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S1. Potential Source Contribution Function

The PSCF values describe the conditional probability that the trajectories passing through the cells are the major
transporters of the pollutants detected at the receptor site (Ashbaugh, 1985). We used trajectory statistical (TrajStat)
software to compute the PSCF (Wang et al., 2009). The input meteorological fields were obtained from the Global
Data Assimilation System (GDAS). To compute PSCF, the region surrounding the tracking site was divided into
small grid cells (ij). The number of end points for the same cell having arrival times at the tracking site to BC
concentration higher than an arbitrarily set criterion was defined as mj;. The number of end points that fell in the
ijth cell was defined as n;;. PSCF was then calculated as the number of end points for the same cell having arrival
times at the sampling site to BC concentration higher than an arbitrarily set criterion divided by the number of

trajectory end points passing through the same ijth cell, mathematically expressed as;

mjj
i and j represent the latitude and longitude in the ijth cell, respectively. The average concentration of BC during
the sampling period was considered as the criterion value. There is, however more statistical stability for high
values of PSCF as compared to small values (Wang et al., 2009). In order to reduce the effect of smaller values,
PSCF values were hence multiplied by a weighted function w(n;) to better reflect the uncertainties in the grid

cells. PSCF was therefore described by weighted function as;
WPSCF;j = w(ng) X — (s4)
1]

The weighted function w(n;;) was defined as:

1.00  ny > 2ngee

0.70  ngye < njj < 2ngye
w(nij) § 0,42 0.5N4pe < Njj < Naye

0.05 nj < 0.5n4

(S5)



Nave IS the average endpoints per cell. In this study, high values of WPSCEF signified the high probability of the
source location of BC, while low values signified low probability of BC source location detected at the receptor
site. The above approach has been preferred by several studies to locate the potential source of various pollutants

35 in different environments (Bao et al., 2017; Zhu et al., 2017; Punsompong and Chantara. 2018; Ding et al., 2019;
Bilal et al., 2021).
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Figure S1. The map of Africa with the sub-divided regions represented by the dotted polygons (a) and the spatial
distribution of annual banned area due to forest fires and total annual burned areas based on Global Fire Emission
Database (GFEDS5) (b).
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Figure S2. Performance of the individual models based on Index of Agreement against MERRAZ reanalysis.



50  Table S1. Pairwise comparison of MERRA-2, bias-adjusted multi-model mean (MMM), and unadjusted MMM
based on ANOVA post-hoc analysis. A p-value < 0.05 indicates a statistically significant difference (rejection of

the null hypothesis), whereas p-value = 0.05 indicates no significant difference.

Comparison Mean difference p-values Reject

Bias- adjusted MMM vs Unadjusted MMM 0.06 0.008 True
Bias- adjusted MMM vs MERRAZ2 -0.02 0.256 False
Unadjusted MMM vs MERRA2 -0.09 0.000 True
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55 Figure S3. Seasonal spatial distribution of burned area across Africa for DJF, MAM, JJA and SON between 2000
and 2023 based on Global Fire Emission Database (GFEDS5).



60

65

70

0.20 North Africa 20 West Africa
M'E r=005p=048 r=0.85,p<0.05
2 0.16
g %
2012 L
g ? . e » gﬁn 5
Sos§----"""""° ? : Y- 9 %9
g ° »
2004

Central Africa

r=0.58,p<0.05

; : . , , 0.5 Ay
0 1 2 3 4 5 6 7 8 0 10000 20000 30000 40000 50000 0 100 200 300 400 500 600 700 800
09 East Africa 07 Southern Africa 028 Madagascar Island
@ 0.8] r=041,p<005 r=0.75, p<0.05 0.24] T=0-50,p<0.05
2 07 ° -
=" ° 0.20
g0 @ % 0.16
& -
£ 054 PP Y, 0 °- - :
g U 2 28 - —9
8 - &W 3 0.124
§ 0.4 -0'92. 9}0 a0 °
2 0.3 ? 2 20 9 0.08
0.2 ‘ ‘ 0.2 v . v y 0.04 ————————————
0 5000 10000 15000 20000 0 500 1000 1500 2000 2500 3000 0 20 40 60 80 100 120 140
Burned area (Km®) Bumed area (Ki’) Burned area (Km’)
Figure S4. The scatter plots showing relationship between BC and regional total burned area for all the selected
regions over the domain.
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Figure S5. Relationship between (a) North African BC concentration and Europe burned area and (b) the

corresponding monthly variation.
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Figure S6. Airmass trajectories arriving over the observation point (shown by red dot) at different altitude above

ground level (agl) between January and December of 2023.
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Figure S7. Seasonal distribution of (a), total annual rainfall and (b) atmospheric boundary layer height over
Africa.
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Figure S8. The spatial distribution of BC trends based on Sen’s slope and MK trend test between 1980 and 2023.
Black dots indicate trends are significant at 0.05 significance level.
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