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Abstract In paired comparisons based on which of two ob-
jects has the larger criterion value, decision makers could use
the subjectively experienced difference in retrieval fluency of
the objects as a cue. According to the fluency heuristic (FH)
theory, decision makers use fluency—as indexed by recogni-
tion speed—as the only cue for pairs of recognized objects,
and infer that the object retrieved more speedily has the larger
criterion value (ignoring all other cues and information).
Model-based analyses, however, have previously revealed
that only a small portion of such inferences are indeed based
on fluency alone. In the majority of cases, other information
enters the decision process. However, due to the specific ex-
perimental procedures, the estimates of FH use are potentially
biased: Some procedures may have led to an overestimated
and others to an underestimated, or even to actually reduced,
FH use. In the present article, we discuss and test the impacts
of such procedural variations by reanalyzing 21 data sets. The
results show noteworthy consistency across the procedural
variations revealing low FH use. We discuss potential expla-
nations and implications of this finding.
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Fluency

In typical tasks used to study inferential decision making,
participants receive pairs of objects and are asked to infer
which of the two objects has the larger criterion value—for
example, which of two cities is more populous (e.g., Goldstein
& Gigerenzer, 2002; Pohl, 2006). Given that participants typ-
ically do not possess any direct criterion knowledge, they need
to infer the criterion value from further probabilistic knowl-
edge (termed “cues”)—for example, whether or not the cities
have an international airport. In such a situation, participants
could also rely on the fluency of memory retrieval (of an
object’s name) as a cue, inferring that the object retrieved
more speedily has the larger criterion value. This is what
Schooler and Hertwig (2005) proposed as the “fluency heu-
ristic” (FH) a decade ago. In the next section, we describe both
their approach and the different methods to measure FH use.
Then we discuss the procedures used in studies that have
inves t iga ted the FH so far, and argue tha t , for
methodological reasons, some of these studies may have
overest imated FH use, whereas others may have
underestimated it, or actually changed the FH use itself.
Next, we test the impacts of such procedural variations by
reanalyzing the data from several studies that were based on
different procedures. The main result of this endeavor is that
FH use is consistently low, despite some critical procedural
variations. In the final section, we discuss potential
explanations of our findings and more general implications
for fluency as a cue in inferential decision making.

The fluency heuristic

Schooler and Hertwig (2005) introduced the FH as a simple,
one-reason inferential strategy that could be applied whenev-
er, in a pair of recognized objects, one of the object names is
retrieved more speedily from memory than the other, thus
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leading to a subjectively perceivable difference in retrieval
fluency (see Herzog & Hertwig, 2013, for a recent
overview). Schooler and Hertwig suggested that a minimum
retrieval-time difference of 100 ms could be detected. Object
pairs that conform to this condition are called fluency-
heterogeneous. This notion reflects the finding that not the
absolute levels of fluency, but rather differences in fluency,
are often the more powerful cue (see, e.g., Wänke &
Hansen, 2015; Whittlesea & Williams, 2000). In this case,
the object retrieved more speedily should be chosen, on the
basis of fluency alone and irrespective of any further cue
knowledge or other information. As a proxy for retrieval flu-
ency, Schooler and Hertwig proposed the recognition speed of
each object, which can be assessed in a separate recognition
test (see Hertwig, Herzog, Schooler, & Reimer, 2008). So far,
all empirical studies investigating the FH have used recogni-
tion speed as a proxy for retrieval fluency.

In some studies, the adequacy of the FH as a description of
decision-making behavior was assessed by simply counting
how often the FH predicted participants’ choices correctly—
that is, how often the more speedily recognized object was
indeed chosen. This adherence (or accordance) rate is typi-
cally substantial and reliably above chance level. For example,
Hertwig et al. (2008, Exp. 3) reported values of .63, .68, and
.74 (for different content domains). Similarly, in two of our
own studies (Hilbig, Erdfelder, & Pohl, 2011, and Hilbig &
Pohl, 2009, Exp. 3, as reanalyzed by Hilbig, 2010), the adher-
ence rates were .63 and .68, respectively. That is, in about two
thirds of all potential cases, participants’ choices were as pre-
dicted by the FH. However, the adherence rate does not pro-
vide a suitable estimate of how often participants actually used
the FH, because the more speedily recognized object could
have been chosen for a number of reasons, only one of them
being fluency differences alone. In other words, the adherence
rate is a confounded measure, contaminated by the influences
of several distinct processes (cf. Bröder & Schiffer, 2003;
Fiedler, 2010; Goldstein & Gigerenzer, 2002; Hilbig, 2010;
Hilbig & Pohl, 2008).

To remedy this problem and disentangle the different
processes that lead to choosing the more speedily recognized
object, Hilbig et al. (2011) proposed a multinomial
processing-tree model, the r–s model. Models of this type
generally explain observable categorical data (like choice fre-
quencies) through a set of latent parameters (see Erdfelder
et al., 2009, for an overview). In this case, the parameters
represent the probabilities of underlying cognitive processes
leading to the observed outcomes. Model fits and differences
in the parameter values can be tested via maximum-likelihood
techniques (see Hu & Batchelder, 1994, and Batchelder &
Riefer, 1999, for details). The r–s model comprises several
such parameters, of which the parameter s is the one that is
primarily relevant for our present purpose. This parameter
provides an uncontaminated measure of FH use—that is, the

probability of choosing the more speedily recognized object
(in fluency-heterogeneous pairs) on the basis of fluency dif-
ferences alone, and thus ignoring any other knowledge or
information. Estimates of s are typically much lower
than adherence rates. Hilbig et al. (2011) reported an av-
erage s estimate of only .23. Similarly, Schwikert and
Curran (2014) found s estimates of .16 (Exp. 1) and .21
(Exp. 2). All of these values are rather low, but signifi-
cantly larger than zero (as tested via the decrement in fit
of the r–s model when assuming s = 0). Thus, we may
conclude that the FH was indeed applied, but in a rather
small portion of the potentially applicable cases only (see
also Marewski & Schooler, 2011, for similar conclusions).
However, except for Hertwig et al.’s (2008) Experiment 3,
all of the studies designed (or later reanalyzed) to investi-
gate FH use (i.e., Hertwig, Pachur, & Kurzenhäuser, 2005,
Exp. 2; Hilbig & Pohl, 2009, Exp. 3; Hilbig et al., 2011;
Marewski & Schooler, 2011, Exps. 1–3; Pachur &
Hertwig, 2006, Exp. 2; Schwikert & Curran, 2014, Exps.
1 and 2; Volz, Schooler, & von Cramon, 2010) could be
criticized for having adopted experimental procedures that
may have led to biased estimates of FH use—namely,
either to an overestimation of FH use, thus suggesting that
the true probability of FH use is even lower, or to a
reduction or underestimation of FH use, thus suggesting
that the true probability of FH use is larger than those
proposed by Hilbig et al. (2011) and Schwikert and
Curran (2014). We discuss these problems in the next
section.

Experimental procedures and their potential impacts

A typical study testing the FH (and other heuristics) involves a
recognition task and a paired-comparison inference task. In
the recognition task, participants receive a list of objects
(e.g., cities) in random or alphabetical order and judge for each
object whether or not they recognize it. The recognition times
are measured and used as a proxy for retrieval fluency. In the
paired-comparison task, participants receive a list of pairs,
created using the same set of objects (e.g., cities). For each
of these pairs, they are asked to infer which of the two objects
has the larger criterion value (e.g., population).

A closer look at such studies reveals that two of the proce-
dures may potentially bias measures of FH use, or may even
affect FH use itself, namely (a) the task order, in several stud-
ies that have assessed retrieval fluency via a recognition task
performed after the inference task (and not prior to it), and (b)
the repeated presentation of objects, in several studies that
have presented the same objects repeatedly during the infer-
ence task (rather than only once). In the following sections, we
consider the potential problems induced by these procedures
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in detail. Both may arguably have led to a biased assessment
of FH use.

Problem 1: Task order

In several studies, the recognition task followed rather than
preceded the inference task (Hertwig et al., 2008, Exp. 4;
Hilbig & Pohl, 2009, Exp. 3; Hilbig et al., 2011; Marewski
& Schooler, 2011, Exps. 1–3; Pachur & Hertwig, 2006, Exp.
2; Volz et al., 2010). One reason for choosing this task order
could be to prevent alerting participants to specific cues of the
object set (like recognition or fluency) prior to the inference
task. However, placing the recognition task at the end neces-
sarily means that every object has already been presented,
and—if recognized—retrieved at least once from memory
during the inference task—that is, before the recognition times
are assessed. Presentation and subsequent retrieval both will
arguably strengthen the memory representations of the respec-
tive objects. As a consequence, retrieval times would on av-
erage be shorter (i.e., objects would be recognized more flu-
ently) if the recognition task is placed at the end rather than at
the beginning (henceforth referred to as Proposition 1). If one
further assumes that retrieval times follow the power law of
practice (or an exponential decay function; cf. Heathcote,
Brown, &Mewhort, 2000) as is standard in theories of repeat-
ed memory retrieval (see, e.g., Anderson & Schooler, 1991;
Schooler & Hertwig, 2005), then the differences in retrieval
times between recognized objects will, on average, be smaller
if the recognition task is placed at the end (Proposition 2).
Volz et al. (2010, p. 832) voiced this concern as follows:
“We would expect that the recognition latencies would be
faster, because the cities [that were used as materials] would
have been recently seen in the inference task. As a result, we
may be underestimating the absolute differences in retrieval
fluency between items.” If, in turn, retrieval-time differences
fall below the critical threshold, then the number of pairs iden-
tified as fluency-heterogeneous (i.e., pairs with sufficiently
different retrieval times) will also be smaller if the recognition
task is given at the end (Proposition 3), because an unknown
number of objects may have approached their lower asymp-
totic retrieval-time level. In other words, the set of potential
FH pairs is artificially reduced and does not capture all truly
fluency-heterogeneous pairs in the preceding inference task.
Correspondingly, and assuming that participants base their
decisions on the experienced fluency differences in the infer-
ence task, the probability of FH use may well be
overestimated relative to a condition in which the recognition
task comes first (Proposition 4). This occurs simply because
not all of the actually fluency-heterogeneous pairs in the in-
ference task may be uncovered by the later recognition task.
As a consequence, FH use would be estimated on only a
subset of those pairs in which an individual might actually
have used the FH, but this subset most likely consists of the

object pairs that originally showed the largest retrieval-time
differences. Hilbig et al. (2011) reported that use of the FH
increased with the retrieval-time difference, as does the valid-
ity of fluency as a cue (Hertwig et al., 2008). Hence, the
probability of FH use may be overestimated if the subset of
FH-applicable cases is determined after the inference task.

Problem 2: Repeated presentations

The second procedural variation mentioned above could lead
to an underestimation of FH use, or even to a reduction in
actual FH use, thus producing a result opposite to that from
Proposition 4. Several studies have used exhaustive pairings
of all objects in the inference task (Hilbig & Pohl, 2009, Exp.
3; Hilbig et al., 2011; Pachur & Hertwig, 2006, Exp. 2;
Schwikert & Curran, 2014, Exps. 1 and 2). This means that,
for example, if 25 objects are included, each object is present-
ed 24 times throughout the inference task. As a consequence,
the time to retrieve each object from memory (as the basis for
subjectively experienced fluency) will decrease with repeated
presentations (henceforth referred to as Proposition 5), and so
will the differences in retrieval times between recognized ob-
jects (Proposition 6). The preconditions for these two propo-
sitions to hold are the same as for Problem 1. Again, assuming
that more and more fluency differences fall below the critical
threshold, the number of pairs to which the FH could be ap-
plied (i.e., truly fluency-heterogeneous pairs) will continuous-
ly decrease during the inference task (Proposition 7). Note
that, in contrast to Problem 1, in which the size of the diag-
nosed set of fluency-heterogeneous pairs differed depending
on the task order, the size of this set is constant for the whole
inference task, because recognition times are assessed only
once. Thus, if the subjectively perceived set of fluency-
heterogeneous pairs actually diminishes substantially with re-
peated presentations (as Proposition 7 assumes), but the iden-
tified set of FH pairs remains constant (which is the case), the
relative frequency of FH use must decline—that is, FH use is
underestimated (Proposition 8). Still another possibility is that
FH use actually declines due to the repeated object presenta-
tions: With a reduced number of fluency-heterogeneous pairs,
the discrimination rate of fluency (i.e., the proportion of pairs
in which fluency distinguishes between alternatives) also
drops. In turn, the success rate of fluency (i.e., the proportion
of correct decisions when using fluency as the only cue
throughout the task) also declines, when seen across the whole
set of pairs (Martignon & Hoffrage, 1999; Newell, Rakow,
Weston, & Shanks, 2004). In sum, if truly fluency-
heterogeneous pairs decline across the task, the effort of strat-
egy switching increases, which may motivate decision makers
to discard the FH and rely on some other strategy that is more
often applicable, and thus entails fewer switching costs (see,
e.g., Bröder & Schiffer, 2006). As a consequence, decision
makers might not engage in FH use anymore.
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An additional danger associated with repeated presenta-
tions of the same objects was pointed out by Schweickart
and Brown (2014, p. 285; see also Pohl, 2011):

Because the same items are repeatedly presented across
different pairs, it is possible that, during the course of the
experiment, people create ad hoc cognitive structures
that represent the linear ordering of the items used in
the paired comparison task. As a result, participants
might rely predominantly on these “temporary data sets”
in their comparative judgments, instead of retrieving
information from semantic memory anew on each trial.

That such linear orders are indeed powerful structures in
inferential decision making was shown by Brown and Tan
(2011), Pohl and Hilbig (2012), and Schweickart and Brown
(2014). Subjective retrieval fluency might be helpful to con-
struct such an order in the first place, but not to infer the
answers in single pairs, at least not after such an order has
been established—which, in turn, is arguably fostered by re-
peating the objects. As a consequence, use of the FH may
decrease with repeated presentations of the same objects,
which would thus contribute to a generally low estimate of
FH use.

Empirical evidence

A few studies have reported results that are relevant to the
two problems discussed above. Hertwig et al. (2008, Exp.
3) varied the task order and assessed the accordance rates
of both the recognition heuristic and the FH. They found
that “the order of the recognition and inference tasks had
no statistically significant effect on the accordance to the
fluency and recognition heuristics. . . . None of the im-
plications of the reported analysis changed when analyzing
the two task orders separately” (p. 1199). Similarly,
Schwikert and Curran (2014) also varied the task order
in their Experiment 1 while assessing FH use via the r–
s model (Hilbig et al., 2011). They found, for two differ-
ent materials (U.S. cities and world countries), that the
probability of using the FH did not depend on whether
the recognition task came first or last. So the effect of
task order seems negligible, at least in these two studies.

The latter study (Schwikert & Curran, 2014) is also the
only one so far that has addressed the problem of repeated
presentations of objects. The authors presented each object
exactly four times, separated in four blocks of trials. They then
analyzed FH use for the first and last blocks of trials (i.e., for
the first and fourth presentations of each object) and found
estimates of .15 and .14, respectively, in Experiment 1, and
.20 and .20 in Experiment 2. As such, repetition did not appear
to have any noteworthy influence on FH use.

In sum, the few available data suggest that neither
the task order nor the repeated presentation of objects
in the inference task has an impact on FH use or on
estimates thereof. However, the evidence so far is too
scarce, is not always suited to reaching a firm conclu-
sion, and only one study has addressed both questions
(Schwikert & Curran, 2014). Thus, we set out to rean-
alyze a large set of studies to replicate the reported
findings, preferably across a large set of experiments,
and thus to critically test whether the described experi-
mental procedures may have led to biased assessments
of FH use. We identified 21 recent studies, mainly from
our own lab, that appeared suitable because they had
manipulated the crucial experimental procedures
discussed above, thus allowing for within-experiment
comparisons. In this way, we extend the findings from
Schwikert and Curran by including more diverse exper-
imental situations—namely, by varying the number of
repetitions in the inference task (from two to 24), by
varying the number of trials preceding the final recog-
nition test (from 84 to 300), and by varying the type of
material (see Table 1). Thus, our conclusions are less
limited to a specific experimental setup. Information
on the studies’ sample sizes, the materials used, and
the decision-making criteria are provided in Table 1.

Problem 1: Are there effects of task order?

Of the 21 studies listed in Table 1, 17 included one con-
dition with the recognition task given before the inference
task and another condition with the recognition task given
after the inference task. We compared these two conditions
on a number of measures (see Tables 2, 3 and 4) follow-
ing the four propositions outlined above.

Proposition 1 (decrease in recognition times) To assess
recognition times (as the standard proxy for retrieval
times), we computed the median recognition times per
participant in both task orders. The means of these me-
dians and statistical tests of their difference (one-tailed t
tests) are given in Table 2. The results provide a clear
picture: In 15 of the 17 data sets, recognition times
were shorter (on average across all studies by 219 ms)
whenever the recognition task followed rather than pre-
ceded the inference task. This difference was statistical-
ly significant in 12 of the 15 studies. Thus, the data
clearly corroborate Proposition 1, that recognition times
decrease due to repeated retrieval.

Proposition 2 (decrease in recognition-time differences)
Next we computed the mean recognition-time difference
per participant for all pairs with both objects recog-
nized. The overall means per task order and a statistical
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test of their difference (one-tailed t test) are also given
in Table 2. The results show the predicted trend: In 12
of the 17 studies, the mean recognition-time difference
between the recognized objects was smaller when the
recognition task followed rather than when it preceded
the inference task. The mean overall difference de-
creased on average (across all studies) by 69 ms, from
404 to 335 ms. Out of the 12 studies that showed such
a decrease, seven yielded a statistically significant dif-
ference. Thus, the data are compatible with Proposition
2. However, note that the mean difference in recognition
times was still substantially above the critical limit of
100 ms in all conditions.

Proposition 3 (decrease in number of fluency-
heterogeneous pairs) We computed the mean proportions
of fluency-heterogeneous pairs (i.e., with a recognition-
time difference above 100 ms) out of all pairs with both

objects recognized for each task order. These values cor-
respond to parameter 1–p in the r–s model of Hilbig et al.
(2011), and are given in Table 3. We then duplicated the
r–s model to capture both task orders (with two p esti-
mates, one for each task order). To test whether the two p
parameters differed significantly, we set them equal to
each other and tested the resulting decrement in model
fit (ΔG2). The results are again clear: The proportion of
fluency-heterogeneous pairs was substantially smaller
whenever the recognition task followed rather than preced-
ed the inference task. Out of the 17 included studies, 13
showed this result, and all were statistically significant.
Thus, the data clearly speak for Proposition 3. In absolute
terms, however, the decrease appeared to be rather small:
On average, the proportion dropped by only .04, from .80
to .76. Thus, the large majority of pairs of recognized
objects remained classified as fluency-heterogeneous, even
if the recognition task was placed at the end.

Table 1 Sources and description of the 21 reanalyzed data sets

Data Set Sample Size Materials; Number of Pairs; and Decision Criterion # of Dataa

Castela & Erdfelder (in press)

1 Exp. 1 39 80 of the 150 most populous U.S. cities; 240 pairs; population size? 9,360

2 Exp. 2 33 80 of the 150 most populous U.S. cities; 240 pairs; population size? 7,920

Hilbig, Erdfelder, & Pohl (2011)

3 Exp. 1 66 14 most populous cities of Poland and Austria (excl. the largest ones); 182 pairs; population size? 12,012

Hilbig, Michalkiewicz, Castela, Pohl, & Erdfelder (2015)

4 Exp. 1 23 20 out of the 61 most populous world cities (control group); 190 pairs; population size? 4,370

5 Exp. 2 22 20 out of the 61 most populous world cities (control group); 190 pairs; population size? 4,180

6 Exp. 3 32 84 out of the 100 most populous world cities (control group); 84 pairs; population size? 2,688

Michalkiewicz & Erdfelder (2016)

7 Exp. 1 64 100 out of the 150 most populous U.S. cities (first session); 300 pairs; population size? 19,200

8 Exp. 2 83 25 out of the 61 most populous world cities (first session); 300 pairs; population size? 24,900

9 Exp. 3a 68 25 out of the 100 most successful celebrities 2012; 300 pairs; success? 20,400

10 Exp. 3b 68 25 out of the 100 most successful German movies; 300 pairs; success? 20,400

11 Exp. 3c 64 25 out of the 60 largest islands worldwide; 300 pairs; size? 19,200

12 Exp. 3d 64 25 out of the 100 most successful musicians; 300 pairs; success? 19,200

13 Exp. 4a 87 25 out of the names of the 100 most successful celebrities 2012; 300 pairs; success? 26,100

14 Exp. 4b 87 25 out of the pictures of the 100 most successful celebrities 2012; 300 pairs; success? 26,100

Michalkiewicz, Arden, & Erdfelder (2016)

15 Exp. 1a 44 25 out of the 100 most successful celebrities 2012; 300 pairs; success? 13,200

16 Exp. 1b 48 25 out of the 100 most successful celebrities 2012; 300 pairs; age? 14,400

Michalkiewicz, Minich, & Erdfelder (2016)

17 Exp. 1a 80 25 out of the 60 longest rivers; 300 pairs; length? 24,000

18 Exp. 1b 80 25 out of the 100 most successful musicians; 300 pairs; success? 24,000

Schwikert & Curran (2014)b

19 Exp. 1a 24 100 most populous U.S. cities; 200 pairs; population size? 4,800

20 Exp. 1b 24 100 most populous world countries; 200 pairs; population size? 4,800

21 Exp. 2 34 100 most populous U.S. cities and 100 most populous world countries; 200 pairs each; population size? 13,600

a The number of data is given by the product of the sample size and number of pairs. b We thank Shane Schwikert and Tim Curran for providing us with
the raw data from their two experiments.
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Table 2 Recognition times and recognition-time differences depending
on the task order (Problem 1, Propositions 1 and 2) for the 17 included
data sets: Means of the median recognition times (in milliseconds) for
both task orders, real difference, and test of the difference (one-tailed t

test); and mean recognition-time differences for pairs of recognized
objects (in milliseconds) for both task orders, the real difference, and
test of the difference (one-tailed t test)

Recognition Times (ms) Recognition-Time Differences (ms)

Data
Set

Recognition Task
First

Recognition
Task Last

Difference t Test
df, t, p, d

Recognition
Task First

Recognition
Task Last

Difference t Test
df, t, p, d

4 1,044 967 –77 21, 0.81, .21, 0.34 240 335 95 21, 1.36, .91, 0.57
5 902 1,052 150 20, 1.61, .94, 0.69 255 449 194 20, 2.20, .98, 0.94
6 833 849 16 30, 0.36, .64, 0.13 207 281 74 30, 2.13, .98, 0.75
7 804 702 –102 62, 3.71, <.001*, 0.94 217 180 –37 62, 1.57, .06, 0.40
8 1,224 902 –322 81, 4.99, <.001*, 1.09 492 314 –178 81, 3.48, <.001*, 0.76
9 1,162 921 –241 66, 2.98, .002*, 0.72 432 300 –132 66, 2.41, .009*, 0.59
10 1,366 997 –369 66, 4.41, <.001*, 1.07 529 357 –172 66, 2.96, .002*, 0.72
11 1,344 931 –413 62, 5.45, <.001*, 1.36 627 365 –262 62, 3.80, <.001*, 0.95
12 1,116 917 –199 62, 3.11, .001*, 0.78 397 318 –79 62, 1.38, .09, 0.35
13 1,252 893 –359 85, 6.09, <.001*, 1.31 532 377 –155 85, 2.77, .003*, 0.59
14 1,260 908 –352 85, 4.99, <.001*, 1.07 626 355 –271 85, 3.60, <.001*, 0.77
15 1,203 979 –224 42, 2.76, .004*, 0.84 464 531 67 42, 0.51, .69, 0.15
16 1,324 949 –375 46, 3.71, <.001*, 1.07 500 353 –147 46, 1.74, .045*, 0.50
17 1,087 793 –294 78, 5.44, <.001*, 1.22 443 356 –87 78, 1.03, .15, 0.23
18 1,154 926 –228 78, 4.28, <.001*, 0.96 421 363 –58 78, 1.28, .10, 0.29
19 1,034 922 –112 46, 0.79, .22, 0.23 240 249 9 46, 0.18, .57, 0.05
20 1,029 817 –212 46, 1.39, .09, 0.39 243 208 –35 46, 0.91, .19, 0.26

* Significant difference (p < .05). The effect-size measure is Cohen’s d.

Table 3 Fluency-heterogeneous pairs and probability of FH use,
depending on the task order (Problem 1, Propositions 3 and 4), for the
included 17 data sets: Model fits, estimates of the proportions of fluency-
heterogeneous pairs (parameter 1–p) for both task orders, the difference

Δp (as an effect-size measure; Moshagen, 2010), and test of the
difference; and estimates of FH use (parameter s) for both task orders,
the difference Δs (as an effect-size measure; Moshagen, 2010), and test of
the difference

Proportions of Fluency-Heterogeneous Pairs Probabilities of FH Use

Data
Set

Model Fit
G2(df = 2), p

Recognition
Task First

Recognition
Task Last

Difference
Δp

Model Test
ΔG2(df = 1), p

Recognition
Task First

Recognition
Task Last

Difference
Δs

Model Test
ΔG2(df = 1), p

4 0.78, .68 .74 .78 .04 2.56, .11 .05 .29 .24 11.43, <.001*

5 0.11, .94 .74 .80 .06 7.87, .005* .09 .24 .13 7.92, .004*

6 5.33, .07 .70 .76 .06 4.94, .03* .16 .13 –.03 0.19, .66

7 1.32, .52 .70 .62 –.08 33.70, <.001* .30 .30 .00 0.02, .88

8 1.57, .46 .83 .78 –.05 45.40, <.001* .20 .26 .06 8.30, .004*

9 8.11, .02† .81 .78 –.03 8.87, <.001* .22 .21 –.01 0.13, .72

10 4.21, .12 .84 .80 –.04 20.73, <.001* .16 .25 .09 15.71, <.001*

11 20.41, <.001† .87 .79 –.08 69.89, <.001* .27 .27 .00 0.01, .92

12 5.36, .07 .82 .75 –.07 58.00, <.001* .29 .28 –.01 0.08, .78

13 4.12, .13 .86 .80 –.06 45.71, <.001* .21 .22 .01 0.29, .59

14 22.50, <.001† .85 .80 –.05 20.71, <.001* .22 .29 .07 6.85, <.001*

15 2.66, .27 .81 .81 .00 0.45, .50 .25 .22 –.03 0.67, .41

16 97.61, <.001† .85 .77 –.08 39.81, <.001* .00 .00 .00 0.00, 1.00

17 16.44, <.001† .83 .80 –.03 102.70, <.001* .20 .20 .00 0.08, .78

18 13.46, .001† .84 .73 –.11 20.18, <.001* .30 .27 –.03 2.22, .14

19 1.37, .50 .74 .68 –.06 27.23, <.001* .15 .18 .03 1.91, .17

20 11.57, .003† .72 .68 –.04 9.04, .002* .16 .14 –.02 0.54, .46

†No satisfactory model fit (p < .05). * Significant difference (p < .05).
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Proposition 4 (overestimation of FH use) The probabilities
of FH use were estimated via parameter s of the r–s model,
again including both task orders. These estimates are summa-
rized in Table 3. The difference in FH use between the two
task orders was tested by setting the two s parameters in the
r–s model equal to each other and testing the resulting dec-
rement in model fit (ΔG2). The results showed that estimates
of FH use did not differ depending on whether the recogni-
tion task was placed at the beginning or at the end. The
corresponding average probabilities were .19 and .22, re-
spectively, with 12 of the 17 studies showing no significant
difference (and also no consistent numerical trend). Only
five of the 17 data sets were in line with Proposition 4; that
is, they showed a significantly larger probability of FH use
when the recognition task was given after the inference task.
Thus, there is only very limited evidence for Proposition 4,
and we are left to conclude that it does not hold. Note that
this conclusion would not change when discarding data sets
that yielded model misfits.

In sum, we found that placing the recognition test at the end
rather than the beginning of the procedure indeed produces

shorter recognition times, thus decreasing recognition-time
differences and the number of fluency-heterogeneous pairs
in the decision phase of the experiments. However, it does
not affect the estimated probabili t ies of FH use.
Uncontaminated measures such as the s parameter of the r–s
model suggest that FH use is consistently rare, irrespective of
the position of the recognition task in the task sequence.

Problem 2: Are there effects of repeated object
presentations?

The objects in all 21 data sets listed in Table 1 were presented
repeatedly. However, testing Propositions 5–7 turned out to be
a challenge, and only Proposition 8 could be tested in a
straightforward way.

Propositions 5–7 (decreases in recognition times,
recognition-time differences, and numbers of fluency-
heterogeneous pairs) Unfortunately, we do not have any di-
rect measures of retrieval fluency for pairs of objects, let alone
differences between objects or changes in retrieval fluency.

Table 4 FH use depending on object repetitions (Problem 2,
Proposition 8) for the 21 included data sets: Number of object
presentations (k), model fit, estimates of FH use (parameter s) for the

first and last presentations of objects, the difference Δs (as an effect-size
measure; Moshagen, 2010) and test of the difference

Probability of FH Use

Data Set k Model Fit G2(df = 2), p First Object
Presentation

Last Object
Presentation

Difference Δs Model Test
ΔG2(df = 1), p

1 6 2.60, .27 .26 .20 –.06 0.67, .41

2 6 0.38, .83 .36 .29 –.07 0.82, .37

3 13 1.50, .22 .27 .15 –.12 1.73, .19

4 19 2.12, .34 .33 .00 –.33 3.98, .05*

5 19 0.41, .81 .33 .00 –.33 4.17, .04*

6 2 1.83, .40 .14 .15 .01 0.05, .83

7 6 1.18, .55 .31 .32 .01 0.02, .90

8 24 0.64, .73 .22 .29 .07 1.01, .31

9 24 1.02, .60 .31 .13 –.18 2.87, .09

10 24 0.02, .99 .19 .17 –.02 0.02, .88

11 24 1.32, .52 .18 .36 .18 3.44, .06

12 24 1.33, .51 .35 .39 .04 0.22, .63

13 24 1.27, .53 .23 .25 .02 0.02, .88

14 24 7.38, .02† .17 .18 .01 0.02, .91

15 24 0.98, .61 .18 .21 .03 0.06, .81

16 24 12.37, <.01† .00 .00 .00 0.00, 1.00

17 24 5.48, .06 .13 .23 .10 0.84, .36

18 24 1.45, .48 .27 .38 .11 2.86, .09

19 4 1.78, .41 .16 .15 –.01 0.09, .76

20 4 2.47, .29 .14 .13 –.01 0.10, .75

21 4 3.14, .08 .20 .20 .00 0.98, .32

†No satisfactory model fit (p < .05). * Significant difference (p < .05).
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The only data that have been assessed during the inference
task are decision times and choices. Decision times, however,
include the retrieval times for both objects (plus other process-
es), so that not much can be derived from them regarding the
retrieval fluency for each of the two objects (cf. Marewski &
Mehlhorn, 2011; Marewski & Schooler, 2011). Thus, we lack
conclusive data to test Proposition 5, and as a consequence,
also Propositions 6 and 7.

Nevertheless, for several reasons, the case can be made that
all three propositions are likely to hold. First, the data analysis
for the task order (see Problem 1 above) confirmed that the
repeated presentation of objects (i.e., following the inference
task) led to shorter recognition times, smaller recognition-time
differences, and fewer fluency-heterogeneous pairs. Thus, by
analogy, it seems plausible that the same changes would hold
due to repeated presentations during the inference task.
Second, we found two indirect measures that provide some
evidence: (1) We computed the mean decision times for
fluency-heterogeneous pairs in the first and last bins of trials
(with each consecutive bin containing the next presentation of
an object; see below). Corresponding data were available for
17 of the 21 data sets. Decision times declined significantly in
all 17 studies, on average by 952 ms, from the first to the last
bin of trials. Also, (2) one recent study (Castela & Erdfelder, in
press) repeated the recognition task for the same objects three
times (in separate sessions). We reanalyzed the data and found
significantly decreasing recognition times in each of two ex-
periments. In sum, both of these findings—decreasing deci-
sion times and decreasing recognition times—are in line with
the predictions of diminishing retrieval times (Proposition 5)
and the subsequent consequences (as stated in Propositions 6
and 7). Note, however, that these findings cannot be taken as
direct evidence, since the observed declines may also have
been due to other processes (like practice effects or reduced
motivation). Further research would be needed to evaluate
Propositions 5–7 more directly. Nonetheless, the most central
prediction (Proposition 8) can be tested conclusively.

Proposition 8 (underestimation of FH use) For each of the
21 studies, we split the set of inference trials into consecutive
bins according to the number of object presentations.Whereas
Schwikert and Curran (2014) used and repeated a set of pairs
that contained exactly one presentation of each object, the
other studies used random lists of all possible pairs, such that
each bin contained approximately one presentation of each
object. The number of presentations of each object varied
from 2 to 24. We estimated the probability of FH use with
the r–s model (Hilbig et al., 2011), separately for the first and
the last bin (see Table 4). As before, differences in FH use
were assessed by setting the two s parameters for the first and
last bins equal to each other and testing the resulting decre-
ment in model fit (ΔG2).

The results were again clear-cut in showing no difference in
FH use for the first versus the last bin. The mean estimates of
FH use were .23 and .20, respectively. Of the 21 studies, only
two were in line with Proposition 8, showing a statistically
significant decrease in FH use from the first to the last bin,
whereas the remaining 19 showed no significant difference
(and also no consistent numerical trend). Again, removing
the two nonfitting data sets left the results unaltered. Thus,
we conclude that Proposition 8 is not valid. In a nutshell, FH
use proved to be invariant against repeated object presenta-
tions in the binary decision task.

Discussion

In this article, we set out to test whether two typical experi-
mental procedures (recognition task after inference task and
repeated presentation of objects) may have led to a biased
estimation of FH use. To this end, we reanalyzed the data sets
of 21 studies that allowed us to assess the impact of task order
and repeated presentation of objects, thus aiming to replicate
and extend earlier findings (Schwikert & Curran, 2014). By
including more diverse experiments with respect to the num-
ber of object repetitions, number of trials preceding the final
recognition test, and type of materials, our conclusions are less
limited to a specific setup.

With respect to Problem 1, namely the order of tasks (i.e.,
recognition task before or after the inference task), we found
that the mean recognition times were shorter (and thus fluency
larger), the mean difference in recognition times for pairs of
both objects recognized was smaller, and the proportion of
fluency-heterogeneous pairs (with a minimum recognition-
time difference of 100 ms) was smaller, when the recognition
task followed rather than preceded the inference task. Thus,
Propositions 1–3 were confirmed. However, by contrast,
Proposition 4 was refuted: FH use was independent of task
order, with 12 of the 17 data sets showing no difference in the
probabilities of FH use across the two task orders. We thus
consider the practice of assessing recognition times after the
inference task just as appropriate as assessing them before (cf.
Hertwig et al., 2008). In conclusion, the estimates of FH use
reported previously can be considered valid, irrespective of
when recognition times were assessed.

Similarly, for Problem 2, the repeated presentation (and,
potentially, retrieval) of objects had little, if any, effect on
estimates of FH use or on FH use itself. We compared FH
use in the first and last presentations of objects in each of the
21 data sets, and found that 19 data sets did not show signif-
icant differences (nor even a consistent numerical difference),
despite the fact that many of the studies presented objects as
often as 24 times. Thus, Proposition 8 was clearly
disconfirmed. In other words, whether objects are presented
only once or several times during the inference task did not
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appear to influence participants’ FH use (or estimates thereof)
systematically.

In conclusion, the effects of both of the identified proce-
dural problems when assessing FH use seem practically neg-
ligible, so the typically small proportions of FH-based deci-
sions, of only about 20 %, cannot be attributed to these exper-
imental procedures. They should thus be considered unbiased.
Nevertheless, open questions remain: namely, why the impact
of these experimental procedures is so small, and more impor-
tantly, why FH use appears to be rare in general.

Small impact of experimental procedures

Arguably, the preexperimental familiarity differences between
choice objects are so large and stable that both placing the
recognition task at the end of the procedure and presenting
objects repeatedly have only negligible impacts. For example,
a German university student may have heard of San Francisco
a few thousand times, but of San Antonio only a few hundred
times (cf. Schooler & Hertwig, 2005). Thus, a comparably
small number of repeated presentations of these cities during
an experiment will not suffice to substantially increase their
activation strengths in memory, and thus decrease retrieval
times to such a degree that their actual differences are masked
(cf. Volz et al., 2010).

Indeed, our analysis showed that detectable differences in
fluency, and thus a large portion of fluency-heterogeneous
pairs, remained (cf. Marewski & Schooler, 2011; Volz et al.,
2010). On average, between 75 % and 80 % of all pairs when
both objects were recognized were fluency-heterogeneous,
and thus potential FH candidates. The observed decline of this
proportion due to the task order (Problem 1) amounted to only
4 %. The decline of FH pairs due to the repeated presentations
of objects (Problem 2) could hardly exceed this value, because
all repetitions (from two to 24) occurred before the final rec-
ognition task. Thus, the decrease in the number of fluency-
heterogeneous pairs was only minimal, so that participants
had little reason to change their strategies.

Another, but at this point purely speculative, explanation
for the small influence of procedural variations on FH use
borrows from research on perceptual fluency. In this field, it
is common to distinguish between “objective” and “subjec-
tive” fluency (Reber, Wurtz, & Zimmermann, 2004).
Objective fluency is defined as some measure of processing
speed, like reaction times. In contrast, subjective fluency, and
thus the basis of subsequent behavior, may not only depend on
the perceived ease of processing (as captured by objective
measures), but also on additional factors, like the expected
fluency, metacognitions, and attributional processes (see,
e.g., Susser, Jin, & Mulligan, 2016, on metamnemonic be-
liefs). For example, participants may well differentiate wheth-
er experienced fluency stems from the retrieved object itself,
or rather from some external source, the so-called context

(previous encounters, perceptual conditions, etc.; see
Dechêne, Stahl, Hansen, & Wänke, 2009, 2010; Hansen &
Wänke, 2013; Undorf & Erdfelder, 2015). Several studies
have shown that such subjective evaluations of the experi-
enced retrieval fluency could have substantial impact (see
von Helversen, Gendolla, Winkielman, & Schmidt, 2008;
Wänke & Hansen, 2015).

It is, however, questionable whether the influences that
have been found for manipulations of perceptual fluency
also apply to the procedural manipulations discussed here.
One would have to assume that participants are aware that
subjectively experienced increases in retrieval fluency during
an experimental session are merely due to repeated presen-
tations of that object, and are thus not diagnostic of one’s
true familiarity with that object (cf. Dechêne et al., 2009,
2010; Hansen & Wänke, 2013; Undorf & Erdfelder, 2015).
Studying the effect of experimentally manipulated fluency
on FH use, Hertwig et al. (2008, Exp. 4) found that adher-
ence to the FH increased for more fluently processed items,
but the effect was moderated by participants’ memory of the
fluency manipulation: Participants who remembered better
which items had been manipulated showed less increase in
adherence rates. This could be taken as evidence that people
are indeed able to discount fluency as a cue. Such attribu-
tional processes, if shown to be real, could explain why
subjective evaluations of fluency and its use as a cue may
remain fairly constant, even if objective retrieval times de-
crease. Of course, so far this is merely a conjecture that will
require further research.

Low utility (and use) of the FH

The core problem of the FH concept as introduced by
Schooler and Hertwig (2005) appears to be that it limits FH
use to very specific pairs of objects. First, both objects need to
be judged as recognized, since the FH does not apply to pairs
in which only one object is recognized or both objects are
unrecognized. Second, the difference in retrieval times of the
two objects has to be large enough to be subjectively detect-
able. Schooler and Hertwig (2005) pretested and then defined
a minimum recognition-time difference of 100 ms. In pairs of
recognized objects with smaller recognition-time differences,
this difference would not be detected, and the FH could not be
applied. Hilbig et al. (2011) also tested larger recognition-time
differences of up to 1,000 ms as thresholds, but nonetheless
found that FH use was rare, with a maximum estimate of .31
(see also Hertwig et al., 2008, Exp. 3).

A third limiting factor is that the validity of fluency as a cue
is often comparatively low—that is, barely above chance
(.50). The mean fluency validity was only .61 in the simula-
tions by Schooler and Hertwig (2005), and ranged from .58 to
.66 for five different domains in Study 1 of Hertwig et al.
(2008). Furthermore, Volz et al. (2010) found a validity of
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only .55 in their study. In a research overview (including 25
data sets), Herzog and Hertwig (2013) reported a mean fluen-
cy validity of .62, which is significantly above chance, but still
relatively low. Similarly, the fluency validities were .57 and
.60 in the recent Experiments 1 and 2 of Schwikert and Curran
(2014). In our remaining 18 data sets, the fluency validity was
on average .57 (ranging from .44 to .67).

Fourth, Marewski and Schooler (2011) suggested that the
FH is more likely to be applied whenever two objects are
merely recognized—that is, when no further knowledge can
be retrieved. In all other cases, “when further knowledge
about the objects is available, people seem to use
knowledge-based strategies, which tend to be more accurate
than the fluency heuristic for such cases” (Herzog & Hertwig,
2013, p. 204). The reason is that knowledge validity tends to
be greater than fluency validity. For example, the validity of
the knowledge cues that Gigerenzer and Goldstein (1996)
identified for German cities mostly ranged from .71 to .91.
In our 21 data sets, the knowledge validity for fluency-
heterogeneous pairs of recognized cities was somewhat low-
er—namely, on average .65 (ranging from .57 to .74)—but
was still greater than the fluency validity in 16 of the 21 data
sets.

A fifth reason why evidence for FH use should be
expected to be weak can be derived from the memory-
state heuristic theory (Erdfelder, Küpper-Tetzel, &
Mattern, 2011). According to this theory, three different
memory states can underlie recognition judgments: (1)
recognition certainty, (2) uncertainty (leading to guess-
ing), and (3) rejection certainty. For decision criteria
strongly related to object familiarity, it predicts that
the object in the “higher” memory state would tend to
be chosen, which should only hold more so, the larger
the discrepancy in memory states (cf. Castela &
Erdfelder, in press; Castela, Kellen, Erdfelder, &
Hilbig, 2014). Since the FH applies to pairs of recog-
nized objects only, the respective objects are often in
the same memory state, and in some cases in adjacent
states (i.e., recognition certainty for one object and un-
certainty followed by guessing for the other). Hence, the
maximum possible discrepancy in memory states is 1,
whereas for other decisions strategies (like the recogni-
tion heuristic) it is 2 (i.e., recognition certainty and re-
jection certainty). By implication, if people follow the
memory-state heuristic, preference for one of the objects
to which the FH applies can only be weak.

In sum, all of these conditions (i.e., both objects need to be
recognized, the subjectively experienced fluency difference
must be sufficiently large, the fluency validity should be high,
no further knowledge should be available, and discrepancy in
the underlying memory states should be high) limit the utility
of retrieval fluency as a single cue, which in turn may explain
the observed low rates of FH use. This corresponds to the

conclusions of Marewski and Schooler (2011) and Herzog
and Hertwig (2013), based on elaborate simulation studies
within an ACT-R framework.

Marewski and Schooler (2011) proposed that “cognitive
niches” (i.e., a limited number of optimal situations) exist
for every decision-making strategy. The problem for ap-
plying the FH, according to Marewski and Schooler (p.
407), is that “the magnitude of recognition time differ-
ences correlates with the availability of knowledge, and
as such, with the applicability of knowledge-based strate-
gies.” In other words, in cases in which the FH could, in
principle, be applied (due to large fluency differences),
knowledge differences are likely to exist as well.
Moreover, the knowledge differences are likely to be pre-
ferred as a decision basis, since knowledge validity tends
to be larger than fluency validity (see above). In addition,
when further knowledge is available for both objects in a
pair, retrieval-speed differences tend to be small and hard
to detect (Marewski & Schooler, 2011). As a consequence,
the remaining “niche” for applying the FH consists solely
of pairs of recognized objects with a large-enough retriev-
al-time difference, but without further knowledge. These
cases, however, represent only a minority of all cases.
Averaged across 16 published data sets (reported in
Castela et al., 2014), only 21 % of all pairs in which both
objects were recognized consisted of pairs in which both
objects were “merely recognized”—that is, without having
further knowledge (as indicated by participants’ judgments;
see Pohl, 2006). Assuming that the overall proportion of
fluency-heterogeneous pairs of 80 % (as averaged from
the data in Table 3) also applies to the pairs of merely
recognized objects, we would predict FH use of .17 (= .21
× .80), which corresponds fairly well to the typically es-
timated rates of FH use of around .20.

Assessment of fluency

So far, all research on the FH, including our own, has
used recognition speed as a proxy for retrieval fluency.
However, as we already outlined above, subjectively expe-
rienced fluency may well differ from this measure. Thus,
a limiting factor for all of these studies could be that
recognition speed is not a good proxy. In addition to the
metamnemonic and attributional processes discussed above
(see also Susser et al., 2016), the process of recognition
may be composed of several subprocesses, some or all of
which contribute more or less to subjectively experienced
fluency (Reber et al., 2004). Thus, there are several op-
tions for how to operationalize objective fluency: For ex-
ample, Benjamin, Bjork, and Schwartz (1998) used answer
retrieval latencies; Reber et al. (2004), identification laten-
cies; Schooler and Hertwig (2005), recognition latencies;
Mueller, Dunlosky, Tauber, and Rhodes (2014), lexical
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decision latencies; Susser et al. (2016), naming latencies;
and Undorf and Erdfelder (2015), the numbers of trials to
acquisition and self-paced study times (see also Koriat,
2008). This diversity of measures led Reber et al. (2004,
p. 50) to claim that “there seemingly is no single objective
fluency.” It even appears that different measures of fluency
may lead to different results (Undorf & Erdfelder, 2015),
because “no specific measure captures all aspects of pro-
cessing fluency” (p. 655). Poldrack and Logan (1997) had
already found that speed measures explained only a por-
tion of subjective fluency in recognition.

Reber et al. (2004) drew a pessimistic conclusion, stating
that “it remains unclear how objective speed is related to sub-
jective experiences of fluency” (p. 47). In their own studies,
they found that two subprocesses were only jointly related to
subjective fluency (as measured by ratings of ease), but nei-
ther one alone. In other words, if researchers tap the wrong
subprocess (or too few), not much can be learned about sub-
jective fluency. Correspondingly, a large body of research has
shown that subjectively experienced fluency might differ sub-
stantially from objective measures (see Greifeneder, Bless, &
Pham, 2010; Hilbig, 2012; Lloyd, Westerman, & Miller,
2003; Newell & Shanks, 2007; Sanchez & Jaeger, 2015;
Scholl, Greifeneder, & Bless, 2014; Unkelbach &
Greifeneder, 2013; Westerman, Miller, & Lloyd, 2003;
Whittlesea & Leboe, 2003).

In sum, these considerations underscore the necessity to
better understand what “subjective fluency” actually is and
how to assess it better (cf. Alter & Oppenheimer, 2009;
Greifeneder et al., 2010; Hansen & Wänke, 2013; Herzog
& Hertwig, 2013; Schwarz, 2004; Schwikert & Curran,
2014; Unkelbach & Greifeneder, 2013; Wänke &
Hansen, 2015). Nonetheless, in all studies on the FH pub-
lished so far, recognition speed has been taken as a proxy
for fluency, so using new proxies would render our find-
ings difficult to compare to those from previous studies.
Besides, we would argue that recognition speed might still
be a good proxy, at least in this domain. We did not
manipulate perceptual fluency, so that neither object detec-
tion, readability, word/nonword decisions, or related pro-
cesses played a role. We also did not manipulate concep-
tual fluency (by semantic priming or the like), so that
recognition speed is a plausible proxy for the overall flu-
ency of the underlying retrieval experience.

Recent research by Sanchez and Jaeger (2015) addi-
tionally showed that perceived fluency (as measured by
subjective ratings of reading difficulty) did not relate to
fluency-manipulation-based effects, whereas reading
times (as an objective measure) did. Moreover, subjec-
tive and objective measures of fluency were uncorrelat-
ed. These findings question the role of subjective fluen-
cy and emphasize the role of objective measures. Still,
we should bear in mind that recognition speed is only a

proxy, and possibly not the best one. With other mea-
sures of fluency, estimates of FH use might change.

Conclusions

The “niche” for potential application of the FH appears
rather small, and thus the utility of fluency as the only
cue rather limited. Most likely, only pairs in which both
objects are “merely” recognized—that is, in which no
further knowledge about them is available—are candi-
dates for FH use. Therefore, the result that decision
makers use the FH in only about 20 % of all pairs in
which both objects are recognized seems plausible and
realistic. Moreover, the reported estimates of FH use are
not only low, but also rather stable across a variety of
procedural variations that could be considered problem-
atic to a proper assessment of FH use. More precisely,
assessing retrieval fluency only at the end of the exper-
iment (and not at the beginning) or presenting the same
objects repeatedly during an experiment has little, if
any, impact on estimates of FH use.

One feature of the FH niche could be that heuristics
such as the FH are more often applied in situations in
which effort reduction is warranted, as has been ob-
served for other heuristics. For example, use of the rec-
ognition heuristic increases under time pressure (Hilbig,
Erdfelder, & Pohl, 2012; Pachur & Hertwig, 2006), de-
liberative thinking (Hilbig, Scholl, & Pohl, 2010), and
depletion of cognitive control (Pohl, Erdfelder, Hilbig,
Liebke, & Stahlberg, 2013), and as the cognitive effort
o f in fo rmat ion in t eg ra t ion inc reases (Hi lb ig ,
Michalkiewicz, Castela, Pohl, & Erdfelder, 2015).

Note that our results pertain to FH use only—that is,
to a simple heuristic that exploits fluency in terms of
retrieval latency alone and ignores other knowledge.
They say nothing about using fluency in general—for
example, as part of other strategies. In alternative deci-
sion strategies, fluency might well play a vital role (see,
e.g., Hilbig et al., 2011; Marewski et al., 2010; Pohl,
2011). One example is the memory-state heuristic
(Erdfelder et al., 2011), which posits that the memory
states of the choice objects (as indexed by the speed
with which objects are either recognized or rejected as
“known”) determine subsequent decision strategies. If
one object in a pair is recognized speedily and the other
is rejected speedily, reliance on the recognition cue
would be most likely. However, if both are recognized
or rejected only slowly, guessing or knowledge-based
strategies are more likely (see Castela et al., 2014).

In sum, despite the results summarized here, retrieval flu-
ency may well play an important role in heuristic decision
making. However, when it serves as the only cue, as assumed
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by the FH, fluency appears to have only a minor but nonethe-
less stable role.
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