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In this work the performance and theoretical background behind two of the most commonly used receptor
modelling methods in aerosol science, principal components analysis (PCA) and positive matrix factor-
ization (PMF), as well as multivariate curve resolution by alternating least squares (MCR-ALS) and
weighted alternating least squares (MCR-WALS), are examined. The performance of the four methods was
initially evaluated under standard operational conditions, and modifications regarding data pre-treatment
were then included. The methods were applied using raw and scaled data, with and without uncertainty
estimations. Strong similarities were found among the sources identified by PMF and MCR-WALS
(weighted models), whereas discrepancies were obtained with MCR-ALS (unweighted model). Weighting
Source apportionment of input data by means of uncertainty estimates was found to be essential to obtain robust and accurate
Receptor modeling factor identification. The use of scaled (as opposed to raw) data highlighted the contribution of trace
PMF elements to the compositional profiles, which was key to the correct interpretation of the nature of the
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sources. Our results validate the performance of MCR-WALS for aerosol pollution studies.

© 2009 Elsevier Ltd. All rights reserved.

1. Introduction

In recent years, there has been an increased interest in the
application of chemometrics (Massart et al., 1997) to different
environmental research fields, ranging from water to air pollution
(Einax et al., 1997; Hopke, 1985). One aspect of the application of
chemometrics to environmental pollution research is often referred
to as source apportionment, receptor modelling and/or mixture
analysis discipline. Recent examples of such work can be found in
Europe (Jeanneau et al., 2008; Viana et al., 2008), the US (Ke et al.,
2007; Shrivastava et al., 2007) and Asia (Bi et al., 2007, Srivastava
and Jain, 2007). In the fields of pollution sciences (air or water),
source apportionment models aim to re-construct the emissions
from different sources of pollutants based on ambient data regis-
tered at monitoring sites (Lee et al., 2006).

In atmospheric sciences the most commonly used multivariate
data analysis methods are principal component analysis, PCA
(Jolliffe, 2002), singular value decomposition, SVD (Golub and Van
Loan, 1989), the UNMIX (Henry and Kim, 1990; Henry, 2003) and
positive matrix factorization, PMF (Paatero and Tapper, 1994),
which have already proven their reliability in a vast number of
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receptor modelling and source apportionment works (Salvador
et al., 2004; Ogulei et al., 2006; Song et al., 2006). Both the UNMIX
and PMF methods have been adopted by US EPA as robust methods
(i.e. accurate for different operating conditions) for air quality
management and can be freely downloaded from its web page
(http://www.epa.gov) In the present study we introduce the
application of the multivariate curve resolution alternating least
squares method, MCR-ALS (Tauler et al., 1995; Tauler, 1995; de Juan
and Tauler, 2003) to atmospheric pollution data. This method has
been already successfully used to solve different types of problems
(Tauler et al., 2004; Jaumot et al., 2006; Felipe-Sotelo et al., 2006;
Peré-Trepat et al, 2007). In addition, the recently proposed
extension of the basic MCR-ALS algorithm that includes uncertainty
information, multivariate curve resolution with weighted alter-
nating least squares, MCR-WALS (Wentzell et al., 2006) is also
considered. None of them, MCR-ALS nor MCR-WALS, have been
used previously for air pollution source apportionment studies.
Current research directions point towards the widespread use of
source apportionment data as input in health effects studies and
mitigation plans (Viana et al., 2008), and thus the data from different
studies must be comparable. Our study adds to recent inter-
comparison exercises (Song et al., 2006; Rizzo and Scheff, 2007) as it
presents the evaluation of the performances of four receptor
modelling methods, two of which (MCR-ALS, MCR-WALS) have been
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applied to aerosol science for the first time. This evaluation allowed us
not only to test the sensitivity of the different methods, but also to
analyse the theoretical causes for the differences obtained. Our results
aim to facilitate the interpretation of receptor modelling results, and
to encourage the understanding of the different outputs provided by
different receptor modelling methods, in order for researchers to be
able to apply the optimal method for each case study.

2. Methods

Four receptor modelling methods (PCA, PMF, MCR-ALS and
MCR-WALS) were applied to a single dataset containing PMyg
(atmospheric particulates with aerodynamic diameter <10 pm)
speciation from an urban background site under industrial influ-
ence in Northern Spain.

The following different situations were examined: (a) using raw
data; (b) using scaled data; (c) including or excluding estimated
uncertainties (PCA and MCR-ALS vs PMF and MCR-WALS); and (d)
including and excluding an offset in the multilinear regression
analysis. Consequently, the objectives of this paper are two-fold: (a)
to compare the overall performance of the different receptor
modelling methods under their usual conditions using raw data;
and (b) to compare the effects of modifying the operational
conditions of the methods.

2.1. Study area, analytical determinations and
uncertainty calculations

Details on the study area, previous source apportionment
analyses and specific details on PMyp sampling may be found in
Viana et al. (2006a). Analyses of chemical components were per-
formed according to the methodology described by Querol et al.
(2001) for a total of 87 valid PMyo samples. Concentration values
below the detection limit were substituted by half of the detection
limit as recommended in the literature (see Farnham et al., 2002).

In this work sample-specific or feature-specific uncertainties were
not experimentally available and they were estimated to be propor-
tional to estimated concentrations and also with a constant term
related to their limit of detection. When the value of a variable in
a sample is above its detection limit, the uncertainty of this value is
considered to be 10% of its value plus the detection limit value divided
by three (i.e. when x;; > LOD, s;; = 0.1 x x;; + LOD/3). On the other
hand, when the value of a variable is below or equal to its detection
limit, its uncertainty is estimated to be 20% its value plus its detection
limit divided by three (i.e. when x;; < LOD, s;; = 0.2 x x;; + LOD/3). The
uncertainties calculated using these formulas give values, which are
mostly determined by a high proportional value and a low constant
value. This produces a heterocedastic noise structure, which can be
handled properly by weighted schemes of PMF and MCR-WALS
procedures (see below). One of the reasons for the choice of this
calculation was the fact that the experimental data were obtained
using four different analytical techniques (ICP-AES, ICP-MS, FIA and
CHNS analysis), which resulted in different analytical uncertainties.
By using estimated uncertainties instead of sample-specific uncer-
tainties, this bias was reduced. The use of estimated uncertainties
instead of sample-specific uncertainties has been documented by Kim
and Hopke (2007).

With this noise structure, the average signal-to-noise ratio was
estimated to be approximately 8 (mean (S/N) = 7.7). This average is
calculated dividing each data value by its associated uncertainty,
and then averaging for all the values. Proportional noise is known
to produce a heterocedastic structure, with each estimation of s;; for
each x;; value being different and not constant, but of independent
nature and without correlation. Maximum likelihood estimations
of bilinear model parameters under uncorrelated heterocedastic

noise (Wentzell et al., 2006, 1997) should consider uncertainties s;;,
especially for those cases where uncertainties can be high. The
effect of introducing noise uncertainties during the data analysis
stage is discussed below.

2.2. Data analysis

The four methods used in this work (PCA, MCR-ALS, MCR-WALS
and PMF) are based on the same bilinear model, which is described by:

N

Xj = Y Sinfaj +ej (1)
n=1

X = GF' +E (2)

In Eq. (1), x;; refers to a particular experimental measurement of
concentration for species j (one of the analytes) in one particular
sample i (1 sampling day). Individual experimental measurements
are decomposed into the sum of N contributions or sources, each one
of which is described by the product of two factors, one (fy;) defining
the relative amount of the considered variable j in the source
composition (loading of this variable on the source) and another (gj,)
defining the relative contribution of this source in this sample, i
(score of the source on this sample). The sumis extendedton=1, ...,
N sources, leaving the measurement unexplained residual stored in
eji. Ideally e;; should contain only experimental error, but in practice
it may also contain small unknown and unmodelled contributions.
Eq. (2) describes the same model in a more compact way using
matrix algebra notation. The data matrix of measurements X is
decomposed into the product of two factor matrices, the loadings
matrix (FT) defining the chemical composition of the sources, and
the scores matrix (G) related to the contributions or distribution
of these sources into the different samples. The noise matrix E
contains the experimental error as well as unmodelled variance
sources not included in the N considered components. These vari-
ance sources can have large contributions in real data sets and they
are not expected to follow a normal distribution.

The first decision to consider in this type of analysis is the
number of components to include in the model, i.e. the number of
sources to consider in G and F' factor matrices. Our approach is
more practical than theoretical and it is based on two goals. First,
the selected number of sources should explain the major systematic
or deterministic variance (not the random or stochastic one) and,
second, that these sources should have interpretable composition
(loadings) and contribution (scores) profiles. Keeping this in mind,
tools like principal component analysis or singular value decom-
position already provide an estimation of the amount of variance
explained by a particular number of components and also what
amount of new variance is added when a new component is
considered. On the other hand, the detailed observation of the
loading and scores profiles, together with the knowledge of the
problem, allow the proposal of a particular model.

PCA performs the decomposition described by Egs. (1) and (2)
under the very specific constraints of factor orthogonality (G and FT),
normalization (only FT in PCA) and maximum explained variance for
successive extracted components. Under these constraints, PCA has
the favorable mathematical property of unique solutions, i.e. there is
only one possible solution. PCA is especially useful to investigate the
variance structure of a particular data set, i.e. how much data
variance can be explained by a particular number of components.
However there are two problems with the application of PCA in
environmental studies: (a) the interpretability of the sources; and
(b) noise propagation effects on PCA results. PCA solutions are in fact
an abstract mathematical linear combination of the true variance
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sources and may bear little resemblance to the true variance sources.
For instance, whereas PCA solutions have positive and negative score
and loading elements to achieve the orthogonality properties,
composition and distribution profiles of the true pollution sources
must be non-negative and are generally not orthogonal. Factor
rotations like varimax orthogonal rotation (Jolliffe, 2002) has been
proposed to improve factor interpretability, but it is in general
difficult to achieve this interpretability completely from only
abstract mathematical factor orthogonal rotations. It is therefore
more reasonable to look for solutions in agreement with more
natural constraints, such as non-negativity instead of orthogonality,
but the mathematical property of uniqueness is then lost. MCR and
PMF methods described below are based on the application of more
natural constraints like non-negativity.

Another problem, mentioned previously, is that the solutions
obtained by ordinary PCA or MCR-ALS are only optimal in case of
independent and identically distributed (iid) errors (Wentzell et al.,
1997). This assumption cannot be made in general and is not satisfied
by the example in this work, where relatively large uncertainties in
the measurements are assumed to be proportional to concentrations.
In these cases, alternative algorithmic least squares approaches to
calculate optimal solutions fulfilling maximum likelihood (ML)
assumptions (Wentzell et al., 1997, 2006) have been proposed. In this
work, this type of approach has been considered for the MCR-WALS
and PMF methods.

An additional aspect to consider in this discussion is the selec-
tion of a more convenient data pre-treatment strategy. Results of
the application of PCA will be presented for raw data, for scaled
variables (each variable value is divided by its standard deviation
over all samples or matrix rows) and for autoscaled variables
(variables are mean centered and scaled). In the PCA literature
(Jolliffe, 2002), the more common data pre-treatment is autoscal-
ing, which allows the assignment of equal weight to all variables
and removes their constant offsets. However, due to non-negativity
constraints and also to PMg source apportionment (see below),
autoscaling is not usually applied in MCR and PMF methods. For
MCR and PMF, results will be shown for raw and scaled data only. As
it was already stated in Section 2.1, data scaling will allow focusing
on the composition of the sources in lower concentration elements.

MCR-ALS and PMF both decompose the experimental data (Egs.
(1) and (2)) using non-negativity constraints instead of orthogo-
nality constraints. However, they differ in the algorithms used to
decompose the experimental data matrix and also (of minor
importance), in the normalization of loading and scores profiles. It
is not the purpose of this paper to make a detailed comparison of
these two algorithms, but to compare their results for the same
experimental data set. This comparison has not been performed
previously and we consider it of interest.

PMF was developed to cope with uncertainties and error propa-
gation problems and to achieve more statistically sound maximum
likelihood solutions (Paatero and Tapper, 1994) in the analysis of noisy
environmental (air pollution) data. From its initial development, error
estimates of the experimental measurements were necessarily
included in PMF. The residual error square sum to be minimized is
weighted accordingly. In contrast, MCR-ALS was initially developed
for spectroscopic data analysis of evolving mixtures of chemical
components (de Juan and Tauler, 2003). In most of the cases, spec-
troscopic measurements provide relatively precise measurements,
with low (typically 1-3% of the measured signal or lower) and fairly
uniform uncertainties. In these cases applications of MCR-ALS
without consideration experimental uncertainties have produced
good results (de Juan and Tauler, 2003). However, in the case of noisier
experimental data, as for the environmental data set analyzed in the
present work, this situation is more complex and should be recon-
sidered. This work compares the results obtained by the conventional

MCR-ALS method with those obtained by its counterpart, a new MCR-
WALS method, where uncertainty estimations are incorporated in
a weighted alternating least squares algorithm. In this new approach
a maximum likelihood total least squares solution, TLS (Van Huffel
and Vandewalle, 1991) is incorporated in place of the standard least
squares solution (see for more details Schuemans et al., 2005;
Wentzell et al., 2006). In both MCR-WALS and PMEF, the noise struc-
ture of the experimental data was considered to be heterocedastic,
where the different measured variables (concentrations of the
different chemical elements and compounds in the samples) were
considered to have different uncertainties (see uncertainties calcu-
lation in previous Section 2.1).

Another aspect to be considered in this work is the principle of
mass conservation, which can be assumed to be fulfilled for the
investigated data set. To achieve the source apportionment of the
total mass, the independent gravimetric measurement of total
sample masses in the form of PMyg (see experimental section) was
used. In PCA of autoscaled (mean centered) data, source appor-
tionment requires first eliminating the effect of mean-centering in
the scores. As a result of this method, the so-called absolute prin-
cipal component scores, APCS (Thurston and Spengler, 1985; Viana
et al., 2006b), are obtained, and a multilinear regression model
between them and the total daily PMy¢ mass is performed. For
MCR-ALS, MCR-WALS and PMF, such a source apportionment can
be performed directly using the resolved scores (either from scaled
or unscaled data, since this theoretically should not modify them
significantly). The mass balance equation to perform this multi-
linear regression can be written as in Eq. (3)

m=Gb (3)

where m (I, 1) is the column vector of PM1g mass measurements for
each sample (I samples in total), G (I, N) is the scores matrix
obtained in the resolution of the model (Eq. (2)) considering N
sources and using the different approaches (in the case of PCA,
instead of G, APCS are considered here) and b (N, 1) is the regression
vector giving optimal fit of PMyq for a given G considering the N
variance sources. Eq. (3) may include an offset term (as an addi-
tional element in regression vector b and a column of ones in the
scores matrix G) to account for constant apportions not provided by
the resolved components in Egs. (1) and (2).

The average mass contribution percentage of different sources
to the particulate matter can be estimated by the equation:

%aver = (1./mT>G diag(b)(100/1) (4)

In Eq. (4), %aver (1, N) is a vector that gives the average
percentage contribution of each source to the particulate matter, 1
(1,1)is arow vector of ones, m (I, 1) is a column vector of particulate
mass concentrations, G (I, N) is the matrix of source contributions,
b (N, 1) is the regression vector from Eq. (3), and I is the number of
samples. The Hadamard (element-wise) quotient is indicated by
“/” and “diag” is used to convert b into a diagonal matrix (N, N).

To evaluate the performance of the different methods and to
allow their comparison, the following magnitudes were defined:

1) Explained variances, either for individual components or for the
sum of all the considered components in a particular model:

[ J g2
R? = 100(1 _Zim1 216 ”),eu = Xij = Xij (5)

I
i Y %

where x;j is the experimental value in the data matrix and xj; is the
corresponding calculated value using a bilinear model based
method, like PCA, PMF or MCR-ALS.
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Table 1

R. Tauler et al. / Atmospheric Environment 43 (2009) 3989-3997

Percentage of explained variances R? by individual components (1-6), their sum (SUM) and when they are considered together in the model (ALL) (see Eq. (5)). In PCA and
VARIMAX (Vpnax) methods, loadings 1-6 are ordered according to the amount of explained variances. In MCR-ALS, MCR-WALS and PMF, loadings 1-6 are ordered according to
pairwise correlation coefficients found when score profiles are compared for unscaled and scaled data.

Method 1 2 3 4 5 6 ALL SUM
PCA raw 84.7 11.0 13 1.0 0.8 0.5 99.4 99.4
Vinax Taw 46.3 438 23 3.7 2.5 0.7 99.4 99.4
PCA scaled 72.8 6.2 3.7 2.6 2.2 1.8 89.2 89.2
Vmax scaled 234 21.0 19.2 119 8.5 4.7 89.2 89.2
PCA auto 29.7 16.5 9.9 6.3 59 4.8 73.2 73.2
Vimax auto 19.5 15.6 11.2 11.2 8.7 7.0 732 732
Method 1 (steel) 2 (crustal) 3 (marine) 4 (valley) 5 (traffic) 6 (pigment) ALL SUM
ALS 12.6 6.7 134 452 283 35.2 99.3 1414
WALS 14.7 25.4 10.9 50.0 134 8.7 87.6 123.2
PMF 14.2 28.2 124 439 13.8 10.1 85.6 122.6
ALSS 20.2 26.3 19.7 29.0 71 23.9 88.9 126.3
WALSS 21.7 28.5 14.0 20.6 12.5 15.3 82.1 112.7
PMFS 20.2 30.0 13.7 19.8 14.7 16.4 82.8 114.9

2) Pairwise correlation coefficients, r%, for the comparison of
loading and score profiles obtained by the different receptor
modelling methods:

T
2 X'y

— _ 6

(1[Il ©®

where in this case x and y are simply two profiles (loadings or
scores) from different methods to be compared. The correlation
coefficients serve two purposes. First, for MCR-ALS, MCR-WALS and
PMF, the components are not necessarily extracted in the same
order for each method, even when the same constraints and
number of components are used. Therefore, it is necessary to match
the components by examining the correlations of the loadings or
scores between the two methods. When comparing scaled vs
unscaled results, this comparison is generally done with scores,
which should be invariant with respect to column scaling. The
second purpose of the correlation coefficients is to evaluate the
similarities of the profiles extracted by two methods in the vali-
dation and interpretation of results.

Applications of the different methods compared here have been
described in previous publications, for PCA (Jolliffe, 2002; Thurston
and Spengler, 1985); for PMF (Paatero and Tapper, 1994; Lee et al.,
2006); for MCR-ALS (Tauler et al., 2004; Jaumot et al., 2006; Felipe-
Sotelo et al., 2006; Peré-Trepat et al., 2007), and for MCR-WALS
(Wentzell et al., 2006).

3. Results and discussion
3.1. Data description

In the original experiments, 63 variables (corresponding to
different species concentrations in pg m~> and ng m~3) were
measured for each of the samples, out of which, 34 were used in the
source apportionment analyses. The remaining variables were
excluded either because of their low signal-to-noise ratios (S/N < 2) or
because of the small number of measurements available (% >DL = 65%
of the samples or lower). A total number of 87 samples were finally
analyzed. Details about experimental data are given separately in the
Supporting Information section (see Supporting Information, Table S1
and Figs. S1 and S2). Some variables have more influence than the rest:
Ciotal (total carbon), Al,Os, Ca, K, Na, Mg, Fe, SO?{, NO3, NHj. In order
to give equal weight to all the investigated variables and to allow for
a better source identification, raw data were scaled to equal variance.
In this way, all variables showed a comparable range of variation and
contribute with the same weight to data analysis. Uncertainties for

scaled data were taken from previously evaluated uncertainties for
unscaled data and divided by the same standard deviations previously
obtained to scale the raw experimental data.

3.2. Model analysis

3.2.1. Model selection and performance

The selection of the optimal number of components (see
Supporting Information and Table S2) was carried out by singular
value decomposition, SVD, analysis (Golub and Van Loan, 1989).
In Table 1, the explained variances (Eq. (5)) for each component
(1, 2, 3, 4, 5 and 6) together with the explained variances for the
full model including all the components (ALL) and the sum of
the explained variances for the individual components (SUM) are
given. Since PCA and varimax components are orthogonal, the
two last columns, ALL and SUM, for these two methods are equal.
For PCA of data without any pre-treatment, most of the variance
(>95%) is concentrated in the first two components. Adding more
components up to six, the explained variance reaches 99.4%.
Varimax orthogonal rotation produces a more even distribution
of the variance in the two first components, with values of 46.3
and 43.8%. For scaled data also, a large part of the variance is
explained by the first two components (79%), and increasing up
to 89.2% for six components. Varimax rotation changes consid-
erably the amounts of variance distributed among the different
components, as expected. Finally for autoscaled data, the amount
of variance explained by six components is reduced to 73.2, and
the amount of explained variance among components changed in
a less pronounced way. Note that the first principal component of
autoscaled data explains only 29.7% of variance compared to 84.7
and 72.8% for raw and scaled data. These large differences should
be related to the effect of mean-centering, which eliminates
offset contributions for all the variables. In contrast, these offset

Table 2

Comparison of loading profiles obtained by different methods using pairwise
correlation coefficients, 1 (see Eq. (6)). For the loadings comparisons using raw data,
WALS loadings are taken as a reference. For the loadings comparisons using scaled
data, WALSS loadings are taken as a reference. Loadings 1-6 are ordered according to
pairwise correlation coefficients found when scores profiles are compared for
unscaled and scaled data.

Method 1 (steel) 2 (crustal) 3 (marine) 4 (valley) 5 (traffic) 6 (pigment)
ALS 0.6019 0.6595 0.9663 0.9905 0.8862 0.9667
WALS 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
PMF 0.9998 0.9994 0.9669 0.9976 0.9622 0.9966
ALSS 09394  0.9190 0.9515 0.9070 0.1949 0.9259
WALSS  1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
PMFS 0.9986 0.9991 0.9956 0.9406 0.9486 0.9976
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Fig. 1. Comparison of loading profiles in the analysis of scaled data obtained by MCR-ALS (blue line, ALS), PMF (green line with ‘0’ symbol) and MCR-WALS (red line with ).
Identification of components C1-C6 is given in the title of each subplot. X axes indicates variable number (each species is also identified in the plot by the corresponding chemical
symbol). Y axes are normalized to one (loadings were normalized to unit length). (For interpretation of the references to colour in this figure legend, the reader is referred to the web

version of this article.)
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contributions are mostly present in the first principal component
of (non-mean centered) raw and scaled data. Although in most
PCA studies it is recommend that experimental data are mean
centered to eliminate data offset constant contributions, for the
purposes of source profile resolution, identification (tracers) and
total mass (PMyp) source apportionment, it is easier to perform
the study directly with raw or scaled data (avoiding negative
values produced by mean-centering), and extend the analysis to
minor components carrying little variance. In terms of source
interpretation of major components, similar results can be ach-
ieved with both approaches (either mean-centering or not), but
in terms of source apportionment and resolution of the ‘true’
source profiles for minor components, it is generally better to
perform the analysis without mean-centering. For PCA and var-
imax methods, the components were ordered according the
amount of explained variances (orthogonal components).

Results for MCR-ALS, MCR-WALS and PMF for raw and scaled
data are also shown in Table 1 (ALSS, WALSS and PMES for scaled
data). To maintain consistency with the rest of the tables and figures
of this work, the ordering, correspondence and labelling of the
different components was performed according to the identifica-
tion of their loading and scores profiles (see below). Individual
explained variances (Eq. (5)) between MCR-WALS and PMF for the
different components shows a very good agreement. In contrast, for
MCR-ALS and weighted MCR-WALS, this agreement is only found
for some of the resolved components (1st, 3th and 4th), while for
others (2nd, 5rd and 6th) the explained variances were significantly
different. Another relevant aspect to comment on here is the
difference in the explained variances finally achieved for these two
approaches. Whereas MCR-ALS with six components explains 99.3%
of the data variance (similar to PCA for raw data), MCR-WALS
explains only 87.6% of the data variance. It is important to recognize
that this difference of approximately 12% between the two
approaches is not indicative of an inferior model for MCR-WALS,
which would be the conventional interpretation in the presence of
iid normal errors. The objective of MCR-WALS is not to explain the
largest amount of variance, but rather the largest amount of
meaningful variance. The difference shows clearly the tendency to
over-fit experimental data in unweighted ALS and PCA methods.
This tendency was also confirmed in simulation studies performed
at the same time as this work, but these results will not be discussed
in detail here. Depending on the noise structure, but especially in
the proportional error case, noise enters into the model parameters
easily ifitis not taken into account, as in ordinary PCA and MCR-ALS.
In these methods, eigenvectors are preferentially used to account
for random (high noise) variations in large signals rather than
important systematic (low noise) variations in small signals, so
important information can be lost. Another interesting aspect is the
comparison between the last two columns of Table 1, where
explained variances for the full model of six components (ALL) for
the different applied methods are compared with the sum of the
individual explained variances (SUM). The difference between
these two quantities gives a measure of the amount of overlap
(i.e. the extent of orthogonality) among the components for
a particular model. Whereas for PCA and varimax models there is no
variance overlap because the profiles of the different components
are orthogonal (ALL and SUM give the same number for PCA and
varimax results), in the case of ALS, the same difference grows up to
approximately 40%. The same happens for PMF and WALS results
which, for scaled data, have a variance overlap of approximately
30%. Resolved component profiles (see below) by MCR-ALS, MCR-
WALS and PMF are expected to overlap strongly. Orthogonality
(zero overlap) among source profiles is not normally encountered in
real world applications, which simply means that different sources
typically have some common patterns.

Table 3

Comparison of scores profiles obtained by different methods using pairwise corre-
lation coefficients, r* (see Eq. (6)). WALSS scores have been taken as a reference for
comparison in all cases (scaled and unscaled data).

Method 1 (steel) 2 (crustal) 3 (marine) 4 (valley) 5 (traffic) 6 (pigment)
ALS 04546  0.6369 0.9679 0.9259 0.6165 0.6078
WALS 1.0000 0.9999 0.9998 0.9998 0.9999 1.0000
PMF 09985  0.9878 0.9817 0.9779 0.9851 0.9989
ALSS 09548  0.9145 0.9581 0.9520 0.1851 0.9216
WALSS  1.0000  1.0000 1.0000 1.0000 1.0000 1.0000
PMFS 0.9986  0.9875 0.9819 0.9794 0.9860 0.9990

3.2.2. Including uncertainties in the analysis of raw and
scaled data. MCR-ALS vs MCR-WALS

This section examines the differences in the results obtained by
MCR-ALS when uncertainties are included (WALS) or not (ALS) in
the analysis of raw and scaled data. This analysis was carried out for
MCR, but the results obtained may be extrapolated to the other
methods (PMF and PCA).

In Table 2, a quantitative evaluation of the similarity among
loading profiles is performed from their pairwise correlation
coefficients (Eq. (6)). In this evaluation, due to scaling, this
comparison is performed separately for unscaled data (ALS vs
WALS) and scaled data (ALSS vs WALSS). It is clear that for non-
scaled data, the similarities between loading profiles of the last four
components obtained either by ALS or WALS are high (2 > 0.89),
whereas larger differences are obtained for the first (r? = 0.60) and
second (r* = 0.66) components.

In Table 2, loadings 1-6 were ordered and identified according
to pairwise correlation coefficients found when score profiles were
compared for unscaled and scaled data (see below). In Fig. 1 and
Table 2, these profiles were identified as produced by different
possible sources based on their elemental composition. The shape
of the loading profiles for scaled data (Fig. 1) changes substantially
compared to the same profiles for raw data (Fig. S3 in Supple-
mentary Information section) because of the larger contribution of
the chemical elements at lower concentrations (see Supplementary
Information section, elements 12-34 in Table S1 and Fig. S3).

For scaled data, all the components (with the exception of
number 5, traffic, with a very low correlation ? = 0.18), the
agreement in the tracers between the two approaches is rather
good (correlation coefficients 2 in Table 2 are always larger than
0.90). By using scaled data, the presence of tracers with lower mass
contribution is much more evident and thus more informative,
resulting in the more precise identification of the emission sources.
Component 1 is identified as an industrial source (steel metallurgy),
with Fe, Mn, Zn and Cd as the main tracers. Component 2 is
a mineral source of crustal origin with relatively high contributions
of Ca, Al,03, Mg, K, Ti, Rb, Sr and Ba. Component 3 is a marine
source with high contributions of CI~ and Na, but also of NO3 and
Mg. Component 4 is a regional source originating from a nearby
valley (Viana et al., 2006a), with ammonium sulphate (SOz and
NHZ) and nitrate aerosols (NO3) as well as marine tracers (Na),
metals (V, Co) and crustal elements (Rb, Sr). This regional source
refers to the transport of pollutants on the regional-scale from the
coast towards the study area, by means of breeze circulations and
channelled through the Nervion river valley (see description of this
regional source in Viana et al., 2006a). Component 5 is somewhat
ambiguous and there is disagreement for some of the tracers. Its
composition changes depending on the selected method and also
when data were scaled or not. It has been finally assigned to a traffic
source due to the high loadings of Cita, Sn and Sb (well-known
traffic tracers, see Viana et al., 2008) confirmed by PMF and WALS,
see below. Component 6 was assigned to a pigment manufacture
industry since it gave high contributions for metals typically used in
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a pigment plant located in the area under study (Cr, Co, Mo, Cu).
Total carbon is always mixed in the different component loading
profiles (especially for unscaled data), which is a consequence of its
large presence in all samples (on average it accounted for around

a 23% of the total particulate matter mass). For non-scaled data,
only the first 11 major elements have large contributions to the
loading profiles (see Fig. S3, in the Supplementary Information
section).
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There is another important distinction that should be made
between MCR-ALS and MCR-WALS in this comparison. For MCR-
WALS, the results can be considered to be scale invariant. In other
words, the results of MCR-WALS for the unscaled and scaled data
are essentially identical except for the scaling that was applied. This
is not generally true for the ALS algorithm. This invariance for MCR-
WALS is expected, since the uncertainties scale with the data and
the objective function remains unchanged. This is an important
advantage for the WALS algorithm, since it means that the scaling
does not fundamentally affect the results, only their presentation. A
similar advantage is expected for PMF.

3.2.3. Comparison of MCR-WALS with PMF results for
raw and scaled data

In Fig. 1 loading profiles obtained by WALS and PMF are also
compared for scaled data. In Fig. S3 of the Supplementary Informa-
tion section, the same comparison is also given for unscaled data. In
both cases, the agreement between the loading profiles obtained by
the two methods was very good (for all components 2>0.94). The
main conclusion is that WALS and PMF produced essentially the
same results, with very little differences among them. The only
noticeable discrepancy is in the significant contribution of Sn in the
fourth component (valley) resolved by PMF, whereas this contribu-
tion was more important in the fifth component (traffic) resolved by
WALS (Fig. 1). From these results, it is also clear that scaling the data
allowed for a better identification of the tracers for each possible
source, and therefore allowed a better source identification. The fact
that the two methods, MCR-WALS and PMF, identified and resolved
the same sources corroborated the previous source identification
and also validated the performance of these two chemometric
methods based on completely different algorithm approaches.

In Table 3 the comparison among the scores obtained by the
different methods is shown. Correlation coefficients for PCA and
varimax score profiles are not given in this table since they were
obtained under completely different constraints and their shapes
are obviously totally different from those obtained by the other
three methods. For their visual comparison in Fig. S3, all score
profiles were renormalized. Similar to what was observed for the
comparison of loading profiles obtained by the different methods,
for both raw and scaled data, a better agreement was obtained
between score profiles obtained by WALS and PMF, and a worse
agreement was observed between score profiles obtained by
(unweighted) ALS compared to those obtained by WALS or PMF
(especially for component 5 “traffic” for scaled data). In general, the
agreement was better for scaled data than for unscaled data. Score
profiles obtained by ALS, WALS and PMF for scaled data are plotted
in Fig. 2. The agreement between WALS and PMF scores is very
good. Our main conclusion therefore is that the best approach was
working with scaled data and residual weighting using either WALS
or PMF. As mentioned previously, the correspondence among score
profiles measured using pairwise correlation coefficients was used
to order and identify correctly the components obtained using the
different methods, and especially to deduce what is the corre-
spondence among the components resolved using scaled and non-
scaled data. This correspondence cannot be performed directly
using the loading profiles since scaling changes their shapes
significantly (compare loadings of Fig. 1 for scaled data with load-
ings of Fig. S3 in the Supplementary section for unscaled data).
Another way to check for the correct correspondence among
components for scaled and non-scaled data is to perform the
inverse scaling operation for the scaled loadings and compare them
with the loadings obtained for raw unscaled data. When this is
done (results not shown), the component correspondence given in
tables and figures of this work is corroborated. It was also
confirmed that uncertainty weighting in WALS or PMF significantly

improved the recoveries of the unscaled profiles for reasons noted
earlier.

In the Supporting information section, comparison of results of
source apportionment for the total measured PM;p mass obtained
by linear regression is given. From this comparison it is concluded
that PMF and MCR-WALS give results very similar to each other also
for source apportionment. We concluded therefore that the most
reliable results were obtained when uncertainties weighting (MCR-
WALS and PMF) was considered. The good agreement between the
results obtained by these two methods confirmed and validated the
identification of the components and the assignation of the corre-
sponding contamination sources.
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