Data Mining Algorithm 001
From Users’ Tracking to PAG’s, Potential Affinity Groups Generation
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From Users’ Tracking Login
Source: Users’ Tracking Login Database: [ID’s; k,………, k, …….., k, k]

Where ID’s stands for a users identification section;

Where each k stands for a Thesaurus pair (k, s), keyword belonging to subject s;

The points between k’s stand for a series de instance parameters that tell us about how user is navigating.

As we are initially interested in monads, dyads, triads and n-ads of k’s, it world be advisable to code those k’s as numbers, let’s say from 000001 to 999999. Then each session string, simplified for computation purposes, will look like:

[324551, 101002, 000233, 112354]
for a session with 4 different   keywords
Triads

If we are for instance considering triads, there will be as many possible triads as combinations within each string namely:
324551 101002 000233 => 101002 000233 324551
324551 101002 112354 => 101002 112354 324551
101002 000233 112354 => 101002 000233 112354
We are not interested in the internal order within each triad, that is 

324551 101002 000233

324551 000233 101002

101002 324551 000233

101002 000233 324551

000233 324551 101002

000233 101002 324551

Represent for us the same “pattern of curiosity” 101002 000233 324551.  But as the order doesn’t the matter, for any triad we find within each session, we sort them by ascending order as an easy way to make matching with our Thesaurus of Triads, 3k - Thesaurus.  
We may imagine then nk - Thesaurus for monads, dyads, triads an son on, where we insert in ascending order any triad built by “de facto” by the user’s knowledge map interactions. When we find an existing triad we add 1 to that specific triad counter. When on the contrary, we get either to the end of the Thesaurus of Triads or to the end of the insertion stack (in this simplified example when over passing the 101002 index to enter into the next stack, for instance 145132 because keywords from 101003 to 14513 do not appeared yet as an outcome of the interactions, we make a new insertion and setting its corresponding counter to 1. 

All these nk - Thesaurus of n-ads will grow as time passes by until we decide to make a statistical analysis.  This process is shown in the figure below.
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Where we “conceptually” pass from the users’ tracking login to a database of series of k’s (pairs (k, s))for each session, without the instance parameters, and then to an n-ads database where each k’s series is expanded to all possible n-ads. For instance a series of 4 k’s expand to 4 monads k k k k, 6 dyads kk kk kk kk kk kk, and 3 triads, kkk kkk kkk.. 
Once updated the nk – Thesaurus and from time to time they must matched against the Users’ Tracking Login Database. As each nk-ad has its own statistical “weight”, measured by its counter we may have, from time to time, the Top n-ads. When these Top n-ads are matched against the Users’ Tracking Login Database, PAG’s Potential Affinity Groups could be suggested. In the figure below four APG’s of triads, one of dyads and one of tetrads are suggested. We believe that the most interesting groups will be the triads. Exceptionally we could expect dyads groups and more than 3k-ads groups. Each group consists of a set of users ID’s and details of its relative traffic.  
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