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 Fuzzy sets are relatively new to social science. The first comprehensive 
introduction of fuzzy sets to the social sciences was offered by Michael Smithson 
(1987).  However, applications were few and far between until the basic principles 
of fuzzy set analysis were elaborated through Qualitative Comparative Analysis 
(QCA; see Ragin 1987; 2000), an analytic system that is fundamentally set-
theoretic, as opposed to correlational, in both inspiration and design. The marriage 
of these two yields fuzzy-set QCA (fsQCA), a family of methods that offers social 
scientists an alternative to conventional quantitative methods, based almost 
exclusively on correlational reasoning (see Ragin, forthcoming). 
 The basic idea behind fuzzy sets is easy enough to grasp, but this simplicity 
is deceptive.  A fuzzy set scales degree of membership (e.g., membership in the set 
of Democrats) in the interval from 0.0 to 1.0, with 0.0 indicating full exclusion 
from a set and 1.0 indicating full inclusion.  However, the key to useful fuzzy set 
analysis is well-constructed fuzzy sets, which in turn raises the issue of calibration. 
 How does a researcher calibrate degree of membership in a set, for example, the 
set of Democrats? How should this set be defined?  What constitutes full 
membership?  What constitutes full nonmembership?  What would a person with 
0.75 membership in this set (more in than out, but not fully in) be like?  How 
would this person differ from someone with 0.90 membership? 
 The main message of this essay is that fuzzy sets, unlike conventional 
variables, must be calibrated. Because they must be calibrated, they are superior in 
many respects to conventional measures, as they are used in both quantitative and 
qualitative social science.  In essence, I argue that fuzzy sets offer a middle path 
between quantitative and qualitative measurement. However, this middle path is 
not a compromise between these two; rather, it transcends many of the limitations 
of both. 
 
What Is Calibration? 
 
 Calibration is a necessary and routine research practice in such fields as 
chemistry, astronomy, and physics (Pawson 1989:135-7). In these and other natural 
sciences, researchers calibrate their measuring devices and the readings these 
instruments produce by adjusting them so that they match or conform to 
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dependably known standards. These standards make measurements directly 
interpretable (Byrne 2002). A temperature of 20 degrees Celsius is interpretable 
because it is situated in between 0 degrees (water freezes) and 100 degrees (water 
boils). By contrast, the calibration of measures according to agreed upon standards 
is relatively rare in the social sciences.1 Most social scientists are content to use 
uncalibrated measures, which simply show the positions of cases relative to each 
other. Uncalibrated measures, however, are clearly inferior to calibrated measures. 
With an uncalibrated measure of temperature, for example, it is possible to know 
that one object has a higher temperature than another or even that it has a higher 
temperature than average for a given set of objects, but still not know whether it is 
hot or cold.  Likewise, with an uncalibrated measure of democracy it is possible to 
know that one country is more democratic than another or more democratic than 
average, but still not know if it is more a democracy or an autocracy. 
 Calibration is especially important in situations where one condition sets or 
shapes the context for other conditions. For example, the relationship between the 
temperature and volume of H20 changes qualitatively at 0 °C and then again at 100 
°C. Volume decreases as temperature crosses 0 °C and then increases as 
temperature crosses 100 °C. The Celsius scale is purposefully calibrated to indicate 
these "phase shifts," and researchers studying the properties of H20 know not to 
examine the relationships between properties of H2O without taking these two 
qualitative breakpoints into account. Knowledge of these phase shifts, which is 
external to the measurement of temperature per se, provides the basis for its 
calibration.2 
 Context setting conditions that operate parallel to the phase shifts just 
described abound in the study of social phenomena. The most basic context-setting 
condition is the scope condition (Walker and Cohen 1985). When researchers state 
that a certain property or relationship holds or exists only for cases of a certain type 
(e.g., only for countries that are "democracies"), they have used a scope condition 
                                                 
   1 Perhaps the greatest calibration efforts have been exerted in the field of poverty 
research, where the task of establishing external standards (i.e., defining who is 
poor) has deep policy relevance. Another example of a calibrated measure is the 
Human Development Index developed by the United Nations and published in its 
Human Development Report. In economics, by contrast, calibration has a different 
meaning altogether. Researchers “calibrate” parameters in models by fixing them 
to particular values, so that the properties and behavior of other parameters in the 
model can be observed. This type of calibration is very different from the explicit 
calibration of measures, the central concern of this essay. 

   2 I thank Henry Brady for pointing out the importance of the idea of “phase 
shifts” as a way to elaborate my argument. 
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to define an enabling context. Another example of a context setting condition in 
social science is the use of empirical populations as enabling conditions. For 
instance, when researchers argue that a property or relationship holds only for 
Latin American countries, they have used an empirically delineated population as a 
context-setting condition. While the distinction between scope conditions and 
populations is sometimes blurred, their use as context-setting conditions is parallel. 
In both usages, they act as conditions that enable or disable specific properties or 
relationships. 
 Tests for statistical interaction are usually motivated by this same concern 
for conditions that alter the relationships between other variables, that is, by this 
same concern for context setting conditions. If the effect of X on Y increases from 
no effect to a substantial effect as the level of a third variable Z increases, then Z 
operates as a context setting condition, enabling a relationship between X and Y. 
Unlike scope conditions and population boundaries, the interaction variable Z in 
this example varies by level and is not a simple presence/absence dichotomy. 
While having context setting conditions vary by level or degree complicates their 
study, the logic is the same in all three situations. In fact, it could be argued that 
dichotomous context setting conditions such as scope conditions are special cases 
of statistical interaction. 
 The fact that the interaction variable Z varies by level as a context setting 
condition automatically raises the issue of calibration. At what level of Z does a 
relationship between X and Y become possible? At what level of Z is there a 
strong connection between X and Y? To answer these questions it is necessary to 
specify the relevant values of Z, which is a de facto calibration of Z. Over a 
specific range of values of Z, there is no relation between X and Y, while over 
another range there is a strong relation between X and Y. Perhaps over 
intermediate values of Z, there is a weak to moderate relation between X and Y. To 
specify these values or levels, it is necessary to bring in external, substantive 
knowledge in some way—to interpret these different levels as context setting 
conditions. Unfortunately, researchers who test for statistical interaction have 
largely ignored this issue and have been content to conduct broad tests of statistical 
interaction, without attending to issues of calibration and context. 
 Despite the relevance of calibration to many routine social sciences concerns 
and practices, it is a topic that has largely been ignored. To set the stage for a 
discussion of fuzzy sets and their calibration, I first examine common measurement 
practices in quantitative and qualitative social research. After sketching these 
practices, I argue that a useful way for social scientists to incorporate measurement 
calibration into their research is through the use of fuzzy sets. I show further that 
fuzzy sets resonate with both the measurement concerns of qualitative researchers, 
where the goal often is to distinguish between relevant and irrelevant variation 
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(that is, to interpret variation), and the measurement concerns of quantitative 
researchers, where the goal is the precise placement of cases relative to each other. 
 
Common Measurement Practices in Quantitative Research 
 
 Measurement, as practiced in the social sciences today, remains relatively 
haphazard and unsystematic, despite the efforts and exhortations of many 
distinguished scholars (e.g., Duncan 1984; Pawson 1989). The dominant approach 
is the indicator approach, in which social scientists seek to identify the best 
possible empirical indicators of their theoretical concepts. For example, national 
income per capita (in U.S. dollars, adjusted for differences in purchasing power) is 
often used as an empirical indicator of the theoretical concept of development, 
applied to countries. In the indicator approach the key requirement is that the 
indicator must vary across cases, ordering them in a way that is consistent with the 
underlying concept. The values of national income per capita, for example, must 
distinguish less developed from more developed countries in a systematic manner. 
 In this approach fine gradations and equal measurement intervals are 
preferred to coarse distinctions and mere ordinal rankings. Indicators like income 
per capita are especially prized not only because they offer fine gradations (e.g., an 
income per capita value of $5,500 is exactly $100 less than a value of $5,600), but 
also because the distance between two cases is considered the “same” regardless of 
whether it is the difference between $1,000 and $2,000 or between $21,000 and 
$22,000 (i.e., a $1,000 difference).3 Such interval- and ratio-scale indicators are 
well-suited for the most widely used analytic techniques for assessing relationships 
between variables, such as multiple regression and related linear techniques.4 
                                                 
   3 Actually, there is a world of difference between living in a country with a GNP 
per capita of $2,000 and living in one with a GNP per capita of $1,000; however, 
there is virtually no difference between living in one with a GNP per capita of 
$22,000 and living in one with a GNP per capita of $21,000. Such fine points are 
rarely addressed by researchers who use the conventional indicator approach, but 
they must be confronted directly in research that uses calibrated measures (e.g., 
fuzzy sets). 

   4 While most textbooks assert that ratio scales are the highest form of 
measurement because they are anchored by a meaningful zero point, it is important 
to note that fuzzy sets have three numerical anchors: 1.0 (full membership), 0.0 
(full nonmembership), and 0.5 (the cross-over point separating “more in” versus 
“more out” of the set in question). See Ragin (2000). If it is accepted than such 
“anchoring” signals a higher level of measurement, then it follows that a fuzzy set 
is a higher level of measurement than a ratio-scale variable. 
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 More sophisticated versions of the indicator model use multiple indicators 
and rely on psychometric theory (Nunnally and Bernstein 1994). The core idea in 
psychometric theory is that an index that is composed of multiple, correlated 
indicators of the same underlying concept is likely to be more accurate and more 
reliable than any single indicator. A simple example: national income per capita 
could easily overstate the level of development of oil-exporting countries, making 
them appear to be more developed than they “really are.” Such anomalies 
challenge the face validity of income per capita as an indicator of the underlying 
concept. However, using an index of development composed of multiple indicators 
(e.g., including such things as literacy, life expectancy, energy consumption, labor 
force composition, and so on) would address these anomalies, because many oil-
exporting countries have relatively lower scores on some of these alternate 
indicators of development. Ideally, the various indicators of an underlying concept 
should correlate very strongly with each other. If they do not, then they may be 
indicators of different underlying concepts (Nunnally and Bernstein 1994). Only 
cases with consistently high scores across all indicators obtain the highest scores 
on an index built from multiple indicators. Correspondingly, only those cases with 
consistently low scores across all indicators obtain the lowest scores on an index. 
Cases in the middle, of course, are a mixed bag. 
 Perhaps the most sophisticated implementation of the indicator approach is 
through an analytic technique known as structural equation modeling (or “SEM”; 
see Bollen 1989). SEM extends the use of multiple indicators of a single concept 
(the basic psychometric model) to multiple concepts and their interrelationships. In 
essence, the construction of indexes from multiple indicators takes place within the 
context of an analysis of the interrelationships among concepts. Thus, index 
construction is adjusted in ways that optimize hypothesized relationships. Using 
SEM, researchers can evaluate the coherence of their constructed indexes within 
the context of the model in which they are embedded. Simultaneously, they can 
evaluate the coherence of the model as a whole. 
 All techniques in the “indicator” family share a deep reliance upon observed 
variation, which in turn is almost always sample specific in its definition and 
construction. As mentioned previously, in the conventional approach the key 
requirement that an indicator must meet is that it must order cases in a way that 
reflects the underlying concept. It is important to point out that these orderings are 
entirely relative in nature. That is, cases are defined relative to each other in the 
distribution of scores on the indicator (i.e., as having “higher” versus “lower” 
scores). For example, if the U.S.'s national income per capita is $1,000 higher than 
Italy's, then the U.S. correspondingly is considered relatively more developed. The 
greater the gap between countries, the more different their relative positions in the 
development hierarchy. Furthermore, the definition of “high” versus “low” scores 
is defined relative to the observed distribution of scores, usually conceived as a 
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sample of scores drawn from a well-defined population. Thus, a case with a score 
that is above the sample's central tendency (usually the mean) has a “high” score; 
the greater this positive gap, the “higher” the score. Likewise, a case with a score 
that is below the mean has a “low” score; the greater this negative gap, the “lower” 
the score. Notice that the use of deviations from sample-specific measures of 
central tendency offers a crude but passive form of calibration. Its crudeness lies in 
the fact that the calibration standards (e.g., the mean and standard deviation) vary 
from one sample to the next and are inductively derived. By contrast, the routine 
practice in the physical sciences is to base calibration on external, dependably 
known standards (e.g., the boiling point of water). 
 At first glance, these conventional practices with respect to the use of 
indicators in the social sciences appear to be entirely straightforward and 
uncontroversial. It seems completely reasonable, for example, that countries should 
be ranked relative to each other and that some measure of central tendency, based 
on the sample or population in question, should be used to define “high” versus 
“low” scores. Again, the fundamental requirement of the indicator model is simply 
variation, which in turn requires only (1) a sample (or population) displaying a 
variety of scores and (2) a measure of central tendency based on the sample (or 
population). Note, however, that in this view all variation is considered equally 
relevant.5 That is, variation in the entire range of the indicator is considered 
pertinent, with respect to what it reveals about the underlying concept. For 
example, the two countries at the very top of the income distribution are both 
“highly developed countries.” Yet, the difference that separates them indicates that 
one is still more “highly developed” than the other. In the indicator approach, this 
difference is usually taken at face value, meaning that there is usually no attempt to 
look at the cases and ask whether this difference—or any other difference, 
regardless of magnitude—is a relevant or meaningful difference with respect to the 
underlying concept.6 By contrast, the interpretation of scores relative to agreed 
upon, external standards is central to measurement calibration. These external 
standards provide a context for the interpretation of scores. 

                                                 
   5 Of course, researchers sometimes transform their variables (e.g., using logs) in 
order to reduce skew and shift the weight of the variation. However, such 
adjustments are relatively uncommon and, in any event, are usually understood 
mechanistically, as a way to improve the robustness of a model. 

   6 Notice also that the idea that variation at either end of a distribution should be 
de-emphasized or truncated in some way is usually viewed with great suspicion by 
quantitative researchers because truncating variation tends to attenuate 
correlations. 
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Common Measurement Practices in Qualitative Research 
 
 In conventional quantitative research, measures are indicators of concepts, 
which in turn are components of models, which in turn are derived from theories. 
Thus, the quantitative approach to measurement is strongly theory centered. Much 
qualitative research, by contrast, is more knowledge centered and thus tends to be 
more grounded in empirical evidence and also more “iterative” in nature.  That is, 
there is an interplay between concept formation and measurement, on the one hand, 
and research strategy, on the other (see, e.g., Glazer and Strauss 1967). The 
researcher begins with orienting ideas and broad concepts, and uses empirical cases 
to help refine and elaborate concepts (Becker 1958). This process of progressive 
refinement involves an iterative “back-and-forth” movement between ideas and 
evidence (Katz 1982; Ragin 1994). In this back-and-forth process, researchers 
specify and refine their empirical indicators and measures. 
 A simple example: macrolevel researchers often distinguish between 
countries that experienced “early” versus “late” state formation (see, e.g., Rokkan 
1975). Those that developed “early” had certain advantages over those that 
developed “late” and vice versa. David Laitin (1992:xi), for example, notes that 
coercive nation-building practices available earlier to monarchs (e.g., the draconian 
imposition of a national language) are not available to leaders of new states today, 
in part because of the international censure these policies might generate. But what 
is “early” state formation? The occurrence of state formation, of course, can be 
dated. Thus, it is possible to develop a relatively precise ratio-scale measure of the 
“age” of a state. But most of the variation captured by this simple and direct 
measure is not relevant to the concept of “early” versus “late” state formation. 
Suppose, for example, that one state has been around for 500 years and another for 
250 years. The first is twice as old as the second, but both are fully “early” when 
viewed through the lens of accumulated substantive and theoretical knowledge 
about state formation. Thus, much of the variation captured by the ratio-scale 
indicator “age” is simply irrelevant to the distinction between “early” versus “late” 
state formation. “Age in years” must be adjusted on the basis of accumulated 
substantive knowledge in order to be able to interpret “early” versus “late” in a 
way that resonates appropriately with existing theory. 
 Such calibrations are routine in qualitative work, even though they are rarely 
modeled or even stated explicitly. Indeed, from the perspective of conventional 
quantitative research, it appears that qualitative researchers skew their 
measurements to fit their preconceptions. In fact, however, the qualitative 
researcher's goal is simply to interpret “mere indicators” such as “age in years” in 
the light of knowledge about cases and the interests of the investigator (e.g., 
whether a state is “early” or “late” from the standpoint of state formation theory). 
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 A second essential feature of measurement in qualitative research is that it is 
more case oriented than measurement in quantitative research. This observation 
goes well beyond the previous observation that qualitative researchers pay more 
attention to the details of cases. In case-oriented research, the conceptual focus is 
on specific kinds of cases, for example, the “developed countries.” In variable-
oriented research, by contrast, the focus is on dimensions of variation in a defined 
sample or population of cases, for example, variation in level of development 
across currently constituted nation states. The distinction is subtle but important 
because cases can vary not only along a given dimension, but also in how well they 
satisfy the requirements for membership in a category or set. For example, 
countries vary in how well they satisfy requirements for membership in the set of 
developed countries—some cases satisfy them fully, some partially, and some not 
at all. In order to assess how well cases satisfy membership requirements, it is 
necessary to invoke external standards, for example, regarding what it takes for a 
country to be considered developed. Thus, in the case-oriented view, the key focus 
is on sets of cases, the members of which can be identified and studied individually 
(e.g., the “developed countries”). In the variable-oriented view, by contrast, cases 
are usually understood simply as sites for taking measurements (that is, they are 
often seen as mere “observations”), which in turn provide the necessary raw 
material for studying relationships between variables, viewed as cross-case 
patterns. 
 It follows that the case-oriented view is more compatible with the idea that 
measures should be calibrated, for the focus is on the degree to which cases satisfy 
membership criteria, which in turn are usually externally determined, not 
inductively derived (e.g., using the sample mean). These membership criteria must 
reflect agreed-upon standards; otherwise, the constitution of a category or set will 
be contested. In the variable-oriented view, the members of a population simply 
vary in the degree to which they express a given trait or phenomenon, and there is 
usually no special motivation for specifying the criteria for membership in a set or 
for identifying specific cases as instances. Thus, a key difference between the 
qualitative approach to measurement and the quantitative approach is that in the 
qualitative approach meaning is attached to or imposed upon specific 
measurements, for example what constitutes “early” state formation or what it 
takes to warrant designation as a developed country. In short, measurement in 
qualitative research is interpreted. 
 The qualitative sociologist Aaron Cicourel was an early proponent of the 
understanding of measurement described here. In his classic text Method and 
Measurement in Sociology, he (1964:24) argues that it is necessary to consider the 
three “media” through which social scientists develop categories and link them to 
observable properties of objects and events: language, cultural meaning, and the 
properties of measurement systems. In his view, the problem of establishing 
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equivalence classes (like “democracies” or “developed countries”) cannot be seen 
as independent from or separate from problems of language and cultural meaning. 
He (1964:33) argues: 
 Viewing variables as quantitative because available data are expressed in 

numerical form or because it is considered more “scientific” does not 
provide a solution to the problems of measurement but avoids them in favor 
of measurement by fiat. Measurement by fiat is not a substitute for 
examining and re-examining the structure of our theories so that our 
observations, descriptions, and measures of the properties of social objects 
and events have a literal correspondence with what we believe to be the 
structure of social reality. 

In simple terms Cicourel argues that measures and their properties must be 
evaluated in the context of both theoretical and substantive knowledge. The fact 
that social scientist may possess a ratio-scale indicator of a theoretical concept does 
not mean that this aspect of “social reality” has the mathematical properties of this 
type of scale. 
 Thus, in qualitative research, the idea that social scientists should use 
external standards to evaluate and interpret their measures has much greater 
currency than it does in conventional quantitative research. A key difference with 
quantitative research, however, is that measurement in qualitative research is 
typically lacking in precision, and the context-sensitive and case-oriented way of 
measuring that is typical of qualitative research often appears haphazard and 
unscientific. 
 
Fuzzy Sets: A Bridge Between the Two Approaches 
 
 With fuzzy sets it is possible to have the best of both worlds, namely, the 
precision that is prized by quantitative researchers and the use of substantive 
knowledge to calibrate measures that is central to qualitative research. With fuzzy 
sets, precision comes in the form of quantitative assessments of degree of set 
membership, which can range from a score of 0.0 (full exclusion from a set) to 1.0 
(full inclusion). For example, a country might have a membership score of 0.85 in 
the set of democracies, indicating that it is clearly more in this set than out, but still 
not fully in. Substantive knowledge provides the external criteria that make it 
possible to calibrate measures. This knowledge indicates what constitutes full 
membership, full nonmembership, and the point at which cases are more “in” a 
given set than “out” (Ragin 2000; Smithson and Verkuilen 2006). 
 The external criteria that are used to calibrate measures and translate them 
into set membership scores may reflect standards based on social knowledge (e.g., 
the fact that twelve years of education constitutes an important educational 
threshold), collective social scientific knowledge (e.g., about variation in economic 
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development and what it takes to be considered fully in the set of “developed” 
countries), or the researcher’s own accumulated knowledge, derived from the study 
of specific cases. These external criteria should be stated explicitly, and they also 
must be applied systematically and transparently. This requirement separates the 
use of fuzzy sets from conventional qualitative work, where the standards that are 
applied usually remain implicit. 
 Fuzzy sets are able to bridge quantitative and qualitative approaches to 
measurement because they are simultaneously qualitative and quantitative. Full 
membership and full non-membership are qualitative states. In between these two 
qualitative states are varying degrees of membership ranging from “more out” 
(closer to 0.0) to “more in” (closer to 1.0). Fuzzy sets are also simultaneously 
qualitative and quantitative because they are both case-oriented and variable-
oriented. They are case-oriented in their focus on sets and set membership. In case-
oriented work, the identity of cases matters, as does the sets to which a case may 
belong (e.g., the set of democracies). Fuzzy sets are also variable-oriented in their 
allowance for degrees of membership and thus for fine-grained variation across 
cases.  This aspect of fuzzy sets also provides a basis for precise measurement, 
which is greatly prized in quantitative research. 
 A key difference between a fuzzy set and a conventional variable is how 
they are conceptualized and labeled. For example, while it is possible to construct a 
generic variable years of education, it is impossible to transform this variable 
directly into a fuzzy set without first designating and defining a target set of cases. 
In this instance, the researcher might be interested in the set of individuals with at 
least a high school education or perhaps the set of individuals who are college 
educated. This example makes it clear that the designation of different target sets 
dictates different calibration schemes.  A person who has one year of college 
education, for example, will have full membership (1.0) in the set of people who 
are at least high school educated, but this same person clearly has less than full 
membership in the set of people who are college educated.  In a parallel fashion, it 
is clear that level of economic development makes sense as a generic variable, but 
in order to calibrate it as a fuzzy set, it is necessary to specify a target set, for 
example, the set of developed countries.  Notice that this requirement—that the 
researcher designate a target set—not only structures the calibration of the set, it 
also provides a direct connection between theoretical discourse and empirical 
analysis. After all, it is more common for theoretical discourse to be organized 
around designated sets of cases (e.g., the “developed countries”) than it is for it to 
be organized around generic variables (e.g., “level of economic development”). 
 Finally, these examples clarify a key feature of fuzzy sets central to their 
calibration—the fact that in order to calibrate a fuzzy set it is necessary for 
researchers to distinguish between relevant and irrelevant variation. For example, 
the difference between an individual who has completed one year of college and an 
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individual who has completed two years of college is irrelevant to the set of 
individuals with at least a high school education, for both of these individuals are 
fully in this set (membership = 1.0).  Their one year difference is simply not 
relevant to the target set, as conceptualized and labeled.  When calibrating a fuzzy 
set, variation that is irrelevant to the set must be truncated so that the resulting 
membership scores faithfully reflect the target set’s label.  This requirement also 
establishes a close connection between theoretical discourse and empirical 
analysis. 
 The use of external criteria to calibrate fuzzy sets is the primary focus of the 
remainder of this essay.  I focus specifically on situations where the researcher has 
a serviceable interval- or ratio-scale indicator of a concept and seeks to transform it 
into a well-calibrated fuzzy set. 
 
Transforming Interval-Scale Variables into Fuzzy Sets 
 
 Ideally, the calibration of degree of membership in a set should be based 
entirely on the researcher's substantive and theoretical knowledge. That is, the 
collective knowledge base of social scientists should provide the basis for the 
specification of precise calibrations. For example, armed with an adequate 
knowledge of development, social scientists should be able to specify the per 
capita income level that signals “full membership” in the set of developed 
countries. Unfortunately, the social sciences are still in their infancy, and this 
knowledge base does not exist. Furthermore, the dominance of variable-oriented 
research, with its paramount focus on mean-centered variation and on covariation 
as the key to assessing relationships between case aspects, undermines scholarly 
interest in substantively based thresholds and benchmarks. While the problem of 
specifying thresholds and benchmarks has not attracted the attention it deserves, it 
is not a daunting task. The primary requirement for useful calibration is simply 
sustained attention to the substantive issues at hand (e.g., what constitutes full 
membership in the set of developed countries). 
 Despite the imperfections of the existing knowledge base, it is still possible 
to demonstrate techniques of calibration. All that is lacking is precise “agreed upon 
standards” for calibrating measures. To the extent possible, the calibrations 
presented here are based on the existing theoretical and substantive literature. Still, 
the focus is on techniques of calibration, and not on the specific empirical 
benchmarks used to structure calibration. 
 The proposed techniques assume that researchers already have at their 
disposal conventional interval-scale indicators of their concepts, for example, per 
capita national income as an indicator of development. The techniques also assume 
that the underlying concept can be structured and labeled in set-theoretic terms, for 
example, “degree of membership in the set of developed countries.” Notice that 
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this labeling requirement moves the investigation in a decidedly case-oriented 
direction. “The set of developed countries” identifies specific countries, while 
“level of development” does not. The latter simply identifies a dimension of cross-
national variation. 
 I present two methods of calibration. The “direct method” focuses on the 
three qualitative anchors that structure fuzzy sets: the threshold for full 
membership, the threshold for full nonmembership, and the cross-over point. The 
“indirect method,” by contrast, uses regression techniques to estimate degree of set 
membership based on a six-value coding scheme. Both methods yield precise 
calibrations of set membership scores based upon either qualitative anchors (direct 
method) or qualitative groupings (indirect method). 
 
[Table 1 about here.] 
 
 Before discussing the direct method, I should explain that this method uses 
estimates of the log of the odds of full membership in a set as an intermediate step. 
While this translation route—using estimates of the log odds of full membership—
may seem roundabout, the value of the approach will become clear as the 
demonstration proceeds. For now, consider Table 1 which shows the different 
metrics that are used in the demonstration of the direct method. The first column 
shows various verbal labels that can be attached to differing degrees of set 
membership, ranging from full nonmembership to full membership. The second 
column shows the degree of set membership linked to each verbal label. For 
convenience, degree of membership is rounded to 3 decimal places. The third 
column shows the odds of full membership that result from the transformation of 
the set membership scores (column 2) into the odds of full membership, using the 
following formula: 
 
odds of membership = (degree of membership)/(1 - (degree of membership)) 
 
The last column shows the natural log of the odds reported in column 3. In effect, 
columns 2 through 4 are different representations of the same numerical values, 
using different metrics. For example, the membership score attached to “threshold 
of full membership” is 0.953. Converting it to an odds yields 20.09. Calculating the 
natural log of 20.09 yields a score of 3.0.7 
 Working in the metric of log odds is useful because this metric is completely 
                                                 
   7 The values shown for degree of membership in column 2 have been adjusted 
(e.g., using .993 instead of .99 for full membership) so that they correspond to 
simple, single-digit entries in column 4. 
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symmetric around 0.0 (an odds of 50/50) and suffers neither floor nor ceiling 
effects. Thus, for example, if a calibration technique returns a value in the log of 
odds that is either a very large positive number or a very large negative number, its 
translation to degree of membership stays within the 0.0 to 1.0 bounds, which is a 
core requirement of fuzzy membership scores. The essential task of calibration 
using the direct method is to transform interval-scale variables into the log odds 
metric in a way that respects the verbal labels shown in column 1 of Table 1.8 
 It is important to note that the set membership scores that result from these 
transformations (ranging from 0.0 to 1.0) are not probabilities, but instead should 
be seen simply as transformations of interval scales into degree of membership in 
the target set. In essence, a fuzzy membership score attaches a truth value, not a 
probability, to a statement (for example, the statement that a country is in the set of 
developed countries). The difference between a truth value and a probability is 
easy to grasp, and it is surprising that so many scholars confuse the two. For 
example, the truth value of the statement “beer is a deadly poison” is perhaps about 
.05—that is, this statement is almost but not completely out of the set of true 
statements, and beer is consumed freely, without concern, by millions and millions 
of people every day. However, these same millions would be quite unlikely to 
consume a liquid that has a .05 probability of being a deadly poison, with death the 
outcome, on average, in one in twenty beers. 
 
The Direct Method of Calibration 
 
 The starting point of any set calibration is clear specification of the target 
set. The focus of this demonstration is the set of developed countries, and the goal 
is to use per capita national income data to calibrate degree of membership in this 
set. Altogether, 136 countries are included in the demonstration; Table 2 presents 
data on 24 of these 136 countries, which were chosen to represent a wide range of 
national income values. 
 
[Table 2 about here.] 
 
 The direct method uses three important qualitative anchors to structure 
                                                 
   8 The procedures for calibrating fuzzy membership scores presented in this paper 
are mathematically incapable of producing set membership scores of exactly 1.0 or 
0.0. These two membership scores would correspond to positive and negative 
infinity, respectively, for the log of the odds. Instead, scores that are greater than 
0.95 may be interpreted as full membership in the target set, and scores that are less 
than 0.05 may be interpreted as full nonmembership. 
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calibration: the threshold for full membership, the threshold for full 
nonmembership, and the cross-over point (see Ragin 2000). The cross-over point is 
the value of the interval-scale variable where there is maximum ambiguity as to 
whether a case is more in or more out of the target set. For the purpose of this 
demonstration, I use a per capita national income value of $5,000 as the cross-over 
point. An important step in the direct method of calibration is to calculate the 
deviations of raw scores (shown in column 1) from the cross-over point designated 
by the investigator ($5,000 in this example). These values are shown in column 2 
of Table 2. Negative scores indicate that a case is more out than in the target set, 
while positive scores signal that a case is more in than out. 
 For the threshold of full membership in the target set, I use a per capita 
national income value of $20,000, which is a deviation score of $15,000 (compare 
columns 1 and 2 of Table 2). This value corresponds to a set membership score of 
.95 and a log odds of 3.0. Thus, cases with national income per capita of $20,000 
or greater (i.e., deviation scores of $15,000 or greater) are considered fully in the 
target set, with set membership scores ≥ .95 and log odds of membership ≥ 3.0. In 
the reverse direction, the threshold for full nonmembership in the target set is 
$2,500, which is a deviation score of -$2,500. This national income value 
corresponds to a set membership score of .05 and a log odds of -3.0. Thus, cases 
with national income per capita of $2,500 or lower (i.e., deviation scores of -
$2,500 or lower) are considered fully out of the target set, with set membership 
scores ≤ .05 and log odds of membership ≤ -3.0. 
 Once these three values (the two thresholds and the cross-over point) have 
been selected, it is possible to calibrate degree of membership in the target set. The 
main task at this point is to translate the cross-over centered national income data 
(column 2) into the metric of log odds, utilizing the external criteria that have been 
operationalized in the three qualitative anchors. For deviation scores above the 
cross-over point, this translation can be accomplished by multiplying the relevant 
deviation scores (in column 2 of Table 2) by the ratio of the log odds associated 
with the verbal label for the threshold of full membership (3.0) to the deviation 
score designated as the threshold of full membership (i.e., 20,000 - 5,000 = 
15,000). This ratio is 3/15,000 or .0002. For deviation scores below the cross-over 
point, this translation can be accomplished by multiplying the relevant deviation 
scores (in column 2 of Table 2) by the ratio of the log odds associated with the 
verbal label for the threshold of full nonmembership (-3.0) to the deviation score 
designated as the threshold of full nonmembership ($2,500 - $5,000 = -$2,500). 
This ratio is -3/-2500 or .0012. These two scalars are shown in column 3, and the 
products of columns 2 and 3 are shown in column 4.9 Thus, column 4 shows the 
                                                 
   9 These two scalars constitute the slopes of the two lines extending from the 
origin (0,0) to the two threshold points (15000,3) and (-2500,-3) in the plot of the 
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translation of income deviation scores into the log odds metric, using the three 
qualitative anchors to structure the transformation via the two scalars. 
 The values in column 4, in effect, are per capita national income values that 
have been rescaled into values reflecting the log odds of membership in the set of 
developed countries, in a manner that strictly conforms to the values attached to the 
three qualitative anchors--the threshold of full membership, the threshold of full 
nonmembership, and the cross-over point. Thus, the values in column 4 are not 
mere mechanistic rescalings of national income, for they reflect the imposition of 
external criteria via the three qualitative anchors. The use of such external criteria 
is the hallmark of measurement calibration. 
 It is a small step from the log odds reported in column 4 to the degree of 
membership values reported in column 5. It is necessary simply to apply the 
standard formula for converting log odds to scores that range from 0.0 to 1.0, 
namely: 
 
degree of membership = exp(log odds)/(1 + exp(log odds)) 
 
where “exp” represents the exponentiation of log odds to simple odds.10 Note that 
the membership values reported in the last column of Table 2 strictly conform to 
the distribution dictated by the three qualitative anchors. That is, the threshold for 
full membership (0.95) is pegged to an income per capita value of $20,000; the 
cross-over point (0.50) is pegged to an income of $5,000; and so on. For further 
illustration of the results of the direct method, consider Figure 1, which shows a 
plot of degree of membership in the set of developed countries against per capita 
national income, using data on all 136 countries included in this demonstration. As 
the plot shows, the line flattens as it approaches 0.0 (full nonmembership) and 1.0 
(full membership), consistent with the conceptualization of degree of set 
membership. What the plot does not reveal is that most of the world's countries are 
in the lower-left corner of the plot, with low national incomes and full exclusion 
from the set of developed countries (i.e., set membership scores ≤ 0.05). 
 
[Figure 1 about here.] 
 
                                                                                                                                        
deviations of national income from the cross-over point (X axis) against the log 
odds of full membership in the set of developed countries (Y axis). 

   10 These procedures may seem forbidding. For the mathematically disinclined, I 
note that the complex set of computational steps depicted in Table 2 can be 
accomplished with a simple compute command using the software package fuzzy-
set/Qualitative Comparative Analysis (fsQCA; see Ragin, Drass, and Davies 2006). 
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 To illustrate the importance of external criteria to calibration, consider using 
the same national income data (column 1 of Table 2) to calibrate degree of 
membership in the set of countries that are “at least moderately developed.” 
Because the definition of the target set has changed, so too must the three 
qualitative anchors. Appropriate anchors for the set of “at least moderately 
developed” countries are: a cross-over value of $2,500; a threshold of full 
membership value of $7,500 and a threshold of full nonmembership value of 
$1,000. The appropriate scalars in this example are 3/5000 for cases above the 
cross-over value, and -3/-1500 for cases below the cross-over value. The complete 
procedure is shown in Table 3, using the same cases as in Table 2. 
 
[Table 3 about here.] 
 
 The key point of contrast between Tables 2 and 3 is shown in the last 
column, the calibrated membership scores. For example, with a national income 
per capita of $2,980, Turkey has a membership of .08 in the set of developed 
countries. Its membership in the set of “at least moderately developed” countries, 
however, is 0.57, which places it above the cross-over point. Notice, more 
generally, that in Table 3 there are many more cases that register set membership 
scores close to 1.0, consistent with the simple fact that more countries have high 
membership in the set of countries that are “at least moderately developed” than in 
the set of countries that are fully “developed.” The contrast between Tables 2 and 3 
underscores both the knowledge-dependent nature of calibration and the impact of 
applying different external standards to the same measure (per capita national 
income). Again, the key to understanding calibration is to grasp the importance of 
external criteria, which are based, in turn, on the substantive and theoretical 
knowledge that researchers bring to their research. 
 
The Indirect Method of Calibration 
 
 In contrast to the direct method, which relies on specification of the 
numerical values linked to three qualitative anchors, the indirect method relies on 
the researcher's broad groupings of cases according to their degree of membership 
in the target set.  In essence, the researcher performs an initial sorting of cases into 
different levels of membership, assigns these different levels preliminary 
membership scores, and then refines these membership scores using the interval-
scale data. 
 
[Table 4 about here.] 
 
 Consider again the data on per capita national income, this time presented in 
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Table 4. The first and most important step in the indirect method is to categorize 
cases in a qualitative manner, according to their presumed degree of membership in 
the target set. These qualitative groupings can be preliminary and open to revision. 
However, they should be based as much as possible on existing theoretical and 
substantive knowledge. The six key qualitative categories used in this 
demonstration are:11 
 (a) in the target set (membership = 1.0), 
 (b) mostly but not fully in the target set (membership = 0.8), 
 (c) more in than out of the target set (membership = 0.6), 
 (d) more out than in the target set (membership = 0.4), 
 (e) mostly but not fully out of the target set (membership = 0.2), and 
 (f) out of the target set (membership = 0.0). 
These categorizations are shown in column 2 of Table 4, using explicit numerical 
values to reflect preliminary estimates of degree of set membership. These six 
numerical values are not arbitrary, of course, but are chosen as rough estimates of 
degree of membership specific to each qualitative grouping. The goal of the 
indirect method is to re-scale the interval-scale indicator to reflect knowledge-
based, qualitative groupings of cases, categorized according to degree of set 
membership. These qualitative interpretations of cases must be grounded in 
substantive knowledge. The stronger the empirical basis for making qualitative 
assessments of set membership, the more precise the calibration of the values of 
the interval-scale indicator as set membership scores. 
 Note that the qualitative groupings implemented in Table 4 have been 
structured so that they utilize roughly the same criteria used to structure the 
calibrations shown in Table 2. That is, countries with national income per capita 
greater than $20,000 have been coded as fully in the set of developed countries; 
countries with income per capita greater than $5,000 have been coded as more in 
than out; and so on. By maintaining fidelity to the qualitative anchors used in Table 
2, it is possible to compare the results of the two methods. The direct method 
utilizes precise specifications of the key benchmarks, while the indirect method 
requires only a broad classification of cases. 
 The next step is to use the two series reported in columns 1 and 2 of Table 4 
to estimate the predicted qualitative coding of each case, using per capita national 
income as the independent variable and the qualitative codings as the dependent 
variable. The best technique for this task is a fractional logit model, which is 
                                                 
   11 Of course, other coding schemes are possible, using as few as three qualitative 
categories. The important point is that the scoring of these categories should reflect 
the researcher’s initial estimate of each case’s degree of set membership. These 
qualitative assessments provide the foundation for finer-grained calibration. 
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implemented in STATA in the FRACPOLY procedure. 12 The predicted values 
resulting from this analysis are reported in column 3 of Table 4. The reported 
values are based on an analysis using all 136 cases, not the subset of 24 presented 
in the table. The predicted values, in essence, constitute estimates of fuzzy 
membership in the set of developed countries based on per capita national income 
(column 1) and the qualitative analysis that produced the codings shown in column 
2. 
 Comparison of the set membership scores in column 5 of Table 2 (direct 
method) and column 3 of Table 4 (indirect method) reveals great similarities, but 
also some important differences. First notice that Table 2 faithfully implements 
$20,000 as threshold for full membership in the set of developed countries (0.95). 
In Table 4, however, this threshold value drops well below New Zealand's score 
($13,680). Second, observe that using the indirect method there is a large gap 
separating Turkey (.397) and the next case, Bolivia (.053).  Using the direct 
method, however, this gap is much narrower, with Turkey at .08 and Bolivia at .01. 
These differences, which arise despite the use of the same general criteria, follow 
from the indirectness of the second method and its necessary reliance on regression 
estimation. Still, if researchers lack the external criteria required by the direct 
method, the comparison of Tables 2 and 4 confirms that the indirect method 
produces useful set membership scores. 
 
Using Calibrated Measures 
 
 Calibrated measures have many uses. They are especially useful when it 
comes to evaluating theory that is formulated in terms of set relations. While some 
social science theory is strictly mathematical, the vast majority of it is verbal. 
Verbal theory, in turn, is formulated almost entirely in terms of set relations (Ragin 
2000; 2006). Unfortunately, social scientists have been slow to recognize this fact. 
Consider, for example, the statement that “the developed countries are 
democratic.” As in many statements of this type, the assertion is essentially that 
instances of the set mentioned first (developed countries) constitute a subset of 
instances of the set mentioned second (democracies). (It is common in English to 
                                                 
   12 In STATA this estimation procedure can be implemented using the commands 
“fracpoly glm qualcode intervv, family(binomial) link(logit)” and then “predict 
fzpred” where “qualcode” is the variable that implements the researcher’s six-value 
coding of set membership, as shown in Table 4; “intervv” is the name of the 
interval-scale variable that is used to generate fuzzy membership scores; and 
“fzpred” is the predicted value showing the resulting fuzzy membership scores.  I 
thank Steve Vaisey for pointing out the robustness of this estimation technique. 
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state the subset first, as in the statement “ravens are black.”) Close examination of 
most social science theories reveals that they are composed largely of statements 
describing set relations, such as the subset relation. These set relations, in turn, 
may involve a variety of different types of empirical connections—descriptive, 
constitutive, or causal, among others. 
 The set relation just described (with developed countries as a subset of 
democratic countries) is also compatible with a specific type of causal argument, 
namely, that development is sufficient but not necessary for democracy. In 
arguments of this type, if the cause (development) is present, then the outcome 
(democracy) should also be present. However, instances of the outcome 
(democracy) without the cause (development) do not count against or undermine 
the argument that development is sufficient for democracy (even though such cases 
dramatically undermine the correlation). Rather, these instances of the outcome 
without the cause are due to the existence of alternate routes or recipes for that 
outcome (e.g., the imposition of a democratic form of government by a departing 
colonial power). Thus, in situations where instances of a causal condition 
constitute a subset of instances of the outcome, a researcher may claim that the 
cause is sufficient but not necessary for the outcome.13 
 Before the advent of fuzzy sets (Zadeh 1965, 1972, 2002; Lakoff 1973), 
many social scientists disdained the analysis of set-theoretic relations because such 
analyses required the use of categorical-scale variables (i.e., conventional binary or 
“crisp” sets), which in turn often necessitated the dichotomization of interval and 
ratio scales. For example, using crisp sets, in order to assess a set theoretic 
statement about developed countries, a researcher might be required to categorize 
countries into two groups, developed and not developed, using per capita national 
income. Such practices are often criticized because researchers may manipulate 
breakpoints when dichotomizing interval- and ratio-scale variables in ways that 
enhance the consistency of the evidence with a set-theoretic claim. However, as 
demonstrated here, it is possible to calibrate degree of membership in sets and 
thereby avoid arbitrary dichotomizations. 
 The fuzzy subset relation is established by demonstrating that membership 
scores in one set are consistently less than or equal to membership scores in 
another. In other words, if for every case degree of membership in set X is less 
than or equal to degree of membership in set Y, then set X is a subset of set Y. Of 
course, social science data are rarely perfect and some allowance must be made for 
these imperfections. It is possible to assess the degree of consistency of empirical 
                                                 
   13 As always, claims of this type cannot be based simply on the demonstration of 
the subset relation. Researchers should marshal as much corroborating evidence as 
possible when making any type of causal claim. 
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evidence with the subset relation using the simple formula: 
 
Consistency (Xi ≤ Yi) = Σ(min(Xi,Yi))/Σ(Xi) 
 
where Xi is degree of membership in set X; Yi is degree of membership in set Y; 
(Xi ≤ Yi) is the subset relation in question; and “min” dictates selection of the 
lower of the two scores. 
 For illustration, consider the consistency of the empirical evidence with the 
claim that the set of developed countries (as calibrated in Table 2) constitutes a 
subset of the set of democracies, using data on all 136 countries. For this 
demonstration, I use the Polity IV democracy/autocracy measure, which ranges 
from -10 to +10. (This measure is used because of its popularity, despite its many 
shortcomings. See, e.g., Goertz 2005: chapter 4.) The calibration of membership in 
the set of democracies, using the direct method, is shown in Table 5. Polity scores 
for 24 of the 136 countries included in the calibration are presented in column 1 of 
Table 5. These specific cases were selected in order to provide a range of polity 
scores. Column 2 shows deviations from the cross-over point (a polity score of 2), 
and the column 3 shows the scalars used to transform the polity deviation scores 
into the metric of log odds of membership in the set of democracies. The threshold 
of full membership in the set of democracies is a polity score of 9, yielding a scalar 
of 3/7 for cases above the cross-over point; the threshold of full nonmembership in 
the set of democracies is a polity score of -3, yielding a scalar of -3/-5 for cases 
below the cross-over point. Column 4 shows the product of the deviation scores 
and the scalars, while column 5 reports the calibrated membership scores, using the 
procedures previously described (see the discussion surrounding Table 2). 
 
[Table 5 about here.] 
 
 Applying the formula for set-theoretic consistency described above to all 
136 countries, the consistency of the evidence with the argument that the set of 
developed countries constitute a subset of the set of democracies is 0.99. (1.0 
indicates perfect consistency.) Likewise, the consistency of the evidence with the 
argument that the set of “at least moderately developed” countries (as calibrated in 
Table 3) constitutes a subset of the set of democratic countries is 0.95. In short, 
both subset relations are highly consistent, providing ample support for both 
statements (“developed countries are democratic” and “countries that are at least 
moderately developed are democratic”). Likewise, both analyses support the 
argument that development is sufficient but not necessary for democracy. Note, 
however, that the set of “at least moderately developed” countries is a much more 
inclusive set, with higher average membership scores than the set of “developed” 
countries. It thus offers a more demanding test of the underlying argument. The 
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greater the average membership in a causal condition, the more difficult it is to 
satisfy the inequality indicating the subset relation (Xi ≤ Yi).14 Thus, using set-
theoretic methods it is possible to demonstrate that membership in the set of 
countries with a moderate level of development is sufficient for democracy; 
membership in the set of fully developed countries is not required. 
 It is extremely difficult to evaluate set theoretic arguments using 
correlational methods. There are three main sources of this difficulty: 
(1) Set theoretic statements are about kinds of cases; correlations concern 
relationships between variables. The statement that developed countries are 
democratic (i.e., that they constitute a subset of democratic countries) invokes 
cases, not dimensions of cross-national variation. This focus on cases as instances 
of concepts follows directly from the set theoretic nature of social science theory. 
The computation of a correlation, by contrast, is premised on an interest in 
assessing how well dimensions of variation parallel each other across a sample or 
population, not on an interest in a set of cases, per se.  To push the argument even 
further: a data set might not include a single developed country or a single 
democratic country.  Yet, a correlational researcher could still compute a 
correlation between development and democracy, even though this data set would 
be completely inappropriate for such a test. 
(2) Correlational arguments are fully symmetric, while set theoretic arguments are 
almost always asymmetric. The correlation between development and democracy 
(treating both as conventional variables) is weakened by the fact that there are 
many less developed countries that are democratic. However, such cases do not 
challenge the set theoretic claim or weaken its consistency. The theoretical 
argument in question addresses the qualities of developed countries—that they are 
democratic—and does not make specific claims about relative differences between 
less developed and more developed countries in their degree of democracy.  Again, 
set-theoretic analysis is faithful to verbal formulations, which are typically 
asymmetric; correlation is not. 
(3) Correlations are insensitive to the calibrations implemented by researchers. The 
contrast between Tables 2 and 3 is meaningful from a set theoretic point of view. 
                                                 
   14 The two statements differ substantially in their set theoretic “coverage.” 
Coverage is a gauge of empirical importance or weight (see Ragin 2006). It shows 
the proportion of the outcome membership scores (in this example, the set of 
democratic countries) that is “covered” by a causal condition. The coverage of 
“democratic” countries by “developed” countries is 0.35; however, the coverage of 
“democratic” countries by “at least moderately developed” countries is 0.52. These 
results indicate that the latter gives a much better account of degree of membership 
in the set of democratic countries. 
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The set represented in Table 3 is more inclusive and thus provides a more 
demanding set-theoretic test of the connection between development and 
democracy. From a correlational perspective, however, there is little difference 
between the two ways of representing development. Indeed, the Pearson 
correlation between fuzzy membership in the set of developed countries and fuzzy 
membership in the set of “at least moderately developed” countries is .911. Thus, 
from a strictly correlational viewpoint the difference between these two fuzzy sets 
is slight. The insensitivity of correlation to calibration follows directly from the 
fact that correlation is computationally reliant on deviations from an inductively 
derived, sample-specific measure of central tendency—the mean.  For this reason, 
correlation is incapable of analyzing set theoretic relations and, correspondingly, 
cannot be used to assess causal sufficiency or necessity. 
 
Conclusion 
 
 This essay demonstrates both the power of fuzzy sets and the centrality of 
calibration to their fruitful use.  Social scientists have devoted far too much time on 
measures that indicate only the positions of cases in distributions and not nearly 
enough time on developing procedures that ground measures in substantive and 
theoretical knowledge.  It is important to be able to assess not only “more versus 
less” (uncalibrated measurement), but also “a lot versus a little” (calibrated 
measurement). Not only does the use of calibrated measures ground social science 
in substantive knowledge, it also enhances the relevance of the results of social 
research to practical and policy issues.  Fuzzy sets are especially powerful as 
carriers of calibration. They offer measurement tools that transcend the 
quantitative/qualitative divide in the social sciences. 
 Current practices in quantitative social science undercut serious attention to 
calibration. These difficulties stem from reliance on the “indicator approach” to 
measurement, which requires only variation across sample points and treats all 
variation as equally meaningful. The limitations of the indicator approach are 
compounded and reinforced by correlational methods, which are insensitive to 
calibrations implemented by researchers. Reliance on deviations from the mean 
tends to neutralize the impact of any direct calibration implemented by the 
researcher. A further difficulty arises when it is acknowledged that almost all 
social science theory is set theoretic in nature and that correlational methods are 
incapable of assessing set theoretic relations. 
 The set theoretic nature of most social science theory is not generally 
recognized by social scientists today. In tandem with this recognition, social 
scientists must also recognize that the assessment of set theoretic arguments and set 
calibration go hand in hand. Set theoretic analysis without careful calibration of set 
membership is in exercise in futility. It follows that researchers need to be faithful 
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to their theories by clearly identifying the target sets that correspond to the 
concepts central to their theories and by specifying useful external criteria that can 
be used to guide the calibration of set membership. 
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Table 1: Mathematical Translations of Verbal Labels 
 
1. Verbal label 2. Degree of 

membership 
3. Associated 
odds 

4. Log odds of 
full membership 

Full membership   0.993 148.41     5.0 

Threshold of full membership   0.953  20.09     3.0 

Mostly in   0.881   7.39     2.0 

More in than out   0.622   1.65     0.5 

Cross-over point   0.500   1.00     0.0 

More out than in   0.378   0.61    -0.5 

Mostly out   0.119   0.14    -2.0 

Threshold of full nonmembership   0.047   0.05    -3.0 

Full nonmembership   0.007   0.01    -5.0 
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Table 2: Calibrating Degree of Membership in the Set of Developed 
Countries: Direct Method 
 

Country      1. National 
     income 

     2. Deviations 
     from cross-over 

     3. Scalars      4. Product 
     of 2 x 3 

     5. Degree 
     of membership 

Switzerland 40110 35110.00 .0002 7.02 1.00
United States 34400 29400.00 .0002 5.88 1.00
Netherlands 25200 20200.00 .0002 4.04 .98
Finland 24920 19920.00 .0002 3.98 .98
Australia 20060 15060.00 .0002 3.01 .95
Israel 17090 12090.00 .0002 2.42 .92
Spain 15320 10320.00 .0002 2.06 .89
New Zealand 13680 8680.00 .0002 1.74 .85
Cyprus 11720 6720.00 .0002 1.34 .79
Greece 11290 6290.00 .0002 1.26 .78
Portugal 10940 5940.00 .0002 1.19 .77
Korea, Rep 9800 4800.00 .0002 .96 .72
Argentina 7470 2470.00 .0002 .49 .62
Hungary 4670 -330.00 .0012 -.40 .40
Venezuela 4100 -900.00 .0012 -1.08 .25
Estonia 4070 -930.00 .0012 -1.12 .25
Panama 3740 -1260.00 .0012 -1.51 .18
Mauritius 3690 -1310.00 .0012 -1.57 .17
Brazil 3590 -1410.00 .0012 -1.69 .16
Turkey 2980 -2020.00 .0012 -2.42 .08
Bolivia 1000 -4000.00 .0012 -4.80 .01
Cote d'Ivoire 650 -4350.00 .0012 -5.22 .01
Senegal 450 -4550.00 .0012 -5.46 .00
Burundi 110 -4890.00 .0012 -5.87 .00
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Table 3: Calibrating Degree of Membership in the Set of “Moderately” 
Developed Countries: Direct Method 
 

Country      1. National 
     income 

     2. Deviations 
     from cross-over 

     3. Scalars      4. Product 
     of 2 x 3 

     5. Degree 
     of membership 

Switzerland 40110 37610 .0006 22.57 1.00
United States 34400 31900 .0006 19.14 1.00
Netherlands 25200 22700 .0006 13.62 1.00
Finland 24920 22420 .0006 13.45 1.00
Australia 20060 17560 .0006 10.54 1.00
Israel 17090 14590 .0006 8.75 1.00
Spain 15320 12820 .0006 7.69 1.00
New Zealand 13680 11180 .0006 6.71 1.00
Cyprus 11720 9220 .0006 5.53 1.00
Greece 11290 8790 .0006 5.27 .99
Portugal 10940 8440 .0006 5.06 .99
Korea, Rep 9800 7300 .0006 4.38 .99
Argentina 7470 4970 .0006 2.98 .95
Hungary 4670 2170 .0006 1.30 .79
Venezuela 4100 1600 .0006 .96 .72
Estonia 4070 1570 .0006 .94 .72
Panama 3740 1240 .0006 .74 .68
Mauritius 3690 1190 .0006 .71 .67
Brazil 3590 1090 .0006 .65 .66
Turkey 2980 480 .0006 .29 .57
Bolivia 1000 -1500 .0020 -3.00 .05
Cote d'Ivoire 650 -1850 .0020 -3.70 .02
Senegal 450 -2050 .0020 -4.10 .02
Burundi 110 -2390 .0020 -4.78 .01
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Table 4: Calibrating Degree of Membership in the Set of Developed 
Countries: Indirect Method 
 

Country      1. National 
     income 

     2. Qualitative 
     coding 

     3. Predicted 
     Value 

Switzerland 40110 1.00 1.000
United States 34400 1.00 1.000
Netherlands 25200 1.00 1.000
Finland 24920 1.00 1.000
Australia 20060 1.00 .999
Israel 17090 0.80 .991
Spain 15320 0.80 .977
New Zealand 13680 0.80 .991
Cyprus 11720 0.80 .887
Greece 11290 0.80 .868
Portugal 10940 0.80 .852
Korea, Rep 9800 0.60 .793
Argentina 7470 0.60 .653
Hungary 4670 0.40 .495
Venezuela 4100 0.40 .465
Estonia 4070 0.40 .463
Panama 3740 0.20 .445
Mauritius 3690 0.20 .442
Brazil 3590 0.20 .436
Turkey 2980 0.20 .397
Bolivia 1000 0.00 .053
Cote d'Ivoire 650 0.00 .002
Senegal 450 0.00 .000
Burundi 110 0.00 .000

 
*1.00 = fully in the target set; 0.80 = mostly but not fully in the target set; 0.60 = 
more in than out of the target set; 0.40 = more out than in the target set; 0.20 = 
mostly but not fully out of the target set; 0.0 = fully out of the target set. 
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Table 5: Calibrating Degree of Membership in the Set of Democratic 
Countries: Direct Method 
 

Country      1. Polity 
     score 

     2. Deviations 
     from cross-over 

     3. Scalars      4. Product 
     of 2 x 3 

     5. Degree of 
     Membership 

Norway 10 8.00 0.43 3.43 0.97
United States 10 8.00 0.43 3.43 0.97
France 9 7.00 0.43 3.00 0.95
Korea, Rep 8 6.00 0.43 2.57 0.93
Colombia 7 5.00 0.43 2.14 0.89
Croatia 7 5.00 0.43 2.14 0.89
Bangladesh 6 4.00 0.43 1.71 0.85
Ecuador 6 4.00 0.43 1.71 0.85
Albania 5 3.00 0.43 1.29 0.78
Armenia 5 3.00 0.43 1.29 0.78
Nigeria 4 2.00 0.43 0.86 0.70
Malaysia 3 1.00 0.43 0.43 0.61
Cambodia 2 0.00 0.60 0.00 0.50
Tanzania 2 0.00 0.60 0.00 0.50
Zambia 1 -1.00 0.60 -0.60 0.35
Liberia 0 -2.00 0.60 -1.20 0.23
Tajikistan -1 -3.00 0.60 -1.80 0.14
Jordan -2 -4.00 0.60 -2.40 0.08
Algeria -3 -5.00 0.60 -3.00 0.05
Rwanda -4 -6.00 0.60 -3.60 0.03
Gambia -5 -7.00 0.60 -4.20 0.01
Egypt -6 -8.00 0.60 -4.80 0.01
Azerbaijan -7 -9.00 0.60 -5.40 0.00
Bhutan -8 -10.00 0.60 -6.00 0.00
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Figure 1: Plot of Degree of Membership in the Set of Developed Countries 
Against National Income Per Capita: Direct Method 
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