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ABSTRACT 

A VERSATILE LOW-COST PLATFORM FOR PARTICULATE MATTER, VOLATILE 

ORGANIC COMPOUND, AND NOISE MONITORING 

Millions of people die prematurely each year from exposure to air pollution and other 

environmental hazards, and many more experience chronic disease. Mortality, morbidity, and 

other key indicators of adverse health are typically analyzed for large populations using city-, 

county-, or census track-level exposure data. A more local, or ideally, an individual-level 

understanding of human exposures would reduce uncertainty significantly and provide more 

actionable data. With the advent of affordable microelectronics, low-cost instruments for air 

quality and environmental monitoring are becoming increasingly common and more accessible 

to the public, but the data-quality gap between reference-grade monitors and low-cost 

alternatives is substantial. Combining the data-quality standards of reference-grade monitors 

with the accessibility of new consumer electronics would advance the state-of-the-art in 

environmental monitoring. This work describes the development and validation of a platform to 

monitor and collect particle and gas pollutants, and other environmental factors, at a lower cost 

than established technologies, while preserving the rigor and data-quality objectives associated 

with reference-grade methods. We developed a platform based on the AirPen, a low-cost monitor 

for assessing personal exposure to particulate matter and volatile organic compounds. Variations 

of the platform with different form factors, sensors, and sampling media compatibility were 

designed, and then tested in the field. Our platform implemented previously validated methods 

such as NIOSH method 0500 for total particulate matter and EPA method TO-11A for carbonyls. 
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The sampling throughputs achieved in two field studies were considerably higher (5x – 10x) than 

those typically achieved with conventional instruments within similar timeframes and 

populations. The spatial and temporal coverage of our results revealed insights on exposure that 

could be missed by more sparse monitoring. Results from this work demonstrate that new 

technology can bridge the data-quality gap and address the barriers of entry (e.g., cost, ease of 

use), to complement the limited regulatory (reference-grade) monitoring efforts currently in 

place. 
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CHAPTER 1. INTRODUCTION 

Breathing air is the most basic human need. The correct blend of innocuous nitrogen and life-

supporting oxygen allows us to think, work, exercise, digest, and sleep well. But, along with 

nitrogen, oxygen, and some inert gases, we breathe small amounts of harmful gases and airborne 

particles that have major effects on our health and overall quality of life. According to the 

Institute for Health Metrics and Evaluation (IHME), ~8 million deaths per year across the globe 

were attributable to exposure to air pollution for all years from 1998 to 2021.1 Particulate matter 

is the main contributor to air pollution-related mortality and morbidity,2–4 warranting the most 

oversight of any air pollutant. However, biogenic and anthropogenic emissions, as well as 

chemical reactions in the atmosphere, create complex mixtures of hundreds of air contaminants, 

many of which are rarely studied. Furthermore, exposures to air pollution and other hazards vary 

widely between and within populations.5–11 Traditional characterization of exposure at city-level 

or by broad population groups (e.g. by occupation) leads to uncertainty in the analysis of health 

effects.  

In the era of genomics, metabolomics, and many other omics, a comprehensive understanding of 

exposures to numerous air pollutants and environmental factors at an individual level (i.e., 

exposomics) still seems unattainable. Nevertheless, community, household, and personal multi-

exposure monitoring are becoming increasingly relevant as technology enables the development 

of low-cost, miniaturized instruments. With new devices becoming available rapidly and 

promising ever-growing functionality, keeping track of all of them and evaluating their true 

performance is an emerging challenge. Unfortunately, the accuracy and reliability of reference-

grade monitors is still uncontested for most applications.12,13 Low-cost sensors for PM and gases 
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are typically prone to bias, drift, and poor selectivity, and require complex corrections to make 

their outputs moderately accurate.14–18 

To bridge the performance gap between traditional (i.e., reference-grade) instruments and their 

low-cost counterparts, researchers and manufacturers must apply the same rigor that led to the 

establishment of the former, when developing the latter. Scientific and technical rigor, thorough 

validation of the technology, in addition to continuous quality control and assurance, are 

indispensable. Moreover, the burden of operating monitors and validating data should be 

manageable for non-experts or automated as much as possible to facilitate wide adoption.  

If reliability and barriers of entry (i.e., cost, complexity of operation) are addressed, the coverage 

and data quality needed to revolutionize our understanding of exposure and its health effects 

could be within reach. The AirPen was designed to tackle various of these challenges by 

combining (in a wearable form-factor) time-integrated sampling technology based on reference 

methods (e.g., gravimetry for PM, thermal desorption and gas chromatography for VOCs) and a 

suite of sensors for time-resolved monitoring, automated control, and data/sample quality 

assurance.19 As analytical frameworks were developed and instrument and sampling media 

variations were introduced, the AirPen became a platform for a range of sampling applications. 

This dissertation covers three aspects of the research and development process, as well as the 

adaptations and evolution of the AirPen as a versatile platform for multi-hazard monitoring. 

Chapter 2 presents the findings of a comprehensive field evaluation of low-cost light scattering 

particulate matter sensors that informed the component selection for the AirPen and showed the 

strengths and fundamental limitations of light scattering sensors for PM monitoring. Chapter 3 

covers the learnings of a facility-wide deployment of the AirPen at a furniture manufacturing 

facility as a wearable sampler for assessing occupational exposure to dust, noise, and 
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formaldehyde. That work demonstrates a framework for the sensor-based validation of sampling 

results, in addition to highlighting the importance, through statistical analyses, of larger sample 

sizes in occupational exposure assessment. Finally, chapter 4 describes the development of a 

stationary, battery-powered version of the AirPen for hazardous air pollutant monitoring and the 

results of a community-based deployment during hurricane season in Houston, TX. 
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CHAPTER 2. SIZE-RESOLVED FIELD PERFORMANCE OF LOW-COST SENSORS FOR 

PARTICULATE MATTER AIR POLLUTION1 

Chapter overview 

Particulate matter (PM) air pollution is a major health hazard. The health effects of PM are 

closely linked to particle size, which governs its deposition in (and penetration through) the 

respiratory tract. In recent years, low-cost sensors that report particle concentrations for multiple-

sized fractions (PM1.0, PM2.5, PM10) have proliferated in everyday use and scientific research. 

However, knowledge of how well these sensors perform across the full range of reported particle 

size fractions is limited. Unfortunately, erroneous particle size data can lead to spurious 

conclusions about exposure, misguided interventions, and ineffectual policy decisions. We 

assessed the linearity, bias, and precision of three low-cost sensor models, as a function of PM 

size fraction, in an urban setting. Contrary to manufacturers’ claims, sensors are only accurate for 

the smallest size fraction (PM1.0). The PM1.0–2.5 and PM2.5–10 size fractions had large bias, noise, 

and uncertainty. These results demonstrate that low-cost aerosol sensors (1) cannot discriminate 

particle size accurately and (2) only report linear and precise measures of aerosol concentration 

in the accumulation mode size range (i.e., between 0.1 and 1 μm). We recommend that 

crowdsourced air quality monitoring networks stop reporting coarse (PM2.5–10) mode and PM10 

mass concentrations from these sensors. 

 
1 Reprinted (or 'Reprinted in part') with permission from “Size-Resolved Field Performance of Low-Cost Sensors for 
Particulate Matter Air Pollution”. Emilio Molina Rueda, Ellison Carter, Christian L’Orange, Casey Quinn, and John 
Volckens; Environmental Science & Technology Letters 2023, 10, 3, 247-253; DOI: 
https://doi.org/10.1021/acs.estlett.3c00030; Copyright 2023 The Authors.  

https://doi.org/10.1021/acs.estlett.3c00030
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Introduction 

Airborne particulate matter (PM) is a major public health concern. Exposure to PM contributes 

to over a million premature deaths worldwide, and populations subject to long-term exposure 

suffer from significantly higher cardiovascular and respiratory morbidity.2,20,21 The atmospheric 

fate and transport of PM is largely determined by particle size (dp, in m), as is the penetration 

and deposition of PM within the human respiratory tract.22 How particle size relates to PM health 

effects remains an active area of research; human exposure to size modes such as ultrafine (dp < 

0.1 m), fine (dp < 2.5 m), and coarse (2.5 < dp < 10 m) PM have each been associated with 

adverse health outcomes.23,24 Traditional (reference) methods for measuring size-resolved 

particle concentrations are expensive (e.g., instrument costs from $10,000 to $100,000 each) and 

resource intensive,25 limiting their use to spatially-sparse outdoor monitoring networks in high-

income countries and research studies with short sampling durations and small samples sizes. 

The emergence of low-cost PM sensors (miniaturized, mass-produced devices that cost ~$15 to 

$50 each) has facilitated the deployment of cheaper (~$250/each) monitors in crowdsourced 

measurement networks (e.g., PurpleAir, Clarity) that are denser than traditional 

national/regional-scale networks.26 These networks are being leveraged to support growing 

interest in PM exposure and health science globally. Most low-cost PM sensors operate on the 

principle of aerosol light scattering: a fan draws PM into a small housing, the PM passes through 

a focused beam of light, and a photodetector measures the intensity of the light scattered by the 

particles.26 Most low-cost PM sensors report mass and number concentrations across a range of 

sizes (e.g., PM0.3-0.5 PM0.5-1.0, PM1.0-2.5 PM2.5, PM10). By including concentrations across multiple 

size bins as sensor outputs, manufacturers specify, either explicitly or implicitly, that their 

sensors can classify particles by size. However, manufacturer documentation often omits the 
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working principle of the sensor (i.e., whether it functions as an optical particle counter or a 

nephelometer) and the bias/precision of size-resolved outputs.  

Particle sizing is challenging even for reference-grade instruments, especially those that rely only 

on light scattering.27 For example, the signal produced by a given particle can be below the limit 

of detection, saturated, ambiguous (e.g., when two particles coincide in the detector), or 

inherently biased by aspiration or transmission errors during sampling. Sensor evaluations 

carried out by manufacturers and third parties generally involve evaluating the accuracy and 

precision of cumulative mass concentrations (e.g., PM1.0, PM2.5, PM10). This approach does not 

provide sufficient information to assess a sensor’s ability to quantify and classify particles in 

specific size ranges. Laboratory experiments and physics-based models have shown that most 

low-cost PM sensors detect particles larger than 1 µm with low efficiency.28–30 Additionally, 

field-based data suggest that low-cost PM sensors underestimate ambient concentrations of 

wind-blown dust (which likely includes many particles > 1 µm).14,31  

Here, we compare differential mass concentrations (e.g., PM1.0→2.5) from three low-cost PM 

sensors to differential mass concentrations measured by a federal equivalent method (FEM) PM 

monitor in an outdoor urban environment to better understand the ability of low-cost sensors to 

detect PM in different size fractions. We focus on the most common PM size ranges (<1.0, 1.0-

2.5, and 2.5-10 µm) and compare performance metrics for differential mass to cumulative mass 

to show how the latter can mask sensor limitations. 
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Materials and methods 

Low-cost sensors 

We evaluated three light-scattering sensor models (two units of each model) with prices and form 

factors that would be appropriate for use in large networks and/or personal exposure monitors 

(i.e., sensors that cost < $100 and weigh < 50 g): the PMS5003 (Plantower, Beijing, China), the 

SPS30 (Sensirion, Stäfa, Switzerland), and the IPS-7100 (Piera Systems, Mississauga, Canada). 

Specifications for all sensors are summarized in Table 1, and additional descriptions and data 

logging setups are available in Appendix A (see sections 1 and 2). All sensors were new and 

operated according to manufacturer recommendations (without additional calibration). 

Table 1: Low-cost sensors specifications. 

Reference monitors 

A GRIMM EDM 180 (GRIMM Aerosol Technik, Ainring, Germany) was chosen as the reference 

monitor due to its ability to measure PM in 31 particle size channels (0.25 – 32 µm). The EDM 

180 is an approved federal equivalent method (FEM) monitor for PM2.5 when operated 

continuously at a 1.2 L min-1 volumetric flow rate with a Nafion air dryer inside an isothermal 

inlet.32,33 We complied with this configuration and added the fully temperature-controlled 

 Plantower PMS5003 Sensirion SPS30 Piera IPS-7100 

Stated Outputs    

   Mass concentration PM1.0, PM2.5, PM10 
PM1.0, PM2.5, PM4, 

PM10 

PM0.1, PM0.3, PM0.5, 
PM1.0, PM2.5, PM5, 

PM10 

   Number concentration 
PC0.3, PC0.5, PC1.0, 
PC2.5, PC5, PC10 

PC0.5, PC1.0, PC2.5, PC4, 
PC10 

PC0.1, PC0.3, PC0.5, 
PC1.0, PC2.5, PC5, PC10 

Cost at quantity of 1 $15 $50 $80 

Weight 42 grams 26 grams 26 grams 

Size 50 x 38 x 21 mm 41 x 41 x 12 mm 46 x 42 x 12 mm 
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weather protection housing suggested by the manufacturer. This monitor is also UK-MCERTS 

certified for PM10.34 

For quality assurance, we compared PM2.5 and PM10 measurements between the GRIMM EDM 

180 and a collocated Beta Attenuation Monitor (5014i, Thermo Scientific, Waltham, MA, USA) 

(Figure A5). Additionally, we obtained ambient temperature, humidity, barometric pressure, and 

wind speed data from a collocated weather station (Vantage Pro2, Davis Instruments, Hayward, 

CA, USA) (see weather data in Appendix A section 7). 

Field deployment 

 

Figure 1: Map of the Powerhouse Energy Campus building in Fort Collins, where the sensors were tested. 

The instruments were deployed on the roof of the Colorado State University Powerhouse Energy 

Campus in Fort Collins, Colorado, USA (Figure 1). The building is located in an urban 

environment, adjacent to a major road and a railway, and experiences seasonal dust and wildfire 

events, despite having a relatively low background PM concentration. The GRIMM EDM 180 
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ran continuously on a roof above the second floor of the building. The low-cost sensors were 

installed on one side of the reference monitor (Figure 2). 

 

Figure 2: Layout of the instruments used for the field evaluation. 

Data processing 

Data were collected during two periods with different weather: a fall/winter dataset that spanned 

from November 23, 2021 to January 9, 2022 (48 days) and a summer dataset that spanned from 

June 13, 2022 to July 30, 2022 (48 days). Data were aggregated to 1-hour averages and PM mass 

concentrations were calculated for each monitor in the following size ranges: PM1.0, PM2.5, PM10, 

PM1.0→2.5, and PM2.5→10 (see variable definitions in Appendix A section 3).  

Statistical analyses 

Descriptive statistics, performance metrics, regression models, and graphical tools (e.g., scatter 

plots) were used to assess sensor precision (coefficient of variation among co-located devices of 
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the same model), linearity (coefficient of determination vs. reference), and bias (e.g., RMSE, 

MAE, NMB vs. reference) as a function of particle size range. A complete list and details of the 

performance metrics and statistical methods used in this study are available in Appendix A 

(sections 4 and 5). 

Results and discussion 

Table 2: Size-resolved descriptive statistics and performance metrics over the full field evaluation (fall/winter and 
summer periods combined). Parameters marked as N/A correspond to models that violated linear regression 
assumptions. 

 PM1.0 PM2.5 PM10 PM1.0-2.5 PM2.5-10 

Descriptive statistics (EDM180)      

   Median [µg/m3] 2.9 4.9 12.3 1.4 6.4 

   Mean [µg/m3] 4.4 6.5 17.8 2.0 11.4 

   IQR [µg/m3] 4.0 5.4 16.4 1.7 13.1 

   Range [µg/m3] 0 – 119.9 0.1 – 124.7 0.1 – 351.4 0 – 51.4 0 – 295.4 

Coefficient of determination (R2)      

   Piera IPS-7100 0.83 0.65 0.07 0.01 0.07 

   Sensirion SPS30 0.93 0.72 0.23 0.09 0.22 

   Plantower PMS5003 0.90 0.76 0.07 0.01 0.00 

Slope | Intercept      

   Piera IPS-7100 0.87 | -1.54 1.70 | -6.51 N/A N/A N/A 

   Sensirion SPS30 0.88 | -0.54 0.78 | -1.39 N/A N/A N/A 

   Plantower PMS5003 1.44 | -1.01 1.68 | -3.01 N/A N/A N/A 

Mean absolute error [µg/m3]      

   Piera IPS-7100 2.36 3.87 13.89 2.34 10.42 

   Sensirion SPS30 1.20 3.00 14.10 1.84 11.26 

   Plantower PMS5003 1.68 3.45 12.88 2.07 10.88 

Normalized mean bias      

   Piera IPS-7100 -47.8 % -31.0 % -65.7 % 5.2 % -85.3 % 

   Sensirion SPS30 -24.4 % -43.7 % -78.9 % -85.3 % -98.8 % 

   Plantower PMS5003 21.0 % 21.6 % -47.2 % 22.9 % -86.2 % 

Coefficient of variation      

   Piera IPS-7100 (2 units) 16.0 % 20.4 % 18.2 % 28.0 % 17.3 % 

   Sensirion SPS30 (2 units) 6.0 % 6.1 % 6.3 % 8.0 % 50.9 % 

   Plantower PMS5003 (2 units) 22.2 % 16.9 % 13.4 % 16.3 % 22.2 % 
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Figure 3: Time series graph of PM concentrations (cumulative and differential). A subset composed of the first 14 
days of the fall/winter period is shown to improve readability. A similar plot for the summer period is available in 

Appendix A (Figure A6). 

Marked differences were evident in the low-cost sensors’ responses to PM of different size 

fractions (Figures 3 and 4). The low-cost sensors measured PM1.0 with relatively low bias (mean 

absolute error [MAE] ranging from 1.2 to 2.4 g/m3; Table 1) and strong linear correlation (R2 

from 0.83 to 0.93). For PM2.5, the sensors showed slightly worse agreement with the reference 

monitor; MAE increased by a factor of two for all sensors (3.0 to 3.9 g/m3) and linear 

correlation decreased (0.65 ≤ R2 ≤ 0.76 compared to 0.83 ≤ R2 ≤ 0.93, as stated above). A larger 

disparity was evident for PM10 concentrations reported between the low-cost sensors and 
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reference monitor (R2 from 0.07 to 0.23). Consistently low PM10 concentrations reported by the 

low-cost sensors, relative to the reference monitor, indicated that larger particles (i.e., dp > 1.0 

m) were not adequately detected by the sensor models we evaluated. Differential mass 

concentrations provided further evidence of this limitation. The PM1.0→2.5 and PM2.5→10 signals 

were noisy and nearly uncorrelated with the reference measurement throughout the experiment. 

Some of these patterns (or lack thereof) were clearly identifiable from a simple visual assessment 

of the time series plots (Figure 3).  

 

Figure 4: Regression plots of low-cost sensor PM estimates versus the EDM180 reference measurements. Dashed 
black lines are identity (1:1) lines and continuous red lines are the lines of best fit (for models that complied with 

linear regression assumptions). All the hourly averages (n = 1763) were used to compute the regression models, but 
some points are not shown in the plots due to the axes range. 

The readings from all sensors lost accuracy when going from PM1 to PM2.5, and more so when 

going from PM2.5 to PM10. In those same plots, the PM2.5→10 signals from the low-cost sensors 
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remained flat and nearly zero throughout the campaigns, despite the reference monitor reporting 

PM2.5→10 concentrations of ~10 – 50 µg/m3. This unresponsiveness is consistent with a 

fundamental inability to sense and/or classify particles in that size range (2.5 – 10 µm), which 

has been demonstrated previously for some of these same low-cost sensor models in laboratory 

experiments29 and physical optical models.30 The regression plots in Figure 4 and performance 

metrics shown in Table 2 confirm that all the low-cost sensors tested here miss almost all particle 

mass in the PM2.5→10 size range under the real-world, outdoor conditions in which these sensors 

are often used. 

Additionally, every sensor demonstrated poor detection of the intermediate differential size 

fraction (1.0 – 2.5 µm). As shown in Figure 4, PM1.0→2.5 errors appear random with no clear 

trends or consistent bias. Qualitatively, this was seen as large scattering of data points in the 

regression plots (Figure 4) and the REU plots (Figure A2). Quantitatively, the very low 

coefficients of determination (R2 < 0.1 for all linear regression models) and large errors were 

coherent with a signal composed mostly of noise. Our results indicate that these sensors can 

estimate ambient PM mass concentrations in the accumulation mode (0.1 < dp < 1 µm), but that 

they cannot reliably detect particle mass in the 1.0 – 2.5 µm or the 2.5 – 10 µm size ranges.  Our 

results are consistent with Ouimette et al.,30 who developed a physical-optical model of the 

PMS5003 and theorized that this device would struggle to size-classify particles due to signal 

misclassification from multi-angle scattering within the instrument’s detection zone. Laboratory 

evaluations of the SPS30 and the PMS5003 have found that size detection ranges don’t adhere to 

manufacturer specifications and that size distribution data from these sensors are unreliable.28,29 

Our results under real-world conditions confirm these reports. The combined evidence suggests 

that the size-resolved data reported by these sensors is based on mathematical artifices rather 
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than on real measurements of size distribution. There are several reasons why these optically 

based, low-cost sensors fail to respond adequately to particles larger than 1 m.  For instance, the 

sensing zones in these instruments have truncated viewing angles that fail to capture forward 

light scattering from particles.30  Such truncation error has been shown to produce a dramatic 

loss in signal as particle size increases from 0.5 to 5 m.  Furthermore, these devices are likely to 

experience inertial losses during aspiration and transmission of particles from ambient air to their 

respective sensing zones.35 

Ideally, the sensors should provide linear response with relatively low noise (i.e., good 

precision). Non-zero intercepts and non-unity slopes in the regression calibration models are not 

a major concern because optical instruments are sensitive to aerosol characteristics such as shape 

and refractive index, which means that they need to be calibrated to specific sampling conditions 

in applications where high accuracy is needed.36 For PM1.0, most points on the regression plots 

are close to the 1:1 line indicating good agreement with the reference monitor, and all the sensors 

fit the linear model reasonably well (R2 ≥ 0.83; see also Figures A7, A8). Additionally, the 

relatively small scatter in the PM1.0 regression plots and the narrow band patterns in the REU 

plots (Figure A2) denote low noise. The PM2.5 estimates combine the good performance of PM1.0 

with the random noise of PM1.0→2.5. This translates to more scattering, larger errors, and poorer 

fit of the linear models (0.65 ≤ R2 ≤ 0.76) but, depending on the application, a calibrated sensor 

could produce usable PM2.5 estimates, as has been reported previously.37–39 For instance, to 

evaluate PM2.5 data quality, the uncertainty could be analyzed as the European Commission 

recommends, which specifies a 50% REU upper bound as the data quality objective (DQO) for 

low-cost sensors.40 Alternatively, PM2.5 could be estimated from the more accurate PM1.0 output 

by developing ad-hoc conversion equations for a combination of sensor model and use-case.   
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On the other hand, the PM10 signals of these sensors are clearly flawed, incorporating the noise 

of PM1.0→2.5 and the systematic bias of PM2.5→10. The regression plots of PM10 show high 

scattering, large bias, and no linear or other type of trend. The REU plots of PM10 show 

extremely large uncertainty with a combination of bias and noise across all concentrations 

(Figure A2). Consequently, the PM10 signal of the sensors we tested should be disregarded, as it 

appears to provide no meaningful output. A field evaluation and calibration by Kosmopoulos et 

al. reached similar conclusions and recommended the removal of high PMcoarse events from 

datasets collected with the PurpleAir to improve the accuracy of the PM1 and PM2.5 signals, but 

the authors didn’t find a way to obtain adequate PM10 estimates.41 

Some studies where only cumulative concentrations (e.g., PM1.0, PM2.5) were analyzed have 

found good agreement between low-cost sensors and FEM monitors for PM2.5 and even for 

PM10.42,43 Nevertheless, our analysis of the differential concentrations (i.e., PM1.0-2.5 and PM2.5-10) 

shows that the PM2.5 performance is driven largely by the performance in the PM1.0 range. If 

sensors are tested in environments where PM1.0 constitutes a substantial proportion of PM2.5 and 

PM10, or where the particle size distributions resemble the conditions that the manufacturer used 

to calibrate the devices, the accuracy of PM2.5 and PM10 signals can be artificially high. Hence, 

evaluations do not provide a full picture of sensor performance if a wide range of conditions is 

not covered, and if only cumulative concentrations are analyzed.  

Our work does not focus on calibration schemes for improving low-cost sensor data, for which 

there are many potential strategies.31,36,37,44,45 Further, we tested only three different sensor 

models; however, these models typify the state-of-the-art for low-cost light scattering devices 

and represent the majority of in-use technologies for crowdsourced measurement networks 
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around the world.46–48 Although our results are limited to a single geographic location and two 

seasons, they are consistent with previous theoretical and laboratory investigations.27,29,30 

The limitations of low-cost sensors presented here should be acknowledged by sensor 

manufacturers (or product integrators) and the networks that leverage these sensors should cease 

reporting PM10 mass concentrations. Use of inaccurate particle size distribution data for research 

applications such as source apportionment or outdoor-to-indoor air penetration49 could lead to 

wrong conclusions and, ultimately, to misguided public health interventions. For everyday 

applications where people want to understand local PM1, PM2.5, and PM10 sources and levels, it’s 

important to understand how effective (or ineffective) low-cost sensors are at detecting 

particulate matter depending on the primary sources (e.g., wildfire smoke, vehicle exhaust, 

cooking aerosol, wind-blown dust) and sizes of the particles. In all cases, clear guidelines for 

using (or disregarding) sensor outputs based on their trustworthiness (i.e., accuracy, precision, 

uncertainty) will benefit the user community. Specific applications where low-cost sensors have 

been shown to produce reliable estimates of aerosol mass concentration include calibration 

schemes for which the following conditions hold: (1) the aerosol of interest is stable in terms of 

size and refractive index, (2) the environmental conditions are accurately recorded (especially 

relative humidity), and (3) the aerosol mass median diameter (MMD) falls within the 

accumulation mode (i.e., 0.1 < MMD < 1 m).  Applications where these conditions have been 

met may include urban fine particulate matter,50,51 wildfire smoke,52,53 and household solid fuel 

burning.54 When calibration schemes fail to account for changes in particle size, particle 

refractive index, and ambient relative humidity, the response from these sensors will be uncertain 

and subject to bias.36,55 Whenever possible, calibration schemes should be designed to account 

for potential variability in particle characteristics and ambient conditions, as noted above. 
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Environmental conditions (i.e., temperature, relative humidity, barometric pressure) during 

calibration should ideally span ranges typical of the environmental conditions under which the 

sensors will be deployed in their intended setting(s). Sensor calibration should also occur in the 

presence of air pollution sources that are similar in composition and magnitude to those that the 

sensors will experience during deployment. Regardless of the calibration scheme, fundamental 

safeguards for the use of sensors should include protocols that address data handling and initial 

processing, outlier detection and removal, sensor detection limit, and data completeness. Further, 

calibration schemes should disclose the kind of reference air quality monitor used, the duration 

of the co-location experiment and ambient conditions, the time-averaging intervals used for 

processing the data, and the statistical model(s) selected with appropriate justification (e.g., 

evidence of model assumptions being met).36,45 

In summary, we conclude that low-cost PM sensors commonly used in crowdsourced 

measurement networks are best described as accumulation mode PM (PM0.1-1.0) sensors with 

little-to-no sizing ability or measurement reliability outside this size range. None of the devices 

evaluated here could detect coarse mode PM (PM2.5-10) and most struggled to measure the 1.0 – 

2.5 µm range when compared to a size-resolved reference monitor. Therefore, PM2.5 estimates 

from these low-cost sensors should also be interpreted with caution and PM10 estimates from 

these sensors should be seen only as a proxy representing the contribution of the accumulation 

mode to the PM10 fraction. 
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CHAPTER 3. FACILITY-WIDE ASSESSMENT OF OCCUPATIONAL EXPOSURE TO 

DUST, NOISE, AND FORMALDEHYDE2 

Chapter overview 

Exposure to particulate matter, hazardous gases, and noise among workers causes millions of 

deaths, injuries, and disabilities annually. These exposures are not measured frequently, and most 

workers are never monitored because resources for monitoring are limited globally. Even in 

high-income countries, just two or three samples per workplace inspection are collected on 

average. Considerably larger sample sizes are required to estimate measures of central tendency 

and upper percentiles of common exposure distributions. Therefore, interventions and 

epidemiological studies often rely on poor estimates of those parameters. The objective of this 

study was to demonstrate that a small team can cost-effectively measure all workers’ exposures 

to multiple hazards within a facility (~100 workers) in a single day while minimizing participant 

burden and loss of productivity. We deployed novel, compact personal monitors—called 

AirPens—to measure exposures to total particulates, formaldehyde, and A-weighted noise among 

workers at a furniture manufacturing facility during one full work shift. AirPens were preloaded 

with sampling media and preprogrammed to minimize field deployment time. On-board sensor 

data were used to identify sampling anomalies, confirm that AirPens were worn, and validate 

sampling results. Valid samples were then used to estimate exposure distribution parameters. A 

team of five people deployed 83 AirPens at the facility. After quality assurance screening, 67 

 
2 This work was submitted to the Journal of Exposure Science and Environmental Epidemiology on March 5, 2025 
for peer-review as “Facility-wide assessment of occupational exposure to dust, noise, and formaldehyde”. Emilio 
Molina Rueda, Ellison Carter, Christian L’Orange, Meghan Cosgrove, Elizabeth Williams, Ashley A. Anderson, Jane 
Andales, Jessica Tryner, Marilee Long, Ander Wilson, and John Volckens. 
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PM, 67 noise, and 22 formaldehyde samples remained valid (or 72, 67, and 31, respectively if 

samples below the limit of detection are counted as valid). PM and noise exposure distribution 

parameters (e.g., arithmetic and geometric mean, 95th percentile) were estimated with high 

certainty. Formaldehyde results were less reliable due to the smaller sample size. Use of 

streamlined multi-hazard monitoring technology enables dramatically higher sample throughput 

for workplace exposure assessment.  This approach reduces the uncertainty of workplace risk 

assessment and facilitates more in-depth analyses of personal exposure.  

Introduction 

Occupational risks contribute substantially to global morbidity and mortality. The World Health 

Organization (WHO) and the International Labour Organization (ILO) estimate that nearly 1.9 

million deaths were caused by work-related diseases and injuries in 2016, globally.56,57 Over 

40% of the work-related mortalities were linked to chronic respiratory diseases and various types 

of cancer, which, in turn, were partially attributable to exposure to occupational particulate 

matter (PM) and gases.56,58 Workers in many industrial sectors also experience long-term 

exposure to high levels of noise (> 85 dBA), which increases the incidence of hearing loss by at 

least a factor of 2.59,60 Furthermore, evidence suggests that noise exposure is associated with 

elevated risk of cardiovascular disease.61–63 More broadly, occupational exposure to air pollution 

and noise affects quality of life, mental health, and job performance for millions of 

workers.56,58,64,65 The economic cost of these work-related hazards is estimated to be multiple 

billions of dollars in high-income countries like the United States (US) and Australia.66–68 Global 

statistics offer a big-picture view of the problem, but harm reduction requires accurate, 

comprehensive, and actionable data on individual exposures.  
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Infrequent workplace inspections, combined with the limited collection of personal exposure 

samples during inspections, limit the data available for comprehensive exposure assessments. 

Globally, resources for occupational exposure assessment, control, and management are very 

limited, impacting data availability and, ultimately, effective worker protection. Although 

institutions such as WHO, ILO, and national entities that supervise occupational health [e.g.,  the 

Health and Safety Executive (HSE) in the UK, the National Institute for Occupational Safety and 

Health (NIOSH) and the Occupational Safety and Health Administration (OSHA) in the US] 

publish country- and sector-level occupational exposure data, the underlying worker-level data 

are scarce, inconsistent, and vary in quality, leading to high uncertainty in population-level 

estimates. From 1984 to 2009, OSHA analyzed an average of ~44,000 personal samples per year 

including all hazard types, and the median number of samples collected per workplace inspection 

was between two and three.69 The manufacturing sector in the US alone employs >8 million 

people, and there are >400,000 workers in just one high-risk set of occupations within this sector 

that includes welders, cutters, solderers, and brazers.70 The total number of workers in high-risk 

sectors (e.g., construction, oil and gas, mining) is much larger. Overall, OSHA-driven efforts 

collect personal exposure samples for less than 1% of at-risk US workers, and even less for each 

hazard. Occupational exposure databases from other G7 countries [e.g., Messdaten zur 

Exposition gegenüber Gefahrstoffen am Arbeitsplatz (MEGA) in Germany, Canadian Workplace 

Exposure Database (CWED) in Canada, National Exposure Database (NEDB) in the UK, 

Système de Collecte des Données d’exposition Chimiques des Laboratoires des Caisses 

Régionales d’assurance Maladie (COLCHIC) and Système de COllecte des Laboratoires 

Accrédités (SCOLA) in France] report similar numbers of personal samples per year,71–74 

whereas such information is not readily available for low- and middle-income countries. 
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Employers, researchers, and other non-governmental actors also carry out exposure assessment 

work, but the extent of those efforts is hard to quantify given that the resulting data are generally 

not available from public databases and remain scattered/uncollated.  

The typical workplace inspection sample size would have to expanded by  ~10× (i.e., from 3 to 

30) to capture the variability in exposures to air pollution and noise, which are typically 

lognormally distributed,3,7,8,75 but there are major barriers to expanded personal exposure 

monitoring. The main limiting factor is the cost of equipment and specialized labor. In most 

cases, one sampler can only monitor one worker’s exposure to a single hazard and each industrial 

hygienist (IH) can deploy approximately 8 instruments per day, so a large inspection requires 

several IHs.76 Furthermore, if more than one type of exposure (e.g., aerosols, gases, noise) must 

be measured, an additional instrument per worker for each type of exposure is needed, and 

additional personnel are required to deploy the devices. For 30 workers (i.e., a sufficient sample 

size to estimate the 95th percentile of a lognormal distribution), measuring three types of 

exposure could require 90 instruments and ~10 IHs, costing upwards of $50,000 including the 

use of equipment, sample analysis, and consultant time. The burden on workers (i.e., discomfort 

associated with wearing monitoring equipment), loss of productivity, and the complexity of 

protocols required to obtain high quality data are additional challenges associated with personal 

exposure assessment.76,77 Monitoring tools and procedures must be modernized to enable higher 

sampling throughput. 

This work describes a full-scale deployment of the AirPen, a small wearable sampler for 

particulate matter (PM), volatile organic compounds (VOCs), and noise.19 The AirPen was 

designed to reduce the total cost of personal monitor deployment and to make large sample-size 

personal exposure assessment campaigns attainable by integrating the functionality of multiple 



22 

samplers into a single, easy-to-deploy device. Moreover, the AirPen includes a suite of on-board 

diagnostic tools that streamline the sample quality assurance process. The main objective of this 

study was to measure the exposures of nearly all workers in a single large facility (~100 workers) 

in a single day. We carried out a sampling campaign at a furniture manufacturing facility in the 

US. We collected time-integrated samples, as well as a wide array of time-resolved sensor data. 

This work focuses on exposures to total aerosol mass, formaldehyde, and noise. All three of these 

hazards are relevant to the workplace in this study, are frequently encountered in the 

manufacturing industry, have established methods for exposure assessment, and have OSHA-

defined occupational exposure limits (OELs). 

Materials and methods 

Study site and hazard selection 

We partnered with a major furniture company to formulate the sampling protocols for a facility-

wide campaign at one of their manufacturing and assembly factories in Georgia, USA. The size 

of the workforce at this facility varies based on the required production volume but typically 

ranges from 80 – 130 workers, which was adequate for our desired sample size. There are several 

different production lines within the ~15,000 m2 facility (see descriptions of production lines in 

Appendix B section 2.1). The company’s industrial hygienists identified relevant work hazards 

based on prior measurements, expert judgement, and exposure control programs already in place 

at this facility. To inform the protocol design, we collected preliminary data in different areas of 

the facility using stationary monitors (results in Appendix B section 1). To demonstrate the 

AirPen’s multi-hazard capabilities, we selected one particle-phase and one gas-phase analyte for 

measurement.  Total particulates not otherwise regulated (i.e., total aerosol mass), as defined by 

NMAM 0500 method,78 was chosen as the particle-phase analyte based on the prevalence of 
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large particles (e.g., wood dust) and the lack of evidence for the presence of particularly 

hazardous dusts (e.g., crystalline silica, cobalt, vanadium). Formaldehyde was selected as the 

gas-phase analyte because the company had recently phased out multiple products that contained 

formaldehyde and wanted to assess workers’ exposure to formaldehyde relative to established 

OELs. They anticipated that formaldehyde exposures would be low following implementation of 

the new control program, but measurements were required for corroboration. The company also 

expressed interest in measuring noise exposure given that third-party inspections had measured 

noise exposures close to OELs, necessitating the establishment of a hearing protection program. 

Personal exposure monitoring 

Personal exposures to total particulates, formaldehyde, and noise were measured using the 

AirPen. The design, laboratory validation, and field validation of the AirPen has been described 

in detail by Tryner et al.19 The AirPen combines multiple environmental sensors with pumping 

technology to support time-integrated sampling of particles and gases simultaneously (Figure 5).  

 

Figure 5: AirPen diagram and pictures. Center: a view of the fully assembled AirPen, with the housing shown as 
transparent so that the main components are visible. Top left: a photograph of the AirPen in the palm of a person’s 

hand for scale. Right: a photograph of a person wearing an AirPen. 
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This device uses mass flow and temperature/humidity/pressure sensors to control the flow rate 

(250 mL min-1 default) through a 15-mm filter for PM sampling. A vapor adsorption cartridge is 

installed downstream of the filter to sample gas-phase pollutants. The AirPen was specifically 

designed to accommodate 6.35-mm-outer-diameter × 89-mm-long gas sampling tubes (e.g., 

stainless steel thermal desorption tubes or glass LpDNPH tubes). The flow rate through the tube 

is passively controlled by an orifice and continuously measured by a secondary mass flow 

sensor. Depending on the type of tube, 5% – 10% of the air that goes through the filter is directed 

to the gas cartridge (i.e., 12 – 25 mL min-1 under default configuration), and the rest bypasses the 

cartridge. Sensors within and outside of the PM and gas sampling manifold measure PM, total 

volatile organic compounds (tVOC), temperature/humidity/pressure, and sampling flow rates. 

Additionally, the AirPen records accelerometer, ambient light, and GPS data. Sensor data are 

logged on SD cards in 30-second intervals.  

For this work, we designed a PM inlet that emulates, at the lower flow rate of the AirPen, the 

sampling efficiency of the simple and disposable sampler for inhalable aerosol described by 

L’Orange et al.79 The device described by L’Orange et al. was designed to sample particles in 

accordance with the inhalable particulate mass (IPM) criterion, which requires a higher sampling 

efficiency for particles >30 µm than the 37-mm closed-face cassette (CFC) typically used for the 

total aerosol mass method (NMAM 0500).80,81  Therefore, our method is meant to be more 

protective (i.e., our inlet design will slightly overestimate exposure relative to the CFC). For this 

study, we also modified the AirPen described by Tryner et al.19 to incorporate a photoacoustic 

NDIR sensor (SCD41, Sensirion, Stäfa, Switzerland) for CO2 monitoring and a MEMS analog 

microphone (IMP23ABSUTR, STMicroelectronics, Geneva, Switzerland) for noise monitoring. 

The microphones were calibrated with a 1-kHz tone in the 50 to 110 dBA range, using a Spark 
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703+ dosimeter (Larson Davis, Depew, NY, USA) as the reference (Appendix B section 9.2). 

Then, two calibrated AirPens were colocated with two Spark 703+ dosimeters and worn in 

various industrial settings to validate noise monitoring performance (Appendix B section 9.3).  

Laboratory pre-deployment 

AirPen settings and sampling parameters (e.g., metadata, flow rate, sensor modes) were 

configured prior to deployment using a mobile phone application so that each sampler could be 

shipped to the field in a “ready-to-use” state. A primary flow rate of 250 mL min-1 for the PM 

sample was selected. AirPens were pre-configured in “next start-up” mode. In this mode, the 

device saves settings and metadata in non-volatile memory and immediately starts a sample at 

next power-on. Prior to shipping, we installed 15-mm diameter PTFE membrane filters (PT15P-

PF03, Measurement Technology Laboratories, Minneapolis, MN, USA) for PM sampling and 

ORBO™ LpDNPH glass tubes (20081-U, Sigma-Aldrich, St. Louis, MO, USA) for aldehyde 

sampling. We shipped 83 functional AirPens one week before the sampling campaign to ensure 

timely delivery. Nine additional units were loaded with identical sampling media, packed in the 

same manner, and shipped in the same cases to be used as field blanks. Additional details on 

sampler preparations are available in Appendix B (sections 3.1 and 3.2). 

Field pre-deployment 

Although the instruments were pre-configured, the field team arrived 2 days before the sampling 

campaign to have enough time to organize logistical details, check the condition of AirPens, and 

charge batteries. This last task was inevitable because rechargeable lithium-ion batteries must be 

shipped at 30% state of charge or less in the US.82 The day before the deployment, a final 

inspection of the physical condition of the devices and sampling media uncovered a significant 
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number of broken LpDNPH glass tubes (Figure B8). To minimize the consequences of this 

mishap, the field team disassembled all AirPens with broken tubes, cleaned them thoroughly, and 

capped the tube inlets and outlets on the samplers. This work allowed those instruments to still 

be used for PM and noise sampling.  

Participant recruitment 

The exposure assessment campaign was one component of a larger project at this facility and 

participants were recruited at various times before the field campaign (details in Appendix B 

section 3.3). All participants provided informed consent and completed an intake survey. The 

only survey data used for the work presented here was the self-reported job category (i.e., 

department and/or production line). Most participants completed the intake requirements 

multiple days before the sampling day, but newly-recruited workers had to complete the consent 

process and the intake survey right before sampling, adding time (~15 minutes) and complexity 

to the deployment process (Figure B10). All efforts were made to include everyone who wanted 

to participate, if they met the inclusion criteria (i.e., at least 18 years old and employed by the 

furniture company). This study was approved by the Institutional Review Board at Colorado 

State University (protocol #2364). 

Sampling 

On the morning of the deployment, participants were fitted with an Airpen using elastic straps 

around their preferred arm (Figure B11), and the device was turned on to start the pre-

programmed sample automatically. This process took about 1 minute per participant. Participants 

were asked to bring the AirPens back at the end of their shifts. The field team turned off the 

devices and provided a post-deployment survey. The AirPens were stored in the shipping cases at 
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the end of the day (protected with foam dividers, but not in individual sealed bags). The next 

morning, filters and gas tubes were removed from the devices and transferred to individual 

sealed containers. We removed the sampling media from the AirPens at this point to avoid 

sample contamination and breakage during shipping and to expedite analysis. Additional details 

on sampling and media handling are available in Appendix B (section 3.4). 

Physical sample analysis 

Collected PM mass was determined to the nearest 1 μg using an automated robotic weighing 

system (for both pre- and post-weighing).83 The system uses a robotic arm (UR3, Universal 

Robots, Odense, Denmark) to weigh sample filters on an analytic microbalance (Mettler Toledo 

XS3DU, Columbus, OH, USA) within a humidity-controlled enclosure. A polonium-210 

radiation source (2U500, NRD, Grand Island, NY, USA) is used to remove static charge before 

each weighing. Further details on the PM analytical method are available in section 4.1 of 

Appendix B. 

LpDNPH tubes were analyzed using ultraviolet high-performance liquid chromatography 

(HPLC-UV) (1260 Infinity HPLC, Agilent, Santa Clara, CA, USA) using a method derived from 

EPA TO-11A. This method was developed and used previously to measure carbonyls emitted 

from biomass-fueled cooking stoves.84–86 An extended description of the analytical procedures is 

available in Appendix B (section 4.2). 

Noise level calculations 

The analog signal from the microphone was measured by the internal analog-to-digital converter 

(ADC) on the AirPen’s microcontroller (STM32WB5MMG, STMicroelectronics, Geneva, 

Switzerland) at 50,000 Hz and 14-bit resolution. ADC values were logged to the SD card and 
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transferred to a personal computer to calculate loudness levels. All data analyses from hereon 

were executed using R version 4.1.1 (R Foundation for Statistical Computing, Vienna, Austria). 

Fast Fourier Transform (FFT) was used to convert the time domain ADC values to frequency 

domain data, and A-weighting was subsequently applied to calculate loudness in dBA.87 The 

individual calibration curve developed for each AirPen (Appendix B section 9.2) was used to 

adjust the raw calculated, A-weighted loudness values. Noise data processing and calculations 

are described in detail in section 9.1 of Appendix B. 

Data and sample integrity 

Instrument malfunction, operation errors, participants not wearing the sampler correctly, and 

other factors can lead to data/sample losses or introduce biases. Rigorous exposure assessment 

requires significant time for data quality controls.88,89 We used AirPen sensor data and on-board 

diagnostics to automate most of the sample validation work. First, we removed all samples with 

runtimes shorter than four hours and samples with corrupted/missing AirPen log files. For noise, 

log files were analyzed to identify signs of missing or faulty microphones. Examples of these 

signs included steady ADC voltages close to ground (0 V), to supply voltage (3.3 V), or to 

reference voltage (1/2 of supply voltage). Flow rate and pump voltage data recorded by sensors 

on AirPens were used to identify flow control anomalies (details in Appendix B section 5). 

Samples with 5 or more minutes of anomalous flow control data were flagged as potentially 

anomalous samples. Time-resolved flow rate and pump voltage data from potentially anomalous 

samples were graphed, visually assessed, and compared to data from known faulty AirPens 

(Figure B13). If the visual assessment evidenced a trend consistent with device malfunction, the 

sample was corroborated to be anomalous and removed.  
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If a worker does not wear a sampler for the full sample duration, the resulting measurement 

might not be fully representative of that worker’s occupational exposure.90  AirPen accelerometer 

data were used to identify times when samplers were abnormally steady (details in Appendix B 

section 6), which would be indicative of the sampler no longer being worn. Samples with more 

than 20% of anomalous accelerometer data (i.e., 96 minutes of total anomalous accelerometer 

data for an 8-hour sample; not necessarily consecutive) were flagged as potentially anomalous 

samples. Time-resolved acceleration and step count data from potentially anomalous samples 

were graphed and visually assessed to confirm that the periods flagged by the algorithm were 

consistent with the sampler not being worn. 

Left-censored data treatment 

Several PM and formaldehyde samples had concentrations below the calculated limits of 

detection. Numerical values were available for those samples, so we applied different treatments 

to those data—truncation (i.e., removing samples below LOD), imputation, and keeping the 

values as reported by the laboratory—to see how distribution estimates and summary statistics 

were affected by each treatment. For imputation, we used Pleil’s multiple-ordered value 

imputation method due to its effectiveness and simplicity, and because numerical values for 

samples below the LOD were available. Pleil showed that multiple-ordered value imputation 

produces better distribution estimates and summary statistics than data truncation, single 

imputation (e.g., replace all samples with LOD/2 or LOD/√2), and multiple random imputation, 

without the complexity of other methods such as β-substitution or Bayesian methods.91 In 

multiple-ordered value imputation, the values below the LOD are replaced with specific values 

calculated to obtain a straight QQ-plot. The order can be determined using the laboratory results 

of the analyte of interest when available (i.e., our case) or a different correlated analyte.  
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Fitting distributions to empirical exposure data 

Distributions were fitted using closed-form maximum likelihood estimation (MLE) via the MASS 

R package.92 Histograms were used to select distribution type candidates. Goodness of fit was 

assessed by comparing the empirical and theoretical probability density and cumulative density 

graphs, as well as the Q-Q and P-P plots (i.e., visually).93 Likelihood-based criteria [Akaike 

information criterion (AIC) and Bayesian information criterion (BIC)] were used to 

quantitatively compare fitted distributions. Applicable distribution parameters were calculated 

for each fitted distribution: mean (µ) and standard deviation (σ) for normal distributions, mean 

[µ(ln 𝑥)] and standard deviation [𝜎(ln 𝑥)] of the log-transformed random variable for lognormal 

distributions, and scale (λ) and shape (k) for Weibull distributions. For lognormal distributions, 

the geometric mean and geometric standard deviation were calculated as 𝑒𝑥𝑝[µ(ln 𝑥)] and 𝑒𝑥𝑝[𝜎(ln 𝑥)], respectively. The 95th percentiles were also calculated for all fitted distributions 

using the cumulative density functions. Upper confidence limits (UCLs) for the 95th percentiles 

were estimated using k factors for one-sided tolerance intervals (Eq. 1 and Eq. 2).94,95 

𝑈𝐶𝐿95% = 𝐺𝑀 + (𝐺𝑆𝐷)𝑘95%,𝜑,𝑁       𝑓𝑜𝑟 𝑙𝑜𝑔𝑛𝑜𝑟𝑚𝑎𝑙 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛𝑠 (1) 

𝑈𝐶𝐿95% = 𝜇 + 𝑘95%,𝜑,𝑁 ∙ 𝜎      𝑓𝑜𝑟 𝑛𝑜𝑟𝑚𝑎𝑙 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛𝑠 (2) 

The 𝑈𝐶𝐿95% is defined as a threshold such that the real 95th percentile is smaller than the 𝑈𝐶𝐿95% at a ϕ confidence level. In equation 1, GM is the geometric mean, and GSD is the 

geometric standard deviation. In equation 2, µ is the arithmetic mean and σ is the standard 

deviation. In equations 1 and 2, 𝑘95%,𝜑,𝑁 is the k factor for a 95th percentile at a ϕ confidence 

level and a sample size N.  
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Summary statistics 

Basic descriptive statistics and metrics that could not be calculated from fitted distributions were 

obtained from the empirical data. This is the case for minimums, maximums, medians, 

interquartile ranges (IQR), and sample sizes of all variables, as well as geometric means and 

geometric standard deviations of normally- and Weibull-distributed variables.  

Similar exposure groups (SEG) analysis 

Production lines described in Appendix B section 2.1 were analyzed as SEGs. Groups were 

analyzed at two levels of granularity. First, Welch’s two-sample t-tests were used to determine 

whether mean exposures were significantly different between non-factory (i.e., administration or 

shipping) and factory (i.e., the rest) workers. Then, one-way analysis of variance (ANOVA) and 

Tukey multiple pairwise comparisons were used to determine if mean exposures between 

production lines were significantly different. The differences in variances between production 

lines were assessed visually with boxplots. 

Results 

Sampling success rates 

Sample validation is shown in detail in Figure 6. Most of the sample attrition was caused by the 

LpDNPH glass tubes that broke during shipping. This single incident reduced the formaldehyde 

sample size significantly (attrition = 47; 57%); it also forced us to disassemble, modify, and 

reassemble the AirPens last-minute. When the AirPens were reassembled, some microphone 

boards were connected incorrectly, reducing the noise sample size (attrition = 10; 12%). In 

addition, four samplers were not turned on correctly in the morning, and one sampler was not 

turned off at the end of the work shift.  
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Figure 6: Sankey diagram of sample size attrition. Green nodes correspond to samples that met QA/QC criteria. Red 
nodes correspond to invalid samples. “Reassembled correctly/incorrectly” refers to the reassembly after the broken 

LpDNPH tubes were removed and samplers were cleaned. 

Four additional AirPens produced short samples (< 4 hours) due to firmware issues (i.e., errors in 

the source code that were identified and fixed after this study). Five PM filters had masses below 

the LOD (equivalent to 86.7 µg m-3 for an 8-hour sample). Nine formaldehyde samples had peak 

areas below the LOD (equivalent to 3.1 ng or ~8 ppb for the median sampled volume). Detailed 

detection limit calculations are available in the supplement (Appendix B sections 4.1 and 4.2). 

Anomaly detection algorithms also detected a flow control issue (i.e., leak) on one sampler (see 

Figure B14). Three additional units were flagged as potentially anomalous by the flow analysis 

algorithms, but no problems were found when flow rate and voltage data were visually inspected 
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(Figures B15, B16, B17). Finally, analysis of accelerometer data detected one sampler that was 

only worn by the worker for ~5 hours out of the 8-hour shift (Figure B18). After applying all the 

validation criteria, 67 PM, 67 noise, and 22 formaldehyde samples remained, corresponding to 

success rates of 81% for PM, 81% for noise, and 27% for formaldehyde. If samples below the 

limit of detection are counted as valid, the success rates are slightly higher: 87%, 81%, and 37% 

for PM, noise, and formaldehyde, respectively.  

Exposure to total particulates (PM) 

Table 2: PM statistics. Distribution parameters, central tendency, dispersion, and upper percentile estimates. 
Statistics are disaggregated by left-censored data treatment. 

Total Particulate Matter [µg/m3] 

 Below LOD treatment 

Parameter Truncation Imputation Data as reported 

Estimated from fitted distribution µ(ln 𝑥) (std. err.) 
[ln(µg/m3)] 

5.501 (0.069) 5.437 (0.071) 5.430 (0.072) 𝜎(ln 𝑥) (std. err.) 
[ln(µg/m3)] 

0.5651 (0.0488) 0.5993 (0.0499) 0.6111 (0.0509) 

GM 244.8 229.8 228.3 

GSD [unitless] 1.767 1.828 1.850 

95th pct. 620.22 615.7 623.7 

UCL95% (90% conf.) 720.1 716.9 728.4 

UCL95% (95% conf.) 755.5 752.6 765.4 

Estimated from raw data 

Sample size 67 72 72 

Minimum 84.3 52.0 42.9 

Maximum 941.8 941.8 941.8 

Arithmetic mean 289.0 276.1 275.6 

Median 233.9 228.7 228.7 

IQR 152.8 162.0 162.0 
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Particulate matter exposures appeared lognormal, in line with the existing literature (Figure 7a). 

Left-censored data treatment had a minor effect on the results (Table 2). The truncated dataset 

(i.e., samples below LOD removed) was slightly biased towards higher concentrations relative to 

the imputed and “as reported” datasets, but the distribution parameters (µ and σ) were within the 

standard errors from each other. The largest differences between datasets were observed around 

the left tails. The histograms showed clear differences below 200 µg m-3 (see Figure 7a), and the 

minimum concentrations differed by a factor of 2 between the truncated and “as reported” 

datasets. In this study, every sample was well below the 15,000 µg m-3 OSHA 8-hour permissible 

exposure limit (PEL) for total particulates not otherwise regulated.96 Measured exposures and 

UCL95% estimates were also below NIOSH recommended exposure limit (REL) of 1,000 µg m-3 

for wood dust.97  

 

Figure 7: PM (top) and noise (bottom) exposure distributions. a) PM exposure distribution is shown as histograms 
and fitted lognormal probability density functions. Colors represent the left-censored data treatment. b) PM 

exposure distribution is shown as cumulative histograms and fitted lognormal cumulative distribution functions. 
Colors represent the left-censored data treatment as specified by the legend on panel a. c) Noise exposure 

distribution is shown as a histogram and two different types of fitted probability density functions. Colors represent 
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the fitted distribution type. d) Noise exposure distribution is shown as a cumulative histogram and fitted cumulative 
distribution functions. Colors represent the fitted distribution type as specified by the legend on panel c. 

Exposure to noise 

Less than 0.2% of noise measurements were below the microphone’s LOD (i.e., < 50 dBA). 

Thus, we did not apply any left-censored data treatment (i.e., there was a single set of empirical 

measurements). Upon visual inspection, the histogram did not show a clear distribution type 

candidate. Both normal and Weibull distributions approximated the empirical data well (Figure 

7c). The Weibull distribution had an Akaike information criterion (AIC) of 375 whereas the 

normal distribution had an AIC of 382 (lower means higher goodness of fit). The Bayesian 

information criteria (BIC) confirmed that the Weibull distribution fit the empirical data better 

(379 vs. 387); however, not all of the summary statistics used for occupational exposure 

assessment and epidemiology are applicable to Weibull distributions, and others are hard to 

estimate. Therefore, some parameters were only calculated using the fitted normal distribution 

and empirical data (Table 3).  The arithmetic and geometric means were nearly identical at 77.7 ± 

0.1 dBA. The standard deviation, GSD, and range (20.8 dBA) evidenced a compact distribution. 

Furthermore, the interquartile range was 5.55 dBA, so most of the measurements were 

concentrated in a narrow band. The small variability produced very compact confidence 

intervals. UCL95% estimates were only 1.0 – 1.5 dBA higher than the normal distribution 95th 

percentile estimate, and ~3 dBA higher than the empirical 95th percentile. UCL95% estimates were 

also within 0.25 dBA of the maximum measured noise exposure. The noise exposure results from 

this campaign were below the OSHA 8-hour PEL of 90 dBA98 by at least 3.9 dBA. Nonetheless, 

one measurement and the UCL95% estimates were above the OSHA action level of 85 dBA, 

which means that the existing on-site hearing conservation program is required (but engineering 

controls are not).98  
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Table 3: Noise statistics. Distribution parameters, central tendency, dispersion, and upper percentile estimates. 
Statistics are disaggregated by data source used to estimate the parameter. 

Exposure to formaldehyde 

Given the low sampling success rate for formaldehyde, only a brief description is presented here 

(extended results are included in Appendix B section 7). Based on the histograms, the 

distribution of formaldehyde exposure looked like a mixture of two lognormal distributions (i.e., 

bimodal lognormal), but the valley between the two modes could also be caused by missing data 

(Figure B19). Given that a simple normal or lognormal distribution could not be fitted, we 

calculated the summary statistics using the empirical data (Table B1). The arithmetic mean 

ranged from 13.8 to 17.8 ppb, and the geometric mean ranged from 13.5 to 17.1 ppb, depending 

on the left-censored data treatment. Standard deviation ranged from 4.3 to 7.4 ppb, and GSD 

ranged from 1.3 to 1.9. Notably, even the highest measured formaldehyde concentration (25.6 

ppb) was lower than OSHA’s 8-hour PEL of 750 ppb by a factor of ~30. About a third of the 

formaldehyde samples were below the LOD.  

Noise TWA [dBA] 

 Estimate source 

Parameter Normal fit Weibull fit Raw data 

µ (std. err.) 77.77 (0.52) N/A 77.77 

σ (std. err.) 4.258 (0.368) N/A 4.290 

Scale λ (std. err.) N/A 79.65 (0.45) N/A 

Shape k (std. err.) [unitless] N/A 22.78 (2.18) N/A 

GM N/A N/A 77.65 

GSD [unitless] N/A N/A 1.058 

95th pct. 84.77 83.58 82.87 

UCL95% (90% conf.) 85.90 N/A N/A 

UCL95% (95% conf.) 86.26 N/A N/A 

Minimum N/A N/A 65.24 

Maximum N/A N/A 86.06 
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Similar exposure groups (SEG) analysis 

So far, we have presented results for the entire group of workers. In this section we analyzed the 

differences between and within departments or production lines to determine if those self-

reported job categories could be used as SEGs. Welch’s tests determined that the means of non-

factory (i.e., administration and shipping) and factory workers (i.e., the rest) were different at a 

significance level of 0.05 for PM [difference in means (95% CI): 155.9 µg m-3 (77.8 – 240.4 µg 

m-3)], noise [difference in means (95% CI): 8.6 dBA (6.5 – 10.9 dBA)], and formaldehyde 

[difference in means (95% CI): 5.7 ppb (0.7 – 10.8 ppb)]. Boxplots also show that shipping and 

administration PM and noise exposures were consistently lower than factory worker exposures 

(Figure 8). Differences between factory production lines were less clear. For PM, the one-way 

ANOVA test did not reveal differences in means between factory production lines at any 

reasonable significance level (p-value = 0.515, DoF = 4). The same was true for noise (p-value = 

0.135, DoF = 4) and formaldehyde (p-value = 0.595, DoF = 4). Tukey multiple pairwise 

comparisons did not reveal differences in means between any pair of factory production lines for 

any hazard (all p-values > 0.12). Results of all tests and assumption diagnostics are available in 

Appendix B (Section 8). Differences in variances can be assessed qualitatively using the 

boxplots and individual points in Figure 8. For PM, the machining line had a much narrower 

distribution compared to other factory lines. For noise, the final assembly line was the most 

compact, and its mean was the lowest of all factory lines. Variances of other factory lines were 

larger and closer to the population variance. 
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Figure 8: Exposure distributions by self-reported production line or department. Boxplots represent the 25th, 50th, 
and 75th percentiles for each SEG. Dots correspond to individual exposures. a) PM panel includes samples below 
the LOD. b) Noise panel shows the OSHA 8-hour action level (85 dBA) and PEL  (90 dBA). Production lines and 

departments are ordered from highest to lowest median exposure (left to right). 

Discussion 

Enforcement of worker protection standards, as well as epidemiological research, often relies on 

estimates of exposure distribution statistics rather than complete primary exposure data. The 

latter is nearly unattainable in most cases, but sufficient sample sizes are crucial for accurate 

estimation of distribution statistics. Specifically, enough samples must be collected to estimate 

the 95th (or other upper) percentile to be compared against an occupational exposure limit 

(OEL).95 For occupational epidemiologic studies, a reliable estimate of the central tendency of a 

given exposure is required (e.g., arithmetic or geometric mean).99  In both cases, the sample size 

required to accurately estimate the distribution parameters depends on the distribution type and 
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the variability within the group. Occupational exposure to airborne pollutants often follows a 

log-normal distribution with high heterogeneity.5–9 Noise exposure tends to follow a normal or 

log-normal distribution.100–102 Hewett used computer simulations to calculate the sample sizes 

required to estimate the true arithmetic and geometric means of lognormal distributions within a 

certain accuracy. At least 20 samples are necessary for estimating the geometric mean (GM) of a 

log-normal distribution within ±20% of the true GM.103 Selvin et al. noted that large sample sizes 

are required to identify “acceptable” environments when upper tolerance limits (UTL) are used 

to assess compliance of lognormally distributed exposures with 95% confidence and 95% 

coverage.104  

Compliance with worker protection standards can also be evaluated using distribution-agnostic, 

non-parametric approaches. For example, the maximum risk subgroup strategy aims to sample at 

least one individual in the high exposure subgroup (e.g., top 10%), irrespective of the type of 

distribution.105  The US National Institute of Occupational Safety and Health (NIOSH) sampling 

strategy manual includes equations to calculate the required sample size to obtain a high 

probability of sampling a high-risk employee. Equations are derived from the theory of sampling 

without replacement. For small groups (N≤7), every single worker must be measured to get a 

confidence of 90% of sampling at least one individual in the top 10%. At the same confidence 

level and exposure percentile, a group of 20 people requires 13 samples, and a group of 50 

requires 18 samples. In all cases, the typical exposure assessment sample size (i.e., 2 ≤ n ≤ 5) is 

insufficient by a factor of 5 – 10. 

This study demonstrates a significant advancement in the feasibility of large-scale, multi-hazard 

exposure assessments and offers an adaptable solution to overcome historical limitations in 

occupational exposure data collection. The outcomes of this exposure assessment campaign 
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show how key barriers, such as logistical complexity and resource intensity, can be addressed 

through the integration of innovative technology and efficient deployment strategies. By 

simplifying the sampling process and reducing the burden on participants, the AirPen fosters 

greater participation and support from workers and employers alike, demonstrating its potential 

for broader application in occupational health research.  

In this campaign, recruitment exceeded our expectations, and all the available samplers (n=83) 

were quickly assigned to workers who were interested in participating. The company was 

accommodating and interested in this work before, during, and after the deployment. Our team 

was allowed to recruit workers from all production lines freely. Workers were not intimidated by 

the sampling burden, and they were able to perform their usual duties. Loss of productivity was 

minimized by the quick-start functionality of the AirPen. Most important, the ability to collect 

facility-wide exposure data (for nearly every worker) dramatically reduced the uncertainty with 

predicting exposure distributions and estimating risk. Assessing the temporal variance and trends 

would add another layer of complexity that was out of the scope of this work. Factory-wide 

longitudinal studies could offer an unprecedented depth of knowledge about exposure. 

PM exposure measurements demonstrated consistency with a lognormal distribution, and the 

treatment of left-censored data had negligible effects on the exposure assessment outcomes. For 

all treatments, the 95th percentile and its upper confidence limits, which are crucial for 

occupational compliance and worker protection, were within 2% of each other. The “as reported” 

dataset was marginally more protective. Notably, the UCL95% estimates (717 – 765 µg m-3) were 

lower than the maximum measured exposure (942 µg m-3), indicating that we captured outliers 

that might otherwise be missed with a smaller sample size. To further illustrate the importance of 

sample size, using the same GM and GSD we measured, the UCL95% estimates would be in the 
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1,200 – 1,300 µg m-3 range for a sample size of 10, and upwards of 2,500 µg m-3 for a sample 

size of 5 because the 95th percentile confidence interval width is a function of sample size.94 

Estimates generated from these smaller samples would change the exposure judgment relative to 

the NIOSH REL. This finding underscored the importance of robust sample sizes in occupational 

exposure studies, where smaller datasets could lead to overestimated confidence intervals and 

potentially flawed exposure judgments. Measures of central tendency, which are particularly 

relevant for epidemiological studies and long-term effect analysis, exhibited slight variations 

depending on the left-censored data treatment method. Differences were even larger at the lower 

end of the exposure range, showing the importance of LOD for relatively low concentrations. 

Although uncertainty at lower concentrations could be reduced by sampling at higher flow rates 

to collect more mass, these lower exposures remain a minor concern for worker protection and 

the most common applications of exposure assessment. 

The noise exposure results from this study were particularly notable, as both the maximum and 

the UCL95% estimates fell within the narrow band between the OSHA action level and PEL. If 

the uncertainty had been greater, as would be the case with a smaller sample size, these 

compliance indicators could have shifted below the action level or above the PEL, potentially 

resulting in insufficient worker protections (e.g., cancellation of a hearing protection program in 

the case of underestimation) or unnecessary investments in costly engineering controls (in the 

case of overestimation). The maximum measurement and the UCL95% estimates were nearly 

identical (within 0.25 dBA), demonstrating reliability of the AirPen measurements. Therefore, 

using the maximum or the UCL95% would lead to the same exposure judgement. Such agreement 

would be highly unlikely with a small sample size given that confidence intervals of the 95th 
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percentile would be much wider, reducing the likelihood of accurately capturing exposures in the 

top 5%.105 

The limited number of formaldehyde samples collected in this study constrained the depth of 

analysis possible. This outcome underscored the need for optimized sampling protocols and 

improved reliability in future campaigns. Nonetheless, the low formaldehyde exposures 

measured across the factory provided strong evidence supporting the effectiveness of the 

program that replaced formaldehyde-emitting products with safer alternatives. When exposures 

are significantly below OELs, the increased uncertainty associated with smaller sample size 

becomes less critical for the purpose of assessing compliance with worker protection standards. 

However, for a more comprehensive understanding of workplace exposures, particularly for a 

carcinogen like formaldehyde, a larger sample size remains desirable. Collecting 20 – 30 

formaldehyde samples in a single day was still a noteworthy achievement, particularly given 

formaldehyde’s status as a known carcinogen and the challenges associated with its 

measurement. Future iterations of the AirPen should address reliability issues associated with 

sampling onto media in glass tubes. 

Collecting exposure data for workers across all production lines allowed us to evaluate the 

applicability and utility of similar exposed groups (SEGs) for efficient exposure assessment and 

worker protection. Exposure assessment and worker protection can be more efficient when SEGs 

are considered. If workers within a group have very similar exposures (i.e., low intra-class 

variability), fewer samples might be required. If different groups have significantly disparate 

exposures (i.e., high inter-class variability), protection strategies can be tailored for each group. 

This approach helps prioritize monitoring efforts where they are most needed, ensuring that 

higher-risk groups receive adequate attention. However, accurately classifying workers into 
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appropriate SEGs remains a challenge that requires detailed analysis of exposure variability and 

patterns. In this study, the decision to treat factory and non-factory workers as separate SEGs 

was well supported, as their mean exposures were found to differ significantly. Non-factory 

workers had consistently lower exposures and do not require the same level of monitoring or 

protection. This distinction highlights how SEGs can guide targeted monitoring and protective 

measures to reduce unnecessary efforts for low-risk groups. Conversely, the analysis showed that 

the different production lines within the factory had similar mean exposures, making them 

unsuitable candidates for SEG-based differentiation apart from a couple of particular cases. For 

instance, the machining line had a low PM variance, suggesting it could require reduced PM 

exposure assessment efforts compared to other lines. Similarly, the final assembly line had low 

noise variance and a low mean exposure to noise, so it could be treated differently (e.g., the 

hearing protection program might not be required for people working exclusively in that line). 

The significant overlap in exposure distributions across the remaining factory lines does not 

justify distinct treatment or exposure assessment strategies for these groups. 

The field team faced several challenges that impacted the success rates for each sample type 

(Figure 6). The incident with the broken LpDNPH glass tubes informed later projects; since the 

sampling campaign described herein, the AirPen design has been modified to accommodate 

plastic DNPH cartridges for aldehyde sampling. The rapid pace of deployment also introduced 

minor human errors in AirPen assembly and operation, highlighting the need for design 

improvements that reduce the likelihood of incorrect assembly, improved field protocols, or 

enhanced operator training to reduce such occurrences. Despite these obstacles, identifying weak 

points of the AirPen technology was valuable and informed later improvements in firmware and 

sampling logistics. Data logs of faulty AirPens were used to fix the firmware bugs that could not 
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be identified during smaller-scale studies. Other factors that reduced the number of valid samples 

were difficult to control or inherent to exposure measurement. For example, lower limits of 

detection could have been achieved by increasing sample flow rates, but this decision would 

have required a priori knowledge of the concentration range at the site. All in all, collecting more 

than 65 valid samples (≥ 80% success rate) for two different hazards (i.e., PM and noise) in a 

single day represented a significant improvement over traditional occupational exposure 

assessment campaigns, which have typically collected only two to five samples. Moreover, 

collecting 31 formaldehyde samples in parallel with the PM and noise samples was a remarkable 

achievement, even if the success rate was lower than expected. The success of our field sampling 

effort was strengthened by the comprehensive sample validation framework that we developed, 

which was only possible to implement at this scale using robust on-board diagnostic electronics 

and anomaly detection algorithms.  

Conclusions 

Comprehensive exposure assessments that include a sufficient number of individuals in a 

population are essential for making judgments supported by robust and reliable data. Currently, 

most vulnerable populations worldwide are not monitored—leaving public health studies, 

lawmaking, and enforcement efforts reliant on indirect or highly uncertain measures of exposure. 

This study demonstrates that technological innovations can address key barriers in exposure 

assessment, such as cost, time constraints, and participant burden. These findings underscore the 

importance of iterative development and rigorous validation to ensure the practical applicability 

of new methods in diverse occupational settings. This work provides an overview of the in-depth 

analyses possible when the majority of individuals in a group are included in exposure 

assessments. While the analyses presented here are not exhaustive due to space constraints, 
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further findings will be shared in future publications. Moreover, the campaign described here 

represents only a one-day snapshot of exposure, highlighting the need for longitudinal studies to 

capture temporal variability. Temporal variability is a crucial factor outside the scope of this 

project that needs to be studied, considering that exposure measurement campaigns are not only 

small in sample size, but also infrequent. Future development and case studies using the AirPen 

will focus on addressing the current limitations of the technology to further enhance its reliability 

and applicability. 

Continued research and development on the AirPen technology can lead to samplers that are not 

only cheaper, more compact, and as reliable as established instruments, but also much more user-

friendly for the public and less reliant on expert setup and supervision. Such multi-hazard 

monitors with on-board diagnostics could support exposome studies that have been too resource-

intensive to be scalable in a variety of occupational and non-occupational settings. Our work 

demonstrates some of the steps needed to achieve that breakthrough and marks a path forward. 
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CHAPTER 4. A LOW-COST, COMMUNITY-BASED PLATFORM FOR MONITORING 

AMBIENT CONCENTRATIONS OF HAZARDOUS AIR POLLUTANTS 

Chapter overview 

Exposure to hazardous air pollutants (HAP) is linked to elevated cancer risk, immune system 

damage, respiratory problems, reproductive issues, and other severe health effects. Regulatory 

HAP monitoring is expensive, often performed with limited spatial resolution, and impeded by 

power outages or extreme weather events.  Unfortunately, such extreme events often coincide 

with times when HAP monitoring is needed most. This work describes the development of a low-

cost, battery-powered, community-based sampling platform for HAPs.  The sampler was 

designed to provide reliable and robust measurement data by monitoring key quality 

assurance/control parameters during sampling, namely: time, location, battery power, sample 

flow rate, temperature, humidity, and pressure.  We partnered with and trained local volunteers to 

deploy the technology for ambient formaldehyde sampling (following EPA method TO-11A) in 

Houston, TX. We obtained 28 fully validated samples over a six-week period, ranging in 

concentrations from 1.27 to 7.30 ppb (TWA = 2.36 ppb); these values were consistent with 

concentrations reported by nearby regulatory monitors. Non-cancer effects are unlikely at the 

levels reported in this work, but the contribution to cancer risk is non-negligible. With minor 

technological improvements, and refined user training and communication protocols, our 

monitoring platform shows promise for producing reliable, community-led data with higher 

spatial coverage and at lower cost than established monitoring alternatives. 
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Introduction 

Exposure to hazardous air pollutants (HAP) is linked to elevated rates of cancer and severe 

damage to the immune system, the respiratory apparatus, the reproductive organs, and other 

systems. Despite their toxicity, HAPs are less monitored and regulated than criteria air pollutants 

(e.g., particulate matter, ozone, and nitrogen dioxide).106 This imbalance in oversight leaves 

critical knowledge gaps that hinder our ability to protect public health. Federal regulations in the 

United States establish emission control requirements for major sources of HAPs.107,108 EPA runs 

programs to measure outdoor concentrations of high-risk HAPs in some urban areas, and to 

inventory major sources, but nationwide allowable ambient limits (AAL) have not been 

established and federal monitoring requirements are modest.109,110 Just one to three HAP 

monitoring stations are required in each state depending on their specific demographic and air 

quality conditions.111 That leaves the control of ambient HAP concentrations in the hands of state 

and local governments, leading to inconsistent enforcement and monitoring. Consequently, 

monitoring for HAPs remains sparse and uneven, creating large blind-spots in our understanding 

of where and when air toxics pose the greatest risk. 

Measuring volatile organic HAP concentrations is resource intensive. EPA has published 17 

different methods for the determination of toxic organic pollutants in ambient air.112 Although 

these methods vary in their required sampling media and operational parameters, they typically 

require a controlled (or known) volumetric flow of air into a canister, or through a cartridge 

containing adsorbent material or a reagent. Analysis of collected samples requires specialized 

instruments (e.g., gas/liquid chromatography, mass spectrometry), and calibration standards. A 

small number of quasi-real-time monitoring methods is also available.112 One key challenge with 

HAP sampling is maintaining adequate standard operating procedures that ensure data quality 



48 

and traceability. Therefore, samplers often integrate features such as automated leak detection, 

logging of flow parameters, and out-of-tolerance condition monitoring. To protect sample 

integrity, personnel must also handle, transport, and store samples properly.113,114 The cost, 

technical complexity, and training requirements of these established methods place them out of 

reach for most community-based monitoring efforts, leaving local stakeholders without the tools 

they need to generate reliable data. 

Government-led monitoring has limited spatial resolution (i.e. zero to several stations per city) 

and can be affected by events like power outages and extreme weather.115–117 Extreme weather 

events can lead to the release of unusually large amounts of HAPs or precursors due to 

infrastructure damage, resulting in monitors being offline when needed most. In Houston, TX, 

where our study took place, tornadoes, hurricanes, and flooding are common, especially in 

summer and fall.  The Texas Commission on Environmental Quality, responsible for regulatory 

air monitoring in the state, shuts off its stations to protect the instrumentation and infrastructure 

during extreme weather events.117 For example, in response to Hurricane Harvey (2017), local, 

state, and federal monitors were offline for days even as companies reported 319 tons of air 

toxics released, a tank failure emitted an estimated 12.5 tons of HAPs, and fires at a chemical 

plant combusted 160 tons of organic peroxides.118 These dual challenges, namely, heightened 

emissions due to infrastructure failures and surveillance gaps when networks go offline, 

underscore the need for a streamlined, weather-resilient workflow that enables independent, 

community-based sampling of HAPs when needed.  

In this work, we present the field demonstration of a low-cost, battery-powered, user-friendly 

platform for monitoring formaldehyde (a HAP with known carcinogenic effects)107,119 and other 

carbonyl concentrations, carried out in Houston, Texas during the summer of 2024. We 
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developed a weather-resistant stationary version of the AirPen, a compact monitor for particulate 

matter (PM) and volatile organic compounds (VOC).19 Houston was chosen for its major 

industrial HAP sources, elevated formaldehyde risk, and active community monitoring efforts: 

neighborhoods along the Ship Channel (e.g., Fifth Ward, declared a cancer cluster in 2019120) 

exhibit higher-than-normal cancer rates; the National Air Toxics Assessment identifies 

formaldehyde as the top cancer-risk contributor in nearly every Harris County tract; and the 

Houston Health Department recorded annual average formaldehyde concentrations as high as 

2.27 ppb in 2019–2020 (≈1 in 50 000 extra cancer risk).121,122 Our primary goal was to 

demonstrate that an independent, community-deployable platform could produce reliable 

carbonyl measurements under real-world conditions. To achieve this, we: (i) evaluated 

community-based deployment feasibility and sample integrity; (ii) benchmarked AirPen 

formaldehyde measurements against reference monitors in the study area; (iii) assessed spatial 

variability of carbonyl concentrations across multiple Ship Channel neighborhoods.  

Materials and methods 

Low-cost carbonyl samplers and sampling media 

The AirPen was originally designed as a wearable personal exposure monitor for particulate 

matter and volatile organic compounds, as described in detail by Tryner et al.19 The AirPen 

simultaneously collects low-cost sensor data and physical samples. An array of sensors (e.g., 

mass flow, temperature, pressure, humidity) is used for active flow control and quality 

control/assurance. For VOCs, the original design collected physical samples into thermal 

desorption tubes as required by EPA method TO-17. For this work, we modified the sampling 

train to accommodate Supelco BPE-DNPH cartridges (54278-U, Sigma-Aldrich, St. Louis, MO, 

USA). These BPE-DPNH cartridges are suitable for EPA method TO-11A for the determination 
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of formaldehyde concentrations in ambient air. The BPE bed acts as a built-in ozone scrubber 

that is not affected by high humidity123. A custom stainless-steel adapter and a commercially 

available Luer fitting were used to connect the BPE-DNPH in place of the thermal desorption 

tube (Figure 9a).  

 

Figure 9: a) Photograph of the internal components of the AirPen, including the BPE-DNPH cartridge and the 
corresponding adapters. b) Photograph of the AirPen and the supplementary battery (connected with a cable) inside 

the weather-resistant housing. c) Photograph of the sampler mounted on a pole. 

The AirPen runtime (12 to 16 hours) and flow rate through the gas tube (10 to 20 mL min-1) were 

originally tailored for the high concentrations and short sampling durations of occupational 

exposure assessment. For the lower concentrations typically observed in ambient air (e.g., single-

digit ppb for formaldehyde), a higher sample volume (e.g.,  > 50 L for low-ppb concentrations) 

was necessary to collect sufficient mass for analysis. A 72 W h battery pack (V75, Voltaic 

Systems, Brooklyn, NY, USA) was connected to the micro-USB charging port on the AirPen to 

supplement the 11 W h internal battery and extend the runtime (Figure 9b). The lower pressure 

drop of the BPE-DNPH cartridge, relative to thermal desorption tubes, allowed for higher flow 
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rates (i.e., 20 to 40 mL min-1). The extended runtime time of 36 to 72 hours and increased flow 

rates made higher sample volumes of 50 to 150 L possible. 

A custom weather-resistant housing was built to mount the AirPen outdoors securely and to 

protect it from the elements (Figures 9b and 9c). To replace the sampling media, users had to 

open the housing and detach the AirPen, which was held in place by alignment brackets and 

Velcro (Figure 9b). The AirPen uses a twist-cap mechanism mounted over the inlet as the on/off 

switch. Therefore, the inlet had to be accessible from the outside. With the AirPen mounted in the 

weather-resistant housing, the inlet faced down and stuck out enough for the user to operate the 

switch mechanism. A rain shield was installed around the inlet to prevent water ingress (Figure 

9c).  

Users controlled the devices through Bluetooth using an iOS application. All sensors (i.e., PM, 

total VOC, noise, CO2) were turned on, except for the GPS, which was not used to save battery. 

The flow rate through the inlet is actively controlled by the sampler and was set to the default 

value of 250 mL min-1. The flow rate through the BPE-DNPH cartridge is a small fraction (~8 – 

16%) of the total flow rate through the inlet, passively controlled by an orifice in the manifold, 

and continuously measured by a mass flow sensor. Duty cycle was set to 100%. The sample 

duration was set to 72 hours. 

Community-based field demonstration 

Seven organizations (see section 1 in Appendix C) from different super neighborhoods (i.e., 

official territorial division in Houston) volunteered to collect samples in their communities (see 

map on Figure 10). The communities have HAP sources (e.g. refineries, other oil and gas 

facilities, plastic manufacturers, major highways etc.) nearby, and several of them are located 
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along the Houston Ship Channel (a hotspot for HAP sources).  Eleven samplers were distributed 

across the different organizations (one or two per organization), and each sampler was assigned 

to a host who was responsible for collecting samples at their place of residence.  

 

Figure 10: Map of the super neighborhoods where hosts installed samplers (in pink), and where the Texas 
Commission on Environmental Quality collects carbonyl samples at a regulatory station (in green). The Houston 

Ship Channel is shown in blue (south of Clinton Park and Galena Park). Orange lines represent highways and yellow 
lines represent major roads. 

An in-person training session took place in July 2024, approximately three weeks before the start 

of the sampling campaign. During this session, hosts received kits that included the sampler, 

tools, a wall charger, a user manual, and BPE-DNPH cartridges for 6 weeks (plus one blank). 

Hosts who attended the training session had the opportunity to start a practice sample under the 
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guidance of the research team. Hosts who could not attend the session received the kit and were 

offered remote support as needed. Sampling media handling and blank collection procedures 

were covered in training and remainders were sent via mobile messaging at the end of each 

week. Hosts were asked to install cartridges and start a new sample weekly, preferably on 

Saturday or Sunday. After the sample ended by battery depletion (typically midweek), they were 

asked to remove the cartridge and store it in the original bag, sealed, and refrigerated. Batteries 

had to be recharged for at least 12 hours before the next sample could be started. Hosts were also 

asked to ship samples to Colorado State University for analysis weekly. The sampling campaign 

started on August 10, 2024 (i.e., during the peak of hurricane season in Houston) and lasted 6 

weeks.  

Physical sample analysis 

BPE-DNPH cartridges were analyzed using ultraviolet high-performance liquid chromatography 

(HPLC-UV) (1260 Infinity HPLC, Agilent, Santa Clara, CA, USA). The analytical method, 

derived from EPA TO-11A, was originally developed to measure carbonyls emitted from 

biomass-fueled cooking stoves.84–86 The HPLC-UV detector generates peak areas in absorbance 

units for a range of carbonyls, including formaldehyde, methacrolein, and propionaldehyde. We 

subtracted the mean reported peak area of the field blanks from the peak area reported by the 

instrument for each sample to account for bias introduced during handling and shipping. Blank 

corrected peak areas were transformed into equivalent carbonyl masses using calibration curves. 

The calibration curves were obtained using a mixed carbonyl standard solution in DNPH 

(CRM47285, Sigma-Aldrich, St. Louis, MO, USA). The carbonyl mass was divided by the 

volume of air sampled through the BPE-DNPH cartridge to obtain the average concentration in 
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air for each sample. Additional details on the physical sample analysis are available in section 2 

of Appendix C. 

Data and sample integrity 

We used AirPen sensor data to validate samples. Samples with runtimes shorter than 12 hours 

and samples with corrupted or missing AirPen log files were removed. Anomaly detection 

algorithms based on flow rate through the inlet, flow rate through the BPE-DNPH cartridge, and 

pump voltage data were used to identify leaks, clogs, and other flow control issues (details in 

Appendix C section 3). Samples with more than 15 minutes of anomalous flow control data were 

flagged as potentially invalid. A visual assessment of the time-resolved flow rate and pump 

voltage data was conducted to confirm the existence of a fault and determine its nature. Samples 

were confirmed to be anomalous and removed from further analysis if the visual assessment of 

the time-resolved flow rate and pump voltage data showed a consistently anomalous trend as 

opposed to a small number of short anomalous events.  

Regulatory air monitoring data 

We downloaded HAP data from the Texas Air Monitoring Information System (TAMIS) to 

contextualize our measurements. TAMIS is managed by the Texas Commission on 

Environmental Quality (TCEQ) and is publicly accessible online.124 The TCEQ station at Clinton 

Park monitors HAP concentrations and is adjacent to two of the neighborhoods where our 

samplers were installed (see Figure 10). TCEQ collects a 24-hour DNPH sample per week at 

Clinton Park and analyzes it using HPLC-UV to quantify carbonyl concentrations.125 The 

proximity of the station to our sampling locations and the similarity in analytical methodologies 

gave us the opportunity to use the Clinton Park data as a reference for qualitative analysis. 
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Formaldehyde ambient concentration reference values and levels 

No federal or state has established a binding ambient‐air quality standard for formaldehyde; 

instead, agencies publish nonbinding screening or reference levels for health‐based permitting 

and risk‐assessment purposes. TCEQ uses a chronic noncarcinogenic effect screening level 

(ESL) of 2.7 ppb for air permit reviews, and a chronic noncarcinogenic reference value (ReV) of 

8.9 ppb for air monitoring data evaluation. The carcinogenic ESL and ReV levels obtained by 

TCEQ are higher, so the more protective noncarcinogenic levels are used.126 EPA’s Integrated 

Risk Information System (IRIS) health assessment obtained a noncancer inhalation reference 

concentration (RfC) of 5.7 ppb, which is an estimate of a continuous exposure that is likely to be 

without risk of harmful noncancer effects over a lifetime. For cancer risk, EPA’s IRIS 

toxicological review calculated an inhalation unit risk (IUR) of 1.1 x 10-5 per µg m-3 (1.35 x 10-5 

per ppb at standard temperature and pressure), but a reference concentration was not 

established.127 

Estimating cancer risk 

The Agency for Toxic Substances and Disease Registry (ATSDR) provides the following 

equation for calculating cancer risk: 

𝐶𝑅 = (𝐴𝐴𝐶 × 𝐼𝑈𝑅) × (𝐸𝐷𝐿𝑌 ) (3) 

Where 𝐶𝑅 is the cancer risk, 𝐴𝐴𝐶 is the exposure factor-adjusted air concentration, 𝐼𝑈𝑅 is the 

inhalation unit risk, 𝐸𝐷 is the age-specific exposure duration, and 𝐿𝑌 is the lifetime in years. We 

analyzed the worst case-scenario where the exposure duration is equal to the lifetime, and the 

exposure factor is one (i.e., continuous exposure). Under these assumptions, the cancer risk is 
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estimated as the product of the air concentration and the IUR. A more accurate estimate requires 

information about individual exposure patterns, but given that formaldehyde concentrations are 

typically higher indoors,128 assuming continuous exposure to ambient concentrations as a 

baseline is reasonable. 

Results and discussion 

Sampling success rates 

A total of 55 samples were collected by participants and sent to the laboratory for analysis, 

including eight field blanks. The analytical method quantified several carbonyls on each sample, 

but we only present formaldehyde results given that we did not implement all the required 

protocols listed in EPA’s method TO-11A for the reliable detection of other aldehydes and 

ketones.129 Sensor data were analyzed to assess sample quality. Quality assurance criteria were 

applied sequentially as described hereafter. Out of the 47 samples collected (not counting 

blanks), twelve (26%) had missing or invalid log files because the host did not start the sampler 

correctly or, in the case of one device, because the memory card was lost. Five samples (11%) 

were considered invalid because the runtime was short (< 12 hours), which was caused by low 

battery levels at start-up in most cases, and by a firmware issue in one case. Two additional 

samples (4%) were invalidated because a blockage was detected in the sampling path (see 

Figures C2 and C3). The application of these quality assurance criteria resulted in 28 valid 

samples (60%).  

Approximately 85% of the sample attrition was caused by human errors, underscoring the 

importance of robust training and follow-up communication for community-based sampling. 

Nonetheless, the significant number of issues with starting samples and charging shows that 
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technological improvements (e.g., simplify operation, implement remote control/monitoring) are 

also required to make the in-field protocols and operation more dependable for community-based 

monitoring. The remaining 15% of the sample attrition was caused by issues with the samplers, 

which represent a small fraction of the total samples (6%). Improvements to hardware and 

software reliability are desirable, but they would probably have a minor effect on the overall 

success rates.  

Four samples (9%) had formaldehyde peak areas below the limit of detection (LOD) calculated 

using the field blanks (see detailed LOD calculations in Appendix C section 2.2). The mean 

sample duration was 49 hours, and the median was 59 hours (IQR = 30 h). The mean sample 

volume was 91 L, and the median was 93 L (IQR = 33 L). For both the mean and median sample 

volume, the LOD was equivalent to a formaldehyde concentration in air of approximately 0.33 

ppb. All the samples below the LOD had shorter than average durations (13 – 26 h), so our 

sampling methods are adequate for multi-day samples, but not for single-day or shorter samples.  

More effort is needed to ensure a minimum sample duration of ~48 hours. The shortest samples 

were caused by insufficient recharging of the batteries between samples. Modifying the charging 

procedures to make them easier to follow, increasing the charging speed, having a spare battery 

that could be charged while the other battery is in-use, or adding solar charging are possible 

changes that could have a positive effect on sample duration consistency. Another effective 

intervention could be to communicate that starting a sample late with a fully charged battery is 

better than starting the sample in a timely manner with a partially charged battery. A small 

number of samples (~5) that started with fully charged batteries had durations in the 24-h to 48-h 

range. This was caused by an improperly installed auxiliary board that increased power draw. 

The removal and installation of the auxiliary board was covered in detail during the in-person 
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training and in the user manual, but evidence shows that engineering changes are necessary to 

effectively avoid these issues arising in the field.  

Formaldehyde ambient concentrations and cancer risks 

Table 4: Formaldehyde concentrations, cancer risks, and sample size statistics classified by super neighborhood. 
Time-weighted averages are based on all the samples collected in each super neighborhood and may not cover every 
week of the sampling campaign. 

We quantified formaldehyde concentrations for 24 validated samples with peak areas above the 

LOD. In addition to the samples we collected during our community-based campaign, we 

retrieved data for 7 samples collected by TCEQ during the same period at their station in Clinton 

Park, a super neighborhood adjacent to Pleasantville and Galena Park. Concentration statistics 

are summarized in Table 4. Weekly time-time weighted average concentrations are presented in 

Figure 11 classified by super neighborhood. Most samples (58% of community-collected and 

43% of TCEQ-collected samples) were lower than TCEQ’s chronic noncarcinogenic nonlinear 

ESL (i.e., the lowest reference value for ambient formaldehyde concentrations in Texas). The rest 

of the samples, except for one TCEQ sample, were higher than TCEQ’s noncarcinogenic 

nonlinear ESL, but lower than EPA’s IRIS RfC. One of the TCEQ samples was slightly higher 

than EPA’s IRIS RfC.  

Super neighborhood 

Time-weighted 

average [ppb] 

Range 

[ppb] Cancer risk 

Number of 

samples 

Total sampling 

time [h] 

 Clinton Park 3.01 0.95 – 5.98 4.07 x 10-5 7 168 

 Pleasantville Area 2.58 1.30 – 5.35 3.49 x 10-5 5 282 

 Galena Park 2.16 1.27 – 3.53 2.92 x 10-5 4 251 

 Greater Fifth Ward 4.22 2.41 – 7.30 5.70 x 10-5 3 108 

 Greater Heights 2.10 1.29 – 3.14 2.84 x 10-5 6 292 

 Greater Third Ward 1.72 1.59 – 1.88 2.32 x 10-5 3 202 

 Sunnyside 2.22 2.22 – 2.22 3.00 x 10-5 1 64 

 Trinity/Houston Gardens 2.36 1.32 – 4.19 3.19 x 10-5 2 102 
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Figure 11: Weekly time-weighted average formaldehyde mixing ratios (i.e., concentrations) classified by 
community (i.e., super neighborhood) and monitoring station type (i.e., the AirPen-based monitors we deployed vs. 
the regulatory monitoring station run by TCEQ). Random jitter about the x-axis was added to individual points to 
separate them and facilitate visualization. Exact start times are not reflected on the position along the x-axis. The 
TCEQ ReV (noncarcinogenic) is the long-term (chronic) reference value used for the evaluation of air monitoring 
data in Texas. The TCEQ ESL nonlinear (noncarcinogenic) is the long-term (chronic) effects screening level used 
for air permit reviews in Texas. The IRIS RfC is the inhalation reference concentration identified by EPA’s 2024 

toxicology review. 

Based on the concentrations we measured, special screening efforts are likely not required for 

noncarcinogenic effects. For instance, TCEQ only applies the noncarcinogenic nonlinear ESL for 

air permitting and not for regular air monitoring, so its exceedance is not an infringement, but it 

indicates that a health concern may exist necessitating additional monitoring. Furthermore, the 

EPA IRIS health assessment considers that noncarcinogenic effects are not expected for the 

concentrations presented in this work.127 Nevertheless, the carcinogenic effects of formaldehyde 

described in the IRIS assessment warrant an analysis of the increased cancer risk at any 

measurable concentration. The cancer risks, estimated as the product of the time-weighted 

average concentrations for each super neighborhood and the IUR given by the IRIS toxicological 

review, ranged from 2.32 x 10-5 to 5.70 x 10-5 (see Table 4) for a lifetime exposure. According to 
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ATSDR, other factors (e.g., known carcinogenicity in humans, exposure of vulnerable 

populations) must be considered to determine if cancer risks in the 1 x 10-6 to 1 x 10-4 range are a 

public health concern.130 

Evaluating cancer risk involves numerous assumptions about exposure duration, concentration 

variability, and human sensitivity and is, therefore, subject to major uncertainty. The cancer risks 

we estimated are based on a few weeks of concentration data and correspond only to the 

exposure to formaldehyde in ambient air. Exposure to other formaldehyde sources and other 

carcinogens could increase cancer risks beyond the 1 x 10-4 threshold. Several of the super 

neighborhoods included in this study have statistically higher than normal cancer rates and have 

known sources of carcinogens.122,131,132 Crucially, Fifth Ward has already been identified as a 

cancer cluster by the Houston Health Department due to creosote contamination; distinct from 

that determination by the Houston Health Department, in this study we estimated the 

formaldehyde-induced cancer risk in Fifth Ward to be the highest among our monitoring sites. 

The second and third highest cancer risks were estimated for Clinton Park and Pleasantville. 

These three communities are located along the Houston Ship Channel. Our findings reinforce 

evidence for public health concern among communities along the channel. 

Strengths and key findings 

This study demonstrates that regulatory monitoring of HAPs can be complemented by 

community-based monitoring using lower-cost instruments to improve spatial and temporal 

coverage. In this first deployment, we obtained HAP measurements for seven super 

neighborhoods, whereas TCEQ has stations that monitor HAPs in two super neighborhoods in 

Houston. Scaling up the number of stations would be relatively inexpensive using our platform 

(~$2000 per sampler). The low instrument cost and self-supported functionality (i.e., no grid 
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power required) would also allow us to monitor under conditions that force TCEQ (and probably 

other agencies) to shut down regulatory monitors, filling the spatial and temporal gaps, and 

complementing the government-led efforts. Even as we adhere to mandated sampling media and 

analytical methods, shifting toward compact, budget-friendly samplers and accessible field 

protocols has the added benefit of empowering local groups to sample during key events (i.e., for 

disaster response or when other monitors are offline) in their locality. 

Comprehensive on-board sensor diagnostics enabled thorough sample quality assessment. The 

approach to sample collection, analysis, and quality assurance and control presented in this work 

ensured that faults were identified and provided the data necessary to determine the cause of 

those faults, both of which were essential to obtaining trustworthy results. Samples that passed 

the quality assurance criteria had concentrations consistent with previously reported data.133 

Moreover, the monitors in Pleasantville and Galena Park always measured concentrations within 

1 ppb of the values reported by the TCEQ station in the contiguous super neighborhood of 

Clinton Park. AirPen sampling performance and the analytical method have been previously 

evaluated and are out of the scope of this work,19,129 but the qualitative comparison with the 

status quo data shows that our results are tenable. 

Limitations and future work 

The findings of this study also show the need for technological and procedural improvements to 

increase sample success rates under field deployed conditions. Sampler launch was a major point 

of failure, so the user interface must be improved. Battery recharging can also be modified to 

rely less on volunteers’ abilities to disassemble the sampler and plug the battery to a wall charger. 

Additionally, having remote control and monitoring of the samplers during deployment and 

sampling would enable the identification of issues in real time and increase the likelihood of 
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their prompt resolution, further increasing overall sample success. Here, we deemed a sample 

successful when it produced a valid formaldehyde result. However, the utility of this approach 

could be greatly enhanced by extending the same cartridge‐based analysis to additional HAPs, as 

outlined in EPA Method TO-11A. Long-term campaigns that adopt the methodology 

improvements outlined above (i.e., simplified sampler launch, streamlined battery-swap 

procedures, remote fault detection, and the ability to quantify multiple carbonyls per cartridge) 

would greatly strengthen community-based HAP risk assessments and refine cancer-risk 

estimations. 
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CHAPTER 5. CONCLUSIONS 

This work presents key steps required to develop a monitoring platform with the potential to fill 

in the gaps left by reference monitoring networks (for ambient air), and traditional industrial 

hygiene methods (for personal exposure assessment). Throughout the chapters, we cover 

mechanical, electrical, and software implementations, testing and validation of individual 

components (i.e., sensors), comprehensive field demonstrations of the platform, and analytical 

frameworks for the quality assurance of sampling results. Equally important are the real-world 

findings of our deployments that show the need for higher sampling throughput and coverage. 

The development of the AirPen platform predates this dissertation, and its evolution will 

continue beyond it, demonstrating that the ultimate goal of delivering an accessible and reliable 

alternative to established technology is not as simple as integrating an array of sensors and 

logging raw data.  

The novel and established methodologies described here were selected to streamline the 

collection of defensible data. The use of new microelectronics lowered instrument cost and size 

significantly (relative to reference grade monitors), deployments were simplified through 

technological innovation (e.g., automation, pre-configuration, phone-based interfaces), and on-

board diagnostics made quality assurance and control manageable even for relatively large 

deployments (i.e., > 50 concurrent samples). We also reduced the expert support needed in the 

field and, by engaging volunteers and community partners, transformed them into integral 

contributors to the sampling scheme. These advancements allowed us to collect unprecedented 

amounts of data for each population in our studies (i.e., a 5 – 10 increase in sampling throughput 

relative to the status quo), considering the scope of our projects and the available resources.  
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The platform has evolved over the years to incorporate feedback from our field experiences and 

to implement new functionality (e.g., new sensors, different sampling media) as a response to the 

interests of research partners. However, the underlying AirPen technology has persisted due to its 

distinctive ability to collect particulate and gas samples, as well as sensor data, simultaneously. 

Although sample preparation and analysis require different methodologies depending on the 

analytes in question, and even the instrument is slightly modified for each application (e.g., 

housings, batteries, and adapters can be replaced), many of the data analysis and validation 

frameworks remain unchanged or require minor modifications. Therefore, different applications 

can be conveniently accommodated by selecting appropriate components and sampling media. 

Monitors can be stationary, portable, or wearable. PM, CO2, light, noise, and various other 

sensors can be installed as needed. PM2.5 and inhalable size-selective inlets are available for 

filter-based sampling, and gas samples can be collected into sorbent tubes of different types or 

DNPH cartridges. Supplementary batteries can be selected to fit the expected sampling duration. 

This modularity makes the AirPen a highly adaptable platform. 

For the AirPen to become a break-through technology, several practical issues and limitations 

identified in this work must still be addressed. While sample attrition was non-trivial in both 

field demonstrations, the lessons learned point directly to actionable design refinements. For the 

facility-wide exposure assessment covered in chapter 3, most of the samples were lost due to 

sample media damage during shipping. This was addressed by switching from glass tubes to 

plastic cartridges for carbonyl sampling. For the stationary monitoring campaign covered in 

chapter 4, participants struggled to start samples and to recharge the batteries properly, 

evidencing the need for usability improvements. These usability changes have been implemented 

or will be implemented in the short-term for next projects. Cellular connectivity has been 
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implemented, allowing users to start a sample through a web-based interface by scanning two 

QR codes, and researchers can monitor the status of each sampler remotely. New solar charging 

capabilities enable uninterrupted monitoring under fair weather conditions, until memory 

becomes a bottleneck (> a week per sample). Instrument reliability has been good, but minor 

software bugs and a small number of leaks and blockages in the sampling train have been found. 

Hardware and software improvements were implemented after the demonstration deployments 

and continue to be explored. 

In the mid-term, as the platform becomes more robust, the focus can shift to expanding 

monitoring capabilities. For example, the same cartridges used for formaldehyde sampling could 

be used for other aldehydes and ketones, including several hazardous air pollutants, by 

modifying the analytical method slightly.129 Better sensors could improve the real-time 

monitoring capabilities (e.g., a photoionization detector could replace the metal oxide sensor for 

VOC monitoring). Finally, the software could be modified to enable active flow control through 

the gas tube, as an alternative to active flow control through the particle filter (one at a time, not 

simultaneously). Each of the improvements listed above is relatively straightforward; taken 

together, they constitute an exciting agenda for future research and commercialization. 

Nonetheless, the key findings of our real-world studies (e.g., major variability in exposure within 

populations, gaps in monitoring during high-risk events, measurable health concerns) underscore 

the importance of continuing the long-term development of this technology and expanding its 

reach. Large‑scale longitudinal deployments, covering populations typically underrepresented by 

current exposure assessment efforts, could advance the state of knowledge in various fields (e.g., 

environmental justice, exposomics, epidemiology). Collectively, these findings chart a clear path 
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toward and position the AirPen to make a substantive impact on exposure science and public 

health. 
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APPENDIX A 

1. Low-cost sensor descriptions and specifications 

All three sensors utilize light-scattering to estimate aerosol concentrations, including a focused 

laser diode to illuminate particles that pass through a small sensing zone and a photodiode 

(placed near the sensing zone but orthogonal to the direction of laser light propagation) to detect 

the intensity scattered light across a truncated solid angle.  Air flow is drawn through each device 

by a miniature induction fan. 

The Plantower PMS5003 is described by the manufacturer as a “digital universal particle 

concentration sensor”.134 This sensor has been used in multiple commercial low-cost air quality 

monitors, including the popular PurpleAir (older versions of the PurpleAir used the PMS1003 

and newer versions use the PMS6003, but most units including the ones we evaluated use the 

PMS5003). The Sensirion SPS30 is described by the manufacturer as a particulate matter sensor 

for air quality monitoring.135 Piera describes the IPS-7100 as a “photon counting intelligent 

particle sensor”, and their technology as “intuitive direct-particle counting”.136 The IPS-7100 

firmware is user-upgradable, and we updated from v1.9.9 to v1.9.10 on Piera’s request before the 

start of our first (fall/winter) data collection period. 

We chose these sensors for three reasons: (1) the technology featured in these devices, while 

similar across the three models, represents the state-of-the-art for commercial low-cost (<$100 

USD) aerosol sensing; (2) the selected sensors are from major suppliers that span three 

continents: Asia (Plantower), North America (Piera), and Europe (Sensirion); and (3) these 

sensors (especially the Plantower PMS5003) represent the majority of in-use technologies across 

the world.  For example, the Plantower has been deployed widely and in large numbers in 
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networks throughout countries in Asia, like China and Taiwan,137–139 where it has a large share of 

the PM sensor market. The SPS30 and IPS-7100 were selected because they provide geographic 

diversity (they are from companies in North America and Europe, respectively). 

2. Datalogging 

We used a PurpleAir PA-II to collect data from two PMS5003 sensors. Logs in CSV format were 

downloaded from PurpleAir’s website. We developed a custom data logger and housing to 

collect data from two SPS30 sensors (Figure A1). The data logger used a Particle Boron LTE 

microcontroller to read the sensors’ data and send it via a cellular network to a server hosted by 

the Center for Energy Development and Health (CEDH) at Colorado State University. We 

collected data from two IPS-7100 sensors and sent those data to the server using a Wi-Fi enabled 

Espressif ESP32 microcontroller. We made a custom housing for the Piera IPS-7100 sensors 

similar to what we developed for the SPS30 sensors. 

For the Plantower PMS5003 sensor, the “CF=1, standard particle” output variables were used in 

all calculations involving PM1.0, PM2.5, and/or PM10 concentrations.  The “CF=1” variables from 

the PMS5003 are uncorrected, according to the manufacturer, as opposed to the “ATM” variables 

which use a proprietary algorithm and calibration unspecified by the manufacturer to estimate 

atmospheric aerosol concentrations. 

One-minute averages of all reported outputs were logged for the SPS30 and IPS-7100 sensors, 

whereas the PMS5003 (which was operated in a PurpleAir device) logged 2-minute averages. 

Unless otherwise stated, raw sensor mass and number readings were recorded directly, and only 

time-based averaging was applied. 
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Figure A1: Data logger and housing used for the IPS-7100 (shown in picture) and SPS30 sensors. 

3. Common variables 

PMx : Cumulative particulate matter concentration up to the particle size indicated by the 

subscript (in µm).  

PMa→b : Differential particulate matter concentration within the size range indicated by the 

subscript (in µm).  

PMa→b : Also defined as PMb – PMa . 

4. Statistical analyses 

Descriptive statistics were calculated for each sensor. We present the statistical metrics 

corresponding to a single unit (i.e., “unit a”) of each sensor model, except for the metrics that 

measure intra-model (unit-to-unit) variability.  Standard statistical metrics were calculated to 

assess sensor precision (coefficient of variation among co-located devices of the same model), 
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linearity (coefficient of determination vs. reference), and bias (e.g., RMSE, MAE, NMB vs. 

reference) as a function of particle size range. Where appropriate, we developed linear regression 

models between sensor and reference data using ordinary least squares to estimate slope, 

intercept, and as inputs to estimate relative expanded uncertainty (REU), which has been adopted 

by the European Commission air quality directive as a measure of low-cost sensor performance 

relative to reference monitors.40  Visual diagnostics were used to assess model assumptions (i.e., 

linearity, normality, and homoscedasticity) (Figures A7 and A8). Time-series and scatter plots 

were developed to visualize sensor performance as a function of particle size range. 

5. Performance metrics (equations) 

Root mean square error (RMSE):  

𝑅𝑀𝑆𝐸 = √∑ (𝑦𝑖 − 𝑥𝑖)2𝑛𝑛
𝑖=1  

Where 𝑛 is the number of data pairs, 𝑦𝑖 is the ith low-cost sensor measurement, and 𝑥𝑖 is the ith 

reference monitor measurement. 

Mean absolute error (MAE):  

𝑀𝐴𝐸 = 1𝑛 ∑|𝑦𝑖 − 𝑥𝑖|𝑛
𝑖=1  

Where 𝑛 is the number of data pairs, 𝑦𝑖 is the ith low-cost sensor measurement, and 𝑥𝑖 is the ith 

reference monitor measurement. 

Mean bias error (MBE): 
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𝑀𝐵𝐸 = 1𝑛 ∑(𝑦𝑖 − 𝑥𝑖)𝑛
𝑖=1  

Where 𝑛 is the number of data pairs, 𝑦𝑖 is the ith low-cost sensor measurement, and 𝑥𝑖 is the ith 

reference monitor measurement. 

Normalized mean bias (NMB): 

𝑁𝑀𝐵 = ∑ (𝑦𝑖 − 𝑥𝑖)𝑛𝑖=1∑ 𝑥𝑖𝑛𝑖=1  

Where 𝑛 is the number of data pairs, 𝑦𝑖 is the ith low-cost sensor measurement, and 𝑥𝑖 is the ith 

reference monitor measurement. 

Coefficient of variation (CV): 

𝐶𝑉 = 𝜎𝜇 = √∑(𝑥𝑗 − 𝜇)2𝑁𝜇  

Where 𝜎 is the standard deviation of the measurements of all units, 𝜇 is the mean of the 

measurements of all units, 𝑁 is the number of sensor units, and 𝑥𝑗 is the measurement of the jth 

sensor. 

Relative expanded uncertainty (REU): 

The European Commission guide to the demonstration of equivalence of ambient air monitoring 

methods recommends the following equation to estimate the REU of low-cost sensors40: 

𝑅𝐸𝑈(𝑦𝑖) = 2√ 𝑅𝑆𝑆𝑛 − 2 − 𝑢2(𝑏𝑠, 𝑅𝑀) + 𝑢2(𝑏𝑠, 𝑠) + [𝑏0 + (𝑏1 − 1)𝑥𝑖]2𝑦𝑖  
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Where 𝑛 is the number of pairs of collocated data (i.e., reference monitor and LCS), 𝑦𝑖 is the 

low-cost sensor measurement, and 𝑥𝑖 is the reference monitor measurement. The slope and 

intercept of a linear regression of 𝑦𝑖 as a function of 𝑥𝑖 are given by 𝑏1 and 𝑏0 respectively. 𝑅𝑆𝑆 

is the sum of the squared residuals and is calculated as: 

𝑅𝑆𝑆 = ∑[𝑦𝑖 − (𝑏0 + 𝑏1𝑥𝑖)]2𝑛
𝑖=1  

𝑢(𝑏𝑠, 𝑅𝑀) is the between reference method standard uncertainty. Values of this uncertainty are 

tabulated for many reference monitors. If not available, it is recommended to use a value of 0.67 

µg/m3. This was the case for our reference monitor. 

𝑢(𝑏𝑠, 𝑠) is the between LCS standard uncertainty. When multiple units of the same sensor model 

are tested, 𝑢(𝑏𝑠, 𝑠) can be estimated as: 

𝑢(𝑏𝑠, 𝑠) = √(∑ ∑ (𝑦𝑙,𝑗 − 𝑦̅𝑙)2𝑝𝑗=1𝑁𝑙=1 𝑁(𝑝 − 1) ) 

Where 𝑦𝑙,𝑗 is the measurement of sensor unit 𝑗 for period 𝑙. 𝑦̅𝑙 is the mean for period 𝑙 of all 

sensor units. 𝑁 is the number of measurements over time. 𝑝 is the number of collocated sensor 

units. 

6. Relative expanded uncertainty (REU) plots 

The REU plot aids in the qualitative and quantitative analysis of errors. The position of the point 

on the y-axis is a measure of the bias. The scattering of the points along the y-axis is a measure 

of noise. 
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Figure A2: Relative expanded uncertainty (REU) plots for PM estimates from the low-cost sensors. Horizontal axes 
correspond to the GRIMM EDM180 measurements. The red line is the data quality objective established by the 

European Commission for low-cost PM sensors (points under the red line have adequate uncertainty). Some points 
are not shown in the plots due to the axes range. 

7. Weather data during the evaluation 

The first testing period (23-Nov-2021 to 09-Jan-2022) included late fall and early winter 

conditions with 13 inches of snowfall. Temperature ranged from -22°C to 23°C and relative 

humidity ranged from 0% to 77% (Figure A3). The second testing period (13-Jun-2021 to 30-Jul-

2022) was comprised of summer conditions with temperature ranging from 11°C to 38°C and 

relative humidity ranging from 0% to 82% (Figure A4). 
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Figure A3: Ambient temperature and relative humidity at 1-hour resolution during the fall/winter campaign. 

 

Figure A4: Ambient temperature and relative humidity at 1-hour resolution during the summer campaign. 
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8. GRIMM EDM180 vs. Thermo Scientific 5014i BAM PM2.5 and PM10 data for 

quality assurance 

 

Figure A5: Scatter plots of PM2.5 (left) and PM10 (right) daily concentrations for the GRIMM EDM180 (reference 
monitor) and the Thermo Scientific 5014i Beta-attenuation monitor (an FEM monitor). The dashed black line 

corresponds to the “1:1” relationship. Constant error was assumed for the Deming regression. 
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9. Time-series plot of the summer period 

 

Figure A6: Time series graph of PM concentrations (cumulative and differential) during the first 14 days of the 
summer period. 

10. Confidence intervals of regression model estimates 

Table A1. Confidence intervals (2.5% to 97.5%) of the model parameters presented on Table 2. The models are 
linear regressions of the low-cost sensor vs. the reference monitor (EDM180). 

 PM1.0 PM2.5 PM10 PM1.0-2.5 PM2.5-10 

Slope      

   Piera IPS-7100 0.85 to 0.89 1.64 to 1.76 0.17 to 0.25 0.11 to 0.46 0 to 0.015 

   Sensirion SPS30 0.86 to 0.89 0.75 to 0.80 0.15 to 0.18 0.19 to 0.26 0.05 to 0.06 

   Plantower PMS5003 1.41 to 1.46 1.62 to 1.73 0.16 to 0.23 0.07 to 0.23 0 to 0.012 

Intercept      

   Piera IPS-7100 -1.67 to -1.41 -7.04 to -5.98 1.44 to 3.33 1.04 to 2.09 1.45 to 1.73 
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11. Residual plots of the linear models used in the study 

Residual plots are mainly used to evaluate the assumptions of a linear model, such as 

homoscedasticity, independence, and normality. Qualitatively, a “good model” will have 

residuals that are uncorrelated (independent), normally distributed and centered around the zero 

line, and constant with respect to the magnitude of the predicted value (homoscedastic). 

Residuals that do not follow these patterns suggest one or more violations of the assumptions for 

a linear model (which is often the case for low-cost sensor data and increasingly evident in the 

larger size fractions). 

 

Figure A7: Residual plots corresponding to the low-cost sensor vs. reference monitor linear regression models 
presented in Figure 4 and mentioned throughout the manuscript.  The horizontal red line represents perfect modeled-
measured agreement across the range of fitted values; the blue lines represent a LOESS (locally estimated scatterplot 

smoothing) fit to the observed residuals. 

   Sensirion SPS30 -0.62 to -0.45 -1.60 to -1.18 0.46 to 1.22 -0.26 to -0.05 -0.60 to -0.40 

   Plantower PMS5003 -1.17 to -0.84 -3.41 to -2.61 5.04 to 6.82 1.95 to 2.44 1.36 to 1.68 
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12. Quantile-Quantile plots of the linear models used in the study 

Quantile-Quantile plots are used to assess the normality assumption for a linear regression 

model. The distribution of the residuals (i.e., black dots) is compared against the expected 

distribution of residuals for an ideal model (i.e., red line). On a “good” Quantile-Quantile plot, 

the points sit close to the 1:1 line across the data range. 

 

Figure A8: Quantile-Quantile plots corresponding to the low-cost sensor vs. reference monitor linear regression 
models presented in Figure 4 and mentioned throughout the manuscript. 
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APPENDIX B 

1. Exploratory study results 

In December 2022 (approximately one year before the factory-wide sampling campaign), 

members of the study team paid an initial 2-day visit to the factory to gain a better understanding 

of the layout and operational schedule as well as the PM, noise, and formaldehyde levels present. 

Information gleaned during this visit was used to plan the facility-wide campaign. Protocols were 

designed to collect preliminary data through an exploratory strategy. Area concentrations, as 

opposed to personal exposure, were measured using stationary samplers and monitors. Prototype 

AirPens, conventional PM samplers, noise dosimeters, and conventional gas samplers were 

colocated at several locations across the factory (example in Figure B1). 

 

Figure B1: A prototype AirPen, conventional gas samplers, particle samplers, and a noise dosimeter colocated at a 
sanding workstation during the exploratory study. 
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1.1. PM sampling 

 

AirPens were placed alongside PM samplers that consisted of low-cost inhalable samplers79 

connected to AirChek XR5000 pumps (SKC, Eighty Four, PA, USA). AirPen were equipped 

with 15-mm diameter PTFE membrane filters (PT15P-PF03, Measurement Technology 

Laboratories [MTL], Minneapolis, MN, USA). Low-cost inhalable samplers were equipped with 

37-mm-diameter PTFE-bonded glass fiber filters (Pallflex® Emfab™). AirPens sampled air at 

0.25 L min-1. The XR5000 pumps sampled air at 2.0 L min-1. A single portable aerosol 

spectrometer (11-D, GRIMM Aerosol Technik, Ainring, Germany) was deployed at a sanding 

workstation to measure dust mass fractions (PM10, PM2.5, PM1, inhalable, respirable). The 

aerosol spectrometer data were interpreted assuming a constant particle density as a function of 

particle size because the dominant source of PM inside the factory was assumed to be wood 

cutting and sanding. 

Inhalable PM concentrations in the 200 – 550 μg m-3 range were measured in different locations 

across the factory (Figure B2). The mean concentration measured by conventional samplers was 

371 μg m-3. At this concentration, an AirPen operating at 0.25 L min-1 would sample 45 μg of 

inhalable PM during an 8-hour shift. The time-resolved aerosol spectrometer data included peaks 

in PM concentrations that exceeded  the mean concentrations by an order of magnitude. Besides 

that, inhalable mass concentrations were an order of magnitude larger than PM2.5 concentrations 

(Figure B3). We decided to sample total particulates not otherwise regulated (i.e., total aerosol 

mass) during the full-scale deployment, in part because these preliminary results indicated that 

large particles were significantly more abundant than fine particles. 
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Figure B2: Inhalable PM concentrations measured in different factory lines using low-cost inhalable samplers 
connected to XR5000 pumps. Descriptions of production lines are available in section 2.1. 
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Figure B3: Dust fractions measured by the GRIMM 11-D aerosol spectrometer at a sanding station on two 
consecutive workdays. 

1.2. Noise sampling 

Spark 703+ dosimeters (Larson Davis, Depew, NY, USA) were used to collect preliminary noise 

data. Microphones had not been integrated into AirPens at this time. All measured noise levels 

were in the 65 to 88 dBA (time-weighted average) range. 
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Figure B4: Time-weighted average noise levels measured with Spark 703+ dosimeters at various locations. 

1.3. Carbonyl sampling 

AirPens and AirChek XR5000 pumps (SKC, Eighty Four, PA, USA) were used to sample 

formaldehyde and other carbonyls onto ORBO™ LpDNPH glass tubes (20081-U, Sigma-

Aldrich, St. Louis, MO, USA). XR5000 pumps sampled air at a flow rate of 30 mL min-1. 

AirPens sampled air through gas tubes at 6 to 9 mL min-1, depending on the AirPen unit. On each 

AirPen, the air flow rate through the gas tube is controlled passively by an orifice (but is not 

configurable) and is continuously monitored and logged. Formaldehyde concentrations ranged 

from 11 to 20 ppb across the different sampling locations, and acetaldehyde ranged from 1.9 to 

2.8 ppb (Figure B5). Acetone had a much wider range (45 – 240 ppb) and butanone ranged from 

non-detect to 22 ppb. Formaldehyde measurements were above the limit of detection (LOD) 

when sampling ~11 ppb concentrations for 10 h using AirPens, but calculations showed that 11 

ppb concentrations sampled for ~5 h samples could be below the LOD. Aldehyde concentrations 

derived from AirPen samples were also compared to aldehyde concentrations derived from 

XR5000 pump samples to assess the accuracy of the former when sampling onto LpDNPH tubes 

(Figure B6).  
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Figure B5: Carbonyl concentrations measured in different factory lines using LpDNPH glass tubes connected to 
XR5000 pumps. Squares correspond to samples taken during the first day (2022-12-05) and circles correspond taken 

during the second day (2022-12-06). 

 

Figure B6: Comparison of carbonyl concentrations measured by colocated conventional samplers (LpDNPH glass 
tubes connected directly to XR5000 pumps) and AirPens. Dashed line is 1:1. 
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2. Study site 

2.1. Production lines and departments 

Employees at the facility worked in one of the following production lines or departments. 

Machining (in factory): Workers operated various types of large, automated machines (e.g., CNC 

machining centers, double end tenoning machines) to cut, drill, and groove wooden parts. Most 

machines were enclosed and had dust extraction systems. Manual operations beyond loading 

machines or moving furniture parts were minimal. 

Veneer (in factory): Workers applied thin decorative coverings to wood or fiberboard panels. 

Widespread use of adhesives. Extensive use of manual tools to cut, align, and press down veneer 

sheets. Use of large power tools or machines was minimal. 

Finishing (in factory): Workers painted and stained wooden parts. Most of the work was done by 

hand. Parts were sanded or cleaned before and after applying paint or stain. Some spraying 

stations were open, and others were enclosed. Various types of paint sprayers were used. 

Top line (in factory): Workers added final elements to panels before final assembly. Operations 

included installing multiple types of trim and decorative elements to edges, and adding 

functional elements (e.g., cable guides, rails, fittings). Manual and power tools were widely used, 

as well adhesives and fasteners. Drilling, cutting, and sanding were observed in this line. 

Final assembly (in factory): Parts from different lines were put together with fasteners. Manual 

and power tools were widely used, but adhesives and paint were not. 

Shipping (non-factory): Located at one end of the factory, next to the final assembly area. The 

large volume of finished furniture acted as a barrier between the loading area and the 
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manufacturing areas. Workers moved finished products to the loading bay and into trucks outside 

of the factory floor. The work performed by these workers differed significantly from the rest of 

the workers on the factory floor. For instance, no machining, painting, or gluing happened in this 

area. Therefore, these workers were classified as non-factory, even though they worked partially 

in the same building. 

Admin (non-factory): Administrative workers spent most of their time in offices adjacent to the 

factory. However, offices and manufacturing areas were well isolated from each other (e.g., 

multiple sets of doors between them). A showroom was also located in the office area, so good 

insulation was crucial to keep it clean and quiet.  

3. Study protocols 

3.1. Laboratory pre-deployment 

AirPens were shipped to the facility in a “ready-to-use” state. Prior to shipping the AirPens to the 

facility for deployment, sampling media (i.e., a PTFE filter and LpDNPH glass tube) were 

installed in each AirPen in a laboratory at Colorado State University. All sampling media were 

handled with nitrile gloves and clean tweezers. Ozone scrubbers were not used upstream of the 

LpDNPH glass tubes given that we were sampling indoors during winter (December 2023). 

Ready-to-use samplers were individually vacuum sealed and packed in hard cases with custom 

foam dividers (Figure B7).  
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Figure B7: “Ready-to-use” AirPens vacuum sealed individually and packed in a hard case with foam dividers. 
Samplers were shipped in this setup from the laboratory to the field.   

3.2. Field pre-deployment 

Two days before the deployment, in a hotel near the facility, AirPens were taken out of the hard 

cases, vacuum sealed bags were opened, and batteries were charged overnight. Field blank 

AirPens were also unpacked and positioned in the same area where functional AirPens were 

charging. Once the batteries were fully charged, we turned on the devices and checked their 

status through the iOS app. A physical inspection revealed that many of the LpDNPH glass tubes 

had broken during shipment. Those AirPens had to be disassembled so that the broken tubes 

could be removed; then, those AirPens had to be cleaned, and the gas sampling channel within 

each affected AirPen had to be capped. 

Below is an example of a broken LpDNPH glass tube in an AirPen. The DNPH-coated silica 

beads and pieces of broken glass were thoroughly cleaned out of each affected AirPen, and the 
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inlet and outlet of the gas sampling channel on the AirPen were capped, before each AirPen was 

reassembled. 

 

Figure B8: An AirPen with a broken glass LpDNPH tube. 

After charging the batteries, and fixing units with broken LpDNPH glass tubes, AirPens were 

packed in their hard cases to be transported from the hotel to the factory. 

 

Figure B9: Ready-to-use AirPens in a hard case. Samplers were stored in this setup overnight before the 
deployment. 
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3.3. Participant recruitment 

Recruitment efforts for the project started approximately one month before the AirPen 

deployment and included flyers, emails, and in-person visits. To receive an AirPen during the 

sampling campaign, each worker had to complete a pre-sampling intake survey. Most 

participants were recruited and completed the intake survey during a field team visit that 

occurred two weeks before the exposure sampling day, but some new participants were recruited 

on the sampling day. 

On the day of deployment, the study team had three tables set up at various points of the facility 

to distribute AirPens. Consent forms and pre-deployment surveys were available at each table. 

Field team members provided information about the study and guided newly-recruited 

participants through the consent and intake survey processes. 

 

Figure B10: A member of the field team recruiting a participant. 

3.4. Sampling and media handling 

The field sampling team was comprised of two members of a “technology team” (including an 

AirPen software/hardware developer) and three members of a “communications/social science 
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team.” Only AirPens were deployed on the facility-wide sampling day, so the process consisted 

of fitting a sampler around each participant’s arm and turning it on. After sampling during the 

work shift, AirPens were kept in the hard shipping cases overnight, not in sealed plastic bags. 

The next day, filters and gas tubes were removed from the AirPens and transferred to individual 

sealed containers. This process was carried out in a hotel lobby. All work surfaces were cleaned 

and covered with aluminum foil to minimize sample contamination; additionally, clean nitrile 

gloves and tweezers were used to handle sampling media. 

 

Figure B11: Three participants wearing AirPens around their arms.   
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4. Sample analysis 

4.1. Total particulates not otherwise regulated 

Each PTFE membrane filter was pre- and post-weighed in triplicate using an automated system 

that consisted of a microbalance with 1-µg resolution (XS3DU, Mettler Toledo, Columbus, OH, 

USA) inside a climate-controlled enclosure.83 If the first three replicate weights had a range 

greater than 5 µg, the filter was re-weighed until three consecutive weights with a range ≤ 5 µg 

were obtained. The mass on each filter was calculated as the difference between the average of 

the post-weights and the average of the pre-weights, minus the average blank mass. To obtain the 

total PM concentration in air, the mass on the filter was divided by the total air volume sampled 

by the AirPen. 

The PM limit of detection (LOD; μg) was calculated as shown in Equation B1: 

𝐿𝑂𝐷 = 𝑥̅𝑏𝑙𝑎𝑛𝑘 + 3𝑠𝑏𝑙𝑎𝑛𝑘 (𝐵1) 

where 𝑥̅𝑏𝑙𝑎𝑛𝑘 was the mean and 𝑠𝑏𝑙𝑎𝑛𝑘 was the standard deviation of the changes in the masses of 

the blank filters collected during the field campaign (μg). Blank filters were pre-weighed, 

installed in non-functional (but otherwise identical) AirPens, shipped to the field, and post-

weighed along with sample filters, but no air was sampled through blank filters. The PM LOD 

was 10.4 μg (calculated from 13 blanks with a mean change in mass of 3.7 μg). The AirPen PM 

sample volumetric flow rate (250 mL min-1) corresponded to a sampled volume of 0.12 m3 for an 

8-hour sample. Thus, the 8-hour PM LOD was 86.7 μg m-3. 
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4.2. Formaldehyde 

The contents of each tube were extracted using 3 mL of a mixture of 70% acetonitrile and 30% 

deionized water drawn through the cartridge using a vacuum manifold. The extract was collected 

in a 5 mL volumetric flask. Once extraction was complete, the volumetric flask was filled to a 

final extraction volume with the 70% acetonitrile:30% deionized water. Each extract was 

allowed to equilibrate for 20 min following the instrument manufacturer’s instructions and then 

analyzed immediately on an Agilent 1260 Infinity HPLC (Santa Clara, CA, USA) equipped with 

a dual-channel pump and UV detector set to monitor light intensity at a wavelength of 360 nm. 

The separation was conducted on a Waters Nova-Pak (Milford, Massachusetts, USA) C-18 4-µm 

column (3.9 × 150 mm). The eluents were 60% deionized water:30% acetonitrile:10% 

tetrahydrofuran (A) and 40% water:60% acetonitrile (B). The complete run time was 32 minutes 

and included 2 steps. For the first 25 minutes, a linear gradient from 100% A to 100% B was 

conducted. Then, for the final 5 minutes, a re-equilibration step was done to return to the starting 

conditions of 100% A. The flow rate during each step was 1.5 mL min-1. An injection volume of 

10 µL was used for each sample.  

The HPLC reported the peak areas for several carbonyls, including formaldehyde, in absorbance 

units. We subtracted the mean peak area of the blanks from the value reported by the instrument 

to account for bias introduced during handling and shipping. Peak areas were transformed to 

equivalent formaldehyde mass using a calibration curve. The calibration curve was obtained 

using a mixed carbonyl standard solution in DNPH (CRM47285, Sigma-Aldrich, St. Louis, MO, 

USA). The formaldehyde mass was divided by the volume of air sampled through the LpDNPH 

tube on each AirPen to obtain the average concentration in air. 
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The formaldehyde LOD was calculated using Equation B1 where 𝑥̅𝑏𝑙𝑎𝑛𝑘 was the mean and 𝑠𝑏𝑙𝑎𝑛𝑘 was the standard deviation of the peak areas for the blank LpDNPH glass tubes collected 

during the field campaign. Blank tubes were installed in non-functional (but otherwise identical) 

AirPens, shipped to the field, and analyzed along with sample tubes, but no air was sampled 

through blank tubes. Transformed to mass, the formaldehyde LOD was 3.1 ng (calculated from 4 

blanks). Because the volumetric flow rate through the gas tubes was not actively controlled by 

the AirPen, the volume of air sampled through the LpDNPH tube varied between samples. The 

formaldehyde LOD was equivalent to concentrations of 17.5, 10.1, and 6.5 μg m-3 for the 

minimum, median, and maximum sampled volumes, respectively. These LODs were equivalent 

to 14.3, 8.2, and 5.3 ppb at 1 atm and 25 °C (the study site was near sea level and indoors). 

5. Flow control analysis 

During the sample validation process, flow rate and pump voltage data recorded by sensors on 

AirPens were used to identify flow control anomalies. The first and last 5 minutes of data from 

each sample were disregarded to account for the initial flow control stabilization process as well 

as pre- and post-sampling manipulation. Individual (i.e., 30-s) observations for which the flow 

rate recorded for the filter sample deviated from the target (0.25 L min-1) by more than 10% were 

flagged as point anomalies. For pump voltage, a 10-minute rolling mean (still at 30-s resolution) 

was used to catch only longer-term trends. Changes of the pump voltage rolling mean larger than 

2.5 V h-1 were flagged as point anomalies. Samples with 5 or more minutes of anomalous data 

(i.e., ≥ 10 point anomalies) were flagged as potentially anomalous samples. The final decision of 

whether a sample was considered anomalous was based on a visual assessment and comparison 

with known faulty behavior (examples below). 
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5.1. Example of adequate flow control (non-anomalous reference) 

The example below corresponds to one of the samples collected during the facility-wide 

campaign and represents a good reference of how AirPens perform when everything works as 

intended. The anomaly detection algorithm did not flag any of the timestamps as anomalous. 

Visually, both the pump voltage and flow rate remained steady throughout the day (Figure B12). 

 

Figure B12: Example of a sample with flawless flow control. Blue line shows the pump voltage (V), and black line 
shows the flow rate through the AirPen inlet and PM sample filter (L min-1). 

5.2. Example of leaking AirPen (anomalous reference) 

The example below was recorded during a laboratory experiment carried out approximately six 

months before the deployment at the furniture factory. Upon inspection of the experiment results, 

a bias was identified relative to the reference instrument. The unit was checked under vacuum 

and a leak was found. The flow control anomaly detection algorithm described in the main 

document was applied to data from this laboratory sample to demonstrate the algorithm’s ability 

to detect leaks. Figure B13 shows the sustained increase in pump voltage that characterizes a 

slow leak. The figure also shows the flow rate dropping below the acceptable range (0.25 L min-1 
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± 10%) once the pump voltage cannot increase any further to compensate for the leak. Areas 

highlighted in red correspond to timestamps flagged as anomalous by the algorithm. However, a 

visual assessment of the overall trend is necessary to understand the device’s behavior. 

 

Figure B13: Example of a sample from a leaking AirPen. Blue line shows the pump voltage (V), and black line 
shows the flow rate through the AirPen inlet and PM sample filter (L min-1). Areas highlighted in red correspond to 

timestamps flagged as anomalous by the algorithm. 

5.3. Sample correctly flagged as anomalous 

The following sample from the facility-wide personal sampling campaign was flagged as 

potentially anomalous and visual inspection confirmed the existence of a leak. The sudden flow 

rate drops accompanied by abrupt increases in pump voltage are consistent with an AirPen trying 

to compensate for a leak. During the segments of relatively steady flow that were recorded 

throughout the day, the pump voltage ranged from 9V to 13V throughout the day, which is an 

excessively large range. 
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Figure B14: Example of a sample from a leaking AirPen. Blue line shows the pump voltage (V), and black line 
shows the flow rate through the AirPen inlet and PM sample filter (L min-1). Areas highlighted in red correspond to 
timestamps flagged as anomalous by the algorithm. This whole sample was designated as anomalous and removed 

from the dataset during the sample validation process. 

5.4. Samples flagged as potentially anomalous, deemed valid upon visual assessment 

Samples in this subsection were flagged by the algorithm as potentially anomalous because they 

included 5 or more minutes of anomalous flow control data, but visual inspection did not identify 

a problematic trend. Flagged segments were short and most changes in voltage or flow rate were 

reverted after a few minutes. These acute events were probably caused by external stimuli. These 

samples were not removed from the dataset during the sample validation process. 
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Figure B15: Sample flagged as potentially anomalous by the algorithm but deemed valid upon visual inspection. 
Blue line shows the pump voltage (V), and black line shows the flow rate through the AirPen inlet and PM sample 

filter (L min-1). Areas highlighted in red correspond to timestamps flagged as anomalous by the algorithm. 

 

Figure B16: Sample flagged as potentially anomalous by the algorithm but deemed valid upon visual inspection. 
Blue line shows the pump voltage (V), and black line shows the flow rate through the AirPen inlet and PM sample 

filter (L min-1). Areas highlighted in red correspond to timestamps flagged as anomalous by the algorithm. 
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Figure B17: Sample flagged as potentially anomalous by the algorithm but deemed valid upon visual inspection. 
Blue line shows the pump voltage (V) and black line shows the flow rate through the AirPen inlet and PM sample 

filter (L min-1). Areas highlighted in red correspond to timestamps flagged as anomalous by the algorithm. 

6. Wearing compliance analysis 

During the sample validation process, AirPen accelerometer data were analyzed to confirm that 

each AirPen was worn by the worker for the full duration of the work shift and therefore 

captured the worker’s true personal exposures. AirPen accelerometer data were processed on-

board at 1 Hz frequency, and the following variables were logged in 30-second intervals: step 

count, 3-axis mean accelerations, 3-axis minimum and maximum accelerations, and 3-axis 

acceleration variances. Acceleration entropy, variance, and frequency can all be used for motion 

detection and activity recognition.140,141 Out of these three metrics, the AirPen only calculated 

variance on-board because variance has the lowest computational complexity. Accelerometer 

data were time-averaged to 5-minute intervals. Z-scores were then calculated for the acceleration 

variances of each axis. Observations with a z-score of less than negative three (i.e., three 

standard deviations steadier than the mean) for any of the three axes were flagged as point 

anomalies. This approach was possible because the field team observed visually during the 
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sample day that AirPens were largely worn by workers as requested, so AirPens that were not 

worn could be considered outliers. The first and last five minutes were not considered for the 

reasons described in the previous section. Samples with more than 20% of anomalous data (i.e., 

96 minutes of total anomalous data for an 8-hour sample; not necessarily consecutive) were 

flagged as potentially anomalous samples. Acceleration and step count graphs of potentially 

anomalous samples were visually checked to ensure that the flagged events were consistent with 

the worker not wearing the AirPen and not triggered by instrument malfunction (e.g., an 

unresponsive/damaged accelerometer would be flagged by the algorithm but would not provide 

any real information). 

 

Figure B18: Accelerometer data from an AirPen sample that was designated as anomalous and removed from the 
dataset during the sample validation process because there were long periods of time during the work shift when the 

AirPen was not worn. 

An example sample that was excluded because the AirPen was not worn for the full work shift is 

shown in Figure B18. Accelerometer data from this sample indicated that there were more than 

three hours total sample time during which the AirPen was not worn. Areas highlighted in red 

were flagged as abnormally steady events by the algorithm described in the main document. The 
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figure shows that the magnitude of the combined accelerations was remarkably steady and 

practically equivalent to gravity (i.e., 1 g) during those events, so it is fair to assume that gravity 

was the only force acting on the devices. Step count was zero during these anomalous events. 

7. Extended formaldehyde results 

7.1. Fitted distributions 

 

Figure B19: Formaldehyde exposure distributions shown as fitted bimodal lognormal probability density functions. 
Colors represent the left-censored data treatment. 

7.2. Summary statistics 

Parameters for the weighted mixture of two lognormal (i.e., bimodal lognormal) fits (i.e., µ, σ, ϕ) 

shown in Figure B19 were estimated using the VGAM package in R.142 The rest of the statistics 

presented below were calculated using empirical measurements and not the distribution fits.  
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Table B1: Formaldehyde summary statistics. Distribution parameters, central tendency, dispersion, and upper 
percentile estimates. Statistics are disaggregated by left-censored data treatment. 

8. Extended similar exposure groups (SEG) results 

8.1. Particulate matter 

The particulate matter exposure distribution was clearly lognormal, so all the following tests 

were applied to log-transformed PM concentrations to compare exposures between workers from 

different departments within the facility and different production lines within the factory. 

Welch’s two-sample t-test was used to determine whether mean exposure to PM was 

significantly different between factor workers and non-factory workers. Non-factory workers 

Formaldehyde [ppb] 

 Below LOD treatment 

Parameter Truncation Imputation Data as reported 

Estimated from fitted distribution 

1st Meanlog µ1 [log(ppb)] 2.120 2.246 1.744 

1st SDlog σ1 [log(ppb)] 0.165 0.485 0.368 

2nd Meanlog µ2 [log(ppb)] 2.909 2.922 2.911 

2nd SDlog σ2 [log(ppb)] 0.166 0.159 0.165 

Mix. Coef. ϕ [unitless] 0.091 0.462 0.339 

Estimated from raw data 

Sample size 22 31 31 

GM 17.08 13.60 12.38 

GSD [unitless] 1.333 1.638 1.855 

95th pct. 23.68 23.15 23.15 

Minimum 7.09 2.80 -4.38 

Maximum 25.57 25.57 25.57 

Arithmetic mean 17.68 14.99 13.79 
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were those who worked in shipping or administrative roles. The output from this test, shown in 

Figure B20, indicated that the mean PM exposure was different between factory and non-factory 

workers at a significance level of 0.05. 

 

Figure B20: Output of the Welch t-test for log-transformed PM exposure. Groups compared in this test were factory 
and non-factory (i.e., shipping and admin) workers. 

A one-way analysis of variance (ANOVA) test was used to evaluate whether mean PM exposures 

were significantly different between production lines within the factory. The output from this 

test, shown in Figure B21, indicated that PM exposures were not significantly different between 

production lines. 

 

Figure B21: Output of the one-way ANOVA test for log-transformed PM exposure. Groups for this test were all the 
“in factory” production lines described in section 2.1 of this appendix. 

Tukey multiple pairwise comparisons were used to evaluate whether mean PM exposures were 

significantly different between any two production lines within the factory. The output from this 

test, shown in Figure B22, indicated that PM exposures were not significantly different between 

any two production lines. 
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Figure B22: Tukey multiple pairwise comparison for log-transformed PM exposure. Groups for this test were all the 
“in factory” production lines described in section 2.1 of this appendix. 

The residuals plot in Figure B23 was used to visually identify variance patterns that would be a 

sign of a violation of the homoscedasticity assumption (e.g., funnel or cornucopia shapes) 

required for the ANOVA test. No evidence of a violation of the assumption was found for the 

log-transformed PM exposure data. 

 

Figure B23: Residuals plot for log-transformed PM exposure. 
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Levene’s test is a probabilistic approach for detecting violations of the homoscedasticity 

violation. This test was used to confirm the visual assessment described in the previous 

subsection (i.e., the residuals plot approach). The null hypothesis of Levene’s test is that the 

variances are homogeneous. The p-value of 0.1497 shown in Figure B24 means that we did not 

have enough evidence to reject the null hypothesis at a significance level of 0.05. In other words, 

we did not find a violation of the homogeneity of variance assumption for the log-transformed 

PM exposure data. 

 

Figure B24: Output of Levene’s test for log-transformed PM exposure. 

The Q-Q plot in Figure B25 was used to visually assess the normality of the log-transformed PM 

exposure data. No major deviations from the line of normality (i.e., the 1:1 line) were observed. 

No violations of the normality assumption were found. 

 

Figure B25: Q-Q plot for log-transformed PM exposure. 
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The Shapiro-Wilk test is a probabilistic approach for detecting violations of the normality 

assumption required for the ANOVA test. This test was used to confirm the visual assessment 

described in the previous subsection (i.e., the Q-Q plot approach). The null hypothesis of the 

Shapiro-Wilk test is that data comes from a normal distribution. The p-value of 0.9955 shown in 

Figure B26 means that we did not have enough evidence to reject the null hypothesis at a 

significance level of 0.05. In other words, we did not find a violation of the normality 

assumption for the log-transformed PM exposure data. 

 

Figure B26: Output of Shapiro-Wilk’s normality test for log-transformed PM exposure. 

8.2. Noise 

The noise exposure distribution was close to normal, so all the following tests were applied to 

the TWA noise measurements to compare exposures between workers from different departments 

within the facility and different production lines within the factory. 

Welch’s two-sample t-test was used to determine whether mean exposure to noise was 

significantly different between factor workers and non-factory workers. Non-factory workers 

were those who worked in shipping or administrative roles. The output from this test, shown in 

Figure B27, indicated that the mean noise exposure was different between factory and non-

factory workers at a significance level of 0.05. 
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Figure B27: Output of the Welch t-test for noise. Groups compared in this test were factory and non-factory (i.e., 
shipping and admin) workers. 

A one-way analysis of variance (ANOVA) test was used to evaluate whether mean noise 

exposures were significantly different between production lines within the factory. The output 

from this test, shown in Figure B28, indicated that noise exposures were not significantly 

different between production lines. 

 

Figure B28: Output of the one-way ANOVA test for noise. Groups for this test were all the “in factory” production 
lines described in section 2.1 of this appendix. 

Tukey multiple pairwise comparisons were used to evaluate whether mean noise exposures were 

significantly different between any two production lines within the factory. The output from this 

test, shown in Figure B29, indicated that noise exposures were not significantly different 

between any two production lines. 
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Figure B29: Tukey multiple pairwise comparison for noise. Groups for this test were all the “in factory” production 
lines described in section 2.1 of this appendix. 

The residuals plot in Figure B30 was used to visually identify variance patterns that would be a 

sign of a violation of the homoscedasticity assumption (e.g., funnel or cornucopia shapes) 

required for the ANOVA test. No evidence of a violation of the assumption was found for the 

noise exposure data. 

 

Figure B30: Residuals plot for noise. 
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Levene’s test is a probabilistic approach for detecting violations of the homoscedasticity 

violation. This test was used to confirm the visual assessment described in the previous 

subsection (i.e., the residuals plot approach). The null hypothesis of Levene’s test is that the 

variances are homogeneous. The p-value of 0.5017 shown in Figure B31 means that we did not 

have enough evidence to reject the null hypothesis at a significance level of 0.05. In other words, 

we did not find a violation of the homogeneity of variance assumption for the noise exposure 

data. 

 

Figure B31: Output of Levene’s test for noise. 

The Q-Q plot in Figure B32 was used to visually assess the normality of the noise exposure data. 

No major deviations from the line of normality (i.e., the 1:1 line) were observed. No violations of 

the normality assumption were found. 

 

Figure B32: Q-Q plot for noise. 
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The Shapiro-Wilk test is a probabilistic approach for detecting violations of the normality 

assumption required for the ANOVA test. This test was used to confirm the visual assessment 

described in the previous subsection (i.e., the Q-Q plot approach). The null hypothesis of the 

Shapiro-Wilk test is that data comes from a normal distribution. The p-value of 0.8597 shown in 

Figure B33 means that we did not have enough evidence to reject the null hypothesis at a 

significance level of 0.05. In other words, we did not find a violation of the normality 

assumption for the noise exposure data. 

 

Figure B33: Output of Shapiro-Wilk’s normality test for noise. 

8.3. Formaldehyde 

Even though we found the formaldehyde exposure distribution to be best represented by a 

bimodal lognormal shape, we applied all the following tests to untransformed formaldehyde 

concentrations to compare exposures between workers from different departments within the 

facility and different production lines within the factory. Welch’s test and ANOVA assume 

normality and homoscedasticity but are robust to moderate deviations. The diagnostic tests in 

this section did not find any significant violations of the assumptions. 

Welch’s two-sample t-test was used to determine whether mean exposure to formaldehyde was 

significantly different between factor workers and non-factory workers. Non-factory workers 

were those who worked in shipping or administrative roles. The output from this test, shown in 
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Figure B34, indicated that the mean formaldehyde exposure was different between factory and 

non-factory workers at a significance level of 0.05. 

 

Figure B34: Output of the Welch t-test for formaldehyde. Groups compared in this test were factory and non-factory 
(i.e., shipping and admin) workers. 

A one-way analysis of variance (ANOVA) test was used to evaluate whether mean formaldehyde 

exposures were significantly different between production lines within the factory. The output 

from this test, shown in Figure B35, indicated that formaldehyde exposures were not 

significantly different between production lines. 

 

Figure B35: Output of the one-way ANOVA test for formaldehyde. Groups for this test were all the “in factory” 
production lines described in section 2.1 of this appendix. 

Tukey multiple pairwise comparisons were used to evaluate whether mean formaldehyde 

exposures were significantly different between any two production lines within the factory. The 

output from this test, shown in Figure B36, indicated that formaldehyde exposures were not 

significantly different between any two production lines. 
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Figure B36: Tukey multiple pairwise comparison for formaldehyde. Groups for this test were all the “in factory” 
production lines described in section 2.1 of this appendix. 

The residuals plot in Figure B37 was used to visually identify variance patterns that would be a 

sign of a violation of the homoscedasticity assumption (e.g., funnel or cornucopia shapes) 

required for the ANOVA test. No evidence of a violation of the assumption was found for the 

formaldehyde exposure data. 

 

Figure B37: Residuals plot for formaldehyde. 
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Levene’s test is a probabilistic approach for detecting violations of the homoscedasticity 

violation. This test was used to confirm the visual assessment described in the previous 

subsection (i.e., the residuals plot approach). The null hypothesis of Levene’s test is that the 

variances are homogeneous. The p-value of 0.6326 shown in Figure B38 means that we did not 

have enough evidence to reject the null hypothesis at a significance level of 0.05. In other words, 

we did not find a violation of the homogeneity of variance assumption for the formaldehyde 

exposure data. 

 

Figure B38: Output of Levene’s test for formaldehyde. 

The Q-Q plot in Figure B39 was used to visually assess the normality of the formaldehyde 

exposure data. No major deviations from the line of normality (i.e., the 1:1 line) were observed. 

No violations of the normality assumption were found. 

 

Figure B39: Q-Q plot for formaldehyde. 
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The Shapiro-Wilk test is a probabilistic approach for detecting violations of the normality 

assumption required for the ANOVA test. This test was used to confirm the visual assessment 

described in the previous subsection (i.e., the Q-Q plot approach). The null hypothesis of the 

Shapiro-Wilk test is that data comes from a normal distribution. The p-value of 0.4047 shown in 

Figure B40 means that we did not have enough evidence to reject the null hypothesis at a 

significance level of 0.05. In other words, we did not find a violation of the normality 

assumption for the formaldehyde exposure data. 

 

Figure B40: Output of Shapiro-Wilk’s normality test for formaldehyde. 

9. Noise monitoring implementation 

9.1. Data acquisition and processing 

The microphone on the AirPen produces an analog signal with voltages that oscillate around zero 

volts (i.e., voltages can be positive and negative). A DC offset of ½ of the reference voltage (Vref 

= 3.3V) is added to make all voltages positive (i.e., the conditioned signal oscillates around 

+1.65V). The signal is then amplified (8× gain) and sampled by the AirPen’s internal analog-to-

digital converter (ADC) at 50000 Hz. The ADC converts the analog signal to 14-bit resolution 

digital values, which are logged to the SD card in chunks of 4096 samples (i.e., columns) per 

observation (i.e., per row). This sampling configuration gives a sampling window of 0.082 

seconds per observation. 
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The raw time-domain noise data recorded by the AirPen were transformed to loudness using an 

R script on a personal computer. First, the DC offset of each unit was subtracted to recover the 

original shape of the microphone signal with positive and negative values. Then, the values were 

normalized by dividing them by the ADC full scale. For each observation, the vector of 4096 

normalized values was transformed to a 2048-bin power spectrum in the 0 – 25 kHz frequency 

range using Fast Fourier Transform (FFT). The power spectrum (i.e., frequency domain data) 

was A-weighted by multiplying each bin by the A-weighting coefficient corresponding to its 

frequency.87 The uncalibrated A-weighted loudness was calculated Equation B2: 

𝐿𝑜𝑢𝑑𝑛𝑒𝑠𝑠 𝑖𝑛 𝑑𝐵𝐴 = 10 log10 ( 2𝑁∆𝑡 ∑|𝑋𝐴[𝑘]|2𝑁 2⁄
𝑘=0 ) (𝐵2) 

Where 𝑋𝐴[𝑘] was the k-th bin of the A-weighted power spectrum, 𝑁 was the number of samples 

per observation (i.e., 4096), and ∆𝑡 was the sampling window (i.e., 0.082 seconds). 

9.2. Calibration 

Individual calibration curves were developed for each AirPen. A Larson Davies Spark 703+ 

dosimeter (Depew, NY, USA) was used as the reference instrument for calibration. Each AirPen 

was placed within 5 cm of the microphone of the dosimeter. Two speakers (532-LR, Aperion 

Audio, Wilsonville, OR, USA) were placed at a distance of 30 cm from the noise measuring 

instruments, aiming directly at the microphones. An amplifier (TX-SR605, Onkyo, Osaka, Japan) 

connected to a laptop was used to generate a 1 kHz tone. Calibration was carried out in the 50 – 

110 dBA range at 9 evenly spaced discrete loudness levels. Each loudness level was sampled at 

least twice. A second-degree polynomial was fitted to the calibration data using the ordinary least 

squares method. A silent sample was also recorded to measure the deviation of the true DC offset 
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of each AirPen from the theoretical DC offset (i.e., ½ of Vref). Individual calibration coefficients 

and true DC offsets were saved and used to calculate calibrated loudness levels of noise 

measured during the facility-wide personal sampling campaign. 

9.3. Validation 

We assessed the noise monitoring performance of the AirPens by collocating them with 

calibrated Larson Davis Spark 703+ dosimeters (Depew, NY, USA) in three tests that were 

completed on two different days in a variety of environments within the Colorado State 

University Powerhouse Energy Campus. Spark 703+ dosimeters meet the IEC 61252 standard 

for personal exposure noise dosimeters, applicable to instruments for measurement of A-

weighted steady, intermittent, fluctuating, irregular, or impulsive sound.87 This type of instrument 

is considered a gold-standard for industrial hygiene. A researcher wore one AirPen and one Spark 

703+ dosimeter on the same arm, with the microphones positioned within 10 centimeters of each 

other. For the first test, one set of samplers (i.e., one AirPen and one dosimeter) was worn on the 

right arm. For the second test, one set of samplers was worn on the left arm. For the third test, 

AirPens and Spark 703+ dosimeters were worn on both arms (i.e., one set per arm, 4 samplers in 

total). All tests included a mixture of different noise sources. Normal office space background 

noise and conversational noise were measured in areas where students and researchers work at 

cubicles. Large engine (e.g. fuel cell generators, gas turbines) tests were recorded to get quasi-

steady loud noise. Irregular and fluctuating noise was measured at a machining and fabrication 

area.  

AirPens measured noise in 30-second intervals, and dosimeters were set to 1-Hz data logging. 

Measurements from colocated AirPens and dosimeters were merged by date/time based on their 

internal clocks, creating a set of paired measurements at 30-second resolution. Clocks were set 
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on both instruments before each test. The AirPen used GPS to adjust its clock, and the dosimeter 

clock was set by an NTP-connected personal computer.  

 

Figure B41: AirPen noise monitoring validation results. a) Regression plot of AirPens versus Larson Davis Spark 
703+ dosimeters at 30-second resolution and error metrics. Dashed black line is the identity (1:1) line and colored 

lines are regression fits. b) Bland-Altman plot shows the error distribution as a function of noise levels. Points 
within the upper and lower dashed lines are the central 95% of the error distribution. 

Figure B41 shows regression fits and error metrics of AirPen-measured A-weighted loudness, 

relative to Spark 703+ dosimeters, as well as a Bland-Altman plot to portray the distribution of 

errors as a function of loudness. We present a Deming regression as well as the usual ordinary 

least squares (OLS) regression because the Deming method is more appropriate when both axes 

(i.e., instruments) are subject to measurement errors. The 30-second resolution AirPen 

measurements were highly correlated with the corresponding Spark 703+ dosimeter 

measurements (Pearson’s r = 0.96), and negatively biased by 1.23 dBA, on average. Mean 

absolute error (MAE) and root mean squared error (RMSE) were 3.06 dBA and 4.09 dBA, 

respectively. Table B2 shows the time-weighted averages (TWA) of A-weighted noise measured 

by AirPens and Spark 703+ dosimeters for three different tests. Bias of AirPen-measured TWA 

noise relative to Spark 703+ dosimeters ranged from -2.6 to +0.7 dBA. 
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Table B2: Time-weighted averages of A-weighted noise level measured by AirPens and Larson Davis Spark 703+ 
dosimeters, as well as biases for each test. 

  TWA Noise [dBA]  

Test 

Right Arm  Left Arm 

AirPen Dosimeter Bias  AirPen Dosimeter Bias 

Test 1 – right arm 
only (38 minutes) 

76.2 78.8 -2.6  N/A N/A N/A 

Test 2 – left arm only 
(14 minutes) 

N/A N/A N/A  57.5 56.8 +0.7 

Test 3 – both arms (57 
minutes) 

75.6 77.7 -2.1  78.3 78.2 +0.1 
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APPENDIX C 

1. Community organizations and super neighborhoods 

The community organizations that participated in this study and their corresponding super 

neighborhoods are listed in Table C1. 

Table C1: Organizations that hosted samplers and their corresponding super neighborhoods or areas. 

2. Sample analysis 

2.1. Analytical method 

The contents of each tube were extracted using 3 mL of a mixture of 70% acetonitrile and 30% 

deionized water drawn through the cartridge using a vacuum manifold. The extract was collected 

in a 5 mL volumetric flask. Once extraction was complete, the volumetric flask was filled to a 

final extraction volume with the 70% acetonitrile:30% deionized water. Each extract was 

allowed to equilibrate for 20 min following the instrument manufacturer’s instructions and then 

analyzed immediately on an Agilent 1260 Infinity HPLC (Santa Clara, CA, USA) equipped with 

Organization Super neighborhood / Area 

Sunnyside Community Redevelopment Organization (SCRO) Sunnyside 

Achieving Community Tasks Successfully (ACTS) Pleasantville 

Coalition of Community Organizations (COCO) Fifth Ward 

NorthEast Houston Redevelopment Council (NEHRC) Trinity Gardens 

Environmental Community Advocates of Galena Park (ECAGP) Galena Park 

Community In- Power and Development Association Incorporate 
(CIDA) 

Port Arthur 

Texas Southern University Bullard Center for Climate & Environmental 
Justice 

Third Ward 

Environmental Defense Fund Greater Heights 
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a dual channel pump and UV detector set to monitor light intensity at a wavelength of 360 nm.  

The separation was conducted on a Waters Nova-Pak (Milford, Massachusetts, USA) C-18 4 µm 

column (3.9 x 150 mm).  The eluents were 60% deionized water:30% acetonitrile:10% 

tetrahydrofuran (A) and 40% water:60% acetonitrile (B).  The complete run time was 32 minutes 

and included 2 steps. For the first 25 minutes, a linear gradient from 100% A to 100% B was 

conducted.  Then, for the final 5 minutes, a re-equilibration step was done to return to the starting 

conditions of 100% A.  The flowrate during each step was 1.5 mL min-1.  An injection volume of 

10 µL was used for each sample.  

2.2. Limit of detection 

𝐿𝑂𝐷 = 𝑥̅𝑏𝑙𝑎𝑛𝑘 + 3𝑠𝑏𝑙𝑎𝑛𝑘 (𝐶1) 

The formaldehyde limit of detection (LOD) was calculated using Equation C1 where 𝑥̅𝑏𝑙𝑎𝑛𝑘 was 

the mean and 𝑠𝑏𝑙𝑎𝑛𝑘 was the standard deviation of the peak areas for the blank BPE-DNPH 

cartridges collected during the field campaign. Blank cartridges were briefly installed in 

samplers, removed, capped, and sent to the laboratory for analysis along with sample cartridges. 

No air was sampled through blank cartridges. The peak area LOD can be converted to mass units 

(in ng) using the calibration curve for formaldehyde. The formaldehyde LOD was 36.6 ng 

(calculated from 8 blanks). The volumetric flow rate through the gas cartridge is not actively 

controlled on the AirPen, so we provide LOD equivalent concentrations for some relevant 

measured volumes. The formaldehyde LOD is equivalent to concentrations of 1.88, 0.39, and 

0.22 μg m-3 for the minimum, median, and maximum measured volumes, respectively. In parts 

per billion (ppb) these equivalent LODs are 1.53, 0.32, and 0.18 at 1 atm and 25°C (study 

location was at sea level and weather was warm). 
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3. Flow control analysis 

The first and last 5 minutes of each sample were disregarded to account for the initial 

stabilization and the effect of low battery state-of-charge on pump voltage at the end of some 

samples. Individual observations with  flow rate through the inlet deviating from the target (250 

mL min-1) by more than 10% were flagged as point anomalies. Flow rate through the BPE-

DNPH is passively controlled by an orifice in the manifold, so a target is not available, and 

manufacturing variability is expected. Therefore, we only flagged flow rates through the BPE-

DNPH cartridge as potential blockages when they were lower than the median (24 mL min-1) by 

at least two median absolute deviations (9 mL min-1). Flow rates through the BPE-DNPH 

cartridge were flagged as potential leaks when they were higher than the median by at least two 

median absolute deviations. The median absolute deviation was used because it is more robust to 

outliers. For pump voltage, a 10-minute rolling mean (still at 30-resolution) was used to catch 

only longer-term trends. Changes of the pump voltage rolling mean larger than 2.5 V h-1 were 

flagged as point anomalies. Samples with 15 or more minutes of anomalous data of any kind 

(i.e., ≥ 30 point anomalies) were flagged as potentially anomalous samples and assessed 

graphically to confirm the anomaly. 

3.1. Example of adequate flow control (non-anomalous reference) 

The example below (Figure C1) corresponds to one of the samples collected in the field and 

represents a good reference of how AirPens performs when everything works as intended. The 

anomaly detection algorithm did not flag any of the timestamps as anomalous. Upon visual 

inspection, we found the pump voltage, flow rate through the inlet, and flow rate through the 

BPE-DNPH cartridge to be steady throughout the duration of the sample, apart from some very 

short deviations. The flow rate through the inlet was practically equal to the target most of the 



148 

time. The flow rate through the BPE-DNPH cartridge was slightly higher than the median at ~28 

mL min-1. 

 

Figure C1: Example of a sample with flawless flow control. Blue line shows the pump voltage (V). The top black 
line shows the flow rate through the inlet (L/min) and the bottom black line shows the flow rate through the BPE-

DNPH cartridge (L/min). 

3.2. Samples flagged as anomalous (blockages) 

The following samples (Figures C2 and C3) were flagged by the flow analysis algorithms, and, 

upon visual inspection, we found that the flow rate through the BPE-DNPH cartridge was nearly 

zero throughout the sampling period. Considering that pump voltage and flow rate through the 

inlet were normal, these data are consistent with the existence of a blockage in the BPE-DNPH 

cartridge flow path. 
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Figure C2: Invalid sample with a blockage in the flow path. Blue line shows the pump voltage (V). The top black 
line shows the flow rate through the inlet (L/min) and the bottom black line shows the flow rate through the BPE-

DNPH cartridge (L/min). Areas highlighted in red correspond to timestamps flagged as anomalous by the algorithm. 

 

Figure C3: Invalid sample with a blockage in the flow path. Blue line shows the pump voltage (V). The top black 
line shows the flow rate through the inlet (L/min) and the bottom black line shows the flow rate through the BPE-

DNPH cartridge (L/min). Areas highlighted in red correspond to timestamps flagged as anomalous by the algorithm 

 


