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- “virtual species” living on the Web
- Interacting with other species (activities)
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ldea(1-b) Automatic component analysis
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EcoWeb-Fit: full algorithm
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We answer the following questions...

Q1. Effectiveness
How successful is it in spotting patterns?

Q2. Accuracy
How well does it match the data?

Q3. Scalability

How does it scale in terms of computational time?
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(#3) Social media

Tumblr , Facebook , LinkedIn

Fitting result - RMSE=0.039536
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(#4) Apparel companies
Kohls , JCPenny , Nordstrom , Forever21
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(#5) Retail companies

Amazon , Walmart , Home Depot ,
BestBuy , Lowes , Costco
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Wall clock time vs. dataset size (years)
EcoWeb-Fit scales linearly, i.e., O(n)
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Forecasting future activities
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Forecasting future activities
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EcoWeb has the following advantages

v/ Effective EcoWeb
Finds important patterns

v/ Fully-automatic
No parameter tuning

v/ Scalable

It is linear £
v/ Practical
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