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Principales temas

Nuevos datos (administrativos y corporativos): volúmen,
variedad (imágenes, texto, etc.) y velocidad.

New markets (strategic algorithmic interaction).

Predicción vs. causalidad.

Metodológico: validación cruzada, regularización, compromiso
sesgo vs. varianza, etc.

Poner a prueba teoŕıas.

Nuevos problemas: sesgos, discriminación, interpretabilidad,
etc.
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Ejemplos

Modelo de predicción de la temperatura de una ciudad dada
la altura sobre el nivel del mar.

Modelo de predicción del crimen: consumo de helados y
crimen.

Modelo de ocupación hotelera: correlación positiva entre
precio y ocupación.
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Consumo de chocolates y premios Nobel

2 FABIAN DABLANDER1

questions such as “would the patient have recovered if we had
given him the treatment, even though he did not recover and
has not received the treatment?”

In the following sections, we successively climb this causal
hierarchy. At each level, we discuss the central concepts and
illustrate them with examples. This paper is by no means
exhaustive; instead, it should provide you with a first appreci-
ation of the concepts that surround the graphical approach to
causal inference. The goal is that, after reading the paper, you
will be better equipped than Karl Pearson was in the quest
to understand when correlation does imply causation — and
when it does not.

Correlation Alone Does Not Imply Causation

It is a truth universally echoed by scientists that correlation
does not imply causation. In daily life, however, the former is
frequently mistaken for the latter. Messerli (2012), for exam-
ple, showed a strong positive relationship between chocolate
consumption and the number of Nobel Laureates per coun-
try. Using more recent data, I have found an even stronger
relationship, which is visualized in Figure 1.1 Although it is
difficult to assess whether Messerli (2012) is facetious in his
writing or not, he is careful not to mistake this correlation for
causation. In reporting on the study, the chocolate industry
was less careful, stating that “eating chocolate produces Nobel
prize winners” (Nieburg, 2012).
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Nobel Prizes and Chocolate Consumption

Figure 1. Shows the relationship between chocolate consump-
tion and the number of Nobel Laureates per country.

Correlation by itself does not imply causation because sta-
tistical relations do not uniquely constrain causal relations.
In particular, while chocolate consumption could cause an
increase in Nobel Laureates, an increase in Nobel Laureates
could likewise underlie an increase in chocolate consump-
tion — possibly due to the resulting festivities, as Messerli

(2012) conjectures. More plausibly, unobserved variables
such as socio-economic status or quality of the education sys-
tem might cause an increase in both chocolate consumption
and Nobel Laureates, thus rendering their correlation spurious,
that is, non-causal. The common cause principle states these
three possibilities formally (Reichenbach, 1956):

If two random variables X and Y are statistically
dependent (X 6y Y), then either (a) X causes Y ,
(b) Y causes X, or (c) there exists a third variable
Z that causes both X and Y . Further, X and Y
become independent given Z, i.e., X y Y | Z.

An in principle straightforward way to break this uncertainty
is to conduct an intervention: we could, for example, force
the citizens of Austria to consume more chocolate and study
whether this increases the number of Nobel laureates in the
following years. Such interventions are clearly unfeasible; yet
even in less extreme settings it is frequently unethical, imprac-
tical, or impossible — think of smoking and lung cancer — to
intervene by for example conducting a randomized controlled
trial.

Causal inference provides us with tools that allow us to draw
causal conclusions even in the absence of a true experiment,
given that certain assumptions are fulfilled. These assump-
tions increase in strength as we move up the levels of the
causal hierarchy. In the remainder of this paper, I discuss
the levels association, intervention, and counterfactuals, as
well as the prototypical actions corresponding to each level —
seeing, doing, and imagining.

Seeing

Association is on the most basic level, allowing us to see
that two or more things are somehow related. Importantly,
we need to distinguish between marginal associations, which
look at the assocation between two variables without taking
into account other variables, and conditional associations,
which do take other variables into account. The latter are a
key element of causal inference.

Figure 2 illustrates the difference between marginal and condi-
tional assocations. The left panel shows the whole, aggregated
data. Here, we see that the variables X and Y are positively
correlated: an increase in values for X co-occurs with an
increase in values for Y . This relation describes the marginal
association of X and Y because we do not care whether Z = 0
or Z = 1. On the other hand, as shown in the right panel, if
we condition on the binary variable Z, we find that there is no

1You can download the data from https://fabiandablander.com/

assets/data/nobel-chocolate.csv. It includes Nobel Laureates up
to 2019 and the 2017 chocolate consumption data as reported
by https://www.statista.com/statistics/819288/worldwide-chocolate-
consumption-by-country/.
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Kleinberg, Ludwig, Mullainnathan, Obermeyer. 2015.
Prediction Policy Problems. AER.

Este art́ıculo introduce un marco conceptual muy sencillo para
entender la relación entre ambos problemas.

Muchos problemas económicos o de poĺıtica pública no
requieren la identificación de efectos causales.
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requieren la identificación de efectos causales.
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Modelo

Sea y el resultado de interes. Depende de x0, que es exógena
(e.g., una variable de poĺıtica) y x . Para hacer expĺıcita esta
dependencia escribimos y(x0, x)

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

El problema de decisión depende de:

dΠ(x0, y(x0, x))

dx0
=

∂Π

∂x0
(x0, y) +

∂Π

∂y
(x0, y)

∂y

∂x0
(x0, y)

1 Primer término: El efecto de x0 en Π (evaluado en (x0, y) un
problema de predicción).

2 Segundo termino: El efecto de x0 en y (un problema de
causalidad).

Obsérvese que ambos términos dependen de y .

El tomador de decisiones debe resolver ambos problemas (i.e.,
problemas entrelazados).
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Modelos

Suponga que en una mañana usted se enfrenta al siguiente
problema: llevar una sombrilla por si acaso llueve o, poner
unos cuchillos cruzados (o bailar) para evitar que llueva.

El primero es un problema de predicción:

∂y

∂x0
= 0

El segundo uno de causalidad:

∂Π

∂x0
(x0, y) = 0 (1)
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Hip replacement

The utility for an individual of a hip or knee replacement
depends the weather there is in fact a replacement (x0) and
how long he will live after replacement (y).

We assume the intervention does not affect the chances of
dying (a pure prediction problem). But welfare is improving if
people leave long enough to get the benefits of replacement.

1,3 % of Medicare beneficiaries in 2010 had a replacement.

Out of these 1,4 % die the first month. 4,2 % die between
month 1 and 12.

Is replacement futile?

Based on these averages apparently not. But the relevant
question is if among those that are predictably riskier,
replacement was futile?
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Hip replacement
MAY 2015494 AEA PAPERS AND PROCEEDINGS

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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Introducción

Risk Adjustment Revisited using Machine Learning
Techniques. Riascos, Romero, Serna.

La ley 100 de 1993 transformó el sistema colombiano de salud
en un mercado de aseguramiento competitivo.

Elementos fundamentales en la organización del mercado:
POS, IPS, EPS, UPC.

Usando un modelo de regresión lineal, el gobierno distribuye
más de COP 24 billones de pesos entre las EPSs.

Esto se hace usando como principal insumo la base de
suficiencia que registra todas las atenciones, servicios,
hospitalizaciones, etc. de 20 millones de Colombianos en el
POS (tiene más de 450 millones de registros).
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Eficiencia

Contención del gasto.

Solución:
1 Pagar con anterioridad a la prestación de los servicios (pago

ex-ante).
2 UPC debe reflejar el gasto esperado de salud de los afiliados.
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Causalidad y Predicción

Problemas de Predicción
Referencias

Ajuste de Riesgo
Problemas
Resultados

Eficiencia

Contención del gasto.

Solución:
1 Pagar con anterioridad a la prestación de los servicios (pago

ex-ante).
2 UPC debe reflejar el gasto esperado de salud de los afiliados.
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Selección de riesgos

Descreme del mercado mediante estrategias sutiles: calidad
del servicio, largas colas, tiempos prolongados para obtener
citas, etc.

Solución:
1 Ajuste de riesgo ex ante a la UPC.
2 El auste de riesgo debe compensar por riesgos predecibles y

socialmente aceptables.
3 Mejor uso de la información.
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Capacidad predictiva del gasto

El modelo de ajuste de riesgo del Ministerio tiene un poder
predictivo normal (de acuerdo a los estándares
internacionales).

Predice el 33 % del gasto del quintil de mayor gasto de salud.

La capacidad de predecir el gasto de ciertos riesgos
predecibles es baja: Quedan muchos incentivos a la selección
de riesgos.

Por esta razón se hace un ajuste ex-post.
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Ajuste ex-ante

Cuadro: Ajuste fuera de muestra distribución completa

Modelo RMSE MAE PR PR - R2

anual no anual

1. WLS UPC 3,506,658 720,587 0.896 0.999 1.57
2. WLS UPC + Dx 3,440,928 694,404 0.892 0.999 5.23
3. ANN FS 3,455,366 774,190 1.064 1.179
4. RF FS 3,465,301 712,820 0.975 1.087
5. GBM FS 3,431,044 721,168 1.002 1.115

Aprendizaje de Máquinas y Econoḿıa A. Riascos - Uniandes y Quantil
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Causalidad y Predicción

Problemas de Predicción
Referencias

Ajuste de Riesgo
Problemas
Resultados

Ajuste ex-ante

Cuadro: Ajuste fuera de muestra en el quintil superior

Modelo RMSE MAE PR PR
anual no anual

1. WLS UPC 7,749,235 1,920,486 0.291 0.335
2. WLS UPC + Dx 7,580,659 1,983,269 0.367 0.426
3. ANN FS 7,582,293 1,962,318 0.412 0.474
4. RF FS 7,580,672 1,988,824 0.424 0.490
5. GBM FS 7,517,520 1,961,026 0.430 0.500

Aprendizaje de Máquinas y Econoḿıa A. Riascos - Uniandes y Quantil
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