In a similar vein, collapsing all items from the FMI and the MAAS into one set of items did not
improve the accuracy of class membership prediction. This fact warrants further elaboration as
the scales are conceptually different. Whereas the FMI was designed to measure “mindfulness”
on the basis of both an attention and an emotion facet, the MAAS taps into “mindlessness,”
thereby solely building upon a lack of attention as a unidimensional construct. However, further
research is warranted to determine whether this result can be seen as supporting the notion that
the acceptance/emotion facet is functionally redundant.

Our results also indicate that one particular aspect of the predictive accuracy of mindfulness
instruments, namely sensitivity, may be particularly vulnerable to a lower sample quality. As
sensitivity figures in the low-quality sample were barely above the base rates for both the MAAS
and the FMI, it can be concluded that for both scales, the algorithm had trouble correctly
identifying mindfulness practitioners. We must remember that the prediction scores from the RF
analysis are based on OOB data (i.e., they are from a cross-validation part of the sample and not
from the part of the sample that was used to build the model). However, as the algorithm
achieved high specificity in Sample 1 and high overall accuracy in Sample 2, we suggest for the
time being that this may be a specific problem that is associated with sensitivity rates.

Focusing on a lower level of measurement units, our results are also somewhat discouraging:
Only about half of the items of both scales were able to add to the predictive accuracy in the
high-quality sample, whereas in the low-quality sample, only one or two items contributed to
subgroup differentiation. This finding is disappointing as it suggests that many of the items that
we investigated are in need of revision. For example, FMI Item 13, an item found to be plagued
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by psychometric problems in previous analyses (Sauer, Walach, Offenbächer, Lynch, & Kohls,
2011b; Sauer, Ziegler, et al., 2013), did not contribute to predictive accuracy. Nevertheless, as
several other items that were not identified as problematic by previous analyses showed similar
results, no strong conclusions can be drawn. With regard to the MAAS, there were also problems
with several mindfulness items. This interpretation is corroborated by Van Dam, Earleywine, and
Borders’ (2010) findings, which suggested that only five of the 15 items were informative.
Interestingly, four of these five items were also identified by our analysis.

In sum, whereas our study seems to have revealed several shortcomings of two established
mindfulness instruments—one of which we had the pleasure to contribute to substantially—a
word of caution is needed. First, we used a novel approach, with which there is naturally a lack
of experience and comparability. Second, our dependent variable—mindfulness practice or lack
thereof—is ipso facto not the only aspect that mindfulness instruments should be able to
differentiate. Although we decided to employ this binary selection criterion for pragmatic
reasons, it may well be the case that, for other dependent variables (e.g., psychological health,
well-being), the predictive accuracy may be different. Nevertheless, even when applying a
seemingly straightforward binary criterion, problems naturally associated with the selfattribution of inner states can arise: Although response shift and other form of biases may
actually impair sensitivity indices, it may also be argued that not all mindfulness practitioners
have higher (self-reported) mindfulness levels than nonpractitioners. We opine that it would
therefore appear naïve to assume clear-cut, homogeneous results—even when a powerful
procedure such as random forests is applied. Nonetheless, it may well be the case that response
shift and other forms of biases relevant for assessing self-attributed mindfulness levels may
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occur as a consequence of a regular mindfulness practice. Our data may suggest that some
mindfulness practitioners may actually tend to report lower self-attributed mindfulness scores,
probably as a consequence of their sensitivity to states of mindlessness. We believe that there are
presently only two remedies to that problem: (a) Researchers should strive to implement wellcontrolled experimental settings, and (b) researchers should endeavor to employ supplementary
measurement approaches in addition to the quantitative measurement paradigm such as bistable
images (Sauer et al., 2012).

In summary, the results shed new light on the quality of the instruments. It appears that many of
the MAAS and FMI items are unable to reliably predict class membership. A substantial need for
revision may be deduced. However, both instruments showed good predictive accuracy overall—
the probability of correctly classifying an individual as a nonpractitioner was twice as high as
chance would suggest.
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