
Characterisation of personalised air pollution exposure in 
pregnant women participating in a birth cohort study

Akhgar Ghassabian1,2, Yelena Afanasyeva2, Keunhyung Yu1, Terry Gordon3, Mengling 
Liu2,3, Leonardo Trasande1,2,4,5, program collaborators for Environmental influences on 
Child Health Outcomes
1Department of Pediatrics, New York University Grossman School of Medicine, New York, New 
York, USA

2Department of Population Health, New York University Grossman School of Medicine, New York, 
New York, USA

3Department of Medicine, New York University Grossman School of Medicine, New York, New 
York, USA

4NYU Wagner School of Public Service, New York, New York, USA

5NYU College of Global Public Health, New York, New York, USA

Abstract

Background: Air pollution is a health risk in pregnant women and children. Despite the 

importance of refined exposure assessment, the characterisation of personalised air pollution 

exposure remains a challenge in paediatric and perinatal epidemiology.

Objective: We used portable personal air monitors to characterise personalised exposure to air 

pollutants in pregnant women.

Methods: Between November 2019 and May 2022, we offered personal air monitors to pregnant 

women participating in a birth cohort in New York City. During pregnancy, women used air 

monitors, which measured particulate matter (PM), nitrogen dioxide (NO2), and volatile organic 

compounds (average use = 14 days). Data were stored in real-time on a secure database via 

synchronisation with a smartphone application. Of 497 women who agreed to use air monitors, 

273 women (55%) were successful in using air monitors for longer than a day. For these 

participants, we identified daily patterns of exposure to air pollutants using functional principal 

component analysis (3827 days of air monitoring).

Results: Compared to women with no pollution data (n = 224), women who successfully used 

monitors were more likely to be non-Hispanic White and Asian (vs. Hispanic), nulliparous, 

unemployed, married/partnered, and received the device in-person (vs. mailed). We identified 

different daily patterns of exposure to air pollutants. The most dominant pattern for all pollutants 
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was low exposure levels with little variations within 24 h, followed by a pattern that showed 

differences between day and night levels. NO2 had higher daily variations compared to PM.

Conclusions: Small wearables are useful for the measurement of personalised air pollution 

exposure in birth cohorts and identify daily patterns that cannot be captured otherwise. Successful 

participation, however, depends on certain individual characteristics. Future studies should 

consider strategies in design and analysis to account for selective participation.
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1 | BACKGROUND

Air pollution is a health risk in pregnant women and young children. During pregnancy, 

air pollution exposure is associated with poor maternal health and adverse pregnancy 

outcomes.1–3 Developmental exposure to air pollutants such as particulate matter (PM) 

and nitrogen oxides (NOx) contributes to poor health outcomes in children.4–6 While a 

marked improvement in air quality has happened over the past decades,7 recent national data 

confirm that the trend towards better air quality is reversing,8 adding to growing concerns on 

potential impacts of low-level exposure, particularly in vulnerable groups.9,10

Despite the importance of refined exposure assessment, particularly at low exposure levels, 

the characterisation of personalised air pollution exposure remains a challenge in paediatric 

and perinatal epidemiology. Epidemiological studies of air pollution exposure and child 

health apply various methods for exposure assessment, that is geographical information 

system (GIS) methods, personal and/or residential air-monitoring methods, and biomarker 

assessments.6,11–13 GIS-based methods are commonly used in large studies and vary in 

precision, for example, distance from major roads or leveraging data from air quality 

monitoring stations and combining it with statistical modelling, for example, land-use 

regression models (LUR).14,15 GIS-based methods are often bound to the spatial and 

temporal resolution of data provided by air monitors or other geographical indicators. 

Integration of satellite-derived remote sensing into LUR improves both spatial and temporal 

predictions. Yet, ambient air pollution is a proxy of personal exposure, with correlations 

between the two varying considerably.16,17 While previous studies applied personal air 

monitoring in epidemiological settings,18 the use of personal exposure monitoring has 

remained restricted in epidemiological settings due to practical issues (e.g. large size 

of monitors), high cost and a limited number of pollutants assessed by one monitor.19–

22 Portability of personal air monitors would allow granular measurement of changing 

exposure when study participants travel to different locations during the day (indoor and/or 

outdoor). With advancements in sensor technology, small and portable personal air monitors 

are available with acceptable durability, which favours their use for an extended period. 

Importantly, these devices can measure multiple pollutants simultaneously and from various 

indoor and outdoor emission sources. Yet, compliance and cost limit the use of these 

monitors in large epidemiological studies.22,23
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We used small wearable air monitors to characterise exposure to fine PM, nitrogen dioxide 

(NO2), and volatile organic compounds (VOC) in pregnant women participating in a birth 

cohort. We identified characteristics that were associated with the successful use of personal 

air monitors. In those women who successfully used air monitor, we characterised patterns 

in daily exposure to air pollutants.

2 | METHODS

2.1 | Cohort selection

This study was nested in the New York University Children’s Health and Environment Study 

(NYU CHES), an ongoing birth cohort in New York City (NYC, 2016–present).24 NYU 

CHES is one of the participating paediatric cohorts in the National Institutes of Health 

Environmental influences on Child Health Outcome (ECHO) program and was designed to 

examine the role of the environment in children’s growth and development. Briefly, pregnant 

women who are 18 years or older, less than 18 weeks pregnant, and planning to deliver in 

one of the NYU-affiliated hospitals are invited to participate.

From November 2019 to May 2022, we invited all pregnant participants of NYU CHES 

to use a personal air monitor over the course of pregnancy. Study recruitment happened at 

two sites, NYU–Manhattan and NYU–Brooklyn.24 Trained research assistants approached 

participants during their routine prenatal care, provided a personal air monitor, and initiated 

the operation and pairing of the device with participants’ smartphones. From 1097 pregnant 

women who were recruited in NYU CHES within this period, 864 had live birth within 

the study period (excluding miscarriages, terminations, stillbirths, and loss to follow-up). 

Among 864 women, 497 women (57.5%) agreed to use air monitors and 367 women 

(42.5%) did not. We found differences between these two groups. For example, women who 

agreed to use air monitors were older, and likely to be of non-Hispanic origin and highly 

educated, to have private insurance, and to be from households with higher annual income 

than those who did not (Table S1).

2.2 | Exposure

We used the Flow by Plume Labs (Paris, France), which measures real-time exposure to 

fine particular matter (with aerodynamic diameters <1 μm (PM1) and <2.5 μm (PM2.5), NO2 

and VOC). Flow is a small (dimensions: 12.5 × 4.0 × 2.5 cm; weight ~70 g) portable air 

monitor with durable battery life (~24 h), which is designed to track the quality of personal 

air breathed by individuals (indoor and outdoor). Flow contains a light-scattering laser to 

count airborne particles and two reactive metal oxide membranes for the detection of NO2 

and VOC. The Flow device provides an estimate of the air pollutants each minute and is 

designed to self-calibrate using machine learning contained in Flow’s firmware. As reported 

by the manufacturer, the detection range for PM is 0–200 μg/m3, 0–300 ppb for NO2 and 

0–10 ppm for VOC. Air pollution and geolocation data are stored in real-time in a secure 

database via HTTPS synchronisation with a smartphone application available on Android or 

iOS. In addition to that, participants had access to their air pollution data in real-time via 

a live map and could download the data on the smartphone application, if interested. For 

individual users, the application also shows the Air Quality Index for each pollutant and 
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applies a colour-coded messaging system (LED light) to inform users about air quality. Air 

pollutant concentrations estimated by flow were highly correlated with estimates obtained 

by the reference device in the lab setting with coefficients of correlation varying between 

0.69 (for VOC) and 0.96 (for NO2).25 We used geolocation data as a proxy for mobility 

and inferred adherence to the recommendation of carrying the device based on the average 

distance travelled per day. See Supplementary Material for more information about the 

device and instructions for use.

Per convenience for participants, about half of the participants (n = 260, 53.1%) received the 

device by mail and others during their in-person visits. Participants who received the devices 

by mail were provided with an educational video by email/text. Study staff monitored air 

quality data in real-time and performed follow-up phone calls with instruction/assistance on 

device utility if participants had the device but no data were stored in the secure database.

2.3 | Other measures

At enrolment during early pregnancy, NYU CHES participants filled in a questionnaire 

(online or via interviews), which was used to obtain information on race and ethnicity, 

highest education achieved, marital status, employment status, and household annual 

income. We used electronic health records to obtain data for the date of birth, parity, 

pregnancy outcome, and pregnancy start/end date as well as data on race and ethnicity, 

marital status, and employment status, if missing from the questionnaires.

2.4 | Statistical analysis

We compared individual characteristics of women who successfully used air monitors and 

had air pollution data with those women who failed to pair the device with their smartphone 

(mean for continuous variables and percentages for categorical variables). To examine the 

association between participants’ characteristics and the successful use of air monitors, we 

estimated risk ratio (RR) using log-linear models (all variables included in one model).

Minute-by-minute concentrations of air pollutants for each woman were evaluated for 

outliers, and data were truncated at the 99th percentile. Raw data had a skewed distribution. 

Therefore, we calculated hourly averaged concentrations of air pollutants per participant 

using the geometric mean of minutes in an hour. For each participant, the daily average 

exposure was calculated using the arithmetic mean of hourly-level data. We report the mean 

[standard deviation (SD)] and median [interquartile range (25th and 75th percentiles)] of 

daily exposure for each pollutant.

Individual averaged hourly levels were used to identify patterns of daily exposure in 

participating women using various approaches. First, we calculated the Spearman correlation 

coefficient between concentrations of pollutants within 24 h of each day. Higher coefficient 

correlations between consecutive hours suggested less variation in concentrations around 

that time of the day. Second, we plotted hourly exposure levels within a day for each 

participant and then calculated the area under the average curve (AUC) of these connected 

values. AUCs were calculated for each day with higher AUCs reflecting higher cumulative 

daily exposure.
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Variations in daily exposure may not entirely be captured by using standard data analysis 

techniques such as mean and measures of dispersion. Moreover, an average curve could 

not closely resemble any of the individual daily exposure curves. Because data generated 

by the air monitors are continuous functions of concentrations for hours of a day, 

we performed functional principal component analysis (fPCA) on these functions at 24 

time points to depict the major patterns, which explained the variations underlying air 

pollution exposure during a day. fPCA is an extension of the traditional PCA where 

the principal components are represented by functions rather than vectors.26,27 The top 

functional principal components (PCs) explain major sources of variation in the data and the 

corresponding functional PC scores can reduce the dimensionality from functional data to 

lower dimensions. We identified the major functional PC explaining over 80% of variations 

in the data and visualised and interpreted each functional PC. We further explored the 

loading of these components for each day of exposures to identify which hourly exposures 

are strongly correlated with the top fPCs. We performed fPCA once with all 3827 days and 

once with one observation per study participant (average of hourly level data) to examine if 

daily patterns were independent of clustering of daily data around one participant.

We reran the analyses excluding the first 7 days of air pollution data as independent field 

evaluation with a stationary ambient monitoring site suggested that the device requires a 

7-day calibration period, particularly for NO2.28 We also reran the analyses stratifying data 

by summer and winter months to identify seasonal variation.

Statistical analysis was performed using R Package Version 4.0.2.

2.5 | Missing data

Missing values for covariates were 2.2% for race/ethnicity, 11.5% for education, 2.2% for 

marital status, 13.5% for income, 17.3% for insurance type, 5.0% for employment status and 

2.4% for parity. We used the Multivariate Imputation by Chained Equations (MICE) method 

in R with 50 data sets to impute missing values in covariates.

3 | RESULTS

In total, 273 women activated the device and paired it with the smartphone, which resulted 

in a successful collection of air pollution data for an average period of 14 days [median 

number of days = 10; 25th and 75th percentile: 5 and 17 days; 3827 person-day data]. Data 

were collected with no interruption during the period of use for 237 women. Characteristics 

of study participants, whether using the device successfully or not and if they provided 

geolocation data, are shown in Table 1. Women with Asian, non-Hispanic White or mixed 

racial/ethnic background were more likely to use the device successfully than women who 

were Hispanic (Table S2). Lower education was inversely associated with the successful use 

of the device. Women who were separated, divorced or single had lower odds of using the 

device successfully compared to those who were married/partnered. Women who received 

air monitors by mail were also less likely to use them successfully compared to those 

women who received the device in-person. In contrast, unemployment and nulliparity were 

associated with a better response.
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The majority of participants (225, 82.4%) started using an air monitor in their first trimester 

of pregnancy, driven by the study design, which aimed to recruit women in early pregnancy. 

Geolocation data showed mobility during the period of use; for example median distance 

travelled per day of use was 10.6 km (IQR = 17.5). Figure S2 presents examples of 

daily exposure concentrations for pollutants in one participant over eight consecutive days. 

Table 2 summarises descriptive statistics of average hourly and daily concentrations for 

pollutants. Descriptive statistics of AUCs, estimating the cumulative exposure in a day 

for each participant, are shown in Table S3. Spearman correlation coefficients between 

concentrations of pollutants in 24 h per day showed strong positive correlations between 

concentrations in consecutive hours (r = 0.73–0.96 for all pollutants), which were the highest 

from 7 to 11 in the morning (r > 0.9). Correlations were the lowest between consecutive 

hours in the evening, suggesting more variations during the nighttime (Figure 1).

Results of the fPCA showed that three major components explained 80–90% of the variation 

in the data for all pollutants. For NO2, the first principal component (PC1, solid black line, 

Figure S3) presented the overall daily exposure and accounted for about 55% of the variation 

in the data. PC2 (dashed red line), a component in data with the lowest eigenfunction around 

late morning (10–12), explained 15% of the variation in the data. PC3 (dotted green line) 

accounted for about 10% of the variation in data and presented a component with highest 

levels of exposure around noon and substantially lower exposure levels in other hours of 

the day. We plotted the loading of data for the first two PCs for PM2.5 and NO2 in 273 

women (Figure 2), which showed days were equally distributed around zero for both factors, 

suggesting most days had high variability in NO2 levels. For PM2.5, as shown in Figure 2, 

the majority of data points were around 0 for PC2 but negative loading for PC1, suggesting 

most days had low exposure levels with low variability. Some days had loading around zero 

for PC2 but positive loading for PC1 suggesting low variability around high exposure levels. 

Occasionally, there were days with high exposure levels and high variability around 24 h. 

The patterns were similar for PM1. For VOC, most days had low exposure of VOC with 

some outliers with high variability and high exposure levels.

Excluding the first 7 days of air pollution data from each monitor resulted in similar 

exposure levels (3176 days of observations from 223 participants, Table S4). There were 

seasonal variations in exposure levels, particularly for PM and VOC, with higher daily 

averages for VOC in winter months and higher averages for PM in summer months (Table 

S5).

4 | COMMENT

4.1 | Principal findings

In a large and socio-economically diverse sample of pregnant women in NYC, we used 

personal air monitors to characterise exposure to air pollutants during pregnancy. We 

found that women who agreed to use air monitors differed in their socio-d emographic 

characteristics compared to women who did not agree to use the device. Among users 

of air monitors, a successful use was particularly more likely among women who were 

non-Hispanic White or Asian, married/partnered, unemployed and nulliparous and received 

the device in-person (vs in mail). Because of a large sample size (3827 person-day data), 
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we were able to characterise patterns of intra-day exposure to air pollutants, which was 

otherwise not detectible looking at daily averages. Using fPCA, we identified different daily 

patterns of exposure for NO2, PM and VOC. The most dominant pattern for all pollutants 

was low exposure levels with little variation within 24 h, followed by a pattern that showed 

differences between day and night levels. NO2 exposure had higher variation across days of 

assessment compared to PM.

4.2 | Strengths of the study

Strengths of this study included a large sample and a relatively long period of monitor use 

by participants. Therefore, we were able to examine daily patterns of exposure. The study 

was embedded in a well-characterised birth cohort, which gave us access to a wide range of 

characteristics to study predictors of participation and successful use of the device.

4.3 | Limitations of the study

First, the Flow air monitor measures PM, NO2 and VOC, but not ozone. Moreover, the 

Flow monitor does not provide any information on the components of PM or VOC. Second, 

the Flow air monitor is a low-cost air monitor with validation data only available in the 

limited laboratory setting. Also, because of the large number of devices used in the study, 

we were not able to perform calibration against gravimetric concentrations measured by 

filter samples23 and had to rely on self-calibration by machine-learning algorithm in Flow’s 

firmware. Third, we did not collect information on women’s activity nor did we directly 

measured compliance.29 However, we had access to geolocation, a proxy that participants 

followed the recommendations and carried the device during the period of use. Lastly, we 

did not particularly investigate motives, barriers or individual behaviour associated with the 

use of air monitors.

4.4 | Interpretation

Several studies have reported the protocol and design of using personal air monitors 

in prospective studies.22,23,30 Two of these are particularly important for paediatric and 

perinatal epidemiology as they recruited pregnant women or individuals trying to become 

pregnant: The Air Pollution, In Vitro Fertilisation (IVF) and Reproductive Outcomes 

(AIR) Study and the Breathe—Well-Being, Environment, Lifestyle and Lung Function 

Study (B-WELL-MOM).22,23 Gaskins and Hart reported the use of personal air monitors 

in six participants of the AIR study over 72 h and outlined difficulties with battery 

life, connectivity and usability of air monitors.22 Compliance was self-report, and the 

small sample size did not allow examination of individual characteristics associated with 

compliance. In B-WELL-MOM, Ha et al. monitored personal air pollution exposure in 

40 pregnant women for 2–4 days. Compliance was defined as the proportion of time the 

monitor was worn during waking hours and calculated using activity level recorded by 

the accelerometer and self-reported sleeping hours. They then examined characteristics, 

such as asthma status, age, cigarette smoking and activity levels, and found that smoking 

and activity were associated with compliance.23 They did not look at socio-demographic 

characteristics such as race/ethnicity, education, etc. None of the studies examined daily 

patterns quantitatively although Gaskins and Hart qualitatively examined the patterns and 
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reported a peak in exposure to PM2.5 in mid-day or evening. In both studies, participants 

spent the majority of their time indoors.

We could only recruit women who had a smartphone, which might explain some of the 

differences in characteristics between those who agreed to use air monitors and those who 

did not. Among women who agreed to use the air monitors, 55% used the device for longer 

than a day. An uptake of 55% is acceptable particularly because of low cost and burden (e.g. 

introducing a wearable during an existing study visit does not require additional staff time). 

This percentage can be improved by, for example introducing the wearable to participants 

during in-person visits. It is likely that participants who received the device in the mail 

could not find and download the smartphone application or failed to pair the device with 

the application. We did not find any association between characteristics, such as age and 

educational levels, and the successful use of air monitors in the fully adjusted model. In 

contrast, women who were married or partnered and were nulliparous were more likely to 

use the device successfully. Few pregnant women in NYU CHES smoked during pregnancy 

(1%)24 and as such there was not enough variation in the data to replicate the finding from 

Ha et al. regarding smoking.23 Using geolocation data, we observed substantial movement/

change in location each day during the period of use that suggested good adherence to 

recommendations of carrying the device by women. We speculate that the portability of 

the device, lightweight, good battery life and reliable connectivity to the smartphone are 

important factors for participants to use the device as recommended.

Importantly, examination of patterns showed variations in daily exposure levels, which were 

different for various pollutants. We observed the highest daily variation for NO2, followed 

by PM, and VOC. Our quantitative measure of PM daily patterns is in line with a qualitative 

publication with a limited number of participants, which showed higher levels of PM2.5 

during mid-day and evening, which was posited by the authors to be due to cooking and 

meal preparation in indoor settings.22 Since portable monitors can be used both indoors 

and outdoors, we cannot entirely rule out other sources of exposure, for example in the 

underground subway system during mid-day or early evening commutes.31 Studies on daily 

variation of NO2 were limited to those based on ambient levels, highly influenced by 

traffic.32 But outdoor ambient variation in NO2 might not directly translate into personal 

exposure. Indoor sources of NO2, such as gas-burning cooking appliances, can be a major 

source, especially in pregnant women. Daily variations are of particular interest in studies of 

health outcomes for which acute exposure in a short period might have a substantial effect 

on the health outcomes. Examples are prospective studies that aimed to identify sensitive 

windows of exposure during a reproductive cycle for a potential impact of air pollution 

exposure on odds of conception or studies on air pollution exposure and asthma attack.

5 | CONCLUSIONS

Our study shows that small wearables can be used to measure personal air pollution 

exposure and identify daily patterns that cannot be captured otherwise. Another important 

finding is that the successful use of personal air monitors depended on certain individual 

characteristics. Additional attention should be directed towards recruitment strategies during 

design and address selective recruitment in the analyses.
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Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Synopsis

Study question

Can we use portable personal air monitors to characterise exposure to air pollution in 

pregnant women participating in a birth cohort?

What’s already known

Epidemiological studies of air pollution exposure and child health apply various methods 

for exposure assessment, that is geographical information system methods, personal 

and/or residential air monitoring methods and biomarker assessments. The use of 

personal monitoring has remained restricted in epidemiological settings due to practical 

issues, high cost and a limited number of pollutants assessed by one monitor.

What this study adds

Small wearables can be used for measurement of personalised air pollution exposure in 

birth cohorts and identify daily patterns that cannot be captured otherwise. Successful 

participation, however, depends on certain individual characteristics.
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FIGURE 1. 
Spearman correlation coefficients between hourly concentrations of air pollutants in 24 h. 

Diagonal numbers represent 24 h. Data were from 3827 days of air monitoring in 273 

participants between November 2019 and May 2022 in New York City.

Ghassabian et al. Page 13

Paediatr Perinat Epidemiol. Author manuscript; available in PMC 2024 May 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



FIGURE 2. 
Daily patterns of exposure to air pollutants by functional principal component analysis. 

Each dot represents an average day for a participant during the study period. First principal 

component score (Y axis) represents the overall low daily exposure (with little variation) 

to pollutants within 24 h and the second principal component score (X axis) presents 

the difference between daily and nighttime exposure. Data were from 3827 days of air 

monitoring in 273 participants between November 2019 and May 2022 in New York City 

metropolitan area.
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