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Resumo: Os Large Language Models (LLMs) representam um avango signifi-
cativo no Processamento de Linguagem Natural (PLN). Este estudo investiga a
utilizacao desses modelos na obtencao de evidéncias de validade baseadas
no conteudo de um novo instrumento de avaliacao dos cinco grandes fatores
de personalidade. Os itens do novo instrumento foram criados pelo ChatGPT e
analisados semanticamente pelo Gemini, ao lado dos itens do BFI2 (criados por
humanos). A analise empregou classificagdo dos itens via prompt (simulando
um juiz especialista) e analise fatorial exploratéria dos embeddings dos itens
(obtidos via API), propondo uma nova abordagem a psicometria. Os resultados
mostraram convergéncia semantica para neuroticismo, amabilidade, abertura e
conscienciosidade, mas maior dispersao nos itens de extroversao. Observou-se
tambem convergéncia semantica entre itens criados pelo LLMs e por humanos
(validade convergente de conteudo). Conclui-se que os LLMs apresentam bom
potencial para contribuir no processo de obtencao de evidéncias de validade
de conteudo.

Palavras-chave: inteligéncia artificial; avaliacdo psicologica; psicometria.

Abstract: Large Language Models (LLMs) represent a significant advancement
in Natural Language Processing (NLP). This study investigates the use of these
models in gathering content-based validity evidence for a new instrument asses-
sing the Big Five personality factors. ltems for the new instrument were created
by ChatGPT and semantically analyzed by Gemini, alongside items from the BFI-2
(human-created). The analysis employed item classification via prompt (simulating
an expert judge) and Exploratory Factor Analysis of item embeddings (obtained
via API), proposing a novel approach to psychometrics. Results showed semantic
convergence for neuroticism, agreeableness, openness, and conscientiousness,
but greater dispersion for extraversion items. Semantic convergence was also
observed between LLM-generated and human-created items (content-conver-
gent validity). It is concluded that LLMs show significant potential to contribute
to the process of gathering content-based validity evidence.

Keywords: artificial intelligence; psychological assessment; psychometrics.

Resumen: Los Large Language Models (LLMs) representan un avance en el
Procesamiento del Lenguaje Natural (PLN). Este estudio investiga la utilizacion
de MLGEs en la obtencion de evidencias de validez basadas en el contenido en
la evaluacion de los cinco grandes factores. Los items del nuevo instrumento
fueron creados por ChatGPT y analizados semanticamente por Gemini, junto a
los items del BFI2 (creados por humanos). El analisis empled la clasificacion de
los items mediante prompt (juez experto) y el analisis factorial exploratorio de
los embeddings (API), un nuevo enfoque psicométrico. Los resultados mostraron
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convergencia semantica para neuroticismo, amabilidad,
apertura y consciencia, pero una mayor dispersion en
los items de extraversion. Se observo también conver-
gencia semantica entre los items creados por el LLMs
y por humanos (validez convergente de contenido). Se
concluye que los LLMs presentan un buen potencial
para contribuir en el proceso de obtencion de eviden-
cias de validez de contenido.

Palabras clave: inteligencia artificial; evaluacion
psicologica; psicometria.

Introduction

Content validity is defined as the degree to
which the items, tasks, or questions of a test
represent all central elements of the construct
intended to be measured (American Educational
Research Association et al., 2014). Some authors
restrict this process to item analysis conducted
by an expert committee (Dempsey & Dempsey,
2000; Fitzner, 2007), while others broaden the
concept to include the creation and development
of items (Pasquali, 2010).

Both the creation and evaluation processes of
items face limitations due to their subjective na-
ture (Alexandre & Coluci, 2011). Additionally, there
is often a challenge in finding experts to assess
items for a new construct, whether due to the
lack of specialists in the field, limited availability,
or language barriers, especially when experts are
speakers of a language different from the one in
which the instrument is being developed.

Emerging information technologies offer pro-
mising avenues for addressing long-standing
challenges in content validation. This study in-
vestigated the potential of Large Language Mo-
dels (LLMs), specifically OpenAl's ChatGPT and
Google's Gemini, for supporting content-validity
procedures in personality assessment. ChatGPT
was used to generate test items, emulating the
role of the instrument developer, whereas Gemini
evaluated item representativeness for the Big Five
constructs, functioning analogously to an expert
judge. This division of labor reflected the models'
relative strengths at the time of data collection,
with ChatGPT excelling in generative tasks and
Gemini demonstrating strong semantic-analysis
capabilities.

Large Language Models (LLMs) constitute a

major advancement in Natural Language Proces-
sing (NLP), a field dedicated to enabling compu-
ters to understand and generate human language
(Demszky et al., 2023). Trained on extensive text
corpora to predict subsequent words, LLMs learn
contextual and nuanced meanings arising from
word interactions (Debelak et al., 2024; Demszky
et al, 2023; Pellert et al., 2024)such as social me-
dia posts, to infer psychological characteristics,
as well as survey and interview analysis. In this
tutorial paper, we demonstrate the use of the
Python-based natural language processing sof-
tware package transformers (and related modules
from the Hugging Face Ecosystem. This capability
stems from the Transformer architecture, which
uses a self-attention mechanism to assess the
relevance of each word relative to all others in
a sequence, allowing the model to capture lon-
g-range dependencies and complex sentence
structures while processing information in parallel
(Debelak et al., 2024; Pellert et al., 2024; Vaswani
et al., 2017)such as social media posts, to infer
psychological characteristics, as well as survey
and interview analysis. In this tutorial paper, we
demonstrate the use of the Python-based natural
language processing software package trans-
formers (and related modules from the Hugging
Face Ecosystem.

LLMs encode semantic information in the form
of embeddings: numerical vector representations
in multidimensional space, where the proximity
of vectors reflects semantic similarity (e.g., "dog"
near “cat” or “teacher” near “educator’)(Debelak
et al, 2024; Pellert et al., 2024)such as social me-
dia posts, to infer psychological characteristics,
as well as survey and interview analysis. In this
tutorial paper, we demonstrate the use of the Py-
thon-based natural language processing software
package transformers (and related modules from
the Hugging Face Ecosystem. These embeddin-
gs can be obtained via APIs offered by systems
such as ChatGPT and Gemini, enabling users to
input text and receive the corresponding vector
representation. Converting language into nume-
rical vectors allows the application of statistical
methods to evaluate semantic similarity between
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words, sentences, or test items (OpenAl, 2023).

This approach has been applied across di-
verse areas of psychological research, including
sentiment analysis (W. Zhang et al., 2023), social
psychology (J. Zhang et al,, 2023), and mental-
-health support tools in clinical settings (J. Hu
et al., 2024). In psychometrics, LLMs have been
explored for assessing psychological attributes
of the models themselves (Pellert et al., 2024),
developing new assessment paradigms (Kjell
et al., 2024), automatically generating test items
(Attali et al., 2022), and detecting personality traits
in social-media data (L. Hu et al,, 2024). Given
these technological advances, incorporating
LLMs into content validity procedures represents
a promising opportunity. Their capacity for text
generation and semantic analysis supports both
item development and evaluation of theoretical
relevance, whether through prompting strategies
or embedding-based approaches via APIsThe
choice to develop an instrument based on the Big
Five model derives from its linguistic foundation
in the lexical hypothesis, which posits that socially
relevant individual differences become encoded
in language over time. Human characteristics
are thus expressed through words and phrases,
facilitating communication and shared unders-
tanding of behavior (Goldberg, 1990).

The choice to develop an instrument based
on the Big Five model derives from its linguistic
foundation in the lexical hypothesis, which po-
sits that socially relevant individual differences
become encoded in language over time. Human
characteristics are thus expressed through words
and phrases, facilitating communication and sha-
red understanding of behavior (Goldberg, 1990).

Extensive research using dictionary analy-
ses and adjective inventories has consistently
identified five broad and universal personality
dimensions (extraversion, agreeableness, cons-
cientiousness, neuroticism, and openness to
experience) replicated across languages and
cultures (McCrae & Costa, 1997, Pires et al,, 2023).
The lexical hypothesis therefore not only under-
pins the Big Five framework but also highlights
the intrinsic link between natural language and

Personality Psychology, making it particularly re-
levant for studies employing LLMs, which operate
through text analysis and processing.

Among self-report instruments assessing the
Big Five, the NEO-PI-R (McCrae & Costa, 1997)
and the BFI-2 stand out, both operationalizing
personality through facets. In BFI-2, each fac-
tor is represented by three facets (Soto & John,
2017). Extraversion comprises sociability (desire
for social interaction), assertiveness (expressing
opinions and pursuing goals in social contexts),
and energy level (positive affect and enthusiasm).
Agreeableness includes compassion (concern
for others), respectfulness (consideration for
others'rights and preferences), and trust (positive
expectations about others). Conscientiousness
encompasses organization (structure and order),
productiveness (work ethic and persistence),
and responsibility (dependability and obligation
fulfillment). Neuroticism is defined by anxiety (ten-
dency toward fear), depression (sadness and low
energy), and emotional volatility (mood instability).
Openness involves intellectual curiosity (interest
in ideas), aesthetic sensitivity (appreciation of art
and beauty), and creative imagination (originality
and creativity) (Soto & John, 2017).

Research demonstrates broad convergence
among facets within factors but also meanin-
gful cross-loadings, reflecting trait complexity.
For instance, neuroticism facets have loaded
on agreeableness and conscientiousness, and
extraversion facets on neuroticism, openness,
and agreeableness; assertiveness has shown
cross-loadings on several dimensions (McCrae
& Costa, 1997, Soto & John, 2017). These findings
suggest that, despite the robustness of the Big
Five, facets may share semantic and functional
overlap across traits.

Given the empirical strength of the Big Five and
its grounding in the lexical hypothesis, applying
Large Language Models (LLMs) to examine con-
tent-based validity in this framework is com-
pelling. Accordingly, this study developed a Big
Five inventory (BF_BR) and sought content-validi-
ty evidence using LLMs. ChatGPT was employed
for item generation and Gemini for content evalua-
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tion, representing, to our knowledge, the first
application of this methodology in psychometrics.

Method

The search for content-based validity eviden-
ce was conducted using two approaches: one
involving the use of Gemini's prompt to request
item classification into facets and factors, and the
other employing the Gemini API to obtain and
analyze the embeddings of the items.

Instruments

Personality Inventory Based on the Big
Five Factors (BF_BR)

Allitems in this instrument were generated by
ChatGPT, version 3.5 (OpenAl, 2023), under the
following system-prompt instructions: “Consider
that the trait extraversion is composed of the fa-
cets sociability, assertiveness, and energy level.
\Xrite 8 statements for each facet (24 in total)
that can be used as test items. The statements
should be simple, concise, and understandable
for individuals with low education levels. Do not
use the names of the facets in the statements (so-
ciability, assertiveness, and energy level)". Iltems
for the other traits and their facets were created
in the same way, replacing trait and facet names
accordingly. A zero-shot prompting strategy was
adopted because it aligns with a purely generative
task, allowing the model to describe behaviors
typical of each facet with minimal instructions
and without excessive technical elaboration. As
a result, the BF_BR comprises 120 self-report
items in Brazilian Portuguese assessing the Big
Five personality traits (agreeableness (A), cons-
cientiousness (C), extraversion (E), neuroticism (N),
and openness (0)) with three facets per trait and
eight items per facet, mirroring the BFI-2 facet
structure (Soto & John, 2017).

Unlike the BFI-2, which includes items repre-
senting both poles of each trait, the BF_BR con-
tains only positively keyed statements. Concep-
tually, agreeableness reflects compassion, trust,
and respectfulness toward others, expressed

through items such as ‘I often care about other
people’s feelings," “l generally believe in people's
good intentions,"and ‘I believe everyone deserves
to be treated with dignity." Conscientiousness
encompasses organization, productiveness, and
responsibility, represented by items like “I like to
keep things tidy and orderly," “l enjoy staying busy
and getting things done," and ‘I fulfill my com-
mitments and promises." Extraversion represents
assertiveness, sociability, and energy level, reflec-
ted in items such as “l am not afraid to express my
opinion," ‘I enjoy being in the company of others,’
and “I have plenty of energy throughout the day."
Neuroticism captures tendencies toward anxiety,
depression, and emotional volatility, exemplified
by the statements “Sometimes | worry a lot about
things that might go wrong," *l often feel sad and
down," and "My emotions can change rapidly.
Finally, openness reflects intellectual curiosity,
creative imagination, and aesthetic sensitivity,
illustrated by "I like learning new things whene-
ver | can," "l enjoy inventing new ways of doing
things," and “l often appreciate beauty in art and
nature." This strategy ensured conceptual fidelity
to Big Five theory while maintaining linguistically
simple and behavior-focused phrasing suitable
for a broad range of educational backgrounds.

Brazilian Portuguese Version of the Big-
Five Inventory Version 2 (BFI-2)

This version comprises 60 items, evenly dis-
tributed across the same 15 facets. However, for
each facet, there were two items in the direction
of the trait and two items in the opposite direc-
tion (e.g., | am compassionate, have a soft heart,
and care about others, enjoying helping them
for the compassion facet of agreeableness trait,
and | don't care much about others, and | can
be indifferent, cold, and distant for the opposite
direction) (Pires et al., 2023; Soto & John, 2017).

Procedures

This study did not require ethics approval
because no human data were collected. The
procedures comprised item generation by Cha-
tGPT, item classification by Gemini, extraction of
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embeddings via Gemini's API, and subsequent
processing and analysis of those embeddings.

Item Classification via Gemini Prompt

ltems generated by ChatGPT were evaluated
by Gemini 1.5 Pro (Google, 2024a), which classified
each item according to the Big Five factors and
facets. The following instruction was provided
verbatim to the model: “You will act as an expert
judge in personality theories, specifically regar-
ding the Big Five model, one of the trait theories.
Consider that the Big Five factors are: extraver-
sion, agreeableness, conscientiousness, neuroti-
cism, and openness. These traits are subdivided
into three facets each: extraversion: sociability,
assertiveness, and energy level; agreeableness:
compassion, respectfulness, and trust; conscien-
tiousness: organization, productiveness, and res-
ponsibility; neuroticism: anxiety, depression, and
emotional volatility; and openness: intellectual
curiosity, aesthetic sensitivity, and creative imagi-
nation. Make two classifications for each item: one
of the five factors and one of the three facets of
the classified factor. Present the results in a table
with three columns: items, factor classification,
facet classification." The resulting classifications
were exported to R for subsequent analysis.

Embeddings were then obtained using Gemi-
ni's APl with the httr (Wickham, 2023) and jsonlite
(Ooms, 2014) R packages. Using the models/
text-embedding-004 model, 768-dimensional
vectors were generated for each item (120 BF_BR
items and 60 BFI-2 items), yielding a 180 x 768
embedding matrix for analysis.

Unlike the item-generation phase performed
by ChatGPT, item classification required specia-
lized analytical judgment. Accordingly, a role-
-prompting strategy was used, specifying that
Gemini should act as an expert judge to emulate
the function of a human specialist while levera-
ging the model's semantic capabilities.

Embeddings were then computed for the full
text of each item using R (R Core Team, 2023) to
interface with the Google Gemini APl via the httr
(Wickham, 2023) and jsonlite (Qoms, 2014) pa-
ckages. The models/text-embedding-004 model

(Google, 2024) was used, and because the API
accepts one input per request, a loop iterated
over all 180 items. Each POST call to the endpoint
..models/text-embedding-004:embedContent re-
turned a 768-dimension embedding vector, which
was extracted and concatenated into a final 180 x
768 matrix. The full R script is available from the
authors upon request.

Data Processing and Analysis: The data were
processed and analyzed using R (R Core Team,
2023) packages ltm (Rizopoulos, 2006) and psych
(Revelle, 2007). The analyses conducted will be
described below.

Data Analysis

Concordance between Gemini's classifications
and the theoretical classifications was evaluated
using standard performance metrics for classifier
assessment (Sokolova & Lapalme, 2009). Con-
fusion matrices were generated, and accuracy,
precision (the proportion of correctly identified
positive cases, sensitive to false positives), recall
(the proportion of true positive cases correctly
identified, sensitive to false negatives), and F1-s-
core (the harmonic mean of precision and recall)
were computed. These analyses were performed
at both the factor and facet levels using the caret
package in R (Kuhn, 2008).

The analysis based on embeddings was proce-
durally more complex. After obtaining the embe-
ddings from both instruments, the first step was
to identify those most likely to contain relevant
information about any of the Big Five factors. This
procedure aimed to pinpoint “expert embeddin-
gs", akin to identifying expert judges in traditional
content validity studies.

Dummy variable columns were created, assig-
ning a value of 1 to indicate the factor of interest
(e.g., extraversion) and o for the other factors,
applying the same method to all factors. Point
biserial correlations were then computed betwe-
en the embeddings and the dummy variables for
each factor. Finally, embeddings with correlations
that deviated by at least two standard deviations
from the mean, either above or below, in at least
one factor, were selected. Using this method,
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140 columns were identified: “V1", “V6", "V7", V8",
"V1Q', V22", "V27", "V34', "V35", "V47", "V49", "V58",
V67" "V70" V72" "V73", "V76", "V82", "V97", "V9g",
V101", V104", "V107", "V112" "V11Q", "V121", "V122",
V125", “V128", V130" V131", V134", "V135", V137",
V142", "V146", "V147" "V157", "V158", "V162", "V174",
V179", "V187", "V191", V193", "V198", "V204", V212",
V227", V228", "V230" V247" "V253", "V254", "V256",
V261", "V262", "V263", "V267" V269" V286", V289",
V300", *V306'", V307", "V310", "V318", V321", "V325",
V326", "V331", V335", V343", "V344', V354" V356",
V357", V371", V397", "V399", "V402", V405", "V408",
V414", "V423", "V424", "N426", "V437", V440", V444’
V446", "V44Q", "V453", "V461", "VAT5", "V476", "V483",
V495", V501", "V504", V509", “V512", V518", V519",
V525", V526", V534", "V535", "V561", "V569", "V575',
V580", "V582", "V590", “V501", “V617", “V618", “V633,
V637", "V661", "V670" "V675", V676", V677",
V681", V683", "V690", "V691" "V693", "V702"
V705", "V711", “V714", "V720", *V732", “V737". “V739"
V748", "V751", "V768".

The decision to analyze a subset of embe-
ddings rather than the full embedding matrix
was driven by methodological and statistical
considerations. Methodologically, the goal was
to isolate semantic signal relevant to the Big Five
constructs from linguistic noise, using exploratory
factor analysis (EFA) to support this selection.
Statistically, it is important to distinguish the
present EFA from traditional applications aimed
at establishing internal-structure validity. Here,
the analysis targeted content validity within a
semantic (not behavioral) space. Thus, selecting
‘extreme” embeddings based on point-biserial
correlations with dummy variables (M + 2SD)
and discarding dimensions with null associations
parallels identifying expert versus non-expert ju-
dges in conventional content-validity procedures.
Although such filtering would be inappropriate
in respondent-based EFAs, it is a purposeful

Table 1 - Classifications

and necessary step when evaluating semantic
representations.

While this dummy-variable-based filtering
introduces potential circularity, falsifiability is
preserved, as no factor structure was imposed
a priori and embedding dimensions could me-
aningfully associate with multiple theoretically
distinct traits (e.g., agreeableness and neuroti-
cism). Accordingly, the subsequent EFA should
be interpreted not as uncovering latent structure
but as clustering items within a theoretically
informed semantic space. The partial circularity
and risk of overfitting are deliberate tradeoffs to
isolate psychometric signal from linguistic noise.

The 140 selected embeddings were arranged
in rows and the 180 items in columns and analy-
zed via EFA using the psych package, extracting
five factors (as indicated by parallel analysis)
with minimum residuals (MinRes) estimation and
Promax rotation, allowing factor correlations. Lo-
adings = .40 were considered salient. Additionally,
factor congruence coefficients were computed
to compare the five empirical factors with 15
dummycoded theoretical facets. Because this
comparison contrasted semantic embeddings
with theoretical targets, rather than two empirical
structures, a .30 threshold (analogous to minimum
acceptable loading criteria) was adopted as an
indicator of meaningful abovechance semantic
correspondence (Lorenzo-Seva & Ten Berge,
2006).Results

Results

The first step of this study consisted of con-
ducting the content validity analysis using the
Gemini prompt. The classification diagnostic me-
trics (Precision, Recall, and F1-Score) for the five
factors and fifteen facets are presented in Table 1.

Level Class (Factor/Facet) Precision Recall F1-Score
Factor Agreeableness (A) 1.000 0.958 0.979
Facet Compassion 0.889 1.000 0.941
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Level Class (Factor/Facet) Precision Recall F1-Score
Facet Trust 1.000 1.000 1.000
Facet Respectfulness 1.000 0.750 0.857
Factor Conscientiousness (C) 0.960 1.000 0.980
Facet Organization 0.800 1.000 0.889
Facet Productiveness 0.833 0.625 0.714
Facet Responsibility 0.667 0.750 0.706
Factor Extraversion (E) 1.000 0.958 0.979
Facet Assertiveness 1.000 0.875 0.933
Facet Energy Level 0.875 0.875 0.875
Facet Sociability* 0.875 0.875 0.875
Factor Neuroticism (N) 0.960 1.000 0.980
Facet Anxiety 0.889 1.000 0.941
Facet Depression 1.000 1.000 1.000
Facet Emotional Volatility 1.000 1.000 1.000
Factor Openness (O) 1.000 1.000 1.000
Facet Intellectual Curiosity? 0.889 1.000 0.941
Facet Creative Imagination® 1.000 0.875 0.933
Facet Aesthetic Sensitivity* 1.000 1.000 1.000

At the factor level, Precision coefficients ran-
ged from 0.960 to 1.000, whereas Recall coef-
ficients ranged from 0.958 to 1.000. F1-Scores
were uniformly high (= 0.979). The analysis de-
monstrated near-perfect agreement (Overall
Accuracy = 98.3%). Two items migrated across
factors: “I always try to be fair and impartial in
my judgments," theoretically expected to load
on Agreeableness but classified under Cons-
cientiousness; and “Sometimes | feel anxious if |
do not have something to do,” expected to load
on Extraversion but classified under Neuroticism.

At the facet level, Precision coefficients ranged
from 0.667 to 1.000, whereas Recall coefficients
ranged from 0.625 to 1.000. F1-Scores showed
greater variability (= 0.706), with the lowest values
observed for Responsibility (0.706) and Producti-
veness (0.714). The analysis revealed high agree-
ment (Overall Accuracy = 90.8%). Eleven cross-fa-
cet migrations occurred: ‘| feel energized when
I am in a social group” migrated from Sociability
to Energy Level (both Extraversion); “I rarely he-
sitate to start a conversation or interaction with
strangers” migrated from Assertiveness to So-

ciability (both Extraversion); “Sometimes | feel
anxious if | do not have something to do" migra-
ted from Energy Level (Extraversion) to Anxiety
(Neuroticism); ‘I believe we should treat people
with kindness" migrated from Respectfulness
to Compassion (both Agreeableness); ‘I always
try to be fair and impartial in my judgments”
migrated from Respectfulness (Agreeableness)
to Responsibility (Conscientiousness); “I make a
consistent effort to complete my tasks on time"
migrated from Productiveness to Responsibility
(both Conscientiousness); ‘I usually finish what |
start” migrated from Productiveness (Conscien-
tiousness) to Responsibility (both Conscientiou-
sness); ‘I plan my schedule to make the most of
my day, avoiding idle time" migrated from Pro-
ductiveness to Organization (both Conscientiou-
sness); ‘I fulfill my commitments and promises’
migrated from Responsibility to Productiveness
(both Conscientiousness); ‘| keep my personal
belongings organized” migrated from Responsi-
bility to Organization (both Conscientiousness);
and ‘I enjoy experimenting with new ideas and
approaches” migrated from Creative Imagination
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to Intellectual Curiosity (both Openness).

The second step of this study was to analyze
item content through embeddings obtained via
the Gemini API. This analysis was conducted
through an exploratory factor analysis applied

Table 2 - Factor loadings averages

to a matrix consisting of 140 rows (embeddings)
and 180 columns (BF_BR and BFI2 items). The
factor loadings from this analysis are summa-
rized (average item loadings for each facet, by
instrument) in Table 2.

Test Factor Facet F1 F2 F3 F4 F5
BF_BR A Compassion 0,10 0,67 0,01 0,01 0,08
BF_BR A Trust 0,01 0,80 0,09 0,00 -0,06
BF_BR A Respectfulness -0,01 0,73 0,06 0,03 0,03

BFl2 A Compassion 0.33 0,55 -0,02 -0,08 0,05

BFl2 A Trust 018 0,73 -0,07 0,01 -0,02

BFl2 A Respectfulness 0,05 0,65 0,00 0,05 0,11
BF_BR C Organization 0,07 -0,03 0.14 0,66 0,01
BF_BR C Productiveness 0,04 0,04 0,07 0,64 011
BF_BR C Responsibility 011 0.34 001 0,48 0,02

BFl2 C Organization 0,04 0,07 0,03 0,68 0,03

BFI2 C Productiveness 0,15 0,19 -0,03 0,58 -0,04

BFI2 C Responsibility 0,31 0,22 -0,10 0,43 0,03
BF_BR E Assertiveness 0,18 0,27 0,03 0,07 0,35
BF_BR E Energy level 0,50 -0,09 0,05 0,21 0,23
BF_BR E Sociability 0,12 0,20 0,13 -0,06 0,52

BFl2 E Assertiveness 0,16 0,44 0,03 0,05 0,22

BFl2 E Energy level 0,46 -0,09 0,03 0,17 0,27

BFl2 E Sociability 0,33 0,16 -0,02 0,10 0,26
BF_BR N Anxiety 0,78 013 0,05 0,05 -0,12
BF_BR N Depression 0,84 0,02 0,06 -0,02 -0,08
BF_BR N Emotional volatility 0,81 -0,03 0,02 0,00 0,07

BFl2 N Anxiety 0,64 0,14 -0,08 0,20 -0,01

BFl2 N Depression 0,57 0,18 -0,06 0,08 0,08

BFlI2 N Emotional volatility 0,74 -0,02 -0,04 0,09 0,10
BF_BR O Intellectual curiosity 0,05 0,13 0,67 -0,03 0,03
BF_BR O Creative imagination 0,10 -0,02 0,80 0,01 -0,05
BF_BR O Aesthetic sensitivity -0,11 0,15 0,53 0,21 0,10

BFl2 (@) Intellectual curiosity 0,14 0,10 0,57 -0,06 0,10

BFl2 O Creative imagination 0,22 -0,16 0,72 0,09 -0,04

BFI2 O Aesthetic sensitivity 0,06 0,15 0,47 0,00 0,12

Due to the extensive nature of presenting factor
loadings for all items, Table 2 displays only the
average factor loadings, by facet and test. For

instance, the first row displays the average fac-
tor loadings of the compassion/agreeableness
facet/factor items of BF_BR, while the fourth row
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shows the loadings of the same facet/factor of
BFl2.

The five extracted factors explained 68% of the
total variance, with F1 accounting for 21%, F2 for
17%, F3 for 14%, F4 for 12%, and F5 for 4%. It was
observed that the neuroticism facets showed the
highest loadings on F1, agreeableness facets on
F2, openness facets on F3, and conscientiousness
facets on F4.

The extraversion facets exhibited a more com-
plex and diffuse distribution. The highest loadings
on Factor 5 corresponded to the extraversion
facets from both instruments. However, despite
representing the strongest loadings on F5, only

Table 3 - Factor Congruence Indices

the sociability facet from the BF-BR (Extraversion)
exceeded the 0.40 threshold. Additionally, althou-
gh the assertiveness facet from the BF-BR yielded
a loading of 0.35 (below 0.40), it was nonetheless
the highest loading for that facet relative to the
other factors. The three extraversion facets from
the BFI-2 showed their highest loadings on factors
associated with neuroticism (energy level and
sociability) and agreeableness (assertiveness).

Additionally, factor congruence coefficients
were calculated between the obtained loadings
and the dummy variables for the Big Five factors.
The results are shown in Table 3.

F1 Fa2 F3 F4 F5
Compassion 0,11 0,43 0,00 -0,02 0,09
Trust 0,04 0,53 0,03 0,00 -0,06
Respectfulness 0,00 0,48 0,03 0,03 0,07
Organization 0,04 0,00 0,09 0,56 0,02
Productiveness 0,05 0,06 0,03 0,52 0,07
Responsibility 0,10 0,20 -0,03 0,39 0,00
Assertiveness 0,10 0,22 0,03 0,05 0,38
Energy level 0,30 -0,06 0,03 0,16 0,30
Sociability 0,12 0,13 0,07 -0,01 0,54
Anxiety 0,44 0,09 0,01 0,08 -0,11
Depression 0,45 0,05 0,02 0,01 -0,03
Emotional volatility 0,48 -0,02 0,00 0,03 0,10
Intellectual curiosity 0,05 0,08 0,52 -0,03 0,06
Creative imagination 0,09 -0,04 0,63 0,03 -0,06
Aesthetic sensitivity -0,03 0,10 0,42 0,11 0,13

Considering correlations above 0.30, the neu-
roticism, agreeableness, openness, conscien-
tiousness, and extraversion facets showed the
highest congruence with factors F1, F2, F3, F4, and
F5, respectively. Furthermore, the energy level
(E) facet also demonstrated congruence with F1.

Discussion

The prompt-based classification analysis pro-
vided strong evidence of content validity, with

99.2% of items correctly classified at the factor
level. Although several facets achieved perfect
Fi-scores (1.00), diagnostic challenges emerged
mainly within Conscientiousness, particularly for
Productivity (Recall = 0.625) and Responsibility
(Precision = 0.667), whose overlap yielded the
lowest F1 values (0.714 and 0.706). The eleven
unexpected classifications reflect not flaws in
the models but ambiguities likely introduced by
the minimal zero-shot prompting instructions,
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which may have been insufficient to elicit fully
precise item content. For instance, “I usually
finish what | start,” expected under Productivity,
was classified under Responsibility, and ‘| feel
energized when | am in a social group,” expec-
ted in Sociability, was assigned to Energy Level,
as Gemini's attention mechanism emphasized
‘energized” over “social group" (Rogers et al., 2020;
Vaswani et al., 2017). These findings illustrate the
diagnostic value of LLM-based semantic analysis
for detecting ambiguous items and suggest that
future item-generation studies may benefit from
more constrained prompts to improve content
validity (Roebianto et al., 2023).

Gemini classified items based on semantic
probabilities derived from its internal represen-
tations, yet the decision processes behind the-
se classifications remain opaque (Rogers et al,
2020). This opacity arises from the complexity
of transformer architectures and the proprietary
nature of models such as ChatGPT and Gemini,
whose training data and weights are not publicly
accessible. As a result, although these systems
effectively perform content-validity tasks, their
decision mechanisms cannot be externally ve-
rified, limiting transparency and reproducibility.
This limitation also prevents precise estimation
of semantic distances between items and facets,
as an item may belong to multiple semantic fiel-
ds simultaneously (Ethayarajh, 2019). Moreover,
because Gemini produced a single classifica-
tion per item, alternative semantic relationships
could not be examined, an inherent constraint of
attention-based transformer models that weigh
linguistic elements differently during classification
(Vaswani et al., 2017).

To better understand these relationships, we
conducted an embedding-based analysis, iden-
tifying vector dimensions most relevant to the
Big Five traits by correlating them with dummy
variables. This approach parallels the use of
expert judges in psychometrics, as it isolates
‘specialist embeddings" aligned with specific
constructs. While effective, this method could
be refined through advanced machine learning
techniques and applied to other domains, such

as analyzing personality traits in social media
language, thereby extending its versatility.

The factor loadings indicated that F1 corres-
ponded primarily to Neuroticism, F2 to Agreeable-
ness, F3 to Openness, F4 to Conscientiousness,
and F5 to Extraversion, revealing semantic con-
vergence between facets of the BF-BR and BFI-2
instruments. This convergence provides content-
-validity evidence (Alexandre & Coluci, 2011, 2011;
Fitzner, 2007, Haynes et al., 1995; Roebianto et al.,
2023; Slaney, 2017). However, a methodological
limitation lies in modeling only the factor level,
without testing whether the semantic space of
embeddings reproduces the hierarchical structure
of facets nested within factors. Future research
should apply hierarchical analyses to assess
semantic congruence at this second-order level.

Unexpectedly, Neuroticism, Agreeableness,
Conscientiousness, and Extraversion all showed
positive loadings on F1, unlike traditional analyses
with human data where Neuroticism correlates
negatively with other traits (McCrae & Costa, 1997,
Oliveira, 2019; Soto & John, 2017). This pattern
reflects how LLM embeddings capture linguistic
co-occurrence rather than emotional valence:
phrases like ‘l am sad" and “l am not sad”" occupy
adjacent positions in the semantic space (Debe-
lak et al., 2024; Devlin et al., 2019; Vaswani et al.,
2017). Thus, LLM-based factor analysis reveals
semantic, rather than psychological, relationships.
Cross-loadings above 0.30 between facets further
illustrate semantic overlap among traits.

The first factor (F1) captured, predominantly,
anxiety, depression, and emotional volatility
(Neuroticism), but also items from other traits
expressing excessive concern, as seen in Com-
passion (e.g., “l often worry about other people’s
feelings”). This overlap suggests emotional tone
influences meaning beyond the nominal cons-
truct. Extraversion facets were dispersed across F1
(Neuroticism) and F2 (Agreeableness), reflecting
shared elements of emotionality and sociability
(Fors Connolly & Johansson Seva, 2021). Factor F2
primarily represented Agreeableness (compas-
sion, respectfulness and trust) but also included
secondary loadings from responsibility (C) and



Validade de conteudo de um inventario de personalidade: psicometria assistida por LLMs

José Mauricio Haas Bueno - et al. 11/13

assertiveness and sociability (E), highlighting
semantic intersections related to cooperation
and interpersonal harmony.

The interfaces among Neuroticism (F1), Agre-
eableness (F2), and Conscientiousness (F4) align
with DeYoung's (2010) neurobiological model,
in which serotonergic systems regulate both
emotional stability and behavioral control, explai-
ning the linguistic similarity among those traits.
Likewise, Extraversion (F5) and Neuroticism (F1)
share semantic proximity due to their conceptual
opposition (approach vs. avoidance) reflected in
language that expresses contrasting but adjacent
meanings (Devlin et al., 2019; Vaswani et al., 2017).
Although all loadings were positive, traditional
data typically show negative correlations, sug-
gesting that LLM embeddings cluster opposite
constructs within shared linguistic fields.

Factors F3 and F4 corresponded to Openness
and Conscientiousness, respectively, confirming
convergence between human- and LLM-gene-
rated items. In F5, Extraversion facets showed
higher loadings, but only BF-BR Assertiveness
and Sociability achieved their peaks there; other
facets loaded more strongly on F1 or F2, consis-
tent with previous semantic interfaces.

Overall, these results indicate that: (1) con-
tent validity evidence can be obtained using
both prompting and API-based methods, though
embeddings offer richer semantic insights; (2)
selecting expert embeddings improves focus on
construct-relevant semantics; (3) semantic con-
vergence between human- and LLM-generated
items supports convergent content validity; (4)
traits such as Neuroticism, Agreeableness, Cons-
cientiousness, and Openness are represented
by distinct but overlapping semantic fields; and
(5) Extraversion items exhibit greater semantic
ambiguity, showing stronger associations with
Neuroticism and Agreeableness. Secondary loa-
dings should not be viewed as invalidating but as
reflecting the interconnected nature of personality
traits, which form a complex, interdependent
network.

Ultimately, ensuring that items align with the-
oretical trait definitions remains central to es-

tablishing content validity (Alexandre & Coluci,
2011; Haynes et al.,, 1995; Roebianto et al., 2023).
Semantic proximity among items enhances the
likelihood that they represent complementary
aspects of the same construct, though empirical
studies with participant data are still required to
confirm whether these semantic corresponden-
ces translate into robust psychometric properties.
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