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Introducción

Kleinberg, Ludwig, Mullainnathan, Obermeyer. 2015.
Prediction Policy Problems. AER.

En ocasiones la identificacion de un efecto casual es
irrelevante.

Este articulo introduce un marco conceptual para pensar la
relacion entre el problema de predicción y causalidad.
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Introducción

Sea y la variable de interés que no sabemos cómo depende de
x0, que es exógena (poĺıtica económica) y x .

El objetivo es maximizar una función conocida Π(x0, y).

La decisión depende de:

dΠ

dx0
=

∂Π

∂x0
(x0, y) +

∂Π

∂y
(x0, y)

∂y

∂x0

1 Si bien Π es conocido el efecto de x0 depende de y (un
problema de predicción).

2 El segundo término depende de como x0 afecta a y (un
problema de causalidad).

Obérvese que ambos efectos dependen de la predicción y .

Luego un tomador de desiciones debe reolver ambos
problemas.
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Introducción: Ejemplo

Suponga que la variable de interes y es si llueve o no. En un
problema la acción es hacer un rito para que no llueva. En
otro problema es decidir si llevar o no una sombrilla.

La función objetivo puede ser la utilidad un domingo que se
va al parque.

El problema de hacer un rito para que no llueva es un
problema de causalidad:

∂Π

∂x0
(x0, y) = 0

El problema de llevar una sombrilla es un problema puro de
predicción:

∂y

∂x0
= 0
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Introducción: Ejemplo

El problema de predicción es relevante porque y afecta
directamente la utilidad (en el ejemplo anterior, la utilidad de
una sombrilla depende de si llueve o no).

Obsérvese que la dependencia es del pronóstico ŷ , luego lo
que importa es predecir bien, no que los coeficientes sean no
sesgados o que exista un efecto casual.
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Ejemplos

La utilidad de un reemplazo de cadera depende de el
reemplazo (x0) y cuanto tiempo vaya vivir una persona con el
reemplazo (y).

Presumiblemente, el reemplazo no afecta el tiempo que va
vivir una persona. Este es un problema puro de predicción.

El 1,3 % de los beneficiarios de Medicare en el 2010 se
hicieron reemplazo de cadera.

De esto el 1,4 % se mueren el primer mes (posiblemente por
complicaciones). 4,2 % se muere entre el mes 1 y 12. Esto es
más o menos la mortalidad en un año de Medicare.

Debemos concluir que el reemplazo es útil?
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La pregunta correcta es, si entre aquellos que es predicible que
van a morir con una probabilidad alta (alto riesgo de muerte),
se podŕıa hacer algo para obtener mayores beneficios netos
para la sociedad.
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beneficiaries who might have benefited from 
joint replacement procedures under Medicare 
eligibility guidelines, but did not receive them. 
To be conservative, rather than comparing to the 
lowest-risk eligibles, we draw from the median 
predicted risk distribution of these eligibles, and 
simulate effects of this replacement in columns 
3 and 4. Replacing the riskiest ​10​ percent with 
lower-risk eligibles would avert 10,512 futile 
surgeries and reallocate the ​158​ million per year 
(if applied to the entire Medicare population) 
to people who benefit from the surgery, at the 
cost of postponing joint replacement for 38,533 
of the riskiest beneficiaries who would not have 
died.5

5 The existence of a large pool of low-risk beneficiaries 
potentially eligible for replacement argues against moral 

IV.  Prediction Problems are Common 
and Important

Our empirical application above highlights 
how improved prediction using machine learn-
ing techniques can have large policy impacts 
(much like solving causal inference problems 
has had). There are many other examples as 
well. In the criminal justice system, for instance, 
judges have to decide whether to detain or 
release arrestees as they await adjudication of 
their case—a decision that depends on a predic-
tion about the arrestee’s probability of commit-
ting a crime. Kleinberg, Lakkaraju, Leskovec, 
Ludwig, and Mullainathan (2015) show that 
machine learning techniques can dramatically 
improve upon judges’ predictions and substan-
tially reduce the amount of crime.

Other illustrative examples include: (i) in 
education, predicting which teacher will have 
the greatest value added (Rockoff et al. 2011); 
(ii) in labor market policy, predicting unem-
ployment spell length to help workers decide on 
savings rates and job search strategies; (iii) in 
regulation, targeting health inspections (Kang et 
al. 2013); (iv) in social policy, predicting highest 
risk youth for targeting interventions (Chandler, 
Levitt, and List 2011); and (v) in the finance 
sector, lenders identifying the underlying cred-
it-worthiness of potential borrowers.

Even this small set of examples are biased 
by what we imagine to be predictable. Some 
things that seem unpredictable may actually be 
more predictable than we think using the right 
empirical tools. As we expand our notion of 
what is predictable, new applications will arise.

Prediction problems can also generate the-
oretical insights, for example by changing our 
understanding of an area. Our empirical applica-
tion above shows that low-value care is not due 
just to the standard moral-hazard explanation of 
health economics but also to mis-prediction. The 
pattern of discrepancies between human and 
algorithmic decisions can serve as a behavioral 
diagnostic about decision-making (Kleinberg, 
Lakkaraju, Leskovec, Ludwig, and Mullainathan 
2015). And prediction can shed light on other 
theoretical issues. For example, understanding 

hazard as an explanation for these findings, since physicians 
who predicted well acting consistent with moral hazard 
would first exhaust the low-risk pool of patients before oper-
ating on higher-risk patients. 

Table 1—Riskiest Joint Replacements

Predicted Observed Futile Futile
mortality mortality procedures spending
percentile rate averted ($ mill.)

1 0.435   1,984   30
(0.028)

2 0.422   3,844   58
(0.028)

5 0.358   8,061 121
(0.027)

10 0.242 10,512 158
(0.024)

20 0.152 12,317 185
(0.020)

30 0.136 16,151 242
(0.019)

Notes: We predict 1–12 month mortality using an ​​L​ 1​​​ regu-
larized logistic regression trained on ​65,395​ Medicare bene-
ficiaries undergoing joint replacement in ​2010​ , using ​3,305​ 
claims-based variables and ​51​ state indicators. ​λ​ was tuned 
using ten-fold cross-validation in the training set. In columns 
1 and 2 we sort a hold-out set of ​32, 695​ by predicted risk 
into percentiles (column 1) and calculate actual 1–12 month 
mortality (column 2). Columns 3 and 4 show results of a 
simulation exercise: we identify a population of eligibles 
(using published Medicare guidelines: those who had multi-
ple visits to physicians for osteoarthritis and multiple claims 
for physical therapy or therapeutic joint injections) who did 
not receive replacement and assign them a predicted risk. 
We then substitute the high risk surgeries in each row with 
patients from this eligible distribution for replacement, start-
ing at median predicted risk. Column 3 counts the futile pro-
cedures averted (i.e., replaced with non-futile procedures) 
and column 4 quantifies the dollars saved in millions by this 
substitution.
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