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Abstract 

Substantial efforts have been made to develop comprehensive taxonomies of personality traits in 

many languages. Nevertheless, given that what is important and salient in individuals’ lived 

experience might be changing over time, this raises the question about the long-term usefulness of 

‘off-the-shelf’ taxonomies developed decades ago. In the current study we used a bottom-up 

approach to create a large sample-specific taxonomy of personality terms. We subsequently 

examined the overlap and sensitivity of this taxonomy compared to an established trait taxonomy in 

the same language. Overall, we found that the two taxonomies only showed limited overlap with a 

pronounced divergence in emotionality (Neuroticism) and social aspects (Agreeableness) of 

personality. In addition to this, we found that while the personality assessment extracted from self-

descriptions using the established taxonomy showed alignment with participants’ self-rated 

personality, especially Extraversion, Agreeableness, and Neuroticism, the sample-specific taxonomy 

showed a significantly greater alignment between text-based and self-rated personality. In summary, 

our current study highlights the need to extend our thinking about the psycholexical hypothesis, 

moving away from assumptions of time invariant language encoding to more explicitly recognizing 

temporal and sample-specific dynamics underpinning the expression and use of personality trait 

terms. 

Key words: lexical hypothesis, text-based personality assessment, text mining, sample specific 

taxonomy, Big Five 
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In 1884, Francis Galton (1949) famously asked: ‘Can we discover landmarks of character to 

serve as bases for a survey, or is it altogether too indefinite and fluctuating to admit of 

measurement?’ (p. 179-180). Galton suggested that relevant moral faculties are ‘so intermixed that 

they are never singly in action’ (p. 181), yet he suggested it is possible to identify the most 

‘conspicuous aspects of the character’. To do so, Galton examined many pages of Roget’s Thesaurus 

and estimated that it contained a fully one thousand words expressive of character. With this casual 

statement, he started an active field of inquiry known today as the psycholexical hypothesis (Ashton, 

Lee, Perugini, et al., 2004). There is a general consensus that a small number of factors can be used 

to describe human personality (Ashton & Lee, 2005; De Raad et al., 2010; Goldberg, 1993; Saucier et 

al., 2014). One of the core assumptions is that human communities will encode salient and 

important information about individual traits and character features in single terms in each 

language. Based on this assumption, taxonomies have been created that can be used to ask 

respondents to rate targets (Allport & Odbert, 1936; Ashton, Lee, & Goldberg, 2004; Goldberg, 1992; 

Norman, 1967; Saucier, 1994). However, language is dynamic and semantic content of words as well 

as the co-associations of individual words change over time (Xu et al., 2021). Consequently, it is 

important to ask whether taxonomies developed at some point in time with specific communities 

retain their usefulness over time. This is particularly important and interesting in the current social 

media environment with easier and wider access to user-created text that could be analysed with 

taxonomies as an unobtrusive measure of personality assessment (Boyd & Pennebaker, 2017; 

Suedfeld et al., 2011). Yet, this presumes a relative time-invariance of the taxonomies, an 

assumption which requires examination. We report the development of a theory-driven bottom-up 

English taxonomy in one specific sample of native English speakers and compare self-ratings based 

on this sample-specific taxonomy with both a commonly used off-the-shelf taxonomy and survey-

based self-ratings.  

Psychological taxonomies to capture personality traits 
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The first comprehensive taxonomy in English was developed by Allport and Odbert (1936). 

Norman (1967 empirically identified a five-factor structure based on a reduced list of taxonomy-

derived ratings. Over time a consensus emerged that five or six factors are sufficient to describe the 

main variability underlying both self- and other ratings (Ashton, Lee, & Goldberg, 2004; Saucier & 

Goldberg, 1996). The most extensive of these taxonomies is the 1,710 personality-descriptive 

adjective list compiled by Goldberg (Goldberg, 1982), which has been a foundation for a number of 

factor-analytical studies (Ashton, Lee, & Goldberg, 2004). This list was given to undergraduate 

students in the US and Australia (total N = 310). Although initial analyses  suggested up to seven 

factors, the five and six factor solutions have been most widely used and the highest loading terms 

have been used as empirical markers for personality traits (Thalmayer et al., 2021; but see also 

Saucier & Iurino, 2020). Our work is guided by the five-factor solution differentiating 

Conscientiousness, Agreeableness, Neuroticism, Openness/Intellect and Extraversion (Goldberg, 

1993; McCrae & John, 1992). We prefer this structure for our purposes because it is more 

parsimonious in describing the higher-order structure of broad personality domains and because the 

sixth factor (Honesty-Humility) tends to split off from within a broader Agreeableness factor (De 

Raad et al., 2010, 2014). 

Language and semantic change 

One interesting question is whether the factor structure of this taxonomy has remained 

stable over the last 40 years and across samples. Taking some hints from emotion research (Xu et al., 

2021), emotion terms do change in their semantic meaning, as indicated by changing co-word 

associations in naturally occurring text over the last 100 years. Why should we be concerned with 

such changes? First, to the extent that personality traits have some biological foundation (DeYoung, 

2014; McAdams & Pals, 2006), we should expect stability over time. At the same time, what and how 

we communicate important information is subject to cultural modification and transformation 

encoded in language (Bernardes et al., 2025; Christiansen & Chater, 2016). This argument is 
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compatible with both cross-cultural and anthropological research suggesting that information is 

conveyed in locally relevant ways (and thereby temporally bound), which could result in changed 

factor structures. Such dynamics are relevant for any sample specific structures, which also applies 

to factor analysis models which reveal sample specific factor solutions. Therefore, the question of 

replicability of such structures across samples and time periods can provide important insights into 

the time and sample variant and invariant components of personality structure.  

Second, with increasing availability of text via social media that could be used for personality 

assessment at a distance (Eichstaedt et al., 2021) and the generation of large language model and 

chatbots (Cutler & Condon, 2022; Fischer et al., 2023), one promising approach has been to rely on a 

bottom up analysis of text and then correlate any individual terms or combinations of terms with 

self-rated personality traits (Boyd & Pennebaker, 2017). For example, the open vocabulary approach 

has mapped word usage in Facebook status updates to personality self-ratings (Kern et al., 2014). 

This requires identification of relevant terms. Language as a communication tool is group and age 

specific, with slang and ideographic word use serving as identity badges to demark group 

membership along social and age specific boundaries (Nortier & Svendsen, 2015). As standard 

survey development exercises continue being informed by taxonomies within the lexical tradition 

(Thalmayer et al., 2021), it is important to study which personality terms are used by a individuals 

from a specific sample to prevent incorrect results or conclusions. 

Our interest is in identifying terms that our participants consensually use and understand to 

convey personality trait relevant information. We used definitions of the Big Five and asked 

participants to think of terms that they may use when describing an individual that is high or low on 

that particular trait. By using this approach, we use an explicit elicitation strategy which is 

transparent and participant driven and therefore, bottom up. Only terms that are salient for 

describing an individual with those theoretically meaningful characteristics are likely to be produced. 

Furthermore, by triangulating the word usage across our sample, we gain insights into the relative 
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distribution of terms in this specific sample. Although the use of person-derived terms may seem 

anachronistic in times of Large Language Models and machine-learning approaches to natural text 

for extracting possible personality markers (Giannini et al., 2024), we believe that the participant-

driven approach is a distinct strength over these computational methods. Generally, machine 

learning and transformer-based approaches need to be trained on specific corpora and rely on a 

number of unexamined assumptions about the stability and representativeness of the training text 

(Bender et al., 2021; Hu et al., 2025; Mehrabi et al., 2021), turning them into virtual ‘black-boxes’ 

that reduce transparency and replicability. For example, to what extent are descriptions of venues 

good proxies of personality descriptions, unless we want to make certain assumptions about how 

humans describe both other humans and venues (see Giannini et al., 2024)? The proliferation of 

training data derived from popular models such as ChatGPT also raises the risk of deterioration of 

signal (Shumailov et al., 2024). Using human-derived data with explicit instructions and verifying the 

consensus and overlap between participants provides a transparent option for creating a list of 

terms that participants use to describe each other. Furthermore, the black-box nature of 

transformed based models makes it difficult to study semantic drift over time given that it is often 

not easily understood and comparable how scores are calculated. Therefore, once replicated across 

samples and across time periods, our method offers a distinct advantage for more fine-grained 

contextual analyses.  

To evaluate how relevant those terms are, we utilized an open writing task in which 

participants had to describe themselves. This task allows us to compare the performance of our 

sample-specific taxonomy with the published taxonomy. We extracted terms from these self-

descriptions and mapped them to a) our bottom-up theory-driven taxonomy and b) the taxonomy by 

Ashton and colleagues. We also compared the relative correlation of these two text-based scores 

with each other and with self-ratings using a standard psychology questionnaire (Soto & John, 2017). 

Considering possible temporal change, we also examined overlap in these taxonomies – what terms 
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are used by our sample when describing individuals high or low on a personality trait and how well 

are they captured by classic taxonomies developed roughly 40 years ago.  

Methods 

Participants 

Our sample consisted of 317 participants who took part exchange for course credit (mean 

age = 19.22 years, SD = 3.08; 77.9% female). The sample size was determined by logistical 

constraints of running the study within the context of a university degree. Our actual sample size 

allowed for a minimum detectable correlation (80% power, α = .05) of r = 0.14. Our study was open 

to self-enrolment by the target population until a pre-specified cut-off date. All de-identifiable data 

is available on the open science framework (https://osf.io/hn69f/overview). The personal narratives 

of subjects are removed due to ethical considerations of anonymity. 

Measures 

BFI-2. We used the BFI-2 to assess personality (Soto & John, 2017). The overall scale had 60 

items and participants reported their agreement with each item on a 1-(Disagree strongly) to 5-

(Agree strongly) Likert-scale. Example items were “I am someone who is outgoing, sociable” and “I 

am someone who is compassionate, has a soft heart”. All dimensions showed high reliability: 

ωExtravarsion: .849[.826, .872], ωAgreeableness: .828[.802, .854], ωConscientiousness: .850[.828, .873], ωNeuroticism: 

.909[.895, .922], ωOpenness: .817[.790, .845]. 

Self-Description. Participants were prompted with the following statement for a self-

description: “We would like to ask you to describe yourself in 500 words (this is roughly a single page 

or 2000 characters). Who are you as a person?” The average response was 1853.09 (SD = 182.83) 

characters long (min = 1301, max = 2000). This self-description task was presented in a 

counterbalanced fashion with the BFI-2 across participants. 
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Personally – Relevant Personality Terms. To create a sample level taxonomy, participants 

were lastly prompted for each of the five factors of personality to submit 10 terms (5 positive and 5 

negative) which they would use to label a person either high or low on this trait. These trait 

descriptions were based on definitions and descriptions of the big five in the literature (Bernardes et 

al., 2022; DeYoung, 2014; Fischer, 2017; Soto & John, 2017). For example, for extraversion 

participants were prompted: ”Persons with high scores on Extraversion tend to be sociable and 

energetic in social interactions, they get a lot of energy out of being with others. What words would 

you use to describe such individuals to your friends?”. This task was always presented last. Overall, 

participants provided 3900 unique personality terms. We excluded terms with less than two 

characters or a frequency below three. This filtering resulted in a list of 703 unique terms. As 

participants were able to nominate a term for multiple categories or different participants naming a 

term for different categories, we assigned personality terms to a category based on their most 

frequent mention. We dropped terms with equal nominations across dimensions. Our final 

taxonomy of terms consisted of 671 terms that were commonly mentioned and clearly attributable 

to one of the five factors of personality. We show the full taxonomy in the supplementary material 

in STable 1. We show the terms excluded due to non-distinguishable double-nominations in STable 

2. Terms were equally distributed across positive (N = 328) and negative terms (N = 354). Examining 

distributions across positive and negative terms, participants provided significantly more negative 

Agreeableness and negative Openness terms (χ2(4) = 13.21, p < .010; see Table 1). 

Existing Personality Taxonomy. We used the 1710 taxonomy (Ashton, Lee, & Goldberg, 

2004) as a starting point, but we only used trait terms that were unambiguously loading with 

loadings >.30 and cross loadings <.20 in the original study. This resulted in 405 terms. Exploratory 

analyses with larger word sets (which included more cross-loading terms and lower loading terms) 

did not substantively change the performance of this taxonomy (see footnote 2). In the final version 

used here, these terms were equally distributed across positive (N = 198) and negative terms (N = 

207). Positive and negative terms were equally distributed within traits (χ2(4) = 3.496, p = .479; see 
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Table 1). Importantly, this taxonomy had substantially less Openness and Neuroticism terms (see 

Table 1) compared to the other traits.
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Table 1 

Terms in each taxonomy by positive and negative direction  

Direction A C E N O 

Sample Derived 

Negative 92 66 53 60 83 

Positive 58 75 59 76 60 

Historical 1710 

Negative 57 53 51 35 11 

Positive 48 63 52 24 11 
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Extraction of Term-Based Personality from Text. 

 To extract the personality data from text, we first created a list based on each term corpus 

for the two taxonomies using the quanteda package. Prior to extraction we removed punctuation, 

numbers, symbols, common English stopwords, and coerced all words to lowercase to allow for 

unambiguous matching. For each participant we extracted the total number of words used and the 

personality terms matched in each taxonomy. To increase the comparability across participants we 

normalized each personality score for each participant by dividing it by the number of total words 

written and centred the score around their mean usage of personality terms. 

Results 

Overlap of Taxonomy Terms. 

We first examined the shared terms between our sample specific taxonomy and the off-the-

shelf taxonomy. Overall, we found that the taxonomies had an overlap of 19.75%. The taxonomies 

had the greatest overlap for Openness (27.27%), Conscientiousness (23.28%), and Extraversion 

(21.36%), but we found a lower overlap for Neuroticism (15.25%) and Agreeableness (15.24%). We 

show the overlapping terms in STable 3. 

Overlap of Extracted Personality between Taxonomies. 

To examine the overlap in extracted personality between the taxonomies we correlated the 

score of each participant across dimensions and term directions between the taxonomies. On 

average the taxonomies correlated at r = .28 and scores were significantly positively correlated 

across the taxonomies except for negative Neuroticism (we show all correlations in Figure 1, 

correlation tables are available on the OSF). While some dimensions such as Extraversion had a 

substantial correlation r > .50 for both positive and negatively valanced terms, others such as 

openness had a smaller correlation. For Neuroticism, positively valanced terms correlated quite 

strongly, whereas negatively valanced terms showed virtually no correlation. Taken together these 
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patterns imply that the extracted personality differed substantially across the taxonomies which 

might be due to the terms not shared between the taxonomies. Similar taxonomy-based effects 

have been reported previously (Bernardes et al., 2025; Fischer et al., 2020). In other words, the 

terms included in taxonomies are idiosyncratic and specific taxonomy usage may result in different 

patterns for the same data set.  

Figure 1 Correlation between sample-derived scores and historical 1710 taxonomy scores 

 

Self-Report — Text-based Personality Congruence 

To examine the similarity of self-ratings and text-based personality assessment we examine 

the correlation between participants scored personality according to each taxonomy within the text 



Sample derived personality taxonomy   13 
 

and their self-rating on the BFI-2. For ease of interpretation this was split by positive and negative 

terms. To confirm the robustness of the difference in correlations for dependent groups we used 

Hittner’s (2003) procedure. Hittner's (2003) modified Z-test is a statistical procedure designed to test 

whether two correlation coefficients derived from the same sample differ significantly from one 

another. This test is necessary when comparing dependent correlations because the correlations 

share a common variable, violating the independence assumption required for standard correlation 

comparison tests. The procedure accounts for the intercorrelation between the variables being 

compared, adjusting the standard error to reflect the dependency structure in the data. This 

approach provides a more accurate assessment of whether observed differences in correlation 

magnitudes are statistically meaningful rather than due to chance.  

As can be seen in Table 2 we found that while the off-the-shelf taxonomy showed small to 

medium correlations with self-rated personality (Meanpositive terms: .124, range: .04 to .21; Meannegative 

terms:-.122, range: -.31 to .02), the sample specific taxonomy qualitatively outperformed it using 

positive and negative terms (Meanpositive terms: .194, range: .11 to .24, Meannegative terms: -.118, range: -

.27 to -.02). The correlations between sample-specific taxonomy scores and self-ratings significantly 

differed from the correlation between off-the-shelf taxonomy scores and self-ratings for positive C 

terms and positive O terms (all p < .05).  

A final analysis was to compare the overall pattern of the correlations across positive and 

negative terms for each taxonomy with the self-report scores. The overall correlation of the pattern 

was r = .91. This suggests that the correlation pattern of taxonomies with self-ratings was highly 

similar, pointing towards problems with specific traits instead of overall non-comparability. In this 

regard, it was interesting to note that positive terms showed a greater tendency to pick up 

participants’ self-rated personality.1 Only E showed medium sized correlations for both positive and 

 
1 We explored the difference between the full 1710 historical dictionary and our cleaned version. Overall, using 
the positive terms of the full version the 1710 historical dictionary showed a lower correlation with self-rated 
personality for Extraversion (r = .11, p < .05), Agreeableness (r = .10, p = .07), Conscientiousness (r = .04, p = 
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negatively valanced terms for both taxonomies with self-reports. In contrast, N and O showed 

essentially zero correlations for the negative pole.  

Robustness Checks 

 Half of the participants saw the Big Five measure before the free self-description task, which 

may have influenced their responses to either measure or subsequently nominated terms. To 

address the potential impact, we conducted five separate analyses. First, we examined the 

frequency responses between the sets of responses based on shared terms between the sets of 

participants that completed the free-text before and after the Big Five measures. We computed a 

rank-order correlation and found a significant correlation of .96, p < .001, indicating a high degree of 

similarity in the frequency of terms nominated which were shared. Second, when using all terms 

nominated and computing the similarity across the imbalanced set, we find a Jaccard similarity of 

58.56 % indicating a substantial overlap in the specific terms nominated (even when allowing for 

rare terms).  

To examine if in the subsequent trait nomination participants only replicated terms from 

their self-description or the Big Five measure we ran two additional analyses. First, prior to 

examining that participant’s self-provided personality terms were not overly overlapping with their 

self-descriptions, we extracted the ratio of terms nominated by participants that could also be found 

in their self-description. On average the overlap between self-provided terms and terms used in 

their description was 2.66 terms whereas the overlap with all terms provided by participants was 

13.28 terms on average. This indicates  that participants were substantially more likely to use terms 

in their self-description that were not found in their nominated terms later. Finally, to examine the 

possibility that participants were primed by our trait description to use specific terms, we examined 

the incidence ratio of a term being present in the researcher provided descriptor on its nomination 

 
.39) and Openness (r = .01, p = .79), but a higher relationship for Neuroticism (r = .19, p < .001) compared to 
the cleaned version. 
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by participants. Overall, we found that terms in the descriptor were nominated more often, with an 

incidence rate ratio of 4.19 (95% CI [3.98, 4.42], p < .001), suggesting that terms from existing 

personality descriptor lists were approximately four times more frequently nominated by 

participants compared to novel terms. Nevertheless, it is difficult to conclude if this is due to the 

prototypicality of the selected terms or general priming. Therefore, to examine the robustness of 

our analysis to the exclusion of the terms in our trait description, we reran the analysis excluding 

terms that could be found in the description of the trait (Table 2). We only found one significant 

difference with the relationship of personality ratings based on extracted terms with BFI self-report 

weaker for positive openness, but the correlation was still substantially higher compared to using 

the 1,710 terms. 
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Table 2 

Correlation of BFI self-ratings with sample derived or historical positive and negative terms in the text-based extraction 

Trait  

(self-

report) 

Sample-Derived 

Positive 

Sample-Derived 

Negative 

Historical 

1710 Positive 

Historical 1710 

Negative 

Sample-Derived Positive 

(Reduced) 

Sample-Derived Negative 

(Reduced) 

E 0.24*** -0.27*** 0.21*** -0.31*** 0.28*** -0.27*** 

A 0.11* -0.12* 0.14** -0.18*** 0.11* -0.13** 

C 0.18*** -0.10* 0.04 -0.09 0.17** -0.10* 

N 0.20*** -0.08 0.17** -0.05 0.17** -0.06 

O 0.24*** -0.02 0.06 0.02 0.16** a -0.03 

Note. Correlations in bold significantly differ at p < .05 between the sample derived and historical taxonomies. Columns marked ‘reduced’ exclude terms 

that can be found in the researcher provided trait descriptions; a indicates significant differences from the original term-self report correlation. 
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Discussion 

One of our major questions motivating the current research was whether sample specific 

taxonomies of personality are better at capturing participants personality compared with self-

reports than established off-the-shelf taxonomies. Overall, our study shows that sample specific 

taxonomies out-perform off-the-shelf taxonomies in capturing participants’ personality, especially 

for Conscientiousness and Openness. This is not to say that off-the-shelf taxonomies do not present 

a valuable research tool, especially if no sample-based taxonomy can be created due to logistical 

reasons (e.g., all members of the study population are deceased).   

Our results nevertheless point to a number of challenges in this broad area going forward. 

The correlation between personality scores extracted from text using previously published 

taxonomies and sample-specific taxonomies was relatively weak on average (r = .28), corresponding 

to a moderate effect size for individual difference research (Gignac & Szodorai, 2016). This may be 

somewhat disappointing but probably not surprising considering that the overlap in terms across 

taxonomies was less than 20% across all traits. Furthermore, the correlations between self-ratings 

using standard survey inventories and text-based scores were again low, with a slight advantage for 

sample-specific taxonomies. These patterns raise questions on a) whether self-reports using surveys 

or text-based scores provide complementary or distinct information, b) which language terms within 

text may be most indicative of personality traits, c) whether some traits are better detectable via 

text and others via self- (or other) reports and d) more broader concerns about determining the 

ground-truth in relation to human personality (Boyd et al., 2020; Boyd & Pennebaker, 2017). We will 

selectively discuss some of these issues next.  

Concerning specific patterns that stood out and may speak to the four questions just 

mentioned: negative Openness and Neuroticism descriptors showed very low correlations with self-

reports. These low correlations are contrasted with the comparatively high correlations for negative 

Extraversion. This pattern raises a few intriguing possibilities. Firstly, in lexical approaches terms are 



Sample derived personality taxonomy   18 
 

used as equally weighted in their indication of the construct, which contrasts with findings that 

people are more likely to use positive terms compared to negative terms. At the same time, rarer 

terms convey more information (Garcia et al., 2012). There is the possibility that this frequency - 

information density ratio of positive and negative terms varies across traits affecting the signal ratio. 

Alternatively, some researchers have highlighted the complex conceptual nature of Openness 

(Schwaba & Thalmayer, 2025) and the variability the trait behaviour link of Openness and 

Neuroticism (Soto, 2021), which might especially manifest in negations increasing the difficulty of 

signal detection. Another important point to consider is the number of terms available within a 

taxonomy, which may increase the ability to detect signals. For example, our sample-specific 

taxonomy contained more terms for Openness, which may have increased the ability to detect weak 

signals in text and this in turn increased the correlation with self-reports. Yet, removing marker 

terms significantly decreased this correlation. This again points to the importance for future research 

to examine the information contained in marker terms vis-à-vis the breadth of personality traits.  

Further, our result indicates that while samples agree on a substantial corpus of personality 

terms, a considerable portion of taxonomy entries may be idiosyncratic. Our sample was culturally 

similar to the samples which were used to derive the off-the-shelf taxonomy, yet our samples were 

separated by roughly 40 years. Some traits such as Neuroticism and Agreeableness showed a 

markedly larger shift in content and performance. To speculate why these traits might have shifted 

more, both are related to emotional content which might show an increased rate of change over 

time (Xu et al., 2021). Alternatively, socio-cultural changes might have resulted in a different 

conceptual construction of these terms. Especially in light of recent studies which show an 

accelerating rise of cognitive distortions which are related to both interpersonal and emotion-

regulation (Bollen et al., 2021), we may expect larger divergences in socially and emotionally focused 

traits. This highlights the possibility that the seemingly greater change in Neuroticism and 

Agreeableness terms might be temporally specific and the emergence of different cultural patterns 

might dampen or exacerbate this trend. 
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In our current study we focused on the five-factor model of personality, yet this leaves open 

the question how other potential traits, such as Honesty-Humility within the HEXACO (Ashton, Lee, 

Perugini, et al., 2004) might perform. Honesty-Humility has been viewed as part of Agreeableness 

and has shown substantial corelations in some studies (De Raad et al., 2010). An interesting 

potential example of the ambiguity of meaning can be found in the way participants have labelled 

the term honest in our data, which has been equally classified as positive Agreeableness, negative 

Agreeableness, or negative Openness. In the full 1,710 wordlist the original sample rated this term 

equally as an indicator of Agreeableness and Conscientiousness.  

Importantly, recent studies have challenged the universality of the big five theory (Fischer, 

2017, 2021; Laajaj et al., 2019), suggesting that different trait structures may emerge in different 

social and ecological settings. Our approach suggests that the terms included within the taxonomies 

(or items within surveys) may not be representative of the traits within those specific samples. This 

issue has been identified as the problem of indicator relevance and representativeness (Fischer & 

Karl, 2019; Fontaine, 2005). The issue with the traditional lexical hypothesis is that it assumes time 

invariant information mapping. However, linguistic shifts do occur, and taxonomies are unlikely to 

remain stable. Examining the indicator relevance and representativeness problem from a lexical 

hypothesis perspective, we could argue that the lexical basis of this hypothesis is more aligned with 

temporally and sample-specific dynamic indicator-to- construct mappings. Moving away from 

assumptions of time invariant language encodings may open ways for a better understanding of 

what information is relevant to be passed on within specific language communities and how this 

information maps onto cognitive schema that people hold about socially relevant constructs. We 

believe that such an explicit recognition of temporal and sample-specific information value can open 

important new insights into both personality structure and personality dynamics over time (Fischer 

& Rudnev, 2024).  

Limitations and Future Research Directions 
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 To allow for a comparison with established trait taxonomies, our current study was limited 

to one specific sample in one anglophone context which is culturally and linguistically similar to the 

original samples used to develop and validate the off-the-shelf taxonomy. This limits our insight on 

change and similarity in taxonomy performance to the English language. It would be important for 

future studies to extend this line of research using some of the recently developed trait term 

taxonomies in diverse language groups and study their performance with new samples within each 

language group. Similarly, our study represents a specific sample, which skews mostly female and is 

all university students. University students represent a relatively homogeneous group in terms of 

cognitive ability and socioeconomic status, which could influence both personality manifestations 

and self-descriptions. At one level, our approach therefore highlights the benefit of tailoring terms to 

a specific sample, but by necessity also limits the generalizability of our findings and the resultant 

taxonomies to other samples. We believe that this limitation highlights a major point of the current 

study, namely that while existing taxonomies of personality can pick up signals of personality from 

text, researchers working with specific samples might benefit from expanding these taxonomies by 

generating bottom-up trait descriptors to capture a clearer signal in their respective sample.  

Our study is also limited by its cross-sectional nature and relying on a single sample. Although, we 

can get some insight into the change of personality descriptors in presumed culturally comparable 

cohorts over time, it would nevertheless be an important future avenue to examine the change of 

personality descriptors within and across samples.  

Our study provides initial evidence that semantic drift may influence the performance of established 

trait taxonomies comparing a contemporary snapshot to an existing historical dictionary derived 

forty years ago with the aim to provide initial insight into potential drift. To extend our 

understanding of semantic change comparable data should be systematically collected on bottom-

up personality descriptors across multiple time periods and cohorts to examine and validate the 

construction of personality categories over time. Such a temporally distributed datasets would allow 
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the use of diachronic word embeddings (Hamilton et al., 2018; Kutuzov et al., 2018) to enable 

researchers to track systematic shifts in the meaning, usage, and semantic associations of trait terms 

across historical periods in a bottom up fashion, rather than imposing ahistorical trait definitions. By 

applying these computational approaches to personality-relevant vocabulary collected across 

multiple time points, future research could directly quantify the magnitude and nature of semantic 

drift in trait terms, determine which descriptors remain stable versus which undergo substantial 

meaning shifts, and identify the cultural and linguistic factors that drive such changes.  

Starting with a contemporary personality model such as the Big Five, we presuppose that this 

structure is applicable and relevant to our sample. Given the current evidence, it seems reasonable 

to assume the applicability in Western and highly educated samples (Laajaj et al., 2019; Soto & John, 

2017; Thalmayer et al., 2022). At the same time, individuals in other cultural and linguistic contexts 

may share implicit personality structures that diverge from this Big Five model identified in student 

samples like ours, with either fewer or more factors (Cheung et al., 2001; Fischer, 2017; Gurven et 

al., 2013; Nel et al., 2012; Thalmayer et al., 2021). This clearly requires substantive additional work, 

in order to identify locally meaningful personality models as well as their relevant marker terms.  

By conducting bottom-up analyses with human populations or by using computational methods to 

identify period-specific word embeddings, it may be possible to identify both more time invariant 

(e.g., models and markers that are relative insensitive to temporal changes) and time variant 

personality models and descriptors. Moving beyond human derived trait lists, researchers may start 

with seed words from person descriptions in text from in different temporal periods and compute 

word embeddings of key terms identified. These word embeddings can then be further queried to 

map systematic changes in valence, salience or breadth (see Baes et al., 2024). This approach aligns 

with an emerging historical psychological movement (Jackson & Atari, 2025) that seeks to 

understand how psychological constructs themselves evolve across historical periods, recognizing 

that personality traits are culturally and temporally situated phenomena (Du et al., 2024; Fischer et 
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al., 2020). Critically, this historical approach enables more accurate and comprehensive study of 

psychological concepts by allowing researchers to examine temporal change and potentially time-

invariant features together within a unified framework. Rather than treating historical variation as 

noise to be controlled away, this method treats both changing and stable aspects of personality as 

substantive phenomena worthy of investigation, thereby providing a more complete picture of how 

personality operates across both time and culture. To the extent that it is possible to identify 

systematic factors that influence the emergence and structuring of personality terms across time, 

this would open new opportunities for testing evolutionary models of personality. We see our study 

as a first stepping stone in this direction, which will require systematic replications and extensions 

across different cultural samples and time periods.  

A further limitation that is shared by most lexical studies is the so-called ground-truth problem, that 

is, what scores can be considered to capture personality dynamics with the greatest accuracy and 

validity. We used self-report ratings as comparison standards, but other behaviour-based options 

need to be explored in future research (Boyd & Pennebaker, 2017). Finally, we focused on the five 

factor model, which leaves an open question about stability and change in personality descriptors 

related to culture specific social-relational traits (Fetvadjiev et al., 2015). 

Conclusion 

In summary, our study shows that both off-the-shelf and sample-specific taxonomies can be 

used to extract personality information from narratives and self-descriptions, but a sample-specific 

taxonomy might be preferable as it exhibits greater sensitivity and shows more similar patterns to 

self-report measures. Our study demonstrates the need to move beyond the idea of one personality 

taxonomy per sample, but rather focus more study on how personality expression changes within 

samples over time to separate potential time-invariant descriptors of personality from descriptors 

idiosyncratic to a specific temporal instance of a sample. 
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Supplementary Material 

STable 1 

Participant provided dictionary 

A-pos A-neg C-pos C-neg E-pos E-neg N-pos N-neg O-pos O-neg 

kind rude organised impulsive outgoing quiet anxious calm creative boring 

caring selfish tidy messy loud shy moody chill smart practical 

friendly mean clean spontaneous energetic reserved stressed relaxed interesting dull 

helpful annoying disciplined lazy talkative introverted worried stable curious logical 

nice judgemental organized unorganised fun timid unstable happy intelligent close minded 

supportive angry neat careless confident introvert nervous cool adventurous traditional 

selfless argumentative strict disorganised bubbly thoughtful emotional content artistic close-minded 

empathetic critical ocd chaotic sociable withdrawn bipolar easy going imaginative uninterested 

generous narcissistic put together unreliable social independent scared peaceful open-minded closed minded 

sweet self-centered orderly reckless enthusiastic lonely unpredictable easygoing artsy closed off 

pleasant cold structured irresponsible extroverted quite sad laid back open minded unimaginative 

sympathetic aggressive careful free extraverted mysterious tense balanced open conservative 

encouraging harsh focused unconcerned exciting observant irritable chilled intellectual uncreative 

considerate insecure responsible carefree extrovert awkward uneasy steady expressive rigid 

lovely opinionated diligent crazy funny private sensitive easy inventive simple 
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warm petty efficient unbothered hyper loner depressed easy-going talented uninspired 

loving stubborn motivated disorganized lively unsociable tired collected optimistic hands on 

compassionat

e 

arrogant uptight unorganized social butterfly homebody anxiety secure accepting analytical 

understanding egotistical perfectionist go with the flow excited keeps to 

themselves 

fearful strong arty not creative 

polite greedy prepared untidy life of the 

party 

observer overthinker positive original plain 

loyal unkind controlling wild excitable antisocial apprehensive composed clever basic 

people 

pleaser 

difficult punctual busy out-going introspective intense emotionally 

stable 

inquisitive pragmatic 

likeable hostile controlled late popular wallflower all over the 

place 

sane liberal unimpressed 

trustworthy unhappy dedicated casual charismatic soft-spoken distressed zen unique unoriginal 

genuine cruel aware hasty people person alone jittery mellow deep bland 

good inconsiderate productive unaware chatty gentle stressful breezy innovative narrow 

minded 

cooperative temperamenta

l 

systematic irrational leader independant troubled grounded quirky realistic 
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passive competitive clean freak unmotivated out going keep to 

themselves 

agitated laid-back inspired closed-minded 

agreeable confrontationa

l 

methodical care free draining modest confused calming interested lame 

amazing egocentric onto it oblivious entertaining small highly strung chilled out bright small minded 

cheerful ignorant ordered erratic overwhelming aloof jumpy down to earth knowledgeabl

e 

closed 

giving nasty determined passionate bold anti-social on edge lucky brainy conventional 

pushover self centred particular procrastinator full on cute overthinking reasonable brave narrow-

minded 

altruistic agressive detailed rash exhausting bashful overwhelmed tranquil deep thinker rational 

awesome bitchy driven restricting high energy diffident self-conscious at ease flexible realist 

gracious dramatic mature risk taker hyperactive isolated weird layed back openminded serious 

humble self-absorbed meticulous risky obnoxious reclusive frantic moderate perceptive uninteresting 

people-

pleaser 

self-centred on to it sporadic over the top selective mood swings normal philosophical inflexible 

pleasing self centered planned thoughtless vibrant sheltered neurotic vibing eccentric shallow 

accomodating unfriendly precise unfocused active solitary pressured comfortable fascinating disinterested 

easy to talk to bitch put-together cluttered big personality thinkers stressy comforting intuitive hands-on 
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kind hearted bully ready dangerous centre of 

attention 

alone time vulnerable consistent unprejudiced mundane 

loveable irritating thorough dirty extravert conserved worrisome emotionally 

intelligent 

aesthetic not open 

minded 

nurturing judgmental admirable disorderly extroverts contemplative delicate enjoyable ambitious unappreciativ

e 

welcoming manipulative hardworking distracted out there exclusive fragile relaxing colourful unartistic 

a good friend self absorbed committed free spirited personable guarded high-strung safe educated closeminded 

amicable bossy disiplined hectic unreserved individual paranoid solid engaging different 

charming impolite got their life 

together 

inattentive upbeat keeps to 

themself 

uncomfortable vibey experimental distant 

compliant problematic hard worker live in the 

moment 

big self-contained unsure centered fun to be 

around 

dumb 

doormat scary hygienic undisciplined full of energy self aware fidgety easy to be around hippie flat 

fair antagonistic mindful confining hyped silent indecisive easy to get along 

with 

influential intolerant 

fake egotistic neat freak daredevil inclusive soft spoken stressed out loose insightful narrow 

great insensitive on top of it flaky joyful to themselves worrier low maintenance inspiring not fun 

helpfull judgy planner indifferent overbearing 
 

afraid mentally stable intellegent pratical 

likable narcissist studious instinctive party animal 
 

anger mentally well intersting scientific 
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naive spiteful successful lives life on the 

edge 

people-

oriented 

 
complex resilient keen set in their 

ways 

soft stupid attentive sloppy self assured 
 

concerned smooth knowledgable straight-

forward 

yes man unlikeable competent slow socialable 
 

confusing stress free open to new 

ideas 

straight 

forward 

 
unpleasant conscious spontanious tiring 

 
high strung together tolerant stuck in their 

ways 

 
aggravating coordinated uncaring 

  
shaky unemotional unbiased unadventurou

s 

 
assertive detail-oriented unclean 

  
twitchy 

  
uninspiring 

 
cocky diciplined unhygienic 

  
unapproachabl

e 

  
abstract 

 
condescending good time 

management 

unorderly 
  

unconfident 
  

average 

 
disagreeable hard-working unplanned 

  
unsettled 

  
biased 

 
disrespectful hard working unprepared 

  
up and down 

  
closed-off 

 
frustrating impressive 

   
upset 

  
down-to-earth 

 
hateful obsessive 

   
hesitant 

  
factual 
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hot headed on time 

   
high 

maintenance 

  
low 

 
hurt persistent 

   
needy 

  
non creative 

 
immature respectable 

   
over thinker 

  
not artistic 

 
impatient routined 

   
preoccupied 

  
old 

 
pessimistic scheduled 

   
restless 

  
old school 

 
picky sorted 

   
self concious 

  
ordinary 

 
unhinged specific 

   
strained 

  
philistine 

 
abrasive type a 

   
tensed 

  
predictable 

 
attention 

seeker 

    
uncertain 

  
resistant 

 
bitter 

       
routine 

 
challenging 

       
sensible 

 
conceited 

       
shut off 

 
dick 

       
square 

 
dickhead 

       
standard 

 
envious 

       
stuck 

 
hurtful 

       
uninventive 

 
hypocritical 
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low self 

esteem 

        

 
prickly 

        

 
short-

tempered 

        

 
short 

tempered 

        

 
silly 

        

 
stuck up 

        

 
cunt 

        

 
unreasonable 
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Stable 2  

Terms excluded due to double nominations 

Term Count Facet Direction 

approachable 7 A pos 

approachable 7 E pos 

blunt 6 A neg 

blunt 6 O neg 

calculated 3 E neg 

calculated 3 C pos 

cautious 5 O neg 

cautious 5 E neg 

concerning 3 N pos 

concerning 3 C neg 

dependable 8 A pos 

dependable 8 C pos 

goes with the flow 4 N neg 

goes with the flow 4 C neg 

healthy 3 N neg 

healthy 3 C pos 
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honest 3 A neg 

honest 3 A pos 

honest 3 O neg 

in control 3 N neg 

in control 3 C pos 

limited 3 O neg 

limited 3 C neg 

listener 4 A pos 

listener 4 E neg 

negative 7 A neg 

negative 7 N pos 

nonchalant 3 N neg 

nonchalant 3 C neg 

patient 3 A pos 

patient 3 N neg 

patient 3 C pos 

relatable 3 O pos 

relatable 3 E neg 

relatable 3 C neg 

reliable 30 A pos 



Sample derived personality taxonomy   39 
 

reliable 30 N neg 

respectful 8 A pos 

respectful 8 C pos 

restrained 3 E neg 

restrained 3 C pos 

suspicious 3 A neg 

suspicious 3 A pos 

thinker 3 O pos 

thinker 3 E neg 

willing 4 A pos 

willing 4 O pos 
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STable 3 

Overlapping terms between dictionaries 

A E N C O 

abrasive antisocial anxious careless complex 

amicable bashful emotional diligent intuitive 

antagonistic breezy fearful disorderly narrow 

argumentative bubbly high-strung disorganized philosophical 

cruel chatty hypocritical efficient shallow 

egocentric distant nervous hardworking talkative 

egotistical energetic sensitive impolite 

 
flexible enthusiastic tolerant irresponsible 

 
harsh extroverted unemotional lazy 

 
hostile introverted 

 

messy 

 
intolerant lively 

 

meticulous 

 
kind outgoing 

 

orderly 

 
selfless quiet 

 

organized 

 
spiteful reclusive 

 

particular 

 
sympathetic reserved 

 

practical 

 
twitchy shy 

 

precise 
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silent 

 

productive 

 

 

sociable 

 

punctual 

 

 

unfriendly 

 

rational 

 

 

unsociable 

 

responsible 

 

 

vibrant 

 

sloppy 

 

 

withdrawn 

 

strict 

 

   

studious 

 

   

systematic 

 

   

thorough 

 

   

unreliable 

 

   

untidy 
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Robustness checks on task order effects  

In addition to the analyses reported in the main manuscript, we performed a mini-meta analysis in 

which we examined the broad effect that order had on the correlation strength for each personality 

trait domain. For this analysis, we split participants into two groups based on whether they 

completed the BFI before or after the self-description task. We then computed correlations between 

participants' taxonomy-based scores and their BFI scores separately for each order group, comparing 

trait dimension (Extraversion, Agreeableness, Conscientiousness, Neuroticism, Openness), and 

valence (positive, negative). This yielded 10 correlation pairs (5 dimensions × 2 valences). 

To test whether order systematically affected the strength of these correlations, we applied Fisher's 

z-transformation to each correlation coefficient and calculated the difference in transformed 

correlations between order groups. We then conducted a random-effects meta-analysis across all 10 

correlation pairs using restricted maximum likelihood estimation (REML). This approach allowed us 

to quantify the average effect of order while accounting for heterogeneity across the different trait-

valence combinations. Overall, the mean effect using a random-effects model (see SFigure 1) was 

close to zero: zr = -.01 [95%CI -.10, .07]. Among the individual sets, we identified only two minor 

differences that reached significance (see Figure S1). The Extraversion_negative correlation was 

marginally weaker if participants saw the BFI after the self-description (zr = -.27, [95%CI -.48, -.06]) 

and Openness_positive was marginally stronger (zr = .23 [95%CI .02, .43]). Therefore, we did not find 

a consistent and generalizable effect of order on description production. In summary, the analyses 

converge and indicate that there are no major differences based on the order of presentation. 
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SFigure 1 Meta-Analytic result of order effects across facets 

 

 

 


