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Abstract

As well known, Particulate matter (PM) is an air pollutant that causes damage to the
health of humans, other animals, plants, affects the climate and is a potential cause of
annoyance through deposition on various surfaces. The perceived annoyance caused by
particulate matter is related mainly to the increase of settled dust in urban and
residential environments. PM can originate from many sources, i.e., paved and unpaved
roads, buildings, agricultural operations and wind erosion represent the largest
contributions beyond the relatively minor vehicular and industrial sources emissions.
The aim of this paper is to quantify the relationship between perceived annoyance and
particulate matter concentration and to estimate the relative risk (RR). The data was
collected in the Metropolitan Region of Vitoria (MRV), Brazilor this purpose, the
variables of interest were modelled using vector time series model (VAR), principal
component analysis (PCA), and logistic regression (LOG). The combination of these
techniques resulted in a hybrid model denoted as LOG-PCA-VAR which allows to
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estimate RR by handling multipollutant effects. This study shows that there is a strong
association between the perceived annoyance and different sizes of PM. The estimates
of RR indicate that an increase in air pollutant concentrations significantly contributes
in increasing the probability of being annoyed.

Key words: Annoyance, principal component analysis, logistigression, relative risk.

1- Introduction

Particulate matter, such as dust, dirt, soot, andke, are environmental stressors that
can cause annoyance, disturbance, stress and smpall-being (Colls, 2002; Cox,
2000; Dockery and Pope, 1994; Farfel et al., 2088xording to Nordin and Lidén
(2006), perceived annoyance can be considereccasaunity problem even if only a
small proportion of the population is annoyed oarsp occasions. The World Health
Organization (WHO, 1946) defines health as a sthteomplete physical, mental and
social well-being and not merely the absence @atis.

PM is formed by particles with different compositjdorm and sizes: ultrafine particles
(PMo 1) whose effects on human health are still poortydigtd, fine particles (PM)
that are housed in the terminal bronchiole, inHelgarticles (PMb) that penetrate the
respiratory system, total suspended particles (T®Rich are represented by all
particles suspended in the atmosphere (size raonge .005um to 10@um), and the
sediment particles matter (SPM) that result frorm sedimentation or deposition of
particles previously suspended in the atmospheitd, different sizes and origin, that
accumulate on the surfaces and cause annoyanaogatelelal., 1999).

The association between air pollutants and perdeaveoyance is the subject of interest
in several studies. Most of them, have consideegglession models to quantify this
relationship, for example, in the cases of odoBtar(es-Vidal, 2012), gases (Klaeboe
et al., 2000; Oglesht al. (2000a), and particles (Klaebeeal., 2003; Rotkoet al.
2002; Jacquemigt al., 2007; Llopet al., 2008; Klaeboe, 2008; Amundsetnal. 2008;
Nikolopoulouet al., 2011).

Klaeboeet al. (2000) have considered logistic regression toetate NQ concentration
and degrees of annoyance due to traffic, and theg found that people are more likely
to be annoyed when they are exposed to high autpmi levels. Oglesbyt al. (2000)
have applied a linear regression model to corredateyance and concentration levels
of NO, and PM,, and they have found significant correlations lestwthese variables.
Rotko et al. (2002) have compared exposures to,pMNnd NQ concentrations and
perceived annoyance using a linear regression madel they have observed a high
correlation between personal 48h-PMand 48h-NQ@ concentrations exposure and
perceived annoyance at home. Jacqueshah. (2007) have applied a linear regression,
and they have found a strong positive correlatietwben the PMs concentration and
perceived annoyance reported by people. Amundseasi. (2008) have quantified
exposure—response relationships between percemedyance and PN, PM,s and
NO, concentrations, and they have observed a signfficarrelation between these
variables. Nikolopoulowt al. (2011) have used a logistic regression modebteetate
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air quality perception of pedestrians and ;BlIiconcentration measured on sidewalks
close to streets, and they have found a positiveledion in this study.

Note that, the above-mentioned studies have apgietple linear regression and
logistic regression but have not considered a gysigr effect among pollutants and
perceived annoyance. As pointed out by Vanhathlal. (2016), Souza et al. (2018)
among others, this analysis becomes very resti@nd may lead to biased regression
estimates because air pollutants covariates arsiqaily and statistically correlated
phenomena. In addition, to estimate any multiptgession model without considering
the multi-collinearity, the parameter estimates read to a spurious model. One way
to mitigate the multi-collinearity problem is to @p principal component analysis
(PCA). However, as pointed out by Zamproghal. (2019), to use PCA technique the
variables have to be uncorrelated in time.

As well known, the air pollutants concentrationg &ame series and they can't be
assumed to be temporally uncorrelated. Thus, nieisessary to use the autocorrelation
(ACF) and partial autocorrelation (PACF) functioothe pollutants to identify the
existence of serial correlation, and to apply ateeéutoregressive Model (VAR) as a
filter to mitigate the temporal correlation in tbevariates.

In this context, this paper proposes a combinabiomultivariate statistical techniques
to investigate the joint effect of different sizek particulate matter to the perceived
annoyance. Thus, the combination of the statistaist LOG model, PCA and time
series analysis can lead to an estimate of théivelask of perceived annoyance by
handling multipollutant effects. The relative riskusually the parameter of interest to
measure the impact of the covariates, especiallyaih pollutants on the population
health (Zou, 2004). The proposed methodology tesala model called LOG-PCA-
VAR. To our knowledge, this is the first work whicises logistic regression with PCA
and multivariate time series models to quantify takationships between particulate
matter (PMo, TSP and SPM) and perceived annoyance to estithateelative risk
(RR), which is the ratio of the probability of amtoome in an exposed group to the
probability of an outcome in an unexposed groupthi air pollution problems, it is
usually to measure the impact of atmospheric penfitst on the health of the exposed
population see, for example, (Martin et al., 1987).

2- Material and methods
2.1. Metropolitan Region of Vitoria

The Metropolitan Region of Vitoria (MRV) is located the east coast of Brazil, in the
state of Espirito Santo (Figure 1). MRV is a depgmpulated region, with 1,500,000
inhabitants and it is a highly industrialized angbanding urban region with various air
pollutants emission sources such as steel, peafigtizmining, cement industries,
vehicles, road re-suspension, port and airportaifmers, and construction (Santisl.,
2017).

In the MRV area, there is an interest to investigéte impact caused by PM due to
population reports of being constantly annoyed (@amately 25% of the complaints
to environmental agency in 2008 are about air piol), specially by the amount of
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dust in surfaces (Souza, 2014; Metal., 2015). Recently, Machadaal. (2018) have
developed a survey where showed that, in the MRMenthan 90% of the respondents
have complained about perceived annoyance causételsir pollution and, the most
of these complaints were related to the amountsef oh their houses.

2.2. Theparticulate matter data

In the MRV area the weather conditions and theqaility are monitored via two

complementary sets of monitoring network staticmstomatic air quality monitoring

and the manual SPM monitoring. Figure 1 shows thp of the urbanized area divided
by municipality (Cariacica, Serra, Viana, Vila Vel Vitoria), the main roads, the
main industrial sources of PM (point red) and thee cuality monitoring stations

networks (blue points). They are: (M1) Laranjeirgsl2) Carapina, (M3) Jardim

Camburi, (M4) Enseada, (M5) Vitéria, (M6) Vila Velh(M7) Ibes, (M8) Cariacica.

The coverage areas are 1.5 km around of each aitygmonitoring station.

The monitoring station networks are managed by ldwal environmental agency
(IEMA) that measure automatically hourly concentrag of different pollutants,
specifically the PMp (particulate matter less than 10pg/m?) and TSRl(®uspend
particles). The SPM (sediment particulate matter®@ aneasured monthly only.
Therefore, for a coherence analysis, the maximumanmef PMy and TSP
concentrations were also monthly computed and umstge regression model.

The datasets used are the flow of monthly averadenent particulate matter (SPM) as
well as monthly maximum and average values of @algte matter (Ph) and total
suspended particle (TSP) from the eight air quatignitoring stations measured during
3 years (from July 11 to July 2014).

2.3. The Survey

Measurements of PM and perceived annoyance weferped monthly from July 11
to July 2014. Perceived annoyance was collectédansteps: face-to-face interview to
the first contact with respondent and monthly tetepe updates (panel survey). The
face-to-face interviews randomly selected surroongdl.5 km of each air-quality
monitoring station (Figure 1). On the face-to-faterview the respondent confirmed in
continuing the interviews in the following monthpatel survey) about perceived
annoyance (details in Machado, 2018).

The monthly panel survey questionnaire only inctuéi@o questions were applied to
220 respondents (over 16 years old) from July 1luly 2014. Telephone questions
aimed at monitoring the evolution of perceived aramze over time-related to PM in
the environment.

To quantify the perceived annoyance, categoricdlrarmerical scales were considered
and applied according to the context of the quaedfior example, Do you feel annoyed

by dust during this last month?” With the categorical answers optionot annoyed,
dlightly annoyed, moderate annoyed, very annoyed, extremely annoyed and “do not
know”. And a second question with a numerical scaléhdt is the score that
represents your perceived annoyance last month? from 1 to 10 points scales, where 1 is
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not annoyed and 10 is extremely annoyed.”). These questions were formulated based on
the following studies Rotket al. (2002), Klaeboe, (2008) and Amundstial. (2008).

From these questions, the average levels of p&deannoyance reported by all
respondents was calculated. The results were daiohinéd to be used as the dependent
variable in the logistic regression model discusse&ection 2.4. The cut-off sample
score of the perceived annoyance was the medjam®.,the scores levels of perceived
annoyance attributed high scores) was codified by 1 while the average levels of
annoyed reported low scores (<7) was codified asS@mnilar approach was used by
Rotkoet al. (2002), Egondet al. (2013) and Whittlest al. (2014).

2.4. Statistical Techniques

As previously mentioned, the main objective of thagper is to quantify the association
between perceived annoyance (response) and pdHufeavariates) variables using
data observed in the Metropolitan Region of VitdiiéRV). The response variable is
binary. Therefore, the logistic regression becothesappropriate regression method to
describe the association among variables. Howeeerthis statistic model, some
assumptions are required, and, among them, theiats&should be independent from
each other and independent of time. And, the alluf@ants do not follow these
assumptions. From this matter raised one of the roamtribution of this papers which
is to proposed a hybrid logistic regression mod€d@ VAR_PCA) to quantify the
association between the perceived annoyance ahdgrtlvariables using the data set
referred in the previous section.

Since the covariates (air pollutants) are timeeserithe use of time series models can
help to understand the dynamic of the data anditiaddlly, to give a more precise
statistical support in quantifying and discugsihe association between particulate
matter concentrations and perceived effects (Sdawetral., 2000, Gouveieet al.,
2004).

Multivariate techniques are also required for theppse of this paper as justified as
follows. To analyse the perceived annoyance caumegbarticulate matter a joint
analysis of sediment particulate matter (SPM), ipaldte matter (Plyp) and total
suspended particles (TSP) is required. In thisedntan analysis of the multivariate
data set will be performed without simply isolatihg effects of a single pollutant.

Since the covariates are time series and crosstated, the data requires a prior
treatment using principal component analysis, seaognoet al. (2019), Souzat al.
(2018) Vanhatalet al. (2016) and reference therein. Although the comptmebtained
from PCA are not correlated, they can also preasttdcorrelation, which is transferred
to the residuals of the fitted model. Thus, in thierk, data are filtered through a
multivariate time series model (the VAR model ,dee example, Wei (2006)) before
applying the PCA technique, as suggested by Sauah @€018) and Zamprogre al.
(2019). The models and techniques are summarizéhgkinext subsections.

2.4.1 The Logistic Regression model
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In many practical situations, the response variablke regression model is categorical,

for example, when the variable is binary, indicgtithe presence or absence of a
characteristic. Therefore, the logistic regressimdel becomes an important statistical

tool to measure and quantify the relationship betwgerceived annoyance and a set of
explanatory variables (particulate matter).

The logistic regression model and its parametamests are summarized. For more
details see, for example, Abraham and Ledolter @200

Let X = (X1,X», ..., X,)" be a vector containing explanatory variables. Suppose that
the response variable Y is dichotomic (binary)tteaY = 1 or Y = 0 for the outcome
to be success or failure, respectively. Let thebability of Y to have success or
failures, with respect t&, be defined asP(Y = 1|X) = n(X) andP(Y =0|X) =1 —
(X), respectively.

For the explanatory vectoX, with the parametevectorf = (BO,...,Bp)t, and the
response Y, the probability of success is paranzettias

eBotB1X1++BpXp (1)
1+eBotB1X1++BpXp®

P(Y=1)=n(X) =

Since this probability is a logistic function dhe vectorf = (BO, Bp)t, it can be
shown that the logit of the multiple logistic regg@®n model is given by

nX) \ _ (2)
In (1_n(x)) = Bo + BiXy + -+ B, X,

The parameteg;,i = 0, ..., p, are unknown and have to be estimated based onlesamp
data by the iteratively reweighted least squargwrageh. Let nowXy, ..., X, be a
sample of observations of the vector of covariaksand Y,..., Y, are the
corresponding response variables. It can be shbainthe vector parametfrcan be
estimated by

—~ 1 -1,
B=(PWP) PWZ, 3)

where the matri® is the matrix of regressors which has one in itts¢ ¢olumn for the
intercept parameter and is a diagonal matrix of dimensionx n with elements given
by #;(1 — #;),i = 1,...,n, whereft; have to be estimated using the maximum
likelihood method based on sample d&@t#s an x 1 matrix which elements are

Zi=In {f;n} + {ﬁi/(Ll_—jTlJ} (4)

It can be demonstrated that

var(B) = (PWP)™ )

Regarding to Equations (4) and (5) it is possiblédentify a problem that may occur:
the multicollinearity. The exact multicollinearibccurs when the matrix of covariates is
not a full rank matrix, i.e., when the maximal nwenlof linearly independent columns

6
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of P is less than the number of columns. Hence, dhterminant of the matrix
(P’WP)_lis 0 and the matrix is not invertible.

Al/\l 1
This problem can be seen by writi#g= WzW2 andL = WzP then

Var (B) = @'L)™. (6)

It can be shown thatank(L) = rank(P), whererank (.) denotes the operator which
counts the quantity of linear independent lineser&fore, ifP has not full rank or its
columns are very close to being linearly depen@aghly correlated), this will have an
effect on(L'L) ! matrix, thus, affecting the estimated parameteusk@pohl, 1991).

2.4.2  Principal Component Analysis

As well known, Principal Component Analysis (PCA) & multivariate statistical
technique that aims, in general, to reduce the dso@ality of a data matrix space
through linear transformations of the original eaies.

In this study, the PCA technique is used to circentithe problem of pollutants that are
correlated with each other, i.e., the multicollingaphenomenon. In general, the whole
variability of a system determined Ipyvariables can only be explained using all phe
principal components. However, a large part of #asability can be explained using a
lower number of components (r <p) see for example, Johnsoréictiern (2007).

As mentioned before, the use of PCA requires attemegarding the covariates that are
correlated in time (serial correlation) as it i thase of air pollutants. The time
correlation of the vectdX will lead to PCs auto-correlated and cross-coreelan time.
As pointed by Souzat al. (2018) and Zamprognet al. (2019), the effect of time
correlation in atmospheric pollutants strongly uigihces the estimates of the principal
components, increasing the total variability of tth&ta and increasing the retained
variability of the first component. This can be igatte using a multivariate time series
to filter the data, as suggested in Soetza. (2018) and Zamprogrei al. (2019).

In Equation (2), the vector X will be the PCA vdies generated from the sample
covariance matrix of the filtered pollutants usiagnultivariate autoregressive time
series model of order 1 ( VAR(1)) ( see, for exaamplVei (2006)).

This is addressed in the Result and discussioticBec More details of the use of PCA
in regression models can be recently found in Satizh (2018) Zamprognat al.
(2019), Hu and Tsay (2014) and Roberts and Maz94).

2.4.3 Relative Risk

The relative risk (RR) is frequently used in epid@oygical studies to measure the
impact of atmospheric pollutant concentrationstunhealth of the exposed population.
The RR can be defined as the association thatfact éhnnoyance) can occur following
a certain exposure to a risk factor, which corresigoto the exposure to particulate
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matter concentration levels in this study. Thetredarisk is used in data analysis with
binary outcomes (0 or 1) as in the case of annayaficcording to Bishop (2007) the

relative risk is the result of dividing the probigyiof the event (being annoyed when
expgsed — A|B) by the probability of the event figeannoyed when not exposed —
AlB™), i.e.:

P(A|B)

RR(4,B) = P(A|B°) @)

According to Baxter (1997), by analogy, the relatnsk function at levek of the
desired pollutant, denoted RR)(is defined as:

EY|X =x)

RRG) = 57X =0) (8)

It is the ratio of the expected value of the resgovariable at levet of the independent
variable to the expected of the response if thepeddent variable was 0.

In this context, for the logistic regression, ihdae shown that the RR can be estimated
by

RR(x.)) ~ eXiBi
RR(xl)~ex (9)

wherex; is the interquartile variation (3st quantile - gigtantile from Table 1) in the ith
pollutant concentration argj is represented by:

Bi= Sl 1=12.p (10)

whered; = (&;;) is thej-th estimated eigenvector of the covariates mgfrom Table
3); ¥; is the estimated coefficient of thheh PC calculated in the logistic regression

(from Table 4). Through the coefficiefit it is computed the individual contribution of
each pollutant to the perceived annoyance seextmmple, Souzet al. (2018).

1- Resultsand discussion

Table 1 presents the descriptive statistics (mimimmaximum, average and standard
deviation) of the pollutants monthly measured ia Yhtoria region from 2011 to 2014.
Note that, the maximum particulate matter concéiotra observed for PN and TSP
pollutants can be very dangerous for the healttesysince its values are above the
limits set by the World Health Organization (WH@0B). The maximum value for
SPM is also higher than the annoyance standarcesalansidered in many countries
see, for example, (Vallack and Shilitto, 1998; Metlal., 2018).
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In the standard regression model, the basic assumis that the covariates are not
correlated and not time-dependent. However, incdse studied here, the predicable
variables do not satisfy these properties, sineepibilutant variables are serially and
time dependent. As shown in Table 2, the pollutanéscontemporaneously correlated,
for example, the sample correlation between SPMoRS pspy py,, = 0.424. The
pollutants are time series, and their behavioues e are displayed in Figures 2 to 6.
These figures show the monthly data time serieseadh air pollutant (particles
deposition rate, monthly averages of gMnd TSP, monthly maximum averages of
PMy, and TSP) from July 2011 to October 2014. These display the sample
autocorrelation (ACF) and partial autocorrelati®ACF) functions which clearly show
that the pollutants are time-dependent. In the A@¢F Partial ACF plots (Figures 2-11),
the vertical axis measures the strength of theetadron and the horizontal axis is the
time lag at which the correlation was calculatéithe dashed lines represent the 95%
confidence intervals for uncorrelated data.

The sample ACF measures the dependence betweehgbevations of the same time

series at different delays, usually detonated g@s ila time series methods. Figures 7 to
11 show that the VAR (1) removed the time correlai From these, it appears that the
series have a very weak yearly seasonality. Howeveshould be noted that the

seasonal yearly effect (if any) may be reducedhgysmoothing of the monthly mean

average of the pollutants Ryand TSP.

Since the covariates do not meet the regressiar hasumption, one way to mitigate
the problem is to remove the time correlation @derorrelation) of the series. In this
context, it is suggested here to use a linear senges filter as a procedure to transform
the data into a “white noise” process. This problend how to mitigate it are well-
addressed in the recent publications Saaiza. (2018), Vahatalo and Kulahci (2016),
and Zamprognet al. (2019).

Based on the sample ACF plots, the residual arsalgad the Akaike information
criterion (AIC), which is an estimator of the r@@ quality of statistical models for a
given set of data, a Vector Autoregressive Mad@rder 1, denoted by VAR (1), was
chosen to model the vector of all pollutants tisexies (particles deposition rate,
monthly averages of PM and TSP, monthly maximum averages ofglsind TSP).
The sample ACF plots of the filtered data are @digptl in Figures 7 to 11. From these
plots, it can be seem that the time-correlatiothefseries was removed, and the filtered
data displays a similar behaviour of a white n@g®Eess, that is, the correlations of the
residuals are nulls. In addition, the residualsndd show any anomaly (results are
available upon request). Therefore, this indic#étas the VAR (1) model well-fitted the
data. For a more details of multivariate lineardiseries models see, for example, Wei
(2006).

Table 3 displays the results of the PCA techniqu#ied to the filtered series. The total
cumulative variance was used as a criterion forosimg the number of components
resulted by the PCA. Thus, the first three comptarere chosen, which explain 86%
of the total variability. In the PC1, the highemtwbutions come from TSP, PIMTSP.
In the case of PC2, SP gives most of the varighdlitd, for the PC3, P} gives the
highest contribution. The pollutants indicated By ére the ones that give more
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contributions to the variability of the PC. For raaletails on PCA and its application
see, for example, Cadima and Jolliffe, (1995).

In the multiple logistic regression model, the @sge variable (perceived annoyance)
was associated with the covariates PC1, PC2 andrBs€ifting in the hybrid LOG-
PCA-VAR fitted model and its parameter estimatesia Table 4.

The relative risk (RR) of annoyance results wengressed by the interquartile variation
range. The RR analysis was performed for diffetemels of pollutants concentrations
to test the null hypothesess:HRR =1 against H RR > 1, using significance level of
5%. Tor each pollutant, Table 5 displays the tesaf the estimates of RR and the
respectively confidence interval (Cl), for the stard and the proposed methodology,
that is,RR = refers to the estimated RR using the standardtiogegression, anfiR
corresponds to RR estimate based on the LOG-PCA-WRel. Note that, thBR *
was considered in the study for comparison purptisd, is, to quantify (if any) the
impact on the RR when the multivariate time sepesperties (multicollinearity and
time and cross-correlation structures) of the cates are ignored.

According to Table 5, the estimate of the RR foMSiAcreases approximately by a
factor of 1.5 considering the interquartile vaoatiequal to 2g/m2? 30 days whereas, for
PMjo (monthly mean),RR increases by a factor of 1.6 considering the intarije
variation equal to 5pug/ma. In the case of TSP (lgnnhean),RR can be interpreted as
a factor that increases 2.2 when exposed to thequiartile variation equal to 13 pg/m3.
For PMyo (monthly maximum) variableRR growths by a factor of 2.4 considering the
interquartile variation equal to 8 pg/m3 wherea&r the variable TSP (monthly
maximum), RR is equal to 1.8 considering the interquartile aton equal to 20 pg/m3.
The estimated confidence intervals were calculbtes®d on the central limit theorem as
showed by Souzet al. (2018). TheRR values indicate that, all pollutants contributes
significantly for the increase of the probability being annoyed with 95% of
confidence. It is interesting to note that the ealwfRR * was not significant in any
case. This is not a surprising result since thepteal correlation in data was not
considered in the regression model which lead tdertgstimating the regression
parameter and inflating the intercept. Consequettils gives a spurious result in the
sense that the pollutants don’t make any impac¢herperceived annoyance.

The proposed hybrid LOG-PCA-VAR model, in addittorthe estimation of the impact
of particulate  matter on the perceived annoyamdaich indicated significantly
contribution of the pollutant to this responseiafale, it contributed to showthe
spurious result when the temporal correlation $timgcin the data is not considered to
obtain the estimates of a logistic regression modhkis corroborates the use of the
proposed methodology when dealing with regressiodets in which the covariates are
multivariate time series and all results are inoagance with Souzet al. (2018).

2- Conclusion

This study proposes the application of multivariatatistical techniques (time series
models, principal component analysis and logiséigression) to estimate the effect

10



408
409

410
411
412
413
414
415

416
417
418
419
420
421
422

423
424
425
426
427
428
429
430
431
432

433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448

449
450
451
452

between exposure to particulate matter concentati®PM, PMy and TSP) and
response of the population measured by the pertaineoyance levels.

The descriptive and graphical analysis motivatedube of the PCA technique for the
air pollutant data by the initial indication of esscorrelation between the covariates
(pollutants). The VAR(1) model was used to transfdhe original time series of air
pollutants, resulting in time uncorrelated data ife/moise) before applying the PCA
technique. Based on these modelling steps, the \R(@iAbles becomes uncorrelated and
not cross-correlated.

The logistic regression model was applied withléwel of annoyance as the dependent
variable and the air pollutants as covariates. hge by the new methodology
developed in this study.OG-PCA-VAR), the combined effect of particulate matter was
analysed and the relative risk of annoyance forheagginal air pollutants was
calculated. The estimates of relative risk, iRR, showed that, in general, an increase
in air pollutant concentrations (i.e., the partatal matter metrics examined here: TSP,
PMj and SPM) significantly contributes in increasihg probability of being annoyed.

In summary, the results obtained in this study @®vevidence of a significant
correlation between particulate matter and perceamnoyance levels, also indicating
that, at least for particulate matter, perceivedogance is not only related to one
pollutant but to a group of pollutant. In future nkpthis methodology should be used to
analysis with other pollutants. Other methodologsesh as bootstrap techniques, could
also be used to estimate the confidence intervaise nprecisely, and GLARMA
modelling could be used to solve the data autotairoa problem.
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Table 1 — Descriptive statistio$ air pollutants (from July 2011 to November 2014)

. L . Std. 3st 90th
Variable Minimum  Maximum Mean Dev. quantile quantile percentile
SPM(g/m? 30 6.267 9.097 1.680 7.683 9.969  11.173
days)

PMyo (ug/m?3) 23.002 28.8182.962 26.670 31.575 32.590
TSP (ug/m3) 33.166 48.6657.808 42.705 55.899 58.830

Table 2 — Correlation matrix for the original vdnies (before time series analysis)

Variables Pivb TSP PMyo TSP
(mean) (mean) (maxim) (maxim)
SPM
PMyo(mean) 1
TSP (mean) 0.764 1
PMjo (maxim) 0.681° 0.654" 1
TSP (maxim) 0.701" 0.754 0.772° 1
**p-value=0,01
*p-value=0,05
Table 3- Results of factor loadings statistics apglication of PCA
PC1 PC2 PC3 PC4 PC5
Eigenvalue 2.576 1.071 0.681 0.396 0.276
Variability (%) 51.528 21.426  13.622 7.913 5.510
Cumulative % 51.528 72.955 86.577 94.490 100.000
0.267 0.733* -0.554 -0.269 -0.112
SP (monthly rate) 3
0.495* -0.257 -0.365 0.674 -0.319
PMjq (monthly mean) 3 3
0.400* -0.583 -0.318 -0.607 0.172
TSP (monthly mean) 8 3
. 0.492* 0.104 0.611* -0.254 -0.557
PMjq (monthly maxim)
0.531* 0.214 0.293 0.200 0.739

TSP (monthly maxim)

*High contributions



Table 4- Parameters estimated by the multiple tmgi®odel estimated for the first
three components

B Standard error Exp(B)
PC1 0.053 0.202 1.054
PC2 0.058 0.309 1.060
PC3 -0.245 0.390 0.783
Intercept 0.204 0.320 -

Table 5- The estimate RR of annoyance for eachutaoit and the respective interval
confidence

Pollutants RR * Cl (95%) RR Cl (95%)
(standard methodoloéy (LOG-PCA-VAR)

SPM 0.865 (0.582;1.283) 1.462 (1.070; 1.854)

PM;q (monthly mean) 0.819 (0.650; 1.031) 1.649 (1.061; 2.237)

TSP (monthly mean) 0.953 (0.875; 1.037) 2.181 (1.471; 2.891)

PMy; (monthly maxim) 0.977 (0.877; 1.088) 2411 (1.401; 3.421)

TSP (monthly maxim) 0.965 (0.918; 1.014) 1.822 (1.52; 3.052)
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Figure 3- Time series (a), autocorrelation function (b) and partial autocorrelation function (c) for monthly
mean concentration of PMyo from 2011 to 2014.
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Figure 5- Time series, autocorrelation function and partial autocorrelation function for monthly mean TSP
concentration from 2011 to 2014.
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Figure 6- Time series, autocorrelation function and partial autocorrelation function for monthly maximum
TSP concentration from 2011 to 2014.
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Figure 7 - Autocorrelation function (a) and partial autocorrelation function (b) for particles deposition rate
from 2011 to 2014 after filtering.
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Figure 8- Autocorrelation function (a) and partial autocorrelation function (b) for monthly mean concentration
of PM1ofrom 2011 to 2014 after filtering.
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Figure 9- Autocorrelation function (a) and partial autocorrelation function (b) for monthly maximum PMso
concentration from 2011 to 2014 after filtering.
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Figure 10- Autocorrelation function (a) and partial autocorrelation function (b) for monthly mean TSP
concentration from 2011 to 2014 after filtering.
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Figure 11- Autocorrelation function (a) and partial autocorrelation function (b) for monthly maximum TSP
concentration from 2011 to 2014 after filtering.



Particulate matter is an air pollutant that causes damage to the health of humans.

Association between air pollutants and annoyance is interest in many studies.

The combination of statistical tools is a new contribution in this methodology.

The relative risk (RR) is computed for all methods considered.

Even low particles deposition induces high levels of nuisance reported in Vitoria.
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