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Qualitative comparative analysis (QCA)1 has received substantial atten-
tion from qualitative scholars seeking to systematize their research.
QCA has valuable methodological goals: understanding context, inter-
actions, and causal complexity, including asymmetric causation. These
goals are pursued with central attention to case knowledge.

However, simulations suggest that QCA’s core analytic procedures—
its algorithms2—provide a weak foundation for pursuing these goals.
What began as a refreshingly simple method has, counterproductively,
become much more complicated.

In this brief comment, I argue that QCA scholars should turn their
attention to more traditional qualitative tools: case studies and process
tracing. With such tools, they can pursue the important methodologi-
cal goals that motivated Charles Ragin to create QCA, unencumbered
by algorithms that may well be obstacles to achieving these goals.

A key introductory point: These misgivings about QCA do not derive
from the perspective of quantitative methodology. Conventional quanti-
tative work has been sharply criticized from this same perspective, as
have key features of experimental research.

WORRISOME SIMULATION STUDIES

Simulation studies raise serious concerns about QCA. Hug (2013)
reported unstable findings with “drop-one” and “drop-two” tests and
with simulated measurement error. In Lucas and Szatrowski’s (this vol-
ume, pp. 1–79) 70 simulations, QCA returns the correct causal story
only 3 times, yielding many false positives and false negatives.
Krogslund, Choi, and Poertner (2013) discovered great sensitivity to
error in setting the parameters for fuzzy-set calibration and causal infer-
ence3; and Seawright (this volume, pp. 118–21) carefully incorporates
QCA’s concern with limited diversity, reporting false positives and
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failures in analyzing causal complexity. Krogslund and Michel (2014)
drew on a key concept in current thinking about causal inference: the
“data-generating process,” that is, the often unobserved causal process
that generates the data. Using simulations to create a “known” data-
generating process, Krogslund and Michel demonstrated QCA’s limita-
tions in making causal inferences.

Schneider and Wagemann’s (2012) discussion of simulations and
robustness is more encouraging, but they concluded with great caution:
“QCA is not vastly inferior to other comparative methods in the social
sciences” (p. 294). Given sharp criticism noted below of conventional
quantitative analysis—a key method of comparison—this is faint praise.

How should scholars assess these simulations?
First, they must consider the simulations themselves. Simulations

must fit the method being evaluated, and scholars should and
will scrutinize this fit.4 In this respect, the new simulations are a
major step forward. They use QCA software and carefully seek to
match the simulation to the method. Unquestionably, there will be
room for improvement and refinement in future simulations, yet the
cumulative evidence of unstable findings and error raises major
concerns.

Second, scholars must ask why QCA findings might be
unstable and prone to error, and whether there are basic problems
with QCA’s approach to causal inference. Various problems merit
attention. For example, even with the fuzzy-set version that incorpo-
rates gradations, the algorithms ultimately reduce the findings to
dichotomies, which can be more vulnerable to error than gradations
(Elkins 2000:298–99). The number of cases per causal path is often
surprisingly small, raising major concerns about the stability of find-
ings. QCA has a procedure that helps avoid false negatives, but
appears to lack a corresponding procedure to protect against false
positives.

RETHINKING CAUSAL INFERENCE

More broadly, QCA’s emergence as a potentially important method
coincides with a wide-ranging challenge relevant to diverse methods,
including conventional quantitative analysis as well as QCA. These
methods are seen as too confidently making causal inferences, based on
complex algorithms applied to observational data. Paine’s (2013)
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argument that the algorithms of these two methods are more similar
than has been recognized makes this critique all the more salient here.
Given this new challenge, the simulation findings might come as no
surprise.

QCA has thus failed to draw on the recent rethinking of causal infer-
ence in the social sciences. This rethinking is anchored in skepticism
about complex algorithms, commitment to parsimony, and caution
about inferences from observational data. Many scholars now seek the
most “simple and intuitive” tools adequate to the task at hand (Sekhon
2009:494), for example, comparison of frequencies or percentages,
cross-tabulations, and scatterplots. The eminent statistician Freedman
(2008) recommended “cross-tabulation before regression” (p. 241).
Achen (2002:446) considered it “meaningless” to test more than three
explanatory factors. These warnings have focused on conventional
quantitative analysis, yet they are a wake-up call for other methods as
well, including QCA.

This rethinking gives new authority to case knowledge, process tra-
cing, and the use of qualitative data in constructing good research
designs. Freedman (2010) argued that qualitative reasoning is a “type of
scientific inquiry” in its own right.

IMPLICATIONS FOR QUALITATIVE COMPARATIVE
ANALYSIS

QCA is well aligned with this focus on case knowledge, but in other
respects, it has followed a different path. The method gives inadequate
attention to (a) obstacles in making compelling causal inferences (e.g.,
about necessary and sufficient conditions); (b) error and instability of
findings that routinely arise with algorithms (i.e., to reiterate, with the
method’s basic analytic procedures; see again note 2); and (c) vicissi-
tudes of working with observational data.

QCA scholars would do well to join the skepticism about algorithms
and shift to core building blocks: the methodology of case knowledge
and possibly the basic truth table, used specifically not as a logical con-
struct but as a revealing data display. The contrast between the parsimo-
nious clarity of the truth table, versus the QCA algorithms (including
the algorithms for analyzing these tables), may be a good example of
“simple is better.”

124 Collier

 at UNIV CALIFORNIA BERKELEY LIB on September 10, 2014smx.sagepub.comDownloaded from 

http://smx.sagepub.com/
Ryan Fletcher



To conclude, QCA has valuable objectives: understanding context,
interactions, casual complexity, and asymmetry. However, the algo-
rithms may be poorly suited to these objectives. Lucas and Szatrowski’s
and Seawright’s conclusions are salient here: Attention should shift
from QCA, as currently practiced, to more conventional qualitative
methods. Standard tools such as case studies and process tracing are a
better point of departure. Case knowledge should not be an adjunct to
the algorithms but rather the primary method of analysis. Rohlfing and
Schneider (2013) contributed to this much needed reorientation of
QCA. The algorithms themselves appear ill suited to QCA’s goals.
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Notes

1. QCA includes here csQCA, mvQCA, and fsQCA.
2. Algorithms are systematized procedures for making calculations, often implemented

with computer software. QCA’s ensemble of algorithms addresses contradictions,
logical remainders, minimization, sufficiency scores, minimum frequency, consis-
tency, coverage, and the probabilistic criteria for causal inference.

3. This use follows Schneider and Wagemann (2012). QCA has also used “causal inter-
pretation” and “causal recipes.”

4. Some time ago, Ragin and Rihoux (2004) argued that an earlier evaluation based
on hypothetical data was not suitable to QCA. The present symposium, when pub-
lished, will include a discussion by Ragin of Lucas and Szatrowski’s article, along
with their response. However, this important exchange has not yet been made avail-
able to other contributors, so it cannot be addressed here. Alrik Thiem’s current
research on combinatorics will also be crucial to these discussions.
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