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APRENDIZAJE AUTOMATICO

* En general, es un subcampo de la Inteligencia
Artificial, cuyo objetivo es hacer que las maquinas
aprendan.

- En la practica, consiste en crear modelos a partir
de datos, y por tanto es cercana a algunas partes
de la Estadistica. Este es el punto de vista de la
asignatura.



SISTEMAS DE RECOMENDACION

* Ejemplo: Santander Product Recommendation (Sistemas
recomendadores)
« https://www . kaggle.com/c/santander-product-recommendation/data

* Premio de $60000. 1787 equipos. Hace 2 anos.

» Proporcionaban 1.5 anos del comportamiento de clientes del
banco: qué productos habian comprado: cuenta de ahorro,
tarjeta de crédito, fondo de pension, ... y datos demograficos
renta, edad, sexo, localizacion, ...)

- El objetivo era predecir que productos adicionales compraria el
cliente el Ultimo mes (Junio de 2016)



Llega nuevo cliente:

» Datos especificos: edad=50 afos,
sexo=mujer, localidad=22500, ...

» Productos que compro / uso: tarjeta
crédito y fondo de pension

Datos Entrenamiento

Base de datos bancaria: para cada

Cliente: Algoritmo

» Datos especificos: edad, sexo, De Modelo
localidad, ... Aprendizaje

» Productos que compro / uso: tarjeta @
crédito, fondo de pension, acciones,
cuenta de ahorro, ... Comprara acciones y

nuevo fondo de pension



APLICACIONES DE MINERIA DE DATOS
(TECNICA DE CARACTER HORIZONTAL)

* Financieras y banca
« Obtencion de patrones de uso fraudulento de tarjetas de
crédito
« Prediccion de devolucion de créditos
« Andlisis de mercado:
- Sistemas recomendadores (andlisis de cesta de la compra)
« Segmentacion de mercado

- Seguros y salud privada: determinacion de clientes
potencialmente caros

- Educacion: deteccion de abandonos

» Industria: Prediccion de la demanda eléctrica, de
gelsyele.



PREDICCION DEMANDA ELECTRICA
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APLICACIONES 11

- Medicina: diagndstico de enfermedades (gj:
diagndstico de dolor abdominal)

» Ciencia:
« Andlisis de secuencias de profeinas
« Predecir siun compuesto quimico causa cancer

* Predecir si una persona puede tener potencialmente una
enfermedad a partir de su DNA

 Clasificacion de cuerpos celestes (SKYCAT)
AR A

« Deteccion de spam (SpamAssassin, bayesiano)

« Web: asociar libros gue compran usuarios en e-tiendas
(amazon.com)
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TEMARIO

Infroduccién al aprendizaje automadatico
a) Tareas, modelos y algoritmos
b) Conceptos bdsicos en clasificacion.

Métodos bdsicos para clasificacion y regresion:

1. Modelos basados en similaridad: vecino
mas cercano (K-Nearest Neighbor KNN)

2. Modelos basados en drboles y reglas

Metodologia en aprendizaje automdatico
(machine learning pipeline)

1. Entrenamiento
2. Ajuste de hiper-parédmetros
3. Evaluacion (validacion cruzada)

Seleccion y transformacion de atributos



TEMARIO

1. Introduccion al aprendizaje automdtico
a) Tareas, modelos y algoritmos
b) Conceptos bdsicos en clasificacion.

2. Me’rodos bdsicos para clasificacion y
regresion:

1. Modelos basados en similaridad: vecino
mds cercano (K-Nearest Neighbor KNN)

2. Modelos basados en arboles y reglas

3. Metodologia en aprendizaje automadtico
(machine learning pipeline)

1. Enfrenamiento
2. Ajuste de hiper-parédmetros
3. Evaluacion (validacion cruzada)

4. Selecciony fransformacion de atributos



TEMARIO

2.

Metodologia en aprendizaje automdtico
(machine learning pipeline)

1. Enfrenamiento
2. Ajuste de hiper-paradmetros
3. Evaluacion (validacién cruzada)
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TEMARIO

Pre-proceso de datos

Imputacién, normalizacion, ...

Seleccioén y fransformacion de atributos (o predictores, o
caracteristicas)



TEMARIO

5. Métodos avanzados para clasificacién y
regresion.
a) Conjuntos de modelos (ensembles):
a) Bagging, Random Forests
b) Boosting, Gradient Boosting
c) Stacking
b) Oftros métodos avanzados:
a) Redes de neuronas
b) Maquinas de vectores de soporte

6. Clasificacion y evaluacion con coste y
muestras desbalanceadas. Curvas ROC

/. Introduccion a técnicas de Big Data:
d) MapReduce
b) Spark



TEMARIO

5. Meétodos avanzados para clasificacion y
regresion. Conjuntos de modelos (ensembles):

a) Bagging, Random Forests
b) Boosting, Gradient Boosting
c) Stacking

d) (Otfros métodos avanzados: redes de
neuronas, mMaquinas de vectores de
soporte)

4. Clasificaciéon y evaluacion con coste y
muestras desbalanceadas. Curvas ROC

/. Introduccion a técnicas de Big Data:
ad) MapReduce
b) Spark



TEMARIO

5. Meétodos avanzados para clasificacion y
regresion. Conjuntos de modelos (ensembles):

a) Bagging, Random Forests
b) Boosting, Gradient Boosting
c) Stacking

d) (Otfros métodos avanzados: redes de
neuronas, mMaquinas de vectores de
soporte)

6. Clasificacion y evaluacion con coste y
muestras desbalanceadas. Curvas ROC

7. Introduccioén a técnicas de Big Data:
a) MapReduce
b) Spark



EVALUACION

- EXAMEN.
RSTUDIO . PRACTICAS
T — ——1° Practica 1: aprendizaje
i automadtico
T » Prdctica 2: clasificacion con
TmemIew 7 muestras desbalanceadas
. | Practica 3: Big Data en R
= | (Sparklyr)Rstudio / SparkR
- sparklyr

ML Extensions

Apache Spark




;POR QUE MLR?

- Hay muchas librerias de aprendizaje automatico para R,
PEro suU UsO NO e€s siempre uniforme:
« modelo = metodo(output ~ ., datos)
« modelo = metodo(output ~ inputl+input2+input3+input4 , datos)
- modelo = metodo(datos[,inputs], datos$output)

« Algunos necesitan dataframes, otros matrices

- Con MLR, se hace igual con todos los métodos:
« tarea = makeClassifTask(data = datos, target = “output”)
« metodo = makelearner(*metodo’)
« modelo = train(metodo, tareaq)



;POR QUE MLR?

- Hay muchas operaciones que hay que hacer
tipicamente en aprendizaje automdatico:
« Ajustar hiper-pardmetros

Obtener predicciones de los modelos

Tratar problemas con muestras desbalanceadas

e L mlr workflow

Preprocess

ke Create Task

Set hyper-

parameters Create learner
dlNd LETS

Tune
parameters

Train model

Resampleand
measure

Make
predictions

Source: https://github.com/mir-org/mir/blob/master/addon/cheatsheet/MIrCheatsheet.pdf

Evaluar a los modelos. Dividir en entrenamiento y test, ...



BIBLIOGRAFIA PRINCIPAL

- Applied predictive modeling. Max Kuhn. 2013

* Machine Learning with R Cookbook. Chiu Yu-Wei. 2015
* http://proquest.safaribooksonline.com/9781783982042

* MLR: Machine Learning in R
 Tutorial: hitps://mir-org.github.io/mir

 Cheatsheet:

https://github.com/mir-org/mir/blob/master/inst/cheatsheet/MIrCheatsheet.pdf
Articulo: MLR: Machine Learning in R. Journal of Machine Learning Research 17 (2016) 1-5


https://mlr-org.github.io/mlr/

Source: https://github.com/mIr-org/mir/blob/master/addon/cheatsheet/MIrCheatsheet.pdf

Machine Learning

with R

uctio

miroffers a unified interface for the basic building
blocks of machine learning: tasks, learners,
hyperparameters, etc.

Tasks contain a description of a task [classification,
regression, clustering, etc.) and a data set.

Learnersspecify a machine learning algorithm [GLM,
SVM, xgboost, ete.) and its parameters,

Hyperparameters are learner settings that can be
specified directly or tuned. A parameter set lists the
possible hyperparameters for a given learner.

Wrapped Models are learners that have been
traied on a task and can be used to make
predictions.

Predictions are the results of applying a model to
either new data or the original training data.

Measures contral how learmer performance is
evaluated, e.g. RMSE, LogLoss, AUC, etc.

Resampling estimates generalization performance
by separating training data frem test data. Commen
strategies include holdout and cross-validation.

Links: Tutorial | CRAN |Github

mlr workflow

Preprocessing data
createDummy Features (obj=, target=, methods, cols=}
reates (0,1} flags for each non-numenic variable excluding
target Can be appled ta entire dataset or anly specific cols

normalizeFeatures(obj=, target=, method=, cols=,
range=, on._constant=

Hormalizes numerical features according to specified method

= “cemter”|subtract mean)

= "scale”ddivide by std. deviation)

» "standardize”{centerand scale)

» "range"{linear scale to ghven range, default range=c(8, 1]

mergeSmallFactorlevels|task=s, cols=, min_perc=)
Combine infrequent factor kevels into a single merged level

sunmarizeColumns|obj= ) where obj ks adata frame or task,
Frovides type, NA, and distributional data about each column

See also caplargeValues dropFeatures
removelonstamtFeatures sumarizel evels

Creating a task
makeClaszifTask|data=, tarpet=)

ﬁE Classificationof a tafg\!t warlahle, with

optlonal positive class positive

nakeRegrTask (data=, target=)
I:JI 63 100 Regression on a target variable

makelul tilabel Tack(data=, target=]
Classification where the target can belong
i more than ona class per cbservation

'@ + * makeClusterTask(data=)

L g Unzupervsed clustering on a data set
nakeSuryTask (data=, target=
c("time”, "event™)}

Survival analysts with a surdval time
<alumn and an event column

makeCostSensTask{datas, costs=)
Costsensitive classification where each
absarvation-cost pair has a specified cost
Other arguments that can be passed to a task:
= weight==Welghting vector to apply to ohservations

* blocking=Factorvector where each level indicates a block of
whservations that will not be splt up in resampling

Making a learner
makelearner{cl=, predict. type=, . . . par .vals=)
Choose an algorithm class to perform the task and determine
what that algarithm will predict

clmameufalgﬂnmm e.g "classif. xphoost™
“regr.randomforest” "cluster_ keeans”

+  predict.type="response”retums a prediction type that
matches the source data; “prob” retums a predicted
probabllity for classification problems only; "se” retums the
astandard error of the prediction for regression problems
anly, Only cartain leamers can retum “prob”and "se”

*  par.vals=takesalist of hyperparametersand passes them
10 the leamer; parameters can alse be passed directly (]

ou can make multiple leamers at once with makelLearners( )

mlrnas Integrated aver 170 different learning algorithms
Full list: Vaew(listlearners(}) shows 3l leamers
+ avallable learners for a task: View| listlearners(task] )
»  [Filtered list View(listlearners ( "classif”,
properties=c(“prob”, "factors™)) }‘EhD\‘isall
classification learnars "clha:lf which can predict
probabilities "prob” and handle factor inputs “factors”
+  %eealse getlearnerProperties()

B = I TP o Py s | P [P PSPPI SPury eSS o ISP Y Y S S PSP I e Pt oo

Setting hyperparameters
settyperPars|leamers, )
q St the hyperparameters fsettings) for each
oy V learmer, i you don't wank to use thedefaulis.
‘iou can also specify hyperpammeters in the
nrou nds makel earner( ) call

]\ getParrtetilearner=]
Show the possible universe of parameters for
n your leamen can taka a ksmer directly, or a
text string such as " classif.qda”

Train a model and predict
train{learner=, task=)

Train a model (Hrappedicde X by
Applying a leamer to a task, By default,
the madel will train on all observations,
The underlying madel can be extracted
with getLearnertodel ()

predict(cbject=, task=, newdata=]
Use a tralned model to make predictions
an atask or dataser. The resulting pred
abject can ke viewed with View(pred)
or accessad by as . data. frane|prad)

Measuring performance
performance (preds, measures=
Calculate performance of predictions according te one or more of
several measures (use ListMeasures( ) for full list):
- «classif ace auc bac ber brier[.scaled] f1 fdr fn
for fp fpr geean multiclass[.aulu .3ung .3unu
.brier] npv ppv gsr ssr o tn tnr tp tpr whkappa
reégrarsqg expvar kendalltau mae mape medaes
medse mse msle rac rmse rusle rrse rsqosse
spearmanrho sse

rdb dunn G1 G2 silhouette
= multilabel multilabel[ . f1 .subset@l _tpr .ppw

.acc _hamloss]

SEMNs mCp meancosts
V cindex
= other featperc tineboth timepredict timetrain

= «luste

For detadled performance data on classification tasks, usea:
= calculateConfusionMatrix(pred=)
= calculateROCMeasures{preds)

Resampling a learner
nakeResampleDezc(method=, . . . stratify=)
methodmust be ane of the following:
= OV feross-validation, for number of folds use iters=
= "Lo0"{leaveaneout cross-validation, for folds use dters=)
"ReplV"{repeated crossvalldation, for number of repetitions
wse reps=, for folds use folds=)

"Subsample” {aka Monte-Carlo cross-walidation, for iterations.
wse iterss, fortrain % e split=)

= "Bootstrap”{outof-bag bootstrap, uses iters=)

= "Holdoart” {fortrain % use split=]
stratifykeeps target proportions consistent across samples.

makeResamplalnstance|descs, task=) canreduce nokse by
ensuring the resampling is done identically every time,

resample{learner=, task=,resampling=, measures=)
Trainand test model accorr.hngl.o specified r?samnllngstla‘teg'.'

mirincludes several prespecified resample descriptions: cv2{z-
fiold cross~validation], cvi, ews, w1, hoart {holdout with split
23 for training, 13 for testing).

Convenlence functions also exist to resample( bwith a specific
stratepy: crossvall ), repev( ). holdowt (), subsample ),
bootstrap0B( ), bootstrapBE32( ), bootstrapB63Zplus| )

Refining Performance

Tuning hyperparameters

Set search space using makeParamSet (makectype>Paran() |

- makeNumericParam{id=, lowers, upper=, trafo=|

»  makeInteperParam(id=, lower=, upper=, trafo=)

- makeIntegerVectorParan(id=, len=, lower= upper=,
trafo=)

= mak ED:ts:meP:l':fn{id:, walues=c(. ..} }can also be
used to test descrete values af numenic or integer parametars]

trafotransforms the parameter output wsing a specified

function, e.p. lower=-2, upper=2, trafo=functionx) 18"

would test valwes between 0.01 and 100, scaled exponentially

Other acceptable parameter types include Logical

LogicalVector CharacterVector DiscreteVector

Set a search algorithm with make TuneControltypes ()
Grid(resolution=18L ) Grid of all passible points

= Randon(ma:xit=1088) kandomly sample search space

= MBO{budget=) Use Bayeslan modebbased optimization

= Irace(n.instances=)iterated racing process

= Other types: CHAES, Design, GenSA

Tune using tunsParans | learner=, task=, resampling=,
measuress,par. set=, control=)

Quickstart

Prepare data for training anc
library({mlbench)
datalSoybean)
soy = createDumyFeatures(Soybean, target="Class")
tzk = makeClazsifTazk(data=soy, target="Clasz"}
ho = nakeResamplelnstance( Holdowt”  tsk)
tsk.train = subsetTask(tsk hoftrain. inds[[1]]}
tsk_test = subsetTask(esk, hoftest inds[[1]])
Corvert the factor Inputs in the Soybean dataset into (0,1} dummy
features which canbe used by thelGhoost algarithm. Create a
task to precict the “Class” column, Create a train set with 2/3 of
data and a test sat with the remaining 1/3 [default),

Create learner and evalu
Irn = makelearner| "classif. xgbn-n_.t nrounds=18)
cv = nakeResampleDesc( "OV", iters=5)
res = resample(len,tsk .tr-ain,c-.r,acl:}
Create an KGhoost kearmer which will bulld 10trees. Then test
pedormancewng;sloldcross-valldatlon. Au:curacyshnuld be
between DUA0M0.52,

Tune hyperparameters and retrain model
ps = makeParanSet{makeNumericParan| "eta”, 8,1},
makeNumericParam| " lambda™, 8, 208),
makeIntegarParam( “max_depth™, 1, 28))
tc = makeTunelontrolMB0| budget=188)
tr = tuneParans|len, tsk.train, o3, 3cc, ps, tc)
1rn = setHyperPars(len,par vals=trdx)
Turbeh{uerualameterseu Lambda, andmax_depthivy defining
asearch space and using Model Based Dptemization (MBO} to
controd the search, Then perform 100 rounds of Sfold cross-
walldation, impraving accuracy to -0.53. Update the XGboost
teamer with the tuned hyperparameters.

mdl = train(lrn,tsk_train)

prd = predict(mdl, tsk.test)
calculateConfusionMatric|prd)

mdl = train(len,tsk)

Trakn the model on the train set and make predictions on the test
set. Show performance as a confusion matra Finally, re-train
maded an the full 22t to use on new data. You are now ready to go
out into the real world and make 93'% accurate predictions!

Legend for functions {not all parameters shown):
function|required parameters=, optional parameters=)




BIBLIOGRAFIA SECUNDARIA

- Mastering Machine Learning with R. Cory Lesmeister. 2015
- http://proquest.safaribooksonline.com/9781783984527

- R for Data Science. 2017
« hitp://rdds.had.co.nz/

- Data Mining: Practical Machine Learning Tools and
Techniques, Third Edition (The Morgan Kaufmann Series in Data
Management Systems)

- En esta referencia se usa WEKA (en lugar de R), pero los conceptos
principales de Machine Learning estan bien explicados.



