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Fig. S1 Mass closure analysis of the dataset. (a) Linear correlations between the filter anions
S04%, NOs™ and CI- and the corresponding ASCM inorganic species. (b) The NOs  and NH4*
concentration measured at mini-denuders and by ACSM; (c) and between the PM2.s and PM1o
fractions and NR-PM: defined as the sum of the total ACSM mass and the black carbon.

1 Black carbon measurement and source apportionment

The aethalometer (AE 31 model by Magee Scientific Inc.) measures eBC concentrations via the
transmission of light through a sample spot at multiple wavelengths (4 = 370, 470, 520, 590, 660,
880, and 950 nm). In this study, we installed a PM2.s cyclone and a Nafion dryer (Perma Pure MD)
in front of the sampling inlet that was shared by the AE31 and ACSM. The light absorption
coefficients bass were calculated by correcting the measured attenuation coefficients for the filter
loading effect (Weingartner et al., 2003). To convert optical absorption to the equivalent black
carbon mass concentration eBCrot in ug m= (Petzold et al., 2013), the absorption coefficient at a
given wavelength 4, bans(4) was divided by the corresponding aerosol mass absorption cross section

oabs(A) in m? g7t (Weingartner et al., 2003):

eBCrot = Dabs(1)/cans(4) (1)

with gans(470) = 22.9 m? g and abs(950) = 8.8 m? g%, as previously reported for Magadino

(Herich et al., 2011).

The light absorption coefficients of eBC measured at wavelengths 11 = 470 nm and A2 = 950 nm
were used to retrieve the relative contributions of traffic (eBC«) and wood burning (eBCwb) to the
total equivalent black carbon mass concentration eBCrwt (Herich et al., 2011; Sandradewi et al.,

2008; Zotter et al., 2017). The two-component model implies that at a given wavelength /1 the
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absorption coefficient babs is approximated by the sum of the absorption coefficients of eBC
emitted from traffic exhaust bapstr and from wood burning babswb (EQ. (2)), which in turn depend

on A through Eg. (3) and Eq.(4):

babs(’D = babs,tr(ﬂ) + babs,tr(’D

babs,tr(/ll) _ /11

2

e s — (" %tr

babs,tr (AZ) (AZ (3)
babs,wb (/11) — (ﬁ) —awp
babs,wb (/12) /12 (4)

The Angstrom exponents for eBC from traffic a,,, = 0.9 and wood burning a,,, = 1.68 sources
were chosen in accordance with Zotter et al. (2017) suggested for the same sampling site,

Magadino.

Note that despite utilizing the aethalometer corrections proposed in (Weingartner et al., 2003), the
eBC data were not fully free of filter loading artefacts, as evidenced by a discontinuity in babs(1)
measurements on filter tape advancement. Since the filter loading effect is more pronounced at
shorter wavelengths due to higher attenuation (Drinovec et al., 2015; Weingartner et al., 2003),
bans measured at 470nm will have more intense signals. As a result, for winter days, when high
eBC loadings triggered more frequent filter advances, artificial peaks appeared in the time series
of apportioned eBCwb. However, when averaging data points for the eBC diurnal cycles that we
used to validate PMF solutions, transient peaks due to the filter loading artefacts had negligible

effects.
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2 Preparation for rolling PMF analysis

2.1 Seasonal PMF pre-tests

To understand the potential sources over different seasons in Magadino, PMF pre-tests were
conducted based on different seasons. It provides information about the potential number of factors
in different seasons, which is necessary prior to the rolling PMF analysis. In addition, the PMF
solutions from rolling PMF analysis tend to be more robust if the reference profiles used to
constrain are retrieved from seasonal PMF analysis. Thus, site-depended reference profiles are
necessary (at least for BBOA) to get more accurate estimations of OA sources. In this study, the
whole dataset was separated into five parts based on months (i.e., DJF represents winter season
during December, January, and February; MAM represents spring season during March, April,
and May, etc.). A preliminary “good” PMF solution (so-called base case) can be obtained for each

season by following the guideline from Crippa et al. (2014) provided.

2.2 Bootstrap seasonal PMF analysis

In order to get stable reference profiles, the bootstrap re-sampling technique was applied in this
study to test the stability of the base cases from seasonal PMF pre-tests. The bootstrap re-sampling
randomly chooses a subset of the original matrix and replicate some of the rows/columns to create
a new matrix with same-size (Efron, 1979). Given sufficient bootstrapped runs (>100) can provide

the statistical uncertainty of the PMF solutions.

First, the primary factor profiles (hydrocarbon-like OA factor (HOA), BBOA) were retrieved from
preliminary tests during seasonal PMF runs, while an additional local factor (LOA) was obtained
in summer, then 1000 PMF runs were conducted for each season by constraining the POA factor
profiles using random a-values with a step of 0.1 and ranging from 0-0.5. We used same criterion

list as base case (as shown in Table S1) and a novel technique, t-test (Section 2.3) to define “good”

5
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PMF runs. Then, from the averaged bootstrapped PMF solutions Fig. S6, the reference profiles

can be obtained for rolling PMF analysis.

2.3 Define “good” PMF runs

The conventional PMF analysis is subjective on how to define “good” (environmentally
reasonable) PMF runs. In this study, we tried to use the criteria-based approach to have a
guantitative analysis on all PMF runs as suggested by (Canonaco et al., 2020). However, it is still
subjective to decide the lower limit as the “good” PMF runs. Here, we used student t-test with the
null hypothesis of un-correlation between the two variables (R? of the time series of modelled
HOA vs. NOx). For typical criteria that are based on temporal information (e.g., explained variation
of m/z = 60 for BBOA), we tested for statistical significance compared to all other factors. In both
cases we applied a statistical significance level of p-value < 0.05. With the help of the student t-
test, we retrieved comparable results with the results obtained using the approach proposed by
Canonaco et al. (2020). More details of that method and comparison are in section 2.3.1. In general,
this novel approach helped us to define “good” solutions with minimum subjective judgements

when determining the thresholds.

2.3.1 Disadvantages of estimating season-dependent thresholds of selection criteria for rolling

PME results
Canonaco et al. (2020) proposed to define thresholds of criteria for the rolling PMF runs based on
the seasonal PMF analysis. For instance, for the criterion of the R2-Pearson between NOx vs HOA,
SoFi Pro can re-sample the time series of both BBOA factor (from averaged seasonal bootstrapped
solutions) and NOx by bootstrap. It then uses the re-sampled time series to conduct correlation
analysis, which provides systematic statistic metrics, including mean, median, minimum,
maximum, and 10"/90" percentile, probability distribution function, etc. Canonaco et al. (2020)

6
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proposes to use the 10" percentile as the lower limit of the criteria in the rolling PMF analysis.
This technique is useful because the re-sampled time series of the factors is relevant to the smaller
time window in the rolling PMF. However, it could also cause dilemma when the thresholds are
too strict to allow sufficient data coverage in the end. As shown in Fig. S2(a), the 10" percentile
(R?=0.438) caused high rejecting rate for majority of data points in fall 2013. This is potentially
due to the resampling size during bootstrap of criteria is not small enough. Therefore, this
technique will miss lots of data points in the model, while the t-test technique would eventually

accept more data points as illustrated in Fig. S 2(b).

(@) [type of criterion: (b) type of criterion
Rpearson’s HOA vs. NOx Rpearsors HOA vs. NOx
10, percentile =0.438 p<=0.05
- Selected Points = p-values - Selected Points|
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Fig. S2 Score plot the criterion for the R? of HOA vs NOx in rolling PMF for fall, 2013.

2.4 Explained variation (EV) of m/z = 60 by BBOA

The uncertainties of aethalometer model for eBC source apportionment are very high when mass
concentration of eBCwb is small (Harrison et al., 2013), which was the case in summer 2014. Thus,
the summer BBOA factor was poorly correlated with eBCwb. In this work, we used the variation
of m/z = 60 explained by BBOA to justify the summer solution, which is calculated using Eg. (5)

(Paatero, 2010):
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Paatero (2010) suggests that if a dominant ion in a specific factor, it should explain more than 30-

35% of variation of this measured variable. Canonaco et al. (2020) uses an EV of 0.25 at m/z=60

for BBOA as a threshold to select “good” runs for BBOA. In this study, we only selected PMF

runs with EV of m/z=60 for BBOA that were statistic significantly larger than those of other factors

by t-test with a p-value<0.05. In the end, the EVyq zpoa Values for selected PMF runs for both

seasonal and rolling results are all larger than 0.4.
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-



0.06 —

- fgo
- = ().3% (Cubison et al., 2011)
0.05 — .
0.04 — o o N g T B L
c
S
S 0.03-
©
=
0.02 —
0.01 —
0.00 4 T LR 5 o lashit  d i LR I
Rad I I I
2013-09-01 2013-11-01  2014-01-01 2014-03,0 U14-05-01 2014-07-01 2014-09-%
0.000 ~
2014-06-01 2014-06-21 2014-07-11 2014-07-31 2014-08-20
132
133 Fig. S4 Time series of the measured fraction of m/z = 60 (smooth the time series).

134



135
136
137
138

139
140

141

ug-m

+

(@) + m/z55vs. m/z57

1.6 —

1.4 —|

1.2+

sinoy
ng-m

1.6 —

(b) +

1.4 —

1.2+

1.0 —

+

m/z 55 vs. m/z 57

|- 01.10.2014
— 01.08.2014
|- 01.08 2014
- 01.07 2014
I 01.08.2014
- 01.05.2014
- 01.042014
|- 01.03.2014
— 01.02.2014
I 01.012014
I 01.12.2013
I 01.112013
I— 01.102013
- 01.09.2013

ajep

Fig. S5 Measured absolute mass concentration of m/z=55 vs m/z=57 with colour coded by hours
and date/time.
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Table S1 Criterion List for both seasonal and rolling PMF.

Criterion Type Threshold
1 HOA vs NOx Rzz,earson, normal time series p-value<0.05
2 HOA vs eBCyr RZearson, NOrmal time series p-value<0.05
3 EVe0BB0A Average, normal time series p-value<0.05
4 factor_4[44] Profiles, fraction, sorting criterion >0
5 factor_5[43] Profiles, fraction >0
143
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145 Fig. S7 Mass spectra for LO-OOA in June and July from rolling results
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4 Optimized time window size

We tested different time window size (1, 7, 14, and 28 days) and compared the solutions by
applying same thresholds for the same criteria. We found optimum window sizes for this dataset
is 14 days, with only 29 (0.15%) non-modelled points as shown in Fig. S10. The averaged Q/Qexp
for different time window sizes are similar, but the 14-day window solution still has the smallest
Q/Qexp (0.448). However, the Q/Qexp for all window sizes are smaller than one, it is likely due to
the high uncertainty from the measurement of ACSM (27/67 variables have S/N<2) and SoFi
simplifies the equation of Qexp to Nxm because nxm >> px(n+m) when measured points are
sufficiently large. Nevertheless, we selected and presented the 14-day window solution in this

manuscript with its significant smaller missing points in the model.
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Fig. S10 Missing time points and Q/Qexp vs rolling window size (numbers still need to be
updated)
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167  Fig. S11 The comparison between source apportionment results from offline AMS PM1o/PM2.5
168  samples and online ACSM
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