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Work
Context

Study object:

= PCBs (Printed Circuit Boards) supplied by Bosch Car Multimedia.

= Train a model to classify PCBs as (not) contaminated fed with data obtained from chemical analysis.

Contaminated PCB

Data from
Chemical Analysis

Not contaminated
PCB




Experimental
Procedure

Extraction

Solid-Liquid
Extraction

Chemical Analysis

High Performance
Liquid Chromatography
Mass Spectrometry
(HPLC-MS)

Data treatment

Data mining
(Python)
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Data
Wrangling
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X = masses (50 — 1000)Da
y = time (12k datapoints)

Shape (950, 12000)



Data mining
“brute force™ approach
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Each chromatogram represents

a sample

Visible pattern among samples

Seems clever to use time as

predictive feature



Data mining
“brute force™ approach
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Data mining
Feature engineering approach

Create new features from the original dataset:
= n biggest peaks:;

= Distance between peaks;

= Intensity ratio of n/n+1 biggest peaks:

= Sum of the intensities of n peaks;
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1.3.pos  5.633455e+05 5.368122e+05 533404.807143 546116.104762 574996.476984 3.303113e+06 1.968239e+06 1.891453e+06 2.795662e+06
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5 rows x 60 columns




Data

Augmentation
1TmL TmL
Extraction PCB A PCBB
Chemical Analysis Data treatment (real) (real)

High
Performance
Liquid
Chromatography
Mass
Spectrometry
(HPLC-MS)

Solid-Liquid
Extraction
(SLE)

Data mining
(Python)

PCB AB
(1:1)

(virtual)




Data
Augmentation
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= Virtual sample exhibits chemical properties from both ‘parents’

= Good potential to be used as a data augmentation technique



Machine Learning
Models

ML implementations from SKLearn: ‘

Random Forests

= Boosted Decision Trees (XGBoost, AdaBoost)

Decision Tree Random Forest AdaBoost
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Thanks!

Any questions?

diogobarrosgoncalves@gmail.com



