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When exposed to others’ emotional responses, people often make rapid decisions as to whether these
others are members of their group or not. These group categorization decisions have been shown to be
extremely important to understanding group behavior. Yet, despite their prevalence and importance, we
know very little about the attributes that shape these categorization decisions. To address this issue, we
took inspiration from ensemble coding research and developed a task designed to reveal the influence of
the mean and variance of group members’ emotions on participants’ group categorization. In Study 1, we
verified that group categorization decreases when the group’s mean emotion is different from the
participant’s own emotional response. In Study 2, we established that people identify a group’s mean
emotion more accurately when its variance is low rather than high. In Studies 3 and 4, we showed that
participants were more likely to self-categorize as members of groups with low emotional variance, even
if their own emotions fell outside of the range of group emotions they saw, and that this preference is seen
for judgments of both positive and negative group emotions. In Study 5, we showed that this unique
preference for low group emotional variance is special to group categorization and does not appear in a
more basic face categorization task. Our studies reveal unexplored and important tendencies in group
categorization based on group emotions.
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of emotions, and rapidly aggregate them into relevant summary
statistics. This type of cognitive process has been researched under
the heading of ensemble coding (Alvarez, 2011; Whitney, Haberman, & Sweeny, 2014; Whitney & Yamanashi Leib, 2018). The
second involves a group categorization process in which one
assesses whether certain social information and one’s own response fall under the same or different social categories. This
question has been investigated under the heading of group categorization (for a recent review, see Rule & Sutherland, 2017), and
more specifically, in research related to self-categorization theory
(Turner, Hogg, Oakes, Reicher, & Wetherell, 1987; Turner &
Reynolds, 2011).
Although there has been increasing interest in investigating the
intersection of ensemble coding and social psychology (Dannals &
Miller, 2017; Lamer, Sweeny, Dyer, & Weisbuch, 2018; Phillips,
Slepian, & Hughes, 2018), there have not been any studies, to the
best of our knowledge, examining how people categorize these
ensemble coding evaluations as either belonging to their group or
not. This points to the importance of the current investigation,
which highlights the social utility of ensemble coding while
grounding social categorization in basic visual mechanisms.

Imagine yourself attending a party in your new place of work.
You do not know anyone at the party. Right after you arrive, the
host gives a toast, and during his speech, makes a political slur.
You immediately scan the audience to read people’s emotional
responses, trying to take in their facial expressions to determine
whether or not your new coworkers share your views and thus are
“your group” or “not your group.” This type of complex categorization process is as common as it is important. We often try to
decipher information about our social environment by aggregating
others’ responses and then comparing them to our own.
Understanding how people do this requires an investigation of
two different types of computations. The first involves the ability
to take in collective information, in this case multiple expressions
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Ensemble Coding of Emotions
Observing other people and making sense of their behavior
plays an important role in social functioning. We navigate crowds
1

This document is copyrighted by the American Psychological Association or one of its allied publishers.
This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.

2

GOLDENBERG, SWEENY, SHPIGEL, AND GROSS

on our daily commute, observe groups’ responses in shows, sporting events, and demonstrations, and incorporate this information
into our evaluations of our environment. Consistent with the idea
that group perception plays a particularly important role in social
interactions, research shows that people gaze longer at groups
compared to individuals (Woolhouse & Lai, 2014), and that people’s attention is more impacted by seeing groups than by seeing
individuals gazing in a specific direction (Milgram, Bickman, &
Berkowitz, 1969; Woolhouse & Lai, 2014).
However, information from groups is very rich, and the capacity
for visual representation is limited. This introduces a bottleneck for
seeing information at the level of the group, particularly in contexts where real-time adjustments in one’s own behavior are required. Two thousand years ago, Aristotle suggested that people
create summary representations to understand visual information
at the gist level (for review see Whitney et al., 2014). In modern
psychology, this idea has been validated and systematically investigated under the heading of ensemble coding. Findings from this
literature have shown that people can form summaries of many
types of complex visual objects quickly and efficiently (Alvarez,
2011; Haberman, Brady, & Alvarez, 2015; Hubert-Wallander &
Boynton, 2015).
Recently, there has been an increasing interest in ensemble
coding of faces (Rhodes et al., 2018) and especially of faces that
express emotions (Elias, Dyer, & Sweeny, 2017; Haberman &
Whitney, 2009; Ji, Rossi, & Pourtois, 2018; Whitney et al., 2014).
Emotions are a unique source of information as they provide
relatively clear and strong signals of people’s thoughts, intentions,
and future actions. Indeed, people are highly sensitive to the
emotions of others (Goldenberg, Garcia, Zaki, et al., 2019; Hatfield, Cacioppo, & Rapson, 1994; Parkinson, 2011) and often use
these emotions to make decisions regarding the environment
(Campos, Hiatt, Ramsay, Henderson, & Svejda, 1978) and other
people (Van Kleef, 2009).
Much of the research done on identifying groups’ emotions (and
ensemble coding in general) has provided evidence of people’s
sensitivity to the mean emotional expressions of multiple faces,
whether they are positive or negative. One clear expectation is that
the mean of a group’s emotions is important to any categorization
process. A second feature that may play a role in identifying
crowds’ emotions is the variance of these emotions, and indeed
there is some work showing that people are sensitive to the
variance of complex visual features (Michael, de Gardelle, &
Summerfield, 2014) and even emotions (Haberman, Lee, & Whitney, 2015). What is not yet clear, however, is how these summary
statistics, either independently or together, influence group categorization.

Self-Categorization and Group Membership
As we navigate our social worlds, one pressing question is
whether others are members of our group or not (Rule & Sutherland, 2017; Turner & Reynolds, 2011). Just like ensemble coding,
group categorization requires that individuals process complex
information in efficient and generalizable ways (Bruner, 1957).
Consistent with the idea that categorization is a fundamental social
process, research shows that group categorization emerges early in
development (Kelly et al., 2007) and can occur unintentionally
(Martin & Macrae, 2007).

Deciding whether certain people are part of one’s ingroup or
outgroup has important implications for a variety of social processes. People are motivated to perceive their group in a positive
light, as suggested by research related to social identity theory
(Tajfel & Turner, 1979; Turner & Oakes, 1986). As a result,
categorizing oneself as a member of a certain group has motivational, emotional, and cognitive consequences such as increased
attention to one’s group (Ellis, Deregowski, & Shepherd, 1975),
increased conformity (Abrams & Hogg, 1990) and ingroup bias
(Mullen, Brown, & Smith, 1992).
In the context of emotions, people judge the emotional expressions of ingroup members as more positive than those of outgroup
members (Lazerus, Ingbretsen, Stolier, Freeman, & Cikara, 2016).
They also tend to express similar emotions to their ingroup (Bourgeois & Hess, 2008; Lin, Qu, & Telzer, 2018; Weisbuch &
Ambady, 2008) and different emotions from their outgroup(Cikara, Bruneau, & Saxe, 2011; Cikara, Bruneau, Van Bavel, &
Saxe, 2014; Cikara & Fiske, 2013; Lau, Morewedge, & Cikara,
2016). The ingroup– outgroup distinction plays a key role in determining individual emotional responses and therefore may be an
important driver of social processes driven by emotions such as
intergroup conflicts (Halperin, 2014), collective action (van Zomeren, Leach, & Spears, 2012), and polarization (Iyengar, Lelkes,
Levendusky, Malhotra, & Westwood, 2018).
Although the consequences of the ingroup– outgroup categorizations are well known, how group categorization actually unfolds
is much less clear. One theory that has focused on this question is
self-categorization theory (SCT), which was developed out of
questions related to categorization that arose in the wake of social
identity theory (Turner et al., 1987; Turner & Reynolds, 2011).
According to SCT, group categorization occurs frequently and at
different levels of abstraction (e.g., family member, female, American). These levels of abstraction are emphasized based on the
individual’s fit to these categories and their cognitive accessibility
(Oakes, 1987; Oakes, Turner, & Haslam, 1991).
What mechanisms underlie actual group categorization decisions? In addressing this question, Turner suggested the metacontrast ratio, estimated by dividing the average distance between a
certain individual and a certain group by the average distances
within that group (Turner et al., 1987, p. 47). Turner does not
provide a detailed description of exactly how these distances are
evaluated, or what the metacontrast values are that lead to categorization. The ratio is therefore a theoretical principle, contributing to the insight that smaller distances between an individual and
their group are likely to increase the chance of categorization.
Adopting this insight, a few studies have used the concept of the
metacontrast ratio to conceptualize the degree of group categorization and its effect on various group-related outcomes (Hohman,
Gaffney, & Hogg, 2017; Mummendey, Otten, Berger, & Kessler,
2000). Yet, an evaluation of the metacontrast ratio as a predictive
measure of categorization decisions has not been conducted.
Although taking the metacontrast approach is helpful, it also
raises a few important questions. Take, for example, a comparison
of two cases in which the intensity of an individual’s emotional
response is exactly at the mean of two distributions of group
emotional responses on a neutral-to-angry continuum (see Figure
1A). One of these distributions has low variance, whereas the other
has high variance. If we calculate the metacontrast ratio by estimating the average distance using, for example, sum of squares,
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Figure 1. Situations for group-categorization that will be examined in Studies 1– 4. The circles represent
people’s degree of anger in response to a stimulus. Target emotions are marked with T while the group emotions
are marked with G. In Panel A we illustrate a case in which the target’s emotion is similar to the average group
emotion, and the variance group emotion is either low (top) or high (bottom). In Panel B, we illustrate a case
in which the target’s emotion is different from the average group emotion, and the variance of the group emotion
is either low (top) or high (bottom). See the online article for the color version of this figure.

we find that the ratio is similar in both cases. However, it is
intuitive to think that the lower variance case should increase the
probability for group categorization. This example also reflects the
intuition that not only is the average distance between a person’s
emotion and the group mean emotion important, but also that the
variance should be an important signal for one’s group categorization decisions.
Consistent with the emphasis on group variance, one factor that
seems to play an important role in categorization is group entitativity (Campbell, 1958). Entitativity is generally described as the
degree to which a collection of persons are perceived as being
bonded together in a coherent unit (Lickel et al., 2000). In the
context of group members’ emotional responses, high entitativity
can be understood as the degree of similarity between group
members’ emotions (the inverse of the standard deviation of group
members’ emotional responses). Research has established that
group members prefer to self-categorize as members of groups
with high entitativity, compared to low (Hogg et al., 2007; Lickel
et al., 2000). A potential reason for this preference is that groups
with high entitativity are easier to understand and predict and
therefore provide the benefit of reducing subjective uncertainty
(Hogg, 2004; McGregor, Zanna, Holmes, & Spencer, 2001), as
suggested by uncertainty reduction theory (Hogg, 2000). Group
members not only prefer to be in homogenous groups but also tend
to judge their own ingroups as more homogenous (ingroup homogeneity effect, see Simon & Pettigrew, 1990). This preference
emphasizes the importance of group variance in group categorization decisions.
Group entitativity seems to be an important factor for understanding group categorization. What is unclear is what happens if
we pit the tendency to prefer entitativity against the tendency to
prefer a mean close to one’s own emotion. Take, for example, a
case in which a person can choose to be either a member of a
coherent group (low variance), but one that does not include the
person’s own emotions (Figure 1B, top), or a less coherent group
(higher variance) but one that includes the person’s emotions
(Figure 1B, bottom). With which group would the person prefer to
be categorized? Answering this question has important conse-

quences for how people relate to groups that express emotions that
are different from their own.

Is Group Categorization Just Another Form of
Categorization?
The attempt to integrate the domains of ensemble coding and
group categorization raises an important question: Is group categorization just a simple matter of matching one’s own emotions
with those of a group, or is there a difference between groupcategorization decisions and other face-categorization decisions?
We can imagine two seemingly similar tasks that would allow us
to examine this question. The first is a group categorization task,
in which participants provide their emotional response to a certain
stimulus (e.g., by choosing a facial expression that reflects their
emotion), then observe others’ emotional responses to the same
picture, and finally, based on these responses, make a decision
about whether these other people are from their group or not. The
second is a simple face categorization task. In this task, participants see a target facial expression, then they see a group of facial
expressions and are asked to decide whether the target face was
taken from the group or not. In both tasks, participants seemingly
do the same thing, which is to categorize a facial expression into
a group. We believe, however, that the two tasks should lead to
quite different outcomes. Although the face categorization task is
essentially a visual task, the group categorization task involves
reacting emotionally to a stimulus and using this reaction as a basis
for deciding which responses are included in one’s group. Making
these group categorization decisions reflects not only whether one
is technically part of the group but also if one wants to be part of
that group.
People’s preference to be in certain groups compared to others
can be driven by their affinity for coherent groups, as suggested by
research on entitativity (Lickel et al., 2000). Coherent groups are
easier to predict, as the behavior of their members is less variable,
and therefore membership in those groups reduces uncertainty
(Hogg, 2000, 2004; McGregor et al., 2001). In cases in which the
mean group emotion is aligned with the individual’s emotions,
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group coherence also means that more people in the group express
emotion similarly to the individual. Take, for example, a case
when participants’ emotional expression is similar to that of certain groups (Figure 1A). We hypothesize that in such situations
group members should prefer to categorize themselves as members
of a group with lower variance compared to higher variance.
However, when merely asked to indicate whether a face expressing
emotion is part of a certain sample distributed around that emotion,
it is not clear that participants should be more likely to associate
the sample with the low-variance group compared to the highvariance group, as in both cases the target face is taken from within
the range of each sample. In the different group emotion case
(Figure 1B), the target face will only appear in the high variance
group, compared to the low variance group, and therefore the
target face should be more likely to be categorized as part of the
group in the high variance condition. However, it is unclear what
participants would choose in such a situation during a group
categorization task. The current framework allows us to examine
these points of divergence and convergence.

fore, we had no clear hypothesis on the probability of group
categorization in these cases. Finally, we hypothesized that people’s group categorization decisions would be different than their
categorization decisions in a face categorization task. We estimated that participants’ preference of low variance should not
influence their decisions in the face categorization task. We therefore hypothesized that in conditions in which the target face and
group have the same mean emotion, we should see no difference
in the likelihood of categorizing the target face as a member of the
low and high variance groups. However, when the single face’s
emotion is different from the mean of the group, participants
should be more likely to categorize the target face as a member of
the high variance group, as this target face is indeed more likely to
come from that group (Figure 1B).

Study 1: The Effect of Group Mean on Categorization
The goal of Study 1 was to examine whether participants’ group
categorization was influenced by the mean group emotion and its
distance from participants’ own emotions.

The Present Research
The goal of the present research was to examine the influence of
the mean and variance of group emotions on group categorization.
In Study 1, we examined the effect of a group’s mean emotions on
participants’ group categorization and we verified that group categorization is more likely when the mean group emotion is closer
to participants’ own emotion. Study 2 laid the groundwork for
manipulating variance by testing whether participants accurately
evaluated the group’s mean emotions when the group’s variance
was low versus high. Study 3 was the crucial test of this investigation, in which we manipulated both the group mean and variance
and measured how these features influenced participants’ group
categorization. In Study 4 we examined whether the effects of
Study 3 could be replicated with positive stimuli rather than with
negative stimuli. Finally, Study 5 was designed to differentiate
between our group categorization results and results of a simple
face categorization task. We modified our categorization task such
that participants did not respond emotionally to stimuli, but merely
reported whether a single face was taken from a face sample or not.
These studies were motivated by several preregistered hypotheses (https://osf.io/tmc7f/). In terms of a group’s mean emotions,
we hypothesized that a larger distance between the individual’s
emotions and the group’s mean emotions would lead to a reduction
in the probability of group categorization. In terms of variance,
predicting how it might impact endorsements of group membership seemed less straightforward. In cases in which the group’s
mean emotion is similar to that of the individual’s emotion, we
hypothesized that larger variance in that group’s emotions would
lead to a reduction in the probability of group categorization
(Figure 1A). This is because such a group would include people
whose emotions are more distant from the individual’s emotions.
However, when the group’s mean is different from that of the
individual, it was unclear to us whether an increase in group
variance would lead to an increase or a decrease in categorization
(Figure 1B). On the one hand, when group variance is high there
would be more group members with emotion similar to that of the
individual. On the other hand, there would also be more people
with emotions that are different from that of the individual. There-

Method
Participants. As we did not know the effect size of the
manipulation, we used the data from the first 10 participants from
our sample to estimate the required sample size for the study (as
indicated in our preregistration). For these 10 participants, we
compared the difference in group categorization between the
same-mean condition and different-mean condition (similar to the
actual analysis, see below). We then used the results to conduct a
simulated power analysis for 30 participants using the R package
simr (Green & Macleod, 2016). Results suggested that using 30
participants would be enough to obtain more than 80% power for
the study (see the online supplementary materials for power estimations based on each sample size). Based on this calculation, our
final sample included 30 participants, which included the 10 participants that were used to evaluate the effect size (eight men, 22
women; Mage ⫽ 25.96, SD ⫽ 13.44). All of the participants were
American citizens. Participants were recruited using the Stanford
paid pool, which includes a mix of Stanford students and community members. Participants received $8 for their participation in the
study. No participants were removed from the analysis.
Procedure. Along with all subsequent studies described here,
Study 1 received research ethics committee approval (protocol
number 7273, Stanford University) prior to the collection of data.
Participants were told that they were taking part in a study testing
how emotions influence group categorization. The procedure
started with a minimal group paradigm, which is a classic manipulation designed to prime participants with the notion of group
membership. Participants were asked to answer a few binary
questions regarding general personal preferences. For example,
participants were asked to decide whether they preferred cats or
dogs, hamburgers or pizza, big cities or small towns, and so forth.
This procedure was adapted from minimal group manipulations
that were used in other studies (see e.g., Levy, Saguy, van Zomeren, & Halperin, 2017). After making their choices, participants
were told that they had been assigned to one of two groups based
on their preferences. Participants were also told that the two groups
were equal in size and that the groups were comprised of all of the
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previous participants in the experiment. This explanation was
designed to create a sense of an ingroup and an outgroup for
participants.
Participants then completed our group categorization task (after
instructions and a practice run) which was adapted from a previous
ensemble coding task (Elias et al., 2017). The task included 50
trials. In each trial participants first observed a picture depicting a
case of immoral behavior by an American official. For example,
some of the pictures were taken from the Abu Ghraib incident in
which American army personnel were caught abusing prisoners of
war. Other pictures were of American soldiers threatening children
and women in combat zones. Results from a previous study suggested that Americans who observed these pictures experienced
strong anger in response to these pictures (Goldenberg, Garcia,
Halperin, et al., 2019). Participants observed each picture for 5 s
(Figure 2A). They then viewed a screen containing a face (Figure
2B). Moving the mouse from left to right gradually transformed
the face’s expression from neutral to angry (see sample of the scale
in Figure 3).
Participants were asked to express their own anger in response
to the picture by modifying the face. The neutral-to-angry continuum was created by concatenating 50 modifications of the same
face, from no anger to extremely angry, effectively creating a 1–50
(translating to 1–100%) anger scale. The complete range of faces
was created for a previous investigation of ensemble face perception (Elias et al., 2017) using exemplar faces from the NimStim
face set (Tottenham et al., 2009). We used four different facial
identities that were randomly chosen for each trial. Importantly, all
of the faces were of White males (who made up the majority of our
participants). However, analysis suggested that the measures were

5

not affected by participants’ race or gender (this was also consistent with previous studies that used the same sample, see the online
supplementary materials). The ratings participants were allowed to
select from to indicate their own emotions during the task was
purposefully limited, and they ranged only from the 10th face to
the 40th face in the 1–50 scale. The reason for this was to allow a
normal distribution of faces to be formed around participants’
rating, thereby enabling the groups to include individuals expressing more or less emotion than the face selected by the participant.
Participants had no time limit when rating their anger in response
to the picture. Although we assumed that participants’ responses
would be more likely to represent their emotional experience in
response to the stimuli than their actual facial expression, we
thought that using faces would allow us to measure participants’
emotional responses and compare them to those of a group.
After providing their own ratings, participants saw 12 faces at
once, each expressing different intensities of emotions. The identities of the 12 faces were identical to the identity of the face which
was used by participants to rate the image from that same trial. The
12 faces appeared on the screen for 2 s (Figure 2C). We chose to
use a 2-s time window, which is longer than some ensemble coding
tasks, for a few reasons. First, as this was our first test of the effect
of group emotion on group categorization, we wanted to use a
longer exposure time to increase the chance of finding differences
between conditions. Second, social cognition studies have often
used longer exposure times as these studies generally have been
less interested in finding the minimal visual conditions for group
cognition than in detecting their impact (Dannals & Miller, 2017;
Phillips et al., 2018). As this was our first study in this domain, we
shared the same goals. Finally, determining how participants ar-

Figure 2. The group categorization task used in Study 1. Participants first saw a picture of Americans behaving
immorally (A). They were then asked to rate their degree of anger in response to the picture by modifying the
face on the screen (B). Participants then saw what they were told were 12 ratings from other participants (C) and
were then asked to choose whether the faces were taken from their own group or from another group (D). Faces
are from the the NimStim Set of Facial Expressions (Tottenham et al., 2009). See the online article for the color
version of this figure.
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Figure 3. A sample of three faces from the anger scale that was used in
the studies, from neutral (left) to angry (right). Values of 25 and 50
correspond to 50% and 100% intensities in our morph range. Faces are
from the the NimStim Set of Facial Expressions (Tottenham et al., 2009).
See the online article for the color version of this figure.

rived at their evaluations of a group’s summary statistical properties was not our primary goal (although Study 2 does provide
evidence that ensemble coding occurred). We were instead focused
on the way participants used these summary representations to
inform their own group categorizations.
The faces were presented against a uniform gray background
(red/green/blue value ⫽ 170, 170, and 170, respectively; luminance ⫽ 27.5 cd/m2). The location of the 12 pictures was independently jittered by 1 to 15 pixels in either direction along the
horizontal and vertical axes. Without taking into account this
random position variation, the centroids of adjacent faces were
10.8° away from each other along the horizontal axis and 8.1°
away from each other along the vertical axis. Participants were told
that these 12 faces represented 12 ratings of participants who had
already completed the task. They were also told (in the instructions
to the task) that these 12 ratings were all taken from either their
own group or from the other group (based on the minimal group
paradigm).
The standard deviation of anger depicted in the faces on the
screen was always 10 points (based on the 1–50 anger scale, 1
being neutral and 50 very angry). However, the mean intensity of
anger of the faces was randomly assigned to be either the same as
participants’ own rating (the same-mean condition) or different
from participants’ own rating (either 10 points higher or lower; the
different-mean condition). The standard deviation of each distribution was always 10 points and the distribution of the sample was
designed to be uniform. Not all of participants’ own ratings permitted their random assignment to either lower or higher ratings in
the different-mean condition. This is because we wanted to make
sure that the shape of the distribution for all conditions was close
to normal. Therefore, if a participant’s rating was higher than 30
on a given trial, they were randomly assigned either to (a) the
same-mean group emotion condition or (b) the different-mean
group emotion condition in which the group’s mean emotion was
lower than their own. If a participant’s rating was lower than 20,
they were randomly assigned to the same-mean condition or a
variant of the different-mean condition where the group’s mean
emotion was higher than their own. Although we suspected that
there might be differences in group categorization between the low
and the high variants of the different-mean condition, we found no

such differences (see the online supplementary materials). We
therefore examined the different-mean condition with data collapsed across these variations.
After viewing the 12 faces for 2 s, participants were presented
with group-categorization screen, in which they were instructed to
“choose the group from which these responses were taken” (Figure
2D). This instruction, like the initial task instructions, was designed to remind participants that they were choosing from the two
groups of participants who completed the minimal group paradigm—their group and the other group. Participants then made a
binary choice between these two options. They had as much time
as they needed to make this choice.
Measures. As previously mentioned, participants’ ratings
were based on 50 concatenated faces, from 1 (neutral) to 50 (very
angry; see Figure 3). Participants group categorization was measured as a binary variable. In addition to these measures, participants were asked to indicate their age, gender, race, and education
level. Finally, participants indicated their political affiliation on a
1 (very liberal) to 7 (very conservative) scale as well as a group
identification scale. These scales were not used in the main analysis of the article (but are reported in the online supplementary
materials).

Results and Discussion
We analyzed the data from our task by using a mixed generalized linear model, treating the group mean (similar or different) as
our independent variable and participants’ binary choice of group
as a dependent variable. We also used a by-participant random
variable. Using a by-stimulus random variable did not improve the
model and was therefore not used in the analysis. Results suggested that the probability of group categorization significantly
increased when the group’s mean ratings were similar to participants’ own ratings compared to when they were different
(b ⫽ ⫺.68 [⫺.92, ⫺.45], SE ⫽ .12, z ⫽ ⫺.5.69, p ⬍ .001, R2 ⫽
.13, intraclass correlation coefficient [ICC] ⫽ .10, Figure 3). R2
value represents the conditional R2 (including both fixed and
random effects), based on recommendations from Nakagawa and
Schielzeth (2013). ICC values were calculated using the R package
sjstats (Lüdecke, 2015) based on recommendations from Nakagawa, Johnson, and Schielzeth (2017). These results supported our
first hypothesis that increase in the distance between a person’s
own emotion and that of a group will reduce the probability of
group categorization. Interestingly, the probability of group categorization in the different-mean condition was also significantly
higher than chance (represented by the line in Figure 4, see the
online supplemental material for analysis), suggesting that even in
this case participants were more likely to categorize the group as
their own group.
Results of Study 1 confirm that the difference between a group’s
mean emotion and one’s own emotion influences the probability of
group categorization. Our next goal was to examine whether the
variance of the group may also play a role in group categorization.
However, before we could evaluate our primary question regarding
how a group’s mean and variability interact to impact group
categorization, we had to first examine how changes in variability
influence evaluations of the mean.
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Figure 4. The probability of group categorization as a function of the
group mean in relation to the individual in Study 1. Error bars represent
95% confidence intervals. See the online article for the color version of this
figure.
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participants then viewed a single face presented on the screen.
Moving the mouse from left to right transformed the face from a
neutral face to an angry face (on a 1–50 scale, see Study 1).
Participants were asked to adjust the face in order to capture the
mean emotion expressed by the group. They had as much time as
they needed to estimate each group’s mean intensity of emotion.
Measures. As previously mentioned, participants’ responses
were based on 50 concatenated faces, from 1- neutral to 50 - very
angry (see Figure 2 for a sample). In addition to these measures,
participants were asked to indicate their age, gender, race and
education level. Finally, participants indicated their political affiliation on a 1–7 scale (1 – very liberal, 7 – very conservative) as
well as a group identification scale. These scales were not used in
the main analysis of the article (results are reported in the online
supplementary materials).

Results and Discussion
Study 2: Identifying Mean Emotions of Groups With
Different Standard Deviations
The goal of this study was to test how participants evaluated the
group’s mean emotion when both the mean and the variance of
group emotion were manipulated. This was done to examine
whether (and if so, how) these two summary statistics interact in
the context of the current experimental design, with the hope of
gaining further insight into the mechanisms of group categorization (tested in Study 3). Our hope was that participants’ ability to
evaluate the mean group emotions of certain groups would provide
insight into whether participants would be more likely to prefer to
be members of these groups. This idea is inspired by subjective
uncertainty reduction theory (Hogg, 2000), which suggested that
people prefer to be members of groups they can understand and
predict.

Method
Participants. We recruited 30 participants for the study, as in
Study 1 (14 men 14, 16 women; Mage ⫽ 24.76, SD ⫽ 12.33).
Again, participants were recruited from the Stanford paid pool and
received $8 for their participation in the study. No participants
were removed from the analysis.
Procedure. Participants were told that they were taking part in
a study that was designed to test whether people can identify the
mean emotional expressions of groups. Participants then completed an adapted version of our group categorization task used in
Study 1 (after instructions and a practice run). The task included 50
trials. In each trial, participants first observed a picture depicting a
case of immoral behavior by an American official, similar to those
in Study 1. Participants observed each picture for five seconds.
Participants then saw 12 faces expressing different intensities of
anger for two seconds. The group’s mean emotion was randomly
generated to be between 10 and 40 (based on the 1–50 scale of
angry faces, 1 being neutral and 50 very angry). We limited the
range of the group means in order to allow distributions that were
as close to uniform as possible within the 1–50 scale. We also
manipulated the standard deviation of anger intensities depicted in
the groups to be either 5 or 10 points (the low and high conditions,
respectively). After viewing the group of 12 faces for two seconds,

We analyzed the data from our task using a linear mixed-model.
The group mean and standard deviation were our independent
variables. As the dependent variable, we looked at the discrepancy
between participants’ evaluation of the group mean and the actual
group mean emotion. As an index of this discrepancy, we created
a difference score between participants’ estimation of the mean
and the actual mean group emotion. Positive values indicated an
overevaluation of the group’s average emotional intensity and
negative values indicated an underevaluation of the group’s average emotional intensity (we present these findings in Figure 4).
To examine the effect of group mean and variance, we evaluated
the interaction between the group’s mean emotion (10 – 40) and
variance. Looking first at the intercept of the interaction equation,
results suggested that at the middle of the scale, participants tended
to evaluate the mean emotion at 2.89 [1.88, 3.42] points above the
actual mean (SE ⫽ .50, t(29) ⫽ 5.74, p ⬍ .001), pointing to a
general tendency to overestimate mean anger. This bias is congruent with previous findings that suggest a bias to report neutral
faces as appearing angry (Neta & Whalen, 2010). Furthermore,
results suggested a significant interaction between the mean group
emotion and the standard deviation of the group, such that both
extremes of the scale in the high variance trials were more likely
to be evaluated as closer to the middle of the scale compared to the
low variance trials (b ⫽ ⫺.08 [⫺.92, ⫺.45], SE ⫽ .02,
t(1467) ⫽ ⫺3.82, p ⬍ .001 R2 ⫽ .29, ICC ⫽ .11, Figure 5A). In
other words, when the intensity of the mean group emotion was
low, participants overrated the mean group emotion, and the magnitude of this overrating was greater in the high variance condition.
When the intensity of the mean group emotion was high, participants underrated the mean group emotion, and the strength of this
underrating was greater in the high variance condition. A second
way to examine these data is by comparing the absolute value of
the difference between the estimated and real mean for both the
high and low variance trials. We used the absolute value of the
difference as an indication of the error in order to make sure that
the overand underratings do not cancel each other out. Indeed,
results suggested that error in the high variance trials was significantly greater than in the low variance trials (b ⫽ ⫺.90
[⫺1.46, ⫺.35], SE ⫽ .28, t(1469) ⫽ ⫺3.22, p ⬍ .001, R2 ⫽ .17,
ICC ⫽ .16, Figure 5B).
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Figure 5. Panel A shows the effects of mean group emotional intensity (x-axis) and mean group SD (legend)
on two related outcome variables: the discrepancy score, which represents the difference between participants’
evaluation of the mean and the real mean. The gray area around the lines represents the standard error. Panel B
shows the difference in error, calculated as the absolute difference between the estimated and read means. Error
bars are 95% confidence intervals.

Results of Study 2 indicate that participants estimated the
mean emotion of groups with low emotional variance more
accurately than groups with high variance. This pattern is
congruent with other examinations of ensemble coding
(Sweeny, Haroz, & Whitney, 2013). In particular, we found that
participants consistently erred in reporting the means of highvariance groups, underrating high mean emotions and overrating low mean emotions. This effect could have been perceptual,
such that high-variance groups with extreme emotions actually
appeared to be less intense. Alternatively, difficulty estimating
the mean emotion of the high-variance groups may have compelled participants to default to using the middle of the response
scale. These interpretations lead to two opposite predictions
regarding the probability of group categorization in an experiment that includes a comparison between high and low variance
in the different-mean trials. The first prediction is that for the
different group emotion trials, participants would tend to perceive (and thus evaluate) high variance groups as closer to the
middle of the scale. Such an evaluation would increase the
probability that high variance groups would be self-categorized
compared to low variance groups. Imagine a case in which a
participant rates a certain picture as having an emotion intensity
of 25 and is then assigned to the high group mean emotion
condition (i.e., mean emotion of 35). In the high variance case,
the mean would be perceived as lower compared to the low
variance case, increasing the chance for group categorization.
An alternative prediction—which is congruent with subjective
uncertainty reduction theory (Hogg, 2000) – is that high variance will make it harder for participants to identify a group’s
mean emotion, and because of this uncertainty, they will tend to
less frequently self-categorize as members of these groups. The
goal of Study 3 was therefore to assess these two explanations
by looking at how both mean and variance of group emotions
may interact to influence group categorization.

Study 3: The Effect of Group Mean and Variance on
Categorization
The goal of Study 3 was to test the effect of changes in group
mean and variance on group categorization.

Method
Participants. We recruited 30 participants for the study, as in
Study 1 (10 men, 20 women; Mage ⫽ 27.36, SD ⫽ 11.36). Again,
participants were recruited from the Stanford paid pool and received $8 for their participation in the study. No participants were
removed from the analysis. Results of Study 3 were also replicated
in an online sample of 100 participants (see the online supplementary materials).
Procedure. The procedure for Study 3 was similar to that of
Study 1. However, in addition to manipulating the mean group
emotion to be either similar (same group mean as participants’
ratings) or different (10 points higher or lower than participants’
ratings), we also manipulated the standard deviation of emotions
expressed in the group to be either low (SD ⫽ 5) or high (SD ⫽
10). On the different-mean group emotion trials, participants’
ratings fell within the range of the distribution of faces when the
standard deviation was high, but not when it was low. As in Study
1, the dependent variable was participants’ group categorization
decision.

Results and Discussion
We conducted a mixed generalized linear model looking at the
interaction between the group mean (similar vs. different) and the
group standard deviation (low vs. high) predicting participants’
group categorization decision. We also used a by-participant random variable. Looking first at the interaction, results suggested
that the interaction was nonsignificant (b ⫽ .14 [⫺.63, .35], SE ⫽
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.25, z ⫽ .56, p ⫽ .57, ICC ⫽ .14). We therefore further examined
the main and simple effects (also see Figure 6).
Looking first at the main and simple effects of the group mean,
results show that categorization was higher when the group mean
was similar to that of participants, compared to when the group
mean was different (b ⫽ ⫺.54 [⫺1.35, ⫺.69], SE ⫽ .06,
z ⫽ ⫺8.53, p ⬍ .001, R2 ⫽ .20, ICC ⫽ .14). These results replicate
our findings from Study 1. This effect was similar in the low
standard deviation group (b ⫽ ⫺.58 [⫺.77, ⫺.39], SE ⫽ .09,
z ⫽ ⫺6.12, p ⬍ .001, R2 ⫽ .21) and the high standard deviation
group (b ⫽ ⫺.51 [⫺.67, ⫺.34], SE ⫽ .08, z ⫽ ⫺6.06, p ⬍ .001,
R2 ⫽ .18).
Next, we examined the main effect of standard deviation on
categorization decisions. We found a main effect for standard
deviation such that categorization was higher for groups with a low
standard deviation of emotional intensity regardless of the group
mean (b ⫽ ⫺.30 [⫺.43, ⫺.18], SE ⫽ .06, z ⫽ ⫺4.86, p ⬍ .001,
R2 ⫽ .24, ICC ⫽ .14). We further examined the simple effects of
the differences between the low and high standard deviation conditions for both the similar and different-mean group emotion
conditions. For the same-mean condition, group categorization
was higher for the low standard deviation trials compared to the
high standard deviation trials (b ⫽ ⫺.34 [⫺.54, ⫺.14], SE ⫽ .10,
z ⫽ ⫺3.41, p ⬍ .001, R2 ⫽ .11). These results were congruent with
our second hypothesis, which suggested that when the group’s
mean emotion is similar to participants’ own emotions, participants would be more likely to self-categorize to groups with low
variance. Importantly, results of the different group emotions trials
showed that group categorization was higher in the low standard
deviation trials as well, suggesting that even in the different-mean
emotion trials, participants preferred to self-categorize themselves
as members of more homogeneous groups (b ⫽ ⫺.27
[⫺.42, ⫺.12], SE ⫽ .07, z ⫽ ⫺3.54, p ⬍ .001, R2 ⫽ .01).
Furthermore, it was only in the different-mean trials with high
standard-deviations that participants group categorization was not
different from chance (represented by the red dotted line, see the
online supplementary material for analysis). This points to the
possibility that participants were uncertain about whether this was
their group on these trials.
Overall, the results of Study 3 provide evidence that a group’s
emotional variance can have an important influence on a viewer’s
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group categorization decisions. Participants preferred to selfcategorize into groups with low emotional variance, both when the
group’s average emotional intensity was similar or different from
participants’ own emotions. These results are especially interesting
when looking at the different-mean group emotion trials. Participants preferred to self-categorize as members of the low standard
deviation groups despite the fact that it was only in the high
variance trials that participants’ responses were actually located
within the range of the distribution. In other words, participants
paradoxically indicated that they felt more like a member of the
low variance groups even though they would have been the most
extreme member of those groups. Importantly, in a robustness test
of these findings, results of Study 3 were replicated in a new online
sample of 100 participants (Study 3A, see the online supplementary materials).
The findings of the different-mean trials can be explained based
on the findings from Study 2, which point to the fact that participants tended to report the mean group emotion of the high
variance groups as being closer to the middle of the scale compared to the low variance groups. Additional support for this
interpretation lies in the fact that the probability of group categorization for the different-mean, high-variance trails was not different from chance, suggesting that participants struggled to evaluate
their categorization in these trials. As argued by subjective uncertainty reduction theory (Hogg, 2000), group members prefer to be
members of coherent groups, as these groups are easier to predict
and understand. Our findings suggest that this preference holds
even when participants’ emotions fall outside of the range of the
group’s emotion.

Study 4: The Effect of Group Mean and Variance on
Categorization in Response to Positive Stimuli
The goal of Study 4 was to examine whether the effects found
in Study 3 generalize to positive stimuli. Previous work has suggested that people may be more accurate in identifying variance in
anger compared to happiness (Ackerman et al., 2006), however
these studies examined perception of individual emotions. We
therefore were interested to test whether participants’ categorization decisions in response to positive emotions would be similar to
the ones found in Study 3.

Method

Figure 6. Group categorization based on both mean and standard deviation manipulation in Study 3. Error bars represent 95% confidence intervals. See the online article for the color version of this figure.

Participants. We recruited 100 participants who completed
the study online on Mechanical Turk. Sample size was matched to
the one used in our online replication of Study 3. (See Study 3A in
the online supplementary materials.) Participants were all Americans located in the United States who completed the task on a
computer (rather than a smartphone). Selection criteria was at least
500 hits with a 95% success rate. Participants’ received $2 for their
participation (average completion time was 21.15 min). The study
included a set of attention checks in which participants were asked
to describe the content of the pictures that they responded to. Out
of the 100 participants who completed the task, we removed one
participant for describing the pictures incorrectly and one participant for refusing to fill out a few key demographics (such as
location, gender, and age). Three additional participants were
removed for making the same categorization decision in all 50
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trials. Removing these participants did not change the difference
between conditions but merely raised the categorization rate for all
conditions (all three participants marked “my group” to all trials).
Our final sample was therefore 95 participants (50 men, 45 women; Mage ⫽ 35.41, SD ⫽ 10.46).
Procedure. Prior to running the task, we conducted a pilot
study to create a sample of positive emotions eliciting primarily
happiness in response to group-related situations. These were
pictures of people celebrating the 4th of July and of American
athletes celebrating having received Olympic medals or winning
international competitions. During the piloting phase, we kept
pictures that were rated as positive by more than 95% of participants. When asked to choose from a series of distinct emotions,
participants predominantly categorized the pictures as eliciting
happiness, with excitement being the second most common emotion (for a detailed description, see the online supplementary
materials).
With the new picture sample in hand, we then turned to conduct
the actual task. The procedure for Study 4 was similar to that of
Study 3. However, instead of providing an emotional response
from neutral to negative, participants marked their emotional response using faces that depicted happiness on a 10 – 40 scale
(similar to Studies 1 and 3). This scale was a subset of a 1–50 scale
(see Figure 7) that was abridged to allow a group distribution to be
formed around participants’ ratings. Similar to Studies 1–3, participants then observed 12 ratings ostensibly made by other participants. These ranged from neutral to positive. Similar to Study
3, we manipulated the mean group emotion to be either similar
(same group mean as participants’ ratings) or different (10 points
higher or lower than participants’ ratings). We also manipulated
the standard deviation of emotions expressed in the group to be
either low (SD ⫽ 5) or high (SD ⫽ 10). On the different-mean
group emotion trials, participants’ ratings fell within the range of
the distribution of faces when the standard deviation was high, but
not when it was low. As in Studies 1 and 3, the dependent variable
was participants’ group categorization decision.

Results and Discussion
We conducted a mixed generalized linear model looking at the
interaction between the group mean (similar vs. different) and the

group standard deviation (low vs. high) predicting participants’
group categorization decision. We also used a by-participant random variable. Looking first at the interaction, results suggested
that the interaction was nonsignificant (b ⫽ .01 [⫺.03, .07], SE ⫽
.02, z ⫽ .60, p ⫽ .54, ICC ⫽ .12). We therefore further examined
the main and simple effects (also see Figure 8).
Looking first at the main and simple effects of the group mean,
results show that categorization was higher when the group mean
was similar to that of participants, compared to when the group
mean was different (b ⫽ ⫺.55 [⫺.62, ⫺.48], SE ⫽ .03,
z ⫽ ⫺15.85, p ⬍ .001, R2 ⫽ .18, ICC ⫽ .12). These results
replicate our findings from Studies 1 and 3. The significant difference between the same-mean and different-mean conditions
was similar in the low standard deviation group (b ⫽ ⫺.57
[⫺.67, ⫺.47], SE ⫽ .05, z ⫽ ⫺11.43, p ⬍ .001, R2 ⫽ .19) and the
high standard deviation group (b ⫽ ⫺.53 [⫺.63, ⫺.44], SE ⫽ .04,
z ⫽ ⫺11.13, p ⬍ .001, R2 ⫽ .16).
Next, we examined the main effect of standard deviation on
categorization decisions. We found a main effect for standard
deviation such that categorization was lower for groups with a high
standard deviation of emotional intensity regardless of the group
mean (b ⫽ ⫺13. [⫺.20, ⫺.06], SE ⫽ .03, z ⫽ ⫺3.80, p ⬍ .001,
R2 ⫽ .18, ICC ⫽ .12). These results were similar to those of Study
3. We further examined the simple effects of the differences
between the low and high standard deviation conditions for both
the similar and different-mean conditions. For the same-mean
condition, group categorization was higher for the low standard
deviation trials compared to the high standard deviation trials
(b ⫽ ⫺.15 [⫺.26, ⫺.04], SE ⫽ .05, z ⫽ ⫺2.75, p ⫽ .01, R2 ⫽ .18).
These results were congruent with our second hypothesis and
similar to those found in Study 3, which suggested that when the
group’s mean emotion is similar to participants’ own emotions,
participants would be more likely to self-categorize to groups with
low variance. Importantly, results of the different group emotions
trials showed that group categorization was higher in the low
standard deviation trials as well, suggesting that even in the
different-mean emotion trials, participants preferred to selfcategorize themselves as members of more homogeneous groups
(b ⫽ ⫺.11 [⫺.19, ⫺.02], SE ⫽ .04, z ⫽ ⫺2.66, p ⫽ .01, R2 ⫽ .15).
These results were similar to those in Study 3 as well.
Overall, results of Study 4 reiterate the findings of Study 3 and
provide further evidence that a group’s emotional variance can
have an important and surprising influence on a viewer’s group
categorization decisions. Participants preferred to self-categorize
into groups with low emotional variance, both when the group’s
average emotional intensity was similar or different from participants’ own emotions.

Study 5: Is Group Categorization Just Another Form
of Categorization?

Figure 7. A sample of three faces from the scale that was used in Study
4, from neutral (left) to happy (right). Values of 25 and 50 correspond to
50% and 100% intensities in our morph range. Faces are from the the
NimStim Set of Facial Expressions (Tottenham et al., 2009). See the online
article for the color version of this figure.

One of the questions raised by the results of Studies 3 and 4 is
whether our group categorization task is actually just a simple face
categorization task in which participants are merely asked to
estimate whether a certain facial expression is part of a set of faces
or not. In our previous experiments, we assumed that people
reflected about their own emotion in response to a stimulus,
provided a rating of their emotion with a single response face, then
made a judgment about their emotion relative to the group. Cer-
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Figure 8. Group categorization based on both mean and standard deviation manipulation in Study 4. Error bars represent 95% confidence intervals. See the online article for the color version of this figure.

tainly, participants did reflect on their internal state and they
adjusted the response face. But their evaluation of group membership may have simply reflected a purely visual comparison between the appearance of the response face and the appearance of
the group, subsequent to and independent of their evaluation of
their own emotional state. If this were the case, then a simple
matching task between a single face and a group, without any sort
of inquiry about the participant’s emotional state, should produce
the same pattern of results. In the current study, we modified our
categorization task to allow us to examine this question. We
hypothesized that in the same-mean group emotion condition, we
should see no difference between the low and high variance
groups, as in both cases the target face was sampled from the
group. Furthermore, in the different-mean group emotion condition, we hypothesized that participants should be more likely to
categorize the target face as member of the high variance group
compared to the low variance, as this target face is indeed more
likely to come from that group.

Method
Participants. We recruited 100 participants who completed
the study online on Mechanical Turk. Sample size was matched to
the one used in our online replication of Study 3 and to Study 4.
Participants were all Americans located in the United States who
completed the task on a computer (rather than a smartphone).
Selection criteria was similar to previous studies. Participants’
received $2 for their participation (average time ⫽ 21.15 min,
identical to Study 4). The study included a set of attention checks
in which participants were asked type in words that appeared on
the screen. Out of the 100 participants who completed the task, we
removed seven participants for making the same categorization
decision in all 50 trials. Removing these participants did not
change the difference between the conditions but merely changed
the categorization rate for all conditions (six out of the seven
participants marked “my group” to all trials). Our final sample was
therefore 93 participants (62 men, 31 women; Mage ⫽ 35.17, SD ⫽
11.23).
Procedure. The current task was a modification of the task
used for Studies 3 and 4. The task included 50 trials. In each trial
participants first observed a target face that was randomly drawn
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from our 10 – 40 neutral-to-angry continuum (which was a subset
of a 1–50 scale, the shortened scale was designed to allow a
distribution to be formed around the target face, similar to all
previous studies). The face appeared on the screen for 5 s. To make
sure that participants indeed observed the target face, they were
then asked to report the degree of emotion expressed by the target
face. This was done using a scale of neutral to angry, similar to that
of Study 3A, in which participants were asked to mark the location
on the scale from which the face they just saw was drawn. After
estimating the intensity of the emotion expressed by the target face
they just saw, participants saw 12 faces at once, each expressing
different intensities of emotions. The identities of the 12 faces
were identical to the identity of the target face which they saw
earlier. The distribution was also identical to the ones from Studies
3 and 4. The 12 faces appeared on the screen for 2 s, similar to
Studies 1– 4. We manipulated both the mean group emotion and
the standard deviation of the 12 faces based on the target face that
participants’ first saw. Participants either saw 12 faces with a mean
that was similar to the target face or different (10 points higher or
lower than the target face). We also manipulated the standard
deviation of emotions expressed in the group to be either low
(SD ⫽ 5) or high (SD ⫽ 10). After viewing the 12 faces, participants were asked to estimate whether the target face was taken
from the sample or not. Notice that the structure of the task was
identical to that of the group categorization task with one difference: Instead of responding emotionally to a stimulus, participants
saw a target face and were asked to report whether it was part of
a group of faces or not.

Results and Discussion
Before starting our main analysis of participants categorization
choice, we conducted a test to examine that participants were able
to accurately estimate the intensity of the target face they saw at
the beginning of each trial. We conducted a linear mixed model
analysis, looking at the difference between the actual emotional
intensity of the target face and the estimated rating from participants. Similar to our previous analysis, we used a by-participant
random variable. Results suggested that there was no significant
difference between participants’ estimation of the actual intensity
of the face and the estimated rating (b ⫽ .11 [⫺.03, .07], SE ⫽ .23,
t(9190) ⫽ .48, p ⫽ .62, ICC ⫽ .16). These findings are encouraging as they suggest that participants’ categorization decisions
were not biased by their perception of the target face. It also means
that participants paid attention to the target face.
To look at participants’ categorization decisions, we conducted
a mixed generalized linear model looking at the interaction between the group mean (similar vs. different) and the group standard deviation (low vs. high) predicting participants’ categorization decisions. We also used a by-participant random variable.
Looking first at the interaction, results suggested a significant
interaction between group mean and standard deviation (b ⫽ .13
[.04, .21], SE ⫽ .04, z ⫽ 3.00, p ⫽ .001, R2 ⫽ .18, ICC ⫽ .01).
These results were different from Studies 3 and 4 in which the
interaction was not significant. We therefore further examined the
main and simple effects to further understand the interaction (also
see Figure 9).
Looking first at the main and simple effects of the group mean,
results show that group categorization was higher when the group
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Figure 9. Group categorization based on both mean and standard deviation manipulation in Study 5. Error bars represent 95% confidence intervals. See the online article for the color version of this figure.

mean group emotion condition, we found the opposite results
relative to the group categorization task. Participants’ were more
likely to categorize the target face as being part of the high
standard deviation group, compared to the low standard deviation
group. These results make sense, as the target was actually more
likely to be included in this high variance group. However, they
also point to the striking difference between this study and our
group categorization task, in which participants preferred to be
categorized in the low variance group even when their own emotion fell outside of the distribution. We conclude from these
findings that group categorization involves other processes than
those of the simple face categorization task, and that one clear
difference between the two is participants’ preference to be members of coherent groups, whether the mean group emotion is
similar to, or different from, their own emotion.

General Discussion
mean was similar to that of participants, compared to when the
group mean was different (b ⫽ ⫺.29 [⫺.38, ⫺.21], SE ⫽ .04,
z ⫽ ⫺6.85, p ⬍ .001, R2 ⫽ .17, ICC ⫽ .15). These results were
similar to our findings from Studies 3 and 4 and appeared both
when looking at the low standard deviation group (b ⫽ ⫺.42
[⫺.55, ⫺.30], SE ⫽ .06, z ⫽ ⫺6.92, p ⬍ .001, R2 ⫽ .15) and the
high standard deviation group (b ⫽ ⫺.16 [⫺.29, ⫺.04], SE ⫽ .06,
z ⫽ ⫺2.74, p ⫽ .01, R2 ⫽ .21). These results suggest that even
when participants are categorizing faces (rather than their own
emotional responses) their categorization decisions are influenced
by the mean group emotion.
Next, we examined the main effect of standard deviation on
categorization decisions. Unlike Studies 3 and 4, we did not
find a significant main effect for standard deviation such that
participants did not categorize the target face differently depending on the standard deviation of the sample (b ⫽ .06 [⫺.02,
.15], SE ⫽ .04, z ⫽ ⫺1.50, p ⫽ .13, ICC ⫽ .15). Looking at the
simple effect revealed an even more interesting picture. When
the group mean was similar to that of the target face, we found
no difference in participants’ categorization between the low
and high variance (b ⫽ ⫺.06 [⫺.20, ⫺.06], SE ⫽ .07, z ⫽ ⫺.84,
p ⫽ .39). These results were different from our categorization
task in which a significant difference was found. We then
examined difference in categorization between high and low
group standard deviation in the different-mean group emotion
condition. Results suggested that participants were more likely
to categorize the target face as part of the high variance group,
compared to the low variance (b ⫽ .19 [.11, .27], SE ⫽ .04, z ⫽
4.81, p ⬍ .001, R2 ⫽ .15). These results are in the opposite
direction to the ones found in Study 3 and 4. They point to the
fact that participants indeed estimate that the target face was
more likely to be within the high variance sample, compared to
the low variance.
Overall, the results of Study 5 point to two important differences
between our group categorization task and a simple categorization
task of facial expression. In the same group emotion condition, the
standard deviation of the group had no impact on whether the
target face was evaluated as being part of the face sample in the
simple categorization task. These findings are different from our
group categorization task in which participants preferred to categorize themselves to the low-variance groups. In the different-

One crucial question regarding social perception is how we
synthesize and organize complex social information and use this
information to address important questions about group membership. Here, we took inspiration from the ensemble coding and
group categorization literatures to examine the influence of the
mean and variance of a group’s emotions on group categorization.
Results of Study 1 affirmed that the probability of group categorization decreased when the group mean was different from that of
the individual’s emotions (compared to when it was the same).
Results of Study 2 laid the foundation for manipulating variance
by showing that participants were less accurate in evaluating the
mean emotion of groups with high variance. In line with participants’ ability to understand the mean group emotions, results of
Studies 3 and 4 suggested that participants were also more likely
to self-categorize to groups with a lower standard deviation of
emotional expression compared to a higher standard deviation,
regardless of whether the group mean emotion was similar or
different to participants’ own emotions. Finally, results of Study 5
suggested that participants’ preference for low group emotional
variance, seen in Studies 3 and 4, was not found when participants
completed a simple face categorization task that did not require
them to report on their own emotions, thus revealing the uniqueness of group categorization in relation to other, more general
categorization tasks. Combined, these studies provide novel and
surprising insights into how people make complex and rapid
assessments of group membership.

Mechanisms Underlying Group Categorization
Our findings suggest that participants preferred to selfcategorize to groups with low emotional variance. This was
especially interesting considering the fact that in the high
variance condition, participants’ own emotions were located
within the range of the distribution of emotions expressed by
the group, whereas in the low variance group participants’ own
emotions were outside the range of the distribution. Still, participants preferred to categorize themselves as members of the
low variance groups. Based on the findings of Study 2, one
mechanism that may play a role in this preference for low
variance, especially when thinking about the different-group
mean trials, is the fact that it was easier to estimate a group’s
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mean emotion when that group had low variance. When people
decide whether or not to self-categorize themselves into certain
groups, they may simply prefer groups that are coherent as
these groups are easier to understand and predict (Campbell,
1958; Hogg, 2000; Lickel et al., 2000).
Preference for homogeneity should not be inevitable, however.
Previous work suggests that when group members—particularly
those with low group identity—learned that their group was low
status, they actually tended to interpret it as having high variability
(Doosje, Ellemers, & Spears, 1995). Thinking of their group as
heterogenous may make it easier for certain group members to
maintain group membership while still thinking of themselves as
different from their group (Brewer, 1991). Further research should
be done to examine potential moderators such as group status and
threat to group image that may affect our observed preference for
group homogeneity.

Implications for Group Processes
The idea that people prefer to be members of coherent groups,
even when their own emotions fall outside of the group emotional
response, may have important implications for understanding intragroup dynamics. It is well established that extreme groups often
present a more coherent message (Hogg, 2007; Hogg et al., 2007;
Lickel et al., 2000). If people have a preference for group coherence, as our studies suggest, they may be more attracted to selfcategorize as members of these extreme groups.
Attraction to extreme groups based on their coherence can
explain processes such as polarization and escalation in group
emotions (Goldenberg, Garcia, Halperin, et al., 2019; Iyengar et
al., 2018). Group members’ tendency to categorize themselves
with more coherent groups will lead them to conform to these
groups’ emotions. Conformity to emotions of more extreme groups
may play a role in emotional polarization, as situations that lead to
polarized emotional responses will force categorization decisions
and therefore conformity to extreme groups (Brady, Wills, Jost,
Tucker, & Van Bavel, 2017; Goldenberg, Garcia, Halperin, et al.,
2019; Goldenberg, Saguy, & Halperin, 2014). Even if the group
emotional responses are not polarized, conforming to more extreme groups can lead to an increase in overall emotions and to
escalation (Halperin, 2016; van Zomeren et al., 2012). Further
work should examine the connection between this preference for
coherence and these broader social processes.

Implications for Well-Being and Social Interactions
Based on the current findings, group categorization may vary
even due to minor shifts in visual representations of the emotions
of one’s group. Considering the high frequency with which people
evaluate their surroundings (Bargh, 1994), and considering the fact
that one’s social environment is in constant flux (e.g., other people’s emotional expressions are likely to be dynamic), especially in
the current social media era, one’s sense of group membership may
shift from moment to moment.
Literature on the psychological sense of belonging has suggested that lack of belonging is connected to a variety of negative
effects on one’s health and well-being (Walton & Brady, 2017).
However, this research has often considered belonging as a longterm state of mind rather than a fleeting sensation that may be
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updated based on momentary perceptual changes (Walton & Cohen, 2007). Thinking about group categorization as a dynamic
process raises interesting questions regarding individual differences in the stability of group categorization. We predict that
low-stability in one’s group categorization may be associated with
similar negative outcomes as lack of belonging.
Once individuals self-categorize as members of a group, a variety
of group-related processes such as conformity and ingroup favoritism
become active (for a review, see Hornsey, 2008). Therefore, it would
be interesting to see how the stability and frequency of a person’s
sense of belonging influence a variety of social processes such as
conformity and ingroup bias. It may be that the tendency for frequent
categorization leaves people insecure regarding their group membership, and therefore leads them to be more highly influenced by their
group. However, it may be that constantly examining one’s own
group categorization makes it harder to feel part of a group and
therefore decreases the probability of social influence processes. Future work should examine these questions.

Limitations and Future Directions
The current research provides important insights into how the
mean and variance of a group’s emotions influence group categorization. Nevertheless, these studies have limitations that suggest
the value of several directions for future research.
First, in the current study, the faces that were presented to participants varied from neutral to very angry or neutral to very happy and
did not include any faces that expressed emotions opposite to the
expected response from the picture. This decision was motivated by
the desire to increase the probability that mean and standard deviation
would play a role in the categorization decision. Group categorization
choices may be very different when including positive faces in response to negative stimuli or negative faces in response to positive
stimuli. It is possible that people may weigh variance within the angry
spectrum less when there are also faces expressing positive emotions
and the opposite for positive emotions.
Second, our manipulation of mean and variance included a limited
range of these two statistics. It may be possible that expanding the
degree of variance or mean differences will reveal important new
information about group categorization decisions. Learning more
about the effects of mean and variance on group categorization will be
important for developing a more complete theory.
More generally, the current research considered just one dimension of variation among faces (namely, in emotional expression).
One interesting question is whether increasing the diversity in
other dimensions such as gender or race would alter the results
(Hess, Thibault, Adams, & Kleck, 2010; Johnson, Freeman, &
Pauker, 2012). Do people treat variance on different dimensions in
the same way, or are some aspects of variance more important than
others? Further work should test how these features interact with
the findings of this article.
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