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1. Algunos principios generales

Aplicaciones al mundo real
! Tenemos más datos que conocimientos (Pepe 

Mira)

Las técnicas de Aprendizaje Automático (o Minería 
de datos) buscan regularidades en los datos
! Estadísticas
! Máquinas de Vectores Soporte (SVM),
! Métodos kernel, 
! Selección de variables, …
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1. Algunos principios generales

Solución

! Función que vincula datos de entrada con salidas
! Descubrimiento de factores relevantes
! Agrupamiento (clustering) de clases, individuos, 

…

!
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2. Control del Tráfico Urbano

Arquitectura conceptual de un 
controlador del tráfico urbano adaptativo

Timing Management

Queue management Other demand Indicators

Interface

Users Other transport
management systems

Detectors

Urban Network

Implementation in the
network
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Determinación de la cola de vehículos: en la 
calle

Vehículos
no detectados
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Determinación de la cola en el detector
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la cola sobrepasa del detector

Tiempo de verde
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3. Medicina

o Con el equipo de la UCI del HUCA (Hospital Universitario 
Central de Asturias) 

o El objetivo que perseguíamos era encontrar nuevos 
medios para predecir las probabilidades de 
supervivencia hospitalaria de enfermos admitidos en 
una UCI 
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Probabilidad de supervivencia UCI

¿Por qué predecir probabilidades de supervivencia UCI? 

o Estas predicciones se usan fundamentalmente para 
medir la eficacia de los tratamientos que aplican las 
UCIs. Deben ser evaluadas
! Se estima que los cuidados de las UCIs consumen entre el 

10% y el 12% de todos los gastos sanitarios 
! En 2001 el coste medio por día por paciente era de $3000 en 

USA

o Comunicaciones
! Los pacientes y sus familias piden predicciones tanto sobre la 

duración como el pronóstico de sus enfermedades
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Probabilidad de supervivencia UCI

Ya hay predictores disponibles, ¿por qué hace falta 
uno nuevo?

Estos predictores fueron 
inducidos de datos sobre miles de pacientes

• usando regresión logística

Los datos requeridos proceden de:
• dispositivos de monitorización, 
• análisis de laboratorio, y
• registros demográficos y diagnósticos
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Probabilidad de supervivencia UCI

o Hemos propuesto un nuevo método basado en SVM

o El conjunto de datos usado para establecer las 
comparaciones experimentales fue recolectado en 
UCIs generales en
!  10 hospitales en España, 

• 6 incluyen pacientes coronarios,

!  El número total de pacientes fue 2501 
• el 19.83% no sobrevivieron
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Optimizando AUC + ajuste de una sigmoide
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Optimización convexa

14

Minería de datos: Máquinas que Aprenden                                                                                                                              

Solución optima

Función de clasificación

Probabilidad
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Diferencias de Bs del SVM(AUC) y APACHE III

16

APACHE wins

SVM
AUC

 wins
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Conclusión

Todo lo anterior nos permite abordar el objetivo 
de este grupo de aplicaciones: 

construir sistemas predictivos fiables y baratos 
adaptados a distintas situaciones: 

o tipos de pacientes y 
o tipos de UCIs especializadas
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3 Grupos de variables

o Variables Clínicas, sin costo (C):
! edad, sexo, ventilación mecánica

! tipo paciente 

(Cirugía prog. o urgente, trauma., médico), 

!  procedencia (otro hospital, planta, …), 

!  test de Glasgow (Coma Score)

!  enfermedad crónica

!  grupo diagnóstico

Monitorización (M)
Laboratorio (L)

18

AUC Brier Score

All ICUs Coronary Non-coronary All ICUs Coronary Non-coronary

All 0.824± 0.007 0.824± 0.021 0.809± 0.020 0.121± 0.002 0.108± 0.004 0.146± 0.005
C+M 0.821± 0.008 0.823± 0.022 0.799± 0.021 0.122± 0.001 0.108± 0.004 0.150± 0.005
C+L 0.818± 0.008 0.809± 0.020 0.805± 0.018 0.123± 0.002 0.112± 0.004 0.149± 0.004
C 0.805± 0.010 0.794± 0.022 0.789± 0.021 0.126± 0.002 0.113± 0.004 0.158± 0.004

Table 5: Performance of survival predictions of SVMAUC by groups of ICUs and groups of variables using 10-fold cross validation. Small
differences (in bold) both in the AUC and Brier score indicate that monitoring has more relevancy than laboratory data in units with coronary
patients; in units without these patients, the opposite situation occurs

AUC Brier Score

All ICUs Coronary Non-coronary All ICUs Coronary Non-coronary

All 0.820± 0.008 0.816± 0.018 0.798± 0.018 0.123± 0.002 0.110± 0.005 0.149± 0.006
C+M 0.819± 0.009 0.824± 0.018 0.788± 0.022 0.123± 0.002 0.109± 0.005 0.152± 0.007
C+L 0.811± 0.008 0.799± 0.022 0.803± 0.016 0.125± 0.002 0.113± 0.004 0.147± 0.005
C 0.804± 0.011 0.797± 0.021 0.787± 0.020 0.126± 0.002 0.113± 0.004 0.153± 0.006

Table 6: Performance of survival predictions of LR by groups of ICUs and groups of variables using 10-fold cross validation. Small differences
(in bold) both in the AUC and Brier score indicate that monitoring has more relevancy than laboratory data in units with coronary patients;
in units without these patients, the opposite situation occurs

When we add monitoring or laboratory variables to
the clinical records, we almost reach maximum predictive
capacity. In the data set of patients from all units, the
differences are inappreciable. However, in ICUs with coro-
nary patients, monitoring is more useful for a prediction
task than laboratory variables. In contrast, the opposite
situation is true in units without coronary patients. These
results are consistent when we measure the performance
with AUCs or Brier scores.

Table 6 repeats the same situation, though in this case
measured with LR scores. Notice that the LR scores are
generally worse than those achieved by SVMAUC in Table
5.

3.2. Groups of patients
The second context in which we studied the differences

in the weight of variable groups arose from considering the
treatment location of patients immediately prior to ICU
admission. Table 7 reports the number and percentages
of patients for each location in the whole data set of 2501
patients and the percentage of deaths. Notice that sur-
vival percentages are dramatically different. We accord-
ingly used the situations with higher death rates in order
to further our knowledge of the weight of variables.

Thus, we now consider 3 contexts to study the per-
formance of the groups of variables as we did in the ex-
periments reported in the preceding subsection. Table 8
gathers the results so obtained using SVMAUC, while Ta-
ble 9 reports the scores obtained by LR.

We observe that in the case of patients coming from a
different hospital, no matter whether they come from an

ICU, ward, or any other location in the other hospital, lab-
oratory data are more predictive than monitoring, at least
measured in AUC with SVMAUC. If we learn using LR,
however, these observations could not be induced from the
obtained Brier score, see Table 9. One possible reason for
this behavior is that the number of patients in this situa-
tion is too small, only 179; in these cases (see the scores in
Table 3), the performance of LR decreases dramatically.

On the other hand, for patients who come from a ward
in the same hospital, monitoring devices are more useful to
predict their survival probabilities than laboratory data.

The third situation considered is that of patients ad-
mitted to an ICU subsequent to urgent surgery. The scores
of SVMAUC indicate that laboratory findings would be
more useful than monitoring. Once again, however, the
reduced number of data means that the LR scores do not
present any appreciable difference, since in this case mon-
itoring and laboratory variables have the same weight.

3.3. Discussion
We have described three prediction contexts in which

laboratory findings are more useful than monitoring in pre-
dicting survival: units without coronary patients, and pa-
tients coming from other hospitals or from urgent surgery.
In these cases, the risk of death of patients is usually re-
lated to multi-organ (respiratory, renal or hepatic) failure.
The medical way of controlling the evolution of these dis-
eases is by means of laboratory findings, which explains
the results obtained.

On the other hand, monitoring is more useful than lab-
oratory findings for patients coming from a ward in the
same hospital as the ICU under consideration, or for units

10
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La relevancia de las variables depende del 
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4. Ganadería

o Aprendizaje de una función de 
evaluación de toros y vacas

o Raza Asturiana de los Valles: 
especializada en producción de 
carne

o Investigación pedida por la 
Asociación de Criadores (ASEAVA)

20
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¿Qué se busca? ¿Para qué?

o Lo que se busca es un criterio de selección

o Valor económico de la canal descontando las 
diferencias de edad

o Muchos rasgos que influyen en este valor tienen altos 
índices de heredabilidad

o Sirve para medir lo acertado o no de otras estrategias 
de selección
! porque lo buscado es el feedback del mercado
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¿Qué se busca? ¿Para qué?

o Lo que se busca es un criterio de selección

o Valor económico de la canal descontando las 
diferencias de edad

o Muchos rasgos que influyen en este valor 
tienen altos índices de heredabilidad

o Sirve para medir lo acertado o no de otras 
estrategias de selección porque lo buscado es 
el feedback del mercado
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Evaluación del ganado como productor carne

Preguntar a los expertosMedidas 
zoométricas 

ahora

?
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Aprendizaje de preferencias

Los expertos son muy precisos cuando tienen que 
ordenar pequeños grupos de animales según el valor de 

sus canales

24
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Ajuste a edad fija: 1 año

๏ La evaluación se ajustará a una 
edad constante de 365 días

๏ Para esto es necesario disponer 
de modelos de crecimiento 
tanto de las evaluaciones como 
de las características 
morfológicas

3.6 Las fórmulas de calificación corregidas con la edad 33 

!

Aprendiendo a calificar utilizando preferencias 

!
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Representación de un bovino productor de carne

•L7

26
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Representación con selección de características

•L7

L7

 

L1 L2 

L4 

L3  

L5 

L6 CN 
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Representación con selección de características

3.4 Los conjuntos de ejemplos 17 

!

Aprendiendo a calificar utilizando preferencias 

!
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Preferencias sobre bovinos

Dado un conjunto de preferencias (expertos): 
pares

se representan en un espacio de Hilbert

Se busca una función real

tal que
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Preferencias sobre toros

La condición sobre f se puede expresar

Y entonces la mejor f es la que se obtiene como 
solución al problema de optimización convexa
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La función de evaluación (toros)

Function Assessment (L4, L5, L7, RP, d): the assessment
BEGIN

 
 

  
       
   END

L3 = (L4 + L5) ∗ 1.0984 + 6.23

L2 =
�

L32 − (L4 + L5)2

Assess = 2.3335
�

RP − 0.5
5

�
+ 3.43134

�
L7
L2 − 0.350115

0.20078

�

+3.35199
�

L7L4L5− 66180.4
132155.6

�

Assess = 3.741153202Assess + 67.05783015
Assess = Assess + 0.0357061(365–d)
return(Assess)
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ASEAVA está usando estas fórmulas

Más de 60.000 animales

32
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Nueva versión (2009)

Input: 
! Descripción del animal (medidas)
! fecha actual
! fecha predicciones

Output:
! Peso de la canal (en kilos)
! Calificación de la canal (ranking)
! Precio de la canal (en euros)
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Predicción peso de las canales según los días 
de antelación

!

34
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Aprender a ordenar aparece por todas partes 

o Google. Reto de individualizar (lo hace!!)

o Otros sistemas de recomendación:
• Genius (Apple)

• last.fm

• Amazon

• mystrands
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El mayor sistema de recomendación

o Se trata del mayor motor de búsqueda de la 
web, puesto que ofrece a los usuarios acceso a 
un índice compuesto por más de 8.000 
millones de URL.  

o El corazón de nuestro software es PageRank

36



Minería de datos: Máquinas que Aprenden                                                                                                                              

El mayor sistema de recomendación

37

August 2007 35

behavior. To understand this bias, we must
understand the user’s decision process.

First, which results did the user look at
before clicking? Figure 2 shows the per-
centage of queries for which users look at
the search result at a particular rank before
making the first click. We collected the data
with an eye-tracking device in a controlled
user study in which we could tell whether
and when a user read a particular result.3

The graph shows that for all results below
the third rank, users didn’t even look at the
result for more than half of the queries. So, on many
queries even an excellent result at position 5 would go
unnoticed (and hence unclicked). Overall, most users
tend to evaluate only a few results before clicking, and
they are much more likely to observe higher-ranked
results.3

Influence of rank. Even once a result is read, its rank
still influences the user’s decision to click on it. The blue
bars in Figure 3 show the percentage of queries for
which the user clicked on a result at a particular rank.
Not surprisingly, users most frequently clicked the top-
ranked result (about 40 percent of the time), with the
frequency of clicks decreasing along with the rank. To
some extent, the eye-tracking results explain this, since
users can’t click on results they haven’t viewed.
Furthermore, the top-ranked result could simply be the
most relevant result for most queries. Unfortunately, this
isn’t the full story.

The red bars in Figure 3 show the frequency of clicks
after—unknown to the user—we swapped the top two
results. In this swapped condition, the second result gained
the top position in the presented ranking and received
vastly more clicks than the first result demoted to second
rank. It appears that the top position lends credibility to
a result, strongly influencing user behavior beyond the
information contained in the abstract. Note that the eye-
tracking data in Figure 2 shows that ranks one and two are
viewed almost equally often, so not having viewed the sec-
ond-ranked result can’t explain this effect.

Presentation bias.More generally, we found that the
way the search engine presents results to the user has a
strong influence on how users act.4 We call the combi-
nation of these factors the presentation bias. If users are
so heavily biased, how could we possibly derive useful
preference information from their actions? The follow-
ing two strategies can help extract meaningful feedback
from clicks in spite of the presentation bias and aid in
reliably inferring preferences.

Absolute versus relative feedback
What can we reliably infer from the user’s clicks? Due

to the presentation bias, it’s not safe to conclude that a
click indicates relevance of the clicked result. In fact, we
find that users click frequently even if we severely

degrade the quality of the search results (for example, by
presenting the top 10 results in reverse order).3

Relative preference. More informative than what
users clicked on is what they didn’t click on. For
instance, in the example in Figure 1, the user decided

Figure 1. Ranking for “Jaguar” query.The results a user clicks on are marked
with an asterisk.

*1. The Belize Zoo; http://belizezoo.org  
2. Jaguar–The British Metal Band; http://jaguar-online.com  

*3. Save the Jaguar; http://savethejaguar.com  
4. Jaguar UK–Jaguar Cars; http://jaguar.co.uk  

*5. Jaguar–Wikipedia; http://en.wikipedia.org/wiki/Jaguar  
6. Schrödinger (Jaguar quantum chemistry package); http://www.schrodinger.com
7. Apple–Mac OS X Leopard; http://apple.com/macosx  
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Figure 2. Rank and viewership. Percentage of queries where a
user viewed the search result presented at a particular rank.
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Figure 3. Swapped results. Percentage of queries where a user
clicked the result presented at a given rank, both in the normal
and swapped conditions.
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La importancia del orden

T. Joachims, F. Radlinski. Search Engines that Learn from Implicit Feedback. IEEE 
Computer, Vol. 40, No. 8, August, 2007.
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Orden y lectura 

Porcentaje de veces 
que el usuario ve el 
resultado de la 
búsqueda presentado 
en una posición del 
ranking determinada
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behavior. To understand this bias, we must
understand the user’s decision process.

First, which results did the user look at
before clicking? Figure 2 shows the per-
centage of queries for which users look at
the search result at a particular rank before
making the first click. We collected the data
with an eye-tracking device in a controlled
user study in which we could tell whether
and when a user read a particular result.3

The graph shows that for all results below
the third rank, users didn’t even look at the
result for more than half of the queries. So, on many
queries even an excellent result at position 5 would go
unnoticed (and hence unclicked). Overall, most users
tend to evaluate only a few results before clicking, and
they are much more likely to observe higher-ranked
results.3

Influence of rank. Even once a result is read, its rank
still influences the user’s decision to click on it. The blue
bars in Figure 3 show the percentage of queries for
which the user clicked on a result at a particular rank.
Not surprisingly, users most frequently clicked the top-
ranked result (about 40 percent of the time), with the
frequency of clicks decreasing along with the rank. To
some extent, the eye-tracking results explain this, since
users can’t click on results they haven’t viewed.
Furthermore, the top-ranked result could simply be the
most relevant result for most queries. Unfortunately, this
isn’t the full story.

The red bars in Figure 3 show the frequency of clicks
after—unknown to the user—we swapped the top two
results. In this swapped condition, the second result gained
the top position in the presented ranking and received
vastly more clicks than the first result demoted to second
rank. It appears that the top position lends credibility to
a result, strongly influencing user behavior beyond the
information contained in the abstract. Note that the eye-
tracking data in Figure 2 shows that ranks one and two are
viewed almost equally often, so not having viewed the sec-
ond-ranked result can’t explain this effect.

Presentation bias.More generally, we found that the
way the search engine presents results to the user has a
strong influence on how users act.4 We call the combi-
nation of these factors the presentation bias. If users are
so heavily biased, how could we possibly derive useful
preference information from their actions? The follow-
ing two strategies can help extract meaningful feedback
from clicks in spite of the presentation bias and aid in
reliably inferring preferences.

Absolute versus relative feedback
What can we reliably infer from the user’s clicks? Due

to the presentation bias, it’s not safe to conclude that a
click indicates relevance of the clicked result. In fact, we
find that users click frequently even if we severely

degrade the quality of the search results (for example, by
presenting the top 10 results in reverse order).3

Relative preference. More informative than what
users clicked on is what they didn’t click on. For
instance, in the example in Figure 1, the user decided

Figure 1. Ranking for “Jaguar” query.The results a user clicks on are marked
with an asterisk.

*1. The Belize Zoo; http://belizezoo.org  
2. Jaguar–The British Metal Band; http://jaguar-online.com  

*3. Save the Jaguar; http://savethejaguar.com  
4. Jaguar UK–Jaguar Cars; http://jaguar.co.uk  

*5. Jaguar–Wikipedia; http://en.wikipedia.org/wiki/Jaguar  
6. Schrödinger (Jaguar quantum chemistry package); http://www.schrodinger.com
7. Apple–Mac OS X Leopard; http://apple.com/macosx  
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Figure 2. Rank and viewership. Percentage of queries where a
user viewed the search result presented at a particular rank.
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Figure 3. Swapped results. Percentage of queries where a user
clicked the result presented at a given rank, both in the normal
and swapped conditions. 39

Uso de lo 
encontrado

o Porcentaje de veces 
que el usuario ‘clica’ 
lo encontrado en las 
primeras posiciones 
del ranking (azul)

o En rojo cuando se 
intercambian las 2 
primeras posiciones
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Google’s PageRank (recommendations)

•web 
site 
xxx

•web site 
yyyy

•web site a 
b c d e f g

•web 

•site 

•pdq pdq ..

•web site 
yyyy

•web site a 
b c d e f g

•web 
site 
xxx

•Inlinks are good 
(recommendations)

•Inlinks from a good 
site are better than 
inlinks from a bad site

•but inlinks from sites 
with many outlinks 
are not as good...

•Good and bad are 
relative.

•web 
site 
xxx
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Google’s PageRank

•web 
site 
xxx

•web site 
yyyy

•web site a 
b c d e f g

•web 

•site 

•pdq pdq ..

•web site 
yyyy

•web site a 
b c d e f g

•web 
site 
xxx

!Imagine a 
“pagehopper” that 
always either

! follows a random 
link, or

! jumps to random 
page
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Google’s PageRank
(Brin & Page, http://www-db.stanford.edu/~backrub/

•web 
site 
xxx

•web site 
yyyy

•web site a 
b c d e f g

•web 

•site 

•pdq pdq ..

•web site 
yyyy

•web site a 
b c d e f g

•web 
site 
xxx ! PageRank ranks 

pages by the 
amount of time the 
pagehopper spends 
on a page:

! or, if there were 
many pagehoppers, 
PageRank is the 
expected “crowd 
size”
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Otros sistema de recomendación 
(Collaborative Filtering)

o Recomendadores populares

! Bestseller lists

! Top 40 music lists

! La estantería de “devoluciones recientes” en as 
bibliotecas

! Caminos no señalados pero bien marcados en los 
bosques

! Artículos más leídos en los periódicos

! ....
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iTunes Genius (Apple)

last.fm

Amazon

mystrands

Sistemas de recomendación profesionales
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Apple Keynotes, 9/9/2008. Steve Jobs 

So that we can learn about your music tastes
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Apple Keynotes, 9/9/2008. Steve Jobs 
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Apple Keynotes, 9/9/2008. Steve Jobs 

Genius get smarter and smarter
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Last.fm (www.lastfm.es)

• Last.fm es un servicio musical dispuesto a aprender 
de ti...

– Cada tema que escuchas afina un poco más tu perfil 
en Last.fm y nos dice qué música te gusta. Puede 
conectarte con otros usuarios con los que compartes 
las mismas preferencias musicales y recomendar 
canciones de sus colecciones o la tuya.

• …y, como el buen vino, mejora con el tiempo.

– Cuando recomiendas música a un amigo, pones un 
tag, escribes sobre una canción o escuchas cualquier 
tema, aumentas la importancia de ese tema en 
Last.fm. Se enviará como recomendación a otros …
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Motivación: Los Sistemas Inteligentes en la Industria Informática Actual
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Motivación: Los Sistemas Inteligentes en la Industria Informática Actual
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Calidad sensorial de los alimentos

Preferencias de los consumidores a partir de 
datos de encuestas sensoriales
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Preferencias de los consumidores

Aprendizaje de funciones de preferencias mediante 
SVMs con selección de atributos

P2 SVM

P1

P4

P3
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Preferencias de los consumidores

Típicamente las funciones son polinómicas de grado 2
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Clustering de consumidores por preferencias

Segmentos de mercado con gustos diferenciados

P1 {vi
1 > ui

1} f1

P2 {vi
2 > ui

2}

P3 {vi
3 > ui

3}

f2

f3

P4 {vi
4 > ui

4} f4

f2U3f2U3

si f2U3 es mejor que f2 y f3 
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Clustering de consumidores por preferencias

Segmentos de mercado con gustos diferenciados

Carne de vacuno  
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Carne de cordero 
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Grupos de consumidores de carne de vacuno
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Table 2. For clusters of acceptance and tenderness datasets, this table reports the number of 

preference judgments (PJ), percentage of disagreements, and classification errors achieved into 

clusters with their own ranking or preference function, and using the function of the other 

cluster 

classification errors 

using function  Dataset 

  cluster PJ disagreements % own % other % 

acceptance     
  left 1927 16.19 19.20 50.96 
  right 2150 17.07 21.12 54.95 

tenderness     
  left 2487 15.96 19.38 61.98 
  right 2432 15.21 19.59 61.06 
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Fig. 2. Acceptance of beef meat. Average ranking scores for each breed and aging period 
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Fig. 3. Tenderness of beef meat. Average ranking scores for each breed and aging period 
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Análisis de datos genéticos

Relación entre genotipos y 
fenotipos

o Regresión
o Selección de atributos 

(Quantitative Trait Loci (QTL))
o Clasificación
o Riesgo AUC (ordenaciones)
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Los datos: mas anchos que profundos

miles de atributos: 
o descripciones genómicas (microarrays) SNPs 
o fondos documentales, 
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QTL: Clasificación no-determinista
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Enfermedades humanas comunes 
Genome Wide Studies

Type I diabetes (T1D)
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Enfermedades humanas comunes 
Genome Wide Studies

Type I diabetes (T1D). Relevant SNPs for each chromosome
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