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In the European Union, standards have been established for placing sensors in different urban locations to measure all
air pollutants, including PM2.5. One problem is that in "hidden" areas not covered by official stations, there may be
elevated and persistent concentrations of PM2.5. Therefore, low-cost sensors (LCS) have become popular to assess
the presence of various pollutants in neighborhoods near high-traffic volume roads: population, educational institu-
tions, sports areas, or elderly care facilities, which are distant from fixed stations.

The aim of this study is to determine the real utility of low-cost sensors (LCS) PM2.5 concentration meters and its vali-
dation to establish if a threshold value is exceeded. The Airbeam, in all its versions (AB1, AB2, and AB3), uses light
scattering sensors to measure PM2.5 concentration and is not without accuracy problems.

Calibrating LCS for atmospheric contamination data can be done either in controlled laboratory environment, or field
setup with a sensor from the reference monitoring network; for indoor and outdoor environments; with networks or
isolated sensors. The calibration in authorized institutions is usually out of the question in citizen science, where fund-
ing is scarce. Besides, different techniques are applied for calibrating the accuracy and precision of the instruments.
For field validation by comparison with a sensor from the reference monitoring network, data frames of very different
lengths of data can be found, from hours to months. These techniques for ambient validation include, mainly, relative
humidity correction factor, regression models and machine learning. Previous validation works in AB sensors show no
significant deviations from laboratory or field setup validation form AB sensor. Most of the cited works agree in sev-
eral aspects: in general, the AB3 has good accuracy and precision, although moderate measure difference between
different devices may exist; the AB3 tends to underestimate the PM2.5 concentrations, especially for low concentra-
tions; and the accuracy of AB3 is less reliable for very high concentrations.

There is a need to ensure that "each LCS device" must be validated using accessible methods so that they can be
employed by so-called citizen science. This is especially important if the data they produce has significant implications
for public health decision-making, backed by scientific evidence. For that purpose, it could be enough to obtain, as a
result of the validation process, a threshold measure in the AB3 that ensures that the limit for health hazard PM2.5
concentration has been exceeded. Both goals (the accessible method for validation and the easily usable threshold as
a result) constitute the justification for this study.

From December 5, 2023, to January 20, 2024, an Airbeam3 (AB3) sensor was placed in downtown Madrid, at the
"Castellana" municipal fixed station of the Air Quality Surveillance Network of the Madrid City Council, which
measures PM2.5 using the Tapered Element Oscillating Microbalance method (TEOM) (Table S1). The distance
between the AB3 and the air inlet at the fixed station for PM2.5 measurement was one meter. Both are located 3.5
meters above ground. The station is placed near a 14-lane avenue with high traffic intensity, about 77,000 vehicles per
day.

To analyze the relationship between AB3 values and government hourly data, an initial analysis was conducted,
obtaining the correlation coefficient between the hourly averages obtained from both instruments. All linear model
fitting calculations were performed using RStudio.

An empirical model was established between 10-minute averages from AB3 measurements, and 10-minute averages
obtained by government fixed station (TEOM). This involved a two-step process: first, studying the correlation and
differences between both records, and then determining eight adjustment models through a training model, which
were contrasted with the test set.

Based on this study, two models were established for subsequent observations. The first model (Model A) considers
temperature and relative humidity, as well as an intercept, allowing for precise adjustment. The second model (Model



B) is based solely on PM2.5 observations, with an intercept, establishing confidence intervals. This second model
allows for establishing minimum PM2.5 levels from future observations.

Using a different approach, to study the agreement between both datasets the Bland and Altman method was used,
which involves plotting the difference between AB3 and TEOM hourly measurements against their mean and
calculating the mean differences and their confidence intervals. To assess the validity of AB3, its ROC curve was
constructed for the TEOM 10 pg/m?3 threshold (political limit of European Union), and predictive values for AB3 at that
cutoff point were calculated using Stata v16.1 statistical software.

Several linear models were fitted using PM2.5 values from AB3 and official sources, along with temperature and
relative humidity values. In total, eight adjustment models were obtained: only with PM2.5 values; with temperature
and RH; only with temperature; only with relative humidity; all in versions with and without an intercept (linear term
containing the expected outcome when AB3 PM2.5 is zero).

Using the training set, adjustment coefficients, their standard errors, model residual standard error, multiple R-
squared, adjusted R-squared, F-statistic, and p-value were obtained for each model. Additionally, Pearson product-
moment correlation between official data and adjusted data was calculated using adjustment coefficients, resulting in
a correlation coefficient and a 95% confidence interval. After obtaining the model with the training set, the test set
was used to verify the quality of the fit. Residuals from the test set, determined as official PM2.5 minus adjusted
PM2.5, were also obtained. Additional tests were conducted on test set residuals to determine their normality
(Kolmogorov-Smirnov), and the mean, median, 1st quartile, 3rd quartile, minimum, and maximum from the residuals
were obtained.

The optimal model selection was based on all the aforementioned parameters and statistics (Table S2; Figure S1).
Models obtained with the training test show small differences between coefficients and their standard errors and
within Pearson correlations. However, F-statistic values were significantly different and show that the optimal model
was obtained with PM2.5, temperature, RH, and intercept (Model A). Model B only considers PM2.5 values and
intercept and was also selected because it showed a good performance and was much simpler (Table S3; Table S4).

In the Bland-Altman plot, the mean difference (average error margin) is -0.94. The plot shows the mean difference (-
0.94) as a solid line and the 95% ClI limits (-9.84 to 7.96) as dashed lines. However, the plot indicates that it is not
constant: at higher pollution values, the difference changes direction (tending to overestimate) and increases its
variation. Choosing a value of 20 as the mean of the two methods, the mean difference is -1.75 (95% ClI -7.97 to 4.47)
for values below 20 (Figure S2).

The use of neuronal networks was discarded, as these results as accurate enough for detecting harmful levels of
PMZ2.5, easy enough to be replicated in citizen science works and completely explicable without hidden layers of a
multilayer perceptron neuronal network.

The strength of this study lies in its potential value for citizen science in the field of pollution control, since it provides a
reliable threshold value for measures with the AB3-whose surpassing guarantees a health hazard, but also a simple
method (based on a regression model with just one independent variable) to compute that threshold for each AB3
device.

We have pointed out some deficiencies of LCS, which justify that there is a need to ensure that "each LCS device" must
be validated using accessible methods so that they can be employed by so-called "citizen science". This is especially
important if the obtained data can have significant implications for public health decision-making, backed by scientific
evidence.

CONCLUSION

Some low-cost sensors are useful for measuring small-sized particles (PM2.5), but their validity must be evaluated
against a gold standard. In this work, the validation of an AIRBEAM3 sensor, placed in a fixed government installation,
is carried out using regression models and Bland-Altman method. These methods are simple enough to be used in a
citizen science context. For the linear regression eight linear models were developed from a randomly selected training
set. These models were tested on the remaining data, used as test set. From them, two were identified as optimal: the
first one, multivariate, predicting PM2.5 from PM2.5, temperature, and relative humidity as measured by the
AIRBEAMS3; the second model, univariate, predicting PM2.5 only from PM2.5 measurements. Both models showed
similar Pearson correlation coefficients between observed and predicted values (0.9301 and 0.9245, respectively), with
similar 95% confidence intervals. Regarding the Bland-Altman method, the difference and variability between the



hourly data series were greater at higher pollution levels. Therefore, the analysis was repeated for average values
above and below the mean of both methods determinations (20 pug/m3), resulting in a difference of 2.56 (95%Cl -11.49
to 16.62) and -1.75 (95%Cl -7.97 to 4.47), respectively. This study thus stablishes that the probability that the
AIRBEAMS3 correctly identifies PM2.5 concentrations above 10 pg/m?3 (2024-European Union limit) is 96% (Table S5;
Figure S3); the probability of the sensor correctly identifying PM2.5 concentrations below 10 pug/m? is 86% (Table S6;
Table S7). Adjustment with the linear model strengthens the conclusions regarding the validity of AIRBEAM3
measurements as predictors of excessive PM2.5 levels.



Mean SD Min. 1st Qu Median 3rd Qu. Max.

AB3 PM2.5 1min 10.55 12.5118 0 1 6 16 103
TEOM PM2.5 10 min 11.47 10.3256 1 4 8 16 58
TEOM PM2.5 hourly 11.44 10.1694 1 4 8 16 55
mean

AB temperatura 56.91 5.8764 42 52 57 61 96
AB RH 57.15 11.8439 24 49 58 66 93

Table S1. A summary of raw data of AB one-minute PM2.5, temperature and relative humidity (RH) (%) and ten-
minutes mean and hourly mean from TEOM official data.

MIN 1Q Median Mean 3Q MAX Kolmogorov SD
Smirnov
Model A -38.9024  -2.2281 -0.1363 0.0621  1.9235 17.7847 0.072675 4.012651

p-value: < 2.2e-16

ModelB  -39.4722  -2.2734  -0.2410 0.1993  2.2249 19.2143 0.078143 4.134476
p-value: < 2.2e-16

Table S2. Comparison between residuals of the test set for models A and B: minimum value (Min), 1Q, Median, Mean,
3Q, maximum value (Max), Kolmogorov-Smirnov normality test and standard deviation.

Residual  Multiple Adjusted F. statistic Correl p-valor 95 % Pearson
standard R-squared R-squared Pearson confidence interval
error

ModelA 3.751on 0.8651 0.865 1.085e+040on  0.9300983 <2.2e-16 (0.9262903,0.9337164)
5075 DF 3 and 5075 DF

ModelB 3.8920on 0.8547 0.8546 2.986e+040on  0.9244817 <2.2e-16 (0.9203804, 0.9283797)
5077 DF 1 and 5077 DF

Table S3. Results of different statistics for the training set

Coef. Estimated Coef. Estimated Coef. RH Estimated Intercept  Estimated
PM2.5 Std Error Temp Std. Error Std Error Std Error
Model A 0.766299  0.004299 0.035027 0.009140 -0.084560 0.004498 6.201582  0.61625

Model B 0.767020  0.004439 ---- ---- ---- ---- 3.326358 0.071751

Table S4. Values of the adjustment coefficients of PM2.5, temperature (temp), relative humidity (RH) and intercept of
Models A and B, as well as their typical error.

AB3 PM2.5>10 pg/m*®  AB3 PM2.5 <10 pg/m? TOTAL
TEOM. PM2.5 >10 pg/m? 364 97 461
TEOM. PM2.5 <10 pg/m? 15 597 612
TOTAL 379 694 1.073

Table S5. Distribution of data according to their upper or lower value of PM2.5 10 ng/m3 for AB3 and the reference
station (TEOM).
Prevalence TEOM PM2.5 >10 ug/m3: 461/1073: 43%



Concept Frecuency 1C95%

Prevalence 43% 40% - 46%
Sensitivity 79% 74.9% - 82.6%
Specificity 97.5% 96% - 98.6%
Likelihood ratio (+) 32.2 19.5-53.2
Likelihood ratio (-) .216 .181-.258
Odds ratio 149 85.8 - 260
Positive predictive value 96% 93.6% - 97.8%
Negative predictive value 86% 83.2% - 88.5%

Table S6. Operational characteristics of the test under study (AB3)

Prevalence 20% 30% 43% 50% 60%

Positive predictive value 89% 93% 96% 97% 98%
Negative predictive value  95% 92% 86% 82% 76%

Table S7. Predictive values with different prevalences (Bayes theorem)

Values and confidence intervals are based on likelihood ratios, assuming that the prevalence is known exactly.
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FIGURE S1

DISPERSION OF CONCENTRATION DATA OF PM2.5
PM2.5: Small-sized particles with a diameter of 2.5 micrometers
TEOM: Tapered Element Oscillating Microbalance method.
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FIGURE S2
BLAND—ALTMAN CHART. Difference AB3-TEOM versus average with 95% limits of agreement. The solid lines are the
mean and the dotted lines are the limits. Measurements in average lower than 20 pg/m?3 in blue and measurements

higher in red.
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FIGURE S3

ROC curve of AB3 considering contamination TEOM values greater than or equal to 10 pg/m?3
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