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1 Source apportionment of organic aerosol 1 

This work conducted the most advanced source apportionment analysis following a standardized protocol developed by Chen 2 

et al., (2022). In this study, to better identify the organic aerosol (OA) sources in Melpitz, positive matrix factorization (PMF) 3 

was applied on each separate season, following a standardized protocol developed by Chen et al., (2022). Since the 4 

measurements were taken between September 2016 and August 2017 (12 months), therefore dataset was split into four 5 

meteorological seasons (i.e., fall (September-November); winter (December-February); spring (March-May), and summer 6 

(June-August)). Details of the rolling PMF can be found in Chen et al., (2022). 7 

1.1 PMF pre-test 8 

First, to estimate the potential sources in different seasons, unconstrained PMF was applied with different factors (from 4 to 9 

6) runs on each season separately. Considering the residential heating during winter time, it was estimated to have the 10 

maximum coal combustion OA (CCOA) and biomass burning OA (BBOA) emissions in this season. Therefore, in order to 11 

identify and split the sources of solid fuels, the winter season was comprehensively analyzed. However, clear primary factor 12 

profiles did not result from unconstrained PMF during the winter season. Therefore, profiles of two primary factors as 13 

hydrocarbon-like OA (HOA) and BBOA were constrained by various a-values and applying the reference profiles by Crippa 14 

et. Al. (2013) and Ng et al. (2011a) for HOA and BBOA, respectively as suggested by Chen et al. (2021). After HOA and 15 

BBOA constraining, a third primary factor could be dedicated as well. This new primary factor presented signals which are 16 

common in CCOA profiles (e.g., signals from unsaturated hydrocarbons and polycyclic aromatic hydrocarbons (PAHs)). The 17 

bootstrap resampling strategy was applied to the input data matrix to check the reliability of the discovered CCOA factor 18 

(Davison and Hinkley, 1997). Three primary factors (HOA, BBOA, and resulted CCOA) were used to constrain the PMF 19 

solution. Finally, based on residual analysis, it was possible to determine the number of oxygenated OA (OOA). When the 20 

number of factors was increased to 6 or more, either the OOAs or the CCOA were split. As a result, throughout the 21 

measurements, the five-factor solution with three primary factors and two OOA factors was preferred. µg m-3 22 

PMF with the rolling window approach was performed based on these seasonal pre-tests. The following section describes the 23 

specific settings used in this study. Since this approach resulted in an immense number of single PMF solutions, it was 24 

necessary to identify and distinguish environmentally reasonable PMF solutions, by using properly selected user-defined 25 

criteria. The unconstrained factors were also identified and sorted using these criteria.  The particular details of the factors are 26 

discussed further below. 27 

The correlation of NOx with HOA factor is used as a HOA criterion since it is known as a typical tracer for traffic emissions. 28 

However, to determine if the difference in this correlation was considerable in comparison with the correlation of NOx with 29 

other factors, a t-test was performed that solutions with a p-value ≤ 0.05 were considered acceptable for all the criteria. For the 30 

BBOA factor, the explained variation of m/z 60 was selected as a criterion, since BBOA is typically composed of anhydrous 31 



2 

 

sugar fragments (e.g., levoglucosan fragments m/z 60 and 73). Moreover, the correlation of levoglucosan with BBOA was 32 

used as the second criterion for this factor. For the CCOA factor, unsaturated hydrocarbon and polycyclic aromatic 33 

hydrocarbon (PAH) signals at m/z 41, 51, 53, 55, 69, 77, 91, and 115 characterize coal combustion emissions (Dall'Osto et al., 34 

2013; Elser et al., 2016; Lin et al., 2017; Xu et al., 2020). Therefore, as a CCOA criterion, the explained variation of m/z 115 35 

was selected. Further, the R2 value of the time series of POA factors (HOA, BBOA, and CCOA) vs equivalent black carbon 36 

(eBC-PM1) was used for them as other criteria. The unconstrained OOA factors were split by less oxidized oxygenated OA 37 

(LO-OOA) and more oxidized oxygenated OA (MO-OOA). We used f44 for the MO-OOA as suggested by (Chen et al., 2021) 38 

which LO-OOA simply followed by f43. 39 

1.2 Rolling PMF 40 

Following the analysis of the seasonal PMF solutions (i.e., pre-test PMF), rolling PMF was carried out. The shift parameter 41 

(the number of days), the width of the window (the number of consecutive days), and the number of repetitions for each PMF 42 

window define the rolling PMF approach (Canonaco et al., 2021). Here, to detect source variation, the PMF window with a 43 

length of 14 days with a 1-day shift was applied as suggested by (Chen et al., 2021). To compare the four different PMF 44 

analyses, the same criteria and thresholds have been used. 45 

To investigate the statistical uncertainties of the rolling PMF, repeats per window are needed. However, statistical uncertainty 46 

could be evaluated by using the bootstrap strategy, which resamples the PMF input at random. When the factors are constrained 47 

by prior knowledge (i.e., reference profiles or external time series), a sensitivity analysis of the a-value must be done to 48 

investigate the rotational ambiguity. The a-values in this study were selected at random for each PMF repetition, ranging from 49 

0 to 0.4 for HOA and BBOA, and 0.5 for CCOA (∆a = 0.1 for all). Based on the criteria described above, 15165 solutions 50 

(42.36 %) of the overall 35800 single PMF runs were produced in the rolling PMF approach. All measured time points were 51 

modeled within the context of a rolling PMF. As presented in Fig. S1, no systematic errors were observed during the evaluation 52 

of the scaled residual over time and variables (m/z). The uncertainty is described as the logarithmic probability density function 53 

(pdf) of the standard deviation of each time point i divided by the mean mass concentration of each time point i. As time points 54 

with a low signal-to-noise ratio would pull the error calculations, the lognormal distribution was chosen to better represent the 55 

PMF errors. As shown in Fig. S2, the relative PMF errors are ± 32.5 %, ± 27.6 %, ± 28.9 %, ± 38.2 % and ± 24.4 % for HOA, 56 

BBOA, CCOA, LO-OOA and MO-OOA, respectively. 57 

 58 
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 59 

Fig. S1: Analysis of the scaled residuals for the total scaled residuals. 60 

 61 

 62 
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 63 
 64 

Fig. S2: PMF error estimation of the five resolved PMF factors represented as logarithmic probability density functions (pdf) of 65 
the standard deviations of each time point i divided by the mean mass concentration of each time point i. 66 

 67 

 68 
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 75 
Fig. S3: Seasonal NWR plots for the different chemical compositions (in µg m-3). PM1 is the average of all the compositions.  76 

 77 

 78 

Fig. S4: Seasonal diurnal cycle of Temperature, Sun radiation, Sulphur dioxide, Nitrogen Oxides, and Ozone.   79 

 80 

 81 

 82 
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Table. S1: PM1 seasonal mass fraction (%) of each ACSM species, and AMS study (Poulain et al, 2011). 83 

Species 
Fall Winter Summer 

ACSM AMS ACSM AMS ACSM AMS 

ACSM 

Org 50 32 39 23 58 59 

SO₄²- 16 17 15 18 20 22 

NO3
- 18 23 24 34 11 5 

NH₄⁺ 9 12 12 17 7 8 

Cl- 0 0 1 2 0 0 

MAAP 
eBC-

PM1 
6 10 9 6 4 6 

 84 

 85 
Table. S2: PM1 seasonal mass concentration (µg m-3) of Poulain et al, (2020), and average from the current study. 86 

Species Fall Winter Summer Spring Average the current study 

Org 3.83 4.58 4.41 4.28 4.27 4.84 
SO₄²-  1.53 1.86 1.37 1.41 1.54 1.67 
NO3-  2.24 3.79 0.90 3.07 2.50 2.16 
NH₄⁺  1.10 1.63 0.65 1.35 1.18 1.11 
Cl-  0.04 0.07 0.01 0.05 0.04 0.05 

eBC-PM1  0.69 1.22 0.30 0.56 0.69 0.66 
Tot 9.43 13.15 7.64 10.72 10.23 10.49 

 87 

 88 
Table. S3: Studies information: Current study, Crippa et al., 2014, van Pinxteren et al., 2016 and 2020. 89 

Information Current study Crippa et al., 2014 
van Pinxteren et al., 

2016 

van Pinxteren et al., 

2020 

Instrument ACSM AMS Berner-type cascade impactor 
Digitel DHA-80 high-

volume filter samplers 

PM size 1 µm 1 µm 
0.05, 0.14, 0.42, 1.2, 3.5, and 

10 µm 
10 µm 

PM type Organic Organic Total mass Total mass 

Data coverage 1 year (Sep 2016-Aug2017) 2 spring, 1 fall 
21 days per: 1 summer, 1 

winter 
1 year (Nov2018- Oct2019) 

Sources 

category  

HOA, BBOA, CCOA, LO-

OOA, MO-OOA 

HOA, BBOA, LO-OOA, 

MO-OOA 

Crustal material, Salt, 

Secondary I, II, 

Biomass combustion, Coal 

combustion 

Traffic, Tr. Exhaust, CCOA, 

BBOA, SA, Photochem, 

Cooking, Spores, Urban dust, 

Sea salt 

 90 

 91 
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 92 

 93 

Fig. S5: f44 vs. f43 for OOA factors (after subtraction of signals contributed by the primary HOA, BBOA, and CCOA factors as 94 
shown in Eq. (S1) and (S2)) in hourly resolution, colour coded by date. The triangle plot established by Ng et al., (2010), depicts the 95 

region where several PMF OOA from the last decade resided in the f44 vs f43 space 96 

 97 

                                                  𝑠𝑢𝑏𝑡𝑟𝑎𝑐𝑡𝑒𝑑 𝑓44 =
𝑚𝑎𝑠𝑠 𝑐𝑜𝑛𝑐.𝑜𝑓 𝑂𝑂𝐴 @ [𝑚 𝑧⁄ 44]

𝑚𝑎𝑠𝑠 𝑐𝑜𝑛𝑐.𝑜𝑓 𝑂𝑂𝐴+𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑜𝑓 𝑡𝑜𝑡𝑎𝑙 𝑂𝐴
                          (S1) 98 

     99 

                                                  𝑠𝑢𝑏𝑡𝑟𝑎𝑐𝑡𝑒𝑑 𝑓43 =
𝑚𝑎𝑠𝑠 𝑐𝑜𝑛𝑐.𝑜𝑓 𝑂𝑂𝐴 @ [𝑚 𝑧⁄ 43]

𝑚𝑎𝑠𝑠 𝑐𝑜𝑛𝑐.𝑜𝑓 𝑂𝑂𝐴+𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑜𝑓 𝑡𝑜𝑡𝑎𝑙 𝑂𝐴
                          (S2) 100 

 101 

 102 
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 103 
Fig. S6: Temperature (T) and relative humidity (RH) dependence variations of the mass loadings of two OOA fractions. 104 

 105 

 106 

 107 

 108 
Table. S4: Linear regression coefficient for mHOA, mBBOA, and mCCOA, defined as a, b, and c for HOA, BBOA, and CCOA; 109 

respectively. 110 
 111 

 112 

 113 

 114 

 115 

 116 

 117 

 118 

 119 

 120 

Factor Fall Winter Spring Summer 

a (HOA) 0.38 0.55 0.11 0.17 

 b (BBOA) 0.95 0.52 0.65 0.75 

c (CCOA) 0.32 0.46 0.35 0.09 
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 121 
Fig. S7: The diurnal variation of different eBC-PM1, a) mass fraction, b) mass concentration of the POA for different seasons. 122 

 123 
 124 

 125 
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 126 

Fig. S8: Time series of meteorological variables; a) hourly resolution of Temperature in red dots, Sun radiation in yellow line, b) 127 

daily resolution of Wind speed and c) hourly resolution of Relative Humidity (time is in UTC). 128 

 129 
Table. S5: Main statistical details of the fifteen air mass types for PM1 and PMF factors (CS=Cold Season, WS=Warm Season, 130 

ST=Stagnant, A=Anticyclonic, C=Cyclonic) based on mass concentration (µg m-3). 131 

 132 

Main season 
Airmass 

type 

Wind 

direction 
Vorticity 

Average mass concentration (µg/m3) 

eBC-

HOA 
eBC-

BBOA 

eBC-

CCOA 
NO3

- SO4
-2 NH4

+ Cl- HOA BBOA CCOA LO_OOA MO_OOA 

Winter 

CS-ST Stagnating Anticyclonic 0.06 

0.08 

0.04 

0.05 

0.01 

0.01 

0.62 

0.67 

0.24 

0.38 

0.07 

0.04 

0.91 

1.93 

0.31 

0.40 

0.06 

0.05 

5.38 

5.60 

3.86 

2.62 

1.16 

0.35 

3.33 

5.39 

1.83 

2.99 

0.78 

0.74 

2.78 

3.44 

1.89 

1.75 

0.58 

0.26 

0.14 

0.24 

0.13 

0.06 

0.03 

0.02 

0.35 

0.49 

0.25 

0.30 

0.07 

0.07 

0.97 

1.06 

0.38 

0.61 

0.11 

0.07 

1.89 

4.01 

0.65 

0.84 

0.13 

0.10 

2.73 

2.72 

1.77 

2.17 

0.30 

0.29 

2.73 

3.45 

1.97 

3.77 

0.72 

0.55 

CS-A1 East Anticyclonic 

CS-A2 West Anticyclonic 

CS-C1 South Cyclonic 

CS-C2a South West Cyclonic 

CS-C2b West Cyclonic 

Transition 

(Spring/ Fall) 

TS-A1 North East Anticyclonic 0.03 

0.02 

0.02 

0.01 

0.11 

0.09 

0.12 

0.07 

0.13 

0.08 

0.15 

0.08 

1.08 

1.54 

0.77 

1.35 

1.07 

1.05 

0.68 

0.90 

0.59 

0.73 

0.36 

0.68 

0.04 

0.03 

0.01 

0.06 

0.17 

0.11 

0.15 

0.09 

0.17 

0.15 

0.19 

0.12 

0.27 

0.18 

0.31 

0.18 

1.03 

0.60 

0.65 

0.50 

1.31 

1.23 

1.24 

0.84 

TS-A2 West Anticyclonic 

TS-C1 South West Cyclonic 

TS-C2 North West Cyclonic 

Summer 

WS-ST Stagnating Anticyclonic 0.04 

0.06 

0.03 

0.03 

0.01 

0.21 

0.32 

0.14 

0.16 

0.08 

0.17 

0.62 

0.21 

0.15 

0.07 

1.01 

3.20 

2.22 

1.63 

0.83 

1.88 

3.25 

1.63 

1.86 

1.20 

0.71 

1.96 

1.09 

0.90 

0.51 

0.01 

0.10 

0.04 

0.03 

0.02 

0.23 

0.34 

0.19 

0.17 

0.09 

0.34 

0.51 

0.23 

0.25 

0.13 

0.36 

1.28 

0.44 

0.32 

0.14 

1.10 

2.15 

1.13 

0.88 

0.37 

2.84 

3.11 

2.09 

2.00 

0.97 

WS-A1 South East Anticyclonic 

WS-A2 North West Anticyclonic 

WS-C1 West Cyclonic 

WS-C2 West Cyclonic 

 133 

 134 
 135 
 136 
 137 
 138 
 139 
 140 
 141 
 142 
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Table. S6: Main statistical details of the fifteen air mass types for PM1 PMF factors (CS=Cold Season, WS=Warm Season, 143 
ST=Stagnant, A=Anticyclonic, C=Cyclonic) based on contribution (%). 144 

 145 

Main season 
Airmass 

type 

Wind 

direction 
Vorticity 

Average mass contribution (%) 

eBC-

HOA 
eBC-

BBOA 

eBC-

CCOA 
NO3

- SO4
-2 NH4

+ Cl- HOA BBOA CCOA LO_OOA MO_OOA 

Winter 

CS-ST Stagnating Anticyclonic 0 

0 

0 

0 

0 

0 

3 

2 

2 

2 

2 

2 

4 

7 

2 

3 

2 

2 

25 

19 

29 

16 

28 

14 

15 

18 

14 

19 

19 

29 

13 

12 

14 

11 

14 

10 

1 

1 

1 

0 

1 

1 

2 

2 

2 

2 

2 

3 

4 

4 

3 

4 

3 

3 

9 

14 

5 

5 

3 

4 

12 

9 

13 

14 

8 

11 

12 

12 

15 

24 

18 

21 

CS-A1 East Anticyclonic 

CS-A2 West Anticyclonic 

CS-C1 South Cyclonic 

CS-C2a South West Cyclonic 

CS-C2b West Cyclonic 

Transition 

(Spring/ Fall) 

TS-A1 North East Anticyclonic 0 

0 

1 

0 

2 

2 

3 

2 

2 

1 

3 

2 

18 

26 

17 

27 

18 

18 

14 

18 

10 

13 

8 

14 

1 

1 

0 

1 

3 

2 

3 

2 

3 

3 

4 

3 

4 

3 

7 

4 

17 

10 

14 

10 

22 

21 

26 

17 

TS-A2 West Anticyclonic 

TS-C1 South West Cyclonic 

TS-C2 North West Cyclonic 

Summer 

WS-ST Stagnating Anticyclonic 1 

0 

0 

0 

0 

1 

2 

2 

0 

2 

2 

4 

2 

2 

2 

11 

19 

23 

19 

19 

21 

19 

17 

22 

27 

8 

11 

12 

11 

11 

0 

1 

1 

0 

1 

3 

2 

2 

2 

2 

4 

3 

2 

3 

3 

4 

8 

5 

4 

3 

12 

13 

12 

11 

8 

32 

18 

22 

24 

22 

WS-A1 South East Anticyclonic 

WS-A2 North West Anticyclonic 

WS-C1 West Cyclonic 

WS-C2 West Cyclonic 
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