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Introduction
In 2019, Jay Pitocchelli, Ph.D. trekked across North America and collected temporal and

frequency-based data on bird songs characteristics of MacGillivray’s Warbler (Geothlypis tolmiei).
The query posed through his data was whether bird songs from different locations across North Generalized Linear Regression Equation Random Forest Machine Learning Algorithm
America held any geographical correlations, or in other words, exhibited any regional dialects or
“accents.” Satellite imagery via Landsat 8 was tied to the bird song data through ArcGIS Pro, with
each bird song location linked to a combination 7 bands. Each band is associated with a

Landsat 8

Dataset

geographical feature and thus a mixture of these bands would generate a different geographical

environment.

Bird Song Characteristic = Bo + B] (chd 1 ) + B2(Bqnd 2) eftc... Relationship between Peak C and Peak C (No Band 2 (Train + Predicted))

Generalized Linear Regression (GLR) and the Random Forest Machine Learning algorithm
determined if there was a geographic environmental influence on the frequency-based bird song
characteristics. The contrast between these two analyses presented a statistical inquiry through
GLR’s linearity and with the Random Forest’s artificial intelligence direction.
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The results of the GLR exhibited some correlation between
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