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[bookmark: _Toc229602879]Supplemental Material 1

[bookmark: _Toc229602880]Departures from Preregistration

[bookmark: _Hlk202536832]Our analyses broadly followed the pre-registered plan (AsPredicted #180599), including the use of human trait ratings to define trait-word associations, the examination of word-level features (e.g., valence, age, frequency), and the use of semantic analysis to characterize the structure of trait language. However, we sometimes deviated from and extended our pre-registered analyses to improve interpretability, consistency, and robustness:

Primary threshold for trait relevance 

The preregistration stated that a threshold of k = 0.5 would be used to define trait-word associations. In the final manuscript, we used k = 0.7 as the primary threshold, as it better aligns with the level of agreement typically observed in human ratings and strikes a better balance between semantic precision and coverage. Specifically, human raters tend to be relatively liberal when judging word–dimension associations, leading to high baseline endorsement rates. A threshold of 0.5 inflates the size of each dimension and collapses distinctions between them. For example, if we set the threshold to 0.5, the largest five dimensions will each have more than 2000 words (around 70% of all words), suggesting a large extent of overlap. Conversely, thresholds above 0.7 sharply restrict coverage, excluding many relevant trait words. We report the results using other thresholds (0.5, 0.6, 0.8) in section 3 of these supplemental materials to assess robustness.

Addition of semantic embedding analyses

The preregistration did not include analyses based on word embeddings (e.g., historical change in semantic coherence). These analyses were added to better quantify the structure and evolution of trait meaning over time, extending the theoretical scope of the project beyond contemporary word properties.

Factor-level aggregation 

Although the preregistration specified analyses at the level of 24 trait dimensions, the final manuscript also reports results aggregated into four factors (Agency, Communion, Fitness, Traditionalism). This was done post hoc to facilitate interpretation and make our findings more parsimonious (rather than reporting every result for 24 separate dimensions), enable comparisons with prior literature, and increase statistical stability across analyses.

Terminology refinement 

The preregistered variable name "word sensitivity" was renamed "generality" throughout the manuscript to improve clarity and intuitive understanding. We also further differentiated within-factor versus between-factor generality scores in our actual analyses. For each score, we did not use the absolute number of dimensions a word can communicate, but the proportion of dimensions within the same factor (within-factor generality) or factors (between-factor generality) a word can communicate to define them. For within-factor generality, we even use a weighted approach to account for the potential redundancy among dimensions (see the Method section of Study 2 for details). These changes facilitate more nuanced and comparable assessment of generality.

Result report 

We preregistered analyses of GPT-based ratings, redundancy analyses, and arousal scores, but these results are not reported in the main text due to space constraints. Instead, we reported them in Sections 7 and 8 of our Supplemental Materials.

These departures do not affect the core validity of the analyses but reflect thoughtful expansions and refinements made in service of the paper’s theoretical aims and interpretability. 

[bookmark: _Hlk201566959]
[bookmark: _Toc229602881][bookmark: _Hlk202474534]Supplemental Material 2

[bookmark: _Toc229602882]Table S1. Sources of Anchors for the 24 Dimensions.
	No.
	Dimension
	Anchor
	Source of Anchors

	1
	Assertiveness
	Insecure/Indecisive; 
Confident/Determined
	Directly adopted from (Koch, Smith, et al., 2024).


	2
	Ability
	[bookmark: _Hlk200719461]Incompetent/Unskilled; 
Skilled/Capable
	

	3
	Friendliness
	[bookmark: _Hlk200719394]Unfriendly/Cold; 
Warm/Friendly
	

	4
	Morality
	Immoral/Unethical; 
Moral/Ethical
	

	5
	Conservatism
	[bookmark: _Hlk200719601]Progressive/Liberal; 
Conservative/Traditional
	Directly adopted from (Koch et al., 2016).

	6
	Agreeableness
	Critical/Quarrelsome; 
Sympathetic/Agreeable
	Directly adopted from (Gosling et al., 2003).

	7
	Conscientiousness
	Disorganized/Careless; 
Dependable/Self-disciplined
	

	8
	Openness
	Conventional/Uncreative; 
Open to new experiences/Complex
	

	9
	Extraversion
	[bookmark: _Hlk200724840]Reserved/Quiet; 
Extraverted/Enthusiastic
	

	10
	Neuroticism
	[bookmark: _Hlk179879765]Calm/Emotionally stable; 
Anxious/Easily upset
	

	11
	Honesty
	Dishonest/Insincere; 
Honest/Sincere
	Directly adopted from (Lee & Ashton, 2008).

	12
	Gender
	[bookmark: _Hlk179533881]Feminine/Female; 
Masculine/Male
	[bookmark: _Hlk202214902]Adopted from (Connor et al., 2024), we tried to use words with higher loadings everywhere possible. If only one end of the anchors exists in the word list, we created anchors of another end with the help of GPT. 

	13
	Age
	Old/Senior; 
Young/Junior
	

	14
	Adventurousness
	[bookmark: RANGE!D15]Risk-averse/Indoorsy; 
Adventurous/Outdoorsy
	

	15
	Stylishness
	Unstylish/Unfashionable; 
Stylish/Fashionable
	

	16
	Fitness
	Unfit/Unathletic; 
Athletic/Fit
	

	17
	Non-conformity
	[bookmark: RANGE!D18]Normal/Ordinary; 
Weird/Unique
	

	18
	Attractiveness
	[bookmark: RANGE!D19]Ugly/Unattractive; 
Attractive/Beautiful
	

	19
	Weight
	Underweight/Thin; 
Overweight/Heavy
	

	20
	Status
	Disreputable/Low status; 
Prestigious/High status
	Adopted from (Nicolas et al., 2022), we tried to use words with higher loadings everywhere possible. If only one end of the anchors exists in the word list, we created anchors of another end with the help of GPT.

	21
	Power
	Powerless/Submissive; 
Powerful/Dominant
	

	22
	Wealth
	Poor/Destitute; 
Rich/Wealthy
	

	23
	Health
	Unhealthy/Sick; 
Healthy/Vigorous
	

	24
	Belief
	Non-religious/unspiritual; 
Religious/Spiritual
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[bookmark: _Toc229602884]Replication of Main Analyses Using Alternative Relevance Thresholds

In our main text, we intentionally used 0.7 as the relevance threshold to determine the dimension affiliations of words in subsequent analyses, hoping to strike a balance between coverage and specificity. Here, we evaluate the robustness of the results by testing whether the main descriptive patterns remain consistent under more lenient (0.5, 0.6) and stricter (0.8) thresholds. 

We selected the 0.5–0.8 range based on both theoretical and empirical considerations. Human raters tend to be relatively liberal when judging word–dimension associations, leading to high baseline endorsement rates. Thresholds below 0.5 inflate the size of each dimension and collapses distinctions between them. For example, if we set the threshold to 0.3, all dimensions will have more than 1000 words (around 35% of all words), which is counterintuitive. Conversely, thresholds above 0.8 sharply restrict coverage, excluding many relevant trait words. The chosen range thus provides a meaningful window to test the stability of results across plausible interpretive boundaries.

[bookmark: _Hlk202083602]For each threshold, we re-estimated seven key descriptive statistics: (1) within-factor generality (the weighted average proportion of co-expressed dimensions within each FACT factor) and between-factor generality (the proportion of FACT factors each word spans), (2) the correlation between semantic direction and valence for each dimension, (3) average valence per dimension, (4) the correlation between valence and within-factor or between-factor generality, (5) average word age based on Oxford English Dictionary first attestation dates, (6) the correlation between word frequency and time (1800–2000), and (7) the temporal trend in semantic coherence, indexed by within-factor average pairwise distances across dimensions in historical embeddings.

[bookmark: _Hlk202090177]Across all seven analyses, results were highly stable across thresholds, with only minor shifts in magnitude and no substantive reversals in rank order or direction, especially at factor level. This consistency supports the conclusion that our findings are not contingent on a particular threshold choice, but instead reflect robust features of trait language. Full visualizations for each analysis are provided in Figures S1–S7.

Specifically, in Figure S1, Communion dimensions consistently showed the highest within-factor generality across thresholds, followed by Agency, whereas Fitness and Traditionalism dimensions exhibited lower within-factor coherence. A similar pattern was observed for between-factor generality, with Fitness and Traditionalism showing broader cross-factor associations.

[image: ]
[bookmark: _Hlk202051047][bookmark: _Hlk202051096]Figure S1. a) Dimension-level average within-factor generality scores at different relevance score thresholds. b) Dimension-level average between-factor generality scores at different relevance score thresholds.


In Figure S2, Communion and Agency dimensions consistently showed strong positive correlations between semantic direction and valence across thresholds., whereas Traditionalism dimensions—and to a lesser extent, Fitness—tended to show weaker or more variable alignment.


[image: ]
[bookmark: _Hlk202087136]Figure S2. Standardized coefficients in models regressing semantic direction on valence (equal to correlation coefficients here) at different relevance score thresholds. Anchors are arranged on the left side versus right side so that all correlations are positive. Error bars are 95% CIs.

Figure S3 shows that the valence distribution of trait words by dimension was also stable across thresholds. Communion dimensions included more negative words on average, while Agency and Traditionalism dimensions contained more positive words. Most Fitness dimensions were relatively balanced, with Weight as an exception for having the most negative words.

[image: ]

[bookmark: _Hlk202083757]Figure S3. The percentages (lower y axis) of negative, neutral, and positive words of each dimension at different relevance score thresholds, with the diamonds indicating the dimension-level average valence scores (upper y axis).

In Figure S4, valence was positively associated with both within- and between-factor generality across most dimensions and thresholds. The proportion of dimensions showing positive associations was consistently high across thresholds, suggesting a reliable link between positivity and generality.


[image: ]

Figure S4. a) The standardized regression coefficients using valence to predict within-factor generality of each dimension at different relevance score thresholds, Error bars are 95% CIs; b) The standardized regression coefficients using valence to predict between-factor generality of each dimension at different relevance score thresholds, Error bars are 95% CIs.

Figure S5 illustrates that the relative ordering of dimensions by average origination date remained stable, with Traditionalism and Agency dimensions generally emerging later than Fitness and Communion. The temporal accumulation of trait vocabulary by century followed similar growth trajectories across thresholds.


[image: ]

Figure S5. a) Ordered average origination dates of different trait dimensions at different relevance score thresholds. Error bars are standard errors; red dashed lines are the average origination date of all trait words. b) The number of words belonging to each dimension over time at different relevance score thresholds.

[bookmark: _Hlk202102763]In Figure S6, Agency and Traditionalism dimensions generally showed increasing frequency of use from 1800 to 2000 while Communion dimensions showed a broader pattern of decline. Most Fitness dimensions remained stable, except for Attractiveness, which consistently declined.


[image: ]

Figure S6. a) The trend of frequency of use for each dimension from 1800 to 2000 at different relevance score thresholds. The frequencies are relative to the total frequency of all trait vocabulary in a given year. b) Ordered unstandardized regression coefficients using year to predict relative frequency at different relevance score thresholds. Error bars are 95% CIs; red dashed lines are 0.


[bookmark: _Hlk202543469]Finally, as shown in Figure S7, at all thresholds, Agency showed increasing within-factor semantic distance over time, with positive slopes at a threshold of 0.5 (b = 1.62 × 10⁻³, SE = 8.69 × 10⁻⁴, p = .078, β = 0.40), 0.6 (b = 1.01 × 10⁻³, SE = 2.02 × 10⁻⁴, p < .001, β = 0.76), and 0.8 (b = 1.88 × 10⁻³, SE = 4.02 × 10⁻⁴, p < .001, β = 0.74). In contrast, Communion showed consistent decreases in internal distance, with negative slopes at a threshold of 0.5 (b = –2.55 × 10⁻³, SE = 1.14 × 10⁻³, p = .026, β = –0.47), 0.6 (b = –1.27 × 10⁻³, SE = 5.85 × 10⁻⁴, p = .029, β = –0.46), and 0.8 (b = –1.90 × 10⁻³, SE = 4.67 × 10⁻⁴, p < .001, β = –0.63). These trends were consistent in direction and magnitude across thresholds, indicating stable divergence for Agency and consolidation for Communion over time.
[bookmark: _Hlk202103225]Fitness and Traditionalism, by contrast, showed less consistent patterns. For Fitness, within-factor distance increased at a threshold of 0.5 (b = 5.77 × 10⁻³, SE = 2.38 × 10⁻³, p = .025, β = 0.50), remained non-significant at 0.6 (b = 8.64 × 10⁻⁴, SE = 1.16 × 10⁻³, p = .466, β = 0.17), and significantly decreased only at 0.8 (b = –2.50 × 10⁻³, SE = 6.14 × 10⁻⁴, p < .001, β = –0.69), suggesting a threshold-sensitive trajectory. Traditionalism showed a significant decrease at a threshold of 0.5 (b = –4.83 × 10⁻³, SE = 1.56 × 10⁻³, p = .001, β = –0.59), no meaningful change at 0.6 (b = –5.99 × 10⁻⁴, SE = 7.30 × 10⁻⁴, p = .222, β = –0.19), and a significant increase at 0.8 (b = 2.47 × 10⁻³, SE = 5.54 × 10⁻⁴, p < .001, β = 0.72), also illustrating instability.

[image: ]
Figure S7. Average pairwise distance of different factors (i.e., the distance of Agency vs. all other factors) across decades at different relevance score thresholds. The distance was standardized within each decade at factor level.
Additional analyses using Communion and Agency as reference groups provided converging evidence for these trends. When Communion was the reference category, Agency and Fitness both showed significantly weaker reductions in internal distance at thresholds 0.5 and 0.6. At threshold 0.5, the decade-by-Fitness interaction was positive and significant (b = 0.49, SE = 0.13, p < .001, β = 0.28), and the Agency interaction was marginally significant (b = 0.25, SE = 0.13, p = .069, β = 0.14). At threshold 0.6, the effect remained significant for Fitness (b = 0.13, SE = 0.06, p = .042, β = 0.07) and for Agency (b = 0.13, SE = 0.06, p = .033, β = 0.08), confirming that Communion’s internal structure was consolidating more rapidly than other factors. At threshold 0.8, Traditionalism diverged most clearly from Communion (b = 0.26, SE = 0.04, p < .001, β = 0.15), whereas Fitness (b = –0.032, SE = 0.04, p = .45, β = –0.02) and Agency (b = –0.13, SE = 0.04, p = .002, β = –0.13) showed no consistent difference from Communion.
[bookmark: _Hlk202103723]Conversely, when Agency was used as the reference category, additional comparisons confirmed its relative divergence over time. At threshold 0.5, Communion showed a marginally greater decrease in within-factor distance compared to Agency (b = –0.25, SE = 0.13, p = .066, β = –0.14), while Fitness also showed a marginally greater increase (b = 0.25, SE = 0.13, p = .066, β = 0.14). Traditionalism exhibited a significantly stronger increase than Agency (b = 0.38, SE = 0.13, p = .004, β = 0.21). At threshold 0.6, Communion continued to show a significantly steeper decline compared to Agency (b = –0.13, SE = 0.06, p = .033, β = –0.08), whereas the differences for Fitness (b = 0.13, SE = 0.06, p = .042, β = 0.07) and Traditionalism (b = 0.04, SE = 0.06, p = .50, β = 0.02) were small or non-significant. At threshold 0.8, Communion again showed a significantly greater decline compared to Agency (b = –0.22, SE = 0.04, p < .001, β = –0.13), Fitness showed a significantly stronger decline as well (b = –0.26, SE = 0.04, p < .001, β = –0.14), and Traditionalism showed no reliable difference (b = 0.03, SE = 0.04, p = .42, β = 0.02). These comparisons suggest that Agency diverged more clearly and consistently from other factors in its internal semantic coherence, particularly when contrasted with Communion and Fitness across thresholds.
Together, these results indicate that over the past two centuries, Agency dimensions have become more internally differentiated, whereas Communion dimensions have become increasingly semantically cohesive. Fitness and Traditionalism showed more variable or threshold-contingent changes, suggesting weaker or less consistent historical shifts in their internal structure.

[bookmark: _Toc229602885]Supplemental Material 4

[bookmark: _Toc229602886]Analyses of Dimension Redundancy

We used a less traditional method of dimension reduction to find the most comprehensive combination of unique trait dimensions. We did this analysis because EFA emphasizes low-dimensional structures, which can lead EFA-derived models to ignore variables that are meaningful but uncorrelated with other variables. For example, among our 24 dimensions, the dimension of “power” may not correlate with any of the other 23 dimensions, but it may still be an important trait category. To overcome this deficiency, we developed a “stepwise drop-out” approach to compare the uniqueness and relative uniqueness of each of the 24 dimensions. The logic of this approach is that the unique words that are covered by only one dimension can be regarded as the incremental contribution of this dimension to the whole model. In contrast, if two dimensions share the same words, then these dimensions are redundant to some extent, and one of the dimensions can be “dropped out” to simplify the model. 

We considered two ways of removing dimensions in this step-wise analysis: 1) removing the dimension with the fewest unique words; and 2) removing the dimension with the smallest ratio of unique to total words covered. If more than one dimensions tied in the number (or ratio) of unique words, we further calculated the sum (or ratio) of relevance scores of these unique words as the deciding factor. We recalculated these parameters after removing each dimension, until the number of dimensions is consistent with the number of models suggested by EFA. This approach provided us with the dimensions that covered the most independent words in our list. At each step, we also calculated the words covered by the remaining dimensions to assess the comprehensiveness of models.

[bookmark: _Hlk202108506]The results of the stepwise dropout procedure are shown in Figures S8 and S9. Most dimensions retained in later rounds were from the Big 5 or the four facets of the Big 2. One exception is Morality/Honesty, which was dropped early (in the seventh and fifth steps respectively). Morality/Honesty’s dropout led to a surge of words relevant to Honesty/Morality, which rose by seven places in the ranking for unique word count and by nine places for the unique-word ratio. This suggests that these two dimensions overlap highly.   

[bookmark: _Hlk185194380][bookmark: _Hlk185194499]Some dimensions that were not included in the Big 5 or the Big 2 were also retained in later rounds. These dimensions include Status, Weight, Belief, and Gender, which had a small number of total unique words (ranked the 12th, 16th, 14th, and 19th places, respectively), had a high unique word ratio (ranked the fifth, first, sixth, and seventh places, respectively). Figure S9 further revealed that to cover over 90% of trait words, eight to ten dimensions are needed. To cover 95% of trait words, 14 to 15 dimensions are needed.
[image: ]
[bookmark: _Hlk202107929][bookmark: _Hlk179385874][bookmark: _Hlk179385748][bookmark: _Hlk202109479]Figure S8. a) The ranks of the unique word count with stepwise dropping of the last dimension. b) The ranks of the unique word ratio with stepwise dropping of the last dimension. Orange nodes represent dimensions from the Big 2 model, purple nodes represent dimensions from the Big 5 model, and green nodes represent dimensions from other models. The radii of the circles represent the relative size of unique word count and unique word ratio in Panels a) and b), respectively.

[image: ]
   

[bookmark: _Hlk202109066][bookmark: _Hlk202109495]Figure S9. a) The percentage of trait words covered with stepwise dropping of the last dimension in unique word count. b) The percentage of trait words covered with stepwise dropping of the last dimension in unique word ratio. Orange nodes represent dimensions from the Big 2 model, purple nodes represent dimensions from the Big 5 model, and green nodes represent dimensions from other models.  

[bookmark: _Toc229602887]Supplemental Material 5
[bookmark: _Toc229602888]Semantic Coherence Analyses Including Weight
In the main text, we excluded the dimension Weight from coherence analyses because it was a strong outlier within the Fitness factor, with unusually large pairwise distances from other Fitness-related dimensions. Including Weight would have disproportionately inflated average distance estimates and obscured the general pattern of semantic coherence. For completeness, we re-estimated all models including Weight. The results were highly consistent with those reported in the main text (see Figure S10 below).
[image: ]
[bookmark: _Hlk202220087]Figure S10. Average pairwise distance of different factors across decades with Weight included. The distance was standardized within each decade at factor level. 
To examine historical shifts in within-factor coherence, we regressed standardized average pairwise distances on standardized time for each super-dimension. Results indicated that Communion dimensions became significantly more coherent over time (b = –1.02 × 10⁻³, SE = 1.65 × 10⁻⁴, p < .001, β = –0.82, 95% CI [–1.36 × 10⁻³, –0.67 × 10⁻³]). In contrast, Agency showed a significant increase in internal distance over time (b = 1.11 × 10⁻³, SE = 2.57 × 10⁻⁴, p < .001, β = 0.71, 95% CI [0.57 × 10⁻³, 1.65 × 10⁻³]). The trend for Fitness was positive but not statistically significant (b = 1.33 × 10⁻⁴, SE = 9.33 × 10⁻⁵, p = .172, β = 0.32, 95% CI [–0.06 × 10⁻³, 0.33 × 10⁻³]). Traditionalism exhibited a negative but non-significant trend (b = –2.23 × 10⁻⁴, SE = 2.56 × 10⁻⁴, p = .395, β = –0.20, 95% CI [–0.76 × 10⁻³, 0.32 × 10⁻³]).
[bookmark: _Hlk202219227]Because absolute slopes may be influenced by global corpus changes (e.g., changes in vector space density), we next estimated relative changes in coherence using interaction models with Communion and Agency as reference groups. Using Communion as the reference, Agency showed a significantly more positive slope (b = 0.13, SE = 0.02, p < .001, β = 0.07, 95% CI [0.09, 0.16]), as did Fitness (b = 0.07, SE = 0.02, p < .001, β = 0.04, 95% CI [0.03, 0.10]) and Traditionalism (b = 0.05, SE = 0.02, p = .008, β = 0.03, 95% CI [0.01, 0.08]). These comparisons confirm that Communion’s internal coherence declined more strongly over time than other super-dimensions.
Conversely, using Agency as the reference group revealed significantly more negative slopes for Communion (b = –0.13, SE = 0.02, p < .001, β = –0.07, 95% CI [–0.16, –0.09]), Fitness (b = –0.06, SE = 0.02, p = .001, β = –0.03, 95% CI [–0.09, –0.02]), and Traditionalism (b = –0.08, SE = 0.02, p < .001, β = –0.04, 95% CI [–0.11, –0.04]). 
Together, these analyses reinforce the conclusion that Agency has become increasingly semantically differentiated over time, while Communion has become more integrated. Importantly, the inclusion of Weight did not alter any substantive conclusions regarding the relative trajectories of the four super-dimensions.

[bookmark: _Hlk202219397]
[bookmark: _Toc229602889]Supplemental Material 6
[bookmark: _Toc229602890]Replication Of Semantic Coherence Analyses Using Non-Normalized Distances
[bookmark: _Hlk220419641][bookmark: _Hlk202718116]In the main text, we reported historical changes in trait coherence using distances that were z-standardized within each decade. This approach was chosen to account for potential shifts in the overall structure of the semantic embedding space over time—for instance, changes in model precision, corpus size, or language structure that could affect the absolute scale of pairwise distances. By normalizing within each decade, our regression estimates reflect the relative semantic coherence of each trait factor at a given point in time, rather than being driven by global fluctuations in embedding geometry. This choice prioritizes comparability across decades.
To evaluate whether our results were robust to this analytic decision, we conducted supplementary analyses using raw (non-normalized) average pairwise distances within each factor as the dependent variable. These regressions capture absolute changes in trait coherence over time. 
[image: ]
[bookmark: _Hlk220419717]Figure S11. Average pairwise distance of different factors across decades. The distance was not standardized. 
As exhibited in Figure S11, results closely mirrored those based on normalized values. Specifically, Communion exhibited a significant decrease in pairwise distances over time, b = –6.50 × 10⁻³, SE = 5.63 × 10⁻⁴, p < .001, β = –0.939, 95% CI [–7.68 × 10⁻³, –5.32 × 10⁻³], indicating increased semantic coherence. In contrast, Agency showed a significant increase in distances, b = 3.22 × 10⁻³, SE = 1.50 × 10⁻³, p = .0462, β = 0.451, 95% CI [6.06 × 10⁻⁴, 6.38 × 10⁻³], consistent with semantic diversification. Traditionalism also showed a significant decrease in distances, b = –6.35 × 10⁻³, SE = 1.31 × 10⁻³, p < .001, β = –0.752, 95% CI [–9.11 × 10⁻³, –3.59 × 10⁻³]. Fitness exhibited a non-significant trend toward decreasing coherence, b = –3.69 × 10⁻³, SE = 2.00 × 10⁻³, p = .0809, β = –0.400, 95% CI [–7.89 × 10⁻³, 5.02 × 10⁻⁴].
To directly compare temporal change across dimensions, we fit two interaction models using FACT factor as a categorical moderator. In the first model, Communion served as the reference category. Compared to Communion, Agency showed a significantly more positive slope over time (b = 0.58, SE = 0.12, p < .001, β = 0.21, 95% CI [0.34, 0.82]), but not Fitness (b = 0.17, SE = 0.12, p = .172, β = 0.06, 95% CI [–0.074, 0.41]), or Traditionalism (b = 0.01, SE = 0.12, p = .941, β = 0.003, 95% CI [–0.23, 0.25]). In the second model, Agency served as the reference. Communion showed a significantly more negative slope than Agency (b = –0.58, SE = 0.12, p < .001, β = –0.21, 95% CI [–0.82, –0.34]), as did Fitness (b = –0.41, SE = 0.12, p = .001, β = –0.15, 95% CI [–0.65, –0.17]) and Traditionalism (b = –0.57, SE = 0.12, p < .001, β = –0.20, 95% CI [–0.81, –0.33]).
Together, these supplementary analyses generally demonstrate that the historical trends in trait coherence we observed are not artifacts of within-decade normalization. The FACT dimensions exhibit meaningful and robust shifts in semantic structure over time, regardless of whether distance values are standardized or raw.

[bookmark: _Hlk202220321]
[bookmark: _Toc229602891]Supplemental Material 7

[bookmark: _Toc229602892]Replication of Main Analyses at Lemma Level

In the main text, we prioritize word-level analyses for a substantive reason: our focal objects are the trait words as they are encountered and evaluated in practice, and our rating data were collected at the level of surface forms (i.e., the exact strings participants saw). Word-level reporting therefore preserves psychologically and linguistically meaningful distinctions that may matter for social inference, such as tense, aspect, comparative/superlative marking, nominalizations, and common derivational variants. In addition, word-level analyses align more directly with downstream applications in text analysis and measurement, where tokens appear as surface forms. 

At the same time, word-level vocabularies can include multiple inflections or closely related variants of the same lemma, which may inflate redundancy or make some patterns appear driven by morphological families rather than semantically distinct items. Lemma-level aggregation therefore serves as a conservative robustness check: it reduces morphological duplication, tests whether the central results persist when the unit of analysis is a more abstract lexical type and helps evaluate whether conclusions depend on particular inflected forms. 

To assess the robustness of our findings to morphological variation, we replicated all primary analyses at the lemma level, collapsing inflected or closely related surface forms into their shared base forms (lemmas). Across all analyses (as seen in Figure S12-15 below), lemma-level results closely mirrored the word-level patterns reported in the main text, supporting the robustness of our conclusions.

First, recomputing within-factor and between-factor generality using lemma-level ratings produced the same qualitative ordering of dimensions as in the word-level analyses (Figure S12). Dimensions high in generality at the word level remained high at the lemma level, and dimensions previously identified as more semantically specific remained so. Uncertainty estimates were modestly larger, consistent with fewer independent units after aggregation.

[image: ]

Figure S12. a) The average within-factor generality scores of each dimension based on lemma-level ratings. Error bars are standard errors; b) The average between-factor generality scores of each dimension based on GPT ratings. Error bars are standard errors.

Second, valence distributions across dimensions were highly similar at the lemma level (Figure S13). Regression results linking valence to both within-factor and between-factor generality replicated the word-level conclusions in direction and relative magnitude across dimensions, indicating that the valence–generality relationship is not driven by morphological variation.

[image: ]

Figure S13. Valence analyses based on lemma-level ratings. Notes. a) The percentages of negative, neutral, and positive words of each dimension, with the diamonds indicating the dimension-level average valence scores (upper axis). b) Standardized coefficients in models regressing semantic direction on valence (equal to correlation coefficients here). Anchors are arranged on the left side versus right side so that all correlations are positive. Error bars are 95% CIs. c) The standardized regression coefficients using valence to predict between-factor generality of each dimension, Error bars are 95% CIs; b) The standardized regression coefficients using valence to predict within-factor generality of each dimension, Error bars are 95% CIs.

Third, lemma-level origination dates, growth in lemma counts over time, and relative-frequency trajectories from 1800–2000 closely tracked the word-level results (Figure S14). Regression coefficients predicting relative frequency from year yielded the same substantive inferences about which dimensions increased versus declined over time.

[image: ]
Figure S14. Word age and frequency analyses based on lemma-level ratings. 
Notes. a) Ordered average origination dates of different trait dimensions. Error bars are standard errors; red dashed line is the average origination date of all trait words; b) The number of words belonging to each dimension over time; c) The trend of frequency of use for each dimension from 1800 to 2000. The frequencies are relative to the total frequency of all trait vocabulary in a given year. d) Ordered unstandardized regression coefficients using year to predict relative frequency. Error bars are 95% CIs; red dashed line is 0.

Using lemma-level aggregation in diachronic embeddings reproduced the same factor-level time trends in average pairwise distance across decades (Figure S15). Standardized regression analyses showed the same core pattern: increasing dispersion for Agency and decreasing dispersion for Communion, with weaker and less consistent trends for Fitness and Traditionalism. Robustness checks with alternative reference categories yielded substantively identical conclusions.

[image: ]
Figure S15. Average pairwise distance of different factors across decades. The distance was based on lemma-level aggregation.

Taken together, these lemma-level replications demonstrate that all major findings reported in the main text are robust to morphological aggregation. Although lemma-level analyses necessarily reduce the number of independent units and thus yield slightly larger uncertainty estimates, the direction, magnitude, and relative ordering of effects remain unchanged. This convergence across analytical levels strengthens confidence that our results reflect stable properties of trait language rather than artifacts of specific word forms.
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[bookmark: _Toc229602894]Replication of Main Analyses Using GPT Ratings

To complement our main analyses based on human judgments, we also conducted a parallel set of analyses using trait ratings generated by large language models (LLMs), specifically GPT-based systems. This extension was pre-registered as part of our planned analyses, with the goal of assessing the replicability and generalizability of our findings across different sources of semantic input.

In addition to offering a consistent alternative to human annotations, LLMs can provide valuable insight into the statistical and representational structure of language. However, a growing body of work—including recent findings by Wang et al. (2025)—has highlighted key limitations in the way LLMs simulate human cognition and identity-based reasoning. These limitations include the tendency to flatten in-group variation, over-essentialize social categories, and produce overly discrete or stereotypical judgments. We therefore report the results of our GPT-based analyses alongside our human-based results, not as substitutes but as informative contrasts.

To collect GPT-based ratings, we used the same list of 24 trait dimensions and anchoring instructions as in the human rating task, ensuring direct comparability. For each trait–dimension pair, we submitted the following prompt to the GPT-4o model (via the OpenAI API): “When you use the word X to describe someone, are you saying they are [anchor 1], [anchor 2], or 3. neither? Output with ONLY a number.” The model responded with “1”, “2”, or “3” to indicate alignment with one pole, the other, or neither. Each query was repeated five times, and ratings were aggregated across repetitions.

We set the temperature parameter to 0.6, which controls the randomness of the model’s output: lower values yield more deterministic responses, while higher values introduce more variability. This setting was chosen to balance consistency with lexical diversity, following recent recommendations (Wang et al., 2025).

Once we got the GPT ratings, we used the same formulas to calculate the relevance and semantic direction scores of each word on every dimension. We then replicated the same set of analyses using GPT-generated relevance and semantic direction. The results are summarized below.

Compared to human raters, GPT tended to give all-or-none ratings (as shown in Figure S16). As a result, GPT assigned traits to fewer dimensions, producing sparser and more sharply separated factor profiles. Whereas human ratings often yielded overlapping scores across multiple dimensions for the same trait, GPT ratings showed stronger peaks on a single dimension and near-zero scores elsewhere. This pattern reflects a more categorical and exclusive attribution style, leading to a less continuous semantic structure. [image: ]
[bookmark: _Hlk202544700]Figure S16. a) The distribution of relevance scores rated by humans. b) The distribution of relevance scores rated by GPT.

This difference is reflected in exploratory factor analyses (EFA). When EFA was applied to the GPT-based rating matrix, as shown in Figure S17, it extracted a greater number of factors than in the corresponding human data, suggesting that GPT treated dimensions more discretely and failed to recover the higher-order functional groupings that emerged from human judgments.

[image: ]
[bookmark: _Hlk202536641][bookmark: _Hlk202544577]Figure S17. a) The correlations among dimensions on relevance scores rated by GPT. b) The scree plot and the result of parallel analysis. c) The EFA result based on GPT ratings. The radii of circles represent the absolute value of the factor loadings. The absolute values over .40 are highlighted.

To visualize this structural difference, we constructed trait networks based on shared dimension relevance, using the same higher-order factor assignments derived from the human rating data. We did so because the GPT-derived factor structure was too fragmented to support interpretable visualization, we retained the human-based factor labels to enable comparison. The resulting network (Fig. S18) shows that traits with GPT ratings cluster more tightly within each factor and form more distinct boundaries between clusters. This stands in contrast to human-based networks, where trait clusters exhibit more cross-cutting links and gradient transitions between factors.

[image: ]
Figure S18. A network of trait words based on GPT ratings. Each node represents a separate word. Edge weights represent the Jaccard similarity of trait words based on underlying trait dimensions. For example, a Jaccard similarity of 1.00 would mean that every dimension expressed by “trait word A” is also expressed by “trait word B.” Node color represents the FACT dimension with the highest relevance. Node sizes represent the number of dimensions a word expresses, the larger the size, the more trait dimensions a word expresses. 

[bookmark: _Hlk220416296]These patterns were confirmed by comparisons of within-factor and between-factor generality (Figure S19). In human ratings, both scores consistently exceeded 0.6, indicating that traits were often judged as moderately to strongly relevant across multiple dimensions within a factor, and also showed overlap across dimensions from different factors. In GPT ratings, however, within-factor generality scores were uniformly below 0.5, and between-factor generality scores were also substantially lower, indicating that GPT treated traits as more narrowly and exclusively affiliated with isolated dimensions.

[image: ]

[bookmark: _Hlk202394750]Figure S19. a) The average within-factor generality scores of each dimension based on GPT ratings. Error bars are standard errors; b) The average between-factor generality scores of each dimension based on GPT ratings. Error bars are standard errors.

One downstream consequence of this compression was the failure to replicate longitudinal trends observed in the human data. For example, in the case of Communion, human ratings revealed a steady historical increase in semantic coherence, whereas GPT ratings showed no such trend. This appears to result from a floor effect: GPT assigned uniformly low generality scores to Communion traits across its associated dimensions, thereby limiting within-factor variance and obscuring temporal change. Taken together, these findings demonstrate that GPT, while capable of capturing high-level associations, exhibits a structurally compressed and overly discrete representation of trait semantics compared to human judgment.

Despite these structural differences, several of our main results replicated using GPT-based data. These include the valence asymmetry observed in Study 3 and broad historical trends in trait usage (see Figures S20-S21). This convergence suggests that LLMs may still serve as useful proxies for capturing coarse semantic associations and temporal trends, even if they fall short of human-like flexibility.

[image: ]

[bookmark: _Hlk202436794]Figure S20. Valence analyses based on GPT ratings. Notes. a) The percentages of negative, neutral, and positive words of each dimension, with the diamonds indicating the dimension-level average valence scores (upper axis). b) Standardized coefficients in models regressing semantic direction on valence (equal to correlation coefficients here). Anchors are arranged on the left side versus right side so that all correlations are positive. Error bars are 95% CIs. c) The standardized regression coefficients using valence to predict between-factor generality of each dimension, Error bars are 95% CIs; b) The standardized regression coefficients using valence to predict within-factor generality of each dimension, Error bars are 95% CIs.
[image: ]
Figure S21. Word age and frequency analyses based on GPT ratings. 
Notes. a) Ordered average origination dates of different trait dimensions. Error bars are standard errors; red dashed line is the average origination date of all trait words; b) The number of words belonging to each dimension over time; c) The trend of frequency of use for each dimension from 1800 to 2000. The frequencies are relative to the total frequency of all trait vocabulary in a given year. d) Ordered unstandardized regression coefficients using year to predict relative frequency. Error bars are 95% CIs; red dashed line is 0.

These findings align with recent theoretical accounts of LLM behavior that emphasize their tendency to flatten variations (Wang et al., 2025). Because models like GPT are trained to maximize likelihood over large corpora, they are biased toward generating the most prototypical or statistically dominant responses for a given prompt. When applied to trait attribution tasks, this results in less variation and overlap. This pattern is not necessarily an error, but it reflects a different response style than that of human raters, who may weigh multiple semantic features and social cues simultaneously. In sum, our GPT-based analyses yield a mixed picture: on the one hand, they replicate several major patterns observed in human data; on the other hand, they introduce systematic differences in response style, particularly in the form of reduced ambiguity and overlap. We encourage future research to further investigate the cognitive and representational properties of LLMs in psychological research, and to develop better methods for interpreting and calibrating their outputs in trait-related tasks.

[bookmark: _Toc229602895]Supplemental Material 9

[bookmark: _Toc229602896]Analyses of Arousal

As part of our pre-registered plan, we conducted parallel analyses using arousal—in addition to valence—to investigate the affective signature of trait words. Arousal was defined as the degree of physiological or emotional activation associated with a trait (e.g., calm vs. excited). We obtained trait-level arousal scores from the NRC VAD Lexicon v2 (Mohammad, 2025), a dataset that provides fine-grained human ratings for over 55,000 English words and multi-word expressions. These ratings were collected via crowdsourced pairwise comparisons and rescaled to range from –1 (lowest arousal) to +1 (highest arousal), with high split-half reliability (r = .98).

Following our main analyses with valence, we assessed (1) average arousal across dimensions and factors, (2) the relationship between arousal and generality (within- and between-factor), and (3) the correlation between semantic direction and arousal for each dimension.

Overall, arousal yielded less prominent patterns than valence. Average arousal did not systematically vary across factors, and its associations with within- or between-factor generality were weak and inconsistent. However, a notable pattern emerged in the semantic direction analysis (Figure S22). Namely, we found that dimensions within the Communion and Traditionalism factors exhibited stronger correlations between semantic direction and arousal.

[image: ]
Figure S22. Arousal analyses based on human ratings. 
[bookmark: _Hlk202534914][bookmark: _Hlk202437602]Notes. a) The percentages of low-arousal, neutral, and high-arousal words of each dimension, with the diamonds indicating the dimension-level average valence scores (upper axis). b) Standardized coefficients in models regressing semantic direction on arousal (equal to correlation coefficients here). Anchors are arranged on the left side versus right side so that all correlations are positive. Error bars are 95% CIs. c) The standardized regression coefficients using arousal to predict between-factor generality of each dimension, Error bars are 95% CIs; b) The standardized regression coefficients using arousal to predict within-factor generality of each dimension, Error bars are 95% CIs.


Importantly, further inspection of the anchor terms revealed that the arousal-enhancing end of these dimensions often corresponded to the side that trait words are rarer in distribution. For Communion, this less typical side also tended to include more negative terms (e.g., Immoral, Cold, Unfriendly), while for Traditionalism, the high-arousal end often included norm-defying or non-conforming traits (e.g., Weird, Adventurous, Non-religious). This pattern suggests that in these factors, rarer and socially deviant traits evoke stronger arousal, consistent with an evolutionary account of attention to high-cost or more diagnostic social information (Unkelbach et al., 2019). 
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[bookmark: _Toc229602898]Exploratory Historical Analyses
In a set of exploratory analyses, we examined how word valence and generality relate to word age and usage frequency. These analyses were not included in the main text due to a conceptual limitation: Both valence and generality ratings are based on contemporary human ratings, which do not reflect the real historical valence and generality perceptions. Therefore, the temporal comparisons here should be interpreted with caution. Nevertheless, these analyses offer complementary insights into how words of different functional profiles have entered and persisted in the lexicon over time.
[image: ]
[bookmark: _Hlk202535167]Figure S23. Historical Changes in Valence of Trait Language. 
Notes. a) Standardized coefficients in models regressing origination date on valence (equal to correlation coefficients here). Error bars are 95% CIs. b) Yearly changes in frequency of use for negative, neutral, and positive words (as defined by Mohammad, 2025) from each trait factor.
Figure S23, panel a) shows that newer words within the Communion factor tend to be more negative in valence. This is consistent with the information ecology account that people are particularly attuned to novel and rare information in the social environment, and that negative traits are generally rarer and more unexpected (Koch, Bromley, et al., 2024), which is especially true for Communion traits.
Across all factors, positively valenced traits appear more frequently in language than neutral or negative ones, as shown in Figure S23, panel b). This replicates prior findings on positivity bias in language use and extends them across the semantic space of traits. This is probably because positive information is more common in our everyday life (Unkelbach et al., 2019, 2020).
We next investigated how word age relates to generality, as measured by both within-factor and between-factor generality. As shown in Figure S24, panels a) and b), origination date showed little to no association with either type of generality across most dimensions. One exception was that newer Communion words tended to have lower within-factor generality. This is perhaps because these new words from Communion are more likely to be negative, as shown above, and negative words are more semantically distinct (Koch, Bromley, et al., 2024; Unkelbach et al., 2019, 2020), thus lower in generality scores.
[image: ]
Figure S24. Historical Changes in Two Types of Generality of Trait Language. 
[bookmark: _Hlk202535240][bookmark: _Hlk202535276][bookmark: _Hlk202535460][bookmark: _Hlk202535356]Notes. a) Standardized coefficients in models regressing origination date on within-factor generality (equal to correlation coefficients here). Error bars are 95% CIs. b) Standardized coefficients in models regressing origination date on between-factor generality (equal to correlation coefficients here). Error bars are 95% CIs. c) Yearly changes in frequency of use for words of high (≥ factor average) and low (< factor average) within-factor generality from each trait factor. d) Yearly changes in frequency of use for words of high (≥ factor average) and low (< factor average) between-factor generality from each trait factor.
Finally, generality was strongly associated with word frequency. As shown in Figure S24, panels c) and d), high-generality words—whether within- or between-factor—tended to be used more frequently in historical corpora. This pattern underscores the semantic centrality and communicative efficiency of general trait words, which appear more frequently in language, perhaps because of their broader relevance across contexts.
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[bookmark: _Toc229602900][bookmark: _Hlk217832644]Robustness of the FACT solution to bootstrapped resampling
To assess the robustness of the FACT structure beyond a single realization of the norming data, we conducted a bootstrap-based stability analysis of the Study 2 EFA. Because our factor solution is estimated from word-level averages of human ratings, sampling fluctuations in which participants happened to rate which words could in principle shift both the recovered factors and the assignment of dimensions to factors. The bootstrap analysis therefore asks whether the five-factor FACT solution and the mapping from the 24 dimensions to these factors would re-emerge if we repeatedly re-sampled the underlying ratings. It should be noted, however, that this procedure is intended as a check on the stability of the aggregate factor structure, rather than as a direct estimate of the reliability of individual word-level dimension profiles.
Methodologically, we implemented a word-stratified bootstrap with B = 500 resamples. Within each iteration, we resampled participants within each word with replacement, keeping the number of raters per word constant, re-aggregated to word-level relevance scores for all 24 dimensions, and re-ran the five-factor EFA using the same settings as in the main text (principal axis extraction, oblimin rotation). The loading matrix from each bootstrap EFA was then aligned to the original FACT solution using Tucker’s factor congruence: we computed the congruence matrix between the bootstrap and target loadings, used a linear assignment algorithm to find the best one-to-one matching between factors, and flipped factor signs so that the matched congruence coefficients were positive. This yielded, for each bootstrap sample, (a) a vector of five congruence coefficients indexing factor-level similarity to the target solution, and (b) for each of the 24 dimensions, the factor on which it had the largest absolute loading after alignment.
[image: ]
Figure S25. Factor‐ and dimension‐level stability of the five-factor solution in Study 2. 
Notes. a) Distributions of Tucker’s congruence coefficients between the original FACT solution and word-stratified bootstrap EFAs (B = 500). Each violin/boxplot shows the congruence for one factor (Fitness, Agency, Communion, Traditionalism, Residual) after Procrustes alignment. b) Proportion of bootstrap samples in which each factor emerged as the primary loading factor for each of the 24 trait dimensions. 
At the factor level, the bootstrap solutions closely replicated the original FACT structure (Figure S25, Panel a). Across the 500 resamples, mean Tucker congruence with the target solution was 0.98 for Traditionalism (SD = 0.04, 25th–75th percentiles = 0.98–0.99, range = 0.66–1.00), 1.00 for Communion (SD = 0.01, 0.99–1.00, 0.96–1.00), 0.99 for Agency (SD = 0.01, 0.99–1.00, 0.96–1.00), 0.98 for Fitness (SD = 0.01, 0.98–0.99, 0.94–1.00), and 0.93 for the residual factor (SD = 0.06, 0.92–0.96, 0.52–0.99). Using conventional benchmarks that treat congruence values above .90 as indicating fair similarity and above .95 as excellent, these distributions show that all five factors are recovered with very high fidelity when the rating data are perturbed. In other words, our five-factor representation of trait space is not an artifact of idiosyncratic sampling noise in the original norming sample.
At the dimension level, we examined for each of the 24 dimensions how often each FACT factor emerged as its primary factor across bootstrap samples (Figure S25, Panel b)). Most dimensions showed a very clear and stable super-factor assignment: Adventurousness, Extraversion, Non-conformity, Openness, Gender, Age, Belief, and Conservatism almost always loaded primarily on the Traditionalism factor; Agreeableness, Friendliness, Honesty, Morality, and (to a slightly lesser extent) Neuroticism on Communion; Ability, Conscientiousness, Assertiveness, Status, and Power on Agency. Only dimensions from the Fitness factor in the original analyses, including Wealth, Stylishness, Attractiveness, Fitness, Health, and Weight, displayed more diffuse patterns, splitting their primary loadings between Fitness and the residual factor. This is consistent with our substantive interpretation that Fitness dimensions consist of traits that bridge different concerns, rather than indicating an unstable factor solution. Overall, the bootstrap results therefore support the conclusion that both the FACT structure and the dimension-to-factor mapping are highly robust to sampling variability in the human ratings.
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[bookmark: _Toc229602902]Trends of frequency of use between 2001 and 2022
In the main text, our historical analyses focused on the period 1800–2000. We chose 2000 as the endpoint for two reasons. First, our diachronic embedding models are trained on corpora that reliably cover a similar time window, so restricting the analysis to 1800–2000 keeps the semantic and frequency analyses on the same footing. Second, the spread of the internet and social media after the early 2000s likely introduced qualitative changes in communication practices and genres, making it less clear whether post-2000 trends are comparable to the long-run patterns captured in historical print corpora. Nevertheless, one might still wonder how trait language has evolved in the most recent decades. To address this, we conducted an additional analysis of relative frequency changes between 2001 and 2022 (the latest available year).
For this analysis, we recomputed yearly relative frequencies for each of the 24 dimensions between 2001 and 2022, using the same corpus and preprocessing pipeline as in the main text. Panel a) of Figure S26 plots the time series for each dimension; Panel b) aggregates frequencies at the factor level (Agency, Communion, Fitness, Traditionalism); and Panel c) summarizes linear trends by plotting the regression coefficient of year predicting log relative frequency for each dimension, along with 95% confidence intervals. 
[image: ]
Figure S26. Trajectories of frequency of use of each dimension (2001-2022).
[bookmark: _Hlk217813992][bookmark: _Hlk199453968]Notes. a) The trend of frequency of use for each dimension from 2001 to 2022. The frequencies are relative to the total frequency of all trait vocabulary in a given year. b) The trend of relative frequency for each factor from 2001 to 2022. c) Ordered unstandardized regression coefficients using year to predict relative frequency. Error bars are 95% CIs; red dashed line is 0.
As seen in Panels a) and b) of Figure S26, at the factor level, Communion-related words show a modest increase over this period, whereas Agency-related words show a modest decrease, with Fitness and Traditionalism changing less strongly in aggregate. The dimension-level regressions (Panel c) make these patterns more precise. Among Agency dimensions, Ability (b = −2.28 × 10⁻³, SE = 1.71 × 10⁻⁴, p < .001, β = −0.95, 95% CI [−2.61 × 10⁻³, −1.94 × 10⁻³]), Conscientiousness (b = −2.27 × 10⁻³, SE = 1.34 × 10⁻⁴, p < .001, β = −0.97), and Assertiveness (b = −1.07 × 10⁻³, SE = 9.09 × 10⁻⁵, p < .001, β = −0.94) all decline significantly from 2001 to 2022, whereas Status shows no reliable linear trend (b = 4.0 × 10⁻⁵, SE = 7.0 × 10⁻⁵, 95% CI [−9.69 × 10⁻⁵, 1.76 × 10⁻⁴]). In contrast, all five Communion dimensions increase significantly over the same period, including Friendliness (b = 1.84 × 10⁻³, SE = 1.45 × 10⁻⁴, p < .001, β = 0.94, 95% CI [1.55 × 10⁻³, 2.12 × 10⁻³]), Agreeableness (b = 1.63 × 10⁻³, SE = 1.05 × 10⁻⁴, p < .001, β = 0.96), Morality (b = 1.03 × 10⁻³, SE = 1.26 × 10⁻⁴, p < .001, β = 0.88), Honesty (b = 7.96 × 10⁻⁴, SE = 1.10 × 10⁻⁴, p < .001, β = 0.85), and Neuroticism (b = 7.87 × 10⁻⁴, SE = 1.52 × 10⁻⁴, p < .001, β = 0.76).
Fitness-related dimensions show a more mixed pattern. While “Fitness” words decline slightly (b = −3.78 × 10⁻⁴, SE = 7.22 × 10⁻⁵, p < .001, β = −0.76), Attractiveness (b = 9.50 × 10⁻⁴, SE = 6.49 × 10⁻⁵, p < .001, β = 0.96) and Weight (b = 8.78 × 10⁻⁵, SE = 1.35 × 10⁻⁵, p < .001, β = 0.82) become more frequent; Health shows no reliable linear trend (b = 6.31 × 10⁻⁵, SE = 4.06 × 10⁻⁵, 95% CI [−1.64 × 10⁻⁵, 1.43 × 10⁻⁴]). Within Traditionalism, several dimensions decrease: Openness (b = −1.92 × 10⁻³, SE = 2.32 × 10⁻⁴, p < .001, β = −0.88), Conservatism (b = −5.91 × 10⁻⁴, SE = 1.54 × 10⁻⁴, p < .001, β = −0.65), Adventurousness (b = −5.57 × 10⁻⁴, SE = 1.13 × 10⁻⁴, p < .001, β = −0.74), and Age (b = −4.04 × 10⁻⁴, SE = 5.04 × 10⁻⁵, p < .001, β = −0.87), whereas Belief (b = 1.16 × 10⁻³, SE = 1.16 × 10⁻⁴, p < .001, β = 0.91), Extraversion (b = 5.69 × 10⁻⁴, SE = 9.32 × 10⁻⁵, p < .001, β = 0.81), and Non-conformity (b = 1.89 × 10⁻⁴, SE = 8.28 × 10⁻⁵, p = .027, β = 0.45) show increases.
[bookmark: _Hlk217815223]Taken together, Figure S26 shows that, in the early twenty-first century, Communion-related descriptors have become more common, whereas many Agency-related terms have become less frequent, with Fitness and Traditionalism dimensions displaying heterogeneous shifts. These short-term trends complement the longer-run historical patterns reported in the main text, suggesting that recent decades may involve a partial rebound in communal language against the backdrop of a centuries-long restructuring of the broader trait lexicon. This trend is also consistent with evidence that moralized language on social media has increased over a similar time window (Puryear et al., 2025), hinting that recent communication ecologies may accentuate Communal evaluations at least in the short run.
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[bookmark: _Toc229602904]Detection of non-linear trends
In our main analyses, we modeled historical changes in the annual relative frequency of each trait dimension using simple linear regressions. Visual inspection of the raw time series, however, suggested that for some dimensions the trajectory might “ebb and flow” rather than follow a perfectly straight line. To examine whether our substantive conclusions depended on assuming linear trends, we conducted a complementary set of nonlinear time-series analyses using generalized additive models (GAMs).
We began from the same dimension-level dataset used for Figure 12: for each year (1800–2000) and each of the 24 dimensions, we summed the relative frequency of all trait words that belonged to that dimension, yielding an annual usage series per dimension. For each dimension separately, we then fit a GAM with a smooth function of year (, using thin-plate regression splines with  basis functions (Gaussian family, REML estimation). This choice allows flexible but still smooth curves and guards against overfitting. From each model we extracted the effective degrees of freedom (edf) of the smooth term as an index of nonlinearity (edf ≈ 1 indicates an approximately linear trend; higher values indicate more curvature). We also used the fitted GAM to compute the predicted frequency at the start and end of the series (1800 vs. 2000) and defined the net change . Dimensions with  were classified as “increasing,” those with  as “decreasing.”
[image: ]
Figure S27. Non-linear trends of frequency of use of each dimension. 
Notes. Gray lines show raw annual log relative frequencies in the Google Books corpus (1800–2000); colored smooth curves show generalized additive model (GAM) fits, with colors indicating the higher-order FACT factor.
As shown in Figure S27, across factors, the smooth terms showed substantial curvature: the median edf of the year effect was 3.94 for Agency dimensions, 3.99 for Communion, 3.99 for Fitness, 3.99 for Traditionalism, and 3.99 for Uncategorized dimensions (minimum edf across dimensions = 3.55, maximum = 4.00). Thus, the GAMs confirm that historical trajectories are not perfectly linear and do exhibit modest ebb-and-flow over time. At the same time, when summarized by their net change between 1800 and 2000, these nonlinear models largely reproduce the directional patterns reported in the main text. Within Agency, three of four dimensions showed an overall increase in usage and one decreased; within Communion, one dimension increased and four decreased; within Fitness, two increased and two decreased; within Traditionalism, six of seven dimensions increased and one decreased; and within the remaining Uncategorized dimensions, one increased and three decreased.
Although for most dimensions, the non-linear trends largely preserve the direction of the linear slopes reported in the main text, visual inspection of the GAM fits in Figure S27 does indicate some additional qualitative structure in how these changes unfolded. For example, several Communion dimensions (e.g., Friendliness, Agreeableness, Honesty, Morality) show relatively flat or slowly changing trends during the 19th century followed by a more pronounced decline in the 20th century, whereas many Agency dimensions (e.g., Ability, Conscientiousness) increase in a more nearly linear fashion. Some Traditionalism dimensions (e.g., Adventurousness, Extraversion) exhibit clearer acceleration in their upward trends. 
In sum, allowing for smooth nonlinear trends reveals that many dimensions have gently curved historical trajectories, but the overall directions of change are highly consistent with our original linear-trend analyses: between the time range of 1800 to 2000, Communion dimensions tend to decline in usage over time, Traditionalism dimensions tend to rise, Agency dimensions are predominantly increasing, and Fitness dimensions occupy an intermediate, mixed position. This suggests that the historical conclusions we draw in Study 4 are robust to relaxing the assumption of strictly linear frequency trends.
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[bookmark: _Toc229602906]Robustness of the FACT solution to highly polysemous words
Because some English trait words are used in many different senses (e.g., sharp, bright), we examined whether such highly polysemous items might distort the emergent factor structure. To address this concern, we conducted a set of sensitivity analyses in which we progressively removed the most polysemous items and re-estimated the EFA.
[image: ]
[bookmark: _Hlk217832069]Figure S28. Sensitivity of the FACT structure to removal of highly polysemous words.
Notes. a) Distribution of WordNet sense counts (polysemy) across the 2,847 trait words included in our main analyses. Red dashed lines mark the 90th (6 senses), 95th (9 senses), and 99th (18 senses) percentiles of the polysemy distribution. b) EFA solutions re-estimated after removing high-polysemy words at each cutoff (Polysemy ≤ Q99, ≤ Q95, ≤ Q90). The radii of circles represent the absolute value of the factor loadings. The absolute values over .40 are highlighted.
We first quantified polysemy using WordNet sense counts for each of the 2,847 trait words. Panel a) of Figure S28 shows the resulting distribution, which is strongly right-skewed: most words have relatively few senses, but a small subset has many. We marked three cutoffs based on the upper quantiles of this distribution. The 90th percentile corresponded to words with more than six senses (n = 278); the 95th percentile to words with more than nine senses (n = 136); and the 99th percentile to words with more than eighteen senses (n = 24). For each cutoff, we removed all words above the corresponding threshold and re-ran a 5-factor principal-axis EFA with oblimin rotation on the remaining items, using the same procedure as in the main analysis.
Panel b) of Figure S28 summarizes the congruence between the original FACT solution and the solutions obtained after excluding high-polysemy words. Each panel (Polysemy ≤ Q99, ≤ Q95, ≤ Q90) plots the correlation between factor-loading vectors for each of the 24 dimensions and each factor in the two solutions. Across all three cutoffs, the four substantive factors—Fitness, Agency, Communion, and Traditionalism—showed very high congruence with the original solution, indicating that their composition and interpretability are essentially unchanged even when we remove the top 1–10% most polysemous items. 
[bookmark: _Hlk217828319]A second, theoretically informative pattern concerns the uncategorized dimensions. In the full lexicon, several dimensions (e.g., Stylishness, Gender) show cross-loadings on several factors, reflecting the fact that their variance is partly shared across multiple factors. As increasingly polysemous words are removed, these “borderline” dimensions gradually shift to their theoretically expected factors (e.g., Stylishness aligning more clearly with Fitness-related traits, Gender with Traditionalism-related traits). Thus, trimming highly ambiguous words does not alter our factor solution; instead, it mainly sharpens the assignment of a small number of dimensions that were previously uncategorized.
Taken together, these analyses suggest that the FACT structure is not an artifact of a few highly polysemous words, and that removing such items, if anything, yields an even cleaner mapping between dimensions and the four substantive factors.
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[bookmark: _Hlk217831714][bookmark: _Toc229602908]Robustness of the FACT solution to a stricter inclusion threshold 
To further reduce dependence on LLM priors in defining the trait lexicon, we conducted a “human-anchored subset” analysis. The main lexicon (2,847 words) was assembled using an LLM-assisted pipeline and then normed on 24 dimensions in Study 2. Here we asked whether the FACT structure would replicate in a subset of words that participants themselves clearly treated as trait descriptors, independent of any LLM screening.
Using the Study 2 ratings, for each word, we counted how many of the 24 dimensions reached a relevance of at least .70. Panel a) of Figure S29 shows the distribution of this count across the full lexicon: most words were strongly associated with one to seven dimensions, and only a small minority were never strongly linked to any dimension. We defined a conservative human-anchored subset by removing the 111 words (3.9% of the lexicon) that did not reach a relevance ≥ .70 on any dimension, yielding a reduced list of 2,736 trait words that are, by construction, tightly constrained by human judgments.
[image: ]
[bookmark: _Hlk227788094][bookmark: _Hlk217832094]Figure S29. Human-anchored subset analysis based on relevance ratings.
Notes. a) Histogram of the number of dimensions on which each word reached a relevance ≥ .70 (proportion of raters choosing 1 or 2). Most trait words are strongly associated with one to seven dimensions, and only a small minority never reach this threshold on any dimension (these 111 words were excluded in the human-anchored subset). b) EFA solutions re-estimated using the human-anchored subset. The radii of circles represent the absolute value of the factor loadings. The absolute values over .40 are highlighted.
[bookmark: _Hlk217832320]We then re-estimated the EFA on the 24 dimension-by-word relevance matrix using this human-anchored subset. Panel b) of Figure S29 summarizes the new results. The four substantive factors—Agency, Communion, Fitness, and Traditionalism—showed very high congruence with their counterparts in the original analysis, that the same dimensions continued to load most strongly on the same super-factors. Thus, the FACT structure is essentially unchanged when we restrict attention to words that human raters themselves clearly endorsed as trait descriptors, suggesting that our main conclusions do not hinge on the LLM-based classification step.
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[bookmark: _Toc229602910]Robustness of within-factor generality to alternative treatments of redundancy 
A potential concern about the within-factor generality metric is that it may be inflated by redundancy among dimensions within the same factor. The metric is intended to capture the extent to which a word communicates multiple dimensions within a factor, but if several dimensions are highly overlapping, a word could receive repeated credit for substantively similar information. This concern is especially relevant for factors such as Communion, where dimensions such as Agreeableness, Friendliness, Honesty, and Morality are conceptually related and empirically correlated.
In the main analysis, we addressed this concern using a redundancy-weighting correction. For each dimension, we computed its redundancy, denoted ϕ, as the mean absolute correlation between that dimension’s relevance profile and the relevance profiles of the other dimensions in the same factor. We then weighted each dimension by , so that more overlapping dimensions contributed less to a word’s within-factor generality score. A word’s within-factor generality within a factor was then computed as the sum of the weights of the dimensions on which the word exceeded the relevance threshold, divided by the total available weight in that factor. This procedure was intended to preserve the multi-dimensional nature of the metric while reducing the influence of overlapping dimensions. 
To evaluate whether the substantive pattern depends on this particular correction, we recomputed within-factor generality using several alternative specifications. The first was an unweighted version, in which all dimensions within a factor were treated equally. The second was the moderate penalty version used in the main analysis, . The third was a stronger linear penalty, , which discounts overlapping dimensions more aggressively. The fourth was a pruned representative version, designed to approximate a more conservative strategy of retaining only one member of highly overlapping within-factor pairs. For this version, we first identified all within-factor dimension pairs whose absolute correlation exceeded .60. For each such pair, we retained the member with broader lexical coverage and removed the other before recomputing within-factor generality without weighting. Under this rule, the pruned specification removed Conscientiousness from Agency, and Friendliness and Morality from Communion. No dimensions were removed from Fitness or Traditionalism. 
The results were highly stable across all four specifications. As shown in Figure S30, panel a), the ordering of the four FACT super-dimensions did not change: Communion remained highest, followed by Agency, then Fitness, with Traditionalism lowest. The absolute values varied slightly across specifications, but the overall pattern was unchanged, including in the conservative pruned representative version. 
[image: ]
Figure S30. Alternative specifications of within-factor generality.
Notes. a) The mean within-factor generality of the four FACT super-dimensions under four specifications: Unweighted, Moderate penalty, Stronger penalty, and Pruned representative version. In the pruned representative version, within-factor dimension pairs with absolute correlations greater than .60 were identified, and the member with broader lexical coverage was retained. Under this rule, Conscientiousness was removed from Agency, and Friendliness and Morality were removed from Communion; no dimensions were removed from Fitness or Traditionalism b) The corresponding dimension-level means under the same four specifications. 
The same was true at the dimension level. As shown in Figure S30, panel b), the rank ordering and spacing of dimensions were very similar across the four specifications. Dimensions such as Morality, Honesty, and Ability remained among the highest in within-factor generality, whereas Non-conformity, Extraversion, and Attractiveness remained among the lowest. Although the pruned representative version produced somewhat larger local shifts than the weighting-based versions, it did not materially alter the broader dimension-level structure. 
This conclusion is also reflected in the correlations among the four specifications. The three weighting-based versions were nearly identical, with pairwise correlations ranging from .994 to .999. Even the more conservative pruned representative version remained highly similar to the other versions, correlating .926 to .941 with them. Thus, both continuous reweighting and direct pruning lead to the same substantive conclusion: the main within-factor generality pattern is not driven by a small set of highly overlapping dimensions, nor does it depend strongly on the specific redundancy correction used in the primary analysis. 
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Robustness of the FACT structure to trimming low-probability words 
A potential concern about our model-assisted screening procedure is that words with relatively low model-rated probability might disproportionately influence the downstream factor structure. This is particularly concerning since model predictions and human judgments do not coincide perfectly. It is thus reasonable to ask whether the lower-probability tail of the final word set materially affects the resulting EFA structure.
To address this issue, we first examined the distribution of model-rated probability in the final word set. Of the 2,847 words retained for analysis, only 8 words (0.28%) had model-rated probability below .33. A further 377 words (13.2%) fell between .33 and .40, and 209 words (7.34%) fell between .40 and .50. Thus, 586 words (20.6%) fell between .33 and .50, whereas 2,462 words (86.5%) had model-rated probability of at least .40 and 2,253 words (79.1%) had model-rated probability of at least .50. These counts indicate that the final set was not dominated by extremely low-probability items, although a meaningful borderline tail remained. 
[image: ]
Figure S31. EFA loadings after trimming low-confidence words.
Notes. The figure shows rotated EFA loading heatmaps for the full sample of words (left), the subset with model-rated probability ≥ .40 (middle), and the subset with model-rated probability ≥ .50 (right). Loadings below .40 are hidden.
We then re-estimated the factor structure after trimming this lower-probability tail more aggressively. In addition to the full sample, we repeated the EFA using only words with model-rated probability of at least .40 and at least .50. In all three cases, we used the same analytic procedure as in the main text, including principal-axis extraction, oblimin rotation, and parallel analysis to determine the number of factors. The resulting solutions were highly similar. In each version, the core FACT structure was preserved. As shown in Figure S31, the three heatmaps display very similar loading patterns across the full, , and versions. 
[bookmark: _Hlk227792389]This stability is also evident when comparing the dimension assignments directly. Relative to the full-sample solution, all dimensions that remained clearly classifiable in the version retained the same factor assignment. The same was true in the version. The dimensions that changed across thresholds were limited to marginal or weakly classified items rather than the core members of the four factors. For example, Belief remained assigned to Traditionalism in the full and  versions but was no longer clearly classified in the version. Other peripheral items, such as Gender, Power, and Wealth, remained weakly classified across versions. 
Taken together, these analyses indicate that the main FACT structure is not driven by the low-probability tail of the model-screened word set. Trimming words with model-rated probability below .40 or even .50 leaves the core organization of the dimensions essentially unchanged, and the resulting differences are limited primarily to marginal dimensions rather than to the central members of the four super-dimensions.
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[bookmark: _Toc229602912][bookmark: _Toc260825019]Word-level intraclass correlation coefficients
We did not report ICCs as a primary reliability estimate in the main text because they are not perfectly aligned with the estimand in our human-rating task. Each relevance score represents the proportion of speakers who interpret a word as communicating a given dimension, rather than assuming that the word has one correct dimensional profile on which interchangeable raters should converge. Because trait words are natural-language concepts with fuzzy boundaries, disagreement may reflect both measurement error and meaningful heterogeneity in interpretation, which an ICC cannot distinguish.
Nevertheless, some readers may be interested in how the word-level profiles perform under a conventional interrater-reliability framework. We therefore calculated an absolute-agreement ICC(2,k) and a consistency ICC(3,k) for each word’s 24-dimensional rating profile. Figure S32 shows the distributions of these estimates across all 2,847 words. The absolute-agreement ICC(2,k) had a mean of .51 and a median of .53, whereas the consistency ICC(3,k) had a mean of .59 and a median of .63. Among words with at least one dimension reaching the .70 relevance threshold, the corresponding medians were .54 and .63.
These estimates indicate moderate stability in the aggregate profiles and are reassuring given the relatively small number of raters per word. The somewhat higher consistency estimates suggest that some disagreement concerns rating levels rather than the overall dimensional pattern. We report these ICCs as complementary evidence alongside the bootstrap and threshold-robustness analyses, while recognizing that larger and more diverse rater samples would provide more precise estimates of the population distribution of word interpretations.

[image: ]
Figure S32. Distribution of word-level intraclass correlation coefficients. Panel A shows the absolute-agreement ICC(2,k), and Panel B shows the consistency ICC(3,k). The horizontal axis represents the ICC value, and the vertical axis represents the number of words in each bin. Both panels include all 2,847 words.
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