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MOTIVATION

METHODOLOGY

Classic ML: They are unable to capture
topological informations. Noise, features, and
dimensionality based problems need specific
approaches to be addressed.
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Step 2. Compute
Persistent Intervals.

Real Life Data
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METHODOLOGY DETAILS

Step 3: Three selection functions for persistent intervals were developed:

MaxInt(D) = argmax(life(d)), RandInt(D) = random(D),
deD

Avgint(D) = argmin(avg(life(d))), with D the persistent interval set, and
debD

life(d) = d|death| — d[birth]; d € D.

Step 4: To classify a simplex o € Cy;t,, We defined a propagating
label function W(o) = Ueprey) P(7). Finally o gets the most voted
label from its co-faces: f(o) = argmaxlEL(lTllZTELk(g)ﬂ(‘P(r == [))
with L the label set and 7 the indicator function which returns 0 or 1.

RESULTS
Decision boundaries from TDABC (TDA Based Classifier) and k-NN over Iris Confusion Matrices
Dataset.
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Comparison Results (a) TDABC-M. (b) TDABC-A.

Normalized confusion matrix MNormalized confusion matrix

1.0

Method |Acc | P | R | FPR | MSE | FL_

k-NN 097 0.92 0.89 0.04 0.10 0.91 o
TDABC-R 096 0.93 0.90 0.06 0.14 0.92
EE- - E - 0.4
TDABC-A 095 0.91 0.88 0.05 0.29 0.90 o |
TDABC-M 093 088 083 010 057  0.85
Acc: Accuracy FPR: False Positive Rate womes _vekobr o - el
P: Precision MSE: Mean Squared Error (c) TDABC-R. (d) k-NN.
R: Recall F1: F1 measure
CONCLUSIONS REFERENCES ACKNOWLEDGEMENTS

We create functions to label simplicial complexes and show how to
use them in practice.

Our method was better tan k-NN to classify non easily separated
classes.
Persistent Homology was determinant to reduce the complexity of

searching space, giving us a robust framework to understand data
shapes and use it for classification.

We use TDA directly for classification with a 96% accuracy.

1) Herbert Edelsbrunner and John Harer.
Computational Topology - an Introduction. Michigan,
USA: AMS, 2010. ISBN: 978-0-8218-4925-5.

2) Gunnar Carlson. "Topology and Data". In: Bulletin of
the AMS 46.2 (Jan. 2009), pp. 255-308.

3) Michael W Browne. "Cross-Validation Methods". In:

Journal of Mathematical Psychology 44.1 (2000),
pp. 108-132.

The authors thank to the National
Development of Chile (ANID)
DOCTORADO NACIONAL-21171978.

Research and
ANID 2018/BECA

ISubmitted to the Poster sesion of the Foundations of Computational Mathematics (FoCM) — Vancouver, Canada June 15 - June 24, 2020.

G

cbiomed

Centro de Biofisica Médica

2 INSTITUTO DE
NEUROCIENCIA
BIOMEDICA

ooooooooooooo

I -@ UNIVERSIDAD

—

e DE CHILE




