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Abstract

Traditional methods for measuring personal exposure to fine particulate matter (PM2.5) are 

cumbersome and lack spatiotemporal resolution; methods that are timeresolved are limited to a 

single species/component of PM. To address these limitations, we developed an automated 

microenvironmental aerosol sampler (AMAS), capable of resolving personal exposure by 

microenvironment. The AMAS is a wearable device that uses a GPS sensor algorithm in 

conjunction with a custom valve manifold to sample PM2.5 onto distinct filter channels to evaluate 

home, school, and other (e.g., outdoors, in transit, etc.) exposures. Pilot testing was conducted in 

Fresno, CA where 25 high-school participants (n = 37 sampling events) wore an AMAS for 48-h 

periods in November 2016. Data from 20 (54%) of the 48-h samples collected by participants were 

deemed valid and the filters were analyzed for PM2.5 black carbon (BC) using light 

transmissometry and aerosol oxidative potential (OP) using the dithiothreitol (DTT) assay. The 
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amount of inhaled PM2.5 was calculated for each microenvironment to evaluate the health risks 

associated with exposure. On average, the estimated amount of inhaled PM2.5 BC (μg day−1) and 

OP [(μM min−1) day−1] was greatest at home, owing to the proportion of time spent within that 

microenvironment. Validation of the AMAS demonstrated good relative precision (8.7% among 

collocated instruments) and a mean absolute error of 22% for BC and 33% for OP when compared 

to a traditional personal sampling instrument. This work demonstrates the feasibility of new 

technology designed to quantify personal exposure to PM2.5 species within distinct 

microenvironments.

Graphic Abstract

INTRODUCTION

Particulate matter (PM) air pollution is the leading environmental risk factor for global 

morbidity and mortality.1 Evidence connecting PM exposure and adverse health effects has 

been gathered primarily from studies that rely upon fixed, outdoor PM monitoring sites to 

estimate air pollution exposure.2–5 Although central-site monitoring is an effective way to 

estimate population-level exposures, such monitors are largely ineffective at estimating 

personal exposure, as PM tends to be spatially and temporally heterogeneous and because 

individuals are frequently moving from one microenvironment (e.g., home, school, other) to 

the next.6–10 Thus, studies that use central-site monitors to estimate air pollution effects at 

the individual level often suffer from exposure misclassification.11

More recently, exposure modeling frameworks, such as temporal land-use regression, have 

been developed to estimate individual exposure on finer spatial and temporal scales.12–16

These advanced spatiotemporal models, however, also struggle to capture the known 

variability in individual-level PM exposure.17–19 Alternatively, personal exposure 

monitoring (i.e., using a wearable device to measure PM within an individual’s breathing 

zone), represents a direct measure of an individual’s exposure to PM.20,21 The use of active-

sampling personal monitors also permits the evaluation of PM composition (i.e., black 

carbon [BC], organic compounds, metals, and aerosol oxidative potential [OP]).22–24

Personal sampling technologies, however, have a number of limitations. Traditional personal 

samplers, for example, collect one time-integrated sample per measurement (i.e., PM is 

collected onto a single filter substrate); thus, exposure cannot be resolved spatially or 
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temporally.25 To address this limitation, studies have either paired multiple filter samplers 

together to resolve exposures by microenvironment26 or coupled a direct-reading instrument 

with a global positioning system (GPS) to resolve these exposures with data processing/ 

analyses.27–29 Though direct-reading instruments can provide time-resolved exposure data, 

these instruments tend to be expensive (limiting sample size) and often report only levels of 

a single species (e.g., PM2.5 mass or black carbon [BC]).30–34 Finally, many personal 

samplers are bulky, noisy, and intrusive leading to low rates of compliance among 

participants.34 These limitations highlight a need for personal PM monitors that are 

inexpensive, wearable, and capable of resolving speciated PM exposures as a function of 

distinct microenvironments-the goal of this work.

The Automated Microenvironmental Aerosol Sampler (AMAS) is a wearable, active aerosol 

sampling device containing four separate filter channels. Each filter channel is used to 

sample fine particulate matter (PM2.5) from predetermined personal microenvironments 

based on global positioning system (GPS) location. We evaluated the ability of the AMAS to 

determine personal exposures by microenvironment (home, school, and other) in a pilot 

study with high school students in Fresno, California. Collected PM2.5 filter samples (n = 

126 microenvironments) were evaluated for both BC35–37 and OP38–40 using established 

methods.

MATERIALS AND METHODS

Hardware.

The AMAS (Figure 1, Figure S1 and Table S1 of the Supporting Information, SI) was 

designed to be small enough (105 × 51 × 56 mm3) and light enough (240 g) to be worn by 

school-aged children (i.e., ages ∼7−18 yrs). The AMAS pump and flow-control systems are 

derived from previous efforts to develop a single-filter PM2.5 sampler called the Ultrasonic 

Personal Aerosol Sampler (UPAS).41 The UPAS is a wearable, filter-based aerosol sampler 

that contains a piezoelectric micropump, a mass flow sensor, and a suite of environmental 

sensors (temperature, pressure, relative humidity, acceleration, and light). A key feature of 

the UPAS pump is that it operates at ultrasonic frequency, producing low noise (<55 dB) in a 

compact form factor.41 The AMAS is differentiated from the UPAS by the addition of a 

global navigation satellite system (GNSS CAM-M8Q, Ublox, Thalwil, Switzerland) and a 

novel, four-channel flow manifold: each channel is comprised of a separate PM2.5 cyclone 

inlet (1.5 L min−1 flow rate, Figure S2) and a 15 mm sampling filter. Airflow through each 

channel is controlled by a customdesigned valve manifold (Figure 1B). This manifold 

contains four miniature planetary gear motors (206−108, Precision Microdrives, London, 

U.K.), each connected to a custommachined axial valve that lies between the pump manifold 

and a given inlet. The four valves are actuated independently by a microcontroller algorithm 

(described below) to allow airflow through a single filter channel on demand.

The inlet manifold consists of a single aluminum filter holder that houses all four filters, 

integrates the cyclone inlets into a single combined inlet and cover to make the device more 

aesthetically pleasing, and also contains multidirectional air inlet paths to reduce the 

possibility of blocked air flow during use. The AMAS is powered by two batteries 
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(SAEBBG900BBU, Samsung, Seoul, South Korea) that can be recharged (even while 

sampling) via a standard micro-USB connection.

Firmware.

The AMAS functionality is controlled with firmware developed for a microcontroller (mbed; 

ARM, Ltd., Cambridge, U.K.) that has been integrated into a printed circuit board (Figure 

1A). The firmware enables AMAS setup and programing via Bluetooth and in conjunction 

with a smartphone application (Android42 and iOS43 versions; see Figure S3 for screenshots 

of the app interface). The app allows the user to input microenvironment GPS coordinates, 

set basic operational settings, and initiate sampling (each of these settings are stored in 

nonvolatile memory). Participants did not carry a smartphone with the app installed, all 

AMAS programming and smartphone app use was limited to the research staff, and no data 

were collected or transferred using the smartphone app. Additionally, the AMAS firmware 

implements the microenvironmental algorithm, regulates sample volumetric flow rate, and 

monitors battery life. A multicolor light-emitting diode on the exterior of the upper housing 

serves as a visual indicator (to the user) about the operational state of the AMAS. A green 

light indicates normal operation, a blue light is shown while the AMAS is charging, a yellow 

light is displayed when the battery is under ∼20% charge, and the light turns red when the 

pumps shut down (∼10% of battery charge). Shutting the pumps off when the batteries are 

critically low impacts the sample time, but allows all AMAS sensors (other than the 

pumping system) to remain operational and continue to log data until the device can be 

charged. Sensors data are logged to nonvolatile memory at 0.2 Hz, with the exception of the 

total acceleration (square root of the sum of the squares of the three acceleration axes) and 

light sensor data (ultraviolet, visible, and infrared), which were logged at 1 Hz.

Algorithm.

A key element of the AMAS is the ability to collect multiple PM2.5 samples by time or 

location with the same personal sampler. The AMAS real-time clock could be leveraged and 

the firmware can be modified to have the filter channels collect at specific times of day. This 

could be permanently programmed into the device firmware or programmed such that these 

times could be modified using the smartphone application. However, for this study, we 

developed an algorithm that can detect predefined microenvironments based on location and 

environmental sensor data. The work described here sampled PM2.5 from three 

microenvironments: (1) “home”—a 75 m radius around the central point of the home; (2) 

“school”–a 100 m radius around the central point of the school; and (3) “other”— anytime 

the AMAS was not located in either the home or school microenvironments. Prior to 

sampling, the GPS coordinates corresponding to the participant’s home and school were 

determined using Google Maps and programmed into the AMAS via the smartphone 

application by a member of the research team. The algorithm could accept two home and 

two school locations for each participant. In cases where a child spent time in two home 

locations, these were considered as a single microenvironment (i.e., the samples from both 

homes were collected on the same filter). The same procedure was applied to the school 

microenvironment because participating students traveled between two different schools 

(their primary school and the Center for Advanced Research and Technology [CART], 
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where the participants visited each day and also where they received and returned the 

AMAS) during the 48-h sampling period.

The microenvironment detection algorithm used logic tied to the on-board GPS to estimate 

when an individual entered or exited a given microenvironment; the flowchart, shown in 

Figure 2, outlines this algorithm. The first decision point in the algorithm was to determine 

the presence of a GPS signal. If a signal was detected and had been present for at least 50 s, 

then the radial distances to the home and school central points were calculated. If the 

calculated distance was less than 75 m from a home location or less than 100 m from a 

school location, then the appropriate filter channel (home or school) was activated. If neither 

a home nor a school microenvironment was detected, then the filter channel designated as 

other was activated. In the cases where no GPS signal was acquired, then the last known 

location was used. If the last known location was >100 m from a school or >75 m from a 

home microenvironment, then the “other” filter channel was used.

Sample Collection.

High school students between the ages of 16 and 18 were recruited from CART in Fresno, 

CA to evaluate the AMAS. Each student wore the AMAS for a 48-h monitoring period and 

students were eligible to participate in the pilot multiple times. All study procedures were 

approved by the Institutional Review Board at the University of California at Berkeley and 

participants either provided informed consent or assent with consent from their parent/ 

guardian.

For each 48-h sample period, five reference samplers were deployed alongside five AMAS 

prototypes (assigned to participants at random) to compare performance. The reference 

sampler consisted of a backpack containing a traditional personal sampler with a PM2.5 size-

selective inlet (PEM 761−203A, SKC, Inc., Eighty Four, PA, U.S.A.), a personal sampling 

pump (BGI OMNI 3000, Mesa Laboratories, Lakewood, CO, U.S.A.), and a 25 mm filter 

cassette (Figure S4). The AMAS filters were cut from Pallflex Fiberfilm (T60A20; Pall Life 

Sciences, Ann Arbor, MI) sheets using a 15 mm punch. The reference sampler used 25 mm 

filters cut from Pallflex Fiberfilm sheets (10 of 15) and 25 mm Teflon filters (5 of 15; 

PT25P-PF03; Measurement Technology Laboratories (MTL), Minneapolis, MN). The 

reference filter samples were collected at 4 L min−1, while the AMAS collected filter 

samples at 1.5 L min−1. Additionally, a research team member collocated and transported 

five AMAS between microenvironments for 48 h to evaluate instrument precision. After 

sampling, filters were sealed in plastic cassettes and stored at −20 °C until they were shipped 

to Colorado State University and analyzed for BC and OP (within 3 months of sample 

collection). At the conclusion of each sampling event, all of the data logged to the AMAS 

were removed from the AMAS solidstate memory and transferred to a secure server.

AMAS Evaluation.

The AMAS battery life, power failure rate, and microenvironment detection algorithm were 

evaluated as part of the pilot study. Logged readings of AMAS pump and battery status were 

used to determine the AMAS battery life and power failure rate. The raw data from the 

GNSS module integrated in the AMAS were used to evaluate the microenvironment 
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designations determined with the algorithm for bad transitions (instances where the 

algorithm detected a home-to-school or school-to-home transition without detecting a 

transition to the other microenvironment). Additionally, the distances from the home and 

school microenvironments at the time of a transition from either a home or school to the 

other microenvironment were analyzed to evaluate the responsiveness of the algorithm.

Black Carbon Analysis.

Black carbon loading on each sampling filter was assessed by optical transmissometry at 

880 nm (SootScan OT-21, Magee Scientific, Berkeley, CA, U.S.A.). Mass absorption cross 

sections of 12.245 and 9.1837 cm2 μg−1 were used for the Pallflex Fiberfilm and MTL Teflon 

filters, respectively, following published data for the differential absorption properties of 

these filters. The 25 mm filters used a standard filter holder provided by Magee Scientific; 

however, the 15 mm filters required a custom aluminum filter holder. The custom filter 

holder (Figure S5) was designed with computer-aided design software (SolidWorks ANSYS, 

Inc., Canonsburg, PA, U.S.A.) and machined specifically for this study. Each filter was 

scanned twice; once prior to sampling and once after the 48-h collection period. The Teflon 

filters were analyzed with a Pallflex Fiberfilmfilter underneath (as a light diffuser) per the 

protocol described by Presler-Jur et al.37 The BC filter mass, concentrations, and daily 

inhaled mass were calculated using eqs S1, S2, and S3. An inhalation rate of 16.3 m3 day−1 

determined by the U.S. Environmental Protection Agency for 16 to 21 year olds46 was used 

in eq S3 to determine the daily inhaled BC mass for each participant by microenvironment. 

Laboratory filter blanks (15 mm and 25 mm) were stored in filter keepers and measured at 

least once each day that filters were analyzed. These laboratory blanks were used to 

determine the limit of detection (3× blank standard deviation) for the optical method. For the 

15 AMAS/ reference sampler pairs, the cumulative AMAS BC concentration (μg m−3) of the 

three 15 mm filters (eq S4) was compared to the corresponding 25 mm reference sampler 

filter concentration estimate.

Ambient BC measurements were recorded using the 880 nm channel of a Magee Scientific 

Aethalometer (AE33, Berkeley, CA, U.S.A.), which was installed, maintained, and 

monitored by the UCBerkeley-Stanford Children’s Environmental Health Center at the 

California Air Resources Board (CARB) FresnoGarland monitoring station (Air Quality 

System [AQS] site 060190011). Hourly BC concentrations reported by the AE33 instrument 

were used to estimate the mass of BC that would be captured on the AMAS filter if the 

AMAS had been located at the central site location operating at flow of 1.5 L min−1. 

Ambient PM2.5 concentrations (hourly averages) were also obtained from the AQS Web site 

for the month of November 2016. Data were aggregated to 24-h averages and compared to 

the AE33 BC data to determine the mean ambient BC:PM2.5 ratio during the study.

Oxidative Potential Analysis.

The oxidative potential (OP) of PM, which can contain or can lead to the formation of 

reactive oxygen species in the body, is a marker of PM toxicity.47,48 The oxidative potential 

of PM2.5 collected on sampling filters was estimated using the dithiothreitol (DTT) assay. 

The 15 mm filters were first cut in half and the 25 mm filters were quartered with ceramic 

scissors; the filter half or quarter were used for the DTT analysis. A DTT analysis method 
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(SI for details) similar to the traditional method49 was used to determine the OP. The four 

absorbance measurements for each filter sample were used to calculate the consumption rate 

of DTT. Additionally, laboratory filter blanks were analyzed with this method, and the OP 

results were adjusted by the mean DTT consumption rate of the laboratory blanks to account 

for the reactivity contribution of the filter substrate. The OP for the mass collected on the 

filters, adjusted for air sample volume (concentration), and daily inhaled PM2.5 were 

calculated for each microenvironment using eqs S5, S6, S7, and S8. For the 15 AMAS/

reference sampler pairs, the cumulative AMAS OP concentration (pmol min−1 m−3) of the 

three 15 mm filters (Equation S9) was compared to the corresponding 25 mm reference 

sampler estimates.

Data Analysis.

The Kruskal−Wallis test and pairwise Wilcoxon sign rank were used to test for significant 

differences between microenvironments for the BC and OP analyses. Deming regressions, 

concordance coefficient correlations (CCC), Bland-Altman limits of agreements (LoA), 

normalized mean bias factors (BNMBF),50 normalized mean absolute error factors (ENMAEF),
50 and mean normalized absolute errors (MNAE) were used to evaluate AMAS accuracy as 

compared to a traditional personal sampler, with a goal of achieving ±25% accuracy per 

established guidelines for personal exposure monitoring.51 The relative standard deviation of 

the black carbon analysis for the five collocated AMAS was used to evaluate precision. All 

data processing and analyses were conducted using R 3.4.1 (R Core Team, Vienna, Austria).

RESULTS AND DISCUSSION

AMAS Performance.

The AMAS devices were deployed with participants a total of 37 times over the course of 

the pilot study (15 deployments were paired with a traditional personal sampler for 

reference). An additional five AMAS were collocated on a single backpack by a member of 

the research team, resulting in 42 AMAS deployments in total (n = 126 microenvironmental 

filters; 15 reference filters). On average, the AMAS battery lasted 14 h at 1.5 L min−1; 

however, asking participants to charge the device overnight resulted in most deployments 

meeting the target sampling time (48 h). A total of 88% of AMAS (37 of the 42) logged data 

for at least 90% of the time (>43.2 h) and all 37 of those logged for the entire 48h period; 

however, only 71% (30 of the 42) of the AMAS logged and sampled for greater than 90% of 

the 48-h period (43.2 h). Of these, 64% (27 of the 42) sampled and logged for the entire 48-h 

period. Two additional deployments had incorrect microenvironment GPS coordinates 

programmed into the AMAS (the incorrect GPS coordinates were due to user error). Thus, 

the data from 20 deployments (54%) with student participants and the test with five AMAS 

collocated by a researcher were deemed valid for analysis.

Our analyses of BC and OP exposure levels were restricted to AMAS filter samples (59 of 

126 filters from 20 of 42 deployments) that met the following quality criteria: collected by 

student participants, logged data for the entire 48-h period, had valid microenvironment GPS 

coordinates, and collected PM2.5 for more than an hour (i.e., a sample volume >0.1 m3) in 

each microenvironment. For these 59 valid AMAS filters, the median (25th, 75th%) amount 
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of time spent in the school, home, and other microenvironments as determined by the 

algorithm were 4.9 (3.9, 5.6) hrs day−1, 15.5 (13.5, 16.4) hrs day−1, and 4.4 (3.4, 5.8) hrs 

day−1, respectively (Figure 3A).

The time sampled in each microenvironment was checked against the raw GPS data to 

evaluate the performance of the AMAS algorithm. The use of a predetermined radius about 

the centroids of the home and school microenvironments (75 and 100 m, respectively) 

successfully detected the majority of the time when participants were present in these two 

locations. However, this approach was imprecise when the GPS signal drift was high, when 

the home microenvironment consisted of larger multifamily dwellings, and because of the 

large footprint and open-building design (lack of internal hallways) of California high 

schools. A hypothesis is that the latter reason is why the estimated time spent at school 

seems lower than anticipated (7−8 h per day) and the estimated time spent in the “other” 

microenvironment was higher than anticipated. Additionally, the time to acquire a GPS 

signal (distance from the home and school microenvironments) was another infrequent (33 

of 780 transitions for 22 of 42 deployments), but key issue that was observed. An empirical 

cumulative distribution of the distance (in meters) from the prior microenvironment when 

the AMAS transitioned to a new microenvironment is shown in Figure S6. This analysis 

reveals a key issue when relying on GPS data as the primary determinant of 

microenvironment transition: limited or no satellite connection results in error due to a 

delayed transition. The limitations of relying solely on the GPS to detect microenvironments 

was anticipated as this challenge has been discussed in previous studies that have used GPS 

for microenvironment classification.19,27,28,52 The reliance of only GPS location for 

microenvironment classification was merely a starting point for the AMAS development, 

and improvement of the microenvironment detection algorithm is the subject of ongoing 

work. For example, further refinement of the GPS settings and the use of other 

environmental sensors (e.g., ultraviolet light intensity, acceleration, temperature, etc.) may 

help improve the ability to detect a change in microenvironment when GPS signals are 

weak.

Black Carbon (BC).

Most home filter samples (18 of 19) exceeded the method limit of detection (LOD) for BC 

(0.49 μg) as compared to fewer school (9 of 20) and other (12 of 20) filter samples. BC 

exposure concentrations are provided in Figure S7. Median (25th, 75th%) levels of BC 

concentrations were 0.4 (0.3, 0.6) μg m−3 for school, 1.4 (0.8, 2.2) μg m−3 for home, and 0.6 

(0.3, 0.8) μg m−3 for “other”. Inhaled BC mass is shown in Figure 3B for each of the three 

microenvironments. Median (25th, 75th%) levels of inhaled BC mass were 1.6 (1.1, 2.4) μg 

day−1 for school, 5.4 (2.9, 8.2) μg day−1 for home, and 2.2 (1.3, 3.1) μg day−1 for “other”. 

Inhaled BC mass was significantly higher in home versus both school and “other” 

microenvironments (pairwise Wilcoxon sign rank; p < 0.001), even though BC exposure 

concentrations tended to be similar across microenvironments (Kruskal−Wallis Test; p = 

0.5), as shown in Figure S7. This discrepancy is explained by the fact that participants spent 

the majority of their time (∼65%) at home. One option for improving BC detection would be 

to increase the amount of sample mass on the school and other filters by increasing the flow 
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through those filter channels and use a modified PM2.5 cyclone inlet suitable for the 

modified flow rate.

Oxidative Potential (OP).

Similar to BC, the OP home filters (17 of 19) had the greatest number of filter samples with 

a measured response, within error, above the blank (0.34 μM min−1) compared to the school 

(11 of 20) and “other” filters (15 of 20). When normalized to sampled air volume (Figure 

S8), the median OP (25th, 75th%) concentrations were 165 (129, 269) [pmol min−1 m3] for 

school, 135 (113, 189) [pmol min−1 m3] for home, and 266 (132, 374) [pmol min−1 m3] for 

other. These values are similar to those previously reported for urban, rural, or roadside PM 

(50−1500 pmol min−1 m−3).40 OP for inhaled PM2.5 is shown by microenvironment in 

Figure 3C, and the median inhaled OP (25th, 75th%) values were 1.2 (0.8, 1.8) [(μM min−1) 

day−1] for school, 2.5 (2.2, 3.1) [(μM min−1) day−1] for home, and 1.4 (1.1, 2.4) [(μM min
−1) day−1] for other. The OP for inhaled PM2.5 in the home microenvironment was 

significantly greater than the exposure in the school microenvironment (pairwise Wilcoxon 

sign rank; p < 0.001), while there was no significant difference for OP concentrations 

(Kruskal−Wallis Test; p = 0.07). The variability in the OP measurement was relatively high, 

especially for filters that sampled lower air volumes, as shown in Figure S9. Future work 

should aim to increase the minimum sampled air volume and/or increase assay sensitivity to 

reduce error in the DTT assay. If future sample collection aimed to collect a minimum 

sampled mass equal to the BC LOD (0.49 μg), this would equate to 11.2 μg PM mL−1 in the 

DTT assay (based on an estimated ambient BC:PM ratio of 0.04 and a 500 μL dilution 

volume for the DTT assay), near 10 μg mL−1 as previously recommended for the DTT assay.
39

Instrumentation Exposure Comparisons.

The BC results for the 15 deployments that had an AMAS paired with a backpack 

containing a traditional personal sampler is shown in Figure 4. The gray bars represent the 

48-h average BC concentration of the 25 mm reference sampler filters. The multicolored 

bars represent the BC concentration fraction on each of the three AMAS filters (shown as a 

summation of the three microenvironments BC mass in μg divided by the total sampled 

volume for the 48-h period). The percent error between the reference sampler and 

cumulative AMAS BC concentrations are shown above each paired filter set. The 12 data 

pairs with complete 48-h deployments (excluding three pairs [2, 11, 15] which had reference 

sampler pump failures) were used to evaluate the accuracy of the AMAS as compared to the 

traditional personal sampler used as a reference. The error (MNAE = 22% and ENMAEF = 

0.099) for these data pairs and a Deming regression (Figure S10) demonstrate a minor 

overestimation by the AMAS, moderate correlation (r = 0.67, CCC = 0.63) and a low bias 

demonstrated by the BlandAltman plot (Figure S11, LoA = [−0.30, 0.20 μg m−3], BNMBF = 

0.099). In addition, the five filter samples collected for the home microenvironment by the 

five collocated AMAS were above the BC LOD and demonstrated a good agreement (Figure 

S12 and S13) for microenvironment BC mass and concentration estimates (relative standard 

deviation of 8.7% and 8.8%, respectively) between AMAS, thus demonstrating AMAS 

precision. These results suggest that the AMAS can provide similar BC results as a 

traditional personal sampler. Following the BC analysis, the OP for the 15 AMAS/reference 
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sampler pairs were compared (Figures 4 and S14). The gray bars represent the 48-h OP of 

the 25 mm reference sampler filters. The multicolored bars represent the OP fraction on the 

AMAS filters (shown as a summation of the three microenvironments OP in μM min−1 

divided by the total sampled volume for the 48-h period). In addition to the three reference 

sampler deployments that had pump failures, any AMAS or reference sampler deployment 

(5, 6, 9, 13, 14) that had a filter with a low OP (<100 pmol min−1 m−3) were excluded from 

the OP comparisons. The low OP measurements were removed due to the high variability 

observed in the DTT assay (see Figure S9) at low levels of OP. The percent error between 

the reference sampler and cumulative AMAS OP concentrations are shown above each set of 

paired filter data. The error (MNAE = 33% and ENMAEF = 0.12) for these data pairs and a 

Deming regression (Figure S14) demonstrate an overestimation by the AMAS, moderate 

correlation (r = 0.43, CCC = 0.39) and a low bias demonstrated by the Bland-Altman plot 

(Figure S15, LoA = [−119, 81 pmol min−1 m−3], BNMBF = 0.12)..

We also compared the AMAS BC data to the central site AE33 BC concentration (Figure 5) 

and mass (Figure S16) estimates by microenvironment for each filter from the 20 valid 48-h 

deployments with BC measurements above the LOD (0.49 μg). To achieve this comparison, 

the central site BC mass and concentrations were estimated using the hourly AE33 BC 

concentration data coupled with the AMAS microenvironment designations. One key item 

worth noting, particularly in the home microenvironment, is the variability in BC exposures 

between different participants on a given day. The variability of BC concentration (Figures 5 

and S16) and mass (Figure S17) is accentuated on days with higher ambient BC. These 

nuances in the data could indicate exceptional exposure events for some of the participants. 

An additional item to note is that a consistent bias between the central site measurements 

and both the traditional personal sampler and AMAS filters (Figure S18) was found on the 

days with higher ambient BC (11/2−1104 and 11/08−11/10). This finding agrees with 

previous studies that suggests indoor microenvironments generally provide some filtration 

and thus protection from elevated ambient air pollution exposures.53 While there is a chance 

that this finding could be the result of measurement bias, the personal sampling comparison 

results (Figure 5) suggest this is not the case.

Strengths and Limitations.

Overall the AMAS demonstrated acceptable accuracy (within ±25% of reference methods51) 

for BC detection for samples with sufficient PM2.5 mass when compared to the traditional 

personal sampler. The AMAS accuracy for OP (33%) fell outside this range, largely due to 

the limited number of OP samples that passed quality assurance metrics. The participants, in 

general, were positive about their experience and preferred the AMAS over the traditional 

personal samplers (based on a usersatisfaction survey; Figure S19). Most importantly the 

AMAS provided the subtle but important differences in personal exposures that would 

otherwise be ambiguous if an ambient central-site monitors was the only source of exposure 

information.

There are several limitations worth noting. First, only 54% of the student participant data 

collected met our requirements for data analysis. The primary reason for this limitation was 

tied to the battery life being relatively short and lasting only 14 h before additional charging 
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was needed. Although compliant participants were often able to maintain the AMAS power 

for the entire 48-h sampling period, we plan to add an additional battery to the AMAS to 

extend operating time between charges. An alternative strategy to extend operating lifetime 

is to reduce sample flow (i.e., pump power requirements) to 1 L min−1 for the home 

microenvironment; this change, however, may lead to more filter samples below analytic 

detection limits. Second, the microenvironment classification tended to perform poorly when 

the transition distance thresholds were on the same order as the GPS signal drift (∼200 m). 

The GPS signal was often slow to connect after long periods (overnight) of having a low 

quality or null GPS signal. We plan to modify the GPS settings, modify the radii of the 

microenvironment buffers, and incorporate additional algorithm logic to determine if the 

sampler was in motion and assist in the detection of microenvironment transitions. Third, the 

DTT assay would benefit from using a smaller dilution volume than used in this study (500 

μL), which may require alternative methods such as a small-volume electrochemical assay.54

The AMAS has been developed and demonstrated the ability to evaluate an individual’s BC 

and OP within individual microenvironments in Fresno, CA. The AMAS is capable of 

sampling PM onto filter media in distinct microenvironments, and to our knowledge there is 

no personal sampler with this capability. The ability of this novel personal sampler to collect 

PM from microenvironments onto filter media permits speciation of PM by 

microenvironment; thus, providing a new capability for further investigating the impacts of 

PM composition on health outcomes. An aerosol monitor capable of sampling in distinct 

microenvironments will allow exposure scientists and epidemiologists to collect more 

samples and thus provide better insight into the effect of PM composition on human health.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
AMAS design and hardware. (A) Exploded view of all hardware components. (B) Partial 

exploded view of the valve manifold. (C) Fully assembled AMAS prototype.

Quinn et al. Page 15

Environ Sci Technol. Author manuscript; available in PMC 2019 October 02.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Figure 2. 
(A) AMAS algorithm used to determine the microenvironment location (school, home, or 

other) and to initiate sample collection into the corresponding filter channel. (B) An example 

trace is shown to demonstrate home, school, and other microenvironments (orange, green, 

and red respectively). The map was generated with the ggmap44 library using R 3.4.1 (R 

Core Team, Vienna, Austria).
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Figure 3. 
Microenvironment exposure results (school = S; home = H; other = O). Data are shown only 

for AMAS that were collected by participants, sampled the entire 48-h period, had valid 

GPS coordinates, and collected PM2.5 for more than an hour (0.1 m3) in each 

microenvironment (n = 20, 19, 20 for S, H, and O). A) Daily time spent in 

microenvironments as detected by the algorithm. B) Daily inhaled black carbon mass. C) 

Daily oxidative potential reactivity of the inhaled PM2.5.
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Figure 4. 
Comparison of the traditional personal sampler (Reference) and AMAS 48-h concentrations 

for BC and OP. The percent error between the AMAS cumulative concentration and the 

reference sampler concentrations for the 48-h periods is listed above each bar. Filter pairs 

1−5 had MTL Teflon filters for the traditional personal sampler. All other reference filters 

and all AMAS filters were Pallflex FiberfilmTM.
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Figure 5. 
Central site BC concentrations compared to AMAS filter BC concentrations by 

microenvironment. The data shown in the plots include only filter samples from 

deployments which collected PM2.5 and AMAS data for the entire 48-h period, had valid 

GPS coordinates, collected PM2.5 for more than an hour (0.1 m3) in each microenvironment, 

and the BC measurement was above the LOD (0.49 μg) of the Magee Scientific Sootscan 

measurement (school, n = 9; home, n = 18; other, n = 12). The RMSE is shown in each 

microenvironment panel and the dashed line is the 1:1 reference line.
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