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Machine Learning: mas de 60 anos de historia  pis@
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e :' ® A field of study that gives computers the

ability to learn without being explicitly
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- Profesor Arthur Samuel

e Primer programa de aprendizaje automatico desarrollado por Arthur
Samuel para IBM en 1952 para jugar a las damas

e | a primera conferencia de Machine Learning fue en Pittsburg en 1980
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¢, Porque ahora?
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La informacion esta siendo
desaprovechada, tantos datos
exceden las capacidades
MUNERER




El ML encuentra patrones en

grandes volumenes de datos,
generando modelos con una
gran capacidad predictiva
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Machine learning helps Ul
Health Care reduce surgical site
Infection by 74%, save $1.2

million

And that's not counting the value-based savings for reducing
those infections, says the machine learning co-developer the
University of lowa Hospitals & Clinics.

Herramienta para ayudar
en la toma de decisiones,
By Bill Siwicki | September 10,2018 | 12:31 PM n nn abaratamiento de costes

e 3 anos de estudio (finalizado 2016)

e E| modelo calcula el riesgo de infeccion y lo relaciona con intervenciones
especificas previniendo al doctor pre -y post-quirurgico.

e 174% del riesgo de infeccion en pacientes operados (general y colorectal)
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Johns Hopkins researchers use deep learning to big i)
combat pancreatic cancer

Early detection is key to treatment, and with Al-enabled detection Diagnéstico

methods nearly a third of pancreatic cancer cases could be found four to
12 months sooner, they say. temprano y

mayor precision

e Problema:

» Dificultad en el diagnostico - diagnostico tardio
* Incremento de casos que tiene que ver al radidlogo - incremento de errores

e Solucion =ML Deep Learning o aprendizaje profundo

* Miles de TACs de pacientes con cancer de pancreas para entrenar el modelo
* Aprende a detectar minimos cambios de textura en pancreas y alrededores
* Estiman un 30% de casos se podian haber detectado 4-12 meses antes
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PadChest: A large chest x-ray image dataset with multi-label annotated reports

Aurelia Bustos, Antonio Pertusa, Jose-Maria Salinas, Maria de la Iglesia-Vaya
(Submitted on 22 Jan 2019)

We present a labeled large-scale, high resolution chest x-ray dataset for the automated exploration of medical images along with their associated reports. This
dataset includes more than 160,000 images obtained from 67,000 patients that were interpreted and reported by radiologists at Hospital San Juan Hospital (Spain)
from 2009 to 2017, covering six different position views and additional information on image acquisition and patient demography. The reports were labeled with
174 different radiographic findings, 19 differential diagnoses and 104 anatomic locations organized as a hierarchical taxonomy and mapped onto standard Unified

Medical Language System (UMLS) terminology. Of these reports, 27% were manually annotated by trained physicians and the remaining set was labeled using a
supervised method based on a recurrent neural network with attention mechanisms. The |labels generated were then validated in an independent test set achieving a
0.93 Micro-F1 score. To the best of our knowledge, this is the largest public chest x-ray database suitable for training supervised models concerning radiographs,
and the first to contain radiographic reports in Spanish. The PadChest dataset can be downloaded from this http URL.

Subjects: Image and Video Processing (eess.lV); Computer Vision and Pattern Recognition (cs.CV)
MSC classes: 92B20, 92C50, 68T50, 92B10
Cite as: arXiv:1901.07441 [eess.1V]

(or arXiv:1901.07441v1 [eess.IV] for this version)

* +160.000 radiografias de 67.000 pacientes

e (2009-2017) Hospital San Juan (Alicante)

e Radidlogos 27% diagnostico manual + red neuronal
supervisada

— 0.93 F-measure = medida del rendimiento
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Etiqueta imagenes de acuerdo con lo que ha aprendido

L

Optimizacion de
tiempo, herramienta
de ayuda

Labels [‘pulmonary mass’, ‘pacemaker’, ‘cardiomegaly’, ‘vascular hilar enlargement’, ‘sternotomy’, ‘dual chamber device’, ‘suture material’]
Localizations [‘loc lung field’, ‘loc right’, ‘loc hemithorax’, ‘loc hilar’, ‘loc cardiac’, ‘loc middle lung field’]

LabelsLocalizationsBySentence [[‘pulmonary mass’, ‘loc right’, ‘loc lung field’, ‘loc middle lung field’, ‘loc hemithorax’], [pacemaker’, ‘dual
chamber device’], ['cardiomegaly’, ‘loc cardiac’], [‘cardiomegaly’, ‘loc cardiac’], ['vascular hilar enlargement’, ‘loc hilar’], ['sternotomy’, ‘suture
material’]]

labelCUIS ['C0149726’ ‘C0030163’ ‘C0018800’ ‘C0185792' ‘C2732817’ ‘C4305366]

LocalizationsCUIS ['C0225759’ ‘C0444532' ‘C0934569’ ‘C0205150’ ‘C1522601’ ‘C0929434]
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L as herramientas de Machine
[ earning son dificiles de utilizar,
barrera técnica de entrada
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BIgML es una
plataforma online
creada con el objetivo
de democratizar el ML
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. : . - Scripts, Libraries
Core ML workflow: Evaluations, . Association Discovery, . e
Prototyping and Beta source, dataset, model, Batch Predictions, Anomaly Detection, Correlations, Samples, Executions, WhizzML, ~ Boosted Trees,
orediction SreerihEs. SurlEuE Clusters, Flatline Statistical Tests Logistic Regression, Time Series, Deepnets
’ Topic Models

6 patentes otorgadas y 12 patentes solicitadas

Pionera en Machine Learning as a Service desde 2011
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1. Crea una fuente o source
2. Entiende tu tabla de datos
3. Entrena un modelo

4. Evalua el modelo

—

5. Obtén una prediccion

[ -
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1. Crea una fuente o source

Sube tus datos a BigML
e Drag & drop = CSV o Excel

* (Google Drive, Google Storage, Dropbox o Azure

e URL remota

m Datasets Supervised = Unsupervised = Predictions = Tasks WhizzML -

Sources

- BigML, Inc



m Datasets Supervised = Unsupervised = Predictions = Tasks

1. Crea una fuente o source

Diabetes.csv

Instance 1

Analisis automatico de los datos

Pregnancies 6

e Deteccion de tipo de variable
e Analisis de texto (NLP)

e Deteccion de fecha

Glucose

Blood pressure

Skinfold

Insulin

BMI

Diabetes pedigree

Age

=
©
()

Diabetes

Show 100 u fields 1to 9 of 9 fields
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7. Entiende tu tabla de datos

m Datasets Supervised = Unsupervised = Predictions = IESE

e 1-Click dataset _

. . . 7 / ' 1[4
e Distribucién de parametros = avepm——

Instance 1
£ .5

t* £ 1-CLICKENSEMBLE

* Metricas estadisticas de cada
Variab‘e Sources Supervised = Unsupervised = Predictions = Tasks WhizzML -

Diabetes

Missing Errors Histogram

Pregnancies IIII
I....--

Minimum: 0.00
llllllIII Meah: S
Median: 3.00
Maximum: 17.00
Std dev:  3.37
Kurtosis: 0.15

Skewness: 0.90
TR =

Blood pressure
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2. Entiende tu tabla de datos ¥ Loguree

18.0

- T

* Visualizacion scatterplot: N
. R ...lllllll“"l""l"“lllllll

10.00

e Separacion datos (1-Click):

- 80% — entrenamiento

8.00

- 20% — evaluacion

6.00 (X XK. 1 XX o

S, i
4.00 ® @Pe P o @ Cr @ P llIIII IIIII.III

eapw o@PaC Cwm®wme( D o

2.00 o o0 @& Do G ® o

' 0y tum ety ) il
I AR R O N Il ...

Q.
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X | Glucose 123 R Color | piabetes
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diahs ADD FIELDS
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/pe
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JOIN DATASETS
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2. Prepara una tabla de datos

* Transformacion de datos: filtrado de datos y transformaciosnes de tabla

Supervised = Unsupervised = Predictions = Tasks WhizzML =

Diabetes - B &G. @~ @

O,

e -
T TRAINING | TEST SPLIT ADD FIELDS

| .[f SAMPLE =+2 AGGREGATE INSTANCES

x
=.= REMOVE DUPLICATES MERGE DATASETS

Type
SETEED | I FLUTER JOIN DATASETS

ORDER INSTANCES ."I""lllllll

0
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3. Entrena un modelo big (i1}

CLASSIFICATION AND REGRESSION TIME SERIES

SUPERVISED

O
O
| -
©
L

UNSUPERVISED

CLUSTER ANALYSIS  ANOMALY DETECTION  ASSOCIATION DISCOVERY  TOPIC MODELING PCA
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3. Entrena un modelo — OptiML

Test_dataset_OptiML

* Machine learning solbre machine

Processing dataset |||NNNNNRRRRRRRRRNRRRR0ONN 58.2%
learning g
. . . s 7 g ELAPSED TIME PROCESSED DATA CREATED RESOURCES
. OptlmlzaC|on automatica 00:28:07 EVALUATED 391 65 MB 89
- - MODELS -

considerando todas las
combinaciones posibles de
algoritmos y parametros

31
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3. Entrena un modelo

* Selecciona la variable objetivo

® 2 opciones para crear el modelo:

-Utlliza la opcion 1-click
(automatizada y optimizada)

-Configurar parametros

Age

Diabetes

Diabetes

8y
=
nt P P 4

:‘ﬁa ENSEMBLE

/ ¥ LOGISTIC REGRESSION

:{‘ DEEPNET

E TIME SERIES

&‘ OPTIML

123
Obijective field

"¢>” CLUSTER

3.7 ANOMALY

U7 AssoCIATION

&‘ TOPIC MODEL

X PCA
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3. Entrena un modelo big (i1}

e Visualizacion del modelo * Visualiza que campos tienen mas impacto en
el modelo

Diabetes: true 78.47% Sources Datasets Unsupervised ¥  Predictions ¥  Tasks
Model Summary Report

Predictions for: Diabetes i ' y : Diabetes

o Diabetes: ?
Prediction path

Glucose

29.21%
true

Confidence: 78.47% Glucose

14 instances
1.82% of data

17.36%
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4. Evalua el modelo

¢ \/isualiza |a matriz de confusion

e Métricas de evaluacion

-Exactitud

-Precision

-Recall

-F-measure

-Coeficiente-Phi

Diabetes | Training (80%)

SN . D O M

Positive class: false

true

PREDICTED

33

55

Diabetes | Test (20%)

ACTUAL

98

56

154

68.38%
AVG. PRECISION

77.55%

58.93%

68.24%
AVG.RECALL

0.7716

F-measure

0.3662

Phi coefficient

BigML, Inc
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5. Obtén una prediccion big @)

. P red i CC i O n eS i n d iVi d u al eS Sources Datasets Supervised = Unsupervised = Tasks WhizzML =

New Batch Prediction .

e Predicciones en serie de varias

: - SR B L Q
instancias o batch predictions

Nuevo ejemplo Prediccidon Confianza

| %

MODELO

- BigML, Inc



Casos de uso
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inDemand it

#1 Acra & BigML

Problema

Reingresos en la UCI en menos de
72h de dar el alta

* tiempo medio estancia: 21 dias
* pacientes reingresados: 30 dias +
Triesgo de muerte

- BigML, Inc



inDemand@i:mt

#1 Acra & BigML

Problema

Datos

* Constantes monitorizadas
* Medicacion administrada

* Pruebas medicas

* Historia clinica del paciente

Reingresos en la UCI en menos de
72h de dar el alta

* tiempo medio estancia: 21 dias
* pacientes reingresados: 30 dias +
Triesgo de muerte

- BigML, Inc



#1 Acra & BigML oig )

Problema

Datos

Objetivo

.+ Constantes monitorizadas Predecir la probabilidad de reingreso

* Medicacion administrada

* Pruebas medicas

* Historia clinica del paciente g

Reingresos en la UCI en menos de

¢Alargar la estancia?
/2h de dar el alta

|

Ayuda en la toma de decisiones,

* tiempo medio estancia: 21 dias
* pacientes reingresados: 30 dias +
Triesgo de muerte

herramienta de prevencion
- BigML, Inc




=48 Artificial neural network model for predicting the
bioavailability of tacrolimus in patients with renal
tra nsplantathn https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0191921#sec012

Kalluri Thishya, Kiran Kumar Vattam, Shaik Mohammad Naushad, Shree Bhushan Raju, Vijay Kumar Kutala [=]

Published: April 5, 2018 e https://doi.org/10.1371/journal.pone.0191921

Problema

e W

%\I\

¢ ]

1.1 variabilidad
farmacocinética del tacrolimus

2. Diabetes post-transplante



-»8 Artificial neural network model for predicting the
bioavailability of tacrolimus in patients with renal

tra n s p I a nta tl 0 n https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0191921#sec012

Kalluri Thishya, Kiran Kumar Vattam, Shaik Mohammad Naushad, Shree Bhushan Raju, Vijay Kumar Kutala [=]

Published: April 5, 2018 e https://doi.org/10.1371/journal.pone.0191921

Datos

Problema

e W

-

4

* Historial clinico
 Polimorfismos asociados a
actividad enzimatica: CYP3AS y

2 ABCB1

Objetivos

1.1 variabilidad 1. Predecir dosis terapeutica
farmacocinetica del tacrolimus

2. Diabetes post-transplante 2. Predecir riesgo de diabetes



28 Artificial neural network model for predicting the
bioavailability of tacrolimus in patients with renal

tra n S p I a nta tl o n https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0191921#sec012

Kalluri Thishya, Kiran Kumar Vattam, Shaik Mohammad Naushad, Shree Bhushan Raju, Vijay Kumar Kutala [=]

Published: April 5, 2018 e https://doi.org/10.1371/journal.pone.0191921
Datos Modelo

Problema

* Historial clinico
 Polimorfismos asociados a
actividad enzimatica: CYP3AS y

ABCB1

Objetivos

1.1 variabilidad 1. Predecir dosis terapeutica
farmacocinetica del tacrolimus

2. Diabetes post-transplante 2. Predecir riesgo de diabetes




Resultado 1

-—-Men -=\Nomen @ --Men -=Women
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Bioavailability of Tacrolimus | >
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Bioavailability of Tacrolimus
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Bioavailability of tacrolimus

- Dimorfismo sexual: edad, IMC, factores genéticos
- Interaccion genética entre CYP3A5*3 con 2
variantes de ABCB1



Resultado 1 > Resultado 2

-—-Men -=\Vomen -—-Men -w=Women

Ll

Odds ratio 95% CI
1.02 0.95-1.09
1.81 0.33-10.07

Body mass index 1.06 0.86-1.30

CYP3A5*3 1.73 0.70-4.28
ABCB1 1236 C>T 2.59 0.79-8.50
ABCBI1 2677 G>T/A 4.83 1.22-19.03
ABCB1 3435 C>T 0.86 0.34-2.19

S

Bioavailability of Tacrolimus | >
Bioavailability of Tacrolimus

O = N WO o OO O N O

20 25 30 35
Body mass index (Kg/m2)

- Revela asociacion entre ABCB1 2677 y el riesgo de padecer
diabetes
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Herramienta para
Implementar la medicina de
precision

Bioavailability of tacrolimus

- Dimorfismo sexual: edad, IMC, factores genéticos
- Interaccion genética entre CYP3A5*3 con 2
variantes de ABCB1



- WTime to treatment prediction in chronic lymphocytic
leukemia based on new transcriptional patterns

l%. Adrian M. Orgueira® =, Beatriz A. Rodriguez® 2, Natalia A. Vence!, Angeles B. Lépez' 2,

José Angel D. Arias!, Nicolas D. Varela!, Marta Sonia G. Pérez!, Manuel Mateo P. Encinas’ 2 and José

Luis B. Lopez' > L |
https://www.frontiersin.org/articles/10.3389/fonc.2019.00079/abstract

IComplejo Hospitalario Universitario de Santiago, Spain

Problema

Comienzo del tto en la Leucemia
Linfocitica Cronica (LLC)

Objetivo

|dentificar si la progresion de LLC
esta ligada a un patrén de
expresion concreto


https://www.frontiersin.org/articles/10.3389/fonc.2019.00079/abstract

W Time to treatment prediction in chronic lymphocytic
leukemia based on new transcriptional patterns

.%. Adrian M. Orgueira® <, Beatriz A. Rodriguez’ 2, Natalia A. Vence!, Angeles B. Lépez’ 2,
José Angel D. Arias!, Nicolas D. Varela!, Marta Sonia G. Pérez!, Manuel Mateo P. Encinas’ 2 and José

Luis B. Lépez!- o |
https://www.frontiersin.org/articles/10.3389/fonc.2019.00079/abstract
IComplejo Hospitalario Universitario de Santiago, Spain

Datos [~ Modelo

Problema

Comienzo del tto en la Leucemia * Expresion de RNA (290 genes)
Linfocitica Cronica (LLC) * Estado de la mutacion en la
cadena pesada de la Ig

Objetivo

|dentificar si la progresion de LLC
esta ligada a un patrén de
expresion concreto


https://www.frontiersin.org/articles/10.3389/fonc.2019.00079/abstract

- WTime to treatment prediction in chronic lymphocytic
leukemia based on new transcriptional patterns

.%. Adrian M. Orgueira® <, Beatriz A. Rodriguez’ 2, Natalia A. Vence!, Angeles B. Lépez’ 2,
José Angel D. Arias!, Nicolas D. Varela!, Marta Sonia G. Pérez!, Manuel Mateo P. Encinas’ 2 and José

Luis B. Lopez' > o |
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Problema Datos » Modelo

Comienzo del tto en la Leucemia * Expresion de RNA (290 genes)
Linfocitica Cronica (LLC) * Estado de la mutacion en la
cadena pesada de la Ig

Objetivo
|dentificar si la progresion de LLC Progreso de la
esta ligada a un patrén de Resultado
expresion concreto enfermedad en Estratificacion de pacientes
diferen te? grupos 4 grupos, diferentes comienzos de
de pacientes tratamiento


https://www.frontiersin.org/articles/10.3389/fonc.2019.00079/abstract

#4 BigML - Pfizer big I’

Modelo Prediccion

* Multiples aplicaciones

* ;Se aprobara el
farmaco’

* ;,Se rechazara el
farmaco”?

Fase Pre-clinica

Segmentacion y prediccion de la aceptacion
del farmaco

Optimizacion 1+D

Fase Clinica
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QuUE €es big@

https://bigml.com/about

Videos de Educacion

https://bigml.com/education/vi
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—Ntrenamiento

https://bigml.com/pricing#training

Certificaciones

https://bigml.com/certifications

ocumentacion
https://bigml.com/documentation/dashboard/

\ersiones

Privadas

https://bigml.com/private-deployments

Tutoriales

https://bigml.com/tutorials/

mtroduccion a ME BEOBN

https://bigml.com/mI101/

Clientes
https://bigml.com/customers

B

~[eCios
- https://bigml.com/pricing
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Medicina predictiva

O CLASSIFICATION o ; Tendra este paciente que someterse a dialisis”?
REGRESSION e ; Cuantos dias estara este paciente en el hospital?

TIME SERIES FORECASTING e Disponibilidad en lista de espera de los proximos meses

e [stratificacion de pacientes, grupos de pacientes que tienen

CLUSTER ANALYSIS . e
caracteristicas similares

ANOMALY DETECTION e ; Esta funcionando un aparato medico de forma inusual?

ASSOCIATION DISCOVERY e ; Qué caracteristicas estan asociadas con una determinada enfermedad?

BigML, Inc



