). This merging process resulted in 36 distinct categories which
are henceforth referred to as Programmes. Each programme is composed of between one
and three original Place Types, as shown in Table 4 in Appendix A. This mapping was
then used to re-classify each Google Place according to its Programme type.

Using this processed data, the next step was to simply count the occurrences of each
Programme type in each mixed-use plot. Table 1 presents an example of the processed
data for a plot with the zoning type Commercial.

Table 1: An example data point in our processed data: for each plot, we have compiled
the zoning type, plot area, GPR, and the frequency of occurrence of each Pro-
gramme type in the plot. For example, in this particular Commercial plot (home
to a large mall), we found one gym, seven banks, 104 apparel stores, amongst
others.
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3.3 Programme profile formulation

We then used the processed data to formulate a programme profile for each of the 3,064
mixed-use plots. The programme profile expresses the floor area of each programme type
found on a plot as a percentage of the plot’s total GFA. Deriving the programme profiles
thus required solving multivariate equations with the floor areas of each programme type
on the left-hand side and the plot’s GFA on the right. Such equations are possible to
solve by combining data from many plots. However, a challenge is that some mixed-use
plots may contain uses that are not marked as Google Places and hence not represented
by our programme types, such as residential or office use. For example, a plot with the
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commercial zoning type might only have a few Google places, with most of the floor
area being occupied by office use, which would not be included in our Programme data.
We have thus added three programme types based on the Master Planning Act but not
included in the list of Google Place Types as an addition to the 36 programme types.
These additional three programme types are office, residential and hotel.

To minimise the influence of "unknown" programme types from Google Maps in the
regression, we built our models using commercial plots that are clustered into groups
sharing the same unknown programme types or having no such types. This allowed us
to estimate the typical floor area of each of our programme types, which could then be
used to create programme profiles for all mixed-use plots. Figure 4 shows the method for
formulating programme profiles for the commercial plots. Each of the four sub-steps is
described in more detail below.

Figure 4: Our method to determine each programme type’s typical unit size has four sub-
steps.

3.3.1 Clustering

Even when focusing on the commercial plots, it proved difficult to find reasonable es-
timates of each programme type’s floor area by solving the multivariate equations men-
tioned above. This is because commercial plots encompass vastly different kinds of de-
velopments, showing significant variability with respect to the presence of unknown pro-
gramme types (i.e. residential, office, hotel room). Figure 5 shows three different types of
built form commonly found in Singaporean commercial zones: office towers, malls and
historical shophouses. A typical shophouse plot has a GPR of ~2.5 and contains a few
commercial functions, but may also contain residential or office functions. A typical mall
plot has a GPR of ~3 and a very high number of programmes, with no residential or office
functions. An office tower plot typically has a GPR of ~10, with most of the floor area
being devoted to office functions and only a small share to the programme types in our
list in Appendix A.

We clustered the commercial plots to find more homogeneous groups of plots that contain
similar or the same unknown programme type. After a comparison of different meth-
ods, we chose to cluster the plots using Ward’s method for agglomerative hierarchical
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clustering [20, 27], based on each plot’s GPR and programme count (the total number of
all Google Places in that plot). This method was best able to distinguish between what
are intuitively the main kinds of commercial plot types in Singapore, mentioned above:
office towers, malls and shophouses. Our clustering ultimately resulted in five clusters,
consisting of malls, mega malls, shophouses, office towers and a "leftover" cluster whose
plots did not clearly fit any of these categories. Then, the multivariate equations to find
programme profiles could be solved for those clusters of plots with little unknown floor
area and a large plot count, in this case, the shophouse and mall clusters. In our data,
these two types of commercial plots contain each of the 36 programme types in our ontol-
ogy and combined they account for ~77% of all mixed-use commercial plots and ~28%
of all the mixed-use plots that have full data (i.e. plots that also have a GPR listed in
the master plan). All the non-commercial plots (the other nine mixed-use zoning types)
contain a few of the programme types and are much less common than the commercial
plots. These non-commercial plots were not used in the multivariate linear regression in
the next sub-step.

Figure 5: Three types of commercial plots in Singapore that differ significantly with re-
spect to number of Google places and GPR: (a) malls; (b) office buildings in
the central business district; and (c) historical shophouses.

3.3.2 Multivariate linear regression

In the second sub-step, we fit multivariate linear regression models to the commercial
plots of malls and shophouses to solve for the floor area of each of our 36 programme
types. When sampling the data used for the regression (i.e. plot data sets containing 36
plots), we used the circular systematic sampling technique to ensure that all plot data had
the same probability of being sampled. We applied it in two steps. First, we calculated
the sampling interval, which equals the total sample size divided by n = 36. Second, by
iterating over the plots in the dataset and selecting every nth plot in each iteration, we
created a total number of plot data samples equalling the total number of plots. To create
more samples, we shuffled the data and repeated these two steps 100 times for both the
mall and shophouse clusters.

Multivariate regression could then be performed on this data with the assumption that
each plot’s built GFA equals the weighted sum of the floor areas of each programme type
found on the plot, as follows:

GFA j =
n

∑
i=1

(Si ×Ci, j)+U j (1)
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Here, n is the number of programme types [−], equal to 36 in our application; i is the
ordinal number of a programme type in the list [−]; j ranges from 1 to the total number
of plots [−] (the total number of shophouse plots equals 750, and that of the malls equals
99); C, representing the variables in the linear regression model, is a programme type’s
count of occurrences [−]; S, representing the weights of the variables in the linear regres-
sion model, is a programme’s typical unit size [m2]; and U , representing the bias in the
linear regression model, is the GFA of the unknown programmes outside the list of 36
programme types, such as the office programme type in an office tower. Each plot j has a
permissible GFA (pGFA) [m2], calculated as

pGFA j = A j ×GPR j (2)

where j ranges from 1 to the total plot number [−], A is the plot’s area [m2], and GPR is
the plot’s GPR [−] as listed in the master plan.

It is important to highlight that, as we did not have access to data on the actual built
GFA for each plot, in this model, we assumed that each plot’s built GFA equals its total
permissible GFA set in the master plan (through the listed GPR). Built GFA could be both
lower than permissible GFA (e.g. plots for which GPR has been increased, but where
new or additional development has not taken place) or higher (e.g. through bonus GFA
granted to developers when integrating certain policies, features, or amenities). Hence,
this modelling assumption will introduce some inaccuracies, which are straightforward to
resolve once accurate as-built GFA data becomes available.

Theoretically, feeding n sets of plot data into Equations 1 and 2 may inform the weights (S)
and the bias (U) to fit the multivariate linear regression model. A multivariate regression
model was fitted for each set of 36 mixed-use plot data using Tensorflow, an open-source
software library for machine learning maintained by Google, which is often used to build
classification or prediction models in urban science [e.g. 41, 42]. We divided the data into
training and validation sets at a ratio of 0.8 and 0.2, respectively. We used the training data
to build the multivariate linear regression model using the keras.Sequential model and the
Adam Optimizer. The validation data was then used to test the model to avoid over-fitting.
The tolerances for training and validating the model were kept at 0.2 and 0.03 in Mean
Absolute Percentage Error.

In all, 884 models were created for the combined clusters of malls and shophouses. The
weights of each linear regression model can be considered as the typical sizes of the
programme type (R [m2]) and the bias as the floor area of the unknown programme type.
Many of these 884 models did not have a weight for all 36 programme types. This is
because the sampled sets of 36 plots combined did not contain all 36 programme types.
In such cases, we filled the missing weight of a programme type with that of a known
similar programme type. Table 2 shows how we divided the 36 programme types into
five groups of similar size, based on the authors’ professional judgement. Whenever a
programme type in a regression model had a missing weight, we replaced the missing
value with the average weight of known programme types belonging to the same group in
Table 2.
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Table 2: Five groups of programme types of similar unit sizes, used to replace missing
programme types with similar alternatives.

Group 36 programme types

A beauty_service, pharmacy, liquor_store, laundry, convenience_store,
movie_rental, locksmith, florist, hardware_store

B restaurant, bar/cafe, doctor, veterinary_care, bank, embassy,
home_goods_store, car_repair, bicycle_store, jewellery_store

C gym, bowling_alley, night_club, art_gallery, museum, library, book_store,
school, electronics_store, car_rental, furniture_store, apparel_store

D supermarket, department_store, lodging, movie_theatre

E casino

3.3.3 Model selection and calibration

In the next sub-step, we reduced the resulting 884 linear regression models down to a
single one through processes of selection and calibration. We evaluated the models by
comparing their predicted results for programme profiles (i.e. the mix of programmes
and their typical floor areas) to a measured programme profile of a particular plot. This
plot contained a mega mall and no unknown programme types, allowing us to eliminate
the unknown types from the calibration. We derived its programme profile by tracing
the mall’s floor plan and calculating the floor areas of its 500 Google Places, grouped
by programme type. Of our 36 programme types, 27 were represented in the measured
data. Such a highly diverse mix of programme types was the reason for using this plot for
calibration.

We used clustering to identify those multivariate regression models that yielded pro-
gramme profiles most similar to the measured data. First, we merged the measured pro-
gramme profile with the 884 modelled profiles, resulting in a dataset of 885 programme
profiles. We then performed hierarchical clustering on the set. Finally, we selected all the
regression models with programme profiles belonging to the same cluster as the measured
programme profile.

Then, we calibrated the weights of the variables in the selected models relative to our
benchmark plot’s measured data using equation 3, scaling our selected regression model’s
GFA to equal that of benchmark mega mall plot.

Ri, j =
GFAx

∑
n,m
i=1, j=1(Ri, j ×Ci,x)

×Si, j (3)

Here, n is the number of programme types in the measured plot[−]; i is the ordinal number
of the programme types in the list of types [−]; m is the number of linear models selected
for calibration [−]; j is the ordinal number of the linear models in the list of models [−];
S is the weight of the variables in the linear models [−]; GFAx is the measured plot’s GFA
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[m2], which is 135,721 is this demonstration; Cx is the count of each programme type [−]
in the measured plot as in Table 1.

Then, we merged these models and used the mean of the calibrated weights (Ri, j [m2]) to
produce the final multivariate linear equation, which models a plot’s floor area (gGFA) for
the 36 programme types based on the Google data, which should be the same or less than
a plot’s permissible GFA.

gGFA =
n=36

∑
i=1

(Ri, j ×Ci) (4)

3.3.4 Programme ratio calculation

In the fourth and final sub-step, we formulated programme profiles for each plot in our
data (including non-commercial plots). This was done by applying the calibrated linear
regression model (i.e. Equation 4) to all 3,064 mixed-use plots and calculating the floor
areas of each programme type found on the plot. When the GFA of the 36 known pro-
gramme types (gGFA [m2]) is smaller than the plot’s permissible GFA (pGFA [m2]), the
difference equals the floor area of the plot’s unknown programme type (uS [m2). When
gGFA j is greater or equal to pGFA j, the plot’s unknown programme types are not consid-
ered, as shown in Equation 5 and 6.

Ai, j =


pGFA j

gGFA j
× (Ri ×Ci, j), when gGFA j > pGFA j

Ri ×Ci, j, when gGFA j < pGFA j

(5)

uS j = pGFA j −gGFA j (6)

Here, i is a programme type’s ordinal number in the list of 36 programme types, ranging
from 1 to 36 [−]; j ranges from 1 to the total plot number [−]; A is a programme’s GFA
in a plot [m2]; C is a programme type’s count in a plot [−].

Two programme types in particular, office and residential, represent the vast majority of
unknown (i.e. other) programme types (uS) present in Singapore’s ten mixed-use zoning
types. A final modelling question was how to address casinos, which were not present
in the plots used to create the linear regression model, as there are only two casinos in
Singapore. We chose to set the floor area of casinos at 30,000 [m2], as both of Singapore’s
casinos have a floor area of ~30,000 m2 [10, 25].

3.4 Archetype formulation

We then derived more precise mixed-use zoning archetypes (i.e. sub-types) based on the
results of the first round of clustering described in Section 3.3.1. The method used was
again hierarchical clustering.
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In Section 3.3.1, the commercial plots were divided into five clusters based on GPR and
programme count, resulting in clusters matching shophouses, malls, mega malls, office
towers and mixes. We then divided each of these clusters further, based on the plots’
programme profiles derived previously, and their GPRs, resulting in several sub-clusters.
By selecting the medoid of the cluster (i.e. the programme profile, which has the shortest
combined distance to all other profiles within the cluster), we selected the most represen-
tative plot for each sub-cluster, and they are defined as mixed-use zoning archetypes.

3.5 ontoMixedUseZoning ontology implementation

After defining the mixed-use zoning archetypes based on empirical data, we formally
defined and represented the archetypes as an ontology, named ontoMixedUseZoning. This
ontology contains classes that represent concepts relevant to mixed-use zoning, properties
of these classes, as well as relationships between classes.

The ontology was created in three steps. First, we conceptualised the relationships be-
tween the key concepts of interest to us: plots, mixed-use zoning types, programmes
allowed in each zoning type, and archetypes. In doing so, we consulted the URA 2019
Masterplan Written Document [36], which lists all zoning types in Singapore and specifies
what kinds of land uses are allowed in each type. We then manually matched these land
uses to our programme types as closely as possible, thereby creating an (indirect) link be-
tween each zoning type and their allowed and disallowed land uses and programme types.
Each Archetype in the ontology is connected to the Programme types through the property
containsProgramme, and to the geospatial plot objects that the Archetype represents. The
second step was to formalise this conceptual diagram with Protégé, an ontology editor, in
a machine-readable format using the Web Ontology Language (OWL2). Lastly, we used
Protégé’s in-built HerMit reasoner and the OntoDebug plugin to ensure that the ontology
is consistent (lacks contradictions), and able to make correct inferences.

4 Results

Section 4.1 presents the programme profiles formulated for each mixed-use plot. Sec-
tion 4.3 presents the mixed-use zoning archetypes made based on the programme profiles.
Section 4.2 presents a validation of our results using measured data programme profiles
of several plots. Section 4.4 presents the ontoMixedUseZoning ontology.

4.1 Programme profiles for individual plots

This section presents our approximations for the programme profiles in each of the 3,064
mixed-use plots in Singapore that have a complete set of plot data (both a listed GPR and
at least one Google Place data point). The programme profiles of these 3,064 mixed-use
plots, i.e. GFA distributions of different programmes, were formulated as described in
Section 3.3. Figure 6 maps all the programme profiles for the 3,064 all plots. Figure 13 in
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Appendix B illustrates the bars for these plots’ formulated programme profiles by zoning
type.
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Figure 6: Our total set of 3,064 plots and their formulated programme profiles mapped
across Singapore.

4.2 Validation

We then partially validated the derived mixed-use plot profiles. Due to the difficulty
of finding programme-level data - which is of course the motivation for our study - it
was not possible to validate all 3,064 programme profiles and 163 archetypes. To get
a sense of the accuracy of our formulated archetypal programme profiles, we compared
three of our results against data collected manually from three plots with malls; the malls
are 321 Clementi, Takashimaya and City Square Mall (for details on each mall, see Ap-
pendix C). We focused on malls because their programmatic data (types and floor areas of
programmes) is readily available and accessible in comparison to data on other types of
mixed-use developments. In contrast to buildings containing residential and office func-
tions, malls typically publish detailed directories with precise and current data on the areas
occupied by each programme in the mall. The validation data was collected in mid-May
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2021 from mall directory maps by tracing the floor plan of each level, classifying the dif-
ferent sections in the floor plan according to programme, and calculating the ratio of each
programme type as a share of the mall’s total floor area.

Figure 7 compares the formulated programme profiles to the empirical measurements for
the three malls. Consult Table 6 in Appendix C for a detailed quantitative comparison
between the formulated and the measured programme profiles. Considering the diversity
of mixed-use plots in Singapore, our method produces fairly accurate programme pro-
files: for each of the three cases, our archetype programme profiles identify dominant
programme types and their shares of the total floor area closely. The comparison also
shows differences, which to a large extent can be explained by two factors: particular es-
tablishments with unusual (i.e. non-archetypal) floor areas and outdated Place Type data.
For example, 321 Clementi has an unusually large gym, spread across two floors, occu-
pying a larger portion of the mall than our model estimated. City Square Mall has less
of its GFA dedicated to department stores than estimated by the model, as our Google
Place data, on which the model was built, contains two department stores that perma-
nently closed during the four-month period between the Google Place data collection and
the measurement. The accuracy of the formulated programme profiles may thus improve
when using updated Google Place data.

321 Clementi Takashimaya City Square Mall
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Figure 7: Comparison of formulated programme profiles (left) to empirical measure-
ments (right) for three malls in Singapore. Considering the diversity of mixed-
use plots in Singapore, our method produces fairly accurate programme pro-
files, identifying dominant programme types and their shares of the total floor
area. Consult Figure 6 for the full legend of the colours.

4.3 Mixed-use zoning archetypes

This section presents the mixed-use zoning archetypes. Using the methods in Section 3.4,
we derived 163 archetypes from the 3,064 mixed-use plots’ programme profiles and their
GPRs. We computed the medoids of each cluster to represent the whole group; these 163
representatives are our mixed-use zoning archetypes for Singapore. Figure 8 presents the
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processes of producing the mixed-use zoning archetypes, and Figure 9 plots the mixed-use
zoning archetypes’ GPRs and programme profiles.

Figure 8: Step 1, Step 3.1, and Step 4 produce 163 mixed-use zoning archetypes from
113,212 plots of the whole Singapore.
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Figure 9: The 163 mixed-use zoning archetypes found in Singapore’s ten types of mixed-
use zones. Each of the ten mixed-use zoning types is associated with one or
more archetypes. Each archetype is characterised by a particular combination
and distribution of programme types and programme floor areas, as well as a
particular GPR. Consult Figure 6 for a legend of the programme colours.

4.4 ontoMixedUseZoning ontology

As the final step of this study, we implemented the 163 mixed-use zoning archetypes
as an ontology, called ontoMixedUseZoning. As discussed in Section 1, this will en-
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hance cross-domain interoperability and reusability of the derived archetypes, particularly
within the context of Semantic City Planning Systems [40]. OntoMixedUseZoning was
implemented using Protégé, an ontology editor, using Web Ontology Language 2 (.owl
format).

Figure 10 illustrates ontoMixedUseZoning diagrammatically, showing how the classes
Plot, ZoningType, LandUseType, ProgrammeType, Archetype and DataSource are related
to each other. These relations can be summarised as follows. Each Plot has a ZoningType.
The ZoningType, in turn, allows certain land-use types, as specified in the URA 2019
Masterplan [32]. Each LandUseType corresponds to a ProgrammeType, which is based
on the empirical data collected. The data collected in the present study covers Commer-
cial and Hotel Programmes, which therefore have more specific subprogramme types.
Finally, the ontology includes an Archetype class containing individual archetypes that
each link to a mixed-use zoning type through the property hasArchetype. Each individ-
ual archetype also links to its constituent programme types via the property includesPro-
gramme. In addition, each individual archetype has a value of GPR. The programme ratio
of each archetype (e.g., that archetype 1 consists of 20% beauty service and 80% hotel
programme) is not included in the ontology but can be added by an external application
that uses the ontology.

Figure 10: Diagram illustrating the ontoMixedUsezoning ontology for Singapore, show-
ing how the classes Plot, ZoningType, LandUseType, ProgrammeType,
Archetype and DataSource are related to each other.
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5 Applying the archetypes in an UBEM workflow

This section presents a case study in which we use one of our mixed-use archetypes to
conduct an urban energy analysis for a plot in Singapore, showcasing how they can be
applied to improve an UBEM workflow. Section 5.1 describes the case study’s plot and its
context. Section 5.2 provides the metrics we use for our urban energy analysis. Section 5.3
presents the energy analysis results for our case study.

5.1 Case study’s plot and its context

We chose a commercial plot with a GPR of 4.2 located close to Singapore’s central busi-
ness district. The plot, shown in Figure 11, is the site of a heritage railway station and
the Cantonment MRT (mass rapid transit) station, which is currently under construction.
This plot was chosen as it reflects and represents a trend of transit-oriented mixed-use
development of Singapore in an age of fast MRT system expansion.

100m

the case study’s 

site boundary

Zoning type = commercial (blue)

Gross plot ratio = 4.2

Figure 11: Our case study plot (marked with a dashed red line) is the site of a heritage
railway station and the future Cantonment MRT station. The base image
shows the Singapore Master Plan 2019 [37].

We populated the plot with a proposed building geometry and programme, representing a
potential new development on the site for which we want to forecast the energy demand
and on-site photovoltaic (PV) electricity yields; this is illustrated in Figure 12. To do this,
we set up a UBEM simulation using the City Energy Analyst (CEA). UBEM simulations
require building geometries and programmes as input. The buildings’ forms (e.g. site
coverage, number of towers and their footprint area) were determined based on a recent
survey of high-density mixed-use urban form in Singapore [31], and the geometry was
scaled to reach the target GPR of 4.2. The buildings were then assigned the programme
profile of a mixed-use archetype that met the following two criteria: a commercial zoning
type and a GPR of ~4.2. Figure 12 (b) illustrates the programme profile of Archetype #54,
which is the only archetype that meets both criteria.

5.2 Urban building energy analysis

In this step, we modelled, simulated, and assessed the energy system of our proposed
new development. Specifically, we executed UBEM simulations and conducted analy-
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Figure 12: (a) We added a potential new development to our case study site, with built
volumes representing six buildings; (b) The building volumes are assigned
the programme profile of Archetype #54. See Figure 6 for a legend of the
programme colours. The geometry and the programmes are used as inputs for
UBEM simulations using the CEA.

ses assessing cooling supply system designs for the case study. The UBEM simulations
were executed using the City Energy Analyst (CEA), an open-source Python-based tool-
box capable of simulating urban solar radiation, forecasting building energy demand and
designing thermal energy supply systems. All simulations in this work use CEA Ver-
sion 3.4 [35]. Details are described in Appendix D.

We modelled a commonly-used centralised cooling supply system. Our simulation de-
termines the size and the cost-effectiveness of the chillers. A measure for the cost-
effectiveness is the chiller’s Capacity Factor (CF), which measures to what extent the
chillers are used to their maximum installed capacity - as chillers represent the largest
overall expense in a cooling supply system, engineers aim to maximise their cost-effectiveness.
The CF is calculated as

CF =
∑

8,760
t=1 Dqc(t)

QCch ×8,760h
(7)

where t represents all hourly time steps in a year, Dqc is the plot’s hourly cooling demand
in [kWh], and QCch is the chiller’s installed capacity in [kW ]. CEA determines the installed
size of the chillers based on the plot’s peak cooling demand.

5.3 Comparison

To what extent does using our data-informed programme archetypes impact the energy
simulation results in comparison to conventional inputs? To answer this question, we ran
the simulations again using CEA’s default use profile (i.e., retail use only) for a whole
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commercial site. This retail use also most closely matched the programme profile used in
our data-informed simulation (i.e., Archetype #54, consisting mainly of the programmes
department_store and apparel_store). The results of simulations are listed in Table 3.
This comparison shows that using archetypes as an input has a significant effect on all the
major outputs of our energy simulations, especially the peak cooling and final electricity
demands, which are important for the design of both the PV and centralised cooling supply
system. In Section 6.1, we discusses the impact of an archetype-based simulation.

Table 3: The CEA simulation results for the case study when using archetype programme
profiles and when using conventional (retail) use types.

Metrics [unit] using
Archetype
pro-
gramme
profile

using conventional use type

annual final electricity demand [MWh] ~51,683 ~54,595

annual cooling demand [MWh] ~75,616 ~60,365

peak hourly cooling demand [MWh] ~23 ~17

installed annual chiller capacity [MWh] ~202,110 ~148,114

chiller capacity factor [−] ~37% ~41%

6 Discussion

6.1 Impacts on urban building energy modelling results

In the energy simulations, the detailed programme profile was coupled with each pro-
gramme type’s corresponding CEA use type’s energy use intensity and hourly occupancy
schedules. When using the programme profile, the annual final electricity demand from
the city grid is ~5% more than when using the default retail profile, while the peak hourly
final electricity demand from the city grid is from ~35% to ~84% greater than in the simu-
lation using retail use types. Such significant differences in energy demand forecast could
impact the energy supply system design, as the temporal distribution of energy demand
over time is crucial in energy system sizing and operation.

The different hourly cooling demand has a significant impact on the sizing and the oper-
ation of the centralised cooling energy supply system. The chiller capacity factors, mea-
suring the cost-effectiveness of the chillers, are ~37% and ~41%, respectively. Although
the results indicate the latter is seemly more cost-effective, the size of the chiller may not
meet the peak cooling demand if the plot’s programme profile ever develops following the
path of Archetype #54. The required size of the chillers is ~36% greater.
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6.2 Impacts on early stage master-planning

Aside from the impacts on UBEM analyses, the case study also demonstrates the mixed-
use zoning archetypes introduced in the present paper can support the early stages of
master-planning. The mixed-use zoning archetypes link programme types directly to the
zoning types. In a greenfield project, urban planners can consult the archetypes for exem-
plary programme profiles when programming a mixed-use plot. The programme profiles
provide much more detailed building occupancy information, which can inform not only
building energy modelling but also other domains that rely on a detailed breakdown of
programmatic GFA, such as urban mobility, real estate, or urban design, for example.

6.3 Potential impacts of the ontoMixedUseZoning ontology

The mixed-use archetypes presented in this paper are integrated into an information sys-
tem for master planning - a Semantic City Planning System [40] - called Cities Knowl-
edge Graph (CKG). The ontoMixedUseZoning ontology links a set of concepts describing
particular master planning aspects (i.e. mixed-use programme profiles) to particular con-
ceptual geospatial boundaries present in a city (i.e. plots). In the CKG, these plots are
represented using the OntoCityGML conceptual schema, an ontology of the CityGML
format [4].

By linking different domain ontologies, this approach enables us to execute multi-domain
geospatial queries that combine geospatial characteristics of city models with land use
planning characteristics, particularly of mixed-use zones. This allows us, for example,
to query for city objects and programme profiles based on the target plot’s geo-location,
zoning type and GPR. This allows urban planners to query up-to-date programme profiles
of any mixed-use plots that match their querying criteria.

As pointed out by Chadzynski et al. [4], the use of ontologies within dynamic geospa-
tial knowledge graphs can help to address common issues related to keeping digital city
models up to date. By representing our results in the ontoMixedUseZoning ontology, we
provided the semantic architecture to automatically link the frequently updated Google
Place data with the planning authority’s master plan data. This introduces a degree of au-
tomation to the process of updating mixed-use zoning archetypes. Moreover, the default
Open World Assumption (OWA) of knowledge graphs based on semantic web standards
(i.e. that absent information is not necessarily false) adds the flexibility to link other
planning or city-related domain aspects to the CKG as needed, incrementally, without
jeopardising complex multi-domain inferences in the form of logical contradictions. This
includes linking other types of Google data, such as the Google popular times and Google
reviews, or data from other sources, such as OpenStreetMap or a city government’s own
data on building or land use, and thus helping the urban development professionals to
assess the built urban environment more accurately and comprehensively.

Similarly, the CKG is also linked to other knowledge graph endeavours within The World
Avatar (TWA) knowledge graph, enabling even broader queries and insights across vari-
ous multi-domain interdependencies. Such integration not only allows sharing and query-
ing linked datasets but also applying specific functionalities present in the TWA semantic
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information system, such as its Parallel World Framework capabilities [8], which, in case
of master planning, would allow for scenario analysis and multi-factor optimisation of
land use plans using various criteria.

6.4 Limitations

The first limitation concerns the validation, which is limited in scope. As building floor-
plan and programme datasets are not commonly available, our validation is limited to
manually measuring the GFA of each programme in mixed-use plots for which such in-
formation is publicly available. In the case of Singapore, this limits us to shopping mall
plots.

The second limitation is that our predictions of typical GFAs for particular programmes
are solely based on commercial plots that feature either malls or historic shophouses, dis-
regarding other types of mixed-use plots. This is the case because these two types of
commercial plots represent the majority of the mixed-use plots in Singapore, and hence
the largest dataset to apply a multivariate regression to. Nevertheless, applying the multi-
variate regression separately to each zoning type that allows mixed-use, if sufficient data
were to be available, would likely lead to more archetype-specific (and hence context-
specific) results.

The third limitation is the temporal accuracy and frequency of our base data and how it
reflects changes. The mixed-use zoning archetypes were derived from data collected in
January 2021, during the COVID-19 pandemic, when commercial programmes had likely
already been impacted by major governmental restrictions and changes in usage patterns.
Therefore, the archetypes at least partially reflect that particular state of affairs at that
particular time. Hence, to more precisely inform the programming of future or existing
mixed-use plots, it would be best to collect data at different times and repeatedly generate
the programme profiles of mixed-use archetypes, enabling the monitoring of shifts in
programmatic use patterns. The need for regular, preferably automated model updates is
also illustrated by the fact that our empirical data used in the validation, obtained a few
months after the Place Types data, already showed the effect of the pandemic on particular
programme types (department stores). By defining our archetypes as a machine-readable
ontology and integrating them into a Semantic City Planning System that, we aim to fully
automate the derivation of mixed-use archetypes, addressing this limitation.

The fourth limitation is the universal applicability of our results and methodology. The
mixed-use zoning archetypes presented in this paper and the related ontoMixedUseZoning
ontology are specific to the Singaporean context and the temporal nature of the data,
limiting the scope of application to Singapore and reducing the representativeness of the
archetypes over time. However, the methodology presented in the present paper can be
used to produce specific mixed-use archetypes for different urban contexts or for different
points in time.

The fifth limitation concerns the UBEM tool used in our case study. The CEA provides
17 commonly-used pre-defined UBEM use types with the possibility to add user-defined
extensions. This implies that if CEA had more pre-defined UBEM use types, we would
have likely seen even more variation in the comparison between energy simulation results
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using the archetype-based programme profiles and the baseline.

7 Conclusions and outlooks

This work presents our methodology to quantitatively define the characteristics of mixed-
use zones and plots in cities. Our methodology derives archetypes of programme profiles
(the distributions of use types and their GFAs) of mixed-use plots in a particular city. The
resulting set of archetypes can be used by built environment professionals as standard
representations of mixed-use programme types commonly found in their particular city,
for example in urban modelling applications such as UBEM.

Our methodology combines machine-learning methods (hierarchical clustering and multi-
variate analysis) to derive programme profile for each mixed-use plot. The most represen-
tative profile of each cluster becomes the mixed-use archetype. The archetypes definitions
are represented and stored as a machine-readable ontology in .owl format. We applied our
methodology to the city-state of Singapore, resulting in a total of 163 archetypes for the 10
types of mixed-use zoning used in Singapore’s master plan. Based on Singapore’s master
plan data and Google Maps Place Type data, we also formulated a list of 36 different pro-
gramme types.We applied the resulting archetypes for Singapore by demonstrating their
use in an urban building energy modelling workflow, simulating energy demand forecasts
of an urban development proposal and evaluating its particular energy supply system de-
sign. We discussed how the use of our mixed-use zoning archetypes affected simulated
results when compared to conventional building use representations used in UBEM work-
flows.

This work contributes to the state of the art in three main ways. Firstly, it introduces a
new concept, programme types, linking the zoning types used in land-use planning and
the (building) use types used in UBEM and other urban modelling approaches. Secondly,
these programme types are then used to create mixed-use zoning archetypes, which have
many potential city planning or city science applications. For example, they can inform
the master planning process by serving as examples of possible planning outcomes for
a plot with a similar GPR and zoning type. Such archetypal programme profiles also
improve various urban modelling workflows that rely on representations of use type and
use surface area, UBEM being the example highlighted in this work. Our archetypes
remove the need for each modelling effort to independently determine mixed-use distri-
butions when simulating mixed-use urban areas, reducing modelling time and increasing
comparability between simulations. Thirdly, the representation of these archetypes as the
ontoMixedUseZoning ontology allows for robust interoperability between the frequently
updated Google Place data and the master-planning data. The semantic representation of
the archetypes lays the foundation for a live and automated workflow to update the pro-
gramme profiles and the archetypes at regular intervals when integrated into a Semantic
City Planning System, providing the underlying technology to enable the monitoring of
shifts in programmatic use patterns over time.

We want to highlight five research outlooks. First, as mentioned, we aim automate the
workflow introduced in this work in our Cities Knowledge Graph system. This would
enable us to update the programme profiles and archetypes frequently, whenever Google
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Place data are updated. Second, the ontoMixedUseZoning ontology can be extended to
include programmes for all other zoning types in the Singapore master plan, not just
mixed-use zoning types. Third, we want to apply the methodology introduced in this work
to urban contexts beyond Singapore, as mixed-use urban planning initiatives are gaining
ground worldwide. Fourth, in addition to this work’s use case in urban building energy
modelling, we will likely apply the ontoMixedUseZoning ontology in other types of ur-
ban modelling, such as transport modelling. Finally, the introduction of these archetypes
introduces the need to adapt and extend UBEM use types in simulation software tools
such as the City Energy Analyst.
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A Appendix – Google Place types and programme types

The 46 Google Place types are beauty_salon, hair_care, spa, pharmacy, liquor_store,
laundry, convenience_store, movie_rental, locksmith, florist, hardware_store, restaurant,
bar, cafe, gym, bowling_alley, dentist, doctor, physiotherapist, pet_store, veterinary_care,
bank, post_office, embassy, home_goods_store, car_repair, car_wash, bicycle_store, jew-
ellery_store, night_club, art_gallery, museum, library, book_store, school, electronics_store,
car_dealer, car_rental, furniture_store, clothing_store, shoe_store, supermarket, depart-
ment_store, lodging, movie_theatre and casino.

Table 4: 36 programme types correspond to one or multiple Google Place types.

Programme types Google Place types
beauty_service beauty_salon, hair_care, spa
pharmacy pharmacy
liquor_store liquor_store
laundry laundry
convenience_store convenience_store
movie_rental movie_rental
locksmith locksmith
florist florist
hardware_store hardware_store
restaurant restaurant
bar/cafe bar, cafe
doctor doctor, dentist, doctor, physiotherapist
veterinary_care pet_store, veterinary_care
bank bank, post_office
embassy embassy
home_goods_store home_goods_store
car_repair car_repair, car_wash
bicycle_store bicycle_store
jewellery_store jewellery_store
gym gym
bowling_alley bowling_alley
night_club night_club
art_gallery art_gallery
museum museum
library library
book_store book_store
school school
electronics_store electronics_store
car_rental car_rental, car_dealer
furniture_store furniture_store
apparel_store clothing_store, shoe_store
supermarket supermarket
department_store department_store
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Table 4 – continued from previous page
Programme types Google Place types
lodging lodging
movie_theatre movie_theatre
casino casino
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B Appendix – 3,064 formulated programme profiles
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Figure 13: Programme profiles formulated for all the 3,064 plots by zoning types.
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C Appendix – measured programme profiles

This section describes the three malls used for the validation of the Tensorflow model
results: Clementi 321, City Square Mall and Ngee Ann City. The rationale for choosing
these particular malls for the validation was four-fold: data was easily available for them;
their plots had the same (Commercial) zoning type; they were located on a single plot;
and they differed in terms of size, geographical location and programme distribution,
thereby increasing the generalisability of the validation. Table 5 presents information on
the location, zoning properties, floor area and Google Place counts for each mall.

Table 5: Characteristics of the malls used for validation

Takashimaya 321 Clementi City Square Mall

plot ID #10282 #10342 #10186
Location Orchard (Central) Clementi (Western) Farrer Park (Central)
Zoning type Commercial Commercial Commercial
Plot GPR 6.3 3 unknown
Plot size [m2] 26,865 2,420 11,103
Floor area [m2] 111,665 5,572 31,517
Programme count 327 39 239
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Table 6: A quantitative comparison between the formulated (F) and the measured (M)
programme profiles for the three selected malls of validation.

programme type ratios
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gym 4.2% 20.1% 0.6% 0% 1.7% 3.9%
bank 0% 0.2% 2% 1.1% 1.1% 2%
apparel_store 0% 0% 15.8% 23% 8.9% 15.5%
car_repair 0% 0% 0.2% 0% 0% 0%
electronics_store 0% 0% 0.012% 0% 9.2% 1.1%
veterinary_care 0% 0% 0% 0% 0.6% 0.2%
restaurant 19.2% 12.9% 8.6% 11.5% 22.4% 23.5%
doctor 2.8% 6.7% 1.7% 0% 0.8% 3.2%
beauty_service 20.1% 4.2% 9.4% 4.1% 8.8% 4.7%
supermarket 0% 0% 8.7% 3.5% 0% 6.4%
school 0% 0% 0.3% 0.9% 9.5% 14.2%
bar/cafe 0% 0% 1.2% 5.5% 4.1% 2.8%
department_store 0% 0% 27.6% 36.8% 6.6% 0%
laundry 0% 0% 0.8% 0.4% 1.1% 0.1%
convenience_store 0% 0% 0.2% 0% 0% 0%
furniture_store 0% 0% 2.3% 0% 3.5% 2.2%
home_goods_store 0% 0% 1.4% 0.6% 3% 9.7%
locksmith 0% 0% 0.7% 0.1% 0% 0%
book_store 0% 0% 1.1% 5.9% 2.1% 1.2%
pharmacy 0% 0% 3.4% 2.2% 4.8% 0.8%
florist 0% 0% 0.3% 0% 1% 0%
jewellery_store 0% 0% 10.2% 4.3% 1.8% 0.5%
lodging 0% 0% 2% 0% 0% 0%
art_gallery 0% 0% 0.3% 0% 0% 0%
liquor_store 0% 0% 0.6% 0.2% 0.8% 0.3%
night_club 4.9% 2.6% 0.2% 0% 0.7% 0%
movie_theatre 48.8% 53.3% 0% 0% 6.6% 6.4%
bowling_alley 0% 0% 0% 0% 0% 1.2%
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D Appendix – City Energy Analyst

The building energy demand simulations of CEA use an hourly resistance-capacitance
model [22]. The solar heat gain calculations of CEA use DAYSIM [21], a validated soft-
ware which considers the mutual shading between building geometries. The infiltration
airflow simulations of CEA uses a constant envelope leakage rate [9].

The basic inputs for the CEA energy demand forecast are building geometries, building
occupancy profile as well as building construction and system properties. In our analysis,
we used as inputs the building geometries shown in Figure 12 (a). Occupancy profiles
were derived from the buildings’ programme profiles, shown in Figure 12 (a), using occu-
pancy schedules adapted from the ASHRAE (the American Society of Heating, Refriger-
ating and Air-Conditioning Engineers) standards. The building construction and system
properties are pre-defined in the CEA database for Singapore. Based on these inputs, the
CEA energy demand forecast calculates the hourly electricity demand for lighting and
appliances and thermal energy demand for space cooling and water heating.

With CEA, we calculate the hourly PV electricity yield. First, we reuse the solar radiation
results in the energy demand forecast. Then, using PV technology properties stored in
the CEA database, we calculate the plot’s total PV electricity yield. We assume that PV
panels are installed on those building envelope surfaces receiving at least 200 [kWh/m2]
of solar radiation, based on a recent study on the carbon emissions of PV electricity and
Singapore’s city grid electricity [13].

E Appendix – 163 mixed-use zoning archetypes

The .csv file containing 163 mixed-use zoning archetypes’ GPRs and ratios of each pro-
gramme type’s GFA is attached below.
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		# Archetype		plot_id		gross plot ratio		gym		bank		apparel_store		car_repair		electronics_store		car_rental		veterinary_care		restaurant		doctor		beauty_service		supermarket		school		bar/cafe		department_store		laundry		convenience_store		movie_rental		furniture_store		hardware_store		home_goods_store		locksmith		book_store		pharmacy		bicycle_store		florist		jewelry_store		lodging		art_gallery		liquor_store		night_club		museum		embassy		library		movie_theater		casino		bowling_alley		other

		1		10917		3		1.80%		0.00%		0.00%		0.00%		3.60%		0.00%		0.00%		5.40%		0.60%		4.20%		0.00%		4.50%		1.40%		0.00%		0.00%		0.00%		0.00%		1.20%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		1.10%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		76.20%

		2		10918		3		0.80%		0.00%		0.40%		2.90%		15.50%		0.00%		0.00%		5.80%		0.00%		0.90%		0.00%		2.60%		2.00%		17.90%		0.00%		0.00%		0.00%		1.60%		1.00%		3.40%		0.00%		0.00%		0.00%		0.00%		5.20%		0.80%		0.00%		0.00%		1.10%		0.00%		0.70%		0.00%		0.00%		0.00%		0.00%		0.00%		37.40%

		3		10929		3.5		2.90%		0.00%		0.00%		0.00%		2.90%		1.50%		0.00%		2.20%		0.00%		1.70%		0.00%		0.00%		2.20%		0.00%		0.00%		2.80%		0.00%		2.00%		3.60%		2.50%		0.00%		5.20%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		70.50%

		4		10933		3.5		10.00%		0.00%		0.00%		3.10%		0.00%		0.00%		4.90%		30.40%		0.00%		0.00%		0.00%		0.00%		5.20%		0.00%		9.90%		0.00%		0.00%		0.00%		0.00%		8.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		27.80%

		5		10905		3.5		0.00%		0.00%		0.90%		0.00%		0.00%		0.00%		0.00%		7.90%		0.50%		3.50%		0.00%		1.20%		2.70%		0.00%		0.00%		0.70%		0.00%		0.00%		0.00%		0.00%		2.40%		0.00%		6.30%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		73.90%

		6		10908		3		1.30%		0.00%		0.00%		0.80%		2.60%		0.00%		0.00%		1.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		93.40%

		7		2984		1.2		0.00%		0.00%		0.40%		0.40%		3.90%		0.00%		0.00%		0.50%		0.00%		0.00%		0.00%		1.10%		0.20%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		93.70%

		8		3056		2.5		0.60%		0.00%		0.00%		0.40%		1.30%		0.00%		0.00%		4.30%		0.00%		0.00%		6.90%		1.10%		1.60%		0.00%		0.00%		0.60%		0.00%		0.00%		0.00%		0.00%		2.10%		0.00%		0.00%		0.00%		1.10%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		80.00%

		9		3013		2		0.00%		0.00%		0.00%		0.00%		2.30%		0.00%		0.00%		0.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		96.80%

		10		3088		2.5		0.00%		0.00%		0.00%		0.00%		4.80%		2.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		4.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		87.90%

		11		3058		2.5		0.40%		0.00%		0.10%		0.00%		4.30%		0.00%		0.00%		2.30%		0.00%		0.00%		0.00%		2.10%		0.10%		4.90%		0.00%		0.00%		0.00%		0.10%		0.00%		0.20%		0.00%		0.40%		0.00%		0.20%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		84.80%

		12		3113		4.8		0.00%		0.00%		0.00%		0.00%		1.30%		0.00%		0.00%		1.50%		0.00%		0.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		96.40%

		13		2996		4.6		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		4.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		8.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		86.70%

		14		10894		10		0.30%		0.00%		0.00%		0.20%		0.50%		0.00%		0.00%		4.60%		0.00%		0.90%		2.80%		3.80%		1.00%		0.00%		0.00%		0.20%		0.00%		0.20%		0.00%		0.00%		0.00%		0.00%		1.10%		0.00%		0.40%		0.00%		2.60%		0.00%		0.00%		0.30%		0.50%		0.00%		0.00%		0.00%		0.00%		0.00%		80.60%

		15		4944		2.8		0.00%		2.20%		0.50%		0.00%		2.40%		0.00%		0.40%		9.30%		0.30%		2.40%		0.00%		1.30%		0.40%		4.60%		0.00%		0.40%		0.00%		0.00%		0.00%		1.40%		1.30%		0.70%		3.40%		0.00%		1.30%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		67.70%

		16		9508		4.2		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		100.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		17		10604		5.6		0.00%		0.00%		4.30%		0.00%		7.50%		0.00%		0.00%		9.90%		0.00%		0.00%		0.00%		0.00%		1.90%		43.10%		0.00%		0.00%		0.00%		1.30%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		32.10%

		18		9747		4.2		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		62.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		37.40%

		19		9743		4.2		14.20%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		21.50%		0.00%		16.90%		0.00%		47.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		20		10247		8.4		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		100.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		21		10314		4.9		0.00%		0.00%		31.90%		0.00%		0.00%		11.80%		0.00%		25.20%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		31.20%

		22		9532		4.2		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		100.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		23		7693		8.4		2.10%		0.00%		1.20%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		7.40%		0.00%		3.50%		1.10%		0.00%		0.00%		2.00%		0.00%		0.00%		0.00%		0.00%		0.00%		3.70%		0.00%		0.00%		7.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		2.00%		0.00%		0.00%		0.00%		0.00%		70.10%

		24		8437		5.6		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		2.10%		0.00%		0.00%		0.00%		5.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		2.90%		0.00%		0.00%		0.00%		0.00%		0.00%		89.50%

		25		9922		4.2		22.40%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		17.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		40.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		20.10%

		26		7499		4.2		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		6.60%		0.00%		0.00%		0.00%		0.00%		4.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		88.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		27		10825		3		0.00%		0.00%		2.50%		2.70%		11.50%		1.50%		1.40%		14.10%		1.90%		3.40%		0.00%		11.90%		2.20%		0.00%		2.80%		1.40%		5.20%		2.00%		0.00%		2.50%		4.70%		2.60%		6.00%		0.00%		0.00%		1.50%		0.00%		1.80%		0.00%		0.00%		0.00%		0.00%		0.00%		16.50%		0.00%		0.00%		0.00%

		28		10294		5.6		0.00%		0.00%		0.00%		0.00%		5.10%		0.00%		2.50%		0.00%		17.10%		9.10%		0.00%		4.30%		1.30%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		60.60%

		29		5596		4.2		0.00%		0.00%		0.00%		0.00%		50.00%		0.00%		3.00%		0.00%		2.10%		7.40%		0.00%		20.70%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		2.70%		0.00%		11.20%		0.00%		2.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		30		10427		3		15.70%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		35.70%		0.00%		0.00%		0.00%		0.00%		8.10%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		40.50%

		31		9028		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		74.40%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		25.60%

		32		9330		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		65.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		34.10%

		33		10453		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		50.70%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		49.30%

		34		5349		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		87.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		12.40%

		35		10147		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		70.10%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		29.90%

		36		5220		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		83.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		16.10%

		37		5379		1.4		0.00%		100.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		38		9085		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		95.50%		0.00%		4.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		39		10342		3		4.20%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		19.10%		2.80%		20.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		4.90%		0.00%		0.00%		0.00%		48.60%		0.00%		0.00%		0.30%

		40		5449		1.4		0.00%		0.00%		0.00%		0.00%		100.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		41		9491		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		27.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		73.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		42		5384		1.4		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		21.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		78.10%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		43		4965		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		37.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		62.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		44		9224		3		3.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		2.30%		2.00%		21.40%		0.00%		0.00%		1.60%		69.70%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		45		9205		3		0.00%		0.00%		0.00%		0.00%		0.00%		58.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		28.40%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		12.90%

		46		10610		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		17.20%		0.00%		0.00%		0.00%		0.00%		22.80%		0.00%		0.00%		0.00%		59.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		47		8747		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		2.40%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		97.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		48		10352		3.5		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		1.40%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		38.10%		0.00%		0.00%		0.00%		0.00%		0.00%		2.20%		0.00%		0.00%		0.00%		58.40%

		49		9424		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		100.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		50		10109		5.6		0.00%		1.10%		9.00%		0.00%		6.80%		0.00%		0.30%		17.40%		0.20%		16.40%		6.70%		0.00%		2.20%		17.70%		0.00%		0.00%		0.60%		2.10%		0.00%		2.90%		1.00%		1.70%		3.90%		0.00%		1.00%		3.10%		0.00%		0.40%		0.00%		1.80%		0.00%		0.00%		0.00%		3.50%		0.00%		0.00%		0.00%

		51		7554		10.5		0.50%		2.30%		3.60%		1.50%		23.30%		1.30%		0.20%		3.70%		0.20%		9.20%		2.70%		4.90%		0.60%		21.40%		1.50%		0.60%		0.40%		1.40%		2.20%		3.20%		0.40%		3.50%		2.60%		0.20%		1.90%		1.50%		2.50%		1.10%		1.10%		0.10%		0.00%		0.10%		0.00%		0.00%		0.00%		0.00%		0.00%

		52		5425		2		0.80%		0.00%		4.90%		0.50%		4.70%		0.00%		0.80%		11.80%		0.00%		17.60%		8.60%		7.80%		1.20%		27.10%		0.00%		0.80%		0.00%		1.60%		1.00%		0.70%		2.60%		2.80%		3.30%		0.00%		1.30%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		53		10305		5.6		0.50%		0.00%		2.60%		0.00%		4.10%		1.10%		0.00%		9.90%		1.70%		41.20%		5.50%		3.40%		3.10%		11.60%		0.00%		0.50%		1.80%		0.30%		0.00%		1.30%		0.00%		0.00%		2.10%		0.00%		1.70%		1.00%		0.00%		1.30%		0.00%		4.70%		0.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		54		10043		4.2		0.90%		0.80%		5.50%		0.00%		4.40%		0.00%		0.00%		11.90%		1.20%		9.30%		9.60%		0.00%		3.20%		10.10%		0.00%		0.40%		0.80%		0.00%		0.00%		0.40%		0.00%		0.00%		5.50%		0.00%		0.70%		2.20%		0.00%		0.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		32.50%

		55		4931		3.3		0.00%		2.10%		7.70%		0.00%		5.70%		0.00%		0.50%		19.50%		0.00%		11.30%		12.30%		1.90%		2.30%		13.00%		0.00%		0.60%		2.00%		0.80%		0.00%		2.00%		0.00%		1.00%		7.10%		0.00%		0.00%		2.30%		0.00%		0.70%		0.00%		0.00%		0.00%		0.00%		0.70%		6.50%		0.00%		0.00%		0.00%

		56		9856		3.9		0.00%		0.00%		2.80%		0.00%		9.70%		0.00%		0.00%		22.00%		0.00%		28.70%		0.00%		0.00%		5.00%		0.00%		0.00%		0.00%		0.00%		1.10%		0.00%		2.80%		0.00%		0.00%		6.80%		0.00%		13.70%		1.70%		0.00%		2.00%		0.00%		3.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		57		4978		4.3		0.70%		3.80%		1.60%		1.70%		28.80%		1.40%		0.00%		2.60%		0.00%		8.90%		0.00%		6.80%		0.40%		15.70%		0.00%		0.00%		0.00%		2.80%		1.70%		2.40%		0.00%		3.70%		2.90%		0.00%		2.30%		2.10%		7.00%		0.90%		2.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		58		10029		15		0.90%		2.70%		4.20%		0.00%		1.20%		0.00%		0.00%		8.40%		1.60%		6.60%		0.00%		0.00%		1.70%		6.80%		1.10%		0.00%		0.00%		0.20%		0.00%		0.30%		1.00%		1.10%		0.00%		0.00%		1.00%		2.10%		0.00%		0.00%		0.40%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		58.90%

		59		9562		8.7		0.00%		2.10%		2.60%		0.70%		9.20%		1.20%		1.10%		3.40%		1.50%		10.80%		12.50%		1.90%		1.80%		13.20%		0.00%		0.00%		0.00%		0.80%		1.40%		4.00%		0.00%		8.20%		4.80%		0.00%		0.00%		1.20%		11.70%		0.00%		3.30%		2.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		60		10336		11.2		3.20%		3.00%		5.60%		0.00%		13.10%		0.00%		0.00%		9.80%		1.10%		34.60%		0.00%		0.00%		7.50%		0.00%		3.20%		1.60%		0.00%		0.00%		0.00%		1.40%		0.00%		0.00%		0.00%		0.00%		8.20%		0.00%		0.00%		0.00%		2.30%		3.80%		0.00%		1.50%		0.00%		0.00%		0.00%		0.00%		0.00%

		61		7447		14		2.70%		2.50%		4.70%		2.50%		49.50%		0.00%		1.30%		1.00%		1.80%		4.90%		0.00%		4.60%		0.00%		0.00%		5.40%		0.00%		0.00%		0.00%		1.70%		2.40%		0.00%		4.90%		0.00%		2.60%		2.30%		1.40%		0.00%		1.70%		2.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		62		8012		15		0.00%		4.40%		0.00%		0.00%		2.40%		0.00%		0.00%		1.80%		0.00%		0.00%		0.00%		0.00%		0.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		3.40%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		87.40%

		63		10026		15		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		86.10%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		13.90%

		64		8013		15		0.00%		13.50%		0.70%		0.00%		4.90%		0.90%		0.00%		2.70%		0.30%		1.90%		0.00%		1.30%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.70%		0.00%		0.00%		0.00%		0.40%		8.30%		0.00%		0.00%		0.00%		0.00%		0.80%		0.00%		4.70%		0.00%		0.00%		58.90%

		65		10027		15		3.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		2.20%		6.00%		10.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		12.50%		0.00%		0.00%		0.00%		0.00%		0.00%		4.30%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		61.40%

		66		10338		11.2		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		9.70%		8.60%		0.00%		12.20%		0.00%		0.00%		0.00%		0.00%		0.00%		5.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		64.50%

		67		10028		15		0.00%		13.00%		0.00%		0.00%		0.00%		7.40%		0.00%		0.00%		18.60%		33.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		28.10%

		68		4859		2.8		1.10%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		14.30%		0.70%		7.90%		0.00%		0.00%		2.30%		0.00%		2.20%		1.10%		0.00%		0.00%		0.00%		1.90%		0.00%		0.00%		4.70%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		63.60%

		69		4575		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		80.30%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		19.70%

		70		4331		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		63.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		36.20%

		71		4287		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		100.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		72		4180		3		25.20%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		36.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		38.30%

		73		4528		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		42.80%		37.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		19.30%

		74		4527		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		62.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		37.10%

		75		4561		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		85.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		14.10%

		76		4550		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		81.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		18.40%

		77		4323		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		45.10%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		54.90%

		78		4302		3		0.00%		0.00%		0.00%		51.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		48.40%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		79		4035		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		100.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		80		4707		1.4		0.00%		0.00%		0.00%		0.40%		4.00%		0.00%		2.60%		6.50%		1.80%		13.30%		7.20%		6.60%		2.00%		7.60%		1.30%		1.30%		1.20%		0.00%		1.70%		1.10%		0.00%		0.00%		2.80%		0.60%		2.20%		0.70%		6.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		28.30%

		81		4182		3		1.70%		0.00%		2.00%		0.00%		10.60%		1.90%		1.70%		7.90%		4.70%		22.80%		0.00%		14.60%		4.50%		0.00%		6.90%		0.00%		3.20%		2.40%		2.20%		0.00%		0.00%		0.00%		0.00%		0.00%		8.90%		1.80%		0.00%		2.20%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		82		4705		3		2.50%		0.00%		2.20%		0.00%		2.50%		1.30%		1.20%		8.50%		3.40%		16.40%		0.00%		8.40%		5.80%		0.00%		0.00%		1.20%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		1.20%		2.10%		0.00%		12.90%		0.00%		0.00%		1.50%		0.00%		0.00%		0.00%		28.90%		0.00%		0.00%		0.00%

		83		4493		2.2		0.00%		0.00%		3.40%		0.00%		0.00%		0.00%		0.00%		6.70%		6.00%		17.60%		32.50%		0.00%		1.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		2.60%		19.40%		5.30%		0.00%		0.00%		5.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		84		4777		4.9		3.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		2.60%		0.00%		0.00%		12.70%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		19.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		61.40%

		85		4781		4.9		0.00%		0.00%		8.80%		0.00%		15.50%		0.00%		0.00%		29.00%		0.00%		27.30%		0.00%		0.00%		4.00%		0.00%		0.00%		7.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		7.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		86		4621		4.2		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		43.00%		13.30%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		30.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		13.60%

		87		4633		4.2		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		29.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		70.50%

		88		4236		4.2		19.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		14.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		13.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		52.00%

		89		4622		4.2		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		12.30%		0.00%		0.00%		0.00%		0.00%		4.20%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		83.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		90		4782		4.9		0.00%		0.00%		1.30%		1.40%		0.00%		2.50%		2.30%		10.60%		0.00%		2.80%		0.00%		0.00%		1.20%		0.00%		9.20%		0.00%		0.00%		0.00%		2.90%		2.00%		0.00%		0.00%		0.00%		0.00%		4.00%		7.20%		24.00%		0.00%		0.00%		2.70%		0.00%		2.20%		0.00%		0.00%		0.00%		0.00%		23.60%

		91		4125		4.2		3.40%		0.00%		1.90%		5.50%		8.20%		0.70%		0.00%		5.60%		0.00%		5.60%		7.40%		17.00%		1.10%		7.80%		0.00%		0.00%		0.00%		1.40%		0.00%		1.20%		0.00%		4.90%		0.00%		0.60%		1.10%		1.40%		20.80%		4.30%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		92		4060		5		0.00%		0.00%		0.70%		0.70%		3.60%		0.00%		1.20%		0.00%		0.40%		3.60%		6.60%		1.00%		1.20%		13.90%		0.00%		0.00%		0.00%		0.40%		0.80%		1.60%		2.00%		2.20%		0.00%		0.60%		0.00%		0.60%		0.00%		0.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		58.20%

		93		4126		4.2		0.00%		0.00%		1.50%		4.70%		5.10%		0.00%		0.00%		1.90%		3.40%		0.00%		0.00%		8.50%		1.30%		58.80%		0.00%		0.00%		4.60%		0.00%		0.00%		2.20%		0.00%		0.00%		0.00%		2.40%		0.00%		2.60%		0.00%		0.00%		0.00%		3.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		94		4689		2.5		0.30%		2.50%		2.00%		0.20%		2.90%		0.00%		0.30%		14.40%		1.50%		7.30%		4.30%		3.50%		1.50%		4.60%		0.30%		0.90%		0.00%		0.20%		0.00%		0.80%		0.40%		0.20%		3.90%		0.10%		0.20%		1.20%		1.30%		0.20%		0.20%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		44.90%

		95		4112		3.5		0.00%		0.80%		6.20%		0.00%		1.80%		0.00%		0.00%		27.20%		0.00%		1.60%		4.90%		0.80%		0.90%		20.80%		0.00%		3.10%		0.00%		0.00%		2.30%		0.80%		0.00%		0.00%		0.00%		0.00%		0.80%		5.50%		4.60%		0.00%		1.30%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		16.50%

		96		4692		3		1.60%		1.00%		3.00%		1.00%		4.20%		2.20%		1.00%		5.90%		0.70%		27.10%		0.00%		10.40%		1.60%		12.00%		2.00%		0.50%		0.90%		3.60%		0.70%		1.40%		0.00%		0.00%		8.80%		0.50%		0.90%		1.10%		5.30%		0.70%		1.50%		0.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		97		3469		2.8		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		100.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		98		3476		2.8		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		76.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		23.20%

		99		3686		2.8		83.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		16.40%

		100		3872		2.8		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		8.70%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		91.30%

		101		3639		2.8		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		48.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		51.50%

		102		3938		2.8		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		23.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		76.40%

		103		3881		2.8		0.00%		0.00%		0.00%		10.30%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		89.70%

		104		3441		2.8		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		9.80%		0.00%		3.80%		0.00%		0.00%		1.70%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		33.20%		4.10%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		47.40%

		105		3371		3		0.00%		0.00%		3.50%		0.00%		12.30%		0.00%		0.00%		4.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		62.40%		0.00%		8.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		8.40%

		106		3349		3		0.00%		0.00%		0.00%		0.70%		0.00%		0.00%		1.10%		6.70%		1.50%		3.90%		0.00%		5.50%		2.30%		0.00%		0.00%		1.10%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		9.30%		0.00%		0.00%		0.00%		11.30%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		56.60%

		107		3423		2.8		0.00%		0.00%		0.00%		4.40%		0.00%		6.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		1.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		88.70%

		108		3292		2.8		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		2.10%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		56.70%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		41.20%

		109		3286		3.8		0.00%		0.00%		0.00%		1.20%		0.00%		0.00%		0.00%		1.50%		0.00%		0.00%		0.00%		0.00%		0.00%		22.30%		0.00%		0.00%		0.00%		0.00%		2.40%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		39.60%		0.00%		0.00%		0.00%		0.00%		1.80%		0.00%		0.00%		0.00%		0.00%		31.10%

		110		3193		3.5		0.00%		0.00%		1.50%		0.00%		0.00%		0.00%		0.00%		10.00%		0.00%		9.40%		0.00%		0.00%		6.80%		0.00%		0.00%		5.20%		0.00%		3.60%		0.00%		0.00%		0.00%		4.80%		0.00%		0.00%		4.50%		0.00%		54.20%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		111		3250		3		0.00%		0.00%		0.00%		0.00%		26.30%		0.00%		12.70%		0.00%		0.00%		15.50%		0.00%		0.00%		6.80%		0.00%		0.00%		0.00%		0.00%		0.00%		16.40%		11.40%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		10.90%

		112		3379		3.5		0.00%		0.00%		15.30%		0.00%		0.00%		0.00%		1.10%		10.90%		0.70%		11.80%		12.20%		1.90%		1.70%		0.00%		2.20%		1.10%		2.00%		2.30%		0.00%		4.80%		3.60%		2.00%		9.40%		0.00%		1.90%		3.40%		0.00%		1.40%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		10.40%

		113		3370		5.6		2.40%		0.00%		2.40%		0.00%		3.60%		2.50%		0.00%		5.80%		0.00%		16.10%		0.00%		4.90%		4.90%		13.60%		0.00%		0.00%		0.00%		0.80%		0.00%		0.00%		0.00%		0.00%		5.00%		0.00%		2.00%		0.60%		18.10%		0.00%		0.00%		3.40%		0.00%		0.60%		0.00%		0.00%		0.00%		0.00%		13.30%

		114		3373		4.9		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		92.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		7.20%

		115		3282		4.2		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.80%		0.00%		2.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		21.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		74.40%

		116		3212		4.2		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		10.00%		0.00%		15.70%		0.00%		0.00%		0.00%		0.00%		0.00%		6.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		67.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		117		3356		4.2		0.00%		0.00%		3.60%		1.90%		0.00%		3.30%		0.00%		16.40%		2.10%		18.40%		0.00%		0.00%		0.00%		35.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		3.20%		0.00%		0.00%		8.90%		3.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		2.90%

		118		3360		4.9		0.00%		0.00%		1.70%		1.90%		12.10%		0.00%		0.00%		2.30%		0.00%		7.20%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		3.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		9.30%		61.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		119		3432		4.9		0.00%		0.00%		17.30%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		2.50%		0.00%		0.00%		0.00%		24.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		15.40%		0.00%		0.00%		0.00%		2.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		37.50%

		120		3238		9.9		0.10%		0.40%		4.00%		0.10%		1.40%		0.00%		0.00%		5.70%		0.30%		2.90%		2.20%		0.20%		0.70%		2.40%		0.20%		0.00%		0.00%		0.00%		0.00%		0.30%		0.00%		0.00%		1.30%		0.00%		0.30%		1.30%		3.10%		0.30%		0.30%		0.00%		0.00%		0.10%		0.00%		0.00%		0.00%		0.00%		72.40%

		121		306		2.8		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		5.30%		0.00%		8.40%		0.00%		0.00%		3.70%		0.00%		0.00%		7.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		75.70%

		122		2141		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		70.70%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		29.30%

		123		1696		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		53.70%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		46.30%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		124		152		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		58.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		41.10%

		125		72		2.8		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		6.00%		0.00%		9.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		14.40%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		70.10%

		126		2466		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		35.30%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		54.30%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		10.40%

		127		1543		2.8		0.00%		0.00%		0.00%		6.10%		0.00%		0.00%		0.00%		0.00%		0.00%		11.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		41.40%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		40.90%

		128		207		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		100.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		129		1255		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		35.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		65.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		130		2097		2.5		0.00%		0.00%		4.30%		0.00%		0.00%		0.00%		7.30%		0.00%		0.00%		8.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		6.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		7.10%		0.00%		0.00%		0.00%		0.00%		65.90%

		131		1978		3.8		35.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		27.30%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		36.80%

		132		1189		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		74.70%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		25.30%

		133		9		2.8		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		26.90%		0.00%		0.00%		16.40%		0.00%		23.10%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		33.50%

		134		159		3		0.00%		0.00%		0.00%		0.00%		100.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		135		2423		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		33.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		49.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		16.50%

		136		1998		2.8		0.00%		54.20%		0.00%		0.00%		0.00%		30.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		15.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		137		1914		1.4		0.00%		0.00%		0.00%		0.00%		29.70%		0.00%		7.20%		39.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		24.10%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		138		140		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		100.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		139		194		2.8		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		95.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		4.10%

		140		35		2.8		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		6.30%		0.00%		4.40%		7.70%		0.00%		0.00%		0.00%		75.20%		0.00%		6.40%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		141		1901		3		0.00%		0.00%		0.00%		0.00%		9.60%		0.00%		9.20%		0.00%		0.00%		11.30%		0.00%		7.90%		0.00%		0.00%		9.30%		0.00%		0.00%		0.00%		0.00%		4.10%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		48.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		142		2450		3		6.90%		0.00%		4.00%		0.00%		0.00%		0.00%		0.00%		26.30%		0.00%		16.50%		0.00%		0.00%		3.60%		0.00%		13.70%		6.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		22.10%

		143		289		2.8		0.00%		0.00%		0.00%		0.00%		7.00%		0.00%		0.00%		15.70%		0.00%		20.50%		38.00%		5.80%		1.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		6.20%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		5.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		144		1946		2.8		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		33.90%		0.00%		0.00%		0.00%		0.00%		1.70%		0.00%		0.00%		3.10%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		32.80%		0.00%		0.00%		3.70%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		24.80%

		145		2261		3		0.00%		0.00%		1.10%		0.00%		0.00%		0.00%		1.90%		7.30%		0.00%		11.40%		0.00%		3.20%		1.00%		66.90%		3.80%		0.00%		0.00%		0.00%		0.00%		3.40%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		146		10		2.8		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		11.60%		3.40%		12.20%		56.20%		8.60%		8.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		147		1908		3		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		49.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		14.70%		27.50%		0.00%		0.00%		7.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		148		11		2.8		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		35.30%		10.40%		37.00%		0.00%		0.00%		8.10%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		9.20%

		149		941		2.8		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		13.50%		5.30%		4.70%		49.50%		0.00%		0.00%		0.00%		0.00%		13.70%		6.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		6.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		150		1525		2.8		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		19.00%		8.40%		14.90%		0.00%		0.00%		3.20%		0.00%		0.00%		6.20%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		48.30%

		151		1539		2.8		0.00%		0.00%		0.00%		0.00%		0.00%		9.00%		0.00%		19.20%		0.00%		20.10%		0.00%		0.00%		0.00%		0.00%		16.70%		8.30%		0.00%		0.00%		10.60%		7.40%		0.00%		0.00%		0.00%		0.00%		0.00%		8.70%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		152		2627		2.8		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		11.10%		9.80%		26.00%		0.00%		36.70%		0.00%		0.00%		0.00%		7.20%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		9.20%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		153		2662		2.8		0.00%		0.00%		2.10%		0.00%		15.00%		0.00%		3.60%		25.40%		2.50%		30.90%		0.00%		6.20%		3.90%		0.00%		0.00%		3.70%		6.70%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		154		342		2.8		0.00%		25.80%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		18.50%		16.40%		0.00%		0.00%		0.00%		0.00%		0.00%		13.60%		0.00%		0.00%		0.00%		0.00%		0.00%		24.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.80%

		155		1678		3		0.00%		0.00%		0.00%		0.00%		23.90%		25.20%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		8.10%		0.00%		0.00%		0.00%		42.70%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%

		156		2593		2.8		0.00%		0.00%		1.80%		0.00%		3.20%		0.00%		1.50%		21.70%		3.20%		17.00%		0.00%		0.00%		5.80%		18.40%		3.10%		3.10%		2.90%		1.10%		2.00%		1.40%		0.00%		0.00%		0.00%		1.50%		2.70%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		9.60%

		157		1007		11.2		0.00%		0.00%		0.00%		0.00%		2.80%		0.70%		0.00%		4.80%		0.00%		0.80%		0.00%		0.00%		0.40%		0.00%		1.40%		1.40%		0.00%		0.00%		0.00%		0.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.90%		1.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		85.10%

		158		2983		4.9		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		1.00%		0.00%		0.00%		0.00%		0.00%		5.90%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		93.00%

		159		2871		4.2		0.00%		5.20%		0.00%		3.50%		5.60%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		4.70%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		3.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		3.30%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		74.20%

		160		2876		4.2		3.40%		0.00%		1.90%		0.00%		0.00%		0.00%		0.00%		5.90%		0.00%		10.60%		0.00%		1.90%		3.50%		13.00%		0.00%		1.10%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		5.70%		2.30%		11.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		39.20%

		161		2975		4.9		1.40%		1.90%		5.30%		0.00%		6.20%		0.40%		0.00%		18.40%		0.20%		13.80%		0.00%		3.40%		2.80%		4.00%		0.70%		0.70%		0.00%		1.60%		0.40%		2.10%		1.10%		0.60%		4.30%		0.00%		0.60%		1.10%		0.00%		0.00%		0.50%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		28.40%

		162		2890		10.5		0.20%		1.80%		0.70%		0.10%		0.40%		0.20%		0.00%		6.70%		0.10%		2.80%		0.00%		1.00%		1.20%		0.00%		0.80%		0.80%		0.00%		0.10%		0.00%		0.30%		0.00%		0.00%		0.80%		0.00%		0.70%		0.40%		4.00%		0.00%		0.30%		0.00%		0.00%		0.00%		0.00%		2.20%		0.00%		0.00%		74.40%

		163		2834		13		0.30%		1.40%		0.30%		0.00%		0.00%		0.30%		0.00%		3.30%		0.00%		0.90%		2.80%		0.00%		0.70%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.40%		0.00%		0.00%		0.00%		0.70%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		0.00%		88.80%
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