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Introducción

Existen muchas definiciones formales de justicia algoŕıtmica.

Vamos a estudiar formalmente:
1 Paridad demográfica.
2 Equalized odds.
3 Calibración y calibración condicional.
4 Balance de clases positivas (igualdad de oportunidad).
5 Balance de clases negativas.

Thompson Sampling: Aplicaciones Uniandes y Quantil



Motivación

El grado, o evidencia de justicia puede depender de la medida
cuantitativa que se use como definición de justicia.

El siguiente ejemplo es uno de los principales que inicio y
motivó mucho el interés en las implicaciones éticas de usar
modelos de aprendizaje de máquinas para tomar decisiones en
el ámbito público.



El Caso de COMPAS

COMPAS: Correctional Ofender Management Profiling for
Alternative Sanctions.

Figura: Histograma de los que no reincidieron



El Caso de COMPAS

¿Qué explica el score de COMPAS?

3/28/22, 11:06 AM How We Analyzed the COMPAS Recidivism Algorithm — ProPublica

https://www.propublica.org/article/how-we-analyzed-the-compas-recidivism-algorithm 8/16

Risk of General Recidivism Logistic Model

Dependent variable:

Score (Low vs Medium and
High)

Female 0.221*** (0.080)

Age: Greater than
45

-1.356*** (0.099)

Age: Less than 25 1.308*** (0.076)

Black 0.477*** (0.069)

Asian -0.254 (0.478)

Hispanic -0.428*** (0.128)

Native American 1.394* (0.766)

Other -0.826*** (0.162)

Number of Priors 0.269*** (0.011)

Misdemeanor -0.311*** (0.067)

Two year
Recidivism

0.686*** (0.064)

Constant -1.526*** (0.079)

Observations 6,172

Akaike Inf. Crit. 6,192.402

Note: *p<0.1; **p<0.05; ***p<0.01

To test racial disparities in the score controlling for other factors, we created a logistic
regression model that considered race, age, criminal history, future recidivism, charge degree,
gender and age.

We used those factors to model the odds of
getting a higher COMPAS score. According to
Northpointe’s practitioners guide, COMPAS
“scores in the medium and high range garner
more interest from supervision agencies than
low scores, as a low score would suggest there
is little risk of general recidivism,” so we
considered scores any higher than “low” to
indicate a risk of recidivism.

Our logistic model found that the most
predictive factor of a higher risk score was age.
Defendants younger than 25 years old were 2.5
times as likely to get a higher score than
middle aged offenders, even when controlling
for prior crimes, future criminality, race and
gender.

Race was also quite predictive of a higher score.
While Black defendants had higher recidivism
rates overall, when adjusted for this difference
and other factors, they were 45 percent more

likely to get a higher score than whites.

Surprisingly, given their lower levels of criminality overall, female defendants were 19.4
percent more likely to get a higher score than men, controlling for the same factors.

Donate


Figura: Logit



El Caso de COMPAS

The accuracy, fairness, and limits of predicting recidivism.
Julia Dressel and Hany Farid. 2018.

El accuracy es 67% y 63,8% (aciertos positivos y negativos
sobre el total de ejemplo) para blanco y negros
respectivamente.

Los negros que no reincidieron, COMPAS predice que en
promedio van a reincidir con probabilidad 44,9% mientras que
el grupo análogo de blancos 23,5%.

Sin embargo COMPAS score satisface: predictive parity, AUC
equity y calibration.

Este estudio se concentra en entender si COMPAS realmente
es más preciso o más sesgado que lo que un grupo de expertos
haŕıa: encuentran que no es mas accurate y que con solo 5
variables y un modelo lineal se puede tener la misma
capacidad predictiva que COMPAS que usa 137 variables.



El Caso de COMPAS

a total of 1000 defendant descriptions that were randomly divided into
20 subsets of 50 each. To make the task manageable, each participant
was randomly assigned to see one of these 20 subsets. The mean and
median accuracy for these predictions is 62.1 and 64.0%.

We compare these results with the performance of COMPAS on
this subset of 1000 defendants. Because groups of 20 participants
judged the same subset of 50 defendants, the individual judgments
are not independent. However, because each participant judged only
one subset of the defendants, the median accuracies of each subset can
reasonably be assumed to be independent. Therefore, the participant
performance on the 20 subsets can be directly compared to the
COMPAS performance on the same 20 subsets. A one-sided t test re-
veals that the average of the 20 median participant accuracies of 62.8%
[and a standard deviation (SD) of 4.8%] is, just barely, lower than the
COMPAS accuracy of 65.2% (P = 0.045).

To determine whether there is “wisdom in the crowd” (8) (in our
case, a small crowd of 20 per subset), participant responses were pooled
within each subset using a majority rules criterion. This crowd-based
approach yields a prediction accuracy of 67.0%. A one-sided t test re-
veals that COMPAS is not significantly better than the crowd (P = 0.85).

Prediction accuracy can also be assessed using the AUC-ROC.
The AUC-ROC for our participants is 0.71 ± 0.03, nearly identical
to COMPAS’s 0.70 ± 0.04.

Prediction accuracy can also be assessed using tools from signal de-
tection theory in which accuracy is expressed in terms of sensitivity (d′)
and bias (b). Higher values of d′ correspond to greater participant sen-
sitivity. A value of d′ = 0means that the participant has no information
to make reliable identifications no matter what bias he or she might
have. A value of b = 1.0 indicates no bias, a value of b > 1 indicates that
participants are biased to classifying a defendant as not being at risk of
recidivating, and b < 1 indicates that participants are biased to classify-
ing a defendant as being at risk of recidivating.With a d′ of 0.86 and a
b of 1.02, our participants are slightly more sensitive and slightly less
biased than COMPAS with a d′ of 0.77 and a b of 1.08.

With considerably less information than COMPAS (only 7 features
compared to COMPAS’s 137), a small crowd of nonexperts is as accu-
rate as COMPAS at predicting recidivism. In addition, our participants’
and COMPAS’s predictions were in agreement for 692 of the 1000
defendants.
Fairness
We measure the fairness of our participants with respect to a de-
fendant’s race based on the crowd predictions. Our participants’
accuracy on black defendants is 68.2% compared with 67.6% for
white defendants. An unpaired t test reveals no significant difference
across race (P = 0.87). This is similar to that of COMPAS that has an
accuracy of 64.9% for black defendants and 65.7% for white defen-
dants, which is also not significantly different (P = 0.80, unpaired
t test). By this measure of fairness, our participants and COMPAS
are fair to black and white defendants.

Our participants’ false-positive rate for black defendants is 37.1%
compared with 27.2% for white defendants. An unpaired t test reveals
a significant difference across race (P = 0.027). Our participants’ false-
negative rate for black defendants is 29.2% compared with 40.3% for
white defendants. An unpaired t test reveals a significant difference
across race (P = 0.034). These discrepancies are similar to that of
COMPAS that has a false-positive rate of 40.4% for black defendants
and 25.4% for white defendants, which are significantly different (P =
0.002, unpaired t test). COMPAS’s false-negative rate for black defen-
dants is 30.9% compared with 47.9% for white defendants, which are

significantly different (P = 0.003, unpaired t test). By this measure
of fairness, our participants and COMPAS are similarly unfair to
black defendants, despite the fact that race is not explicitly specified.
See Table 1 [columns (A) and (C)] and Fig. 1 for a summary of these
results.
Prediction with race
In this second condition, a newly recruited set of 400 participants
repeated the same study but with the defendant’s race included. We
wondered whether including a defendant’s race would reduce or
exaggerate the effect of any implicit, explicit, or institutional racial
bias. In this condition, the mean and median accuracy on predicting
whether a defendant would recidivate is 62.3 and 64.0%, nearly iden-
tical to the condition where race is not specified.

The crowd-based accuracy is 66.5%, slightly lower than the condi-
tion where race is not specified, but not significantly different (P = 0.66,
paired t test). The crowd-based AUC-ROC is 0.71 ± 0.03 and the d′/b is
0.83/1.03, similar to the previous no-race condition [Table 1, columns
(A) and (B)].

With respect to fairness, participant accuracy is not significantly
different for black defendants (66.2%) compared with white defendants
(67.6%; P = 0.65, unpaired t test). The false-positive rate for black de-
fendants is 40.0% compared with 26.2% for white defendants. An un-
paired t test reveals a significant difference across race (P = 0.001). The
false-negative rate for black defendants is 30.1% compared with 42.1%
for white defendants that, again, is significantly different (P = 0.030, un-
paired t test). See Table 1 [column (B)] for a summary of these results.

In conclusion, there is no sufficient evidence to suggest that in-
cluding race has a significant impact on overall accuracy or fairness.
The exclusion of race does not necessarily lead to the elimination of
racial disparities in human recidivism prediction.
Participant demographics
Our participants ranged in age from 18 to 74 (with one participant
over the age of 75) and in education level from “less than high
school degree” to “professional degree.” Neither age, gender, nor
level of education had a significant effect on participant accuracy.
There were not enough nonwhite participants to reliably measure
any differences across participant race.

Table 1. Human versus COMPAS algorithmic predictions from 1000
defendants. Overall accuracy is specified as percent correct, AUC-ROC,
and criterion sensitivity (d′ ) and bias (b). See also Fig. 1.

(A) Human
(no race)

(B) Human
(race)

(C) COMPAS

Accuracy (overall) 67.0% 66.5% 65.2%

AUC-ROC (overall) 0.71 0.71 0.70

d′/b (overall) 0.86/1.02 0.83/1.03 0.77/1.08

Accuracy (black) 68.2% 66.2% 64.9%

Accuracy (white) 67.6% 67.6% 65.7%

False positive (black) 37.1% 40.0% 40.4%

False positive (white) 27.2% 26.2% 25.4%

False negative (black) 29.2% 30.1% 30.9%

False negative (white) 40.3% 42.1% 47.9%
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Figura: Humanos
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Formalización

1 Y es una variable binaria que queremos predecir.

2 Ŷ es la prediccion.

3 La clase 1 se va considerar la decisión social preferida (otorgar
un crédito, ser beneficiario de un programa social, etc.).

4 X son las variables observadas de cada individuo.

5 A es una variable binaria que representa la clase protegida
(hombres, mujeres, blanco, negro, religioso, ateo, etc.)

Thompson Sampling: Aplicaciones Uniandes y Quantil



Paridad Demográfica

Definition

Decimos que un algoritmo satisface paridad demogáfica si:

P(Ŷ = 1 | A) = P(Ŷ = 1) (1)

Un modelo que le asigne la misma probabilidad a todos
satisface la propiedad.



Calibración

Definition

Decimos que un algoritmo satisface la propiedad de calibración con
respecto a la variable protegida si:

1 El pronóstico está bien calibrado.

2 Condicional a la variable protegida el pronóstico está bien
calibrado.



Calibración



Calibración: Ejemplo Predicción de Crimen



Calibración: Ejemplo Predicción de Crimen



Calibración: Ejemplo Predicción de Crimen



Igualdad de Oportunidad (Balance clases positivas)

Definition

Decimos que un algoritmo satisface igualdad de oportunidad si:

P(Ŷ = 1 | Y = 1,A) = P(Ŷ = 1 | Y = 1) (2)



Balance de Clases Negativas

Definition

Decimos que un algoritmo satisface balance de clases negativas:

P(Ŷ = 1 | Y = 0,A) = P(Ŷ = 1 | Y = 0) (3)



Igualdad de Probabilidades (equalized odds)

Definition

Decimos que un algoritmo satisface igualdad de probabilidades si:

1 Balance de clases positivas.

2 Balance de clases negativas.

Igualda de probabilidades implica que la curva ROC es
independiente de la variable protegida.
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Introducción

Calibrated Fairness in Bandits. 2017. Yang Liu and Goran
Radanovic and Christos Dimitrakakis and Debmalya Mandal
and David C. Parkes.

Supongamos que estamos en presencia de un problema de
Bandidos Multiarmados Estocásticos. La única diferencia con
el modelo estudiado anteriormente es que en cada ronda t un
agente debe elegir una distribución de probabilidad π sobre
cada las armas.

πt(k) es la probabilidad que elige el agente en esa ronda de
elegir k .

Si se elige k , la recompensa es aleatoria con distribución
condicional a θk :

Rt(k) ∼ P( | θk) (4)

Thompson Sampling: Aplicaciones Uniandes y Quantil
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Smooth fairness (subjetiva)

Definition (Smooth fairness)

Una función de poĺıtica en un problema de bandidos multiarmados
es justa (ϵ1, ϵ2, δ) con respecto a la divergencia D, con
ϵ1 ≥ 0, ϵ2 ≥ 0, 0 ≤ δ ≤ 1, y probabilidad ḿınimo 1− δ, en cada
ronda t, y para cada par de armas i and j :

D(πt(i)∥πt(j)) ≤ ϵ1D(ri∥rj) + ϵ2. (5)

La definición de subjetive smooth fairness es idéntica solo que
se reemplaza D(ri∥rj) por la divergencia entre las
distribuciones marginales de ri , rj con respecto a la posterior
de los parámetros θ.

Thompson Sampling: Aplicaciones Uniandes y Quantil
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Arrepentimiento de la justicia

Recordemos la definición de calibracion. Decimos que la
poĺıtica π está bien calibrada si:

π(a) = P(a = argmaxj∈[k]{rj}) (6)

Example

Consider a bandits problem with two arms, whose respective reward
functions are random variables with realization probabilities:

P(r1 = 1) = 1,0;

P(r2 = 0) = 0,6 and P(r2 = 2) = 0,4.

Como E [r1] = 1,0 y E [r2] = 0,8, un agente que conoce la
distribución siempre va a elegir la arma 1 sobre la 2. Para un
algoritmo que está aprendiendo mediante interacciones es
dif́ıcil estar calibrado en todas las rondas.

Thompson Sampling: Aplicaciones Uniandes y Quantil



Arrepentimiento de la justicia

Como E [r1] = 1,0 y E [r2] = 0,8, un agente que conoce la
distribución siempre va a elegir la arma 1 sobre la 2.

En contraste, justicia calibrada implica que la arma 1 debe
seleccionarse el %60 de las veces.

Para un algoritmo que está aprendiendo mediante
interacciones es dif́ıcil estar calibrado en todas las rondas.
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Arrepentimiento de la justicia

Definition (Fairness regret)

El fairness regret Regretf de la poĺıtica π en la ronda t es:

Regretf (t) = E

[ k∑
i=1

máx(P(a = argmaxj∈[k]{rj})− πt(i), 0)

∣∣∣∣ θ].
El fairness regret acumulado se define como:

Regretf ,T =
T∑
t=1

Regretf (t). (7)

Una modificación del algortimo SD-TS denominada Fair
Stochastic Dominance Thompson Sampling satisface smooth
fairness subjetiva y se puede acotar el arrepentimiendo de
justicia.
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Introducción

Video Pentland.
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Aprendizaje Social

Se propone un modelo de como una población de tomadores
de decisión puede nutirse de la agregación de información de
las acciones de los demás balanceando la exploración y
explotación.

Thompson Sampling: Aplicaciones Uniandes y Quantil



Aprendizaje Social

N agentes, M opciones cada uno. Recompensas
rit ∼ Bernoulli(ηi ). Luego p(rit = 1 | ηi ) = ηi (aqui
denominamos ηi la calidad de la elección). Sea η∗ el mayor.
Obsérvese que no sabemos cual es la elección con mayor ηi .

El agente puede observar la historia de recompensas de una
acción en particular o todas las acciones.

La popularidad de una acción j es: pjt =
∑N

i=1 I (xi ,t−1 = j).



Aprendizaje Social: Dos etapas

Prior: Cada agente i elige una opcion candidata j , oit = j de
acuerdo a una probabilidad proporcional a la popularida de la
opción (i.e., prior social):

p(oit = j) =
pjt∑M

k=1 pkt

Aceptar/Rechazar: El agente i acepta o rechaza la opción j
con probabilidad:

p(ait = j | oit = j) = p(rjt | ηj = η∗) = (η∗)rjt (1− η∗)(1−rjt)

si la rechaza se repite este paso hasta elegir una acción.



Aprendizaje Social: eToro

Figura: Fig. 8. Simulated mean daily ROI within a population of ideal
social samplers following the traders on eToro over the time period we
study, for different values of . These simulations check how well the
social sampling model balances exploration versus exploitation. The fitted
value of that achieves the best predictive accuracy of eToro follow
decisions is suboptimal in terms of mean daily ROI in these simulations.
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