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Motivation
● EMSL’s MONet project will require quick classification 

of atmospheric samples
● Climate sciences depends on accurate aerosol 

compositions for radiative balances
● Many aerosols seen in field campaigns have 

unidentified sources or have not been produced in 
chamber studies

● Machine learning has been used in other fields to 
classify aerosol types¹

Atmospheric Samples

 Applying Machine Learning to Determine the Biological Source of Atmospheric Aerosols

● Atmospheric samples previously processed using 
mass spectrometry

● Most likely chemical formula assigned using 
MFAssignR

● Only CHOS (Organosulfate) group analyzed
● Data manually assigned to groups using Surratt 

paper on chamber experiments²

● Figure 1 displays the source location and times of the 
samples used for model training and validation 

● Samples collected throughout the year to display 
both isoprene- and terpene-dominated environments

Models

Model Results

Figure 1. The site, 
collection period, and 
number of samples 
included in the SGP and 
TRACER sets. Samples 
were collected at day and 
night at both sites. The 
training set trained the 
models, and the testing 
sets were used to 
evaluate models by 
comparing predictions to 
true labels. 

Data Preprocessing

● Used Python scikit-learn library to train decision tree, random 
forest, gradient boost, and MLP classifier

● Default parameters used to initially train models on whether 
aerosols are isoprene-related, terpene-related, or unknown

● Figure 2 shows a schematic of the model prediction process
● Evaluation metrics such as accuracy and F1 score used to 

determine best performing model
● The top model’s hyperparameters were tuned using a grid 

search algorithm

Figure 3. A simplified view of model prediction. Input data in the form of 
specific quantities and chemical qualities of aerosols is used to predict if 
each aerosol is isoprene-related, terpene-related, or unknown (other).

Unidentified Aerosol Predictions
● Some previously unidentified aerosols were predicted by the gradient boost model as isoprene- or terpene-related
● Used linear regression to find correlations between the abundance of these aerosols and aerosols identified in the 

Surratt paper
● R² values greater than 0.7 regarded as possibly related and should be examined further
● Heatmaps below show R² values for linear regression between unknown and known aerosols

Unidentified Aerosol Predictions

Conclusions and Future Work
● Machine learning models can be used to identify biogenic source of atmospheric organosulfate aerosols effectively
○ Gradient boost was the best model overall

● Aerosols with strong correlations to known aerosols should be searched for in future atmospheric sampling
● The “other” class should be better defined through further chamber studies
● Long term plans should expand beyond classifying only organosulfates - this will require more chamber studies and 

atmospheric samples to train models
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Isoprene Terpene

Figure 6. Heatmaps showing R² values for isoprene (left) and terpene (right). Unidentified aerosols are on the vertical axis, and 
known aerosols are on the horizontal axis. R² values greater than 0.7 are uniformly yellow as they should be investigated further. 
Different known aerosols tend to occur in different environments/times of year, so correlation may not exist uniformly across all 
known aerosols.

Figure 2. Percent contribution of x-most abundant 
organosulfates to the total abundance. Used to determine the 
number of aerosols to label in each file for training.

Model

Isoprene Terpene Other

abundance exp_mass formula C H O

126426.673 215.0232 C5H12O7S 5 12 7

11454.984 213.0077 C5H10O7S 5 10 7

6570.33854 210.992 C5H8O7S 5 8 7

5430.45301 198.9918 C4H8O7S 4 8 7

5019.65581 197.0125 C5H10O6S 5 10 6
Predict Aerosol Origin

Input Data

Decision Tree Random Forest Gradient Boost MLP Classifier

Accuracy 0.96 0.97 0.96 0.52

F1 Scores by Class [0.98, 0.92, 0.97] [0.98, 0.92, 0.97] [0.95, 0.94, 0.97] [0.56, 0.16, 0.63]

Table 1. Model prediction evaluations for the 20 SGP test samples

Figure 4. Percent compositions for the two best-performing models compared to the 
true composition of the 20 SGP test samples

Table 2. Model prediction evaluations for the 10 TRACER samples
Decision Tree Random Forest Gradient Boost MLP Classifier

Accuracy 0.93 0.94 0.94 0.74

F1 Scores by Class [0.95, 0.88, 0.94] [0.96, 0.90, 0.92] [0.93, 0.92, 0.95] [0.59, 0.77, 0.79]

Figure 5. Percent compositions for the two best-performing models compared to the 
true composition of the 10 TRACER samples


