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Abstract

Facial impressions (e.g., trustworthy, intelligent) vary considerably across different perceivers and targets. However, nearly
all existing research comes from participants evaluating faces on a computer screen in a lab or office environment. We
explored whether social perceptions could additionally be influenced by perceivers’ experiential factors that vary in daily life:
mood, environment, physiological state, and psychological situations. To that end, we tracked daily changes in participants’
experienced contexts during impression formation using experience sampling. We found limited evidence that perceivers’
contexts are an important factor in impressions. Perceiver context alone does not systematically influence trait impressions in
a consistent manner—suggesting that perceiver and target idiosyncrasies are the most powerful drivers of social impressions.
Overall, results suggest that perceivers’ experienced contexts may play only a small role in impressions formed from faces.
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People form impressions of one another at a glance, such as
whether a person looks high-status or intelligent (Bjornsdottir
& Rule, 2017; Zebrowitz et al., 2003). Regardless of accu-
racy, these impressions are pervasive and consequential, pre-
dicting election outcomes (Ballew & Todorov, 2007; Olivola
& Todorov, 2010), sentencing decisions (Blair et al., 2004;
Wilson & Rule, 2015), and financial lending rates (Duarte
et al., 2012) in the real world. Yet our understanding of the
way that facial impressions are formed depend overwhelm-
ingly on face ratings made by people situated in social psy-
chology studies. In most of these studies, people rate faces
while sitting in front of a computer, in a highly controlled
laboratory environment. Whether impression formation dif-
fers when participants experience other contexts is
unknown—even though this question is critical to how we
should interpret such lab-based results. To what extent are
facial impressions influenced by situational and contextual
factors that participants experience in daily life? We adopted
an experience-sampling paradigm (Thai & Page-Gould,
2018), collecting ratings from participants as they went about
their day, to address this question.

Variability in Facial First Impressions

Social impressions from faces are jointly influenced by per-
ceiver characteristics, target characteristics, and perceiver-
by-target interactions (Hehman et al., 2018; Kenny, 2019;

Kunda et al., 1996). Among these components, the contribu-
tions of target characteristics (e.g., morphological cues,
social identity) have been studied extensively in isolation,
with hundreds of studies demonstrating how different targets
elicit judgments of attractiveness, trustworthiness, among
many other traits (Todorov et al., 2015). This literature is
situated in ecological theories that highlight the functional
significance of face perception, offering a partial explanation
for the human tendency to readily overgeneralize facial cues
(e.g., an upturned mouth) to stable trait inferences (e.g.,
friendly; Zebrowitz et al., 2003). More recent work has also
examined how targets in different contexts are perceived, by
varying the visual context of target stimuli. For example,
people integrate facial cues (e.g., untrustworthy face) and
contextual cues (e.g., threatening or neutral scene) when
evaluating the trustworthiness of a face (Brambilla et al.,
2018; Mattavelli et al., 2021), and faces appear more attrac-
tive when they appear in a group (Carragher et al., 2021).
Yet perceivers also play an active role in impression for-
mation, differing in their impressions of the same face. For
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instance, perceivers who vary in their social identity
(Kawakami et al., 2017) or stereotype knowledge (Oh et al.,
2019; Wilson et al., 2017) may evaluate the same target very
differently. These perceiver contributions are central to mod-
ern theories of social cognition (Brewer, 1988; Macrae &
Bodenhausen, 2000), and current perspectives conceptualize
impression formation as a dynamic process, during which the
bottom-up processing of facial features interacts with multiple
top-down cognitive factors (Freeman et al., 2020). For exam-
ple, people’s intuitions about trait correlations (e.g., “how
intelligent is someone who is attractive?”) explain consider-
able variability in how facial impressions are formed (Stolier
et al., 2018, 2020), suggesting that conceptual knowledge
unique to each perceiver shapes impression formation.

Recently, researchers have examined the relative impor-
tance of these components in face impressions (Hehman
et al., 2017; Honekopp, 2006; Judd et al., 2012; Xie et al.,
2019). By using cross-classified multilevel models to esti-
mate variance components from different clusters in the data,
this research decomposes the total variance in face impres-
sions to those uniquely attributable to perceivers, targets, or
perceiver-by-target interactions (Hehman et al., 2017; Judd
et al., 2012; Kenny, 2019; Xie et al., 2019). Results indicate
perceiver idiosyncrasies contribute a greater proportion
(~20%—-25%) of variance than target characteristics (~10-
15%), though perceiver-by-target interactions contribute the
most overall (~32-39%; Hehman et al., 2017; Honekopp,
2006; Xie et al., 2019).

Although perceiver characteristics appear to contribute a
large share of known variance in face impressions, it is
unclear what this “perceiver-level variance” captures. It may
reflect stable, trait-level idiosyncrasies such as personality,
stereotype knowledge, response style, or state-like influ-
ences such as affective state, evaluative context, external
environment, or psychological situations. Recent work sug-
gests that perceivers’ stereotype knowledge and lay theories
of personality play a role (Stolier et al., 2020, 2018; Xie
etal., 2021), as well as their degree of acquiescence and pos-
itivity bias (Heynicke et al., 2021). However, these factors do
not explain all perceiver variance, and other sources of per-
ceiver-level variance are likely important. Critically, between
20% and 40% of the variance in facial impressions remains
unexplained. This unexplained variance may reflect mea-
surement error, or a meaningful source of intraindividual
variability that has yet to be explored. To that end, the pres-
ent research examines to what extent situational, day-to-day
contextual factors experienced by perceivers contribute to
variability in social impressions.

Do Perceiver Contexts Influence
Impression Formation?
Impression formation does not occur in a vacuum. In every-

day life, people are embedded in various contexts when
forming impressions of others. A perceiver’s context can

encompass one’s broader culture (Jaeger et al., 2019), per-
sonal environment (Barrett & Kensinger, 2010), or experi-
enced situation (Rauthmann & Sherman, 2018). Although
research on the influence of perceiver contextual factors on
impression formation is scarce, a recent twin study found
that genes explain little variability in facial impressions com-
pared to one’s personal environment (Sutherland et al.,
2020), encompassing local factors related to one’s upbring-
ing and community. Consistent with this finding, research
with a large, international sample found that the broader cul-
tural context also explains minimal variability, relative to
individual differences (Hester et al., 2021). These findings
allow for the possibility that any meaningful perceiver-level
contextual variability in face impressions may exist at the
locus of situational, day-to-day variation in one’s recent
experiences, rather than in one’s broader culture or genetic
makeup.

To the extent that these everyday experiential factors are
psychologically meaningful, they may impact the impression
formation process. For example, in contexts associated with
harm (e.g., weapons are present), people readily evaluate
others as angrier (Holbrook et al., 2014; Maner et al., 2005),
larger (Fessler et al., 2012), and more physically threatening
(Wilson et al.,, 2017), compared to neutral contexts.
Furthermore, perceivers’ mood states may interact with fea-
tures of the environment to impact situation construal. For
example, people form impressions that are mood-congruent
(Abele & Petzold, 1994; Forgas, 1992; Forgas & Bower,
1987), and properties of the environment can both shape and
be shaped by mood (Chartrand et al., 2006). The psychologi-
cal experience of perceivers may therefore impact the way
that they process and interpret novel targets.

To experimentally assess how impression formation var-
ies across a sufficiently diverse number of perceiver contexts
would require there to be an improbably large number of
fixed situations, in which we manipulate participants’ moods,
perceived situations, and environment. Instead of experi-
mentally inducing these different contexts, we used an expe-
rience-sampling paradigm (Thai & Page-Gould, 2018) to
explore how perceivers—going about their daily lives and
experiencing different contexts in a naturalistic manner—
form impressions of targets.

To our knowledge, no studies have examined the influ-
ence of daily experiences on perceivers forming impressions,
and there are no theoretical frameworks from which to derive
specific hypotheses. With notable exceptions, most of the
existing research on impression formation comes from par-
ticipants embedded in the context of a social psychology
experiment, sitting in a lab and rating faces. Furthermore,
participants typically only evaluate each target once, which
limits the amount of intraindividual variability that can be
observed. Some research has examined context in impres-
sion formation, but focusing on target contexts, with targets
embedded in diverse visual contexts as impressions are
formed (e.g., Brambilla et al., 2018; Carragher et al., 2021;
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Fessler et al., 2012). Accordingly, here we present the first
exploratory study to examine the perceiver context factors
that might influence how they form impressions.

As participants went about their daily lives, we sent them a
photo of a face, and measured their impressions as well as
aspects of their physical and psychological context. We aimed
to answer two research questions: First, to what extent do per-
ceivers’ everyday contexts matter for impression formation?
Second, which perceiver contexts are important for driving
impressions in a systematic manner across different partici-
pants? By collecting evaluations from participants over time,
we allowed natural sources of intraindividual variability to
emerge, and examined whether perceivers’ contexts meaning-
fully contributed to variability in social impressions.

Methods
Experience Sampling

We explored the impact of people’s naturally varying, day-
to-day contexts on the way that they form impressions from
faces, using experience sampling (Thai & Page-Gould, 2018)
to track daily changes in participants’ contexts at the moment
that they form impressions of facial stimuli. We used “per-
ceiver context” broadly to encompass perceivers’ environ-
mental and psychological states that might contribute to
intraindividual variability in facial impressions. Accordingly,
we focused on state-like variables that were likely to fluctu-
ate within individuals. Data, code, and study materials avail-
able at [osf.io/xdmjr]. This research was approved by the
McGill University Research Ethics Board.

Participants

330 U.S. participants were recruited from Amazon Mechanical
Turk to complete an intake questionnaire and participate in the
experience-sampling study. We overrecruited to ensure we
would be able to attain a final sample similar to previous
research that used this experience-sampling method (Thai &
Page-Gould, 2018). In all, 218 participants (52% female, M,
=36.0,8D,,, = 10.3) continued with the study: 168 White, 18
East Asian, 17 Black, 8 Latine, 3 Aboriginal/Indigenous, 2
multiracial, 1 South Asian, and 1 undisclosed. The average
income of participants was $61,148 (SD = $35,269), and the
highest level of education attained included 1 high school or
less, 19 high school graduate, 52 some college, 33 associate’s
degree, 77 bachelor’s degree, 31 master’s degrees, 1 profes-
sional degree, 3 doctoral degree, and 1 undisclosed.

Procedure

Participants completed an intake questionnaire, which
included a brief measure of personality (Rammstedt & John,
2007) and demographic questions. They were then directed
to a webpage explaining how to install and use the

ExperienceSampler smartphone app (Thai & Page-Gould,
2018) that would record their responses throughout the day
for up to 15 consecutive days. Figure | reveals that partici-
pants completed measures across a wide variety of geo-
graphic locations, ensuring variability in some of the factors
that we measured, such as weather or other characteristics of
the environment.

Data collection proceeded in multiple waves between August
29 and December 16 in 2019. Participants were notified twice a
day for up to 15 consecutive days at quasi-random times via the
app. Participants indicated the hours that they would be avail-
able to use their phone on weekdays and weekends, and notifi-
cation times were randomized within these periods. When
responding to a notification, participants were asked to report
their impression of one randomly-selected human face, on 6
traits commonly assessed in impression formation research:
friendliness, trustworthiness, attractiveness, intelligence, physi-
cal strength, and dominance (Hehman et al., 2017; Todorov
et al., 2015). Participants rated each trait impression on 1-“Not
at all” to 7-“Very much” Likert-type scales. Traits were pre-
sented in randomized order across surveys and across partici-
pants. After ratings, participants then completed brief measures
of their current situation, environment, mood, and physiological
state. The order of questionnaires and items within question-
naires were also randomized per survey. Measures were brief to
minimize participant fatigue and attrition. See Supplementary
Materials for the complete questionnaire.

Our theoretical and statistical focus was on within-subject
variability, and a limited set of stimuli was ideal for focusing
on the potential influence of perceiver contexts. See Figure 2
for an illustration of within-subject variability in target ratings
over time. Stimuli comprised photographs of White, emotion-
ally-neutral faces (8 male, 7 female) randomly selected from
the Chicago Face Database (Ma et al., 2015). If participants
responded to all notifications, then a total of 180 trait ratings
would be obtained per participant: 30 responses X 6 trait rat-
ings of 15 stimuli, each rated twice. Participants could miss 5
notifications total, after which they would no longer receive
notifications.

Measures. We measured several ways in which physical
environment and psychological states may vary within indi-
viduals across 15 days. However, there are countless factors
that might influence one’s immediate psychological context.
Because it was not possible to comprehensively explore all
contexts, items were selected based on salience and subjec-
tive intuitions by the research team, with the goal of casting
a wide net. In total, measures of perceivers’ experienced con-
texts included 22 items, administered at each survey. No
variables other than those reported in the manuscript have
been measured. See Supplementary Materials for the full
questionnaire.

Measuring situations. Modern approaches to situation
measurement focus on how situations are subjectively
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Figure |. Participants’ location (longitude/latitude) at the time of each response (constrained to the U.S. for visualization).

Note. Unique colors represent unique participants (n = 218).
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Figure 2. Ratings of the same target at Time | and Time 2,
across all participants and traits.

Note. Gray lines connect ratings from the same participants. That many
are diagonal reveals that participants did not always provide identical
ratings to the same target across different time points, allowing for the
possibility that perceivers’ experienced contexts might explain such
variation.

perceived (Brown et al, 2015; Parrigon et al., 2017;
Rauthmann & Sherman, 2018). Since 2014, various situa-
tion taxonomies have been developed around this principle.
Given the large content overlap across different measures
(Horstmann et al., 2017), we decided to use the shortest
validated measure available for the systematic assessment

of situations that focuses specifically on the description of
everyday situations: the ultra-brief (8-item) form of the Situ-
ational 8 DIAMONDS (Rauthmann et al., 2014; Rauthmann
& Sherman, 2015), a taxonomy of situation characteristics
comprising (D)uty, (Intellect, (A)dversity, (M)ating, p(O)
sitivty, (N)egativity, (D)eception, and (S)ociality. The ultra-
brief form of the DIAMONDS (Rauthmann & Sherman,
2015) has one item tapping each dimension (e.g., “Are you
in a situation where work has to be done?”), on 1-“Not at all”
to 7-“Totally” Likert-type scales.

Measuring environment. Environment variables included
weather (i.e., sunny, rainy) measured on 1-“Not at all” to
7-“Very much” Likert-type scales, temperature (in Fahr-
enheit, on a sliding scale from Very Cold: -20 to Very Hot:
120), and checkboxes indicating whether the respondent was
indoors or outdoors, alone, with strangers, or with familiar
others.

Measuring mood. We included six items capturing mood:
happy, calm, energetic, fearful/anxious, angry, and sad.
These were derived from adjectives loading strongly on
the mood factors identified in the UWIST Mood Adjective
Checklist (Matthews et al., 1990). Participants responded to
the prompt, “Thinking about yourself and how you feel in
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the past 30 minutes, to what extent do you feel: [. . .],” ona
Likert-type scale from 1-“Not at all” to 7-“Very much.”

Measuring physiological state. We included two items cap-
turing basic physiological states: Tired and Hungry. Partici-
pants responded to the prompt, “How [tired / hungry] are you
right now?”” on a 1-“Not at all” to 7-“Very much” Likert-type
scale.

Demographics. In the intake questionnaire, participants
completed a variety of demographic items (i.e., gender, age,
ethnicity, income, and education). In addition, they com-
pleted a brief measure of personality: the 11-item version of
the Big Five Inventory (Rammstedt & John, 2007). Given
our interest in within-subject effects, these variables were
not of primary interest, but served as robustness checks to
ensure that any contextual effects were not explained by
trait-like perceiver characteristics.

Analysis |

Quantifying Perceiver-Context Variability in Face
Impressions

We quantified the variance in facial impressions attributable
to different contexts experienced by perceivers. Because we
had no a priori hypotheses about which perceiver contexts
would influence facial impressions, nor to what extent they
could influence impressions, we randomly (by participant)
partitioned the data into exploratory (N = 109, n ratings =
2236) and confirmatory hold-out (N = 109, n ratings =
2190) datasets to reduce the possibility that any models
developed on the exploratory data were overfitted. There
were no preregistrations for this study.

Analytic approach. We built a cross-classified multilevel
model with no predictors (i.e., null model) to partition the
data into variance attributable to context, perceiver, target,
and their higher order interactions. Similar cross-classified
models have been used in social psychology research (Judd
et al., 2012) to decompose and quantify the variance in
impressions originating at the target and perceiver levels
(Hehman et al., 2017; Honekopp, 2006; Kenny, 2019; Xie
etal., 2019). Here, the level-1 unit of analysis is a trait rating
made at the time that participants are responding to each sur-
vey, which is cross-classified by targets, perceivers, and con-
texts. Models were estimated using the /me4 (Bates et al.,
2015) package in R.! See Supplementary Materials for fur-
ther elaboration of this model.

Modeling heterogeneity in realworld contexts. To estimate
this model, each rating in Level 1 of the model must be nested
within a categorical context cluster, just as it is nested within
a participant and target cluster. Given that there are 22 predic-
tors, it is impractical to model all higher-order interactions by

entering them as predictors in a multilevel model. For exam-
ple, including all higher-order interactions requires estimating
an additional 4,194,281 parameters. Thus, an important first
step was to identify distinct perceiver contexts, and assign
each response to a distinct context in a class of contexts. For
example, one perceiver context (e.g., outdoors, warm, sunny,
social environment, hungry) may be differentiated from
another perceiver context (e.g., alone, indoors, in an environ-
ment that requires work to be done, tired) based on partici-
pants’ responses to multiple contextual variables. As we did
not have any a priori hypotheses about which combinations of
perceiver-level contextual variables might be psychologically
meaningful, we adopted a data-driven approach.

Our strategy was to identify qualitatively distinct per-
ceiver contexts that emerge from combinations of contextual
features. Specifically, we used latent profile analysis (LPA)
to examine how participants’ responses to these contextual
variables cluster together and constructed distinct classes of
contexts in a data-driven manner, using quantitative data to
express qualitatively distinct contexts. This was possible
given a longitudinal dataset, with observations that are
repeated within (and between) participants who differ in trait
characteristics (e.g., personality, worldview) but who may
nonetheless experience similar psychological states as they
experience similar contexts. This strategy allowed us to esti-
mate the variance in social impressions arising from per-
ceiver contexts. We implemented LPA using the tidyLPA
package in R (Rosenberg et al., 2019).

Latent Profile Analysis of Real-World Contexts

LPA estimates an underlying categorical latent variable from
continuous indicators (Hox & Roberts, 2011; Pastor et al.,
2007). Often used in person-centered analyses, its practical
advantage is that it mimics higher-order interaction terms
and catalogs complicated interaction effects in a simple way,
as subgroups or “classes.” This approach is suited for data in
which distinct subgroups—that is, qualitative differences—
are expected (Hox & Roberts, 2011; Pastor et al., 2007).
Here, the 22 contextual indicators intend to describe qualita-
tively distinct real-world contexts experienced by partici-
pants when they respond to each survey. LPA has previously
been used to examine distinct subtypes in personality (Merz
& Roesch, 2011) and goal orientation (Pastor et al., 2007).
Some common concerns about these class of models include
the sensitivity of the class separation and the number of latent
profiles correctly identified (Bauer & Curran, 2003; Peugh &
Fan, 2013). To maximize the correct identification of latent
profiles, we used a class-invariant unrestricted parametrization,
which offers some improvement in model recovery over the
default of assuming local independence (Pastor et al., 2007;
Peugh & Fan, 2013). In determining sample size, we ensured
that the number of observations would greatly exceed n = 500
even after partitioning into an exploratory (n = 2236) and con-
firmatory segment (n = 2190), given the within-subjects



Personality and Social Psychology Bulletin 00(0)

design. Next, we searched between 2 and 51 classes to cover a
broad range of possible classes (51 is a computational ceiling).
Model selection was based on two indices: the Bootstrap
Likelihood Ratio Test (BLRT) and the Bayesian Information
Criterion (BIC), determined in a recent simulation study to out-
perform other indices in terms of correctly and reliably recov-
ering the true number of classes across different sample sizes
(Nylund et al., 2007). The BIC balances goodness-of-fit with
parsimony (Raftery, 1995); reductions of 10 points or more
between two models indicates improved fit. The BLRT com-
pares the fit between two models, where p-values below .05
indicate superior fit of class & versus k& — 1. Finally, we made
decisions on number of latent profiles based on both the explor-
atory and confirmatory dataset.

LPA assigns each survey response to a certain class based
on the highest probability of belonging to each class. We
used the exploratory data to search for the optimal number of
classes based on the lowest BIC and significance on the
BLRT. Because LPA was designed to model heterogeneity in
observed data, it was unlikely that the optimal number of
classes should replicate exactly across data with different
inputs. However, we expected the optimal number of classes
to be similar across exploratory and confirmatory segments
of our data. By identifying the best-performing model in the
exploratory dataset and validating its performance in the
confirmatory dataset, we could be more confident that LPA
had retrieved the correct number of latent profiles (i.e., per-
ceivers’ experienced contexts in which impressions are
formed) from the observed variables.

In the main analysis, we entered this perceiver-contextual
class variable into the cross-classified model as a random
cluster, along with perceivers and targets. Estimates from
these models were used to calculate intraclass correlation
coefficients (ICCs). These ICCs represent the percentage of
variance in a trait rating explained by different clusters of the
multilevel model.

Results

We implemented LPA to identify the number of qualitatively
distinct perceiver-contexts observed in our data. LPA con-
ducted on the exploratory dataset (n ratings = 2,236, N par-
ticipants = 109) found the optimal number of contexts to be
44. We assessed the robustness of this solution with the con-
firmatory dataset (n ratings = 2,190, N participants = 109),
which found the optimal number of contexts to be 50, fol-
lowed by 42 and 44. See Supplementary Table 1 for the top
10 solutions ranked by lowest BIC across both datasets.

Of the solutions that had a significant BLRT p-value
across both datasets and the lowest BIC values, the model
with 44 classes was the most parsimonious. We therefore
selected the 44-class model for our primary analyses. We do
not interpret these 44 classes as a representative, generaliz-
able taxonomy of real-world contexts experienced by per-
ceivers, but rather the number of distinct perceiver contexts

present in our dataset. This allowed us to include the contex-
tual cluster (i.e., with 44 distinct contexts) as a random clus-
ter in a multilevel model. We conducted supplementary
analyses with other class solutions which had significant
p-values on the BLRT to confirm that results weren’t contin-
gent on a particular solution (Supplementary Analysis 1).

In our main analysis, each survey response was assigned
to a “context” class based on the LPA solution with 44
classes. On average, participants in the exploratory dataset
experienced 8.83 total contexts (SD = 4.01, range = 1-18),
whereas participants in the confirmatory dataset experienced
8.59 total contexts (SD = 3.44, range = 1-17). See
Supplementary Table 3 for an example of one distinct “con-
text” that was identified according to this classification.

Quantifying contextual variability in face impressions

Overview. The variance in trait impressions across all 6
traits was decomposed into between-perceiver, between-tar-
get, between-context, perceiver X target, perceiver X con-
text, target X context, and residual variance. We first present
a bird’s-eye view of all ICC estimates and 95% CIs (Table
1) from the exploratory (Figure 3) and confirmatory (Figure
4) datasets.

Contributions of perceivers’ experienced contexts. Central
to our research question, the novel aspect of this analysis
relates to the unique contribution of day-to-day perceiver
contexts to face impressions. We found that the contextual
factors examined here do not, on their own, contribute any
unique variance to face impressions (~0%). This indicates
that the average rating made in one context class (across all
perceivers rating all targets) does not differ from the average
rating made in another context class (across all perceivers
rating all targets). For example, in a simplified scenario in
which being in a sunny setting or not was a distinct context
experienced by perceivers, if ratings were consistently dif-
ferent when perceivers were in a sunny versus less sunny
setting, then we would observe a higher context-ICC.

Importantly, perceivers’ experienced contexts do not
meaningfully contribute variance to trait impressions regard-
less of the perceiver or target being rated. Summarizing
across all traits, the perceiver X context interaction ICC con-
tributed only ~1.6% (exploratory: 0.7%—3.2%) and ~0.5%
(confirmatory: 0.0%—1.1%) of the variance in face impres-
sions. This suggests that different participants experiencing
different contexts did not vary in their trait ratings (regard-
less of which stimuli they were evaluating). As a hypotheti-
cal example, if happy people evaluated others as friendlier
on a sunny day, whereas unhappy people evaluated others as
less friendly on such a day, then we would observe a higher
perceiver-by-context ICC. In this scenario, differences
between perceivers (how happy they are on average) interact
with their experienced contexts (how sunny it is when they
respond to the survey) to shape their impressions of any tar-
get’s face. However, these perceiver X context interactions
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Table I. Intra-Class Correlation Coefficients and 95% Confidence Intervals by Trait.

Exploratory dataset (n = 109)

Confirmatory dataset (n = 109)

Trait Perceiver ICC 95% ClI Target ICC 95% ClI Perceiver ICC 95% ClI Target ICC 95% ClI
Trustworthy 231 [.163,.293] 162 [.052, .255] 235 [.169, .297] 151 [.051, .238]
Friendly 201 [.133,.262] 223 [.096, .349] .182 [.120, .236] 235 [.105, .360]
Attractive 238 [.169, .305] .153 [.047, .243] 252 [.183,.319] .142 [.040, .224]
Intelligent 241 [.177, .304] .091 [.018, .147] 213 [.155, .271] .105 [.026, .170]
Dominant 124 [.075, .168] 224 [.094, .347] 136 [.085, .179] 167 [.056, .265]
Physically strong .163 [.106, .215] 209 [.084, .327] .183 [.124, 238] .180 [.063, .283]
Exploratory dataset (n = 109) Confirmatory dataset (n = 109)

Perceiver X Perceiver X Context

target ICC 95% CI  Context ICC  95% ClI target ICC 95% Cl ICC 95% Cl
Trustworthy 238 [.188, .287] .001 [.000, .003] .198 [.148, .244] .000 [.000, .000]
Friendly 236 [.178, .287] .002 [.000, .004] 228 [.169, .280] .000 [.000, .000]
Attractive .363 [.301, .423] .000 [.000, .000] .280 [.225, .330] .000 [.000, .000]
Intelligent 269 [.218, .316] .005 [.000, .010] 202 [.152,.250] .000 [.000, .000]
Dominant 324 [.256, .388] .001 [.000, .003] 291 [.231, .348] .000 [.000, .000]
Physically Strong .285 [.221, .345] .003 [.000, .005] 244 [.188, .293] .000 [.000, .000]

Exploratory dataset (n = 109) Confirmatory dataset (n = 109)

Perceiver X Target X Perceiver X Target X

context ICC 95% Cl  context ICC 95% ClI context ICC 95% Cl  context ICC 95% ClI
Trustworthy .020 [.000, .040] 0l1 [.000, .021] .000 [.000, .000] .010 [.000, .020]
Friendly .032 [.007, .056] .003 [.000, .005] .000 [.000, .000] .000 [.000, .000]
Attractive 0I5 [.000, .030] .002 [.000, .005] .002 [.000, .004] .008 [.000, .016]
Intelligent .007 [.000, .013] .000 [.000, .000] .009 [.000, .018] 013 [.000, .027]
Dominant 0I5 [.000, .030] 012 [.000, .024] 0l [.000, .021] .009 [.000, .017]
Physically Strong .008 [.000, .016] .000 [.000, .000] .008 [.000, .017] .0I8 [.000, .036]

Note. ICC = intraclass correlation coefficients; Cl = confidence interval.

. Perceiver ICC D Perceiver ICC

D Target x Context ICC \:I Perceiver x Target ICC

. Perceiver x Context ICC . Context ICC l:‘ Residual ICC

. Target ICC

Trustworthy Trustworthy
Friendly Friendly
Attractive Attractive
Intelligent Intelligent

Dominant Dominant

Physically Strong Physically Strong

0.

Q
=)

0.25 0.75

0.50
Percentage of Variance

0.00

‘:’ Perceiver x Context ICC D Context ICC l:‘ Residual ICC

D Target x Context ICC - Perceiver x Target ICC

0.25

. Target ICC

0.50
Percentage of Variance

0.75

1

o

0

Figure 3. Relative contributions of perceiver-level, target-level,
context-level, perceiver X target, perceiver X context, target X
context, and residual variance to trait impressions: trustworthy,
friendly, attractive, intelligent, dominant, and physically strong.
Note. Results from exploratory dataset. ICC = intraclass correlation

coefficients. coefficients.

Figure 4. Relative contributions of perceiver-level, target-level,
context-level, perceiver X target, perceiver X context, target X
context, and residual variance to trait impressions: trustworthy,
friendly, attractive, intelligent, dominant, and physically strong.
Note. Results from confirmatory dataset. ICC = intraclass correlation

contributed very little variation in trait impressions, indicat-
ing that different participants were not differentially affected
by their day-to-day contexts when forming impressions of

strangers. Similarly, the target X context ICC contributed
only ~0.5% (exploratory: 0.0%—1.2%) and ~1.0% (confir-
matory: 0.0%—1.8%) of variance, suggesting that different
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targets being rated in different perceiver-contexts did not
elicit different trait ratings (regardless of rater). As a hypo-
thetical example, if targets with downturned eyebrows were
evaluated as more intelligent when raters were in a work
situation, whereas targets with upturned eyebrows were rated
as less intelligent in such a situation, then we would observe
a higher target-by-context ICC. However, differences
between targets (e.g., eyebrow shape) do not appear to inter-
act with any perceiver’s experienced context (being in a
work situation) to shape impressions of the target. We dis-
cuss the implications of these findings in more detail in the
General Discussion.

Perceiver versus target contributions. Other contributions
were generally consistent with previous research (Hehman
et al., 2017; Honekopp, 2006; Xie et al., 2019). Summariz-
ing across 6 traits, results indicated that between-perceiver
differences uniquely contributed ~20% of the variance in
face impressions in the exploratory dataset (12.4%—23.8%)
and ~20% in the confirmatory dataset (13.6%-25.2%).
These contributions varied across traits in a manner con-
sistent with previous literature. Between-target differences
(e.g., facial appearance) uniquely contributed, on average,
~17.7% (exploratory: 9.1%-22.4%) and ~16.4% (confirma-
tory: 10.5%-23.5%) of the variance in each dataset. Both the
perceiver-ICC and target-ICC estimates generally replicated
previous work partitioning variance in face impressions
(Hehman et al., 2017; Xie et al., 2019).

Across all sources of variance, the perceiver X target ICC
was the largest in both exploratory and confirmatory seg-
ments. Summarizing across 6 traits, this interaction contrib-
uted ~29.0% (exploratory: 23.6%-36.3%) and ~24.0%
(confirmatory: 19.8%—29.1%) of the variance in face impres-
sions. This estimate was similar but slightly smaller than the
estimates observed in previous work examining the perceiver
X target interaction component (Hehman et al., 2017;
Hoénekopp, 2006). This perceiver X target interaction can be
interpreted as “personal taste,” or differential criteria that
perceivers use when judging different stimuli.

Robustness checks. Given our design, one additional con-
cern was that rating faces twice over the 15-day period might
have influenced results. Exploring this possibility, estimates
did not change when we additionally included a variance
component for participation-over-time, using participants’
chronological trial count (see Supplementary Analysis 1C).
This suggests that participation in the study over time did
not introduce any variability in responding (e.g., as a result
of fatigue or boredom). We also checked whether repeated
presentations of a target (i.c., the exact same photo) influ-
enced subsequent ratings of that same target. Overall, naive
ratings do not differ significantly from subsequent ratings
in a systematic manner when averaging across perceivers,
targets, and contexts (Supplementary Analysis 1D). This
indicates that the mere act of seeing the same face again did

not systematically shift trait ratings. Finally, we added to the
model the number of unique contexts that each participant
experienced according to the 44-class solution. Adding par-
ticipants’ context count did not shift the estimates for these
variance components, and this variable was not consistently
significant. This indicates that diversity in contexts experi-
enced did not systematically shift trait ratings.

Analysis 2

Which Contexts Are Important for Predicting
Face Impressions?

Analytic approach. Next, we turned to a predictive modeling
approach to assess which specific perceiver-level contextual
variables might drive face impressions. We built a separate
model for each of the 6 traits, where ratings on a trait (e.g.,
trustworthiness) served as the outcome variable in a cross-
classified multilevel model, with each questionnaire item
(e.g., “How sunny is it?”’) entered as a separate predictor.
Models were cross-classified at the perceiver and target
levels.

We had anticipated some multicollinearity among our
numerous contextual variables and performed LASSO vari-
able selection (Tibshirani, 1996) by incorporating L1-penalized
estimation into generalized linear mixed-effects models to
identify a more parsimonious model. However, results sug-
gested we retain all variables in all models.

Accordingly, we built 6 models to predict ratings on each
trait. We entered all 22 participant-mean centered contextual
variables into the model (at Level 1) along with each partici-
pant’s mean for each variable (at Level 2) to estimate both
between- and within-perceiver effects. Models included ran-
dom slopes for all level-1 predictors. Given the already com-
plex model and no theoretically derived predictions, we did
not include higher-order interactions (i.e., given 22 predic-
tors, to estimate all three-way and two-way interactions
would require estimating an additional 1,771 parameters).
Models were estimated using the /me4 (Bates et al., 2015)
and brms (Biirkner, 2017) packages in R. See Supplementary
Materials for code and further elaboration of this model.

Results. We investigated which specific perceiver-context
predictors influenced impressions. Due to the large number
of predictors and hypothesis tests, we interpreted effects as
meaningful only if they were significant (oo = .05) across
both exploratory and confirmatory datasets. See Supplemen-
tary Table 2 for comprehensive reporting of all within-per-
ceiver and between-perceiver effects of contextual variables
on each of the 6 traits.

Trustworthy and friendly. For impressions of both trustwor-
thiness and friendliness (» = .70; typically highly correlated
in impressions), only the between-perceiver effect of ener-
getic mood was significant across both datasets. On average,
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people who felt energetic more often than others judged faces
as friendlier (exploratory: 7/010)? energetic = +38, 95% CI =
[.16, .60], confirmatory: Yoo X ergeic = 26, 95% CI = [.05,
47]) and more trustworthy (exploratory: ¥o;oX gergeric = -32,
95% CI = [.10, .54], confirmatory: ;0 X pergenc = 22, 95%
CI = [.01, .43]). No other effects were consistent across both

exploratory and confirmatory sets.

Attractive and intelligent. Across exploratory and confir-
matory datasets, none of the 22 contextual variables exam-
ined here had a consistent impact on ratings of attractiveness
nor intelligence (» = .51).

Dominant and physically strong. For impressions of domi-
nance and physical strength (» = .59; typically highly corre-
lated in impressions), the between-perceiver effects of angry
mood and hunger were significant across both datasets. On
average, people who felt angry more often than others judged

faces as less dominant (exploratory: 7,0 X e, = --89,95%
Cl = [-1.41, -.37], confirmatory: ¥o,0X,,., = -47, 95%

CI = [-.93, -.02]) and less physically strong (exploratory:
7020)Zangry = -.59, 95% CI = [-1.04, -.15], confirmatory:
Y020 X angry = =43, 95% CI = [-.86, -.01]).

People who felt hungrier on average judged faces as more
dominant (exploratory: Z030)_( jungry — -18,95% CI = [.02,
-34], confirmatory: 30X g, = -28, 95% CI = [.10, .46])
and physically stronger (exploratory: Y030 X hungry = .16,
95% CI = [.03, .29], confirmatory: ¥g30X ey = -22, 95%
CI = [.05, .38]). Thus, participants who often felt angry
judged faces as less dominant and physically weaker,
whereas those who often felt hungry judged faces as more

dominant and physically stronger.

Additional analyses. Though our theoretical interest cen-
tered on within-subject effects, to better characterize these
between-participant effects, we explored whether participant
gender or Big-Five personality scores were responsible for
energetic mood, anger, and hunger effects. Specifically, we
wanted to make sure these effects were robust even with
other participant characteristics in the model.

The effect of energetic mood on ratings of trustworthiness
and friendliness was not moderated by gender. Energetic mood
remained significant even after controlling for Big-Five person-
ality scores, indicating that participants who felt more energetic
on average judged targets to be friendlier and more trustwor-
thy—even after controlling for traits such as extraversion.

In addition, the effect of hunger on ratings of dominance
and physical strength was not moderated by gender. Hunger
remained significant even after controlling for Big-Five per-
sonality scores, indicating that participants who felt hungrier
on average judged targets to be stronger and more dominant—
even after controlling for traits such as agreeableness.

However, the effect of angry mood on ratings of dominance
and physical strength—while not moderated by gender—was

significant only in the exploratory dataset, when controlling
for Big-Five personality scores. Descriptively, we found that
participant-level angry mood was moderately correlated with
Big-Five agreeableness (» = -.33) in the confirmatory dataset.
This suggests that our measure of participants’ average level
of angry mood is related to participants’ trait-level agreeable-
ness, and may not explain enough variance in dominance and
physical strength on its own.

Finally, none of the Big-Five personality dimensions
examined here had a consistent significant effect on ratings
along any of these six traits, across both exploratory and con-
firmatory datasets.

Sensitivity analysis. Throughout, we found no consistent
effects of within-subject variation. One concern was that our
power was too low to detect such effects, should they exist.
Accordingly, we conducted a sensitivity analysis to deter-
mine at what power we would be able to detect any effects,
given the variation observed in each variable. The power
curve is available in Figure 5. Starting with a small effect
at B = *= .20, we found that we had >99% power to detect
this effect for 17 of our 22 variables, and >85% power to
detect this effect for all 19 continuous variables of our 22
variables. For three variables (Are you with strangers? Are
you with known others? Are you inside or outside?), we had
much lower power. All three of the variables were dichoto-
mous, and closer inspection revealed this result was likely
due to low variance. For these three variables, our results
should be viewed with caution. However, for the remainder,
our within-subjects longitudinal design enabled high statisti-
cal power to detect within-subject contextual effects. Only
for variables with a quite small true effect size of smaller
than B = = .10 would our tests be underpowered.

General Discussion

When scientists study impression formation in the lab, they
typically want their findings to generalize to other contexts
in which people form facial impressions. Yet research with
greater external validity is difficult, limiting our ability to
answer basic questions about social perception. Researchers
studying impression formation have long considered that
perceivers’ contexts may be an important source of variance
in impressions. Here, we present the first direct investigation
into how people’s day-to-day experiences shape their impres-
sions. Using experience-sampling, we examined to what
extent perceivers’ daily experiences influenced the way that
they form impressions from faces. Importantly, we found
that perceivers’ experienced contexts did not meaningfully
impact their trait impressions. The average trait impression
formed in one perceiver context did not differ from the aver-
age impression formed in another perceiver context. This
suggests that certain perceiver-related factors (e.g., mood,
environment, physiological state, psychological situation)
are unlikely to shift their trait impressions of faces.
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Figure 5. Sensitivity analysis demonstrating our power to detect
various desired effect sizes, at N, ... = 109 (matched to the
participant sample size of our exploratory/confirmatory datasets

separately), N = |5 (matched to the target sample size of our

stimuli

datasets), and n = 2,236 (to approximate our observed n .
at 2,236 and 2,190 across exploratory and confirmatory datasets).

Moreover, this conclusion did not vary across different
perceivers experiencing different contexts. As a hypothetical
example, if happy people judged others as friendlier on a
sunny day whereas unhappy people did not, then the differ-
ences between perceivers (e.g., how happy they are) would
interact with their experienced context (e.g., how sunny it is)
to shape their impressions of targets. Yet, we found that the
interaction between perceivers and their experienced con-
texts contributed a negligible amount (~1%) of the overall

variance in face impressions. To put this into perspective,
recent work found that ~50% of between-perceiver variance
can be attributed to positivity bias and an acquiescing
response style (Heynicke et al., 2021; Rau et al., 2021). Our
findings suggest that less than ~1% of this between-perceiver
variance may additionally be accounted for by individuals’
varying responsivity to their experienced contexts. Any dif-
ferences in how individuals form trait impressions are
unlikely to be driven by their experienced contexts, such as
features of their local environment or psychological
situation.

Our results converge with recent work that examines indi-
vidual variance in how social impressions are formed from
faces. For example, broader country-based cultural differ-
ences contribute negligible variance to face impressions rela-
tive to individual differences (Hester et al., 2021). Similarly,
genetics seem to have little impact on impressions relative to
one’s personal upbringing and environment (Sutherland
et al., 2020). Here, we investigated which of these individual
differences matter more (i.e., by disentangling the contribu-
tions of stable individual differences from perceivers’ situa-
tional, experienced contexts). We found that perceivers’
day-to-day experienced contexts are unlikely to impact how
they form impressions of others—and highlight the impor-
tance of other perceiver characteristics (e.g., personality or
development) in shaping social perception.

Consistent with this interpretation, Analysis 2 found sta-
ble differences across perceivers in how they form impres-
sions. Across multiple timepoints, participants who reported
feeling more energetic than others judged targets as friend-
lier and more trustworthy. Those who reported feeling hun-
grier and less angry than others judged targets as more
dominant and physically strong. These effects were indepen-
dently produced four total times, across exploratory and con-
firmatory sets of two highly correlated traits (Xie et al., 2019;
Zebrowitz et al., 2003). Since these mood and physiological
perceptions were significant between-perceiver but not
within-perceiver predictors, they represent individual differ-
ences and not within-person change over time. We discuss
these between-person differences in a later section. Overall,
the real-world contexts examined here do not meaningfully
affect face impressions.

Consistent with previous work, we found that the per-
ceiver-by-target interaction was by far the largest contributor
to variance in facial impressions. Across multiple traits, esti-
mates of perceiver-by-target contributions were similar but
slightly smaller (20%—-36%) than those in previous studies
(32%—-40%; Hehman et al., 2017; Honekopp, 2006). The use
of fewer stimuli compared to previous studies may have lim-
ited the variance in “personal taste” that could be captured by
the perceiver-by-target interaction. However, 95% confi-
dence intervals around ICCs for attractiveness, dominance,
and physical strength contained the estimates obtained in
previous work, providing evidence that these estimates gen-
eralize across multiple evaluative contexts (e.g., rating faces
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in-lab or more naturalistically on a phone app) and study
characteristics (e.g., rating one face vs. many faces per ses-
sion, one trait vs. multiple traits at a time).

The variance uniquely attributable to perceiver character-
istics alone was ~20% across traits, similar to previous work
(20%—-25%; Hehman et al., 2017; Xie et al., 2019). Thus, the
inclusion of perceivers’ experienced context did not partition
out any meaningful variance in “idiosyncratic” or perceiver-
level variability. This affects the interpretation of these clus-
ters in cross-classified multilevel models, which are
increasingly used in research on interpersonal judgments.
Specifically, by partitioning the perceiver-by-context inter-
action, we can be more confident that what remains of “per-
ceiver-level variance” in most lab-based studies of impression
formation is specific to individual differences across people.

Finally, target characteristics uniquely contributed ~17%
to the variance in facial impressions. This percentage can be
interpreted as consensus (across perceivers) in trait impres-
sions that are driven by differences in target stimuli. Given
the focus of the present research on within-participant vari-
ability and the large number of questions, we purposely lim-
ited the number of target stimuli. Yet results from this smaller
target set are consistent with estimates of target variance
from previous research with much larger sets (10%—15%;
Hehman et al., 2017; Xie et al., 2019), providing evidence
that any results we obtained here were not a function of a
smaller target set.

Overall, the residual unexplained variance was as large as
20% to 40% of the variance in previous research (Hehman
et al., 2017; Xie et al., 2019). Our attempts here to incorpo-
rate perceiver context did not significantly reduce this unex-
plained percentage, as perceivers’ experienced contexts do
not seem to exert a strong influence on impressions.
Critically, there are two practical implications of this work
for future research on face perception. Researchers interested
in examining sources of variance in trait impressions might
be better served by investigating more stable individual dif-
ferences, versus momentary situational factors experienced
by the participant. Further, our results suggest that conclu-
sions from face impression research conducted in lab or
office settings may be likely to generalize to other perceiv-
ers’ experienced contexts, though further research is required.

Participant Trait-Level Predictors

Though our theoretical focus was on within-person variation,
we did find three between-person predictors of various trait
impressions: anger, hunger, and energetic mood. While to
our knowledge, these relationships have not been previously
documented, they are consistent with some findings in
related domains. For example, participants with higher aver-
age levels of anger rated targets lower on strength and domi-
nance, consistent with functional accounts finding that anger
was associated with lower perceptions of risk (Lerner &
Keltner, 2000).

Similarly, participants with greater average hunger rated
targets as stronger and more dominant. Previous work has
found that people who are physically incapacitated perceive
targets as larger and more muscular (Fessler & Holbrook,
2013). This conclusion is consistent with the present work to
the extent that hunger correlates with feelings of weakness.
Participants who feel hungrier on average may feel physi-
cally disadvantaged, and overestimate risk by perceiving tar-
gets as more dominant and formidable.

Finally, in novel social situations or when interacting with
a stranger, energetic mood is characterized by a heightened
tendency to approach positive stimuli (Elliot, 2006).
Individuals who, on average, experienced higher energetic
mood rated targets as friendlier and more trustworthy, with
no impact on other traits—suggesting it was associated not
with overall positivity, but with impressions relevant to
approach appraisals.

Limitations

The present research was more externally valid than previous
lab-based studies. Because participants were going about
their day, any impressions formed of targets would better
approximate the psychological contexts that scientists are
hoping to capture in their research. Yet despite some advan-
tages, the present design is still divorced from reality in some
ways. Targets to be evaluated were still static and presented
on a screen, and were not encountered naturally in the wild.
Stimuli were contextually and emotionally neutral. We
adopted this design intentionally to incrementally isolate one
novel component of the day-to-day impression formation
process (i.e., perceivers’ experienced contexts), yet future
research can continue to expand the external validity of
impression formation research. Furthermore, while dynamic
in-person evaluations are not captured here, people do regu-
larly evaluate others from static photographs (e.g., dating
apps, social media) in which targets are embedded in differ-
ent contexts. For instance, target contexts such as visual
scenery and the presence of other people can influence judg-
ments of trustworthiness (Brambilla et al., 2018; Mattavelli
et al., 2021), emotion (Barrett & Kensinger, 2010), and
attractiveness (Carragher et al., 2021). While the present
work explores perceiver contexts, more work is necessary to
understand how perceiver and target contexts interact to
shape impressions.

Second, the present work operationalizes perceivers’ “day-
to-day contexts” as a limited combination of environmental
features, mood, physiological states, and psychological situa-
tions that were somewhat subjectively chosen by the research-
ers. To the extent that other perceiver contexts meaningfully
impact impression formation, our estimates of contextual
influence will be underestimates. Our conclusions are limited
to perceiver contexts in which participants are able to com-
plete a study on their phone. Responding to a survey on their
phone may have momentarily removed perceivers from their
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experienced context. Moreover, this design may limit the iden-
tification of specific contexts in which participants are unable
or unwilling to respond to their phone. This may have contrib-
uted to low variance in the three categorical variables that had
low power in our study (Are you with strangers? Are you with
known others? Are you inside or outside?). Results for these
three variables should therefore be viewed with caution.
Although these contexts do not capture the range of all possi-
ble perceiver contexts, we have sampled regularly-experi-
enced, day-to-day contexts. Future work could explore
whether other (e.g., extreme, unusual) perceiver contexts
reveal meaningful variation in impressions not captured here.
Finally, the longitudinal design necessitated a trade-off
between comprehensiveness in our measures and minimiz-
ing participant fatigue to maximize response rate as they
went about their day. The limited stimulus set used does not
represent the diverse population of individuals who evalu-
ated them, and future research might explore whether these
contextual influences hold for different, more diverse, and
less controlled stimuli. Although we used fewer stimuli than
is typically reported in previous research, the present work
focuses on perceiver context effects—and we do not expect
our estimates of these effects to be biased by the limited
number of stimuli. For example, across all 6 traits, our esti-
mates of the perceiver-by-target ICCs, perceiver-ICCs, and
target-ICCs replicate those reported in other studies with
much larger (and more diverse) stimuli sets (e.g., ~800;
Hehman et al., 2017; Xie et al., 2019). The correlation of trait
ratings across timepoints (» = .66 in exploratory dataset, » =
.61 in confirmatory dataset) was similar to those observed in
datasets with more stimuli (» = .72; Hehman et al., 2017).
We did not include any target-level predictors (e.g., target
race, target gender) in our model, given low power to detect
target-level effects. Finally, the use of a small, controlled set
of context-neutral stimuli may have helped isolate any
observed intraindividual variance to perceiver factors.

Conclusion

Impression formation researchers have long considered that
perceivers’ experienced context might be a meaningful
source of variation in impressions. The present work contrib-
utes by testing this possibility, finding limited evidence that
perceivers’ contexts are an important factor in impressions.
Perceiver context alone does not systematically influence
trait impressions in a consistent manner—suggesting that
perceiver and target idiosyncrasies are the most powerful
drivers of social impressions. Importantly, we found no evi-
dence to suggest that perceivers’ experienced contexts could
shape face impressions in a systematic way. This result ten-
tatively suggests that the conclusions drawn from most social
psychology research on impression formation, in which par-
ticipants are seated in front of a computer, may be robust to
fluctuations in day-to-day perceiver experiences of mood,
environment, and perceived psychological situation.
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