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Fig. S1. Relative contribution of emission sectors to black carbon (BC), organic carbon (OC), 

and sulfur dioxide (SO2) in Kampala and Kinshasa from the DICE-Africa inventory for 2013.  

 



 
Figure S2. 2019 Annual mean MODIS Terra Deep Blue Angstrom Exponent over Central Africa. 

Red circles indicate approximate locations of Kinshasa/Brazzaville and Kampala.   

 

Supplemental methods:  

 

Random Forest 

 

We also used a Random Forest (RF) approach to develop a calibration model for both the 

raw daily-averaged and hourly-averaged PurpleAir PM2.5 data (Si et al., 2020.; Zimmerman et al., 

2018). The advantage of the random forest approach is that it can better capture any non-linear 

relationship between the explanatory variables and the target species than MLR. The model 

consists of a user determined number of decision trees, each constructed with a random 

bootstrapped sample from the training data set. Each tree begins with an origin node (a specific 

condition which stratifies the data) that is split into sub-nodes after evaluating the response against 

a random subset of explanatory variables. The number of explanatory variables evaluated at each 

node is called mtry and was set to one in this model. The algorithm then splits the tree using the 

explanatory variable found to be the strongest predictor of the response. Sub-nodes continue to be 



split until a terminal node is reached. The maximum number of sub-nodes and the minimum 

number of data points in each node are parameters that can be adjusted by the user to balance the 

accuracy and efficiency of the algorithm with the risk of overfitting the data set. In this model, the 

maximum number of sub-nodes was not restricted and the minimum number of data points per 

node was set to five. 

In this model 500 trees were constructed using hourly values of PurpleAir PM2.5 concentrations, 

temperature and relative humidity as explanatory variables. By using a large number of trees, each 

constructed with a different assortment of values, the random forest algorithm reduces the risk of 

overfitting. The higher the value of mtry, the greater the model accuracy against the training set and 

the greater the risk of overfitting. This is because as mtry increases, the number of variables tested 

at each node increases allowing for a more detailed evaluation. This, however, decreases the 

randomness of the model which is important when evaluating overfitting. We employ a 75%/25% 

training versus validation split as with the MLR.  This model was generated using the 

randomForest package in R. Using the Random Forest model to correct the raw daily PM2.5 data 

towards FEM standard using the BAM-1020 results in a reduction of mean absolute error to 5.8 

µg m-3 from 14.8 µg m-3 (see Table 1).  

 


