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Abstract

Health-data-driven urban design requires coherent environmental exposure measures
for defined study locations at scale. However, assembling measures from datasets
that differ in environmental domain, spatial form and temporal coverage often relies
on scripts whose assumptions and provenance are difficult to recover. This study
develops a framework for HD4, a programme funded by Singapore’s National Re-
search Foundation to link environmental exposures with population health outcomes.
The framework uses a semantic model to represent calculation methods and param-
eters separately from source datasets, while a spatial database performs raster and
vector operations. Each result remains linked to its study location, source data and
calculation specification. Applied across approximately 120,000 Singapore postal-
code locations, the framework generated physical and visual greenness, humid heat,
urban morphology and socioeconomic measures. The case study demonstrates how
these heterogeneous measures can be retrieved by exposure characteristics and tem-
poral context, with each value traceable to its source data, calculation method and
parameters.
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Highlights
• Represents calculation methods and parameters separately from source datasets.

• Uses a common semantic model for raster, vector and attribute-based expo-
sures.

• Links semantic calculation specifications to spatial execution in PostGIS.

• Retrieves exposures with their source data, temporal context and calculation
choices.

• Generates traceable exposures for approximately 120,000 Singapore postal codes.
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1 Introduction

This work was conducted as part of the HD4 programme [7] in Singapore, which aims
to develop a city-scale data pipeline linking heterogeneous urban environmental datasets
for investigations into how the built environment influences public health outcomes. A
central component of the programme is a collaboration with SG100K [50], a large-scale
longitudinal cohort study designed to integrate genomic, lifestyle, and clinical informa-
tion from 100,000 Singaporeans, with the aim of supporting precision medicine research
tailored to Asian populations. Within this broader programme, the present study focuses
on constructing and analysing urban environmental exposure data that can subsequently
support epidemiological research.

Supporting such epidemiological studies requires exposure measures covering several
aspects of the environment. Exposure calculation is often handled through fragmented
scripts, manually assigned variable names, and limited provenance. This becomes increas-
ingly difficult to maintain as datasets are updated, new exposure domains are introduced,
or exposure definitions need to be recalculated at different buffer sizes, time periods, or
spatial units.

Recent environmental epidemiology studies increasingly combine diverse datasets to quan-
tify exposures such as greenness, heat, urban morphology, transportation infrastructure,
and socioeconomic characteristics [46, 51, 61], highlighting the need to integrate het-
erogeneous environmental data. This allows several aspects of the environment to be
characterised for the same study locations, but also increases the number of datasets and
calculation choices that must be managed. Interpreting and updating the resulting expo-
sure measures requires clear records of their source datasets, temporal context, calculation
methods, and parameters.

Semantic technologies have been increasingly explored within epidemiology to improve
the integration and interoperability of heterogeneous health data. Existing work has
largely focused on ontology development for epidemiological concepts [48], exposure sci-
ence and environmental exposure modelling [37, 65], as well as the automated construc-
tion of knowledge graphs from epidemiological literature and surveillance data [17, 36].
Broader reviews have also highlighted the increasing adoption of Semantic Web technolo-
gies within healthcare and epidemiology [73].

Among systems that employ semantic technologies for epidemiological applications, the
multi-agent decision support system proposed by Li and Mackaness [35] is one of the
more closely related to the present work. Their framework integrates epidemiological
datasets, analytical services, and spatio-temporal information through domain ontologies,
enabling users to select datasets and computational services for epidemic management.

Semantic Web technologies have also been applied to geospatial processing workflows,
where workflow components, datasets, and geoprocessing services are represented se-
mantically to improve workflow discovery, interoperability, and reuse [59, 72]. While
these approaches focus on general-purpose geoprocessing workflows, the present work
instead models the domain knowledge required for environmental exposure assessment,
capturing the semantics of exposure calculations.

This work builds upon the framework presented by Chen et al. [9] for environmental
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exposure assessment. Here, each exposure estimate is explicitly linked to its source data,
calculation method and parameters. These links allow researchers to retrieve estimates
calculated using specified methods or buffer sizes, together with the information needed
to interpret them. Retrieval of exposure estimates together with their linked calculation
specifications was not demonstrated in the earlier work. Within the HD4 programme, the
present study addresses the generation of exposure measures for fixed locations at city
scale, complementing the earlier work on individual movement trajectories.

We demonstrate the framework by generating environmental, urban-morphology and so-
cioeconomic exposure measures for approximately 120,000 postal-code locations in Sin-
gapore. The case study shows how heterogeneous exposure measures can be generated
at city scale and retrieved together with their source data and calculation specifications,
providing traceable, analysis-ready datasets for subsequent epidemiological research.

2 Background

2.1 Study setting and design requirements

Within the broader HD4 programme, this paper focuses exclusively on the construction
and analysis of urban environmental exposure data using a knowledge-driven framework.
The subsequent linkage of these environmental data to individual-level health records is
outside the scope of this paper and is handled separately within HD4.

Supporting environmental exposure assessment at city scale requires the integration of
a wide range of geospatial datasets describing different aspects of the urban environ-
ment. Geographic Information Systems (GIS) provide the primary framework for stor-
ing, managing, and analysing these data, which are commonly represented as vector or
raster datasets. These datasets often differ in their spatial and temporal resolution, may
be updated over time, and can represent observations from different periods. Such het-
erogeneity makes them difficult to organise and integrate consistently. In this work, we
demonstrate how a knowledge-driven approach based on the ideas underlying The World
Avatar [1] addresses these challenges by providing a semantic framework for organising
urban environmental datasets while preserving their metadata, provenance, and relation-
ships.

2.2 The World Avatar

The proposed framework is implemented within The World Avatar (TWA), a dynamic
knowledge graph based on Semantic Web technologies [1]. One of the distinguishing fea-
tures of TWA is its use of autonomous software agents that interact with the knowledge
graph. These range from lightweight agents that update information, such as weather
observations, to agents that perform complex calculations. TWA has been applied to ur-
ban and environmental problems that draw on data and models from several domains.
Applications include district heating optimisation and municipal heat planning [28, 64],
the integration of national-scale energy and climate data [58], analyses of how heat-pump
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adoption and energy prices affect social and regional inequalities [57, 70], building retrofit
assessment [8] and question answering for urban planning [11]. These applications show
how TWA can link information about buildings, energy systems, socioeconomic condi-
tions and the wider urban environment, making it available for computation and retrieval.
Applications in molecular engineering [6, 32], scientific question answering [45] and dig-
ital laboratory monitoring [52, 53] demonstrate the wider scope of the approach.

TWA represents knowledge using the Resource Description Framework (RDF) [60], in
which information is expressed as triples consisting of a subject, predicate, and object.
These triples describe entities and the relationships between them and are queried using
SPARQL. Within TWA, RDF data can be managed using two complementary approaches.
The first employs dedicated triple stores, such as Blazegraph [5] and RDF4J [13], where
RDF triples are explicitly stored and queried directly. The second uses Ontop [69], a vir-
tual knowledge graph, in which the underlying data remain in relational databases while
RDF triples are generated dynamically at query time according to declarative mapping
files. This virtualisation approach enables existing relational datasets to be queried using
SPARQL without duplicating the data as RDF triples.

Although RDF provides a flexible representation of heterogeneous knowledge, practical
urban environmental analysis also requires the efficient processing of large geospatial
datasets. The design requirements of this work therefore extend beyond semantic knowl-
edge representation to include the management of datasets with diverse spatial and tem-
poral characteristics. The following section reviews the integration of GIS and Semantic
Web technologies, motivating the hybrid architecture presented later in Section 3.3.

2.3 Integration of GIS and Semantic Web technologies

SPARQL has been extended to support spatial querying through GeoSPARQL, the OGC-
recommended standard for representing and querying geospatial data on the Semantic
Web [42]. Other research extensions, such as SPARQL-ST, incorporate both spatial and
temporal predicates but are not part of the official OGC GeoSPARQL standard [47].

GeoSPARQL defines a standard vocabulary and set of spatial predicates for RDF data.
While GeoSPARQL-compliant triples can be stored in any triple store, the availability of
GeoSPARQL functions depends on the implementation, with most triple stores support-
ing only a subset of the standard. Consequently, both functionality and performance differ
considerably between vendors [31]. Furthermore, geospatial triple stores generally remain
less mature than established spatial database systems such as PostGIS, with reported lim-
itations in scalability and performance when handling large datasets and complex spatial
joins [30].

Another shortcoming of GeoSPARQL is its lack of support for raster operations. Geo-
SPARQL was primarily designed for vector geometries represented using Well-Known
Text (WKT) literals and does not define a standard representation or query functions for
raster data. Unlike vector geometries, raster datasets represent continuous spatial fields
and often require computationally intensive, tile-based operations that are difficult to ex-
press within the GeoSPARQL standard. Although several studies have proposed exten-
sions to incorporate raster support into GeoSPARQL [18, 26], these approaches remain
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largely experimental and have not been adopted as part of the official standard.

Ontop [3, 4] provides ontology-based access to relational databases through a SPARQL-
to-SQL translation layer, enabling SPARQL queries over relational data. It also imple-
ments the GeoSPARQL standard, allowing users to perform spatial queries using Geo-
SPARQL predicates and functions. This approach is well suited to applications that pri-
marily require simple geospatial querying and semantic access to existing spatial data.
However, it is less suitable for workflows that rely on the flexible use of database-specific
spatial functions for computationally intensive geospatial processing. The optimisation
of SPARQL-to-SQL translation has also been recognised as a challenge [29, 55], with
issues such as redundant joins potentially affecting query performance. For geometry-
intensive workloads, it can be difficult to ensure that the generated SQL consistently ex-
ploits the spatial indexing and query optimisation capabilities provided by spatial database
systems such as PostGIS. These considerations motivate a hybrid architecture in which
semantic technologies are used for knowledge representation and metadata management,
while computationally intensive geospatial operations are executed directly within a spa-
tial database.

Executing geospatial analyses directly within a spatial database also provides greater pro-
cedural flexibility than ontology-based query engines. Intermediate results can be materi-
alised, temporary tables created, database sessions maintained, and iterative computations
incorporated into controlled analytical workflows. Such procedural operations are difficult
to express efficiently through declarative SPARQL queries alone, reinforcing the comple-
mentary roles of Semantic Web technologies for knowledge representation and spatial
databases for computationally intensive geospatial analysis within a hybrid architecture.

3 Knowledge-driven exposure calculation framework

3.1 Overview

Environmental exposure assessment relies on heterogeneous geospatial datasets that differ
in their data structures, temporal characteristics, and calculation requirements. To manage
this complexity, this work proposes a knowledge-driven framework that enables exposure
results to be retrieved together with the information used to generate them.

In the framework presented by Chen et al. [9], exposure calculations depend on the ge-
ometry type of the environmental feature. The present work represents the method and
its parameters through a separate calculation specification, linking each derived exposure
value to that specification, its source dataset and the study subject. This supports different
calculations for the same spatial data representation while retaining the methodological
choices associated with each result.

Figure 1 provides a conceptual overview of the proposed framework for generating trace-
able environmental exposure results that are ready for epidemiological analyses. The
exposure specification is represented as computable knowledge, so the same description
of the dataset, method and parameters can guide the calculation and be retrieved alongside
its result. The framework is illustrated using a representative query that an epidemiologist
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Figure 1: Overview of the proposed framework for traceable environmental exposure as-
sessment.

may wish to answer. For example, in this study, we may be interested in determining the
heat exposure at a particular postal code. From here, the information required to perform
the calculation is identified, including the subject of interest (a particular postal code),
environmental dataset, calculation method, and associated parameters. The exposure is
then computed through spatial analysis to produce an analysis-ready exposure value that
can subsequently be linked with health data. By explicitly representing these components
within the knowledge base, every exposure result remains linked to the postal code for
which it was calculated, the dataset used, the calculation method, and parameters such as
the buffer size. These links allow each exposure value to be retrieved together with its
source dataset and calculation specification.

3.2 Core ontology

To support semantic representation of the exposure calculation workflow, we developed an
ontology describing the core entities and relationships involved. An ontology provides a
formal specification of concepts and relationships within a domain, enabling information
to be represented consistently and interpreted by both humans and machines.

One of the key advantages of the proposed framework is that it explicitly separates a
dataset’s spatial representation from the method used to derive an exposure. These as-
pects are modelled as separate concepts within the ontology, allowing the same type of
spatial dataset to support different exposure calculations. In this study, for example, raster
datasets are used to characterise heat, population and physical greenness.

The ontology centres on four concepts:

• Subject
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• ExposureDataset

• Calculation

• ExposureResult

Together, these concepts capture the information required to define an exposure cal-
culation and represent its result. The exposure calculation agent receives instances of
Subject, ExposureDataset, and Calculation. It calculates the exposure value,
stores it as an ExposureResult, and links the result to the three input instances.

The Subject represents the entity for which an environmental exposure is calculated. In
this work, subjects correspond to fixed postal-code locations represented as vector points,
although the framework is designed to support dynamic subjects in future applications.
The ExposureDataset represents the environmental dataset from which the exposure
is derived, while the Calculation specifies the computational method together with its
associated parameters, such as the buffer radius. Finally, the ExposureResult links the
derived exposure value to the corresponding subject, source dataset, and calculation.

3.3 Hybrid system architecture

This work adopts a hybrid architecture that combines Semantic Web technologies with a
conventional GIS database, PostGIS [49], to support urban environmental exposure cal-
culations. In the framework of Chen et al. [9], environmental data are accessed through
semantic queries and spatial exposure calculations are performed within the agent. Here,
the agent retrieves the calculation specification from the knowledge base and executes the
spatial operations directly in PostGIS. For the city-scale calculations in this study, pro-
cessing exposure datasets directly in PostGIS limits data transfer and makes use of its
spatial indexing and geospatial functions. The semantic layer is represented using RDF
and queried using SPARQL, whereas the spatial layer is managed in PostGIS using SQL.

Throughout this paper, specific entities represented by the ontology are referred to as
ontology instances. Each instance belongs to an ontology class and represents a particular
subject, environmental dataset, calculation method or exposure result. Representative
instances are used throughout the figures to illustrate how these concepts are represented
within the proposed framework.

The conceptual workflow shown in Figure 1 is implemented by the hybrid architecture
illustrated in Figure 2. Each exposure calculation is initiated by one instance of each on-
tology class, representing the subject (Subject), exposure dataset (ExposureDataset),
and calculation method (Calculation). The knowledge base stores the semantic de-
scriptions of these instances. The exposure calculation agent retrieves the corresponding
metadata through SPARQL, translates it into the corresponding SQL query, and executes
the spatial operations directly in PostGIS. After the calculation is completed, the result-
ing exposure value is stored as an ExposureResult together with explicit links to the
semantic inputs used to derive it, preserving its calculation provenance. The exposure
results can subsequently be mapped to a data dictionary, providing standardised vari-
able definitions for downstream statistical analysis and data sharing. For illustrative pur-
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Figure 2: Workflow for calculating exposures. Demonstrated for heat exposure at a se-
lected postal code.
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poses, Figure 2 uses the representative instances postal_code_1, utci_dataset, and
raster_average.

4 Data

Our Singapore case study uses the data sources shown in Figure 3 to characterise three as-
pects of the urban environment: environmental conditions, urban morphology and socioe-
conomic conditions. The datasets are supplied in three common forms used in geospatial
analysis: raster data, vector data and attributes associated with spatial entities. These dif-
ferent native structures provide a useful test of the framework’s ability to represent and
manage heterogeneous environmental data consistently.

URBANENVIRONMENT

Population

Road network

Building footprints

SOCIOECONOMIC

Income distribution

Heat: year=2019, 12 months  

Greenness: 10 years (2016 – 2025)

Low High

Low High

Low High Low High

Study area: Singapore

January (2019) December (2019)

…

…
2016 2025

Figure 3: Datasets used to characterise the urban environment of Singapore. Map snap-
shot obtained from Google Maps [20].

To demonstrate the temporal representation supported by the proposed framework, mul-
tiple years of greenness datasets (2016–2025) and monthly heat datasets for a represen-
tative year (2019) were compiled. Different temporal resolutions were selected to reflect
the assumed temporal characteristics of the underlying environmental processes. As ur-
ban greenness is assumed to change relatively slowly, annual datasets using a consistent
processing and compositing workflow were considered sufficient to represent long-term
vegetation conditions for each calendar year. By contrast, thermal conditions exhibit sub-
stantial seasonal variability, so monthly datasets were used to capture temporal changes
in the urban thermal environment within a single year. The remaining urban morphol-
ogy and socioeconomic datasets were represented using a single snapshot, as comparable
time-series datasets were not available.

The 2016–2025 period was selected to align with the study period of the SG100K [50]
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cohort, supporting future downstream epidemiological studies. The year 2019 was chosen
for the heat datasets because it was among Singapore’s warmest years on record, providing
a representative example of elevated thermal conditions [41].

4.1 Raster datasets

4.1.1 NDVI

Urban greenness has been widely associated with physical and mental health, thermal
comfort, and quality of life, and is commonly quantified using satellite-derived vegetation
indices such as the Normalised Difference Vegetation Index (NDVI) [56] and Enhanced
Vegetation Index (EVI) [38, 39].

In this work, NDVI was used to quantify physical greenness exposure. Annual NDVI
datasets with 10 m resolution were generated from Sentinel-2 Level-1C imagery [10, 12]
for the period 2016–2025 using Google Earth Engine [21]. Cloud-contaminated obser-
vations were identified using the s2cloudless Sentinel-2 Cloud Probability product, with
pixels having cloud probability ≥ 40% excluded [62]. Explicit cloud-shadow projection
was not applied, as comparative testing showed that it could remove genuine vegetated
areas and introduce inconsistent artefacts across years. NDVI was calculated according to
[40]:

NDVI =
NIR−Red
NIR+Red

(1)

where NIR and Red denote the near-infrared and red spectral bands, respectively. A pixel-
wise median annual composite was then produced to generate a representative greenness
surface for each calendar year while reducing the influence of transient artefacts and tem-
poral variability [25].

4.1.2 UTCI

The Universal Thermal Climate Index (UTCI) was used to represent heat exposure in this
study. High-resolution UTCI datasets at a 4 m spatial resolution were generated using
the methodology of Wang et al. [66], which integrates urban morphology, land-surface
information, meteorological conditions, and human angular radiation factors to estimate
pedestrian-level outdoor thermal stress across Singapore. Monthly UTCI rasters for 2019
were incorporated into TWA, with each raster representing the pixel-wise maximum UTCI
for that month. Using the monthly maximum captures the highest estimated thermal stress
at each location, providing a measure of potential peak heat exposure.

4.1.3 Population

Population data were obtained from the 2020 population distribution dataset provided by
AI for Good at Meta [14, 63]. This 30 m resolution raster estimates the spatial distribu-
tion of the resident population by combining census information with satellite imagery
and ancillary geospatial data. Population was included as a socioeconomic indicator to
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investigate whether environmental exposures, including greenness, heat, and urban infras-
tructure, vary with the concentration of the resident population.

4.2 Vector datasets

Building footprints and road network data were obtained from OpenStreetMap [44]. These
vector datasets were used to characterise urban morphology by deriving building coverage
and total road length within the surrounding neighbourhood. Although OpenStreetMap
provides extensive spatial coverage and frequent updates, its data quality varies across
locations because of its crowdsourced nature.

4.3 Attribute datasets

4.3.1 BGVI

Building Green View Index (BGVI) was used to quantify visual greenness exposure. Un-
like NDVI, which measures the physical presence of vegetation, BGVI measures the ex-
tent to which surrounding vegetation is visible from a building’s perspective, reflecting
the greenness experienced by building occupants [71].

BGVI was calculated using the ray-tracing approach developed by Feng and Yang [15].
Rays are cast from observer locations distributed along the building boundary, and the
proportion of rays whose first intersection is vegetation is used to derive the index. Fig-
ure 4 illustrates the ray-tracing process, with rays whose first intersection is vegetation
highlighted in green. BGVI ranges from 0 to 1, where 0 indicates that no vegetation is
visible and 1 indicates that vegetation is visible in all directions. The calculation integrates
building geometries, elevation, NDVI, and tree canopy data.

Figure 4: Ray tracing to calculate visual greenness.

BGVI estimates were generated for five representative floor groups in Singapore (floors
1–2, 3–6, 7–12, 13–22, and 23+). The case study in this paper used estimates for the first
floor group (floors 1–2) only, since the choice of floor group does not affect the design of
the framework.
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4.3.2 Income distribution

Income distribution data were obtained from the 2020 population census published through
Singapore’s open data portal [22]. The dataset reports the number of resident households
in each planning area by monthly household income from work, using discrete income
brackets (e.g., below S$1,000; S$1,000–1,999; S$2,000–2,999; etc.). Principal compo-
nent analysis (PCA) was applied to reduce the dimensionality of these correlated income
distributions, summarising them into a small number of components for subsequent anal-
yses.

Household counts were converted to proportions within each planning area so that the
PCA captured differences in income composition rather than differences in planning area
population size. The proportion of households in each income category was standardised
across planning areas to zero mean and unit variance before applying PCA so that cate-
gories with greater variance did not dominate the analysis solely because of their scale.
The resulting principal components were used as indicators of neighbourhood socioeco-
nomic characteristics.

Figure 5 presents the results of the PCA. The first two rows show the income distributions
of four planning areas selected to represent distinct socioeconomic profiles: Bukit Timah
(high affluence), Yishun (lower affluence), Outram (larger proportion of lower-income
households), and Pasir Ris (stronger upper-middle- and high-income profile). The third
row presents the PCA results. The first two principal components (PC1 and PC2) explain
83.3% of the total variance, supporting the use of a two-component representation. PC1
primarily summarises neighbourhood affluence, while PC2 contrasts lower-income with
upper-middle- and high-income household profiles. The component loadings supporting
these interpretations are presented in the Supplementary Information. The PCA score plot
projects all planning areas onto the PC1–PC2 space, with the four example planning areas
highlighted.

5 Exposure calculations

In the Singapore case study, the framework was applied to calculate urban environmental
exposure measures for approximately 120,000 postal-code locations. In Singapore, six-
digit postal codes identify individual delivery points at the level of a house or building.
Postal-code locations were obtained from [19]. Within the framework, each postal-code
location was represented as a Subject for which environmental exposure measures were
calculated.

For each postal code, the following exposure metrics were derived and subsequently used
in the later analyses:

• Environment: physical greenness, visual greenness, and heat exposure.

• Urban: neighbourhood building coverage and total road length.

• Socioeconomic: population and income PC1/PC2.

14



Selected areas

Bukit Timah
Outram
Pasir Ris
Yishun

1 5 10 20
Income (S$k)

Nu
m

be
r o

f r
es

id
en

t
ho

us
eh

ol
ds

Bukit Timah

1 5 10 20
Income (S$k)

Outram

1 5 10 20
Income (S$k)

Pasir Ris

1 5 10 20
Income (S$k)

Yishun

0 5
PC1 (affluence)

4

2

0

2

4

PC
2 

(in
co

m
e 

st
ru

ct
ur

e)

PCA score plot for all areas

(Bukit
Timah)

(Outram)

(Pasir Ris)

(Yishun)

1 2 3 4 5 6 7 8 9 10
Principal component

0.0

0.1

0.2

0.3

0.4

0.5

0.6

Ex
pl

ai
ne

d 
va

ria
nc

e 
ra

tio (0.58)

(0.25)

Scree plot

Planning
areas

Selected
income
distributions

PCA

Figure 5: PCA of income distribution.
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The methodology used to derive each exposure depends on the characteristics of the un-
derlying dataset, including its spatial representation (e.g., raster, vector, or attribute data)
and the intended interpretation of the exposure metric. Table 1 summarises the datasets
used in this study together with the corresponding calculation methods, which are de-
scribed in detail in the following subsections.

Table 1: Summary of exposure calculations.

Exposure Dataset Dataset
representation

Exposure calculation

Physical greenness NDVI Raster Area proportion
within buffer

Heat UTCI Raster Mean value within
buffer

Population Population count Raster Sum within buffer
Building coverage Building footprints Vector Area proportion

within buffer
Road length Road network Vector Total length within

buffer
Visual greenness BGVI Attribute Direct assignment
Income PC1/PC2 Income distribution Attribute Direct assignment

5.1 Neighbourhood-based exposure calculations

Unless otherwise stated, neighbourhood-based measures were calculated using a 400 m
circular buffer centred on each postal-code point. The distance was selected to represent
the walkable neighbourhood commonly used in environmental epidemiology studies [24].

5.1.1 Raster-based exposures

Physical greenness. Following annual compositing, pixels with NDVI ≥ 0.2 were clas-
sified as vegetated before ingestion into the framework, consistent with thresholds com-
monly applied in tropical and Asian urban vegetation mapping studies [23, 27]. The expo-
sure calculation then derived the proportion of vegetated area within the neighbourhood
buffer surrounding each postal code. While the framework supports alternative physical
greenness measures, this proportion was used as a representative NDVI-derived indicator
for demonstrating the proposed semantic framework.

Heat. Heat exposure was quantified using the UTCI raster dataset. Heat exposure for each
postal code was calculated as the spatial mean of the pixel-wise monthly maximum UTCI
values within its 400 m buffer. Averaging is appropriate because UTCI is a continuous
variable with physically meaningful values, allowing the pixel values within the buffer to
be aggregated into a single exposure metric.

Population. Neighbourhood population was estimated by summing population values
from raster cells within the buffer around each postal code. This measure approximates
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the number of residents in the surrounding area, subject to the resolution and accuracy of
the underlying population data.

5.1.2 Vector-based exposures

Building coverage. Building coverage was quantified as the proportion of the buffer
occupied by building footprints. This was calculated by intersecting building polygons
with the buffer, summing the areas of the resulting intersections, and normalising by the
buffer area.

Road length. Road exposure was quantified as the total road length within the buffer.
This was calculated by clipping road segments to the buffer boundary and summing the
lengths of the resulting segments.

5.2 Direct assignment

Exposure values derived from datasets associated with individual spatial features were
assigned directly to postal codes using a simple spatial intersection.

Visual greenness. Visual greenness was estimated at the building level. As the building
and postal-code datasets were obtained from different sources and did not share a common
identifier, each postal-code point was associated with its corresponding building through
spatial intersection. The building-level BGVI value was then assigned to the postal code.

Income distribution. Income distribution data were available at the planning area level
rather than the postal-code level. Each postal code was therefore assigned the correspond-
ing PC1 and PC2 values (Section 4.3.2) of the planning area in which it was located.

6 Results

The results address two questions: first, whether the proposed representation can accom-
modate heterogeneous exposure calculations at city scale; and second, whether the re-
sulting measures can be retrieved with their calculation specifications and traced to their
source data. We begin by illustrating the common semantic representation of exposure
results. We then examine the spatial distributions and relationships among measures gen-
erated for approximately 120,000 Singapore postal-code locations. The final examples
demonstrate retrieval using specified exposure criteria, tracing individual values to their
inputs, and comparing estimates calculated using alternative buffer sizes.

6.1 Semantic representation of exposure results

Figure 6 shows the semantic representation of three exposure calculations from the Singa-
pore case study, using raster, vector and attribute data. Although the underlying datasets
and calculation methods differ, each exposure is represented consistently through linked
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Figure 6: Illustrative example showing how multiple environmental exposures associated
with a single subject are represented using a common semantic structure.

Subject, ExposureDataset, Calculation and ExposureResult instances. Where
needed, calculation-specific metadata, such as buffer distance and temporal parameters,
are associated with the corresponding Calculation instance. These examples demon-
strate that exposure measures derived from different data structures and calculation meth-
ods can share the same subject–dataset–calculation–result representation while retaining
calculation-specific information.

More detailed representations and additional explanations of the proposed framework are
provided in the Supplementary Information.

6.2 Generation of analysis-ready exposure results

The purpose of the following analysis is to demonstrate that the framework generates
spatially resolved, epidemiologically interpretable exposure variables across multiple do-
mains, rather than to establish new environmental associations.

Figures 7 and 8 summarise the exposure values generated for approximately 120,000
postal codes across Singapore, showing their distributions and spatial patterns. The frame-
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work can manage datasets covering multiple time points. The results presented here use
the 2019 NDVI and BGVI datasets and the July 2019 UTCI dataset as representative
examples.

(a) Physical greenness (2019) (b) Visual greenness (2019)

(c) Heat (July 2019) (d) Road length

(e) Building coverage (f) Population

Figure 7: Spatial distribution of the environmental, urban morphology, and socioeco-
nomic exposure metrics across Singapore. Each map uses the same colour
scale as the corresponding histogram in Figure 8.

Figure 7 shows the spatial distribution of the exposure values, with each postal code rep-
resented by a point coloured according to its value. Figure 8 shows the distribution of
these values across all postal codes, with P10, P50 and P90 denoting the 10th, 50th (me-
dian) and 90th percentiles. A consistent colour scheme is used in both figures to facilitate
comparison. Income distribution is omitted because the socioeconomic indicators (PC1
and PC2) have already been characterised through the PCA analysis presented in Fig-
ure 5. Plotting their distributions across postal codes would largely reflect the repeated
assignment of planning area values rather than provide additional insight.

The generated exposure metrics exhibit different distributions and spatial patterns, re-
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Figure 8: Histograms showing the distribution of environmental, urban morphology, and
socioeconomic exposure metrics used in this study.

flecting the diversity of the underlying environmental characteristics. For example, by
comparing Figures 7a and 7c, areas with high physical greenness generally correspond
to lower heat exposure, suggesting an inverse relationship between these two variables.
While Figures 7 and 8 present each exposure independently, environmental exposures are
often interrelated and should therefore be considered jointly.

Figure 9 therefore illustrates the joint spatial distribution of heat exposure and physical
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(a) Spatial distribution of postal codes classified ac-
cording to the combined quartiles of heat exposure
and physical greenness.
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Figure 9: Joint classification of postal codes according to heat exposure and physical
greenness.

greenness by classifying postal codes according to the quartiles of both variables. Nearly
half of all postal codes fall along the diagonal corresponding to higher greenness with
lower heat and lower greenness with higher heat, illustrating a strong inverse relationship
between these two exposure metrics.

Together, these results demonstrate that the framework generates exposure measures with
distinct spatial distributions and supports their joint examination across Singapore. The
following section examines relationships among the generated measures.

6.3 Relationships between exposure results

While Figure 9 qualitatively illustrates the relationship between heat and physical green-
ness through their joint spatial distribution, the following analyses examine relationships
across all exposure metrics simultaneously. These analyses provide a descriptive check
of whether the generated measures retain interpretable urban-environmental relationships
and illustrate their use in joint exposure analysis.

Figure 10 presents a correlation matrix based on Spearman’s rank correlation coefficient,
providing an overview of pairwise associations between the generated exposure datasets.
Correlation coefficients range from −1 to 1, where positive values indicate that two vari-
ables tend to increase together, negative values indicate an inverse relationship, and values
closer to ±1 represent stronger associations. Among all pairwise comparisons, the largest
absolute Spearman correlation coefficients are observed between the greenness metrics
(physical and visual) and heat exposure, between the greenness metrics and building cov-
erage, and between population and Income PC1.

Physical and visual greenness are strongly correlated but have different distributions (Fig-
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Figure 10: Correlation heatmap between different exposures.

ures 8a and 8b), with visual greenness more concentrated near zero. They also represent
different aspects of exposure: physical greenness measures neighbourhood vegetation
coverage, whereas visual greenness depends on vegetation arrangement and occlusion by
the built environment. Previous comparisons similarly show that visible-greenery mea-
sures capture information not represented by NDVI [34].

The negative association between greenness and heat is consistent with the cooling effects
of urban vegetation reported in previous studies [16, 67]. Greenness is also negatively
correlated with building coverage, reflecting the competing spatial requirements of vege-
tation and the built environment. The negative correlation between population and Income
PC1 indicates that more affluent planning areas tend to contain postal-code locations with
lower neighbourhood population counts.

These relationships illustrate how the generated datasets can be analysed jointly while
preserving the distinct interpretation of each exposure measure.

6.4 Semantic retrieval and provenance

The principal methodological benefit of the framework is not merely that it calculates
exposure values, but that the resulting values remain computationally connected to their
source datasets, calculation methods and parameters. The following examples demon-
strate how these links support the selection of locations meeting specified exposure cri-
teria, the tracing of individual results to their inputs, and the comparison of estimates
calculated using different buffer sizes.
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Selection
criteria

Perform SPARQL queries over knowledge base

Assets

Postal code Physical 
greenness Heat

018906 P11 P85

018947 P9 P99

018962 P7 P89

... ... ...

Find postal codes with:

Physical greenness (2019) < P20
Heat (July 2019) > P80
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postal
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Selected
matching
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Provenance of exposure results for postal code
018962 is shown in the following figure

Figure 11: Retrieving postal codes satisfying the specified exposure criteria. The high-
lighted postal code, 018962, is examined in Figure 12.

Figure 11 demonstrates how an epidemiological query is evaluated against the knowledge
base to identify postal codes satisfying the specified exposure criteria. In this example,
the query retrieves postal codes with physical greenness in 2019 below the 20th percentile
and heat exposure in July 2019 above the 80th percentile, using a 400 m buffer. The query
returns 13,833 matching postal codes, with selected records also shown.

Figure 12 traces the exposure results for postal code 018962, highlighted in Figure 11.
The postal code is represented as a Subject, whose ExposureResult instances are
linked to the corresponding ExposureDataset and Calculation instances. The
Calculation instance labelled raster_average_400 computes the mean UTCI
within the 400 m buffer, whereas raster_area_400 computes the proportion of the
400 m buffer area classified as vegetated in the NDVI dataset. These links retain the source
datasets, temporal context and calculation parameters, allowing researchers to retrieve
each value together with the information needed to interpret it.
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Figure 12: Tracing the provenance of exposure values for a retrieved subject.

Figure 13 demonstrates how alternative exposure specifications can be compared while
retaining their provenance. For postal code 018962, heat exposure was recalculated by
increasing the buffer radius from 400 m to 800 m, using the same 2019 UTCI dataset and
July selection. This changes the estimated UTCI by less than 0.02 ◦C, with both values
rounding to 34 ◦C, but raises the percentile rank from approximately P89 to P96 within
the respective buffer-specific distributions. The two Calculation instances specify the
same raster-averaging method but different buffer radii. Each ExposureResult instance
retains its value and percentile rank and is linked to the same subject and dataset and to
its respective calculation instance. These links allow the estimates to be retrieved and
compared while preserving the calculation specification associated with each result.
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Figure 13: Comparison of heat exposure calculated using 400 m and 800 m buffers for
postal code 018962. Percentiles were calculated separately for each buffer
radius using the same set of postal codes.

7 Limitations and future work

The framework standardises the semantic representation, management and retrieval of en-
vironmental exposure data, while preserving links between derived exposure metrics and
their source datasets. The quality, accuracy and uncertainty of these metrics therefore de-
pend on the underlying data, including any limitations or biases they contain. Evaluating
dataset suitability remains a domain-specific task for data providers and subject-matter
experts, rather than a function of the framework itself.

A related consideration is the temporal coverage of the source data. The framework
records the temporal context of each dataset and exposure result, allowing observations to
be queried by time and compared across periods. This supports the selection of exposure
data for specific periods and for longitudinal analyses. In the Singapore case study, the
source datasets cover different years and time periods, so each exposure metric should
be interpreted with reference to its recorded temporal coverage rather than as part of a
temporally synchronised snapshot.

In this paper, provenance covers the source dataset, temporal context, calculation method
and parameters associated with each result. The proposed framework captures the se-
mantic relationships between environmental datasets, exposure calculations and exposure
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results, but does not currently record software versions, library dependencies, execution
environments or workflow execution histories. Existing tools could capture aspects of
this execution-level provenance. For example, Apache Hamilton [33] could define and
execute the calculation workflows, while OpenLineage [43] could record individual exe-
cutions. Integrating these tools is beyond the scope of this work. General computational
scalability, interoperability with external semantic systems and the use of the generated
datasets in downstream epidemiological analyses are also beyond the scope of this work.

A practical consideration in adopting semantic knowledge graphs is the initial effort re-
quired to construct and maintain them. Ontology development, the mapping of hetero-
geneous datasets and the instantiation of knowledge graph entities continue to require
domain expertise. However, tools that reduce this effort are an active area of research.
Recent work within TWA has demonstrated how existing ontologies can be compiled into
executable tools that guide large language model agents in extracting, validating and in-
stantiating structured knowledge [74]. Natural-language interfaces can similarly translate
user requests into SPARQL queries, making semantic data more accessible to non-expert
users [11, 54]. Together, these developments offer promising routes to reducing the effort
required to populate and access semantic knowledge graphs.

The present study considers fixed postal-code locations. Future work will extend the
explicit representation of calculation specifications and their links to exposure results to
subjects whose locations change over time. Building on the trajectory-based assessment
demonstrated by Chen et al. [9], this would allow exposures along individual movement
trajectories to be retrieved and compared together with the data, methods and parameters
used to derive them.

8 Conclusions

We developed a knowledge-driven framework that represents environmental exposure cal-
culation methods and parameters separately from their source datasets and links each re-
sult to the subject, data and calculation specification used to derive it. This common
semantic structure accommodates raster, vector and attribute-based exposure measures
while preserving their methodological differences. Spatial operations are performed di-
rectly in PostGIS, and the resulting values remain linked to their semantic inputs.

The Singapore case study demonstrated this approach across environmental, urban-morphology
and socioeconomic measures for approximately 120,000 postal-code locations. Exposure
profiles could be retrieved using specified exposure criteria and time periods, individual
values traced to their source datasets and calculation specifications, and estimates com-
pared under alternative buffer sizes. These results demonstrate the generation of analysis-
ready exposure datasets at city scale with explicit records of the source data, temporal
context, methods and parameters needed to interpret each value.

For epidemiological research, these links make it possible to select exposure measures
with the required temporal coverage and calculation settings, and to distinguish estimates
derived under different assumptions. Researchers can therefore assemble analysis-ready
datasets while retaining access to the methodological information needed to interpret and
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compare the selected measures. Future work will link these exposure measures to longi-
tudinal health data from participants in the SG100K study [50].

Nomenclature

BGVI Building green view index

GIS Geographic Information Systems

NDVI Normalised difference vegetation index

PC1 First principal component of PCA

PC2 Second principal component of PCA

PCA Principal component analysis

RDF Resource description framework

SPARQL SPARQL Protocol and RDF Query Language

SQL Structured query language

TWA The World Avatar

UTCI Universal Thermal Climate Index
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A Supplementary Information

A.1 Income PCA

Figure 14 shows the contribution of each income category to the two principal compo-
nents. Larger absolute loadings indicate a greater contribution. The highest income cate-
gories contribute most strongly to PC1, supporting its interpretation as a neighbourhood
affluence score. PC2 contrasts lower-income categories with upper-middle- and high-
income categories, so it captures differences in household income patterns across planning
areas.
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Figure 14: Component loadings from the PCA.

A.2 Ontology representation and example queries

The remainder of this section explains how the knowledge graph represents the main
parts of an exposure assessment. It begins with subjects (Section A.2.2) and exposure
datasets (Section A.2.3), then describes calculations (Section A.2.4) and exposure results
(Section A.2.5). The corresponding ontology classes are exp:Subject, exp:Exposu
reDataset, exp:Calculation, and exp:ExposureResult. Together, these classes
represent the location being assessed, the environmental data, the operation applied to
those data and the resulting exposure value.

The figures distinguish between two parts of the ontology: the TBox and the ABox. The
TBox defines the general structure, including the classes, properties and relationships.
The ABox records specific instances of those classes and the relationships between them.
The TBox figures therefore show the general model, while the ABox figures show how
the model represents particular subjects, datasets, calculations and results.

Section A.2.1 introduces the namespace prefixes used in the figures and example queries.
Each later section explains the role of one component, shows how the ontology represents
it and, where relevant, provides an example SPARQL query for retrieving the information.
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A.2.1 Notation and namespaces

The ontology diagrams and SPARQL queries use the namespace prefixes listed below.
A prefix is a short form of a URI and identifies the vocabulary that defines a term. For
example, exp:Subject refers to the Subject class in the exposure ontology, while
geo:Feature refers to the Feature class in GeoSPARQL. Throughout this section,
typewriter text marks formal ontology identifiers, including classes, properties and in-
stances.

dcat: <http://www.w3.org/ns/dcat#>
dcterms: <http://purl.org/dc/terms/>
der: <https://www.theworldavatar.com/kg/ontoderivation/>
exp: <https://www.theworldavatar.com/kg/ontoexposure/>
geo: <http://www.opengis.net/ont/geosparql#>
owl: <http://www.w3.org/2002/07/owl#>
rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#>
rdfs: <http://www.w3.org/2000/01/rdf-schema#>
xsd: <http://www.w3.org/2001/XMLSchema#>
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A.2.2 Subject

An exposure assessment begins by identifying the subject: the person, place or other entity
whose exposure will be calculated. The subject provides the location used in the spatial
calculation. In the present study, the subjects are fixed postal-code locations represented
as instances of exp:Subject.

Figure 15 shows how the ABox represents exp:postal_code_1, an instance of exp:
Subject for the postal code ‘123456’. The postal code is represented by a separate
entity with properties such as the postal code value and address. The figure omits these
relationships because the exposure calculation does not use them. exp:Subject is a
subclass of geo:Geometry, so it inherits the properties of geo:Geometry. The exposure
calculation agent only needs the geometry as a Well-Known Text (WKT) literal, which it
accesses through the geo:asWKT property.

rdf:type

geo:asWKT

TBox

ABox

POINT(103.85 1.27)

exp:postal_code_1

rdfs:subClassOf

exp:Subject

geo:Geometry

123456

Figure 15: ABox representation of an exp:Subject instance.

Figure 16 shows an example query used by the exposure calculation agent to retrieve the
WKT literal for exp:postal_code_1:

PREFIX geo: <http://www.opengis.net/ont/geosparql#>
PREFIX exp: <https://www.theworldavatar.com/kg/ontoexposure/>
SELECT ?wkt
WHERE {
exp:postal_code_1 geo:asWKT ?wkt .

}

Figure 16: Example query to retrieve a subject’s location.
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A.2.3 Exposure dataset

Once the subject has been identified, the framework specifies the environmental data used
to calculate the exposure. An exposure dataset identifies the source data and records the
metadata needed to find and interpret them. Exposure datasets are represented as instances
of exp:ExposureDataset.

Figure 17 shows how the ABox represents exp:utci_dataset, an instance of exp:
ExposureDataset for the UTCI data used in the case study. exp:ExposureDataset
is a subclass of dcat:Dataset. It can therefore use the metadata properties defined
by DCAT [68], including dataset descriptions and access URLs. This makes it possible
to represent datasets stored in different locations or accessed through different services.
The current exposure calculation agent only uses the dcterms:title property, which
identifies the corresponding dataset in PostGIS.

rdfs:subClassOf

rdf:type

utci_raster

TBox

ABoxdcterms:title

exp:utci_dataset

exp:ExposureDataset

dcat:Dataset

Figure 17: ABox representation of an exp:ExposureDataset instance.

Figure 18 shows an example query used by the exposure calculation agent to identify the
dataset stored in PostGIS:

PREFIX dcterms: <http://purl.org/dc/terms/>
PREFIX exp: <https://www.theworldavatar.com/kg/ontoexposure/>
SELECT ?dataset
WHERE {
exp:utci_dataset dcterms:title ?dataset .

}

Figure 18: Example query to identify an exposure dataset in PostGIS.
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A.2.4 Calculation

With the subject and exposure dataset identified, the calculation specifies how to derive
the exposure value. It records the spatial operation and its parameters separately from the
data on which the operation is performed. The same calculation method can therefore be
described consistently and reused with different subjects or datasets.

Figure 19 shows how the TBox represents exp:Calculation, including its method and
parameters. exp:Subject and exp:ExposureDataset extend classes from established
ontology standards: GeoSPARQL [42] and DCAT [68], respectively. By contrast, exp:
Calculation is defined specifically for environmental exposure assessment. Subclasses
of exp:Calculation, such as exp:RasterAverage and exp:RasterSum, tell the
exposure calculation agent which spatial operation to perform. Other properties define the
calculation parameters. For example, exp:hasDistance gives the buffer distance, while
exp:hasDatasetFilter links a calculation to an exp:DatasetFilter instance. The
exp:DatasetFilter identifies the attribute to filter, such as month, and the required
value, such as July. Multiple time-specific datasets, including monthly UTCI rasters, can
therefore be stored in one PostGIS dataset. The agent uses the semantic metadata to select
the required subset.

Under the current design, each new calculation method requires a corresponding subclass
of exp:Calculation and an implementation in the exposure calculation agent. How-
ever, the set of spatial operations used in environmental exposure assessment is expected
to remain manageable. Defining a subclass for each method makes the method explicit,
while shared ontology properties provide a consistent way to record common parameters.

xsd:double

xsd:string rdfs:Literal

exp:RasterAverage exp:RasterSum exp:RasterArea exp:TotalLength

rdfs:subClassOf

exp:Area

exp:hasDatasetFilter exp:hasDistance

exp:Calculation

exp:hasFilterColumn exp:hasFilterValue

exp:DatasetFilter

exp:Areal

Figure 19: TBox representation of exp:Calculation.

Figure 20 shows how the ABox uses this structure to represent exp:raster_average
_calculation_1. The rdf:type statement exp:RasterAverage tells the exposure
calculation agent to perform a raster average operation. The calculation is linked to exp:
dataset_filter_1, which tells the agent to select rows where the ‘month’ attribute is
‘July’. Table 2 shows example rows from the corresponding UTCI raster table. The table
stores several monthly rasters and uses the ‘month’ column to distinguish between them.
The exp:hasDistance property gives the buffer radius used in the calculation.
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rdf:type

exp:hasFilterColumn exp:hasFilterValue

exp:dataset_
filter_1

TBox

ABox

exp:hasDatasetFilter exp:hasDistance

exp:raster_average_
calculation_1

rdfs:subClassOf

exp:RasterAverage

exp:Calculation

Figure 20: ABox representation of an exp:Calculation instance.

Table 2: Illustrative rows from the UTCI raster table.

rid rast month

1 0100000100268C1EE87D8C17... July
2 0100000100268C1EE87D8C17... January

Figure 21 shows an example query used by the exposure calculation agent to retrieve the
metadata for exp:raster_average_calculation_1:

PREFIX dcterms: <http://purl.org/dc/terms/>
PREFIX exp: <https://www.theworldavatar.com/kg/ontoexposure/>
SELECT ?rdf_type ?buffer_distance ?filter_column ?filter_value
WHERE {
exp:raster_average_calculation_1 a ?rdf_type ;

exp:hasDistance ?buffer_distance;
exp:hasDatasetFilter ?dataset_filter.

?dataset_filter exp:hasFilterColumn ?filter_column;
exp:hasFilterValue ?filter_value.

}

Figure 21: Example query to retrieve the parameters of a calculation.
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A.2.5 Exposure result

An exposure result links the subject, exposure dataset and calculation described in the
preceding sections. It records the exposure value and the information needed to determine
where it applies, which data were used and how it was calculated.

Figure 22 shows how the TBox represents exp:ExposureResult and links it to the
other parts of the exposure assessment. exp:ExposureResult uses the der:Deriva
tion class proposed by Bai et al. [2], making it compatible with the derived information
framework. An exp:ExposureResult records the exposure value, its unit and its
percentile. It also links to the relevant exp:Calculation, exp:Subject and exp:
ExposureDataset. The raw value is retained, while the percentile provides a normalised
measure that may be more useful in later epidemiological analyses.

exp:hasValue exp:hasPercentile exp:hasCalculationMethod

exp:ExposureResult

exp:Calculationxsd:decimal xsd:decimal xsd:string

exp:hasUnit

der:belongsTo
owl:Thing

der:isDerivedFrom
der:Derivation owl:Thing

Figure 22: TBox representation of exp:ExposureResult.

Figure 23 shows how the ABox represents exp:heat_result_1, an instance of exp:
ExposureResult. The links to the exp:Calculation, exp:Subject and exp:
ExposureDataset instances preserve the provenance of the exposure value. Users
can follow these links with SPARQL queries to determine how the value was produced.
Storing the value, unit, percentile and provenance together makes environmental exposure
datasets easier to trace, interpret and compare for later epidemiological analyses.

Figure 24 shows an example query that retrieves subjects (postal codes) above the 90th
percentile for heat exposure, using exp:raster_average_calculation_1 and
exp:utci_dataset:

35



ABox TBox
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der:Derivation

exp:Calculation

exp:ExposureDataset
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Figure 23: ABox representation of an exp:ExposureResult instance.
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PREFIX der: <https://www.theworldavatar.com/kg/ontoderivation/>
PREFIX exp: <https://www.theworldavatar.com/kg/ontoexposure/>
SELECT ?subject
WHERE {
?derivation der:isDerivedFrom exp:utci_dataset;

der:isDerivedFrom ?subject.
?result exp:hasCalculationMethod exp:raster_average_calculation_1;

der:belongsTo ?derivation;
exp:hasPercentile ?percentile.

FILTER (?subject != exp:utci_dataset && ?percentile > 90)
}

Figure 24: Example query to retrieve postal codes above the 90th percentile for heat
exposure.
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