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A classic phenomenon known as prototype preference effect (PPE) or beauty-in-averageness effect is that
prototypical exemplars of a neutral category are preferred over atypical exemplars. This PPE has been
explained in terms of deviance avoidance, hedonic fluency, or preference for certainty and familiarity.
However, typicality also facilitates greater activation of category-related information. Thus, prototypes
rather than atypical exemplars should be more associated with the valence of the category, either positive
or negative. Hence, we hypothesize that the evaluation of a prototype depends on the valence of its
category. Results from three experiments crossing a standard PPE paradigm with an evaluative conditioning procedure support our hypothesis. We show that for positive categories, greater typicality
increases liking. Critically, for negative categories, greater typicality decreases liking. This pattern of
results challenges dominant explanations of prototype evaluation.
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A classic phenomenon in psychology is the prototype preference effect (PPE): preference for typical category exemplars over
atypical exemplars. Closely related is the beauty-in-averageness
effect: preference for the category average over its constituent
exemplars (Galton, 1879; Langlois & Roggman, 1990). The PPE
occurs with natural and artificial stimuli, across different populations, ages, and even species. As reviewed next, the phenomenon
has been explained by multiple influential frameworks across
psychology. Building on categorization theory, we present an
account in which the PPE crucially depends on the valence of
attributes associated with prototypes. This account generates a
novel empirical prediction—a reversal of the classic effect, with
lower preference for typical than atypical exemplars within negatively valenced categories.

Prototype Evaluation: Major Explanations
PPE From Deviance Detection
Evolutionary accounts suggest that the PPE results from “deviance detection”—negative sexual selection for atypical organisms
(Langlois & Roggman, 1990; Rhodes & Tremewan, 1996; Symons, 1979; Thornhill & Gangestad, 1993). However, the PPE
also occurs with objects (e.g., Halberstadt & Rhodes, 2003), including consumer goods (e.g., Landwehr, Labroo, & Herrmann,
2011), and even abstract graphical patterns (e.g., Winkielman,
Halberstadt, Fazendeiro, & Catty, 2006). Accordingly, many
frameworks focus on basic cognitive and affective processes.

PPE From Preference for Certainty, Familiarity, or
Efficient Coding
Note that the aggregate similarity to all category exemplars is
highest for prototypes and they are most unambiguously identified
as category members (Markman & Ross, 2003). As such, prototypes are the most certain, most “familiar” category members. The
PPE could then occur because uncertainty triggers negative affect
(Friston, Adams, & Montague, 2012; Hsu & Preuschoff, 2015;
Klein, Cosmides, Tooby, & Chance, 2002). Or because familiarity
triggers positive affect (Titchener, 1915). Related arguments emphasize that prototypes are statistically typical and thus more
efficiently coded (Dotsch, Hassin, & Todorov, 2016; Vogel, Carr,
Davis, & Winkielman, 2018). Thus, prototypes could be preferred
because they are simpler and less energy-demanding (Ryali & Yu,
2018).
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PPE From Hedonic Fluency
This explanation derives from observations that prototypical
stimuli are classified faster than atypical ones (e.g., Posner &
Keele, 1968). Could classification ease be the source of prototype
preference? This is suggested by research indicating that many
ways of increasing processing ease (i.e., fluency) enhance stimulus
evaluation, perhaps because fluency is a cue to successful pattern
recognition, higher familiarity, or comes with lower processing
costs (Reber, Schwarz, & Winkielman, 2004; Winkielman,
Schwarz, Fazendeiro, & Reber, 2003). This “hedonic fluency”
framework proposes that prototypes are attractive partly because
they are fluent. In one supporting experiment, participants first
studied several exemplars (dot patterns) from two categories,
“Acks” and “Blubs” (Winkielman et al., 2006). Participants were
then tested on patterns that contained exemplars, but also the
never-presented prototype (i.e., the category average). Participants
classified and evaluated the test stimuli. The results showed that
typicality positively predicted classification fluency, which in turn
positively predicted stimulus evaluation (see also Halberstadt &
Winkielman, 2014). Thus, the PPE occurs even with highly controlled, unfamiliar, and arbitrary stimuli, and is at least partly due
to prototype fluency.

Informational Function of Prototypes
The just discussed perspectives suggest that prototypes should
always be preferred over atypical exemplars. However, they neglect a key function of categories—predicting the presence of
related attributes. Knowing that raspberries belong to the category
of fruit, one can infer that they are sweet, which may then drive
approach behaviors (e.g., consumption). Importantly, category
properties are more likely to be assigned to more typical exemplars
(Rosch, 1975; Rosch & Mervis, 1975). For example, property
“sweet” is more likely to be assigned to a more typical fruit. Of
course, a category can be associated with negative attributes (e.g.,
hooligans with aggressiveness), and a more typical exemplar will
more likely be assigned more negative attributes. Thus, one should
predict a reversal of PPE with negative categories, because prototypes, as opposed to atypical exemplars, are more likely to activate
attributes stored at the category level (cf. Nedungadi, 1990). In
other words, prototypes “inherit” more goodness of the positive
category and more badness of the negative category than atypical
exemplars. Note that in this model, fluency still is a valid cue to
category membership, because typical items are more fluent (Posner & Keele, 1968). In fact, enhancing fluency increases classification of items as category members (Oppenheimer & Frank,
2008; Whittlesea & Leboe, 2000). Critically, in this model fluency
can signal typicality for positive as well as negative categories.

Present Research and Hypotheses
Here we test the influence of category valence on prototype
evaluation. The dominant accounts (deviance detection, certainty
preference, hedonic fluency) predict that prototypicality will always enhance stimulus evaluation. Thus, these accounts predict
only a main effect of typicality. In contrast, the account emphasizing the informational functions of categories suggests that the
category valence will moderate the PPE. We therefore predict an

interaction of category valence and stimulus typicality on evaluations. Furthermore, this account suggests that participants will use
classification fluency as a cue to category typicality, but that for
negative categories higher fluency will be associated with lower
evaluation.
Note, however, that we do not necessarily rule out some
positivity deriving from typicality, certainty, or hedonic marking of fluency. The key point is that those alternative accounts
do not specifically predict a Typicality ⫻ Valence interaction.
However, their discussed mechanisms might still contribute to
overall stimulus liking. Thus, it is an open question if the
interaction will occur in addition to a typicality main effect
(thus, a hybrid interaction) or if it will attenuate the classic
typicality main effect (indicating a cross-over interaction, including a reversal of the PPE for negative categories). We
return to the complex interplay of these mechanisms and their
statistical implications in the discussion.
To test our hypothesis, we combine an established paradigm
from PPE research (Winkielman et al., 2006) and an established
procedure from evaluative conditioning (EC) research (Baeyens,
Eelen, & Van den Bergh, 1990; Staats & Staats, 1958). We discuss
the theoretical interpretation of the EC procedure later, but essentially it aims to create a change in liking of a conditioned stimulus
(CS) due to its paring with a valenced unconditioned stimulus (US;
Hofmann, De Houwer, Perugini, Baeyens, & Crombez, 2010).
Thus, in a learning phase, exemplars of two different categories
(CS) are paired with valenced stimuli (US), either positive or
negative. In a test phase, participants indicate their liking for some
exemplars as well as the prototype stimulus, which was not shown
during the learning phase.
In the first two studies, we show that the PPE is qualified by
category valence for conditions of supervised learning (Experiment 1) and incidental learning (Experiment 2). Experiment 3 tests
the mediating role of classification fluency.

Experiment 1
As in Winkielman et al. (2006), participants were shown abstract dot patterns varying in typicality of their category, and were
also simultaneously exposed to images with positive or negative
content.

Method
Design and participants. Ninety-seven students from the
University of Mannheim (77 female; 20 male; Mage ⫽ 22.26, SD ⫽
4.82) participated for course credit and biscuits. The sample size
based on an a priori power analysis for a repeated-measures
analysis of variance with f ⫽ .2; dfnum ⫽ 2; ␣ ⫽ .05; 1 – ␤ ⫽ .8,
which yielded a required sample size of 84 participants. The design
was within-subjects: a 2 (US Valence: positive vs. negative) ⫻ 3
(Test Stimulus: prototype vs. shown exemplar vs. unshown exemplar). One participant was excluded (he mixed up the scale anchors).
Materials and procedure. The study was run on computers in
groups up to four participants. In total, participants completed six
blocks, each starting with a learning phase followed by a test
phase. In the learning phase, participants saw a succession of 56
trials, in which 28 CS from each of two categories called “Acks”
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and “Blubs” were presented simultaneously with valenced stimuli
(cf. Hütter, Sweldens, Stahl, Unkelbach, & Klauer, 2012). Exemplars from one category were consistently paired with positive,
whereas exemplars from the other were consistently paired with
negative stimuli. In the test phase, participants were then asked to
indicate their liking for three stimuli per category: the prototype
(not shown in the learning phase), and two exemplars - one shown
and the other not shown in the learning phase. Specifically, for
each stimulus, they indicated an evaluation using the number 1 (do
not like at all) to 9 (like a lot) on the keyboard. After the evaluation
phase, participants then proceeded with the next block. Upon
completion of the six blocks, participants indicated demographic
data, and were debriefed.
CS stimuli. Dot patterns served as stimuli and were generated
before each block following the algorithm from Winkielman et al.
(2006). First, a prototype pattern for each category was generated
by randomly assigning eight dots to a 30 ⫻ 30 grid. Next, distortions of this pattern were then created to obtain exemplars of each
category (Figure 1a). To do so, each dot of the prototype pattern
was moved with a certain probability by either 1-, 2-, 3-, or 4-dot
diameters. We realized four levels of distortion, with higher levels
reflecting higher probabilities that a dot of the original pattern
would be moved (Figure 1; for the probabilities, see Table 1 in
Winkielman et al., 2006). For each category, we obtained seven
dot pattern distortions per level, yielding 28 individual exemplars
per category. In the learning phase, exemplars from two categories
were shown, thus a total of 56 exemplars each presented once
together with a co-occurring US.
US stimuli. We used images from the International Affective
Picture System (IAPS; Lang, Bradley, & Cuthbert, 2008). That is,
on each trial of the learning phase, a picture was randomly selected
from a pool of 42 pictures with positive valence, M ⫽ 7.37, SD ⫽
.90, or negative valence, M ⫽ 2.64, SD ⫽ .38, depending on
category valence condition. Thus, across 56 trials, one category
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was paired with multiple positive IAPS pictures, but the other
category was paired with multiple negative IAPS pictures (Figure
1b).

Results
Analyses used a 2 (US Valence: positive vs. negative) ⫻ 3 (Test
Stimulus: prototype vs. shown exemplar vs. unshown exemplar)
analysis of variance, run in the GENLINMIXED procedure in
SPSS Version 25.0. Due to the nested data structure, we used a
multilevel mixed-modeling approach (Snijders & Bosker, 2012),
with participants treated as Level 2, stimuli treated as Level 1
units. The maximal model reaching convergence (Barr, Levy,
Scheepers, & Tily, 2013) was a random-intercept model with trial
order as repeated measure (see S2 in the online supplemental
materials for details).
Analyses yielded a main effect of US valence, F(1, 3450) ⫽
96.40, p ⬍ .001. Stimuli from the category paired with positive US
were rated more favorably than stimuli from the category paired
with negative US. Interestingly, there was no main effect for test
stimulus type, F(2, 3450) ⫽ 0.68, p ⫽ .506, offering no evidence
for a general PPE. Instead, the critical interaction was significant,
F(2, 3450) ⫽ 7.19, p ⫽ .001. Figure 2 shows that the PPE occurred
only for categories paired with positive US. Indeed, pairwise
contrasts indicate that prototypes, M ⫽ 6.30, SE ⫽ 0.14, were
preferred over unshown exemplars, M ⫽ 6.00, SE ⫽ 0.13;
t(3450) ⫽ 3.40, p ⫽ .001, d ⫽ 0.13, as well as over shown
exemplars, M ⫽ 6.07, SE ⫽ 0.13; t(3450) ⫽ 2.63, p ⫽ .008, d ⫽
0.10. However, negative US prototypes, M ⫽ 4.01, SE ⫽ 0.15,
were actually liked less than unshown exemplars, M ⫽ 4.20, SE ⫽
0.13; t(3450) ⫽ ⫺2.29, p ⫽ .022, d ⫽ ⫺0.08, or shown exemplars,
M ⫽ 4.13, SE ⫽ 0.12; t(3450) ⫽ ⫺1.42, p ⫽ .156, d ⫽ ⫺0.05,
though only the former contrast was significant.

Figure 1. Sample (a) stimuli and (b) procedure used in the experiments. Sample stimuli of category exemplars
used in the learning phase are shown in (a). They were obtained by distorting the prototype (left column). The
level of distortion (1– 4) increases from the second to the last column, thus decreasing typicality. The learning
phase is illustrated in (b). For supervised learning (Experiments 1 and 3), a trial started with the respective
category label, “Ack” or “Blub” (500 ms). This was followed by the presentation of a CS and an unconditioned
stimulus (US; 3,000 ms), which either appeared on the right or left side of the dot pattern. Then there was an
intertrial blank screen (100 ms). For unsupervised learning (Experiment 2), the trial began with a fixation cross
instead of a category label. Patterns of one category were paired with different positive images (US⫹, e.g., a
puppy), but patterns of the other category were paired with different negative images (US–, e.g., a dental
treatment). The prototype was not conditioned during the learning phase, but served as test stimulus in the
evaluation phase.
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M ⫽ 5.96, SE ⫽ 0.13; t(2874) ⫽ 2.38, p ⫽ .018, d ⫽ 0.10, when
categories were paired with positive US. Again, pairings with a
negative US yielded a reversal: Prototypes were evaluated lower,
M ⫽ 3.35, SE ⫽ 0.15, than unshown exemplars, M ⫽ 3.68, SE ⫽
0.13; t(2874) ⫽ ⫺3.27, p ⫽ .001, d ⫽ ⫺0.13, or shown exemplars,
M ⫽ 3.60, SE ⫽ 0.13; t(2874) ⫽ ⫺2.23, p ⫽ .026, d ⫽ ⫺0.10.

Discussion
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Again, the valence associated with the category moderated the
PPE, with PPE reversed for categories paired with negative valence.
Yet, it is still an open question whether category fluency plays a role
in these effects. Experiment 3 was designed to address this.

Experiment 3
Figure 2. Results from Experiment 1. Error bars indicate 95% confidence
intervals. US ⫽ unconditioned stimulus.

Discussion
Effects of typicality on liking were moderated by US valence. The
PPE occurred only for categories associated with positive US. For
categories associated with negative US, prototypes received lower
evaluations as compared to less typical exemplars. The present results
fit the idea that prototypes activate category-related content.
Note that participants were explicitly informed about the belongingness of each exemplar to a category. Yet, the PPE also
occurs for unsupervised incidental learning, without any reference
to a category (e.g., Vogel et al., 2018; Experiment 3). However, it
is possible that for incidental learning, prototypes do not activate
category valence.

Experiment 2
Experiment 2 tested whether category valence moderates the
PPE even for unsupervised category learning.

Method
Design and participants. Eighty students from the University
of Mannheim (70 female; 10 male; Mage ⫽ 20.31, SD ⫽ 3.17)
participated for course credit or money (€4, approximately
US$4.50). The design was within-subject: a 2 (US Valence: positive vs. negative) ⫻ 3 (Test Stimulus: prototype vs. shown exemplar vs. unshown exemplar).
Materials and procedure. Materials in Experiment 2 were
identical to Experiment 1, except for the following. Instructions
did not refer to categories or categorization, nor were there any
category labels displayed during the learning phase. Also, the item
pool for the USs was increased to 50 images per valence condition.

Experiment 3 measured fluency before the test phase using a
classification task. We predict that typicality increases fluency,
which should enhance evaluation for positive categories but lower
it for negative categories.

Method
Design and participants. Fifty-seven participants (15 male;
42 female, Mage ⫽ 23.49, SD ⫽ 7.32) from the Universities of
Heidelberg and Mannheim were paid €4. The design was withinsubjects: a 2 (Valence) ⫻ 5 (Typicality).
Materials and procedure. The procedure was the same as in
Experiment 1, except for the following. First, after the learning
phase, and before the evaluation phase, we inserted a classification
phase. In this phase, participants saw the test stimuli in random
order. For each stimulus, they had to decide as fast as possible
whether it belonged to the category of “Acks” or “Blubs,” by
pressing “A” or “K,” on the keyboard, where labels were randomly
assigned. The resulting reaction times (RTs) were trimmed (200
ms ⬍ RT ⬍ 3,000 ms; see Vogel et al., 2018). RTs served as an
indicator of fluency, with lower scores reflecting higher fluency.
Second, to allow for a reliable RT measurement, we increased the
number of test stimuli. We asked about five stimuli per category
(prototype, as well as exemplars of each distortion level, 1, 2, 3, and
4, all of which were not shown in the learning phase). In subsequent

Results
We used the same analysis as in Experiment 1. Again, it yielded
a significant effect of US valence, F(1, 2874) ⫽ 157.11, p ⬍ .001,
but no effect for the test stimulus, F(2, 2874) ⫽ 0.14, p ⫽ .862.
The interaction was significant, again, F(2, 2874) ⫽ 10.74, p ⬍
.001. As shown in Figure 3, prototypes, M ⫽ 6.22, SE ⫽ 0.15,
were preferred over unshown exemplars, M ⫽ 5.81, SE ⫽ 0.14;
t(2874) ⫽ 3.60, p ⬍ .001, d ⫽ 0.16, and over shown exemplars,

Figure 3. Results from Experiment 2. Error bars indicate 95% confidence
intervals. US ⫽ unconditioned stimulus.
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analyses, typicality is therefore treated as continuous predictor, ranging from 0 (highest level of distortion) to 4 (prototype).
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Results
Evaluation scores were subjected to a multilevel mixed model
regression and were predicted from US valence (positive ⫽ 1;
negative ⫽ ⫺1), typicality, and their interaction. Only random
intercepts were modeled using the R package lme4 (Version 1.1–
21; Bates, Mächler, Bolker, & Walker, 2015) as models including
slopes for valence or typicality failed to converge. Besides a
significant intercept, b ⫽ 4.83, SE ⫽ 0.14; t(72.84) ⫽ 34.80, p ⬍
.001, there was a significant effect of US valence, b ⫽ 0.89, SE ⫽
.06; t(3230.40) ⫽ 14.92, p ⬍ .001. While the linear effect of
typicality was not significant, b ⫽ 0.02, SE ⫽ .02; t(3230.68) ⫽
0.69, p ⫽ .488, a significant effect emerged for the critical Typicality ⫻ Valence interaction, b ⫽ 0.08, SE ⫽ 0.02; t(3230.50) ⫽
3.18, p ⫽ .001 (Figure 4a). Simple slope analyses show that
typicality increases liking for positive US, b ⫽ 0.09, SE ⫽ 0.03;
t(3230.67) ⫽ 2.75, p ⫽ .006, but decreases liking for negative
USs, b ⫽ ⫺0.06, SE ⫽ 0.03; t(3230.51) ⫽ ⫺1.76, p ⫽ .079,
though the latter trend was not significant.
Next, classification times were analyzed analogously. The intercept was at, b ⫽ 955.79 ms, SE ⫽ 30.56 ms; t(78.21) ⫽ 32.59,
p ⬍ .001. Neither valence, b ⫽ 5.42 ms, SE ⫽ 14.81 ms;
t(3230.04) ⫽ 0.37, p ⫽ .715, nor the interaction were significant,
b ⫽ ⫺3.36 ms, SE ⫽ 6.04 ms; t(3230.171) ⫽ ⫺0.56, p ⫽ .578, but
the effect of typicality was: Response times decrease with higher
typicality, b ⫽ ⫺32.12 ms, SE ⫽ 6.04 ms; t(3230.41) ⫽ ⫺5.32,
p ⬍ .001 (Figure 4b).
Finally, we tested if fluency accounts for the effects of typicality
and US valence on evaluations. A multilevel moderated mediation
analysis was carried out using the R-package “lavaan” (Version
0.6 –5; Rosseel, 2012). We tested whether typicality reduces classification times, which in turn should enhance evaluations for
positively, but lower evaluations for negatively conditioned categories. Supporting our expectations, the index of moderated mediation was significant, b ⫽ 0.02, 95% confidence interval (CI)
[0.006, 0.024], p ⫽ .001.
For positive categories, the indirect effect of typicality via
fluency on liking was positive and significant, b ⫽ 0.02, 95% CI
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[0.004, 0.026], p ⫽ .003. Yet, fluency did not fully account for the
effect as is evident from a significant direct effect of typicality on
liking, b ⫽ 0.08, 95% CI [0.021, 0.133], p ⫽ .007. Crucially, the
indirect effect of typicality via fluency on liking reversed for
negative categories, b ⫽ ⫺0.01, 95% CI [⫺0.026, ⫺0.003], p ⫽
.010. Thus, same as for positive categories, typicality increased
fluency. However, fluency in turn decreased rather than increased
liking. The direct effect was not significant for negative categories,
b ⫽ ⫺0.05, 95% CI [⫺0.103, 0.008], p ⫽ .094.

Discussion
Experiment 3 confirmed that the influence of typicality on liking
depends on category valence. It also showed that fluency mediates
the effects. Crucially, the effect of fluency on liking is not always
positive—for negative categories, higher fluency goes with lower
liking, presumably reflecting ease of activation for properties of
negative category.

General Discussion
Three experiments show that category valence moderates the
effect of typicality on liking. For positive categories, we found the
classic preference for typical over atypical exemplars. For negative
categories the opposite pattern emerged—typical members were
liked less than atypical members. This novel effect occurred robustly across learning conditions—supervised and unsupervised
category learning. As such, the results support the account emphasizing the informational function of prototypes. This model is
based on research showing that perceivers extract category prototypes in similar paradigms (Smith & Minda, 2002) and that category attributes are more likely to be assigned to typical versus
atypical category members (Rosch, 1975; Rosch & Mervis, 1975).
Consistently, Experiment 3 showed that classification fluency contributes to the effect. Mediation analyses revealed that for positive
categories, typicality increased fluency. This, in turn, yielded
higher stimulus evaluation. Typicality also increased fluency for
negative categories. However, in this case higher fluency decreased stimulus evaluation. This suggests that prototypes facilitate the activation of category knowledge in memory and inherit
more of category valence. Note also that this is true even though

Figure 4. Results from Experiment 3: (a) Evaluations and (b) classification times predicted from typicality,
valence, and their interaction. Typicality ranged from 0 (highest level of distortion) to 4 (prototype). Shaded
areas represent 95% confidence intervals. US ⫽ unconditioned stimulus. See the online article for the color
version of this figure.
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prototypes were never encountered in the study phase, let alone
been paired with valenced stimuli.
The present pattern of findings cannot be explained by models
proposing a general dislike for “deviants” (Symons, 1979), or a
general preference for certainty (Hsu & Preuschoff, 2015), familiarity (Titchener, 1915) or statistical typicality (Ryali & Yu, 2018).
They also challenge any strong claims from the hypothesis about
hedonic marking of fluency (Winkielman et al., 2003). After all,
typicality robustly increased fluency, but failed to produce a positive main effect on evaluations, regardless of category valence
(but see next). But why is there such a rich literature showing the
classic PPE for neutral categories? There are multiple possibilities.
First, one can think of the standard PPE as a generalized EC
effect. Note that the default valence in our environments is (somewhat) positive and positive experiences are more frequent that
negative ones (Unkelbach, Fiedler, Bayer, Stegmüller, & Danner,
2008). Accordingly, on repeated encounters, a class of new neutral
stimuli becomes associated with this contextual positive valence.
In fact, this “safe-context learning” is one explanation of the
mere-exposure effect (Zajonc, 2001). As such, the PPE with neutral stimuli could be explained with a learning approach, and the
hedonic marking of fluency may reflect the ease with which
positive memory content can be activated. Ceteris paribus, a stimulus will activate positively valenced content in memory, unless
distinct negative associations exist (Alves et al., 2015). However,
without additional assumptions (e.g., stronger EC effects for negative than positive USs), the generalized EC effect would also
predict a typicality main effect which we did not observe.
Similar considerations pertain to a model assuming independent
processes of positive fluency and conditioned valence. In fact, this
idea of two independent processes has been proposed by Landwehr,
Golla, and Reber (2017). Their research showed that negative USs led
to a slight decrease in evaluation of repeatedly paired CSs. However,
not only positive, but also neutral USs led to an increase in CS
evaluation. Thus, in total, they found a positive fluency effect (induced by CS repetition) in addition to an EC effect. Again, our data
does not support the notion of a strong, separate additive positive
contribution of fluency because we did not find any statistical evidence for a main effect. Moreover, we found that for negative categories higher fluency was associated with decreased liking. We return
to the idea of a two-process model shortly.
As an alternative to the aforementioned models, one may speculate
that positive valence from fluency can add to, but can also be attenuated by category valence. In line with this notion, Albrecht and
Carbon (2014) reported that priming-induced fluency added positivity
to the initial valence of a US if the fluency manipulation was strong
(i.e., long prime durations, Experiment 2), but amplified evaluation of
an initially positive or negative US if the fluency manipulation was
weak (i.e., very short prime durations, Experiment 1). Similarly, in
our case, a typicality main effect may be observed if the typicality
manipulation is stronger. This, for instance, occurs when exemplars
within categories are more distinct, but between-category variance
decreases (Vogel et al., 2018). Likewise, a PPE main effect might
become more likely if, at the judgment stage, the information about
the earlier category valence manipulation is weaker, less certain, or
less salient. In fact, EC effects seem to depend on the awareness of the
valence the CS had been paired with (Hofmann et al., 2010). Accordingly, a prototype preference main effect is likely to be observed if
people have unreliable memory for the negative US valence, or if they

do not generate the valence association at all. This logic could solve
the puzzle of why in Galton’s (1879) a composite picture of criminals
was liked more than their contributing criminal exemplars. This
would occur if the composite picture looked sufficiently different
from individual criminals, and similar to composite pictures of noncriminals (essentially obscuring the associated negative valence).
Moreover, one could speculate on temporal dynamics which integrates the informative value of fluency in a two-step process. A
typical stimulus, which is easy to identify, initially generates some
positive affect, as proposed in the hedonic fluency hypothesis. However, the subsequent identification of the stimulus as a category
member necessarily yields the activation of respective category
knowledge, which, as a stronger and more diagnostic cue, then overwrites any initial hedonic marking. According to that model, in
valenced (but not neutral) categories, the affective reaction to the
prototype is controlled by the more informative cue of category
valence. This idea relates to the proposal that when more diagnostic
valence cues are available, fluency is ignored as a hedonic cue
(Schwarz, 2004). Relatedly, a process could start with an initial
positive fluency experience but be followed by reappraisal of the
fluency experience. Indeed, researchers have argued that fluency
effects depend on naïve theories guiding context-dependent interpretations of the fluency experience (Alter & Oppenheimer, 2009;
Schwarz, 2004). Accordingly, people engage in higher order cognitive processes and use the typicality and fluency experience depending on task affordances (Vogel, Silva, Thomas, & Wänke, 2020).1
Future research may provide stringent tests for these questions, for
example by manipulating the content of naïve theories (e.g., Briñol,
Petty, & Tormala, 2006).
Lastly, future research may elaborate on the underlying categorization principles. For instance, categorization can be based on
visual similarity (e.g., among exemplars or toward a prototype) or
rules (e.g., defining features). Both can occur within the same
individual (e.g., Smith, Patalano, & Jonides, 1998) and depend on
stimulus complexity (Karlsson, Juslin, & Olsson, 2008). Whereas
previous research suggests that difficult-to-verbalize dot patterns
used in the present article are categorized based on visual similarity (cf. Vogel et al., 2018),2 unidimensional stimuli may be categorized according to a simple rule (e.g., Category A members are
bigger than Category B members). If so, category knowledge may
1
To test for an adaptation to task affordances, we reanalyzed data from
the present experiments by including the number of block to our main
analyses (see S3 in the online supplemental materials for details). Indeed,
in analyses in which the number of the block was entered as a continuous
predictor, the three-way interaction turned out to be marginally significant
in Experiment 1, and significant in Experiment 2, reflecting that the
Typicality ⫻ Valence interaction effect tends to increase in the course of
the experiment. However, the three-way interaction was not significant in
Experiment 3. As such, our data suggests a training effect, which provides
indirect evidence for a higher order cognitive process involved in category
learning. Perhaps, participants interpret meta-cognitive experiences as a
function of task requirements. However, this interpretation has to be met
with caution, as it is post-hoc and only weakly supported statistically.
2
Though the prototype has not been conditioned, each of its features
(single dots) have been paired with valence multiple times. Thus PPE (and
its reversals) could also reflect EC generalization at the feature level. One
or the other, the present article indicates that the prototype of the negative
category which has not been met before, is the one most likely to be
avoided as it combines the features associated with negativity which are
not necessarily present in an individual exemplar.

PROTOTYPE PREFERENCES

be most activated not by an average, but an extreme member
(Davis & Love, 2010). For negative categories, we would therefore
expect that the member that loads highest on the defining category
dimension (e.g., the biggest Group A member) is evaluated most
negatively, facilitating its avoidance (Kim & Murphy, 2011).
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Conclusion
In conclusion, our research shows that for negative categories,
the PPE can reverse, with typical exemplars liked less than atypical
ones. The mechanisms and the boundary conditions of this reversal
require further study, but it is an important revision of one of
psychology classic effects.
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