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Abstract

With the advancement in capabilities and widespread application of Large Lan-
guage Models (LLMs), society is gradually transitioning from traditional in-
terpersonal interaction to a multi-level interactive structure that integrates in-
terpersonal, human-computer, and machine-machine interactions. Against the
backdrop of increasingly deepened human-LLM interaction, investigating how
humans perceive LLMs has become an important research topic. This study sys-
tematically examines human perception patterns of LLMs through three studies.
Study 1 found that, consistent with the perception of humans, humans primar-
ily perceive LLMs along two dimensions: warmth and competence. However, in
general contexts, unlike the warmth primacy in human perception, humans ex-
hibit competence primacy when perceiving LLMs. Study 2 explored the primacy
effects of warmth and competence in predicting different attitudes, with results
indicating that both warmth and competence positively predict humans’ con-
tinuous usage intention and likability toward LLMs, where competence demon-
strates higher predictive power for continuous usage intention, while warmth
demonstrates higher predictive power for likability. Study 3 further explored
differences in human perception between LLMs and other humans, revealing
that humans’ warmth evaluations of LLMs show no significant difference from
those of humans, but competence evaluations of LLMs are significantly higher
than those of humans. This study provides a theoretical foundation for under-
standing human perception of LLMs and offers new perspectives for the design
optimization of artificial intelligence and research on human-machine collabora-
tion mechanisms.
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Abstract

As Large Language Models (LLMs) continue to advance in capability and prolif-
erate across applications, society is transitioning from traditional interpersonal
interactions toward a multilayered structure that integrates human-human,
human-machine, and machine-machine interactions. Against this backdrop
of deepening human-LLM engagement, understanding how humans perceive
LLMs has emerged as a critical research question. This study systematically
investigates human perception patterns of LLMs through three empirical
studies.

Study 1 reveals that, consistent with human perception of other humans, peo-
ple primarily perceive LLMs through two fundamental dimensions: warmth and
competence. However, in general contexts, unlike the warmth-priority effect ob-
served in human-to-human perception, humans exhibit a competence-priority ef-
fect when perceiving LLMs. Study 2 examines the predictive priority of warmth
and competence across different attitudinal outcomes. Results demonstrate that
both dimensions positively predict continued use intention and liking of LLMs,
with competence showing stronger predictive power for continued use intention,
while warmth demonstrates greater predictive power for liking. Study 3 further
explores perceptual differences between LLMs and other humans, finding no
significant difference in warmth ratings between LLMs and humans, but signif-
icantly higher competence ratings for LLMs compared to humans.

These findings provide a theoretical foundation for understanding human per-
ception of LLMs and offer new perspectives for Al design optimization and
human-machine collaboration research.
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1 Introduction

Rapid advancements in artificial intelligence and natural language processing
(NLP) technologies have propelled significant progress in the development and
application of Large Language Models (LLMs) [?, ?, ?]. LLMs are driving the re-
alization of artificial general intelligence [?, ?] and have begun exhibiting human-
like psychological characteristics. For instance, their Theory of Mind (ToM) ca-
pabilities now approach those of six-year-old children [?, ?], they demonstrate
performance surpassing human levels on certain tasks [?, ?], display personality
traits similar to humans [?, ?, ?], and show capacity to modulate responses
based on emotional cues [?, ?].

As LLMs become increasingly integrated into daily life, the scope of human
interaction has expanded from traditional self, others, and groups to include
LLMs. This transformation profoundly influences social interaction patterns
and presents new challenges. In this context, how humans perceive LLMs has
become an urgent question: Do humans apply similar theoretical frameworks
of social cognition to LLMs as they do to other humans? This question is
significant not only for understanding social cognition of intelligent agents but
also for providing theoretical insights for AI design optimization and human-
machine collaboration mechanisms.

1.1 Dimensions of Human Perception of LLMs

In social life, people continuously perceive and evaluate others, groups, and
themselves, with these evaluations directly influencing attitudes, behaviors, and
decision-making. Understanding how individuals perceive self and others is
therefore fundamental to comprehending human social interaction. Extant the-
oretical research converges on the notion that interpersonal social evaluation
revolves around two primary dimensions, a framework known as the “Big Two”
model of social cognition content, validated across numerous cross-cultural stud-
ies [?, 7, 7, ?]. Representative theories include the Dual Perspective Model
(DPM) and the Stereotype Content Model (SCM). DPM posits that communion
and agency constitute core dimensions of self and other perception [?, 7, 7, 7],
with communion involving traits such as friendliness and caring, and agency
encompassing competence, independence, and subjective initiative. SCM ar-
gues that people primarily attend to warmth and competence when perceiving
groups [?, 7, 7], where warmth refers to perceived friendliness and kindness, and
competence measures task performance and professional quality.

Although DPM and SCM differ in research targets and dimensional connota-
tions, Abele et al. [?, ?] recently proposed an integrated framework through an
“adversarial-collaborative” approach, specifying two core dimensions of social
cognition content as vertical and horizontal dimensions. The vertical dimension
corresponds to competence/agency, while the horizontal dimension corresponds
to warmth/communion. Chinese scholars Zuo et al. [?, ?] noted in their review
of the Big Two model that “considering communion and agency are easily con-
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fused with concepts from personality and other social psychology domains,” they
recommended using warmth and competence as translations. This study adopts
this terminology, using “warmth” and “competence” throughout.

With the widespread application of artificial intelligence, Al agents have grad-
ually integrated into human society as important components of social interac-
tion. Understanding how people perceive Al is therefore key to developing good
human-machine interaction. McKee et al. [?, ?] validated that warmth and
competence are primary dimensions through which humans perceive traditional
AT agents (e.g., voice assistants, recommendation systems, gaming systems, au-
tonomous driving). However, no research has yet validated this theoretical
applicability in the LLM domain. Although LLMs remain algorithm-driven,
their language generation capabilities blur human-machine boundaries, exhibit-
ing more human-like behaviors. Meanwhile, ethical norms and moral attributes
have become increasingly important in LLM development, potentially leading
people to attend more to moral attributes when evaluating LLMs. For example,
people may question whether LLMs can correctly understand and follow social
ethics, which in the Big Two model is typically subsumed under the warmth
dimension (morality being a facet of warmth). Additionally, widespread dis-
cussions about LLM generative capabilities further highlight their performance
on the competence dimension. These considerations suggest that human per-
ception of LLMs likely continues the two-dimensional structure of the Big Two
model. Therefore, we propose:

H1: Warmth and competence are the primary dimensions of human perception
of LLMs.

1.2 Priority Effects in Dimensions of Human Perception of LLMs in
General Contexts

A central question in social cognition content research concerns the relative
importance of warmth versus competence, known as the priority effect. Re-
search indicates that in general interpersonal perception contexts, warmth typ-
ically precedes competence—individuals evaluating others tend to first attend
to warmth before competence, with warmth evaluations eliciting stronger at-
titudinal and behavioral responses [?, ?, ?, ?]. DPM explains this through
the principle of profit maximization [?, ?]. Specifically, in interpersonal inter-
actions, warmth represents other-profitable traits while competence represents
self-profitable traits. To maximize self-interest, observers focus more on others’
warmth than their competence.

However, in human perception of LLMs, the classification of warmth and com-
petence as other-versus self-profitable does not align perfectly with human-to-
human perception. Since LLMs are assumed to lack “self,” both their warmth
and competence are viewed by human users as serving humans (others) rather
than themselves, thus constituting other-profitable traits. Furthermore, com-
pared to warmth, LLM competence typically exhibits more direct reciprocity
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and practicality, such as providing answers, completing tasks, and assisting
decision-making. This efficient return more directly helps users achieve goals,
making LLM competence more capable of maximizing human interests. There-
fore, we propose:

H2: In human perception of LLMs, competence demonstrates a priority effect
over warmth.

1.3 Priority Effects of Perceptual Dimensions in Predicting Attitudes
Toward LLMs

As Fiske [?, ?] noted, “thinking is for doing,” with research on social cogni-
tion content ultimately addressing how it triggers cognitive, emotional, and
behavioral responses. The Behaviors from Intergroup Affect and Stereotypes
Map (BIAS Map) further explores relationships between perception and emo-
tional/behavioral tendencies [?, ?, ?]. BIAS Map posits that warmth percep-
tion influences proactive behavioral tendencies, while competence perception
influences passive behavioral tendencies. Based on different combinations of
warmth and competence, BIAS Map categorizes social perception targets into
four group types and identifies corresponding emotional responses. For example,
high-warmth, high-competence groups typically elicit admiration, while high-
competence, low-warmth groups elicit envy. Research on traditional Al agents
also shows that warmth and competence dimensions predict human attitudes
toward them. The Robotic Social Attributes Scale (RoSAS) proposed warmth,
competence, and discomfort as three factors describing human perception of
robots’ social attributes [?, ?], with Scheunemann et al. [?, ?] confirming that
warmth and competence are optimal predictors of human-robot interaction pref-
erences.

The predictive power of warmth and competence also reflects priority effect im-
plications. Priority effects involve not only earlier perception of one dimension
but also stronger influence of that dimension on behavioral and attitudinal re-
sponses [?, ?]. This study therefore addresses two questions: First, can human
evaluations of LLM warmth and competence effectively predict attitudinal ten-
dencies toward LLMs? Second, does dimensional priority shift across different
attitude predictions? To address these questions, we selected continued use
intention and liking as two distinct evaluation targets—typical indicators for
assessing human-machine interaction outcomes.

Continued use intention, as a functional cognitive evaluation indicator, reflects
the degree to which humans recognize LLMs" task-completion capabilities. It
is influenced by several core factors including performance expectancy, effort
expectancy, social influence, and facilitating conditions [?, ?], which reflect
functional evaluations of LLMs, particularly regarding task performance effi-
cacy and ease of use. Within this framework, human competence evaluations
directly influence continued use intention. Liking, as an affective cognitive evalu-
ation indicator, reflects the degree of emotional connection between humans and
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LLMs. Unlike continued use intention, liking relates more to humor [?, ?, ?] and
anthropomorphism [?, ?, ?]. These factors resemble warmth traits, and LLMs
high in warmth typically provide more pleasant interaction experiences, thereby
fostering stronger emotional connections. Thus, warmth evaluation plays a more
important role in liking formation. Based on this reasoning, we propose:

H3a: Both warmth and competence ratings of LLMs positively predict contin-
ued use intention, with competence showing stronger predictive power.

H3b: Both warmth and competence ratings of LLMs positively predict liking,
with warmth showing stronger predictive power.

1.4 Comparison of Warmth and Competence Ratings Between Hu-
mans and LLMs

While the aforementioned research focuses on exploring perception patterns of
LLMs, it remains unclear how LLMs perform on warmth and competence di-
mensions relative to human perception. Although LLMs have made substantial
progress in human-likeness, complex human cognitive, emotional, and behav-
ioral characteristics remain difficult to fully simulate. Specifically, current hu-
man evaluations of LLMs’ emotional interaction present contradictory features:
while existing research shows LLMs can generate empathy responses conform-
ing to social norms [?, ?]|, human users often describe LLMs as procedural and
lacking genuine emotion. Therefore, despite LLMs’ capacity to generate socially
appropriate emotional expressions, humans may perceive LLMs as inferior to
other humans on the warmth dimension due to their lack of emotional depth.
In contrast to warmth evaluations, the massive attention LLMs have garnered
stems precisely from perceived capability improvements. Research indicates
LLMs have surpassed general human levels in multiple domains including logi-
cal reasoning [?, ?] and abstract ability [?, ?]. Consequently, we propose:

H4a: Warmth ratings differ between humans and LLMs, with lower warmth
ratings for LLMs.

H4b: Competence ratings differ between humans and LLMs, with higher com-
petence ratings for LLMs.

1.5 Overview of Studies

This study aims to construct a theoretical framework for human perception of
LLMs, systematically analyzing the dimensions of human perception of LLMs,
examining priority effects in general contexts, and investigating whether these
effects shift in attitude prediction. Additionally, this study compares perceptual
differences between LLMs and other humans. The research fills gaps in human
perception of LLMs and provides new theoretical perspectives for Al design and
optimization.
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2 Study 1: Dimensions and Priority Effects in Human Per-
ception of LLMs

2.1 Study 1la: Free-Response Task

2.1.1 Purpose This study explores the primary dimensions and dimensional
priority in human perception of LLMs through a free-response task to test H1
and H2—that warmth and competence are primary dimensions of LLM percep-
tion and that competence demonstrates priority over warmth.

2.1.2 Method Participants. We recruited 215 participants through an on-
line survey platform. After excluding 8 participants with no LLM usage ex-
perience or who failed to follow instructions, the final sample comprised 207
valid participants (124 males, 59.90%; 83 females, 40.10%). All participants
volunteered for the study.

To ensure adequate statistical power for the formal study, we conducted power
analysis based on pilot data (31 participants). As we planned to use Generalized
Linear Mixed Models (GLMM) to test hypotheses, we employed the R package
simr [?, ?] for simulation-based power analysis (two-tailed test, « = 0.05; 1,000
Monte Carlo simulations). Results showed that with a sample size of 31, power
to detect an unstandardized regression coefficient of -0.50 for warmth and compe-
tence coverage rates was 88.70% and 89.80%, respectively; power reached 100%
for detecting coeflicients of -1.00. Thus, the formal study sample size satisfied
statistical power requirements.

Instrument. We used SADCAT (Semi-Automated Dictionary Creation for
Analyzing Text) for analysis. Developed by Nicolas et al. [?, ?], SADCAT is a
specialized semi-automated FEnglish psychological dictionary for studying stereo-
type content. Constructed based on warmth and competence dimensions from
the Stereotype Content Model, it uses WordNet! to expand into 16 impression
dimension sub-dictionaries including sociability, morality, ability, assertiveness,
status, and appearance. Sociability and morality constitute the warmth di-
mension, while ability and assertiveness constitute the competence dimension.
SADCAT may be influenced by seed words?, WordNet distribution, and seman-
tic generality differences, resulting in unbalanced sub-dictionary lengths ranging
from 7 to 2,402 words, though it achieves approximately 82% stereotype cover-
age.

Operational Definition. Priority effects are typically validated through pro-
cessing speed, subjective weight, and pragmatic diagnosticity [?, ?]. Processing
speed refers to dimensions being processed and recognized earlier in cognition;
subjective weight reflects perceivers’ tendency to assign greater importance to
certain dimensions; pragmatic diagnosticity indicates that dimensions showing
higher evaluation consistency across individuals have priority effects. This study
adopted processing speed to examine participants’ lexical selection tendencies
when describing LLMs. Specifically, priority effect was defined as: in partic-
ipants’ LLM descriptions, the dimension with higher coverage was considered
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more rapidly attended to and processed in cognition, thus representing the pri-
oritized dimension.

Procedure. First, participants were asked via questionnaire to describe their
impressions of LLMs using at least three Chinese words, with no restrictions
on word type. This yielded 612 descriptive words (including repetitions) from
207 participants. Although some participants used only one or two words, these
were retained in the dataset.

Subsequent text processing involved: (1) Translation: converting Chinese words
to English using translation tools; (2) Proofreading: review by English profes-
sionals to ensure accuracy; (3) Preprocessing: converting to lowercase, removing
punctuation, lemmatization®, and removing stop words?*; (4) Dimension identi-
fication: matching processed words against SADCAT to count words belonging
to warmth, competence, sociability, morality, ability, assertiveness, and other
dimensions; (5) Coverage calculation: dividing each dimension’ s word count
by total descriptive words per participant to obtain dimension coverage rates
measuring relative prevalence.

We then conducted GLMM analysis using the R package lme4, with coverage as
the dependent variable, dimension (e.g., warmth, competence) as fixed effects,
participant as random effects, and descriptive word count as weights. Given the
unbalanced gender ratio, we initially included gender as a covariate but found
no significant effect, so we removed it and refitted the model.

GLMM calculated estimated marginal means for each dimension, providing
more accurate effect estimates by assessing average coverage while controlling
for other variables. Finally, we compared coverage differences between warmth
and competence dimensions to examine their relative impact on LLM percep-
tion.

2.1.3 Results We constructed two GLMMs: a two-dimensional model (fixed
effects: warmth and competence) and a sub-dimension model (fixed effects: 16
sub-dimensions including sociability, morality, assertiveness, status, ability, be-
liefs, appearance, etc.; the family dimension was excluded as all participants
had zero coverage). Both models showed significant fixed effects (see Table 1 ).
The sub-dimension GLMM had AIC = 2807.34 and BIC = 2904.00, both larger
than the two-dimensional model’ s AIC = 981.89 and BIC = 993.97. Since
AIC and BIC balance model fit and complexity, lower values indicate better fit
without excessive complexity, the warmth-competence two-dimensional GLMM
demonstrated superior fit.

Next, we calculated estimated marginal means for warmth, competence, and
other dimensions, exponentiating them to obtain actual average coverage rates.
Results showed highest coverage for warmth and competence dimensions. At
the sub-dimension level, the morality facet of warmth and the ability facet
of competence showed high coverage, while the sociability facet of warmth and
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assertiveness facet of competence did not show notably high coverage (see Table
2 and Figure 1 [Figure 1: see original paper]).

Finally, comparing competence and warmth coverage revealed significantly less
warmth-related than competence-related content (odds ratio = 2.88, z = 9.51,
95% CI [2.32, 3.59], p < 0.001), indicating higher coverage for competence.

2.1.4 Discussion Study la used a semi-automated tool to map participant
responses through an existing lexical classification dictionary to relevant dimen-
sions. Results supported H1: humans’ primary perception dimensions of LLMs
align with those of other humans—warmth and competence.

However, unlike human-to-human perception where warmth typically takes pri-
ority, this study supported H2, showing competence priority in LLM percep-
tion. While this competence-priority effect appears to contradict the warmth-
priority effect in the Big Two model, both follow the principle of profit maxi-
mization. In human-to-human perception, warmth and competence represent
other-profitable and self-profitable traits, respectively, leading observers to pri-
oritize others’ warmth to maximize self-interest [?, ?]. In LLM perception, both
warmth and competence are viewed as other-profitable traits, with competence’
s other-profitable nature being more direct, thus prioritizing competence maxi-
mizes self-interest.

An alternative explanation suggests humans perceive LLMs as groups with high
outcome dependency. Interpersonal perception research shows that outcome
dependency enhances the relevance of others to personal goal achievement, in-
creasing competence’ s importance in overall impressions [?, ?]. Outcome depen-
dency refers to the extent to which individuals are affected by others’ behaviors
and the importance of others’ goal achievement to oneself. For example, com-
petence dimensions matter more in impressions of friends than acquaintances
[?, ?], more for close friends than distant others [?, ?], and similarly for superiors
with dependency relationships [?, ?]. Currently, humans primarily use LLMs
for task completion (e.g., seeking advice, information retrieval, solving profes-
sional problems) [?, 7], creating high outcome dependency and thus competence
priority.

Although Study la supported H1 and H2, the SADCAT lexical classification
tool may have introduced interference. Developed for human perception, some
vocabulary categories may be biased when applied to LLM descriptions. Addi-
tionally, as an English dictionary, linguistic and cultural differences may affect
results. Therefore, Study 1b will employ traditional trait rating tasks to verify
robustness.

2.2 Study 1b: Trait Rating Task

2.2.1 Purpose To avoid SADCAT tool influences, this study directly collected
human trait judgments of LLMs through a trait rating task to test Hl—that
warmth and competence are primary dimensions of LLM perception.
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2.2.2 Method Participants. We recruited LLM-experienced participants
through an online survey platform. Based on statistical power considerations
following a 1:5 item-to-participant ratio, we aimed for at least 245 participants,
ultimately recruiting 300. After excluding 81 with no LLM experience or who
failed to follow instructions, the final sample comprised 219 valid participants
(134 males, 61.19%; 85 females, 38.81%). According to MacCallum et al. [?, ?],
sample sizes of 100-200 are adequate for factor analysis with high factor loadings
and good communalities, while Comrey and Lee [?, ?] consider 200 moderate
for factor analysis. Thus, our sample size was acceptable.

Procedure. Based on impression words from Study la, we developed an LLM
evaluation word pool through: (1) Retaining adjectives while removing nouns,
verbs, etc., to focus evaluation on descriptive words and avoid interference; (2)
Removing modifying adverbs (e.g., “somewhat,” “not very” ) since participants
would later select applicability levels; (3) Removing behavioral descriptions (e.g.,
“enjoy using” ) and valence words (e.g., “good” ) that reflect individual reactions
rather than LLM characteristics; (4) Merging antonyms by converting them
to positive-valence words when possible, otherwise retaining negative-valence
words; (5) Merging synonyms to ensure conciseness.

This process retained 29 words. To avoid omitting relevant LLM characteris-
tics and given recent findings that the Big Five personality model applies to
LLMs [?, ?, ?], we incorporated 20 trait words from the Chinese Adjective Big
Five Personality Brief Scale [?, ?], which includes two opposing adjectives per
item. We randomly selected one word from each item, resulting in a final LLM
evaluation word pool of 49 words.

Participants then read instructions for the trait rating task and rated each word’
s applicability to LLMs on a 5-point scale (1 = “completely inapplicable,” 5 =
“completely applicable” ).

2.2.3 Results Bartlett’ s test of sphericity (2 = 7926.14, df = 1176, p <
0.001) and KMO test (KMO = 0.93) indicated shared latent factors suitable
for exploratory factor analysis (EFA). Following Costello and Osborne’ s [?, 7]
recommendations, we conducted EFA on 49 words using maximum likelihood
and varimax rotation in SPSS. Results showed eight factors with eigenvalues >
1, explaining 34.97%, 15.20%, 4.22%, 3.08%, 2.76%, 2.53%, 2.36%, and 2.13%
of variance, respectively, cumulatively explaining 67.24%. Based on scree plot
criteria [?, 7], we extracted two factors (see Figure 2 [Figure 2: see original
paper]).

To simplify factor structure, we iteratively removed: (1) items with low loadings
(< 0.50) on all factors; (2) items loading > 0.50 on two or more factors; (3)
factors with < 3 items; (4) items with communality < 0.40. This retained 36
words explaining 53.04% of variance. Given the unbalanced gender ratio, we
repeated this process for male and female samples separately. Final EFA results
are shown in Table 3 .
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The two extracted factors corresponded to competence and warmth. Although
specific word loadings differed between males and females, both groups clearly
showed these two primary factors, with competence explaining more variance
(35.62%) than warmth (17.41%).

2.2.4 Discussion Study 1b validated Study la results through trait rating
tasks. Statistical analyses showed human perception of LLMs concentrates on
two dimensions: the first related to intelligent, practical competence words re-
flecting LLM capability characteristics; the second related to tolerant, sincere
warmth words reflecting LLM warmth characteristics. This aligns with Study
la, confirming warmth and competence as primary LLM perception dimensions.

Notably, some words showed factor loadings diverging from the Big Two model.
For example, “patient” —typically a warmth trait in human evaluation repre-
senting caring attributes [?, ?]—loaded on the competence dimension in this
study. This suggests humans may categorize certain warmth traits as algo-
rithmic performance rather than emotional attributes when evaluating LLMs,
possibly interpreting interactive features as programmed design outcomes. Ad-
ditionally, “cautious” from the Big Five conscientiousness dimension showed
negative valence, possibly because the contrasting “bold” was absent, leading
participants to interpret “cautious” as “timid” or “hesitant,” or because LLMs’
need for precise risk-avoidant responses made “cautious” seem like mechanical
rather than prudent behavior. Meanwhile, “easy to use” showed negative load-
ing on competence, suggesting high competence may be associated with lower
ease of use. Overall, factor analysis revealed that warmth and competence traits
attributed to LLMs are not entirely consistent with those attributed to humans.

In summary, although LLM perception primarily revolves around warmth and
competence dimensions similar to human perception, details differ. Future re-
search should systematically construct trait word classifications for warmth and
competence dimensions specific to LLMs to examine these differences in detail.

3 Study 2: Predictive Effects of Warmth and Competence
on Attitudes Toward LLMs

3.1 Purpose

This study examines how human perception of LLMs influences attitudinal re-
sponses and tests whether dimensional priority effects shift when predicting
different attitudes, to verify H3a and H3b.

3.2 Method

3.2.1 Participants To ensure participants could accurately evaluate LLM-
related information, we recruited LLM-experienced participants online from the
same recruitment batch as Study la. After excluding 37 participants without
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LLM experience or who failed to follow instructions, the final sample comprised
178 valid participants (105 males, 58.9%; 73 females, 41.1%). All participants
volunteered for the study.

To ensure adequate statistical power, we conducted a priori power analysis using
G*Power for regression analysis with two predictors and one outcome variable.
Setting statistical power at 0.80, effect size 2 at 0.15 (medium effect), and
significance level a at 0.05, we calculated a minimum required sample of 68
participants. Our sample size exceeded this requirement.

3.2.2 Operational Definition This study tested priority effects through sub-
jective weight—the tendency for individuals to assign greater importance to one
dimension during evaluation [?, ?]. Specifically, priority effect was defined as:
when predicting human attitudes toward LLMs, the dimension with stronger
predictive power was considered prioritized.

3.2.3 Instruments and Procedure We used questionnaires to assess con-
tinued use intention and liking of LLMs. Continued use intention was measured
using three items adapted from Wu and Zhang [?, ?]: (1) “I am willing to use
this LLM” ; (2) “I will continue using this LLM in the future” ; (3) “I would
recommend this LLM to others.” Liking was measured using five items from
Bartneck et al.” s [?, ?] Godspeed scale: (1) “This LLM is likeable” ; (2) “This
LLM is kind” ; (3) “This LLM is polite” ; (4) “This LLM is pleasant” ; (5) “This
LLM is approachable.” Both scales used 7-point scoring.

Warmth and competence ratings were collected using Zuo et al.” s [?, ?] 7-point
trait scale based on Abele et al. [?, ?], measuring evaluations of both humans and
LLMs. The scale includes warmth traits ( “warm,” “friendly” ) and competence
traits ( “intelligent,” “competent” ).

Participants first selected a familiar LLM for evaluation, then completed the
scales.

3.3 Results

3.3.1 Common Method Bias Test We used Harman’ s single-factor test
for common method bias. All measurement indicators were loaded onto a single
latent variable for confirmatory factor analysis (CFA). If common method bias
existed, all indicators would be highly correlated and the single factor would
explain most variance. However, results showed poor fit for the single-factor
model ( 2(35) = 479.48, p < 0.001, CFI = 0.69, TLI = 0.60, RMSEA = 0.28,
SRMR = 0.17), with CFT and TLI below 0.90, RMSEA above 0.06, and SRMR
above 0.08, indicating no common method bias.

3.3.2 Descriptive Statistics Correlation analysis results are shown in Table
4 . All variables—continued use intention, liking, warmth, and competence—
showed positive intercorrelations.
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3.3.3 Regression Analysis We constructed two linear regression models
with continued use intention and liking as dependent variables, and warmth
and competence as predictors. Results showed significant predictive effects for
both dimensions. Continued use intention and liking had R? values of 28.59%
and 30.64%, and adjusted R? values of 27.77% and 29.85%, respectively (see
Table 5 and Figures 3-4 [Figure 3: see original paper]|[Figure 4: see original
paper]). Further analysis revealed that competence had stronger explanatory
power than warmth for continued use intention, while warmth had stronger ex-
planatory power than warmth for liking. Interaction terms were non-significant
(p > 0.05), indicating no warmth x competence interaction effects.

3.4 Discussion

This study supported H3a and H3b, showing that both warmth and competence
evaluations positively predicted continued use intention and liking. Competence
(8 = 0.45, p < 0.001) was a stronger predictor than warmth (8 = 0.19, p =
0.005) for continued use intention, while warmth (8 = 0.41, p < 0.001) was
stronger than competence (5 = 0.27, p < 0.001) for liking.

These findings reveal that warmth and competence show different priority effects
when predicting distinct attitudes toward LLMs. Competence matters more for
functional attitudes, warmth more for affective attitudes. Similar phenomena
appear in human perception—people rely more on competence in professional
contexts but on warmth in family or social contexts [?, ?]. This suggests attitude
type may be a key factor influencing priority effect shifts. However, attitudes
are typically mixed functional-affective structures, so directly mapping contin-
ued use intention and liking onto functional versus affective attitudes may be
oversimplified. Since situational types are more controllable than attitude types,
and LLMs are already widely used in functional scenarios (e.g., productivity en-
hancement) and relational scenarios (e.g., emotional support), future research
should examine how situational types influence priority effects.

These results have important implications for LLM product design. Functional
interfaces (e.g., professional Q& A systems) should emphasize competence indica-
tors like accuracy and response speed to enhance trust and continued use inten-
tion. Affective companion applications (e.g., psychological counseling robots)
should strengthen warmth perception through language style and interaction
rhythm to enhance emotional dependence and liking.

4 Study 3: Comparing Warmth and Competence Ratings
of Humans and LLMs

4.1 Purpose

This study compares human ratings of warmth and competence for LLMs versus
other humans to test H4a and H4b.
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4.2 Method

4.2.1 Participants Participants were from the same recruitment batch as
Study la (N = 215). After excluding 8 with no LLM experience or who failed
to follow instructions, the final sample comprised 207 valid participants (124
males, 59.90%; 83 females, 40.10%). Power analysis using G*Power for paired-
samples t-tests (o = 0.05, effect size d = 0.50, power = 0.80) indicated a mini-
mum required sample of 34 participants. Our sample (N = 207) exceeded this
requirement.

4.2.2 Instruments and Procedure The warmth and competence scale
matched Study 2. Participants rated the warmth and competence levels of
most people they had encountered and LLMs they had used.

4.3 Results

Paired-samples t-tests showed no significant difference in warmth ratings be-
tween LLMs (M = 5.11, SD = 1.23) and humans (M = 5.06, SD = 1.09), t(206)
= 0.60, p = 0.551, Cohen’ s d = 0.05. However, competence ratings differed
significantly, with LLMs (M = 5.16, SD = 1.20) rated higher than humans (M
= 4.81, SD = 1.23), t(206) = 3.51, p < 0.001, Cohen’ s d = 0.29 (see Figure 5
[Figure 5: see original paper| and Table 6 ).

Given the unbalanced gender ratio and known gender differences in Al attitudes
[?, 7], we conducted additional analyses. Male participants rated LLMs higher
than humans on both warmth, t(123) = 2.30, p = 0.023, Cohen’ s d = 0.21, and
competence, t(123) = 2.28, p = 0.024, Cohen’ s d = 0.25. Female participants
showed no warmth rating difference, t(82) = -1.15, p = 0.255, Cohen’ s d =
-0.15, but rated LLMs higher on competence, t(82) = 2.71, p = 0.008, Cohen’ s
d = 0.34 (see Table 6).

4.4 Discussion

Results showed no significant warmth rating difference between LLMs and hu-
mans, failing to support H4a. However, LLMs received significantly higher
competence ratings than humans, supporting H4b. This reveals that at cur-
rent technological levels, humans perceive LLMs as superior to humans in com-
petence while matching human average levels in warmth. Comparing this to
Durante et al.” s [?, ?] group stereotype research, LLMs in human perception
exhibit high competence, moderate warmth—similar to impressions of highly ed-
ucated groups, elites, wealthy individuals, and men in highly peaceful countries
like Denmark.

Existing research supports LLMs’ good performance on both dimensions. Al-
though no direct warmth measurement studies exist, research shows LLMs ex-
hibit good agreeableness and empathy [?, 7, ?], with some studies finding LLMs
exceed humans in empathy [?, ?]. Agreeableness relates to trust, openness,

chinarxiv.org/items/chinaxiv-202507.00378 Machine Translation


https://chinarxiv.org/items/chinaxiv-202507.00378

ChinaRxiv [$X]

helpfulness, humility, and compassion [?, ?], while empathy involves experienc-
ing others’ emotions [?, ?], both overlapping with warmth’ s friendly, caring
characteristics. Competence dimension evidence comes from standardized LLM
capability assessments showing outstanding performance [?, 7, ?].

Gender effects warrant attention. Male participants rated LLMs higher than
humans on warmth, while females showed no difference—consistent with prior
research on gender and Al perception [?, ?]. This may reflect females’ greater
reliance on emotional feedback in technology use versus males’focus on task com-
pletion and utility [?, ?], leading females to be more emotionally invested and
sensitive to LLM warmth, while males find warmth “good enough” if functional
needs are met.

5 General Discussion

This study examines human-machine interaction characteristics from a human
perception perspective, against the backdrop of new-generation Al agents like
LLMs becoming deeply integrated into human society. By constructing a the-
oretical framework for human perception of LLMs, it provides support for the-
oretical construction and empirical research on human-AI relationships in the
era of human-machine symbiosis.

Grounded in the Big Two model of social cognition content, three studies ex-
amined warmth and competence dimensions in LLM perception. Study 1 found
warmth and competence as primary LLM perception dimensions, with compe-
tence prioritized over warmth in general contexts. Study 2 revealed that both
dimensions positively predicted continued use intention and liking, with compe-
tence more predictive of continued use intention and warmth more predictive of
liking. Study 3 showed no significant warmth rating difference between LLMs
and humans, but significantly higher competence ratings for LLMs. Overall,
the human perception framework for LLMs resembles that for other humans,
centering on warmth and competence, but with competence priority in general
contexts. In human perception, LLMs appear as high-competence, moderate-
warmth entities rather than matching general human levels.

5.1 Theoretical Contributions

This study makes two core theoretical contributions: extending the Big Two
model’ s applicability and broadening theoretical perspectives in human-
computer interaction.

First, it establishes a preliminary theoretical framework for human perception
of LLMs, expanding the Big Two model from humans to LLMs. Regarding
dimensions, Fiske et al. [?, ?] explained warmth and competence as primary
stereotype content dimensions from an evolutionary perspective, arguing they
correspond to intent detection and threat capability detection, respectively, thus
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serving survival [?, ?]. DPM functionally explains these dimensions as serving
perceivers’ goals [?, ?], which are more specific than evolutionary survival goals.
Regardless of explanation, as LLM technology advances rapidly and may pose
potential threats while affecting goal achievement, warmth and competence re-
main primary LLM perception dimensions. This study also explored priority
effects, finding competence priority rather than warmth priority in general LLM
perception contexts—while still following the profit maximization principle. This
principle states that warmth, as an other-profitable trait, is prioritized in human
perception to maximize self-interest [?, ?]. In LLM perception, both dimensions
are other-profitable, but competence’ s other-profitability is more direct, lead-
ing to competence priority. However, priority effects shift in attitude predic-
tion: competence priority for functional attitudes (continued use intention) and
warmth priority for affective attitudes (liking). Similar shifts occur in human
perception across different contexts and targets [?, 7, 7, 7].

Second, this study broadens human-computer interaction theory, particularly
expanding the theoretical foundation for user experience. Previous Al user ex-
perience research relied primarily on Technology Acceptance Model (TAM) and
Unified Theory of Acceptance and Use of Technology (UTAUT), focusing on
performance expectancy, ease of use, and traditional factors [?, 7, 7, ?]. Re-
cent research has expanded variables affecting human-Al attitudes to include
contextual, user characteristic, and machine characteristic factors—for example,
showing that trust tendencies, robot credibility features, and service contexts af-
fect interaction trust with social service robots [?, ?]. However, this expanding
variable set has increased model complexity without forming a more concise,
systematic explanatory framework. This study introduces warmth and com-
petence—two core social cognition dimensions—into human-LLM interaction re-
search, systematically examining their impact on user attitudes and providing
a new theoretical perspective for optimizing human-machine interaction and
enhancing system controllability and safety.

5.2 Practical Implications

These theoretical contributions yield practical significance in both social and
technological domains.

Socially, incorporating LLMs into the Big Two framework provides theoretical
foundations for designing more reasonable institutional arrangements and eth-
ical norms for the human-machine symbiosis era. Institutionally, given LLMs’
strong warmth and competence performance, policymakers must consider inte-
grating LLMs into existing legal systems—for example, developing specialized
LLM legislation clarifying legal status, rights and obligations, and regulatory
mechanisms to ensure LLM development serves public interests. As LLM ca-
pabilities impact labor markets, this study encourages designing employment
policies from a “human-LLM symbiosis” perspective, such as providing skills
training and transition assistance to reduce technological inequality. Ethically,
the study reminds developers to consider LLLMs’ethical and social responsibilities
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alongside technological progress, designing behavior patterns and interaction
methods that avoid negative social impacts and promote human welfare.

Technologically, this study provides new theoretical foundations for LLM design,
development, and application. Regarding explainability and controllability, the
theoretical model reveals warmth and competence’ s importance in LLM percep-
tion, offering a new framework for understanding and controlling LLM behavior.
This helps developers design more interpretable and controllable algorithms, re-
ducing unpredictability and enhancing safety and reliability. It also guides
technical optimization—developers can focus on improving LLM performance
on these dimensions, such as enhancing dialogue fluency to boost competence
perception or designing more empathetic responses to strengthen warmth per-
ception, thereby increasing user acceptance and trust. Additionally, developers
can design LLMs with specific social roles (e.g., educational assistants, psycho-
logical companions) to better serve human society.

5.3 Limitations and Future Directions

First, expanding from dimensions to facets. Recent social cognition research
increasingly examines warmth and competence facets to explain theoretical dif-
ferences and explore psychological mechanisms [?, ?]. DPM divides warmth into
morality and friendliness facets, competence into ability and assertiveness facets
[?, ?]. Study la found LLM warmth perception concentrated on morality and
competence perception on ability, while Study 1b showed less clear facet differ-
ences, possibly due to fewer evaluation words. The classification of “patient”
as competence in Study 1b also suggests LLM competence dimensions may en-
compass unique extensions beyond human perception. Future research should
use web scraping to extract richer, more authentic descriptive vocabulary from
natural contexts to expand word pools and explore facet applicability in LLM
perception, refining theoretical frameworks and dimensional boundaries.

Second, contextualized and dynamic analysis of dimensional priority effects. We
found priority effects shift across attitude predictions. As LLMs are widely used
in both efficiency-enhancing and emotional support contexts, future research
must examine how situational types affect priority effects. Experimental studies
should explore mechanisms and conditions for these shifts, with key factors
potentially including situational type (functional vs. relational contexts).

Third, exploring complex mechanisms influencing LLM perception. This study
did not deeply investigate cues (causes) and mechanisms affecting LLM per-
ception. Future research should refine these aspects to construct a complete
theoretical framework.

Finally, this study prompts societal re-examination of the “human” category.
While limited to examining LLMs’” image in human perception and comparing it
to human-to-human perception, without addressing LLMs’ ontological human-
likeness, both the similarity in warmth/competence perception and LLMs’ evolv-
ing human-likeness inevitably change their social roles in human-machine sym-
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biosis society, potentially blurring human-machine boundaries. As LLM func-
tions improve, developers face dilemmas: imbuing them with human-like traits
while ethically restricting them to tool status. Yet humans may still perceive
LLMs as quasi-human in specific interactions. The deeper question is whether
the concept of “human” is sociologically changing as technology advances. If
LLMs are perceived as possessing human mental capabilities, has the definition
of “human” been generalized? Recent research suggests that leveraging human
perceptual identity can extend ontological parity to non-human elements, indi-
cating the malleability of the “human” concept in social cognition [?, ?]. Future
research could use Mind Perception Theory to investigate LLMs’ ontological
human-likeness from experiential (emotional/perceptual capacity) and agency
(autonomous action/self-control) dimensions [?, ?, ?]. Though overlapping par-
tially with the Big Two model [?, ?, 7, ?], Mind Perception Theory emphasizes
the cognitive construction of “mind.” Entities lacking either dimension are not
granted “mind” —a traditionally human-exclusive feature. Investigating LLMs’
ontological human-likeness and its social interaction manifestations may witness
profound evolution of the “human”category and advance theoretical construction
of human-machine symbiosis society.

6 Conclusion

This study’ s main conclusions are: First, warmth and competence are primary
dimensions of human LLM perception, with competence prioritized over warmth
in general contexts. Second, both warmth and competence ratings positively
predict continued use intention and liking, with competence more predictive of
continued use intention and warmth more predictive of liking. Third, human
warmth ratings for LLMs do not differ significantly from those for other humans,
but competence ratings for LLMs are significantly higher than for humans.
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