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Qualitative data analysis is a structured observational and clustering
methodology which facilitates hypothesis development and variable
generation for quantitative research, fruitfully employed in agriculture,
anthropology, astronomy, biology, forensic investigation, education,
history, marketing, medicine, political science, psychology, sociology,
and zoology, to name a handful of diciplines.1-6 The method known as
qualitative comparative analysis (QCA) is adept in producing evidence
in complex policy problems involving interdependencies among
multiple causes.7 Recent research used QCA to study factors underlying high rates of teenage conceptions in high-risk areas in England.
Nine binary attributes reflecting five different “variable constellations”
were identified. Variable constellations are putatively associated with
areas with teenage conception rates which are narrowing versus not
narrowing (the outcome or class variable) with respect to the national
average. This article discusses use of UniODA and CTA to ascertain
which attributes are statistically reliable predictors of outcome.

UniODA is used to investigate the relationship
between each attribute considered individually
and the outcome.8,9 Table 1 presents the data for
nine binary attributes available for 11 areas with
narrowing conception rates, and 16 areas with
not-narrowing conception rates.7 Also shown
are the exact Type I error rate, ESS and ESP for
the UniODA model.10
Higher minority ethnic population was
statistically significant (p<0.05) considered at
the experimentwise criterion (nine tests of statistical hypotheses were conducted): the model
had strong accuracy and very strong predictive
value.8-10

A higher proportion of teens younger
than 18 years, and fair, poor, or mixed leadership were statistically significant (p<0.05) at the
generalized “per-comparison” criterion: the
models had moderate accuracy and predictive
value. And, availability of major programmes
was statistically marginal (generalized p<0.10),
with moderate accuracy and predictive value.
For all remaining variables the UniODA
model was not statistically significant (generalized p>0.10), and all of the accuracy and predictive value indices were weak.
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Table 1: QCA-Based Conception Rate Data
Attribute
Higher minority ethnic population
Lower drug treatment
Higher under 18s
Basic commissioning of services
Fair, poor or mixed leadership
Intervention focuses on community settings
Major programmes
Lower deprivation
Higher educational achievement

Narrowing Not Narrowing Exact p< ESS ESP
72.7%
72.7%
63.6%
72.7%
81.8%
54.5%
54.5%
36.4%
36.4%

0%
50%
18.8%
50%
37.5%
37.5%
18.8%
56.3%
56.3%

0.000074
0.43
0.041
0.43
0.048
0.46
0.097
0.45
0.45

72.7
22.7
44.9
22.7
44.3
17.1
35.8
19.9
19.9

84.2
22.7
46.5
22.7
43.3
16.7
38.9
19.2
19.2

data were reported as a scaler (a ratio indicating
change over time), so ipsative standardization—
needed to avoid confounded spurious results
attributable to Simpson’s Paradox—is not possible with these data: this may be remedied by
measuring data using more sensitive fixed time
intervals.13-16 In addition, the methodology used
to dichotomize the attributes1 likely induced
paradoxical confounding.17 Finally, the more
complex the data, the greater the relative performance of CTA versus suboptimal methods.

Hierarchically optimal classification tree
analysis (CTA) identifies the (non)linear model
which consists of a set of UniODA models that
together achieve the maximum possible overall
accuracy using one or more attributes to predict
the class variable: statistical and ecological significance; jackknife, hold-out, and generalizability validity; and theoretical clarity and parsimony serve as criteria and objectives in the
modelling process.11,12 Applied to the data in
Table 1, CTA returned the two-attribute model
illustrated in Figure 1. The model yields very
strong accuracy (ESS=81.2) and very strong
predictive value (ESP=78.6). As seen, the only
endpoint in the model for which accuracy can be
improved (the others are errorless) is the nonhigher minority ethnic areas having more teens
under 18 years of age. Future research in this
area should thus concentrate on increasing the
sample size for this less-than-perfect model
endpoint, and conduct secondary QCA using
only this new sample in an effort to identify the
variable which perfects the CTA model.
The objective of this note was to show
how UniODA and CTA may be used to test statistical hypotheses, evaluating individual variables and “sorting-out” multiple variables which
were developed via qualitative data analysis
including QCA. The specific application used
presently involved a time-ordered series, but

Figure 1: CTA Model for QCA Example
Higher
Minority
Ethnic
No

Yes
p<0.001
100%
Narrowing

Higher
Under 18s
No

N=8
Yes

p<0.021
0%
Narrowing
N=13
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