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Introducción

El aprendizaje de maquinas se utiliza de forma generalizada para
resolver problemas de predicción en muchas circunstancias de la vida
humana: otorgamiento de credito, predicción de crimen, alertas de
desempeño académico, transacciones atipicas en el sector financiero,
etc.

En todos estos casos surgen problemas normativos:

La predicción esta correlacionada con el instrumento de recolección
de información (input del modelo). Este fenómeno se conoce como
retroalimentación circular o feeback loop: genera potenciales sesgos y
resultados disciminatorios en una población.
Los modelos de ML infieren información de variables no observadas
que normativamente no deben ser utilizadas en los modelos. Este
fenómeno se llama triangulación: potencialmente genera resultados
discriminatorios.
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Otros problemas

Sub reporte: los datos son una muestra sesgada de la realidad.

Equilibrio: las predicciones deconocen que pueden existir
interacciones estratégicas.

Privacidad: con suficiente información es posible identificar las
identidades.

En las aplicaciones de las matemáticas, resolver estos problemas es
el mayor reto, la frontera del conocimiento en la aplicaciones.
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Problema

Basdo en To predict and serve?
http://rss.onlinelibrary.wiley.com/doi/full/10.1111/

j.1740-9713.2016.00960.x

Qué tan sesgado son los datos recoletados por la policia?.

http://rss.onlinelibrary.wiley.com/doi/full/10.1111/j.1740-9713.2016.00960.x
http://rss.onlinelibrary.wiley.com/doi/full/10.1111/j.1740-9713.2016.00960.x
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Qué tan sesgado son los datos recoletados por la policia?.

http://rss.onlinelibrary.wiley.com/doi/full/10.1111/j.1740-9713.2016.00960.x
http://rss.onlinelibrary.wiley.com/doi/full/10.1111/j.1740-9713.2016.00960.x


Introducción Retroalimentación circular, sesgo y discriminación Modelo de urnas: formalización

Poblaciones sintéticas y verdadera distribución

Solución: Combinar imformación demográfica de Oakland, California
con datos de la encuesta 2011: National Survey on Drug Use and
Health (NSDUH).

De esta forma se obtiene información sintética de alta resolución
para Oakland, que estima el uso ilegal de drogas que después se
puede comparar con los datos de la polićıa.
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Poblaciones sintéticas y verdadera distribución

A synthetic population is a demographically accurate individual-level
representation of a real population – in this case, the residents of the
city of Oakland.

Individuals in the synthetic population are labeled with their sex,
household income, age, race, and the geo-coordinates of their
home.

These characteristics are assigned so that the demographic
characteristics in the synthetic population match data from the US
Census at the highest geographic resolution possible.
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Poblaciones sintéticas y verdadera distribución

Se estima un modelo con los datos de la encuesta NSDUH para
predecir la probabilidad de consumo de drogas en el último mes
basado en caracteŕısticas demográficas (i.e. sex, household income,
age, and race).

Aplicar este modelo en la población sintética para obtener una
estimación de la probabilidad de uso de drogas para cada individuo
de la población sintética.

These estimates are based on the assumption that the relationship
between drug use and demographic characteristics is the same at the
national level as it is in Oakland.
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Synthetic population and estimation of ground truth

population?”) with survey data from the 2011 National Survey 
on Drug Use and Health (NSDUH). This approach allowed us 
to obtain high-resolution estimates of illicit drug use from a 
non-criminal justice, population-based data source (see “How 
do we estimate the number of drug users?”) which we could 
then compare with police records. In doing so, we find that 
drug crimes known to police are not a representative sample 
of all drug crimes.

While it is likely that estimates derived from national-level 
data do not perfectly represent drug use at the local level, we 
still believe these estimates paint a more accurate picture of 
drug use in Oakland than the arrest data for several reasons. 
First, the US Bureau of Justice Statistics – the government 
body responsible for compiling and analysing criminal justice 
data – has used data from the NSDUH as a more representative 
measure of drug use than police reports.2 Second, while arrest 
data is collected as a by-product of police activity, the NSDUH 
is a well-funded survey designed using best practices for 
obtaining a statistically representative sample. And finally, 
although there is evidence that some drug users do conceal 
illegal drug use from public health surveys, we believe that any 
incentives for such concealment apply much more strongly 
to police records of drug use than to public health surveys, 
as public health officials are not empowered (nor inclined) to 
arrest those who admit to illicit drug use. For these reasons, our 
analysis continues under the assumption that our public health-
derived estimates of drug crimes represent a ground truth for 
the purpose of comparison.

Figure 1(a) shows the number of drug arrests in 2010 based 
on data obtained from the Oakland Police Department; Figure 
1(b) shows the estimated number of drug users by grid square. 
From comparing these figures, it is clear that police databases 
and public health-derived estimates tell dramatically different 
stories about the pattern of drug use in Oakland. In Figure 
1(a), we see that drug arrests in the police database appear 
concentrated in neighbourhoods around West Oakland (1) 
and International Boulevard (2), two areas with largely non-
white and low-income populations. These neighbourhoods 
experience about 200 times more drug-related arrests than 
areas outside of these clusters. In contrast, our estimates (in 
Figure 1(b)) suggest that drug crimes are much more evenly 
distributed across the city. Variations in our estimated number 
of drug users are driven primarily by differences in population 
density, as the estimated rate of drug use is relatively uniform 
across the city. This suggests that while drug crimes exist 
everywhere, drug arrests tend to only occur in very specific 
locations – the police data appear to disproportionately 
represent crimes committed in areas with higher populations 
of non-white and low-income residents.

To investigate the effect of police-recorded data on 
predictive policing models, we apply a recently published 
predictive policing algorithm to the drug crime records in 
Oakland.9 This algorithm was developed by PredPol, one of the 
largest vendors of predictive policing systems in the USA and 
one of the few companies to publicly release its algorithm in a 
peer-reviewed journal. It has been described by its founders 

1

2

FIGURE 1 (a) Number of drug arrests made by Oakland police department, 2010. (1) West Oakland, 
(2) International Boulevard. (b) Estimated number of drug users, based on 2011 National Survey on 
Drug Use and Health

(a)

(b)

IN DETAIL
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Consecuencias policiamiento predictivo

Se aplica el modelo de PredPol a Oakland con el fin de predecir el
uso de drogas iĺıcitas.

Los creadores de PredPol describen el modelo como: only three data
points in making predictions: past type of crime, place of crime and
time of crime. It uses no personal information about individuals or
groups of individuals, eliminating any personal liberties and profiling
concerns.
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Consecuencias policiamiento predictivo

as a parsimonious race-neutral system that uses “only three 
data points in making predictions: past type of crime, place of 
crime and time of crime. It uses no personal information about 
individuals or groups of individuals, eliminating any personal 
liberties and profiling concerns.” While we use the PredPol 
algorithm in the following demonstration, the broad conclusions 
we draw are applicable to any predictive policing algorithm that 
uses unadjusted police records to predict future crime.

The PredPol algorithm, originally based on models of 
seismographic activity, uses a sliding window approach to 
produce a one-day-ahead prediction of the crime rate across 
locations in a city, using only the previously recorded crimes. 
The areas with the highest predicted crime rates are flagged 
as “hotspots” and receive additional police attention on the 
following day. We apply this algorithm to Oakland’s police 
database to obtain a predicted rate of drug crime for every grid 
square in the city for every day in 2011. We record how many 
times each grid square would have been flagged by PredPol 
for targeted policing. This is shown in Figure 2(a).

 We find that rather than correcting for the apparent biases in 
the police data, the model reinforces these biases. The locations 
that are flagged for targeted policing are those that were, 
by our estimates, already over-represented in the historical 
police data. Figure 2(b) shows the percentage of the population 
experiencing targeted policing for drug crimes broken down by 
race. Using PredPol in Oakland, black people would be targeted 
by predictive policing at roughly twice the rate of whites. 
Individuals classified as a race other than white or black would 
receive targeted policing at a rate 1.5 times that of whites. This is 
in contrast to the estimated pattern of drug use by race, shown 
in Figure 2(c), where drug use is roughly equivalent across racial 
classifications. We find similar results when analysing the rate of 
targeted policing by income group, with low-income households 
experiencing targeted policing at disproportionately high rates. 
Thus, allowing a predictive policing algorithm to allocate police 
resources would result in the disproportionate policing of low-
income communities and communities of colour.

The results so far rely on one implicit assumption: that the 
presence of additional policing in a location does not change the 
number of crimes that are discovered in that location. But what 
if police officers have incentives to increase their productivity 
as a result of either internal or external demands? If true, they 
might seek additional opportunities to make arrests during 
patrols. It is then plausible that the more time police spend in a 
location, the more crime they will find in that location.

We can investigate the consequences of this scenario 
through simulation. For each day of 2011, we assign targeted 
policing according to the PredPol algorithm. In each location 
where targeted policing is sent, we increase the number of 
crimes observed by 20%. These additional simulated crimes 
then become part of the data set that is fed into PredPol on 
subsequent days and are factored into future forecasts. We 
study this phenomenon by considering the ratio of the predicted 
daily crime rate for targeted locations to that for non-targeted 
locations. This is shown in Figure 3, where large values indicate 
that many more crimes are predicted in the targeted locations 
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FIGURE 2 (a) Number of days with targeted policing for drug crimes in areas flagged by PredPol analysis 
of Oakland police data. (b) Targeted policing for drug crimes, by race. (c) Estimated drug use by race
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Sesgo y retroalimentación

The results so far rely on one implicit assumption: that the presence
of additional policing in a location does not change the number of
crimes that are discovered in that location.

But what if police officers have incentives to increase their
productivity as a result of either internal or external demands?

We can investigate the consequences of this scenario through
simulation. For each day of 2011, we assign targeted policing
according to the PredPol algorithm. In each location where targeted
policing is sent, we increase the number of crimes observed by 20
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Sesgo y retroalimentación

These additional simulated crimes then become part of the data set
that is fed into PredPol on subsequent days and are factored into
future forecasts.

We study this phenomenon by considering the ratio of the predicted
daily crime rate for targeted locations to that for non-targeted
locations. This is shown in the next Figure,
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Sesgo y retroalimentación

relative to the non-targeted locations. This is shown separately 
for the original data (baseline) and the described simulation. If the 
additional crimes that were found as a result of targeted policing 
did not affect future predictions, the lines for both scenarios 
would follow the same trajectory. Instead, we find that this 
process causes the PredPol algorithm to become increasingly 
confident that most of the crime is contained in the targeted bins. 
This illustrates the feedback loop we described previously.

Discussion
We have demonstrated that predictive policing of drug crimes 
results in increasingly disproportionate policing of historically 
over-policed communities. Over-policing imposes real costs on 
these communities. Increased police scrutiny and surveillance 
have been linked to worsening mental and physical health;10,11 
and, in the extreme, additional police contact will create 
additional opportunities for police violence in over-policed 
areas.12 When the costs of policing are disproportionate to the 
level of crime, this amounts to discriminatory policy.

In the past, police have relied on human analysts to allocate 
police resources, often using the same data that would be 
used to train predictive policing models. In many cases, this has 
also resulted in unequal or discriminatory policing. Whereas 
before, a police chief could reasonably be expected to justify 
policing decisions, using a computer to allocate police attention 
shifts accountability from departmental decision-makers to 
black-box machinery that purports to be scientific, evidence-
based and race-neutral. Although predictive policing is simply 
reproducing and magnifying the same biases the police have 
historically held, filtering this decision-making process through 
sophisticated software that few people understand lends 
unwarranted legitimacy to biased policing strategies.

The impact of poor data on analysis and prediction is not 
a new concern. Every student who has taken a course on 
statistics or data analysis has heard the old adage “garbage 
in, garbage out”. In an era when an ever-expanding array of 
statistical and machine learning algorithms are presented as 
panaceas to large and complex real-world problems, we must 
not forget this fundamental lesson, especially when doing so 
can result in significant negative consequences for society. n

Note
The authors would like to thank Bobbi Isaac, Corwin Smidt, Eric 
Juenke, James Johndrow, Jim Hawdon, Matt Grossman, Michael 
Colaresi, Patrick Ball and the members of the HRDAG policing 
team for insightful conversations on this topic and comments 
on this article.
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Modelo de policiamiento predictivo

Runaway Feedback Loops in Predictive Policing:
https://arxiv.org/abs/1706.09847

Definition

Dados datos históricos de incidentes de crimen en un conjunto de
regiones, decidir como asignar la fuerza policial a algunas areas con el fin
de detectar incidentes de crimen.

Vamos a utilizar la teoŕıa de urnas para mostrar por qué algunos
métodos populares estan destinados a fracasar y como mitigar los
problemas identificados.

https://arxiv.org/abs/1706.09847
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Modelo Espacio - Temporal: especificación

El modelo de predicción de crimen se basa en tres supuestos:

1 Los cŕımenes se concentran en lugares espećıficos de la ciudad:

Cerca a estaciones de transmilenio.
Cerca a zonas de entretenimiento (bares, discotecas, etc.).

2 Ocurren más cŕımenes en ciertas horas:

Mayor criminalidad a las 10:00pm que a las 11:00am.

3 El crimen se propaga como si fuera una enfermedad (en espacio y
tiempo):

Cerca espacialmente de donde se han presentado cŕımenes
anteriormente, es más probable que ocurran nuevos cŕımenes.
Cerca temporalmente es también más probable.
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Cerca temporalmente es también más probable.



Modelo Espacio - Temporal: especificación

El modelo de predicción de crimen se basa en tres supuestos:
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2 Ocurren más cŕımenes en ciertas horas:

Mayor criminalidad a las 10:00pm que a las 11:00am.

3 El crimen se propaga como si fuera una enfermedad (en espacio y
tiempo):

Cerca espacialmente de donde se han presentado cŕımenes
anteriormente, es más probable que ocurran nuevos cŕımenes.
Cerca temporalmente es también más probable.
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Modelo Espacio - Temporal: especificación

De esta manera, un crimen puede ocurrir por dos razones:

Ser el primero de una nueva oleada de cŕımenes, dados su ubicación
y un momento de la semana.

Como réplica de un crimen anterior cercano.
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cŕımenes
anteriores

g(x − xk , y − yk , t − tk)︸ ︷︷ ︸
patrones de
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Modelo Espacio - Temporal: resultados y visualización



Modelo de urnas

Vamos a suponer que solo hay dos regiones: A y B.

Cada d́ıa un policia es enviada a una de las dos regiones.

Puede descubrir (y registrar) un crimen con ciertaprobabilidad (la
verdadera probabilidad de incidencia del crimen).

Otros registros pueden ser reportados por terceros.

Definition

Decimos que el policiamiento es efectivo cuando una región con una
proporción λ del crimen recibe una proporción λ del policiamiento.

La verdadera proporción en A y B es: λA, λB .
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Hipótesis

El planificador utiliza los estad́ısticos actuales del crimen en cada
región para decidir como asiganr su fuerza policial.

Contexto: La única información que se registra sobre el crimen es el
conteo.

La verdadera distribución del crimen es revelada por los crimenes
descubiertos que tienen un peso wd y los reportados que tiene un
peso wr : wd + wr = 1 (i.e., proporción de registros que viene de una
u otra fuente).

Sean dA la tasa de descubrimiento de la policia en A y rA la tasa de
reportes en A.
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Hipótesis

El planificador utiliza los estad́ısticos actuales del crimen en cada
región para decidir como asiganr su fuerza policial.

Contexto: La única información que se registra sobre el crimen es el
conteo.

La verdadera distribución del crimen es revelada por los crimenes
descubiertos que tienen un peso wd y los reportados que tiene un
peso wr : wd + wr = 1 (i.e., proporción de registros que viene de una
u otra fuente).

Sean dA la tasa de descubrimiento de la policia en A y rA la tasa de
reportes en A.
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Introducción Retroalimentación circular, sesgo y discriminación Modelo de urnas: formalización

Urna de Polya generalizada

Vamos a considerar una matriz de reemplazo de la siguiente forma:

M =

 Adición R Adición B
Muestra R a b
Muestra B c d


Si se muestrea una bola R, se reemplaza y se añaden a bolas R y b
bolas B. Una urna de Polya estándar es a = d , b = c = 0.



Introducción Retroalimentación circular, sesgo y discriminación Modelo de urnas: formalización

Proceso

1 En una urna se cuenta con nr , nb bolas rojas y negras, el estimativo
actual del crimen en la regiones A y B.

2 Sacar bola de la urna para decidir qué región visitar.

3 Visitar región y lanzar una moneda sesgada que cae cara con
probabilidad la verdadera probabilidad del crimen en esa región (i.e.,
λA o λB).

4 Aplicar actulización usando urna generalizada de Polya.

5 Repetir.

La esperanza es que, asintóticamente, la proporción de bolas converja a
las verdaderas probabilidad del crimen en cada región. Por ejemplo que
en la región A:

nr (t)

nr (t) + nb(t)
→ λA

λA + λB



Introducción Retroalimentación circular, sesgo y discriminación Modelo de urnas: formalización

Solo crimenes descubiertos - Distribución uniforme del
crimen

Los incidentes son solo descubiertos. Si no hay presencia policial en
una region no hay reportes: wd = 1.

Si un policia va a cualquiera de la regiones en ambas el crimen se
descubre con probabilidad λ = λA = λB

Theorem (Renlund)

Supongamos que aplicamos el anterior proceso con una urna de Polya
estándar (a = c = λ). Entonces la distribución de probabiliad asintótica
de una bola roja es Beta(nr , nb)

Obśervese que no se aprende nada.

En ausencia de un modelo para asignar la policia, simplemente
visitando con la misma probabilidad cada región, se descubriŕıa la
verdadera distribución del crimen.
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de una bola roja es Beta(nr , nb)
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Solo crimenes descubiertos - Distribución no uniforme del
crimen

Los incidentes son solo descubiertos. Si no hay presencia policial en
una region no hay reportes: wd = 1.

λA 6= λB .

El modelo de urna de Polya es ahora:

M =

 Adición R Adición N
Muestra R λA 0
Muestra N 0 λB





Solo crimenes descubiertos - Distribución no uniforme del
crimen

Theorem (Renlund)

En una urna de Polya con matriz de adición como la anterior, la
distribución aśıntotica de las bolas rojas es 1 si λA > λB .

Obśervese que el proceso tiende a hacer una representación
completamente errada de la verdadera distribución de los eventos en
las regiones.



Introducción Retroalimentación circular, sesgo y discriminación Modelo de urnas: formalización

Distribución arbitraria del crimen

El modelo de urna de Polya es ahora:

M =

 Adición R Adición N
Muestra R wddA + wr rA wr rB
Muestra N wr rA wddB + wr rB


En este caso el resultado principal es que la única forma de que se
descubra la verdadera distribución es ignorando los eventos
descubiertos wd = 0 (i.e., sin retroalimentación) o que dA ≈ dB .



Conclusión

El modelo de urnas sugiere que la presencia de retroalimentación
impide descubrir la verdadera distribución.

Peor aún, puede llevar a resultados completamente errados.



Introducción Retroalimentación circular, sesgo y discriminación Modelo de urnas: formalización

Corrigiendo el sesgo: Solo crimenes descubiertos

En el modelo de Polya:

M =

 Adición R Adición B
Muestra R λA 0
Muestra B 0 λB


λA representa la probabilidad de adicionar una bola roja condicional
a que se elgió inicialmente en el proceso un bola roja.



Corrigiendo el sesgo

La probabildad no condicional de adicionar una bola roja es:

λA
nR

nR + nB

Luego despues de un paso de usar el algoritmo la fracción de bolar
rojas que se añaden es:

λAnR
λAnR + λBnB

para anular el sesgo seria suficiente que esta probabilidad fuera:
λA

λA+λB

Esto sugiere que una forma de solucionar el problema es antes de
adicionar una bola, sacar de nuevo una bola de la urna y adicionar
solo si es de un color distinto. En este caso la probabilidad no
condicional es:

λA
nR

nR + nB

nB
nR + nB
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Corrigiendo el sesgo

En regiones donde la probabilidadde enviar a un polićıa es el 95 % es
de esperar que se descubran muchos crimenes. Entonces solamente
regitrarlo el 5 % de las veces.

Este procedimiento es una versión del estimador de
Thompson-Horvitz en teoŕıa de muestreo.



Simulación urnas con datos realistas

Verdadera distribución datos consumo drogas. Modelo de predicción
proporciones históricas.Runaway Feedback Loops in Predictive Policing
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Figure 1: The distribution over 1000 days versus percentage of balls from region Top1 in the urn
over 1000 runs. A police force deployed based on the underlying crime rates would send
56.7% of the force to Top1 instead of Top2 and 61.0% of the force to Top1 instead of
Random (the green line shown). Top row (discovered incidents only): both charts (left)
converge to sending 100% of the force to Top1, while with the improvement policy (right)
the charts appear to converge to the correct crime rates. Bottom row (all incidents,
equally weighted): both charts (left) converge to the incorrect rate (red line), while with
the improvement policy (right) the charts appear to converge correctly to the true crime
rates.

and Top2) and, second, the Oakland neigh-
borhood with the most incidents as compared
to a randomly chosen region with many fewer
incidents (Random). We simulate the effect of
the historical incident data on the prior for the
system by determining the number of balls for
each region in our urn based on the past number
of incidents. We use the full number of incidents
(609, 379, and 7 for regions Top1, Top2 and
Random respectively) as the starting number of
balls in the urn from each region. The urns are
then updated based on the estimated number
of daily drug use incidents, i.e., λTop1 = 3.69,
λTop2 = 2.82, and λRandom = 2.36.

4.2.1. Discovered Incidents Only

First, we begin with Assumption 3.4 in place stat-
ing that we’ll only consider discovered incident
data (i.e., wr = 0). This allows us to isolate the
part of the data that causes the feedback loop in
order to examine its effect.

The results, shown in the top left of Figure
1, demonstrate that even if police sent to a
neighborhood discover crime incidents according
to the true crime rate (Assumption 3.3), the
urn model will converge to only sending police
to the neighborhood with the most crime. This
replicates (within our urn model) the feedback
loop problems with PredPol found by Lum
and Isaac (2016). Recall, from Lemma 4, that
skew occurs even if the difference in crime rates
between the two neighborhoods is small. Note
that while we included a notion of decay in
our urn model in order to more closely model
PredPol, we found similar results under the
urn model without decay.

4.2.2. Discovered and Reported
Incidents

Now, considering both reported and discovered
incident data, we repeat the experiments. Again,
we’ll assume that both discovered and reported
incidents are reported at the underlying true
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Simulación PredPol

Verdadera distribución datos consumo drogas. Modelo de predicción
PredPol. Runaway Feedback Loops in Predictive Policing
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Figure 2: PredPol’s relative deployment to region Top1 versus Top2 or Random. Along the top
row, we use the model which only accounts for discovered incidents (those based on police
having been deployed to an area). Along the bottom row, we use the model which accounts
for both discovered and reported incidents. Left: PredPol operating as usual. Right:
discovered incident entries modified using our improvement policy. Police deployment
based on underlying crime rates would send 56.7% of the force to Top1 instead of Top2
and 61.0% of the force to Top1 instead of Random. These correct crime rates (indicated
with a dashed red line) appear to be what PredPol converges to under the improvement
policy.

6. Discussion and Limitations

In this paper we show that urn models can be
used to formally model predictive policing as well
as indicate remedies for problems with feedback.
We demonstrate this both formally and empir-
ically. Our solution also suggests a black-box
method to counteract runaway feedback in pre-
dictive policing by appropriately filtering the in-
puts fed to the system.

Our results are not just a qualitative indicator
of problems with feedback. They also indicate ex-
actly how the problem of runaway feedback can
be exacerbated: specifically as crime rates vary
between regions and as the model relies more and
more on discovered incident reports. Our results
also indicate that if crime rates are more or less
the same between regions, then the problem of
feedback is much less, and it might be possible to
generate reasonable predictions without explic-
itly countering feedback loops (though the results
will still be inaccurate).

There are many avenues that our analysis does
not yet explore. Firstly, while we expect that our
solution generalizes to multiple regions (and in-
deed the problems with feedback remain exactly
the same), there might be technical difficulties in
working with the much smaller probabilities we
will encounter. As an abstraction of predictive
policing, an urn model suffices to capture feed-
back issues, but does not account for potentially
richer predictive systems that might use other in-
formation (for example demographics) to make
predictions. Another interesting dimension that
is unexplored is the fact that different types of
crime might have different reporting and discov-
ery profiles, and might interact with each other
in a predictive model in complex ways.

One of the most crucial assumptions we make
(and one that in fact is sympathetic to current
predictive policing models) is that reported and
discovered incident rates track the true crime
rates. There is considerable evidence that crime

11


	Introducción
	Retroalimentación circular, sesgo y discriminación
	Policiamiento predictivo: seso y discriminación

	Modelo de urnas: formalización
	Modelo de predicción de crimen
	Proceso de asignación, registro y actualización
	Verdadera distribución: solo crimenes descubiertos
	Verdadera distribución: crimenes descubiertos y reportados
	Corrigiendo el sesgo: Corrigiendo el sesgo
	Simulaciones y PredPol


