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Introduction and Motivation
.

®|n the knowledge discovery process, data preparation is a crucial
step

® An appropriate data preparation will assure the accuracy and
reliability of analysis results

®|mprecision and uncertainty can lead to misinterpretations and
wrong conclusions

® Standardized protocols for data preprocessing have not been
established

®|t is necessary to establish data preparation and data quality
validation procedures in order to ensure reliable results

Application to environmental data

Hydro-biological data Chemical and Physicochemical data

Assess the«impact of emerging-pollutants on Mexican rivers




Ob'lectives

General objectives

® To define the reliability of the results obtained during
environmental evaluations

® 10 specify the data treatment procedures necessary
to obtain accurate results

®T0 evaluate the pollution of Mexican streams by
heavy metals, metalloids, pharmaceutical products,
pesticides and halogenated organic compounds

® To determine the ecological state of rivers by using
macro invertebrates



Ob'lectives

Specific objectives
Environmental Chemistry

®To evaluate the impact of the industrial, agricultural and urban
activities on the water quality of the rivers Tula, Taxco,
Toliman, Culiacan and Humaya

®To analyze the content of the ions Ca*, Mg*, Na*, F-, CI,, K*, of
nitrates and heavy metals (Pb, Zn, Cu, Mn, Cd, Fe and As) on
the rivers

®To adapt the Solid Phase Extraction (SPE) and the High-
Performance Liquid Chromatography coupled to an Ultra-Violet
detector (HPLC) for the analysis of pesticides and hormones in
liguid samples



Ob'lectives

Specific objectives
Hydrobiology

®To define the correlation between macro invertebrates and the
ecological state of the rivers

®T0 define the correlation between macro invertebrates and the
presence of emergent pollutants on the rivers

®T0 adapt the existing and commonly-used sampling and
analytical methods for the identification of macro invertebrates
In Mexican streams

® 7o identify the macro invertebrates-based biotic metrics most
suitable for the assessment of the ecological status of Mexican
streams

® [0 define the utility of macro invertebrates as complementary
tool in the evaluation of the pollution on Mexican rivers



Ob'|ectives

Specific objectives
Statistics and Computer Science

®To define the chain of procedures necessary to clean, prepare
and analyze data with control over the quality of data

® 10 examine the utility to data quality evaluation on the
interpretation of environmental analysis results

®T0 generalize the approach of control and improvement of the
quality of data to other data collection procedures applied to
the context of the monitoring of pollution of the environment in
Mexico and France



Achievements 2014-2015: pata acquisition (Culiacan, Humaya and
Tamazula and Tula rivers)

Hidalgo
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Achievements 2014-2015: Data acquisition

Sampling of liquid and biological samples

Solid Phase Extraction (SPE)

Pyralidae




Achievements 2014-2015: Data acquisition

Description of data

Culiacan

11 sites

1 season (dry)

(duplicated samples)

variables

14 major elements
5 Hoavy metals + As_

14 major elements

5 Heavy metals + As

18 pesticides
(Organochloride)

6 PPCPs

35 Biological
indices

Taxonomic list

Hidalgo

2 season
5 sites dry / post-rainy
(duplicated samples)

35 Biological
indices

Taxonomic list

variables

14 major elements

I I%.

5 Heavy metals + As

18 pesticides
(Organochloride)

6 PPCPs
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Achievements 2014-2015: Preliminary analysis (Culiacan)
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Some facts on data from biomonitoring surveys

e Prone to anomalies :

e Incomplete and

e Duplicates e Inconsistencies e Outliers

missing data
— pH = 24 : ©
= 3.2
2 ‘.H!*°°- .‘o . ’ 6'3
g o e
2 S:) & 70 8 90 100 110 120 130 1% NA
Inaccurate and biased test

_ results
Bad data quality

Wrong diagnosis and wrong

interpretations
(Wahlin and Grimvall, 2008)

Quality data is needed




Data processing to mitigate the impacts of data

anomalies

1. Preprocessing to correct data and improve data quality
2. Preparation of corrected data before data analysis

Limitations

e Few studies on the appropriate selection of procedures to
preprocess and prepare data
e Little work on data from biomonitoring surveys



Objectives

e Propose a methodological framework to guide on the
orchestration of data preprocessing tasks and the
selection of the most adequate methods

e Provide a comparative study to make a better selection
of preprocessing procedures

e Quantify the bias introduced by a preprocessing
strategy



Overview

Principled Approach for Data Preprocessing

Generation of Data Statistical
Synthetic datasets Preprocessing analysis
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APPROACH

Principled Approach for Data Preprocessing

Step 1. Generation of synthetic and Control Ofﬁnomalies
semi-synthetic data Calculation of bias

Original eN=21V=8 ® 4 numerical datasets
| | eN =600,V =30 e Simulation of biomonitoring data

e N =4000,V=33 ¢Multivariate data
e N =20000, V=98

e Normal distribution

e Generation of semi-synthetic data

e Generation from real dataset (Rhin-
ongnal - e N=16,V =13 Meuse rivers, France)
‘ | eN=1504,V=26 e Elimination of anomalies
e N=7520,V=26 e 3 numerical datasets




APPROACH

Principled Approach for Data Preprocessing

e Step 2. Data deformation

Control of
anomalies

e Creation of data distribution

e Non-normalized =» Weibull Distribution
e No relevant variables -> Strong correlation
e Random Injection Different amount of injection

e Missing data
e QOutlying data

=» Procedure replicated X 10 times



APPROACH

Step 3. Data preprocessing (1/3)
Preparation

m Normalization

_ More frequently used
» Min-Max methods

e Zero-mean
« Decimal scale

Different techniques

m Feature selection

e Correlation-based : Ranks based on correlations

e Linear correlation : Ranks based on the linear correlations
according to a certain threshold

e \Wrapper subset evaluator : Evaluation of different data subsets



APPROACH

Principled Approach for Data Preprocessing

Step 3. Data preprocessing (2/3)

Correction

Imputation of missing values

e Hot-Deck: replacement by an observed value
e k-NN : replacement by the nearest value

e Multiple Imputation
e MICE (Multiple Imputation by Chained Equations)
e IRMI (/terative Step-wise Regression Multiple Imputation)




APPROACH

Principled Approach for Data Preprocessing

Step 3. Data preprocessing (3/3)
Correction

m Outlier detection + imputation

e Inter Quartile Range (IQR)
e Adjusted-Quantile
e Principal Component

e Hot-Deck
o k-NN

e MICE
Decomposition (PCOUT) e |IRMI

e Local Outlier Factor (LOF)

Different techniques ~  Qutliers were treated as
- univariate detection (IQR) missing values
- multivariate detection -




APPROACH

Principled Approach for Data Preprocessing

Step 4. Comparative study and calculation of bias

e Regression RMSE
e Classification Precision Kappa
e Clustering Rand Index | | Adjusted Rand Index

Jaccard Index

Original data VS Pre-processed data



APPROACH

Focus on a sample of results 1) Imputation
* K-means Clustering 2) Rank of the pre-treatment
* Anomaly : Missing values

K-means Rl =1 ; similar clusters NN
- 10 15 20 25 30
0.60- IRMI
Soss y ?- MICE
£
©
§0.80- Hot-Deck

0.75-

Rand Index (RI) : similarity between two clusters [0, 1]

— Classification of the methods is specific to the

characteristics of the data and the type of anomalies |




CASE STUDY

Biological Aquatic Indicators of Water Pollution

Water quality assessment using:

® 43 Physical-chemical variables

® 35 Biological indicators based on the presence/
absence of aquatic macroinvertebrates

3{%

Coenagr elidae

»
¥ 5

PhySIdae Pvralidae

o pH

e Metals

e Nitrates

e Phosphates

e Pesticides, etc.

e Measures of richness

and enumerations

e Diversity and
similarity indices

e Biotic indices

e Functional feeding
groups measures

e Multimetric approach




CASE STUDY

Biological Aquatic Indicators of Water Pollution

Data preprocessing

Missing values : 9.7 % =» MICE
Outliers (IQR) : 7.61 % => k-NN
Non-normalized data =» Z-score

® Selection of preprocessing strategies :

9According to the results of the comparative
study of preprocessing procedures



CASE STUDY

Relevance of the proposed approach (1/2)

Preprocessed data

Dim 2 (11.27%)
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CASE STUDY

Relevance of the proposed approach (2/2)

Preprocessed data Non preprocessed data
9 Better classification of sites

Individuals factor map (PCA) Individuals factor map (PCA)

U e Moderately polluted
e sites .
| «+ | Not polluted
;7% ~ sites
- : i Polluted sites | - 2 : 'P — é
Dim 1 (62.48%) omtess Polluted sites
Not polluted I
sites

ﬂ




CONCLUSIONS

Conclusions

e There is not a single universally adequate data
preprocessing procedure (as it is dataset-dependent)

e Effectiveness of preprocessing decreases with the
percentage of anomalies

e An instantiation of the proposed framework can be
effectively used to mine the hidden knowledge from
biomonitoring data

e Next : Leveraging machine learning to find the optimal
data preprocessing strategy for any given dataset

—
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