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In the empirical sciences, experiments are invariably conducted with the intent of
being used elsewhere (e.g., outside the laboratory), where conditions are likely to be
different. This practice is based on the premise that, owing to certain commonalities
between the source and target environments, causal claims will be valid even where
experiments have never been performed. Yet, despite the extensive amount of empiri-
cal work relying on this premise, practically no formal treatments have been attempted
to reveal the conditions under which environments can differ and still allow, in some
formal sense, generalizations to be valid.

This work develops a theoretical framework for understanding, representing, and
algorithmizing the generalization problem described above and brings other types of
generalization problems, of both causal and statistical character, under the same the-
oretical umbrella.

The generalization problems addressed in my thesis work are as follows:
Problem 1. Transportability [Bareinboim and Pearl 2012c; 2013a; 2013b; Pearl and
Bareinboim 2014] (generalizing experimental findings across settings, populations, or
domains). How to reuse causal information acquired by experiments in one setting to
answer causal queries in another, possibly different setting where only passive obser-
vations can be collected? This question embraces several sub-problems treated infor-
mally in the literature under rubrics such as “external validity” [Campbell and Stanley

∗ Extended version of Bareinboim’s thesis abstract, contact eb@cs.ucla.edu for his research statement.
This research was supported in parts by grants from NIH #R01LM009961-01, NSF #IIS-0914211 and #IIS-
1018922, and ONR #N000-14-09-1-0665 and #N00014-10-1-0933.
Author’s addresses: E. Bareinboim, Computer Science Department, UCLA, Los Angeles, CA, 90095, USA
Permission to make digital or hard copies of part or all of this work for personal or classroom use is granted
without fee provided that copies are not made or distributed for profit or commercial advantage and that
copies show this notice on the first page or initial screen of a display along with the full citation. Copyrights
for components of this work owned by others than ACM must be honored. Abstracting with credit is per-
mitted. To copy otherwise, to republish, to post on servers, to redistribute to lists, or to use any component
of this work in other works requires prior specific permission and/or a fee. Permissions may be requested
from Publications Dept., ACM, Inc., 2 Penn Plaza, Suite 701, New York, NY 10121-0701 USA, fax +1 (212)
869-0481, or permissions@acm.org.
c© 0 ACM 1539-9087/0/-ART0 $15.00
DOI:http://dx.doi.org/10.1145/0000000.0000000

ACM Transactions on Embedded Computing Systems, Vol. 0, No. 0, Article 0, Publication date: 0.



0:2 E. Bareinboim

1963], [Glass 1976], “heterogeneity” [Höfler et al. 2010], “quasi-experiments” [Shadish
et al. 2002, Ch. 3].

For instance, a researcher may perform experiments on mice and aim to generalize
the conclusions to human beings; or an engineer may train a robot in a simulator with
the hope that it will perform well in the field.

Problem 2. Selection Bias [Heckman 1979; Bareinboim and Pearl 2012b; Barein-
boim et al. 2014; Bareinboim and Tian 2015] (generalizing statistical findings across
sampling conditions (preferential exclusion of units from the sample)). How can knowl-
edge from a sampled subpopulation be generalized to the entire population when the
sampling process is not random, but determined by variables in the analysis?

For instance, one might have collected data in a specific hospital, and ask under what
conditions this data could be generalized to the population as a whole, given that the
hospital exercises a peculiar admission policy which depends on applicants financial
conditions and symptoms.

Problem 3. Experimental identifiability [Angrist et al. 1996; Bareinboim and
Pearl 2012a] (generalizing experimental findings across experimental conditions in
the same population). How can accessible experiments be used as surrogates for other
experiments that are too difficult, expensive, or unethical to be conducted in practice?

For instance, one can conduct an experiment on diet to estimate the effects of choles-
terol level on heart attacks, since it is infeasible to control cholesterol level directly.

Building on the modern theory of causation [Pearl 2000; Spirtes et al. 2001], we
provide algebraic, graphical, and algorithmic conditions to support the inductive step
required in the corresponding task in each of these problems. This characterization de-
lineates the formal boundary between estimable and non-estimable effects, and identi-
fies which pieces of scientific knowledge need to be collected in each study to construct
a bias-free estimate of the target query. The theory provided in this work is general, in
the sense that it takes as input any arbitrary set of generalizability assumptions and
decides whether this specific instance admits solution.

The problems discussed in this work have applications in several empirical sciences
such as bioinformatics, medicine, economics, social sciences as well as in data-driven
fields such as machine learning, artificial intelligence and statistics.
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