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The computer science and artificial intelligence literature provides pow-
erful tools for causal inference with observational data based on graph-
ical models of causation. A paper by Durand and Vaara (2009), which
introduced causal graph modeling to the strategy literature, has been
criticized by Ellsaesser et al. (2014) in Strategic Management Journal.
In this paper I develop a counter-critique of Ellsaesser et al. and show
that the objections they raise are unjustified. I then proceed to illus-
trate the usefulness of causal graphs for theory building and empirical
research in strategic management.
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INTRODUCTION

In the last three decades, influential contributions to the understanding and oper-

ationalization of causality have been made in the computer science and artificial

intelligence literature (Spirtes et al., 2001; Pearl, 2009). The proposed approaches

combine mathematical graph theory with probability concepts from statistics to
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establish the epistemological foundation of a theory of causation and to develop

effective tools for empirical causal research. Graphical representations of causal

models (causal graphs hereafter) encode assumptions about cause-and-effect struc-

tures underlying a set of empirical observations. They give rise to conditional

independence relationships, which are at the heart of causal inference. Causal

graphs are close in spirit to path diagrams (Wright, 1921, 1934) commonly used in

traditional linear structural equation modeling (SEM). They relax the assumption

of linearity in path diagrams and, as such, provide a non-linear generalization of

SEM1 (Heckman, 2005). Informative criteria and powerful algorithms based on

graphical representations have been developed to discern causal effects from mere

statistical association in observational data (i.e., in the absence of experimental

manipulation).

Causal graphs have attracted attention in various disciplines, such as economics

(Neuberg, 2003; Heckman and Pinto, 2013; Spiegler, 2016), finance (Yang and

Zhou, 2016), accounting (Gow et al., 2016), sociology, and epidemiology (see Elw-

ert, 2013, for references from the last two disciplines). Durand and Vaara (2009) in-

troduced them to the field of strategic management and proposed graphical models

as an apparatus for counterfactual reasoning, which—according to the authors—is

still poorly understood in the strategy field. Since then, however, diffusion of this

new technique has been slow. The reason for it might be a paper by Ellsaesser

et al. (2014) in Strategic Management Journal, which questions the applicability

of causal graphs in empirical management research and recommends the use of

vector space modeling as an alternative. In this paper I develop a counter-critique

1Although the literature on causality in computer science was initially developed independently
from the SEM literature, both strains have since found together and cross-fertilized each other
(Bollen and Pearl, 2013; Kline, 2015).
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Figure 1: Examples of causal graphs
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of Ellsaesser et al. and show that the objections they raise are unjustified. For the

sake of exposition the following section provides a short introduction to graphical

models of causation and illustrates their use with an example from management

theory. I then proceed to demonstrate the usefulness of causal graphs for theory

building and empirical research in strategic management.

CAUSAL GRAPH MODELING

A graph is a mathematical object consisting of a set of nodes, representing the

variables in a model (e.g., X, Y , and Z in Figure 1a), and a set of edges connecting

the nodes. Edges are directed, Z → X, and arrowheads denote cause-and-effect

relationships between a parent and a child node. A graph is acyclic if there are

no directed causal paths—i.e., chains of arrows—from a variable pointing back to

itself. This notion precludes feedback loops in which a variable would be a cause

of itself.2 Nodes representing unobserved variables are indicated by hollow circles

and the edges they emit remain dashed (see U in Figure 1c). This signifies that,

2Acyclicity refers to what is also known as a recursive system in the SEM literature.
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although a variable is integral part of a larger causal model, it is not measured by

the analyst.

Directed acyclic graphs (DAG) are central to graphical models of causation.

Every DAG is associated with a structural causal model (SCM), that represents

variables in their functional form. E.g., the SCM for the graph in Figure 1b is

given by

V = f1(ε1), (1)

Z = f2(V, ε2), (2)

X = f3(Z, ε3), (3)

Y = f4(X,Z, ε4). (4)

The εi’s are mutually independent random variables representing errors, or omitted

factors (Pearl, 2009, ch. 1.4.1), that induce a joint probability distribution of the

model. As the fi’s remain unspecified, DAGs are fully non-parametric.

Note that conditional on its immediate parents a variable is independent of its

non-descendants (i.e., its parents’ ancestors). For example, by conditioning on Z

in graph 1b, X only depends stochastically on ε3 and is therefore independent of

V . This so-called Markov condition (Pearl, 2009, ch. 1.2) forms the backbone

of causal inference in graphical models. It implies that the causal effect of X on

Y is empirically identified in the causal model represented by graph 1b, and can

therefore be estimated. Conditioning on Z closes the only backdoor path (Pearl,

1993)—i.e., an alternative causal connection producing and association between

X and Y —remaining in the model. Consequently, since X becomes independent
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Figure 2: Postintervention graph of Figure 1b
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of any other variable affecting Y , a confounding bias stemming from unaccounted

influences can be excluded.

In line with the notion of controlled experiments, causal effects are defined in

terms of interventions. These constitute deliberate manipulations of variables in a

model, whose values are otherwise chosen by nature.3 Intervening on X in graph

1b means to fix X at a particular value, x′—an operation which is denoted by

do(X = x′). Algebraically, equation 3, the natural data generating process of X,

is substituted by 3’: X = x′. Since all influences that would usually determine

X are eliminated by the intervention, edges pointing to X are omitted in the

post-intervention graph (see Figure 2).

The causal effect of X on Y in is given by the post-intervention probability

distribution P (Y |do(X)) in the modified graph. An amazing result, established

by the work of Judea Pearl, is that, although interventions have to remain a

purely theoretical concept in ex-post data analysis, if randomized experiments are

infeasible, the post-intervention distribution in graph 2 can be expressed solely in

terms of observable quantities (see Pearl et al., 2016, ch. 3.2, for a proof):

3Note, however, that in the context of ex-post data analysis, interventions are only considered
to be a mental, or hypothetical, operation.
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P (Y |do(X)) =
∑
Z

P (Y |X,Z)P (Z).

Thus, estimating the causal effect of X on Y with the help of ex-post observed

data involves determining the conditional probability of Y given X in every strata

of Z, and then averaging over Z. This result provides the theoretical justification

for why conditioning on (also denoted as “adjusting for” or “controlling for”) Z is

sufficient in graph 1b.

For a concrete example from management theory, consider the model of absorp-

tive capacity, which Cohen and Levinthal (1990) illustrated graphically in their

seminal article (see Figure 3). The extent to which a firm benefits from exter-

nal knowledge, through spillovers from competitors or extra-industry sources such

as universities, depends on its absorptive capacity. At the same time, because

absorptive capacity “is often generated as a byproduct of [a firm’s own] R&D”

(Cohen and Levinthal, 1990, p. 138), the theory postulates a benefit of internal

R&D beyond its immediate (direct) effect on a firm’s knowledge stock.

In order to empirically assess whether absorptive capacity indeed alters the ex-

tent to which a firm can benefit from external knowledge spillovers, i.e., whether

there is a combined effect of absorptive capacity and external knowledge spillovers

on a firm’s technical knowledge, one needs to close the back-door path going

through internal R&D (A ← R → K). Since R&D both affects a firm’s ab-

sorptive capacity and technical knowledge, it acts as a confounder and introduces

estimation bias if not properly dealt with. It is thus necessary to adjust for the

level R in order to identify the post-intervention distribution of K (with respect

to A and S)
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Figure 3: A DAG of absorptive capacity and technical knowledge

Absorptive Capacity (A)

Technical
Knowledge (K)

Internal R&D (R)

External Knowledge Spillovers (S)

Notes: Causal graph adapted from Figure 2 in Cohen and Levinthal (1990). In
the original figure, the arrow originating from A points to the arrow connecting
S and K instead of the node K. Such an “arrow-on-arrow” representation
(Weinberg, 2007) indicates effect modification (or moderation). In a DAG direct
effect modification can be expressed as both the modifying and modified variable
emitting arrows to the outcome variable (VanderWeele and Robins, 2007).

P (K|do(S,A)) =
∑
R

P (K|S,A,R)P (R) (5)

From the right-hand side expression, which depends solely on observable quantities,

the average causal effect (ACE; Pearl, 2009) of a change of S from s to s′ for A

held fixed at a

E[K|do(S = s′, A = a)]− E[K|do(S = s, A = a)]

can be computed. If the ACE of S is different for different levels of A, then

absorptive capacity moderates the causal relationship between external knowledge

spillovers and a firm’s technical knowledge, as originally proposed by Cohen and

Levinthal.4

4Due to space limitations this introduction to causal graphs has to remain short and incomplete.
Pearl et al. (2016) and Morgan and Winship (2007) are good introductory-level texts. In-
depth coverage is provided by Pearl (2009) and Spirtes et al. (2001).
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CRITIQUE OF ELSAESSER, TSANG, AND RUGE

Ellsaesser et al. (2014) question the applicability of causal graphs in situations typ-

ically encountered in strategic management research and put forward two points

of criticism. Their first example is concerned with the problem of missing informa-

tion. Consider the graph in Figure 1c (analogous to Figure 3 in Ellsaesser et al.),

in which U acts as an unobserved confounder between X and Y . Durand and

Vaara (2009) introduce the so-called “front-door” criterion (Pearl, 2009, ch. 3.3.2)

as one of three strategies for causal effect identification. In graph 1c front-door

adjustment would involve to condition on X in order to identify the causal effect of

Z on Y . This, however, is rendered impossible by the presence of the unobserved

U , as Ellsaesser et al. correctly note.5

It is true that missing data pose serious challenges for the identification of causal

effects in empirical work. However, this problem is hardly unique to causal graph

modeling and therefore does not discredit graphical models in themselves. On

the contrary, graphs make explicit in which cases unobservables cause problems

for identification and in which they do not. Careful inspection of graph 1c, for

example, leads to the conclusion that invoking the front-door criterion is unneces-

sary for identification. Because Z is exogenous, with no parents affecting it, the

post-intervention distribution P (Y |do(Z)) is identified without the need to con-

trol for any other variable. Relying more thoroughly on causal graph methodology

would have prevented Ellsaesser et al. from overlooking this much simpler source

of identification in their model.

In a second example, Ellsaesser et al. question how well the Markov condition,

5Technically, X acts as a collider, which would open up the confounding path Z → X L99
U 99K Y if it were conditioned on (see Pearl, 2009, ch. 1.2.3, for details).
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which gives rise to conditional independence relations and is central to graphical

models of causation, represents reality. They discuss a situation as in graph 1a,

where Z stands for the installation of a new machine in a firm’s production process.

Z is assumed to causally affect both the defect rate of output (X) and the chance

of machine breakdown (Y ). It is easy to see that, given the assumptions encoded

in the graph, X and Y are independent of each other, conditional on Z. Consider

the SCM representation of graph 1a,

X = f1(Z, ε1), Y = f2(Z, ε2).

Conditional on Z, both X and Y depend stochastically only on the independent

errors ε1 and ε2 and are therefore independent themselves.

Ellsaesser et al. do not find this convincing: “since both types of events result

from a common cause, it is surely reasonable to expect that their occurrences are

correlated” (p. 1545). Indeed, over-simplified models such as 1a can only pro-

vide an unsatisfactory representation of the complex mechanisms at play in many

real-world situations. For instance, it might be more realistic to introduce an un-

observed confounder W in the model (X L99 W 99K Y ) that produces a correlation

between X and Y , even conditional on Z.6 However, once again this argument

does not identify a weakness of causal graph modeling in itself. The converse is

true: graphical models make explicit the structural assumptions (e.g., whether a

confounder is absent or not) that are necessary to justify conditional independence

theoretically.

6An equivalent notation is to introduce a bidirected edge, X L9999K Y , denoting a not further
specified common cause of X and Y (Pearl, 2009, p. 12) that produces a correlation in
the associated error terms. Graphical causal models with bidirected edges are called semi-
Markovian.
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As conditional independence (also known as ignorability) is routinely invoked in

causal effect estimation (Imbens, 2004; Angrist and Pischke, 2009), and, e.g., con-

stitutes an integral part of instrumental variable techniques (Imbens and Angrist,

1994), simply dismissing it as implausible per se appears to be inadmissible. This

would imply that the identification of any causal mechanism in strategic man-

agement research based on observational data is a hopeless endeavor. Whether

Ellsaesser et al. truly intended such a harsh verdict remains unclear; in any case,

they provide no justification for it.

ADVANTAGES OF CAUSAL GRAPHS

From the previous discussion it becomes clear that the criticism of causal graph

modeling put forward by Ellsaesser et al. (2014) misses the point. Instead, Durand

and Vaara (2009) are right when they remark that “the combination of causal

graphs and counterfactual testing and evaluation provides powerful tests of causal

relationships” (p. 1255). The thrust of graphical methods becomes particularly

apparent in three distinct domains, (1) theory building, (2) empirical testing, and

(3) causal learning, which I will discuss individually below.

A convenient way to formalize theory

Theory in strategic management research—and other social sciences—is predom-

inantly communicated verbally (Loch and Wu, 2007). This type of theorizing

requires a researcher to specify causal relationships between the variables under

study (Gow et al., 2016). In the example of Figure 3, these were internal R&D,

external knowledge spillovers, absorptive capacity and a firm’s technical knowl-
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edge. At the same time, however, the exact functional form of the causal links

usually remains unspecified. This is often regarded as an advantage of verbal

theorizing because the contemplated theoretical mechanisms are thought to apply

independently of a specific quantitative formulation; in the sense that a statement

“output, Y , is created by employing the inputs capital, K and labor, L” is more

general than “Y = L0.7 ·K0.3”.

Causal graphs do exactly that. They encode qualitative causal assumptions

but do not necessitate explicit functional forms, which is their main advantage

over traditional linear SEM (Pearl, 2012). Consequently, they are well suited

to complement the verbal exposition of theory. In fact, management scholars

frequently make use of directed acyclic graphs for visual communication of their

theories (see, for example, Powell et al., 2006, and Donaldson et al., 2013), without

necessarily noticing their empirical content. To fill this gap, I will discuss the close

link that causal graphs provide between theory formulation and estimation in the

following.

A unified framework for empirical research

Causal graphs bridge the gap between theory and empirics. Once theory has

been represented graphically, a set of inference rules called do-calculus (Pearl,

1995, 2009) can be applied to identify the causal effect of an intervention in one

variable of the model on other variables of interest. In the example of Figure 1b

identification required to compute effects separately for all values of Z and then

to average over the distribution of Z. With the help of graphical reasoning it

was established that adjusting for Z is sufficient, and the variable V can thus be

ignored in the estimation process. Do-calculus, however, is applicable in far more
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complex situations and for larger graphs than 1b. Only in these cases the full

potential of graphical models becomes apparent.7

Perhaps the biggest strength of do-calculus is its completeness property, which

means that if it fails to return a queried causal effect, no such effect is identifiable

under the given assumptions (Pearl, 2013). Powerful algorithms such as the one

developed by Shpitser and Pearl (2006) then turn an otherwise tedious identifi-

cation task into a straightforward exercise. They are implemented in easy-to-use

software packages such as DAGitty8 (Textor et al., 2011) or causaleffect9 for R.

Researchers only need to submit the description of a graphical model to the soft-

ware, which then returns causal effect expressions similar to the one in equation

5.

Obviously, it is not always possible to identify causal effects simply from obser-

vational data. In cases when unobservables prohibit identification, causal graphs

provide useful information about variables that might be suitable candidates for

randomization in a controlled experiment, in order to answer the research question

at hand. Another useful extension of graphical models is that, although the theory

is fully non-parametric, once sufficient sets for covariate adjustment are found, it

is easy to introduce further parametric assumptions such as linearity or non-linear

link functions (Nelder and Wedderburn, 1972). This can be advisable in situations

where non-parametric methods are underpowered because of limited data (Pearl,

7If the causal relationships between variables under study is complex, researchers often try to
control for as many covariates as possible. However, in many situations this strategy is either
unnecessary or downright inadmissible. An example for the latter is given by graph 1c in
which adjusting for X would introduce estimation bias because of the unobserved confounder
U . The graphical representation, by contrast, uncovers that no adjustment is needed to
identify P (Y |do(Z)).

8http://www.dagitty.net
9http://cran.r-project.org/web/packages/causaleffect/index.html
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2012).10 Lastly, causal graphs naturally incorporate tools such as mediation anal-

ysis (Imai et al., 2010, 2011; Pearl, 2014), which has many important applications

in management research (Vancouver and Carlson, 2015).

Causal structure learning in a world of big data

Another very useful feature of graphical methods is the possibility to learn the

causal structure underlying a set of variables from data. The traditional research

paradigm requires scholars to specify a causal model from substantive theoreti-

cal knowledge upfront, which can later be taken to the data (Gow et al., 2016).

Likewise, in the examples discussed so far, graphs have been determined by the-

oretical arguments (for instance, in the absorptive capacity example of Figure

3). As argued before, these graphs encode conditional independence assumptions,

such as X ⊥⊥ Y |Z in 1a, which can then be invoked to estimate causal effects.

Causal structure learning (also denoted as causal search or structure discovery),

by contrast, turns this argument on its head. From a set of testable conditional

(in-)dependence relationships between variables in a data set, one can draw con-

clusions on the class of graphs that is compatible with them (Spirtes et al., 2001;

Pearl, 2009). In that way the data reveal information about their own data gen-

erating process.

The intuition behind the approach is easily understood (see, e.g., Alemi et al.,

2016). Consider a set of three variables, A, B, and C. Under the assumption of

acyclicity, they can form three possible causal structures relating to each other: (1)

10Invoking functional form assumptions might also help to increase identifying power (Lewbel,
2016). An example for this is the well-known instrumental variable estimator, which actu-
ally is non-parametrically unidentified (Pearl, 2009, p. 90) and only becomes identified by
assuming monotonicity in the first stage (Imbens and Angrist, 1994).
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a causal chain, A→ B → C, (2) a common effect, A→ B ← C, or (3) a common

cause, A ← B → C. Now, if we encounter a situation in which two initially

independent variables, A and C, become stochastically dependent conditional on

another variable B, this must be due to a common cause structure.11 Although,

it is not possible to distinguish between the two other causal structures based on

empirical observation alone, repeated conditional independence tests can reveal

information about common cause configurations for all possible triplets in a data

set.12 In that way, often enough information about the underlying graph can be

learned, such that meaningful inference becomes possible.13

Causal structure learning has been applied, among others, by Yang and Zhou

(2013) to understand the transmission of credit risk between international financial

institutions during the 2007-2008 financial crisis. The approach is particularly

promising when data sets are large and contain a rich set of variables. It can then

complement other machine learning techniques that are traditionally focused on

prediction rather than causation (Varian, 2014). The package pcalg for R (Kalisch

et al., 2012), for example, provides extensive functionality to combine the power

of structure learning with subsequent causal effect estimation14.

11Formally, the requirement is A ⊥⊥ C | ∅ and A 6⊥⊥ C |B. Again, B acts as a collider in a common
cause structure, which, once conditioned on, renders A and C dependent by opening up the
path between them.

12This logic of “local” tests is very different from approaches in traditional linear SEM, where
predominantly global goodness of fit measures are used to discriminate between models (Kline,
2015).

13Stated more formally, causal structure learning can recover DAGs from data up to a certain
equivalence class (Pearl, 2009, ch. 2.5). Whether this class offers enough substantive insights
in a particular context needs to be decided on a case-by-case basis.

14Also see the Tetrad Project by Glymour, Scheines, Spirtes, and Ramsey: http://www.phil.

cmu.edu/tetrad
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CONCLUSION

Causal graph modeling is a promising tool for research in strategic management.

Graph theory provides a rigorous theoretical framework for thinking about causal-

ity and counterfactuals (Durand and Vaara, 2009; Donaldson et al., 2013). It also

establishes a close connection to statistical methodology and the mechanics of es-

timation, which is an often overlooked benefit of the approach. Moreover, based

on graphical models, causal structure learning bears the promise to uncover cause-

and-effect relationships from data. This offers an alternative to the exclusively

theory-driven approach to causation that is dominant today (Gow et al., 2016).

Nevertheless, eight years after Durand and Vaara (2009) introduced causal

graphs to the strategic management community, the technique has still not been

adopted widely. I suspect that this has to do, in parts, with a paper by Ellsaesser

et al. (2014), which questions their applicability in practice. In this paper I showed

that the critique they put forward is overly generic and not able to target causal

graph modeling specifically. Contrary to their arguments, graphs posses a distinc-

tive advantage in revealing when unobserved variables pose a problem for causal

effect identification and when assuming conditional independence is justified by

theoretical arguments. Exactly these features of transparency and explicitness

with respect to the assumptions underlying causal inference determine their value

for practical empirical work.

Given the unwarranted criticism of causal graphs by Ellsaesser et al., and their

advantages that have been discussed, I hope that this paper will promote further

diffusion of causal graph modeling in the field of strategic management. Indeed,

directed acyclic graphs have been frequently used by management scholars to visu-

15



alize and communicate their theories. I encourage them—as other disciplines have

done before—to also recognize the powerful empirical methodology DAGs provide.

Although theoretical results in the field of graph theory and mathematical statis-

tics can sometimes be difficult to grasp, convenient software tools developed by

the computer science and artificial intelligence community allow to benefit from

this body of work without the need for extensive formal training. Moreover, these

days good introductory-level textbooks exist (Morgan and Winship, 2007; Pearl

et al., 2016) that do not require a lot of prior knowledge and offer researchers an

easy access to the topic.
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