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Resumen:

Las técnicas de deteccion de anomalias se han utilizado en diversos campos,
como vehiculos autonomos, hogares inteligentes, atencion médica, monitoreo
de redes, redes de sensores, deteccion de fraudes, sistemas de tarjetas de
crédito y entre otros. La investigacion en el campo de la deteccion de
anomalias se ha centrado en mejorar los mecanismos para mejorar la
precision y la velocidad de la deteccion de anomalias; sin embargo, los nuevos
ecosistemas tecnoldgicos que se han desarrollado con la ayuda de tecnologias
como loT o BigData han creado nuevos desafios en los procesos de deteccion
de anomalias. En esta charla se realiza una explicacion sobre los tipos de
anomalias y las técnicas empleadas para su deteccion, ademas se presentan
desarrollos sobre nuevas propuestas de métodos de deteccion en la era del
Big Data, asi como aplicaciones en Telecomunicaciones, Eficiencia Energética,
Control Electoral, entre otros campos.
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DETECCION DE ANOMALIAS



Statistical Learning & Machine Learning
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Mundo imaginario (Prueba de Hipotesis)

Pearson & Sekar (1936)
Grubbs 1950

Definition Let x(,) (resp. x(1)) be the mazimum (resp. the minimum) of a sample of size n,
with X; ~ F;. The hypothesis test for identifying x(,) or x(1) as outlier is specify by :

Hy:F,=FVYViel:n
H,:dmstF, #*F



Tipos de anomalias
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Técnicas de Deteccidn

La deteccion de anomalias es uno de los grandes retos abordados por la Mineria de
Datos, especificamente por el 6 Con o c i meneomttado en bases de datos ( KDD) o,
siendo analizada desde los siguientes puntos de vista:

A Basados en la Distribucion 1 A Basados en la Distancia 2

A Basados en la Densidad 3 A Basado en Clusters o Agrupaciones 4

L D. M. Hawki ns, l dentification of OQOutliers. London: Chapman & Hal l 1980.

2. Edwin Knorr and Raymond Ng. Algorithms for mining distaased outliers in large datasets. In Proc. of the VLDB Confergeges 392403, New York, USA, September 1998.

S, H. K. M., “Ltolaseiddeéociatyiongl densityln Proceedings odmen2d Dafa., ph.B8I0422D0GMOD | nternational Cor

4, C. C. Aggarwal , “An effa@elcmensi amal efofucil e etr alledg @rcit il@Mm2000 M hkei YL DB Journal , vol . 14, pp.



Descripcion del conjunto de datos:

River: Losdatos del rio son un data .frame que contiene las siguientes tres columnas .
A index: enteros que describen el orden de las observaciones de nitrato .

A nitrato : concentraciones mensuales de nitrato disuelto que se encuentran en un rio.
A mes: un factor que indica el mes en el cual se extrajeron las muestras.

= stririver)
‘data.frame’ : 291 obs. of 3 variables:
S dindex :dint 12 3 4567 8918 ...
S nitrate: num 1.58 1.32 1.14 1.25 1.87 ...
S months : Factor w/ 12 levels "January", "February”,..: 12 3 456 7 8 9 18 ...

Wine: Cada fila de este conjunto de datos se refiere a un vino cuya composicion quimica se describe

mediante dos campos numericos .
A PH: Que tan acido esel vino.
A Alcohol : el porcentaje de contenido de alcohol .

= str(wine)

'data.frame’: 1947 obs. of 2 wariables:
S pH > num 3 3.3 3.26 3.19 3.18
S alcohol: num 8.8 9.5 18.1 9.9 9.6



Basados en la distribucion

Test de Grubb

Hipotesis:

Ok €Q 0 Qi DIDIDF) Qw € |
DI QD OO®O O a EEABD 1) Qw ¢
Estadistico:

0 i Fﬁ]é‘”l—“

Valor critico:
, 0 o ° i
VO |0 ¢ 0 .
Decision:

YR QO QUEON ¢ EOIGHD 6

Procedures for Detecting Outlying,Frank E. Grubbs,1969

Caso unilateral

Las hipotesis, valor critico Yy decision son las
mismas, variando el estadistico a calcularse

A Sise sospecha que el dato atipico es el

maximo
o ‘
"0 _01'

l

A Sise sospecha que el dato atipico es el
minimo

o ©

0



Histogram of river$nitrate
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#analizando data rive

W

Y
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hist(riverSnitrate, freq=F,ylim=c(8,2.5))
lines(density(riverSnitrate),col="blue')
grubbs.test(riverSnitrate)

W

W

Grubbs test for one outlier

data: riverSnitrate
G = 4.72688, U = 8.92269, p-value = B.888211

alternative hypothesis: highest wvalue 1.897 is an outlier

boxplot(riverSnitrate,main="boxplot riverSNitrate')
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Basados en la distribucion

GENERALIZED EXTREME STUDENTIZED DEV(RSE TEST
Hipotesis:

Ok €Q 0 Qi DADID [/ Qo€ |

O dQ o QIED O £DPAT Qw ¢ i

Estadistico :
"O iAM , remover @ que maximice |w of Y obtener el estadistico "O
8 h l

con N-1 observaciones, repetir el proceso hasta obtener "O8 &08
Valor critico:

0 3

h
" _ ( ) _
\/6 Qp O - b Qp
( )

Decision: i M 6 D Qo Q@B QF &b O

Percentage Points for a Generalized ESD ManyOutlier Procedure,Bernard Rosner,1983
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> library(AnomalyDetection) 0.9+
> plot(nitrate~index, data = river, type = "1")
> # Algoritmo ESD hibrido estacional
> AnomalyDetectionVec(riverS$Snitrate,period=12, direction = 'both', plot = T)
Sanoms 0.6+
index anoms
1 6 1.483

2 53 1.533
3 156 1.897

Variacion de los niveles de nitrato mensualemente

1.03% Anomalies (alpha=0.05, direction=both)




Basados en la distancia
K Nearest Nearest Neightbord (KNN)

1.Cargar la base de datos
2.Inicializar Kel numero elegido de vecindades
3.Para cada observacion en el conjunto de datos:

A Calcular la distancia entre la observacion vy el resto de los datos .
A Ordenar losvalores de las distancias de forma ascendente

4.Elegir las primeras k filas de la colecciéon ordenada

5. Tomar el promedio de las filas de la matriz de distancias para
obtener el score.

Outlier detection using-kearestneighbourgraph,V. Hautamakiet al,2004
https://towardsdatascience.com/machinkearningbasicswith-the-k-nearestneighborsalgorithm-6a6e71d01761
https://www.youtube.com/watch?v=FHHuo7xEe04&t=173s



https://ieeexplore.ieee.org/author/37270662200
https://ieeexplore.ieee.org/author/37270662200
https://www.youtube.com/watch?v=FHHuo7xEeo4&t=173s

Basados en la densidad:

Local outlier factor (LOF):

A k-distancia de una observacién o, Q"Qi(¢):distancia entre oy susk-th NN
A k-distancia de una vecindad de 0,0 (¢) €< NO®O RO ) QQi¢)

Nota : 0 (¢) puede sermas grande que k, puesto que pueden existir multiples
observaciones con la mismas distancias a o.
A Distancia de accesibilidad de s NOMO DI DO 0 1 QOwE@WIE)
| A "Qi(€)RQ " QER )}
Nota : Ko minpts es un par ametro elegido por el usuario

A Densidad de accesibilidad local de o:a'® (¢) s (s

B . N

A Local outlier factor (LOF)de una observacion : esla media del ratio de accesibilidad
local de o y susodvecindades mas cercanas

B —

& E8) " B, aQ ¢ &8, 1900HANE
s (s

LOF: Identifying Densiyased LocaMarkus M.Breuniget al,2000.
Outliershttp://www.cse.ust.hk/~leichen/courses/comp5331/lectures/LOF_Example.pdf



NUEVAS METODOLOGIAS



Objetivos

A Aportar nuevas metodologias del control estadistico de la calidad (CEC) mediante la
adaptacion de técnicas univariantes al caso FDA.

A Programar herramientas informaticas que permitan un tratamiento sencillo y eficaz de
los graficos de control de calidad y estudios interlaboratorio en el contexto FDA.



ESTUDIOS INTERLABORATORIO



Designation: E 691 — 99
Standard Practice for Conducting an Interlaboratory Study to
Determine the Precision of a Test Method

1114

ASTM INTERNATIONAL



UDC- Laboratorio de Ferrol




CASO DE ESTUDIO

| aboratorio 1

Analizador STA con una calibracion antigua

Laboratorio 2
Laboratorio 3
Laboratorio 4
Laboratorio 5

Ntcleo de
laboratorios que
proporcionan datos consistentes
con un instrumento SDT

| aboratorio 6

Analizador SDT con una calibracion antigua

| aboratorio 7

Instrumento con una calibracion sesgada 2°C
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PAQUETE ILS:

Package ‘ILS’

March 6, 2018
Type Package
Title Interlaboratory Study
Wersion .2
Dhate 20120306

Depends B (== 3 L0} lettice, mulicomp, depthTools, fdouse, MASS,
Sals

Deseription Tt perforins inteslaboratory sidies (TLS) w detect those

laboratories that provide pos-consisient results when comparing 10 others. 1t
permils o work simultanecusly with vartous westing maerials, from standand
univariate, and furctional data analveis (FDA) perspectives. The univariabe
approach based on ASTM E691-08 consist of estimiing the Mandel's b and
k statistics o identify those laboratorices that provide more significant
different resulis, testing also the presence of outlers by Cochiran and Grubbs
lests, Analysis of variance (ANCVA) technigues sre provided (F and Tuckey
fests) to test differences in means comesponding to different laboratories per
ench material, Taking into sccount the functional nature of data retrieved in

analytical chemisiry, applicd physics and engineering (specira., thermagrames,

et ), ILS packoge provides o FDA approach for finding the Mandel's k and h
atglistics distribution by smoothing bootsisap resampling.

Licerse GPL (==2)
LagyDuts yes

Auihor Miguel Flones [aut, cre].
Ruben Fernandez [au],
Salvador Maya [am],
Javier Tarmo-Saavedea |aut],
Roberio Bossano [aut]
Maintainer Miguel Flores <na. floresboutlook . con>

Repository CRAN

RoxygenNate 601
MewdsCompilation no
Diate Publication 2018-03-06 211:42: 25 UTC

Chemometrics and Intelligent Laboratory Systems
Volume 181, 15 October 2018, Pages 11-2015 October 2018, Pages 11-20

ELSEVIER

ILS: An R package for statistical analysis in
Interlaboratory Studies

d

Miguel Flares ®, Rubén Fernandez-Casal €, Salvador Maya =, Javier Tarrio-Saavedra L=} EH_ Roberio Bossano

Show more ~~

https:fdeoi.org/10.1016fj.chemolab.2018.07.013

Curvas Termogravimétricas oxalato de calcio

R > data( TG, package =" ILS™)
R > delta < — seq(from = 40 ,to = 850 ,length.out = 1000 )
R > fqcdata < — ils.fqcdata(TG, p = 7, argvals = delta)

R > main < — " TG curves obtained from calcium oxalate”

R > xlab < — " Temperature (C)"

R > ylab < — "Mass (%)"

R > plot(x = fqcdata, main = main, xlab = xlab , ylab = ylab,
+legend = TRUE,x.co = 20, y.co = 90)

Get rights and content



Functional Mean by Laboratory Functional Variance by Laboratory
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Chemometrics and Intelligent Laboratory Systems 176 (2018) 134148 Published: 26 August 2014

Contents lists available at Sciencebircct * omoemes Statistical functional approach for interlaboratory
Chemometrics and Intelligent Laboratory Systems s studies with thermal data
jommalihome age: i aleswiercom/o hismometrics — Salvador Naya™, Javier Tarrio-Saavedra, Jorge Lipez-Beceiro, Maric Francisco-Fernandez, Miguel Flores &
Raman Artiaga
Fumctional extensions of Mandel's h and k statistics for outlier detection in gy Journal of Thermal Analysis and Calorimetry 118, 1220-1243(2014) | Cite this article
interlaboratory studies | Tn - ' '

209 Accesses | 8 Citations | hietrics
Miguel Flores®, Javier Tarrio-Saavedra ™", Rubén Fernindez-Casal ©, Salvador Naya "
 scusel Polistcnica Nacional Guito, F

" Grupo MODES, CTTTC, ITMATY, Depertarento de icas, Hseole Poliléer o, Ui e Corufn, Ferrol, Spein
© Grupa MODES, CTTIC, ITTMATI, Focubiade de ica, Umiversidode do Cordfue. A Corufia, Spain Abstral:t

ARTICLEINFO ARSTRACT A new statistical functional data analysis (FDA) approach to perform interlaboratory tests is
et Functional data analysis (FDA) alternatives, based on the cdassical Mandel b and k statistics, are proposed to - 0 - - -

mtanoratoey stdies identify the labaratories that supply inconsistent results in interlaboratory studics (ILS). TS is the procedur proposed and successfully applied to thermogravimeiry (TG) and differential scanning

Fumnctional dats amalysis performed by a number of labaratories to test the precision of an analytical method, to measure the proficiency of

i e e e e ety the. et RO a0 calorimetry (DSC). This functional approach prevents the typical losses of information

Data depth crucial to assess these aims, estimating inter- and intra-laboratory data position and variability from a univariate \ . \ \ . e ee
point of view. Considering that experimental resalis obiained in analytical sciences are often functional, the wse of associated to the dimension reduction processes. It allows the location and variability of the
FDA techniques can prevent the loss of important data information. The FDA approaches of i and k statistics are

nted and point-wise obtained to deal with functional imental data. Both functional statistics are esti- 1 - 1 1 1 1 1

B O e e onal Cxpeimentat & e e e thermal curves obtained by the application of a particular test procedure. The intra- and inter-

reions of b and k graphi ted. Real il thetic the imetric data tilized to assess the o qa ' x 1
go0d performance of the proposed FDA B and & staistics and their advantages with respect to the univariate laboratory variability and location have been estimated using a FDA approach as well as the

approach.

traditional reproducibility and repeatability studies. To evaluate the new approach, 105 TG

curves and go calorimetric curves were obtained from caleium oxalate monohydrate. The
Functional Statistics and Related Fields pp 123-130 | Cite as obtained curves correspond to seven simulated laboratories, 15 curves per laboratory.

. . o Functional mean and variance were estimated. From a functional point of view, these
Functional data analy51s approach of Mandel's h and k descriptive statistics consider each datum as a curve or function of infinite dimension.
statistics in Intel‘laboratory Studies Confidence bands were computed using smooth bootstrap resampling. A laboratory
consistency study is performed in a functional context. The functional depth approach based
on bootstrap resampling is a nseful tool to identify outliers among the laboratories. The new
Miguel Flores ], Salvador Naya, Javier Tarrio-Saavedra, Rubén Fermnandez-Casal FDA approach permits to identify as outliers the thermal curves obtained with old or wrong

calibrations. Functional analysis of variance test based on random projections and the falze

Authors Authors and affiliations

Conference paper

) ) _ L3k discovery rate procedure (FDE) provides which laboratories obtain significant different
First Online: 28 April 2017 -

Downloads thermal curves. This approach can be applied to perform interlaboratory test programs where
the response of the test result is functional, as, for example, DSC and Ti= tests, without having

Part of the Contributions to Statistics book series (CONTRIB.STAT.) . C \
to assume that data follow a Gaussian distribution.




Definicion 1: El analisis de datos funcionales cuya unidad basica de
informacion es el dato funcional, se define como el nuevo campo de la
estadistica que proporciona informacion a partir de una muestra de
observaciones de una familia continua X = {X'(t); t € T}, por ejemplo:
curvas, superficies o cualquier otra forma que cambia en un continuo.
Definicién 2: Sea L[?(T), el espacio de Hilbert separable definido por las
funciones de cuadrado integrable en el intervalo T = [a, b] C R:

[2(T) = {X: Tﬁ\-]ﬁ;/ X(t)2dt < oo}
T

con un producto interno definido por:

(X(2), V(1)) = /T X (1)) (1) dt.




Primera aproximacion FDA para resolver el caso ILS

@ Analisis exploratorio FDA.

@ Método de deteccion de valores atipicos FDA basado en el
calculo de la profundidad de datos (Modal, FM y Proyecciones
aleatorias).

@ ANOVA Funcional.

Naya, S., Tarrio-Saavedra. J., Lopez-Beceiro, J., Francisco Fernandez, M., Flores, M.
y Artiaga, R. (2014). Statistical functional approach for interlaboratory studies with
thermal data, Journal of Thermal Analysis and Calorimetry, 118 2, 1229-1243.




Aplicacion al caso ILS
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Aplicacion al caso ILS

Masa / %
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Si la profundidad de una curva TG es menor que el percentil 10 de la
distribucidn de las profundidades,2.9245.

Labl Lab2 Lab3 Labd Labb Labb Lab7

2.0027 11.9933 16.1837 6.6202 15.6488 1.4947 1.6548
1.1937 13.5966 8.4040 14,9200 13.4324 1.2635 2.1337
2.3395 13.1208 13.2219 15.3169 B.7713 4.4644 2.3310
1.6619 10.7575 14.4891 10.7575 13.4539 0.7713 2.0267
1.1812 14.6270 11.5517 12.6996 6.9916 5.9693 1.9573
1.7366 10.0207 11.9340 11.8748 14.4891 0.8459 2.0380
1.6619 8.4040 10.9403 14.0598 6.5118 1.4947 2.1337
2.4603 8.3704 14,1373 16.0011 13.1552 0.8514 2.1775
1.7366 11.9572 10.1641 149200 0.9451 0.7906 1.3564
1.7366 8.8463 14,7410 15.3169 13.5966 2.6027 2.4058
1.5871 13.1214 16.1837 15.3309 11.9572 0.7170 1.2343
2.3395 15.3169 13.4539 6.7424 12.3862 2.0442 2.4958
1.6871 14,5902 14,1373 13.1214 131214 3.8299 0.5465
0.4296 14.0598 12,4551 14.7803 7.7295 3.6674 2.3760
1.4124 0.9451 12,5093 14,5902 14,7410 4.1367 1.0056




Analisis de la Varianza Funcional (FANOVA)

Consideramos L grupos de funciones aleatorias independientes
Xj(t).i=1...., L;j=1...., n; definidas en un intervalo
compacto T = [a, b]. Denotamos a X; como la media funcional
muestral para el grupo i, t € T.

Ho: pi(t)=--- = pr(t),
Hy: dk,m e (t) # pm(t)

se utiliza el siguiente estadistico que mide la variabilidad entre
grupos:

Vo =Y nil| Xk — Xj|
k<j




Hipotesis de reproducibilidad: estadistico funcional H(t)

Sea {X{(r) ..... X,’;(t)} un conjunto de observaciones que se
obtienen para L laboratorios [ =1..... L. Se seleccionan n
muestras aleatorias en cada laboratorio. Los estadisticos
funcionales H)(t) y Kj(t) se calculan para cada laboratorio y son el

punto de partida para contrastar las hipotesis nulas para un estudio
R & R.

o Ho:p1(t) = pa(t) =--- = p(t)
o Hi(t) = Xf;“s)x{_:fm;le ..... L

1
o dff = |[Hi(t)]| = (J; Hi(t)2dt)




Hipotesis de repetibilidad: estadistico funcional K(t)

o dft = |Ki(t)|



Algoritmo Bootstrap

@ Eliminar observaciones atipicas (en este caso curvas).

@ Utilizando el bootstrap suavizado se obtienen muestras bootstrap de
tamano n x L.

@ Para cada muestra bootstrap, se calculan los estadisticos
funcionales Hy(t) y K (t) , vy los correspondiente estadisticos de
prueba, df* y df** para cada laboratorio I =1,... L.

¥

@ Se aproximan los valores criticos cy vy ¢k de los estadisticos de
prueba (d;™ vy d**).

@ Calcular la envolvente de las muestras boostrap definidas por una
norma inferior al valor critico (herramienta grafica de diagnosis).

@ Finalmente, se calculan las bandas de confianza para los estadisticos
H(t) y K(t). Se rechaza, si dI' = ||H(t)|| > cu,d]S > ck




APLICACIONES DE NEGOCIO
INDUSTRIA 4.0




loT permite que la industria de la climatizaciéon (HVAC) tenga nuevas
oportunidades para ahorrar energia y controlar de forma remota.
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FRIDAMA - 2 QUS

Consumos energéticos de las tres unidades de refrigeracion, cada
una con sus sensores de temparatura y contadores de energia
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PAQUETE QCR:

Package ‘qer’

July 20, 2016
Type Package
Title Cuality Control Review
Version 1.0
Date 2016-07-19
Depends R (== 2,100, qee, fdawse, mvtnorm, quality Tools, MASS

Description Allows to generate Shewhart-type charts and to obiain
numerical results of interest for 3 process quality control
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Statistical Quality Control with the
qcr Package

Miguel Flores, Rubén Ferndndez-Casal, Salvador Naya, Javier Tarrio-Saavedra

Abstract The R package qer for Statistical Quality Control (SQC) is introduced and described. It
includes a comprehensive set of univariate and multivariate SQC tools that completes and increases
the SQC techniques available in R. Apart from integrating different R packages devoted to SQC (qee,
MSQC), qcr provides nonparametric tools that are highly useful when Gaussian assumption is not
met. This package computes standard univariate control charts for individual measurements, z,
S, R, p, np, ¢, u, EWMA and CUSUM. In addition, it includes functions to perform multivariate
control charts such as Hotelling T2, MEWMA and MCUSUM. As representative feature, multivariate
nonparametric alternatives based on data depth are implemented in this package: r, () and S control
charts. In addition, Phase I and II control charts for functional data are inclued. The qcr library
also estimates the most complete set of capability indices from first to fourth generation, covering the
nonparametric alternatives, and performing the corresponding capability analysis graphical outputs,
including the process capability plots.
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Abstract: This study proposes a control chart based on functional data to detect anomalies and
estimate the normal output of industrial processes and services such as those related to the energy
efficiency domain. Companies providing statistical consultancy services in the fields of energy
efficiency; heating, ventilation and air conditioning (HVAC); installation and control; and big data
for buildings, have been striving to solve the problem of automatic anomaly detection in buildings
controlled by sensors. Given the functional nature of the critical to quality (CTQ) variables, this study
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proposed a new functional data analysis (FDA) control chart method based on the concept of data o s L 15 20 2 .
depth. Specifically, it developed a control methodology, including the Phase I and 1T control charts.
It is based on the calculation of the depth of functional data, the identification of outliers by smooth
bootstrap resampling and the customization of nonparametric rank control charts. A comprehensive

simulation study, comprising scenarios defined with different degrees of dependence between curves,
was conducted to evaluate the control procedure. The proposed statistical process control procedure
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was also applied to detect energy efficiency anomalies in the stores of a textile company in the Panama
City. In this case, energy consumption has been defined as the CTQ variable of the HVAC system.
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Briefly, the proposed methodology, which combines FDA and multivariate techniques, adapts the o M 1m 150 0 1 = e an e
concept of the control chart based on a specific case of functional data and thereby presents a novel e
alternative for controlling facilities in which the data are obtained by continuous monitoring, as is the

case with a great deal of process in the framework of Industry 4.0.
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A Predecir y analizar un modelo que nos permita determinar los clientes con servicio celular
Opr epagued pueden estar navegando de manera gratuita por medio de
aplicaciones o0 cualquier otra funcionalidad y que no estén consumiendo paquetes o
realizando recargas
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Clasificacion hidrologica de los
regimenes de flujo en el Ecuador
utilizando técnicas funcionales con
dependencia espacial

Miguel Flores, Sandra Torres, Xavier Zapata Rios, Jorge Mateu




Técnicas funcionales con dependencia
espacial

Statistaca Neerlandaca (2012)
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Hierarchical clustering of spatially correlated
functional data
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Universidad Naciornal de Colombia. Bogota, Colombia
P. Delicado
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location consist of samples of mndom funchions. In univariable and
multivariable geostafistics, various methods of incorporating spatial
information into the clustenng analysis have been considered. Here,
we axtend these methods to the functional context to fulfil the task of
clustoring spatially corredated curves. In our approach, we initially use
basis functions to smooth the observed data, and then, wo weight the
mwmwmmbyommmmmmm

multivariable vanogram calculated with the coefficients of the basis
functions. This paper contains a simulation study as well as the anal-
ysis of a real data set corresponding 1o average daily temperatures
measured at 35 Canadian weather stations,
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Resultados

Mapa de clasificacion de los rios kmeans funcional, 8 clases
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FINANZAS

Andlisis de Datos Funcionales Aplicado al Riesgo
Financiero: un Caso de Estudio en Cooperativas de
Ahorro y Crédito Ecuatorianas
Functional Data Analysis Applied to Financial
Risk: a Case Study in Ecuadorian Credit Unions

Sergio Castillo-Pdez, Miguel Flores, Giovanni Herrera-Enriquez

Resumen—Existe una gran variedad de herramientas estadisti-
cas desarrolladas para la toma decisiones en el contexto empre-
sarial. El andlisis de datos funcionales es una rama de estudio de
creciente importancia en los dltimos anos, ¥ en el presente trabajo
se proponen algunas de sus téenicas aplicadas en el contexto del
andlisis de riesgo financiero. Especificamente, se presentan resul-
tados de amdlisis funcienal exploratorio, identificacién de datos
atipicos y la construccién de modelos de clasificacion supervisada
en base a la clasificacion del riesgo de las cooperativas de ahorro
¥ crédito, sujetas al control de la Superintendencia de Bancos
del Ecuador, tomando como variables funcionales al indice de
morosidad y el margen neto de utilidad, en el periodo julio 2011
a diciembre 2012,

advertidos en los procesos de control, sumado entre otros
factores, a la proliferacidn de instrumentos sofisticados, como
los derivados financieros que superaron la capacidad de las
instituciones [10], para advertir cambios que provocarian el
colapso econdmico, no solo de grandes corporaciones como
LehmanBrothers, sino también de paises. siendo el caso mids
relevante la Eurozona [20].

Una de las actividades vitales de las instituciones finan-
cieras, es el control del riesgos financieros, siendo el riesgo
de crédito probablemente el de mayor importancia al que se
enfrentan las instituciones finacieras [4. p. 161 . El rieseo

Morosidad

a1z =5}
L 1

o1
L

Xit)

Figura 1. Representacion funcional de los curvas muestrales de las variables
morosidad v utilidad

Utilicdad

Cuadro 1
CUADRO DE AGRUPACION POR CALIFICACION DE RIESGO

B+, B, B-, BB+, BB-

Grupo Calificacion Caracteristicas de agrupacion
I AA- A+ AL A- No presenta problemas significativos
2 BEBB+.BBB.BBB- Presenta problemas menores
3

Tiene varios problemas significativos
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Estimation of the Contaminant Risk Level of
Petroleum Residues Applying FDA Techniques

Miguel Flores, Ana Escobar, Luis Horna, and Lucia Carrién

Abstraci—In the of oil extraction, specifically in the
refinement and industrialization of hydrocarbons, as is known,
multiple wastes are highly polluting for the soil, water and air.

In this work, the risk level of these wastes in affecied areas
is estimated thanks to the application of statistical models in
the field of functional data analysis. These models have been
implemented in a statistical software called 15fudio that allows
an early measurement and evaluation of the level of risk by using
semiguantitative and quantitative methods. This measurement is
carried out by the staff of PETROECUADOR close to the affected
place. It was used the laser-induced fluorescence technique (LIF).
The data obtained using this technique was used to adjust the
following models: Generalized Functional Linear Model (MLFG),
‘which makes it possible to classify the spectrum generated in
two pollution levels: Low and High. Functional linear regression
maodel with scalar response and functional explanatory variable
with the alm of directly estimating the percentage of contami-
nation level. With these resulis it is verified that the shape of
the laser fluorescence specirum is highly related to the gasoline
content in the sample.

that the intensity and life time of the fluorescence are related
to the chemical composition and density (API) of the oil.[7]

If we combine a source of ultraviolet laser light, a spec-
trometer and oil, we will have a system to detect the presence
of petroleum, such as contaminated lands (O'Neill, RA, Buja-
Bijunos, L., Rayner, DM, 1980). Laser light produces fluores-
cence when there is oil in the earth, which is detected using
the spectrometer. As each variety of oil has a characteristic
fluorescence spectrum, fluorescence techniques are often used
for identification.[1] The data obtained by this technique are
used in the first instance to solve a problem of supervised
classification and then to carry out a forecast of the level of
contamination.

Among the statistical techniques that are used to solve
a classification problem are: discriminant analysis. logistic
regression and cluster analysis, depending on the objective.
For example, in Anderson, Farrar, Thoms, (2009) determines
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Figure 3. Spectra by level of contamination

Table 1
SAMPLES MADE FOR MFLG ADJUSTMENT AND VALIDATION

Sample Level Total Sample2 Level2 Total 2
GEIl 0.3 2 GES 9.1 2
GEZ2 0.4 2 GAlS 16.67 2
GE3 0.5 2 GE9 16.7 2
GAl 1.48 2 GE10 375 2
GA3 1.48 2 GALY 375 2
GE4 1.3 2 GEI1 50 2
GES 24 2 GA23 50 2
GAS 244 2 GE12 75 2
GE& 38 2 GE13 833 2
GAS 3.85 2 GAZ6 8333 2
GE7 6.1 2 GE14 100 2
GAl3 6.1 2 GA3D 100 2
GAl4 909 2




CIENCIAS DE LA SALUD

Setting a generalized functional linear model
(GFLM) for the classification of different types
of cancer

Miguel Flores, Guido Saltos and Sergio Castillo-Paez

Abstract — This work aims to classify the DNA sequences of
healthy and malignant cancer respectively. For this, supervised
and unsupervised classification methods from a functional context
are used; ie. each stramd of DNA is an observation. The
observations are discretized, for that reason different ways to
represent these observations with functions are evaluated. In
addition, an exploratory study is done: estimating the mean and
variance of each functional tvpe of cancer. For the unsupervised
classification method, hierarchical clustering with different
measures of functional distance is used. On the other hand, for the
supervised classification method, a functional generalized linear
model is used. For this model the first and second derivatives are
used which are included as discriminating variables. It has been
verified that one of the advantages of working in the Tunctional
context is to obtain a model to correctly classify cancers by 100%.
For the implementation of the methods it has been used the fda.use
R package that includes all the techniques of functional data
analysis used in this work. In addition, some that have been
developed in recent decades. For more details of these techniques
can be consulted Ramsay, J. (0. and Silverman (2005) and Ferraty
el al. (2006).

Index Terms— Depth of functional data, DNA, functional data
analysis, functional distances, statistical classification

However, these methods of classical statistics do not perform
well when the dimension of the data 1s very high relative to the
size of the sample. (Lopez-Pintado et al., 2010)

In this paper, a new approach is proposed for the classification
of different types of cancer using models of Functional Data
Analysis (FDA). This recent field of statistics allows processing
data with high dimension and take advantage of their functional
character.

Specifically, it 1s used a generalized functional linear model
fit to classify the levels of expression of a set of genes in a type
of tumor that affects a group of individuals.

To illustrate procedures of Functional Analysis of data is
used, the database "prostate” belonging to the package "
depthTools ™ R, which contains a random sample of 25 non-
tumor samples (healthy) and 25 tumor samples (malignant), in
which have been measured the expression levels of 100 genes.

For more details on the data, you can consult Singh D. et al.
2002).

Gene Expression

© Type of Tumor
— HNormal
- — Malignant
I
F A
-
8 -
™
! T T T T T T
] 20 40 60 a0 100
Genes

Figure 1: Graph of functional data represented by curves of black color for
normal and red for malignant tumors.

TABLE I

PERCENTAGE OF EXPLAINED VARIANCE FOR EACH COMPONERMT
AND THE CORRELATION BETWEEMN THE EXPRESSION LEVEL OF
GEMES AND TUMOE TYPE FOR THE ORIGINAL DATA, ITS FIRST

DERIVATIVE AND SECOND DERIVATIVE

Drata Ml ethod Indices Pl PC2 P33
Yo cxplained o5 5y 17.8 6.98
Tanamce
FL T
umor type 678 -37.6 -11.3
Original -:-D:Tv:]at_:lm
%o cxplained  og g4 14.78 5.47
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umor type 151 41.5 ELIR
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Yo explained o o 2222 5.96
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Second correlation
Dierivative %o explained 2437 1985 5 HE
FPLS T"urE.nBﬂE:
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