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SECTION S1: ADDITIONAL INFORMATION ON LAND-USE COVARIATES 

Land use covariates for all 15 fixed sites 

 

Figure S1: Expanded version of Figure 2 which shows land use covariates for all 15 sites. Sites 
are colored by general classification, and for each land use covariate sites are rank ordered. 
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Table S1: Description of characteristic land use covariates investigated in this study 

Label Definition 
All Vehicles Vehicle density on all roads (vehicles/day/m) in a 100 m circular buffer 

radius 
Commercial Commercial land use area (m2) in a 300 m circular buffer radius 
Diesel Annual average daily diesel traffic on nearest road (vehicles/day/m) 
Elevation Elevation above sea level in meters 
Industrial Industrial land use area (m2) in a 300 m circular buffer radius 
Population 
Density 

Number of people in a 100 m circular buffer radius 

Restaurants Number of restaurants in a 500 ft circular buffer radius 
Vacant Forest Vacant forest area (m2) in a 1000 m circular buffer radius 
 

SECTION S2: CAMPAIGN DATES, INSTRUMENTATION, AVERAGE 
CONCENTRATIONS 

Table S2: Instrument make, model, and time resolution at the central site on the Carnegie Mellon campus  

Measurement Make Model Time Resolution 
CO Teledyne T300U 1 min 
CO2 LICOR 820 1 s 
NO, NO2 2B Technologies 405 nm 1 min 
O3 Teledyne T400 1 min 
SO2 Teledyne T100A 1 min 

Black carbon 
ThermoFisher 
Scientific 

MAAP 5012 1 min 

PM2.5 
ThermoFisher 
Scientific 

TEOM1405 Hourly average 

PM2.5 Met One 
Neighborhood 
Monitor 

15 s  
(averaged to 15 min) 

CO, CO2, NO2, O3 
with low-cost sensor 

Sensevere (now 
SENSIT 
Technologies) 

RAMP 
15 s  
(averaged to 15 min) 

Particle number and 
size distribution, 10-
300 nm 

TSI 
SMPS (TSI DMA 
3081, TSI butanol 
CPC 3772)  

3.3 min per scan 

Volatile organic 
compounds (VOCs) 

SRI 
8610C Gas 
Chromatograph 

20 min integrated 
sample, 20 min 
analysis time (40 min 
total) 
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Table S3: Dates and sampling days for the stationary site sample and number of mobile sampling days 
within this period. 

Site name 
Distributed monitor 
operating dates 

Number of mobile sampling days 

Mt Washington 01/2017 - 05/2017 10 (Winter 10) 

Downtown #1 01/2017 - 05/2017 25 (Summer 6, Winter 19) 

Downtown #2 01/2017 - 05/2017 25 (Summer 6, Winter 19) 

Downtown #3 01/2017 - 05/2017 25 (Summer 6, Winter 19) 

Southside 01/2017 - 05/2017 16 (Summer 2, Winter 14) 

Hill District 08/2016 - 05/2017 19 (Summer 8, Winter 11) 

Strip District 08/2016 - 09/2016 18 (Summer 11, Winter 7) 

Lawrenceville 08/2016 - 05/2017 14 (Summer 11, Winter 3) 

Highland Park 08/2016 - 09/2016 12 (Summer 7, Winter 5) 

Aspinwall 08/2016 - 09/2016 9 (Summer 6, Winter 3) 

Oakland 08/2016 - 05/2017 47 (Summer 20, Winter 27) 

Chartiers Valley 08/2016 - 09/2016 4 (Summer 4) 

Fox Chapel 08/2016 - 09/2016 5 (Summer 3, Winter 2) 

Carnegie 08/2016 - 09/2016 5 (Summer 4, Winter 1) 

Beechview 08/2016 - 09/2016 5 (3 Summer, 2 Winter) 
 

Table S4: Average concentrations measured by the Oakland (Central Site) RAMP by season 

Averages 
Season CO (ppb) CO2 (ppm) NO2 (ppb) O3 (ppb)
Fall 276 445 11 19 
Summer 239 444 9 25 
Spring 196 433 11 27 
Winter 241 439 11 22 
 

Table S5: Median concentrations measured by the Oakland (Central Site) RAMP by season 

Medians 
Season CO (ppb) CO2 (ppm) NO2 (ppb) O3 (ppb)
Fall 183 434 10 18 
Summer 183 440 7 24 
Spring 184 430 9 28 
Winter 194 432 10 24 
 

Note that summer ozone is lower as the Summer campaigns occurred from August – September 
2016 (past peak ozone season in Pittsburgh, PA). 
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SECTION S3: QA/QC PROTOCOLS AND SENSOR CORRECTION DETAILS 

The calibration of the Sensevere (now owned by SENSIT Technologies) RAMP monitors is 
described in length in Zimmerman et al., (2018), but the approach and some of the results are 
summarized here. In Zimmerman et al. (2018), a random-forest (RF)-based machine learning 
algorithm was developed at the Carnegie Mellon Central Sampling Site (see Section S2) and 
validated using collocated reference-grade instrumentation (Table S2). Figure S2 shows the flow 
path for calibration model data collection and model fitting. The calibration study was conducted 
over a six-month period (August 2016 – February 2017) spanning multiple seasons and a wide 
range of meteorological conditions. During this period, RAMP monitors were intermittently 
deployed for air quality monitoring campaigns (such as those described in this manuscript), 
resulting in collocation periods ranging from 5.5 to 16 weeks (median 9 weeks). The 
performance of the calibration model was assessed using metrics such as mean absolute error, 
Pearson correlation coefficient, and coefficient of variation of mean absolute error (Table S6). 
We also compared the performance of the random forest models against traditional laboratory 
univariate linear models, multiple linear regression models (Figure S3), and EPA performance 
guidelines (Figure S4). 

Figure S2: Flow path for data collection and RF model fitting and testing from Zimmerman et al. (2018). 
From the collocation period, 2688 points were sub-selected as training (1A) data while the remaining data 
were used for model testing (1B). The training data were further divided into 5 cross-validation folds and 
each fold was used to tune and build an RF model. All five models were then combined in R to build one 
cumulative model and the predictive power of the model was assessed for the withheld testing data.  
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Table S6. Metrics used for comparing sensor data. M indicates a value measured by one of the sensors 
participating in the experiment and O indicates the observations from the reference measurements. 

Statistic Abbrev. Formula Characteristics 

Mean 
Absolute 
Error 

MAE MAE = 1n | − |  Indicates the average of the magnitude of the 
errors. 

 Sensitive to outliers.  

Coefficient 
of variation 
of Mean 
Absolute 
Error 

CvMAE 
MAE divided by average reference 

monitor concentration 
 Normalizes MAE to average concentration to 

provide an assessment of the significance of the 
MAE  

Pearson 
Correlation 
Coefficient 

r 
r = ∑ − −∑ − −  Measures the strength and the direction of a linear 

relationship between two variables. 

 

 

Figure S3: Performance of different calibration models against reference monitor testing data (data not 
included in model fitting).  Left: Pearson r correlation coefficient (higher = better, maximum of 1) of 
different calibration models ‘(LAB’, green; ‘MLR’, blue; ‘RF’, pink) versus reference monitor. Right: 
The CvMAE (coefficient of variation of the MAE; MAE normalized by average reference concentration, 
lower = better) for the three calibration methods. The box plots show the range across the 10-16 RAMPs 
(whiskers: 10th and 90th percentile, box edges: 25th and 75th percentile).  

The random-forest-calibrated testing data was further assessed using the US EPA Air Sensor 
Guidebook Precision and Bias estimators. The calculated precision and bias can be used to check 
whether your data is sufficiently accurate and precise for your objectives (e.g., regulatory 
measurement, eduction, hotspot identification etc.). 
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Precision:  

The precision estimator (CV) is the upper bound of the 90% confidence interval on the 
coefficient of variation.  

 = ∙ ∑ − ∑− ∙ −. ,  (S1)

Where n is the number of data points, . ,  is the 10th percentile of a chi-squared distribution 
with n-1 degrees of freedom, and di is equal to: 

 = − ∙ % (S2)

Bias: 

The bias estimator is the upper bound of the 95% confidence interval on the mean absolute value 
of the percent difference between the RAMPs and the reference monitor. 

 | | = + . , ∙ √  (S3)

Where t . ,  is the 95th quartile of a t-distibution with n-1 degrees of freedom and AB is the 
mean of the absolute values of the di’s. 

 = | | (S4)

 

And AS is the standard deviation of the absolute value of the di’s: 

 = ∙ ∑ | | − ∑ | |−  (S5)

 

After calculating the precision and bias estimates for the withheld testing data after applying the 
random forest calibration algorithm, it was found that the CO and O3 data met Tier III 
(supplemental monitoring) standards, and NO2 met the Tier II/IV personal exposure standards 
(Figure S4). We also compared a RAMP calibrated at the Carnegie Mellon Central Sampling 
Site to an independent set of regulatory grade monitors at the Allegheny County Health 
Department and found good performance (ACHD, Figure S5) with R2 exceeding 0.75 for CO, O3 
and NO2.  
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Figure S4: Precision (left) and bias (right) estimates of RAMP monitors calibrated using the RF models 
compared to the suggested performance goals by application as recommended in the EPA Air Sensor 
Guidebook. The precision estimator is the upper bound of the coefficient of variation (upper bound of the 
relative standard deviation, RSD). The box plots are the range of performance across the calibrated 
RAMP monitors (testing data only). The calibrated RAMP monitors meet the recommended error limits 
for exposure (Tier IV). 

 

Figure S5: Comparison of CO, NO2 and O3 hourly average concentrations measured by a co-located 
RAMP monitor and the reference monitors at the Allegheny County Health Department (ACHD). The 
RAMP monitor was first calibrated on the Carnegie Mellon campus prior to deployment.  
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Correction of PM2.5 Data Based on Relative Humidity and Hygroscopic Growth Factor – 
from Malings et al. (2019) 

As described in Malings et al. (2019), a method was developed to correct the readings of the 
low- cost Met-One Neighbourhood Particulate Monitor to better match those of the federal 
equivalent beta attenuation monitoring (BAM) instruments. First, the hygroscopic growth factor 
is the ratio of  PM  at  a  given humidity and temperature to that at 22 ºC and 35% relative 
humidity (RH) (the conditions at which  regulatory data are reported), and was calculated as 
follows (Petters and Kreidenweis, 2007): 
 , = + ,− ,  (S6)

where: 

 , =  (S7)

κ  is the hygroscopicity of bulk aerosol; κ = ∑  where. 	  and  are the volume 

fraction hygroscopocity parameters of the  component comprising the particle. The 
hygroscopicity of bulk aerosol (κ ) was evaluated considering seasonal changes in particle 
composition observed in Pittsburgh; these were accounted for by dividing the year into summer 
(May to September inclusive), winter (November to March inclusive), and other periods (with 
the “other” period using an average of the summer and winter compositions). Within each period, 
it was assumed that the aerosol composition and size distribution were constant over time and 
throughout the urban area. Seasonal aerosol compositions in the Pittsburgh area were obtained 
from (Gu et al., 2018), and literature κ-values for  the  major  non-refractory  aerosol  
components sulfate, nitrate, ammonium, and organic matter were used (Petters and Kreidenweis, 
2007).  is the water activity parameter, estimated using Eq. (S7), where , , and  
represent the surface tension, molecular weight and density of water, respectively;  is the 
absolute temperature,  is the ideal gas constant,  is ambient relative humidity;  is the 

particle diameter, adopted as volume median diameter from long-term size distribution 
measurements using SMPS in Pittsburgh. Table S4 lists different parameter values used in 
hygroscopic growth factor calculation.  
 

Table S7. Parameters used in hygroscopic growth factor calculation (Malings et al., 2019) 

Parameter Value Unit Source 
 Summer Winter Other   

 0.15 0.15 0.15 - (Cerully et al., 2015) 

 0.5 0.5 0.5 - (Petters and Kreidenweis, 2007) 

 0.6 0.6 0.6 - (Petters and Kreidenweis, 2007) 

 0.5 0.5 0.5 - (Petters and Kreidenweis, 2007) 
 0.64 0.41 0.53 - (Gu et al., 2018) 



10 
 

 0.24 0.16 0.20 - (Gu et al., 2018) 
 0.04 0.29 0.165 - (Gu et al., 2018) 
 0.08 0.15 0.115 - (Gu et al., 2018) κ  0.26 0.34 0.30 -  

 0.072 0.072 0.072 N/m  
 0.018 0.018 0.018 kg/mol  
 1000 1000 1000 kg/m3  
 8.314 8.314 8.314 J/mol K  
 200 200 200 nm  

 
 

Correction of low-cost sensor readings using the hygroscopic growth factor alone was found to 
be insufficient (Malings et al., 2019), likely due to differences between the factory calibration  
aerosols  and ambient aerosol in Pittsburgh. Therefore, the hygroscopic growth correction was 
combined with an additional linear correction: 
 	 . = . , +  (S8)

 

The coefficients θ0 and θ1 were calculated using typical linear regression techniques, minimizing 
the error between the corrected sensor measurements and the collocated BAM instrument. These 
coefficients were estimated separately for the different periods (summer, winter, other) and are 
summarized in Table S5. 

Table S8. Empirical linear regression coefficients to correct the measured PM2.5 data after it is 
normalized by the growth factor calculated in equation S6. 

 θ0  (µg-m-3) θ1 

Summer 5.28 1.50 

Winter 2.03 1.50 

Other 1.68 1.76 

 
Fixed Site QAQC Protocol Summary including MAGIC CPC Adjustment based on 
colocation with reference CPC 

1) Apply validated random forest models from calibrations described in Zimmerman et al. (2018) 

2) Eliminate any CPC data with error codes, counts <100 #/cm3 or >1,000,000 #/cm3, which can 
occur during power cycling events (e.g., sudden power outage and reboot). 

3) Eliminate any PM2.5 data with error flags or PM2.5 concentrations > 600 µg/m3, which can 
occur during power cycling events (e.g., sudden power outage and reboot). 
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4) Correct for CPC undercounting based on linear regressions from collocations at CMU 
(sampling Dec. 2016 - Jan 2017). Slopes and intercepts used are below and agreement is shown 
in Figure S6. 

Table S9: Summary of linear regression slope, coefficient and R2 relative to TSI 3776 CPC 

Unit Slope Intercept R2 Notes 

MAGIC SN003 0.24 224 0.82 
Failed QAQC, not 
deployed. 

MAGIC SN004 0.61 -181 0.93  
MAGIC SN005 0.62 363 0.93  
MAGIC SN006 0.53 428 0.93  
MAGIC SN007 0.63 -262 0.93  
MAGIC SN008 0.60 128 0.97  
MAGIC SN009 0.56 0 0.95  
MAGIC SN010 0.80 -345 0.97  
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Figure S6: Agreement between reference TSI 3776 CPC and the MAGIC CPCs deployed at the fixed 
sites. MAGIC #3 was not deployed due to its poor agreement with the other MAGIC units and with the 
TSI unit.  
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