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Despite warnings against inferring causality from observed correlations or statistical dependence, some arti-
cles do. Observed correlation is neither necessary nor sufficient to infer causality as defined by the term’s
everyday usage. For example, a deterministic causal process creates pseudorandom numbers; yet, we observe
no correlation between the numbers. Child height correlates with spelling ability because age causes both.
Moreover, order is problematic—we hear train whistles before observing trains, yet trains cause whistles.
Scientific methods specifically prohibit inferring causal theories from specific observations (i.e., effects)
because, in part, many credible causes are perfectly consistent with available observations. Moreover, actions
inferred from effects have more unintended consequences than actions based on sound deductive causal the-
ories because causal theories predict multiple effects. However, an often overlooked but key feature of these
theories is that we describe the cause with more variables than the effect. Consequently, inductive processes
might appear deductive as the number of effects increases relative to the number of potential causes. For exam-
ple, in real criminal trials, jurors judge whether sufficient evidence exists to infer guilt. In contrast, determining
guilt in criminal mystery novels is deductive because the number of clues (i.e., effects) is large relative to the
number of potential suspects (i.e., causes). We can make inferential tasks resemble deductive tasks by increasing
the number of effects (i.e., variables) relative to the number of potential causes and seeking a shared cause for
all observed effects. Moreover, under some conditions, the method of seeking shared causes might approach
deductive reasoning when the number of causes is strictly limited. At least, the resulting number of possible
causal theories is far less than the number generated from repeated observations of a single effect (i.e., variable).
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Taboos on Causal Claims

Most scientific disciplines, people, and organiza-
tions implicitly claim insights into causal processes.
Those insights allow learning, decisions, predictions,
diagnoses, and attributions (e.g., giving credit and
placing blame). Causality and so-called causal mod-
els (e.g., Fornell and Larcker 1981, Bagozzi and Yi
1988) remain popular. We researchers, however, seem
schizophrenic about causality. We refer to causal
theories as mathematical models, never mentioning
causality. Maruyama (1998, p. 9) states: “the term
‘causal modeling’...fairly quickly fell into disfavor
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in the minds of at least a subset of social scientists,
who objected to any use of the term ‘causal’ with
nonexperimental data. The term ‘causal” was replaced
by the less controversial and very descriptive term
‘structural equations’.” Statistical textbooks emphat-
ically avoid references to causality, focusing on cor-
relation and statistical dependence, yet these text-
books refer to spurious correlations as if some corre-
lations are causal. Some research implies that inde-
pendent variables cause dependent variables (Shugan
2006), although the difference involves error rather
than causality. Some researchers claim experimental
methods can detect causality, whereas others warn
of confounding variables (e.g., Cox 1992, Greenland
et al. 1999). Some researchers claim that although
single equations capture only correlations or, more
generally, statistical dependence, multiple equations
(i.e., causal structural models) can somehow make
correlations causal. Some researchers claim to build
only predictive models while simultaneously appeal-
ing to casual explanations. To avoid the terms cause



732

Shugan: Causality, Unintended Consequences and Deducing Shared Causes

Marketing Science 26(6), pp. 731-741, ©2007 INFORMS

and effect, we refer to exogenous and endogenous
variables, but these terms are also problematic, as
their definitions remain “subtle and sometimes con-
troversial” (Greene 1997, p. 712). Macroeconomist
Kevin Hoover (2001, p. 7) states: “causal language
has fallen into disrepute...many modern macroe-
conomists, instinctively or self-consciously avoid it.”
Despite new creative approaches to examining causal-
ity, including nonparametric structural equation mod-
els (Pearl 2003), graphical methods (Pearl 1995, Krider
et al. 2005), and triangulating methodologies (Desh-
pande 1983), many researchers only insinuate causal-
ity while avoiding the term.

One explanation for avoiding causality is that the
scientific method provides clever tools (e.g., random-
ized experiments) for testing causal theories derived
from basic principles. Experiments can also test multi-
ple causes (e.g., Gourville and Soman 2005). However,
sometimes, we seek to uncover the cause of an effect
(e.g., a new product failure, a stock market advance).
This inductive objective is problematic. Inductive
approaches are fraught with danger because of their
inherently unscientific underpinnings. For example,
there exist infinite explanations that fit any observa-
tion and, of course, deriving and testing a theory on
the same observation is tautological. Moreover, actions
based on inductive reasoning often cause unintended
consequences because we focus on changing the effect,
rather than on inferring a deductive causal theory that
would allow prediction of multiple consequences.

Scottish economist David Hume (Jones 1969, p. 319)
argued that causality was only a perception with-
out physical reality. Perhaps we create causality only
when we measure it. Hence, causality is similar to
beauty, taste, anger, inspiration, epiphany, insight,
thought, anticipation, and perception of cadence with
no physical reality. Researchers avoid causal claims
for good reason.

Why Causality Lacks a Conceptual
Definition
After thousands of years, at least since the incep-
tion of Aristotle’s four causal types, scholars continue
to debate the meaning and implications of causal-
ity. Incredibly, this deceptively simple concept appar-
ently remains elusive, as misconceptions, conflicting
approaches, and fundamental disagreements thwart
the investigation of causality. Rather than review-
ing the gargantuan literature on causality, let us con-
sider a few examples illustrating some conceptual and
practical difficulties relating to causality.

* Suppose Kim, who likes very few flavors, buys
a candy because it is chocolate. Consequently, if the
candy were not chocolate, Kim should not buy. If
something causes an effect, the absence of the cause

should eliminate the effect (i.e., often called a coun-
terfactual). However, if the candy were vanilla, Kim
would still buy, because Kim likes vanilla. The cause
appears unnecessary for the effect.

* Suppose Lee, a salesperson, loses a client because
he fails to provide sufficient service support. Conse-
quently, not providing support appears to cause the
client’s loss. However, the firm’s CEO also fails to
provide that support. The dubious conclusion is that
the CEO not providing service must have caused the
client’s loss. Maybe lack of service support itself is
the cause, but maybe the client’s unreasonably high
expectations regarding support is the cause. The cause
appears ambiguous.

¢ In the preceding example, we could blame the
CEO for hiring Lee and, consequently, the CEO might
be the true cause for losing the client. However,
the board of directors hired the CEO, so perhaps,
the board is the cause. Wait, the shareholders voted
for the board and, hence, the shareholders are the
cause. Maybe the company founders who determined
the organization structure are the cause. Every cause
appears to have its own cause, ad infinitum.

¢ Similarly, if all events have causes, everything is
part of the same causal chain, and we have no influ-
ence over causality. For example, from the moment a
firm is founded (and before), every decision by man-
agement is predictably caused by past events. Hence,
to break the chain, some events must not be causes.
Unfortunately, we lack an unambiguous method of
distinguishing events with causes from those without
causes.

* Suppose a buyer purchases one unit of our prod-
uct. The purchase is certainly not the cause of success-
ful sales. However, if no consumers purchase, there
would be no success. Perhaps all buyers must be the
cause, but one buyer alone could cause success by
purchasing a sufficient quantity. Perhaps quantity is
the cause, but then successful sales merely cause suc-
cessful sales.

* A sales decrease must always follow a previ-
ous increase; otherwise, sales would always be zero.
Hence, sales increases are necessary and sufficient
(assuming bounded sales) for sales decreases. How-
ever, few would argue that sales increases cause sales
decreases. Similarly, day fails to cause night, despite
night always following day. It seems that necessary
sequences still contradict causality.

* Suppose astute future psychologists can predict
perfectly human behavior. Given that psychologists
remain human, they can predict their own behavior,
including their own predictions. Given that every-
thing is predictable, events apparently inevitably
unfold with destiny, and no cause exists beyond his-
tory itself. Everything in the past simply causes the
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future. The creation of the firm, the product, distribu-
tion, the firm’s history of decisions, the buyer’s past
experiences, and so on, cause the buyer’s purchase.
Related to determinism, this conclusion contradicts
the concept of any exogenous decision and has trou-
bled many researchers, at least since French mathe-
matician Pierre-Simon Laplace’s thought experiments
involving determinism (Earman 1986, pp. 5-7).

¢ Similarly, causality might be simply a linear time
line. For example, we construct a function S(¢) that
describes sales as a function of time t. The function
predicts the future, the present, and the past sales. The
function captures all the relevant decisions (advertis-
ing, the economy, prices, etc.) as a function of time ¢.
The concept of causality is irrelevant and merely con-
fuses matters.

* We theorize that latent unobservable utilities
cause buyers to purchase products. Although direct
observations of utility are impossible, we infer them
from behavior. However, perhaps invisible, unde-
tectable, mythical fairies cause purchase behavior, and
we implicitly infer their utilities. Certainly, claiming
an unobservable cause is problematic and unscientific,
because causal theories with unobservable (i.e., hid-
den) variables are often tautological.

¢ Understanding causality only has value if causes
and effects reoccur. However, no two situations are
identical in every respect. We might drive home every
night. Although we appear to return to the same situ-
ation or state, we have not. On the trip home, we have
interacted and influenced other drivers, pedestrians,
vendors (gas stations, drugstores) and, perhaps, have
had profound effects unknown to us.

* Similarly, suppose firms find that lowering prod-
uct quality causes profits to increase; however, they
are unable to guarantee that the effect will persist. It
might take time for current customers to find alter-
native offerings, for competitors to enter the market,
and for customers to recognize lower durability and
reliability. More importantly, everyone might learn.
Hence, causes never have the same effects.

* We dismiss obviously necessary causes. For ex-
ample, we require the stellar sun for the buyer to
exist, but we seldom consider that the stellar sun
causes purchasing behavior.

* No one cause appears necessary. There are hun-
dreds of ways, for example, to cause a buyer to pur-
chase a product.

* No cause appears sufficient. A buyer will fail to
purchase a product unless we have a buyer, a product,
needs, money, distribution, oxygen for the buyer, and
SO on.

e Causal questions often lack answers. For exam-
ple, we ask whether advertising increases sales. Ad-
vertising does and does not. Worse, sales can increase
or decrease without advertising.

¢ The concept of randomness necessitates a com-
plete lack of causality because, if there were a cause,
the variable would not be random.

e Capturing all intuitive definitions of causality is
difficult, if not impossible.

Causes Can Follow Effects in Time
David Hume viewed causality as psychological
impressions created from repeatedly observing the
same sequence of events so that “on its next occur-
rence, the first impression of the sequence will again
be followed by the second” (Jones 1969, p. 319). For
example, when one is first viewing a movie, scenes
occur without causality (e.g., a bus is late and two
people meet). After repeated viewing, the moviegoer
infers that the late bus causes the meeting.

Most researchers accept Hume’s sequential order-
ing, so that causes precede effects. Reichenbach
(2000, p. 27) attempts to define causality without
appeal to sequential orderings, but acknowledges that
“...when we are asked how to distinguish the cause
from the effect, we usually say that...the cause is the
one that precedes the other in time.” However, some
researchers discuss true backward causality (Dowe
2007).

Unfortunately, we can observe effects before their
causes, at least, the intuitive causes. For example, we
hear train whistles before the train, but the train is the
cause. Retail orders for Christmas occur before Christ-
mas, but Christmas causes the orders. Emergency
workers observe phone calls to 911 before observing
people in distress, but 911 calls do not cause the dis-
tress (see Shugan (2006) for other examples). Exper-
imentation could theoretically disentangle causality,
but observed causes can follow observed -effects
in time.

Probabilistic Causality—Not a Panacea
Some researchers argue that probabilistic causality
could potentially solve the causality enigmas (e.g.,
Granger 1988, Pratt and Schlaifer 1988, Zellner 1988).
These researchers debate whether probabilistic uncer-
tainty implies truly random discrete processes, as
encountered in quantum mechanics, or Bayesian un-
certainty reflecting the decision maker’s ignorance
(Popper 1950). Either interpretation allows infer-
ence of causal relationships and unobserved common
causes from covariance matrices (Spirtes et al. 1988,
65-71).

Despite the merits of probabilistic causality, if un-
derstanding deterministic causality is frustrating,
then introducing uncertainty, random disturbances,
and sampling error clouds understanding, at best. At
worst, probabilistic interpretations could hide funda-
mental logical inconsistencies similar to the manner in
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which appeals to uncertainty can sustain bad theories
(Shugan 2006).

For example, we might argue that a suspected
pathogen causes a disease, but the pathogen is absent
from some afflicted individuals while found in some
nonafflicted persons. Correlation or statistical depen-
dence can be irrelevant or, worse, misleading. The
suspected pathogen might be innocuous while the
true pathogen populates all afflicted individuals and
only afflicted individuals. Maybe if the brakes fail
to always stop the car, we need a better causal the-
ory of braking. Retreating to probabilistic interpreta-
tions of causality can prolong the rejection of false
theories or inhibit the development of better theories.
Although probabilistic interpretations allow creative
refinement of nearly correct ideas, many renowned
researchers specifically caution against proposing any
theory derived from specific empirical observations,
and they argue that such proposals violate the fun-
damental tenets of scientific methodology (e.g., Ein-
stein 1919, Popper 2002). Even advocates of prob-
abilistic approaches warn that searching for causal-
ity “is hard to achieve except when large effects are
involved” (Cox and Wermuth 2004, p. 303), making
errors relatively small. Simultaneity is another prob-
lem. It is difficult, for example, to disentangle whether
loyalty causes multiple purchases or the reverse or
both (Gupta and Zeithaml 2006). Probabilistic causal-
ity is insufficient.

Causality Without Correlation

Statistical textbooks are replete with examples of cor-
relation without causality. For example, children’s
spelling skills correlate with foot size, but age causes
both. The number of churches correlates with the
number of crimes, but city size causes both. Shark
attacks correlate with barbeques, but warm weather
causes both. Hence, common causes create correla-
tions. Moreover, the causal direction is often unclear
(e.g., Moorman et al. 2005, Keller and Lehmann 2006).
Alcoholic drinking might cause depression, or depres-
sion might cause drinking (Shugan 2006).

In contrast, most textbooks incorrectly assert that
observed correlation is necessary for causality. The
existence of pseudorandomness (uncorrelated num-
bers generated by entirely deterministic causal pro-
cesses) seems sufficient to prove observed correlation
is unnecessary. For an everyday example, consider
the case of a skilled driver steering an automobile
down a curved two-way highway. With expert steer-
ing, the driver maintains an equal distance between
the car and the median strip, keeping this distance
constant. Consequently, there is no observed correla-
tion between that distance and the steering wheel’s
alignment, despite general agreement that steering is
precisely the cause of the observed distance.

Often, understanding and properly managing con-
trol variables will eliminate or reverse expected ob-
served correlations. Increasing quality should cause
higher sales, but firms raise prices, eliminating ob-
served correlations between quality and sales. Eating
low fat foods should cause weight loss, but consumers
increase their consumption, eliminating the expected
observed correlation. Perhaps these paradoxical exam-
ples result from choosing the wrong variables or from
ignoring the right variables. However, causality exists
without observed correlations.

Causality Without Change

Granger (1969) and others have proposed clever
tests for revealing causal relationships by measur-
ing changes in causes and effects. For example,
when (1) increases in advertising expenditures pre-
cede increases in consumption, and (2) increases in
consumption are unrelated to subsequent increases
in advertising expenditures, then we conclude that
advertising causes consumptions, rather than the re-
verse. Parenthetically, for advertising, Granger tests
reveal evidence for causality in both directions (Ashley
et al. 1980). Granger tests can also reveal whether
objective quality causes perceived quality (Mitra and
Golder 2006).

However, neither the cause nor the effect needs to
change. The sun’s gravity causes the earth’s orbit, yet
the sun’s gravity remains constant. Providing great,
consistent service causes the firm’s sales to grow;
yet, constant service causes changes in sales. An air-
plane pilot causes a constant altitude by continually
changing the controls. A wall causes a roof to re-
main stationary. Although experiments might pursue
manipulations involving change, rather than control-
ling for change, the manipulation can create change
not present in reality.

More generally, change itself depends on the ob-
server’s perspective. A buyer on vacation observes
a change in the layout of a local Walgreen’s store
(compared to home). However, local buyers observe
no change. Microsoft Windows XP users find favor-
able changes in Windows Vista while Apple Com-
puter users find unfavorable changes. Attempting to
hold perspective constant ultimately requires that all
observers experience the same history. Causality can
exist without change.

Why Causes Have More Detail than

Effects

When building a model or theory, we make 90% of
the assumptions when we select which variables to
observe and, implicitly, which not to observe. The
selected variables assume possible causes and effects.
More importantly, we implicitly assume that history
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repeats itself when the selected variables take the same
values.

The claim is that two situations are alike (if not
identical) when the variables assume the same values.
Therefore, knowledge about one situation allows us
to predict others. The proposed relationships between
the variables should persist, regardless of changes in
unobserved variables.

As noted earlier, no two situations are identical.
History never truly repeats itself because it always
grows longer. Whereas the selected variables might
return to previous values, many other variables
assume new values. Moreover, previously absent vari-
ables might appear. For example, launching a new
product today differs from launching one tomorrow,
because a day has passed. People grow older; new
people are born; technology advances; some people
learn while others forget. Markets change by the day,
if not by the minute.

Only on our small set of selected variables are
two situations identical, at least with respect to inter-
relationships. For example, we return home each
night to the same location, but we interacted with the
environment (e.g., breathed the air, created sounds,
disturbed some animals, fed some insects), influenced
other people (e.g., purchased items, encountered con-
gested traffic, changed the future of others) and, cer-
tainly, aged physically. Given that situations always
differ, both causes and effects must involve a limited
number of observed variables. Moreover, the relation-
ships between these variables must persist, regardless
of changes in unobserved variables. Satisfying this
requirement is easier when we describe the cause in
more detail than the effect. Consequently, the cause is
less likely to recur than the effect because we place
greater limits on admissible causes, i.e., situations
when we make predictions.

For example, we predict a single variable, sales,
from a cause consisting of advertising, price, distri-
bution, product features, and so on. Hence, the cause
requires that many variables assume specific values.
The effect, in contrast, requires prediction of only one
variable. Having more detailed causes eases the task
of deducing effects, because we potentially use more
information to predict less. Moreover, we put more
conditions on the cause because a situation causes
only one outcome but many situations produce the
same outcome. The reverse is also true. When infer-
ring causes from effects, adding more detail to effects
eases the task of inferring causes.

A Simple Definition of Causality

Researchers, attempting to celebrate the general appli-
cability of their theories, promote terminology resem-
bling everyday language. Statisticians use the term

“significance” but quickly disavow any association
with the everyday meaning of practical or important.
Accountants use the term “asset value” but disavow
any association resembling the everyday meaning of
worth. The concept of “work” in physics dramatically
differs from the everyday meaning. The terms have
precise unambiguous definitions despite their appeal
to generality.

When defining terms, we should sacrifice the rele-
vance (and ambiguity) of everyday language for the
more precise (and narrow). When defining causality,
for example, Granger (1980) notes that “causation has
no generally accepted definition... . Provided I define
what I personally mean by causation, I can use the
term. I could, if I so wish, replace the word cause
throughout my lecture by some other words, such as
‘oshkosh” or ‘snerd,” but what would be gained?”

Common language often lacks mathematical preci-
sion. For example, mathematical statements are either
true or false. Verbal statements, in contrast, can be
inconsistent, meaningless, ambiguous, or nonsensical.
Statements such as “yellow is large,” “I am lying,”
and “ugly can be beautiful” are neither true nor false.
The same is true of evidence for a causal theory.
Some evidence is neither consistent nor inconsistent
but merely irrelevant or meaningless.

Therefore, let us adopt the narrow definition of
causality inspired by Bayesian decision theory (e.g.,
see Buzzell 1962, Green 1963, Savage 1972, Berger
1980). Decisions are actions that cause different out-
comes. Causes are actions defined on control variables,
and effects are outcomes with particular characteris-
tics. For example, the decision (the cause) is launching
a new product or not. The effects are outcomes pos-
sessing particular characteristics (gains in reputation,
short-term profits, long-term profits, cash flow, sales
growth, etc.).

Decision makers could be uncertain about which
actions produce which outcomes, but that uncertainty
reflects insufficient information (i.e., Bayesian uncer-
tainty) about causality while outcomes are deter-
ministic. Exhaustive observation would resolve all
uncertainty. Decisions recur when one is facing the
same actions and outcomes.

Experimentation and Controls

Arguably, the greatest advance for determining
causality, and perhaps science as well, was English
statistician Sir Ronald Fisher’s ingenious random-
ized experiment. Today, most researchers argue that
only controlled experiments reveal causality. Holland
(1986, p. 959) states that “it takes two causes to define
an effect” and his motto is “no causation without
manipulation.” Box et al. (1978, p. 495) state: "Broadly
speaking, to find out what happens when you change
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something, it is necessary to change it.” Even Danish
physicist Hans Christian Orsted’s famous method
involving thought experiments (Sorensen 1992, p. 57)
are routine for theoretical scientific inquiries into
causality (Bishop 1999)

Experiments examine effects with and without the
cause. The control (i.e., without the cause) tests
whether the cause is necessary. Then, we test whether
the cause is sufficient. For example, to examine the
effect of advertising, we must both not advertise
and advertise. Naturally occurring data lacks essen-
tial information because, in this example, decision
makers choose advertising levels based on the per-
ceived effect, thereby eliminating necessary observa-
tions. If we observe a perfect relationship between
firm market share and firm profits, we remain igno-
rant of whether larger market shares cause larger
profits, larger profits cause larger market shares, good
management causes both, or public data are miss-
ing for profitable smaller share companies (perhaps,
because they are private or have been acquired).

However, experiments seem less necessary when
deductive causal theories make sufficiently unex-
pected predictions (i.e., inconsistent with other the-
ories) that allow falsification. For example, consider
physicist Sir Arthur Stanley Eddington’s confirma-
tion of physicist Albert Einstein’s predictions that
light would bend around the sun during a solar
eclipse as predicted by the theory of relativity (e.g.,
Will 1993, p. 171). Similar predictions provide evi-
dence of causality without experimental data. Hence,
nonexperimental predictions, when nonobvious and
unique, might be useful.

Moreover, constructing control groups can be dif-
ficult, if not impossible. First, observer effects can
cause measurement to alter observation. For example,
television networks and other programmers change
content when Nielsen measures audience size (e.g.,
Lowry 2002).

The Heisenberg uncertainty principle, often con-
fused with observer effects, at least until 1935 (Bohr
1935, McKerrow and McKerrow 1991), states that gain-
ing accuracy on one variable’s measurement decreases
accuracy for other variables. Although the uncertainty
principle only applies to duality properties of sub-
atomic particles, there are analogous situations. For
example, we are unable to measure simultaneously an
automobile’s ability to accelerate and brake at a point
on a hilly road. We must first measure acceleration,
then braking. To measure acceleration, more accu-
rately, we spend more time accelerating (say, from 10
to 20 miles per hour). However, more time causes the
automobile’s position to shift and makes the braking
measurement less accurate because the road’s gradi-
ent and the engine’s state have changed. Braking and

acceleration are conjugate properties of the automo-
bile. Both are real; both can be measured; but not
together.

This problem also inflicts experimental controls.
The control can never be simultaneous with the cause.
For example, we are unable to launch and not launch
a new product in a city at the same time. We must
assume, for example, that without a launch, control
and test cities remain identical over time. The longer
the experiment, the more likely the cities diverge.

Determining Effects and Unintended

Consequences

The scientific method requires that we deduce causal
theories from principles (Einstein 1919, Popper 2002),
rigorously derive testable observable implications
(i.e., effects), scrutinize the consistency of deduced
effects with subsequent observation, and always make
predictions before making observations (i.e., not infer-
ring explanations after making observations). Perhaps
it is best to avoid inadvertent tester bias, and dif-
ferent researchers should propose and test theories.
For example, Einstein et al. (1935), using a thought
(Gedanken) experiment, deduced a disturbing predic-
tion of quantum mechanical theory regarding non-
local causality. Years later, John Stewart Bell (1964)
conceptually designed an experiment for testing the
prediction. Years later, Alain Aspect et al. (1981) cre-
atively implemented the experiment.

The scientific method allows straightforward de-
duction of many effects. For example, compensation
theories predict salesperson behavior on many vari-
ables (Basu et al. 1985, Lal and Staelin 1986). Differ-
ent commission schemes, in contrast to fixed-salary
schemes, should produce different time allocations for
higher potential customers, higher margin products,
travel, postsales support, and many other observable
effects (Hauser et al. 1994).

Moreover, good causal theories should predict all
effects or consequences of causal actions (i.e., actions
intended to cause an effect). Inference, in contrast,
limits our attention to one effect rather than predict-
ing all effects of causal actions. Unintended conse-
quences (i.e., unexpected effects) become problematic
when inferring causes from effects.

For example, legislation mandating worthwhile
safety features in automobiles raises the price of
automobiles, encourages buyers to delay purchases,
increases the average age of automobiles, increases
the number of older, badly maintained automobiles
on the road, and so on. Economic theory predicts all
of these consequences.

Unexpected consequences often occur when one
is inferring an action to remedy undesirable fea-
tures of a single effect. For example, to remedy last
minute unsold seats, an airline might offer regular
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last-minute discounts. Unexpected effects of discount-
ing might include some passengers delaying pur-
chases to obtain discounts (Desiraju and Shugan 1999,
Xie and Shugan 2001). Similarly, increasing sales vol-
ume with price promotions causes other effects, such
as encouraging forward buying, inventorying items
and causing some buyers not to purchase at regular
prices. A reasonable causal theory of buyer behav-
ior would predict these unintended consequences. In
contrast, inferring causal actions from single effects
often spawns unintended effects.

Determining Causes and the Perils of

Inference

Although scientific methods warn against inference,
we must sometimes find a cause from an effect,
particularly an unexpected effect such as a precipitous
sales decline or an epidemic outbreak. Something is
unexpected when our extant causal theory fails. Con-
sequently, we perilously infer a cause to determine
appropriate future actions without a causal theory.

As noted earlier, the scientific method makes a clear
distinction between induction and deduction. Induc-
tive inference allows invaluable activities (e.g., testing,
learning, etc.). However, inference without a priori
theory is dangerous and generally considered unsci-
entific, because inference is prone to uncorrectable
errors. There are numerous, if not infinite, explana-
tions for any specific observation (e.g., a stock market
decline). More seriously, inferential procedures cement
incorrect inchoate theories because confirmation bias
amplifies confirming features of the observation rein-
forcing erroneous inferences. The process deteriorates.

Rather than reviewing the related gargantuan litera-
ture, consider a few examples of the perils of inference.

¢ Philosopher Carl Gustav Hempel's famous proof
shows that observing white shirts provides inferen-
tial evidence that ravens are black, because observing
a black raven is logically equivalent (i.e., the contra-
positive) to observing a not raven that is not black
(Hempel 1945). Simply stated, any observation not
conflicting with a theory becomes inferential support
for the theory. Deductive theory, in contrast, narrows
relevant evidence to very specific falsifiable predic-
tions, perhaps concerning raven genetics.

* Unlike deduction, inductive inferences are rarely
replicable. Experts can infer different conclusions
from the same observations.

* Inductive inference is subject to many psycho-
logical biases. Psychologist Peter Cathcart Wason’s
famous experiments (Wason 1968) found that most
people are unable to infer extremely simple underly-
ing processes from sequences of numbers (e.g., 2, 4, 6).
His four-card experiments suggest great difficulty cor-
recting wrong inferences.

¢ We observe many calendars in nonleap years—
None contains February 29". Any inference about
February 29" in other years is wrong. Inference only
allows generalizations within the same population
with no method for knowing that population (e.g.,
other calendars in the same year, English-language
calendars, etc.).

* Holland (1986, p. 959), for example, notes “...the
‘cause’ of a given effect is always subject to revision as
our knowledge about the phenomenon increases. For
example, do bacteria cause disease? Well, yes...until
we dig deeper and find that it is the toxins the bacteria
produce that really cause the disease; and this is really
not it either. Certain chemical reactions are the real
causes...and so on, ad infinitum.” The inferred cause
appears subjective.

¢ Pete made a bad marketing decision causing an
undesirable effect, so Pete is the cause and eliminat-
ing Pete prevents the future effect. However, Pete has
learned from the experience and he would do better
with future decisions. Valid inferences might not per-
sist and become useless for prediction.

* Very high ticket prices for a celebrity’s concert
upsets loyal fans. Focusing on the effect (upset loyal
fans), the celebrity lowers ticket prices for future
concerts and brokers buy all tickets before the fans.
Inference of causal actions from specific events often
spawns many unexpected consequences.

Deductive causal theory can solve all of these
problems by predicting when and why particular
effects will occur. Testable predictions test the theory.
More importantly, deductive theories produce fewer
unexpected effects because they allow predictions on
many variables in many domains. For example, try-
ing to reduce salesperson travel expenses, we observe
expenses and find high meal costs, so we limit spend-
ing on meals. Deductive theories of incentives pre-
dict unintended consequences on many variables. For
example, salespeople should be reluctant to enter-
tain new clients; salespeople should spend their bud-
gets on less productive activities; the best salespeople
might take jobs at other employers; and so on. Maybe
better solutions include redesigning sales territories,
negotiating hotel rates, or providing salespeople with
better information regarding effective entertainment
strategies.

Parenthetically, unlike dictionary definitions of in-
ferential induction that emphasize inferring general
principles from specific observations, statistical tech-
nologies define inference differently. Estimation tech-
nology usually uses predetermined formulae (not
inferred from observation) to calculate parameters
that maximize the consistency of the theory with
observations and, subsequently, report that consis-
tency. End-users can make their own inferences.
Bayesian technologies use predetermined formulae
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that allow decision makers to assimilate new infor-
mation. Bayesian inference only dictates changes in
uncertainty. Although both technologies claim prop-
erty rights to the word “probability” and advocate
conflicting definitions, the two technologies are com-
patible because they are suitable for different tasks.
The highly criticized Bayesian prior probability dis-
tribution might hinder the task of falsification while
being indispensable for decision-making tasks. Nei-
ther technology truly infers general theories from spe-
cific observations.

A Unique Cause

There are possibly infinite true causes for an effect
when causes themselves have causes. For practical
purposes, let the relevant cause imply the most eco-
nomical action, i.e., the action that minimizes the cost
function across all actions achieving the desired fea-
tures of resulting effects. For example, actions pre-
venting new product failures include having no new
products, disbanding our business, or changing a
product attribute. Actions preventing epidemic out-
breaks include eliminating people, relocating people,
or stopping transmission. The last actions seem the
most economical.

The most economical action within a causal chain
is usually closest to the effect. For example, the pres-
ident hires the marketing vice president, who hires a
market research firm, which uses a forecasting model,
which encourages a new product launch that sub-
sequently fails. The most economical action would
involve the forecasting model, provided it achieves the
desired effect. For precise definitions, the terminology
(i.e., primitives) of decision theory suffices. Finally,
although there may be no unique economical action
that works, assuming so would be counter-productive
if it did exist.

Making Inference Deductive (or Near

Deductive)

Although scientific methods specifically prohibit
inferring causal theories from specific observations
because many credible causes can be perfectly consis-
tent with available observations, when the number of
possible causes is relatively small, the task becomes
deductive. For example, consider the typical inferen-
tial crime mystery in which a suspected perpetrator
(i.e., the cause) commits a crime (i.e., an effect). The
criminal trial parallels statistical inference. Prosecu-
tors present evidence. Jurors decide whether sufficient
evidence exists to infer guilt, given a reasonable doubt
(i.e., a type I error). As an inferential process, mistakes
are possible. Juries sometimes convict the innocent
and exonerate the guilty. Hence, the prosecutor’s so-
called proof is a misnomer, only representing induc-
tive consistency between the prosecutor’s beliefs and

observed evidence. Parenthetically, courts explicitly
prohibit Bayesian analysis by rarely allowing the use
of a suspect’s past criminal history to form a Bayesian
prior probability distribution.

In contrast, the criminal mystery novel seems sim-
ilar. The reader observes the evidence. The reader
infers guilt or innocence. Readers can be wrong. How-
ever, this task is deductive. Deductive logic and a few
simple mathematical equations reveal, without error,
the perpetrator’s identity.

The critical difference between real criminal trials
and mystery novels is the limited set of potential
perpetrators relative to the number of clues. Hence,
the number of potential causal theories (i.e., sus-
pects) is smaller than the number of observed effects
(i.e., clues). We transform an inferential task into a
deductive task by increasing the number of effects rel-
ative to the number of potential causes.

Deductive prediction commonly involves using
many observable causal variables to deduce conclu-
sions about a smaller number of effects. For exam-
ple, increasing product awareness, availability, qual-
ity, reliability, and durability increases sales. Hence,
live variables predict one (i.e., sales).

Inductive inference lacks this property. Induction
often involves going from the few to the many. Hence,
dramatically increasing the number of observed effects
(i.e., variables) might allow deduction. Similarly, more
clues allow unique identification of the guilt per-
petrator. Analogously, inferential statistics become
descriptive statistics when we obtain a census for the
entire population. Perhaps increasing the number of
observed effects (i.e., variables) will allow inference of
a single cause, making the process resemble deduc-
tion. For example, physician Jerome Groopman (2007)
advocates encouraging patients to provide richer sets
of symptoms (i.e., effects), rather than inferring the
most likely cause of prominent symptoms.

Note that increasing the number of observed effects
differs from observing repeated instances of the same
effect. Observing more effects increases the number of
observed variables, rather than the number of obser-
vations of the same variables. For example, repeated
observations of sales at different outlets differ from
chronicling all unexpected observations.

Shared Causes

By expanding the number of observed effects (or vari-
ables), we attempt to infer a shared cause for all
the observed effects. By not trying to better fit the
cause to a single effect (or single variable), we avoid
the usual deficiencies associated with inductive ap-
proaches such as overlying on situation-specific fac-
tors (i.e., over-fitting). If a causal action occurs, then
it should cause multiple observable effects beyond
the specific outcome of interest. These other predict-
able effects might be simultaneous with the effect of
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interest or nearby (in time and space). Better theories
provide richer predictions and, consequently, produce
a greater variety of specific predictions. For exam-
ple, the rich theory of rational consumer expecta-
tions makes predictions on every consumer decision
in many different situations.

Having a sufficient number of observed effects
might greatly limit the number of consistent causal
theories. For example, other unexpected observations
occurring with sales declines might include loss of
customers, low purchase rates, low levels of customer
satisfaction, many product returns, bad customer per-
ceptions, distributor concerns, and so on.

Although finding shared causes fails to replicate
a deductive process, it does increase the number of
observed effects relative to the number of poten-
tial causes, at least, obvious causes. Moreover, under
some conditions, the method of seeking shared causes
might converge to deductive reasoning when the
number of causal theories is strictly limited. At least,
the resulting set of causal theories is far less than
the number generated from repeated observations of
a single effect. Unfortunately, some relevant causal
theories might be inconspicuous. Hence, although
observing many effects might simulate deduction,
errors remain possible.

Shared Causes—A New
Product Example

Consider two previous examples—the new product
failure and the epidemic. In the case of the new prod-
uct, we can look for other effects. For example, have
there been other recent failures? The products from
other firms might have failed; other products from
the same firm might have failed. That might indicate
specific causes beyond defective product attributes,
such as a faulty new product development process,
a flawed distribution channel, a poorly run organiza-
tion, an unsound corporate strategy, an unworkable
environment, and so on. However, more importantly,
as we increase the number of observed events, we
should be able to limit the number of candidate causal
theories. For example, if many other new products
succeeded before and after the failure, the cause must
be more specific to this product.

The strategy is finding a shared cause for all ob-
served effects. Increasing the number of observed
effects narrows the number of potential shared causes.
Rather than trying to explain an effect by seeking other
instances of the effect, we seek observations of other
local effects. This process should ultimately eliminate
all but one shared cause. Seeking a shared cause sim-
ulates a more deductive approach. Of course, seeking
a shared cause remains inferential unless the number
of candidate causes is both limited and known.

Shared Causes—An Epidemic Example
Plague Bacillus inflicted massive human disaster
across the world, devastating and decimating both
cities and countries. Candidate causes for the dis-
ease included the star’s unfavorable constellations,
comets, supernatural powers, and poisoning of wells
by Jews... “who paid for this with tortures inflicted
on them by the panicked population” (Gross 1995,
p- 7609). Centuries later, facing government resis-
tance, physician Alexandre Emile John Yersin visited
plague-ravaged Hong Kong. An English priest, Father
Vigano, magnanimously supplied Yersin with a small
shack for a crude laboratory. Bribing two English
sailors (Marriott 2004, p. 136) at great personal risk,
Yersin gained access to the hospital morgue. Micro-
observation of abnormalities in plague fatalities con-
sistently revealed rod-shaped microbes. Yersin tested
the causal theory by injecting the microbes into
guinea pigs that subsequently died with large quan-
tities of the microbe.

Unlike other researchers who focused on labora-
tory observation of fatalities, Yersin also made exten-
sive environmental observations, finding other effects
of the plague. Among recorded observations were
large numbers of dead rats. In plague-ravaged Long-
Tcheon Indochina, bacteriologist Paul-Louis Simond,
inspired by Yersin, also expanded observation to out-
side the laboratory. Unlike others, he examined blisters
on workers’ feet, finding high levels of plague bacilli
(Marriott 2004, p. 236). He observed geographic sep-
aration between outbreaks (Marriott 2004, p. 237). He
observed that, “one day, in a wool factory, employ-
ees arriving in the morning noticed a large number of
dead rats on the floor. Twenty laborers were ordered
to clean the floor of the dead animals. Within 3 days,
10 of them developed plague, whereas none of the
other employees became ill” (Gross 1995, p. 7610).
Making further observations on still more variables
(e.g., the nature of the contact, when the contact
occurred), Simond found a shared cause—contact
with recently deceased rats (i.e., rats that were not liv-
ing but not cold dead). Investigating all events occur-
ring during death, he found that “immediately after
the rat dies, when its corpse cools off, the rat flea
(Xenopsylla cheopis) leaves the dead rat and jumps
on other healthy rats or, if no rats are available, they
jump on men or women.” Using very crude labo-
ratory equipment (e.g., paper bags), Simond tested
the causal theory. Simond, for example, showed that
inflicted rats with no fleas did not transmit the plague
to other rats.

Yersin and Simond isolated the shared cause by
expanding the number of observed effects. Other
researchers (e.g., Shibasaburo Kitasato) also isolated
microbes but limited observations to the laboratory.
The cause of transmission revealed itself (after many
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centuries of arduous effort by investigators) only after
expanding the number of observed effects.

Conclusions

Researchers avoid causal claims for very good rea-
sons. Causality often lacks both conceptual and oper-
ational definitions capturing the everyday intuitive
definitions for causality. Moreover, intuitive causal
relationships seem to violate scholarly definitions. For
example, observed causes can follow observed effects
in time. Causality can exist with or without observed
correlation between the cause and the effect. Causal-
ity can exist without observing any change. Perhaps
it is best to adopt a specific definition of causality—a
causal action produces effects having particular fea-
tures. We use the most economical (i.e., lowest-cost)
causal action. Our causal models, then, predict the
effects of actions.

When building causal models for prediction, we
make 90% of the assumptions when we select which
variables to observe and, implicitly, which not to
observe. Causes and effects are limited to those vari-
ables. An often overlooked but key feature of model-
ing is that we describe the cause with more variables
than the effect. Qualitatively, we describe the effect
in less detail than the cause. This is a key difference
between inference and deduction.

For example, a real criminal trial involves infer-
ence. Jurors decide whether sufficient evidence exists
to infer guilt, given reasonable doubt (ie., a type I
error). In contrast, determining guilt in a criminal
mystery novel is deductive because the number of
clues (i.e., effects) is large relative to the number of
potential suspects (i.e., causes). We transform an infer-
ential task into a deductive task by increasing the
number of effects relative to the number of potential
causes.

One reason scientific methods specifically prohibit
inferring causal theories from specific observations
is that many credible causes are perfectly consistent
with available observations, as evidenced by most
political and scientific debates. This is the well-known
shortcoming of inductive reasoning.

However, when the number of possible causes is
sufficiently small, the task becomes deductive. Conse-
quently, inductive tasks might also approach deduc-
tive tasks when we expand the number of observed
effects (i.e., variables). Note that increasing the num-
ber of effects is not equivalent to observing repeated
instances of the same effect. Observing more effects
increases the number of observed variables rather
than the number of observations of the original vari-
ables. Yersin and Simond solving of the Bacillus
plague puzzle provides an example.

By increasing the number of observed effects (i.e.,
variables), we limit the number of possible shared

causes, i.e., causes that predict all of the observed
effects. A sufficient number of observed effects might
greatly limit the number of consistent causal theories.
Although the method of seeking shared causes fails
to replicate deductive processes, it might approach
one. Moreover, under some conditions, the method of
seeking shared causes might converge to deductive
reasoning when the number of candidate causal theo-
ries is strictly limited. At least the resulting number of
causal theories is far less than the number generated
from repeated observations over a single effect or a
much smaller number than the universe of candidate
causal theories.
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