Stratifying the Digital Divide:

Analysis of Socio-Economic Influences on Internet Performance

SCAN ME

Shivani Kalamadi !, Aditya Kumar Bej !, Sachin Kumar Singh !, Varshika Srinivasavaradhan 2,

Elizabeth Belding 2, Alexander Gamero-Garrido !

I University of California Davis, ° University of California Santa Barbara

UNIVERSITY OF CALIFORNIA

RQ1 - How are crowdsourced speed tests distributed
across regions, neighborhoods, and years?

RQ2 To what extent does population density confound
socio-economic predictors, and how does
stratifying by density change what matters?

RQ3 After controlling for density, which socio-economic
factors shape internet performance, and do they
differ across regions?
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