Article
Field Methods
2018, Vol. 30(3) 241-257
ª The Author(s) 2018
Reprints and permission:
sagepub.com/journalsPermissions.nav
DOI: 10.1177/1525822X18781756
journals.sagepub.com/home/fmx

A Formal Method
for Detecting and
Describing Cultural
Complexity: Extending
Classical Consensus Analysis
Michael G. Lacy1, Jeffrey G. Snodgrass2,
Mary C. Meyer3, H. J. Francois Dengah II4,
and Noah Benedict2

Abstract
The most widely used formal approach to culture, the cultural consensus
theory (CCT) of Romney, Weller, and Batchelder, originally relied on a
priori definitions of cultural groups to map their unity and diversity. Retaining key features of classical CCT, we provide techniques to identify two or
more cultural subgroups in a sample, whether those groups are known in
advance or not. Our method helps CCT practitioners connect to contemporary approaches to culture in anthropology and related disciplines, which
emphasize complexity. We suggest that our method provides reasonable
and easily implementable approximations of cultural unity and diversity
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within a sample. In pursuing these matters, we contribute to other ongoing
efforts to bring CCT closer to contemporary theorizing on cultural multiplicity, thus rendering CCT potentially more useful to a wider range of
practicing social scientists.

Cultural consensus theory (CCT; Romney et al. 1986) is well known and
widely used to estimate and describe cultural unity and diversity within a
group (Hruschka et al. 2008), having accumulated over 1,500 citations to
date in anthropology and other disciplines since its formulation in 1986
(Google Scholar, retrieved August 28, 2017). While retaining the essential
features of the original methods of CCT, we extend this classic formal
approach by providing researchers with a technique and metric to address
a long-standing question faced in CCT, namely, whether known groups
within the informant population (e.g., women vs. men) differ substantially
in their consensus about a domain of understanding, even having their own
answer key (what are understood to be the most salient, meaningful, and
culturally correct ideas about a domain of knowledge). This provides the
foundation for the second part of our analysis that employs a genetic algorithm (Whitley 1994) to allow researchers to systematically detect multiple
cultural groups/perspectives within a sample of informants without these
cultural groups being known in advance, with multiple CCT answer keys
provided. In pursuing these matters, we contribute to other efforts that
systematically use CCT-based approaches to identify and analyze multiple
cultures (e.g., Anders and Batchelder 2012; Borgatti 2002; Garro 1986).
And we aim to bring the CCT tradition closer to contemporary theorizing in
anthropology and other related disciplines, where cultural complexity and
multiplicity are emphasized, thus rendering CCT potentially more interesting and useful to a wider range of practicing social scientists (Abu-Lughod
1991; Clifford 1994; Hannerz 1992; Marcus 1995).
Acknowledging cultural difference among informants does not contradict the fundamentals of CCT and has been done since its inception, with
various scholars within this tradition having analyzed patterns of cultural
sharing and divergence within groups (Boster 1986; Garro 1986; Weller
1983; Weller and Baer 2001, 2002). Classic CCT presumes that informants
vary in their individual cultural competence—that is, in their knowledge of
a culturally framed domain of understanding—so even conventional CCT
analyses reveal cultural variability within the sample and thus some divergence from cultural sharing (Dressler et al. 2015). CCT scholars have also
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developed sophisticated residual analysis procedures to estimate the amount
of cultural variation across a priori defined subgroups not explained by, and
thus residual to, consensus estimates (Dressler et al. 2015; Handwerker
2001; Ross 2004; Ross et al. 2007). Nevertheless, residual analysis extensions of CCT tend to treat cultural differences as deviation from a single
culturally correct set of responses to items within a cognitive domain, thus
retaining a more homogeneous view of culture than its practitioners might
desire or the data may warrant (Lacy and Snodgrass 2016).
Of note, two of the originators of the CCT did suggest shortly after
publishing their original article the possibility of identifying multiple cultural truths—that is, answer keys—though they didn’t initially formally
develop the properties of such a model (Batchelder and Romney 1989).
In fact, other work in the CCT tradition has acknowledged that subgroups
may draw on distinct cultural knowledge source models to frame their
responses to cultural consensus items (Boster and Johnson 1989; Caulkins
and Hyatt 1999; Chavez et al. 2001; Chavez et al. 1995; Garro 2000;
Handwerker 2001). Typically, such approaches compare multiple answer
keys derived from aggregate and a priori groupings of informants to ascertain areas of inter/intragroup agreement and variation (Keller and Loewenstein 2011; Schrauf and Iris 2011). For example, the quadratic assignment
procedure provides a way of testing for hypothesized differences between
known subgroups, with subsequent CCT analyses run on identified subgroups providing their distinctive answer keys (e.g., see Borgatti 2002;
Garro 1986). However, in a recent and distinct advance in the CCT tradition, Batchelder and his colleagues have developed a formal mathematical
generalization of CCT, accompanied by theorems, proofs, and fit diagnostics, that permits an analyst to discover the presence of multiple previously
unknown groups within the sample (Anders and Batchelder 2012; Oravecz,
Faust, et al. 2014; Oravecz, Vandekerckhove, et al. 2014). While some of
this work deals with binary choice data (e.g., T/F, yes/no, and option 1 &
option 2), these researchers have also developed CCT techniques for other
response categories such as ordinal and continuous data (Anders and Batchelder 2015; Anders et al. 2014; Batchelder and Anders 2012). In addition to
providing an approach to detecting unknown cultural groups within a sample, their mathematical methods address other limitations of the original
CCT model (e.g., allowing for different guessing models and varying difficulty of individual items, with various publications accompanied by available software packages; Anders 2017; France et al. n.d.; Oravecz 2017;
Purzycki and Jamieson-Lane 2017).
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The work presented here offers an alternative approach to identifying
multiple cultural subgroups within a sample, which is based in part on a
genetic searching algorithm (Whitley 1994) and also on a new measure of
model fit. Like other recent approaches, our method explicitly recognizes
that independent sources of cultural variation may underlie the responses of
a sample of informants, and thus that multiple answer keys may better
account for the observed responses within a sample about a given domain
of understanding. We first offer a way to compare multiple CCT keys
within known groups or categories such as gender, age, or ethnicity. Then,
we extend that to detecting unknown groups, so that sub- or countercultural
groupings need not be identified a priori or by existing demographic
categories.
We begin by addressing the simpler problem of comparing two known
groups within a sample—such as women and men, the young and the old—
to determine whether they might be better categorized as belonging to
separate cultures with separate keys. This initial piece is in the spirit of
both classic and contemporary CCT work that offers a systematic way to
explore how group membership is related to informants’ differing belief or
knowledge systems (Borgatti 2002; Boster 1985; Garro 1986; Gatewood
and Cameron 2009; Weller 1984). We illustrate that with data drawn from
our recent fieldwork among the Sahariya of central India (Snodgrass 2015;
Snodgrass et al. 2016; Snodgrass, Lacy, et al. 2017; Snodgrass, Most, et al.
2017; Zahran et al. 2015). The second part of our presentation describes a
procedure based on a genetic searching algorithm (Whitley 1994) to find a
division of the sample into two different but unknown culture groups that
show maximum internal consensus. We again illustrate that technique with
a Sahariya example.
This empirical work is followed by a more general discussion of our
technique in relation to the CCT field more generally. As we show throughout, our approach unites with a single measure of model fit—the total
competence score (TCS), the sum of informant competence scores as estimated from a conventional cultural consensus model—techniques for identifying both known and unknown cultural groups within a sample. And we
position this method and metric collaboratively alongside a family of new
multiple culture CCT approaches for understanding cultural complexity,
hoping that this body of work as a whole will push consensus analysis
practice in newly productive directions, thus aligning CCT more firmly
with contemporary theorizing on culture. Unlike other new multiple CCT
methods (Anders and Batchelder 2012), we have not attempted to solve
problems associated with the relatively simple response model of the
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original CCT model (e.g., equiprobable guessing and equal item difficulties) but have focused only on the problem of analyzing and identifying
multiple cultures. For economy of reference, we name the family of multiple culture techniques, including our approach and those of Batchelder and
his collaborators and others as cultural consensus, multiple keys (CCMK,
pronounced “see-mac”), retaining CCT to designate the traditional one
group/one key model. (Interested readers can consult Online Appendix 1
for a discussion on the method and theory behind classical CCT, which
provides context for our extension of this model and approach to culture).

TCS and a Comparison of Two Known Groups
For comparing how well a one- versus a two-culture group model accounts
for a set of data, some kind of measure of fit is necessary. Cultural consensus practitioners have traditionally relied on informal (and sometimes ad
hoc) rules such as comparing the ratio of the first to the second eigenvalue,
examining the average competence scores, and ensuring no negative competence scores exist within a group (Dressler et al. 2015). For the current
purpose, we propose a simpler and intuitive measure, the TCS to describe
the fit of a one-group CCT model to a set of data. Besides being simple, this
measure conveniently extends to summarizing the fit of a two or more
group/key model of the data, something not readily done with the eigenvalue ratio. This allows a direct statistical comparison of a one-group model
versus two-group model. Using TCS to measure fit has the further advantage of being independent of the particular method by which competence
scores are derived, which is relevant given the rise of a range of other
estimation methods currently available (Anders and Batchelder 2012;
Aßfalg and Erdfelder 2012; Karabatsos and Batchelder 2003; Oravecz,
Vandekerckhove, et al. 2014). TCS is the sum of informant competence
scores as estimated from a conventional one-group/key cultural consensus
model, formally represented as:
TCS1key ¼

N
X

Di ;

i¼1

where Di is the competence score for the ith of the N individuals in the
sample, and the subscript “1key” indicates that this obtains assuming a
single key. The rationale is that to the extent a single-key cultural consensus
model fits informants’ responses well, they would all have high(er)
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competence scores. TCS1key always lies between 0 and N, since 0  Di 
1.0 for each of the N individuals.
As a first step toward methods for comparing latent (unknown) cultural
groups within the sample, consider first using TCS to examine how much two
known groups (say women and men) differ regarding consensus in some
domain. After obtaining the baseline TCS1key for the sample as a whole, one
conducts conventional CCT consensus analyses separately on each known
subgroup. This gives two (potentially) different answer keys and sets of
competence scores, and a TCS value for each group, say TCS1 for the sum
of the first group’s competence scores on their own key and TCS2 for the
second group. We measure the fit of this two-group model to the data by
summing the TCS values, TCS2key ¼ TCS1 þ TCS2. To the extent that
members of each group better fit their own group’s key, rather than a procrustean one group key, the individual competence scores will be higher
under the two-group model, and TCS2key will substantially exceed TCS1key.
We measure the superiority of a two-group to a one-group model as:
TCSdiff ¼ TCS2key  TCS1key :
Presuming the two groups do have different keys, with TCSdiff > 0 in the
sample, a formal hypothesis test for this comparison is of interest. The
substantive null hypothesis is that all informants share a common key, with
TCSdiff ¼ 0, versus the alternative that underlying each informant group’s
responses is a distinct key, so that TCSdiff > 0. Even if this null hypothesis
were true, an observed sample value of TCSdiff might nevertheless exceed 0
due to the randomness introduced by informants guessing when they do not
know the culturally correct answer to an item, per traditional CCT assumptions (Romney et al. 1986). A formal hypothesis test of whether TCSdiff
exceeds its null value beyond chance is possible by computer simulation,
using a parametric bootstrap method (Manly 2006. The interested reader
can find details of this procedure in Appendices 2 and 3, which respectively
describe the parametric bootstrap test for comparing two known groups and
the procedure for obtaining competence scores and answer key estimates
from individuals’ responses). What would matter to the practicing user here,
though, is that this technique yields a p value to test the null hypothesis that
both groups’ answers arise from a common single key.

Example: Use of a Bootstrap Test to Compare Two Known Groups
We illustrate this known groups test by applying it to data we collected in
2011 in Sahariya villages in the Indian state of Madhya Pradesh (Snodgrass
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2015; Snodgrass, Most, et al. 2017). Sahariyas are classified in India as
Adivasis—literally, first inhabitants and thus natives or indigenous persons
who continue to live near forestlands, subsisting on agriculture, herding,
wage labor, and government assistance along with some foraging of
wild foods and other forest products. Part of the sample (N ¼ 80) lived
in Behruda, which remains in its traditional location, adjacent to a
relatively rich forest. The other part of the sample resided in Maziran
(N ¼ 77), which the Madhya Pradesh Forest Department relocated in
1998 to a different (and materially inferior) area to protect wildlife and
plants in the original location from human influence. After extensive
fieldwork, Snodgrass and his field collaborators developed and administered a Hindi questionnaire to village residents. It solicited responses
about various aspects of social and material well-being of the villagers
including perceptions of village quality. This set of survey items asked
informants to rate their perceptions of the quality (bad, ok, and good) of
various aspects of the facilities and conditions of local life (see Table 1
for details, paying attention to results columns total sample, Behruda
village, and Maziran village).
A conventional CCT, treating the responses as nominal (multiple
choice) data, was conducted on the total sample (N ¼ 157 completed
interviews). (We treated the data as multiple choice to use the formal
and more mathematically rigorous cultural consensus model, which can
only handle T/F or multiple choice data [Weller 2007].) This analysis
indicated low consensus for a one-group model, with a total sample
TCS1key-TS of 57.5, corresponding to a mean competence score of only
0.37. The two-group solution gave TCS1key values of 46.6 and 37.0 for
separate analyses of each village (abbreviated in the table as TCS1key-B
and TCS1key-M), summing to a TCS2key-BM of 83.6 (mean competence
0.53). By this criterion, a two-group model fit about 45% better than a
one-group model, with TCSdiff-BM ¼ 26.1. We formally tested this
observed value against the null value of TCSdiff ¼ 0 using a bootstrap
procedure described in Online Appendix 2. The results clearly contradict the null hypothesis, supporting a two-group solution, as the
observed TCSdiff-BM ¼ 26.1 exceeded any of the values obtained from
1,000 random simulations performed assuming the one-group null
hypothesis as true. This example shows the use in practice of the
TCS-based measures to summarize fit and compare a two-answer key
model with cultural groups known in advance, which is a first contribution of the current work.
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Table 1. Consensus Results for Combined and Separate CCT Analyses of Sahariya
Regarding “Quality” of Village Conditions.
Answer Keys and Summary Statistics for:

Conditions/Facilities

Total
Sample
(N ¼ 157)

Behruda
Village
(N ¼ 80)

Group 1, Group 2,
Genetic
Genetic
Maziran
Village Algorithm Algorithm
(N ¼ 77) (N ¼ 87) (N ¼ 70)

Q1. Soil
3a
3
1
3b
1
3
1
Q2. Jungle/forest
3
3
1
Q3. Irrigation
1
1
1
1
1
Q4. Human drinking
1
1
1
1
1
water
Q5. Animals’ drinking
1
1
1
1
1
water
3
1
Q6. Animals’ fodder
3
3
1
Q7. Electricity
1
1
2
1
2
Q8. Hospital
1
1
3
1
3
Q9. Road
1
1
3
1
3
3
1
Q10. Fuelwood
3
3
1
Q11. Village security
3
3
3
3
3
Q12. Village council
2
2
2
2
2
(panchayat)
Q13. Forest
1
1
1
1
1
department
Q14. NGO
1
1
1
1
1
Summary Statistics on TCS1key-TS TCS1key-B TCS1key-M TCS1key-1 TCS1key-2
¼ 57.5
¼ 46.6
¼ 37.0
¼ 47.43
¼ 36.65
Competence
Scores
TCS2key-GA ¼ 84.1
TCS2key-BM ¼ 83.6
TCSdiff-BM ¼ 26.1
TCSdiff-max ¼ 26.6
Note: NGO ¼ nongovernmental organization.
a
1 ¼ bad, 2 ¼ ok, 3 ¼ good.
b
Underlined items in group 1 and 2 key columns indicate differences between latent group 1’s
and group 2’s answer keys.

Using a Genetic Algorithm with TCS to Identify
Unknown Cultural Subgroups in a Sample
Accepting this test for known groups as valid, we move to our more ambitious goal, to formally examine and test whether a sample contains unknown
subgroups, such that separate CCT models for each latent group would fit
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the data substantially better than a single-key model for the entire sample.
As before, for simplicity of presentation, we restrict our description to two
rather than three or more groups.
The first part of this procedure entails a method to discover what division
of the sample of N informants into two groups would give the best fit (i.e.,
display maximum consensus within each of the two groups). This is a
difficult computational task, since examining each possible division to find
the best one is impractical for all but small samples, at least with current
computing technology. Our procedure addresses this difficulty by using a
genetic algorithm, an accepted approach to computational problems like
this in which a complete enumeration is challenging and potentially impossible (Whitley 1994). Briefly, a genetic algorithm presents a method for
solving optimization problems based on a natural selection paradigm. The
technique mimics biological processes by iteratively selecting the best offspring in iterative generations of a population that has been allowed to
randomly change or mutate in some prescribed way. In this way, the overall
optimization or fitness increases over subsequent generations of iterations
of the procedure.
Relying on a genetic algorithm, we developed computer code (described
in Online Appendix 4) to discover what division of a sample into two
groups would give the largest possible value for TCSdiff. We term this
largest possible value of TCSdiff as “TCSdiff-max,” and it measures the extent
to which a sample shows evidence of containing latent cultural subgroups.
TCSdiff-max will, in general, greatly exceed the TCSdiff in the known-group
case described previously, as a huge number of possible arrangements are
considered in finding it. To judge whether a given sample’s TCSdiff-max
value is large enough to support concluding that two different keys/groups
underlie the responses in the sample, one must consider whether TCSdiff-max
might arise from the random features of the response process inherent in
CCT and the vast search opportunities within a sample. This points to the
second part of our procedure that allows for detecting unknown subgroups, a
formal test for the null hypothesis that the observed responses derive from a
single key, as opposed to the alternative that they originate from two latent
groups of informants answering from their own different answer keys. This
test uses an approach resembling the known-groups hypothesis test in combination with the genetic algorithm technique to find the TCSdiff-max, again
using a bootstrap approach to hypothesis testing (see Online Appendix 5).
Here, the practical analyst need only to attend to this procedure’s result,
which is a p value for a test of the hypothesis that the responses of individuals in the sample derive from two latent groups with different keys, versus
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the null assumption that their responses come from a single common key
with any difference in the two groups’ responses arising only from the
random component of the CCT model. (The interested reader may consult
Online Appendix 6 for a detailed numerical example of finding multiple
latent groups within a simulated data set.)

CCMK Applied to Actual Data: Sahariya Village Quality
We now apply the CCMK method to our Sahariya data to detect two
unknown subgroups. The genetic algorithm procedure identified two latent
groups with TCS1key values of 47.4 and 36.6, giving a summed TCS2key-GA
of 84.1 and a TCSdiff-max of 26.6 versus the total sample. Group 1’s key
found through the genetic algorithm was the same as for the total sample,
but group 2 differed on the answer key for seven items: soil, jungle/forest,
fodder, electricity, hospital, road, and fuelwood (different answers are
underlined in Table 1). This sample difference in fit of the two-key versus
the one-key model strongly suggests that two latent cultural groups exist
within the sample, which was confirmed by a p value of .001 from our
simulation test comparing the two models. (The first/second eigenvalue
ratios for each group under the two-key model were much higher, 5.99 and
4.78, vs. 1.30 for the one-key model.)
A reasonable question is whether the derived groups 1 and 2 correspond
to some sociocultural reality. In this case, the derived (latent) group assignment closely aligned with the external facts of actual village membership in
Behruda or Maziran, with Table 1 showing that latent group 1 had the same
key as Behruda, and group 2 the same as Maziran. Likewise, 79 of the 87
persons in the CCMK-derived group 1 resided in Behruda, and 69 of the 70
in group 2 came from Maziran, again showing our technique’s ability to
accurately replicate an external real fact. (As noted, there are 157 villagers
total, 80 in Behruda and 77 in Maziran. This means that 79 of the Behruda’s
80 villagers are placed in the latent group 1, while 8 of Maziran’s 77
individuals are found there. Sixty-nine of the Maziran’s 77 villagers are
in the latent group 2, accompanied by only one Behrudan.) As Table 1 also
shows, the key for group 1 (and thus also for Behruda) generally favored
natural resources (soil, jungle, fodder, and fuelwood) as better than group 2
(which matches Maziran), while the reverse is true regarding modern
resources (electricity, hospital, and roads). These patterns are also consistent with the realities of the villages’ situation at the time of the study, with
the more traditional Behrudans displaying greater connection to forests and
their resources; the relocated villagers of Maziran having more access to
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modern amenities. So, while the CCMK method identified groups purely on
the basis of response patterns, without external reference to what we knew
ethnographically, the statistical results here correspond closely with local
cognitive, social, and environmental realities.

Discussion
Conventional CCT allows researchers to identify patterns of cultural
sharing and thus consensus, as its name implies; however, it also documents cultural diversity by giving each individual a competence score.
Nevertheless, even when cultural complexity is a focus of CCT research,
recent studies have tended to focus on how group members diverge from a
single set of culturally correct answers to questions about a domain of
knowledge, which, for example, can be precisely estimated via methods
of residual analysis (Dressler et al. 2015). Although important, such
techniques have more limited ability to reveal other forms of cultural
diversity, such as how members of a subgroup might uniquely frame a
domain of knowledge, rather than simply being more or less concordant
with a dominant cultural frame.
By contrast, our method aligns itself with a growing family of other
CCMK techniques that explicitly recognize that alternative and distinguishable cultural perspectives may exist across previously identified subgroups
(Boster 1985; Garro 2000; Handwerker 2001; Hruschka et al. 2008), with
some providing explicit formal methods, accompanied by theorems, proofs,
fit diagnostics, and so on, to identify and compare how multiple even latent
groups of informants not known ahead of time might inform the responses
observed in a sample (Anders and Batchelder 2012, 2015). As our examples
reveal, our data-driven CCMK approach allows for the comparison of two
known groups in an effort to decide whether they’re sufficiently different to
be categorized as distinctive cultures. When such information is available,
the known-groups test we described provides a formal way to compare these
groups and should be widely useful. However, our technique does not
require external or a priori information about which informants might represent another culture or follow a different model. Rather, our method
further allows one to discover potentially hidden and thus unknown groups
within the data itself.
Although a member of a growing family of CCT and CCMK techniques
for identifying multiple cultures, our method’s TCS metric offers a simple
way to measure model fit and does so in a way that unites techniques for
identifying both known and previously unknown subgroups in a sample. Of
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note, our CCMK technique as described in this article uses a statistical
approach closely resembling that described in the original CCT article,
retaining standard CCT assumptions about respondents’ competence, guessing, and question–answer behavior (Romney et al. 1986). However, others
have shown that classical CCT assumptions oversimplify response processes (Anders and Batchelder 2012). The extent to which our methods and
those would give similar results would be a useful task for future work.
Although developing methods to estimate a cultural consensus model
that relaxes those assumptions was not the focus of our work here, we see in
principal no reason why our CCMK approach could not be applied using
any method of estimating the competencies and key for a cultural consensus
model. That is, our TCS fit measure does not depend on the analyst using a
particular method to derive competence scores, so our CCMK method could
be used in combination with any recent technique for estimating competence scores of a cultural consensus model, including recent novel techniques that accommodate varying item difficulty or the presence of
response bias (Anders and Batchelder 2012). To clarify, we have used
maximum likelihood estimation to obtain competence estimates, but the
method could just as well be used with the original factor analysis estimation procedure, with Markov chain estimation, within a Bayesian framework, and so on, which others have usefully developed (Anders and
Batchelder 2012, 2015; Anders et al. 2014; Aßfalg and Erdfelder 2012;
Karabatsos and Batchelder 2003; Oravecz, Vandekerckhove, et al. 2014).
Similarly, we would not presume that the TCS measure is not the only
possible fit measure that could be used within the broader framework we
use here. While TCS has the advantage of being easily comparable between
one-key and multiple key models, other measures might be made usable as
well. Finally, while we have for simplicity of presentation restricted discussion of our CCMK technique to two groups, our approach, whether in
the known group or unknown group form, applies in principle to any number of groups.
Finally, our approach could be combined or used in parallel to other CCT
and CCMK techniques commonly used in cultural consensus analyses. We
would still recommend that a classical one-key CCT analysis remains as a
first straightforward and well-established description of cultural unity and
diversity (Romney et al. 1986). Then, if the analyst had reason (ethnographic or theoretical) to think the sample at hand could be described as
a single-culture group with particular deviating individuals, then residual
analysis would be a fitting follow-up (Dengah 2013; Dressler et al. 2015;
Handwerker 2001; Ross 2004; Ross et al. 2007). Or, if the researcher

Lacy et al.

253

believed that a multiple culture description would have theoretical advantages, then we would view our method or the recent CCMK work of Batchelder and colleagues as alternative approaches to pursue.

Conclusion
In a well-known CCT analysis, Ross et al. (2007:511) compellingly argue
for moving beyond culture as shared norms, ideas, and values: “Rather than
treating agreement as a cultural norm and disagreement as noise, we propose a focus on both disagreement and agreement, for exploring both the
origins and consequences of intragroup as well as intergroup differences.”
Similar ideas are found in other work in the CCT paradigm, as in Dressler
and his collaborators’ use of residual analysis methods to carefully document cultural variability (Dressler et al. 2015). They are also found in an
expanding body of techniques for identifying even more drastically differing subgroups in a sample—for example, who don’t share the same answer
keys and thus knowledge about a domain of understanding—whether those
groups are identified ahead of time or rather revealed to be latent in the
response data (Anders and Batchelder 2012; Boster 1985; Garro 2000;
Handwerker 2001; Hruschka et al. 2008). If we take seriously those ideas
and other work emphasizing the diverse and competing models resident
within many contemporary cultures, the ability to estimate multiple keys
and competences offered by our CCMK and other multiple culture consensus analysis approaches should be very desirable. Among other things, they
bring CCT practice and theory closer to contemporary theories of culture,
which emphasize diversity, complexity, and cultural opposition and disagreement within social groups (Abu-Lughod 1991; Clifford 1994; Hannerz
1992; Marcus 1995).
To conclude, our technique offers an alternative method for a multiple
consensus group analysis, using the simple TCS metric to identify both
known and unknown cultural groups within a sample. At this point, we
propose our method as one alongside other CCT and CCMK approaches
in the hope that together they will push cultural consensus practice in a
direction where considerations of cultural multiplicity, complexity, conflict, and even “dissensus” are considered more the norm than the exception. That is, we position our work collaboratively as part of an increasingly
well-established CCMK extension of CCT, which we hope will become
increasingly commonplace. To that end, the CCMK method described here
has been implemented in an R (version 3.4.1) statistical package and is
freely available to users (Meyer et al. 2013). We also direct readers to the
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packages of other researchers cited in our article. We plan to further test our
technique by comparing it to similar ones in future work, and we hope
that others will join us in the important endeavor of helping get CCMK
techniques more into the mainstream of formal cultural anthropological
practice.
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