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Abstract 

Background: The complexity of urban ecosystems and populations presents major challenges in studying how urban settings shape 
populations’ wellbeing and health over space and time. The urban exposome methodological framework has been earlier defined as 
the continuous spatiotemporal monitoring of population indicators associated with urban external and internal exposome domains, 
using small area-level analysis. We present the design of a novel urban exposome methodological framework and outline the appli
cation of its exposomics tools as nested within a specific longitudinal setting, that is that of the CONSTANCES cohort in France.

Methods: CONSTANCES is a population-based cohort including >200 000 volunteers recruited between 2012 and 2020 and followed- 
up to date annually with a medical examination every 4 years. The urban Paris population and its setting is considered here, using 
IRIS small area level (IRIS division of the territory typically involves a population of 1800 to 5000 inhabitants). Using the human expo
some domains’ classification, we describe a novel methodological approach for tackling the spatiotemporal profile dynamics of the 
urban Paris exposome and investigate its prospective association with a health outcome, that is body mass index (BMI). Participants 
from the inclusion dataset are clustered into exposome-based spatial networks using hierarchical clustering on principal compo
nents, applying spatial constraints. Mixture effects of co-occurring and space- and time-varying exposome variables in their prospec
tive association with BMI may be estimated using Bayesian kernel machine regression—lagged distribution models, random forest 
and/or penalized regression models.

Discussion: The application of an urban exposome methodological framework nested within a longitudinal cohort population 
presents with opportunities to advance our understanding of chronic disease process in complex urban settings. Advanced biostatis
tical algorithms that account for repeated measures of exposures and outcomes are warranted. This approach would be also applica
ble in multiple urban population studies nested within different cohorts.

Key words: exposome; urban exposome; cohort; longitudinal studies; BMI; obesity; prevention; repeated measures; exposo
mics; omics. 

Introduction
In a rapidly urbanized world, more than half of the global popu
lation currently lives in urban settings. The Eleventh Sustainable 
Development Goal (SDG-11) places the cities, and their inclusive 
characteristics in the heart of sustainable development. Specific 
milestones set for 2030 aim to ensure the provision for all of safe, 
accessible and affordable basic health and education services, as 
well as improving the well-being of urban communities.1

Increased attention is placed on urban populations and accom
panying urban designs, types, uses, and forms that shape up 
relationships and complex mechanisms by which urban ecosys
tems may impact population health.2,3 Urban health represents 

a growing research priority aiming to explore the relationship be

tween population health and features of the urban ecosystem to

wards developing health, environment and climate policies that 

practically improve quality of life in urban settings.2-4

The impact of a city on its population’s health and wellbeing 

has always been debated. Several challenges arise with the various 

approaches quantifying the relationship between urban features 

and the health status of a specific urban population. First, the 

“urban environment” concept often lacks a view wider than the ur

ban typology,3 thus, putting forward a reductionist approach to a 

single physical characteristic(s) or the urban setting, while over

looking the potential synergies among demographic, social, 
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behavioral and other characteristics of the urban population.2

Additionally, as urban features are not static, but rather dynamic 
over space and time, specific attention is warranted to explore the 
interactions and mechanisms of how the network of urban charac
teristics shapes the onset and progression of urban population 
health outcomes. As much of the published literature relies on a 
cross-sectional design, the spatio-temporal patterns between ur
ban exposures and health outcomes are not well captured.5

The theoretical framework of the urban 
exposome
One of the novel concepts to address environment and health con
cerns is the human exposome concept originally coined by Dr Chris 
Wild in 2005.6 The human exposome concept encompasses the to
tality of environmental exposures and their endogenous response 
across the lifespan, and how they shape disease risk and disease 
development.6 However, when people live in urban settings with 
variable population densities, individuals often share their personal 
exposomes due to common characteristics, which in turn may be 
influenced by socioeconomic (such as ethnicity, social class) or 
physical and infrastructure parameters (such as built environment 
and neighborhood status).7 The urban exposome appears as the 
natural continuum of the human exposome towards the character
ization of small(er) urban areas in the city and their interactions 

with residents, city infrastructure, built environment and policies. 
The urban exposome was earlier defined as “the continuous tem
poral, and spatial surveillance/monitoring of quantitative and qual
itative indicators associated with the urban external and internal 
parameters (belonging to the domains of the urban exposome) that 
would ultimately shape up the quality of life and the health of the 
urban population, using small areas of the city, such as neighbor
hoods, quarters, smaller administrative districts, as the point of 
reference.”7 This definition outlines the importance of the time di
mension on one hand, underlining the need for continuous moni
toring of the temporal variation in the urban exposome 
components, and the space dimension on the other, allowing for 
the geospatial detection and monitoring of exposomic perturba
tions and health trajectories within the urban setting. Within the 
framework of the urban exposome, individual-level measurements 
aggregated within small(er)-areas of the urban setting become the 
key level of analysis, allowing for an improved understanding of 
the variability in exposures and urban health disparities. The gen
eral external urban exposome domain includes global policies, 
decisions and factors relating to the urban setting; the specific ex
ternal urban exposome domain includes climate, migration and de
mographic changes, etc, while the internal urban exposome 
includes parameters integral to the urban setting, and extending 
into the individual-level human exposome domains.7 The 

Figure 1. The natural continuum between the urban exposome and human exposome domains as influenced by theglobal dimensions of space 
and time.
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integration of longitudinal multi-omics platforms presents with op
portunities to better understand the complexity of urban exposures 
as depicted on population health indicator dynamics and associ
ated health outcomes (Figure 1).8,9

Urban exposome studies require the critical infrastructure and 
resources of pregnancy birth/population cohorts, registries/survey 
datasets, as well as the availability of routinely collected environ
mental (non-genetic) variables. One of the very first urban expo
some studies within established cohorts, the Human Early Life 
Exposome (HELIX) project used exposomic data from six urban EU 
population-based birth cohorts linking them with -omics signa
tures and child health outcomes.10 The EXPANSE study studied 
the impact of the urban exposome on cardiometabolic and pulmo
nary diseases over the life course of 55 million European inhabi
tants across 12 countries.11 The Child Cohort Network brought 
together several EU child cohorts into one data sharing platform, 
hence investigating the association of repeated measurements of 
the pregnancy and early life exposome with multi-omics and 
health outcomes followed up to 18 years of age.12

This methodological manuscript describes the incorporation of 
the urban exposome methodological framework taking the form 
of a study protocol describing the main elements (at a minimum) 
that such exposomic studies nested within existing prospective 
cohorts would possess, including their exposomics tools. The sci
entific approach presented hereafter aims to showcase a novel 
framework to articulate how longitudinal data from ongoing 
cohorts can be integrated into nested urban exposome study 
designs to capture and characterize the spatiotemporal dynamics 
of exposome profiles across urban populations—an area that has 
remained largely underexplored. The description of this methodo
logical manuscript may operationalize either within an existing 
longitudinal study or applied to multiple cohort-nested exposome 
studies. By leveraging the existing CONSTANCES (“Cohorte des 
consultants des Centres d’examens de sant�e”) cohort data infra
structure and focusing on the urban exposome of the population 
of Paris (Paris UrbanX), this approach breaks new ground by laying 
out how the associations between geospatially dynamic, tempo
rally resolved assessments of environmental exposures and their 
health impacts can be studied within a cohort infrastructure. As a 
theoretical illustration, we describe exposomic methods and tools 
for investigating the association between the urban exposome and 
body mass index (BMI), using small-area level units of measure
ment and analysis. This paper follows the “Strengthening The 
Reporting of OBservational Studies in Epidemiology” (STROBE) 
guidelines (Table S1).13

Methods
General overview of the CONSTANCES cohort and 
the city of Paris
The French general population-based cohort CONSTANCES was 
designed according to a random sampling scheme stratified on age 
(aged 18–69 years at inception), sex, socioeconomic status (SES) 
from 21 selected health screening centers (HSCs) located in 20 
“d�epartements” of different regions of France, affiliated to the 
National Health Insurance Fund (Cnam: Caisse nationale d’ assur
ance maladie) that covers salaried workers, professionally active 
or retired and their dependents (more than 85% of the French pop
ulation), thus, excluding agricultural and self-employed workers 
which are affiliated to other health insurance funds.14 Those who 
agreed to participate to CONSTANCES received questionnaires to 
complete and attended one of the HSCs for a medical examination 
and completing specific questionnaires. After enrollment, 

participants have been followed-up by annual self-administered 
paper-based or web-based questionnaires collecting various infor
mation, and they have been invited for a new medical examination 
every 4 years.14 The recruitment was initiated in late 2012 and in
cluded >200 000 volunteers recruited up to 2020 and followed-up 
to date.15 The CONSTANCES design and methodological frame
work for data and biospecimen collection have been extensively 
described elsewhere.14,16,17 CONSTANCES Cohort project has 
obtained the authorization related to confidentiality, safety, and 
security procedures from the relevant French legal authorities. 
Written informed consent was provided by participants to partici
pate in this study.14,16 De-identified data are used throughout the 
process of data transfer, management, and analysis. A summary 
of the CONSTANCES data collection tools is provided in Table S2.

There are 20 municipal arrondissements in the city of Paris, 
each divided into several IRIS (̂Ilots Regroup�es pour l‘Information 
Statistique), the fundamental intra-municipal unit.18,19 As per 
the French National Institute of Statistics and Economic Studies 
(Institut National de la Statistique et des Etudes Economiques, 
INSEE), a residential IRIS is a geographical unit area with 1800– 
5000 inhabitants; there are 992 IRIS in Paris city18 during the 
study period (2012–2020).20 The degree of urbanization of the pro
vided Paris IRIS was verified using the DEGURBA database of 
France and cross-validated with the INSEE database of urban 
units.21,22 In the CONSTANCES cohort, each participant’s home 
address was recorded at inclusion and updated throughout the 
follow-up period and geocoded with a precision indicator ranging 
from the exact address to the centroid of the zip code, then 
linked to residential IRIS version of 2016, which corresponds to 
the middle of the inclusion period.

Study population within the CONSTANCES 
cohort
To allow temporal analysis of exposome variables, we suggest 
limiting the sample to CONSTANCES volunteers enrolled during 
2012–2020 for whom follow-up information between 2013 and 
2020 is available. To limit classification bias, we propose limiting 
the sample to volunteers residing in geocoded IRIS classified as 
“residential,” and those providing only one residential address 
throughout their study period. For the sake of this example, we 
also propose limiting the sample to those being alive during the 
complete study period of interest.

Urban exposome datasets and classification into 
human exposome domains
Variables from self-administered questionnaires and health 
screening examinations at inclusion and during follow-up23 of 
the CONSTANCES population can be classified into the urban 
and human exposome domains, their components, and their 
sub-components (groups of variables)7,24 (Table S3). The tempo
ral analysis of the urban exposome would require the inclusion 
of exposomic variables assessed at three or more time points of 
follow-ups (either at inclusion and twice or more during follow- 
up years; or collected at three or more follow-up years during the 
study period). Nevertheless, other variables (collecting socio- 
demographic information, personal medical history, physical 
limitations, family medical history) need to be selected even if 
available once at baseline (Table S4).

Urban exposome variables from auxiliary data 
sources
The availability of the participants’ geocoded residential (eg, IRIS) 
data in a cohort infrastructure enables their linkage to 
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contextual indicators (ie, deprivation index, localized accessibil
ity indicators, etc.) and environmental databases,25 such as an
nual mean concentrations of fine particulate matter (PM2.5, with 
a diameter <2.5 μm), black carbon, and nitrogen dioxide (NO2) at 
the residential addresses which can be estimated with 
(100×100 m) land-use regression models incorporating ground- 
based measurements, satellite-derived and chemical transport- 
modeled estimates, road density, land-use variables, and alti
tude.26,27 Satellite-based normalized difference vegetation index 
(NDVI) can be used to estimate residential greenness within 
300 m of the participants’ residential addresses.28

As additional auxiliary data sources, further enrichment of 
CONSTANCES database with extra urban exposome variables 
can be achieved by screening national French governmental web
sites (e.g., www.info.gouv.fr, www.paris.fr, www.insee.fr) for 
articles, datasets and maps on urban exposome components cov
ering any administrative level of Paris during the study period of 
interest (2012–2020).

Data management
All information obtained from the various auxiliary sources re
quire harmonization and linkage to the CONSTANCES dataset as 
per the smallest geographic level for which each variable is avail
able. To this, we propose statistical methods that can be con
ducted in separate packages using R version 4.3.2 and R studio 
2024.04.1 and beyond.29,30 These statistical approaches can be 
further implemented using the hands-on ATHLETE tutorial, 
which describes their application across key exposome analysis 
steps: descriptive analysis, visualization, and association analy
sis.31 “ExposomeShiny” is another R-shiny web-based analytical 
tool that provides an interactive interface for exploring, visualiz
ing and analyzing exposome datasets.32

Characterizing the exposomic profile of urban 
Paris population: data processing
A total of 214 exposome variables were selected from 
CONSTANCES at inclusion and classified into (n, %): the general 
external exposome domain (30, 14%), the specific external expo
some domain (56, 26%) and the internal exposome domain (128, 
60%). The UrbanX Paris population matching our selection crite
ria comprised 20 889 participants; most were women (54%) with a 
mean age of 46.6 years (Table 1). Descriptive statistics were ap
plied to describe the human exposome profile by domain at in
clusion. The distribution of selected variables by human 
exposome domain and component are provided in Tables S5–S8.

Participant residential locations were distributed over 849 (out 
of the 992) IRIS units of Paris (Figure 2). Around 1% of the IRIS 
(n¼ 10) included ≤5 participants, and 7% (n¼ 56) included <10 
participants. Depending on the research question, it might be 
necessary to group participants into higher administrative units, 
such as per quarter or arrondissement (French administratve 
unit). The various selected exposome components and subcom
ponents of each human exposome domain at both inclusion and 
follow-ups of the CONSTANCES population can be depicted 
in Table 2.

Data pre-processing
Exposomic variables that are homogeneous (ie, those variables 
with >90% of observations with same values) and those with 
data missing for >70% are first excluded.33,34 For correlation and 
dimension reduction techniques, only the main exposures (eg, 
not including questions starting with “If yes, then”) are retained 
for better interpretation of the findings.35 Also, only one exposure 
is retained from pairs with absolute Pairwise Spearman or 
Pearson correlation coefficients r>0.9.34-36 The decision on 
which exposure to retain from the highly correlated pair is usu
ally made using expert judgment and published studies. Circo 
plots and heat maps are produced for a better visualization of 
the correlations. Skewed exposures variables are transformed to 
approach normality using either Box-Cox transformation, opti
mal transformation, categorization, logarithmic, root square, in
verse function or spline function as proposed in the exposome 
literature.33,36,37 To remove between-area variation, variables are 
centered by mean and scaled by unit variance.34 Last, the impu
tation of missing data can be done using the method of multivari
ate imputation by chained equations using predictive mean 
matching in mice R package widely used in exposome stud
ies.34,36-38 The MissForest R package is also gaining popularity in 
exposome studies as it can handle both categorical and continu
ous variables while capturing non-linear relationships, using a 
single iterative imputation algorithm.39-41 These pre-processing 
steps are applicable separately to the database at inclusion, and 
the annual follow-up database subsequently.

Dimension reduction
Dimension reduction techniques are useful for describing pat
terns of exposures within the exposome by concentrating on the 
variance of these exposures in a smaller set of factors or compo
nents, while minimizing loss of information. Depending on the 
urban exposome research question, the dimension reduction 
techniques can be either unsupervised (applied irrespectively of 
the outcome of interest) or supervised (considering the outcome 
of interest during feature extraction).35,42-44 Specialized R pack
ages facilitate exposomics data processing, such as the exposome 
R package.45 Unsupervised Principal Component Analysis (PCA) 
are usually proposed first to reduce data dimensionality from the 

Table 1. Demographic characteristics of the urban Paris 
population at inclusion (N¼ 21805).

Variable Mean (standard  
deviation)

N (%) 

Age at inclusion 46.2 (13.2)
Age categories at inclusion, years

18–29 2382 (12)
30–39 4321 (22)
40–49 4823 (24)
50–59 4102 (21)
60–69 4283 (22)

Sex
Women 11 264 (54)
Men 9625 (46)

Professional status
I have a job 13 850 (70)
Unemployed or job seeker 1700 (8.6)
Retired or no longer in business 2595 (13)
In training (pupil, student, etc.) 592 (3.0)
Does not work for health reasons 130 (0.7)
No professional activity 386 (2.0)
Other 404 (2.1)

Recruitment center
PARIS-CPAM 11 643 (56)
PARIS-IPC 9246 (44)

Inclusion year
2012 675 (3.2)
2013 1795 (8.6)
2014 2702 (13)
2015 3319 (16)
2016 3594 (17)
2017 3654 (17)
2018 3119 (15)
2019 2031 (9.7)
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Figure 2. Geographic IRIS distribution of self-reported residential addresses in urban Paris, France.

Table 2. Availability of the human exposome variables selected from CONSTANCES dataset per exposome domain and component at 
inclusion and follow-up years.

Domain Exposome component and Sub-components Inclusion Follow-upa

2012– 
2020a

2013 2014 2015 2016 2017 2018 2019 2020 

General 
External 

Demographic Characteristics 
Geographic origins �

Socio-Economic status 
Volunteer socio-professional category;   

Professional status; Education level 
�

Volunteer Employment Situation � � � � � � � � �

Spouse Employment Situation; socio   
professional category 

� � � � � � � � �

Social Deprivation Score (EPICES) � b

Marital Status; Number of Children; Household   
composition 

� �

Living as a couple � � � � � � � �

Income � �

Financial Difficulties/Foregone Medical Care � � � � � �

Mental Health Center for Epidemiologic Studies   
Depression (CES-D) Scale CES-D Scale

� � �

Life events since the last 12 months 
Marriage; Arrival of child(ren); Death of a   

relative, etc. 
� � � � � � � �

Specific 
External 

Lifestyle 
Alcohol � � � � � � � �

Cannabis; Tobacco � � � � � � � � �

Physical Activity � �

Physical Limitations � � � � � � �

Sleep � � � � �

Diet 
Nutritional Habits � �

Diet � � � � �

Internal Intrinsic properties (age, sex) �

Medical History (personal and family) �

Women Health (eg, pregnancies;   
Menopausal treatments) 

� � � � � � � �

Health problems (eg, diabetes, respiratory   
health, etc.) 

� � � � � � � � �

Biological measurements (eg, BMI, blood   
biochemistry, blood pressure, visual   
capacity, etc.)c

� c c c c

aAccording to each participant.
bSince 2017 during the health examination at follow-up.
cAt inclusion and, during the follow-up, every 4 years if possible for the participant.
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study subset of exposures, by producing a set of linearly uncorre
lated variables called principal components (PCs) without reduc
ing the number of exposures.46

Clustering of observations sharing similar exposures
Clustering techniques, such as partitioning, hierarchical, or 
model-based approaches group observations into mutually ex
clusive clusters sharing a distinct exposomic profile that could 
potentially predict well the outcome.35,42,43 Hierarchical cluster
ing has been applied in exposomics to determine exposure clus
ters, however, without considering the spatial dimensions of the 
dataset.37,47 In our example, we aim to group participants at in
clusion by their shared exposomic profiles while keeping into 
consideration their geographic contiguity using the hierarchical 
clustering on Principal Components (HCPCA) approach that 
applies geographic constraints.47 Briefly, HCPCA allows the com
bination of three methods, that is, principal component methods, 
hierarchical clustering, and partitioning clustering, accounting 
for dissimilarities from non-geographical features as well as geo
graphical distances.48

Assuming that collected variables do not vary between inclu
sion and throughout the follow-up period, the spatiotemporal 
profiling of the urban exposome would be extended to follow-up 
time points over the years, beyond its characterization at inclu
sion. By accurately pinpointing on the geocoding of residential 
addresses and the associated urban exposures being similarly 
collected across the follow-up period, one would assess the tem
poral evolution of the urban exposome, accounting for the re
peated measures of the exposomic dataset across space.

Theoretical illustration of the present framework: 
the case of BMI as an outcome
Study outcome and covariates
Several exposomics studies have previously described human 
and urban exposome factors to explore the multifactorial biologi
cal plausibility of body mass index (BMI) disease process.37,43,49,50

In the context of Paris UrbanX, we propose limiting our sample to 
participants for whom BMI data was available with medical data 
at both inclusion (between 2012 and 2016) and follow-up 
(2017-2020). Furthermore, we propose limiting the sample to par
ticipants with no personal medical history of cardiovascular, re
spiratory, osteoarticular fractures and endocrine diseases. Age, 
sex, educational level, income, professional status, smoking sta
tus and physical activity will be considered as confounders based 
on other CONSTANCES similar studies.51,52

Single exposure-based associations with BMI
The association between multiple exposures and the human trait 
or phenotype (BMI in this case) may be studied within an exposo
mic framework using: (i) exposome-wide association studies 
(ExWAS)50,53; (ii) variable selection techniques, such as deletion- 
substitution-addition (DSA) algorithm, graphical unit evolution
ary stochastic search (GUESS) algorithms or penalized regression 
methods such as elastic net (ENET) and (iii) dimension reduction 
techniques, such as sparse partial least squares (sPLS) regres
sion.34,35,50 These statistical approaches have been also described 
in the context of repeated measures datasets, using both simu
lated and real datasets.54 While ExWAS presents with high sensi
tivity in capturing true exposures associated with the outcome, it 
is accompanied by a high % of false positives and the repeated 
measures design is not explicitly considered.54 On the other 
hand, while ENET and DSA are characterized by a low false dis
covery rate (FDR), yet they do not consider the repeated 

measures design. The mixed performances of these methods 
showcase the lack of a gold method of choice and the need of a 
careful algorithm selection and interpretation of the findings in 
each context.54

Repeated measures of multiple exposures and associations 
with BMI
Few methods are available to study the effect of a mixture of expo
sures on a health outcome.50,52 Briefly, these are grouped as: 
Bayesian Kernel Machine Regression (BKMR), Random Forest, 
Weighted quantile sum regression (WQSR) and Penalized 
Distributed Lag (Non)Linear Models (DLNMpen).55 Novel extensions 
of these approaches are developed to study the time-varying mix
ture of repeated exposures in association with health outcome. 
Next, we briefly describe these approaches and the suggested 
extensions (Figure 3).

The Bayesian Kernel Machine Regression (BKMR) allows for 
the estimation of individual and joint effects of multiple expo
sures, yet this may be troublesome for large population samples 
requiring large computational time; Bayesian Distributed Lagged 
Models (BDLM) are a useful extension of BKMR gaining popularity 
in dealing with repeated measurements of exposures. In BDLM, 
the outcome is regressed on exposures repeatedly measured dur
ing the preceding period.56 This method allows identifying criti
cal time windows of exposure mixtures, while accounting for 
non-linear and non-additive effects across multiple loca
tions.57,58 The advantage of this method lies in its ability to deal
ing with highly correlated exposures in addition to providing 
relative importance of exposure variables within and among 
groups, due to the implementation of a hierarchical variable se
lection scheme.59

The random forest algorithm is a decision-tree based method 
used for classification and regressions purposes as well as identi
fying the strongest predictors associated with the health out
come, exhibiting high performance in dealing with high- 
dimensional data.55 Nevertheless, the interpretability of the 
findings is limited to the identification of significant predictors of 
the outcome, without further insights on the extent of effect, the 
interaction and dose-response shape.55 On the other hand, WQS 
is highly effective for identifying cumulative mixture effects and 
is well suited to the complexity and high dimensionality of untar
geted exposure profiles. However, it relies on the assumptions 
that exposures do not interact and that risk changes uniformly 
across quantile categories. These assumptions can be examined 
through sensitivity analyses using different quantile schemes 
(eg, quartiles instead of deciles) and by comparing results with al
ternative mixture modeling approaches designed for smaller ex
posure sets, such as BKMR.60 Penalized Distributed Lag (Non) 
Linear Models (DLNMpen) considers the repeated measures de
sign while presenting flexibility in modelling dose-reponse rela
tionships, however, its performance depends on the dataset 
characteristics given the weakness of the method in handling 
categorical variables.54

Studying exposome associations in a 
spatio-temporal context
When linking spatial and temporal exposomic data to the 
individual-level exposome data, two methods appear promising 
to address this data heterogeneity: calculating area- and time- 
weighted average to generate individual exposures for each 
spatio-temporal exposure window, or to apply multi-level models 
using the original spatial and temporal scales of the dataset.56

Nevertheless, further efforts are warranted to evaluate the 
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performance of these strategies in their corresponding statistical 

methods.61 In our dataset, mixed effect models can be applied 

considering the exposure as a fixed effect, and the following ran

dom effect variables: the participant ID, the small-area level, and 

inclusion or follow-up medical examination year and 

hierarchical cluster number (at inclusion and follow-up), respec

tively. ExWAS and Penalized Distributed Lag (Non-)Linear 

Models  (DLNMpen) have the ability to consider repeated meas

ures design using mixed effect models, yet with mixed 

performance.54

Figure 3. Diagram of the exposomics workflow of dataset harmonization, pre-processing and main data analysis using the urban exposome concept 
and its exposomics tools in urban settings.
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The implementation of BDLM in a hierarchical framework 
(Bayesian Hierarchical Distribution Lagged Models (BHDLM)) 
allows for more flexibility in the analysis of data distributed over 
space and time.59 Nevertheless, its application in longitudinal 
datasets is limited in moderate sample sizes; in large cohort stud
ies with a large number of exposure variables (>50), their perfor
mance may be challenged by model instability and high 
computing time.55 A suggestion would be to apply this method to 
a smaller subsample with a subset of pre-selected variables. 
Extensions of random forest approaches and penalized regression 
methods were also recently suggested to accommodate for space- 
and time-dependent data using the R package RandomForestsGLS 
and dlnm, respectively.62,63 Yet, the application of these novel 
approaches is still scarce in urban exposome studies.

The situation may become more complex in multi-omics data
sets to be used in urban exposomics studies by integrating a suite 
of transcriptomics, proteomics, metabolomics, microbiome data
sets, etc, that may be available at multiple time points for the 
study population or not; there are novel algorithms that perform 
multi-omics integration by treating each omics platform as a sep
arate block, yet there is limited work in this topic.9,64,65 The 
mixOmics R package offers a wide range of multivariate methods 
(eg, sparse PCA, or sparse partial least square analysis or canoni
cal correlation analyses for the exploration and integration of 
omics datasets, allowing for feature selection.64,65

Discussion
The availability of a multitude of time-varying and spatially-re
solved data of a longitudinal cohort of any kind (pregnancy-birth, 
population-based, administrative cohort) promotes the utility of 
the urban exposome methodological framework and its exposo
mic tools in designing exposome studies nested within existing 
cohorts towards exploring linkages between multiple exposures 
and health outcomes at a small-area scale of analysis for an ur
ban population. This paper presents a novel methodological 
framework for integrating longitudinal data into urban exposome 
research, using a comprehensive, real-world application to the 
urban population of Paris, France. This work presents an over
view of the novel exposomic tools that aim to explore how the 
global dimensions of time (repeated measures of exposures) and 
space (small-area level) would influence associations between 
multiple exposures of the urban exposome profile and selected 
human traits, such as the BMI. This urban exposome framework 
within the CONSTANCES cohort is based on collected individual- 
level information to which layered geographical area-level infor
mation obtained from auxiliary sources or multi-omics datasets 
or sensor-based exposures may be integrated and merged into a 
single dataset. Our paper provides a comprehensive description 
of the statistical methods currently used in the exposomic litera
ture, outlining their respective advantages and limitations, 
explaining the rationale for selecting these approaches, and of
fering a conceptual demonstration of their application in the 
CONSTANCES cohort using BMI as an example health outcome. 
We present a novel, structured synthesis to guide data- 
integration choices within a cohort setting, emphasizing that 
interpretation must remain grounded in the underlying data 
structure and research question.

To our knowledge, this type of an urban exposome study is 
the first of its kind within the CONSTANCES cohort that consid
ers the simultaneous assessment of the intertwined urban expo
sures and their synergies across space and time, using IRIS-level 
data as a unit of analysis. In contrast to other CONSTANCES 

population studies that often rely on the “one exposure-one out
come” associations at a time,51,52,66,67 the current methodological 
approach offers the opportunity to deploy agnostic statistical 
approaches to explore the totality of urban exposome determi
nants associated with a health outcome, taking BMI as example. 
Additionally, we provide examples of how the use of additional 
open-access sources of data regularly collected during our study 
period and for the small-scale areas of the city of Paris would en
rich the span of urban exposome variables. Although some of the 
collected cohort data was not at IRIS level, the use of available 
higher-level data would still be beneficial, as it is collected in a 
standardized manner across administrative levels of France. On 
the other hand, the availability of small-area level of exposure 
measurements within an urban setting is usually limited in the 
globe, highlighting the unique strength of the CONSTANCES co
hort in incorporating urban populations and enabling such fine- 
grained spatial analyses.36,68

Limitations
Several challenges come along with the implementation of this 
complex urban in cohort studies, as illustrated in the current 
methodological study. First, the movement of the study popula
tion—whether within or outside Paris to the rest of France might 
not be reported timely or accurately by the participants. This 
becomes further challenging when attempting to study the dura
tion of exposures at small-area residential level in association 
with the onset of health outcome. This issue of “migration analy
sis” is common to urban health studies that assume a long-term 
residence in the provided address. In our study, we have selected 
participants that provided only one residential address, assum
ing their address remained the same during the study period. A 
sensitivity analysis on the duration of residence including partici
pants that provided two or more residential addresses can as 
well be suggested.69 Also, as we limited our analysis to partici
pants for which an IRIS identifier was available following linkage 
with geocoded address with an exact-address or street-match 
precision; an additional sensitivity analysis excluding street- 
match precision can be conducted.

Selecting variables available at three or more time points in 
CONSTANCES dataset for performing the repeated measures 
based longitudinal analysis resulted in the exclusion of certain 
exposome variables, and thus, of exposome components, particu
larly those relevant to occupational exposures (collected only once 
at inclusion), characteristics of housing and household products 
and exposure to pesticides (collected only once at follow-up). 
Additionally, the exposure to infectious contaminants is a missing 
exposure component, which is often understudied in human expo
some research.24,70

The lack of repeated measures for urban exposures is also an
other challenge for urban exposome studies; current strategy is 
to rely on two time points in cohort studies, or relying on mean 
values of survey or surveillance schemes in urban centers in
stead of time-varying exposomic variables, or relying on the sole 
available information.33,35,36,68,70 This underpins the importance 
of having routinely collected fine-scale information on urban en
vironmental parameters such as air and water pollutants, noise, 
traffic, UV radiation and other indicators to feed into ur
ban exposomics.

On one hand, in the proposed prospective associations of the 
Paris urban exposome and BMI, we suggested selecting partici
pants with anthropometrics being assessed during the medical 
examination at inclusion ad follow-up. On the other hand, we 
suggested excluding participants with a personal medical history 
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of five medical conditions (cardiovascular, respiratory, osteoar

ticular fractures and endocrine diseases). A comparative analysis 

can be suggested also, by excluding participants presenting with 

any personal medical history.

The novelty in applying the urban exposome 
framework to future longitudinal studies nested 
within cohorts
Future urban exposomics studies would benefit from the pro

posed methodological framework by providing a guided pipeline 

of steps to implement a longitudinal exposomics study in urban 

settings. Notably, this framework represents one of the first com

prehensive approaches to operationalize the urban exposome 

concept within a longitudinal, spatially explicit design, integrat

ing diverse exposome domains over time and space.71

Wealth of layered exposome data collected over time 
and space
The integration of urban exposome variables, obtained from aux

iliary data sources, into the cohort dataset represents a novel ap

proach that enables a more comprehensive opportunity for 

exploring the wider range of exposome components. In prospec

tive studies, the incorporation of exposures collected at fine spa

tial and temporal scales using advanced personal or portable 

monitoring devices and sensors would provide added value to 

the data, providing to some extent a solution to the availability of 

standardized geo-spatial data for the study period of interest.

Novel exposomic tools
The wealth of urban exposome data obtained from longitudinal 

studies requires the use of methods dealing with high- 

dimensional and multi-level data, thus unraveling the exposures 

truly associated with the study outcome while accounting for the 

complex and highly-correlated exposomics structure.11,35

Additional considerations need to be paid to the spatio-temporal 

dynamics of urban external exposome features that are overlaid 

to multiple individual-level exposures. The exposomics tools 

should be capable of handling a large set of time-varying expo

sures spanning over the different urban and human exposome 

domains, while accounting for multicollinearity, possible nonli

nearity, as well as the multi-level structure of the data.35

Furthermore, the longitudinal aspect of the data implies the ne

cessity for applying methods dealing with repeated assessment 

of exposures and outcomes, the time-varying cumulative sets of 

exposures and confounders, windows of susceptibility, among 

others. Despite the numerous statistical approaches proposed in 

the literature, many are still reserved to simulation studies with 

limited—and require further use in human exposome data

sets.54,55,63 In the absence of a ‘gold standard’ data processing set 

of algorithms, the need for careful interpretation of findings in 

each context is warranted, particularly in relation to the study 

design characteristics and the dataset strengths and weaknesses 

keeping in mind the study’s specific objectives and research 

questions. Nevertheless, Artificial Intelligence (AI) is growing into 

a revolutionary asset in exposome research: with its advanced 

analytical tools, particularly machine learning (ML) and deep 

learning techniques, AI is unlocking new potential in enabling 

automated data processing, pattern recognition and predictive 

modelling using complex and exposome datasets layered over 

space and time.72,73

Integration with multi-omics platforms
The collected biological samples as part of a cohort research in
frastructure would allow for the implementation of multi-omics 
platforms, such as, transcriptomics, metabolomics, or micro
biome, etc. Although none so far have been applied to 
CONSTANCES,16 the multi-omics opportunities in an urban expo
somics setting represent a novelty that would be more frequently 
considered in the near future.

Expansion to multiple cohorts
Last, the application of this methodological framework could ex
tend coverage from a single cohort to multiple cohorts spanning 
over different cities and urban policies. Such urban exposomics 
datasets provide policymakers with evidence-based knowledge 
to designing and implementing urban interventions that are tai
lored to the characteristics of the specific communities from the 
identified clusters within each city, accounting for the city’s 
exposome temporal trajectory changes.
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