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INTRODUCTION DISCUSSION

e Cluster analysis may provide insight on the natural trends or clusters that occur and can help
differentiate noise from real measurements.

e Regression (expressing one variable in terms of another, and can be used for
prediction) is often confused with correlation (degree to which two variables vary
together).

e Most comparisons of two instrumental techniques use ordinary least squares (OLS)
regression—simple, but often incorrect.

o |In OLS, one variable needs to be "independent" and the other "dependent”.

e Concordance analysis and measures of association (correlation) are more robust

metrics of agreement for comparing two instrumental techniques.

e The current dataset has underlying variance due to sampling differences (e.g., geographical,
sampling mechanism)--thus, cluster analysis cannot be the only test for separating noise from
real measurements.

o Looking at collocated sites may remove underlying factors that influence clustering.

e Investigate metrics (CCC, T, r2) for whole set, and for individual clusters

—2 Do all metrics show strong agreement?
—2» What if only 2/3 metrics show strong agreement?
—>» With respect to instrumental conditions and other experimental factors, do the clusters make sense?

METHODOLOGY
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For each cluster, calculate statistical metrics: CCC, T, r2
| | . e Concordance analysis and non-parametric measures of association can be
Biometry, W.H. Freeman and Company, New York. e Use multiple statistical metrics for association and do not just rely on one.
e Lin (1989). A Concordance Correlation Coefficient to Evaluate Reproducibility. Biometrics. e For real world PM data, log scale is more insightful because of the complexity of

environmental data and uncertainties at lower concentrations.
e [t Is paramount to understand the measurement process and interpret the data
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