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Abstract
Embraced as a breaking through methodological framework, the exposome is accompanied by novel exposure assessment
methods and data processing tools or models. However, systematic mapping of the landscape of exposome studies, including
their characteristics, components, tools and language has not been done so far. We conducted a scoping review to answer the
question: “Which main domains of the human exposome have been included in the literature and which metrics of exposure(s)/
outcome(s) have been used?” We performed a comprehensive search of human studies containing the word “exposom*” and
published up toMarch 8, 2019.We screened 1133 records and 82 studies were included in the analysis. Most studies took place in
Europe. Data analysis showed the non-systematic use of the exposome term. Most studies had a longitudinal design (n = 30,
37%), were conducted on adults (n = 40, 51%), and had a clearly defined health outcome in methodology (n = 48, 61%). Omics
tools, such as metabolomics were used in 38 studies (49%), while environment-wide association analysis was used in 9 studies
(11%). Thirty-seven (48%) studies included all three exposome domains (general external, specific external and internal) while
33 (42%) studies included two. Despite the large number of environmental components that comprise each of the exposome
domains, only a subset has been currently studied. An optimized consideration of the components from all exposome domains, as
well as the standardization of the exposure and outcome assessment methods is warranted to advance the utility of the human
exposome concept.
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Introduction

Over the last decade, the human exposome, or simply the
exposome has emerged as a novel research paradigm in epi-
demiology, biomedical, and environmental health sciences.
Originally proposed by Dr. Chris Wild in 2005 [1], the
exposome encompasses the totality of environmental expo-
sures from conception onwards, complementing the genome.

Following the first definition, in 2012, three broad exposome
domains, often overlapping with each other were also pro-
posed by Dr. Wild to classify environmental exposures within
the exposome. These domains are as follows: the general
external (wider influential factors, such as social capital, ur-
ban-rural environment, and climate), the specific external
(chemical contaminants, infectious agents, occupation and
lifestyle, etc.) and the internal domain (metabolism, oxidative
stress, aging, etc.) [2]. Growing attention is currently being
paid to the role of the totality of environmental exposures
and their endogenous response as it is imprinted across the
lifespan in shaping disease risk and disease development
([3–5]).

In contrast to earlier epidemiological approaches that con-
sidered the reductionist concept of “one exposure-one out-
come” associations at a time, the exposome goes one step
further by examining the multitude of environmental expo-
sures that dynamically evolve over time and space for an in-
dividual and populations. Thus the more informative the ex-
posure assessment tool/metric used, the more accurate
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measurement of the exposome will be [6]. As such, novel
methodologies and tools are currently considered for better
assessment of the human exposome. These tools range from
targeted biomonitoring and untargeted approaches using -
omics technologies (e.g., genomics, proteomics, transcripto-
mics, and metabolomics) to the use of personal samplers and
wearable sensors. In light of the simultaneous consideration of
multiple exposures in association studies with health out-
comes, novel statistical and computational methods have
emerged, such as those used in the environment-wide associ-
ation study approach (EWAS), or the metabolome-wide asso-
ciation study (MWAS) approach that are often combined with
the more classical genome-wide association study approach
(GWAS) as well as other advanced statistical methods (e.g.,
Lasso, [7]).

The body of global literature on the exposome has been
growing in the past years, yet with remarkable nuances
given the embryonic nature of the concept [8]. Numerous
reviews and commentaries/perspectives on the human
exposome and its utility exist, either favoring or challeng-
ing its implementation [5, 6, 9–15]. Currently, exposome
studies focus on either a health outcome, such as cancer
[16, 17], diabetes [18], gastrointestinal diseases ([19, 20],
kidney stones [21], skin aging [22], Parkinson disease [23],
reproductive health [24–27], or on various exposure(s)/out-
come(s) metrics used in one or more domains of the
exposome [28–33].

However, in order to advance the utility and societal
impact of the exposome, it is crucial to improve our under-
standing of the methodological practices that have been
used in primary human exposome studies. Towards this
goal, we conducted a scoping review to (i) describe the
existing exposome studies in terms of study participants,
interventions, and outcomes; (ii) present the exposome
domains and their corresponding groups of components in
the selected studies; (iii) describe the variety of tools of
exposure(s)/outcome(s) metrics and data discovery tech-
niques used, and (iv) evaluate the overall methodological
quality of the exposome studies.

Methods

A review protocol was prepared based on the Cochrane
Handbook for Systematic Reviews of Intervention [34] and
the Joanna Briggs methodology for scoping reviews [35].
Between March 1 and March 8, 2019, three electronic data-
bases—Pubmed [36]; Scopus [37]; and bioRxiv, the pre-print
server for Biology [38]—were searched for the term
“exposom*”. Additionally, the following four exposome
websites: Human exposome project [39], HELIX [40],
CIRCLE [41], HEALS [42], as well as the EU Community

Research and Development Information Service website
(Cordis) [43], were reviewed using the same search string
for publications that might have not been included in the elec-
tronic databases initially searched.

We included studies in English that described original re-
search conducted on humans and if they contained the word
“exposom*”. Following deduplication of the records, we
screened titles, abstracts, and main texts. We excluded (i) re-
view papers or perspectives/commentaries/editorials and me-
ta-analyses, (ii) studies conducted in animals or in vitro, (iii)
due to non-relevance to the exposome concept and, (iv) stud-
ies containing the word “exposom*” in any part besides the
main text. No time restriction was set to any of the search
engines.

Retained articles and, when provided, their supplementary
information material were reviewed by two independent re-
searchers and tabulated data from each article were added in
four ad hoc pre-designed Excel sheets. From each study, the
information was initially recorded as a text then categorized
when feasible to include:

i) Number of counts for the word exposom as a surrogate
metric of the conscious intention of the authors to base
their study on the exposome concept and by year of
publication.

ii) P.I.C.O. table: populations; interventions; comparators,
and outcomes

iii) Exposome domains and their specific components/var-
iables following Wild’s classification [2] were treated
as a categorical variable (yes/no), specifying whether
they were tackled or not in each study. Examples of
grouped components included in a domain are shown
below:

& Internal domain: intrinsic properties (such as body
morphology), reproductive health (parity, gravidity,
breastfeeding); medical outcome (medical history
and existing medical condition); metabolic profiling;
gene expression profiling and background character-
istics present in every study, such as age, sex, and
race.

& Specific external domain: air pollutants (NOx, NO2,
CO, benzene, metals), particulate matter (PM2.5,
PM10, airborne pollen, dust), noise (residential noise,
traffic noise), soil contaminants (concentrations of
metal and other contaminants in soil), water contam-
inants (drinking water chemicals, water microbes),
chemical contaminants (including pesticides and dis-
infection-byproducts), infectious agents (sexually
transmitted infections, HIV/AIDS, etc.), lifestyle
(such as smoking and alcohol consumption) as well
as occupation.
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& General external domain: meteorology and
climate (such as weather conditions, air tempera-
ture, humidity, season), natural and built environ-
ment (land cover, building density, street
connectivity, vegetation), socio-economic status
(including education), psychological and mental
stress (life events, emotional/psychological
issues, traumatic life events, separation/anxiety,
childhood affection from parents, etc.), in addi-
tion to health programs and policies (healthcare
infrastructure, food-access government programs,
health promotion, and disease prevention
programs).

In parallel, the methods employed for exposure and
outcome assessment were categorized (yes/no) according
to their use in each study. Assessment methods were as
follows: self-reported exposure or outcome, use of sec-
ondary data (such as medical/hospital records, routinely
collected data), environmental testing (for water, soil, or
dust), use of personal/portable wearable device/sensors,
use of satellite imaging and geospatial modelling, clini-
cal assessment, and –omics platforms, such as metabo-
lomics or genomics.

The lack of a gold standard in quality assessment cov-
ering all study designs [44], let alone the exposome stud-
ies, led us to conduct an exploratory quality assessment
using the Effective Public Health Practice Project
(EPHPP) quality tool [45]. The EPHPP tool rates the
overall quality of a study according to six methodological
components: selection bias, study design, confounder,
blinding, data collection method, as well as withdrawal
and dropout. Each component can be rated as weak, mod-
erate or strong according to a set of defined questions.
Studies are thereafter rated as “overall weak, overall mod-
erate or overall strong” according to the number of
“weak” rated components. For instance, a study is rated
as: “overall strong” if none of the six components is rated
as weak, “overall moderate” for one component rated as
weak, and “overall weak” for two or more components
rated as weak. It is noteworthy to mention that this quality
assessment was exploratory in nature and not an integral
part of the overall scoping review analysis.

Descriptive statistics using Excel pivot tables were con-
ducted for all retained studies. The “exposom*” word count
was treated as a continuous variable. On the other hand, fre-
quencies and proportions were used for categorical variables,
namely, study design, country of publication (considered as
the country of the first author) participants’ profile, interven-
tions applied, types of outcomes, exposome domains, and the
assessment methods. Later, the overall quality was described
with respect to the rating components.

Results

Description of the Selected Studies

The search yielded a total of 1133 hits: 460 unique re-
cords in Pubmed, 573 in Scopus, 29 in bioRxiv, and 71 in
the exposome websites. All the retrieved articles were
merged into a single dataset with 682 duplicates. Thus,
452 records were initially retained. A first stage of screen-
ing titles and abstracts excluded 336 articles for not meet-
ing eligibility criteria (as elaborated in caption of Fig.1).
Additionally, 32 articles were excluded for not containing
the word “exposom*” in text. Full-text screening exclud-
ed two more articles: one meta-analysis, and another one
for demonstrating the applicability of heat maps using
existing environmental and biomarker measurements. In
effect, 82 articles were eventually retained for the scoping
review (Fig. 1).

Description of the Selected Articles

Approximately a third of the retained exposome studies
had a prospective longitudinal design (n = 30, 37%), of
which 26 were based on nine large population-based
cohorts; the rest four longitudinal studies were relatively
small in size, including between 6 and 378 subjects
[46–49]. Out of the 26 studies, eleven were published
as part of the Human Early-Life Exposome (HELIX)
project using data from six European birth cohorts
([50–56]), and among these studies, four belonged to
the Spanish INMA (INfancia y Medio Ambiente)
[57–61]. Four studies (of the 26) were published as part
of the Avon Longitudinal Study of Parents and Children
(ALSPAC), a 20-year population-based cohort designed
to determine the influence of environmental (physical
and psychological) and genetic factors on the health
status and development of the offspring. Three studies
were based on the LIFE cohort, which follows ~ 500
couples from 16 US counties in Michigan and Texas
across sensitive windows of human reproduction and
development [62–64]. Additionally, a prospective study
design for each of the following cohorts was recorded
for the ENVIRONAGE birth cohort (Belgium) [65]; the
“Lifestyle and environmental factors and their influence
on Newborn Allergy risk” (LiNA) prospective mother-
child cohort (Germany) [66]; the prenatal Kingston
Allergy Birth Cohort (KABC) (Canada) [67]; and the
Maternal-Infant Research on Environment Chemicals
(MIREC) Study (Canada) [68]. Two studies were about
the HERACLES (waste management) Greek cohort
(Greece) [69, 70]. One study followed participants from
ALSPAC, ENVIRONAGE, INMA, Rhea (Greek cohort),
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and the Turin center of the Piccolipiù study (Italy) [71].
Moreover, data from six large-scale Dutch cohort stud-
ies involving different age groups in the Netherlands
were combined in a geo-coded database called the
Geoscience and Health Cohort Consortium (GECCO)
study [72].

Seventeen of the retained studies had a cross-section-
al design (21%) [73–89], and twelve were experimental
(15%) (i.e., three randomized trials on metabolomic pro-
file alterations [90, 91] or clinical health outcomes [92]
following administration of the experimental exposure;
two open label cross-over trials exploring metabolomic
and clinical effects of an experimental (juice) [93, 94]
or environmental (airborne and grass pollen) interven-
tion [95], and seven experimental non-randomized stud-
ies). Five studies were case-control (6%) [94, 96–99]
and three case-control studies nested in cohorts (4%)
[100–102]. In addition to studies that were based on
primary data collection and analysis, some studies uti-
lized secondary data, such as, county-aggregated level
data (four studies (5%)) [103–106], two studies used
the National Health and Nutrition Examination Survey
(NHANES) database (2%) [107, 108] and another one
used data collected from numerous occupational disease
consultation centers in France (1%) [109]. Also, one
study was a retrospective case-series (1%) using the

dentine matrix [110]. Additionally, three studies (4%)
used data from the Human Metabolome Database
(HMDB) (n = 2) [111, 112] or the University of
California Santa Cruz (USCS) Genome Browser [113].
Another study (1%) conducted network medicine analy-
sis of specific comorbidities [114]. Two studies [115,
116] (2%) were similar in design, looking at pre-, and
post-Katrina-induced changes in the environmental (soil)
and blood signatures of lead for the affected communi-
ties. Finally, another study (1%) conducted a secondary
analysis of geochemical maps and cancer data at the
municipality level [117]. Details of each retained study
can be found in the Supplementary Information.

Country wise, about a third of the selected studies were
conducted in the USA (33%, n = 28), whereas the majority
of selected studies took place in Europe. Accounting for all
epidemiological designs, 32 studies were conducted on popu-
lation-based cohorts implemented in 14 countries (Fig. 2).

Between 2010 and 2018, there was an increasing (non-
linear) trend in the publication of exposome studies, using
the criteria of this review (Fig. 3). In fact, 23 studies retained
for this scoping review were published in 2018 alone, more
than twice the number of retained exposome studies that were
published in 2014 and more than twenty-fold of those pub-
lished in 2010. Likewise, the mentions of the word
“exposom*” per publication increased over the last years,
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suggesting an increasing awareness for this term in the global
literature. For instance, a mean of 12 “exposom*” mentions
were recorded in-text for the selected studies that were pub-
lished in 2018, almost a six-fold and a two-fold increase in the
mean of those published in 2012 and 2014, respectively.

Participants’ Profile, Interventions, and Outcomes
Including Quality Assessment

Studies focused solely on metabolomic and genomic human
data from existing databases (n = 3) [111–113], plus a study
applying the integrative network medicine analysis (n = 1)
[114] were excluded for not fulfilling all components of the
quality assessment tools, as these studies involved analysis of
human data with no reference to selection criteria, blinding,
confounding, or withdrawal rate.

Profile of Participants

In total, 78 studies were considered and 40 (51%) of them
were conducted on adults, of which two studies were conduct-
ed on couples. Twelve (16%) studies were on pregnant wom-
en, 11 (14%) on children (range of age 0.5–15.5 years), and
nine (12%) focused on mother-child pairs. Additionally, three
studies (4%) were conducted on newborns and one (1%) on
adolescents. One study was conducted among pregnant wom-
en and non-related school children, whereas another one in-
cluded data on adults ranging from 18 to 100 years from
various Dutch cohorts.

Interventions

A total of seventeen studies (22%) examined the association
between environmental factors and clinical outcomes such as
birth outcomes (n = 4), child development (n = 4), locus of
control (n = 2), diabetes (n = 2), respiratory and allergy symp-
toms (n = 1), polycystic ovarian syndrome (n = 1) and multi-
ple outcomes (n = 2), including biomarkers of effect such as
semen quality (n = 1) [48, 50, 63, 67, 70, 95, 97, 100, 103,
104, 106, 118–123]. Environmental factors were examined in
association with gene expression profiling in four studies (5%)
[65, 71, 78, 108]. Five studies (6%) aimed to identify clusters
of exposures, of which one was examined in association with
obesity and another one with type II diabetes and all-cause
mortality [8, 54, 61, 86, 107].

In addition, twelve studies (16%) aimed to characterize the
endogenous response to a variety of environmental stimuli,
such as endocrine disruptors (phthalate metabolites, phenols),
non-persistent chemicals (dialkyl phosphate pesticides metab-
olites, and cotinine), and other environmental chemicals, such
as organochlorine compounds (OCs), polybrominated
diphenyl ethers (PBDEs), per- and poly-fluoroalkyl
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substances (PFASs), and toxic and essential trace elements
(e.g., cadmium) [64, 77, 46, 52, 57–59, 79, 81, 82, 84, 124].
On the other hand, three studies (4%) explored the variability
of the metabolomic profile through time: between sample col-
lection time-points; pregnancy trimesters; or lifespan in wom-
en over 40 years old [51, 68, 85].

Four studies (5%) investigated the differentiation of meta-
bolomics profiles by the following health end points/out-
comes: oxidative stress, sarcoidosis, Crohn’s disease, prema-
ture death, fetal growth, and blood pressure changes during
pregnancy [56, 83, 96, 102].

On the other hand, a single study (1%) analysed differential
gene expression associated with hepatocellular carcinoma in
Romania [87]. A “meet-in-the-middle” approach was applied
to identify inflammatory pathways associated with cardio- and
cerebrovascular disease and exposure to NO2, NOx, and PM2.5

in a study (1%) [101].
The endogenous response following administration of a

specific exposure was assessed using metabolomics in 9 ex-
perimental studies (12%) and in one cross-sectional study
[88]. The experimental interventions were mainly exposure
to air contaminants (n = 4), of which one was of occupational
nature [91, 125–127]. Other studies examined the effects of
juice intake (n = 2) [94, 128], disinfection by-products (n = 2)
[93, 125], and controlled food intake (n = 1) [60]. One ran-
domized controlled trial considered the effects of vitamin D
supplementation, fish oil intake and H1N1 vaccination [92].
There was also an -omics study (1%) that conducted a gene
expression analysis following an experimental exposure to
diesel engine exhaust [129].

Nine exposome studies (12%) focused on new methods of
exposure measurements or applications; for instance, a study
presented the application of the exposome paradigm in im-
proving the efficiency of waste management strategies [69];
two studies highlighted novel exposure assessment techniques
through personal monitoring devices for airborne biological
and chemical exposures [47], and dental-matrix–based bio-
markers of exposure to environmental contaminants [28].
Another study analyzed an environmental health exposure
questionnaire using a novel statistical prediction method
[75], whereas another evaluated a self-administered question-
naire on drug intake during pregnancy in comparison with
drug urine screening using metabolomic methods [66].
Novel mass spectrometry techniques were presented for the
detection of environmental contaminants in urine in two stud-
ies [49, 76], and for metabolite structural examination in one
[99]. Statistical methods and modelling were presented in one
study to define distinct endogenous phenotypes of childhood
asthma [89].

Four studies (5%) described the characteristics of
exposome cohorts [53, 127, 72, 55] and another (1%) charac-
terized urban environmental and health indicators using the
urban exposome framework [73]. Four studies (5%) explored

the partitioning of a contaminant between environmental and
human biospecimen, of which three considered a biomarker of
exposure to environmental contaminants as a study outcome
[117, 115, 80, 116] , while only one study (1%) linked occu-
pational records to health outcomes [109].

Novel agnostic tools of the exposome characterization
were extensively used in 16 studies (20%), where 9 exposome
studies (11%) employed the EWAS approach [50, 63, 73, 61,
67, 69, 79, 86, 107]; 3(4%) studies used the GWAS approach
[71, 78, 92] and 2 (3%) used the so-called MWAS approach
[84, 88]; another publication (1%) [59] reported the use of an
exposome-metabolome wide association study, and another
one (1%) [108] employed both an EWAS and a GWAS
approach.

Outcome

Most exposome studies clearly defined a health outcome in
their methodology (48 studies, 61%). Twenty studies (42%)
tackled non-communicable diseases, mainly respiratory and
allergy symptoms, diabetes, cancer, cerebro- and cardiovascu-
lar diseases, sarcoidosis, Crohn’s disease, polycystic ovarian
syndrome, and health status as well as the presence of any
chronic disease.

Five studies explored other end points of a disease or bio-
markers of effect, such as locus of control (n = 2, 4%), oxida-
tive stress (n = 1, 2%) and semen quality (n = 1, 2%), or inci-
dent occupational diseases (n = 1, 2%). Birth outcomes and
child developmental markers were studied in seven (15%)
and six (12%) articles, respectively. The biological response
after an external exposure was measured in five studies (10%)
using metabolomics in four of them and inflammatory re-
sponse in the fifth study. As for transcriptomics, DNA meth-
ylation was explored in two studies (4%), gene expression and
inflammatory pathways in two (4%), while telomere length
and genotype variation were explored separately in one study,
each (2%). On the other hand, a total of 28 studies (36%) did
not consider a health outcome, where about half of them (12 in
number) compared data from biomarker of exposure
measurements.

Exposome Domains Explored

The holistic inclusion of all three domains (general external,
specific external, and internal) and the use of only the specific
external and the internal exposome domains was practiced by
37 (48%) and 33 (42%) studies, respectively; eight articles
(10%) focused solely on the internal domain. For every
exposome domain explored, a few groups emerged based on
the type of specific variables (components) sharing common
characteristics that allowed for their grouping in a qualitative
form of a cluster (Table 1). It is noteworthy mentioning that a
study could employ more than one out of the three exposome
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domains, and/or using a single/multiple exposure(s) and/or
outcome(s) assessment methods.

The following groups of components were generated af-
ter the comprehensive analysis of the exposome domains
from all selected studies: (i) five groups for the general
external domain—meteorology and climate, natural and
built environment, psychological and mental stress, socio-
economic status, and health policies/programs; ten groups
for the specific external domain—particulates in air, gas-
eous pollutants, noise, soil contaminants, water contami-
nants, food and food contaminants, chemical contaminants,
infectious agents, occupation, and lifestyle; and seven
groups for the internal domain—intrinsic properties, basic
characteristics, reproduction-related, biochemistry and
medical indicators, metabolites (from metabolomics plat-
forms), biomarkers of exposure, gene expression, and back-
ground characteristics. The occurrence of the specific
groups varied from study to study and by domain with
few groups being more frequently encountered (basic char-
acteristics, intrinsic properties, lifestyle, socioeconomic
status, and natural and built environment), frequently en-
countered (particulates in air, food and food contaminants,
gaseous pollutants, biochemistry/medical indicators, and
climate/meteorology) and less frequently encountered
(metabolites, psychological and mental stress, health
policies/programs, noise, soil, water, infectious agents,
and gene expression) (Table 1).

Regarding the exposure and outcome assessment, one
or more tools/methods were employed by each study. For
exposure assessment (Table 2), self-reported exposures
and biomarkers of exposures were used in 37 (47%) and
28 studies (36%), respectively. Twenty-two studies (28%)
relied on the use of metabolomics while three (4%) used
genomics. Nineteen studies (24%) used secondary data
from existing datasets, such as from governmental data
and hospital records. Personal devices/sensors were
deployed in 12 studies (15%) ranging from active and
passive air samplers to capture biological and chemical
particulates to personal trackers for physical activity and
meteorological data; whereas 10 (13%) used satellite
imaging and geospatial modelling. Seven studies (9%)
conducted specific environmental testing. In addition,
seven studies (9%) relied on a clinical assessment to
identify the nature of the mineral and metal particles in
lung tissue as well as biochemical indicators in serum
and amniocentesis.

In studies with a clearly defined health outcome (n = 48),
clinical assessment was the main source of outcome assess-
ment (n = 29, 60%), followed by self-reported outcomes (n =
12, 25%) and the use of secondary data sources from existing
datasets (n = 10, 21%). Nine studies (19%) relied on metabo-
lomics, while twelve (25%) used genomics and gene profiling
to assess the outcome (Table 3).

Overall Quality of the Selected Studies

Most of the rated studies (n = 47, 60%) were evaluated
as of having weak quality, and 28 (36%) as moderate.
However, only three studies had strong quality assess-
ment according to the EPHPP tool evaluation dictionary
[45] (refer to Supplementary Information). Selection bi-
as was the main reason behind the classification of
studies as weak (n = 41, 87%) or moderate (n = 16,
57%) in quality. The second most frequently encoun-
tered quality component was the study design with 20
(42%) and 8 (29%) receiving “weak” rating in studies
classified as “overall weak” and “overall moderate”, re-
spectively. Confounding was rated as “weak” in 26
“overall weak studies” (54%), but only in 3 was classi-
fied as “overall moderate” (10%). The blinding compo-
nent was rated as “weak” in 7 “overall weak” (15%).
Also, none of the “overall moderate studies” had a
“weak” rating for the data collection component. As
for the withdrawal component, it was rated “weak” for
13 “overall weak” studies (27%) and 2 “overall moder-
ate” studies (7%) (Figs. 4 and 5).

There were no apparent differences in the overall quality
of the studies with respect to the explored exposome do-
mains In addition, the examination of the overall quality
rating with the study sample size did not show any differ-
ences, since both “overall weak” and “overall moderate”
studies included sample sizes as low as 5 and 6 individuals,
respectively, up to 56,334 and 225,375 participants,
respectively.

Discussion

Almost 15 years have passed since the inaugural definition of
the human exposome as a breakthrough concept to describe
the role of environmental exposures in disease onset and de-
velopment. It is about time to step back and reflect on the use
and, possibly, misuse of the term exposome by analyzing the
characteristics of the published exposome studies. This scop-
ing review highlighted the partial assessment of the totality of
environmental exposures and the non-standardized or non-
harmonized use of the term exposome that seems to be chal-
lenged by nuanced perspectives and understandings. What is
also emerging is that the practical application of the exposome
paradigm is somewhat hampered by failing to acknowledge
the comprehensive and holistic nature of the human
exposome.

A few observations were noted by this scoping review.
First, it is noteworthy that the number of exposome-related
reviews, perspectives, and commentaries (n = 215) was excep-
tionally high compared with the number of publications pre-
senting original exposome research, highlighting the ongoing
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theoretical interest and debate about the exposome’s utility
and applications. Secondly, this global mapping exercise re-
vealed that all exposome studies were published in 19 coun-
tries exclusively, mostly in European countries, perhaps due to
greater availability of exposome-related funding opportuni-
ties, where several exposome projects exist, such as HELIX
[130], EXPOsOMICS [131], and HEALS [42]. Thirdly, al-
though the use of the word “exposom*” in the main text,
abstracts or keywords is on the rise, there seems to be a lack
of a commonly accepted exposome language. For instance,
Catinon et al. [96] quantified the “mineral exposome,” or what
they referred to as occupational and non-occupational dust
exposure. The “seasonality” of the exposome studied by
Paglia et al. [60] evaluated the year-round variability of toxic
and essential elements in urine specimen. On the other hand,

Schisler et al. [129] highlighted the importance of considering
the “plasma exposome” as it comprises the functionality of all
endothelial cells in the body, thus providing a comprehensive
capture of the systemic inflammatory network. The “urban
exposome” framework that was recently developed extends
the utility of the human exposome into that of a city, consid-
ering the city elements as the main units of measuring a city’s
exposome, complementing that of the human exposome [73].
The above serve as examples of efforts towards further refin-
ing the exposome concept and its utility [9]. Moreover, this
scoping review showcased either the partial incorporation of
the exposome domains into the study protocols of various
exposome projects, or the introduction of newly defined
exposome domains distantly proposed from the original
Wild’s definition. For example, when assessing the perception

Table 2 Count (%) of exposure assessment approaches in exposome studies n=78

Approach Specific tools Count (%)

Self-reported Structured questionnaires and face-to-face interviews 37 (47%)

Biomarkers Blood lead or mercury levels; VOC analysis
in exhaled breath; Analysis of bronchoalveolar
lavage fluid by transmission electron microscopy

28 (36%)

Omics platforms Metabolomics 22 (28%)

Genomics/gene profiling 3 (4%)

Existing datasets County data; governmental portal data; governmental weather service;
hospital records

19 (24%)

Personal/portable sensor devices Air (passive and active) samplers to capture biological and chemical
particulates (Potentially Toxic Elements (PTE); VOC; DBP; jet fuel);
IOM inhalable dust sampler; volumetric trap for grassborne and airborne
pollen; accelerometer to measure physical activity; light scattering sensor
for particulate matters, temperature, humidity; unipolar diffusion charger
for ultrafine particles measures; optical absorption method for black carbon;
smartphone GPS; actigraph accelerometer; electronic wristband UV dosimeters;

12 (15%)

Geospatial modelling and remote sensing Land-use regression data and prediction models; Thermal imagery; Spatial
temporal interpolation method

10 (13%)

Environmental testing Water testing for microbiological and chemical contaminants (DBP);
Analysis of olive tree leaves for OC; Dust samples from bedding; Flame
atomic absorption spectrometer for airborne manganese analysis

7 (9%)

Clinical assessment X-ray emission spectroscopy and optical microscopy for mineral/metal lung
content, amniocentesis, biochemistry serum testing

7 (9%)

Table 3 Count (%) of outcome
assessment approaches in
exposome studies (n = 48)

Approach Tools Count (%)

Clinical assessment Clinical characteristics (assessment and diagnosis of clinical
conditions including birth characteristics, cardiovascular fitness
and lung function, assessment of child communication,
movement assessment and neurological development, blood
immune or inflammatory biomarkers, fertility monitoring);
locus of control; broncholalveolar lavage for diagnosis of sarcoidosis

29 (60%)

Self-reported Structured questionnaires and face-to-face interviews 12 (25%)

Existing datasets Hospital records; obstetric records; occupational records;
governmental health data; epidemiological studies

10 (21%)

Omics platform Metabolomics 9 (19%)

Genomics/gene profiling 12 (25%)
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of environmental contaminants within the context of the built
environment, Chen et al. [75] defined five exposome domains
(home and hobby, school, community, occupation, and expo-
sure history). The partial incorporation of the exposome do-
mains was reflected onto studies that concomitantly examined
the specific external or general external and internal domains,
instead of all three domains as originally proposed by Dr.
Wild. Is this a natural progression of the exposome definition
or a partially covered definition in practice? In addition, the
issue is perplexed by the fact that several components of each
domain addressed in the selected studies could be grouped
into distinct exposome component groups, such as particulates
in air, infectious agents, and water contaminants (details in
“Results” section). It quickly became evident that these spe-
cific groups of components were not equally tackled among
selected studies. For instance, in the specific external domain,
emphasis was paid more frequently on the group of lifestyle
exposures, or the group of exposures to particulates in air, and
to a lesser extent to water contaminants, or infectious agents.
A standardized mode of inclusion for all domains and as many
as possible of their component groups may be warranted for the

design of future exposome studies, if we were to further refine
and expand its utility and applications.

It was quite clear that most of the selected studies followed
a longitudinal design, abiding by the dynamic nature of the
exposome and the need to prospectively follow the evolution
of the exposome along with that of the disease process in
populations at critical life time windows. Most of these were
cohort-based exposome studies targeting middle-aged adults;
one could argue that this trend would be eloquently deviating
from the theoretical guidelines of the exposome concept that
call for focusing on specific windows of susceptibility [2].
Hence, the importance of assessing “life-course exposure”
and the consideration of critical windows of susceptibility
(i.e., during pregnancy, and child development) needs to be
again emphasized during the re-alignment process of the
exposome’s methodological framework.

Further, the exposome tools and methodologies have been
embraced by the exposome community to a varying extent.
The classical collection mode of self-reported data, existing
government/official routine datasets, and clinical measure-
ments remain the most commonly used instruments for both
exposure and outcome assessment in exposome studies. The
use of targeted/untargeted biomarkers of exposure/effect
coupled with the introduction of –omics platforms and per-
sonal wearables represent the core of emerging technologies
and platforms that accompany the application of the human
exposome in practice. This “multi-faceted approach” for mea-
suring the exposome was earlier acknowledged by Dr. Wild
[2] underscoring the need of coupling refined conventional
tools along with innovative technologies for the assessment
of the exposome domains. Dennis et al. discussed the chal-
lenges and benefits of applying either the classical (question-
naire data and ecological, environmental, or biological mea-
surements) and non-classical biomonitoring methods
(untargeted analyses), emphasizing the need to combine both
in order to capture complex endogenous and exogenous ex-
posures throughout life-course [31]. The use of personal sen-
sors may not yet be that widespread in exposome studies (n =
12), but seems to be gradually growing in use for the measure-
ment of meteorological, air quality, and activity tracking pa-
rameters. With the development of more advanced technolo-
gies such as mobile applications and smart, wearable sensors,
a promising, yet challenging, collection of long-term expo-
sures with geospatial coverage may become the norm in the
near future [130]. Mining data from metabolomics (such as
HMDB) or genomics ((USCS) genome browser) databases
may be also proven to be an innovative tool for the character-
ization of the human exposome. Dennis et al. [31] acknowl-
edged the notable efforts to develop, expand and further im-
prove the quality and coverage of these databases in order to
facilitate multi-group data inclusion from multiple databases.

Despite being promoted as a novel concept in the field of both
environmental health and biomedical sciences, the exposome
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concept has yet to find its way into health care settings and in
personalized and precisionmedicine, which is currently dominat-
ed by pharmacogenomics applications. Our scoping review
showed that health care facilities (e.g., hospitals/clinics) have
been so far used only as part of a sampling framework (n = 9
studies), and not as a setting for implementing the exposome in
precision medicine applications. Obviously, this is a novel niche
for the future of the exposome utility.

An exploratory feature of our scoping review was the qual-
ity assessment of the exposome studies. Judged against the six
rating components of EPHPP, most of the exposome studies
were rated as “overall weak,” because of selection bias. This
issue of population representativeness and convenience sam-
pling was earlier raised as a result of the choice of sampling
framework as well as participation and completion rate, and it
was manifested as a main concern when interpreting findings
from observational exposome studies [9]. Confounding was
another quality indicator for which rating was “overall weak”
for most exposome studies. As previously discussed [6], the
identification of confounders may be problematic in an
exposome study design in the sense that the totality of expo-
sures is inter-dependently considered.

The main strength of this analysis is that this is the first
global scoping review that conducted an exhaustive mapping
of relevant exposome studies to date. The main limitation of
the work refers to restricting the selection of articles to those
using the word “exposom*” in the main text, abstract, or key-
words. This could have possibly resulted in excluding studies
and projects that their methodology obviously abided by the
exposome definition, but somehow the terminology was not
clearly conveyed in their publications, such as those by the
Japan Environment and Children’s Study (JECS), one of the
most comprehensive and largest exposome projects, world-
wide [1, 3, 6]. Another limitation lies in the difficulty in clear-
ly classifying certain environmental exposure variables into a
distinct domain due to their domain-overlapping properties.
For instance, one could argue that socio-economic status
could be part of the general external domain as originally
proposed byWild [2] or alternatively could be grouped within
the specific external domain, since it is closely related to life-
style and behavioral aspects. Another problematic categoriza-
tion could be that of psychological and mental stress, where
one could also argue that it belongs into the general external
domain and not in the specific external domain.

The overlapping area between two exposome domains
could lead to concerns over the biological plausibility of each
domain to the chosen disease outcome(s). A relevant question
arises: Shall all three domains and their groups of components
as identified here be included in the design of an exposome
study in order to fully characterize the exposome, including its
biological relevance towards disease development? One could
argue that the specific groups of components in each domain
carry a biological fingerprint related to the health outcome that

should be accounted for during design and methodological
aspects of a future exposome study. Bringing these details
forward, it could help identifying specific groups of compo-
nents that may be either under-studied or left out during the
methodological queries of a new study. For example, mental
health, regardless of the domain to which it is assigned, con-
tinues to be understudied in exposome research despite its
crucial role in the fields of public health, health care, and
treatment. On the other hand, emerging exposures of our
times, e.g., non-ionizing radiation and electronic screen time,
have not yet been the focus of an exposome study. Hence, it is
recommended that future exposome research invests time and
resources towards further widening the scope and breadth of
exposome domains tackled, rather than including fragmented
exposome domains. It is imperative that an exposome focused
cohort should be established considering critical lifetime win-
dows of susceptibility that better inform the disease process.

Conclusion

Given its overarching nature, characterizing the exposome
relies on the complete measurement of dynamic exposures
occurring through lifespan, using both conventional and inno-
vative exposure assessment methods and tools. This exciting
research paradigm requires the use of an inter-disciplinary
approach, allowing for the inclusion of all domains and their
specific groups of components that are relevant to the health
outcome(s) of interest. Exposome-related literature has recent-
ly expanded, yet with remaining conceptual ambiguities.
Widening the scope and breadth of the three exposome do-
mains (general external, specific external, internal) as well as
standardization of the exposure(s)/outcome(s) assessment
methods are critical in order to move forward with the human
exposome research and its utility. Finally, a standardized qual-
ity assessment tool that would evaluate the exposome domains
and specific groups of components explored, used tools, and
applied statistical methods is warranted.
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