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Empirical Research Paper

If social psychology has central axioms, one is sure that peo-
ple form and act upon impressions of others (Fiske & Taylor, 
1991). Impression formation occurs constantly and sponta-
neously, and guides all aspects of our social lives, shaping 
whether, how, and why we interact with others. The nature of 
these impressions is therefore of fundamental interest to 
social psychologists, with ongoing questions including the 
number of dimensions underlying impression formation as 
well as their content, relationships, and relative priority 
(Abele et al., 2021).

Recent research applied natural language processing tech-
niques to unconstrained descriptions of societal groups and 
found that people spontaneously described groups along a 
greater number of dimensions than captured by prior models 
(Nicolas et al., 2022). Extending on this, we used additional 
natural language processing techniques to model uncon-
strained descriptions of individuals (Facebook profile pic-
tures). Overall, our results generalize high-dimensional 
impression formation (Nicolas et al., 2022) from labels of 
groups to photos of individuals, and help to elucidate both 
the need to consider and the nature of high-dimensional 
impression formation.

The Two Fundamental Dimensions

Dominant impression formation models posit that people 
evaluate others primarily along two fundamental dimen-
sions: a horizontal dimension focused on social cooperation, 
variously labeled warmth, communion, or trustworthiness, 
and a vertical dimension focused on goal achievement, vari-
ously labeled competence, agency, or dominance (Abele 
et al., 2016; Fiske et al., 1999; Judd et al., 2005; Oosterhof & 
Todorov, 2008).1 These dimensions are thought to provide 
the information needed most when interacting with others: 
their intentions toward us (horizontal), and their ability to 
carry out those intentions (vertical; Fiske et al., 2002). 
Impressions along these dimensions have been linked to 
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neural activity (L. T. Harris & Fiske, 2006), affective states 
(Cuddy et al., 2007), and behavior (Cuddy et al., 2007), and 
are universally used to differentiate social groups (Cuddy 
et al., 2008; Fiske et al., 2007). Recently, an emerging con-
sensus has proposed that these fundamental dimensions can 
each be subdivided into two distinct facets, the horizontal 
dimension into friendliness and morality (with morality the 
better predictor of overall evaluations and interpersonal out-
comes; Brambilla et al., 2012; Ellemers, 2017), the vertical 
dimension into the facets of ability and assertiveness (Abele 
et al., 2016, 2021).

Theory-Driven Foundations

One contemporary critique of dominant two-dimensional 
models is that they were developed and tested in top-down, 
theory-driven ways, which may have constrained empirical 
results. For example, in first distinguishing the horizontal 
and vertical dimensions, Asch (1946) demonstrated that 
describing targets as “warm” or “cold” affected some trait 
perceptions (e.g., generous/ungenerous), but not others (e.g., 
strong/weak). Yet, Asch’s (1946) decision to manipulate the 
traits of warmth/coldness was explicitly based on his intu-
ition that “not all qualities have the same weight . . . some are 
felt to be basic, others secondary” (p. 262). Similarly, the 
choice of which trait perceptions to measure was based on “. 
. . an informal sense of what was fitting” (p. 262). Thus, 
although his work showed that people distinguish between 
the horizontal and vertical dimensions, Asch’s methods 
could not rule out the possibility that other dimensions might 
be equally important in impression formation.

Extending on Asch’s work, Rosenberg and colleagues 
(1968) asked participants to sort a large list of traits while 
endeavoring to “. . . put those traits which tend to go together 
. . . into the same category” (p. 285). Applying multidimen-
sional scaling to traits’ resulting similarity scores, the authors 
also found support for a two-dimensional horizontal/vertical 
model. Again, however, the selected list of traits was con-
strained by prior theory, with 39 of the 64 traits chosen “. . . 
to compare some of the results obtained in this study with the 
findings reported by Asch (1946, p. 284)”.

Fiske and colleagues (1999) were also guided by strong 
theoretical priors regarding the importance of the horizontal 
and vertical dimensions in developing their Stereotype 
Content Model (SCM). Early studies chose rating scales with 
the explicit goal of measuring perceptions of these two 
dimensions: “participants rated these groups on 27 trait 
adjectives, reflecting positive and negative aspects of warmth 
and competence” (p. 479).

Other influential models have also treated the centrality of 
the horizontal and vertical dimensions as a theoretical foun-
dation and sought to understand the relative priority of each 
dimension (Abele & Wojciszke, 2007, 2014), and how, 
when, and why perceptions on each dimension might func-
tion in a compensatory fashion (Yzerbyt et al., 2005, 2008). 

As a result, empirical work on these models has seldom con-
sidered alternative or higher dimensional models of impres-
sion formation.

Face perception researchers arrived at a similar two-
dimensional model, proposing that individual faces are eval-
uated primarily in terms of trustworthiness and dominance 
(Oosterhof & Todorov, 2008). This work was more data-
driven than the research described above, starting with a 
large sample of unconstrained descriptions of facial photo-
graphs. However, it also incorporated theory-driven methods 
capable of constraining empirical results. First, the initial 
unconstrained descriptions were sorted by researchers into 
14 categories, a subjective process by which nearly 1/3 of the 
descriptions were omitted. Second, an extra category–domi-
nance–was added due to its centrality in prior work (e.g., 
Wiggins, 1979). Third, ratings on these categories were sub-
mitted to Principal Components Analysis (PCA), which con-
strains dimensions to be uncorrelated (Widaman, 2018). 
Thus, although models of face perception incorporated data-
driven methods, they too were developed in ways that may 
have allowed experimenters’ prior expectations to shape 
results.

Beyond Two Dimensions: Data-Driven 
Methods and Complex Naturalistic 
Stimuli

Noting how rarely the dominant two-dimensional model of 
impression formation had been tested in a data-driven man-
ner, Koch and colleagues (2016) proposed a novel approach 
to fill this empirical gap. Instead of asking participants to rate 
social groups on pre-selected traits, they asked participants 
to rate groups in terms of their perceived similarity and 
applied multidimensional scaling to the resulting similarity 
ratings. Surprisingly, although participants appeared to spon-
taneously differentiate groups according to the vertical 
dimension, they did not appear to do so along the horizontal 
dimension, instead, differentiating groups according to their 
perceived progressive or conservative beliefs.

Subsequent work by these authors clarified that impres-
sions do arise spontaneously along the horizontal dimension 
but depend on individuals’ idiosyncratic perceptions of self/
other similarity in terms of agency and beliefs (Koch et al., 
2020). Yet even after acknowledging the importance of the 
horizontal dimension, Koch and colleagues’ Agency-Beliefs-
Communion (ABC) model posed a challenge to dominant 
two-dimensional models. Not only did it suggest that percep-
tions of beliefs may be equally central to impression forma-
tion as the fundamental two dimensions, but it also suggested 
that this had been overlooked in prior work due to an over-
reliance on theory-driven methods.

Other researchers have also used data-driven methods to 
look beyond two-dimensional models. In developing the 
Spontaneous Stereotype Content Model (SSCM), Nicolas 
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and colleagues (2022) asked participants to spontaneously 
describe social groups and used Natural Language Processing 
(NLP) techniques to demonstrate that spontaneous impres-
sions of groups occur along a large and diverse array of 
dimensions. The two fundamental dimensions and their fac-
ets were prominent, with groups spontaneously described 
most frequently in terms of sociability (e.g., “nice”) and 
morality (e.g., “greedy”), followed by assertiveness (e.g., 
“hard-working”), and ability (e.g., “smart”). However, 
groups were also frequently described in terms of their pro-
gressive/conservative beliefs (e.g., “religious”), status (e.g., 
“rich”), emotions (e.g., “sad”), appearance (e.g., “fat”), devi-
ance (e.g., “different”), health (e.g., “unhealthy”), geography 
(e.g., “foreign”), and demographics (e.g., “old”). Spontaneous 
descriptions also provided insight into the representativeness 
of dimensions for groups. For example, although doctors and 
nurses were rated similarly on warmth and competence via 
rating scales, doctors were more likely than nurses to be 
spontaneously described as competent, and nurses were 
more likely than doctors to be spontaneously described as 
warm. Incorporating this additional information helped 
improve predictions of global evaluations of groups over and 
above rating scales alone.

Face perception research has also suggested that incorpo-
rating data-driven methods, as well as increasingly complex 
stimuli, supports higher-dimensional models. Noting the 
dominant two-dimensional model of trustworthiness and 
dominance was developed with relatively controlled, homo-
geneous stimuli, Sutherland and colleagues (2013) tested its 
generalizability with a more complex set of face images 
varying in age, expression, pose, facial hair, and more. Via 
this approach, perceptions were best accounted for by a 
three-dimensional model incorporating trustworthiness, 
dominance, and youthfulness/attractiveness. In other work, 
Lin and colleagues (2021) used stimulus sampling tech-
niques and ratings on a broad set of trait adjectives to demon-
strate evidence for a four-dimensional model, incorporating 
trustworthiness, dominance, youthfulness, and masculinity/
femininity. Other work has explored the generalizability of 
the trustworthy/dominance model across world regions and 
suggested that when more data-driven methods are used, 
results increasingly diverge from the dominant trustworthi-
ness/dominance model in many regions (Jones et al., 2021; 
Sutherland et al., 2018; Todorov & Oh, 2021).

In summary, recent research suggests that a full account 
of impression formation may require looking beyond the two 
fundamental dimensions and embracing higher-dimensional 
models. It also suggests that data-driven approaches, particu-
larly leveraging perceivers’ natural language about complex, 
naturalistic targets, may capture a higher number of impres-
sion formation dimensions than perceivers’ ratings of targets 
on preselected scales. In the present work, we examined 
natural language descriptions of photos of individuals to 
explore the generalizability of high-dimensional impression 
formation (Nicolas et al., 2022) from groups to individuals 

and from group labels (i.e., concepts) to photos (i.e., visual 
information).

The Present Research

We studied unconstrained linguistic descriptions of Facebook 
profile pictures, which provide rich stimuli for impression 
formation research. In contrast to group labels (Koch et al., 
2016; Nicolas et al., 2022), profile pictures display individu-
als, arguably the primary targets of impression formation. In 
contrast to previously used face stimuli (e.g., Lin et al., 2021; 
Oosterhof & Todorov, 2008), profile pictures provide a large 
amount of added complexity to perceivers, displaying a wide 
range of social cues beyond individuals’ facial features capa-
ble of shaping the impressions people form of others. Such 
cues include affect, clothing, picture quality, body language 
and posture, geographical and behavioral contexts, and 
numerous other editing choices, such as cropping, color 
schemes, or the use of filters or overlays demonstrating sup-
port for social causes (Chapman & Coffé, 2016). Furthermore, 
Facebook profile pictures represent authentic naturalistic 
social stimuli that are frequently encountered (Davis, 2023), 
and which are (when public-facing) usable in academic 
research.”

Despite these advantages, Facebook profile pictures have 
rarely been used in impression formation research. Instead, 
prior work has focused on identifying predictors of the kinds 
of pictures displayed (e.g., Chapman & Coffé, 2016; Hum 
et al., 2011) or assessing the accuracy with which informa-
tion such as personality traits (e.g., Celli et al., 2014; Gosling 
et al., 2007), social class status (Becker et al., 2017), or edu-
cational attainment (Reiss & Tsvetkova, 2020) can be ascer-
tained from profile pictures. By contrast, we focus solely on 
perceivers, and ask: What content dimensions underlie spon-
taneous impressions of profile pictures? As such, the sources 
(i.e., antecedent cues), accuracy, and functions (i.e., subse-
quent behaviors toward the subjects) of these spontaneous 
impressions are beyond the scope of the present research. We 
also focus on the U.S. context for comparability with the 
dimensions Nicolas and colleagues (2022) identified as 
underlying impressions of groups in U.S. society.

The progression of the article is as follows. First, we 
apply exploratory factor analysis (EFA) to ascertain the 
latent dimensions underlying descriptions of Facebook pro-
file pictures. We then use cross-validation to assess the 
robustness of the emerging dimensions across different sam-
ples of targets and perceivers. Following this, we use natural 
language dictionaries to measure the relative prevalence of 
each dimension and inspect t-distributed stochastic nearest 
neighbor embedding plots to explore how each dimension 
informs the clustering of a visual map of intertarget similari-
ties. Finally, we use semantic sentence embeddings to test 
each dimension’s generalizability across impression forma-
tion contexts, comparing our EFA results with an alternate 
dimension reduction analysis based on descriptors’ semantic 
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similarities within large-scale text corpora. Taken together, 
our results generalized high-dimensional impression forma-
tion from labels of groups (Nicolas et al., 2022) to photos of 
individuals and provide further evidence of the need to con-
sider, and the content dimensions involved in, high-dimen-
sional impression formation.

Method

All study materials and data, code, and results are available 
on the Open Science Framework website (https://osf.io/
ha3ge/). Our study had IRB approval.

Sampling Profile Pictures

We sampled 1,000 Facebook profile pictures of U.S. adults 
quasi-randomly by:

1. Randomly selecting a U.S. city name from a list of 
62,439 cities.2

2. Entering the city name and home state into Facebook’s 
search engine (e.g., “Gaines, Pennsylvania”).

3. Selecting the first Facebook page in the search results 
with at least 300 “likes” from users.3

4. Selecting the user with the first publicly visible “like” 
on the selected page who (a) used a public-facing pic-
ture of themselves as their profile picture, (b) was the 
only person appearing in, or was unambiguously the 
focus of, the profile picture, (c) displayed publicly 
available information indicating residence in the 
United States (e.g., a U.S. location or workplace), and 
(d) used a profile picture displaying visible features 
associated with racial, age, and gender categories.4

Three independent raters subjectively coded the gender, 
age, and race/ethnicity of the profile picture subjects. Based 
on the lowest and highest estimates across three raters, there 
were between 622 and 625 women and 375 and 378 men 
categorizations (κFleiss = 0.96), 269 to 356, 468 to 575, and 
155 to 176 categorizations as people under 30 years (there 
were no children categorizations), 30 to 60 years, and above 
60 years old (κFleiss = 0.62), and 762 to 815 White, 74 to 88 
Black, 51 to 130 Latino/a, 17 to 28 East Asian, and 16to 20 
South Asian categorizations (κFleiss = 0.63).

Participants

We recruited 2,188 U.S. adults from Prolific (age M = 34.24, 
SD = 12.79; 985 women, 1,057 men, 17 non-binary, 129 
missing gender data; 214 Asian, 136 Black, 153 Hispanic, 
1,482 White, 63 other race, 140 missing race data). Data 
were collected in two waves, with 1,148/1,040 responses 
collected in August/November 2020.5 Due to the projects’ 
exploratory/descriptive nature, we did not conduct power 
analyses.

Procedure

Obtaining Unconstrained Descriptions. Participants were 
shown 50 randomly sampled profile pictures one by one and 
instructed to “form an impression about the person in this 
Facebook profile picture.” For each picture, participants gen-
erated three descriptors, using either single words or two 
words separated by a hyphen.6 Profile pictures were described 
by an average of 109.35 participants each (SD = 10.2, range 
= 74-144).

Data Cleaning. We amended obvious spelling mistakes (e.g., 
replaced “energerti,” with “energetic), and substituted 
responses inconsistent with instructions with obvious alter-
natives (e.g., “long hair” was replaced with “long-haired”). 
Responses without obvious alternatives were deleted (e.g., 
“bubry”), and responses containing multiple descriptors 
were split into their separate components (e.g., “old man, 
NFL fan” was split into “old,” “man,” and “NFL-fan”). 
Groups of close synonyms were manually aggregated into 
their most commonly used member (e.g., “goof,” “goof-
selfie, “goofball,” “goofy,” and “goofy-pose” were replaced 
with “goofy”).7 Following this, we were left with 311,370 
applications of 6,993 unique descriptors. Notably, most 
descriptors were infrequent: 2,935 were used once, and 859 
were used twice (see Supplementary Materials for examples 
of corrections, multi-element descriptors, synonyms, and 
common descriptors).

Results

Exploratory Factor Analysis

We assumed correlated dimensions, so decided against prin-
cipal components analysis (PCA) in favor of exploratory fac-
tor analysis (EFA).8 We treated profile pictures as cases, 
descriptors as variables, and counts the number of times each 
descriptor was applied to each profile picture as data points. 
Profile pictures’ counts of descriptors varied considerably 
(range = 220-405), so we adjusted counts so each profile 
picture’s descriptor count was equal.9 We also log-trans-
formed counts to better approximate the multivariate normal 
data assumed by EFA.10 Analyses were performed in R using 
the psych package (Revelle, 2018).

With 1,000 targets it was not feasible to use all 6,993 
descriptors in EFA. Past recommendations for rows-to-col-
umns ratios in EFA have ranged from 20:1 (Hogarty et al., 
2005) to 2:1 (Kline, 1979). This suggested that with 1,000 
profile pictures, an upper limit of 500 descriptors might be 
included. To be as inclusive as possible, we used the 500 
most common descriptors, which accounted for 85% of the 
data. Due to large discrepancies in frequency of use between 
different words, we relied on covariance matrices to preserve 
information about descriptors’ relative frequency.11 Sampling 
adequacy was confirmed via the Kaiser–Meyer–Olkin proce-
dure, which estimates the proportion of variance in a data 
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matrix that may be common variance. Our data yielded a 
KMO score of .75, above the standard minimum acceptable 
level of .50. To determine the optimal number of factors, we 
performed a parallel analysis (Horn, 1965), which suggested 
a 14-factor solution.12 We ran an EFA extracting 14 factors 
using oblimin oblique rotation (Clarkson & Jennrich, 1988).

Results (Table 1) revealed 13 interpretable factors (one 
factor was not clearly interpretable, more on this below). 
Factors 1, 3, and 13 captured the key demographic variables 
of gender, age, and race (Black vs White), respectively. 
Factors 2 and 7 captured dual facets of the horizontal 

dimension, sociability (“happy,” “smiling”) and morality 
(“caring,” “loving”), while Factors 5 and 6, respectively, 
captured dual facets of the vertical dimension, ability 
(“smart,” “professional”), and assertiveness (“quiet,” “shy”; 
we labeled Factor 6 non-assertiveness due to the strongest 
loading descriptors representing the inverse of assertive-
ness). Factors 8 (stylishness; “stylish,” “fashionable”), 9 (fit-
ness; “athletic,” “fit”), and 12 (attractiveness; “pretty,” 
“grandma”) each captured distinct aspects of physical 
appearance. Factors 4 (adventurousness; “adventurous,” 
“outdoorsy”), 10 (non-conformity; “weird,” “artistic”), and 

Table 1. Top-Loading Descriptors for 14-Factor EFA Solution.

Factor number 1. Gender 2. Sociabilitya 3. Agea 4. Adventurousness 5. Abilitya

Top 10 loadings woman, 1.22 happy, 1.01 old, 1.39 adventurous, 0.84 smart, 0.65
 -man, -1.21 smiling, 0.75 -young, -1.05 outdoorsy, 0.71 professional, 0.61
 pretty, 0.7 friendly, 0.72 grandma, 0.41 traveler, 0.39 educated, 0.41
 mom, 0.61 -serious, -0.7 wise, 0.39 active, 0.37 successful, 0.32
 -handsome, -0.58 kind, 0.46 mature, 0.38 nature-lover, 0.37 rich, 0.28
 beautiful, 0.53 fun, 0.4 -cute, -0.37 fun, 0.25 business, 0.27
 -dad, -0.49 -unhappy, -0.39 retired, 0.31 natural, 0.24 -fun, -0.24
 -bearded, -0.32 -sad, -0.38 grandpa, 0.27 hiker, 0.21 ambitious, 0.2
 -funny, -0.28 nice, 0.37 -student, -0.25 relaxed, 0.16 -loud, -0.2
 grandma, 0.28 -mean, -0.37 dad, 0.24 explorer, 0.16 -insecure, -0.19
Cumulative Var. 0.06 0.12 0.17 0.2 0.22

Factor number 6. Non-Assertiveness 7. Moralitya 8. Stylishness 9. Fitnessa 10. Non-Conformity

Top 10 loadings quiet, 0.41 caring, 0.68 stylish, 0.52 athletic, 0.62 weird, 0.39
 shy, 0.38 loving, 0.34 fashionable, 0.42 fit, 0.41 artistic, 0.31
 calm, 0.37 liberal, 0.28 confident, 0.36 strong, 0.35 creative, 0.29
 relaxed, 0.33 kind, 0.27 artistic, 0.29 active, 0.34 strange, 0.26
 sad, 0.3 compassionate, 0.26 trendy, 0.26 sporty, 0.33 -rich, -0.24
 tired, 0.27 activist, 0.25 cool, 0.25 healthy, 0.25 unique, 0.21
 introverted, 0.27 helpful, 0.24 vain, 0.23 hard-working, 0.19 odd, 0.21
 reserved, 0.26 -pretty, -0.21 hip, 0.23 determined, 0.19 quirky, 0.2
 lonely, 0.25 responsible, 0.2 rich, 0.21 energetic, 0.17 liberal, 0.2
 -proud, -0.24 supportive, 0.2 creative, 0.2 -overweight, -0.17 nerdy, 0.19
Cumulative Var. 0.24 0.27 0.29 0.31 0.32

Factor number 11. Conservatism 12. Attractiveness 13. Race 14. Weight  

Top 10 loadings conservative, 0.41 pretty, 0.27 white, 0.47 overweight, 0.3  
 country, 0.37 -grandma, -0.22 -black, -0.41 loud, 0.25  
 -fun, -0.25 -mom, -0.21 blonde, 0.26 -sweet, -0.25  
 southern, 0.24 fake, 0.2 -strong, -0.22 -young, -0.21  
 republican, 0.23 insecure, 0.2 -proud, -0.22 mom, 0.2  
 -funny, -0.22 sexy, 0.19 vain, 0.18 -cute, -0.18  
 hard-working, 0.2 vain, 0.19 fake, 0.17 -grandma, -0.18  
 patriotic, 0.19 selfish, 0.19 selfish, 0.16 -artistic, -0.16  
 -outgoing, -0.19 beautiful, 0.18 -hard-working, -0.15 -wise, -0.16  
 proud, 0.18 filter, 0.18 insecure, 0.15 -retired, -0.15  
Cumulative Var. 0.34 0.35 0.37 0.38  

Note. Cumulative Var. = Cumulative variance explained.
aFor ease of interpretation, loadings are reversed for factors whose strongest loading were predominantly negative (sociability, age, ability, morality, and 
fitness).
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11 (conservatism; “conservative,” “country”) each captured 
individuals’ proclivities for either exploring beyond conven-
tional norms and boundaries (e.g., explorers or artists) or 
conforming to traditional social conventions (e.g., conserva-
tives). This orientation toward either exploration and change 
or conformity and preservation has been argued to represent 
the key underlying principle in social perceptions of the 
dimension of conservative/progressive beliefs (Koch et al., 
2016). By contrast, Factor 14 (labeled weight) was less con-
ceptually coherent, displaying relatively weak loadings, and 
high-loading descriptors–“overweight,” “loud,” and 
“sweet”–suggesting a construct capturing both descriptive 
content concerning targets’ body size and evaluative content 
concerning targets’ character.

Collectively, the EFA solution accounted for 38% of the 
data’s variance. Although this is low, we estimated that the 
top 500 descriptors had an average split half-reliability of 
0.57. This suggests substantial unreliability in the columns as 
measures of the overall applicability of each descriptor to 
each profile picture,13 and a relatively low upper limit on the 
factor solution’s ability to account for variance in the data. 
Of the explained variance, approximately ⅓ (12.9% of total 
variance) was accounted for by the fundamental two dimen-
sions’ facets sociability, ability, non-assertiveness, and 
morality, and another ⅓ (12.4% of total variance) by the 
demographic factors of gender, age, and race. The final third 
was divided roughly equally between adventurousness, non-
conformity, and conservatism (5.8% of total variance), and 
stylishness, fitness, and attractiveness (5.5% of total 
variance)

Factor Scores. To further explore the factor solution, we cal-
culated factor scores using sum scores with a loading cut-off 
of 0.2. Figure 1 displays AI-generated recreations of the 
highest-scoring profile picture on each factor as well as fac-
tor score distributions. Table 2 reports correlations between 
factor scores, which were small to moderate with a few 
exceptions (e.g., age and attractiveness, consistent with 
Sutherland et al., 2013).

Cross-Validation. Next, we used cross-validation to assess the 
robustness of each factor. We divided data into its August 
and November waves, and randomly split profile pictures 
into two groups of 500: Groups A and B. We then compared 
the EFA factor structure in the August wave’s responses to 
Group A to the factor structure in the November wave’s 
responses to Group B. With 500 profile pictures in each data-
set, EFAs relied on the 250 most frequent descriptors, which 
accounted for 75% of the data. Parallel analysis recom-
mended a 10-factor solution, so we extracted 10 factors from 
each dataset using the procedures described above. Inspec-
tion of results (Table 3) revealed factors in each solution rep-
resenting gender, sociability, age, adventurousness, 
stylishness, non-assertiveness, ability, morality, non-confor-
mity, and race, all of which were present in our original 

14-factor solution. Fitness was partially subsumed within 
non-conformity (“strong” was among the top-loading 
descriptors, negatively loaded), and attractiveness was incor-
porated within both age (“cute” and “pretty” were top-load-
ing descriptors) and stylishness (“pretty” was a top-loading 
descriptor). Conservatism and weight were not clearly 
represented.

To test whether the respective solutions were compatible 
with identical underlying factor structures, we computed 
congruence coefficients between the ten factors in the 
August/Group A solution and the 10 factors in the Procrustes-
rotated November/Group B solution (McCrae et al., 1996). 
We then used a bootstrapping procedure (Chan et al., 1999) 
to compute 95% confidence intervals for observed congru-
ence coefficients under identical latent factor structures (see 
Supplementary Materials for details). As shown in Table 3, 
each observed congruence coefficient fell within the range 
expected under identical underlying factor structures. This 
suggests (at least for the first 9 factors, as congruence was 
relatively weak for the 10th factor, race) robustness across 
different targets and participants.

Discussion: EFA. Our EFA illuminated thirteen interpretable 
factors, including the four facets of the fundamental two 
dimensions: sociability, morality, ability, and assertiveness 
(named non-assertiveness in our results), three key demo-
graphic variables of gender, age, and race, three distinct 
aspects of physical appearance: fitness, stylishness, and 
attractiveness, and three distinct aspects of individuals’ ori-
entation toward exploring beyond or adhering to conven-
tional physical and social boundaries: adventurousness, 
non-conformity, and conservatism.

These results are largely consistent with those of Nicolas 
and colleagues (2022). Despite being based on descriptions 
of group labels rather than individuals, and developed via 
different analytical tools, their SSCM encompasses 11/13 of 
these dimensions, including sociability, morality, assertive-
ness (the inverse of our non-assertiveness factor), ability, 
deviance (similar to our non-conformity factor), health (sim-
ilar to our fitness factor), social groups (which encompasses 
our age, gender, and race factors), appearance, and beliefs 
(similar to our conservatism factor). Our EFA results diverge 
from the SSCM only with regard to the presence of stylish-
ness and adventurousness as stand-alone dimensions in our 
results and to the extra dimensions of status (“wealthy,” 
“high-status”), occupation (e.g., “lawyer”), and geography 
(“foreign,” “Mexican”) in the SSCM’s taxonomy.14 Thus, 
although our results suggest that the precise nature of the 
dimensions encompassed by spontaneous responses likely 
shifts between contexts, there nonetheless appears to be con-
siderable consistency in the high-dimensional structure of 
impression formation with regard to descriptions of both 
individuals and groups.

Inspection of the factor scores produced noteworthy 
observations. Top-scoring profile pictures on the morality 
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factor tended to display graphics or slogans communicating 
beliefs (often support for the Black Lives Matter movement 
or COVID-19 responses), consistent with the notion that per-
ceptions of communion/morality stem from perceived simi-
larities in beliefs (Koch et al., 2020). By contrast, explicit 
signals of beliefs were not ubiquitous among profile pictures 
described as conservative, suggesting participants inferred 
conservatism from other kinds of cues (e.g., the presence of 
U.S. flags and activities such as hunting and fishing).

Also notable was the low correlation (r = −.03) between 
ability and non-assertiveness scores. This is consistent with 
prior work that found relatively weak correlations between 
competence and dominance in face perceptions (Sutherland 
et al., 2016), divergent relationships between facial competence 
and dominance and overall perceived valence (Oliveira et al., 
2020), and that accepting (vs. rejecting) criticism increases per-
ceived competence but decreases perceived dominance 
(Methner et al., 2020). This poses a puzzle for impression 

Figure 1. AI-Generated Recreations of the Highest-Scoring Profile Picture on Each Factor, and Factor Score Distributions.
Note. To protect individuals’ privacy, we used AI text-to-image generation and photo editing software to recreate close likenesses to the top-scoring 
profile pictures on each factor.
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formation researchers, as it suggests that despite these factors 
theoretically representing the dual facets of the vertical dimen-
sion, the profile pictures perceived as being high or low in abil-
ity and assertiveness appear to display little overlap.

Finally, our cross-validation procedure suggested that the 
majority of these factors are robust across different samples 
of profile pictures and participants. Four factors were either 
subsumed within alternate factors (attractiveness into age 
and stylishness, fitness into non-conformity), exhibited low 
congruence across the subsets (race), or simply failed to 

emerge within the reduced factor solutions (conservatism). 
However, this may have occurred due to cross-validation 
EFAs using 250 descriptors rather than 500, and extracting 
10 factors rather than 14.

Dimension Prevalence: Natural Language 
Dictionaries

To assess the relative prevalence of each dimension we used 
natural language dictionaries. The SADCAT R package 

Table 2. Correlations Between EFA Factor Scores.

Factor 1. 2. 3. 4. 5. 6. 7. 8. 9. 10. 11. 12. 13.

 1. Gender  
 2. Sociability 0.21  
 3. Age −0.37 −0.12  
 4. Adventurousness −0.13 0.30 0.00  
 5. Ability −0.07 −0.13 0.09 −0.29  
 6. Non-Assertiveness 0.06 −0.18 0.12 −0.16 −0.03  
 7. Morality −0.02 0.27 0.38 −0.02 0.04 0.16  
 8. Stylishness 0.08 −0.07 −0.43 −0.08 0.09 −0.18 −0.41  
 9. Fitness −0.26 −0.04 −0.02 0.47 −0.11 −0.29 −0.10 −0.04  
10. Non-Conformity 0.00 −0.18 −0.13 −0.11 −0.26 0.10 −0.01 0.18 −0.17  
11. Conservatism −0.08 −0.47 0.24 −0.17 0.30 0.06 0.04 −0.19 0.14 −0.19  
12. Attractiveness 0.08 −0.01 −0.70 −0.02 0.00 −0.18 −0.53 0.47 0.01 0.08 −0.14  
13. Race 0.26 0.12 0.03 −0.02 −0.04 0.28 0.01 −0.07 −0.31 0.06 −0.08 −0.05  
14. Weight −0.36 −0.25 0.62 −0.05 −0.01 −0.06 0.08 −0.27 0.01 −0.01 0.18 −0.38 −0.09

Table 3. Cross-Validation of 10-Factor Solutions From Reduced Datasets With Distinct Participants and Profile Pictures.

Factor Gender Sociability Age Adventurousness Stylish Non-assertiveness Ability Morality
Non-

conformity Race

August/Group A 10-factor solution
Top loading -man happy -old -adventurous confident quiet smart -caring artistic -white
 descriptors woman smiling young -outdoorsy -weird shy professional -loving -strong black
 pretty friendly -grandma -active stylish calm -fun -kind -hard-working funny
 mom -serious cute -nature-lover fashionable relaxed educated -sweet creative fun
 beautiful fun -mom -traveler pretty tired -funny -warm fashionable cool
 -handsome kind pretty -athletic vain sad successful -compassionate cool -selfish
November/Group B 10-factor solution
Top loading woman happy -old -adventurous confident shy smart -caring -strong -pretty
 descriptors -man friendly young -outdoorsy stylish sad professional -kind stylish -conservative
 pretty -serious -grandma -active vain quiet educated -loving -hard-working black
 mom smiling -mature -nature-lover -weird calm -fun -sweet fun -country
 -handsome fun cute -traveler rich -proud -loud professional -conservative -cute
 -dad nice -wise -athletic pretty relaxed serious white artistic -white
November/Group B Procrustes-rotated 10-factor solution
Top loading -woman happy -old -adventurous stylish shy -smart -caring weird pretty
 descriptors man friendly young -outdoorsy confident calm -professional -kind funny conservative
 -pretty -serious -grandma -active vain sad -educated -loving -hard-working beautiful
 -mom smiling -mature -nature-lover rich quiet fun white -athletic cute
 handsome fun -wise -traveler fashionable -proud loud -sweet -strong country
 dad kind cute -natural fake relaxed -successful professional fun -black
Congruencea 0.95 0.95 0.96 0.92 0.89 0.9 0.89 0.87 0.81 0.58
95% CIs [0.93, 0.98] [0.93, 0.96] [0.94, 0.97] [0.87, 0.95] [0.76, 0.9] [0.74, 0.88] [0.74, 0.91] [0.58, 0.89] [0.65, 0.87] [0.42, 0.85]

Note. —Denotes a negative loading descriptor.
aCongruence refers to the congruence between the initial August/Group A 10-factor solution and the November/Group B Procrustes-rotated 10-factor solution. b Confidence 
intervals were calculated from congruences between the initial August/Group A 10-factor solution and 1000 Procrusted-rotated 10-factor solutions computed from 
bootstrapped re-samples of the same data.
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(Nicolas, 2022; Nicolas et al., 2021) provides dictionaries–
lists of words centered on particular concepts–encompassing 
a wide range of stereotype content, including personality, 
affect, beliefs, social role, appearance, and more,15 as well as 
10 “high” and “low” sub-dictionaries representing opposite 
poles of select constructs’ spectrums (e.g., high morality = 
“good”; low morality = “selfish”). SADCAT also allows 
users to create custom dictionaries using a semi-automated 
procedure that expands lists of seed words into larger dic-
tionaries based on semantic relationships. We used this func-
tionality to create additional dictionaries for the concepts of 
gender, age, adventurousness, and stylishness, plus high and 
low sub-dictionaries for each. For each custom dictionary, 
we used the top two loading terms of its associated EFA 

dimension as seed words (e.g., for gender “woman” and 
“man” served as seed words; see Supplementary Materials). 
Table 4 reports the number of descriptors from each diction-
ary in our data.

Discussion: Natural Language Dictionaries. As Table 4 shows, 
sociability was the most commonly used dictionary (primar-
ily high sociability, e.g., “nice,”), followed by appearance 
(e.g., “pretty”), emotions (e.g., “happy”), social groups (e.g., 
“old”), morality (primarily high morality, e.g., “kind”), and 
assertiveness (primarily high assertiveness, e.g., “confi-
dent”), and ability (primarily high ability, e.g., “smart”).

The relative predominance of the sociability and morality 
dictionaries is consistent with arguments regarding the 

Table 4. Relative Prevalence and Most Common Words From SADCAT Dictionaries in Our Data.

Dictionary Prevalence Size Most used Most used (high) Most used (low) Prop. high

Sociability 76,304 1,266 nice, friendly nice, friendly shy, quiet 0.75
Appearance 50,897 1,910 pretty, white  
Emotions 49,988 1,209 happy, calm  
Social groups 36,159 139 old, young  
Morality 35,747 2,557 kind, good kind, good vain, selfish 0.67
Assertiveness 31,166 836 confident, calm confident, strong quiet, insecure 0.77
Ability 29,070 1,066 smart, good smart, good simple, silly 0.78
Agea 18,338 104 old, young old, mature young, immature 0.6
Beauty 17,726 272 pretty, beautiful pretty, beautiful loud, creepy 0.86
Occupation 14,101 2,052 professional, worker  
Gendera 12,608 381 woman, man woman, girl man, masculine 0.6
Other 11,081 1,561 mom, grandma  
Deviance 10,674 173 funny, weird funny, weird normal, average 0.77
Body properties 10,487 405 fat, athletic  
Adventurousnessa 8,633 38 adventurous, outdoorsy adventurous, outdoorsy safe, cautious 0.95
Status 7,863 600 strong, rich strong, rich humble, poor 0.75
Body part 7,658 379 fat, stern  
Family 7,267 225 mom, grandma  
Relative 7,267 225 mom, grandma  
Politics 6,913 384 conservative, patriotic conservative, traditional liberal, open 0.46
Skin 6,432 77 white, blonde  
Health 6,335 1,529 fit, drinker fit, healthy drinker, crazy 0.22
Stylishnessa 6,330 75 cool, stylish cool, stylish unfashionable, dated 0.99
Clothing 4,794 607 stylish, trendy  
Body covering 4,576 237 brunette, bald  
Geography 3,572 966 country, American  
Art 2,798 405 artistic, musician  
Inhabitant 1,915 670 American, hispanic  
Country 1,796 315 country, tourist  
Religion 870 809 Christian, spiritual conservative, traditional liberal, open 0.46
Lacks knowledge 618 8 unsure, human  
Beliefs (other) 568 128 materialistic, attitude  
Stem 563 780 gray, dynamic  
Humanities 290 83 romantic, classic  
Insults 204 43 blue, nasty  
Fortune 44 30 unfortunate, lucky  

aAge, Gender, Adventurousness, and Stylishness are custom dictionaries created with SADCAT’s semi-automated dictionary creation functionality.
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primacy of the horizontal dimension in impression formation 
(e.g., Abele & Bruckmüller, 2013; Brambilla et al., 2012; 
Wojciszke & Abele, 2008). It also aligns with Nicolas and 
colleagues’ (2022) results regarding spontaneous descrip-
tions of social groups. However, our results also differed in 
important ways from their findings, with appearance, emo-
tions, and social groups dictionaries used relatively more fre-
quently in descriptions of profile pictures compared with 
descriptions of groups, and status used less frequently. This 
suggests that just as the content of high-dimensional models 
of impression formation may shift from context to context, 
so too does the frequency with which particular dimensions 
are employed.

Dimension Diagnosticity: t-SNE

To explore the extent to which each dimension represented an 
important axis of inter-individual differentiation, we used 
t-distributed stochastic neighbor embedding (t-SNE), a data 
visualization technique for representing high-dimensional 
data in two or three non-linear dimensions (Van der Maaten & 
Hinton, 2008). Using t-SNE, we mapped the profile pictures 
in two dimensions according to their relative similarities with 
regard to the 500 most common descriptors. In the resulting 
solution (Figure 2), each profile picture is situated relatively 
closer to profile pictures producing relatively similar descrip-
tions, and represented by a color-coded abbreviation of its 

Figure 2. t-SNE Plot.
Note. t-SNE plot based on profile pictures’ similarities with regard to scores on the 500 most frequent descriptors. Each profile picture is represented by 
its most frequent descriptor, abbreviated. Lower panels display the plot colored according to scores on each EFA dimension.
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most common descriptor (e.g., profile pictures described as 
“happy” more than any other descriptor are represented by 
the letter H). To assess the relationship between the t-SNE 
configuration and the EFA dimensions, the lower panels of 
Figure 2 color-code each point according to scores on each 
factor.

Discussion: t-SNE. Our t-SNE solution appeared sensitive to 
each EFA factor, albeit to varying degrees. As Figure 2 
shows, the gender dimension was associated with the clear-
est clustering, with profile pictures perceived as women and 
men arranged in distinct groups on the left and right of the 
plot, respectively. By contrast, perceived race was associated 
with less clear clustering, with high- and low-scoring targets 
on the race dimension relatively dispersed across the plot. 
This suggests that targets perceived as women and men were 
described differently from each other overall compared with 
targets perceived as Black or White.

Unsurprisingly, the factors explaining most variance in 
our EFA–gender, sociability, and age–all served as influen-
tial organizing principles within the plot, with high- and low-
scoring targets on each factor clearly separated. Most other 
factors were similarly associated with clear clustering, 
although some–non-conformity and race–were clustered less 
clearly, with high- and low-scoring targets relatively inte-
grated throughout the solution. This suggests that although 
these dimensions may represent identifiable axes of intertar-
get variability, they are relatively less diagnostic of perceived 
global differences between target individuals.

Also notable was that a number of factors were associated 
with relatively more or less defined clustering, depending on 
the target gender. For example, virtually all the high- and 
low-scoring targets on the attractiveness dimension were 
described as women, a trend also seen for the age and moral-
ity dimensions. By contrast, conservatism appeared to pro-
duce clearer clustering occurring among men. This suggests 
differences in the relative representativeness (Nicolas, 2022) 
of these factors for different genders, and corroborates that 
the nature of the dimensions underlying impression forma-
tion may depend not just on the kind of stimuli perceived 
(i.e., groups vs. individuals) but also on the perceived social 
categories of targets (e.g., their gender, see Oh et al., 2020; 
Sutherland et al., 2015; their age, see Collova et al., 2019; 
Twele & Mondloch, 2022; or their culture, see Sutherland 
et al., 2018).

Dimension Generality: Semantic Sentence 
Embeddings

Finally, to assess the generalizability of each dimension to a 
broader source of data, we used semantic sentence embed-
dings. Semantic embeddings are based on the observation 
that semantically similar words (e.g., “happy” and “joyful”) 
tend to be used in similar sentences (e.g., “It was a ___ 
moment when my child was born”), and so generally occur in 

close proximity with similar sets of other words (Z. S. Harris, 
1954; Lenci, 2018). Via machine learning models trained on 
large-scale text corpora, semantic embeddings capture these 
idiosyncratic patterns of co-occurrence within numerical vec-
tors that can be compared with provide a measure of the rela-
tive semantic similarity between different texts.

Nicolas and colleagues (2022) used semantic embeddings 
to investigate the dimensional structure of spontaneous ste-
reotypes of social groups. We followed Nicolas and col-
leagues’ procedures, but with one minor difference: rather 
than relying on embeddings for single words, we obtained 
embeddings for full sentences via the all-mpnet-base-v2 pre-
trained SBERT model (Reimers & Gurevych, 2019). 
Theoretically, this enabled us to obtain semantic similarity 
data more tailored to the specific context of formation 
impressions of people, compared with word embeddings (see 
Supplemental Materials for more details). To calculate sen-
tence embeddings, we placed each descriptor within a sen-
tence structure explicitly describing a person (e.g., “happy” 
became “this person is happy”). To ensure sentences were 
grammatically correct we altered their structures slightly 
when necessary (e.g., “makeup” became “this person is 
wearing makeup”).

We then applied K-Means cluster analysis to the matrix of 
cosine similarities between the sentence embeddings for the 
most common 500 descriptors and inspected a number of 
indices regarding the appropriate number of clusters provided 
by the NBclust R package (Charrad et al., 2014). We ulti-
mately decided on a model with 42 clusters as one optimal 
solution (see Supplementary Materials for full clusters). Table 
5 reports the most central 5 descriptors in each cluster (cen-
trality = cosine similarity with cluster centroid), with clusters 
arranged according to the corresponding EFA factor.

Discussion: Semantic Sentence Embeddings. The clusters 
emerging via semantic sentence embeddings were largely 
consistent with our EFA results, but in many cases added 
nuance by separating distinct facets of dimensions. For 
example, seven clusters represented different aspects of 
sociability, such as positive and negative affect (clusters 1, 
25, 31, & 33), and friendliness and unfriendliness (clusters 3, 
6, & 19), and six clusters represented aspects of ability, 
including wittiness (cluster 7), obliviousness (cluster 16), 
industriousness (cluster 17), intelligence (clusters 26 and 
37), and higher education (cluster 30). Notably,: status (clus-
ter 29), an SSCM dimension that did not emerge in our previ-
ous results also appeared to be represented. A small number 
of clusters also represented relatively novel content, includ-
ing relaxation (cluster 12), concentration (cluster 39), and 
some idiosyncratic aspects of appearance (see Table 5).

General Discussion

Recent work has sought to deepen our understanding of the 
underlying dimensions of impression formation by using 
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increasingly data-driven methods (e.g., Jones et al., 2021; 
Koch et al., 2016; Lin et al., 2021; Nicolas et al., 2022) and 
incorporating more complex, naturalistic stimuli (Sutherland 
et al., 2013). We sought to build on these efforts by studying 
unconstrained linguistic descriptions of an authentic and 
highly complex naturalistic social stimulus set: Facebook 
profile pictures. Overall, responses confirmed the impor-
tance and centrality of the “fundamental two” horizontal and 
vertical dimensions and their respective facets of sociability/
morality and ability/assertiveness (Abele et al., 2016, 2021). 
However, we also observed numerous further dimensions to 
play a role in participants’ spontaneous responses, with 
descriptions also informed by the demographic variables of 
gender, age, and race, as well as multiple distinct aspects of 
physical appearance in profile pictures’ attractiveness, styl-
ishness, and fitness, and multiple distinct aspects of individ-
uals’ tendencies to explore beyond or conform to social 
conventions in profile pictures’ perceived adventurousness, 
non-conformity, and conservatism.

Despite emerging via different stimuli and different meth-
ods, these results are largely consistent with the Spontaneous 
Stereotype Content Model (SSCM; Nicolas et al., 2022). The 
present work therefore conceptually replicates most of the 
SSCM’s proposed dimensions and demonstrates their gener-
alizability to impressions of individuals. However, as noted 
earlier, there were multiple discrepancies between our results 
and the SSCM. Two dimensions emerged in our data–adven-
turousness and stylishness–which were not differentiated 
into separate dimensions within the SSCM but were rather 
subsumed respectively as facets of assertiveness and appear-
ance. And multiple SSCM dimensions–status, occupation, 
geography–failed to emerge consistently in our results. In 
addition, our natural language dictionary analysis suggested 
that the concepts of appearance, emotions, and social groups 
are relatively more frequently used in descriptions of profile 
pictures, whereas the concept of status is relatively more fre-
quent in descriptions of groups.

Taken together, these results suggest that although there 
may be considerable stability in the high-dimensional struc-
ture of impression formation across contexts, the specific 
latent dimensions emphasized depend on the nature of the 
stimuli being evaluated. Given our field’s long-standing reli-
ance on simpler models and theory-driven methods, we 
believe that it will be important for further work to incorpo-
rate additional data and data sources, as well as further ana-
lytical approaches, to provide a clearer picture of the relative 
stability/lability of these high-dimensional structures across 
contexts, and to build a more complete understanding of 
where and when each dimension is and is not likely to be 
important for impression formation. It will also be important 
to examine the generality of these high-dimensional models 
to different cultural contexts, given that the present work and 
the SSCM have been largely based on predominantly White 
U.S.-based samples.

Another aspect of the SSCM supported by our results is 
the idea that groups/individuals differ in important ways in 
how likely they are to spontaneously elicit judgments related 
to those dimensions (i.e., dimensional representativeness). 
Our t-SNE plot suggested that the attractiveness, age, and 
morality dimensions were more frequently used to describe 
women, while the conservatism dimension was more fre-
quently used to describe men. Future research may also 
explore the way the dimensional structure of impression for-
mation depends not only on the kind of stimuli being evalu-
ated (i.e., groups vs. individuals) but on the social 
categorization of targets.

It will also be important for future research to consider 
how impressions along each of these dimensions inform 
behaviors. In-keeping with traditional views of social per-
ceivers as “cognitive-misers” (Taylor, 1981) and/or “moti-
vated tacticians” (Fiske, 2004) who attend only to information 
relevant to the successful navigation of social environments, 
we assume that the dimensions emerging in our data provide 
important information to perceivers regarding targets’ under-
lying character, motivations, and behavior. However, 
although Nicolas and colleagues (2022) demonstrated that 
perceivers rely on additional dimensions beyond warmth and 
competence to guide consequential decisions (e.g., health 
stereotypes incrementally predicted decisions to prioritize 
groups for Covid-19 vaccine eligibility), we still know little 
about the relative importance of each of these dimensions, or 
how and why impressions of individuals’ adventurousness, 
stylishness, fitness, non-conformity, and conservatism guide 
behaviors across different individuals and contexts.

It should also be noted that by focusing on unconstrained 
descriptions, we are likely examining the end results of a 
complex interplay between distinct cognitive processes, with 
a number of the emerging content dimensions in our data 
appear resembling relatively discrete social categories (e.g., 
gender and race), and others resembling traits perceived as 
varying along a continuum (e.g., ability and sociability). 
However, while we expect that each of our observed dimen-
sions results to some extent from both categorical and con-
tinuous differentiation processes (e.g., a target labeled “old” 
has likely been both categorized as such and placed some-
where along a continuous age continuum; Atwood et al., 
2024), we consider it outside the scope of the present project 
and data to make any inferences regarding underlying mech-
anisms. Ultimately, in the present project, we are more con-
cerned with the breadth and content of the resulting 
dimensions than the exact processes by which they came 
about.

A number of limitations should be noted. First, we mod-
eled only impressions of U.S. residents by other U.S. resi-
dents. Further research needs to test whether 
high-dimensional impression formation also applies to other 
cultural contexts (especially those that are not Western, edu-
cated, industrialized, rich, and democratic; Muthukrishna 
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et al., 2020), and how the emerging dimensions differ across 
cultural contexts.

Relatedly, Facebook profile pictures provide a rich but 
idiosyncratic variety of stimuli (White et al., 2017), and so 
could produce results lacking in generalizability to other 
impression formation contexts. In particular, it is likely that 
individuals’ use of (and alertness toward others’ use of) 
impression management strategies is heightened in the con-
text of social media compared with other contexts (Roulin & 
Levashina, 2016). It is promising that these dimensions that 
our EFA differentiated also emerged in clusters determined 
by semantic similarities derived from large-scale text cor-
pora and that many of the emerging dimensions have also 
been observed in prior work using group labels (Koch et al., 
2016; Nicolas et al., 2022) or facial photographs (Lin et al., 
2021; Sutherland et al., 2013). However, it remains possible 
that the more novel dimensions emerging in our data–adven-
turousness and stylishness–might be especially salient in the 
context of Facebook profile pictures, and may not be simi-
larly emphasized in other contexts.

A final limitation is that there is arguably no perfect 
method for analyzing free-response text data. Here, we have 
relied heavily on EFA and found it to provide a useful and 
interpretable means of dimension reduction as well as results 
that generalize well across other methodological approaches. 
However, EFA also has a number of drawbacks with regard 
to free-response text data. First, it is highly data-hungry. 
Even with 1000 profile pictures, it was only feasible for us to 
include the most prevalent 500 descriptors in analyses, and 
by doing so we omitted 15% of our data. Moreover, even 
with over 300,000 total descriptions gathered, the average 
reliability of the descriptor columns remained low, constrain-
ing our factor solution’s ability to account for the variance in 
the data.

Second, because EFA relies on covariation between 
descriptors to detect latent dimensions, it risks conflating 
conceptually distinct but correlated concepts. For example, 
the gender factor incorporated high loadings on descriptors 
of attractiveness (e.g., “pretty,” “handsome”), the conserva-
tism factor incorporated high loadings on descriptors of 
light-heartedness and humor (“fun,” “funny”), and the 
sociability factor combined descriptors of personality 
(“friendly”) and displayed affect (“happy”). Such confla-
tions are less of a risk in cluster analyses based on semantic 
sentence embeddings, where similarities are based purely on 
the semantic use of texts. However, there may also be occa-
sions when semantically distinct descriptors do in fact indi-
cate a single latent dimension. For example, the descriptors 
“conservative,” “country,” and “southern” were all top-
loading descriptors on the conservatism factor. Although 
each of these words refers to distinct concepts (political ide-
ology, rurality, and geographical region, respectively), they 
nonetheless plausibly form a coherent impression formation 
dimension, by describing a perceived archetype of North 
American cultural and political conservatism. The same can 

be said for “smart,” “educated,” “professional,” and “suc-
cessful.” These descriptors also mean different things, but 
(in our view) do not seem incoherent as top-loading descrip-
tors of the ability factor. This suggests that covariation-
based and semantic methods may have complementary 
strengths and weaknesses, and may both be benefcial for 
researchers in this space.

Since Asch’s (1946) seminal work, social psychologists 
have produced a large body of knowledge focused on the 
fundamental two horizontal and vertical dimensions of 
human impression formation (Abele & Wojciszke, 2014; 
Judd et al., 2005), and for good reason. The present work 
confirms yet again that these fundamental two dimensions 
(and their respective facets of sociability/morality and abil-
ity/assertiveness) are central to the way people perceive and 
describe others. However, the present work also shows that 
there is much more to impression formation than just two 
dimensions and that our spontaneous impressions of others 
reflect more diverse and complex mental models than two 
dimensions allow. We believe that this additional content 
deserves greater attention, and perhaps especially so in the 
case of impression formation content related to progressive/
conservative beliefs, given recent trends around affective 
political polarization (Iyengar et al., 2019). We therefore 
hope that the present research can serve to guide and inspire 
further work into how our complex, high-dimensional 
impressions of others give shape to our social lives.
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Notes

 1. A recent adversarial collaboration on ongoing controversies 
about the Big Two dimensions suggested to labels them “hori-
zontal” and “vertical,” to avoid making the impression that one 
pair of labels of the Big Two is more correct than another pair of 
labels (Abele et al., 2021).

 2. The original list was obtained from https://github.com/
grammakov/USA-cities-and-states.

 3. Official city pages and pages with < 300 likes did not tend 
to generate sufficient engagement to provide usable profile 
pictures.

 4. These stipulations were implemented to avoid profile pictures 
providing insufficient information for perceivers, such as pho-
tos taken from far away.

 5. The second wave was added due to concerns that data for infre-
quent words in the first wave was highly noisy.

 6. In Supplementary Materials we report Factor Analysis results 
based solely on the first descriptors provided by participants 
for each profile picture; these are highly similar to the results 
obtained from the full dataset.

 7. Although this step departed from a purely data-driven process, 
it had little effect on results. In Supplementary Materials we 
report Factor Analyses based on data without synonym aggre-
gation which are highly similar to those from synonym-col-
lapsed data.

 8. Given debate about whether PCA or EFA is more appropriate 
to summarize data (Jones et al., 2021; Todorov & Oh, 2021), 
we ran PCAs to test the robustness of our EFA results and 
examine the overlap between low-dimensional PCA results 
and standard models of impression formation. Overall, high-
dimensional PCA solutions bear strong resemblance to EFA 
models, while low-dimensional solutions tended to conflate 
conceptually distinct dimensions (e.g., gender and sociability; 
see Supplementary Materials).

 9. Specifically, each cell was multiplied by the row sum divided 
by 405 (the maximum row sum), making the sum of each row 
equal 405.

10. We added one to each count before taking the natural log to 
handle zeros. See Supplementary Materials for further informa-
tion about the rationale behind this.

11. For count variables, descriptors used more frequently have 
more variance and, thus, more capacity for covariance. This 
heightened capacity for covariance results in higher item load-
ings in an EFA when the covariance matrix of descriptors is 
used, but not when the correlation matrix is used, because the 
correlation matrix standardizes variances. Thus, if we want 
to preserve information about descriptors’ relative frequency, 
we should use the covariance matrix instead of the correlation 
matrix.

12. Parallel analysis assesses whether successive factors explain 
more variance than would be expected to be explained by 

parallel factors extracted from random data.
13. Descriptor counts will tend to be more reliable when (a) descrip-

tors are frequently used, (b) inter-rater agreement on whether 
descriptors apply to profile pictures is high, and (c) inter-rater 
agreement on the preferred term to describe an attribute is high.

14. Our participants used descriptors related to these dimensions, 
but they were either relatively infrequent (e.g., “foreign,” 
“lawyer,” and “high-class” were the 501st, 827th, and 1,340th 
most frequent descriptors, respectively), or subsumed by other 
dimensions.

15. We did not use the warmth, competence, or beliefs SADCAT 
dictionaries due to their high overlap with the dictionaries cap-
turing sociability and morality, ability and assertiveness, and 
politics and beliefs (other), respectively.
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