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When Alexander George and | wrote our 2005 book, Case Sud-
ies and Theory Development in the Social Sciences, a central
theme was that theories about causal mechanisms, and pro-
cess tracing analysis of the observable implications of hy-
pothesi zed causal mechanisms, were central to qualitative case
study research. Our emphasis on causal mechanisms was not
especially novel at the time, but it ran counter to the preemi-
nent role that Gary King, Robert Keohane, and Sidney Verba
devoted to causal effects, and in the intervening years causal
mechanisms have gained added attention from socia scien-
tists.

At thetimewewrote our book, we based our definition of
causal mechanismslargely on that of Wesley Salmon, the phi-
losopher of science whose concept resonated most closely
with our own understanding of mechanisms. Being political
scientists rather than philosophers of science, we were not
aware, in those days before Google Scholar, that James\Wood-
ward, building on hisearlier work and on work by Judea Pearl,
had critiqued Salmon’sdefinition and pushed forward the philo-
sophical discussion of causal mechanisms.?

The present symposium on causal mechanismsisthusan
opportune time to examine whether the latest philosophical
discussions of causal mechanisms offer practical advice for
political scientists engaged in process tracing. In particular,
two suggestions for improved process tracing practices de-
serve attention: 1) the construction of directed acyclic graphs®
and the use of such graphs to improve upon and assess the
compl eteness of explanati ons based on processtracing;* and,2)
the use of counterfactual analysisin process tracing.®

The present articlefirst notesthe differences between the
understanding of causal mechanismsthat emergesfrom Wood-
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ing research.

34

ward’s manipulationist account of causation and the defini-
tion George and | used in 2005. It then assesses whether and
how David Waldner’'s account of the potential completeness
of explanations, building on Pearl’s work and also related to
Woodward'sconception of “invariance,” and RosaRun-hardt’s
approach to using counterfactual analysis, building on
Woodward's concepts, offer practical advicefor processtrac-
ingin political science casestudies.® | concludethat Waldner's
account demands more than process tracing can deliver, and
Runhardt’s suggestion needs additional development to sys-
tematize the kinds of counterfactual analysisthat processtrac-
ersalready carry out. Yet these are promising lines of devel op-
ment that deserve continued research.

Defining Causal M echanisms:
Wesley Salmon ver susJamesWoodwar d

Inthe 1980sand later, Wesley Salmon devel oped what isknown
as the causal mechanical approach to causal explanation.” In
this account, acausal processisaphysical processthat trans-
mitswhat Salmon termed amark between one physical entity
and another. A mark is a change in physical structure that
persists beyond the interaction of the first and second entity
in the absence of any further causal interactions. Building on
Salmon'’sdiscussion of causal mechanisms, Alexander George
and | defined causal mechanisms as*“ ultimately unobservable
physical, social, or psychological processes through which
agentswith causal capacities operate, but only in specific con-
textsor conditions, to transfer energy, information, or matter to
other entities, [thereby changing] the affected entity’s charac-
teristics, capacities, or propensities in ways that persist until
subsequent causal mechanisms act upon it.”® We noted the
obviousinferential challenges of measuring the effects of par-
ticular mechanisms, isolating them from other mechanisms, and
assessing the conditions under which particular mechanisms
are activated, and we discussed the ways in which process
tracing could address (but not in any ultimate or decisive sense
resolve) these inferential challenges.

Given thelagsinvolved in researching, writing, and pub-
lishing our book, and given that George and | were autodidacts
in the philosophy of science, we were not aware that James
Woodward® had aready convincingly critiqued Salmon’s defi-
nition. Woodward notes that Salmon’s account of mark trans-
mission encounters problems in explaining, for example, the
motion of billiard balls after their collision, which relies on
knowing the masses and vel ocities of the balls before the col-
lision, the assumption of a perfectly elastic collision, and the
hypothesized mechanism of the conservation of linear mo-
mentum. As Woodward points out, Salmon’s account of mark
transmission does not distinguish between the explanatorily
relevant momentum of the balls and explanatorily irrelevant
featureslike the transmission of achalk mark from oneball to
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another.® Capturing this distinction, Woodward argues, re-
quires an appeal to a counterfactual like that invoked by his
own manipulationist account (that is, would the post-collision
course changeif therewere no chalk mark, or would it change
if oneball’spre-collision momentum was different).™*
Woodward's mani pul ationist account, initssimplest form,
isthat “if itispossibleto manipulateY [or, he adds seriatim, the
probability distribution of Y] by intervening on X, then we
may concludethat X causesY, regardless of whether therela-
tionship between X and Y lacks various other features
standardly regarded as necessary for causation: even if X is
not connected to Y via a spatiotemporally continuous pro-
cess, even if there is no obvious sense in which there is a
transfer of energy from X to Y, and so on.”*? This avoids the
philosophical problemswith Salmon’s approach, and it isap-
pealing to social scientists as we hope to find variables that
policy makers can reliably manipul ate to create a better social
world.®® Of course, it isadefinition of causation and explana-

10 \Woodward 2003, 351-352.

1 Woodward (2003, 353) adds a second critique, which is that
causal mechanical accounts cannot address “action at a distance”
processes that do not allow tracing of spatiotemporal processes (like
gravity); apossible rejoinder is that the mechanisms behind gravity
and other action at a distance phenomena are not sufficiently under-
stood to allow tracing of their processes (and perhaps never will be
sufficiently understood for this—the related physics theories collec-
tively known as “string theory” do not as yet have any testable
observable implications). Woodward notes further that “ most expla-
nationsin disciplineslike psychology and economics’ do not involve
transfer of energy or momentum, but Alexander George's and my
definition is not as vulnerable to this critique as Salmon’s, as we
added to Salmon’s account the transfer of information between enti-
ties as a kind of mechanism. Woodward's final critique is that the
causal mechanical model faces difficulties when interactions are too
complex or numerousto trace, such astheinteractions of the numer-
ous moleculesthat make up amole of gas. A possibleresponseto this
critique is that the mechanismic approach posits a model of how
molecules interact and tests the model’s observable implications at
the aggregatelevel rather than thelevel of individua molecules; analo-
gously, Georgeand | noted that it is often more efficient to do process
tracing at the structural level rather than that of individual agents, but
we added that acommitment to mechani smic explanation entailsthat
if it could be shown that individual or underlying unitsdo not behave
as a structural theory posits, the structural theory is weakened even
if it remainsasimplification that isuseful for some purposes (Wood-
ward 2003, 142-145).

2 \Woodward 2003, 49.

2 To be clear, to the extent that they are policy-oriented, social
scientists seek to understand mechanisms so that they can better
predict the consequences of aternative manipulations or policies.
Some very robust correlational findings, such as the relationship be-
tween smoking and cancer, may be sufficiently strong evidence of an
average causal effect to properly become the basis for policy inter-
ventions even if the mechanisms underlying the correlations are not
understood. At the same time, a better understanding of underlying
mechanisms can improve our understanding of the conditions under
which, and the cases for which, a generalization will hold. Improve-
mentsin our understanding of the mechanismsthat relate smoking to
cancer, for example, may helpidentify which individualsare at espe-
cialy high (or low) risk if they smoke, and which interventions other
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tion rather than a guide to causal inference: Woodward notes
that “my [2003] project is semantic or interpretive, and is not
intended as a contribution to practical problems of causal in-
ference” or “inference to the best explanation.”*®
Woodward's account relies on three key features: 1) an
intervention on a causal variable X (whether the intervention
isinfact possible or not),* 2) acounterfactual assertionthat Y
or its probability distribution would have been different if the
intervention on X were carried out, and 3) atype of invariance
relationship between X and Y that justifies the counterfactual
assertion. In alengthy chapter,’” Woodward carefully defines
the kind of invariance relations he has in mind. For present
purposes, | use his general definition that “ageneralizationis
invariant or stable across certain changes if it holds up to
some appropriate level of approximation across those
changes.”*® Variance, in this view, “comes in gradations or
degrees’;*® more invariant relationships hold across or are ro-
bust to many changes in background conditions, and less
invariant relationships break down under such changes. In-
variance relations, “at least within a certain range, are immu-
table or unconditional in the sense that there is nothing we or
nature can do to turnthem off.”® |n particular, itiscritical that
ageneralization, if itisto be explanatory, should “ continue to
hold under an intervention that changes its independent vari-
ablessufficiently (or in such away) that the value of its depen-
dent variable is predicted by the generalization to change un-
der theintervention.”# Thisis consistent with Waldner’sview
herein, and as Waldner notes, this conception of invariance
doesnaot imply (or reject) determinism, asit allows probabilis-
tic relationships aslong asthey are stable in some conditions.
Waldner argues that the kind of invariance relations that
Woodward discusses represent the ontological structures that
Waldner defines as mechanisms. In thisview, mechanismsare
structures in the world that, unlike variables, we cannot turn
on and off by interventions. | take this view to be superior to
my own 2005 definition? asit usefully builds on Woodward's
critique of Salmon as well as Pearl’s work. Waldner further
argues that the mechanistic account of explanation is prior to
other approaches because it impliesthe manipulationist, regu-
larity, and counterfactual accountsof causal explanation, while
the reverse is not true. | find Waldner’s argument on thisin-
triguing and appealing, but | do not pursue further here the
question of the priority of mechanisms among different ap-
proachesto causal explanation. Rather, with regard to my own
work, Waldner’s argument raises two questions. The first is
whether the process tracing practices Alexander George, Jeff-

than stopping smoking (such as changing the characteristics of ciga-
rettes) can have beneficial effects.

4 \Woodward 2003, 38.

15 Woodward 2003, 374.

16 \WWoodward 2003, 250.
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rey Checkel, and | have advocated are compatible with the
concept of causation and causal mechanisms that Woodward,
Waldner, and Runhardt advance.?® | believe they are, and as |
have not read anything by these authors that indicates that
they disagree, | do not pursue this question further here. The
second question, which | address below, is whether there are
additional or different practices of processtracing that emerge
from the concept of invariant mechanisms that improve upon
the process tracing practices that | and other methodol ogists
have advocated. Here, | think therearereal improvements, but
they are not yet as substantial or unambiguous as Waldner
and Runhardt have suggested.

David Waldner: Directed Acyclic Graphs(DAGs) and
Process Tracing

Ontheissueof best practicesin processtracing, David Waldner
made an important contribution in the book | co-edited with
Jeffrey Checkel by calling attention to the“ compl eteness stan-
dard” of assessing processtracing. There, he argued that (ital-
icsarethe author’s):2

Process tracing yields causal and explanatory adequacy
insofar as: (1) it is based on a causal graph whose indi-
vidual nodes are connected in such away that they are
jointly sufficient for the outcome; (2) itisalso based onan
event history map that establishes valid correspondence
between the events in each particular case study and the
nodesin the causal graph; (3) theoretical statementsabout
causal mechanismslink the nodesin the causal graph to
their descendants and the empirics of the case studies
allows usto infer that the events were in actuality gener-
ated by the relevant mechanisms; and (4) rival explana-
tions have been credibly eliminated, by direct hypothesis
testing or by demonstrating that they cannot satisfy the
first threecriterialisted above.

I will not explicate here the procedures of outlining causal
arguments as directed acyclic graphs (DAGs),” although |
find graphical representations of argumentsto be an extremely
useful operational procedure for clarifying my own thinking
and understanding other authors’ explanatory claims. | further
agree that Waldner’s four-step procedure is extremely useful
as a practice in process tracing, and that completeness is an
important criterion for judging process tracing. Waldner used
the compl eteness standard in hisbook chapter to critique very

2 Interestingly, Judea Pearl’s account and his explication of Dir-
ected Acyclic Graphs (DAGSs) begins with “special emphasis on
Bayesian inference and its connection to the psychology of human
reasoning under uncertainty” and adheresto “the Bayesian interpre-
tation of probability, according to which probabilities encode degrees
of belief about events in the world and data are used to strengthen,
update, or weaken those degrees of belief” (Pearl 2000, 2). | takethis
to suggest that Pearl’s account is compatible with my own view on
the value of Bayesian inference in process tracing, although Pearl
does not give much attention to singular causation or inferencesfrom
individual cases and does not mention process tracing.

2 \Waldner 2015, 128.

% See Pearl 2000.
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effectively several prominent examples of process tracing in
comparative politics for having failed to assess evidence on
major and obvious steps in their hypothesized processes (in
contrast, Waldner judges Elisabeth Wood's work in Forging
Democracy from Below? to have achieved ahigh level of com-
pleteness). | concur that more complete process tracing ac-
counts are, other things equal, preferable to less complete
ones.?’

Yet | am skeptical that Waldner’s completeness standard
provides much clarity, as he claims, on a“ much-needed stop-
ping rul€” regarding when to stop collecting evidence.?? How
do we know, from the passage quoted above, all of thefollow-
ing: 1) that the nodes in the graph are “jointly sufficient,” 2)
that the correspondence between the event history map and
the events in the case is “valid,” 3) that the events “were in
actuality generated by the relevant mechanisms,” and 4) that
rival explanationshave been “credibly” eliminated? Waldner’s
four-step procedure and Bayesian process tracing can pro-
vide answers to these questions, but those answers are inher-
ently provisiona to some degree because they depend in part
on unknown unknowns, particularly rival explanationsand omit-
ted variables we haven't thought of and evidence we didn’t
think to look for or were not able to access. So true complete-
ness is not possible. In addition, Waldner’s second step ap-
pears to be in some tension with Bayesianism: it is not clear
that completeness is necessary. What matters is the relative
likelihoods of the evidence under the aternative hypotheses,
and priorsonthelatter, and these may lead to very high or low
degrees of belief even when evidence and event maps are
incomplete. Waldner’sfour steps thus do not solve the funda-
mental problem of causal inference. Of course, no approach to
causal inference can overcome the problem of unknown un-
knowns, which iswhy the problem of causal inferenceisfun-
damental.

Itisworth noting herethat in hisdiscussion of DAGsand
the equations associated with them, Woodward includes an
“error term” to represent the “combined influence of all the
other unknown direct causesof Y that are not explicitly repre-
sented inthe equation.”® Similarly, Pearl includesan error term
in structural equationsto “represent errors (or ‘ disturbances')
due to omitted factors.”*® Woodward also notes the impor-
tance of specifying the changes under which arelation is and
isnot invariant, or what political scientistscommonly call scope
conditions.® Yet as Woodward does not address causal infer-
ence, he does not offer any advice on how to assess scope
conditions.

Consider Waldner’sexample of combustion. He notesthat
his illustrative account of combustion is incomplete without
knowing more about inter- and intra-molecul ar processes and

2 \Wood 2000.

27 At the same time, there is a tradeoff between compl eteness and
parsimony in explanatory accounts.

% \Waldner 2015, 129.

2 Woodward 2003, 43.

% Pear| 2000, 27.

31 Woodward 2003, 243.




sub-atomic particles. But it is incomplete in another way as
well: it says nothing about the kind and concentration of the
fuel, the concentration of the oxygen, the different flash point
temperatures of different materials.* Thisisnot aterrible short-
coming for the example of fire, since there is no alternative
explanation for combustion, but in more complex casesinvolv-
ing social behavior it is harder to tell the scope conditions of
hypothesized processes and to assert with confidence that
thelevels of the variablesin atheory were sufficient to gener-
ate the outcome observed in a case and that alternative vari-
ables or theories do not account for the outcome.

Waldner’s example of combustion is aso incomplete in
that it does not addressimplicit assumptions about background
conditions: in this simple example, perhaps the only conse-
quential background assumption is the presence of gravity.
While the absence of gravity does not prevent combustion
when fuel, oxygen, and heat are present, combustion in zero
gravity produces a very different kind of “fire” (actualy itis
cooler than fire on earth, both literally and figuratively: see
youtube video on combustion in zero gravity®). In social sci-
ence, we often have many implicit background assumptions
and many alternative explanations that complicate our task of
inferring causation and specifying the scope conditions of
hypothesized mechanisms.

Thus, | stand by Jeffrey Checkel’s and my critique of
Waldner's completeness standard, in the closing chapter of
our book, namely, that “it is very ambitious to expect atheory
or explanation to be fully complete, as there will always be
stepsin an explanation that involve variables exogenous to a
theory, stepsfor which strong empirical evidenceisnot avail-
able, and stepsthat are at amore micro level than aresearcher
choosesto explore. Thus, not every stepin atheoretical expla-
nation of aprocesswill fully determinethe next stepinit.”*

| also think Waldner’sreading of Pearl® overl ooks one of
the most important claims that can be made for methods that
focus on developing mechanistic explanations of individual
cases. One of the most common and misplaced critiques of
case studiesisthat their results do not “generalize.” My stan-
dard response is that we do not have a good understanding of
whether thefindings of acase study will or will not generalize,or
the scope conditions to which it will generalize, until we are
satisfied that we understand the mechanisms that account for
the outcome in the case study. This understanding often
emerges from a combination of inductive and deductive pro-
cesstracing onthe case. Pearl makesarelated point inarguing
for the superiority of causal over associational knowledge:*

causal models (assuming they arevalid) are much more
informative than probability models. A joint distribution

® This information might be encoded into structural eguations
representing acausal graph; | am merely pointing out that a substan-
tial amount of knowledge on scope conditions has to go into these
equations even in therelatively simple case of combustion.

% DNews 2013.

% Bennett and Checkel 2015, 265.

% Pear| 2000.

% Pear| 2000, 22.
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tells us how probable events are and how probabilities
would change with subsequent observations, but a causal
model also tells us how these probabilitieswould change
as aresult of external interventions—such as those en-
countered in policy analysis, treatment management or
planning everyday activity. Such changes cannot be de-
duced from ajoint distribution, evenif fully specified.

He later adds that “true understanding enables predictionsin
...novel situations.”*" Thus, by improving our understanding
of how mechanisms operate, process tracing can help us an-
ticipate how changes in the institutional or political context
upon which past correlations were based might lead to differ-
ent distributionsin the future, aswell as hel ping us anticipate
or narrow the range of possible outcomes in future cases.

Waldner has done an important service in providing an
account that shows how in principle we can work to explain
individual cases. | share his view—and Woodward’s® and
Pearl’s®—that a philosophical account of causal explanation
should encompass both type causal claims (or claimsthat X is
causally related to Y where X and Y are variables) and token
causal claims(claimsthat aparticular X caused aparticular Y in
aparticular case, sometimes called singular causal claims). |
also agree that Woodward's and Pearl’ sworks makeimportant
stridesin this direction (even though Pearl focuses mostly on
experimental and correlational methods rather than the token
or singular causation of individual cases). In practice, how-
ever, explanations of cases and populations will always be
potentialy falible.

Rosa Runhardt: Using Counterfactualsin ProcessTracing

Rosa Runhardt, building explicitly on Woodward'swork, simi-
larly addressesthe question of whether Woodward's approach
offerspotential improvementsin processtracing.* Rather than
focusing on the type of invariance relations envisioned by
Woodward, as Waldner does, Runhardt focuses on the
counterfactual s embedded in Woodward’s conception. Thisis
an interesting and promising approach, and others have also
begun to explore whether and how process tracing relates to
or can benefit from apotential outcomesframework.* Yet more
work needsto be doneto clarify the uses of counterfactualsin
process tracing, the kinds of counterfactuals that are useful,
and the ways in which we can use counterfactual s to identify
and address cognitive biases in our own thinking.

Runhardt critiquesasan exampleKristin Bakke' sexcellent
use of processtracing to assesswhether international jihadists
caused the shift anong Chechen rebels toward a globalized
vision of Islamicrevival, and toward the use of suicidetactics,
through the provision of resources, training, and propaganda
material framing Chechen aspirationsfor independence as part
of aglobal struggle between |slam and other religions. While
Bakke provides evidence on the key stepsin her hypothesized

37 Pearl 2000, 26.

38 \Woodward 2003, 74-79 and 209-220.

% Pearl 2000, 310-311.

4 Runhardt 2015.

4 Mildenberger 2015; seerelated discussion in Psillos 2004.
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mechanisms and on the timing of changes in the Chechen
rebels’ behavior and doctrine, Runhardt critiques Bakke for
not adding sufficient detail to her assertion that Chechen ter-
roristsdid not use suicidetactics prior to their interaction with
global jihadists. Thisassertion bolsters the counterfactual im-
plication of Bakke'sargument: had there been no contact with
global jihadists, the Chechens would not have framed their
struggle as global or used suicide tactics.

Itisnot at al clear, however, what kind of detailswe should
expect Bakketo add, or whether any additional detail isin fact
necessary or useful. Thefact that Chechen rebelshad attacked
civiliansbut not resorted to suicide attacks prior to their meet-
ings with global jihadists is common background knowledge
to those who have studied Chechnya. Runhardt also does not
citethe practical standardsthat political scientistshave devel-
oped for building and assessing counterfactuals, such as
projectability—accurate predictions on hitherto unobserved

2—and cotenability—" connecting principles that link
the antecedent [the premise of the counterfactual] with the
consequent [the posited counterfactual outcome]...that are
cotenable [consistent] with each other and with the anteced-
ent.”** Runhardt also does not take note of the alternative
explanations that Bakke considers or suggest counterfactuals
that might be assessed for these alternatives, though she pro-
vides some additional detail on thisin her contribution to the
present symposium.* For example, akey part of Bakke'sargu-
ment isthat Chechen rebel s adopted the rhetoric and tactics of
international jihadists not so much out of the inherent ide-
ational appeal of thesejihadists' global framing of the struggle,
but because the globa jihadists were able to offer material
incentives—funding, expertise, etc.—for adopting their ap-
proach. This suggests a projection/prediction that jihadists
will be more successful inwinning convertswhen the jihadists
have resources to offer and when the potential converts are
resource poor, which has in fact proved generaly true (after
Bakke's writing) in the recruiting efforts of 1SIS and in the
radicalization of Islamin placeslike Kosovo,* although there
are no doubt some cases in which materially endowed indi-
vidualsjoined | SIS and imamsin well-to-do mosques became
radicalized.

Thereareseveral additional fruitful usesfor counterfactual
reasoning in case studies that Runhardt does not address.
Counterfactuals can help expose biases in our own thinking
about the mechanisms that we hypothesize: if a scholar has
confidence in a causal claim, but not an equal level of confi-
denceinthelogically equivalent counterfactual claim that the
causal claim entails, then that scholar needs to identify and
address the source of their cognitive bias. Counterfactuals
can also be assessed to the extent that they entail factual ob-

42 Tetlock and Belkin 1996, 30-31.

4 Tetlock and Belkin 1996; see also Levy 2015.

“Woodward (2003, 216) notes the role of counterfactual analysis
of alternative explanations, calling it a“ characteristic pattern of elimi-
native argument that playsan important rolein establishing singular-
causal claims and the counterfactual s associated with them.”

“ Gall 2016.

38

servable implications. For example, if individual A discussed
the possibility that individual or entity B might behave in a
certain way, and made decisions and contingency plans for
what to do if B took the anticipated action, but B did not take
the anticipated action, it is plausible that A would have acted
on hisor her planif B had behaved as anticipated. An alterna-
tive course of action isaso aplausible counterfactual if indi-
vidualsin positions of power argued for that course of action
and appear to have nearly won the argument over what to do,
and not plausibleif it lacked any powerful advocate(s).

We can aso use counterfactuals to clarify researchers
thinking about therelative“ causal strength” of variables (which
is analogous to the regression coefficients and their substan-
tive significance in a statistical study, but is not the same as
estimates of those coefficients because here we are talking
about subjective degrees of belief about such coefficients).
Any purchase on this notion of causal weight is otherwise
very difficult to assessin qualitative research. For example, |
have a long-running debate with William Wohlforth of Dart-
mouth College's Department of Government about why Soviet
leaders did not resort to force to keep the Warsaw Pact coun-
triesfrom breaking away from Soviet control in 1989. Wedis-
agree on whether thiswas primarily dueto: A) Soviet leaders
desireto gain accessto world trade and technology in order to
boost their sagging economy, or B) the lessons Soviet leaders
learned from Afghanistan. | support the latter explanation and
| have asked Bill directly whether he agrees to the following
counterfactual: if the Soviet economy had started growing
sharply under Gorbachev’s perestroikapolicies (restructuring
of the economy and society), the Soviet Union would have
used force to prevent the independence of their Eastern Euro-
pean alies. He has declined to endorse this counterfactual,
without specifying some alternative.® | am willing to endorse
what | taketo bethelogically equivaent counterfactual of my
argument: if Soviet leadersin 1989 had considered their use of
forcein Afghanistan asuccess, they would have used forcein
Eastern Europein 1989. We can bring some evidence to bear
on these counterfactuals as noted above, but the counter-
factuals are of course not fully testablein that we are not able
to re-run history. Thus my greater willingness to specify and
endorse a counterfactual for my argument does not necessar-
ily mean | am correct, and | do not discount entirely that eco-
nomicincentiveswereafactor. Yet Wohlforth’sand my differ-
ent commitments regarding these respective counterfactuals
convey useful information about our views on the strength of
our arguments.

Runhardt mentions most-similar cases as arelevant kind
of counterfactual comparison. Ideally, most-similar cases are
similar inal but oneindependent variable of interest, and dif-
ferent in their outcomes. Runhardt notesthat similarity claims
are difficult to defend, but she does not note that case study
methodol ogists have addressed most similar case compari-
sonsin great detail. | have argued, for example, for using pro-
cesstracing in most similar case comparisonsto: 1) instantiate

% | recount thisin part from conversations with Wohlforth; for the
relevant published articles see Wohlforth 2005 and Bennett 2005.



that there is a plausible process connecting the values of the
independent variable of interest in the two cases to their re-
spective outcomes, and, 2) assess whether other potentia in-
dependent variables whose values differed in the two cases
might beresponsiblefor their outcomes* Tobefair, Runhardt’s
2015 articleisfocused on the inverse question: whether most
similar case comparisons can be used to corroborate acounter-
factual that, in turn, supports a process claim. Either way, we
must remember that both case comparisons and process trac-
ing, whether framed in factual or counterfactual terms, are po-
tentially incompleteand fallible.

Insum, | agree with Runhardt on theimportance of think-
ing about counterfactuals in process tracing, but | think she
underappreciates the waysin which counterfactual analysisis
already in use among process tracers. There are also broader
ways in which counterfactuals might be used, and we need
more clarity on how we can use counterfactual analysis to
assess and reduce our own cognitive biases.

Conclusions

David Waldner and Rosa Runhardt have done qualitative re-
searchers agreat service by exploring whether contemporary
philosophical discussions of causal mechanisms have impli-
cations for process tracing practices. They have offered use-
ful practical advice for process tracing. These are important
contributions, even if they do not warrant Waldner’'s ambi-
tious claim to have solved the fundamental problem of causal
inference. Runhardt’s analysis, by reminding us how difficult
itisto make defensible counterfactual claims, remindsusalso
that itisdifficult to make defensible causal claims. These con-
tributions offer fruitful directions for additional research on
the intersection of philosophy of science and process tracing
methods. In particular, we need research, including experimen-
tal studies, on how actual researchers, with the cognitive bi-
asesto which they are vulnerable, make and use claims about
evidence, causation, counterfactuals in process tracing, and
whether training in Bayesian analysis, DAGs, counterfactual
reasoning, and other process tracing techniques can bring
actual practicesmorein linewith philosophical ideals.
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