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CLUSTERANALYSIS VS. GRAPH-BASED MACHINE LEARNING:
The Battle Of The Strongest In Pattern Recognition
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Goals of the experiment:

Use two groups of unsupervised machine learning algorithms — and
—to reveal hidden patterns in an experimental clinical
study
pattern = a pronounced subgroup of patients with ‘similar’ in-study behavior

Perform a comprehensive comparison of the competing algorithms in terms of quality
of revealed patters (the battle)
battlefield = a graph representation of the data (topological model)
built by methods of

Improve quality of clustering algorithms by filtration based on community detection
(better together)

Use statistical analysis to compare our findings with the results of the original study
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Design of the study Data collected per visit

* 839 nicotine smokers Outcomes
e baseline + 6 visits

e /treatment groups
(depending on nicotine Demographics
contentin investigational Environmental and Social
cigarettes) Influences on Tobacco Use

Questionnaires — Predictors

* nicotine dependence, craving to
smoke, intention to quit and
nicotine withdrawal, depression
and stress, health, perception of
risk, other dependency

Physical measurements
Tobacco Use History
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Design of the experiment

767 by the end of cigarettes per day on ‘ graph and visualisation \

the 6-week study baseline and 6 visits

comparison
clusters : communities

¢ improvemen

significant predictors
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: assumption-free approach for data analysis based on
geometric properties of the dataset

Each noderepresentsone Two nodes are connected
subject if they are similar, within stratifying bins, in
terms of outcomes
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Each node on the graph corresponds to
7 weekly measures of cigarettes smoked per

day (CPD) by a subject

Two nodes are connected with an edge if the
corresponding subjects have similar smoking
behavior

Similarity is measured by a combined metric
based on correlation between CPD trends

and on their mean values

Colors of nodes reflect the deviation of the
CPD mean rate from the baseline

smoke less ===m smoke more
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Algorithms for pattern recognition

{ Clustering } { Community detection J

input: data + dissimilarity measure input: topological model of the data (graph)

clique percolation ]

Girvan—Newman]

Please download the paper to get more information on clustering and community detection algorithms
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Clustering and community detection results:
clique percolation
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k-medoids Clique percolation
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Clustering and community detection: results of the battle
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Please download the paper to get more information on the results of the battle 11



',i INTEGO GROUP Better together: improving quality of clustering
using community detection

* Remove outliers given by clique percolation as an input to k-medoids clustering (pre- or postfiltration)
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10 communities (patterns)
409 nodes belong to patterns
the biggest communities:
olive(227)and pink(56)
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Statistical analysis of percolation communities

TREATMENT

54 Olive community:
Significant difference in treatment
groups, which confirms results of
the original study

0 COMMUNITY ALL THE REST

New discovery: pink community

‘Cigarettes Purchase Task’ Questionary
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3 COMMUNITY ALL THE REST

Please download the paperto learn more about statistical findings
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Presentation takeaways:

* Two groups of pattern recognition techniques, namely clustering analysis and community detection
on graphs, were studied on an experimental dataset

— Most popular algorithms in each category were selected for comparison

* The underlying graph representation of data (the topological model) was built using Topological
Data Analysis

* Inwas confirmed that community detection algorithms on topological models can reveal statistically
significant and more clear patterns different from those revealed by clustering

— Clique percolation won the battle for the best method by the majority vote of 13 quality scores

* Pre-or postfiltration made by clique percolation can improve the clustering

Please to get more information about the design of the experiment and more findings discovered
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THANK YOU

Intego Group, LLC
2300 Maitland Center Pkwy, Ste. 240,
Maitland, FL 32751
Phone: +1 (407) 512-1006
www.intego-group.com/tcdm



http://www.intego-group.com/tcdm
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