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Abstract 

Background

Higher air pollution concentrations can be observed near rail networks, local and highway automobile 

corridors, and shipyards. Communities adjacent to such sources are disproportionately exposed to air 

pollution from these stationary and mobile sources. One such community is West San Bernardino in 

California, where households are feet away from the Burlington Northern Santa Fe intermodal facility and 

are impacted by activities that are estimated to continuously emit air pollutants due to 24/7 operation.

Objective

This study aimed to (1) quantify the impact of personal mobility and housing characteristics on daily PM2.5 

exposures and well-being for West San Bernardino community members, and (2) develop individualized 

resilience plans for community collaborators to support future PM2.5 exposure reduction.  

Methods

Personal PM2.5 exposures were measured for community collaborators for seven consecutive days during 

three deployment periods: October 2021, January 2022, and March 2022. Indoor and ambient PM2.5 levels 
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were also continuously measured for five households over six months using PurpleAir Classic monitors. 

Demographic and well-being data were collected upon recruitment and after each week of engagement, 

respectively. 

Results

Personal exposures in home microenvironments were highest near the railyard and lower farthest away 

from the railyard. Home exposures were 40% higher on average compared to non-home 

microenvironments. Household PM2.5 had a higher-than-expected average infiltration factor of 0.55, and 

indoor 98th percentiles across the households far exceeded a healthy level at an average of 165 𝜇g/m3.  

Resilience plans featured summaries of personal data and recommendations for mitigating exposures. 

Significance

Results suggest that surrounding land use and residential building characteristics compound to worsen air 

pollution exposures beyond what is expected for exposures in non-industrialized areas. Findings prompt a 

call for stronger regulation, not only for emissions, but also for indoor air quality and zoning standards that 

specifically protect disproportionately impacted communities. 
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1. Introduction

Fine particulate matter (PM) is the term to describe liquid or solid particles with an aerodynamic 

diameter less than or equal to 2.5 microns (PM2.5). Studies have shown that exposure to high levels of PM2.5 

can adversely affect human health, causing asthma, respiratory disease, and cardiovascular disease.1–4 

Primary PM2.5 is directly emitted from a source into the atmosphere, and sources include construction sites, 

smokestacks, or wildfires. PM2.5 is also generated through complex chemical reactions in the atmosphere, 

known as secondary PM, which is highly correlated with urban PM2.5.
5,6 High concentrations of PM2.5 are 

found in urban areas with a high volume of anthropogenic activities.7–9 Spatial distributions of PM2.5 in the 

U.S. exhibit significant racial-ethnic disparity.10,11 Specifically, highly polluted areas are often in low-

income and non-white neighborhoods that are surrounded by industrial factories, shipping facilities, 

warehouses, and railyards.12–15

Additionally, people spend over 90% of the time indoors16,17 and are subsequently exposed to 

indoor air pollutants that are generated from multiple sources. Indoor activities, such as vacuum cleaning, 

cooking, dusting, use of consumer products, and smoking are the primary sources of indoor PM2.5.18 These 

activities can increase indoor PM2.5 levels by orders magnitude in a very short period of time, approximately 

10 to 30 minutes.19 An effective range hood can remove a significant amount of PM2.5 generated during 

cooking activities. During high PM2.5 episodes, air ventilation also effectively reduces indoor PM2.5 levels 

by diluting with fresh outdoor air.20,21  Further, baseline indoor PM2.5 levels are highly influenced by the 

penetration of ambient PM2.5 into the indoor environment. Although indoor air quality can be improved 

with proper air exchange and filtration systems, numerous studies have shown a strong relationship between 

indoor and ambient PM2.5 levels.22–26  In particular, indoor PM2.5 concentrations are highly correlated with 

ambient PM2.5 when wildfires occur.27 Closing the windows and minimizing the air exchange rate can 

decrease the penetration of ambient particles during such an event. However, closing windows and using 

central heating or air conditioning is not always an option for lower-income households in California. 

According to the California Energy Commission’s 2019 California Residential Appliance Saturation Study, 
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less than 50% of households with an income less than $75,000 will have central air conditioning.28 This 

implies that lower-income households rely on other methods to cool their homes, including using unfiltered 

cooling units or opening windows during cooler periods outside. Both approaches make indoor residential 

environments more susceptible to penetration of ambient air pollution for lower-income households. 

This study considers personal exposures and household PM2.5 for a lower income, 

disproportionately impacted community of inland Southern California, which is located near the northern 

and southern borders of Riverside and San Bernardino Counties, respectively. For reference, this region is 

historically known for its agricultural economy and more recently for freight shipping activities and a 

growth of warehouses, creating a significant shift in the region’s economy.14,29  The nationwide shift 

towards more online shopping in the United States has resulted in further expansion of freight shipping 

activities in the region. Roughly 45% of products imported from Asia are shipped through inland Southern 

California each year30 and distributed across the United States via heavy-duty diesel trucks and railway 

systems. The Burlington Northern Santa Fe (BNSF) intermodal facility, which is directly adjacent to 

residential areas within the San Bernardino community (within 200 feet of the fence line), has long been 

determined as a major air pollution source and health hazard for neighboring communities.31–34  The 

facility’s emissions are generated from diesel trucks entering and leaving the facility, equipment to load 

and unload containers, and locomotives.35

In this study, we seek to understand intra-community variability in microenvironmental PM2.5  

exposures for a disproportionately impacted community. High-resolution microenvironmental data are 

scarce for such communities given the inaccessibility of consumer-grade monitors for household and 

personal uses.27 We measure PM2.5 at the individual and household levels for residents of the West San 

Bernardino, CA community near the BNSF intermodal facility. We utilize low-cost monitoring technology 

for both mobile (personal) and stationary (indoor and ambient) measurements. We characterize mobility-

influenced microenvironmental exposures using spatial clustering of high-resolution geolocated PM2.5 

measurements to understand how exposure risk varies near the facility. For households with stationary 
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monitoring, we used a mass balance approach to estimate penetration, indoor emission rate, air exchange 

rate, and filtration factors. We compared the findings with previous work that characterized indoor air 

quality in California homes using crowdsourced data. We also discuss community co-learning, subsequent 

advocacy activities, and how results could support rail regulation amendments.  

2. Materials and Methods 

2.1 Study Location 

The study was conducted in the West San Bernardino community, located in the southern region 

of San Bernardino County, California (inland southern California), which is adjacent to the BNSF 

intermodal facility (Figure 1). Its climate is classified as hot-summer Mediterranean with mild winters and 

hot, dry summers. Prevailing winds are from the south and west, such that communities directly to the north 

of the facility are most exposed to its emissions. The West San Bernardino community is bounded by a 

highway network of U.S. Interstates 10 to the south, 210 to the north, and 215 on the east, which are always 

in heavy use due to the rapid expansion of freight infrastructure. The Westside San Bernardino 

neighborhood is a known hot spot for air pollution and high rates of cancer, which is associated with its 

proximity to the BNSF intermodal facility, the largest concentration of warehouses in the country, air cargo 

facilities, and multiple freeways.36,37  In San Bernardino County, CalEnviroScreen 4.0 data highlights 35 

census tracts in the 90-100th percentiles for ozone burden, affecting more than 100,000 people, where the 

majority population are Latino (Figure 1).38 Those same tracts have average percentiles of 75.4 for PM2.5 

and 79.8 for diesel PM2.5. See Note 1 in the Supplemental Information for more details about the BNSF 

intermodal facility.
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Figure 1: Map of California and the relative extent of community engagement (orange) within San Bernardino 
County (highlighted) with CalEnviroScreen 4.0 (CES) scores; darker colors indicating higher environmental 
vulnerability. The larger inset map (upper right) shows a zoomed in extent of southwest San Bernardino County 
and the West San Bernardino community (red), lying west of I-215 and bordered to the north and south by I-210 
and I-10, respectively. The smaller inset map (lower right) shows the extent of BSNF intermodal facility, which is 
indicated by the magenta rectangle in the larger inset map (Map data ©2024 Google). The red arrow is the prevailing 
wind direction (see Figure S1 for wind rose plot).

2.2 Community Collaboration

West San Bernardino residents have a history of engaging in research and community monitoring 

through previous studies31,32,37, and most recently through the California Air Resources Board Community 

Air Protection Program (mandated by California Assembly Bill 617).39 Community collaborators were 

recruited by organizers from the Center for Community Action and Environmental Justice (Jurupa Valley, 

CA). Specifically, 45 community collaborators from 43 unique households were engaged in personal 

monitoring activities, and 5 households participated in indoor and outdoor PurpleAir monitoring. All 

community collaborators were invited to attend four educational sessions to gain hands-on training on 

operating low-cost air pollution monitors and discuss technical and logistical aspects of the community 
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collaboration. One household participated in both the personal and household monitoring activities. All 

personal monitoring collaborators filled out an intake form to collect demographic and pre-existing health 

information (static well-being). This information included age, home rental status, annual income range, 

education level, occupation, vehicle ownership, smoking status (exclusion from the study if smoker), air 

conditioning in the home, medical history, and perception of air quality in inland southern California. 

Details on the intake form questions are provided in the Supplemental Information (Table S1). 

2.3 Microenvironmental Exposure Analysis 

Personal exposure monitoring for PM2.5 took place over three deployment periods for three weeks 

at a time (October 2021, January 2022, and March 2022) (Table S2). A range of 9-14 community 

collaborators were engaged for seven consecutive days during each deployment week. Collaborators were 

asked to carry the monitor with them as they went about their daily activities, and they filled out a dynamic 

survey to report present-day well-being information at the end of each 7-day engagement period (dynamic 

well-being). Details on the dynamic survey questions are provided in the Supplemental Information (Table 

S3). After concluding all personal monitoring, five community collaborators provided additional context 

for their data in follow-up interviews at the end of the deployment period. All personal exposure participants 

received a one-page infographic that summarized their data and listed recommendations for exposure 

mitigation in high-risk microenvironments. Personal PM2.5 exposure and GPS location was measured using 

wearable monitors (Applied Particle Technology (APT), San Mateo, California, USA), and measurements 

are made every 15 seconds.17 The Gaussian Mixture Model (GMM) calibration description, summary of 

the reference comparison data, and an image of the monitor are provided in the Supplemental Information 

(Note 2 and Tables S4 and S5). During the colocation period, the APT sensors and FEM monitor showed 

good performance, where R2 ranged from 0.63 - 0.79, mean absolute errors ranged from 2.21 - 2.59 µg/m3, 

and mean biases ranged from -0.079 to 0.076 µg/m3. 

Use of the density-based spatial clustering analysis with noise (DBSCAN) method was shown to 

be a viable approach in the preceding pilot study.17 DBSCAN was again used here to aggregate space-time 
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measurements of PM2.5 into organized clusters to quantify microenvironmental exposures. For this study, 

the minimum number of clustered data points was 50, and the cluster distance tolerance was 37.5 meters. 

Google Maps was then used to classify the microenvironment into one of seven categories: home (H), 

work/university (W), restaurant (R), retail (RE), leisure indoor (LI), leisure outdoor (LO), and transient (T). 

All microenvironment clusters are considered indoor except transient and leisure outdoor. We then 

identified the activity or more place-specific information based on Google Maps. Further, data points that 

were not clustered, but met the speed criteria, were classified as transient. Clusters are considered 

“unclassified” if there is not a readily identifiable activity due to unavailable GPS measurements.

2.4 PurpleAir Measurements and Data Processing 

Fifteen PurpleAir Classic monitors, formerly named PA-II (Draper, Utah, USA), were deployed in 

the community in ten households to assess trends in PM2.5 over seven months (July 2022 – January 2023). 

Specifically, five homes were selected for the installation of both indoor and ambient monitors, while the 

other five homes had only ambient PM2.5 monitoring (Figure S1). Here, we focus on the indoor and ambient 

pairing comparison. Given the sample size and privacy protocols, locations of the five homes will not be 

specified, however a snapshot of the monitoring setup near the BNSF facility is provided in the 

Supplemental Information (Figure S1). Ambient PurpleAir monitors were installed in the back yard or front 

yard, and indoor monitors were installed in the living room (i.e., main room). The sensors were powered 

continuously by 120V outlets. The monitors provided measurements every 120 seconds for temperature 

(°F, converted to °C here), relative humidity (%), and PM2.5 concentration (𝜇g/m3). We used 10-minute 

averages to compute indoor emission and decay rates. The data were averaged hourly to remove noise 

before computing statistical summaries. We applied a linear correction factor to the raw PurpleAir PM2.5 

measurements based on recommendations by Barkjohn et al. (Eq. 1), where PM2.5 is the corrected 

concentration, PA is the average raw PM2.5 concentration from PurpleAir channels a and b, and RH is 

relative humidity.40  We used pm2.5_cf_1 as suggested by Barkjohn et al. for the study. Note that 
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pm2.5_cf_1 refers to the method used to calculate PM2.5 concentrations from the particle counter based on 

a proprietary algorithm developed by Plantower.

𝑃𝑀2.5 = 0.524𝑃𝐴 ― 0.0862𝑅𝐻 + 5.75 1)

2.5 Indoor PM2.5 Modeling 

Simultaneously indoor and ambient PM2.5 sampling enabled the derivation of a simple mass balance 

to estimate the loss rate constant, indoor emission rate constant, and penetration for the homes with paired 

monitors. The loss rate constant is the combination of the air exchange and filtration rate constant, which 

are responsible for the decay of indoor PM2.5 concentrations. The indoor emission rate constant is the 

magnitude of indoor emissions, and the penetration rate constant represents the effectiveness of PM2.5 

transfer from the outside to the indoor environment. Separate models for emission events, decay events, 

and the baseline models were applied using PurpleAir measurements.  Derivations of all model solutions 

are provided in Notes 3-5 in the Supplementary Information. Overall, the peaks of indoor PM2.5 were ten 

times greater than the indoor average, and the slopes were steep. Typically, indoor emissions were 

generated in 10 to 20 minutes, and the decay lasted about 10 to 50 minutes. The red and black lines from 

the bottom panel in Figure 2 were used to calculate average indoor emissions and decay constants.
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Figure 2: Sample daily average time series for one home from 2022 Aug to 2023 Jan (bottom). Zoom-in on the 10-
minute average time series with x-axis labels in the format “DD HH:MM” (top); the red line is used to calculate 
the indoor emissions (𝐸/𝑉) and black line is used to calculate the decay constant (𝛼) based on the emission and 
decay models, respectively (see Notes 3 and 4 in the SI).
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3. Results 

3.1 Personal Monitoring and Microenvironmental Exposures 

DBSCAN clustering resolved a total of 573 clusters for the entire engagement period, and this total 

excludes data classified as transient or data within unclassified microenvironments. Taking seven days (168 

hours) as the maximum possible measurement period for each collaborator’s seven-day engagement period 

(103 unique engagement periods), there were a maximum of 17,304 possible measurement hours. Of those 

possible measurement hours, data were collected during 69, 80, and 67% of the possible measurement hours 

in October, January, and March, respectively (12,440 total hours) (Table S6). Of the data collected, only 

5.1, 4.3, and 4.9% of measurements were labeled as “unclassified (U)” microenvironments. Details that 

follow describe PM2.5 averages for classified microenvironment clusters: home, work/university, restaurant, 

retail, leisure indoor, leisure outdoor, and transient (in motion). Home microenvironments had the highest 

percentages of measurements collected, 86, 85, and 86% in October, January, and March, respectively. 

Microenvironments were clustered and classified, and the viable (GPS available) PM2.5 

measurements were averaged for each unique engagement period and for each community collaborator 

(Figure 3). Larger cluster symbols indicate higher average exposures. On average, home exposures were 

40% higher than non-home microenvironments, where the largest differences were seen during the October 

deployment – 60% higher in October, 30% higher in January, and 40% higher in March. Home average 

PM2.5 was 22, 54, and 9.8 µg/m3 for the October, January, and March deployments, respectively. Non-home 

average PM2.5 was 14, 41, and 7.2 µg/m3 for the October, January, and March deployments, respectively. 

Generally, microenvironmental exposures were highest near the railyard (zones 1 and 2) and lowest farther 

away from the railyard (zone 3), as seen in the heat map in SI Figure S2 (see Note 6 for zone description 

and statistics). 

Upon examination of high-risk non-home/non-transient microenvironments, where high risk is 

considered here to be an average PM2.5 concentration greater than the World Health Organization 24-hour 
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air quality guideline (15 µg m-3)41, Chick-fil-A, AutoZone, and a friend’s home had high-risk average 

exposures of 69, 91, and 269 µg/m3. It is worth noting that time spent in each location was approximately 

one hour or less. Other locations with similarly short-term, high-risk exposures include a dermatology 

center, Pinoy restaurant, shopping mall, hotel, bowling club, church, and swim complex with average 

concentrations of 35, 45, 46, 71, 154, 270, 1062 µg/m3, respectively. Regarding transient or in-motion 

exposures, some measurements averages well-exceeded the measurement range of the sensor. It should be 

noted that the optimal range of measurements for Plantower 5003 sensors (within the wearable monitor) is 

0-500 µg/m3. 

Figure 3: Personal PM2.5 clusters with quantified averages and classified microenvironments. One cluster marker 
represents one participant’s data in one deployment period that is geolocated to a physical location, and all 
participant data are represented by the clusters presented. 
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3.2 Indoor and Ambient PurpleAir Analysis 

We present the analysis of indoor PM2.5 for the five homes where indoor and ambient pairs of 

PurpleAir were installed. Based on an evaluation indoor and ambient temperature, house 3 does not have 

air conditioning unit, as its indoor temperature was approximately greater than the ambient temperature 

during summertime (Figure S3). The histograms in Figure S4 show the ratio of indoor and ambient PM2.5 

(I/O ratio); indoor and outdoor histograms and time series are also provided for reference (Figures S5 and 

S6). The peaks of the I/O histogram distributions are centered around the value of one. For homes 3 and 5 

(no listed cooling system, Table 1), the mode for I/O ratio (most frequent occurrence) occurs when the 

indoor PM2.5 is nearly the same as ambient PM2.5.  

Our findings also suggest that elevated ambient PM2.5 levels directly influence indoor air quality in 

West San Bernardino homes (Table S7), which is further evidenced by the seasonal statistics (Tables S7-

S8). During the summer months, outdoor PurpleAir readings across five houses showed similar means 

ranging from 13.1 µg m-3 to 14.0 µg m-3 (Table S8), indicating high precision for corrected ambient 

measurements in the West San Bernardino area. Under normal conditions, indoor PM2.5 levels are lower 

than ambient levels, as indicated by the 50th percentile values shown in Table S8. During these periods, we 

anticipated that there would be no indoor activities, such as cooking, vacuuming, or other household tasks, 

which could contribute to an increase in indoor PM2.5 levels. The indoor 98th percentile PM2.5 concentrations 

are considerably higher than ambient levels for all five houses. The ratios between indoor and outdoor 

concentrations range from 1.3 to 5.0, indicating significant indoor emissions during these periods.

Seasonal variations between summer (Jul – Sep 2022) and fall (Oct 2022– Jan 2023) are provided 

in the Supplemental Information (Tables S8 and S9). Summer temperatures were high, with an average of 

28 °C and exceeding 38 °C around 5% of the time. During high-temperature periods, median (50th 

percentile) indoor PM2.5 levels were notably less than ambient levels for homes with cooling systems 

(houses 2 & 4), compared to homes without cooling systems that had median indoor PM2.5 near ambient 

levels (Table S8). This indicated that filtration systems from air conditioning units effectively reduced 
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concentrations. The average temperature was 16 °C in the fall/winter, allowing open-window ventilation to 

regulate indoor environments and potentially increasing air exchange rate and penetration (Table S9).

Estimated indoor emissions: All five homes had an indoor 98th percentile that exceeded a recently 

proposed 1-hour indoor standard based on World Health Organization air quality guidelines (15 µg m-3).41 

High 98th percentiles resulted from high indoor emissions and poor ventilation, which can be explained by 

the average decay constants (Homes 1 and 5 in Table 1). Houses with low decay constant suffered from 

prolonged periods of high PM2.5 episodes after indoor emission events (Homes 2, 3, and 4 in Table 1). An 

indoor emission event is defined as when indoor PM2.5 levels are significantly higher than ambient PM2.5 

levels. The frequencies of indoor emissions were also estimated for the homes, considering the instances 

where indoor PM2.5 concentrations peaked at levels five times higher than the average indoor PM2.5 

concentrations. Indoor emission rates per m3 were estimated to be a minimum of 1098 𝜇𝑔 ∗ ℎ―1 ∗ 𝑚―3 and 

a maximum of 1796 𝜇𝑔 ∗ ℎ―1 ∗ 𝑚―3 for houses 2 and 4, respectively.

Table 1. Summary of calculated average decay constants, average indoor emissions per m3, infiltration factors, home 
type, and heating and cooling information for all five participant houses. Indoor peaks account for values greater than 
five times the indoor average PM2.5.

House 1 House 2 House 3 House 4 House 5
Indoor 98th Percentile (𝜇𝑔/𝑚3) 64 134 276 260 91
Exceed Ambient PM2.5 % 32 26 36 30 40
Indoor Emission Peaks (frequency, 𝑓) 491 753 767 999 400
Infiltration (𝐹𝑖𝑛 = 𝐶𝑖𝑛/𝐶𝑜𝑢𝑡) 0.30 0.46 0.75 0.53 0.71
Avg Decay Constant, 𝛼 (ℎ𝑟―1) 4.8 2.0 2.6 3.0 4.9
Avg Indoor Emissions, E/V (𝑚𝑔 ∗ ℎ𝑟―1 ∗ 𝑚―3

) 1.7 1.1 1.6 1.8 1.5

Home Type^ mobile single 
family

single 
family

single 
family

single 
family

Cooling System^ none wall none central none
Heating System^ other wall wall furnace wall

^Information from Zillow.com and Redfin.com

Estimated decay and infiltration constants: The average decay constants, average indoor 

emissions per m3, and infiltration factors for all five homes were calculated based on the mass balance and 

the set assumptions discussed in Note 3 in the Supplemental Information. Indoor activities, air exchange 

rates, and filtration rates were highly variable, resulting in different infiltration values across the study 

period. The average infiltration values for each house also represent family habits during the community 
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engagement period. Infiltration value ranges from zero to one, where zero represents no penetration, and 

one indicates the indoor PM2.5 and ambient PM2.5 levels are equal. In our study, the lowest infiltration value 

is 0.30 and the highest is 0.75 for houses 1 and 3, respectively, implying the vulnerability of indoor 

environments to the changes in ambient conditions (Table 1). 

Baseline indoor PM2.5 model: To evaluate the calculated infiltration and decay constant, we 

reconstructed indoor PM2.5 concentrations using the mass balance. Here, we did not consider emissions in 

the baseline model. Therefore, the model is only a function of decay constant, penetration, and ambient 

PM2.5, as described in Note 5 in the Supplemental Information. The model gave good predictions and 

captured the trend of occurrences (Figure 4). Although the model successfully reconstructed the distribution 

of indoor PM2.5 for homes 3, 4, and 5, it did not capture the peak for house 1 and 2 and high concentrations 

in homes 1 and 5. The errors were caused by minor indoor emission events, which were not accounted for 

as long as the indoor PM2.5 was still less than ambient PM2.5. Minor emissions are difficult to trace with the 

time series without additional activity information from home occupants. Uncertainties in participants’ 

habits, such as opening the windows, turning on the fume hood, and using air conditioning, largely 

contributed to the model’s errors.

Figure 4: Actual indoor PM2.5 (maroon) and model PM2.5 (peach) baseline concentrations based on 10-minute 
averaged data. The distribution only shows the data when indoor PM2.5 levels were less than ambient PM2.5 levels.
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98th percentile regression model: Intuitively, indoor PM2.5 levels are managed by the frequency, 

𝑓, and the decay constant, (𝛼 = 𝑎 + 𝑘), where 𝛼 is the decay constant, 𝑎 is the air exchange rate, and 𝑘 is 

the filtration constant. We performed linear regression with the two dependent variables to predict the 

indoor 98th percentiles, for which 𝐼𝑛𝑑𝑜𝑜𝑟 98𝑡ℎ %𝑖𝑙𝑒 = 𝑐1𝛼 + 𝑐2𝑓 + 𝑐3, where 𝑐1and 𝑐2 are the coefficients 

for decay constant (𝛼 = 𝑎 + 𝑘) and frequency, respectively, and 𝑐3 is the bias. The values for 𝑐1, 𝑐2, and 𝑐3 

are listed in Eq. 2, and the 𝑅2 for the regression model is 0.7. The scatter plot for the prediction and actual 

indoor 98th percentile is provided in the Supplemental Information (Figure S7). The regression model shows 

that the indoor 98th percentile has a negative correlation with the decay constant and a positive correlation 

with indoor emission frequency.

𝐼𝑛𝑑𝑜𝑜𝑟 98𝑡ℎ %𝑖𝑙𝑒 = ―6.0𝛼 + 0.31𝑓 ―

In Eq. 2, the decay constant and frequency account for the PM2.5 peaks, which are identified when indoor 

PM2.5 is greater than five times the indoor average. Interestingly, the computed average indoor emission 

rates (E/V) had relatively little impact on the modeled indoor 98th percentile, for which house 1 with the 

highest average emission rate still had the lowest indoor 98th percentile PM2.5.

3.3 Community Well-being 

Here we focus on self-reported dynamic well-being at the end of each seven-day deployment 

period, and rankings included excellent, good, fair, and poor. Distributions of cluster averaged PM2.5 were 

grouped based on these dynamic well-being rankings for each deployment period (Figure 5). Outliers 

(indicated by red crosses) for good, fair, and poor were higher than those for excellent for each deployment 

period. Although not reported in January, the 75th percentile for poor rankings exceeded that of the other 

rankings for the October and March periods. Median PM2.5 associated with fair scores was lower than the 

median PM2.5 for good scores for the October and January periods. In a Wilcoxon rank sum test, the 

statistical difference in the PM2.5 cluster averages for good vs. fair for all months was significant (p = 0.02). 
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The higher income levels (>$20,000) experienced higher outlier PM2.5 compared to the lowest income 

group. In Wilcoxon rank sum tests, the statistical difference in the PM2.5 cluster averages for $0 – $20,000 

vs. all other income ranges for all months was significant (p < 0.0001). Also, 25th percentile, median, and 

75th percentile cluster averages were highest for the $0 – $20,000 income group when considered across all 

months.

Figure 5: Top: Cluster PM2.5 averages corresponding to self-reported, dynamic well-being. There were no 
poor rankings in January. Bottom: Cluster PM2.5 averages corresponding to self-reported income. There were 
no data points associated with household income >$80,000 in March.

3.4 Community Co-learning and Personal Protection 

The research team engaged with community collaborators on four occasions for group co-learning 

sessions. In summer of 2021, a virtual interest meeting was held to discuss the objectives, motivation, and 

timeline of the study, and to provide an overview of the CARB Community Air Protection Program. A 

second in-person meeting was held before monitoring began to discuss study logistics and schedule 

participation. Two additional community meetings were held in-person during and after personal 

Oct Jan Mar
100

102

C
on

ce
n

tr
at

io
n

g
m

-3

Cluster Averages vs. Well-being

Excellent

Good

Fair

Poor

Oct Jan Mar

100

102

C
on

ce
n

tr
at

io
n

g
m

-3

Cluster Averages vs. Income

$0-20,000

> $80,000

$60,000-80,000

$40,000-60,000

$20,000-40,000

Page 17 of 27 AUTHOR SUBMITTED MANUSCRIPT - ERL-117422.R3

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60

A
cc

ep
te

d 
M

an
us

cr
ip

t



monitoring concluded to discuss preliminary findings, as well as other concerns surrounding air, water, and 

soil pollution in and around San Bernardino. Each meeting provided an opportunity to receive community 

feedback on study logistics and purpose, and prioritizing this intimate exchange of critical information 

reduced communication barriers and logistical challenges. In-person meetings were held at the local 

community center to reduce accessibility challenges for community collaborators. 

A critical goal of the community collaboration was the dissemination of individualized resilience plans, 

which were one-page text and graphical summaries of the personalized monitoring data and the team’s 

subsequent recommendations for reducing personal PM2.5 exposure (Figure S8). Generalized tips were 

provided across all exposure resilience plans that addressed air pollution basics, respective health impacts, 

and relevant indoor and outdoor pollution sources. High-risk microenvironments were relayed to 

community collaborators, along with daily average exposures throughout each engagement week. Tailored 

recommendations were based on microenvironment(s) with highest exposures. Recommendations included, 

but were not limited to:

• Use an air filter to clean indoor air

• Wear a fitted mask (N-95) to reduce your pollution exposure

• Avoid outdoor activity when the air quality is poor

• Reduce open flames/smoke from potential sources indoors

• Open windows if there is an open flame, and turn on the exhaust fan when cooking

• Breathe through your nose to filter out larger particles

• Check local air pollution and daily Air Quality Index

Five follow-up interviews were conducted to better understand community collaborator concerns and 

feedback regarding their tailored resilience plans. Collaborators also provided additional context for the 

personal exposure data collected, including the identification of indoor pollution generating activities and 

the frequency of those activities. In the weeks that followed, collaborators were able to reference their 
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resilience plans during community advocacy meetings, providing quantitative evidence that reflected their 

individual lived experiences around air pollution exposure. The resilience plans featuring data driven PM2.5 

exposures and the community microenvironmental exposure maps have also been used by community 

members most recently in regional, state, and federal efforts to reform rail emissions policy. 

4. Discussion

4.1 Microenvironmental Analysis and Uncertainties 

Personal PM2.5 was highest in winter (January), which correlates with the peak PM2.5 period in 

inland Southern California. Higher relative humidity and lower temperatures during winter promote aerosol 

formation through heterogenous chemistry and condensation.42,43 It is well-known that relative humidity 

may influence low-cost sensor readings44–46, and therefore the reference-based adjustments were carried out 

for personal measurements, improving overall correlations of hourly averages. As such, the personal 

exposure results presented in this study are precise across all wearable sensors. We also temper 

interpretation of measurements greater than 500 µg m-3 given the effective range (0-500 µg m-3) of the 

PMS5003 sensor within the wearable monitor.47,48 Also, there is a challenge in extrapolation by the GMM 

for correcting APT PM2.5 data beyond the co-location data. Further details on the GMM extrapolation are 

provided in Tables S10-S13.

Given that approximately 70% of all possible measurements were collected, there is the possibility 

of missing personal exposures. Community collaborators reported intermittent loss of connectivity and 

battery power, which explains the uncaptured measurements.  Further, the visual classification of 

microenvironments could possibly be influenced by human error in Google Maps interpretation. However, 

the microenvironment classification results are of high confidence due to the majority of measurements 

being made in home microenvironments, where collaborators spent most of their time and had ready access 

to electricity to charge the monitors. We find that the lower-cost, wearable sensor choice promoted more 
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inclusive community collaboration given the fewer technological knowledge barriers, as well as its ability 

to resolve high-resolution, mobility-influenced exposure disparities.17  

While most microenvironments were recorded within several blocks of the BNSF intermodal 

facility, there was still a pattern of higher median exposures for lower household incomes, suggesting that 

additional exposure prevention interventions should be directed towards the lower income community 

members within the impacted area. Further, although home microenvironments posed the greatest chronic 

risk for higher PM2.5 exposures, elective time spent in non-home microenvironments also posed high 

exposure risks. Such non-home locations may be good candidates for continuous monitoring to protect 

sensitive populations (e.g., children and people with asthma). 

4.2 Indoor Analysis and Uncertainties 

Throughout this paper, raw PurpleAir PM2.5 data have been corrected using the Barkjohn et al., 

correction method for outdoor and indoor sensors.40 However, one limitation has emerged. First, the 

Barkjohn et al. correction was evaluated using outdoor PM2.5, which may differ in constituents and sources 

from indoor PM2.5. While some indoor PM2.5 originates from the outdoor through penetration, indoor PM2.5 

levels during high episodes are often generated by indoor activities such as cooking, cleaning, or consuming 

personal products.17,49 These differences in PM2.5 components can lead to deviations in PurpleAir readings 

that the Barkjohn et al. correction does not address. We also acknowledge that the correction may not be 

optimal for low-concentration environments due to the high limit of detection of PurpleAir.

The infiltration values of this study are significantly higher than those in the previous studies that 

rely on crowdsourced data or a test house. Stephens et al. used a mass balance, and the calculated 

penetration was 0.34 for a test house (UTest House, Austin, Texas, USA).19  Liang et al. used a similar 

approach and utilized the PurpleAir sensor network in California that monitored more than 1400 buildings 

to assess the impact of wildfire smoke on indoor air quality, and the derived average infiltration factor was 

0.45.27 The average infiltration factor in this study across the five homes is 0.55, which is relatively higher 
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compared to previous studies, indicating a more significant impact of ambient air quality on the indoor 

environments of this rail-impacted community. The infiltration factor strongly depends on home designs; 

homes with tight seals and air conditioning filters tend to have lower infiltration factors. Additionally, 

homeowner habits, such as opening windows for ventilation, can influence this factor. The houses in this 

study are relatively old, and some of them do not have central air conditioning, necessitating the opening 

of windows to increase air exchange during cooler summer nights. These conditions contribute to the higher 

infiltration factor observed in this study compared to the crowdsourced data and the test house. I/O ratio 

distribution modes were approximately 0.62 using crowdsourced information compared to modes near one 

in this study.27 The I/O ratios from crowdsourced data generally reflect a higher socioeconomic status 

population with high accessibility to indoor air quality monitoring. Further, population-based studies will 

likely not reflect the lived experiences of disproportionately impacted communities that have more limited 

access to indoor monitoring equipment. Compounding this limitation is the historical pattern of racial-

ethnic minority groups being most affected by poor ambient air quality.10,11,50  

The 98th percentile regression model implies 98th percentile concentrations are linearly correlated 

with the air exchange rate, filtration, and indoor emission frequency. Indoor PM2.5 concentrations can be 

regulated by increasing ventilation during indoor emission events or minimizing the air exchange rate when 

outdoor PM2.5 concentrations are high (during daytime peaks in fall/winter). We strongly recommend that 

impacted homes near the BNSF facility have adequate air filter to minimize penetration and indoor levels. 

We also recommend that open access fenceline monitoring data for the BNSF facility be made available 

for PM2.5, its species, criteria pollutants, and select hazardous pollutants given the current study’s findings 

and the historical environmental health challenges for downwind areas. We suggest that PurpleAir sensors 

be permanently installed in impacted homes near the BNSF facility (or any large industrial source) to 

continuously monitor home indoor air quality and provide real-time feedback for mitigating indoor 

pollution. For instance, occupants should increase filtration and ventilation during indoor emission events 

when ambient PM2.5 levels are low. We also support efforts to standardize indoor air quality.41 
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The uncertainties of estimated constants arose from the assumption that there were no emissions at 

the peaks (inflection points) and no penetration when indoor PM2.5 levels were high. Infiltration uncertainty 

is derived from omitting minor indoor emissions from consideration, causing a slight overestimation of 

infiltration factors. Despite these uncertainties, our analysis of household infiltration is critical for the 

protection of disproportionately impacted communities due to the influence of proximate outdoor sources 

on indoor PM2.5.39,51

During the deployment periods, the indoor 98th percentile for PurpleAir sensors ranged from 64 µg 

m-3 to 260 µg m-3, with the maximum PM2.5 concentrations well above 1000 µg m-3. According to Barkjohn 

et al., when the PM2.5 levels exceed 400 µg m-3, the bias of these low-cost sensors and the reference 

monitoring network becomes nonlinear.52 However, it is impractical to reproduce extremely high particle 

concentration levels during ambient co-location. Applying linear correction (Equation 1) for extreme high 

PM2.5 levels would not overcome this nonlinearity. Additionally, the infiltration factor is influenced by 

particle size and the conditions of the house. Very small and very large particles have the lowest penetration. 

Particles with a diameter ranging from 0.08 µm to 0.5 µm have the highest infiltration factors16.

APT and PurpleAir use laser particle counters from Plantower Technology, both experiencing the 

same limitations of low-cost sensors. These sensors are directly affected by particle diameters, the 

constituents of PM2.5, and meteorological conditions. PurpleAir tends to underestimate the PM2.5 

concentrations for particles with small diameters (0.3 µm – 0.5µm) but overestimate for larger diameters 

(0.5 µm – 1.5 µm).53 The measurements vary with different PM2.5 components. For instance, PurpleAir 

overestimates PM2.5 concentrations in smoky conditions, and they underestimate concentrations during dust 

events, leading to exposure underestimation in communities with high dust contributions.54

4.3 Recommendations for Future Studies

In future studies, the team will provide additional information to community collaborators on how 

to rank dynamic health status as there wasn’t clarity on the category definitions. This may have led to the 
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unexpected trends in good and fair well-being rankings. In ongoing work, the team seeks to understand the 

drivers of public action toward personal PM2.5 exposure protections.  Overall, the greatest strength of the 

study is the creation of resilience plans for community collaborators, supporting community data 

sovereignty and making efforts towards exposure reduction. This step is oftentimes missing in air pollution 

studies that seek to address the environmental injustices faced by historically impacted communities. Future 

efforts will mirror this study, where community collaborations will be centered in data collection and 

subsequent solution building. We add a disclaimer regarding the generalizability of the well-being findings 

given the sample size and unique community characteristics, but the methods employed here are 

transferrable to other case studies of near-source community impacts. Findings support ongoing efforts to 

reduce direct and indirect emissions from industrial sources that are near disparately impacted communities.
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