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Abstract

Personality traits are often measured using person-descriptive terms, but data are limited
regarding the frequency of usage for these terms in everyday language. This project reports on
the relative frequency of usage for a large pool of American English terms (N = 18,240) using
count estimates from search engine results and in books cataloged by Google. These estimates
are based on the ngrams formed when each descriptor is combined with a common person-
related noun (person, woman, man, girl, boy). Results are reported for each noun form and a
frequency index in an online database that can be sorted, searched, and downloaded. We report
on associations among the different noun forms and data types and propose recommendations for
the use of these data in conjunction with other resources. In particular, we encourage
collaborative approaches among research teams using large language models in psycholexical
research related to personality structure.
Keywords: personality descriptors, trait descriptive adjectives, ngrams, psycholexical,

personality structure, language modeling
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Frequency of use metrics for American English person descriptors:

Extensions of Roivainen’s internet search methodology

The primary aim of this project is to identify the relative frequency of usage of person-
descriptive terms in American English. Though multiple methods have been proposed (Leising et
al., 2014; Motschenbacher & Roivainen, 2020; Wood, 2015), the current approach focuses on the
procedure of using the counts estimated in the Google Books™ Ngram Viewer (Michel et al.,
2011) and Google Web Search™ results for terms containing two or more words (ngrams)
composed of a person-descriptive term and a common noun indicating an individual person. For
example, “happy person” or “funny woman”. The person-descriptive terms used in this work
include a diverse range of qualifiers — many describe features of personality, while many more
relate to other psychological and non-psychological differences.

This project expands on the search results approach introduced by Roivainen (2013) by
evaluating a larger pool of terms than previously reported (from 432 to 18,240) and using several
additional ngrams. While thousands of research projects have made use of Google Books Ngram
data (Michel et al., 2011), counts from search engine results have been less widely reported in
scientific research. The motivation for including both sources in this work was based on the
intention of tapping into knowledge graphs (Hogan et al., 2021) with broader domain coverage
than published books (Paulheim, 2017; Pechenick, 2015).

It has previously been noted that many of the descriptors used to identify personality
structure in the context of the “lexical hypothesis” (Goldberg, 1992, 1993) are uncommon words
(Roivainen, 2013, 2015). This problem is particularly evident in longer lists of personality

descriptors such as the list developed by Allport and Odbert (1936) with nearly 18,000 terms, the
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2,797-term list used by Norman (1967), and the 2,818-term list evaluated by Condon, Coughlin,
and Weston (2022). For example, the latter list includes — for the sake of continuity — many
terms from Goldberg and Norman (Goldberg, 1982; Ashton et al., 2004) that were originally
chosen for their expected utility as bipolar markers (Goldberg, 1992) rather than their frequency
of use in everyday descriptions of personality (e.g., “uncautious”, “unfaltering”, “unmaidenly”).
In fact, some of these are unfamiliar to most native English speakers (“unmercenary”,
“unimpressible”; Condon et al., 2022). At the same time, many terms (e.g., “joking”,
“discouraging”, “nerdy”’) have been excluded from large-scale personality studies of adjective
ratings despite frequent usage in everyday language.

Roivainen (2013) proposed that internet search results and frequencies in books are
useful indices of the relative frequency of usage across descriptors, and reported these values for
the 435-term list previously used by Goldberg (1992) and Saucier and Goldberg (1996). Though
search engine results and books frequencies were highly correlated (r = .58 for search results in
2012 and counts in the books cataloged in 2000), these approaches reflect different contexts of
language use. Frequencies in books should be expected to reflect usage among more literate,
published authors, and — for Google Books — this approach has the benefit of being permanently
archived. Search engine results, by comparison, should be expected to capture frequencies of
usage in less formal contexts, on average. That said, these results are more difficult to interpret
and track, as search engines use unique, opaque, evolving, and proprietary algorithms.
Additional resources are available for evaluating the frequency of use of specific words (Davies

et al., 2010; Brysbaert et al., 2019), but these are less useful for evaluating the frequency of

usage in specific contexts, such as personality description.
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The need to characterize longer lists of terms stems from the potential to use language
models (aka natural language processing techniques) in personality structure research (Cutler &
Condon, 2022; Jackson et al., 2021). These models include, for example, transformer-encoder
models such as BERT (Devlin et al., 2019), DeBERTa (He et al., 2021), and GPT-3 (Brown et
al., 2020). Unlike traditional survey-based approaches that require ratings of each descriptor
from individual raters, these models are not constrained by the attention and fatigue limits of
human raters. This introduces the possibility of including many thousands of trait descriptive
adjectives in analyses of personality structure (Cutler & Condon, 2022). In turn, this possibility
increases the benefit of characterizing the full universe of person descriptors on various features,
including the extent to which they are commonly used. While it is also important to characterize
the descriptors according to other criteria (i.e., the extent to which each is relevant to
psychology), frequency of usage estimates are particularly useful for identifying a subset of
terms that can be considered reasonably comprehensive.

Thus, the current work seeks to estimate the frequencies of use for an overly inclusive set
of person descriptors. This is done by generating two indices of frequency estimates that are
considerably more extensive than prior reports; we use five “descriptor + noun” forms instead of
one and 42 times as many descriptors.

Hypotheses
Though the primary aim of this work was descriptive, several hypotheses were posited

and pre-registered (https://osf.io/9br67). First, we expected all forms of the descriptor + noun

ngrams to be highly correlated in the Google Books results and, separately, in the Google Web
Search™ results. Specifically, we expected all correlations to be above .7 for “[descriptor] +

person”, “+ woman”, “+ man”, “+ girl”, and “+ boy”. Second, we expected the search results to


https://osf.io/9br67
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be moderately to highly correlated with the frequencies in Google Books™ (rs > .5; Michel et
al., 2011), and for both types to be highly correlated with the frequencies reported by Roivainen
(2013) for the overlapping terms (rs > .7). Third, we expected to find differences among the
correlations between ngrams such that (1) “man” and “woman” would be more closely
associated to “person” than “boy” and “gir]” are associated with “person”; (2) “man” and
“woman’ would be more closely associated to one another than they are to either “boy” or “girl”
and vice versa; (3) the terms would be more highly correlated within gender (i.e., “man” to
“boy”) than across (“woman” to “boy”); and (4) each of the five forms would be most highly
correlated with the overall index derived using a “leave one out" average. For the last of these,
the index was calculated by dropping the ngram with the most counts (leave one out), and this
was done to reduce the influence of outlier ngrams (e.g., those that formed proper nouns or
works of art).

We also pre-registered less well-specified, directional expectations that ordering of the
ngram variables by z-score difference relative to the index for each descriptor would reflect
stereotypical age and gender social roles (for extended review of this topic, see Motschenbacher
and Roivainen, 2020). For example, “man” and “woman” were expected to have higher z-scores
for “dangerous” and “experienced”; “boy” and “girl” were expected to have higher relative z-
scores for “youthful” and “innocent.” However, we generally expected similar averages of search
results (across all terms) for the “woman”, “man”, “girl”, and “boy” forms.

Finally, and perhaps most importantly, we expected that many of the descriptors would
have consistently low counts for 4 or 5 of the ngram forms. Of the 2,818 terms in Condon et al.
(2022), we expected 10% to 30% would produce relatively few search results and/or no

occurrences in recent books. This would suggest that these terms are rarely, if ever, used to
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describe personality in everyday language. To clarify the rationale for specifying 4 or 5 of the 5
possible ngram forms, we expected that some ngrams would have an unpredictably large number
of search results for only one form due to the unexpected formation of culturally meaningful
ngrams, such as proper nouns or works of arts (e.g., song titles, fictional characters).

Note that data collection deviated from the pre-registration in one important respect.
Specifically, the initial scope of the project included only the 2,818 descriptors reported in
Condon, Coughlin, and Weston (2022). However, the results of a related project (Cutler &
Condon, 2022) demonstrated that future research on personality structure need not be limited to
relatively small sets of person-descriptive terms, and this prompted the decision to proceed with

data collection for a much more comprehensive list, as described below.

Method

Materials

A total of 18,241 person-descriptors were used to form ngrams with each of 5 nouns
indicating individual persons. The nouns were “person”, “woman”, “man”, “girl”, and “boy”.
The person descriptors were aggregated from several resources, though the majority of content
overlapped with the large pool of descriptors published by Allport and Odbert (1936), who
provided “a tabulation of all the trait-names in the English language, — all at least that are
included in Webster's [1925] unabridged New International Dictionary” (p. vi, Allport & Odbert,
1936). Note that the number of unique terms in this list — 17,913 — is slightly less than the count
claimed in the original publication (17,953). To account for the possibility that the Allport and

Odbert list was incomplete, many additional lists were considered, including the overlapping lists

of Norman (2,797 terms; 1967), Anderson (555 terms; 1968); Goldberg (1,710 terms; 1982),
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Chandler (1,042 terms; 2018), and Condon et al. (2,818 terms; 2022). Collectively, these lists
contained approximately 600 terms that were not included in the Allport and Odbert list, but only
359 additions remained after removing alternate spellings, type-nouns, and slang or vulgar terms.
Similarly, 31 terms from the Allport and Odbert list were deprecated because they were
alternative spellings of a single descriptor (i.e., only one form of a hyphenated and non-
hyphenated version of the descriptor was kept), or because they were no longer widely accepted
for use as descriptors (i.e., derogatory or excessively inappropriate descriptors).

It is also important to emphasize the over-inclusive nature of this list. Despite stating that
“each single term specifies in some way a form of human behavior” (p. vi, Allport & Odbert,
1936), the authors later clarify (and close inspection confirms) that the main criteria for inclusion
were based on "the capacity of any term to distinguish the behavior of one human being from
that of another” (p. 24). The difference is slight but meaningful, as few of the terms specify
behavior. Most could be classified as qualifiers or descriptors of behavior, though a substantial
minority of the terms are non-psychological (e.g., demographic or occupational classifiers,
physical attributes). Similarly, most of the terms are adjectives (specifically, descriptive
adjectives, including many past and present participles), though there are also many “type”
nouns (e.g., martyr, slob, clown). Several of the terms are not typically considered part of
American English (e.g., acharné, auld-farrant, concitato, dégagé).

In addition, a large proportion of the terms are uncommon and/or unfamiliar. In an
attempt to address the cumbersome length of this list, the original authors separated the terms
into four groupings based on familiarity and expected utility, though they acknowledge that their
procedure relied on several arbitrary decisions. Rather than subset from this list based on these

arbitrary criteria or some other method, we used the full list to collect frequency estimates in the
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current work with the expectation that these estimates will facilitate less arbitrary procedures for

subsetting in the future.

Procedure

Data collection procedures generally followed those described by Roivainen (2013). For
search engine results, frequency of usage was operationalized as the number of results shown for
internet searches for each ngram. Correspondence with Roivainen suggested that
commercial/proprietary features of the search engine algorithm may alter the number of search
results returned based on attributes of the client. As Google Web Search™ is a proprietary tool,
the method by which it indexes web content is opaque, though the search results are known to be
dependent on more factors than just semantic frequency (Pechenick, 2015; Paulheim, 2017). This
was confirmed with pilot data collection, as inconsistent results were produced when using
different combinations of browsers, operating systems, networking equipment, locations, and
ngram forms. Pilot data collection (involving approximately 25 descriptors) also highlighted a
tendency of the search engine to redirect searches for uncommon or potentially misspelled
ngrams.

To address these concerns, we introduced three deviations from the procedures described
by Roivainen (2013). The first involved extensive use of quotation marks. Specifically, all
hyphens were replaced with spaces (causing some bigrams to become 3- or 4- grams), quotes
were added around all individual words to ensure that no alternate spellings would be introduced,
and additional quotes were included around all phrases to reduce the incidence of results being
returned for reordered forms of the phrase. For example, the exact search entry for the bigram

“self-reliant person” was:
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""self" "reliant" "person™"
Second, all searches were made from a novel browsing profile (without a search history) that was
set to limit search results to the United States. Finally, we extended Roivainen’s approach
beyond using only the noun “person”. This was primarily done to improve the signal/noise ratio
produced when using only one noun. However, we also incorporated this change to evaluate the
effect of using other common nouns referring to people, in a manner similar to Motschenbacher
& Roivainen (2020).

For the Google Books™ Ngram Viewer, frequency of usage was operationalized as the
proportion of occurrences of the ngram in the total corpus of words cataloged for each year
(Michel et al., 2011). Using the same example given above, the ngram search entry was:

"self - reliant person™
Note that ngram searches require the use of spaces around the hyphen in hyphenated terms. We
used the average of the most recently available 10 year period (2010 to 2019) in the American
English corpus. Though data are available for prior years as far back as 1500, changes in

frequency over time were not a focus of the current work.

Analyses

The data were collected in January 2022. The analyses included reporting of descriptive
statistics based on the raw data for both the search engine and books results. The hypotheses
related to mean differences by noun form (e.g., “person”, “woman”) were evaluated with
pairwise t-tests within the two types (books or search engine). These results are presented with
and without adjustments for multiple comparisons. All remaining analyses (and data made

publicly available) were based on z-score transformations of the raw data within type and noun
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form. Indices of frequency were created for both types (books and search engine results) by
averaging z-scores across the noun forms after removing the maximum z-score value across all 5
forms. This method for creating an index was used instead of the simple arithmetic mean to
reduce the influence of arbitrarily inflated results that might occur if a specific ngram has
meaning beyond the context of personality (i.e., in popular culture or media).

Correlational analyses were used to evaluate many of the hypotheses, including the
associations between all of the descriptor + noun forms within the books results, within the
search engine results, across the books and search engine results, and with the results reported in
Roivainen (2013). Pearson correlations were reported along with 95% confidence intervals;
statistically significant differences in correlations were identified based on the absence of
overlapping confidence intervals. Hypotheses about the organization of descriptors by noun form
relative to the index were evaluated by sorting the z-score differences. For example, differences
between the index of frequencies and the z-scores for “[descriptor] + man” were sorted, and the
largest differences were evaluated qualitatively for evidence of consistency with stereotypes or

other biases.

Results
The supplemental materials for this project include databases containing all frequency
estimates for both types in a format that is searchable and sortable. These materials also include
documentation of the analytic code and provide access to the data. The supplemental materials

are posted at https://pie-lab.github.io/tdafrequency.

Following collection of the data, one of the descriptors — “self-harming” — was dropped.

This decision was prompted by its placement as the most frequently used descriptor in the search
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engine results. Further inspection indicated that the number of results was high for all noun
forms, but especially for “girl” and “boy”. Given that prior research related to online searches
about self-harming behavior (Lewis et al., 2014; Stanicke, 2021) has pointed to the importance
of providing access to unbiased information, and the existence of policies about self-harm-
related content at Google, it seemed likely that the results for this descriptor were affected by
factors unrelated to frequency estimates. All of the other 18,240 descriptors were retained.

Tests for significant differences in means by noun form indicated only one significant
pairwise difference in means after correcting for multiple comparisons: the “boy” and “girl”
forms in the search engine results (p =.002). None of the means were significantly different in
the books results. For the 432 descriptors overlapping with Roivainen (2013), both data types
were highly correlated with the data collected here: the search results were correlated .86 (95%
Cl [.83-.88]) and the books results were correlated .89 (95% CI [.84, .92]). The Roivainen search
results were collected in 2012; the books results were based on books published in 2000. These
results are based only on the noun form common across studies (“+ person”).

Evaluations of the associations among the various noun forms and data types are shown
in Table 1. The table shows correlations and 95% confidence intervals after Holm-adjustment for
multiple comparisons. Correlations among the search engine results were all statistically
significant, though the magnitudes of the correlations varied widely (rs ranged from .03 to .92).
Within the search engine results, ngrams using the noun “person” were weakly associated with
all other forms (rs from .03 to .07). The remaining correlations among all other noun forms in the
search results were moderately to highly correlated, but only the woman-man correlation was

above the hypothesized threshold (r > .7). For the remaining pairwise hypotheses among forms
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Table 1: Correlations and 95% confidence intervals among noun forms in books and search results
Variable 1 2 3 4 5 6 7 8 9 10 11
1. “person” search
2. “woman” search .06
[.05,.08]
3. “man” search .04 71
[.02,.05] [.70,.72]
4. “girl” search .04 .65 .53
[.02,.05] [.64,.66] [.52,.54]
5. “boy” search .03 51 .38 .58
[.02,.05] [.50,.521 [.37,.39]1 [.57,.59]
6. Frequency 07 92 .76 75 .70
Index search [.05,.08] [.92,.931 [.76,.771 [.74,.75] [.69,.70]
7. “person” books 16 .38 .29 23 27 43
[.14,.19] [.36,.411 [.27,.32] [.21,.26] [.24,.29] [.41,.45]
8. “woman” books .05 91 .84 .56 A7 .89 37
[.02,.08] [.90,.91]1 1[.83,.85] [54,.58] [.45,.49] [.88,.89] [.34,.40]
9. “man” books .04 .81 .90 53 A7 .84 34 .96
[.02,.07] [.81,.82] [.90,.91] [51,.54] [45,.49] [.84,.85] [.31,.36] [.96,.96]
10. “girl” books .02 41 .39 49 .83 57 .20 45 A7
[-.01,.06] [.38,.44] [.37,.42] [.46,.52] [.82,.84] [54,.59] [.16,.23] [.43,.48] [.44, .50]
11. “boy” books .02 45 .56 52 .81 .62 21 .56 .61 .96
[-.01,.06] [.43,.48] [.54,.58] [.49,.54] 1[.80,.82]1 [.60,.64] [.18,.25] [.53,.58] [.59,.63] [.95,.96]
12. Frequency .05 .82 .81 .61 .70 .90 41 92 .93 73 .80
Index books [.03,.08] 1[.81,.831 [.80,.82] [.59,.621 [.69,.72] 1[.90,.911 [.38,.43] 1[.92,.92] [.93,.931 [.71,.74] [.79,.82]

Note. Values in square brackets indicate the 95% confidence interval for each correlation.
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of the search engine results, the results supported only two: (1) “woman” and “man” (r = .71)
were more closely associated than either was with “girl” (Igirl-woman = 65; I girl-man = .53) or “boy”
(rooy-woman = .51; rboy-man = .38); and (2) all of the search engine noun forms were most closely
associated with the search engine index.

Correlations among the books results were also all statistically significant, and the
magnitude of the correlations were higher than those for the search results, on average (Fvooks mean
= .59 VS TIsearch mean = .45). The “person” ngram was again less closely associated with the other
terms but the difference was less pronounced than with the search results (rs from .20 to .41).
Again, “woman” and “man” were more closely associated (r = .96) than either was with “girl”
(rgir-woman = .45; rgirl-man = .47) or “boy”” (Fboy-woman = .56; F'voy-man = .61), and “girl” and “boy”
were more highly associated (r = .96) than either was with “woman” or “man”. Only “person”,
“man”, and “boy” were most highly associated with the books index relative to other ngram
forms. Correlations of the same noun forms across the books and search results were generally
strong (rs > .80), with the exception of the “person” (r =.16) and “girl” ngram forms (r = .49).

These correlational results are consistent with evidence from analyses of the most
exclusive descriptors for each noun form. Table 2 shows the top 10 most exclusive terms for
each form and data type. The lists are generally consistent among the same noun forms across
data types, especially for the most highly correlated noun forms. For the “woman” ngrams, 6 of
the 10 words are the same in the books and search results; 4 are the same for “man”, “boy”, and
“person”. However, only 2 of the terms were shared for the “girl” ngram. Across all forms,
demographic attributes are the most common type of descriptors — young, old, black, white, big,
little, small. For the female noun forms (woman, girl), there are also many physical attributes;

the descriptor “beautiful” was among the top 4 for the woman and girl ngrams of both types.
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Table 2: The 10 most exclusive descriptors for each ngram form and data type

15

ngram form ([descriptor] + ...) Frequency
Data type person woman man girl boy Index
Books “first” “young” “old” “little” “little” “young”
results “single” “old” “young”  “pretty” “small” “black”
“human” “beautiful” “white”  “beautiful”  “old” “old”
“average” “pregnant” “dead” “sweet” “big” “little”
“last” “first” “black” “dear” “bad” “white”
“reasonable” “black” “big” “nice” “dear”  “beautiful”
“right” “elderly” “rich” “poor” “good” “first”
“second” “middle-aged”  “great” “lovely”  “golden” “sexy”
“whole” “white” “tall” “silly” “pretty” “good”
“particular” “attractive” “wise” “smart” “stable” “hot”
Search “athletic” “young” “old” “hot” “little” “young”
results “first” “mature” “iron” “cute” “bad” “old”
“single” “old” “black”  “beautiful” “young” “little”
“right” “beautiful” “young” “little” “big” “good”
“overdrinking” “pregnant” “dog” “sexy” “game” “black”
“opiate” “pretty” “punch” “black” “gay” “white”
“human” “first” “good” “old” “out” “poor”
“normal” “black” “gay” “horny” “good” “first”
“better” “sexy” “dead” “new” “fat” “dead”
“specific” “addicted” “last” “skinny”  “small” “new”
Discussion

The primary contribution of this project is to make the books and search results available

for researchers, especially personality psychologists, who seek information about the frequency

of usage for person-descriptive terms. Most prominently, these data can contribute to the long arc

of psycholexical research that began in earnest in 1936 (Allport & Odbert) and remains ongoing

(Cutler & Condon, 2022). Prior work in this area has led to the identification of several multi-

dimensional structural models of personality, including the Big Five (Goldberg, 1992), the

HEXACO (Ashton et al., 2004) and the High Dimensional 20 (Saucier & lurino, 2020). The

motivation for more detailed characterization of person-descriptive terms at this stage stems from

(1) the availability of novel methods for identifying structure (i.e., language models such as
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BERT [Devlin et al., 2019] and DeBERTa [He et al., 2021]), and (2) renewed interest in the
development of a bottom-up taxonomy of personality traits (Condon et al., 2021).

Our hypothesis-driven results also suggest lines of further inquiry, especially with respect
to the differential use of person-descriptors. For example, the results indicated that person-
descriptors are notably less correlated across noun forms by age. Among books results, the
correlations were very high (.96) for both the woman and man forms and the girl and boy forms,
though the correlations across age forms were much lower (.45-.61). The differences in
correlations were larger and more consistent across ages than gender. Of note, the moderate-to-
high associations among all of the age and gender specific noun forms did not match their
associations to the more generic “person” noun form. These findings generally suggest that
structural analyses of subsets of these terms may be affected by the inclusion of terms that
insinuate affiliation with a demographic or other group type, but more work is needed to consider
the effects of other types of group affiliation and the extent to which these differences are present
among subsets of the terms (especially the most personality-relevant terms). In the interim, a
reasonable recommendation is to use the frequency indices.

The results provided further evidence that the books and search engine results are
generally highly similar, with one exception. All the noun forms were highly correlated (.81-.91)
across the books and search results, but the girl noun form was much less (.49). Further work is
needed to identify factors contributing to the difference, and to determine whether this difference
remains evident in the personality-relevant subset of descriptors.

These suggestions for future research highlight a limitation of these data for personality
applications: the list of terms is highly over-inclusive. A non-trivial proportion of the terms seem

irrelevant as person-descriptors; for example, “car” or “elk”. Further, a large proportion of these
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terms are unrelated to psychological attributes. Even among the descriptors that may be related to
psychological attributes, there is considerable variability with respect to (1) the extent of
psychological relevance (consider: “injured”, “overdressed”, and “unclean’); (2) the extent to
which the term describes a stable or passing attribute (“flustered”, “giddy”); and (3) the extent to
which the term is unambiguously defined or operationalized (“owlish”, “compelling”, “hurting”).
Thus, for research on personality structure specifically, it is expected that only a fraction of the
terms in this list would have utility — the subset of psychologically relevant terms that are
unambiguously used to describe stable attributes.

Identifying this subset of terms is a priority. As both Google Web Search™ and Google
Books™ Ngram Viewer are imperfect means of indexing frequency, we do not recommend that
either be used independently when considering personality descriptors for subsequent structural
analyses. Just as the frequency indices presented herein are intended to provide more stable and
reliable estimates of frequency than any single descriptor + noun form, we advise using these
values together and in conjunction with alternative frequency estimates. These include tools like
the Corpus of Contemporary American English (Davies, 2010) and word prevalence norms
(Brysbaert et al., 2019). Frequency estimates should also be considered in relation to the
familiarity, knowledge, and ambiguity of the meaning of each descriptor. To evaluate the
frequency of usage in selected populations, survey-based sampling methods would be more
appropriate (Leising et al., 2014; Wood, 2015).

We encourage readers to use and improve upon these tools collaboratively, helping the

field move closer towards the development of a comprehensive personality taxonomy.
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