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* An equation that represents EC 1n terms of the most important peaks in ATOFMS output.

AGGREGATING THE DATA

Datasets are different granularities
 ATOFMS data collected as many as several times per second
« EC data collected on an hourly basis

CONCLUSIONS AND ONGOING WORK

We came up with several models that correlate quantities of different types of particles to
EC. The correlation coefficients that we were able to obtain are looking very promising.
Though the data is still being investigated, this suggests that we can 1n fact use the m/z
values provided by an ATOFMS to better understand quantitative EC data, to the point
where we can make accurate predictions about 1it. Carbon-4 (m/z -48) apppears to be an 1m-

Lasso Regression

 Reduces as many of the coefficients as possible to zero

e A parameter that we pick, called the “bound,” drives how many features are left

By reducing the amount of features that are used in the model, lasso 1solates the more
important elements
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* Adjust the peak scale for the size of the particle able to find that we can achieve significantly better results when we allow the model to take

e Leave-one-out cross validation used to determine prediction accuracy.

WOODSMOKE

e Particles containing woodsmoke obscure the general model for EC

e Solution is to make two models-one for low woodsmoke and one for high woodsmoke
| ‘ I e Separate particles into low and high woodsmoke based on the “angstrom coefficent”
7-02:33 9:75-03 4-07-35 4-14:57 * The data was difficult to cleanly separate into two pieces. ties of EC 1n the air.
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 EC values can be obtained from this quantity through the use of a conversion factor. Schauer and Dave Snyder from the University of Wisconsin - Madison. The original
o In general, this conversion factor is not consistent. version of the aggregation algorithm that we used (1n many different ways, modifying

*  We provide an example model of b prediction here. it to fit our purposes) was written by Leah Steinberg.

» Add together the peaks for each element of all the particles in each time bin
* Match the new aggregated ATOFMS data for each hour with the EC value for each hour

any of the m/z values 1nto account, as opposed to simply restricting 1t to m/z values that are
multiples of 12 (Carbon). Finally, with regards to the woodsmoke data, although 1t 1s diffi-
cult to accurately determine a cut-off point between high and low woodsmoke, we did
manage to find some high correlation coefficients when we generated models for certain
cutoff points. Since the models for each side of these cutoff points were very different, this
suggests that woodsmoke has an effect on what types of particles are used to predict quanti-
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