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Abstract
Humans can exploit recognition memory as a simple cue for judgment. The utility of recognition
depends on the interplay with the environment, particularly on its predictive power (validity) in a
domain. It is therefore an important question whether people are sensitive to differences in
recognition validity between domains. Strategic, intra-individual changes in the reliance on
recognition have not been investigated so far. The present study fills this gap by scrutinizing
within-person changes in using a frugal strategy, the recognition heuristic (RH), across two task
domains that differed in recognition validity. The results showed adaptive changes in the reliance
on recognition between domains. However, these changes were neither associated with the
individual recognition validities nor with corresponding changes in these validities. These
findings support a domain-adaptivity explanation, suggesting that people have broader intuitions
about the usefulness of recognition across different domains that are nonetheless sufficiently
robust for adaptive decision making. The analysis of metacognitive confidence reports mirrored
and extended these results. Like RH use, confidence ratings covaried with task domain, but not
with individual recognition validities. The changes in confidence suggest that people may have
metacognitive access to information about global differences between task domains, but not to
individual cue validities.
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Within-Person Adaptivity in Frugal Judgments from Memory
Organisms have to make predictions and inferences in an inherently uncertain world. An
influential perspective on judgment and decision making suggests that humans achieve this by
relying on available cues (pieces of information) that are only probabilistically related to some
criterion in the environment (Brunswik, 1952). For instance, physicians consider specific
symptoms to make their diagnoses, judges decide whether to release a defendant on bail based on
the past records (Dhami, Hertwig, & Hoffrage, 2004), and consumers might infer the quality of
products based on the price or by recognizing their brand names (Rao & Monroe, 1989).
Importantly, such cues are not universally useful across different domains of decision making. In
this article, we focus on the individual ability to use recognition memory adaptively as a cue
across different situations.
Recognition memory (i.e., the ability to discriminate between familiar and novel items)
provides a particularly simple cue for inference that is retrieved rapidly and with little effort
(e.g., Rosburg, Mecklinger, & Frings, 2011). Goldstein and Gigerenzer (2002) found that people
frequently utilize recognition for their judgments and specified a model—the recognition
heuristic (RH)—that explains people’s strategic inferences when two items must be ordered
along a quantitative criterion (e.g., inferring which of two cities is more populous). According to
the RH, if one item is recognized (e.g., Prague) and the other is not (e.g., Erdenet), then the
recognized item is inferred to have the higher value on the criterion dimension (on which the
objects’ true values are unknown). The RH has been extensively investigated (e.g., Goldstein &
Gigerenzer, 2002; Hilbig, Michalkiewicz, Castela, Pohl, & Erdfelder, 2015; Kämmer,
Gaissmaier, Reimer, & Schermuly, 2014; McCloy, Beaman, Frosch, & Goddard, 2010; Newell
& Shanks, 2004; Pachur, Bröder, & Marewski, 2008) and is a prime example of a frugal heuristic
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that exploits one good reason (recognition) that leads to surprisingly accurate judgments in many
real-world domains because familiar and novel items often differ systematically on relevant
dimensions such as quantity or success (e.g., sports teams, brands, stocks, and colleges that are
recognized tend to be more successful). Even though people may not always give recognition
primacy over other information in strict non-compensatory fashion, as originally specified for the
RH (Glöckner, Hilbig, Jekel, 2014; Hilbig et al., 2015; Newell & Shanks, 2004), research on
how recognition is systematically exploited as a cue remains important (for overviews, see
Marewski, Pohl, & Vitouch, 2010; Pachur, Todd, Gigerenzer, Schooler, & Goldstein, 2011).
As any other rule of thumb, the RH is not a bad or good strategy per se: its success
depends on the interplay with the environment, that is, the fit to the problem at hand (Gigerenzer
& Goldstein, 2011). For a given domain or task, the judgment accuracy attainable with the RH
can be quantified as recognition validity (), which measures the strength of covariation between
recognition memory and the criterion dimension.1 Whereas recognition is often a valid cue for
inferences of properties of real-world items (Goldstein & Gigerenzer, 2002; Pohl, 2006),
ecological analyses indicate that whenever the frequency of mentions by mediators in the
environment (e.g., by other people, electronic media, newspapers, etc.) does not uniquely map
onto a relevant criterion dimension, then the RH tends to fare poorly (see Pachur et al., 2011).
For instance, the recognition validity  is relatively low for inferring the frequency of diseases in

The recognition validity  quantifies the predictive power of recognition and is conceptually similar to the
ecological validity of a so-called “proximal cue” in Brunswik’s (1952) lens model. For a specific domain, it is
defined as  = CRU / (CRU + IRU), where CRU and IRU are the correct and incorrect judgments, respectively, that would
result from always choosing the recognized item in cases where one of the two items in a comparative twoalternative choice task is recognized (denoted as RU cases). Defined this way,  can range from zero to one; if  =
1, choosing the recognized item would always lead to a correct judgment; if  = .50, choosing the recognized object
would lead to chance-level accuracy and recognition would be uncorrelated with the criterion dimension. The
recognition validity is usually calculated for each individual and the averaged validities across individuals then serve
as measure for the recognition validity in a specific task or domain (Goldstein & Gigerenzer, 2002).
1
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a country (Pachur & Hertwig, 2006) or the distance of cities to an arbitrary geographical
reference point (Pohl, 2006). Following these considerations, a central question surrounding
research on the RH is to what extent it is used adaptively (Gigerenzer & Goldstein, 2011; Pachur
et al., 2011; Pohl, 2006; Pohl, Michalkiewicz, Erdfelder, & Hilbig, in press). That is, how
sensitive are people to differences in recognition validity and do they adaptively adjust their
reliance on the RH accordingly?
Adaptive Reliance on Recognition
In a review on the RH, Gigerenzer and Goldstein (2011) explored the relation between
RH use and the recognition validity across various domains. Pooling the data from 43 studies and
domains yielded a positive linear relation of r = .57 between the mean frequency of judgments in
accordance with the RH and participants’ average recognition validity. Beyond these cross-study
correlations, only few investigations addressed this issue experimentally and directly compared
participants’ adaptive RH use between task domains that differed systematically in the validity of
recognition: Pohl (2006) found that name recognition of Swiss cities predicted their population
( = .86), but not their distance to a geographical reference point, the city Interlaken ( = .51).
Correspondingly, participants relied more on recognition2 in inferences of the city populations
(.66) than of the distances (.08). Similarly, Hilbig, Erdfelder and Pohl (2010; Exp. 7) found that
people relied more on recognition (.65 vs. .20) when making inferences of the population of
Italian cities ( = .87) than of their height above sea level ( = .53). Data from Pachur, Mata, and
Schooler (2009) also indicated that people’s reliance on recognition was substantially higher (.80
vs. .30) in a domain with high recognition validity (inferences of US city populations;  = .90)

2

The reliance on recognition as a cue for inference in this section is reported as probability (i.e., ranging from 0 to
1), derived from model-based measures (Pohl et al., in press).
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than in a domain with low recognition validity (inferences of the frequency of diseases;  = .62).
These findings suggest that the group averages of RH use closely match the mean recognition
validity in a given domain and that recognition validity is a central factor influencing how
frequently the RH is applied. However, it is still an open question whether and how single
individuals adaptively adjust their reliance on recognition. In the literature, two different
interpretations have been discussed how adaptive RH use may come about.
One possibility is that individuals are sensitive to the validity of their own recognition
knowledge and use the RH in a proportion of trials that matches this validity (henceforth termed
matching hypothesis; see also Pachur & Hertwig, 2006). However, little support emerged for this
notion so far, as correlations between RH use and α within a specific domain have been found to
be negligible. For instance, both Pachur and Hertwig (2006) and Pohl (2006) observed that
individual proportions of judgments in accordance with the RH were uncorrelated with the
individual α within a given domain. Moreover, there is evidence that people’s estimates of the
validity of their own recognition knowledge are not very accurate (Pachur et al., 2008). In this
vein, Pohl et al. (in press) investigated whether use of the RH is influenced by the validity of the
specific set of selected items or by the underlying domain from which these items were sampled
(global domain validity). Importantly, their findings indicated that it is the validity of the general
environment (rather than that of specific items) that impacts strategy use, suggesting that
participants behave as if all items were approximately representative of an underlying domain.
Hence, as an alternative possibility, people may notice cue-validity differences between task
domains on a more global level and adjust their RH use accordingly (henceforth termed
environment adaptivity hypothesis); in this case, adaptive changes in strategy use may result
from having fuzzier intuitions about the usefulness of a cue in a given domain rather than
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considering (or even computing) individual cue validities. Even though these intuitions may not
be perfect, they could nonetheless foster adaptive decision making and robustly capture rank
differences in cue validities across tasks (Wright & Murphy, 1984; see Katsikopoulos, Schooler,
& Hertwig, 2010, for further discussion), as long as items are representatively sampled (Pohl et
al., in press).
Taken together, the notion of adaptive selection of the RH (or any other strategy) implies
dynamic within-person changes in behavior. Crucially however, the aforementioned hypotheses
about adaptive RH use have never been tested within individuals, to the best of our knowledge.
This is important for several reasons. The first reason is conceptual: when a theory proposes
individual, adaptive change, then these assumptions should be put to test with data that
correspond as closely as possible. We therefore note a mismatch between the theoretical
proposition of individual adaptivity and data from previous analyses, which examined variability
between individuals. Second, and apart from usual methodological considerations (such as
reductions in unsystematic variance through repeated testing of the same participants),
experiments in various fields of psychology have shown that effects of independent variables are
often different in within- and between-subjects designs (Erlebacher, 1977). The generalizability
across designs hinges on the assumption of variation equivalence (i.e., the assumption that
processes generating variability within and between individuals are identical; Lindenberger &
von Oertzen, 2006). Moreover, situations are conceivable in which mean-level changes are
produced by only a minority of subjects (as reflected, e.g., in the conceptual distinction between
differential and mean-level and stability in personality research; e.g., Josef et al., 2016). Finally,
some aspects of strategy use can only be tested within participants. For example, can we observe
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some stability in the reliance on recognition (e.g., rank-order stability), even when the validity of
a cue changes dramatically?
In this study, we addressed these issues and set out to investigate adaptive use of the RH
within the same decision makers across two task domains that strongly differed in their
recognition validity, using a modeling approach that provides estimates of individual parameters
as well as their correlations. In addition, we aimed to gain further insight into people’s adaptive
RH use by considering their metacognitive reports.
Metacognitive Monitoring and Use of Recognition
Metacognitive monitoring refers to the human ability to introspect and report one’s own
mental states (e.g., to evaluate how much we know; Koriat, 2007). Confidence reports can be
viewed as a central aspect of metacognitive monitoring (Fleming, Dolan, & Frith, 2012). In this
study, we considered judgment confidence as an additional measure for understanding adaptive
strategy use and asked participants, after each trial, about their confidence in the correctness of
their preceding judgment. Historically, research on the RH originated from investigations of
subjective confidence and the question of when people exhibit overconfidence (Fischhoff, 1982)
in their judgment accuracy (Hoffrage, Hafenbrädl, & Marewski, in press)3. Notwithstanding
these important considerations, we focused here on the relative change in confidence as a
function of task environment and the relation with strategy use. One specific expectation was
that people’s confidence should be influenced by the ecological validity of the most relevant cue

3

Gigerenzer, Hoffrage, and Kleinbölting (1991) and Hoffrage (2011) extensively examined confidence reports in
the context of cue-based decision making. These researchers found that when participants were not asked to evaluate
a single judgment but were instead asked how many correct answers they gave (in a frequency format) people
appeared well-calibrated and over-confidence effects disappeared, which speaks against the interpretation of
overconfidence reflecting a general and stable “bias” in human judgment.
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in the present probabilistic inference problems (Gigerenzer, Hoffrage, & Kleinbölting, 1991) and
should thus change as function of task domain.
For the present analyses, we borrowed from research on signal detection the notion of
metacognitive sensitivity that refers to the degree to which peoples’ confidence tracks their
performance (Fleming & Lau, 2014). Metacognitive sensitivity is dissociable from accuracy in a
task (e.g., the proportion of correct judgments) and from setting a subjective criterion (i.e., the
strength of internal evidence required to report a certain level of confidence; for further details,
see Fleming & Lau, 2014). First, the distinction between metacognitive sensitivity and task
accuracy acknowledges the possibility that participants may commit many errors in a task, but
are nevertheless highly sensitive to their performance and assign high confidence only to their
few correct responses (and rarely to their incorrect responses). Second, this implies that
confidence reports are a function of two separable components, the strength of an internal signal
and a subjective criterion. One approach to measure metacognitive sensitivity is to calculate the
slope of a linear function that relates strength of evidence with confidence. The slope parameter
for each participant in a logistic model provides an estimate for the relationship between
confidence and judgment accuracy. Large slope estimates would indicate a strong relationship
between the two variables and high metacognitive sensitivity: Small differences in accuracy are
readily detected in metacognitive monitoring and result in significant differences in confidence.
Conversely, slope estimates close to zero would indicate poor metacognitive sensitivity and
imply that even larger differences in accuracy do not result in significant changes in confidence
(Norman & Price, 2015; Sandberg et al., 2010). Modeling confidence in this way helps us to
interpret people’s metacognitive reports between tasks: If participants show similar
metacognitive sensitivity across two experimental conditions (i.e., a consistent relationship
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between confidence and accuracy), then any potential differences in confidence reports cannot be
attributed to poorer metacognitive insight in one of the conditions. Consequently, the absolute
values of confidence ratings can be directly compared in such a situation. Differences in
confidence ratings between two conditions would then support the conclusion that these
conditions have different properties (e.g., different cue validities) that are accessible on a
metacognitive level. In this study, we used this approach to interpret people’s confidence reports
in the comparative judgment task.
Both the matching and the environment adaptivity hypotheses are silent about the relation
between introspective experience and adaptivity and neither hypothesis makes explicit
predictions about confidence ratings. We argue, however, that confidence reports could be used
to further refine and test these predictions. In those cases in which participants follow
recognition as a cue, its validity could have an impact on subsequent confidence ratings. That is,
a cue of higher validity would more frequently lead to a correct judgment than a less valid cue;
individuals with higher recognition-cue validities (and metacognitive access to them) could
therefore place higher confidence in judgments following recognition (and vice versa for
individuals with lower recognition validities). Therefore, if people are sensitive to the individual
validity of recognition, as the matching hypothesis suggests, their confidence in decisions that
follow the RH should correlate with their individual cue validities. In the absence of such a
correlation, however, one could conclude that people have little metacognitive access or intuition
about their recognition validities, which would provide further evidence against the matching
hypothesis. In contrast, the environment adaptivity hypothesis implies that if people had
metacognitive access to the validity of recognition across different domains, then their mean

INDIVIDUAL ADAPTIVITY IN USE OF RECOGNITION

11

confidence ratings should also differ between these task domains. In the following, we tested
these predictions about RH use and associated confidence reports using a within-subjects design.
Method
Participants and Recruitment
Ninety-nine participants (48 female; age M = 36.6 years; SD = 11.2; range 20-69), recruited
through Amazon’s Mechanical Turk service (Crump, McDonnell, & Gureckis, 2013), completed
this study via the Internet. Data were collected on a private institutional server managed by the
JATOS tool (Lange, Kühn, & Filevich, 2015)4. Informed consent was obtained from all
individual participants included in the study. All participants reported to be citizens and residents
of the USA at the time of participation, and were informed that they could quit the study at any
point. The study was announced to last 30 minutes and remuneration for participation was set at
3 USD. Participants who did not complete the entire study were not remunerated. Average
completion time for the study was 28 min. All procedures were approved by the local ethics
committee.
Procedures and Design
Following standard procedures in research on the RH, all participants completed a
recognition task (Figure 1A) and were asked to indicate whether they had heard or seen the name
of a certain city before. Participants saw the name of each of 16 cities, displayed in random
sequence on the screen and indicated with a key press whether they recognized it. After each
recognition judgment, participants additionally provided ratings on visual analog scales about
their confidence in their own recognition judgment and how much further knowledge they had
about the given city. The recognition test also included one city name (Dubai) that was used as

4

Scripts for the experiment are available in JavaScript under https://zenodo.org/badge/latestdoi/99819531.
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geographical reference point for the distance domain of the inference task; we selected this city
because it was recognized by most participants in pilot testing and the distribution of distances
between this and the other cities showed sufficient variability; 100% of the participants in our
main study reported to recognize the city of Dubai. Table 1 shows a list of all city names
presented in this study, their corresponding criterion values (i.e., city populations and distances),
and participants’ recognition rates. In a comparative judgment task (Figure 1B) participants
judged on each trial which one of a pair of city names had the higher criterion value. After each
judgment, participants additionally indicated their confidence in their response to the
comparative judgment on a visual analog scale. Each participant completed two different
domains of the judgment task: In the population domain, participants indicated which of two
cities had the larger population (70 trials); in the distance domain, participants indicated which
of two cities was located closer to the city of Dubai (70 trials). We chose these two domains
because they are expected to differ strongly in recognition validity (for a previous application,
see Pohl, 2006) and make it possible to test people’s adaptivity while simultaneously holding
stimulus materials (including recognition rates and proportion of cases where the RH can be
applied) constant.
In a final ranking task (Figure 1C), participants saw the list of preceding cities in random
arrangement (displayed on interactive drag-and-drop HTML element) and were asked to sort
them along to their estimated population and distance values. Each participant completed this
task twice: once for the population-size criterion and once for the distance criterion.
The order of the recognition task and comparative judgment task and the order of the
population and distance domains were counterbalanced between subjects. Each participant
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completed the comparative judgment twice, once for the population and once for the distance
domain.5
Participants were instructed to carefully read and answer each question and to provide
their best possible judgments. Moreover, participants were informed that we recorded their
response times (RTs) and whether and when they left the browser window or tab during the
study (e.g., by clicking elsewhere).
PLACE FIGURE 1 ABOUT HERE
Stimulus Materials
We used the most common stimulus material for investigating the RH, the names of realword cities. Sixteen city names were selected from a larger pool. As mentioned above, one name
(Dubai) served as geographical reference point for the distance domain; the remaining 15 names
were used for the comparative judgment task. For each participant, 70 pairs of city names (out of
a total of 105 possible pairings) were randomly selected for the comparative judgment task; for a
given participant, this same set of 70 pairs was then used in all experimental domains. Halfway
through data collection, we mirrored the screen position of the city names in the pairs (i.e., for
half of the participants, city names displayed on the right side of the screen were now displayed
on the left side, and vice versa).
Measurement-Modeling Approach
To measure participants’ heuristic reliance on recognition, we used a multinomial
processing tree (MPT) modeling approach that makes it possible to evaluate goodness-of-fit and

5

An analysis of task orders did not indicate significant sequence effects on using the recognition heuristic (further
details are in the Supplemental Materials).

INDIVIDUAL ADAPTIVITY IN USE OF RECOGNITION

14

to conduct model comparisons (see Batchelder & Riefer, 1999; Erdfelder et al., 2009, for
overviews). The choice of a recognized item in the comparative judgment task can result from
reliance on the recognition cue, but also from guessing, or the use of other cues (or knowledge)
that are also associated with the criterion. In consequence, the proportion of judgments in which
people choose the recognized item is a confounded measure that can overestimate RH use
(Hilbig et al., 2010). In this study, we used the MPT r-model because it effectively disentangles
reliance on recognition (as assumed by the RH) from the use of further knowledge (or any other
strategy). Specifically, the r-model provides probability estimates for the reliance on recognition
(parameter r), for the cue validity of further knowledge, and of recognition. Further details are in
Appendix A (Hilbig et al., 2010; Horn et al., 2015, 2016; we also explored a memory-state
model extension that did not alter the main conclusions in the present study; see Castela, Kellen,
Erdfelder, Hilbig, 2014).
For our analyses, we implemented a hierarchical latent-trait version of the r-model
(Klauer, 2010; Matzke, Dolan, Batchelder, & Wagenmakers, 2015) that accounts for diversity in
strategy use and that circumvents aggregation over individuals (see Siegler, 1987, for a critical
discussion of pooling over subjects for investigations of strategy use). We adjusted the model to
simultaneously account for the two within-subject conditions (domains) of the study. One
advantage of this approach is that overarching group-level distributions constrain the individual
estimates in a theoretically principled way and may thus yield more reliable individual
parameters. Importantly, the latent-trait approach makes it possible to jointly estimate model
parameters as well as their correlations. By adjusting for the uncertainty of the individual
estimates, this approach promises to avoid the potential biases involved in computing standard
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Pearson correlations of individual estimates and to provide an assessment of these relations that
is decontaminated from error influences (Klauer, 2010).
Estimation of the model parameters relied on a Bayesian approach (see Lee &
Wagenmakers, 2013, for an overview), which has been employed in numerous areas of cognitive
modeling (e.g., Kellen, Pachur, Hertwig, 2016; Nunez, Srinivasan, & Vandekerckhove, 2015;
Steingroever, Pachur, Šmíra, & Lee, in press; Thiele, Haaf, & Rouder, in press). To determine
the most credible value ranges of the model parameters in the posterior distributions given the
data, we used the Markov chain Monte Carlo (MCMC) methodology for posterior sampling6,
Further details of the hierarchical implementation and the prior distributional assumptions are in
Appendix B (cf. Heck, Arnold, & Arnold, in press; Matzke et al., 2015). We report posterior
means with 95% Bayesian credible intervals. Specifically, μ rPOP and μ rDIS refer to the mean
group-level estimates of reliance on recognition in the Population and Distance domain,
respectively; moreover, we report the standard deviations (σ rPOP, σ rDIS) and the correlations (ρ)
among the model parameters. The standard deviations represent the variability between
participants and are close to zero when participants are homogeneous and are large in the case of
substantial diversity.
Data Quality Checks
As data were collected online, we first examined indicators of the quality of these data.
We found no evidence that the data collected online were suspect of careless responding,

6

For MCMC sampling with JAGS (Plummer, 2003), we ran three chains of 300,000 iterations each, discarded the
first 200,000 iterations as burn-in, and used a thinning rate of 10. Chain convergence was satisfactory for all
estimated model parameters (i.e., all 𝑅̂ s < 1.0203; Lee & Wagenmakers, 2013). For all model estimates, we report
the medians of the MCMC samples. Further details about the modeling approach are in the Appendices and
Supplemental Materials.
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attentional lapses, or sequence effects. However, a few participants left the browser tab during
the experiment, as described below.
Focus on the task. We monitored, on each trial during the experiment, whether
participants clicked anywhere outside the browser tab (e.g., potentially left the task for a short
period of time). We then examined the frequencies of these “lost-focus events” for each
participant and domain. Notably, participants rarely left the experiment tab. In the recognition
task, only six out of 99 participants left the browser tab once in 16 trials, and no participant left
the browser tab more than once. All six participants who left the browser tab once during the
recognition task also did so at least once during the comparative judgment task. Therefore, we
focused in our data checks on those participants who left the browser tab during the comparative
judgment task. During the 140 trials of the comparative judgment task, 50.5% of participants
never left the browser tab, 12% left the browser tab once, 24.2% left the browser tab between 2
and 5 times, 8.1% left the browser tab between 6 and 10 times, and 5.05% left the browser tab
more than 10 times. The maximum number of times that a participant left the tab was 17. A
single-trial analysis showed that all trials in which a participant left the browser tab resulted in
correct comparative judgments. Therefore, we examined whether this had an effect on accuracy
in the comparative judgment task. We found no correlation between the number of times a
participant left the browser tab and the mean accuracy (r =.003, p =.97, BF10 = 0.21). We also
found no conclusive evidence for an effect on accuracy in a comparison between participants
who had left the browser tab at least once and participants who never did so (Welch test, t(96.8)
= −1.46, p = .14, BF10 = .55). Finally, we conducted the analyses (that we report in the
subsequent Results section) after excluding those participants (n = 49 out of 99) who had left the
browser tab at least once during the 140 trials of the comparative judgment task. Notably, we
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obtained largely the same results with this reduced data set after following this strict exclusion
criterion. Because exclusion of participants or individual trials did not affect our main
conclusions, we included all participants and trials in the subsequent analyses. We nevertheless
also report the results of the same analyses following the cautious strategy of excluding
participants who left the browser (at the end of the Results section).
Results
The abbreviations RR, RU+, RU−, UU refer to those trials in the comparative judgment
task in which both city names were recognized (RR trials), in which only one city name was
recognized (that was judged to have the higher criterion value: RU+; or not to have the higher
criterion value: RU−), or in which both city names were unrecognized (UU trials).
Recognition Rate and Applicability of the RH
On average, participants recognized M = 52.92% (SD = 10.6 %) of the 15 cities used for
the comparative judgment task. This resulted in a proportion of M = 51.14% cases (SD = 6.40%)
where the RH was applicable (i.e., RU trials in which one of the two cities was recognized). Note
that recognition rate and applicability of the RH was identical between domains because they
included the same pairs of city names.
Comparative Judgment Task
Results of the comparative judgment task are shown in Table 2. 7 The proportion of
accurate judgments was higher in the population than in the distance domain, t(98) = 6.09, p <

7

In addition to standard inferential indices and effect-size estimates, we report Bayes factors (BF10) to quantify the
evidence for the alternative hypothesis relative to that for the null hypothesis. Several conventions exist to categorize
the strength of evidence for a hypothesis. Following a classification by Jeffreys (1961), BFs10 between 1/3 and 3
indicate that the collected data are inconclusive (“anecdotal”); BFs10 < 1/3 indicate moderate-to-stronger evidence
for the null hypothesis; BFs10 > 3 indicate moderate-to-stronger evidence for the alternative hypothesis.
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.01, d = 0.61, BF10 = 5.2105. Moreover, the mean recognition validity α was higher for
judgments of city populations than of distances, t(98) = 21.80, p < .01, d = 2.19, BF10 = 1.11036;
and the accordance rate to the RH was higher for judgments of city populations than of distances,
t(98) = 9.85, p < .01, d = 0.99, BF10 = 2.45 1013. The knowledge validity β was slightly lower
for judgments of populations than of distances, t(98) = −2.40, p < .05, d = 0.24. Together, these
results suggest that the judgment domains differed as expected with our manipulation. These
findings are also largely in line with a previous study that used similar domains (Pohl, 2006). To
examine whether participants were able to adaptively adjust their reliance on the RH following
these differences between domains, we next turn to the modeling results.
Formal Modeling: Adaptive Use of Recognition
Table 3 shows the posterior means of the MPT r-model parameters and their standard
deviations and correlations. Because the recognition validity is crucial for determining the
usefulness of the RH in a given domain, we examined how participants adapted their reliance on
recognition as a function of cue validity. In line with the environment-adaptivity hypothesis, we
found a clear change in people’s use of the RH between domains: The RH was followed more
likely in the population than the distance domain (model parameter r), Δr = 0.57, [0.44, 0.69],
thereby following a corresponding change in the validity of recognition (Δa = 0.32, [0.29, 0.34]).
Importantly, neither the validity of participants’ further knowledge (Δb = −0.03, [−0.07, 0.01])
nor the probability of making valid inferences on guessing trials (UU pairs) (Δg = 0.02, [−0.03,
0.07]) differed credibly between domains.
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We also observed individual differences in all model parameters (none of the posterior
intervals for the standard deviations in Table 3 includes zero), particularly in model parameter r
(reliance on the recognition cue). However, does the variability in using the RH reflect individual
differences in recognition validity, as the matching hypothesis suggests? An examination of the
latent-trait correlations within domains provided little support for this possibility: Neither within
the population domain (ρ rPOP aPOP = 0.38 [−0.20, 0.74]) nor in the distance domain (ρ rDIST aDIST =
−0.06 [−0.48, 0.39]), did we find credible correlations among model parameters r and a
(recognition validity). Interestingly, however, RH use was correlated across domains (ρ rDIST rPOP
= 0.38 [0.15, 0.58]), indicating some stability in people’s strategy preferences above and beyond
the adaptive changes in RH use between environments.
In sum, a clear majority of individuals (n = 87 out of 99) adaptively changed their
reliance on the RH, to varying degrees (see Figure 2A). Notably however, people did not
necessarily follow their own recognition validities: their RH use and individual validities were
uncorrelated (see Figure 2B and Table 3 for correlations).
PLACE FIGURE 2 ABOUT HERE
Further Measures of Adaptivity: Confidence Reports
Metacognitive sensitivity. We next examined the role of confidence and its relation to
adaptive strategy use. To this end, we first investigated potential differences in metacognitive
sensitivity between the two task domains (population, distance) with a mixed logistic regression
that models the relation of choice confidence and judgment accuracy (Figure 3A). In this
analysis (as pointed out in the Introduction), the slope parameter provides a measure of
metacognitive sensitivity. The difference in slope between conditions as a function of confidence
(i.e., the interaction term in the model) therefore quantifies any potential differences in
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metacognitive sensitivity between domains. Notably, we found no significant interaction
between confidence and domain, χ(1) = .16, p = .68, BF10 = .01, suggesting similar
metacognitive sensitivity across domains. Based on this finding, we proceeded to compare the
reported absolute confidence values between the two domains.
Individual confidence ratings. We compared individual confidence values across
domains. To examine the implications of the matching hypothesis, we examined whether
participants’ confidence tracked individual cue validities; that is, whether participants with
higher α showed higher mean confidence on trials on which they followed the RH. To explore
this possibility, we estimated the correlation between α and individual mean confidence on RU+
trials (Figure 3A). There was no correlation between α and confidence on RU+ trials in the
population domain, r = −.04, t(97) = −.44, p = .66, BF10 = .21, or in the distance domain, r =
−.08, t(97) = −0.83, p = .40, BF10 = .23. People may have systematic over- or under-confidence
tendencies (e.g., Fischoff, 1982). Such tendencies, if present in our data, could introduce
additional variance into confidence reports, thereby masking significant relations between α and
mean confidence on RU+ trials. To control for such tendencies, we also examined the correlation
between intra-individual changes between domains in confidence and in corresponding α (Figure
3B). Again, there was no evidence for a correlation between changes in α and in confidence
between the two domains, r = −0.12, t(97) = −1.18, p = .24, BF10 = .12.
Mean confidence ratings. Finally, we examined mean confidence ratings across domains
and trial types to evaluate the impact of task environment. Figure 3C shows confidence ratings
for all trial types (RR, RU+, RU−, UU trials) as a function of domain (see also Table 3 for the
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means). We analysed these data in a 4 (trial type)  2 (domain) ANOVA.8 First, there was a
significant interaction between the trial types and domain on the confidence reports, F(3,216) =
8.521, p < .001, η2 = .106. That is, the effect of task domain on people’s confidence reports
differed across the specific trial types in the comparative judgment task. Follow-up t-tests
revealed no differences in mean confidence on RR, UU, or RU− trial types between the
population and the distance domains: all ts < 1.24, all BFs10 < .26. Notably however, confidence
ratings for RU+ trials were significantly higher in the population than the distance domain
(difference M = 7.68, SD = 14.97), t(72) = 4.38, p < .001, d = 0.51, BF10 = 490. That is,
confidence differences between domains emerged mainly on those judgment trials where the
recognized object was chosen and the RH was applicable (RU+ trials). Moreover, there was a
significant main effect of trial type, F(3,216) = 140.2, p < .001, η2 = .661. The main effect of
domain F(1,72) = 1.933, p = .169, η2 = 0.026 did not reach significance.
In sum, while participants did not show differences in metacognitive sensitivity between
domains, we found differences in their (absolute) confidence ratings between domains,
specifically on RU+ trials. This suggests that recognition-validity differences between domains
were available to metacognitive monitoring, even though differences in valid further knowledge
and in criterion knowledge were negligible across these domains.
PLACE FIGURE 3 ABOUT HERE
Criterion Knowledge

Because some participants did not contribute any RU− trials (mainly in the population domain), this analysis
excluded 26 participants with missing values in at least one cell. As an alternative analysis, in a 3 (trial type: RU,
UU, RR)  2 (domain) ANOVA, where trials were collapsed across RU+ and RU− trials (and only one subjects’
data had to be discarded), we observed an interaction between trial type and domain, F(2,194) = 17.64, p < 0.001, η2
= 15), a main effect of trial type F(2,194) = 226.5, p < 0.001, η2 = .70, and a main effect of domain F(1,97) = 9.215,
p = 0.003, η2 = 08.

8
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We used participants’ responses in the ranking task to estimate their criterion knowledge.
For this purpose, we calculated the Spearman rank correlation for each domain between each
participant’s ranking and the correct ranking of cities (for further discussion of the role of linear
orders in inference, see, e.g., Schweickart & Brown, 2014, and Brown & Tan, 2011). We then
performed non-parametric tests on the individual rank-correlation values. We conducted two
variants of this analysis. First, we restricted analysis to the cities recognized by each participant,
because it could be argued that criterion knowledge can only be meaningfully applied to cities
that are recognized. However, Pohl and Hilbig (2012) suggested that unrecognized items might
also be ordered. Therefore we also repeated these analyses, including all city names. For
recognized cities only, we found no differences in criterion knowledge between the population
(M = 0.38, SD = 0.35) and the distance (M = 0.40, SD = 0.41) domains (asymptotic one-sample
permutation test: T = 19.82, p = 0.80; BF10 = .11). The similar levels of criterion knowledge in
participants’ rankings suggest that the task difficulty was comparable across domains. However,
including the unrecognized cities in the analysis revealed a significant difference in criterion
knowledge between the population (M = 0.51, SD = 0.17) and distance (M = 0.20, SD = 0.31)
domains (asymptotic one-sample permutation test: T = 33.4, p < .001, BF10 = 1.17  1011). These
findings could suggest that for unrecognized city names (e.g., Fuyang), features such as their
spelling or sound may nonetheless help people to make judgments of criterion values and that
such features might be more helpful for judgments of the population than of the distance
criterion.
Supplemental Analyses with Exclusion of Participants
We also repeated our analyses with a restricted sample of N = 50 participants who never
left the browser tab during the experiment. This largely reproduced the results reported above:
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That is, there were again expected differences between the two domains in recognition validity α,
t(49) = 16.28, p < .001, d = 2.30, BF10 = 2.091018, and in the reliance on recognition (r model
parameter), t(49) = 5.70, p < .001, d = 0.81, BF10 = 2.3105.
Concerning confidence reports, the linear model again revealed no interaction effect,
suggesting that metacognitive sensitivity did not differ between domains (2(1) = 2.03, p = 0.15,
BF10 = .05). Moreover, we found no correlations between α and mean confidence for either the
population domain (t(48) = −.33, p = 0.74, r = −.05, BF10 = 0.37), the distance domain (t(48) =
−1.44, p = .16, r = −.20, BF10 = .51) or the change scores between the two (t(48) = −.24, p = .81,
r = −.04, BF10 = .12). The 4 (trial type)  2 (domain) ANOVA on mean confidence ratings
showed no significant interaction F(3,99) = 1.27, p = .29, 2 = .04. We nevertheless explored
domain differences in follow-up t-tests and again found that the confidence differences between
domains on RU+ trials remained (t(33) = 3.05, p = .004, d = .52, BF10 = 8.66) whereas there
were again no significant confidence differences between domains on RR or RU− trial types (ts <
1.01; BFs10 < .29). Unlike the results with the full dataset, however, the confidence difference
between domains in UU trials reached significance (t(33) = 2.13, p = .04, d = .37, BF10 = 1.36).
Finally, there were again no differences in criterion knowledge between domains
(asymptotic one-sample permutation test T = 231, p = .10, BF10 = .16) when we included only
the recognized cities. And, again, the same analysis including all cities indicated higher criterion
knowledge for the population domain than the distance domain (T = 741, p < .001, BF10 =
8.67105). Taken together, the re-analyses with a restricted sample of participants largely
confirmed the main conclusions reported for the whole sample.
Discussion
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In this study, participants made comparative judgments on a criterion dimension in two
different task domains: In a population domain, where following recognition cues leads to
relatively accurate judgments and in a distance domain, where this is unlikely. We observed that
a clear majority of participants adaptively adjusted their reliance on recognition (albeit to highly
varying degrees) and utilized recognition less frequently in a domain with lower recognition
validity. We extended previous research by showing that this adaptive change occurs within
individuals. This finding fills an important gap in the literature and could only be presumed so
far on the basis of comparisons across group averages or across studies. Notably, one recent
study found that individual differences in heuristic use of recognition are relatively stable across
time, choice objects (different samples of city names), domains (success of celebrities vs. success
of films), and presentation formats (verbal vs. pictorial), suggesting that people could have traitlike strategy preferences (Michalkiewicz & Erdfelder, 2016). The present findings are consistent
with these reports, but highlight the complementary aspect of situation-specific, adaptive
behavior. That is, we found that even under situations that differed substantially in recognitioncue validity, participants showed moderate stability in their reliance on recognition (as indicated
by the positive correlation between the r parameters across the two different domains);
importantly, above and beyond this stability, people showed flexible and adaptive behavior and
substantially reduced their use of recognition in a situation where this was less useful.
It is an ongoing research issue to identify the processes leading to adaptive strategy
selection. That is, why do participants utilize recognition more in contexts where it is more valid
and how do they notice (i.e., on the basis of which information) when recognition cues are more
valid? Based on previous theorizing, we reconsidered two possibilities in our within-subjects
design: the matching hypothesis, which suggests that people are sensitive to their individual
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recognition validities; and the environment adaptivity hypothesis, which instead suggests that
participants are only sensitive to more global differences between domains (e.g., Pachur et al.,
2009; Pohl et al., in press).
To test the matching hypothesis, we examined the covariation between individual RH use
and recognition validities with a hierarchical multinomial model. The approach promised to
sidestep possible biases involved in multi-step correlational analyses (Klauer, 2010). We
replicated previous findings and found no relationship between participants’ recognition use and
the individual cue validities within the two domains (Pachur & Hertwig, 2006; Pohl, 2006).
Notably, and in extension of these findings, we also observed no relationship between individual
changes in recognition use and corresponding cue validities across domains. Nonetheless,
experience and frequent exposure to media could help people to develop intuitions about the
usefulness of recognition. Hence, while direct access to the exact individual recognition
validities appears unlikely, it is still possible that participants are somewhat sensitive to cue
validities on a metacognitive level. Following this idea, we examined participants’ comparative
judgments as well as their confidence in these judgments on each trial (reported on a visual
analogue scale). The aim was to explore whether participants had some metacognitive intuition
about their individual cue validities. We reasoned that if participants had metacognitive access to
recognition validity, this would particularly influence their confidence on those trials where the
recognized object was chosen. However, individual recognition validities were not associated
with individual confidence ratings. Taken together, we found little evidence—both at the
cognitive and metacognitive level—that participants’ judgments are guided by individual
recognition-cue validities.
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Participants showed adaptive and large changes in their reliance on recognition between
the different task domains. Therefore, participants may have based their strategy use on more
global factors, as the environment adaptivity hypothesis suggests. In this vein, we also examined
changes in confidence between the domains. Confidence reports can be interpreted as a function
of two separable factors: the strength of a monitored signal and a subjective criterion that
determines the confidence level (Fleming & Lau, 2014). Hence, differences in confidence reports
between domains could reflect differences in metacognitive sensitivity between domains (e.g.,
leading participants to inaccurately assign high confidence to erroneous judgments in one
domain more frequently than in the other). Differences in confidence reports between domains
could also reflect differences in the strength of the internal signal. The present findings suggest
the latter, but provide no evidence for the former: We found no differences in metacognitive
sensitivity between domains; differences in criterion knowledge or further knowledge were also
subtle between domains. Nonetheless, we found clear differences in participants’ confidence
ratings as function of domain as well as trial type.
Notably, the mean confidence ratings for judgments on RU+ pairs and on RR pairs were
similar in the population domain, but not in the distance domain. That is, when participants chose
a recognized item in a domain with high recognition validity, even a lack of knowledge (only
one name recognized) led to similarly high confidence as when both names were recognized. In
other words, not recognizing a name contributed more to people’s confidence in the population
than the distance domain. Moreover, in line with the notion that confidence is influenced by the
most valid available cue (e.g., Gigerenzer et al., 1991), it is possible that participants’ confidence
ratings on RU+ trials were higher in the population than in the distance domain, because the
validity of recognition ( = .77) in the former was higher than the validity of further available
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knowledge ( = .68) in the latter. Overall, these findings are in line with the predictions of an
extended environment adaptivity hypothesis and suggest that participants are also sensitive on a
metacognitive level in which domains name recognition is more or less helpful.
Limitations
Other perspectives and modeling approaches have been advocated to explain adaptive
changes in judgment behavior. In network modeling, for instance, adaptivity has been
conceptualized as a gradual change in the relative weight of various cues that are utilized for
judgment (e.g., Glöckner et al., 2014) and not as a qualitative shift in strategy use (i.e., a shift in
using the RH). Hence, the model parameter r in the present analyses could be alternatively
interpreted as the degree of reliance on recognition, relative to other cues or information (see
Heck & Erdfelder, 2017, for a discussion). Nonetheless, the present domain manipulations are
informative from both modeling perspectives and provide a testbed for adaptive changes in
judgment behavior. Moreover, the notion of qualitative strategy use (as assumed in the adaptive
toolbox perspective) and of single-process mechanisms (e.g., in network modeling) is not
necessarily mutually exclusive. For example, frugal lexicographic strategies have been fruitfully
implemented as network models, too (Mata, 2005). The different (modeling) perspectives on
adaptivity discussed in the literature could mainly highlight different levels of analysis (Griffiths,
Vul, & Sanborn, 2012).
Another potential limitation of the current study is that the data were collected online
through the Mechanical Turk platform. In line with previous research that suggests compatibility
between experimental online and laboratory studies (e.g., Crump et al., 2013), our results largely
corroborated findings from a rich body of laboratory research on the RH (e.g., Hilbig et al.,
2015; Marewski et al., 2010; Pohl, 2006). However, some participants might have completed the
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current tasks in environments that were noisier than in typical laboratory settings. Approximately
50% of the participants left the browser tab at least once during the task and might have searched
for relevant information. This raises the issue of whether a city can still be considered as
unrecognized if a participant read about it or whether a few participants have obtained some
criterion knowledge during the experiment. Our data cannot fully exclude these possibilities, as
we could not monitor or restrict what participants did outside the experimental task. However,
we examined whether leaving the task had significant impact on accuracy, strategy use, or
confidence ratings, and found little evidence for these possibilities. Moreover, we examined
participants’ response times on individual trials, study duration times, and consistency between
responses in different parts of the tasks, again providing little evidence that participants
responded carelessly or that potential distractions had notable effects on our main conclusions.
Nonetheless, a potential avenue for future research could be a laboratory-based replication of the
current findings.
Conclusion
This study investigated within-person adaptivity in the frugal use of recognition for
judgment. A clear majority of participants adaptively adjusted their strategy use between
domains of different recognition cue validity. In line with previous studies that examined
adaptivity between subjects, the use of recognition did not follow individual cue validities.
Confidence reports suggested that participants assigned higher confidence to recognition in the
domain with the higher recognition validity. Notably, this result could not be explained by
differences between domains in people’s metacognitive sensitivity, in their criterion knowledge,
or in their valid further knowledge, but instead suggests that people have good intuitions about
global differences between judgment domains.

INDIVIDUAL ADAPTIVITY IN USE OF RECOGNITION

29

Compliance with Ethical Standards
Funding
This study was funded by the Max Planck Society.
Conflict of Interest
Author Elisa Filevich declares that she has no conflict of interest. Author Sebastian Horn
declares that he has no conflict of interest. Author Simone Kühn declares that she has no conflict
of interest.
Ethical approval
All procedures performed in studies involving human participants were in accordance with the
ethical standards of the institutional research committee and with the 1964 Helsinki declaration
and its later amendments or comparable ethical standards.
Informed consent
Informed consent was obtained from all individual participants included in the study.

INDIVIDUAL ADAPTIVITY IN USE OF RECOGNITION

30

References
Batchelder, W. H., & Riefer, D. M. (1999). Theoretical and empirical review of multinomial
process tree modeling. Psychonomic Bulletin and Review, 6, 57–86.
Brown, N. R., & Tan, S. (2011). Magnitude comparison revisited: An alternative approach to
binary choice under uncertainty. Psychonomic Bulletin & Review, 18(2), 392-398.
doi:10.3758/s13423-011-0057-1
Brunswik, E. (1952). The conceptual framework of psychology. In: International Encyclopedia
of Unified Science (Vol. 1, No. 10, pp. 656–760). Chicago: University Press.
Castela, M., Kellen, D., Erdfelder, E., & Hilbig, B. E. (2014). The impact of subjective
recognition experiences on recognition heuristic use: A multinomial processing tree
approach. Psychonomic Bulletin & Review, 21, 1131–1138.
Crump, M. J. C., McDonnell, J. V., & Gureckis, T. M. (2013). Evaluating Amazon’s Mechanical
Turk as a Tool for Experimental Behavioral Research. PLoS ONE, 8(3), e57410.
Dhami, M. K., Hertwig, R., & Hoffrage, U. (2004). The role of representative design in an
ecological approach to cognition. Psychological Bulletin, 130, 959–988.
Erdfelder, E., Auer, T. S., Hilbig, B. E., Aßfalg, A., Moshagen, M., & Nadarevic, L. (2009).
Multinomial processing tree models: A review of the literature. Zeitschrift für
Psychologie/Journal of Psychology, 217, 108–124.
Erlebacher, A. (1977). Design and analysis of experiments contrasting the within- and betweensubjects manipulation of the independent variable. Psychological Bulletin, 84, 212–219.
Fischhoff, B. (1982). Debiasing. In D. Kahneman, P. Slovic, & A. Tversky (Eds.), Judgment
under uncertainty: Heuristics and biases (pp. 422–444). Cambridge, England: University
Press.

INDIVIDUAL ADAPTIVITY IN USE OF RECOGNITION

31

Fleming, S. M., & Dolan, R. J. (2012). The neural basis of metacognitive ability. Philosophical
Transactions of the Royal Society B: Biological Sciences, 367(1594), 1338–1349.
http://doi.org/10.1098/rstb.2011.0417
Fleming, S. M., & Lau, H. C. (2014). How to measure metacognition. Frontiers in Human
Neuroscience, 8, 443. http://doi.org/10.3389/fnhum.2014.00443
Gigerenzer, G., & Goldstein, D. G. (2011). The recognition heuristic: A decade of research.
Judgment and Decision Making, 6, 100–121.
Gigerenzer, G., Hoffrage, U., & Kleinbölting, H. (1991). Probabilistic mental models: A
Brunswikian theory of confidence. Psychological Review, 98(4), 506–528.
http://doi.org/10.1037/0033-295X.98.4.506
Gilbert, S. J., & Burgess, P. W. (2008). Executive function. Current Biology, 18(3), R110–R114.
http://doi.org/10.1016/j.cub.2007.12.014
Glöckner, A., Hilbig, B. E., & Jekel, M. (2014). What is adaptive about adaptive decision
making? A parallel constraint satisfaction account. Cognition, 133, 641–666.
Goldstein, D. G., & Gigerenzer, G. (2002). Models of ecological rationality: The recognition
heuristic. Psychological Review, 109, 75–90.
Griffiths, T. L., Vul, E., & Sanborn, A. N. (2012). Bridging levels of analysis for probabilistic
models of cognition. Current Directions in Psychological Science, 21, 263–268.
Heck, D. W., Arnold, N. R., & Arnold, D. (in press). TreeBUGS: An R package for hierarchical
multinomial-processing-tree modeling. Behavior Research Methods.
https://doi.org/10.3758/s13428-017-0869-7
Heck, D. W., & Erdfelder, E. (2017). Linking process and measurement models of recognitionbased decisions. Psychological Review, 124, 442–471.

INDIVIDUAL ADAPTIVITY IN USE OF RECOGNITION

32

Hilbig, B. E., Erdfelder, E., & Pohl, R. F. (2010). One-reason decision-making unveiled: A
measurement model of the recognition heuristic. Journal of Experimental Psychology:
Learning, Memory, and Cognition, 36, 123–134.
Hilbig, B. E., Michalkiewicz, M., Castela, M., Pohl, R. F., & Erdfelder, E. (2015). Whatever the
cost? Information integration in memory-based inferences depends on cognitive effort.
Memory & Cognition, 43, 659–671.
Hoffrage, U. (2011). Recognition judgments and the performance of the recognition heuristic
depend on the size of the reference class. Judgment and Decision Making, 6(1), 43.
Hoffrage, U., Hafenbrädl, S., & Marewski, J. N. (in press). The fast-and-frugal heuristics
program. In L. J. Ball & V. A. Thompson (Eds.), International Handbook of Thinking &
Reasoning. Basingstoke, UK: Routledge.
Horn, S. S., Pachur, T., & Mata, R. (2015). How does aging affect recognition-based inference?
A hierarchical Bayesian modeling approach. Acta Psychologica, 154, 77–85.
Horn, S. S., Ruggeri, A., & Pachur, T. (2016). The development of adaptive decision making:
Recognition-based inference in children and adolescents. Developmental Psychology, 52,
1470–1485.
Jeffreys, H. (1961). Theory of probability. Oxford, UK: Clarendon Press.
Josef, A. K., Richter, D., Samanez-Larkin, G. R., Wagner, G. G., Hertwig, R., & Mata, R.
(2016). Stability and change in risk-taking propensity across the adult life span. Journal
of Personality and Social Psychology, 111, 430–450.
Kämmer, J. E., Gaissmaier, W., Reimer, T., & Schermuly, C. C. (2014). The adaptive use of
recognition in group decision making. Cognitive Science, 38, 911–942.

INDIVIDUAL ADAPTIVITY IN USE OF RECOGNITION

33

Katsikopoulos, K. V., Schooler, L. J., & Hertwig, R. (2010). The robust beauty of ordinary
information. Psychological Review, 117, 1259–1266.
Kellen, D., Pachur, T., & Hertwig, R. (2016). How (in) variant are subjective representations of
described and experienced risk and rewards? Cognition, 157, 126–138.
Klauer, K. C. (2010). Hierarchical multinomial processing tree models: A latent-trait approach.
Psychometrika, 75, 70–98.
Koriat, A. (2007). Metacognition and consciousness. In P. D. Zelazo, M. Moscovitch, and E.
Thompson (Eds.), The Cambridge handbook of consciousness (pp. 289–325). New York:
Cambridge University Press.
Lange, K., Kühn, S., & Filevich, E. (2015). “Just Another Tool for Online Studies” (JATOS): An
Easy Solution for Setup and Management of Web Servers Supporting Online Studies.
PLoS ONE, 10(6), e0130834. http://doi.org/10.1371/journal.pone.0130834
Lee, M. D., & Wagenmakers, E.-J. (2013). Bayesian modeling for cognitive science: A practical
course. Cambridge, United Kingdom: Cambridge University Press.
Lindenberger, U., & von Oertzen, T. (2006). Variability in cognitive aging: From taxonomy to
theory. In F.I.M. Craik & E. Bialystok (Eds.), Lifespan cognition: Mechanisms of change
(pp. 297–314).Oxford, UK: University Press.
Maniscalco, B., & Lau, H. (2012). A signal detection theoretic approach for estimating
metacognitive sensitivity from confidence ratings. Consciousness and Cognition, 21(1),
422–430. http://doi.org/10.1016/j.concog.2011.09.021
Marewski, J. N., Pohl, R. F., & Vitouch, O. (Eds.). (2010). Recognition-based judgments and
decisions: Introduction to the special issue. Judgment and Decision Making (Vol. 1, pp.
207–215). Retrieved from http://journal.sjdm.org/vol5.4.html

INDIVIDUAL ADAPTIVITY IN USE OF RECOGNITION

34

Mata, R. (2005). A neurocomputational approach to decision making and aging. Artificial Neural
Networks: Formal Models and Their Applications–ICANN 2005, 411–416.
Matzke, D., Dolan, C. V., Batchelder, W. H., & Wagenmakers, E.-J. (2015). Bayesian estimation
of multinomial processing tree models with heterogeneity in participants and items.
Psychometrika, 80, 205–235.
McCloy, R., Beaman, C. P., Frosch, C., & Goddard, K. (2010). Fast and frugal framing effects?
Journal of Experimental Psychology: Learning, Memory, and Cognition, 36, 1042–1052.
Michalkiewicz, M., & Erdfelder, E. (2016). Individual differences in use of the recognition
heuristic are stable across time, choice objects, domains, and presentation formats.
Memory & Cognition, 44, 454–468.
Newell, B. R., & Shanks, D. R. (2004). On the role of recognition in decision making. Journal of
Experimental Psychology: Learning, Memory, and Cognition, 30, 923–935.
Norman, E., Price, M. C., and Jones, E. (2011). Measuring strategic control in artificial grammar
learning. Conscious. Cogn. 20, 1920–1929. doi: 10.1016/j.concog.2011.07.008
Nunez, M. D., Srinivasan, R., & Vandekerckhove, J. (2015). Individual differences in attention
influence perceptual decision making. Frontiers in Psychology. doi:
10.3389/fpsyg.2015.00018
Pachur, T., Bröder, A., & Marewski, J. (2008). The recognition heuristic in memory-based
inference: Is recognition a non-compensatory cue? Journal of Behavioral Decision
Making, 21, 183–210.
Pachur, T., & Hertwig, R. (2006). On the psychology of the recognition heuristic: Retrieval
primacy as a key determinant of its use. Journal of Experimental Psychology: Learning,
Memory, and Cognition, 32, 983–1002.

INDIVIDUAL ADAPTIVITY IN USE OF RECOGNITION

35

Pachur, T., Mata, R., & Schooler, L. J. (2009). Cognitive aging and the adaptive use of
recognition in decision making. Psychology and Aging, 24, 901–915.
Pachur, T., Todd, P. M., Gigerenzer, G., Schooler, L. J., & Goldstein, D. G. (2011). The
recognition heuristic: A review of theory and tests. Frontiers in Cognitive Science, 2:
147.
Plummer, M. (2003). JAGS: A program for analysis of Bayesian graphical models using Gibbs
sampling. Proceedings of the 3rd International Workshop on Distributed Statistical
Computing, 124, 125.
Pohl, R. F. (2006). Empirical tests of the recognition heuristic. Journal of Behavioral Decision
Making, 19, 251–271.
Pohl, R. F. & Hilbig, B. E. (2012). The role of subjective linear orders in probabilistic inferences.
Psychonomic Bulletin & Review, 19,1178-1186.
Pohl, R. F., Michalkiewicz, M., Erdfelder, E. & Hilbig, B. E. (in press). Use of the recognition
heuristic depends on the domain’s recognition validity, not on the recognition validity of
selected sets of objects. Memory & Cognition. Advance online publication. doi:
10.3758/s13421-017-0689-0
Rao, A. R., & Monroe, K. B. (1989). The effect of price, brand name, and store name on buyers’
perceptions of product quality: An integrative review. Journal of Marketing Research,
351–357.
Rausch, M., Müller, H. J., & Zehetleitner, M. (2015). Metacognitive sensitivity of subjective
reports of decisional confidence and visual experience. Consciousness and Cognition, 35,
192–205.

INDIVIDUAL ADAPTIVITY IN USE OF RECOGNITION

36

Rosburg, T., Mecklinger, A., & Frings, C. (2011). When the brain decides: A familiarity-based
approach to the recognition heuristic as evidenced by event-related brain potentials.
Psychological Science, 22, 1527–1534.
Sandberg, K., Timmermans, B., Overgaard, M., and Cleeremans, A. (2010). Measuring
consciousness: is one measure better than the other? Conscious. Cogn. 19, 1069–1078.
doi: 10.1016/j.concog.2009.12.013
Schweickart, O., & Brown, N. R. (2014). Magnitude comparison extended: How lack of
knowledge informs comparative judgments under uncertainty. Journal of Experimental
Psychology: General, 143, 273–294.
Siedlecka, M., Paulewicz, B., & Wierzchoń, M. (2016). But I Was So Sure! Metacognitive
Judgments Are Less Accurate Given Prospectively than Retrospectively. Consciousness
Research, 218. http://doi.org/10.3389/fpsyg.2016.00218
Siegler, R. S. (1987). The perils of averaging data over strategies: An example from children’s
addition. Journal of Experimental Psychology: General, 116, 250–264.
Steingroever, H., Pachur, T., Šmíra, M., & Lee, M. D. (2017). Bayesian techniques for analyzing
group differences in the Iowa Gambling Task: A case study of intuitive and deliberate
decision-makers. Psychonomic Bulletin & Review. https://doi.org/10.3758/s13423-0171331-7
Thiele, J. E., Haaf, J. M., & Rouder, J. N. (in press). Is there variation across individuals in
processing? Bayesian analysis for systems factorial technology. Journal of Mathematical
Psychology. https://doi.org/10.1016/j.jmp.2017.09.002

INDIVIDUAL ADAPTIVITY IN USE OF RECOGNITION

37

Wierzchoń, M., Asanowicz, D., Paulewicz, B., & Cleeremans, A. (2012). Subjective measures of
consciousness in artificial grammar learning task. Consciousness and Cognition, 21(3),
1141–1153. http://doi.org/10.1016/j.concog.2012.05.012
Wright, J. C., & Murphy, G. L. (1984). The utility of theories in intuitive statistics: The
robustness of theory-based judgments. Journal of Experimental Psychology: General,
113, 301–322.

INDIVIDUAL ADAPTIVITY IN USE OF RECOGNITION

38

Table 1
Stimulus Materials Used in the Inference Task and Recognition Rates
City name

% of participants

Mean reported

recognizing the item

further knowledgea

Confidence in
recognition judgmenta

Population criterionb

Distance criterionc

Istanbul

97.98

40.79

96.75

13,000,000

2994

Seoul

96.97

43.5

96.43

10,000,000

6783

Munich

95.96

41.75

96.81

1,400,000

4567

Prague

94.95

36.62

95.78

1,240,000

4446

Milan

93.94

39.77

93.72

5,200,000

4663

Cape Town

92.93

34.57

94.45

3,000,000

7642

Lima

88.89

29.63

92.15

7,500,000

14813

Oslo

81.82

30.33

93.05

634,000

5138

Vilnius

11.11

5.86

86.03

535,000

4091

Malindi

10.1

5.06

81.68

207,000

3666

Vientiane

9.09

5.93

87.09

783,000

4934

Changsha

8.08

4.34

87.24

7,000,000

5685

Ouagadougou

5.05

4.36

86.21

1,600,000

6106

Fuyang

4.04

2.91

81.08

1,700,000

5073

Erdenet

3.03

4.73

89.93

86,000

4955

Note. aScaled from 0 to 100 b Number of inhabitants (retrieved from www.wikipedia.org) c Flying distance to Dubai in km (retrieved from
www.distancecalculator.globefeed.com)
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Table 2
Measures of the Comparative Judgment Task as a Function of Domain (Population vs. Distance)
Ms
Measure

Population

Proportion of accurate judgments

SDs
Distance

Population

Distance

.68

.60

.08

.10

Choice of recognized object (RH accordance rate)

.87

.64

.15

.23

Recognition validity 

.77

.45

.08

. 09

Knowledge validity 

.62

.68

.18

.16

RT UU

2421

3122

1645

3270

RT RU+

2222

3453

1940

6279

RT RU−

2770

3505

3425

6091

RT RR

2504

3410

2351

4434

Confidence in comparative judgment (UU)

25.26

24.75

18.09

18.62

Confidence in comparative judgment (RU−)

32.31

33.13

21.45

19.15

Confidence in comparative judgment (RU+)

53.26

43.61

18.58

20.84

Confidence in comparative judgment (RR)

55.16

54.92

17.40

19.95

Note. RH = recognition heuristic; RU = trials in the inference task in which one of the two items was recognized; RR = trials in which
both items were recognized; UU = trials in which both items were unrecognized; RU+ = choice of recognized object; RU− = choice of
unrecognized object; RH accordance rate: proportion of RU trials in which the recognized item is chosen; RT = response time in ms
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Table 3
Means, Standard Deviations, and Correlations, of Latent-Trait Model Parameters (Population-Level Posteriors)
Mean µ

Variability σ

Model
parameter

Correlations ρ
r POP

r DIST

a POP

a DIST

b POP

b DIST

g POP

r POP

0.79

[0.69, 0.87]

1.46

[1.17, 1.86]

r DIST

0.22

[0.11, 0.33]

1.63

[1.30, 2.09]

[0.15, 0.58]

1

a POP

0.77

[0.76, 0.79]

0.10

[0.01, 0.18]

[−0.20, 0.74]

[−0.29, 0.63]

1

a DIST

0.45

[0.44, 0.47]

0.10

[0.02, 0.17]

[−0.65, 0.26]

[−0.48, 0.39]

[−0.85, 0.26]

1

b POP

0.64

[0.61, 0.67]

0.26

[0.18, 0.35]

[−0.68, −0.17]

[−0.52, 0.07]

[−0.66, 0.39]

[−0.49, 0.54]

1

b DIST

0.67

[0.64, 0.70]

0.31

[0.24, 0.38]

[−0.26, 0.26]

[−0.27, 0.26]

[−0.37, 0.60]

[−0.73, 0.14]

[−0.32, 0.34]

1

g POP

0.57

[0.53, 0.60]

0.31

[0.19, 0.43]

[−0.76, −0.27]

[−0.63, −0.07]

[−0.74, 0.30]

[−0.36, 0.66]

[0.08, 0.73]

[−0.37, 0.31]

1

g DIST

0.54

[0.51, 0.57]

0.19

[0.07, 0.30]

[−0.15, 0.63]

[−0.05, 0.67]

[−0.44, 0.71]

[−0.70, 0.38]

[−0.57, 0.32]

[−0.11, 0.72]

[−0.77, 0.05]

g DIST

1

1

Note. Probability of reliance on recognition (model parameter r), validity of recognition (parameter a), and validity of knowledge (parameter b) as a function of
task domain; µ, σ, and ρ refer to estimated population-level mean, standard deviation, and correlation, respectively, of the posterior model parameter estimates;
95% credibility intervals are in brackets; for the correlations, intervals that do not include zero are marked in boldface; the means of the latent-trait parameters
are on the probability scale; standard deviations and correlations are on the probit scale; POP = population domain; DIST = distance domain.

INDIVIDUAL ADAPTIVITY IN USE OF RECOGNITION

41

Figure Legends
Figure 1. Tasks used in the study. Each participant completed three tasks. (A) Recognition
task, in which participants reported whether they had heard of a given city before, how confident
they were of recognizing it, and how much further knowledge they had about the city. (B)
Comparative judgment task, in which participants chose, for each of 70 pairs, which of two cities
was more populous (population domain) or closer to a geographical reference point (distance
domain). Participants additionally indicated their confidence in their own responses. (C) A
ranking task, in which participants sorted cities along their estimated values on the criterion
dimension.

Figure 2. Adaptivity in recognition use at the individual level. (A) Change score of
recognition use for each participant (difference in parameter r between domains, Δr = r
POPULATION

– r

DISTANCE).

A clear majority of participants uses the RH more likely when

recognition validity is higher (in the population domain) but the magnitudes of this change are
highly variable. (B) Model parameter r (reliance on recognition) plotted against the individual
recognition validities (α) for the population and distance domains.

Figure 3. Confidence in the comparative judgments. (A) Mean individual confidence reports
plotted against recognition validity α in each domain. (B) Difference in mean individual
confidence between Population and Distance domains (for RU+ trials, where the recognized city
name is chosen) plotted against corresponding differences in α. (C) Distributions and group
means (horizontal bars) of confidence reports as a function of trial type and domain (population,
distance).
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Appendix A
Description of the Multinomial Processing Tree Model
Multinomial processing tree (MPT) models (see Batchelder & Riefer, 1999, and
Erdfelder et al., 2009, for reviews) treat categorical response frequencies as probabilistic
realizations of underlying cognitive states that are represented by model parameters. The MPT rmodel (Hilbig, Erdfelder, & Pohl, 2010), used in the present analyses, can be illustrated in form
of a tree diagram (Figure A1).
PLEASE INSERT FIGURE A1 ABOUT HERE
Figure A1. Illustration of the MPT r-model with parameters b (validity of further knowledge), g
(probability of a correct guess), r (probability of reliance on recognition), and a (recognition
validity).
The model accounts for three possible cases (trial types) in a comparative judgment task (i.e.,
RR, RU, and UU cases), represented by J = 3 separate trees. In each of the model trees, possible
responses are assigned to one of the K mutually exclusive outcome categories Cjk, distinguishing
between inference accuracy (correct vs. false) and choice of recognized (+) versus unrecognized
(−) items. In the context of the present analyses, the upper tree refers to the case where both city
names are recognized (RR case) and therefore further information (beyond mere name
recognition) comes into play, leading to a correct inference with probability b and to an incorrect
inference with complementary probability 1 − b. Parameter b thus indexes the validity of further
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information (beyond recognition) in conceptual equivalence to knowledge validity β. The second
tree represents the case where only one of the two city names is recognized (RU case) and the
RH can therefore be applied. With probability r, the decision maker uses recognition as a cue and
chooses the recognized name. This leads to a correct inference with probability a and to an
incorrect inference with probability 1 − a. Parameter a measures the association between
recognition and the criterion variable, in equivalence to the recognition validity α (Goldstein &
Gigerenzer, 2002). With complementary probability 1 − r, the inference is based on further
information beyond recognition (or any other strategy). This leads to a correct inference with
probability b. The recognized object is then chosen with probability a and the unrecognized
object is chosen with probability 1 − a. With probability 1 − b, the inference is incorrect. The
unrecognized item is then chosen with probability a and the recognized item is chosen with
probability 1 − a. In the bottom tree, neither city is recognized (UU case) and the decision maker
makes a correct inference with probability g (e.g., by making a guess). We employed a
hierarchical Bayesian implementation of the r-model that accounts for individual variability and
covariances among parameters. Further details are in Appendix B.
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Appendix B
Graphical Model of the Hierarchical Bayesian Implementation
PLEASE INSERT FIGURE B1 ABOUT HERE
Figure B1. The graph structure illustrates a hierarchical latent-trait version (see Klauer, 2010,
and Matzke et al., 2015, for further details) of the multinomial r-model, which is described in
Appendix A. A model for one measurement domain is shown. Displayed are dependencies (i.e.,
probabilistic and deterministic relations) among latent model parameters and the data. Following
conventional notation, observed variables are symbolized by shaded nodes, latent variables by
unshaded nodes, continuous variables by circular nodes, and discrete variables by square nodes
(Lee & Wagenmakers, 2013). The plates indicate replications over the J = 3 different model trees
(i.e., the three different trial types in the comparative judgment task: RR, RU, and UU cases) and
over I individuals. For each individual i, the response data xij (a vector with a participant’s
category counts in a tree) follow a multinomial distribution with category probabilities Θij and
number of observations nij, as defined in the r-model (see Appendix A for the tree structure).
The individual-level parameters πi = (bi, gi, ai, ri) are modeled (in probit-transformed
space) as πi ← Φ (μπ + ξπ·δiπ) and hence represent linear combinations of a group-level mean μπ
~ N(0,1), a multiplicative scaling parameter, ξπ ~ U(0,10), and an individual displacement
parameter δiπ that is drawn from a multivariate normal distribution with mean vector 0 and
covariance matrix Σ−1 ~ Wishart (I, 5) prior distribution. For the present purposes, we adapted
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the modeling code as described in Lee and Wagenmakers (2013) and in Matzke et al. (2015). In
addition, we verified our results with the TreeBugs package for R by Heck, Arnold, and Arnold
(in press).
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Appendix C
Logistic Mixed Model Analysis

We used mixed logistic regression models to quantify metacognitive sensitivity by comparing
judgment accuracy for high-confidence trials vs. that for low-confidence trials. This method
accounts for differences in confidence biases between participants (Rausch, Müller, &
Zehetleitner, 2015; Wierzchoń, Asanowicz, Paulewicz, & Cleeremans, 2012). Logistic
regression models describe the relationship between a binary outcome variable (in our case,
response accuracy in the comparative judgment task) and several predictors (reported
confidence). With mixed models, it is possible to directly analyze individual (and not the pooled)
trials, while taking into account that multiple trials correspond to a single participant by
assigning a different intercept and/or slope to each individual. Logistic regression models assume
a linear relationship between the logarithm of the odds of the two possible outcomes and the
modeled predictors (i.e., confidence) which is not always satisfied. For this reason, Rausch et al.
recommended the use of other measures of metacognitive (“type 2”) sensitivity, such as meta-d’
(Maniscalco & Lau, 2012). These measures, however, rely on further assumptions of signaldetection theory (SDT). While there is ample evidence that well-controlled visual stimuli can be
successfully modeled with SDT, this may not be warranted for comparative judgments, as in the
present study. Therefore, we followed Siedlecka, Paulewicz, and Wierzchoń (2016) and
operationalized metacognitive sensitivity as the slope of the mixed logistic regression model with
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judgment accuracy as the dependent variable and confidence as the predictor. We specified the
model, including task domain (distance or population) and confidence, together with their
interaction, as fixed effects. We also included individual city pairs (regardless of the presented
order) and participant as random intercepts, and a random slope for the effect of confidence,
thereby accounting for differences in metacognitive sensitivity between participants. We scaled
and centered confidence as the only numerical predictor. We specified the models using the lme4
package for R (version 3.3.0) and report the p-values from a likelihood-ratio test.
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