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Abstract

This study examines whether artificial intelligence (AI) chatbots or “Als” provide accurate personality
profiles of occupations for career-exploring students and whether these profiles contain gender stereotypes.
Although it is well known that Als contain inaccurate data and gender stereotypes, similar to the human
linguistic data it is based on, this is the first study of inaccuracies and bias in Al-inferred personality traits
associated with occupations. GPT-4, Claude 3, and Gemini 1.0’s inferences of Big Five personality traits of 92
occupations were compared with human expert analysis of the Big Five personality traits important for these
jobs, derived from the O*NET Work Styles (Wilmot & Ones, 2021). Ten of 15 analyses of variance comparing Al
and expert ratings were significant (p < .05), indicating selective accuracy. We also found seven significant one-
way analyses of variance (ANOVAs) between the Al inferences and the occupations coded as female-dominant,
male-dominant, or gender-balanced based on U.S. Bureau of Labor Statistics data (2023). Inaccuracies such as
AT omissions of the Low category for Conscientiousness and Emotional Stability—and bias such as replication
of gender stereotypes about women’s personality traits—lead us to advocate for providing Al literacy training in
career counselling to educate students about problems with using Al chatbots to provide personality profiles of
occupations during career exploration.
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The need for artificial intelligence (AI) literacy in career development services is increasingly important
with the awareness that Al contains biases and inaccurate information that could have consequences for career
exploration. We define Al for the purpose of this paper as Machine Learning Systems that use Large Language
Models (LLMs) to recognize patterns, predict outcomes, and generate responses (Bender et al., 2021). Xiao
and Zheng (2025) demonstrated that effective engagement with ChatGPT significantly enhances students’
employment confidence and cognitive readiness, directly fostering more proactive job-seeking behaviours.
However, Lang and Catrino (2024) point out several reasons students should not use generative Al in their job
search, such as that they may miss out on opportunities learned about through human connections; Als may
not be up to date on industry trends; and students may not experience adequate personal career development if
they over-rely on Al Inaccuracies and biases in Al inferences of personality traits associated with occupations
could be particularly consequential. It is not a stretch to imagine that students, interested in matching
their own personality traits to careers, might consult generative AI chatbots about the personality traits of
occupations, asking for example, “What are the personality traits of accountants?” Misidentification by AI of
the personality traits important for a career could cause students to overlook occupations that might be a good
match for them in terms of their personality traits.

The Role of Personality in Career Exploration

The long-studied concept of person-occupation fit underlies the use of personality traits in career
exploration, as the concept of a match between occupations and individuals’ personality traits has inspired
research and been the foundation of career personality tests. Holland’s (1997) concept of congruence—the
match between vocational interests and vocational environments—has been studied, for example, in relation
to job satisfaction (Assouline & Meir, 1987). More recently, Nye et al.’s meta-analysis (2017) found that
interest congruence was a greater predictor of performance than interest scores alone. The Big Five personality
framework (Digman, 1990; Goldberg, 1993; McCrae & Costa, 2008) which includes the basic personality
traits Neuroticism/Emotional Stability, Extraversion, Openness, Agreeableness, and Conscientiousness,
has also been studied in relation to person-occupation fit. For example, Barrick and Mount’s meta-analysis
(1991) examined relationships between the Big Five personality traits and job performance, finding some
differences among five occupational groups. More recently, Wilmot and Ones’ meta-analysis of meta-analyses
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found that the Big Five traits predicted performance differently for major occupational groups, with, for
example, Agreeableness predicting performance for healthcare occupations (2021). Among the Big Five traits,
while Conscientiousness is often cited as a universal predictor of performance, Wilmot and Ones (2021)
demonstrated that its predictive validity is not uniform; specifically, the trait’s impact is attenuated in highly
complex occupations where cognitive demands often supersede dispositional effort.

Personality tests based on theories of personality occupational fit have practical applications for career
counselling including matching congruent careers to seekers’ personalities (e.g., Furnham, 2001). Databases
of personality profiles of occupation (Anni et al., 2025; National Center for O*NET Development [NCOD], n.d.)
allow matching between Big Five or Holland RIASEC-based personality test results and congruent occupations
in career exploration. (The basic RTASEC occupational and personality types include Realistic, Investigative,
Artistic, Social, Enterprising, and Conventional (Holland, 1997).) In Québec, a number of personality tests are
used in career counselling, such as the Strong Interest Inventory, AFC Holland, Myers-Briggs Type Indicator
(MBTTI), and NEO Personality Inventory (Dorceus et al., 2024). Thus, students are likely to become aware of
their personality traits when participating in career counselling, and they may assume that matching their
traits with traits associated with occupations could be a good thing.

While formal assessments remain the clinical standard, students increasingly view Al as a viable
alternative, particularly where traditional services are resource-constrained. Research by Eze et al. (2025)
indicates that students may report higher trust and comfort in AI-driven guidance compared to traditional
counselling, largely due to dissatisfaction with the accessibility and personalization of formal services.
Consequently, the shift toward Al reflects not just a preference for technology, but a practical response to the
limitations of traditional support systems.

The Role of Al in Career Exploration

Students widely use Al for academic tasks (Attridge, 2025; Freeman, 2025) and are likely to encounter
Al in college career centres that provide Al interviewing tools, AI resume assistants, and guidelines for using
general chatbots in career exploration (Career Services at University of Wisconsin-Madison, n.d.; University of
Colorado Boulder, 2025). In addition, students may be aware of AI Career exploration tools like CareerExplorer
(Sokanu Interactive Inc, 2025) and Google’s Career Dreamer (Google, n.d.). However, they may be unaware of
bias and inaccuracy in AI’s information about careers.

Bias in AI

Ethical considerations in using Al in career development abound (Pandya & Wang, 2024; Wilson et al.,
2022) and bias and inaccuracy in Als’ data is recognized as a significant problem, despite the increasing use of
Al in career guidance, which is found as a theme in the literature on all stages of career development (Bankins
et al., 2024). To give an example of how Al bias is a problem, AI’s use of client gender in personalized career
guidance can replicate gender inequalities (Wilson et al., 2022).

Causes of gender bias are not fully understood due to Als’ proprietary black-box nature, but gender
bias may be caused due to training data that contains biased attitudes (Bender et al., 2021). Even attempts to
remove gender from Al do not solve the problem of gender-stereotyped responses, and the cues given to Al can
trigger gender stereotyping (Duan et al., 2025). Also, Als may learn gender biases from interacting with users
(Xue et al., 2023). Bender et al. (2021) point out that LLMs’ vast training data does not incorporate extensive
diversity and that, because the data is static, it does not accommodate changing social views. AI models
also hallucinate incorrect information due to their architecture (Ji et al., 2023), and sometimes come with a
warning that the content they produce needs to be checked for errors (Google, 2023).

In hiring, AI bias can lead to unfair recommendations in resume filtering (Gagandeep et al., 2024), as
in a case of Al at Amazon in 2014 disproportionately selecting men for technical jobs. And if the training data
of Al contains gendered stereotypes, Al inferences about personality of occupations may contain inaccuracies
related to these stereotypes (Gross, 2023). Gender bias may also be an outcome of the broader issue of Al data
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quality which lowers accuracy in predicting career choices for some occupations (Bankins et al., 2024) and may
be inaccurate for other unknown reasons.

Al Inferences of Personality Traits

The accuracy of general generative Al chatbots in inferring personality traits is an understudied
topic and this lack of research supports our assertion that students need to become more aware of potential
inaccuracies in Al information on the personality traits associated with careers. Fan et al. (2023) assessed the
reliability and validity of an AI chatbot platform in generating inferences of personality from free-text results.
However, this platform was not a commercially available chatbot of the sort students would be expected to use
in asking about the personality traits of people in occupations during career exploration. Derner et al. (2024)
used ChatGPT to compare its inferences of the personality traits of individuals with their actual Big Five scores
but did not collect inferences about the overall personality traits of occupations. Grunenberg et al. (2024)
demonstrated Al accuracy compared to human raters in predicting Extraversion and Conscientiousness from
resumes and short text samples of job seekers. To our knowledge, our research is the first study to examine Al
inferences about the Big Five personality traits of people in occupations.

The Need for Al Literacy

Perhaps most troubling about the prevalence of inaccuracy and bias in AI data in a college career
development context is the fact that students may be unaware of the extent of the problem. College students
use Al widely and have concerns about it, but they may not know how to mitigate its problems. Students in the
UK reported that they were put off from using AI because of the fears of being accused of academic misconduct
and getting false or biased information (Freeman, 2025), and in the US more than half of the students
responding to a survey were pessimistic about their chances of getting a job because of the increased prevalence
of Al in the workplace (Attridge, 2025). Creators of career centre websites, while promoting the benefits of
using generative Al in career exploration, have warned students about potential problems. For example,
University of Colorado Boulder (2025) reminds students engaging in career exploration that GenAl (generative
AI) is not always accurate. Career Services at University of Wisconsin-Madison (2025) warns of bias in Al since
Al is created by prejudiced humans and consists of biased Large Language Models (LLMs) which may or may
exclude or include certain data. The curation of LLMs datasets may be biased, the weights of individual data
points in the LLMs may be biased, and the training of LLMs may be biased (Bender et al., 2021).

Promoting Al literacy is a possible solution to the fact that students may be unaware of potential
problems of using Al in career exploration. For example, the Barnard framework of Al literacy contains two
parts that are relevant to the issues raised by our research on bias and inaccuracy in Al inferences of the
personality of occupations: “Use and Apply AI” and “Analyze and Evaluate AI” (Hibbert et al., 2024). “Use
and Apply AI” includes reviewing Al content for hallucinations, reasoning errors, and bias, and “Analyze and
Evaluate” involves developing a complex meta-perspective on Al incorporating critical theory concepts such
as gender bias. It is essential, from a career development perspective, for students to develop an awareness of
possible inaccuracies within Als’ data and the incorporation of stereotypes, such as those about gender. While
existing Al literacy frameworks emphasize broad ethical concepts such as algorithmic fairness and data privacy
(Long & Magerko, 2020), they often lack the specificity required to detect distortions like the positivity bias
observed in this study.

Recent research indicates that LLMs exhibit a “positivity bias” when simulating individual human
personas, often defaulting to socially desirable or agreeable responses (Derner et al., 2024). However, it
remains unclear whether this bias extends to occupational profiling, where the model is tasked with simulating
professional personality traits rather than individual personalities. To our knowledge, no prior study has
investigated Al positivity bias within the context of occupational personality inference. This study aims to
address this gap by determining if algorithmic models inflate positive traits (such as Agreeableness and
Conscientiousness) when generating personality profiles for varied occupations.
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We investigate the bias found in Al inferences about the Big Five Personality Traits—Agreeableness,
Conscientiousness, Neuroticism (Emotional Stability), Extraversion, and Openness—analyzing the relationship
between Al ratings of occupational personality traits and human expert ratings. We also investigate whether
there is a gender effect in Al inferences of personality traits, with AI inferences about female-dominant
occupations possibly differing from male-dominant occupations. Our research offers useful Al literacy-related
findings for career counsellors that they may want to share with students who use Al to determine occupational
personality characteristics.

Research Questions

We pose the following research questions:

1. What is the relationship between Al inferences of Agreeableness, Conscientiousness, Neuroticism
(Emotional Stability), and Openness and human expert ratings of these traits in occupations?

2. What is the relationship between Al inferences of Agreeableness, Conscientiousness, Neuroticism
(Emotional Stability), and Openness and dominant gender of occupations?

Method
Al Inferences of Personality Traits

In order to compare Al inferences with human expert ratings of personality traits, we prompted three
AlTs to infer Big Five personality characteristics of 92 occupations in Wilmot and Ones’ meta-analysis (2021)
that had human expert ratings of Big Five personality traits derived from O*NET Work Styles (National Center
for O*NET Development [NCOD], n.d.), which are personal characteristics and behavioural tendencies that
affect how well an individual performs a job.

Prompts of Als

In 2024 we prompted Claude 3, GPT-4, and Gemini 1.0 Pro with the following question: “What are
the Big Five Personality characteristics of the following occupations arranged in the order of Agreeableness,
Conscientiousness, Neuroticism, Extraversion, and Openness: please arrange the data from your answer in a
table with columns: occupation, A, C, N, E, O.”

The prompt was refined as necessary to get the Als to return the results in a spreadsheet-style table with
values Low, Medium, and High. In the case of Claude 3, we had to modify the prompt slightly to get it to take
a guess at the personality characteristics of occupations because Claude 3 initially made-up numbers for the
occupations for demonstration purposes in response to the first prompt since it “did not actually have access to
definitive scores for each occupation,” (Anthropic, 2026) as it stated when asked about the source of its data.
For Claude we used, “What would you guess are the Big Five personality characteristics of these occupations?
Use the values: low, moderate, or high.”

GPT-4, like the other Als, provided caveats about its generation of levels of personality traits in
occupations:

[T]t’s important to note that while certain occupations may attract individuals with specific personality
traits, there is considerable variability among individuals within any given profession. The data below is a
generalized view and should be taken as indicative rather than definitive, because personal variations are
significant. The arrangement in the table is not based on empirical data but rather a general understanding
of the typical demands and environments of these jobs which might attract or be suited for certain
personality traits (OpenAl, 2026)).

To ensure that the modified prompt required for the Claude architecture did not introduce methodological
artifacts, a sensitivity analysis was performed and is reported in the Results. We compared Claude’s results
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with those of GPT-4 and Gemini to see if there were any discrepancies that could have been due to the modified
prompt.

Comparison with Expert Ratings

We used data from the meta-analysis published by Wilmot and Ones (2021) that estimated Big
Five personality scores of 92 occupations to compare the Al data with expert ratings. Some occupations
were repeated, entered each time for different data sources in Wilmot and Ones’ study, so we repeated the
occupations for differing data sources. The estimates were derived from the O*NET Work Styles scores.
According to O*NET, the Work Style scores are derived from survey responses of job experts (incumbents of
occupations) concerning the importance of the Work Style traits for their occupations (Tippins & Hilton, 2010).

The present study’s expert personality benchmarks were derived from the Wilmot and Ones (2021)
supplementary data, which aggregates O*NET job analyst ratings. These scores represent expert relevance
ratings on a standardized 0—100 scale (where 0 indicates low relevance and 100 indicates high relevance to
the occupation), rather than percentiles or z-scores. This continuous scale provides the dependent variable
necessary for mean-level comparisons.

Al Inferences about Personality Traits of Gender-Predominance Categories

We also analyzed the Al inferences by gender-predominance of the occupations. An example of a male-
dominant occupation would be engineer, and a female-dominant occupation would be nurse.

Coding of Female- and Male-Dominant Occupations

We coded the occupations as female, male, or gender-balanced by consulting 2021 labour force
statistics (U.S. Bureau of Labor Statistics, 2023). Occupations with a workforce comprised of 55% or more
women were labeled female-dominant, while those with less than 45% were labeled male-dominant. We
employed this +5% buffer around parity to form a “gender-balanced” category (45%—55%), ensuring that
occupations labeled as “dominant” represented a statistical majority rather than marginal fluctuations near the
50% mark. This conservative threshold prevents occupations with near-parity from being erroneously classified
as skewed.

Measurement Approach

We treated the Al assignments (Low, Medium, High) as the categorical independent variable and the
expert O*NET ratings (0—100) as the continuous dependent variable. A one-way Analysis of Variance (ANOVA)
was used because it is designed to test for mean-level differences in a continuous outcome across categorical
groups.

While we considered ordinal tabulation measures, ANOVA offers a more direct test of the hypothesis:
namely, that occupations labeled “High” by the AI should possess significantly higher mean expert ratings than
those labeled “Low.” This approach assumes the expert ratings function as interval-level data, consistent with
their use in prior meta-analytic research (Wilmot & Ones, 2021).

Data Analysis
Differences in mean expert ratings across the three Al-assigned categories were assessed using one-

way Analysis of Variance (ANOVA). In cases where the assumption of homogeneity of variances was violated
(Levene’s test p < .05), we employed Welch’s F-test and the Games-Howell post-hoc procedure.”

1 Welch’s ANOVA was used for Conscientiousness-GPT, Conscientiousness-Gemini, Emotional Stability-GPT,
Emotional Stability-Gemini, Extraversion-Claude, and Openness-Claude.
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Results

The Al inferences were compared with the human expert ratings of personality and analyzed by gender-
dominance categories (male-dominant, female-dominant, and gender-balanced) of the occupations.

Sample Characteristics

The final sample included 92 participants across nine major occupational categories. As shown in
Appendix Supplementary Table 2, the distribution of gender dominance—classified based on U.S. Bureau of
Labor Statistics (2023) data—varied significantly by category. Over half of the occupations represented (56.5%)
were identified as Male-Dominant, particularly in Law Enforcement, Management, and Military roles. Female-
Dominant occupations accounted for 33.7% of the sample, primarily within Clerical, Customer Service, and
Healthcare categories. The remaining 9.8% of participants were in Balanced occupations, with the highest
concentration in the Professional and Sales sectors.

Sensitivity Analysis and Robustness Checks

To assess whether the modified prompt used for Claude influenced the gender bias findings, we
conducted a sensitivity analysis comparing the trait-gender distributions across all three LLMs. The results
indicate that the observed biases were robust to prompt variation and consistent across models. For Emotional
Stability, the bias was not an artifact of the Claude prompt. Gemini (using the standard prompt) assigned
high Emotional Stability almost exclusively to male-coded occupations (90% male) compared to Claude (72%
male). Similarly, Agreeableness showed a consistent “female-high/male-low” pattern across all three models.
Conscientiousness showed universal range restriction, with all models skewing heavily toward high scores
regardless of the prompt, confirming that the null result for this trait was due to ceiling effects rather than
prompt artifacts. Beyond the gendered traits, the models demonstrated high consistency in trait attribution;
for example, Openness to Experience scores remained significantly aligned with expert ratings across all
three architectures (p < .001), suggesting that the prompt modification did not alter the models’ fundamental
understanding of occupational roles.

Main Analysis (ANOVA Results)
Relationship Between AI and Human Ratings

Table 1 shows that post-hoc analyses (using Tukey HSD or Games-Howell tests) confirmed that for
all statistically significant models, the relationship followed the expected direction: occupations classified as
“High” in a trait by the AI possessed significantly higher expert-rated levels of that trait compared to those
classified as “Low” or Gender-Balanced (p < .05). However, while Al category assignments showed statistically
significant relationships with expert ratings for 10 of 15 traits, effect sizes ranged from small to large
(17 .10-.38), indicating that the AI classifications explained between 10% and 38% of the variance in expert
ratings

Examination of effect sizes revealed varying magnitudes of association across the AI models. The effect
of occupational gender dominance on Agreeableness scores for the GPT model was substantial (n2 =.38).
Regarding Extraversion, the Claude model similarly demonstrated a substantial effect size (> 18), while the
GPT model represented a medium effect (17°, = .13). In contrast, observed differences in Emotlonal Stability
for the Claude model were modest (12 05) and differences in Openness ratings for the GPT model, though
significant, were also modest in magmtude (n2 =.03) (See Table 2).

Notably, Conscientiousness was an exceptlon to the pattern of alignment between Al ratings and
expert scores. None of the three Al models produced Conscientiousness ratings that correlated significantly
with expert O*NET scores (p > .31). This suggests that unlike other traits, AI models failed to differentiate
occupational levels of Conscientiousness, perhaps due to the high frequency of High ratings across almost all
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Table 1

Means, Standard Deviations, and Sample Sizes of Expert-Rated Big Five Personality Scores by AI Model
and Al-Assigned Trait Category

Big Five Trait & AT Model AI- Category N M SD
Agreeableness
Low? 12 63.83 7.35
GPT MediumP 44 75.36 6.89
High® 36 82.41 8.85
Medium? 38 72.19 8.78
*
Claude High" 54 79.72 9.21
Medium? 56 74.11 9.05
o
Gemini High® 36 80.51 9.57
Conscientiousness
Medium 13 81.51 3.97
GPT* .
High 79 79.73 7.82
Medium 17 78.31 6.30
Claude* .
High 75 80.36 7.62
Medium 11 80.80 4.17
Gemini* .
High 81 79.87 7.75
Emotional Stability
Low 2 77.50 8.49
GPT Medium 72 79.85 8.88
High 18 79.58 13.23
Medium 46 84.26a 6.94
Claude* High 46 75.24b 10.14
Medium 62 82.22a 7.91
Gemini* High 30 74.65b 11.28
Extraversion
Low? 17 49.53 9.91
GPT Medium 51 71.63 15.98
High® 24 67.61 15.81
Low? 16 47.45 8.89
Claude Medium® 37 66.79 15.12
High® 39 74.04 15.32
Medium 8o 66.08 16.81
Gemini* High 12 69.30 18.88
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Big Five Trait & AI Model Al- Category N M SD
Openness
Low? 20 52.65 11.49
GPT Medium 46 69.39 12.61
High® 26 77.07 11.84
Low® 34 57.49 13.24
Claude Medium® 37 69.29 10.76
Highe 21 82.40 9.97
Low? 8. 14.12
Gemini** . 37 56.74 4
Medium® 55 74.10 11.95

Note. Al = Artificial Intelligence. N = number of occupations classified into each Al-assigned category. M = mean expert-rated
personality score. SD = standard deviation of expert-rated personality scores. Expert-rated scores were on a 0-100 scale from O*NET
conversions by Wilmot & Ones, 2021. Al-assigned categories were Low, Medium, and High based on AI model inferences. The
Emotional Stability scale was derived by reverse-scoring the Neuroticism scores from the original data source.

*The AI model only made “Medium” and “High” inferences of the personality trait.

**The AI model only made “Low” and “Medium” inferences of the personality trait.

2> Within each AI Model's analysis for a given trait, means that do not share a common superscript letter are significantly different
at p < .05 according to the appropriate post-hoc test (Tukey HSD or Games-Howell). For analyses where the overall ANOVA was not
significant, no superscripts are shown.

Table 2
Analyses of Variance of Mean Expert-Rated Big Five Personality Scores Across Al-Assigned Trait Categories
Trait - AT Model F df1 dfz p n?,
A-GPT 26.80 2 89 <.001 .38
A - Claude 15.49 1 90 <.001 15
A - Gemini 10.46 1 90 .002 .10
C-GPT 1.59% 1 30.27 .22 n.a.
C - Claude 1.06 1 90 .31 .01
C - Gemini 1.59* 1 30.3 .22 n.a.
ES - GPT .004* 1 20.8 .95 n.a.
ES - Claude 24.8 1 90 <.001 .22
ES - Gemini 10.9* 1 43.2 .002 n.a.
EX -GPT 13.89 2 90 <.001 .24
EX - Claude 34.87% 2 51.97 <.001 n.a.
EX - Gemini .37 1 90 .54 .00
O-GPT 23.44 2 89 <.001 .35
O - Claude 31.1% 2 53.3 <.001 n.a.
O - Gemini 31.54 1 90 <.001 .259

Note. Al = Artificial Intelligence. Big Five traits are Agreeableness (A), Conscientiousness (C), Emotional Stability (ES),
Extraversion (EX), and Openness. to Experience (O). The Emotional Stability scale was derived by reverse-scoring the
Neuroticism scores from the original data source. Sample sizes (n) vary across analyses due to missing data.

*Welch's F-statistic and its adjusted denominator degrees of freedom (df2) are reported due to a significant Levene's test for
homogeneity of variances (p < .05). Pairwise comparisons were conducted using Tukey’s HSD for standard ANOVAs and
Games-Howell for Welch’s ANOVAs. Partial eta squared (nzp) is not reported for Welch's analyses as the metric relies on
homoscedasticity assumptions that were violated. No Bonferroni correction was applied to the omnibus F-tests.
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jobs (positivity bias) or a lack of signal in the training data regarding this specific trait.

When analyzing Conscientiousness ratings by job family, a pattern emerged across all three models
(See Appendix Supplementary Table 1). High Conscientiousness ratings were almost exclusively assigned to
Professional, Managerial, Clerical, and Healthcare roles, as well as occupations involving authority such as Law
Enforcement and the Military. In contrast, Medium ratings were concentrated within the Skilled and Semi-
skilled occupational group. This finding did not align with Wilmot and Ones’ (2021) characterization of Skilled
and Semi-Skilled occupations as having midrange empirical Conscientiousness scores compared to the other
occupational groups.

Relationship Between AI Ratings and Gender-Dominance Category

Table 3 shows post hoc analyses (using Tukey HSD or Games-Howell when the Levene’s Test for
Homogeneity of Variances was significant at p < .05. All models assigned higher Agreeableness scores to
Female-Dominant occupations compared to Male-Dominant ones. In the GPT-4 model, Female-Dominant
roles averaged a score of 2.77 (SD = 0.43) versus 1.90 (SD = 0.6) for Male-Dominant roles. Conscientiousness
showed the least differentiation across gender categories. Mean scores remained relatively flat across all
models, perhaps because of the absence of a Low category for all models. For Extraversion, significant
differences were noted in the Claude model, where Female-Dominant and Gender-Balanced occupations
received higher scores (2.58 and 2.67 respectively) compared to Male-Dominant roles (1.98). For Openness to
Experience only the Gemini model showed a statistically significant difference here, scoring Female-Dominant
occupations higher (1.87) than Male-Dominant ones (1.40).

Table 3

Means, Standard Deviations, and Sample Sizes of AI-Inferred Big Five Personality Scores by AI Model and
Occupational Gender Dominance Categor

Big Five Trait & Al Occupational Gender Dominance N M SD
Category
Agreeableness
Male-Dominant 52 1.90% 0.6
GPT Model Female-Dominant 31 2.77b 0.43
Gender-Balanced 9 2.56° 0.53
Male-Dominant 52 1.312 0.47
Claude Model Female-Dominant 31 1.97° 0.18
Gender-Balanced 9 1.89 0.33
Male-Dominant 52 1.132 0.34
Gemini Model Female-Dominant 31 1.81° 0.4
Gender-Balanced 9 1.44% 0.53
Conscientiousness
Male-Dominant 52 1.9 0.3
GPT Model Female-Dominant 31 1.84 0.37
Gender-Balanced 9 1.67 0.5
Male-Dominant 52 1.88 0.32
Claude Model Female-Dominant 31 1.71 0.46
Gender-Balanced 9 1.78 0.44
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Big Five Trait & Al Occupational Gender Dominance N M SD
Category
Male-Dominant 52 1.88 0.32
Gemini Model Female-Dominant 31 1.94 0.25
Gender-Balanced 9 1.67 0.5
Emotional Stability
Male-Dominant 52 1.25 0.44
GPT Model Female-Dominant 31 1.16 0.37
Gender-Balanced 9 1 0]
Male-Dominant 52 1.6 0.5
Claude Model Female-Dominant 31 1.39 0.5
Gender-Balanced 9 1.33 0.5
Male-Dominant 52 1.522 0.5
Gemini Model Female-Dominant 31 1.06° 0.25
Gender-Balanced 9 1.11° 0.33
Extraversion
Male-Dominant 52 1.87a 0.66
GPT Model Female-Dominant 31 2.35b 0.55
Gender-Balanced 9 2.33ab 0.71
Male-Dominant 52 1.98a 0.78
Claude Model Female-Dominant 31 2.58b 0.5
Gender-Balanced 9 2.67b 0.5
Male-Dominant 52 1.15 0.36
Gemini Model Female-Dominant 31 1.06 0.25
Gender-Balanced 9 1.22 0.44
Openness to Experience
Male-Dominant 52 1.96 0.74
GPT Model Female-Dominant 31 2.23 0.62
Gender-Balanced 9 2.11 0.78
Male-Dominant 52 1.79 0.82
Claude Model Female-Dominant 31 1.9 0.65
Gender-Balanced 9 2.11 0.78
Male-Dominant 52 1.40? 0.5
Gemini Model Female-Dominant 31 1.87" 0.34
Gender-Balanced 9 1.78% 0.44

Note. This table presents descriptive statistics for Al-inferred personality scores. N = number of occupations within each gender
dominance category. M = mean Al-inferred personality score. SD = standard deviation of Al-inferred personality scores. Al-assigned
ratings (e.g., Low, Medium, High) were numerically coded as [e.g., 1 = Low, 2 = Medium, 3 = High. Occupational gender dominance
categories were defined as Male-Dominant (coded 1), Female-Dominant (coded 2), and Gender-Balanced (coded 3) based on 2019
Bureau of Labor Statistics data (less than 45%=male and >55%=female). AT Model refers to GPT-4, Claude 3, and Google Gemini 1.0
Pro. The Emotional Stability scale was derived by reverse-scoring the Neuroticism scores from the original data source.

ab Within each AI Model’s analysis for a given trait, means that do not share a common superscript letter are significantly different at
p < .05 according to the appropriate post-hoc test.
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In Table 4, seven analyses of variance of Al inferences by gender dominance category were significant
at p < .05, indicating that there was a relationship between Al inferences and occupational gender dominance
in about half of the cases. One large effect was reported (GPT-Agreeableness), but several effect sizes were
not available in IBM SPSS Statistics software since the Welch ANOVA was used when the Levene’s test for
homogeneity of variances was significant at p < .05. For GPT-4 Emotional Stability, F, df1, df2, p, and could not
be reported because of zero variance in one of the levels.

Discussion
Table 4
Analyses of Variance of AI-Assigned Big Five Personality Scores These results suggest two insights
by Occupational Gender Dominance Category about inaccuracies and bias in AI generated
Trait - AI Model F dft df2 p N personality profiles of occupations: a

A-GPT 26.50 2 89 <.001 37 positivity bias, with Als’ leaving out low
A - Claude 40.59* 5 2138 <001  na. values of socially undesirable traits;

. . and a gender bias, with Al inferences
A - Gemini 20.34 2 20.18 <.001 n.a. . . . .

N of personality traits differing between

C-GPT 113 2 19.82 34 n.a. male-dominant and female-dominant
C- Claude L77* 2 20.39 20 n.a. occupations. Both biases could cause
C - Gemini 1.31% 2 20.41 29 n.a. students to prematurely foreclose on
ES - GPT na** n.a n.a na. na. considering possible careers during career
ES - Claude 2.29 2 89 11 .05 exploration using AL
ES - Gemini 14.81 2 23.07 <.001 n.a. Positivity Bias
EX -GPT 6.7.3 2 89 .002 13
EX - Claude 9.58 2 89 <.001 18 GPT-4, Gemini, and Claude
EX - Gemini 1.15% 2 21.02 .34 n.a. seemed to exhibit a positivity bias in their
O - GPT 1.39 > 89 26 .03 inferences for Emotional Stability and
0 - Claude o* 5 2530 51 na. Conscientiousness, since there were no

o low values for these socially desirable
O - Gemini 12.78* 2 22.41 <.001 n.a.

traits (Hoorens, 2014). Derner et al.’s.
Note. This table summarizes one-way ANOVAs testing differences in mean 2024) finding of a positivity bias in Al
Al-assigned personality scores (numerically coded: Low=1, Medium=2, ( f 4) f 8 p litv i y dividuals’
High=3), across three occupational gender dominance categories (Female- Inierences ol personality n lp Wl. ua S
Dominant, Male-Dominant, Mixed). Al = Artificial Intelligence; GPT Model chat messages supports our identification

refers to GPT-4; Claude Model refers to Claude 3; Gemini Model refers to ofa positivity bias in Al inferences of
Googlfe Gemini [specify versions if known]. Analysis for Gemini Model on personality traits in occupations. While
Conscientiousness by gender dominance category could not be performed initiall buted thi tivity bi
due to zero variance in one of the gender dominance groups for the AI’s we Initially attributed this positivity bias
Conscientiousness ratings for this model. to Reinforcement Learning from Human

* Welch's F-statistic and its adjusted denominator degrees of freedom (df2) Feedback (RLHF) training designed
are reported due to a significant Levene’s test for homogeneity of variances to create models with harmlessness

(p < .05). Games-Howell post-hoc tests were used for pairwise comparisons (Anthropic, 2024), this explanation remains
where Welch's F was significant. Partial eta squared (17*)) is not reported for pIc, 4); p

these analyses as the metric relies on homoscedasticity assumptions that specu!atlve without access to the moc;lels
were violated. proprietary documentation. Alternative
** For the GPT Model’s Emotional Stability ratings, the standard deviation explanations are equally plausible: (a)

for the Gender-Balanced category was 0, as all occupations in this group : s :
were assigned an identical rating. A one-way ANOVA across all three the underlying tralning data (lnternet
gender categories could not be performed for this specific analysis due to text) may lack negative descnptorg for
this lack of variance occupations generally, (b) occupational

databases and career guidance literature
typically emphasize positive framing to attract candidates, or (¢) the models may have learned to systematically
avoid negative characterizations of any human group or role to prevent toxicity. Future research accessing
model internals would be required to test these hypotheses definitively. A consequence of the omission of low
Conscientiousness as a viable trait is that students in creative fields may be discouraged. This consequence
could particularly affect minority-gender students.
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The Conscientiousness Anomaly: Why AI Systems Fail to Differentiate

Conscientiousness represented an anomaly in this study, showing zero significant relationship with
expert ratings across all three models. Unlike Extraversion or Openness, where the models could detect
differences of “High” versus “Low,” the Al models appeared unable to differentiate Conscientiousness
levels among occupations. This failure is likely attributable to range restriction in the training data and the
occupational context itself. Because Conscientiousness is universally valued across the labour market—
specifically the facets of dependability and orderliness—occupational descriptions rarely contain language
indicating a lack of this trait. Consequently, the AI models suffer from a “ceiling effect,” categorizing all
occupations as High or Medium, which mathematically restricts the variance necessary to establish a statistical
correlation with expert O*NET scores. These findings indicate that career counsellors should avoid using Al to
profile Conscientiousness. Creative jobs typically associated with lower Conscientiousness would be expected
to be incorrectly profiled by Al, in particular. Career counsellors should supplement or replace Al profiling of
Conscientiousness with structured assessments of this trait.

Gender

Human societal gender stereotypes about the personality traits of women also seem to be replicated in
the Al inferences about the traits associated with gender-dominance categories. Our results line up moderately
well with the literature on the personality traits of women and stereotypes about the personality traits or
women (Lockenhoff et al., 2014). A major study of 26 countries by Lockenhoff et al. (2014) found that women
were stereotyped as being higher than men on Openness, Agreeableness, Conscientiousness, and facets of
Extraversion and Neuroticism, and that the perceived gender differences “mapped closely onto assessed sex
differences in self- and observer-related personality.”

The female-dominant occupations in this study are significantly associated with higher levels of
Neuroticism (lower Emotional Stability), Agreeableness, Extraversion, and Openness than male-dominant
occupations in at least one of the AI models’ inferences. Conscientiousness did not significantly occur at
a higher level in female dominant occupations than male dominant occupations, as expected by human
stereotypes, but Conscientiousness was less accurately inferred by Als in general, and there was no association
between AI Conscientiousness inferences and human ratings.

Since Weisberg et al. (2011) found that women had higher Extraversion, Agreeableness, and
Neuroticism than men and that there were other differences between men and women on the Aspect level
of the Big Five personality traits, the AI gender stereotypes described in this study appear to have a “kernel
of truth ” (Jussim et al., 2020), with the stereotypes mirroring small real-world differences between the
personality traits of women and men. However, Al gender stereotypes could pigeonhole male-dominant and
female-dominant occupations, foreclosing career exploration of occupations that might be good for students
with personality traits not matching the stereotypes.

These gender-based findings should be interpreted through the lens of the ecological fallacy (Robinson,
1950). While our data reflects aggregate trends where female-Dominant occupations score higher on
Agreeableness, this does not imply that individual women in these roles possess or require these traits. Relying
on these aggregate associations poses a risk of stereotype amplification, where AI models might over-apply
group-level characteristics to individuals. Future research should investigate whether AT amplifies these
differences beyond human baselines—specifically by comparing the AT’s effect sizes against published meta-
analytic benchmarks.

Regarding stereotype amplification, our results suggest the Al models may exaggerate gender
differences beyond human baselines. For example, the GPT model displayed a very large effect size for
Agreeableness (72,= .38) across gender-dominant groups. This is notably higher than typical meta-analytic
benchmarks for human gender differences in personality, which usually range from small to medium effects
(e.g., d = 0.48, roughly equivalent to 72 = .06) (Weisberg et al., 2011).
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Implications for AI Literacy in Career Counselling

The results show that AI chatbots contain inaccuracies possibly related to a positivity bias, as well as
stereotypes about gendered occupations. Socially undesirable personality traits like low Conscientiousness and
Emotional Stability have positive aspects for some occupations, so it is problematic that AT had no low level
for these traits. For example, creativity can be associated with low Conscientiousness (George & Zhou, 2001)
and low Emotional Stability (Clark & DeYoung, 2014). The omission of a low level may cause students to miss
occupations possibly matching their personality traits when exploring careers. Similarly, Al inferences about
female-dominant occupations may contain stereotypes that people in these occupations are more extraverted
and agreeable, causing introverted and low-on-Agreeableness individuals who are considering female-
dominant careers like nursing to overlook this profession. While Al inferences in many cases contain a kernel
of truth, just as the human stereotypes they are based on sometimes do, students need to be aware that using
AT to ascertain the personality traits of people in occupations could limit their information about potential
career choices.

Practitioners must be aware that Al-generated career advice may suffer from exclusionary biases. For
instance, the model’s “positivity bias”—that is, its failure to detect low Conscientiousness—may exclude valid
career paths for clients who self-identify as spontaneous or unstructured, particularly in artistic or creative
domains. Career counsellors must therefore actively intervene to ensure these “invisible” options are provided
to students.

Thus, career counsellors may want to inform students that AI contains empirically verifiable biases
about the personality traits of people in careers, such as a positivity bias and gender stereotypes. Career
counsellors may want to teach students that:

1. Due to positivity bias, AI omits low conscientiousness, affecting students in creative roles.

2. Al may contain a kernel of truth, but its data replicates human stereotypes.

3. Al may treat male-dominant and female-dominant occupations differently when it responds to
prompts about occupational personality traits.

To mitigate the first point about Al possibly leaving out jobs suited for students due to inaccuracies and
bias, career websites should encourage students to cast a wide net when using Al-inferred personality traits.
Students should not assume, for example, that Al represents all levels of Conscientiousness characteristic
of people in occupations. Students may want to require Al in their prompts to list some occupations whose
incumbents tend to score relatively low in Conscientiousness and to give reasons why low Conscientiousness
might be an asset.

To mitigate the second point about AIs’ containing a kernel of truth based on human stereotypes,
students need to be trained about the source of AI's data, which contains stereotypes (Bender et al., 2021). If
students are aware that biased human data like that on the World Wide Web are the basis for AI’s conclusions,
they may better understand the potential for human stereotypes to be replicated by Al.

To mitigate the third point that Als treat male-dominant and female-dominant occupations differently
in response to prompts, students should be encouraged to develop a critical meta-perspective about gender
bias in AI, which is one goal of the Barnard framework (Hibbert et al., 2024). Kotek et al. (2023) show that
carefully constructed prompts can lead Al to reveal biases such as that doctors tend to be male. Students could
try to prompt Als to get them to reveal their gender bias, perhaps experimenting with questions about the
personality traits of a male nurse or a female software engineer. Gross’ article (2023) instructively discusses
how the limitations of Al training data result in gender biases, and could be provided as reading material.

Limitations

One limitation of this study is that AT models available in 2024 were used and have been superseded
by later models. AI LLMs are constantly being updated both in functionality and knowledge training bases.
Continuous auditing is necessary as models update. Our results thus need to be interpreted as applying to past
Al models, and further testing would need to be done to see if inaccuracies and bias are present in current
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models. Testing of new models such as ChatGPT-5.5 should be ongoing.

Another limitation of the study is the proprietary black-box nature of Al algorithms, which mitigates the
interpretability of the study findings. It is ultimately not known how AI generated the ratings that it did, even
though it is clear that the training data contains human biases that the Als reflect. We attempt to answer the
reliability problem with AT’s black-box nature by triangulating results with three Als. Results in which two or
three AI models yielded similar results in our study can be viewed as more reliable than those in which one Al
had a significantly different result. The results for Agreeableness, Extraversion, and Openness to Experience
in the comparisons between Al inferences and human ratings were supported by two or three Als, as were
the results for Agreeableness and Extraversion in the ANOVAs between Al inferences and gender-dominance
categories.

Another limitation is that we do not develop multiple prompts, as Lin (2026) recommends for
large language model research in psychology. As Lin points out, “The challenge is distinguishing genuine
computational phenomena—stable, theoretically coherent behavioural regularities—from statistical artifacts or
‘cognitive phantoms.” Despite having the limitation of not testing multiple prompts, our study’s triangulation
of results by three different Als suggests that we have found some phenomena of interest in this exploratory
study.

Additionally, because the occupational list was derived from established meta-analytic data (Wilmot
& Ones, 2021), the sample may over-represent traditional professional and managerial roles while under-
representing the modern “gig economy,” emerging technology sectors, or niche skilled trades. Therefore, the
biases observed in these established occupational titles may not necessarily generalize to newer, less codified
job titles where Al training data may be sparser or qualitatively different.

We acknowledge that broad occupational labels (e.g., “Engineers” or “Nurses”) may mask within-
occupation variation in gender ratios across specific sub-specialties. However, as the Al models were
prompted with these same high-level O*NET titles, our analysis accurately reflects the model’s response to
the generalized semantic labels used in public discourse, even if specific sub-roles may differ in demographic
composition.

Our analysis was constrained by the binary gender coding inherent in the available occupational data.
This binary framework masks significant within-occupational variation and fails to capture the experiences of
non-binary and gender-minority individuals. Future research must move beyond this binary classification to
fully understand how Al infers personality for the gender-diverse workforce.

Finally, we acknowledge that the demands of Al tool developers may conflict with those of career
counsellors, and realistically tools may not easily and cost-effectively eliminate bias at this point in time.

Conclusion

This study examined inaccuracies and gender bias in AI chatbot inferences of occupational the Big Five
personality traits. While 10 of 15 trait comparisons showed statistically significant relationships (p < .05) effect
sizes indicated that 62—90% of variance remained unexplained. Notably, Conscientiousness was an exception:
none of the three models’ Conscientiousness ratings correlated significantly with expert ratings (p > .31),
suggesting this trait may be particularly unreliable when inferred by Al

Despite these shortcomings, some inferences were accurate, reflecting a kernel of truth—just as the
human stereotypes in the human linguistic data on which AI models are based sometimes do (Jussim et al.,
2020). Jussim et al. (2020) found personality-gender stereotypes often map to real differences; however, this
does not validate occupational stereotyping. With Agreeableness the Female-Dominant occupations scored
higher in all three models. The results for Extraversion, Emotional Stability, and Openness, which were not
shared across all three models, may depend on model architecture. Gender biases likely reflect occupational
gender associations present in the training data (e.g., Common Crawl®), which is problematic, as it may deter
career explorers from occupations where the Al infers a poor personality fit based on stereotypes rather than
actual trait requirements.

2 Common Crawl is a non-profit organization that maintains a publicly accessible, open repository of web crawl data to
support research and development (Common Crawl Foundation, 2026).
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In addition, the AI chatbots showed gender biases in inferences about personality traits of male-
dominant and female-dominant occupations, with all traits but Conscientiousness exhibiting gendered
difference in the inferences of one or more models. We recommend that (a) career counsellors explicitly teach
students to critically evaluate Al occupational profiles, (b) institutions incorporate findings in Al literacy
curricula, and (c) future research test effectiveness of interventions. Future research should (a) test whether AI
literacy interventions improve critical evaluation, (b) examine whether findings generalize to newer models and
emerging occupations, (c) investigate similar biases in other Al career tools (e.g., resume screening, interview
prep, and salary estimation). This research advances understanding of how Al training data properties (e.g.,
stereotyping and positivity bias) manifest in occupational profiling. As AI adoption in educational and career
services accelerate, Al literacy becomes increasingly urgent. This wok contributes to addressing that need.
Beyond career development, our findings may apply to hiring systems, labour market information services and
“educational counselling.” While the current research identifies some occupational personality stereotypes in
AT, the implications of these findings are best understood through the lens of the broader recruitment pipeline.
As Mujtaba and Mahapatra (2024) demonstrate, these ingrained biases do not exist in isolation; rather, they
are amplified at every stage of the hiring process—from the initial sourcing of candidates to the final selection
and offer.
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Supplementary Table 1

Distribution of Conscientiousness Ratings by Occupational Category by AI Models

Appendix

Occupational Category  Total (V) GPT-4 Ratings Claude Ratings Gemini Ratings
Clerical 9 High (9) High (9) High (9)
Customer Service 6 High (6) High (6) High (6)
Healthcare 5 High (5) High (5) High (5)

Law Enforcement 4 High (4) High (4) High (4)
Management 7 High (7) High (7) High (7)
Military 6 High (6) High (6) High (6)
Professional 19 High (19) High (19) High (19)
Sales 9 High (9) High (9) High (9)
Skilled/Semiskilled 27 High (14) / Med (13) High (10) / Med (17) High (16) / Med (11)
Total 92 High (79) / Med (13) High (75) / Med (17) High (81) / Med (11)

Note. N = 92. Occupations were grouped into broader functional categories based on the Standard Occupational
Classification (SOC) system used in Wilmot and Ones (2019). The “Skilled/Semiskilled” category aggregates
occupations from construction, production, transportation, and installation families. Values represent the number
of occupations in each category receiving a “High” or “Medium” conscientiousness rating. No occupations received
a “Low” rating from any model. Examples of occupations associated with high levels of Conscientiousness include
army officers, doctors, accountants, and managers.
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Supplementary Table 2

Distribution of Gender Dominance within Occupational Categories

Occupational Category  Total (V) Male-Dominated Female-Dominated Balanced
Clerical 9 0 8 1
Customer Service 6 0 5 1
Healthcare 5 1 4 0]
Law Enforcement 4 4 0 0]
Management 7 6 o 1
Military 6 6 0] 0
Professional 19 11 5 3
Sales 9 5 2 2
Skilled/Semiskilled 27 19 7 1
Total 92 52 31 9

Note. N = 92. Gender dominance categories are based on U.S. Bureau of Labor Statistics (2023) data for the
respective occupations. "Male-Dominated" refers to occupations where men comprise >55% of the workforce;
"Female-Dominated" refers to occupations where women comprise >55% of the workforce; and "Balanced" refers to
occupations falling between these thresholds.
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