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Visualizing the effects of Scale and

Geography in Multivariate Comparison

Sarah Goodwin, Jason Dykes and Aidan Slingsby - giCentre, City University London, UK

Var 1 = Average Annual Electricity Consumption (kWh)
Var 2 = Average Annual Gas Consumption (kWh)

The comparison of geographically varying phenomena is both position and scale hoSg e
dependent. We propose a framework to compare multivariate data across ‘
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their parameters to be explored. The statistical (top row) and geographical 3B Clobal Detols

(bottom row) visualization possibilities adapt as the number of variables (V)

and/or the number of local summary statistics (L) increase. An interactive

visualization prototype has been built to demonstrate the framework, with
aspects (1 - 8) highlighted. Matrices of scatterplots [1], correlation maps or color
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encoded statistical values (i.e correlation coefficient (CO and skewness) are
utilized to allow as many V as possible to be shown in one view:
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u u u u OAs). The sensitivities and complexities of varying SR are investigated through visualization:
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coefficient reveals correlations that are sensitive

. allows for the calculation of local summary statistics (macro or micro).
TYPEs are based on geographically weighted statistics [6].
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