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1 Introduction

Environmental health risk management is a systematic
engineering task, engaging multiple disciplines from the
academic and government sectors. Reducing environ-
mental health risks has become one of the key targets
in the United Nations Sustainable Development Goals
(SDGs). This target has been translated into public
policies at many jurisdictional levels (Yue et al., 2020).
To design region-specific and targeted policy initiatives,
understanding how environmental health risks are spa-
tially distributed and temporally resolved is fundamental.
Along with the advances in high-resolution pollution
mapping and projection, environmental risk assessment
and management have been performed at a highly
granular scale (Caplin et al., 2019). For instance, taking
advantage of the fine air pollution dataset, recent research
efforts have evaluated the health burdens of historical air
pollution exposure or cost-benefits of pollution control
policies at finer-scale administrative units and grids (Liu
etal., 2017; Ouetal., 2020). These assessments reveal
expensive health costs of air pollution exposure and
highlight that the health outcomes of air pollution are
unevenly distributed across regions and more evident
among vulnerable populations (Colmer et al., 2020).
Even though detailed geospatial mappings of air
pollution capture local patterns, they do not necessarily
represent individual-level unique exposure experiences
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and health outcomes. Personal exposure to air pollution
can be influenced by a range of behavioral factors such
as mobility patterns and self-protective actions (Tainio
et al., 2021). Individual cofactors such as risk perceptions
of air pollutants, baseline health conditions, and socio—
economic status also influence the pollution-related
health impacts (Piel et al., 2020). Dramatic variations in
health risks, therefore, occur even within small spatial
units such as blocks and neighborhoods. Thus,
individual-level exposure and health assessment are
critical in advancing the engineering management of air
pollution at granular spatiotemporal scales and informing
targeted local policies for reducing pollution-related
health risks.

To perform air pollution health risk assessment and
management at the individual level, first, gathering
datasets relevant to personal exposure experiences and
health outcomes is important. For example, portable
sensor technology is widely applied, in which partici-
pants carry the sensors to measure their real-time
locations and micro-environmental exposure (Su et al.,
2017). These monitors can illustrate individual time—
activity patterns and assess personal-specific pollution
exposure during outdoor activities such as daily com-
muting and exercises (Dons et al., 2017). These activities
finally form direct flows of datasets on human behaviors
and are made available to researchers for more nuanced
characterizations of environmental risk.

In this comment, we summarize different types of
individual-level data and outline pathways through which
the data may advance air pollution health risks assess-
ment. We then review representative studies revolving
around these aspects and showcase how abundant infor-
mation at the individual level improves environmental
health risk management. We finally detail the challenges
and uncertainties in this rapidly growing field and high-
light the priorities in future research. The aim is to
motivate local policy actions and foster collective
research efforts to promote public health.
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2 Overview of individual-level data

Before diving into specific aspects to which individual-
level data may contribute, we first overview major types
of individual-level data and common approaches to data
acquisition, as well as their strengths and weaknesses. We
define individual-level data as those reflecting spatial and
behavioral patterns, socio—economic and demographic
covariates, and mental or physiological health markers
related to individuals. Traditional individual-level data-
sets used in previous studies are often seen in large
follow-up surveys (Hanigan et al., 2019). These studies
investigated the influence of sociodemographic cofactors
(e.g., age, gender, and income) and potential confounders
such as smoking on the health impacts of ambient pollu-
tion. However, personal heterogeneities in risk percep-
tion, short-term mobility, and behavioral patterns are
often ill-represented in cohort studies. In recent years,
rapid development in cheap monitoring devices and data
extraction techniques has enabled researchers to under-
stand individuals’ perceptions, behaviors, and health
outcomes with smaller costs (Chaix, 2018). We focus
on the datasets built upon the recent methodological
progress. Here, we identify two categories of individual-
level data that can be used to advance air pollution health
risk management (Fig. 1).

2.1 Participatory sensing data
The first category of individual-level data gathers infor-

mation with the involvement of the person being
observed. These data-collection efforts can involve the

voluntary participation of individuals aware of the
research purpose and carrying devices for data recording.
Typical examples include data collected from time—
activity surveys or diaries, low-cost mobile sensing, and
lab-based experiment. These datasets have relatively
small sample sizes from dozens to thousands of partici-
pants. Time—activity diaries record how much time a
person has spent on specific activities in different types
of locations. They are often made via self-reported
questionnaires and have been extensively used as proxies
to measure individual physical activities, travel modes,
and visited places. The diary-based method has the
limitation that activities not in the checklists or of short
duration are often underestimated (Vanroy et al., 2014).

As a means of improving personal monitoring, the
development of cheap multi-sensor devices has recently
enabled researchers to record participants’ geo-coordi-
nates, micro-environmental pollution exposure, and
physiological status. To determine personal exposure,
time—activity data logged by smartphones or wearable
bracelets are paired with the timestamped pollution
concentrations recorded by portable sensors. Although
the data gained by personal monitoring have a relatively
high degree of information detail, they somehow are
limited by small spatial coverage and short periods. The
data quality also largely relies on the measurement
accuracy, stability, and durability of sensors (Deville
Cavellin et al., 2016).

Finally, experimental human exposure to air pollutants,
conducted in a laboratory setting, has been essential to
measure associated adverse health effects and reveal
potential mechanisms. The technique is now available for
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Applications of individual-level data in environmental health risk management.
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generating controllable concentrations of pollutants such
as ozone and PM, 5 in small chambers. The main advan-
tage of exposure experiments lies in their ability to
effectively control the confounding factors and reflect the
exposure—response relationship at the individual levels.
However, due to limited sample sizes and the challenges
of medical ethics, this research design may fail to fully
reflect a broad spectrum of populations.

2.2 Passive crowdsourcing data

The second emerging category of individual-level data
is often retrieved via passive data collection. That is,
citizens generate and upload data continuously without
original intention for research purposes. The dramatic
increase in passive data volume results from the rise
in smart electronic devices and the consequent changes
in social activities. These devices continually collect
individual data and provide near-real-time insight into
human mobility, mental state, and patterns of consump-
tion or communication. Compared with traditional ways
of data collection, passive crowdsourcing has a
significantly larger size of data samples and is less
labor-intensive with a lower cost.

For example, mobile phones provide a wealth of
positioning information for individual users, which can
be used to estimate the mobility of citizens and map the
dynamics of the population (Deville et al., 2014). Social
media is an emerging tool for gauging social consensus,
where a huge pool of people receive news and vocalize
opinions, along with individual-level interaction networks,
geotags, timestamps, and text logs for each wuser
(Ghermandi and Sinclair, 2019). The rich information on
social media platforms can measure a person’s sentiment
dynamics at specific locations. Last but not least, the
consumer spending datasets, represented by UnionPay
consumption and mobile payment data, can be deployed
to track personal healthcare expenditure.

The major challenges of individual-level data collected
from passive crowdsourcing lie in two dimensions. First,
to protect personal privacy in data acquisition and use,
some demographic details such as gender, age, and socio—
economic status are not accessible or not real. This short-
coming is closely linked to the second concern, namely,
the potential bias in the representativeness of the sampled
users. For example, social media platforms users tend to
be younger people, and data are rich in populous urban
areas with supporting infrastructure.

3 Applications of individual-level data in
air pollution health risk management

In this section, we introduce the conceptual framework
that depicts how individual-level data can advance

environmental health risk management, as illustrated in
Fig. 1. Health outcomes of pollutants as the endpoints of
risk management are determined by personal exposures.
Personal exposures are closely linked to individual-level
activity patterns. Avoidance behaviors motivated by risk
perceptions, including all types of prevention measures,
can help moderate activity patterns or directly reduce
pollutant exposure. Accordingly, we summarize four
aspects for the applications of individual-level data:
Tracking dynamics and revealing mechanism of risk
perceptions, measuring personal avoidance behaviors,
delineating or predicting spatial and temporal activities,
and enriching the measurements of health outcomes.

3.1 Risk perception

Prior research has demonstrated that risk perception influ-
ences a person’s behavioral response to environmental
risks. Individuals who underestimate environmental risks
are rendered vulnerable because they are reluctant to take
the necessary steps for self-protection (Hong et al., 2021).
Furthermore, environmental risk perception is dynamic
and cyclical, influenced by sudden risk events, mass
media news, and other sociocultural factors, which are
highly localized. Continuous monitoring of the dynamic
of public risk perception is thus crucial.

The psychometric paradigm is a well-established
technique for assessing risk perception, which relies on
large-scale questionnaire surveys. However, the method
is confined to the time-intensive and expensive survey
process and thus destined to use small samples and report
at hardly operational coarser spatial scales. Individual-
level data collected from social media platforms can help
address the research gap. Topic modeling and other
natural language processing algorithms can analyze the
content of big text data published on social media and
track the dynamics of public perception of environmental
risks. For instance, Zheng et al. (2019) evaluated the
public perception of air pollution using data from 400
million microblogs. They found that when the pollution
level increased, the emotions expressed on social media
decreased. A study investigating the Internet’s amplifi-
cation effect found that sentiments embodied in online
information contribute to the increase in air pollution risk
perception (Guo and Li, 2018).

Objective and perceived environmental risk levels are
mismatched. Risk perception bias reduces social well-
being and should be considered when designing risk com-
munication strategies. Individual-level data collected
from the lab-based experiment can provide micro mecha-
nism explanations of risk perception bias. Yang et al.
(2021) designed a series of psychophysiological studies
that examined individuals’ emotional responses to
landscape photos with different levels of PM;js
concentrations. They validated the Peak-End Rule and
Stress Recovery Theory that can explain individual
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perception bias towards air pollution. Further on,
applying an event-related potential and other neuro-
scientific techniques, Qin and Han (2009) revealed the
brain activity mechanism corresponding to individual
perceptions of different types of environmental risks. By
fully using these interdisciplinary techniques, researchers
can discover targeted intervention strategies for fostering
accurate environmental risk perceptions among the
general public.

3.2 Activity pattern

Many developing countries like China are undergoing
rapid urbanization, leading to frequent population
migration between urban and rural areas, continuous
expansion of urban space scale, and more active and
complex migration patterns within cities. Drastic changes
in individual physical activity patterns alter the time and
frequency of exposure to environmental risk factors.

Traditional environmental risk assessment technology
assumes that individuals have the same exposure
behavior pattern, and relies on annual census data or grid
estimation data, resulting in low spatial and temporal
accuracy of assessment results. These relative “static”
estimates fail to account for time spent in different
outdoor and indoor micro-environments. Portable and
low-cost sensors help fill this gap because they allow
for measurements of real-time exposures to airborne
pollutants at the individual level across urban locations.
This technique has a wide range of application scenarios,
with the exposure measurement of commuters being the
most typical. For example, a study in Minneapolis
examined pollution exposure at different stages of daily
commuting and found that the road sections requiring
high levels of physical activity also had very high
concentrations of pollutants (Hankey et al., 2017). Data
collected from time—activity diaries also help model
individual heterogeneity in daily mobility. In another
study, the authors built a behavior model based on
90000 survey data obtained from residents in Hong
Kong. They found that working adults and students
have higher exposures because of their higher mobility
(Tang et al., 2018).

Passive crowdsourced datasets, such as mobile posi-
tioning signals, have enabled fast and cheap production
of population maps for evaluating population-weighted
exposure to air pollution. Dewulf et al. (2016) simulated
the NO, exposure of the Belgian population based on the
data of five million anonymous mobile phone users. They
found that the traditional assessment method ignoring
individual exposure behavior would underestimate the
overall exposure. Nyhan et al. (2016) used the location
information of mobile phone users in New York City for
four months, combined with PM; 5 concentration data, to
quantify the population-weighted PM; s exposure health
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risks. Their results suggested significant differences in
exposure levels in different time ranges. Integrating spatio—
temporal positioning data from participatory sensing or
passive crowdsourcing presents opportunities to improve
the characterization of individual exposure behavior
and the understanding of heterogeneities in population
exposure.

3.3 Avoidance behavior

As the environmental risk perception level of the general
public increases unceasingly, a large segment of the
population has adopted so-called avoidance behaviors to
lower the adverse health effects of pollution. Such activ-
ities include buying air purifiers and masks, changing
travel routes, purchasing green products, and increasing
health care expenditure. An on-site survey experiment for
2000 travelers showed that people make sub-optimal,
overly risk-averse choices by reducing active commuting
(Fan et al., 2021). Pollution-avoidance behaviors may help
reduce the health impact of environmental risks, but these
measures’ effectiveness has been rarely evaluated, and
appropriate measurements remain lacking.

Avoidance behaviors of individuals have not yet been
systematically included in the risk assessment frame-
work. Previous studies have measured subjective
adaptive motivations, such as willingness to pay through
questionnaire surveys, but failed to trace actual adaptive
behaviors. Ignoring individual avoidance behavior may
amplify environmental inequality because disadvantaged
groups are less likely to spend extra money on pollution-
avoidance strategies (Sun et al., 2017).

With the prosperity of the Internet economy, massive
payment data generated by consumers, such as mobile
payments, can address existing gaps and provide a
measurement of avoidance behavior. Numerous types of
consumer spending can be used to indicate avoidance
behavior, such as health insurance claims, hospital and
pharmacy visits, and medical records on purchasing pre-
ventive pharmaceuticals. For example, using the data of
credit and debit card transactions in China from 2013 to
2015, Barwick et al. (2018) found that the lowest income
group had the largest increase in household healthcare
expenditure after exposure to PMys. By deeply mining
the individual-level consumption data and tracking the
expenditure of goods or services related to avoidance
behavior, we can identify vulnerable groups who are
truly at risk.

3.4 Health outcome

Emerging individual-level data are also associated with
more feasible options for measuring health outcomes.
Some of the measurements might not be new for certain
disciplines, but their integration with pollution exposure
has increased our understanding of the consequence of
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environmental risk. They also help to draw a more
comprehensive picture to inform the social benefits of
engineering measures of risk reduction.

The negative sentiments expressed on social media by
individuals reflect their poor mental health states. These
psychological states are linked to low work productivity,
depression, and, at worst, increasing rates of suicide.
Therefore, social media platforms have provided low-cost
large-cohort datasets to monitor public psychological
wellbeing. Using 1 billion Twitter updates, for instance,
Baylis (2020) calculated the sentiment score for each
tweet and estimated the relationship between expressed
sentiment on Twittersphere and outdoor ambient tem-
perature. He demonstrated significant declines in online
sentiment from hot to cold temperatures.

In other application scenarios, some mild health out-
comes such as pharmacy visits, respiratory medication
sales, and cardiorespiratory drug prescriptions can be
retrieved from individual-level data like mobile posi-
tioning data and payment records (Casas et al., 2016).
These mild adverse health impacts of pollution exposure
have induced enormous social costs but received little
attention in risk assessment studies. Portable sensors have
enabled researchers to measure physical indicators for
health monitoring and diagnoses, such as heart rate
variability, sleep patterns, blood pressure, and self-
tracking surveys (Tsou et al., 2021). In lab-based experi-
ments, health metrics from medical science such as
biomarkers of inflammation and physiological signals
such as electroencephalograms can be applied to measure
the acute health impacts of pollution exposure on
physical health and cognitive ability.

4 OQutlooks for future research

Given that human and environmental systems are highly
networked, we have seen a growing body of studies
leveraging individual-level data to advance environ-
mental health risk assessment and management. In a
new age of environmental research, we highlight a few
potential directions fostering the utilization of individual-
level data in systematic engineering.

First, the procedure of data management and quality
assurance for analyzing high-resolution pollution expo-
sure should be improved. Given that the individual-level
data come from a wide range of sources and scales,
challenges are prominent when integrating various data-
sets regarding ethical issues, long-term data availability,
noise, and bias corrections. Therefore, a framework
synthesizing different types of data is urgent and crucial
to improve data utilization efficiency, whether for aca-
demicians in risk analysis, environmental engineers, or
local policymakers.

Second, the integration of multidisciplinary methods

should be promoted. Despite recent progress, studies
in this field are scattered across various disciplines,
including environmental epidemiology, physiology and
psychology, behavioral science, social and economic
science, geographic information systems, and big data
science. Investigating approaches to method integration
can help identify priority areas for future research and
engineering practice.

Third, data applications should be aligned with national
strategies and United Nations SDGs. For example, in the
Chinese context, the government has pledged to peak its
carbon emissions by 2030 and achieve carbon neutrality
by 2060. In the coming decades, challenges from ambi-
tious carbon reduction and pollution elimination plans
will coexist, calling for synergetic management of
multiple environmental risks in a granular fashion. As
advocated in the SDG frameworks, the commitment to
protect environmental health and enhance regional
equality has also informed a research agenda for
managing environmental risks with a high spatiotemporal
resolution and revealing environmental inequality across
a diversity of population groups.
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