Algorithms of Inductive Causation, DAGs, and Ecormebnics

As a graduate student at California in the mid 197%dy greatest disappointment in my
study was with the way we tried to force the dateeveal what we “knew” to be a “true”
a priori theory. In almost all cases of empirical study wediobservational data to
estimate the basic demand and or supply paranmetesgecified via thia priori theory.
Of course the theory was that generated from thenmagtion of maximizing behavior as
laid out in several places, two most prominent §efaul SamuelsonBoundations of
Economic AnalysifCambridge: Harvard 1948) and John HicKalue and Capital
(Oxford, Clarendon, 1946). While that theory isexd&lly an exercise ineteris paribus
reasoning, it was more or less adapted and mafitentth observational (non-
experimental) data. Haavelmo’s 1944 supplemeBctmometricaliscusses difficulties
in merging ceteris paribus theory with observatiatza (he labels these data passive
observations). He writes (pages 14 and 15):

A design of experiments (a prescription of whatghgsicist call a “crucial experiment”)
is an essential appendix to any quantitative thedknd we usually have some such
experiments in mind when we construct the theoaigspugh — unfortunately- most
economists do not describe their designs of exmetisrexplicitly. If they did, they would
see that the experiments they have in mind mayduged into two different classes,
namely, (1) experiments that we should like to nbalsze if certain real economic
phenomena — when artificially isolated from “othefluences” — would verify certain
hypotheses, and (2) the stream of experiments\iatatre is steadily turning out from her
enormous laboratory, and which we merely watchassive observers. In both cases
the aim of theory is the same, namely, to beconstemaf the happenings of real life.
But our approach is a little different in the twases.

In the first case we can make the agreement ogdessment between theory and facts
depend upon two things: the facts we choose tadenss well as our theory about
them. As Bertrand Russell has said: “The actualgedure of science consists of an
alternation of observation, hypothesis, experimant] theory.”

In the second case we can only try to adjust oeotties to reality as it appears before us.
And what is the meaning of a design of experimerttis case? It is this: we try to
choose a theory and a design of experiments toitoitwin such a way that the resulting
data would be those which we get by passive obsenvaf reality. And to the extent

that we succeed in doing so, we become mastealifire by passive agreemeht.

Our econometrics in the mid-1970’s basically triedplit the difference between
Haavelmo’s two classes of experiments: we modelbsegrvational data (his passive
observations) on the variables suggested by ecaniv@ory, but added (conditioned on)

! Actually Haavelmo's discussion is not unrelateeawlier treatment of inference by John Stewart Mil
(1884):A System of Logic, Ratiocinative ad Inductighth edition, Harper & Brothers Publishers, New
York, NY. Here Mill argues that wherever possibtgtbexperimental and observational studies can (if
possible) be used together. Two modern worksappéar to agree with Mill's recommendation are Rubi
(J. Educational Psycholodgl974) and Bessler and CoveyJAE1993).



small sets of “confounding” variables, variableattbhanged over our sample period and
obviously negated the ceteris paribus assumptiarenmathe initial theory. Of course

the set of confounding variables was not known wehainty and, in fact, that prior
theory which we were trying to model suggested thatset of potential confounding
variables was indeed very large, as general equiibwas the theory we were trying to
model in the first place.

Haavelmo considers the relation between y, a degrgndriable, and a large number of
potential independent variableg X, ..., %, Xn+1, .... He warns us that it would be
impossible to obtain ceteris paribus using obse@wmat data if one of two conditions
holds: The first relates to a situation where the indeparidrariables are such that each
independent variable may possibly have a greatiémite on y. The second condition is
when each x tends to be constant or have a sm@dinge, but on occasion, any of the
independent variables can vary greatly. To pickasmall number of factors X,
assuming the rest to be constant, would then bergflittle help in ‘explainingthe

actual variations observed for y ... simply becatleceteris paribus conditions ... would
be no approximation to reality.... From the poifitveew of verifying certain simplified
relations of theory we might say that ... it wob&impossible to find data for such a
purpose by the method of passive observaijbiagavelmo, 1944: 25).

The 1970’s showed us the consequences of ignoraay&imo’s advice. Raussétgw
Directions in Econometric Modeling and ForecastindJ.S. Agriculture New York:
North Holland Pub. Co., 1982) describes this pemoalgriculture econometrics:

To the U.S. government officials who were struggloncontrol inflation... the
tremendous increase in food prices was indeedterldtsappointment. At this juncture,
it became crystal clear that the constructed modéthie USDA were no longer viable.
The forecasts generated by these models appea dathiers in comparison to the
actual behavior of the systernfpage 2)

This period was one of “extra-ordinary scienceKimn’s vernacular (KuhnThe
Structure of Scientific RevolutionShicago, 1962). We knew existing “structural”
methods guided by strong doses of prior theoryndidwork (a similar disappointment as
Rausser describes above was evident in economgeniral in the mid-1970’s, see
Granger and Newboldrorecasting Economic Time Seri®&ew York: Academic Press,
1975). Econometricians looked around for otheeaesh methods proposed by earlier
generation of scientists. Here methods in expariaieeconomics of Vernon SmitdRE
1962,QJE 1964) were explored. This literature took thegasggions of Haavelmo
(described above) seriously by working with dataegated by his first class of
experiments. Today this line of inquiry is welleapted for studying micro-economic
behavior. A second line of activity motivated I t'structural” failings of the 1970’s
was the time series approach, which looked batkea¢arlier work of Burns and

Mitchell (Measuring Business Cycldsew York: NBER, 1946) and LuEconometrica
1960) and the statistical work of Box and Jenkifimg Series Analysis :Forecasting and
Control, Oakland: Holden-Day, 1976). Here economistsg$edwn the second class of



Haavelmo experiments — essentially looking for arptions which were consistent with
the regularities in the observational data.

The DAG and algorithms of inductive causation bglemthe second category of
experimental inquiry suggested by Haavelmo. Thysiiry is with passive observations,
where our goal is to make our theory agree withotbeervational data. The inquiry is

not unlike that of KeplerAstronomia Novaor many nineteenth century economists (see
Nerlove, Grether and Carvalh&nalysis of Economic Time Seriéew York: Academic
Press, 1979). The basic idea of “screening oftf @ implications for partial correlation,
which Box and Jenkins recognized with time seresidcan be extended to cross section
data or combined with multiple time series methadh time series data to offer
evidence on contemporaneous time relationships.

DAGs and Algorithms of Inductive Causation in Ecoius

A directed graph is a picture communicating theseatlow among a set of vertices
(variables). Lines with arrowheads are used toasmt such flows; the graphzAB
indicates that variable A causes variable B. & lbonnecting two variables, say C — D
indicates that C and D are connected by informédtmm but we cannot tell if C causes D
or vice versa. Here we consider directed acychplgs (DAGSs), which means that we do
not consider inference on systems such that infooma&reated in one variable (say
variable A) passes on to other variables (B and@)ultimately returns to its source

(A); we do not study systems such a®B>C> A?

The fundamental notion which allows us to assigadtion of causal flow to a set of
variables is that of screening-off phenomena agchibre formal representation in terms
of d-separation (PeaiGausality Cambridge, UK, 2000). For three variables En& &,

if variable F is a common cause of E andd@hat E-F->G, then the unconditional
association between E and G will be non-zero, #8s Band G have a common cause in
F. Pearl refers to such a structure as a “caosal’flf we measure association (linear
association) by correlation, E and G will have a-zero correlation. However, if we
condition on F, the partial correlation betweenmid & will be zero. Common causes
“screen-off” associations between their effects.

A similar “screening off” condition exists for theevariables exhibiting a “causal chain”
relationship” H-> | = J. The unconditional association (correlatioa imear world)
between H and J will be non-zero; however, if ooeditions on the middle variable I,
the conditional association (partial correlatioejvieeen H and J will be zero. Knowledge
of the middle variable in a causal chain will “semeoff” association between the two end
variables (the root cause, here variable H, angitile here represented as J).

2 Of course we could model feedback in dynamic systas a DAG by dating variables, so thatAB, >
C: 2 Auy, etc. is a perfectly valid DAG representation (8&elman, Bessler and Burton in Glymour and
CooperComputation, Causation, and Discové&ambridge, MA: AAAI/MIT Press, 1999).

% Readers familiar with Box and Jenkins'(1976) uriate time series work will recognize the screerifig
conditions on a causal chain as part of the “idieation” conditions of an autoregressive procefssrder

p in terms of the “tail-off” and cut-off” behavisiof the autocorrelation and partial autocorretatio
functions.



On the other hand, if we have variables K, L andudh that K> L < M, labelled by
Pearl as a “causal inverted fork” (Pearl 2000, pbfje the association conditions differ
from those discussed above. Here we have L amanoo effect of K and M. Kand M
will have no association (zero correlation if weastrain ourselves to linear association);
however, if we condition on L, the association k#w K and M is non-zero (the partial
correlation between K and M, given L is non-zerblere we say knowledge of common
effects do not “screen-off” associations betweeirtbtommon causes.

The independence structure of “causal forks” araisal chains” is the same, as the
middle variable in each given above (F and 1) “soseoff” association between the
respective end variables (E and G for forks anahél afor chains). On the other hand,
the independence structure on “causal invertedsfaskdifferent, as the middle variable
on an inverted fork does not screen off associdigiween its two end points (L is said
to open up the communication between K and M ireth@ve inverted fork). It is the
existence of causal inverted forks (arrows comaougther at a variable) which will allow
us to infer causal structure using independencecanditional independence
relationships among a set of theoretically relatadiables whose measurements are
observational (non-experimental).

These screening-off phenomena associated with conaffiects, causal chains and
common causes have been recognized in the literedusome fifty years now; for
example, OrcuttREStat.1952), Simon$tudies in Econometric Methodew York,

1953) and Reichenbacitection of Tine University of California Press, 1956).
However, it is only recently that they have beemmially introduced into the literature for
assigning causal flows among three or more varsabkey to this modern re-birth is the
technical work of Pearl and his associates (P€alisality Cambridge UK, 2000) and
Spirtes, Glymour and Scheinégsgusation, Prediction and Sear@ambridge, MIT Press,
2000). Applications include Bessler and AklemAdAE1998), Bessler and Lee
(Empirical Economic2003), HooverEcmt Theory2005) and Moneteéempirical
Economic2008).

Our recent work with these algorithms and DAGsfoassed on inference methods for
testing a hypothesis that one random variable @jses another random variable (B).
Contingent on a sufficiently strong corresponddneveen the hypothesized cause and
effect, an appropriately related third variableniich we may call an instrument) can be
employed for such a test. The basic logic of tlee@dure naturally suggests strong and
weak grounds for rejecting the hypothesized cawealionship. Monte Carlo results
suggest that weakly-grounded rejections are urnelifor small samples, but reasonably
reliable for large samples. Strongly-groundedatepas are highly reliable, even for
small samples (Bryant, Bessler and Hatford Bulletin of Economics and Statistics
forthcoming).



